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Reinforcement Learning-Based Online Variable Frequency Control Method for HVAC System Pumps
Zhang Wenqi' Yu Yong' Yuan Zhongyuan' Gao Bo?
( 1.School of Mechanical Engineering, Southwest Jiaotong University, Chengdu, 610031;
2.Sichuan Institute of Building Research, Chengdu, 610081 )

[ Abstract]  Energy conservation and carbon-emission reduction in HVAC systems hinge critically on operational control. For
variable-frequency pump control in central air-conditioning systems, conventional strategies-constant differential pressure, constant
temperature difference, and empirical PID control-exhibit slow response, high energy consumption, and poor coordination of
system couplings. This study proposes an online adaptive variable-frequency control strategy based on the classical
reinforcement-learning algorithm Q-learning. Historical operating data are first used to construct data-driven simulation models of
the pumps and terminal heat exchangers; reinforcement-learning pre-training on these models yields an initial control policy. The
pretrained model is then deployed on a real system, where minute-level data acquisition and hourly control actions continuously

update the Q-table, enabling adaptive regulation of pump frequency. During a one-month field deployment (20 May — 20 June
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2025), the proposed method achieved a 4.59 % energy-savings relative to a 35 Hz fixed-frequency benchmark while fully meeting

occupants’ cooling demands. The impact of sensor errors on the learning method and corresponding correction strategies are also

discussed. The approach partially overcomes the local-optimum limitations of traditional control schemes, achieving global

energy-efficiency optimization across devices and operating conditions, and offers a new technological pathway for energy-saving

control of central air-conditioning systems.
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Table 1 Nameplate of the Modular Air-Source Heat
Pump Unit

SR SHUE ZHRM ZHE
A SUHIA R 130kW 44 UV 132kW
E4ipsE 44 KiE GA/#)  373.3/384.8L/min

HUEMZE  50Hz PERE R AL 3.35

B2 R410a HE T % 38.8/39.2kW

*2 URBLEEORBEESH
Table 2 Nameplate Data of the Vertical Single-Stage

Centrifugal Pump
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Table 3 Q-learning Pseudocode

Q-learning 5%

1+ FIAHARAS-BEE R ECH 0

2: forepisodei=1, ..., do

3: forstept=1,...,do

4 R 21 s TR s FIEHRENME ar, IRAFSERTILNE 1 HEN See1
5 {5 FH 2410 WS r CEIRES st FIEFEINE ars

6: Tl“ﬁQ (S a)*ﬂﬁffﬂﬁ %ZQtarg” (s,a) =r+ym qu(s',a') 3

7 1%EE%Q” (s,a) =Q" (s,a) +a [Qt”arge, (s,a) -0 (s,a)] 3

8: end for
9: end for
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Table 4 Input and Output Parameters of Data-Driven Models
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Table 5 Q-learning Hyperparameters and Descriptions

Learning rate SR, KRB H O {HR HiHE B
ERiER
v HrHE T, FomR AR ) AR S
Start exploration rate WIRRE R
Exploration fraction ¥RZJAMALLE, YIMHRIRE R T B &
REFRZFHNEEHOE L
Final exploration rate KRR E
ki LR, N RmREFEE AN, B
7 kWh
k2 TR, KA 7R K 2 (A 4
X EAMELIR, B kW
pip2 LRI, BRI T RRE

#* 6 Q-learning MR E
Table 6 Q-learning Pre-training Settings

HSH A HZE A
Learning rate 0.5 /4 0.99
Start exploration rate 1 Final exploration rate  0.01

Exploration fraction 0.3 ki 23
15} 100 pi/p2 500
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