
Interpolative Bayesian Formulation to Improve Transfer
Learning for Anomaly Detection in Rotating Machinery

Jia Liang1, Rajesh Gupta2, Huanyi Shui3, Devesh Upadhyay4, and Eric Darve5

1,5
Institute of Computational and Mathematical Engineering at Stanford University, Stanford, CA, 94305

jialiang2015@gmail.com

darve@stanford.edu

2,3,4
Ford Motor Company, Dearborn, MI, 48126

rgupta39@ford.com

huanyis@umich.edu

deveshu@gmail.com

ABSTRACT

Anomaly detection in rotating machinery is essential for
reliable industrial operations, yet building accurate detec-
tors remains difficult when fault labels in a new domain
are scarce. Although transfer anomaly detection has been
increasingly studied, most methods do not explicitly ex-
ploit the characteristic fault-frequency structure—i.e., the
fact that only specific orders/frequency components are
strongly diagnostic of emerging faults. Here, we extend
our prior key-order transfer framework. In this frame-
work, a key order is a spectral feature-weight vector that
upweights diagnostically informative orders and down-
weights less relevant components when computing the
anomaly score, and we adapt it to the realistic regime
in which a small (but growing) number of labeled target
anomalies becomes available over time. We estimate key
orders in both source and target domains and fuse them
using uncertainty-aware Bayesian combination as well as
robust heuristic rules. Experiments on automotive trans-
mission vibration data from two manufacturing sites show
that adaptive fusion consistently outperforms source-only
or target-only weighting in label-scarce settings. Over-
all, these results highlight the value of uncertainty-aware
transfer for practical industrial anomaly detection under
domain shift.

1. INTRODUCTION

Rotating machinery is essential across industries such
as power generation, oil & gas, manufacturing, and au-
tomotive. Early fault identification and timely mainte-
nance play a crucial role in industrial operations, safety,
and cost-effectiveness (Yadav & Chawla, 2024). Issues
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in these machines often present as noise, vibration, and
harshness (NVH) (Sarrazin et al., 2013), which can trig-
ger cascading effects, leading to unintended vibrations
that propagate throughout the system. Monitoring the
health of these systems involves analyzing vibration data
collected by sensors like accelerometers. It is standard
practice to transform these vibration signals into order
or frequency domain to facilitate more detailed analysis,
as supported by studies such as (Mark, Lee, Patrick, &
Coker, 2010; Sharma & Parey, 2017; Mey & Neufeld,
2022; Kim, Yun, & Park, 2021).

Not all frequencies are equally significant for diagnosing
faults in rotating machinery. For example, fault diagnosis
in rolling element bearings (REBs) relies on detecting
characteristic defect frequencies (CDFs), which are deter-
mined by the bearing’s geometry, rotational speed, and
number of rolling elements. In the absence of defects,
CDFs should not appear in the vibration spectrum; how-
ever, faults in the bearing races, rolling elements, or cage
typically induce these frequencies. Furthermore, experts
often rely on years of empirical experience and warranty
data to identify the most diagnostically relevant frequen-
cies for anomaly detection. When a new plant is estab-
lished, domain experts often face a shortage of warranty
data, making it difficult to construct a robust set of key
diagnostic features for the new dataset.

In industrial practice, commissioning a new plant often
entails a fundamental challenge for fault detection: la-
beled fault data are scarce or entirely unavailable. To
mitigate this limitation, a growing body of recent work
has adopted transfer learning, in which knowledge ac-
quired from an established system (the source domain)
is leveraged to improve anomaly detection in a newly
deployed system (the target domain). This literature has
expanded rapidly, and transfer-based anomaly detection
methods are commonly categorized as instance-based
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transfer, feature/representation transfer, or parameter

transfer. Despite this broad activity, relatively few stud-
ies explicitly target transfer anomaly detection in rotat-

ing machinery. Even when rotating machinery datasets
are employed, existing transfer strategies rarely exploit
domain-specific diagnostic structure—most notably the
characteristic defect frequencies that underpin classical
vibration-based fault diagnosis. The closest frequency-
aware transfer (Wu, Mao, Zhang, Fan, & Zhong, 2024)
focuses on invariance/transferability rather than diagnos-
tic predictiveness. Furthermore, much of the prior work
assumes a static transfer setting, treating the source and
target datasets as fixed snapshots, and does not adequately
address the practically important scenario in which the
target system continues to accumulate new anomalous

data over time.

To address the aforementioned challenge, our prior work
(Liang, Shui, Gupta, Upadhyay, & Darve, 2025) pro-
posed a transfer-learning framework for anomaly detec-
tion that operates on frequency-domain signatures. Fol-
lowing (Liang et al., 2025), we refer to the learned spectral
feature-weight vector as key orders. Here, “order” follows
common automotive NVH usage (frequency normalized
by rotational speed), so key orders can be interpreted as
weights over frequency components expressed in the order
domain, with larger weights indicating higher diagnostic
relevance. More generally, key orders define a feature-
weight vector that emphasizes a subset of dimensions in
the anomaly scoring process. This approach learns key
orders from a source dataset by optimizing the fω score
and subsequently transfers them to the target dataset to
amplify informative features while attenuating uninfor-
mative ones. However, this framework was developed
for a setting in which the target dataset is assumed to be
anomaly-free, and consequently, it cannot exploit labeled
anomalies that may emerge over time in the target domain.
It also assumes that an appropriate source–target pairing
is known when multiple candidate datasets exist.

In this paper, we extend our prior work (Liang et al., 2025)
to the practically relevant setting where labeled anomalies
gradually accumulate in the target domain. Building on
the same key-order definition and source-domain learning
procedure, we introduce new mechanisms to incorporate
emerging target anomalies, improve robustness across
anomaly-scarce and anomaly-richer regimes, and handle
cases where the source–target pairing is unknown. Our
contributions are summarized as follows.

Specifically, as anomalous samples become available, we
estimate a target-domain key order and fuse it with the
source-derived key order to improve anomaly detection
performance. A commonly adopted strategy for fusing
information from multiple sources is the Bayesian frame-
work. In our setting, its effectiveness relies on accurate
estimation of uncertainty in the key order. However, we
find that in extremely low-anomaly regimes—where the

target domain only contains 1 or 2 anomalies—the un-
certainty associated with the target key order is often
underestimated, leading to diminished detection accuracy.
To address this limitation, we propose a simple yet ef-
fective alternative: a weighted linear combination of the
source and target key orders. This heuristic demonstrates
improved robustness in settings with extremely limited
anomalous data. As more labeled anomalies become
available in the target domain, the Bayesian approach be-
comes increasingly reliable and eventually preferable for
combining key order information across domains.

As anomalies progressively accumulate in the target dataset,
it becomes desirable for the fused key order estimator to
place increasing emphasis on the target key order. Stan-
dard Bayesian fusion—driven solely by the uncertainties
in the source and target key orders—often fails to achieve
this shift in weighting. To remedy this limitation, we
introduce a standard discounting factor (Ibrahim & Chen,
2000), denoted by !, that explicitly reweights the contri-
butions of the source and target key orders. We term the
resulting procedure the Bayesian-! method. Empirical
results demonstrate that Bayesian-! consistently outper-
forms the conventional Bayesian approach as the number
of target domain anomalies grows.

Another key assumption in the existing framework is the
availability of an optimal pairing between source and
target datasets when multiple candidates exist in each
domain. Identifying this optimal pairing is particularly
challenging when the target dataset lacks anomalies. How-
ever, once anomalous samples begin to emerge in the
target domain, it becomes feasible to infer a more reli-
able alignment between source and target datasets. To
address scenarios where the optimal source-target pair-
ing is unknown, we propose a heuristic selection method
based on Kullback–Leibler (KL) divergence. This ap-
proach identifies the most relevant source dataset from a
pool of candidates by measuring distributional similarity.
Empirical results demonstrate that the proposed heuristic
achieves high selection accuracy, correctly identifying the
optimal source dataset in approximately 90% of cases
with as few as two labeled anomalies in the target dataset.

We evaluate our proposed approach using multiple datasets,
comparing various key order estimation strategies and
anomaly detection algorithms. Our findings suggest that
a hybrid strategy—using a linear combination for very
small anomaly counts and Bayesian estimation for larger
anomaly counts—yields the best performance. The con-
tributions of this work are summarized as follows:

• We extend key-order transfer to a dynamic target

setting by estimating a target-domain key order as
labeled anomalies appear, enabling continual adapta-
tion.

• We diagnose failure modes of uncertainty-based Baye-
sian fusion in the 1–2 anomaly regime and propose a
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simple weighted linear-combination alternative that
is more robust under extreme anomaly scarcity.

• We introduce Bayesian-!, a Bayesian fusion rule
that incorporates a standard discounting factor (Ibrahim
& Chen, 2000) to explicitly shifts weight toward the
target as anomaly evidence accumulates, improving
performance in higher-anomaly regimes.

• We propose a KL-divergence heuristic for source se-
lection when the source–target pairing is unknown,
and show it reliably identifies the most relevant source
with very few labeled target anomalies.

The remainder of this paper is organized as follows. Sec-
tion 2 discusses related work in transfer learning and
anomaly detection. Section 3 introduces our extended
transfer learning framework, key order estimation, and
the proposed heuristic method. Section 4 presents the
experimental results and analysis. Finally, Section 5 con-
cludes the paper and outlines future directions.

2. LITERATURE REVIEW

2.1. Transfer Learning for Anomaly Detection

Anomaly detection aims to identify patterns in data that
deviate from expected behavior, which is essential for
applications such as fraud detection, network security,
and industrial monitoring. Traditional anomaly detection
methods often assume that anomalies are rare and signifi-
cantly different from normal instances. However, these
methods can struggle when labeled data are scarce or
when the data distribution shifts over time. Transfer learn-
ing addresses these limitations by transferring knowledge
from a source domain with abundant labeled data to a tar-
get domain with limited or no labeled data. This approach
is especially valuable in anomaly detection, where labeled
anomalies are rare or expensive to obtain. Transfer learn-
ing in anomaly detection generally falls into three main
categories: instance-based transfer, feature representation
transfer, and parameter transfer.

Instance-based transfer learning reuses selected source do-
main data in the target domain by reweighting instances.
Vercruyssen et al. (Vercruyssen, Meert, & Davis, 2017)
introduced such an approach for time-series anomaly de-
tection, transferring labeled source instances to an unla-
beled target domain using two similarity measures: kernel
density estimation (density-based) and k-means cluster-
ing (cluster-based). A 1-nearest neighbor classifier with
Dynamic Time Warping (DTW) was used for detection.
Building on this, Vincent et al. (Vincent, Wannes, & Jesse,
2020) proposed LOCIT, which selects source instances
based on localized similarity using first- and second-order
statistics, and scores anomalies using a semi-supervised
nearest-neighbor method (SSKNNO). Both methods as-
sume similar underlying distributions across domains,
making them susceptible to negative transfer when do-
main shift is significant. To mitigate this risk, our ap-

proach employs a KL divergence–based heuristic to iden-
tify an optimal source–target pairing in scenarios where
such a pairing is not explicitly available.

Feature representation transfer focuses on learning a ro-
bust feature representation for the target domain, encoding
transferable knowledge into the learned representation to
improve target task performance. The goal of feature
representation transfer is to reduce feature discrepancies
between source and target domains by minimizing the
distance between the distributions of latent feature repre-
sentations. Mao et al. (Mao, Zhang, Tian, & Tang, 2020)
propose a robust early fault detection method for bear-
ings using feature transfer learning, aligning normal-state
data across domains via a domain-adaptive autoencoder
and enabling accurate, low-false-alarm detection with-
out target labels. Xu et al. (Xu, Wang, Zhang, & Li,
2021) propose a Cluster-based Deep Adaptation Network
(CDAN) to improve anomaly detection in yarn spinning
power consumption by mitigating domain mismatch in
transfer learning. Their cluster-based adaptation layer
aligns source and target features, outperforming standard
methods in real-world scenarios.

Parameter transfer assumes that the source and target
tasks share some model parameters or prior distributions
of hyperparameters, with the transferred knowledge en-
coded into these shared parameters or priors. AnoTransfer
(Zhang et al., 2022) is an unsupervised KPI anomaly de-
tection framework that improves training efficiency by
using transfer learning with parameter transfer, where
base models are trained on representative KPIs and fine-
tuned for target KPIs using either full or partial parameter
transfer based on similarity. Pan et al. (Pan, Bao, & Li,
2023) propose a model-based inductive transfer learning
approach using a CNN for structural health monitoring
(SHM), where a model trained on one bridge’s data is
adapted to another by fine-tuning only the last layers. Un-
like the above parameter transfer methods, this paper in-
troduces a parameter transfer approach in which the trans-
ferred parameters are the weights of orders/frequencies in
spectrum analysis. This method is specifically designed
for rotating machinery, motivated by the observation that
identifying important orders and filtering out irrelevant
ones is crucial for effective anomaly detection in such
systems.

2.2. Transfer Anomaly Detection in Rotating Machin-
ery

Recent transfer anomaly detection work for rotating ma-
chinery (especially rolling bearings) is largely driven by
the fact that normal-behavior models break under do-
main shift (changes in speed/load, operating regimes, sen-
sors, and unit-to-unit variability). A major thread treats
the problem as one-class/unsupervised domain adapta-
tion, aiming to transfer healthy knowledge without re-
quiring labeled target faults. Michau & Fink propose
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an unsupervised transfer learning framework for one-
class anomaly detection that transfers complementary
healthy operating conditions to improve coverage under
changing regimes (Michau & Fink, 2021). Mao et al.
develop domain-adversarial one-class transfer learning
explicitly for anomaly detection under distribution gaps
(Mao, Wang, Kou, & Liang, 2023). In bearings, domain-
adaptation-based anomaly detection has also been pro-
posed to adapt detection across distributions for fault de-
tection (Qin, 2024). Several works focus on online/early
fault detection as a transfer-AD problem: for example,
DTDA aligns temporal information across working condi-
tions for online early bearing fault detection (Mao, Sun, &
Wang, 2021). More recently, continuous test-time domain
adaptation (e.g., TAAD) targets evolving operating con-
ditions and enables robust anomaly/fault detection when
deployment distributions drift beyond what was seen dur-
ing training, demonstrated on pump monitoring data (Sun,
Ammann, Giannoulakis, & Fink, 2024). Overall, these
methods typically do not rely on labeled target anomalies;
instead they adapt representations or decision rules using
unlabeled (often assumed mostly-normal) target data.

A complementary line addresses the realistic case where
only a few target fault/anomaly examples are available
and rapid adaptation is needed. Zhang et al. cast bearing
anomaly detection as few-shot learning using MAML
so that a model can adapt to new bearing conditions
with minimal labeled examples (Zhang, Ye, Wang, & Ha-
betler, 2020). Wu et al. propose a few-shot transfer-AD
approach combining domain-adversarial learning with
contrastive objectives and time–frequency transferabil-
ity analysis to make few-shot transfer more reliable (Wu
et al., 2024). Beyond bearings, similar transfer-AD pat-
terns appear in other rotating assets: Roelofs et al. study
cross-turbine transfer for autoencoder-based anomaly de-
tection (fine-tuning full AE vs decoder-only vs threshold-
only) (Roelofs, Gück, & Faulstich, 2024), while fleet-
based frameworks transfer reconstruction models (e.g.,
LSTM encoder–decoder) across a fleet when labels are
scarce (Wang, Baraldi, Zio, Brown, & Gauthier, 2026).

Most existing transfer anomaly detection methods on ro-
tating machinery do not explicitly leverage characteristic
fault-frequency structure (i.e., the fact that specific or-
ders/frequency bands are diagnostic because they align
with known fault mechanisms). The closest related ap-
proach is Wu et al. (Wu et al., 2024), who introduce a Fre-
quency Importance Metric to identify frequencies that are
most transferable—i.e., most consistent between source
and target under their hypersphere-matching objective.
Their results suggest that lower-frequency bands tend to
transfer more reliably across domains. While this line
of work uses frequency information explicitly, its goal is
fundamentally different from ours: Wu et al. prioritize
cross-domain invariance, whereas we aim to transfer di-
agnostic frequency weights—the orders/frequencies that
are most predictive for anomaly detection. Moreover, our

prior key-order transfer work (Liang et al., 2025) lever-
aged fault-frequency intuition, but it did not address the
practically important regime where a small number of
labeled anomalies become available in the target domain.
This paper fills that gap by incorporating characteristic
fault-frequency structure into a transfer framework that
adapts to emerging target anomalies, enabling more reli-
able detection under label-scarce, domain-shifted indus-
trial conditions.

2.3. Bayesian Transfer Learning

The Bayesian framework is a statistical approach that uses
probability to represent uncertainty in models and incor-
porates prior knowledge with new evidence to update be-
liefs. Recent work (Karbalayghareh, Qian, & Dougherty,
2018; Shwartz-Ziv et al., 2022; Xie, Huang, & Dubljevic,
2021; Zhu, Peng, Wang, & Huang, 2023) has begun to
incorporate Bayesian methods into transfer learning. In
(Karbalayghareh et al., 2018), the authors formulate the
optimal bayesian classifiers in the target domain using
both the joint prior knowledge and data from the source
and target domains. Under their framework, transfer the
source domain to the target domain is facilitated by a
joint prior probability density function that represents
the model parameters for the feature-label distributions
in both domains. The modeling of joint prior densities
enables a better understanding of the “transferability” be-
tween domains.

In (Shwartz-Ziv et al., 2022), instead of relying on ini-
tialization from pre-trained models, the authors propose
using highly informative Bayesian posteriors from source
tasks as priors for downstream tasks. The proposed method
reshapes the loss surface of the downstream task, leading
to significant performance gains and more data-efficient
learning across various classification and segmentation
tasks. Transfer Slow Feature Analysis (TSFA) (Xie et
al., 2021) is a dynamic transfer learning technique that
uses variational Bayesian inference to enhance predictive
model performance in industrial processes by dynami-
cally updating weighting functions to quantify transfer-
ability from the source domains to the target domain.
In (Zhu et al., 2023), the authors present a Bayesian
semi-supervised transfer learning framework with active
querying for Remaining Useful Life (RUL) prediction
across different machines with limited data. This frame-
work integrates transfer learning (TL) and active learning
within a Bayesian deep learning structure. One of the key
components is leveraging uncertainty quantification from
Bayesian Neural Networks (BNNs) with Monte Carlo
Dropout Inference to select the most informative train-
ing data points. The Bayesian transfer learning methods
above are formulated for classification problems, whereas
the approach introduced in this work is specifically de-
signed for anomaly detection tasks.
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Figure 1. The proposed framework integrates feature im-
portance information from both source and target domains
to enhance anomaly detection under limited supervision.
In the source domain, feature importance weights WS are
computed based on the best fω-score for each feature. In
the target domain, a corresponding weight vector WT is
estimated using the limited number of available anoma-
lies. These source and target weights are then combined
to produce a unified importance vector, Wcombined. The
fusion strategy is selected based on the quantity of tar-
get anomalies: a heuristic approach is employed when
only fewer than three anomalies are observed, a Bayesian
method is used when a few anomalies are available, and
the Bayesian-! method is adopted when the target do-
main contains a sufficient number of anomalies. The
resulting combined weights are used to reweight the nor-
mal target data, after which any unsupervised anomaly
detection algorithm can be applied.

3. METHOD

The goal of this work is to combine information from both
a related domain, known as the source domain (DS), and
the domain of interest, known as the target domain
(DT ), to improve anomaly detection in DT . Specifically,
we assume that the source domain DS contains a suffi-
ciently large set of both normal (XN

S ) and anomalous
(XA

S ) samples, while the target domain DT has access to
a sufficient number of normal samples (XN

T ) but only a
limited number of anomalous samples (XA

T ). The overall
method is illustrated in Figure 1.

3.1. Key Order W

An essential component of fault detection in rotating ma-
chinery is the precise identification of critical orders that
differentiate normal operation from anomalous behavior.
It is standard practice to transform vibration signals from
rotating machinery into the order or frequency domain.
Deviations in specific orders or frequencies serve as clear
indicators of faults, whereas variations in other orders
may be attributed to noise. Traditionally, experts deter-
mine these critical orders based on extensive experience
and warranty claim data. In this paper, we aim to use
data-driven methods to determine these critical orders
and adopt the term key orders to align with established
industrial terminology.

Mathematically, we represent the importance of all fea-
tures in detecting anomalies using a weight vector W →
RM , where M is the total number of features. Without
loss of generality, we assume that each weight value W [i]
lies within the range [0, 1] for all i → {1, 2, . . . ,M}. A
higher value of W [i] signifies a greater importance of
the i-th feature in anomaly detection. For instance, if
W [i] = 1, the feature is highly significant in identifying
anomalies, whereas if W [i] = 0, the feature is irrelevant
to anomaly detection. In the specific context of anomaly
detection in rotating machinery, the input features cor-
respond to different orders. Thus, the weight vector W
directly quantifies the importance of each order in detect-
ing anomalies.

There exist multiple strategies for determining the feature
weights W . Among these, our prior work (Liang et al.,
2025) has shown that leveraging the best fω-score for each
feature provides the most effective weighting scheme for
anomaly detection. To illustrate this process, we use the
source dataset XS as an example. For each feature in
the source domain, we consider it independently. Let
XS [:, i] denote the values of the i-th feature across all
samples in XS . An anomaly detection algorithm is then
trained using only this feature, yielding a corresponding
vector of outlier scores, denoted by OS [:, i]. In high-
dimensional settings, training an outlier detector for each
feature may be computationally prohibitive. As a more
efficient alternative, simple statistical measures—such
as the standard deviation—can be employed to generate
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outlier scores. Moreover, in scenarios where anomalies
are right-skewed (i.e., associated with unusually high
values), the raw feature values XS [:, i] themselves can
serve directly as outlier scores; in this work, we use XS [:
, i] as the anomaly scores. Once the outlier scores OS [:
, i] are obtained, the performance of the i-th feature in
identifying anomalies is evaluated by computing its best
fω-score. Concretely, for a given threshold ω , we binarize
the scores by predicting an anomaly when OS [j, i] ↑ ω ,
compute the corresponding precision(ω) and recall(ω)
with respect to the ground-truth labels, and define

fω(ω) =
(1 + ε

2) precision(ω) recall(ω)

ε2 precision(ω) + recall(ω)
. (1)

We then take the best fω score over all candidate thresh-
olds ω (e.g., thresholds given by the unique values of OS [:
, i]). This score is used as the feature’s importance weight,
denoted WS [i]. Formally, for each i → {1, 2, . . . ,M}, we
define:

WS [i] = max
ε

fω(OS [:, i], label), (2)

where ω is a decision threshold.

Similarly, we can calculate the feature weight vector WT

from the target domain:

WT [i] = max
ε

fω(OT [:, i], label), (3)

where OT [:, i] denotes the outlier scores for the i-th fea-
ture XT [:, i] in the target dataset.

Since the number of anomalies in the target dataset is
limited, the estimated key order WT may not be reliable.
To address this, we incorporate key order information
from the source dataset, WS , to supplement WT . Mathe-
matically, we aim to compute a new weight Wcombined by
combining information from both WS and WT using a
function f , defined as:

Wcombined = f(WS ,WT ). (4)

Once Wcombined is obtained, we preprocess the target data
XT according to its corresponding weight vector:

X
weighted
T = XT diag(Wcombined). (5)

Here, each feature i in XT is scaled by the corresponding
weight Wcombined[i], effectively adjusting its significance
based on the combined information from the source and
target datasets. After preprocessing, any unsupervised
anomaly detection method can be applied to X

weighted
T for

improved anomaly identification.

In cases where the target dataset contains only normal
data, WT cannot be estimated, which aligns with the set-
ting of our previous paper (Liang et al., 2025). In this
scenario, we directly set Wcombined = WS . However,
in the non-trivial case where the target dataset includes
anomalous samples, allowing us to estimate WT , we ap-

ply different methods to integrate the source and target
key orders.

3.2. Computing Wcombined Using Bayesian Method

Bayesian analysis is a well-established methodology for
integrating information from multiple sources, particu-
larly for updating prior beliefs based on newly acquired
evidence. It provides a systematic framework for combin-
ing prior knowledge—representing initial assumptions—with
observed data, yielding more informed and reliable deci-
sions.

In the context of our problem, we aim to determine an
optimal key order, denoted as Wcombined, by integrating
information from both the source key order, WS , and
the target key order, WT . From a Bayesian perspective,
the source key order, WS , serves as the prior belief re-
garding the optimal key order for the target dataset. This
assumption is justified by the fact that, in the absence of
specific information about the target key order, the source
dataset provides the most reasonable initial estimate. As
anomalies begin to emerge in the target dataset, we can
estimate a new target key order, WT , which represents the
new evidence. Bayesian inference then offers a principled
approach to updating our prior belief, WS , by incorpo-
rating this newly obtained evidence, WT , resulting in
a refined estimate of Wcombined. This approach ensures
that our model dynamically adapts as more information
becomes available, leading to improved accuracy in key
order estimation.

Before presenting the Bayesian formulation for combin-
ing key orders, we first recall Bayes’ Theorem, which
provides a principled approach for updating prior beliefs
based on new evidence. It is expressed as:

P (A|B) =
P (B|A)P (A)

P (B)
, (6)

where:

• P (A) represents the prior probability, which quan-
tifies our initial belief about event A before incor-
porating any new data. In the context of this work,
the source key order distribution serves as the prior
distribution.

• P (B|A) denotes the likelihood, the probability of
observing evidence B given that A is true. Here, it
corresponds to the distribution of the target key order
conditioned on the source key order.

• P (B) is the marginal probability, which ensures
proper normalization by considering all possible oc-
currences of B.

• P (A|B) is the posterior probability, the updated be-
lief about A after incorporating the evidence B. In
this study, it corresponds to the updated key order
distribution obtained by combining the source and
target key orders via Bayes’ rule.

6
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Now we introduce the notations WS and WT as the
probability distributions of the source key order WS and
the target key order WT respectively. To apply Bayes’
Theorem, we regard WS, the probability distribution of
source key order, as the prior probability distribution for
the optimal key order Wcombined. To simplify our analy-
sis, we assume that WS follows a multivariate normal
distribution:

WS ↓ N (µS ,”S), (7)

where µS represents the mean of the prior distribution
and ”S denotes its covariance. This choice allows for a
closed-form Bayesian update, although alternative prior
and likelihood models could be explored in future work.
Specifically, µS = WS , which is calculated from Equa-
tion (2). Thus, Equation (7) can be rewritten as:

WS ↓ N (WS ,”S), (8)

where ”S is estimated using the bootstrap method. In a
high-level, the bootstrap algorithm estimates the variance
of the key order by repeatedly resampling the normal and
anomalous data and computing the best fω score for each
feature in every bootstrap iteration. The variance of these
best fω scores across the bootstrap iterations is then used
to construct a diagonal covariance matrix, which quanti-
fies the uncertainty associated with each key order. More-
over, ”S = BOOTSTRAPPING(nboot, X

nor
S , X

abn
S ,ε),

where nboot is the number of bootstrap iterations, Xnor
S

represents the normal data in the source domain, Xabn
S

denotes the anomalies in the source domain, and ε is the
hyperparameter for the best fω score. Specifically, in the
bootstrap algorithm, we assume that there are a total of
M features; the normal data Xnor contain N

nor samples;
and the abnormal data X

abn contain N
abn samples. In

each bootstrap iteration, we sample Nnor normal samples
from X

nor with replacement. Similarly, we sample Nabn

abnormal samples from X
abn with replacement. Using

the resampled normal data for the i-th iteration, Xnor
i ,

and the resampled abnormal data for the i-th iteration,
X

abn
i , we estimate outlier scores for the combined resam-

pled dataset, denoted Oi. This estimation can be based
on simple statistics (e.g., z-scores) or obtained from a
simple anomaly detection model. Combining the known
labels with the outlier scores for the j-th feature, Oi[:, j],
we then compute the best (maximum) fω score over all
candidate thresholds. This score is used as the current
weight estimate for the i-th iteration and the j-th fea-
ture, i.e., W [i, j]. After completing all nboot bootstrap
iterations for all M features, we obtain the full weight
matrix W → Rnboot→M . The variance of the j-th feature
is then ”[j, j] = var(W [:, j]). The overall procedure is
summarized in Algorithm 1. Note that we further as-
sume that ”S is a diagonal matrix, since the weight of
each feature in WS is calculated independently. We em-
phasize that bootstrapping is used here only to quantify
the finite-sample uncertainty of the key-order estimator,
while the point estimates WS and WT are still computed

using all available labeled normal and anomalous sam-
ples in each domain. Because each component of the key
order is obtained via a score-based optimization (maximiz-
ing an fω-based criterion) rather than from a parametric
likelihood, closed-form expressions for the variance are
generally unavailable; the bootstrap therefore provides
a distribution-free approximation of the sampling vari-
ability by repeatedly resampling the labeled normal and
anomalous sets and recomputing the key order. The re-
sulting empirical per-feature variances across bootstrap
replicates form the diagonal covariance matrices ”S and
”T used in the Bayesian fusion update.

Algorithm 1 bootstrapping methods for variance

1: procedure BOOTSTRAPPING(nboot, Xnor, Xabn, ε)
2: M := len(Xnor[0, :])
3: N

nor := len(Xnor)
4: N

abn := len(Xabn)
5: label = concatenate ([0] ↔Nnor

, [1] ↔Nabn)
6: Randomly initialize W as Rnboot→M

7: Initialize ” as IM→M

8: for i = 1, 2, 3, ..., nboot : do
9: X

nor
i := Sampling N

nor normal samples
from X

nor with replacement
10: X

abn
i := Sampling N

abn anomalous samples
from X

abn with replacement
11: estimate Oi from [Xnor

i ;Xabn
i ]

12: for j = 1, 2, 3, ...,M : do
13: W [i, j] := maxε fω(Oi[:, j],ε, label)
14: end for
15: end for
16: for j = 1, 2, 3, ...,M : do
17: ”[j, j] = var(W [:, j])
18: end for
19: return ”
20: end procedure

We further treat WT|WS = ws as the likelihood, which
also follows a multivariate Gaussian distribution:

WT|WS = ws ↓ N (ws,”T ). (9)

Similarly, we set ”T = BOOTSTRAPPING(nboot, X
nor
T ,

X
abn
T , ε), where nboot is the number of bootstrap itera-

tions, Xnor
T denotes the normal data in the target domain,

and X
abn
T denotes the anomalous data in the target do-

main. ”T is also assumed to be a diagonal matrix.

Thus, the posterior distribution of the optimal key order,
Wcombined, is WS|WT = WT , where WT is calculated
from Equation (3) , and is of the form:

WS | WT = WT ↓ N
(
(”↑1

T + ”↑1
S )↑1

(”↑1
T WT + ”↑1

S WS), (”
↑1
T + ”↑1

S )↑1
)
.

(10)

Specifically, Wcombined is the expectation of WS|WT =

7



INTERNATIONAL JOURNAL OF PROGNOSTICS AND HEALTH MANAGEMENT

WT , i.e.,

Wcombined = E[WS | WT = WT ]

= (”↑1
T + ”↑1

S )↑1(”↑1
T WT + ”↑1

S WS).
(11)

After applying some basic linear algebra, the above equa-
tion can be rewritten as:

Wcombined = E[WS | WT = WT ]

= WS +K (WT ↗WS).
(12)

where K is the gain matrix and can be represented as
following:

K = ”S(”S + ”T )
↑1

. (13)

It is important to note that the results presented in Equa-
tions (11) to (13) correspond to the standard Kalman filter
update equations. Moreover, the gain matrix K is di-
agonal, as both ”S and ”T are assumed to be diagonal
covariance matrices. Thus, for i = 1, 2, 3, . . . , M ,

K[i, i] =
”S [i, i]

(”T [i, i] + ”S [i, i])
. (14)

Dividing both the numerator and denominator of Equa-
tion (14) by ”S [i, i], we obtain:

K[i, i] =
1

(”T [i, i]/”S [i, i] + 1)
. (15)

From Equation (15), we can see that the exact values of
”S [i, i] and ”T [i, i] may not be critical. It is the ratio
between ”S [i, i] and ”T [i, i] that ultimately determines
the gain.

In general, the gain matrix K computed here is also re-
ferred to as the Kalman gain matrix in the Kalman filter
literature. It represents the update step between the source
and target domains: a small value of K indicates that the
posterior remains closer to the source domain, whereas a
large value implies greater influence from the target do-
main. From Equation (15), we observe that a small ratio
of ”T [i, i] to ”S [i, i] leads to a larger gain K[i, i], mean-
ing the i-th component of the posterior relies more heavily
on the target information, reflecting higher confidence in
the target relative to the source.

3.2.1. Discounting Factor !

Notice that depending on how strongly we believe in the
validity of the source data (prior information) when com-
bining the source and target key orders, we can discount
the importance of the source key order by modifying its
variance when calculating the value of the Kalman gain K

in Equation (13). This approach is theoretically grounded
in the Power Prior framework (Ibrahim & Chen, 2000),
where historical or source information is down-weighted
to prevent it from overwhelming the current target data.

Specifically, we can adjust the variance of the source key

order by dividing it element-wise by a discounting factor
matrix !. We denote the modified source variance as
”S/!, where

”S/! := ”S ↘!↑1
. (16)

Equation (16)1 represents the element-wise product be-
tween ”S and !↑1. As noted above, ”S and ”T are both
diagonal matrices. Thus, we only need to estimate the
diagonal elements of the ! matrix. If we possess domain
knowledge about both the source and target datasets, we
can set the value of ! accordingly. However, we can also
estimate ! in a data-driven manner by maximizing the
likelihood. The details for estimating ! in a data-driven
way are shown in the Section 5.1. Finally, we denote
the estimation of K using the discounting factor ! as
KBayesian,!, and it is calculated as

KBayesian,! = ”S/!(”S/! + ”T )
↑1

. (17)

3.3. Compute Wcombined Using Heuristic Method

The effectiveness of the Bayesian formulation depends
on accurate estimation of ”S and ”T . Specifically, both
source and target key orders’ variances are estimated us-
ing the bootstrap method shown in Algorithm 1. In par-
ticular, for the target distribution, the estimation of ”T

can become inaccurate when fewer than three anomalous
samples are available in the target dataset. In this special
situation, we propose combining WS and WT using a
simple heuristic method:

Wcombined = WS +max(n/K0, 1)(WT ↗WS), (18)

where n is the number of anomalies in the target dataset
used to estimate the key order WT , and K0 is a hyperpa-
rameter.

Note that this equation has the same form as Equation (12),
and we can rewrite it using the Kalman gain matrix for-
mulation:

Wcombined = WS +Klinear(WT ↗WS), (19)

where
Klinear = max(n/K0, 1). (20)

3.4. Overall Method Summary

The overall method can be summarized as follows (also
illustrated in Figure 1):

1. Compute weights: Calculate the source and target
weights WS and WT using Equation (2) and Equa-
tion (3), respectively.

2. Combine weights:
• If the number of anomalies in the target dataset

is very small (e.g., only 1 or 2), compute the

1Note that ! is a diagonal matrix, and !→1 is the element-wise inverse
on the diagonal element of !

8
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combined weights as:

Wcombined = WS +KLinear(WT ↗WS)

• With a few anomalies (e.g. greater than or equal
to 3 but less than 8 in our specific setting), use
the Bayesian combination:

Wcombined = WS +KBayesian(WT ↗WS)

• With a sufficient number of anomalies (e.g. greater
than or equal to 8 in our specific setting.), use
the Bayesian-! combination:

Wcombined = WS +KBayesian,!(WT ↗WS)

where KLinear, KBayesian, and KBayesian,! are de-
fined in Equation (20), Equation (13), and Equa-
tion (17), respectively.

3. Preprocess data: Apply the combined weights to
the target normal data:

X
weighted
T = XT diag(Wcombined)

4. Train model: Train an unsupervised anomaly detec-
tion algorithm on the preprocessed data X

weighted
T .

4. EXPERIMENTAL RESULTS

4.1. Data

To evaluate our proposed method, we use vibration data
collected during standard end-of-line (EOL) tests for au-
tomotive transmissions. Accelerometers mounted on the
transmission transfer case record vibration signals under
a fixed test protocol. We analyze data from two man-
ufacturing sites, denoted Plant A and Plant B. Plant A
corresponds to earlier transmission designs, while Plant
B represents more recent models.

The data are organized into multiple datasets defined by
the transmission model variant and the EOL test type.
Plant A contains 16 datasets formed by four transmis-
sion models (trans a, trans b, trans c, trans d) crossed
with four tests (test 1–test 4), i.e., 4 ≃ 4 = 16. Plant B
is organized analogously, with four (different) transmis-
sion models (trans I, trans II, trans III, trans IV) and the
same four tests (test 1–test 4), again yielding 4≃ 4 = 16
datasets. Note that the Plant A models (lowercase letters)
and Plant B models (Roman numerals) are distinct de-
signs, although the test protocol is shared across plants.
Each dataset is split into training and test sets; sample
counts are provided in Tables 1 and 2.

4.2. Key Order

For each target dataset, we assume the existence of a
corresponding source dataset. The key order derived from
the source dataset is denoted as W src. In the target dataset,
we assume the presence of n anomalous samples, where
n ranges from 1 to 20 in our benchmark evaluations. We

constrain n < 20 to align with our problem setting, which
assumes a very limited number of anomalies in the target
dataset.

Using Equation (3), we compute the key order for the
target dataset. This estimation assumes access to 3000
normal samples and n anomalous samples in the target
training set. Specifically, we denote the estimated key
order for the target dataset with n anomalies as W

tgt
n .

Additionally, we employ Algorithm 1 to estimate the
variance of W src and W

tgt
n .

We integrate information from both W
src and W

tgt
n to ob-

tain a refined key order for the target dataset. This is
achieved through Equation (12), which combines W

src

and W
tgt
n . The resulting key order is denoted as W combined

n,Kmethod
,

where the parameter K is defined in Equation (12). Specif-
ically, we define several variations of W combined based on
different formulations of K:

• W
combined
n,KBayesian

: Here, K follows the standard Bayesian
formulation, where KBayesian is determined by Equa-
tion (13). Here, n is the number of anomalies used to
estimate W

tgt
n . Note that W combined

n,KBayesian
should be used

when there are a few anomalies in the target data (i.e.,
n ↑ 3) according to our method.

• W
combined
n,KBayesian,!

: A modified Bayesian approach that in-
corporates a discounting factor matrix ! to adjust the
variance of the source dataset in estimating K. The
value of KBayesian,! is determined in Equation (17).
Again, n is the number of anomalies used to estimate
W

tgt
n . Note that W combined

n,KBayesian,!
should be used when

there is a sufficient number of anomalies, i.e., n ↑ 8.

• W
combined
n,KLinear

: A heuristic method where K is estimated
using a linear approach, as given in Equation (20).
Note that n is the number of anomalies assumed
to be known in the target training dataset. W combined

n,KLinear

should be used when n is extremely small (i.e., n = 1
or 2) according to our proposed method.

• W
combined
n,KGeometric

: Another heuristic approach for cases
where n is extremely small, in which K is estimated
geometrically as follows:

KGeometric =
1/Nsrc,anomaly

1/n+ 1/Nsrc,anomaly
, (21)

where Nsrc,anomaly represents the number of anoma-
lies in the source dataset, and n is the number of
anomalies assumed to be known in the target training
dataset.

Finally, we introduce W
gt (the ground truth key order),

which is computed by Equation (3) using all normal and
anomalous samples in the target test set. This key order
serves as a reference representing the best achievable
performance.

9
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Figure 2. Average value of the Kalman gain across all
orders vs number of anomalies assumed to be known in
the target dataset.
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Figure 3. Kalman gain percentiles across all orders vs.
number of anomalies in the target.

4.3. Variance Estimation and Kalman Gain for Cases
With Very Few Observed Anomalies

Note that both W
combined
n,KBayesian

and W
combined
n,KBayesian,!

rely on Algo-
rithm 1 to estimate the variance of the source key order,
”src, and the variance of the target key order (when n
anomalies are in the target training set), ”tgt,n. As defined
in Equations (12) and (15), a larger value of K[i, i] indi-
cates greater reliance on the target key order W tgt

n for the
i-th feature when combining source and target key orders,
whereas a smaller value indicates greater reliance on the
source. Intuitively, when the number of anomalies n used
to estimate the target key order is small, our confidence
in W

tgt
n should be low. Consequently, we would expect

the corresponding weights K[i, i] to also be small in this
regime, as reflected in Equation (13). However, we ob-
serve the opposite: when n is small, the average value of
K[i, i] remains high for both W

combined
n,KBayesian

and W
combined
n,KBayesian,!

,
as shown in Figure 2. In contrast, the weighting schemes
used in W

combined
n,KLinear

and W
combined
n,KGeometric

behave as expected: the
average K[i, i] remains small when n is small, reflecting
lower confidence in the target key order.
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Figure 4. Average variance vs number of anomalies as-
sumed to be known in the target dataset.

A closer analysis of the variances of W src and W
tgt
n , de-

noted by ”src and ”tgt,n respectively, explains why the
average values of KBayesian and KBayesian,! tend to be
large when n is extremely small. Specifically, when
n is extremely small, the bootstrap-estimated variance
”tgt,n is underestimated, whereas ”src, also obtained via
bootstrap, remains stable, as shown in Figure 4. This
effect arises from the bootstrap procedure in Algorithm
1, where sampling (with replacement) is performed over
the anomaly set. For instance, if the dataset contains
only one anomaly, each bootstrap iteration will always
select the same sample, leading to zero variance in the
anomaly component. The only source of variation in the

10
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key order then stems from resampling the 3000 normal
samples. As n increases, variability in the anomaly subset
grows—since different anomalies can be sampled across
bootstrap iterations—resulting in a more accurate esti-
mate of ”tgt,n. Thus, the artificially low variance when
n is extremely small leads to inflated values of KBayesian
and KBayesian,!.

As shown in Figure 4, when n—the number of anoma-
lies in the target training set—is very small (i.e., n ⇐ 3),
the average estimated variance across target key orders
increases rapidly with n. Beyond this point, the variance
begins to plateau, indicating stabilization of the estimates.
Interestingly, the estimated average variance even shows
a slight decrease at the upper end of the range (i.e., n
= 14 to 20). A similar trend is observed in Figure 2
for the average values of the Bayesian K-step (Kalman
gain) parameters, KBayesian and KBayesian,!, which exhibit
a sharp initial decrease when n ⇐ 3, but begin to sta-
bilize as n increases beyond 3. This behavior suggests
that when the number of anomalies in the target dataset
is extremely small (i.e., n is 1 or 2), the bootstrap-based
variance estimates are unreliable. As n increases, these
estimates become more accurate. Consequently, in the
extremely low n regime (n ⇐ 3), it is preferable to use the
heuristic method Klinear, while the Bayesian-based meth-
ods KBayesian and KBayesian,! become more appropriate
once n > 3, as supported by our proposed framework.

However, it is important to note that the values in Figure 2
and Figure 4 represent averages across all orders (we have
256 orders in the order spectrum). In particular, Figure 2
may falsely suggest that the Kalman gains KBayesian and
KBayesian,! decrease consistently (for all orders) as n—the
number of anomalies assumed to be known in the target
dataset—increases. While this trend holds on average,
focusing solely on the mean value of K does not provide
a complete picture. To capture the variability across all
orders, Figure 3 also reports the 25th, 50th (median), 75th,
and 90th percentiles of KBayesian as n varies. Interestingly,
although the average K value decreases rapidly with in-
creasing n, the upper percentiles—particularly the 75th
and 90th—remain relatively high. This indicates that a
subset of key order W combined

n,KBayesian
are always derived primar-

ily from the target key order, regardless of the value of
n. Given the superior performance observed in subse-
quent experimental results, this behavior suggests that
W

combined
n,KBayesian

is capable of identifying and prioritizing the
most informative orders/frequencies from the target when
combining source and target information, especially when
n is large. A similar conclusion holds for W combined

n,KBayesian,!
.

Taken together, these plots offer practical guidance for
selecting an appropriate strategy to combine key orders
from the source and target domains. When the number of
known target anomalies n is extremely small (i.e., n ⇐ 3),
both the variance and the average Kalman gain K for the
Bayesian and Bayesian-! methods exhibit rapid changes.

This indicates that, in this extremely low-n region, heuris-
tic approaches such as W combined

n,KGeometric
or W combined

n,KLinear
are prefer-

able to W
combined
n,KBayesian

or W combined
n,KBayesian,!

. As n increases, both
the variance and Kalman gain estimates begin to stabilize,
making the Bayesian-based methods more appropriate.
This decision-making process is analogous to the elbow
method commonly used to determine the optimal number
of clusters in K-means clustering.

4.4. Experimental Setup

4.4.1. Source Data: Plant A; Target Data: Plant A

Figure 5. Average correlation across all four tests between
different ground-truth key orders in Plant A.

In this experimental setup, we treat each of the sixteen
datasets in Plant A as the target dataset in turn. For each
target dataset, we use one of the datasets from Plant A as
the corresponding source dataset. Specifically, transmis-
sion a is used as the source data for transmission c, and
transmission c is used as the source data for transmission
a. The pairing of transmissions a and c is due to the high
correlation between their key orders. A similar pairing is
applied to transmission b and transmission d. The com-
plete list of pairings between source and target datasets is
shown in Table 1. The average correlation between key
orders for all transmissions can be observed in Figure 5.

4.4.2. Source Data: Plant A; Target Data: Plant B

In this experimental setup, we treat each of the sixteen
datasets in Plant B as the target dataset in turn. For each
target dataset, we use one of the datasets from Plant A as
the corresponding source dataset. Specifically, transmis-
sion a is used as the source data for transmission IV, and
transmission b is used as the source data for transmission
I, II, and III. The pairing between the source and target
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Figure 6. Average correlation across all four tests between
ground-truth key orders in Plant B (target) and those in
Plant A (source).

datasets is based on the high correlation between their key
orders. The complete list of the source-target pairings is
shown in Table 2. The average correlation between key
orders for all transmissions can be observed in Figure 6.

4.4.3. Experimental Procedure

We consider 32 paired source–target transfer settings: (i)
16 pairs where both source and target come from Plant A,
and (ii) 16 pairs where the source comes from Plant A
and the target comes from Plant B. For each pair, we as-
sume the target training set contains n known anomalous
samples. We sweep

n → {1, 2, 3, 4, 6, 8, 10, 12, 14, 16, 18, 20}.

For every source–target pair and each value of n, we com-
pute the seven key orders defined in Section 4.2: W

src,
W

tgt
n , W

combined
n,KBayesian

, W
combined
n,KBayesian,!

, W
combined
n,KLinear

, W
combined
n,KGeometric

,
and W

gt. The source-only and target-only key orders,
W

src and W
tgt
n , are computed directly using Equations (2)

and (3). The ε value in fω is set to be 0.5. Precision and
recall values for all the possible thresholds used for find-
ing the best fω can be efficiently computed using standard
numerical libraries like scikit-learn, which offer highly
optimized implementations.

To obtain the Bayesian combination weights KBayesian and
KBayesian,!, we follow the bootstrap procedure in Algo-
rithm 1 and the Bayesian setup described in Section 3.2.
We implement bootstrap resampling with NumPy and set
nboot = 1000. The discount factor ! is computed nu-
merically in Python/NumPy following the derivation in
Section 5.1. For the linear combination W

combined
n,KLinear

, we

found that choosing K0 → [10, 20] in Equation (20) per-
forms well across our datasets.

After computing the seven key orders for each source–
target pair and each n, we preprocess the target-domain
normal training data using Equation (5) with the corre-
sponding key-order weights. This produces seven trans-
formed versions of the target dataset (one per key or-
der). On each transformed target dataset, we evaluate
three anomaly detection algorithms—Local Outlier Fac-
tor (LOF), Principal Component Analysis (PCA), and
Gaussian Mixture Model (GMM)—and report average
performance. All anomaly detectors are implemented
using the PyOD library (Zhao, Nasrullah, & Li, 2019).
Moreover, each experiment is repeated five times with
different random seeds.

4.5. Experimental Results

4.5.1. Source Data: Plant A; Target Data: Plant A

In this experiment, the evaluation is conducted over six-
teen source–target dataset pairs. In total, this results in

16 pairs ≃ 7 key orders ≃ 3 algorithms
≃ 12 values of n≃ 5 seeds = 20,160

simulations.

In this experiment, all known anomalies and normal sam-
ples in the target test set are used for evaluation. The
known anomalies in the target training set are randomly
sampled from the target test set. The known anomalies
in the target training set are mainly used to estimate the
key order as illustrated in Figure 1. We following the
experimental procedure in section 4.4.3 to first calculate
key orders. After the target normal dataset is scaled by
the estimated key orders as shown in Equation (5), un-
supervised anomaly detection algorithms such as PCA,
LOF, and GMM are applied. Then the best f1 scores
are calculated against the ground-truth target labels. In
cases where the number of anomalies in the training set
assumed to be known exceeds the actual number present
in the target test set, all available anomalies in the test
set are used both to estimate the key orders and to evalu-
ate final performance. The average results are presented
in Figure 7. As expected, anomaly detection algorithms
using target data processed with W

src outperform those
with W

tgt
n when n is extremely small—particularly for

n = 1 and n = 2. However, as the number of known
anomalies in the target dataset increases to n = 3, algo-
rithms using W

tgt
n begin to outperform those relying on

W
src on average.

As discussed in Section 4.3, when n ⇐ 3, the boot-
strapping procedure in Algorithm 1 tends to underes-
timate the target variance ”tgt,n. As a result, the diagonal
entries K[i, i] of both KBayesian and KBayesian,! become
inflated, causing the combined weights W

combined
n,KBayesian

and
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Figure 7. Average results using different key orders. Datasets from Plant A are used as both the source and target
domains.

W
combined
n,KBayesian,!

to be dominated by the target weights W tgt
n .

Since earlier results show that anomaly detection per-
formance suffers when relying on W

tgt
n with very few

anomalies (i.e., n ⇐ 3), this explains the suboptimal
performance of the Bayesian key order, W combined

n,KBayesian
, and

Bayesian-! key order, W combined
n,KBayesian,!

, in this regime. In
contrast, the heuristic methods using linear and geometric
combination strategies—W

combined
n,KLinear

and W
combined
n,KGeometric

—do
not rely on variance estimation and are therefore unaf-
fected by the underestimation of ”tgt,n. When n ⇐ 3,
these heuristic methods produce weights that remain close
to the source key order W src, resulting in comparable and
slightly improved anomaly detection performance rela-
tive to using W

src alone, and clearly outperform the W
tgt

baseline.

Once more than three anomalies are identified in the
target dataset, the target key order variance ”tgt,n can
be estimated more reliably via the bootstrap procedure.
As a result, methods that depend on accurate estima-
tion of target key order variance—such as W

combined
n,KBayesian

and W
combined
n,KBayesian,!

—begin to perform effectively. There-
fore, as the number of anomalies increases, it becomes
appropriate to transition to Bayesian-based methods for
combining source and target key orders.

Interestingly, this dataset exhibits a notable property: once
the number of anomalies reaches as few as six, the target
key order begins to perform exceptionally well—often
outperforming or matching most of the combined meth-
ods. This behavior is not inconsistent with expectations in
our experimental setup, where, beyond a certain threshold
of available anomalies, incorporating information from
the source dataset becomes unnecessary or even detri-
mental. However, as n grows larger, the combined key
order using the original Bayesian method, W combined

n,KBayesian
,

may struggle to fully transition to the target key order,
W

tgt
n , since the variance of the target key order cannot

reach zero. In contrast, the Bayesian-! method, which

introduces a discounting factor !, is capable of learn-
ing to downweight the influence of the source dataset
appropriately. As shown in the results, once n > 8, most
combined methods begin to incorporate unnecessary infor-
mation from the source and consequently underperform
compared to the target key order alone. The proposed
Bayesian-! method, however, continues to improve and
nearly matches the performance of the target key order,
demonstrating its ability to effectively discount irrelevant
source information.

It is noteworthy that the method based on W
combined
n,KBayesian,!

consistently underperforms relative to W
combined
n,KBayesian

when
n ⇐ 3. This underperformance can be attributed to the
fact that estimating the additional parameter ! requires
more data—specifically, a larger number of anomalies
in the target dataset. As a result, W combined

n,KBayesian,!
is not as

effective in low-n regimes but can match or exceed the
performance of W combined

n,KBayesian
as more anomalies become

available. These findings support our strategy of adopting
a heuristic method (to combine source and target key
orders) when n is very small, transitioning to a Bayesian
approach as n increases, and ultimately employing the
Bayesian-! method once a sufficient number of target
anomalies areavailable. In this regime, the Bayesian-!
method leverages its adaptive weighting mechanism to
outperform the standard Bayesian method.

4.5.2. Source Data: Plant A; Target Data: Plant B

The source data for the following experiments still comes
from Plant A. However, unlike the previous experimental
setup, the target dataset is from Plant B. The rest of the
experimental setup remains unchanged. Once again, we
compare the average performance of three anomaly detec-
tion algorithms: LOF, PCA, and GMM. The same seven
key orders are used for comparison.

The experimental results are presented in Figure 8. Con-
sistent trends are observed across settings, where the
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Figure 8. Average results using different key orders. The datasets from Plant A are used as the source domain, and
those from Plant B are used as the target domain.

heuristic methods—W
combined
n,KLinear

and W
combined
n,KGeometric

—perform
well in the extremely low-anomaly regime (i.e., n ⇐ 3). As
the number of identified anomalies increases to the inter-
mediate range (3 < n < 8), the Bayesian method begins
to outperform the heuristics. Initially, the Bayesian-!
variant underperforms slightly compared to the standard
Bayesian method; however, as more anomalies are ob-
served, the Bayesian-! approach surpasses the standard
Bayesian method, as expected.

A key distinction from the earlier experiments—where
both the source and target datasets originated from Plant A
—is that, in the current setting, the target key order im-
proves more slowly and takes longer to completely sur-
pass the combined methods. Even at higher values of n,
the target key order does not fully take precedence, sug-
gesting that meaningful information from the source data
continues to contribute. Consequently, anomaly detection
methods based on the Bayesian-! approach outperform
those relying solely on the target key order, particularly at
higher values of n. This contrasts with the previous setup,
where the performance of the Bayesian-! method closely
matched that of the target-only method due to the rapid
improvement of the target key order.

These results indicate that the proposed method performs
better in scenarios where the target key order improves
slowly. In such cases, the Bayesian-! method maintains
superior performance at higher n, whereas in settings
where the target key order improves quickly, its perfor-
mance converges with that of the target-only method.

Combining the results presented in Figure 7 and Fig-
ure 8, our proposed strategy exhibits optimal performance
across different anomaly regimes. The approach can be
summarized as follows:

• When the number of anomalies n is extremely small
(e.g., n ⇐ 3 in our specific datasets; the exact thresh-

old can be determined using an elbow-like criterion,
as discussed in Section 4.3), we recommend using
the posterior key order based on KLinear or KGeometric
to mitigate the risk of underestimating the target vari-
ance ”tgt,n.

• As n increases, we transition to using the posterior
key order computed with KBayesian, which fully ex-
ploits the structure of our Bayesian framework.

• When n becomes sufficiently large (e.g., n ↑ 8 in our
specific datasets), we employ the posterior key order
based on KBayesian,! to address the limitation where
the standard Bayesian approach may not discount the
influence of the source key order quickly enough.

4.6. Optimal Source Data Selection

The inclusion of target anomalies and the estimation of
the key order in the target dataset enable the identification
of the optimal source data from a list of potential sources,
even when an initial source-target pairing is not provided.
Our previous study demonstrated that in Plant A, trans a
serves as the best source data for trans c, and vice versa.
Similarly, trans b is the best source data for trans d, and
vice versa. When this initial pairing is unavailable, we
have developed a simple heuristic for identifying the op-
timal source data. The process consists of the following
steps:

1. Initial key order estimation: We estimate key or-
ders for all source and selected target dataset across
all four tests.

2. Normalization: Every estimated key order is normal-
ized such that it satisfies

∑2048
i=0 W [i] = 1, treating it

as a probability distribution.

3. KL-divergence calculation: For each test, we com-
pute the Kullback-Leibler (KL) divergence between
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the normalized target key order and the normalized
source key order.

4. Source selection: By averaging the KL divergence
across all four tests, we identify the source dataset
with the lowest average KL divergence as the best
match.

We evaluated the effectiveness of this heuristic using tar-
get datasets containing between 1 and 9 anomalies. For
each specific number of anomalies, we conducted tests us-
ing 10 different random seeds. The percentage of correct
matches (between source and target data), along with its
standard deviation, is presented in Figure 9. The results
indicate that our heuristic is highly effective. For instance,
when the target dataset contains as few as 2 anomalies,
the heuristic correctly identifies the best source dataset
approximately 90% of the time.
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Figure 9. Effectiveness of our simple heuristics in finding
optimal source data.

5. CONCLUSION

In this work, we extend our previously proposed trans-
fer learning framework to account for scenarios where
the target dataset contains anomalous data. This exten-
sion enables the estimation of the key order in the target
dataset and facilitates the integration of source and tar-
get key orders to improve anomaly detection. One of
the most effective approaches for combining information
is the Bayesian framework, which relies on uncertainty
estimation. However, we find that when the number of
anomalies in the target dataset is extremely small (n ⇐ 3),
the uncertainty in the target key order is often underes-
timated due to the limitations of the bootstrap method.
This underestimation results in suboptimal performance
when applying the Bayesian formulation in such cases.
To mitigate this issue, we propose using alternative com-
bination strategies, such as a weighted linear combination
of the source and target key orders, when the number of
anomalies is very low. As the number of anomalies in the

target dataset increases (n ↑ 3), the key order estimated
using the Bayesian formulation becomes more reliable
and outperforms both the individual source and target key
orders, as well as simpler combination strategies.

Another potential limitation of the standard Bayesian
method is its inability to rapidly discount information
from the source dataset as the number of anomalies in
the target dataset increases. To address this, we intro-
duce a discounting factor !, which explicitly reduces the
influence of the source key order. Our results show that
when the number of known anomalies in the target dataset
becomes sufficiently large (e.g., n ↑ 8), the Bayesian-
! method achieves strong performance and effectively
mitigates this limitation.

Furthermore, we address the challenge of identifying the
optimal source dataset when ground truth source-target
pairings are unavailable. We introduce a heuristic method
based on KL divergence, and our results demonstrate
that this heuristic achieves high accuracy. Overall, our
findings provide a robust framework for transfer learning
in anomaly detection.

Although this study is motivated by rotating machinery,
the proposed framework is broadly applicable beyond
this specific transfer anomaly detection setting. Many
anomaly detection problems exhibit a similar structure in
which only a subset of features is consistently diagnostic,
and performance depends on appropriately emphasizing
these informative dimensions. In addition, the practical
lessons from our study—such as using robust heuristic
fusion when uncertainty estimates are unreliable, and
employing a discount factor (e.g., the ! “discounting”
strategy) to temper source influence as target evidence
accumulates—may translate to other transfer and domain-
shift settings. More generally, our results underscore the
effectiveness of uncertainty-aware transfer for improving
industrial anomaly detection in the presence of distribu-
tion shift.

Despite the promising results, our approach has certain
limitations. Although the proposed heuristic—analogous
to the elbow method—provides a practical guideline for
determining when to transition from heuristic strategies
(e.g., linear or geometric combinations) to Bayesian-based
methods, it lacks a rigorous mathematical formulation.
Specifically, due to the limited amount of data, we are
currently unable to establish formal criteria for when to
switch from heuristic methods to the Bayesian method,
or from the Bayesian method to the Bayesian-! variant.
In future work, we aim to conduct more extensive sim-
ulations and theoretical analyses to better characterize
these transition points and develop principled switching
criteria.
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APPENDIX

5.1. Estimation of ! parameter

Recall that we assume that every dimension of the key or-
der is independent from each other as shown in the Equa-
tion (15). Thus, the corresponding ! in Equation (17)
is diagonal, and ![i, i] is independent from ![j, j] ⇒i ⇑=
j. Thus, we need to estimate ![i, i] given WS[i] and
WT[i]|WS[i]. To simplify the notation, let’s use ϑ to
represent ![i, i], X to represent WS, and Y to represent
WT. Let’s now treat ϑ as a random variable, and we
will use the maximum likelihood method to estimate the
optimal value of ϑ. Without loss of the generality, we
first assume ϑ follows a uniform distribution in the range
(0,ϖ), for some ϖ > 0. Thus,

P (ϑ) =
1

ϖ
, ⇒ϑ → (0,ϖ). (22)

Since the variance of X is discounted by ϑ, the conditional
distribution of X|ϑ is

X|ϑ ↓ N (µ,
1

ϑ
ω
2) (23)

Thus, the probability density function of X|ϑ is

P (X|ϑ) = 1√
2ϱω2/ϑ

exp{↗0.5ϑ(x↗ µ)2/ω2} (24)

The joint distribution is P (X, ϑ) with the expression:

P (X, ϑ) = P (X|ϑ)P (ϑ)

=
1

ϖ

1√
2ϱω2/ϑ

exp
{
↗ 0.5ϑ(x↗ µ)2/ω2

}

(25)

Moreover, Yi|X = x is independent of ϑ by the local
markov property in Bayesian Network. Thus, P (Y |X =
x, ϑ) is the following:

P (Y | X = x, ϑ) = P (Y | X = x)

=
n∏

i=1

(
1⇓
2ϱς2

)
exp

{
↗0.5(yi ↗ x)2

ς2

}

(26)

Combining everything together, the joint distribution of
Y,X, ϑ together is

P (Y,X, ϑ) = P (Y | X, ϑ)P (X, ϑ)

=
1

ϖ
≃
(

1⇓
2ϱς2

)n

≃ 1√
2ϱω2/ϑ

≃ exp

{
↗ 1

2

(∑n
i=1(yi ↗ x)2

ς2

+
ϑ(x↗ µ)2

ω2

)}

(27)

Notice that the marginal probability of Y is

P (Y ) =

 ϑ

0

 ↓

↑↓
P (Y,X, ϑ)dxdϑ, (28)

and P (Y ) is a constant term since Y is fixed and the term
does not depend on the value of either of x or ϑ term.
Thus,

P (X, ϑ|Y ) =
P (X, ϑ, Y )

P (Y )
(29)

Furthermore,

P (ϑ | Y ) =

 ↓

↑↓
P (X, ϑ | Y ) dx

= const
1

P (Y )

 ↓

↑↓
P (X, ϑ, Y ) dx

= const
1

P (Y )

⇓
ϑ

 ↓

↑↓

1⇓
2ϱω2

≃ exp

{
↗ 1

2

(∑n
i=1(yi ↗ x)2

ς2

+
ϑ(x↗ µ)2

ω2

)}
dx (30)

Now, we need to use either numerical or direct method to
solve the following optimization problem,

max
ϖ

P (ϑ|Y ) (31)

The result is the optimal ϑ↔ we are looking for.

5.2. Data Train and Test Split

See Tables 1 and 2 for details on the train and test splits.
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Plant A
Train Test

Target Data Normal Abnormal Normal Abnormal Source Data (from Plant A)
trans a test 1 52293 n=1–20 13485 10 trans c test 1
trans a test 2 52291 n=1–20 13453 12 trans c test 2
trans a test 3 52292 n=1–20 13537 116 trans c test 3
trans a test 4 52291 n=1–20 13531 36 trans c test 4
trans b test 1 20593 n=1–20 4830 78 trans d test 1
trans b test 2 20592 n=1–20 4830 22 trans d test 2
trans b test 3 20592 n=1–20 4828 90 trans d test 3
trans b test 4 20591 n=1–20 4830 38 trans d test 4
trans c test 1 30560 n=1–20 7169 5 trans a test 1
trans c test 2 30558 n=1–20 7168 8 trans a test 2
trans c test 3 30559 n=1–20 7167 17 trans a test 3
trans c test 4 30558 n=1–20 7167 16 trans a test 4
train d test 1 5557 n=1–20 1303 29 trans b test 1
train d test 2 5557 n=1–20 1304 3 trans b test 2
train d test 3 5556 n=1–20 1303 21 trans b test 3
train d test 4 5556 n=1–20 1303 10 trans b test 4

Table 1. Train–test partition for Plant A. The number of anomalies in the target training set assumed to be known
ranges from 1 to 20. Importantly, anomalous samples in the training data are randomly drawn from the test dataset and
are used only for estimating the key orders. Additionally, only 3,000 normal training samples are employed for key
order estimation. If n, the number of anomalies assumed to be known in the target data, exceeds the actual number of
anomalies available in the target test dataset, then all available anomalies in the target test dataset are used for estimating
the key orders.

Plant B
Train Test

Target Data Normal Abnormal Normal Abnormal Source Data (from Plant A)
trans I test 1 3774 n=1–20 3775 18 trans b test 1
trans I test 2 4079 n=1–20 4079 61 trans b test 2
trans I test 3 4118 n=1–20 4118 16 trans b test 3
trans I test 4 4103 n=1–20 4104 12 trans b test 4
trans II test 1 4107 n=1–20 4108 37 trans b test 1
trans II test 2 7299 n=1–20 7300 61 trans b test 2
trans II test 3 7341 n=1–20 7342 24 trans b test 3
trans II test 4 7312 n=1–20 7313 17 trans b test 4
trans III test 1 8583 n=1–20 8584 7 trans b test 1
trans III test 2 8850 n=1–20 8851 100 trans b test 2
trans III test 3 8871 n=1–20 8871 39 trans b test 3
trans III test 4 8758 n=1–20 8758 48 trans b test 4
trans IV test 1 8801 n=1–20 8802 53 trans a test 1
trans IV test 2 13596 n=1–20 13597 40 trans a test 2
trans IV test 3 13652 n=1–20 13652 62 trans a test 3
trans IV test 4 13687 n=1–20 13688 10 trans a test 4

Table 2. Train–test partition for Plant B. The number of anomalies in the target training set assumed to be known
ranges from 1 to 20. Importantly, anomalous samples in the training data are randomly drawn from the test dataset and
are used only for estimating the key orders. Additionally, only 3,000 normal training samples are employed for key
order estimation. If n, the number of anomalies assumed to be known in the target data, exceeds the actual number of
anomalies available in the target test dataset, then all available anomalies in the target test dataset are used for estimating
the key orders.

18


