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Representative Paper

[1] Z. Lin, K. Gao, P. Duan, N. Wu, and P. N. Suganthan, “Prediction and feedback
assisted evolutionary algorithms for scheduling urban traffic signals,” /EEE
Transactions on Intelligent Transportation Sysyems, vol. 26, no. 5, pp. 6881-6890,

May 2025.(KE454RRSR) ((MFR7RSE—EE, RFIRHRKES—E(, BRIFRKEETE()

Main Contributions:

(1) Three novel prediction and feedback assisted evolutionary algorithms are proposed.
(2) Back-propagation neural networks are integrated with meta-heuristics to predict vehicle
steering rates for generating premium initial solutions, while reinforcement learning algorithms
like Sarsa are employed to dynamically select twelve problem-specific search operators.

[2] Z. Lin, K. Gao, N. Wu, and P. N. Suganthan, “Problem-specific knowledge based
multi-objective meta-heuristics combined Q-learning for scheduling urban traffic lights
with carbon emissions,” IEEE Transactions on Intelligent Transportation Sysyems,
vol. 25, no. 10, pp. 15053-15064, Oct. 2024. (KE4F4RPER) (MRS —EE, BPIRHEX
BE—E(, RERARETE(N)

Main Contributions:

(1) A multi-objective urban traffic light scheduling problem model is constructed, simultaneously
considering vehicle delays, pedestrian waiting times, and carbon emissions.

(2) Q-learning-based algorithm selection strategies and Q-learning-based local search selection
strategies are designed to seek a Pareto-optimal balance among multiple conflicting objectives.

[3] Z. Lin, K. Gao, P. Duan, N. Wu, and P. N. Suganthan, “Scheduling eight-phase
urban traffic light problems via ensemble meta-heuristics and Q-learning based local
search,” IEEE Transactions on Intelligent Transportation Sysyems, vol. 24, no. 12, pp.
14415-14426, Dec. 2023. (KEMFARALR) (MMPRB—EE, HPIRHRASRHE—8, Fi5
AR EE()

Main Contributions:

(1) The traditional four-phase model is extended into a complex eight-phase urban traffic light
scheduling model.

(2) A hybrid framework integrating meta-heuristics with Q-learning is proposed, which accelerates
convergence through five problem-feature-based local search operators.
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