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Research on image recognition of cracked eggs based on

convolutional neural network model
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Abstract: Objective: In order to improve the accuracy and
operating efficiency of the egg crack detection method based on
computer vision. Methods: Used poultry egg simulation impact
equipment to obtain cracked eggs, and collected images of
cracked eggs and intact eggs from different angles through egg
dynamic image acquisition equipment. Then, the YOLO-v5,
ResNet and SuffleNet models for cracked egg image recognition
were established for the original and the preprocessed egg
images, respectively. After that, the recognition accuracy and the
adaptability for original egg images recognition of different
models were compared. Results: The YOLO-v5, ResNet and
SuffleNet models could effectively identify the preprocessed

cracked egg images, and the accuracy rates of verification set
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were 98.8%, 97.8% and 99.4% respectively. For original eggs
images, the ResNet model had a low recognition accuracy, while
the SuffleNet model had the highest recognition accuracy, which
was up to 99%. Conclusion: Among the convolutional neural
network models, SuffleNet model is most suitable for cracked egg
image recognition, and the egg image preprocess is not necessary.
This study provides a reference for the further improvement of
crack egg detection methods based on computer vision.
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network; discrimination accuracy; detection

ETEWE I TR A SRS, HE8EE
5 S AR A AR Y TG DI PRSI L S 4 9 g A R 2
ERiPELE QLT GivR ol [E AP DN N i O S S )
B G A I Jy 2 BN T 5 A3 B G AR e R
BORAK . XA EEALH SR T R R TR
2R BRI E AL WA T, T R 3k g
L GOKG I 5 B2 W 2h SR o, RN T Tk i — 2 R B
2k U B A A AR S R AT AR
BT AR L L AL B Tk B R A TR B AR AR
5 TS0 BB AR OG5 B TN A 8 B L ]
T o SR ARG AT O R SR T 5 A BN A R
Tk,

WM 2 R T BE T B 1E 43 0 00 4% 5 LR AL 31 05 1k
AN ML HEBARY Y B R T &EET &N L EE
W S 1 2 i, 9 23 O IR I BE LR 3 40, K i 2L 2L
DX 38K B3 A8 A R M DA R B 3E 45 4 B A B L 35/ 1Y
LR G AW, KT I, Privadumkol 50 | Yoon 2517
BT S BE T — P 3k F Bl itk i g 2 R 3 6 e B Y AR 1 XS
AL AL ARG, 8 ) by g R ar
SRR AR 2 S BORL I R R BRI B AR A E A, MR
Sun 5T HR 5 48 B B 24 801X R K B A 1 A2 6
BRI TR T S S SR IO R B & Ak ER R B



F&M | Vol.39, No.11

AL BE 24 50 A0 %0 X AT 4R B, X B R 0,06 ~
1.13 mm B9 248038 3 A9 U0 B R 98,996, 58 4 39 2R
BRI AERE Ry 96 %6,

il I 42 2% 1) TR 45 B 12k i % 4 JBOXS 2R TR v i M 8L
TR AR 4 2 BN B T A B TR B — 4 e
PRS2 G S X B . BB VR B A ST R Y & R R o
e, B B 22 ) 45 E SR 0 v B B B K 9 2 2] i
W ¥ Sr 2 I ElficientNet $5 85T 824 > M4, U 45 &
HYGUE G U A A JE A B K A 4 A MR R O
#] 97. 2% ; Nasiri 51 I F VGG16 4544 1) CNN 5
B %t 24 00 3 2 R Ak AT A B, o B R 96. 55905
Turkoglu"" FIl F IR B % > $ R, i | DenseNet 45 % )\
6 NN [ 5 ) 2R 4 1 PG v B IBURRAE L AR 5 0 2R AT 19 R AE
A KT 0 A2 B A (BILSTMD |, % 24 50 0 25 11431 31
HERA IR B T 99.17 % s Botta 202 Flk B JF 9 LeNet-5
By Nr T 800 R ER PN A CNN AR R ok o 5%
95.38%6 s IANE B R F AL AR L6 £ AR, IR 4 A TR 2
> I 46 TR )2 VKRR AIE BRI g R R A T 4 2 B R L 4R —
FhIET YOLOvA 9 4% i Tk 451 38 25 46 0 7 9 76 £ 46 0 i
YOLOv4 15550 5% 8 AS 8] A1 1) 0 53 48 18 0 1E 8 2R S 25 o
86.22% ; Tang 251 i FI Btk ) MobileNetV3_large 155 %l
X 5 B A R AT IR B, ME B 3R Gk 96.3%, Wong
ZETOTME ] AlexNet 45 B 25 ) 45 B0 A0, 48 B 72 1 33K
P € (14 2% > PR RAE o 2 00 4 AiF AR 0 ofi 7 3R 91.8 %05
kW SE DS HE ST T — R BICHE 9 YOLOVS 28039 I B R
e AT L 4% % B 9% W 4% MobileNetv3 %] YOLOvS
AR ey, DL R A ASE 20 47 2 B ) ok 3035 19 4 0w + s /1s
T G 000 5% SR, SELAG 0 o B 2R 0K 95 %0 LA B

A LG TR 45 1 B R A 35 3k, 36 BRI 28 I 46 A5 AL fig
i 5 B T R A UL MG L A FRURR 0 T) 4% A5E AR l 2%
%, ALk YOLO.R-CNN % A # 2 W 25 o 3= T Bl
H #5587 B B 1 ResNet. SuffleNet 48 ] T2 (K B 14 iR
I 2 B 5 T 45 BB R ok, S [ A R o B X TR
1SR B 30 22 G FR A SE . A X B LR AL
B2 b S 43 32 S 8], 25 AR 28 ) 46 A5 A B 45 X R 46
T Ak 0 U X 2R P A% 200 A5 o B U A R — B A

78 40008 7 1 2R X3 ZR B OR BB I 45 R B LB TR
058 G X0 26 1) TR AR A by 5080 4, 43 0 S R T NS R A
WHEY YOLO-v5 ResNet Hl SuffleNet £ 54 , 3 [ 4 A [7]
B Xof 224 30 X0 4 A TR ) A 230 TR NS AR 8 9 A BN 2 1 AR
3 IO 1 S LA ST AR A R T R 0 A0S R TR R A
PR

L FRHRTG ik
L1 B
RS 7 4 8 4 72 2 500 4 R I T 5T T

= HEETERMEMERINRYBEEKIARZ

KFANH EALRERRS B HERURIERES
S AR R RS — B Horh 250 BOSE A AT &
M T A A, B A o A S % k(17
IR AR R 1 FTR . M 10 em K 30°H9 V ELRIE R TR
DA TR 5 48 o 5 26 5 il 238 300 {00 A 9 k) 9 1 43 o 3k, 3t
PR 250 MG AR L Ay 250 Mo SE R B L & K0 B
TR A, L R 2L Ry (654 28) pm,

VAL

fii i

Ji&

Al g&FENEFRETEH
Figure 1 Schematic diagram of simulated impact

equipment for poultry eggs
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Figure 2 Egg dynamic image acquisition equipment
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Figure 5 Error changes during training of different models
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Table 1 Accuracy of YOLO-v5 model in identifying
crack regions in images
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Table 2 Recognition accuracy of preprocessed crack egg image
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Table 3 Recognition accuracy of non-preprocessed crack egg image
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