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A non-destructive appearance quality detection method for primary-
processed crayfish based on improved YOLOvI11

Wang Xujia Wang Shuging Hu Haoyu
(School of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan, Hubei 430070, China)

Abstract: [Objective] To achieve rapid and non-destructive online detection of the appearance quality of crayfish during primary
processing and to improve detection accuracy and real-time performance in complex scenarios. [Methods] A dataset for crayfish
appearance quality is constructed for complex scenarios on primary-processing production lines, and a crayfish appearance quality detection
algorithm YOLO-CQ based on YOLOv11n is proposed. DualConv is introduced to improve the C3k2 module, enhancing the model's feature
extraction capability while optimizing the allocation of computational resources. Deformable attention (DAT) is integrated into the C2PSA
module, enabling the model to adaptively focus on key regions. In addition, an IoU-based dynamically weighted SlideLoss is adopted to
optimize the classification loss, thereby balancing the gradient contributions of samples with different difficulty levels during training.
[Results ] YOLO-CQ achieves the precision of 86.6%, the recall of 84.3%, and the mAP@0.5 of 91.3%, which represent improvements of
2.5%, 2.3%, and 3.4% over those of YOLOv11n, respectively. YOLO-CQ reaches an inference speed of 211.5 FPS. [ Conclusion] YOLO-
CQ significantly improves the detection accuracy of crayfish appearance quality while maintaining model lightness and real-time
performance, meeting the requirements of online grading on primary-processing production lines.
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Figure 6 Dynamic weighting function of SlideLoss
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X LA 40 45 25 ML ) YOLO £ %1 3 T Transformer () RT-
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Table 2 Comparison of detection performance of different models

f5i A P/% R/% mAP@0.5/% Params/M GFLOPs FPS
YOLOvV5n 82.9 83.7 87.5 2.50 7.1 233.9
YOLOv8n 81.2 81.6 86.5 3.00 8.1 239.2
YOLOvI10n 79.4 81.1 86.1 2.27 6.5 250.7
YOLOvlln 84.1 82.0 87.9 2.58 6.3 223.1
YOLOvI2n 78.9 80.2 85.1 2.56 6.3 205.9
NanoDet-m 67.2 66.2 69.7 0.91 1.3 31.5
NanoDet-plus-m 61.1 67.8 73.4 1.15 1.7 32.1
YOLO-MS 78.4 81.3 85.7 2.36 7.2 217.4
RT-DETR-r18 82.1 80.7 78.4 19.88 57.0 96.6
RT-DETR-r34 83.1 82.6 82.2 31.11 88.8 79.8
RT-DETR-1 83.3 80.4 78.4 28.45 100.6 110.0
YOLO-CQ 86.6 84.3 91.3 2.83 7.6 211.5

M2 2 AT 41, YOLO-CQ 7E 4§ i ¢ . A [l K 5 mAP@
0.5 [ 41 2+ b A5 A | 5 36 k578 YOLOV 1 In 4 H 43 31
T 2.5%,2.3%,3.4%, B YOLO-CQ WS4t 5iF
MOIE SRS R BT R AE LK 4r B0 B O T 025 M,
1.3 GFLOPs {0 4% {4 71 53 77 85 A8 A 5/  ATh PR R 28 s 1 7%
HALEEPE . BT Transformer 1) RT-DETR £ 1] [jfi #5 #5 %Y
FURE B3 B S 7764 T 4 @35 9 /. RT-DETR-145
RS0 5% S8 55439 YOLO-CQ 1 10, 13 %,
e LLAE 96 U5 32 BR 04 S i 3 5 oh i AR B L TR AE A A
NanoDet R 5| BARFES Bt 511 L EA W BHRH% [
HAE 12 58 AT 55 v R RS JE AR, mAP@0.5 Xk 69.7% FiI
73.4% , HL 9 B B G I T YOLO 241, #fE DLl I v 4 B
SRR TR . AN, SO TR AR TR YOLO-

MS # It , YOLO-CQ 7€ Z: %t s B (I 00 T, S T
mAP@0.5 2T} 5.6% 1Y B & L. A8 Sk D7 1, YOLO-
CQ % Hy 211.5 Wi/s, AR B FE HERE A YOLOvIIn T [
T 11.6 Wi/s, fH455% = T RT-DETR Z 1] #l Nanodet 51,
FEAG L TAL AT R . 2% 1, YOLO-CQ 7E PR35 45 =5 #E
T B 5 A AR T B A 14 [ s, BRSO A0 B R K
JEPLH R RO SRS TEBE
3.3 C3k2 Bkt bb ik ig

9T B IE R A 1R Y C3k2 DCB AR B il A wk ik , 7E
PRFE YOLOVIIn B AR 854 5 2k S8 — B %R T L 4
BIR ] £ Fp g8 4 BUE 2CEA 75 IR 88 25 R 2 3. HE
W B C3k2 XXX # 78 7E C3k2 DCB #E R o D B7 1
R4S A 54 DualConv T F4 J8 B A8 (R TR

®3 C3kexfbbikie
Table 3 Comparative experiments of C3k2

A P/% R/% mAP@0.5/% Params/M GFLOPs FPS
C3k2_DCB 84.7 82.9 88.9 2.83 75 208.3
C3k2_DSConv'?" 84.7 80.0 88.3 3.20 7.9 192.3
C3k2_RFAConv'* 86.6 78.4 88.6 2.95 7.8 185.4
C3k2_DynamicConv'?’ 76.3 85.2 87.2 3.55 72 2222
C3k2_SAConv'*" 77.0 85.7 85.7 3.17 72 204.0
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C3k2 RFAConv T A% ifi 5 L 0§ &5 , N 86.6%, {5 7 [A] F 45
ik, H. FPS T % = 185.4 /s, C3k2 DynamicConv 7E {3
WA, KT T 85.2%, H FPS 2y 222.2 Wi/s , {FURG 1
R & AU N 76.3%, C3k2_DSConv ££ X 7 & . 4 [1]
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W5 VR NS SR A A R S S R A T A A
T — 2 M. C3k2_SAConv iy A I8 R i , 5 8 T
85.7% , (HHIE I F 5 mAP@O0.5 FFEIH .. ZEA kA ik
B 48 th Y C3k2_DCB B P ALK B 3 8 5 & % B 2 i) 51
BT 56 UE T 3 8 T B e AR AR B I T
A R
3.4 C2PSA Bttt b ik Ie
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w5 F A B E R BT 0.25 M fil 1.2 GFLOPs, FPS
THET 6.6%. BiHI5I A DualConv RJ 45 R 34 i 465 TR (14 44
TE 85 2258 15 R B A Re 77, R 1% 45 40 s i m 1 3
FIF RS (A BEA R AR R R A R BRI A
C2PSA DAT i , BET A9 A [ R 5 mAP@0.5 4> B2 T+ T
3.6% 1 1.5%. FBTEIM AT AR TR (& S AL 5 A AL G
T 3G b T A E b A SR AN 5 AR X8, DA A R
SR B R A SRR S o AR B R IARAIR T 2.3%, (A
ALY S ik B B4R TE, FPS I T 9.3%. Fh 51 A
SlideLoss Jii , 8 ) mAP@0.5 5 3 (71 4> IR TF T 1.4%
2% S 808 T % T 3.2%. B4 SlideLoss {46 7 75
Yl b g 3 78 42 20 53 2% 5 3 FERE A | DTG 2 T A A 11y
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Table 4 Comparative experiments of C2PSA
LAY P/% R/% mAP@0.5/% Params/M GFLOPs FPS
C2PSA_DAT 81.8 85.6 89.4 2.61 6.3 2439
C2PSA_EMA 75.6 85.1 86.2 2.53 6.3 1923
C2PSA_SEAM 77.8 88.1 88.0 2.55 6.3 196.0
C2PSA_MSDA 77.1 86.5 86.2 2.60 6.3 166.7
C2PSA_LSKA 81.4 85.1 87.9 2.55 6.3 238.1
x5 HERXIE
Table 5 Ablation experiment
Baseline C3k2_DCB C2PSA_DAT SlideLoss P/% R/% mAP@0.5/%  Params/M  GFLOPs FPS
N 84.1 82.0 87.9 2.58 6.3 223.1
J N/ 84.7 82.9 88.9 2.83 7.5 208.3
N NG 81.8 85.6 89.4 261 6.3 2439
N/ NG 80.9 83.2 89.3 2.58 6.3 225.1
N N N 82.2 84.2 90.4 2.83 7.6 203.5
N NG NG NG 86.6 84.3 91.3 2.83 7.6 211.5
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Figure 7 Comparison of detection performance in complex scenarios
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Figure 8 Visualization results of heatmaps
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