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Table 3 Comparative experiments
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Steel Surface Defect Detection Based on Improved YOLOvS5 Algorithm

YAN Yu, JING Yuchao, SHI Mengxiang, YANG Duo

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; In order to solve the problem of low efficiency of steel defect detection and economic loss caused by false
detection, an improved YOLOvVS algorithm was proposed for steel defect detection. On the condition of keeping the
original YOLOv5 detection layer unchanged, three auxiliary branches with adaptive weights to extract the shallow
information of the YOLOvS network were added to the improved algortihm, and the auxiliary branches could also
enhance the gradient flow of the whole network, which made the training effect better. The EMA attention mecha-
nism was added to the main part of the network, and the weighted feature information of the EMA module could
help the model better focus on and understand the important target features. SloU was used instead of the CloU loss
function, and the angle loss and shape loss introduced by SIoU could make the anchor frame fast and accurate in
the regression process to improve the stability and robustness of the detection. Through experiments on the NEU-
DET dataset, the proposed algorithm improved the accuracy by 3.7 percentage points compared with the original
YOLOVvS5s, with better detection performance than other mainstream algorithms.

Keywords: YOLOvS; adaptive auxiliary branches; attention mechanism; loss function
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Distributed Hybrid Flowline Rescheduling Based on Improved Gray Wolf
Optimization Algorithm

XUAN Hua', XIONG Mengying', CAO Ying’

(1. School of Management, Zhengzhou University, Zhengzhou 450001, China; 2. School of Civil Engineering and Architecture, Henan
University of Science and Technology, Luoyang 471000, China)

Abstract ; Distributed hybrid flowline rescheduling was investigated considering machine breakdown and transporta-
tion time constraints. An integer programming model was constructed with the optimization objective of simultane-
ously minimizing the maximum completion time, total energy consumption, and total delay. An improved grey wolf
optimization algorithm was then proposed to solve it. Firstly, according to the characteristics of the problem, a
three-chain encoding method based on factory-operation-machine was designed. A population initialization method
combined with NEH heuristic approach and completely random procedure was proposed. Next, after the leadership
individuals were chosen, a dual-mode parallel search method based on tracking and autonomous action was intro-
duced to update the bottom wolves. Finally, tabu search integrated with forward insertion transformation of opera-
tion chain and backward shift operation of machine chain was applied to avoid falling into local optimum. Simula-
tion experiments tested 370 instances. The effectiveness of the improvement items in the proposed algorithm was
verified. The improved grey wolf optimization algorithm improved by 9.33% , 12.24% , 10.43% , and 9. 61% , re-
spectively, compared with the four algorithms, including hybrid beluga whale optimization algorithm, hybrid flower
pollination algorithm, classical grey wolf optimization algorithm and improved moth-flame optimization algorithm. It
illustrated the effectiveness of the proposed algorithm.

Keywords: distributed hybrid flowline rescheduling; machine breakdown; transportation time; energy consump-

tion; improved gray wolf optimization algorithm



