Markov Chain: Examples

Stochastic Processes

Major sources:

Dan Calderone - Summer 2024
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Markov Chain Models

1. Determining model structure
for specific scenarios.

2. Determine transition
probabilities from HF
considerations.

3. Compute failure probabilities.
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Markov Chain Models

4. Modeling different HF
components as part of
the state space.

Incident: Reactor 1

10 min 20 min 30 min 40 min
left (R1) left (R1) left (R1) left (R1)

0.03
0.03

Normal 0.02

(@000 @

Operator
Stress
Level

N 3aX X4

e Q00—
Stress tfx ¢%< ¢%< tf)
Medium ‘4— <—‘ ‘ ~
e Q@

Stress
V. High

Failure
(Mistake)



Markov Decision Process (MDP):
Examples

Stochastic Processes

Major sources:

Dan Calderone - Summer 2024
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Markov Decision Process (MDP) Models

5. Modeling human decision
making as an policy in an MDP

6. Compute optimal policy (over
time) to keep failure risk below
some threshold
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Markov Decision Incident: Reactor 1
Process Models
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