98

FOOD & MACHINERY FAEETH BE297H | 202657 A | ARSHIM

DOI:10.13652/j.spjx.1003.5788.2025.80686

ETYOLO v #EEIW 3 B & W8 E L il

e A u

PN B N T BEFBE, )P BN 542899; 2. BN AP dh 544 TR 24 0%, )70 WM 542899;
BRI F SR E AR, M 542899)

WE: (BRI L —FE T A AL G R o 5 2 A W #7 8EF 4675 A KA AL A RIS
P AR EH Mg RBAE N [ FRIR B AR T YOLO vI1 =4 5 £ 46 ml A5 A ol 52 4% 40 &K R
(TVB-N) A& Z Ao pH/E , ¥ PIAE R 5 H 8" RS MM " Z 8 MAE LA 4680K 55 P E R IIEE (1 247K R4
Bzt B4 T RERAT BEMERBREAEAR), 22X ANAE BiEffnKXE, RAEHFIR
w4, £ PyTorch 4E 22 T An & A I 4 A £ 47 % 4L YOLO vI1 A& 4 A SGD AL £ (F J £ 00 # F9%, 5t 5
DenseNet161 . EfficientNet_b2.MobileNet v2.,ResNet50. ShuffleNet_v2_x1.ViT_base_patch16_224 6 #F £ il 4% & it 1T 2
L[ RIYOLO vII AR A BUAF AR 5 69 M 4k, B4k \7’!%7}"51'%3— 1.000, 2 4% T sk 5 s AL A VIT _base patchl6 224,
ﬂéFIM&E>ﬁ$ﬁ$#§ﬁiiﬁ&%%?;ﬁ4{m§ﬁ3[ WK AR 2 ¥ YOLO vI1 A2 5 A T 4 A A 47 8 4 46l
AR, 5 S0 SR o AR Oy vk B S AR A R R A MRk, R ILE M A 49 1.000 4 R R e AR 12 ms A
ik JEE AL 7 RO KAE b T AR 5B R AR 5 B B AR B AR AL AR A, T A TR A B AT SRR, & K R R A A A
F>98%,
KB B T A A 4 £ AARAE N ;YOLO vIl; TVB-N; pH A

Non-destructive detection of pork loin freshness based
on the YOLO v11 model

Deng Zhonghui' Xie Wei™”

(1. School of Artificial Intelligence, Hezhou University, Hezhou, Guangxi 542899, China; 2. School of Food and Biological
Engineering, Hezhou University, Hezhou, Guangxi 542899, China, 3. Guangxi Key Laboratory of Health Care Food
Science and Technology, Hezhou University, Hezhou, Guangxi 542899, China)

Abstract: [Objective] To develop an intelligent method for non-destructive recognition of pork loin freshness based on computer vision
technology, which is to be achieved by establishing a classification model for accurate, fast, and non-destructive detection of pork freshness
in the cold chain industry. [ Methods] A classification detection model is proposed based on the YOLO v11 architecture. First, total volatile
basic nitrogen (TVB-N) content and pH values are measured before the meat samples are divided into three categories: "fresh", "less fresh",
and "spoiled". A dataset of 4 680 high-resolution images is constructed (generated from 1 247 original images enhanced through operations
such as rotation, flipping, cropping, brightness adjustment, and blurring). Then, the dataset is divided into training, validation, and test sets in
a 6:2:2 ratio. Utilizing a transfer learning strategy, the YOLO v11 model with pre-trained weights is initialized in the PyTorch framework
and trained using the SGD optimizer (learning rate of 0.01). Finally, the model established is compared with six mainstream models:

DenseNetl61, EfficientNet b2, MobileNet_v2, ResNet50, ShuffleNet v2 x1, and ViT_base patch16_224. [Results] The YOLO vil
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model achieves excellent performance, with an overall classification precision of 1.000, significantly outperforming the best baseline model,

ViT_base_patch16_224. Additionally, the proposed model demonstrates significant advantages over other models in both F, score and

accuracy metrics. [ Conclusion] In this study, the YOLO v11 model is successfully applied to the non-destructive detection of pork loin

freshness. With high-precision generalization capabilities, the proposed instance classification method achieves a detection rate of 1.000 for

spoiled meat and ensures food safety. With an inference speed of 12 ms, this model is suitable for real-time non-destructive detection in

production lines. Additionally, exhibiting a strong generalization ability, the model can evenly recognize multiple levels of freshness, with

classification accuracy greater than 98% for each category.

Keywords: pork loin; freshness; non-destructive classification detection; YOLO v11; total volatile basic nitrogen (TVB-N); pH value
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Figure 3 Curves comparing loss function values and accuracy iteration on the training set
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A1 T B 5 P BE 3L B, ResNet 55 DenseNet [ B8 HG #45 oK
B Ak N 92 B AL fiE 5 ShuffleNet A1 EfficientNet 7 iE 1] £k 24
ko PG, 7E 3 s i A L, SE RS T % B YOLO vl O
BE /R BE A A ) L i1 2% 3% £ 2R FH MobileNet_v2 (72 fb/30 %
ST ) B 2R RS B AT 55 R VIT base_patchl6_224 (75
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RS 5 .
23 BHEANLENAYRERER

8 B DRI B 15 G B8 UCORT B 8 803 0y 26 1E
S5 v R M RE AT AN T B 4 A A e I R
i 2 2 W[ %1, YOLO v11 il ViT base patchl6 224 {1 £ [[]
R 0.981, 7E 7 R T b OB d v, 2 WY KT R K )
4 U A 47 1 8 0 R PR o LR, NG 2R K B R A R TR B
1o A RS 4 BT R PR AR R DL 2 B K
YOLO v11 B4 %3k 1.000, HE 45 — ; ResNet50 A K 2,
h0.973, F VR R 45 A 6 b, U 4 Il 38508 5 S Y
xFJE VP AR R (RS A M . YOLO v1L 9 F, 43 0ol
0.990, [l RENL AN — o HEM R IAE S 18 b5, TEREAR R
ST B CAn B8 P R AR /D) T RE R AR R

R 45 8 FL DROBI B 3 43 AT 55 1 W oK A5 AL T A 1
TR A 5K R F ) 50 B> iR A A e ZU)F
FEA Xt i I ) B 3 BT A L DB R i AR 2k
ZEA 2, YOLO vI1 76 A [0 % (0.981) A 1 % (1.000) |
F, 70 %0(0.990) F&BURAE, BRI (0.994) IR Ry fe i, %
WA HL A PR U S AR B W E . R
YOLO v11 h&iG R MmN,
24 HEBNEEER

FH &L S AT, FE 36 E B SR FEAS 1, YOLO v 7E° 3T
i 7 24 ) b v B 2R g 0.981(255/260) , 7E “ YCHT i 7 25 1)
A MERR R N 1.000(260/260) , 1 76 M " 28 51 L3k 7] T
1.000 (1 #E 813 (260/260) o AHHLZ R, H Al A5 0 7 B e 2%
o 1 A O e 7 N i - 9 O S
DenseNet161 7£ “ Ji W " 25 51 I /Y #E 5 ALK 0.796 (207/
260) , EfficientNet b2 7 “ Y H £ 7 2 B b Y E 5 R AL N
0.776(202/260) . £5 45 75 JE 45 B 5 7R [W] 28 51 - 1 38031
HEAG A A | AFUE i %<, YOLO v AR B -7 i A7 26
) f 34 Ay e BRI e WG R N A e R B R 1
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PR B 1 R AT 45 B L
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Table 2 Actual application data and experimental results of various models for pork loin

9 A KN LR N TR i # Il 5 F o8
YOLO v11 64015 % X 640158 % 32 0.994 1.000 0.981 0.990
DenseNet161 64013 % X 64014 % 32 0.900 0.916 0.821 0.865
EfficientNet b2 64015 % X 640158 % 32 0.912 0.815 0.958 0.884
MobileNet v2 64015 % X 640158 % 32 0.952 0.971 0.887 0.930
ResNet50 64018 % X 64014 % 32 0.977 0.973 0.958 0.968
ShuffleNet v2 x1 64012 K X 640182 K 32 0.960 0.967 0.956 0.964
ViT base patchl16 224 64018 % X 64018 K 32 0.982 0.966 0.981 0.974
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Figure 5 Confusion matrices of each model
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