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Detection System Study of Defective Egg on Mobile Devices
Based on Deep Learning
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Abstract; Aiming at the problems of large diversity of defective eggs, as well as the strong subjectivity
and poor real-time detection of artificial detection, and the potential risk of food safety for end-
consumers, a non-destructive testing system based on deep learning for defective eggs on mobile device
was proposed to realize real-time detection of cracked eggs and bloody eggs. An improved lightweight
convolutional neural network MobileNetV2_CA model was firstly established. MobileNetV2 network was
taken as the original framework, it was further optimized by embedding coordinate attention mechanism,
adjusting width factor, transfer learning and other parameters. The PC detection was also performed for
comparison. Results showed that the MobileNetV2 _ CA model presented the validation accuracy of
93.93% , the recall rate of 94. 73% , and the average detection time of 9.9 ms for a single egg, which
was 3. 60 percentage points higher, 4. 30 percentage points higher, and 2. 62 ms shorter than the original
MobileNetV2 model, respectively. The parameter score of MobileNetV2_CA model was only 2. 36 x 10°
which was 31.59% lower than the original MobileNetV2 network model. In addition, the NCNN deep
learning framework was used to train MobileNetV2 _CA model, which was further applied to Android
mobile terminal through format conversion. The verification of mobile terminal detection of NCNN deep
learning training model was investigated and compared with TensorFlow Lite deep learning model. Results

showed that the NCNN deep learning model had an average recognition accuracy of 92. 72% , an average
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detection time of 22. 1 ms for a single egg, and the library file size of 2.7 MB, indicating its better

performance than TensorFlow Lite and meeting the requirement of practical applications. The

effectiveness of the proposed system based on deep learning was finally demonstrated.

Key words: defective egg; non-destructive detection; mobile devices; deep learning; model optimization
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Fig. 6  Flowchart of deployment of defective egg identification model to Android

2.2.2 APP Xk

JIr i T B B R A I APP 32 B4 45 - R AR
Pl P 0 A B S o A 00 ARG 00 45 2R /R 4 AR
B FE S A Ta fros o F P AT 1A AR R O
e P HLHE AT X S B R AA AR . P 5 T Ak TR B
A AN B BB AR D 320 R 3R % 320 R,
T 482 i G 0 B8 A AR T ST . B B G I A R
TIFUEH NCNN 1§ TensorFlow Lite # #l t 47 £ i 43
2K gL R Ol R B A 2 R A

PEEMIEH EHITHRER,
- Q

< BESW S REEWE

9 mEFE D REERS

(a) APPERT

(b) CPUME
7 bR APP SE

Fig. 7 Defective egg identification APP interface

(c) GPUMiH

3N, BB A APP Lwl U QU S|
FHFAUA AL I %3 88 647 00, 45 R an &l 7h Tc i
7~ ,NCNN #E 42 ﬁﬂﬂﬁﬁﬂf#”%ﬂ%ﬁlﬂ% 13 AR 7E T
Bl CPU 1 GPU iz 17 N ¥ A ik, il 40 % B, 38 &
GPU s I 328 47 4 1R 1) R T

3 HEASNKBERSTLLSHT

3.1 MobileNetV2_CA #& %)% 1§
311 iRl

JEAE PC 3 MobileNetV2 _CA % 4 (¥ 4 1 2
ils Xﬁﬂlléﬁﬁﬂ%&%ﬂ&i% 53 0 X A AR T HL
Hil S BRI HETHMIKE., 5%k
MobileNetV2 [ 24 Sy BE it , 4353 76 AH 7] 1 09 2% 22 22 1]
o CA i SE il [CBAM R H HIA R A T2
B, 0 eI A h RS M BEE R E R LGRS
HERf %, 25 R AR 8 Ji 7R TR VG 4 I 25 5 E I R
4350 K 94.83% 93.16% 93.83% .90.33% , & W]
BRI RN T 2 HL S HERfR R A B B4 s, HA
R 0 ) A A T T AL A 7 X ke B ER AR AR N | R
M EGF .



% 3 3

TR 5]
Tl =
F;k 5%

B
=

M3 EE L
keS|
(a) MobileNetV2+CA

My IEW R
HIZH]
(b) MobileNetV2+SE

Yo S5 ST IREE 2 )W RS ol s B B A I R S AT 417
180
175 .
o um 160
125 = 120
100 g 100
75 = 50
= = 60
40
25 A 20

Mm¥E  Ew R
eS|
(c¢) MobileNetV2+CBAM

Mm¥E  EH
HA)
(d) MobileNetV2

<18 MobileNetV2 fif A AN [R] i & 1 AL 5 2 09 1R 16 56 15

Fig. 8 Confusion matrices obtained by embedding different attention mechanisms in MobileNetV2

B 5 B T8 T IR AT I R ), e A
AR B9 i e M R SRR X LA R AR 3 R, o
Bl i A AR AR T T 0 L Jim R TR i vy o R B
#5450 AT A3 A TR B 2 B50a AT T 1 5 3l i
BB SO T 0.75 J5 , AR ME B R AR 1,97 4
53 H SRR 1,28 x 10°, # KAk T #
BN R 5 B i i 3 2 ), (S R e S B 47
MEf R 2T 1.07 A H . e NI,
MobileNetV2_CA 2t i 58 1 v Aff 5 42 7} 3. 60 4~
T3 AR AR B /N 31.59% |, e AR S BUEE LN
B IR R S AU R s F) 96.43% (91.52% |
93.84% , L& 5 WU Ry 93.93% , 4 B A A T HL S
PR SCHF

% 3 MobileNetV2_CA ik Is &5 R

Tab.3 MobileNetV2_ CA ablation test results

ARTE SR A . %/
e it % R/ % /%
3.45 x 10° 90.33 90.43 95.17
0.75 2.17 x10° 88.36 87.13 92.77
3.64 x 10° 94.83 94.93 97.40
V' 3.45x10° 91.40 92.97 95.93

V' 2.36 x10° 93.93 94.73 97.33

0 2% A5

MobileNetV2 — V/

voo0.75

3.1.2 Grad — CAM W] #ifk 45 5

it AL Pk 25 00 1 v (%) S0 B8 R i B 2 R A —
i 38 4 Grad — CAM"™' i 75 ¥ 4 %, MobileNetV2 _
CA BRI FEZ M T AL AT I, S5 R &l 9 Fis
FH 119 AT, B A I 265 10 AN W7 2, 455 280 A DT e %] 4%
T S 1Y DX, B — IR R 2, AR RS
IR0 000 BRE RS AE (39 56 T BE AN T 3 I, B g BT 3R A s
A X TRECE, B G E R R BURE
A A REAEAT JEL 5 X8 T I B, A5 AR O R 2 O T B XY
AP KB RRE TR B o
3.1.3 MobileNetV2_CA 5#% &2 CNN W 45X} Lt

byt — 2 9 I o3 A BT 42 RO Ak AR B RS A 3
Android T L3 i 2 51 M RE , B AL HL 60 > 56 1iF 42
FEAS, BB B 5 AP 42 & 4% CNN R 2% MobileNetV3 —

P9 RN A = AiE ] A4 R [

Fig.9 Visual thermodynamic diagram of characteristics

of each layer of model

Large ., MobileNetV3 — Small, SqueezeNetm’m .
MobileNetV2 | EfficientNet ** # # 5 MobileNetV2 _
A HEAT IR X L, [ B a0 3 7 g A 1 2 R Y

YIN 254858 9% 25 R0 I 3k 48 o 1 %6, 3 5 4= 455 8 1 |
ZRAE O o

K10 24 iZ 6 A M 25 1) Il 25 ok #2, 18] 10a F
Pl 10D 43591 2 7 M Bff 238 48 2K (i B a2k A 2803 n
AR L. 45 R BoR, B AR BB o 150 IRz
Ja &AM 2 0 HER R AR E B TR,
XF kAR 300 YK 5 A& S 15 R Bk e A 0O i) o
FOH MR RERE SRR T SR T R ] 2
mk 4 s,

M 4 Rl EfficientNet #5251 58 45 4 1 -
D 2% TE B TR 5 A B A G &R E TR A %
T H A F) 94. 87 % ,6 4~ W 4% rf R B A U (A S 8
J5 M, EfficientNet 5 A & 8 OK £, A 3C ¥ #F 19
MobileNetV2_CA HL#I S8 & K 2.36 x 10°, 5 N
AE SR/ 5 BEAN £ BE A B A DN 3 B8 %o L an i 11 fes
MobileNetV2_CA #4615 (8] 7 9.9 ms, F 3
fefd o X BCEE T MobileNetV2 A5 #Y , o i 58 4 &
3,60/ H 4 A, A R E 4. 304 H 4 A A



418 g Bl M

2023 4

—— MobileNetV2_CA
— MobileNetV3-Large
— MobileNetV3-Small
MobileNetV2
— EfficientNet
— SqueezeNet

HER /%

50 100 150 200 250 300
ESAN/¢
(a)

251 — MobileNetV2_CA
— MobileNetV3-Large

2.0 — MobileNetV3-Small
= \! MobileNetV2
K15 — EfficientNet
o= ’ — SqueezeNet

1.0F

0.5F

U N
0 50 100 150 200 250 300
EARUEL
(b)

10 6 il AR 28 90 205 3 28 o 1 5 S4B 2% {0 1L
Fig. 10  Comparison of classification accuracy and

loss rate of six convolutional neural networks

x4 BRENLER

Tab.4 Model comparison results
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