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An Intelligent Method for Pork Freshness Identification Based on EfficientNet Model
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(1. College of Engineering, Nanjing Agricultural University, Nanjing 210031, China; 2. College of Intelligent Manufacturing,
Taizhou Institute of Science and Technology, Nanjing University of Science and Technology, Taizhou 225300, China)

Abstract: A method for measuring pork freshness based on images and the EfficientNet framework was established. A total
of 2 500 images of pork with different freshness were collected as original dataset and processed by image enhancement
to construct a new dataset of 60 000 images. First, EfficientNet was trained with the CIFAR-10 dataset to determine the
basic structure and initial weights of the model. Then, the model was trained and improved using the constructed dataset to
make the model suitable for five classification problems. Finally, the established model was tested, verified, and compared
with the current mainstream convolutional neural network (CNN) models of Alexnet, VGG16 and ResNet50. The results
showed that the average correct recognition rate of the EfficientNet model was as high as 98.62%, which was significantly
better than that of the Alexnet, VGG16 and ResNet50 models. The correct recognition rate of the EfficientNetB2 model
was 99.22%, and the training time was only 157 min. The comprehensive performance of the EfficientNetB2 model was the
best, making it the most suitable method for pork freshness identification. In order to improve its generalization ability, the
optimizer algorithm of the EfficientNetB2 model was improved, and the performances of stochastic gradient descent (SGD),
adaptive moment estimation (Adam), root mean square propagation (RMSProp) and rectified adaptive moment estimation
(RAdam) were compared. The results showed that the RAdam optimizer failed to further improve the accuracy of the model
but instead helped to improve its generalization capability, which will of practical significance for engineering applications.
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Table 2  Dataset overview
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Table1  Major parameters used for pork freshness grading
o no MCEmEEKE KEEEGE B2 X AT E . IRIEEA SN ST L 6 Je o
DI P (CFU/mL) JRFE/ (CFUML) Wi/
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Fig.1  Pictures of pork of different grades
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Fig.2  Schematic diagram of EfficientNet architecture
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Table 3  EfficientNet baseline structure
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Table 4  EfficientNet parameters in the range of B0 to B7
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EfficientNetB0 ~ 224X224 1.0 1.0 20 20
EfficientNetB1 240X 240 1.0 1.1 20 20
EfficientNetB2 260X 260 1.1 12 20 30
EfficientNetB3 300300 12 14 20 30
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EfficientNetB7 600X 600 2.0 3.1 20 50
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Table 5  Updated steps of Adam algorithm parameters
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Table 6 Updated steps of RAdam algorithm parameters
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B /
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R @
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R 8
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1.4 ot

FEALTE WindowsHA 58 N 4%, CPUNI7-8700, N
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Table 7  Sizes of default input images used for deep learning models
R AR
AlexNet 227 X227
VGG16 224 X224
ResNet50 224X224
EfficientNetBO 224X224
EfficientNetB1 240 X240
EfficientNetB2 260 X260
EfficientNetB3 300300
EfficientNetB4 380X380
EfficientNetB5 456 X456
EfficientNetB6 528 X528
EfficientNetB7 600 X 600
#8  REVIBSMEN RS
Table 8  Deep learning model optimizers and learning rate parameters
A RUHESH FA%
AlexNet Adam (8,=09, £,=0999, >]FFEH=0.0) 0.001
VGGI6  SGD AR —FrEmomentumi=0.0, %3%%=00) 001
ResNet50 Adam (B,=09, $,=0.999, %1% 5H=0.0) 0.001
EfficientNet Adam (8,=09, $,=0999, %1% ZEH=0.0) 0.001

BWE T —E AT, T MR SN . BAR
SKH TR R, AR IS 235 1R v T )
o VGGIOMALZ i 5 1 2 b Ak 2 HE 2 1) 77 20k
B, PR 5 T BURIR M 48 4548, B IR = & R
DI SEEG IRV GG 6 2% 1 GRS TR AH X Bk, H 20
I GE M HER R RAC, UHT79.9%, U582 ANt
J2 V1 M 78 X8 T R B R AE I 4R BUSUR B %2« ML T
AlexNetfIVGG16, ResNetS0R| &% (1))l kit 8] AR A T
BRI, AR R E R m . RS0 20 MR 12
CE InAE T R AE M, AR TSR R . X
A] B2 K A ResNet5 0 25 45 71 % F residual 558 e 2y i 1
T BEIE S ANER FERRNE R R, E50 JZ A 22 N 2% B %
TRUEFF S 4L . EfficientNetd5 A ) 7 15 1E # 1R 41 % ik
98.62%, BHEALT Alexnet. VGG1641ResNetSORERY, H
W, EfficientNetB2FE R (1) IE R IR 1 R i£ $]99.22%, %k
I EMY 75157 min, £E&PERERAE, & —FhiidE &0 W T
i FE I R T V%

#9  ARABRBTRBIER
Table 9  Operation results of different models
g WABE o AR UARTE WARTH MERTY MERTY i
Foh e R SR RS EER% Wi

0 9891 97.62 9.1 99.94 86.12 86
99.02 98.40 98.53 99.96 8832 144
99.22 9822 9852 99.95 9235 157
96.81 98.84 99.33 99.97 82.15 1715
9940 99.32 99.34 99.98 94.25 284
9832 9871 9872 9997 BAU 303
98.62 98.74 9871 99.96 §7.53 315
EfficientNetB7 600X 600 98.83 98.03 98.12 99.95 8157 368

AlexNet 27X01 0 83.10 9361 9393 99.80 425 08

ResNetS0  224X224 10 9832 97.62 9792 99.94 8738 25

VGGl6 24X24 10 7991 98.83 98.84 997 8745 1092

EfficientNetB) 224 X224 1
EfficientNetBl 240X 240 I
EfficientNetB2 260X 260 I
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Fig.4  Accuracy curves (A) and loss curves (B) of all models
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Table 10  Classification performance of EfficientNetB2 for test sets of

five freshness levels
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Table 11  Model performances of EfficientNetB2 using different optimizers
" i %, Ly bl
z moh BN ke anes aaee
EfficientNetB2 (SGD) 260X260 10 86.87 85.65 85.36
EfficientNetB2 (RMSProp) 260 X260 10 98.89 95.58 95.81
EfficientNetB2 (Adam) 260X260 10 99.32 9235 99.66
EfficientNetB2 (RAdam) 260X 260 10 99.22 96.38 96.39
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Table 12  Distribution of errors in image recognition by models
A SR TERB AR KTEEL BN REEE%
EfficientNetB2 (Adam) 0 92 162 31 712 03
EfficientNetB2 (RAdam) 0 22 156 0 62 0
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