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textile substrate variability, process windows, and durability must all 
work together.

AI is most valuable when it makes rigor scalable: it prioritizes the next best 
experiments, learns from failures, and reduces false positives that collapse 
during mill trials.

The highest-ROI AI pattern for coatings teams is small-data active learning 
(often Bayesian optimization) combined with disciplined testing metadata.

Industry proof points that exist: Bayesian optimization has been used to 
develop coating materials with fewer iterations; self-driving lab concepts 
demonstrate closed-loop active learning; and coatings companies have 
adopted materials informatics to accelerate reformulation and regulatory-
driven ingredient swaps.

The 80/20 for PFAS-free DWR: standardize your test + process data, incorporate 
fabric readiness/contamination descriptors, then use active learning to steer
formulation and process exploration toward robustness.
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Why AI now: the PFAS-free DWR equation is getting harder

1.

What AI can (and cannot) do for PFAS-free DWR

2.
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3.
The AI options landscape

Two patterns from the broader materials community are worth highlighting:

First, Bayesian optimization and related active learning methods are widely used to 
optimize expensive experiments with limited data.[3][4] 

Second, the self-driving laboratory concept: automation plus autonomous experiment 
planning - has matured rapidly, with recent reviews describing its potential to accelerate 
materials discovery.[5][6]

Exhibit 1. AI options for coatings R&D and when they tend to pay off

AI OPTION

Active learning /
Bayesian
optimization

BEST FOR

Small-to-medium
data formulation
and process
optimization

TYPICAL DATA
REALITY

50-500
experiments

WHAT IT
CHANGES
DAY-TO-DAY

Suggests next 
experiments:
reduces iterations

Supervised ML
models

Predicting 
outcomes within
a known space

200-2,000
experiments

Screens
candidates:
explains drivers
of failures

Multi-objective
optimization
(Pareto)

Tradeoffs
(durability vs
hand feel vs
brreathability vs
cost)

Clear objective Makes tradeoffs
explicit: avoids
single-metric 
false wins

Knowledge graph
& LLM copilot

Institutional
memory and
faster
troubleshooting

Documents and
lab notes

Finds precedent;
standardizes
terminology

Self-driving labs/
closed-loop
automation

High-throughput,
standardized

Automation &
tight loops

Runs experiments
continuously:
scales learning
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A few grounded examples:

Bayesian optimization applied to coating development: published work describes 
Gaussian-process-assisted Bayesian optimization used to develop a zirconia-based 
coating material—use a surrogate model to guide trials rather than brute-force iteration.[3]

Closed-loop active learning in materials synthesis: Nature reported an autonomous laboratory 
where active learning proposes follow-up recipes when synthesis attempts fail.[7]

Coatings organizations adopting materials informatics: industry-facing materials informatics 
examples describe accelerating reformulation for regulatory compliance and shortening 
time-to-target by learning from historical formulation data.[8]

and experimental validation in polymeric coatings.[9]
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4.
Evidence and proof points: what has already 
been done

In PFAS-free DWR, the objective is not to optimize a single lab metric; 
it is to maximize the probability of mill-scale success on variable fabrics. 
The most pragmatic approach is a closed learning loop compatible with 
small data and high uncertainty.

self-driving lab:

5.
The operating model: RIGOR + AI as a closed 
learning loop

1.
penetration risk vs oil/soil exposure) and set pass/fail criteria. 

2. Instrument the experiment: capture formulation, process conditions, fabric readiness, 
and contamination risk descriptors (not just outcomes). 

3.S tart with DOE, then switch to active learning: DOE provides coverage; Bayesian 
optimization exploits what you learn next.[4] 

4. Train for robustness: include representative fabric families and contamination 
challenge panels so the model learns real-world variability. 

5. Make tradeoffs explicit: use multi-objective scoring to prevent single-metric false 
winners and to document why you chose a candidate.
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6.

Most teams already have data; it is typically missing the context that 
drives repeatability. The goal is an MVD that supports recommendations, 
troubleshooting, and scalability.

CATEGORY

Formulation

RECORD AT 
MINIMUM

Ingredient ID’s;
solids;
ratios

WHY IT MATTERS

Enables structure–
process–property
learning

Process

Textile substrate Fiber/blend; 
construction;
supplier/lot

Captures substrate-
driven varience

Readiness /
contamination

pH/alkalinity;
extractables proxy;
silicone exposure

Prevents mystery
failures; links to
contamination 
risk[2]

Outcomes Spray rating; durability 
after wash; (oil repellency 
if needed)

Trains models on 
what customers
experience
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Decision-making: picking the right AI approach
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9.
A 90-day implementation plan (minimum viable AI)

Most teams need a disciplined pilot that proves value.

Days 0–30:
   c hoose 2–3 representative fabrics including a worst-case substrate.

Days 31–60:  Run an initial DOE; train a baseline model; start Bayesian optimization 
   r ecommendations; review weekly with R&D + manufacturing.

Days 61–90:  Add durability and contamination challenge panels; expand to a 
   s econd fabric family; document process windows; 

The 80/20: 

The highest ROI actions are to:

• Enforce the MVD across labs and mills.
• Use active learning to optimize the next 10 experiments, not the next 1,000.
• Train for robustness by design: include substrate variability and contamination 
   challenge panels so the model learns what breaks PFAS-free performance.

Active learning methods were built for this scenario: expensive experiments, limited data, 
and the need to balance exploration and exploitation, which are also emphasized in 
self-driving lab and materials optimization literature.[4][5]

8.
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