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Image recognition algorithm for pork freshness based on YOLOvS8n
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Abstract: [ Objective] To realize precise, swift, and non-invasive detection of pork freshness in large-scale cold meat industry chains based
on computer vision technology. [ Methods] An image recognition algorithm for pork freshness is proposed based on YOLOv8n. Various
data augmentation methods are employed to enhance the pork feature extraction from images. The transfer learning experiment method is
utilized, an appropriate optimizer is selected, and the training weights of the model are improved for higher accuracy in the final
identification. Based on the YOLOv8n image recognition algorithm, the improved YOLOv8n-cls model is developed by data augmentation
and optimizer improvement for the algorithm. [ Results] After transfer learning and improving the optimizer, the average recognition
accuracy, recall rate, and mean average precision (mAP) of pork freshness image recognition achieve 99.4%, 83.8%, and 91.4%,
respectively, at an image recognition frame rate of 149 Hz, demonstrating promising experimental outcomes. Following normalization
training and ablation testing, the accuracy of pork freshness image recognition increases by 0.5% to reach 99%. [ Conclusion] The
improved YOLOv8n-cls model improves image recognition accuracy while maintaining requisite speed, meeting demands for pork
freshness real-time detection, and recognizing in practical production settings.

Keywords: pork; freshness; non-destructive detection; deep learning; YOLOvV8n network; image recognition

PEN B R ER AR M2 — B AR B BT AR G AT, PR P O R ) ik
JEE I B0 PR A RS X T ORI 2 E R R RARE T P T AR UK, A ol W B D R

ESTE : [H 50 G0 &5 H (45 :2022YFD2100500)

BEEE HZE1984—), 5 VLA LR = BERITTSE A, W1 . E-mail: liujun@jaas.ac.cn

%5 B #3:2024-08-29 B [E H #§:2025-03-21

SIRAMES: TR A B 58 LT YOLOVSn (4% PUBT F B2 B R YU T L[], frdh S HLIK, 2025,41(5) :98-104.

Citation:WANG Lian, LIU Jun, PI Jie, et al. Image recognition algorithm for pork freshness based on YOLOv8n[J]. Food & Machinery,
2025, 41(5): 98-104.



F&M | Vol.41, No.5

A (TVB-N) K50 M G 383003 B pH R AR ) 261241
T I AY T R R AR L BAT 8 R P R AR I
RN Z BRI A 4% L B i, af DL N7 B A B 3 0 T
S A 5 50 A R T

THE AL S8 80 5 A GE A AR A2 A | v 3 S e 4
PRS0 REAS 1 P2 A PR R K 2R B S BE 2 4 HLG
A5 (4 BB FE RS A A pl AR DA A PRI e AR O
MBI I A5 B 3R B B0 B A5 R AIE oK TVl 45 PR 1 1) Oy
e ANACELA S 0 R RE M IR A s R B 2 1 A S
PERARAES ' BRI Z M4 (CNN) fiE H 12240 7 1550
o E EUR S S RSN A F AL ge iR . 3 b 5 T R
00 Z 25 ) 43 A5 ) T CNIN A (25 20 450 3 VA6 3% 1 3
S5 R L 2 A B R R 0 R AR AL S5 CNN, XL
ZNTH AR T AlexNet, VGG 16, ResNet50 1 18 L Kz — F )i
A1 EfficientNetB2 B4 75 Tl A A3 5 B 4325 L ) 34RE
2zt W W IR, EfficientNetB2 [ 4% 7£ [ 3l i1 5 K & E LU
98.62% [ {It 5 i 4% o b H Al A AR I G v ATk
ResNet50 15 7 3 17 5 R B 6 )32 4 G374, &2k i 1 000 %%
AR YNGR BT IR SR, 96 UE HE R 2 5K 96.90% . H2fR 46112
T —FP R A ResNet50 4% 2% W 28 5 28 Sk 3 3 22 B
PR )BT R R, SR T 94.5% 25 A R MR K .

I ARk, CNN PR & i, Hoh YOLOv8n Sy — Fl i 45
U 7E ImageNet B4 45 38 B R 7 3 (80 R F0 & o 25 A
B HAE AR 2 80 0 IR e ) R R T 7~8 % .
5T IUIE T YOLOVSn FF & — Flos 1A 37 ff B SR 5 3% L 1
AR J7 3, 38 Bl 1 e A T B AR TR TR AR L B A

F % EF YOLOvSn B3 A # & FE ERIR B B %

S 58 PR 1 S TG DR R A
1 YOLOv8pEiZy

YOLOvV8 24 YOLO By 3# Wi 4 , i Ultralytics 23 & JF &
) — F SOTA (state-of-the-art) # . YOLOVS % ¥ 4> )5
P W58 ALAE 55, AL 4G K I L 43 1) A 1 L8R i A 4y
ST A R SR SR — RORR O S — RE 4R
%, T LA JR) B Ak B PRI A5 43 28 ARG A 43 ) R, G HE R
JH—F 4 24 “Backbone” Y == T W 45 , 1T LA 42 B {5 1)
FREAE B o SRJ5 L 38 3 S [ 1 S 35 00 28 25 4, 4 3 LB R AR
15 Bl 5 R AT 551

7E AR 51225 |, YOLOVS BA LU T4 - D R
TN 2 A5 Y, 7F ImageNet B4 45 LA 5 m Ml R ; © i
i CSP-ResNeXt 1E i 3 1 M 2% , 45 & ResNet Fll ResNeXt
B0 A5, B 0 R AE 4 HUGE ) 5 © I Cross Stage Partial
Network 3§ 5 R IE F 35 s @ 51 ATE R I HLE, nss 3 br ke
TEAREL; © i A5 HER Tl 64018 K X 640 1% %, {H 18 1%k
B A R R 3208 K X 32014 K ;© MK MR G TAR %
P H  ToU M F11 Grid Sensitive i 2% , 32 T} & {57 5 85 1
@ R FH o S8R0 B3 B4 B . Y OLOv8 5 Al (1 4 1A AE
Z0E & 1 TR . YOLOVSn 14 ¥ 4% 45 #4 i Backbone (&£
T 4% ) \Neck (213 I’ £ ) A1 Head ( 3k 355 (9 2% ) 3 &8 4 21
B . Backbone it 37 M A G h 42 URFAE SR AR AL IS
Iy CSPDarkNet-53 4244 , I 5] A C2f & 4L YOLOVS
) C3 A, DL & T3 R0 R A S HUBE J7 . Neck fi F
Backbone fll Head Z [0] , 1 5% il & AN [ )] (9 4R AE &, 1%

LRI

Bl
¥ ¥
[ E | [ AR

\%ﬂﬁ}ﬁﬁﬁ&ﬁk—ﬂ G | NG || e | SR
| | | f

LA

(o 25 [ <

s S
EnAs K2
v e B

j =
e

R
[

A1 YOLOvSAE:LA 44

Figure 1

Structure of YOLOvS model
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Figure 2 Examples of pork freshness dataset
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Figure 3 Process of training and testing data augmentation
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Table 3 Optimizers and learning rate parameters of deep

learning models
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GoogleNet  SGD (I 8 #f J& — Bt i momentum  0.01
Tj=0.0, % 2] F 5 1H=0.01
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Ji1=0.0, % 2] H 98 =0.001)
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Figure 4 Loss function value iteration curves of models
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Figure 5 Accuracy iteration curves of models
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Table 5 YOLOvV8n classification performance of validation sets for each class
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