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Abstract This paper proposes a deep reinforcement learning (DRL) based dynamic gain disturbance observer
(DOB) that intelligently adjusts its gain and thereby resolves the trade-off problem between increasing estimation
accuracy and reducing noise sensitivity in designing DOBs. First, a variable gain DOB is designed by modifying
the conventional DOB. Then, DRL is used to train a dynamic gain adjuster for the variable gain DOB. A case
study demonstrated that the proposed dynamic gain DOB increases its gain only when needed and otherwise
decreases the gain to reduce noise. Comparison with the conventional DOB of various constant gains shows that

the proposed DOB achieves superior performance.
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