F52E Holl S N NI i Vol.52 No.6
2023 4£ 11 H Journal of University of Electronic Science and Technology of China Nov. 2023

ET 7SR FHER 8178 25 % K BU SN LER B
PNER R F{ERES

OB, BREET, KA, REB, x| P, KB
(1. BTPRIEORIT BB 5 TR R 611731; 2. TR S R TR RE 611731
3.PMAEFFE T AR AR PN P9 646605)

[HE] @B A B FHEANORKITRFRL NG RAT, LN RAEEEYMZ LS D A5e)kE ﬁ% At
%m%%ﬁﬁ%%% R#%%@&%,kmT*ﬂ%%@*%%%ﬁ%@%%%%”%%&%%& SMAESR, @45
) BT f R B3 69 TS K B P AR I Ao 3K T IR B 4B W 4564 Ro~F SR FAAR MIAE A £ A%, R TR TR EIAE 4 18] 69 AR HFAE, nﬂﬂT
& ) W ﬁmﬁﬁW&%kﬁ%&%ﬁwﬁi%%ﬁ YR TIRESEBAKT —REREH, kAR MR E;
2) ¥ RF \ﬂlﬂ & FE A BT AR AR S 2 A T AR A AR R DAL NAER b, T MERA R REETOEY, v
BUES T AAFAEE FRI, FREREY, Eh kAR A, M E B A S oA BIT e R,

x B R GRY;, KAFI;, FHEIARSE LHBAER;, EHEXH

hESHES  TP39 WHEFRERS A doi:10.12178/1001-0548.2022326

Dynamic Prior Features-Based Deep Learning Framework for
Multidefect Detection of Coated Propellants

GUO Feng', CHEN Zhongshu®’, DAI Jiushuang’, WU Yunfeng’, LIU Jun’, and ZHANG Changhua’
(1. School of Computer Science and Engineering, University of Electronic Science and Technology of China Chengdu 611731;
2. School of Mechanical and Electrical Engineering, University of Electronic Science and Technology of China Chengdu 611731,
3. Luzhou North Chemical Industrials CO., Ltd. Luzhou Sichuan 646605)

Abstract Coated propellants (CPs) are extensively used in the dynamical systems of rockets and missiles.
The appearance quality of the CPs has significant impact on the performance of the systems. To this end, a dynamic
prior features-based deep learning framework for multidefect detection of CPs, such as shape, size, and surface
defects, is put forth in this article: 1) An integrated deep model for deep classifier (DC)-based shape defect and
deep segmentation network (DSN)-based size defect detection is introduced, which can remove redundant features
among different tasks. Particularly, the features generated by the current iteration of the DSN, as dynamic prior
features, act on the next iteration of the DC to accelerate the convergence rate, and 2) the dynamic features are also
mapped to the convolutional autoencoder-based surface defect detection, which can guide the model to quickly
focus on the CPs, while suppressing the repeated feature extraction of task-independent features. Experimental
results on an image dataset from a real-world manufacturing line show that the proposed framework has the
superiority in terms of the power consumption, detection efficiency, and detection accuracy.
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