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OPTIMIZATION OF HVAC SYSTEM
OPERATION BASED ON
REINFORCEMENT LEARNING

Abstract: The operation optimization of HVAC system is an essential part of building energy
conservation. In this work, reinforcement learning technique is applied to optimize HVAC system
operation. Firstly, we formulate the HVAC system operation as a Markov decision process.
Secondly, rules are defined to shrinkage the exploration space in order to avoid violating equipment
operation constraints and conditioned zones comfort constraints during exploration. Finally, Q-
Learning algorithm is deployed to improve the control strategy through interacting with the
environment. This study tests the algorithm by a simulation case. Dynamic simulation program
TRNSYS and MATLAB are utilized to conduct co-simulation. Results show that, compared with
fixed rule-based control strategy and PID controller, reinforcement learning controller can reduce
energy cost by over 7% and 4.5% separately by adjusting supply air flow rate, and at the same time
improve occupants comfort level slightly.
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Fig 1 Reinforcement Learning Problem
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Fig 2 A Neural Network for Q-value Approximation
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Table 1 The Process of HVAC System Operation Based on Reinforcement Learning
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Fig 3 The Simulation Model of Building and HVAC System in TRNSYS
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Table 2 Parameters Setting for Reinforcement Learning Controller
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