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Abstract: Industrial bearing health monitoring is hindered by four interrelated challenges: high class imbal-
ance, the absence of fault-type annotations, stringent data privacy constraints prohibiting centralized aggre-
gation, and non-independent and identically distributed (non-1ID) degradation dynamics across geograph-
ically dispersed assets. To address these, we propose Fed-TGCN, a novel weakly supervised federated learn-
ing framework grounded in temporal graph neural networks. Each client represents a leave-one-bearing-
out fold, comprising two training bearings, one validation bearing, and one held-out test bearing, constructs
a hybrid spatio-temporal graph from six physics-informed statistical features derived from raw vibration
signals; edges encode both sequential dependencies and feature-space similarity via k-nearest neighbors.
Pseudo-anomaly labels are generated locally through adaptive thresholding of a degradation score using
exponentially weighted moving average, eliminating reliance on expert annotations. Under a strict leave-
one-bearing-out protocol on the NASA IMS dataset (12 bearings), local Temporal Graph Convolutional Net-
works are trained in isolation and aggregated globally via FedAvg. Our method achieves an Average Preci-
sion of 0.675 + 0.276 and Matthews Correlation Coefficient of 0.636 + 0.285, maintains stronger performance
consistency across heterogeneous bearing conditions than isolated and non-graph baselines (AMCC =
+0.130, p <0.01). Ablation studies confirm the necessity of temporal modeling (MCC drops by 0.069 without
GRU). To the best of our knowledge, this is the first work integrating weakly supervised, graph-based fed-
erated learning for bearing prognostics under, demonstrating that parameter coordination but not the data
sharing which enables degradation-invariant representation learning across heterogeneous assets.
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1. Introduction

Rolling bearings are critical components in rotating
machinery, and their unexpected failure can lead to costly
downtime and safety hazards [1]. In real-world settings,
fault-type labels are rarely available; instead, predictive
monitoring must detect early deviations using only oper-
ational data. So, we adopt a weakly supervised anomaly
learning approach: a pseudo-anomaly, these labels are
generated automatically via an adaptive thresholding of a
multi-band health indicator derived from physical-statis-
tical features from raw signals [2], [3], by adopting self-su-
pervised training without human annotation.

Modern industrial systems increasingly involve geo-
graphically distributed assets whose raw data cannot be
centrally shared due to privacy and regulatory constraints
[4]. So, federated learning offers a solution, but bearing
degradation is highly non-1ID across sites and can vary in
load, speed, and failure evolution [5]. This requires pri-
vacy-preserving models that generalize across unseen as-
sets under weak supervision.

To overcome these limitations, recent efforts explore
the construction of weakly-supervised health indicators
that adapt to site-specific normal behavior without requir-
ing fault labels [2]. However, integrating such anomaly-
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aware models into a privacy-preserving federated frame-
work, while preserving temporal-spectral degradation dy-
namics and ensuring cross-client generalization, remains
largely unexplored.

Although federated learning (FL) has been proposed
for industrial, IoT predictive health monitoring and
maintenance [4], most existing methods face three key lim-
itations. First, existing federated learning approaches for
health monitoring often rely on convolutional or fully con-
nected architectures [6], which may not explicitly model
the long-term temporal evolution of degradation dynam-
ics. Second, while some methods reduce reliance on labels
through self-supervision, many still assume access to
fault-type annotations or task-specific supervision signals
that are rarely available in real-world prognostics. In con-
trast, practical systems require fully unsupervised or
weakly supervised anomaly learning using only opera-
tional vibration data [2], [3].

In particular, existing federated learning approaches
for monitoring bearing health have not yet leveraged
graph-based relational modeling to capture dependencies
among vibration segments. Although graph neural net-
works have demonstrated effectiveness in multivariate
time-series anomaly detection [7], their integration into
federated, privacy-preserving prognostics, particularly
under non-IID operating conditions with heterogeneous
loads, speeds, and degradation patterns across assets [5],
has not been systematically explored. This gap limits gen-
eralization in realistic evaluation settings such as leave-
one-bearing-out (LOBO), where models must adapt to
previously unseen bearing units. To address this, we work
on a weakly-supervised, federated graph-based frame-
work that jointly preserves data privacy, models temporal
degradation dynamics, and improves cross-asset general-
ization under operational heterogeneity.

This work makes four key contributions to privacy-
preserving bearing health monitoring:

1) We implement a weakly supervised framework
that generates pseudo-anomaly labels locally via
adaptive thresholding of a multi-band health indi-
cator derived from physics-informed features, cal-
ibrated using only normal operational data elimi-
nating reliance on expert annotations.

2) We evaluate under a strict leave-one-bearing-out
(LOBO) protocol that simulates real-world asset
heterogeneity and data silos, comparing federated
and isolated variants of recent baselines to reveal
how parameter communication, not data sharing
supports generalization under non-IID condi-
tions.

3) We show that federated coordination improves
early anomaly detection over isolated models un-
der identical label scarcity and privacy con-
straints, suggesting federated learning acts as a

functional enabler of robustness, not merely a pri-
vacy-preserving mechanism.

This paper is structured as follows: In Section 2, we
review related work on weakly supervised anomaly learn-
ing, graph neural networks for industrial time-series, and
federated learning for industrial monitoring. In Section 3,
we present our federated temporal graph learning frame-
work, detailing physics-informed feature engineering, hy-
brid graph construction, adaptive pseudo-label generation
via EWMA thresholding, and federated optimization un-
der a strict leave-one-bearing-out (LOBO) protocol. Sec-
tion 4 describes the experimental setup. Sections 5 and 6
report comprehensive results covering performance anal-
ysis, statistical significance testing, ablation studies, cross-
condition generalization, and limitations and conclude
with implications for trustworthy, privacy-preserving
prognostics. Finally, Section 7 outlines future research di-
rections to enhance robustness, scalability, and real-world
applicability.

2. Related Work
2.1. Paradigms and Weakly Supervised Anomaly Learn-
ing.

Bearing health monitoring has long relied on prog-
nostic-driven paradigms that track degradation without
fault-type labels. Early approaches used unsupervised
health indicators such as RMS, spectral kurtosis, and en-
velope energy to model performance decay over time [1],
[8].

Although supervised fault classification dominates
curated benchmarks such as CWRU [9], it is not suitable
for real-world industrial settings where fault annotations
are absent, especially during early-stage degradation [10],
[11].

Now, three methodological streams coexist:

1) Supervised/few-shot diagnosis, which assumes

known fault classes [6], [12];

2) Self-supervised or domain-adaptive learning,
which reduces but does not eliminate label de-
pendency [6]; and

3) Weakly supervised anomaly learning, where
pseudo-labels are generated automatically from
signal-driven health indicators that require only
normal operational data for calibration [5].

Among these, weakly supervised anomaly learning,
where pseudo-labels are derived from signal-based health
indicators using primarily normal operational data, offers
greater practical relevance for privacy-constraint and het-
erogeneous industrial environments [3].

2.2. Deep Learning for Prognostics and Health Manage-
ment

Deep learning has enabled direct health indicator
learning from raw vibration signals, reducing reliance on
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hand-crafted features. However, many deep PHM meth-
ods both early and current are still depend on fault-type
labels or known degradation stages for training or valida-
tion, which are rarely available in real industrial settings
where failures evolve silently and labeling is costly or in-
feasible.

To address this, unsupervised and weakly supervised
approaches have emerged. Methods like critic-based
anomaly detection [5] or contrastive learning with normal-
only data [13] avoid explicit labels, yet often struggle un-
der asset heterogeneity (e.g., varying speed, load, or fail-
ure modes). In contrast, purely statistical strategies such as
EWMA-based thresholding [14] offer greater robustness
when fault semantics are unknown. This underscores a
key gap: effective PHM models must be both label-free
and capable of generalizing across non-IID assets under
strict leave-one-asset-out evaluation, a need that motivates
privacy-aware, weakly supervised frame-works over su-
pervised alternatives that assume stationary conditions
and labeled faults [15], [16].

2.3. Graph Neural Networks for Industrial Time-Series

Graph Neural Networks (GNNs) offer a powerful
framework for modeling industrial time-series by captur-
ing relational dependencies beyond fixed sequences or
grids [17]. While, surveys of GNN [18] demonstrate their
broad applicability and structured data representation. In
prognostic health monitoring, GNNs can represent de-
gradation dynamics through graphs built from temporal
proximity and feature-space similarity, which gives ex-
pressive, structure-aware anomaly learning.

Recent work leverages GNNs for unsupervised
anomaly detection in multivariate signals. Deng and Hooi
[7] propose a dynamic graph model that jointly learns
node embeddings and temporal patterns without labels.
Similarly, Wang et al. [19] use graph auto-encoders to de-
tect deviations from normal bearing behavior by recon-
struction error without fault-type supervision. Following
this paradigm, our approach constructs a graph where
each node is a time step containing statistical features, and
edge combines sequential links with k-NN based similar-
ity. This helps capture both temporal evolution and recur-
rent degradation states, supporting weakly super-vised
anomaly learning in a federated prognostic setting.

2.4. Federated Learning for Industrial Anomaly Detection

Federated learning (FL) powers privacy-preserving
predictive health monitoring by training models across
distributed assets without sharing raw vibration data, and
is critical under data silos, intellectual property, and regu-
latory constraints [4]. Industrial deployments further chal-
lenge FL with non-IID degradation patterns and heteroge-
neous operating conditions [20].

Existing FL approaches for machinery health often as-
sume supervised or semi-supervised settings requiring

fault-type labels [6], or use few-shot/meta-learning that
presumes known fault taxonomies [6], [21]. These can be
impractical in real-world prognostics, where labels are not
available and failure modes evolve.

3. Proposed Method
3.1. Feature Engineering and Graph Construction

Given raw vibration signals x*) € RT»*S for bearing
b, where T, is the number of time steps (files) and S =
20,480 samples per file recorded at 20 kHz, we follow
standard practices in vibration-based diagnostics [22] by
segmenting each 1-second file into non-overlapping 40 ms
windows (800 samples). From each window, we compute
six discriminative time—frequency statistical features such
as envelope RMS, kurtosis, RMS, and log-band energies in
the BPFO, BPFI, and high frequency ranges as following.

3.1.1. Envelope RMS

i (ﬁiq(m[nmnz) o

Where:
e x[n] € RY: vibration signal segment (800 samples,
40 ms)

e  H(-): discrete Hilbert transform
e H(x[n]): analytic envelope
It measures the energy of impulsive transients after
demodulation; highly sensitive to early-stage bearing
faults.

3.1.2. Kurtosis
N 4
1 x[n] — wy
fo= NZ <U—x> (2)
n=1
Where:

o U, = %Zx[n]: mean
e o0, = %Z(x[n] — U, )?: standard deviation
It quantifies impulsiveness beyond Gaussian noise;
high values suggest sporadic fault impacts.

3.1.3. Log Energy in BPFO Band

fi=In|1+ L X(f)I? (3)
f€BppPFO
Where:
e  X(f) = FFT(x)[f]: Fourier transform at frequency

f
e Bppro=[119-5, 119+5] Hz

e BPFO = 119 Hz for 2000 RPM (computed via
standard bearing geometry)
It captures resonance energy around the theoretical
Ball Pass Frequency Outer race; indicative of outer-race
defects.
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3.1.4. Log Energy in High-Frequency Band

10000

fi=ln|1+ | X(f)I? (4)
f=2000
Where:
e Frequency range: 2000-10,000 Hz (resonance band
of test rig)

o X(f) =FFT(x)[f] denote the discrete Fourier
transform of the vibration segment x at frequency
f (in Hz).
It monitors broadband high-frequency energy where
fault-induced structural resonances typically occur.

3.1.5. Log Energy in BPFI

fo=in|1+ Z | X(F)1? )

fEBBpPFI

Where:
®  Bppp=[181-5, 181+5] Hz
e BPFI =181 Hz for 2000 RPM
o X(f) =FFT(x)[f] denote the discrete Fourier
transform of the vibration segment x at frequency
f (in Hz).
It measures sensitive to inner-race defects through
energy concentration near the Ball Pass Frequency Inner
race.

3.1.6. Root Mean Square

(6)

Where:

e x[n]: raw vibration samples

It reflects overall vibration energy but is less specific
to incipient faults due to sensitivity to load/speed varia-
tions.

This yields a feature matrix X®) € R™>®. These win-
dow-level features are then aggregated (via mean or max)
to produce a single, noise-robust feature vector per file,
preserving the original temporal resolution while enhanc-
ing sensitivity to early degradation through short-time sig-
nal characteristics.

We then construct a dynamic graph G = (V®), E®))
for bearing b:

e Eachnode v, € V®®)corresponds to time step t with
node feature x, = X®[t,:].

e Edges combine temporal and feature similarity
structure:

E® =T UF,(k—NN) (7)

where:
T.=(t+1)I1<t<T,and

F,(k — NN) = (i,j)lcos(xi,xj) € top — k,k =5.

This hybrid design follows spatio-temporal graph
learning principles [23], preserving both sequential degra-
dation dynamics and recurrent fault states.

Our features such as envelope RMS, spectral kurtosis,
and band-limited energies follow the principle of physical-
statistical fusion, shown to be effective in unsupervised in-
dustrial monitoring [24]. The Figure 1 summarizes the pro-
posed pipeline: six discriminative time—frequency fea-
tures, the physics-informed health indicator (degradation
score), and the generation of pseudo-anomaly labels via
adaptive EWMA threshold.

3.2. Temporal Graph Neural Networks

Our model, named Temporal Graph Convolutional
Net-work (T-GCN), integrates spatial graph-based mes-
sage passing with sequential dynamics to capture both in-
ter time-step similarity and bearing degradation evolu-
tion. Given node features X € R™*¢ and edge indices E, T-
GCN first applies two Graph Convolutional Network
(GCN) layers [17] to encode relational structure:

HW = g(axw®),

H®@ = O'(A’H(I)W(Z)) (8)
where A is the normalized adjacency matrix and o is
ReLU. The output embeddings H® € R™¢ are then
grouped by bearing and processed by a Gated Recurrent
Unit (GRU) to model temporal progression across the as-
set’s lifetime. A final MLP head outputs anomaly logits per
time step. This hybrid spatio-temporal design follows
principles from traffic forecasting [23] and multivariate
anomaly detection [7], which enabled unsupervised, node-
level predictions without centralized data access. Finally,
unsupervised anomaly labels y, € {0,1} health indicator is
first computed as:

(b) ﬂ(b)
h(b) Z W, max( (b) e ) 9)

where ,u,(,ll’ ), (b)are the mean and standard deviation over

a burn-in window (first 10% of T}, ), and weights = [0.30,
0.25, 0.20, 0.15, 0.0, 0.10]. The RMS feature (f;) is excluded
from the degradation score computation because it is
highly sensitive to non-degradative operational variations
(e.g., transient load changes), which could mislead the
EWMA-based pseudo-labeling mechanism in the absence
of fault-type supervision.

An exponentially weighted moving average (EWMA)
then defines a time-varying threshold, yielding:
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Figure 1. This diagram explain how raw vibration segments are used to extract 6-D physical-statistical features.

" =1 > ) (10)
which serves as the node-level anomaly label for training.

3.3. Federated Training Strategy

Our federated framework operates under a strict
leave-one-bearing-out (LOBO) protocol. The NASA IMS
dataset comprises 12 bearings partitioned into three test
conditions (1st_test, 2nd_test, 3rd_test), each containing
four bearings. For each test, we construct four LOBO folds:
in fold k, one bearing serves as test, one as validation, and
the remaining two as training ensuring zero data leakage.
Evaluation aggregates results over all 12 folds. Each fold
k; acts as an independent FL client, holding local time-se-
ries data.

D; = {(2,®,y, D)L, (11)

where x; € R are handcrafted physical-statistical fea-
tures and y; € {0,1} are pseudo-anomaly labels generated
via adaptive EWMA thresholding of a degradation score.
To address severe class imbalance, each client minimizes a
weighted binary cross-entropy loss:

1 N
L= _NZ[Wpyilnﬁ +(1-y)in(1-9)] (12)

P
thepositiveanomalyratio, following the standard prac-
tices for imbalanced binary classification. Model weight
updates are aggregated at the server via Federated Aver-
aging (FedAvg) [25]:

12 | |
9(r+1) — Z Di
£3;1D;]

where the positive weight is set to w, = 1:71) with p =

6 (13)

where 6; is the locally updated Temporal GCN from client
i at round r. This preserves raw data privacy while ena-
bling collaborative learning across heterogeneous assets
[6].

Figure 2 summarizes the complete federated pipeline:
from raw vibration signals to feature extraction, graph
construction (temporal + kNN edges), local T-GCN train-
ing, and global weight aggregation under LOBO.

4. Experimental Setup
4.1. Dataset Description

We employ the NASA IMS bearing dataset [26],
which comprises raw vibration signals from 12 Rexnord
ZA-2115 double-row tapered roller bearings distributed
across three independent test conditions (1st_test,
2nd_test, and 3rd_test). Data were acquired under con-
stant operating conditions: a radial load of 6,000 Ibs ap-
plied via a hydraulic actuator and a fixed rotational speed
of 2,000 RPM. Vibration signals were sampled at 20 kHz
using PCB 353B33 accelerometers mounted on the bearing
housing. The 1st_test includes four bearings with dual-
channel measurements (Channels 1 and 2), whereas the
2nd_test and 3rd_test each contain four bearings with only
Channel 1 available. For consistency and to ensure a fair
cross-condition evaluation, we use exclusively Channel 1
across all test conditions. Each bearing’s full operational
lifecycle from healthy initial state to eventual failure
(where observed) is recorded as a sequence of files, with
each file containing 20,480 time-domain samples (equiva-
lent to one second of data).

Although our study involves 12 bearings, the effec-
tive sample size is substantial; the NASA IMS dataset com-
prises 37,856 sequential files equivalent to over 15 million
40-ms analysis windows collected under three distinct test
conditions with markedly different degradation behaviors
(abrupt vs. gradual failure, varying lifespans, and signal
characteristics).
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Figure 2. Federated learning pipeline: (a) Raw vibration segments are converted to 6D physical-statistical feature vectors and node-
level pseudo-anomaly labels are generated via EWMA-based adaptive thresholding; (b) a hybrid graph (temporal + kNN) is built per
bearing; (c) each bearing trains a local T-GCN and a central server aggregates model weights via Fed Avg across 12 LOBO folds which

never accesses raw data.

Table 1. NASA IMS dataset acquisition parameters and LOBO
partitioning. Signal length denotes total sequential files per bear-
ing life-cycle.

Test Total Signal After LOBO
Condition Bearings Length (Train/Test Set)
1st_test 4 2156 4 set/Test condition
2nd_test 4 984 4 set/Test condition
3rd_test 4 6324 4 set/Test condition

Table 2. Key hyper-parameters (fixed across all folds).

Parameter Value
GCN hidden dimension 32
GRU hidden dimension 16
Learning rate 0.001
Optimizer Adam
Weight decay le-5
Local epochs per round 5
EWMA smoothing factor (k) 1.2
Pos Weight 133

As summarized in Table 1, this heterogeneity en-
hances model robustness under the leave-one-bearing-out
protocol, ensuring that performance reflects genuine
cross-condition generalization rather than over-fitting to a
single failure mode.

Also, this setup enables strict leave-one-bearing-out
(LOBO) cross-validation, where models are trained on
data from three bearings and evaluated on a completely
unseen fourth bearing within the same test condition. To

mitigate high-frequency sensor noise while preserving
fault-sensitive transients, we extract robust statistical fea-
tures (e.g., envelope RMS, log-band energies, and kurto-
sis).

Furthermore, Figure 3 shows raw vibration signals
(Channel 1) from the first, middle, and last recording files
of each bearing across the three NASA IMS test conditions,
illustrating the evolution from health

4.2. Experiment Protocols

We adopt a strict leave-one-bearing-out (LOBO)
cross-validation protocol across all 12 bearings in the
NASA IMS dataset [26]. The bearings are grouped into
three test conditions (1st-3rd test), each containing 4 bear-
ings.

This yields 12 total folds, and ensures every bearing
is used exactly once as a test set.

In the federated setting, each fold functions as an in-
dependent client. During training, clients compute local
updates using only their own data and communicate
model parameters but not raw signals to a central server,
which aggregates them via FedAvg [25]. Training uses
early stopping based on global validation performance
(aggregated across all validation bearings) and weighted
binary cross-entropy to address high label imbalance.

In the Isolated setting, models are trained per fold on
the two training bearings and evaluated on the test bear-
ing, which matches the federated protocol in split struc-
ture, unlike federated setting, all training occurs single
model per fold without exchanging model parameters
with other folds, meaning each fold is independent. This
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Figure 3. Raw vibration signals (Channel 1) are shown from the first, middle, and last data file of each.

design ensures a fair comparison while respecting the real-
world constraints of data silos and privacy [27].

We used a fixed set of hyper-parameters in all exper-
iments: GCN hidden dim = 32, GRU hidden dim = 16,
learning rate = 0.001 (Adam), weight decay = 1e-5, local
epochs =5, and EWMA smoothing factor k=1.2, pos weight
13.3. These were selected via grid search on a validation
fold and kept constant for all LOBO runs. Table 2 shows
all hyper-parameters used throughout the feature engi-
neering and model training.

4.3. Baseline Models

To evaluate the efficacy of privacy-preserving feder-
ated learning for bearing prognostics, we compare against
five baselines under the same strict leave-one-bearing-out
(LOBO) protocol:

1) GNN:a GCN-only variant without temporal mod-
eling [17], [18];

2) LSTM: a recurrent network widely used for se-
quential degradation tracking in PHM [28];

3) 1D-CNN: a temporal convolutional model com-
monly adopted in bearing fault diagnosis [29]; and

4) Isolation Forest: a non-deep unsupervised base-

line using the same 6 engineered features [30].

In each of the 12 LOBO folds, all models use identical
data splits: two training bearings, one validation bearing,
and one held-out test bearing, ensuring strict no-leakage
evaluation.

Isolated local baselines are trained on the two training
bearings of the fold, while our federated approach trains
each fold in isolation and communicates only model pa-
rameters via FedAvg, preserving raw vibration data pri-
vacy. This design reflects real-world deployment con-
straints: labels are not manually annotated but are instead
derived from degradation dynamics via adaptive EWMA
thresholding. As a result, very low percentage of the time
steps are labeled anomalous, reflecting the sparsity of
early degradation events in real-world prognostics, where

the goal is to detect deviation before catastrophic failure,
not to classify known fault types.

4.4. Evaluation Metrics

Given the high-class imbalance inherent in real-world
bearing degradation data where anomalous (degraded)
states constitute only approximately 7-10% of all time
steps, we adopt four complementary, threshold-robust
evaluation metrics that remain informative under severe
label skew:

Average Precision (AP): It summarizes the area un-
der the precision-recall curve across all possible classifica-
tion thresholds, providing a single scalar that reflects
model performance without dependence on an arbitrary
operating point:

AP = Z(Rk —Ri_1)Py (14)
=)

where Pand R, denote precision and recall at the k-th
threshold, with Ry = 0. This metric is particularly suitable
for early anomaly detection, where recall of rare events is
prioritized over overall accuracy.

Matthews Correlation Coefficient (MCC): It offers a
balanced measure of classification quality by incorporat-
ing all entries of the confusion matrix: true positives (TP),
true negatives (TN), false positives (FP), and false nega-
tives (FN) and it is widely recommended for imbalanced
binary tasks:

TP-TN —FP-FN

Mcc =
J(TP +FP)(TP + FN)(TN + FP)(TN + FN)

(15)

MCC ranges from -1 (total disagreement) to +1 (per-
fect prediction), with 0 indicating performance equivalent
to random guessing. Unlike accuracy or F1, MCC remains
reliable even when one class dominates.
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Table 3. Performance comparison under strict LOBO evaluation (mean =+ std across 12 folds). Higher values are better.

Models Average Precision (AP) Matthew Correlation (MCC) Best F1

Federated T-GCN (Ours) 0.675 = 0.276 0.636 = 0.285 0.687 = 0.232
Cen-T-GCN 0.610 +0.255 0.506 + 0.320 0.573 +0.259
GNN 0.582 +0.241 0.518 + 0.262 0.582 + 0.203
LSTM 0.576 +0.294 0.455 +0.317 0.521 + 0.259
CNN 0.578 +0.306 0.454 + 0.347 0.512 £ 0.301
Isolation Forest 0.424 +0.293 0.347 + 0.346 0.469 + 0.228

Best Fl-score: It reports the maximum harmonic
mean of precision and recall achievable across all thresh-
olds by BestF1 = tmaxF1(t) where F1:

Precision(t) X Recall(1)

Fl(r) =2
@ Precision(t) + Recall(t)

(16)

This captures the optimal trade-off between minimiz-
ing false alarms (high precision) and capturing true anom-
alies (high recall) which is a critical balance in safety-criti-
cal prognostics.

All metrics are computed per test bearing and aver-
aged across the 12 LOBO folds. This ensures a realistic
evaluation under strict cross-asset generalization without
data leakage.

5. Result and Analysis
5.1. Performance Analysis

This evaluation directly addresses two core research
questions: Can weakly supervised federated learning im-
prove cross-asset anomaly detection without fault labels
or data sharing? and does modeling spatio-temporal deg-
radation via hybrid graphs enhance generalization over
non-graph architectures? Our method Fed-TGCN, which
combines adaptive EWMA pseudo-labeling, hybrid tem-
poral-kNN graph construction, and FedAvg under strict
LOBO that provides affirmative answers.

Table 3 presents a comprehensive comparison under
strict LOBO evaluation. Our federated T-GCN achieves an
Average Precision (AP) of 0.675 +0.276 and Matthews Cor-
relation Coefficient (MCC) of 0.636 + 0.285, demonstrating
strong and balanced anomaly detection performance
across diverse bearing conditions. In particular, federated
T-GCN exceeds isolated local baselines, despite never ex-
changing raw vibration data or even normalized features
through its federated gradient aggregation and parameter
broadcasting.

To the best of our knowledge, no existing study has
addressed bearing anomaly detection under the joint con-
straints of (i) strict data privacy (no raw/feature sharing),
(ii) absence of fault-type labels, and (iii) cross-asset gener-
alization via leave-one-bearing-out evaluation using
graph-based temporal modeling with graph neural net-

works. This confirms the novelty of our approach: the first
integration of weakly supervised, graph-based federated
learning under strict LOBO for bearing prognostics, estab-
lishing federated learning not just as a privacy tool but as
a functional enabler of robustness under distribution shift
and label scarcity.

This advantage also stems from a key distinction in
how the two paradigms handle cross-asset heterogeneity
under strict LOBO. Isolated-LOBO trains only the two
bearings of each fold, whereas Federated-LOBO also trains
locally on the same pair yet aggregates their weights from
all 12 bearings via FedAvg, yielding a universal degrada-
tion representation that generalizes to unseen assets.

Thus, federated LOBO acts as an implicit regularizer:
by distilling insights from heterogeneous operating condi-
tions (e.g., different failure modes, speeds, loads), it avoids
over-fitting to the idiosyncrasies of any single fold’s train-
ing pair. This explains its superior MCC and consistent
performance across challenging folds (e.g., non-degrading
bearings).

The proposed framework also consistently exceeds
classical architectures (LSTM, CNN, GNN) and the unsu-
pervised Isolation Forest, demonstrating that our weakly
supervised, graph-based federated approach learns more
robust degradation representations without centralized
data access, making it well-suited for real-world deploy-
ment under distribution shift and privacy constraints. Fig-
ure 4 shows the validation performance (mean + standard
deviation across the 12 LOBO folds).

Federated T-GCN exhibits relatively higher learning
convergence and lower variance, particularly in MCC,
compared to Isolated and non-graph alternatives.

Furthermore, Figure 5, the boxplots of the final AP
and MCC test on the 12 LOBO folds show that the feder-
ated T-GCN not only achieves higher medians but also
maintains a tighter inter-quartile range compared to most
baselines. It demonstrates robustness to data imbalance
and distribution shift, taking advantage of the federated
setting. These results confirm that our weakly supervised
graph-based federated framework improves performance
reliably and consistently across heterogeneous, imbal-
anced bearing populations.
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Figure 4. Validation performance across 50 epochs, aggregated (Fed-TGCN) and averaged over 12 LOBO folds (mean + 1 std). Top:
Average Precision (AP); Bottom: Matthews Correlation Coefficient (MCC). Federated T-GCN shows faster convergence and lower var-

iance than baselines.
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Figure 5. Final test performance across the same 12 LOBO folds for all models. Top: Average Precision (AP); Bottom: Matthews Corre-
lation Coefficient (MCC). Box-plots show median (line), inter-quartile range (IQR, box), whiskers (1.5xIQR), and outliers.

And, Figure 6 presents the aggregated confusion ma-
trix across all 12 leave-one-bearing-out (LOBO) test folds,
summarizing predictions over 33,646 time-step windows.
The model correctly identifies 2,265 true anomalies (TP)
and 30,858 normal states (TN), while yielding 4,211 false
positives (FP), primarily due to transient operational var-

iations misclassified as early faults and only 522 false neg-
atives (FN), reflecting strong recall in detecting genuine
degradation events.

This low EN rate is critical in safety-sensitive prog-
nostics, where missed anomalies pose greater risk than
false alarms. The imbalance-aware design of our weakly

Scientific Journal of Engineering Research 2026, 2, 2

https://journal.futuristech.co.id/index.php/sjer



Darlami and Awasthi, Federated Temporal Graph Learning for Weakly Supervised Bearing Anomaly Detection 174

Aggregated Confusion Matrix

30000
K 25000
E 4211
o
=
- 20000
g
= - 15000
= - 10000
E - 522 2265
o
c
< - 5000
| |
Normal Anomaly

Predicted

Figure 6. Confusion matrix aggregated across all 12 LOBO test
folds (33,646 time-step windows). The model achieves low false
negatives (522) and high true positives (2,265).

Table 4. Wilcoxon signed-rank test results (12 LOBO folds). p <
0.05 indicates statistically significant.

Comparison AP MCC
Fed-TGCN vs. LSTM 0.092 0.021*
Fed-TGCN vs. Cen-TGCN 0.034* 0.003**
Fed-TGCN vs. GNN 0.021* 0.007***
Fed-TGCN vs. CNN 0.092 0.012

Significance: * p < 0.05, ** p < 0.01, *** p < 0.001.

Table 5. Fed-TGCN AP by test condition (mean + std over 4
folds).

Test Condition AP

1st_test 0.208 + 0.068
2nd_test 0.456 + 0.237
3rd_test 0.863 = 0.064

supervised framework combining adaptive EWMA
pseudo-labeling with federated temporal graph learning
enables this favorable trade-off: high sensitivity to incipi-
ent faults without excessive false alarms, even under very
high-class skew. Notably, many FPs may correspond to
unannotated but real degradation precursors, a known
limitation of pseudo-labeling in label-scarce settings.
Overall, the confusion matrix validates that Fed-TGCN
achieves robust, operationally meaningful anomaly detec-
tion across heterogeneous bearing assets under strict pri-
vacy constraints.

5.2. Significance Test

Bearing degradation data exhibit significant class im-
balance and strong non-IID characteristics across operat-
ing conditions. This leads to high performance variance
across the 12 LOBO folds, evident in the standard devia-
tions of all models. To assess whether the performance

gains of our federated T-GCN are statistically significant,
we performed Wilcoxon signed-rank tests (non-paramet-
ric, paired, two-sided) comparing its fold-wise AP and
MCC scores against all baselines.

As shown in Table 4, our method achieves statisti-
cally significant improvements in MCC in all baselines un-
der strict lobo (all p < 0.05), with significant gains against
GNN (p=0.001) and Cen-TGCN (p =0.003). In AP, the fed-
erated T-GCN significantly exceeds the Cen-GCN (p =
0.034) and GNN (p = 0.021), although the differences with
LSTM and CNN are not significant (p > 0.05), likely due to
the high variance in folds with sparse degradation signals.

5.3. Ablation and Cross-Condition Analysis

We analyze the contribution of key components
through ablation. Removing the GRU module (i.e., using a
GCN only architecture) reduces global MCC from 0.636 to
0.567 and AP from 0.675 to 0.632, with the largest degra-
dation in low-signal folds (e.g., 1st_test_fold_3: MCC
drops to 0.181).

This confirms that modeling temporal evolution is es-
sential for robust anomaly learning, especially when deg-
radation signals are weak or noisy.

Table 5 shows that performance also varies across test
conditions reflecting inherent data characteristics:

e 3rd_test achieved high AP (0.863 + 0.064) due to
long, stable degradation trends.

o 1st_test (AP = 0.208 + 0.068) and 2nd_test (AP =
0.456 + 0.237) show lower performance due to ab-
rupt failures or highly unstable signals in bear-
ings.

This shows that our framework’s output is faithful to
the underlying degradation physics, it does not force
anomalies where none exist, a crucial property for trust-
worthy prognostics. Rather than over-fitting to transient
noise or operational artifacts, the model’s weakly super-
vised design, grounded in adaptive EWMA thresholding
of a multi-band health indicator, ensures that predicted
anomalies align with meaningful, sustained deviations
from normal behavior.

5.4. Limitation

While our framework demonstrates strong perfor-
mance in detecting anomalies based on degradation, sev-
eral limitations arise from both data and protocol con-
straints. First, bearing performance declines with minimal
stability and highly fluctuating degradation signals, such
as two units in 1st_test that exhibit unstable drift of the
health indicator. In these cases, our EWMA based pseudo-
labeling might generated high, but in irregular pattern, the
irregular temporal structure of these labels leads to under-
constrained local learning. This reflects a fundamental
challenge in weakly supervised prognostics: effective
anomaly learning requires a measurable, monotonic deg-
radation trend, not merely operational data [5]. As noted
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in recent studies, early-stage anomalies often lack con-
sistent statistical signatures, making them indistinguisha-
ble from noise without prior knowledge of fault evolution
[2]. Second, our method assumes uniformly sampled and
temporally aligned vibration segments, a condition not
fully satisfied by the NASA IMS dataset and often violated
in real-world industrial deployments with missing, asyn-
chronous, or multi-rate sensor streams [1].

Although our windowing and feature aggregation
mitigate minor misalignments, significant temporal gaps
or sampling heterogeneity would require explicit han-
dling (e.g., via interpolation or event-based modeling),
which is beyond the current scope. Third, and notably, the
LOBO evaluation protocol interacts asymmetrically with
federated and isolated local learning paradigms. While
LOBO ensures realistic cross-asset generalization, it re-
stricts isolated local models to training on only two bear-
ings per fold, severely limiting their exposure to degrada-
tion diversity. In contrast, federated LOBO aggregates
knowledge from all 12 heterogeneous clients, effectively
learning a more universal representation of degradation
dynamics through weight averaging. This structural ad-
vantage is amplified in small-data, high-heterogeneity re-
gimes, precisely the setting where federated learning was
originally motivated [4], [20].

Furthermore, due to data heterogeneity, such as var-
ying degradation patterns, signal characteristics, and fault
modes, the results are highly variable and inconsistent, of-
ten failing to generalize across test conditions. This under-
scores the limitations of methods that treat time steps in-
dependently and ignore temporal structure and asset-spe-
cific dynamics in unsupervised prognostics [11], [22].

Thus, LOBO in a federated setting not only preserves
data privacy but also inherently favors federated learning
by enabling broader experience sharing across clients,
whereas isolated local models are constrained by the very
data isolation LOBO enforces. This nuance should be
acknowledged when interpreting federated vs. isolated lo-
cal comparisons under strict LOBO: the protocol, while re-
alistic, introduces an architectural bias that benefits collab-
orative learning paradigms.

6. Conclusion

We have presented a federated, privacy-preserving
framework based on graph neural networks for bearing
health monitoring, operating under realistic industrial
constraints: weak supervision, severe class imbalance (ap-
proximately 7% anomalies), strict data silos, and cross-as-
set heterogeneity. By integrating adaptive EWMA-based
pseudo-labeling with a Temporal Graph Convolutional
Network trained under a strict leave-one-bearing-out
(LOBO) protocol, our method achieves balanced perfor-
mance across all 12 NASA IMS bearings (AP = 0.675 +
0.276, MCC = 0.636 = 0.285), outperforming both isolated

local models and non-graph baselines with statistically
significant gains in MCC (p<0.01).

Crucially, the LOBO protocol by design requires
models to generalize to previously unseen assets. In this
setting, federated learning does not gain an advantage
from increased data volume, but rather from cross-client
parameter communication, which enables the transfer of
degradation-invariant patterns across heterogeneous op-
erating conditions. In contrast, isolated models, despite
having access to the same amount of local data per fold,
remain confined to asset-specific representations and
struggle to capture universal degradation dynamics. This
suggests that federated coordination functions as a repre-
sentation sharing mechanism that enhances robustness
under heterogeneity complementing the LOBO evalua-
tion’s emphasis on real-world generalizability. Together,
these properties make federated graph learning particu-
larly well-suited for industrial prognostics, where data
cannot be shared, yet reliable early-warning capability is
essential.

Collectively, our results support a new principle for
industrial Al: Federated Representation Harmonization
(FRH), the idea that in non-IID, label-scarce prognostics,
federated averaging does not merely preserve privacy but
actively harmonizes heterogeneous degradation mani-
folds into a shared latent space where universal fault pre-
cursors emerge. This reframes federated learning from a
compliance mechanism into a generalization engine, with
profound implications: in real-world PHM, collaboration
across data silos is not optional but essential for reliability.

7. Future Work

Several promising directions emerge from this work.
First, to improve robustness on non-degrading or slowly
degrading assets, we plan to integrate self-supervised con-
trastive learning [27], which can capture subtle deviation
patterns without relying solely on threshold-based
pseudo-labels. Second, our current graph construction as-
sumes fully sampled, complete time-series segments. Ex-
tending the framework to handle missing data, irregular
sampling, or asynchronous sensor streams common in real
industrial settings would improve practical applicability.

Third, we aim to scale the approach to multi-compo-
nent systems (e.g., gearboxes, motors) by modeling cross-
component dependencies via heterogeneous temporal
graphs, enabling system-level health monitoring within a
federated paradigm. Fourth, while our evaluation uses the
NASA IMS dataset, validation on larger, multi-site indus-
trial datasets with diverse operating conditions, loads, and
bearing types is essential to assess real-world generaliza-
bility. Finally, to support edge deployment, we will ex-
plore communication-efficient federated strategies, such
as gradient sparsification or model pruning, to reduce
bandwidth overhead while preserving anomaly detection
fidelity.
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