F 458 5 11 A X o F R (8 A& HF KR Vol.45,No.11
2024 F 11 A Journal of Northeastern University ( Natural Science ) Nov. 2024

doi:10. 12068/j. issn. 1005 — 3026. 2024. 11. 005

E F PP—-PicoDet—XS W ¥t 58 BY 4 3R E HR A
R & %

L, Bk, AXK, R
(FRALKZEZ BB R il TR, Wt B85 066004)

1 B AR A TN T R A T A A A AN T 0 R R KNS — B L2 IS 1 R T I BT A A
AN D7 R R RAIG S 22 | 2 0P R A () A, 4 — B L T PP—PicoDet—XS 4 Uik 41 U B4 2 THI e b A6
ST SO R A T M iR A TGS TR 1 SimAM, 3 5 4 VR J2 A RURRAE 19 32 IURE 1 5 £ SToU
(Scylla intersection over union) 5 2k PRECH Il i B2 AT OE L , $2 5 TOINAE 119 12 152 RE 7 5 SR P ik Ak 7% 18 3R s %o
PR FEAT R 40, 3 v S B 8 . 25 SR B, etk %) B30 1K B B0 (£ 22 IF: L (intersection over union, ToU) [#]
fE4 0. 5HFIE 3 T 98. 93%, 7£ ToU B 0. 5~0. 95y Fl N5 5] T 57. 60% , 5 A i 45 1) Ji b 455 0 43 i) 4 v 1
1. 73% F14. 13%. $ZH5LTRE BN G 865 B shufi V- &5 L4742, M B 8 v] 35 116. 82 Wit/s, A T 47 1) Ji
TR R T 47 Wi/s.

X 8O A BERTY  SImAM; K BREL; Ak 2508

RESHES: TP 3914 XERFRERD: A XEHS: 1005-3026(2024)11-1557-08

Improved Surface Defects Detection Algorithm for
Aluminum Profiles Based on PP-PicoDet—XS

MA Shu-hua, LI Li-zhen, QIN Han-min, SHA Xiao-peng

(School of Control Engineering, Northeastern University at Qinhuangdao, Qinhuangdao 066004, China.
Corresponding author: LI Li-zhen, E-mail: lilizhen559@163.com)

Abstract: During the production and processing of aluminum profiles, multiple types of surface
defects such as unclear features and varying scales may generate. In response to the problems of
low accuracy, poor real-time performance, and strong subjectivity in existing manual sampling
method, an improved surface defects detection algorithm is proposed for aluminum profiles based
on PP-PicoDet-XS. The SimAM attention was embedded in the backbone to enhance the ability
of extracting deep effective features. The SIoU (Scylla intersection over union) loss function is
used to optimize the training process to improve the positioning ability of the prediction boxes.

The quantization and distillation were used to compress the model to improve the inference
speed. The results show that the improved algorithm achieves a mean average precision of
98. 93% at intersection over union (IoU) threshold of 0.5, and 57. 60% across loU thresholds
ranging from 0.5 to 0. 95, which is 1. 73% and 4. 13% higher than the uncompressed original
model. Deploying this algorithm on the Snapdragon 865 mobile platform for inference, the
inference speed can reach 116. 82 frames per second, which is 47 frames per second higher than
the uncompressed original model.
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