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Quality Grading Method of Preserved Egg Gel Based on Multi-model
Feature Fusion Technology
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Abstract; Aiming to address the issues of high cost and subjectivity in the industrial grading of preserved
egg gel quality, a multi-model feature fusion classification framework tailored for visible/near-infrared
spectral data was proposed. Firstly, key spectral wavelengths were extracted by using the competitive
adaptive reweighted sampling ( CARS) algorithm, and a support vector machine ( SVM) model was
built, achieving a classification accuracy of 90.8% . Secondly, a one-dimensional efficient channel
attention module ( ECA_1D) was designed and integrated into a residual-connected one-dimensional
convolutional neural network ( 1DCNN ), resulting in the 1DCNN _ECA model, which achieved an
accuracy of 92.8% by extracting deep spectral features. Additionally, a long short-term memory
(LSTM) network was enhanced with a self-attention mechanism to construct the LSTM _Self model,
effectively capturing long-range dependencies in spectral data and reaching an accuracy of 92. 1% . These
three feature representations, derived from the CARS algorithm, the 1DCNN _ECA model, and the
LSTM_Self model, were further fused to develop the TripleFusion model, which achieved a grading
accuracy of 95.0% , outperforming all dual-model fusion configurations. The results demonstrated that
multi-model feature fusion can compensate for the limitations of individual models in feature
representation, significantly improving classification performance. This work can effectively address the
challenge of non-destructive grading of preserved egg gel quality and provide a novel and robust approach
for visible/near-infrared spectral data analysis and modeling.
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Fig. 1  Texture test of preserved eggs
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15%] 7 LSTM _Local , LSTM _ Global , LSTM _ Graph .
LSTM_MultiHead ,LSTM _Self %X 5 HELA K ¥ INE
v 7 7 ML A 5L b A5 B Ry LSTM, 445 45 2 g 4G
BRI 3

HH 2 3 AL, IR TR 3 5 ol 32 25 T AL A B

3 FAREBANEI LSTM HBWERARE

Tab.3 Effects of different attention mechanisms on LSTM model %
- PEN Rz i FI {8 r——
PGP egg IGP egg PGP egg IGP egg PGP egg IGP egg
LSTM 90. 1 90. 6 90.5 90. 1 90.3 90. 4 90.3
LSTM_Local 88.6 93.1 92.7 89.1 90. 6 91.0 90. 8
LSTM_Global 92.6 90. 1 90.3 92. 4 91. 4 91.2 91.3
LSTM_Graph 89.6 93.6 93.3 90. 0 91.4 91.7 91.6
LSTM_MultiHead 91.1 92.6 92.5 91.2 91.8 91.9 91.8
LSTM_Self 90. 1 94. 1 93.8 90.5 91.9 92.2 92. 1

Xf LSTM A5 #Y f) 4 BB AT $2 THRCR , Horh Self Attention
R X A AR B ) 4 T R i o ARG o
H92. 1% B T IR B AR T T 1.8 D H 73 55
MultiHead Attention R 2 , & TR AR T T
1.5 /~H 43 /5 ; Graph Attention £ Global Attention X
D B 0 TH AT AN B B9 88O, e 3R T T 1.3
1 A~ 43 5 s Local Attention X A5 5 4 GE 11 32 T &% 5
AR E AT T 0.5 AN E S
2.4 ¥FEREEXTLE

TR E A IE R AE Bl S O 2 4 Bk

IDCNN_ECA 2 HFAE S CARS 4 B 55 AR #E 47
Fi& 53] T DualFusionl 581 5 LSTM_Self 2 B f¢)
FEAE 5 CARS 48 HUCHY ¢ Ak JF 17 Al & 15 2 T
DualFusion2 % ¥ 1DCNN_ECA £ B4Rk 5
LSTM_Self 42 B4 ¢ Ak 217 il 5 43 2] T DualFusion3
BEAY F IDCNN_ECA 42 A FFAE \ LSTM _Self $2 Ht
%R AE A1 CARS $ W A9 %F fiE 3E 47 Rl & 15 3] T
TripleFusion A5 5 | AN [F] 452 5 {46 ) 28 5 % bE 4n 3% 4
B

31 ~4 05,3 Fh#a—4i 8 b IDCNN_ECA

R4 FERESEBKLNER
Tab.4 Detection results of feature fusion models %
o A [l % K i % FI {8 r—
PGP egg IGP egg PGP egg IGP egg PGP egg IGP egg
DualFusionl 96.0 91.6 91.9 95.9 93.9 93.7 93.8
DualFusion2 91.1 95.5 95.3 91.5 93.2 93.5 93.3
DualFusion3 95.5 93.1 93.2 95.4 94. 4 94.2 94.3
TripleFusion 96.5 93.6 93.8 96. 4 95.1 95.0 95.0

AR Fy A6 802K Fe i, LSTM_Self #273K 22, CARS 5.
2 T BRI R AE B 4 S ST B SVM AR BRI i 2=
XLl R A (2 Fo AR iE 12 SRS 12 10l A AR ) A T %4
RYUF TR B B TP ORI 1Y 2 AR A
FlE 15 3] B9 SUEL A 45 B DualFusion3 #6054 5t 5%

U, HERR R Ry 94. 3% |, F— A5 R Hh I 25 11 T A AR
fil 5 153 ) (% DualFusion2 A5l 2 5 f 25, U A
93.3% . ¥ IDCNN_ECA # %1 LSTM _Self # %I I
CARS B ¥ fr 48 BU 09 4% 1 2F 17 @b & 15 2 0

TripleFusion FERURS 4R B e, HLMERR =Ry 95. 0%
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AW 5T Al Y 2 Fh LA il A TDCNN
ECA Fi# LSTM _Self # %1 5 CARS %4 3 5 fiF 19
TripleFusion #5 #1 1E 7 75 %8 ¢ &b BT 4> AT 55 R B
e, HER SR IA 7] 95.0% o %45 R R, L4 R
fERL & W E P T TR e ) . R
T, AN T AR A R B3 X6 D 5 A 1) G 1 A A L 4
(R RFIE B A EAME RN Z AR PE Rl G J5 T 3R AT 2
BEELF 0 7 A B2, DT A 54 e A R P g
PRI b d 28 35 4% TripleFusion #5 84F Sy fiz 45 B M i T
I3 AR A e e ARG B 3 S R R

PR — A5 AU X [, IDCNN_ECA #5 AY fL T 3
AR, 3Rl B IE BT LR 2 FRES g v S 2 2
YRR AE $2 30, AT 38 58 T X &2 2% A 2k 1 56 &R i A
REJT . AHLLZ T, LSTM_Self #5 A4 14: GE W ifb , W] fE
T LSTM X B 4 A A 5, T D' 31 i 4l oy #2507
B, i B M A w0 EL A B[R] AH OG0 JL R A B 7 45
5T e H 55 A B K 5 )y . CARS L 454 SVM %
AU R A 25, R RE Y T HL BT 38 RRAE AT & A R
TOARUE B, 1M SVM il = VR BE RRAE B B S TU A7 B 4
A8 1, T BOE AR BB AN SR B 2 S A

T WLl A A % d 1 DCNN_ECA 5 LSTM_Self 4%
fERL A BBV OR et . — 77 I, % Rl A R A AU

AR B & , G 0 TR AR 18] ) 52 B 5 95—
7 T, 3 T A TR JEE A TR0 0% . o 50 5 1 AR R R R AR 4R
WCRE Ty, Rl e A R B S R RE Ty . M 2
&, i T CARS FRAE4E 5 5 TR AR i tH AN — 3,
TR IR & 7 20, Rl S RORA R

ARG 3 MRRE R A /Y TripleFusion #5171
RER AL, FC OB PE T BE U T . 78 IDCNN_ECA 5
LSTM_Self 4§ fit 41 BUf & I 28 — 4k 5% 22 1 B 5tk fb
Jo, PR CARS e U JU 6 6 15 R AL, {458 28 75
FrR AR CRE ) B[R] IR, S T W3R AR R, 2k —
AP TE T B A TS R R

4 ZERIE

O il T g R T i JB A I A ARG I 5 4 2 () A
AR SCHE T 0] WL/ T LA G T Bl A T — R AR
FRAEmL & 1 4y 207 k. BRGR S R R W], iy i
TripleFusion 5 A 3@ i3 Fl & 1DCNN_ECA | LSTM_Self
55 CARS 3% 3 EHRE LR G M Z G B K E
BEIE i BT 53 AT 55 T Ik B 95. 0% B HER 3, & R
— R W E R T IR T 2 BB R AR S R g
JEIE BT T AR o ASBIF ST B 1 22 AR R RRAE il
B IR A AL A DR T B B Bt B P B O B )
L, A SR ] UL/ 3 2T A G T R ) A R A T R AT Y
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