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Research on DDPG-LSTM algorithm for photovoltaic maximum
power point tracking in dynamic multi-peak scenarios
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Abstract: To address the challenges of multiple peaks and power fluctuations in maximum power point tracking
(MPPT) for photovoltaic systems under complex dynamic environments characterized by partial shading, rapid
irradiance fluctuations, and temperature variations, a novel deep reinforcement learning-based algorithm, termed
DDPG-LSTM, is proposed. The algorithm integrates the continuous action space optimization capability of the Deep
Deterministic Policy Gradient and the temporal feature extraction advantage of Long Short-Term Memory networks.
Hierarchical reward mechanisms are designed to achieve multi-objective collaborative optimization, balancing power
tracking, action smoothness, and system stability. A simulation model of the photovoltaic system is built on the
MATLAB/Simulink platform, and experimental results demonstrate that under multi-peak shading and dynamic
environmental conditions, the DDPG-LSTM algorithm stably escapes local optima with negligible oscillations near the
maximum power point, achieving an average tracking efficiency exceeding 98%. The robustness and adaptability of the
proposed method in dynamic environments are validated, providing theoretical support for the intelligent control of
photovoltaic systems and the efficient utilization of renewable energy.
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Fig. 1 Diagram of the photovoltaic system model
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Fig. 2 Equivalent circuit model of photovoltaic cell
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Table 2 Photovoltaic cell parameters
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Fig. 4 Photovoltaic cell array model
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Table 3 Simulation environment for photovoltaic array
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Table 4 Parameter configuration of the DDPG-LSTM
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Experience replay size 1X10°
Mini batch size 256
Discount factor (y) 0.9
Sequence length 10
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Variance 0.5
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Smoothing factor 1x10"
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Table 5 Tracking efficiencies of four algorithms under

various environmental conditions %
W DDPG-LSTM DDPG INC GSA
Envl 99. 57 * 96. 68 *97.75 95.72
Env2 98. 22 *94. 37 97.43 96. 16
Env3 97. 65 91.95 94. 86 99. 21
Env4 99. 50 % 94,62 *96. 45 90. 40
Env6 99. 26 * 76. 04 * 74,84 99. 21
Env7 99. 07 * 82.14 76.63 87.79
Env8 98. 83 99. 28 99. 43 90. 67
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