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Research on fuzzy deterministic policy gradient control
method for inverted pendulum system
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Abstract: As a typical non-minimum phase system, the inverted pendulum system exhibits signifi-
cant nonlinear and unstable characteristics, making it challenging to control. In response to the
problems of insufficient interpretability of neural networks and difficulty in converging state varia-
bles to expected values in traditional deep reinforcement learning-based control methods for the in-
verted pendulum, a fuzzy deterministic policy gradient (FDPG) control algorithm is proposed.
This algorithm integrates the deterministic policy gradient method with a Takagi-Sugeno (T-S)
fuzzy model, exploiting the excellent function approximation capabilities of the T-S fuzzy model to
approximate the Actor structure within the Actor-Critic framework, thereby expressing control
strategies intuitively through fuzzy rules and enhancing the practical significance of the controller.
In addition, by exploiting the interpretability of the T-S fuzzy model, the optimal control law de-

rived from the linear quadratic regulator (LQR) is incorporated into the T-S model as prior knowl-

KRB 2024-09-21;1&1T B #8.2024-11-28

ELWAB:HEHRBEEE T HIA (62203461)

EHE BN M 2001, 5 (WA, BN FaR AL ) RATER 5 5 ) O oY .

BEEE PIBEA (1978, 5 #8240+ A 5 U, 3222 DA 55 25 e ) i 42 ) B9800 32 4 45 0 B8 L A& N H 27 2T 54
It R G SHORE AN T AL B s i il T 45 10 b i i 45 D T 09 BIF T .



%14

31 S TSR 0 R A SR A JRE A ) O vk T 5 39

edge, which ensures the local stability of the controller. Finally, through comparative analysis

with the traditional deep deterministic policy gradient (DDPG) algorithm and the piecewise fuzzy

control method, the proposed algorithm is shown to offer superior control performance and gener-

alization ability in controlling the inverted pendulum system.

Key words: Fuzzy reinforcement learning; Fuzzy T-S model; Inverted pendulum control; Deter-

ministic policy gradient; Deep deterministic policy gradient (DDPG) algorithm
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Fig. 1 Simplified model of inverted pendulum system
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Tab. 1 Physical parameters of the system
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Fig. 4 The change of reward function during training
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Fig. 5 Control output of inverted pendulum system simulation
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Fig. 6 Simulation results of inverted pendulum system
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Tab. 4 Control performance test of the FDPG algorithm
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FDPG 2 500 —6.2X10 " 1.9Xx10°7 2.28 11.512
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Tab.5 Control performance testing with disturbed signals
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Fig. 9 Simulation results of generalized performance verification
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