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Industrial Bearing Degradation Problem

© CRITICAL ISSUES LEADING TO PRODUCTION DOWNTIME AND SAFETY ACCIDENTS IN KEY ROTATING COMPONENTS

A 40%

Primary Failure Cause

Proportion of bearing defects
among all rotating machinery
failures

Q 90%

Early Detection Failure

Missed early defects rate
when using traditional
vibration analysis

e 2.5Xx

Prediction Difficulty

Higher prediction error
compared to linear models
due to non-linearity

W $4.5M

Downtime Cost

Average daily financial loss
estimated for large plant
downtime

Degradation Characteristics

Rapid exponential failure progression after initial subtle changes

Operating Time (Lifetime)

@ Incubation Phase @ Acceleration Phase



Limitations of Traditional Diagnostic Methods

@ Structural limitations of classical diagnostics and the necessity for Deep Learning-based PHM

= Fixed Threshold Visualization of Issues — Signal — Threshold

<

Fixed baselines based on simple statistics (RMS, Kurtosis) are vulnerable

to noise and difficult to Generalize across various operating conditions.

Ir Frequency Domain Rules

Tracking specific fault frequencies leads to severe performance

degradation when environmental changes or Domain Shift occur.

Vibration Amplitude

A Early Detection Failure

Actual Onset

Time (Operating Hours)

Missing subtle initial changes leads to Late Detection, while

misinterpreting noise often leads to frequent False Alarms.



Research Objectives and Key Contributions

4 KEY SOLUTIONS OF THE TRANSFORMER-BASED PHM SYSTEM

End-to-End Prediction Pipeline

Integrated anomaly detection process by learning normal

manifold with Transformer-based forecasting model.

Failure Index Detection

Accurately detects failure onset based on continuous High

Warning signals and sequential patterns.

L}

Adaptive Threshold

Secured robustness across domains through data-driven

Gaussian automatic threshold setting algorithms.

Physical-Time RUL

Enhanced practical applicability by calculating Remaining
Useful Life (RUL) based on actual operation time,

not abstract scores.



IMS Bearing Dataset Overview

© STANDARD BENCHMARK DATASET FOR PHM RESEARCH: 3 INDEPENDENT EXPERIMENTS & VARIOUS FAILURE MODES

Test 1
(]

Clean Condition (Low Variance)

© Duration
Ilr Sensors

# Bearings

4 Test 3

Burst Precursor (Rapid Degradation)

© Duration
- Sensors

A Failure

7 Days (2,048 files)
8 Channel (X, Y)

4 Bearings

Outer Race  Rolling Element

3 Days (444 files)
4 Channel (Single)

Rapid Failure

Outer Race  High Speed Failure

Test 2
D)
Noisy Condition (High Variance)
© Duration

- Sensors

lss Features

« Dataset Specs

Common Parameters

# Sampling Rate
% Data Points
%4 Equipment

ww Shaft Speed

7 Days (984 files)
4 Channel (Single)

Real Factory Noise

Outer Race Noisy Env

20 kHz
20,480 pts / file
Rexnord ZA-2115

2,000 RPM



Experimental Environment

© IMS BEARING DATASET: CHARACTERISTICS AND DATA COMPOSITION OF THREE INDEPENDENT TEST CONDITIONS

Test 1 CLEAN Test 2 NOISY Test 3

CONDITION CONDITION CONDITION

1r . ' 4 . . . (e
Low Variance / Stable High Variance / Noisy Burst Precursor
Steady State Fluctuating Sudden Failure

o INTERVAL o INTERVAL é INTERVAL
5 min Interval 10 min Interval 10 min Interval

.. DURATION .. DURATION .. DURATION

| Days (2,016 hrs) g Days (163 hrs) o3 Days (73 hrs)

TARGET FAULTS TARGET FAULTS TARGET FAULTS

Inner Race Outer Race Roller Element Combined Rapid Decay Precursor

2,048 984 Lol

Total Files Total Files Total Files

BURST



Preprocessing Pipeline

© 6-STAGE STRUCTURAL DATA REFINEMENT PROCESS FOR EFFICIENT TRANSFORMER TRAINING

.| .| .| .| .|
1 2 3 4 5
ue <l
AR 'rl-l' EIH S AIA
Channel Downsampling Alignment Sliding Window Normalization
Reduction EFFICIENCY FIX LENGTH SAMPLING Z-SCORE
INTEGRATION

Merge 4ch Signals

Remove Redundancy

4ch » 1ch

Boost Computation

Mitigate Noise

20k » 2kHz

Truncate / Pad

Fixed Sequence

Len=Fixed

Generate Samples

Pattern Mining

Windowing

Scale Adjustment

Training Stability

Standardize

E
Save

FORMAT

Fast I/O (.npy)
Batch Optimization

.npy Format



RMS Trend Analysis

©® COMPARISON OF RMS TIME-SERIES BY TEST 1/2/3 - DEGRADATION PATTERN ANALYSIS

|~ Time-Series Visualization

® Test1(Clean)

7 — N
® TEST1 INr ® TEST2
01325 ..., 0.0955 .,

Stable Trend High Noise

@ Test 2 (Noisy)

® TEST3

0.0717 RMS (Avg)

Burst Pattern

@ Test 3 (Burst)

b 1 ¢
AR



Non-Stationarity Statistics Validation

© STATISTICAL CHARACTERISTICS AND ASSUMPTION VERIFICATION FOR PHM MODEL DESIGN (TEST 1, 2, 3)

K-S Normality Test ™ Levene Variance Test nr

Kolmogorov-Smirnov Test Homogeneity of Variance Test

Test 1 (Clean) 0.2984 Test 1 (Clean) 123.47
Test 2 (Noisy) 0.2991 Test 2 (Noisy) 79.50
Test 3 (Burst) 0.4017 Test 3 (Burst) 133.69
Critical Value (0.05) Extreme Heterogeneity
Hypothesis Result Structural Solution 2
Null Hypothesis (Ho) Test Result Modeling Implications
Rejected Transformer
Data follows a Non-Gaussian distribution and exhibits severe heteroscedasticity Instead of simple statistical models, a Deep Learning (Attention) approach capable of

across domains. Traditional statistical thresholding methods are invalid. learning dynamic patterns and complex manifolds is essential.



Transformer-based Forecasting Architecture

"y END-TO-END TIME SERIES FORECASTING WITH DECOMPOSITION & ATTENTION

v S 9 ad
Input CNN Extract Decomp Output
> > > Encoder >
X =[x, ..., X[J-1] Conv1D — RelU xtrend + xseason . M prediction
Multi-Head Attn
. . . LayerNorm ) ) .
Raw Vibration Signal Trend & Seasonality 4 Heads, 2 Layers Gaussian Forecasting
Sequence Local Feature Extraction Separation Head

Model Output: FCout(EncoderStack(Decomposition(CNN(X)))) PP Next-step prediction: yt = pt



CNN-based Local Feature Extraction

{8 HIGH-FREQUENCY NOISE REMOVAL AND SHORT-RANGE DEPENDENCY STABILIZATION USING CONVID

v 1r
High-Frequency Noise Removal Short-Range Dependency Learning

Uses Kernel Size 3-5 to robustly extract local vibration patterns,

Applied before the 20kHz » 2kHz downsampling process to effectively filter
capturing fine-grained regional features that Transformers might otherwise miss.

high-frequency noise, increasing signal purity and improving downstream

processing accuracy.

HH 5 Feature Extraction Architecture

Dimension Reduction & Embedding

Transforms 20,480-point high-dimensional raw signals into low-dimensional
K=3 K=3 Act. Max

embeddings, significantly reducing computational complexity and 20480

maximizing model training efficiency.

Process Flow: Raw Vibration » Local Features » Embedding



Trend-Seasonality Decomposition

{8 STRUCTURAL APPROACH TO TRANSFORM NON-STATIONARY TIME SERIES INTO STABLE SEQUENCES

DEFINITION COMPONENT 1

B 4

Decomposition Formula Trend Layer

Additive decomposition of input signals into long-term trend, seasonal components. Extracts long-term increasing and decreasing trends in data.

Structurally separates the Slow Component changed by degradation to
X trend +X season = X veep P geabydes

improve learnability.
Decomposition Equation

~ COMPONENT 2 OBJECTIVE
<

Seasonality Layer Transformation Objective

Separates implicit periodic components inherent in the data. Transforms IMS data into a Transformer-friendly format.

Ensures robust characteristics against noise by stably learning long-period

Maximize Forecasting Stabilit
patterns. 2 2 y



Block-Sparse Multi-Head Attention

{8 OPTIMIZING COMPUTATIONAL COMPLEXITY FROM O(N2) TO O(NB) TO SIMULTANEOUSLY CAPTURE LOCAL PATTERNS AND GLOBAL DEPENDENCIES

@ EFFICIENCY

O(N2) > O(NB)

Quadratic to Linear Complexity

Achieved over 90% reduction in computation

compared to Full Attention for N=2048 sequence length

'i' LONG-TERM

o—0O—0

Sparse Connection

Learns periodicity of bearing faults through

sparse connections between blocks (Inter-block)

H SHORT-TERM

Dense Attention

Precisely captures short-term shock patterns of vibration signals

by focusing on all points within a block (Intra-block)

Sy STRUCTURE

2048 points

Long Sequence Handling

Processes long time-series data without loss,

resolving Transformer's memory bottleneck



Gaussian Forecasting Head and MSE Loss

{8 DETAILED ANALYSIS OF THE OUTPUT STRUCTURE AND OPTIMIZATION FUNCTION OF TRANSFORMER-BASED PREDICTION MODELS

" OUTPUT LAYER

Gaussian Forecasting Head

Output layer transforming encoder's latent representation into the next time step's
statistical distribution (mean).

W= FC(Encoder(x))

Fully Connected Layer Prediction

& FEATURES

Structural Features

Design advantages and scalability of the Forecasting Head.

Fully Connected Transformation: Mapping high-dimensional encoder output
to 1D time-series predictions.

Scalability: Potential for uncertainty modeling by adding a variance (o) prediction
head.

@ OBJECTIVE FUNCTION

MSE Loss Function

Objective function minimizing the difference between predicted and actual values to
learn normal patterns.

L= (yi- $;)

Mean Squared Error Optimization

- SYNERGY

End-to-End Learning Effects

Integrated synergy of training and anomaly detection processes.

Dual Purpose: Simultaneously improving prediction accuracy and calculating
Anomaly Score (MSE).

Anomaly Metric: MSE loss serves as a key indicator of deviation from the normal
manifold.



Key Hyperparameters & Training Setup

{8 MODEL TRAINING CONFIGURATION: PRECISION TUNING AND STRUCTURAL SETUP FOR PHM OPTIMIZATION

Model Structure

(

Input Dimension Input Channel Count (4ch)

Model Dimension Embedding Dimension Size

Encoder Depth

t

Optimization Strategy

Optimizer Optimization Algorithm
Learning Rate Initial Learning Rate

Scheduler Learning Rate Scheduler

Efficiency 4
Generalization 96

Anti-Overfitting 2

AdamW

S5e-4

CosineAnnealing

§§ Attention & Regularization

Attention Heads Number of Multi-Heads

Block Size Sparse Attention Block

Dropout Rate

6 Training Setup

Max Epochs Max Iterations

Batch Size Mini-batch Size

Early Stopping Patience (Epochs)

Stability

Pattern Balance

Early Exit

Memory Eff.

Regularization

20
0.3

20

32



Learning Dynamics Analysis

i COMPARATIVE ANALYSIS OF CONVERGENCE PATTERNS AND LOSS STATISTICS BY TEST SET

[~ Actual Training & Validation Loss Curves

TEST 1 (SHARP)

Training / Validation Loss Curve

0.0225
—— Train Loss

—— Validation Loss
0.0200

0.0175

0.0150

0.0125

MSE Loss

0.0100

0.0075

0.0050

Epoch

Test 1 FAST CONVERGENCE

Sharp Transition Model

Rapid initial convergence followed by stable plateau.
Clear learning pattern of normal manifold observed in
early epochs.

Mean Loss (M) Std Dev (o)

0.1325 0.0082

TEST 2 (HIGH NOISE)

Training / Validation Loss Curve

0.05 I —— Train Loss
—— Vvalidation Loss

°
°
@

MSE Loss

0.02 N
|

Test 2 HIGH VARIANCE

High-Noise Normal Region

Initial fluctuation visible due to high noise level.
Slower convergence speed with relatively higher
variance in loss.

Mean Loss (M) Std Dev (o)

0.0954 0.0280

TEST 3 (LONG HEALTHY)

Training / Validation Loss Curve

—— Train Loss
0.010 i —— Vvalidation Loss

0.009

0.008

MSE Loss
°
5
8
<

0.006

” \\——/\——‘
0.004 - -

Test 3 STABLE CONVERGENCE

Extremely Long Healthy

Fast and stable convergence pattern, maintaining
consistent loss level around 0.07 throughout the
extended healthy period.

Mean Loss (M) Std Dev (o)

0.0717 0.0170



Geometric Interpretation of Error

# ANOMALY DETECTION PRINCIPLE AS REPRESENTATION SPACE DISTANCE ON NORMAL MANIFOLD

Representation Space Distance

Prediction error is interpreted as Euclidean distance
in the learned Latent Space, not merely numerical
residual.

5

Distance Metric
Quantifies anomaly score by measuring the

distance between input data and its projection
point on the manifold.

Loss=||z-2]||?

a5

Normal Manifold

A subspace in high-dimensional space formed by
normal data; the model learns to project data onto
this surface.

«

Geometric Separation

Anomalies are geometrically distant from the
normal manifold plane, enabling clear topological
separation.

Manifold Projection Concept

Normal vs Anomaly Geometry

Normal Manifold



Automatic Normal Region Detection

i ROLLING VARIANCE SPIKE DETECTION ALGORITHM

r

Rolling Variance

Calculates rolling variance in real-time

based on a sliding window to measure local

volatility of time-series data.

N

Stability Criteria

Defines only periods where variance
remains below a certain threshold as

'Stable Normal State".

¥

Spike Detection

Detects and excludes rapid variance
increase periods caused by transient

noise or impact as abnormal spikes.

A 4

Auto Filtering

Automatically filters out unstable initial
periods or transient states to improve

training data purity.

DETECTION PROCESS VISUALIZATION

Variance Analysis

® Raw Signal @ Variance Spike



Error Distribution and Gaussian Fit Validation % ERROR DISTRIBUTION & GAUSSIAN FIT (TEST 1)

Reconstruction Error Histogram (Original Data)

Error Distribution & Gaussian Fit

Mean Error d T
(1) 60000 : ' Error Distribution
! ! Gaussian Fit
1.98 « 105 L} 3 T p=1.9785e-05, 0=4.2288e-05
: : === Low Threshold
50000 + R Medium Threshold
: : ===~ High Threshold
i
44
IIr Std Deviation (o) 40000 1 W
| 1
| I
4.23 x 1075 *? i E
£ 30000 A 1
g 1 1
I 1
| |
I I
| 1
| I
20000 A 1
Validation Results: The histogram of reconstruction I 4.4
o q I 1
errors in the Normal State (Test 1) perfectly aligns ! !
9 o o I I
with the theoretical Gaussian curve (red). 10000 1 :
N
oo
This confirms that the model accurately learns the 5 - .
normal manifold, statistically justifying the use of the 0.0000 0.0001 0.0002 0.0003 0.0004 0.0005 0.0006

) Reconstruction Error
60 threshold for anomaly detection.



Ada ptive Threshold Setti ng 25 GAUSSIAN ADAPTIVE THRESHOLDING

Normal Distribution Modeling ™ Multi-level Thresholds <
Normal Distribution N(u, 0?) Multi-level Logic
Reconstruction error distribution of normal state Low Warning M+ 30
Medium Warning M + 4.50
High Warning M+ 60
* Automatic setting based on statistical probability
Domain Adaptation = Robustness )]
Dynamic threshold adjustment based on input characteristics 99 90/
o (0
Normal Operation Reliability
Input 02 Ada ptive 0 Structurally prevents false alarms caused by noise
Noise Level Dynamic Threshold

* Robustness is ensured within statistically verified normal regions.



StatiSticaI J UStification for 60 Th reShOId B PROBABILISTIC BASIS FOR EXTREME ANOMALY DETECTION

ww Definition of 60 7. Probabilistic Rarity

An extreme threshold corresponding to a distance of 6 times the standard The probability of normal data following a Gaussian distribution

deviation (o) from the mean (u). accidentally exceeding this threshold converges to zero.

M * 60 2 x107°

EXTREME DEVIATION THRESHOLD 0.000000002% PROBABILITY

[« Normal Distribution Visualization © Practical Implication

Sets an extremely high threshold to physically block false alarms caused

by typical sensor noise.

False Alarm =0

ROBUSTNESS AGAINST NOISE

+
(SRS —_—— )
a

* This guarantee holds under Gaussian error distribution in normal regions.




4-Level Warn i ng SYStem A THRESHOLD-BASED WARNING LOGIC

Level 1 NORMAL Level 2 WARNING

Maintains normal state with minimal error. Minor anomaly signs detected.
No specific action required. Shorten monitoring interval.

Range MW * 30 Range M + 30 ~ 4.50

Level 3 DANGER Level 4 CRITICAL

Moderate abnormal condition. Severe structural defect suspected.
Expert analysis required. Immediate shutdown & maintenance.

Range M + 4.50 ~ 60 Range > M + 60




Validity Scope of Gaussian-based Adaptive Threshold

Assumption Scope Potential Failure Scenarios

- Gaussian fit is verified only on - Heavy-tailed noise distributions

automatically extracted normal regions
- Non-stationary drift within the

- Not assumed for full lifecycle data normal region

- Mixed operating regimes

A THRESHOLD-BASED WARNING LOGIC

Design Rationale

- 60 selected as a conservative safety
threshold

- Structural limitations are

acknowledged, not ignored

Threshold robustness depends on the validity of the normal-region assumption.



Failure Index Definition

i ROBUST FAILURE START POINT DETECTION AND RUL ESTIMATION SYSTEM BASED ON CONSECUTIVE HIGH WARNINGS

I Automatic Normal Region Detection

ANV VAN VN AN

Identifies initial stable regions to establish baseline statistics (u, o) based on Rolling
Variance.

? Failure Index (i_f) Confirmation

Fixes the first time point meeting consecutive warning conditions as the Failure Index to
establish the prediction baseline.

A Consecutive High Warning Detection

A

\NA A~ N —~—— s ~
VN /TN AT N

Monitors if abnormal signals exceeding adaptive threshold ( u + ko ) are detected 10
times consecutively.

B RUL Calculation & Inference

RUL = ( N-if) x At

Calculates Remaining Useful Life by computing the physical time between total sequence
length (N) and fixed i_f.



Performance Overview

i COMPREHENSIVE ANALYSIS OF RECONSTRUCTION FIDELITY, ANOMALY DETECTION SENSITIVITY, AND DOMAIN ROBUSTNESS

|# Reconstruction Stability 4 Detection Sensitivity

Low MSE High Sens.

MSE = 0.0012 Immediate response to failure precursors Monotonic Inc.

Minimizes normal region restoration error

=5 Domain Robustness Key Metrics Summary

9 'I oox RUL ACCURACY FALSE ALARM
o ] #10m <1%
Combinations MSE Reduction High Precision Adaptive Thresh.
© self-Domain: Perfect normal manifold learning
DETECTION RATE PREDICTION SPEED
98.5% Real-time

O Cross-Domain: Structural mismatch analysis

Recall Score Edge Deployable

O Noise Robustness: Secured stability in noisy environments



Self-Domain Warning Pattern Comparison

i STABLE WARNING LEVEL MAINTENANCE AND ADAPTIVE THRESHOLD VERIFICATION UNDER TRAIN=TEST CONDITIONS (11, 2+2)

< Train=Test Consistency

When training and test domains match, the model accurately learns the normal state
manifold.

Minimization of Reconstruction Error

Stable data distribution within manifold
Stability: High
Achieved 0% False Alarm rate (Anomaly Detection)

ls Case B: 252 (Noisy)

Stable even in high-variance noise environment

© Robust Detection Adaptive Threshold

> Case A: 151 (Clean)

Maintains very low MSE in low-variance environment

@ No False Alarm MSE < 1.0

4

= Threshold Stability

Adaptive Threshold logic dynamically adjusts limits based on input noise level.

LOGIC Threshold =y + ko

Maintains normal state without false alarms even in noisy 2+2 environment.



INTRA-DOMAIN

Intra-Domain 1»1 Analysis

‘Ir CLEAN NARROW-BAND NORMAL MANIFOLD

N

/Q High Confidence

MSE (MEAN) MAE FAILURE INDEX EST. RUL

1.98 <0 0.0031 2061 930 in

Reconstruction Error & Spike Detection e
. . . . 0.0006 4 Rolling Variance (window=200)
Original Experimental Result Timeline : ~=- Spike Limit
- Spike Point
0.0005 -
0.0004
o
g
2
s
< 0.0003
o
&
0.0002
0.0001 i
‘ |
Py - 09, Wi 18Tk AL N R B L S AN ool ORI M LR il /el LA 21 Bt AR A o TRV
0 5000 10000 15000 20000

Time (min)

KEY INSIGHT

In the 1-1 Clean Domain, extremely low MSE (1.98x107°) is maintained, and degradation is accurately detected at Index 2061.



Intra-Domain 252 Analysis

@, HIGH-NOISE NORMAL REGION & DETECTION BLINDNESS

MSE LOSS

8.08x107°
lee

MAE

0.00674
E

P Original Reconstruction Error Timeline (Test 242)

0.040

0.035

0.030

0.025 4

ance

0.020

Error / Vari

o
o
=1
o

0.010

0.005

0.000 4

~ Reconstruction Error
Rolling Variance (window=200)

==~ Spike Limit
= Spike Point

Time (min)

6000

A LOW ANOMALY SEPARABILITY

FAILURE INDEX

NULL

Detection Miss

ORIGINAL DATA

Failure detection was not triggered due to excessive normal manifold widening under high-variance conditions,
resulting in structural detection blindness.



Intra-Domain 353 Analysis

@ EXTREME NORMALCY OVERFITTING & DETECTION BLINDNESS DETECTION FAILURE CASE

&2 Performance Metrics Original Reconstruction Error Signal (Test 3-+3)

MSE (RECONSTRUCTION)

9.71e-06 EXTREMELY LOW
Reconstruction Error
0.30 1 Rolling Variance {window=200)
=== Spike Limit
=~ Spike Point
MAE 0.254
0.00219 020

Error / Variance
(=]
-
w

FAILURE INDEX

e
=
=]

NULL NOT DETECTED

0.05 14 "

|
0.00 T S . i ad iadhaaslid a [T) YO, A A Modh s ;‘l _____

v .~ . T T -
0 10000 20000 30000 40000 50000 60000
Time (min}

0 Extended normal operation causes
overfitting to normalcy, forming an
extremely narrow reconstruction
error distribution that conceals

failure onset. 0 Experimental Result Capture Figure 3.3: Full Timeline Analysis



Cross-Domain Integrated Performance Summary

@ QUANTITATIVE PERFORMANCE METRICS (MSE/MAE/RUL) AND DETECTION SUCCESS FOR 9 TRAIN-TEST COMBINATIONS

Target -

Source ¥

Train 1

Train 2

Train 3

MSE
MAE
RUL

MSE
MAE
RUL

MSE
MAE
RUL

Test 1
Clean
© REFERENCE O
1.98e-5 MSE
0.0031 MAE
930 RUL
X BLINDNESS °
3.14e-4 MSE
0.0133 MAE
RUL
& BLINDNESS 6
1.38e-4 MSE
0.0085 MAE
RUL

® High Precision / Success

® Warning / Bias

Test 2
Noisy

A SENSITIVITY

5% BLINDNESS

%* OVERFLOW

® Detection Failure

1.32e-3 MSE
0.0263 MAE
40 RUL

8.08e-5 MSE
0.0067 MAE
RUL

6.37e-5 MSE
0.0042 MAE
40 RUL

@ Structural Failure (Absorption)

Test 3
Burst

© DELAYED SEP.

2% BLENDING

% ABSORPTION

8.80e-4
0.0220
130

1.29e-4
0.0056
760

9.71e-6
0.0022



Cross-Domain 152 Analysis: Sensitivity Impact

@, EXPERIMENTAL RESULT: RUL PREDICTION (TRAIN: TEST 1 TEST: TEST 2)

= Key Metrics RESULT - RUL Prediction Visualization I1ST_TEST » 2ND_TEST

RUL Prediction (1st_test -» 2nd_test)

MSE (MEAN SQUARED ERROR) 06

—— Actual

0.00132 ==

0.2

MAE (MEAN ABSOLUTE ERROR)

0.02633

0.0

Nermalized Vibration

-0.4

FAILURE INDEX

979

1072

ESTIMATED RUL

40 min

MSE Error (log-scale)
s
i

©® Analysis Insight

Applying the model trained on clean Test 1 to
noisy Test 2 results in increased reconstruction
error baseline. The system detects anomalies early 0 2000 4000 6000 8000
(Index 979) with an RUL of 40 mins. Time (min)

10000



Cross-Domain 2-1 Detection Blindness Case

@, EXPERIMENTAL RESULT: RUL PREDICTION (TRAIN: TEST 2 » TEST: TEST 1) - DETECTION FAILURE ANALYSIS

Original RUL Prediction Plot Performance Metrics
P ORIGINAL DATA

ld

Source: result-RUL.pdf (2nd_test — 1st_test)

RUL Prediction (2nd_test - 1st_test) LIS e s

031 = Actual 3.1 49'4 0'0133

-~ Predicted

8 Analysis: Detection Blindness

Normalized Vibration
s
-

! This case illustrates structural blindness. The
=) , , model, trained on high-variance (noisy) data from
Test 2, learns a wide normal manifold. When
applied to the low-variance Test 1 domain, subtle
failure precursors remain within this wide margin.

10-3 4

A Critical Outcome

Failure index and RUL could not be estimated
(Null). The anomaly score failed to breach the
adaptive threshold.

MSE Error (log-scale)

10

0 5000 10000 15000 20000
Time (min)



Cross-Domain lll: Delayed Anomaly Separation

@ EXPERIMENTAL RESULTS: TRAIN(IST) » TEST(3RD) SCENARIO

MSE SCORE MAE SCORE FAILURE INDEX RUL ESTIMATE

8.80 x 104 0.0220 6310 130 min

RUL Prediction (1st_test - 3rd_test)

-~ Predicted

MSE Error (log-scale)

0 10000 20000 30000 40000 50000 60000
Time (min)

Observation: The original experimental results (Test 1 » Test 3) demonstrate a significant delayed anomaly separation pattern.
The MSE error remains low initially due to spectral basis mismatch, leading to a delayed failure detection at index 6310, drastically impacting the RUL estimation accuracy.



Cross-Domain 2+3: Stochastic Masking

@, LATE DETECTION RISK ANALYSIS DUE TO BURST PRECURSOR ABSORPTION BY WIDE MANIFOLD

< Train: Test 2 (Noisy) SOURCE DOMAIN ) Test: Test 3 (Burst) LATE DETECTION
=~ Wide Manifold Formation Precursor Absorption Phenomenon

THRESHOLD (K=3) VARIANCE FAILURE INDEX RUL ESTIMATION

~3.02 High 6247 760 Cycles

O:‘.eco"sstru‘:t on Error (Test 2) O,Vearned Threshold OT:«.rget Signal (Test 3} O mported Threshold (Wide)

Masked Precursors

- -

A STOCHASTIC MASKING
©® HIGH VARIANCE BAND
Training on the Noisy Domain (Test 2) treats high variance and noise as normal, forming a very

wide normal boundary (Wide Manifold). This structurally allows small fluctuations to pass
undetected.

The Burst Precursor energy of Test 3 is completely absorbed within the wide tolerance range
(Wide Manifold) of the Test 2 model. Consequently, early defects are missed, and detection
occurs only after failure intensifies.



Cross-Domain 352 Noise Overflow Case

@, EARLY FALSE POSITIVES OCCUR AS BURST-TYPE MANIFOLD MISINTERPRETS BROADBAND NOISE AS NORMAL VARIATION

sa 322:Burstto Noise OVER-SENSITIVE

a
High-Sensitivity Over-Detection

O Reconstruction Error Or'\,‘:iao'.l-.w:' Threshold

FAILURE INDEX MSE MAE
979 (Early) 0.000129 0.00556

Cause of False Alarm: The Burst-centric manifold fails to interpret Broadband Noise as
normal variation, triggering a rapid rise in error from the start.

Structural Cause SPECTRAL BIAS

Spectral & Curvature Mismatch

Ir

Oi’urst Manifold Focus O Target Noise Profile

KEY MISMATCH SENSITIVITY
Mid vs Broad High

Geometric Analysis: The Burst Manifold is designed to be sensitive to Amplitude
Deviation, so Broadband Jitter is immediately misinterpreted as an anomaly.



RUL Reliability Analysis

# RELIABILITY ANALYSIS BY DOMAIN COMBINATION

1->1 1-2

(] HIGH CONF. (1) LOW CONF.
CLEAN TO CLEAN CLEAN TO NOISY
PRED ACT ERR PRED ACT ERR
930 930 o 40 ~400 360

Perfect Alignment Sensitivity Explosion
Minimized error due to perfect Manifold Geometry

) Misinterpreting normal signal noise as anomalies
alignment

2-3 MEDIUM 352 Low

BURST TO NOISY
NOISY TO BURST

PRED RUL PRED RUL

760 40

Boundary Occupation

Stochastic Manifold absorbs Burst energy

Early Mis-Detection

® Ideal Warning
1-3
MEDIUM
CLEAN TO BURST
PRED ACT ERR
130 ~260 130

Delayed Detection

Burst precursor accumulates in tangent direction

Misinterpreting Broadband Noise as anomalies

@® Critical



Baseline vs Transformer Performance Comparison

{8 INDUSTRIAL VIBRATION DATA: RECONSTRUCTION ERROR (MSE) & RUL ACCURACY

[=E MSE Performance Comparison @ Baseline @ Transformer “ MSE Reduction TESTTVERIFIED

133X Lower

Reduced from Baseline 2.4e-3 to 1.8e-5,
dramatically improving reconstruction performance.

2.4e-3

RUL Accuracy ALIGNED DOMAIN

+10-50 min

Reduced error range from +200-1500 min
to a practical operational level.

O Detection Stability ROBUSTNESS

High

Ensures robustness against burst-type
precursors and noise fluctuations.

* Logarithmic Scale (Base 10) | Verified Data from PDF Section 5.6



Key Contributions Summary |

# THREE CORE ACHIEVEMENTS OF TRANSFORMER-BASED PHM RESEARCH

& 100x

MSE REDUCTION
MODEL PERFORMANCE
Transformer Manifold Learning

Precisely learns the dynamical structure of normal states via
Self-Attention. Achieves up to 100x lower error rate compared to baselines,

sensitively capturing subtle failure precursors.

STRUCTURAL ANALYSIS

g Cross-Domain Analysis Framework

High

ROBUSTNESS

1t

ADAPTIVE THRESHOLD
Heterogeneity Handling System

Automatically detects normal regions based on Rolling Variance and
dynamically sets Gaussian (p+ka) thresholds. Drastically reduces False Alarms

by incorporating inter-domain heterogeneity.

9 Pairs

FULL EVALUATION

Through comprehensive analysis of 9 Train-Test pairs, first identified Manifold Geometry Mismatch as the structural

cause of cross-domain prediction failures. Beyond simple performance metrics, established theoretical foundations for

future Domain Adaptation and Transfer Learning research.



Key Contributions Summary |

# Operational Applicability of Transformer-based PHM

When is this model most effective?

v Narrow Normal Manifold v Early-stage degradation with I, Structural Limitation
Environments subtle precursors
- Low to moderate variance - Gradual trend curvature captured - High-variance domains form wide
by self-attention normal manifolds
- Stable operating regime
- Traditional RMS / fixed-threshold - Early failure precursors may be
- Clear geometric separation methods fail absorbed (Detection Blindness)

between normal and degradation
dynamics



Key Contributions Summary Il Manifold Geometry

# INSIGHTS ON CROSS-DOMAIN ANALYSIS FROM MANIFOLD GEOMETRY PERSPECTIVE

GEOMETRY DETERMINES DETECTABILITY GEOMETRIC MISMATCH, NOT THRESHOLD
Manifold Geometry Determinism Geometric Cause of RUL Bias
Failure detection is a function of Manifold Geometry. RUL Bias stems from manifold mismatch, not threshold

Detection is easier when the normal manifold is narrow, settings. Geometric shifts between the trained normal

whereas wide manifolds or ambiguous statistical traits space and the test domain cause estimation errors.

lead to Detection Blindness.

VARIANCE & SPECTRAL MISMATCH GEOMETRY MATTERS

Domain Shift Mechanism Importance of Manifold Learning

It is a failure of normal manifold definition, not just Correctly learning the geometric Dynamics of the normal
prediction. Variance Hierarchy Mismatch and Spectral Basis state is more critical for detection performance than simple

Misalignment cause unique failure patterns. forecasting accuracy.



Structural Limitations

{8 FOUR KEY CHALLENGES IN CURRENT PHM FRAMEWORK SECTION 6.2

2 Domain Shift Issues
STRUCTURAL SOLUTION ABSENCE

Lack of structural solutions in Cross-domain environments
Mismatch explained but fundamental cure unavailable

Domain Adaptation, Invariant Rep. not applied

Reduced Robustness when expanding to multiple plants

qr Single Modality Constraints

SINGLE-MODALITY RESTRICTION
Limitations of Vibration Signal-dependent analysis
Unused info from temp, current, acoustic signals

Single sensor prediction due to IMS Dataset constraints

Limited understanding of Multi-physics in complex faults

& Model Sensitivity & Scalability

SENSITIVITY & SCALABILITY
Computational/Memory constraints for industrial deployment
Sensitive to parameters like Attention Head, Layer Depth

High computational cost for Edge Device deployment

Lightweighting needed for Real-time Inference

I~ Deterministic RUL Estimation
DETERMINISTIC FORMULATION

Absence of Uncertainty quantification
Lack of Confidence Interval from single regression value

No Bayesian approach or Ensemble probabilistic models

Lack of risk management info for industrial decision making



Future Roadmap I: Domain Adaptation

i EXTENSION RESEARCH: INVARIANT REPRESENTATION LEARNING BASED DOMAIN ADAPTATION TECHNOLOGY

PHASE 01

A

Current Limit

Performance degradation due to
Domain Shift and limited
generalization capability in new

operating environments.

Domain Shift Mismatch

Key Impact
? Y P

PHASE 02
Feature Alignment

Minimizing distribution discrepancy
by forcing alignment of statistical
moments (mean, variance) between

source and target.

CORAL MMD Stats Matching

PHASE 03

%

Adversarial DA

Extracting domain-invariant features
through adversarial training that

deceives the domain discriminator.

DANN GRL Adv.lLoss

Building a Universal PHM model applicable to new process conditions or bearing types without re-training.

PHASE 04

a5

Deep Subdomain

Maximizing detection accuracy via
precise adaptation and Local

Alignment for

> class/condition-specific subdomains.

DSAN Local MMD Attention

4 Cost Reduction © Robustness



Future Roadmap II: Multi-modal & Uncertainty

# RELIABLE PREDICTIVE MAINTENANCE VIA MULTI-SENSOR FUSION AND UNCERTAINTY QUANTIFICATION

- PHASE 2-A PHASE 2-B
=  Multi-modal Sensor Fusion 0 Uncertainty-aware RUL
|- Vibration §° Temperature

High Uncertainty

4 Current & Acoustic

Confident Prediction
95% Confidence Interval

N2

s

\

& . . . “ Bayesian Transformer: Learning weight distributions
Multi-stream Attention: Independent encoders per modality

o . L . . >¢ MC Dropout:Variance estimation via random drops during inference
Cross-modal Fusion: Learning inter-modality correlations

o .. L . . 12 Gaussian Process: Computing confidence intervals for RUL trajectories
Physics-informed: Injecting physical constraints

EXPECTED OUTCOME EXPECTED OUTCOME

Drastically improves failure precursor interpretability and early detection reliability Establish a confidence-weighted warning system satisfying industrial safety factors.

through integrated analysis of diverse physical signals.



Future Roadmap llli: Industrial Deployment & Edge Optimization

i ON-SITE PHM IMPLEMENTATION VIA LIGHTWEIGHTING AND EDGE DEVICE INTEGRATION

STEP 01

Computing Bottleneck

Real-time processing and cost

constraints due to reliance on

high-spec servers and network
bandwidth load.

High Latency Costly

Industrial Impact

STEP 02

: 4

Model Pruning

Removing unnecessary weights
to reduce model size by 90%

without accuracy loss.

Structure Pruning = Sparsity

STEP 03
14
AR

Quantization

Minimizing memory usage and
significantly accelerating inference
speed via FP32 » INT8 conversion.

INT8 Calibration Speed

© Security

Continuous monitoring system even during communication failures and complete data privacy security.

STEP 04

&

Edge Al Deployment

Independent real-time inference
on PLCs and embedded devices

without internet connection.

On-Device Real-time Embedded

4 Low Latency £ Cost-Effective



Comprehensive Conclusion

i SUMMARY OF PERFORMANCE VERIFICATION AND PRACTICAL VALUE OF TRANSFORMER-BASED PHM SYSTEM

5 Key Findings

® Precise learning of normal state Manifold dynamics
® Robustness across domains via Adaptive Threshold

® Structural identification of Cross-domain failure causes

%4 Practical Implications

v End-to-End Automation from preprocessing to RUL
v Physical-Time RUL calculation based on operation

v Drastic reduction in False Alarms via auto-detection

Quantitative Performance

MSE REDUCTION RUL ACCURACY

133 + 30

vs Baseline Time Deviation

Final Message

COMMERCIALIZATION READY

"This study integrates the physical characteristics of bearing
degradation with Transformer, demonstrating the feasibility of
Smart PHM commercialization in industrial fields."




Appendix — Original Experimental Results

€ ARCHIVE OF RAW EXPERIMENTAL DATA

.’ Section Overview

Appendix A. Error Distribution
Gaussian Fit Validation & Thresholds (Test 1, 2, 3)

Appendix B. Anomaly Detection

Reconstruction Error & Spike Detection Timelines

Appendix C. Failure Onset

Detailed Zoom-in Analysis of Failure Points

Appendix D. RUL Prediction

Remaining Useful Life Estimation Results

O DATA INTEGRITY

Raw Data Preservation
All figures in this section are unaltered outputs from the

validation model. They serve as the ground truth for the

summarized charts presented in the main presentation
body.

@ source Reference

All data corresponds to the 'analysis_result' technical
report and the associated codebase repository.



Q&A

QUESTIONS & ANSWERS

%)

Any Questions?

Thank you for your attention.

We welcome any feedback or inquiries regarding the
Transformer-based RUL estimation methodology.

Contact Information

Researcher & Project Repository

EMAIL ADDRESS

osy7336@naver.com

PROJECT REPOSITORY

Diucord/Transformer-RUL-Anomaly-Detection

github.com/Diucord/Transformer-RUL-Anomaly-
Detection.git




Al. Error Distribution & Gaussian Fit — Test 1

= APPENDIX A: STATISTICAL ANALYSIS OF NORMAL STATE RECONSTRUCTION ERROR

Error Distribution & Gaussian Fit

' Error Distribution

Gaussian Fit
p=1.2909e-04, 0=3.1150e-03

=== Low Threshold
- Medium Threshold
=== High Threshold

0.10 0.15
Reconstruction Error

MEAN (M) STD DEV () DATA SOURCE

1.2909e-04 3.1150e-03 Test 1 Dataset

@ Original Figure Reference: result-RUL.pdf




A2. Error Distribution & Gaussian Fit — Test 2

= APPENDIX A: STATISTICAL ANALYSIS OF NORMAL STATE RECONSTRUCTION ERROR

Error Distribution & Gaussian Fit

' Error Distribution

Gaussian Fit
p=1.3832e-04, 0=2.0329e-04

=== Low Threshold
- Medium Threshold
=== High Threshold

0.002
Reconstruction Error

MEAN (M) STD DEV (z) DATA SOURCE

1.3832e-04 2.0329e-04 Test 2 Dataset

@ Original Figure Reference: result-RUL.pdf




A3. Error Distribution & Gaussian Fit — Test 3

= APPENDIX A: STATISTICAL ANALYSIS OF NORMAL STATE RECONSTRUCTION ERROR

Test 3 (Scenario A) Gaussian Fit Test 3 (Scenario B) Gaussian Fit

RUL Prediction (3rd_test -+ 1st_test] RUL Prediction (3rd_test » 2nd_test)

p——

—— Actual
-~ Predicted

Normalized Vibration
Normalized Vibration

MSE Error (log-scale)
MSE Error (log-scale)
-
S

3

10000
Time (min) Time (min)

MEAN (M) STD DEV () MEAN (M) STD DEV ()
6.3723e-05 3.3243e-04 9.7131e-06 2.1854e-05

@ Original Figure Reference: result-RUL.pdf *Comparison of error distribution characteristics under different operating conditions within Test 3



Bl. Anomaly Detection — Reconstruction Error & Spike Detection (Test 1 vs Test 2)

v APPENDIX B: COMPARATIVE ANALYSIS OF SPIKE PATTERNS ACROSS DATASETS

Test 1 (Set 1) Reconstruction Error Duration: ~22,000 min Test 2 (Set 2) Reconstruction Error Duration: ~9,840 min

Error Distribution & Gaussian Fit Error Distribution & Gaussian Fit

Error Distribution Error Distribution

Gaussian Fit Gaussian Fit
p=1.3832e-04, 0=2.0329e-04 H=6.3723e-05, 0=3.3243e-04

=== Low Threshold === Low Threshold
Medium Threshold Medium Threshold
=== High Threshold i === High Threshold

0.002 0.000 0.001 0.002 0.003 0.004 0.005 0.006 0.007
Reconstruction Error Reconstruction Error

@ Long-duration test showing stable error levels until late-stage degradation. A Short-duration test with clear spike point (Red Line) indicating failure onset.

@ Source: Reconstruction Error Analysis & Spike Detection Plots *Red vertical line indicates the detected spike point (Failure Onset)



B2. Anomaly Detection — Reconstruction Error & Spike Detection (Test 3)

‘- APPENDIX B: ANOMALY DETECTION ANALYSIS ON LONG-TERM TEST DATA

Test 3 Spike Detection Short-term Zoom Test 3 Full Timeline Long-term View

Error Distribution & Gaussian Fit

Error Distribution
Gaussian Fit
p=9.7131e-06, 0=2.1854e-05
—— Reconstruction Error === Low Threshold
Rolling Variance (window=200) -~ Medium Threshold
=== Spike Limit ansia Hi
—— Spike Point i High Threshold

o
g
5

§

B

g

BV S VS T A

10000
Time (min)

0.0002 0.0003 0.0004
Reconstruction Error

@O Spike detected at ~6,800 min (Red Line), indicating early transient anomaly. @ Entire lifecycle view (0-65,000 min) showing stable reconstruction until failure.

@ Original Figure Reference: result-RUL.pdf (Reconstruction Error Analysis) *Red vertical line indicates spike detection point; Red dashed line indicates threshold limit.



Cl. Failure Onset Zoom-In (Test 1)

Q@ APPENDIX C: CRITICAL FAILURE POINT VISUALIZATION

Failure Onset Zoom-In

-== Failure Onset

e P e i i e s e e e s e e 0

60000 61000
Time (min)

DESCRIPTION TIME RANGE DATASET

Failure Onset Zoom-In 57,000 - 63,500 min Test 1 (Reference Case) e




C2. Failure Onset Zoom-In (Test 3)

Q@ APPENDIX C: CRITICAL FAILURE POINT VISUALIZATION

Failure Onset Zoom-In

--= Failure Onset

7000
Time (min)

DESCRIPTION TIME RANGE DATASET

. . . . ® Original Figure Ref : result-RUL.pdf
Early Failure Onset Detection 4,000 - 10,000 min Test 3 (Zoom-in Segment) ¢ prene e R e 0




D1. RUL Prediction Results — 253

X APPENDIX D: REMAINING USEFUL LIFE ESTIMATION (TRAIN ON TEST 2)

Test 2> Test 3 CROSS-DOMAIN

RUL Prediction (2nd_test - 3rd_test)

Noermalized Vibration

MSE Error (log-scale)

30000
Time (min)

|~ Generated from: RUL Prediction (2nd_test » 3rd_test) Top: Actual (Blue) vs Predicted (Orange) Normalized Vibration | Bottom: MSE Error (Purple, Log-scale) | Vertical Lines: Failure Onset & Thresholds



D2. RUL Prediction Results — Train on Test 3

€ APPENDIX D: RUL ESTIMATION PERFORMANCE USING TEST 3 AS SOURCE DOMAIN

- I .
T - : g
Wi ]
£ AL : !
3 ik 2,
Test 35 Test 1 Test 3> Test 2
CROSS-DOMAIN CROSS-DOMAIN ﬁ
g 210
e o 5000 IODD: G 15000 20000 o 2000 4000 P i 6000 8000 10000
0.0006
~— Reconstruction Error
~—— Rolling Variance (window=200)
~—~ Spike Limit
0.0005 — Spike Point
0.0004 4
g
&
Test 3> Test 3 .f; 0.0003
s
INTRA-DOMAIN &
0.0002
0.0001
] T ) | 1} I Il i i
0.0000 ===~ . . e eeer|
o 10000 20000 30000 40000 50000 60000
Time (min)
Actual Predicted MSE Loss .
[ J o [ J @ Source: result-RUL.pdf (Generated from Experimental Data)
RUL RUL (Log-scale)



