AR 5 T O

Science Technology and Engineering

S 2005 4F 4505 % 22 M B 2
2025, 25(22) : 09445 -09

DOI; 10. 12404/j. issn. 1671-1815. 2404594
SRR AR, (SMG, ek, S R T R Sh A IR R AR A IR R Y20 D] B HIR S TR 2025, 25(22) ¢ 94459453,
Xu Zhenfeng, Zhan Peng, Fang Wei, et al. The bolt classification method based on the historical dynamic weighted loss model[ J]. Science

Technology and Engineering, 2025, 25(22) ; 9445-9453.

ETHEHSMNRREB B D KT X

REE, B T, IhR!
(1AM R TREBE, £ 2306015 2. ERR:BE & MU RRF TS BE R BEDLIBFICHT , A 230031)

i B BRI REREAEENXE 2L SHRAEY AR ARSI FRE, ABEELES, YA TRESF IR
AR kB IE R R FHAAREEA P, SRR T AT HEBEWARLES T M L3 S AH K (historical dynamic weighted
loss, HDWL) & | il id 3 AR — B E LA £ B & BT &5 AR i LB PAERER 5 KR, FIN A& B A& Bk
PG F RS FAFARGY K E RITRA AR K IR HDWL LA 69 4 ARl e ik A R H AR, D B KD %
Fodf IR £ 2 @ AR

RBliA] AR R RGP FREAARL; AERES

RS TP391. 4; SCRRbR AL A

The Bolt Classification Method Based on the Historical Dynamic
Weighted Loss Model

XU Zhen-feng', ZHAN Peng', FANG Wei’* , SUN Qiang'
(1. School of Advanced Manufacturing Engineering, Hefei University, Hefei 230601, China;
2. Institute of Intelligent Machinery, Hefei Institute of Material Science, Chinese Academy of Sciences, Hefei 230031, China)

[ Abstract |

loosening under the influence of various factors, threatening the safety of the equipment. Currently, bolt detection methods based on

Bolis are the key to the stable connection of high-altitude equipment, but they are prone to abnormalities such as

deep learning are faced with the problems of class imbalance and label missing. Existing deep-learning-based bolt detection methods
suffer from class imbalance and missing labels. A HDWL(historical dynamic weighted loss) model based on semi-supervised pseudo-
label learning was proposed. By dynamic weighted orthogonality and class-adaptive fair punishment, the model classification was
evaluated with historical data. Adaptive punishment was introduced to prevent overfitting and focus more on hard-to-classify samples,
boosting model performance. Experiments showed that the HDWL model achieved significantly higher accuracy than other methods,
with advantages in minority-class training and feature focus.
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Table 3 Evaluation metrics of different class imbalance

algorithms with 40 unlabeled samples

WA, FEE, F Y

Tk % o o ATC

CE Loss 91.25 90. 54 90. 90 92. 54
Focal Loss 90. 77 92. 18 91.47 92.77
Dwb Loss 91.23 91. 89 91.56 93.28
FreeMatch 92. 83 90. 45 91. 62 91.65
HDW Loss-USAP 91. 14 90. 28 90. 71 91.13
HDW Loss 92. 49 92. 86 92. 68 93. 54
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