HA40% o HL T 5 AR 2 4R Vol. 40 No. 6
<12 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2026 4 6 J

DOLI: 10. 13382/j. jemi. B2508647

E T StarNet B KR EN EHRER N E %
SGI-YOLOv7*

X R ORHBR% EFE 5
(A RERE A KA PR L RS B 066004)

AT i AR I S A AR A 2% 52 A i B R M LG 7 T 7 4 SR i B A R S I R A ] T 488 — o
FLT StarNet PCHE 52 5 AL 1% B BRAG I 359: SGI-YOLOv7 ( YOLOv7 with StarNet, GSConv-based Slim-neck, and Inner-SloU loss
function) , T 5, B TR AE 114 5 7 L AUER GG 1 P T AR ERAS U 1) L PR 4R s Ok, SR T StarNet 2745t YOLOV7 (you only look
once version 7) T W& | Fi| 2 F AR SO0 R SCRFAE LS A SRR AR T AR SO A B 4% B, B AR T iR v
& (group shuffle convolution, GSConv) f4% 5 fk, Slim-neck 514, SIS JZ FRFIE 19 = R0l 6 5 T4 5 WA, it T AR Bh i fE
A8 PN 3R R S 38 31 L (inner scale-aware intersection over union , Inner-SloU) $12< s 4L, i 15 5 ) JBHBR BEAR Ak 5 22 B Rl A HL
il SRR ARIZE T o L 25 57 10 3 0 R T & M SIS B, R TE A IR R B AR R X L SEIR 45 R R T, TR SGI-
YOLOv7 BILTEAE R S RS B (mAP@ 0. 5 24 96. 0% ) Y RIFT , SHUCEEFEHE YOLOVT BiBls 0 35. 6% 115 & IR 65. 6%,
HEPLER B TR S 82 fps, WL AE AR CF AR (AP0, SEIL T Tl 3 5 F SRR 10 AL AR AL SE R A I

FEIF . BB ; YOLOVT ; $2 54k ; StarNet ; 451 2% R 4K

HRESES: TNIIL. 73 MHEFRIRAD: A ERREZERSERE: 520

Improved lightweight continuous casting slab detection algorithm
SGI-YOLOV7 based on StarNet
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Abstract: Aiming at the problems of high network complexity, large parameter size, and difficulty in adapting to the complex
environment and stringent real-time requirements of continuous casting production lines in current general detection algorithms, this paper
proposes a lightweight continuous casting slab detection algorithm named SGI-YOLOv7 ( YOLOv7 with StarNet, GSConv-based Slim-
neck, and Inner-SIoU loss function). Firstly, a dedicated dataset for slab detection is constructed based on images collected from the
continuous casting production line. Secondly, StarNet is adopted to replace the backbone network of YOLOv7 (you only look once
version 7) , utilizing star operations to achieve efficient feature mapping, which effectively reduces the model’ s parameter scale and
computational complexity. Thirdly, a lightweight Slim-neck structure based on group shuffle convolution ( GSConv) is introduced to
achieve efficient fusion and compression of cross-level features. Simultaneously, an inner scale-aware intersection over union ( Inner-
SIoU) loss function is designed based on auxiliary bounding boxes, which enhances the model’ s adaptability and convergence speed in
scenarios with significant aspect ratio variations through direction-aware gradient optimization and a multi-scale regression mechanism.
Finally, comparative experimental results on the self-built slab dataset show that the proposed SGI-YOLOv7 algorithm maintains high
detection accuracy (mAP@ 0.5 is 96.0%) while reducing parameters by 35.6% and computational cost by 65. 6% compared to the
baseline YOLOv7 model, with an inference speed reaching 82 frames per second. This significantly alleviates the hardware deployment
burden and achieves efficient, lightweight, real-time detection of continuous casting slabs in industrial scenarios.
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Table 2 Comparison of detection accuracy of

different loss functions

Pk iR - AP@ 0.5/% - — mAP@0.5/%
R R4 JeBUIR R L
CloU 98.3  95.1 9.5 96. 6
WloU 98.8  94.9 97.1 96.9
MPDIoU 98.8  95.2 97.2 97.1
SloU 98.9  95.3 97.3 97.2
Inner-SloU 98.7 95.7 97.7 97.4
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L3 YOLOVT BEEIUEFT T X FE 3200 (£ 3) o S04
W] ,SGI-YOLOVT Bk M S 8t i/ 35. 7%, T %
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Table 3 Performance comparison between
SGI-YOLOV7 and YOLOvV7

Jrik SR/ (x10°)  ITHEE/GFLOPs  #EHR//MB
YOLOv7 36.5 103.2 74.8
SGI-YOLOv7 23.6 35.6 49.1
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R 4 prox, LA, 75 S50 5 1 SGI-YOLOvT
BB HEERED (N 23.6 M), 5E R YOLOV EFHY
MobileNetv4 . StarNet , FasterNet . HGNetv2 #H H , 43 51 Vs /b
720 .1.0.0.7 Ml 1.2 M; 715 & 77 i : SGI-YOLOv7
B E R D (N 35.6 GFLOPs) |, [ SSD /b
241 T4% ; ZERG I3 75 1] - SGI-YOLOV7 Bv:ik %] 82. 0 fps,
T J T R S R S ARSI 5 2R (=15 fps) 3 ZEAG
5 B2 71 - SG1-YOLOVT 553k £F S 3L A% Ak 1 [R) B fR 45
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Table 4 Comparison of detection performance between
SGI-YOLOV7 and other algorithms

mAP@ 50/ ZHiR/  HER/ KEEEs

s % (x10°)  GFLOPs fps
MobileNetv4-YOLOv7 ~ 96.0 25.6 52.2 88.5
StarNet-YOLOv7 96. 8 24.6 41.8 81.3
FasterNet-YOLOv7 96. 5 24.3 40. 6 50.0
HGNetv2-YOLOv7 96.9 24.8 41.5 43.8
SSD 78.2 23.9 137.0 64.5
YOLOV7 96. 6 36.5 103.2 94.3
SGI-YOLOv7 96. 0 23.6 35.6 82.0
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(a) The detection effects of the benchmark YOLOv7 algorithm

s

(b) Frifi B SGI-YOLOV7 S K Il 2k 5
(b) The detection effects of the proposed lightweight SGI-YOLOv7 algorithm
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Fig.7 Comparison of inspection results of continuous casting slabs
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Table 5 Ablation experiment results

Model Inner-SloU StarNet Slim-Neck mAP@0.5/%  H¥ik/(x10°) I/ GFLOPs I 3 32/ fps
YOLOV7 - - - 96.6 36.5 103.2 94.3
Strategy 1 2 - - 97.4 36.5 103. 2 9.3
Strategy 2 2 vV - 9.6 24.7 41.8 84.7
Strategy 3 2 vV 2 96.0 23.5 35.5 82.0
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