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Backgrounds
Forecasting RUL / TTF is a key enabler of predictive maintenance and system reliability in manufacturing

⚠  No dedicated degradation sensor exists — signals must be engineered from raw sensor data reflecting aging behavior.

① Sensor Selection

Select only failure-informative sensors 
 - Group LASSO, Elastic Net, and etc.

② Feature Extraction

Reduce dimension of the selected 

sensors via PCA, or FPCA
- Top-K principal scores are used as 

  extracted features

③ Signal Fusion
Fuse the selected features
- Degradation data typically shows 1D 
  exponential increasing pattern with noise

- Complex system shows non-monotonic, or 
  multimodal degradation pattern
  (e.g., thermal cycling, load/speed 
change…)

Traditional Approaches

Model-Based

• Explicitly model stochastic degradation; Bayesian 
updating of parameters (Gebraeel et al. 2005) 

Data-Driven

• PCA for dimension reduction, followed by 
regression (e.g., log-normal regression)
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      Objective: To model the functional form of the degradation process

➢ Candidates: ‘Exponential + i.i.d’   vs.  ‘Exponential + Brownian Motion(BM)’

■ Degradation is assumed to follow an exponential form: 

■ i.i.d Model: This model uses a log-transformation to express the degradation process in linear form. Then, linear regression can be applied to 

estimate the initial condition and degradation rate of each component

■ BM Model: Same modeling, yet with assumption that errors are from Brownian motion error. 

 It is suitable for modeling degradation processes with time-dependent noise.

Observed degradation signal amplitude at time step ‘t’

Parameters of the distribution

Benchmark 1: Bayesian Updating
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Benchmark 1: Bayesian Updating (Cont’)
➢ 3 Steps: Assume prior distribution - Posterior update - Derive RUL distribution

■ Step 1. Assume the prior distribution of the parameters in the two candidates as ‘Gaussian distribution’

            (Can be estimated by training data)

■ Step 2. Estimate posterior distribution of the parameters by combining priors and observed (test)data

● i.i.d model:

                                              By bayes’ theorem,

■ Step 3. Derive the Remaining Useful Life(RUL) Distribution
● RUL ‘T’ is the time after the current observation tk such that

                                                                                                          where

● Using the posterior distribution, L(tk + T) is treated as a normally distributed variable, leading to a CDF such that:

● PDF of RUL: 

 

“Likelihood”

“Posterior”

“Prior”

Posterior is a bivariate normal distribution:
                                                     “This posterior is updated each time new sensor data is received!”

RUL regression model
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Benchmark 2: PCA + Lognormal Regression
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Research Gap & Our Approach
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Diffusion Model Fundamentals: Forward & Reverse Process
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x998 xt-1

Diffusion Model Fundamentals: Sampling Process

Introduction Preliminaries: Diffusion Model Architecture Dataset Experimental Design Results Further research



Conditional Diffusion Model & Architecture
Diffusion steps
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❖ Level 1 — Typical degradation patterns
➢ Type 1 (Monotone): Exponential growth perturbed by Brownian-motion noise
➢ Type 2 (Non-Monotone): Initial exponential growth → short pullback → exponential rise again

 
❖ Level 2 — Complex and irregular degradation patterns

➢ Complexity 1–4: Randomly inject ‘K’ localized bumps on Type 1
■ K = 1, 2, 3, 4 for Complexity 1–4; bump amplitudes ∼ U[10, 20]
■ Mimics thermal spikes, shocks, or control instabilities

➢ Modality 1–4: Trajectories generated under ‘M’ operating regimes
■ M = 1, 2, 3, 4 for Modality 1–4 (number of extra regimes)
■ Produces multimodal TTF distributions with heteroscedastic behavior

 
❖ 10-Fold Cross-Validation; sample sizes N = 100, 1,000, 5,000, 10,000

➢ 4 observation ratios tested: 2:8, 4:6, 6:4, 8:2  (Observed : Remaining life)
➢ Metrics: RMSE and MAPE of ‘predicted mean RUL’ vs. ‘Ground Truth’

Dataset
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❖ Point 1 — Bayesian Updating  vs.  Diffusion

Design of Experiments

    Bayesian (IID / BM):
❏ Estimate Gaussian priors from training fold
❏ Observe {L(t₁),…,L(tₖ)} per test signal; update posterior analytically
❏ Sample ‘M’ RUL values per test signal via inverse-CDF; take mean

    Diffusion:
❏ Train Conditional Diffusion Model on training fold per ratio
❏ Use observed signal as condition; generate ‘M’ target signals; compute mean RUL
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❖ Point 2 — PCA + Lognormal  vs.  Diffusion
    PCA + Lognormal:

❏ PCA on training ‘X_obs’ with 95% variance; fit log-normal regression model
❏ Project test ‘X_obs’ onto PCA space; sample ‘M’ RUL values; take mean

    Diffusion:
❏ Train Conditional Diffusion Model on training fold per ratio
❏ Use observed signal as condition; generate ‘M’ target signals; compute mean RUL

Design of Experiments (Cont’)
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Results: Diffusion vs. Bayesian Updating
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Results: Diffusion vs. PCA + Lognormal
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Results: Diffusion vs. PCA + Lognormal (Cont’)
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Summary & Conclusions
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❖ Current limitations
➢ Evaluation relies entirely on simulated (synthetic) datasets

■ Simulations control complexity but cannot fully replicate real sensor noise
➢ Diffusion-based inference is more computationally demanding than classical baselines

 
❖ Future research directions

➢ Real-world dataset validation
■ IMS bearing data, NASA C-MAPSS, and other benchmark datasets
■ Evaluate generalization under realistic operating conditions

➢ Accelerated inference
■ DDIM, progressive distillation, optimized noise schedules

➢ Online and federated deployment
■ Streaming inference as new observations arrive
■ Privacy-preserving deployment via federated / meta-learning approaches

Limitations & Future Research
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Remember to complete your evaluation for this session within the 
app!

Q & A
Any questions, or 

comments?


