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[ Abstract |

severely impact product quality. Traditional visual-based defect detection methods, when applied to the detection of small protrusions in

During the production of monocrystalline silicon, defects generated during the crystal pulling process are recognized to

crystal pulling images, are confronted with challenges such as slow detection speeds, large parameter volumes, and difficulties in de-
ployment on embedded terminals. In response to these challenges, an improved YOLOvV8 object detection model was proposed incorpo-
rating a ContextGuided module to enhance the inference efficiency of the model. An efficient DySample was introduced into the feature
fusion network to optimize the efficiency and depth of feature fusion. A lightweight network structure was adopted to reduce the com-
plexity and computational demands of the model, making it suitable for devices with limited computing resources. The model has been
trained and tested on an industrial dataset, demonstrating a more accurate detection of small protrusions with a mean average precision
(mAP) of 97.7% . Compared to YOLOv8n, it exhibits an increase of 11.6% in precision and a reduction in parameter volume by
31.9% , facilitating its deployment on embedded terminals.

[ Keywords ] defect detection; YOLOv8; crystal pulling process; sampling operator DySample; ContextGuided module;
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Fig. 7 crystal inducing process equipment
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Table 1 Equipment information

[RS8 e B RRAS (B5)
CPU Intel(R) Core(TM) 13-12100F
GPU NVIDIA GeForce RTX 3060
BIERSE Ubuntu
CUDA V117
CUDNN vea.9.2
PyTorch V21.2
Python V3. 11.5

x2 l%sH

Table 2 Training parameter

28 P H
Epochs AU 150
Batch iRV 16
Image size g R 640 x 640
Workers ZRFEEL 8
Learning rate 2R 0. 001
Optimizer s AdamW
Weight-Decay &Sl 0. 000 5

3.3 JIZGiEE

YR frh & SL B4R — BN IR S5 IR
UESER RS B A A 2 PR TC BN K ICE Ty 640
BR R E EBR B I L, i KON EE O 16,
FENNZRat R SRR IR0 B2 50, BV 40 SRAR A
7E 50 4~ epoch PIICA T Beak , WV ZrPgnr 2k,
epoch & ¥ o4 150, 451 2% ok B0 16 Ak 72 i it F
AdamW T FERIESEIRY  Horh 3l & {5k 0. 937 AN
FEIMAREON 5 x 1071, WIHR ] FUE N 0. 001, &
fEREBEE L 0.4, R E 38 SO 84 48 o | fi e
HHABZE S YOLOVS RSBt —3k,

TEHERR R b ] TR s 640 R R Y
PrREAL S A o3 B[R] i DR B8 T RS0 I 4 K
o B B B 0 2 R 0. 001, 78 3 B ik
SCPL T B — [ JE AL PR PR IT ( graphics processing unit
GPU) I Jf HAtt i R/ B L T8 1, R X
AN QAT b 2
3.4 FEMIERR

R TR R UL A SO & AR A v A
MR ARSI A R i 2 P A I3 R P
YIRS (average precision, AP) - X85 B Y (H
(mean AP, mAP) AL FEARAIPAN B {1 FH 1937
A8 PR ALEE P AP R .mAP@ 0.5 mAP@0.5:0.95,
oA TV 2 B A ) S 5000w AR, DLPEAG A

ML . www. stae. com. cn



Bt R 5 TR
974 Science Technology and Engineering 2025,25(3)
SCTERITERE 3.6 SHMGNER AR LK

mAP $8 5L T A B AR , R AR T A
XFGHH IFHT oU (SOF4) " i LTI, ¥
VEREAYSE 1 ToU B, 3R B 26K 7 4 Il
T HAHOREEATAI, 2AH
AN B|
AU B|
R (3) 1A HFHE ;B WELIHE,
R AP TSR0 ) S X R A
B LRI LA 4R, R 5 it — 2 (T
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i BRI R A R, AR
AP = ¥ (R, -R)P, (4)

K(4)H R, FR 435 AR 1] % B {E; P,
RAER R R R BRI
3.5 HBSIENTLL

T IS, A FEAS (RIS HR X ) £ A5 7R 4 g
HSZIR . S5 402 3 BRI GhostConv FEHRL 5 |
R DR B 0 B 3 T, X R I B AL T 07 A
FRAEAY AL HE, Dysample | RFEZ A 5] ARG 58 T X}
AN, B T A R, A P2 A Sk
FRETE T W R A ROR AT 4 v ARG DR
BE L BARKDE, YOLOVS-DL A5 U 75 45 A [Rl S e s
BUAS T S AG IR

®3 HEILWER

Table 3 Results of ablation experiments

10U(A,B) =

(3)

ST VEAR B T AR A O T B o Bt ik
Bk DU L B 4 B8, B AR SC 7 7 Ml Faster R-CNN
YOLOv3!'"! YOLOv5S!™ | YOLOv6'™ 4 H i £ 1
HARRIN AL AT L3, 76 Y A R B B s 4 LT
SEHG B SR A I 45 R 7 @ i 2 YR LG BCE
P, e B AR PRI 22 | B S 06 25 R nG B e v
TR R mAP@ 0. 5 SRR 48 bR ok ) i vk
PR RCNE, BB B i fa R 25 R a3 4 TR
NN ELibLEPO i = ey ool RS =R IPYS = i)
T, 22 LG T 36 I RUR 5 YOLO R 51 H FrAs i 53
R KRR, T YOLOW Lt T
YOLOv8-DL, Ji# i) YOLOv8-DL ¥ FPS {i% T Ji

7 YOLOv8n, {HAJS & L A 33k B B, B 22 1Y
J&,YOLOv8-DL 7EZE 5 dot B ™ s LG H P .mAP
ESHOT AR T H A T v, 3X0E B A SC A A R B
TA NGRS R, Rl e ™ a5 BB RS i R
A HA T R O T HAA PR, BT XK
FOR B UGIE A G 5L G YOLOVS A5 25 T Al iy 468 ok 2 i
iy, W YOLOVS-DL 7EME AT 55 G i/ H
ot A TR A 00K R 0 08 B X T IR R TS
BrAs = S s 5 oK, BT B0 i S R v RS
3.7 MBI EITEE

T H W R YOLOV8-DL (1 46 i 4 fE
YOLOvS-DL Fll YOLOvSn 7EMEHEAT 45 6™ 5. (1K 9)
BAEEE FIE RN 25 R & 10 frR, rTRLE
YOLOv8n & 8 tH A [a) B2 B 19 T Kz, S8 177, YOLOVS-
DL FREM T3XANRLE, RG0S 24/ H bR L

o Ghost Context DvSamole P2 mAP@ mAP@
ySample . .
Comv  Guide ° 0.5 0.5:0.95 Lo H bR s AR I BE AR IS, YOLOVS-DL #41™
YOLOWN 0.68 0658 AUNEBRBON AR, X R AR S
YOLOW-DL é N 0.938  0.771 R LIRS 3 G YOLO RYMERE , XA B T4 i 51 i
YOLOvS8-DL 0.949 0.773 23 43 — Vit )
5 VY y ? TR Beh BN S H bR S R e R, T
YOLOvS8-DL 0. 946 0.764 ST A N o N . N
TE Tl AR 2E D B B, 390 T AT 200 38 AT T G, 48 i
YOLOW-DL  V  V VooV 0977 0.805 N " - .
BRI EE ST, E 40 2 Tolk A =gk
x4 EILHEE LR YOLO REAMIEITHR
Table 4 Effects of running each YOLO version on industrial datasets
P mAP@ (3 Eibe v
e AP R AP@O. 5 SR/
SRR BE WM e " 0.5.0005 i
Faster R-CNN 0. 645 0. 821 0. 869 0.778 0.767 0. 811 0.756 134. 08 16.3
YOLOv3s 0. 882 0. 959 0.990 0. 944 0.916 0. 949 0.774 103. 69 9.0
YOLOvSs 0.813 0.987 0. 988 0.929 0. 896 0.923 0. 759 9.12 1.4
YOLOv6s 0. 807 0. 985 0.990 0.927 0.911 0.941 0.781 16. 30 3.6
YOLOv8n 0. 815 0. 983 0.990 0.930 0.920 0.938 0.771 3.01 1.5
YOLOv8s 0.788 0.987 0. 988 0.921 0. 866 0.913 0. 750 11.13 1.8
YOLOv8m 0.872 0.992 0.989 0.958 0. 898 0. 945 0.781 25. 86 3.8
YOLOvSI 0. 810 0.993 0.992 0.932 0.918 0.943 0.779 43. 63 12.8
YOLOv8x 0. 859 0.992 0.990 0.947 0.919 0.957 0.790 68. 16 21.1
YOLOv8-DL 0.931 0.993 0.992 0.972 0. 950 0.977 0. 805 2.08 1.9
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