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Lightweight Quail Egg Crack Online Non-destructive Testing System
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Abstract: Aiming to address the critical quality control challenge of detecting cracked quail eggs in egg
processing, where manual and machine-assisted visual inspection are both inefficient and inaccurate, a
high-performance, lightweight online non-destructive detection system was developed based on a
comprehensively improved YOLO 11 deep learning architecture. YOLO 11n was selected as the baseline
for its favorable balance of speed and accuracy, then systematically optimized for the specific task of
identifying subtle cracks on variably patterned quail eggshells through two core phases: network
architectural refinement and model compression. In the network refinement phase, the backbone network
integrated the C3k2 _IDWC module to capture multi-scale textural details and directional contextual
information of fine cracks, while the neck network replaced the original SPPF module with SPPF_LSKA
(to focus on crack regions via spatial attention) and standard upsampling with EUCB_SCM (to enhance
cross-channel information interaction and feature fusion). For model compression, the enhanced network
underwent global sparsification via the LAMP pruning algorithm to eliminate redundant parameters,
followed by dual knowledge distillation combining BCKD (logit-level guidance) and CWD (feature-level
imitation) to transfer knowledge from the high-performance teacher model to the compact student model,
yielding YOLO 11 — Quail. Experimental results on a dark-field backlighting dataset showed YOLO 11 —
Quail achieved 94. 6% mAP, 95. 1% precision and recall, 184. 8 {/s inference speed, and only 1.6 X
10° parameters. Deployed on Jetson Nano with a multi-angle tracking algorithm , it delivered an 8.33%
false detection rate, 0 missed detection rate, and 68.59 ms latency, satisfying the high-precision real-
time demands of industrial production lines.
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Tab.1 Results of ablation experiment
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Tab.2 Performance before and after knowledge distillation
FL TR Y A o
50 2R/ % B AR/ % mAP@ 50/ % E 2o T AR
JH & /MB
YOLO 11n 93.5 93.4 93.9 2.6 x10° 6.3 x10° 10.2
YOLO 11 —ILE 95. 1 95.0 95.3 2.8 x10° 6.7 x10° 10.9
YOLO 11 — pruning( Z& % /7)) 94. 1 94. 1 94.2 1.6 x10° 4.8 x10° 6.6
YOLO 11 — Quial( 485 ) 95.1 95.1 94. 6 1.6 x10° 4.8 x10° 6.6

Fi mAP@ 50 R 5 & 94. 6% ., iR FE I 5 2 A
TP R T2 HR 200 B0 45 36 55 HINTON 4521 0 45 —
2, RIVHTR R AR B8 (5 2 A5 A5 AU I 300 1) SR b 2 v 2
> B2 ] E] = 6T 00 AH LM G &R AT 3R A LU R fn 2L
Ui 780 T ARG (4 92 AR BE T o

B2, YOLO 11 — Quail #EAI 50 B 1.6 x
10°, 77 A8 S i R 4.8 x 107, B N 77 (5 JH & oh
6.6 MB, #& T R MERIA YOLO 11n, 508 T [%
38.5% ,IF A8 B N B 23.8% , BERI N A7 5 iR
Wb 35.3% o KRG 5 A R IR ) 95. 1%
BRI Sy ST 1.6 1.7 4~ H 43 25, mAP@ 50
KE] 94. 6% G FAERAIPETH 0.7 AN EH IS, 5 —

i, AT B AL R YOLO 11 — ILE, % i 1k
YOLO 11 — Quail B8 E S HRFRAL 42. 9% 37 iz
AR AR 28. 4% LT AT i AR08 D 39. 4% (1 [F)
W, SEE T 5 B A R Ry B4 R AR, ELAT [ RS AT
B, B I T O 2% 5 AL g R P 2R AR I 10 AL SR 11
AR
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EAE YOLO 11 — Quial #5781 75 65 38 35 R 20
AT 55 vh i 25 5 PR BE L B 24 B 32 A I A B Faster
R — CNN . Deformable DETR ., YOLO v5n,YOLO v8n,
YOLO 11n,YOLO 12n } YOLO 13n ¥E#H [F] i % %%
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Tab.3 Performance experimental results of different models

12 mAP@ 50/ % A2/ % E e 7 RB Wi/ (fes™")

Faster R — CNN 93.6 80.3 4.175 x107 2.130 x 10" 13.0
Deformable DETR 91.9 84.1 4.010 x 107 1.976 x 10" 9.3

YOLO v5n 92.6 90. 1 2.500 x 10° 7.100 x 10° 178.6
YOLO v8n 92.3 91.6 3.010 x 10° 8. 100 x 10° 175. 4
YOLO I1n 93.9 93. 4 2.580 x 10° 6.300 x 10° 173.8
YOLO 12n 93.8 93. 1 2.510 x 10° 5. 800 x10° 175. 4
YOLO 13n 93.2 92.7 2.450 x10° 6.200 x 10° 166. 7
YOLO 11— ILE 95.3 95. 1 2.800 x 10° 6.700 x 10° 172. 4
YOLO 11 — Quial 94. 6 95.2 1. 600 x 10° 4.800 x 10° 184.8

PL Faster R — CNN Sy 4836 09 P4 By B A il 2% 78
mAP@ 50 J5 i RIS, 53 93. 6% , i K o
IRGIEE ) B S 80 TR As B SRR A S
p TR [ =T S (LR W S N R Y|
13.0 {/s, Deformable DETR 2 3}t T Transformer [f#5%
AL B AE mAP@ 50 AT PR KR = KK (91.9% ) (B
BERVAE Je B BT IR TH FE R, WR R 9.3 /s, AHIE
Z T, YOLO Z % 5% R 75 4 B 5 %00 % R A 1 R 47
Vi, mAP@ 50 ¥yt 92% | IRl B S 4R TF S
iR YA o KO A, i Rk i
170 f/s, 7€ mAP@ 50 J57 1, YOLO 11 — Quial & &Y %5
YOLO v5n $2FF 2.0 N E 43 4, 3 YOLO v8n #% J}
2.3 40E AL, B YOLO 11n #3274 0.7 4~ F 43 45, A
WA EE T YOLO vI2n 1 YOLO v13n 43 5 42 7F
0.8.1.4 /4 F{4r s, TEHEF M E Jym, YOLO 11 —

Quial FF—H T ZE 184.8 {/5,% YOLO v5n £ 714
3.5% ,%5 YOLO v8n #2712 5. 4% , % YOLO 11n 2
F+45 6.3% , [F A Hb YOLO 12n 32+ 44 5.4% ,
YOLO 13n 27+ 10. 9% , 7E T B 2 5 % He il 155 Y
PRI, AR KB, YOLO 11 — Quial 557
FERS 25 B 24 U AT 55 T B 45 T 4 b SHfe TS 000 RS
52 BROR Tl SR R R .
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A57 CPU, #%.00 2 1 4> 128 B 1) NVIDIA Maxwell 22
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JetPack 4. 6.1 #:1F & 4, Ultralytics 8. 3.9, PyTorch
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Tab.4 Online detection accuracy before and

after model improvement

L0 0 TR S 274G N S E Sy 7730 ms i A S A R
HFRAR 2 68.59 ms, 4b M B $2 7129 11.3% , B AR
T ARG BRI A, EL AL S PR AR oK

Sy B AR R BE X AR S PR R 2 R S B AR
KBTS BT T . RECRAEE 2 s 18 1 IREIR
R 9 M) BOR AL 41, K I 38 52y 5 400 #/he
P, B0k 25T AE 25 A58 JRCERL TR vh 22 90 9 AL 1 G
W55 DA AR B R SR R . R A R R
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T B TR SP- BE G I AE A 68. 59 ms AR T 2 s B
FRER AT, AL A S R LA I TR OR
4 it
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