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Abstract: Granulation is a common internal disease of citrus fruits, and it is difficult to identify the fruits
with this disease from their external features. In this study, an acoustic vibration experimental setup was con-
structed using a micro-laser Doppler vibrometer (micro-LDV) and a resonance speaker. This was used to col-

lect vibration response signals of ‘Aiyuan 38’ jelly orange. The one-dimensional vibration response signals
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were converted into vibration multi-domain images, and a Resnet-Transformer network (ResT) was construc-
ted to extract deeper features from the vibration multi-domain images for identifying granulation disease in
jelly oranges. In this paper, the ResT, Resnet50, and Vision Transformer (ViT) models were trained using vi-
bration multi-domain images, and their performances were compared. Then, partial least squares discrimin-
ant analysis (PLS-DA) and support vector machine (SVM) models were trained using vibration multi-do-
main image texture features or vibration spectrum features, and the performance was compared with the ResT
model. The results show that the ResT model trained using vibration multi-domain images can achieve accur-
ate identification of jelly orange granulation disease with 98.61% detection accuracy, 0.986 F1, 0.986 preci-
sion, and 0.986 recall. The proposed method can accurately identify granulated jelly oranges with simplicity,
speed, and low cost.

Key words: laser Doppler vibrometry; acoustic vibration; citrus granulation disease; non-destructive detec-

tion; vibration multi-domain image
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Fig. 3 Flow chart of vibration multi-domain image generation. (a) Vibration spectrum curves of jelly orange obtained by fast

Fourier transform, (b) vibration response signal of jelly orange; (c) vibration multi-domain image generation module

with contains the convolution block for downscaling the time-frequency signal, the Stockwell transform (ST) block for

generating the time-frequency image, the Gramian Angle Field (GAF) block for generating the time-domain or fre-

quency-domain images from the time-frequency signal into, and the normalization block; (d) the result of visualizing

the vibration ST time-frequency domain image; (¢) the result of visualizing the vibration GAF frequency domain im-

age; (f) the result of visualizing the vibration GAF time-domain image

N T R R AR A I S A 5

(EE- 1T 900, A% GAF B SRR EG . & HT

RIS B, (AR HLA A 7 (GAF) X —4Emtdi 228 (GADF) i3 AU T



w10 ), e PO % R BB R R SR R A 5
sin(py -+ sin(gr—g,) 2 1) 75 T 43 A A 30 T B BB 152y B
GapF < | SMeTeD) o sinGame) S, BRIIRITET 15 SO, MIR 32 L
. o FUR IR T 45 S,
Sin(g, =)+ sin(p,— )

(3)

Hodr, ¢ = arccos (%), - 1<%<1,% € X, 7= i} [6] '
FIHSS A BEE, XJRBFRUF S X 5 i —
AR5 S A5

SR B R S st el R A PR A A s A
3(c) it/ o I B Convl K % 2 1 {5
5 (K 3(b)) FEZERI KN 1224 [EHRAF 5,
H GADF ¥ B 38045 5 4 i il 224%224 4z 3/) GAF
I EM& (V-GAFy), 7T BAL 5 A&l 3(f) s o
PRSI0 AT 5 28 b PR AT B P AR 6 e 46 LI S0 43
A5 5 (8 3(a)), B2 1d 5 FLH Conv2 [ 4 i
1x224 SR A5 5 )5 , 145 FH GADF K438 (5 5 4wt
fith B 224%224 5 3 GAF #i38 E1% (V-GAFy), 1
MALSE WA 3(e) . AR sh Z B EE 1)
K/NHy 224%224x3, B4 UG HEREL & ST B 3 (&
8. GAF BHEIZF GAF Stk K14
24 —HEHIELIE
241 H3h % RAG LIS I

155k sh Z W EG G, i K A B AL A
P4 (GLGCM) G314k sh 22 38 UG (R A TRl 466 P (L

242 RIVIMIEH L LI

PRBATE R oA 2 o i 5 R R R
RAL A CHEAR &, I ELICA A A0 5 2 i 23 38
BRI . S T I ERABE IR (%) S50 8 -/
%3 & 0L AN D O C 8l ik £ o 2
AR, R TE S A id N E AR (CARS)
PEPCAROMA . CARS Bk UCK 2 Ar i it
Tra s, 7Rk AC R R rh e Y ff i 1 AR . AR
P15 B (G PR AR B AT IR AT, 4% PLS
AL /N RMSECV T4 A AR 55
TEAMEZE L 5 728 SIS UE R Aiff 2 22 1 AL
i, SRR Y SRR R 50 K
25 RAREBR IR EESE
2.5.1 Resnet-Transformer 4~ A5 A 649 My 3

TEXIGAAGT H, 357, T — Resnet-Transformer
IR (ResT) RAR BRI & & L AR, 1N
4 firn . CNN BP0 3 32 BERINAE 5 TP 1k 42
W, MAE 4 AR E BA R BRYE . Transformer
MRS PLGTE 4 R {5 B, # CNN 5 Transformer AH
55 7T LSS P R 3 22 3 R i 2 R B A

B, DA g A2 ) U R 3%

Swin transformer block

_______________________________

_______________________________

] 1 1
! - = > | = H—b >
| =Y = i VTR ,
H A A |= A y Y
1 1
i N i
N U e e ——— A
I‘\
| = A T I T
| ,"x\‘ - i o = [} = o = Q
Eﬁ s /v /38\[/8\ s Ex 5 =ExP =ExP <Ex
Z o2y Y ENERECBEPEECEPpEE8E pss B
~ MY PP P S PaES PaEs S PSS
g 2 2 5] < 3] < 3] < 3] <
. : = = Joe] Joa) m & = & = & = &
Vibration & A a =¥
@]
x3
= > >
=} =) =} =) =} =) ) 4 =) . o g
5) 15) 5)
J’OPZP"‘-’()PZP'J-POFZP'_]-PG}P'_]-P 2 ¢ 2
N (M g - IE gj B | f&j § L ¢ c ¢ _ ¢
g =
* % * (=4 — >
— on - <
=
Bottleneck

K 4 ResT HRZEM/REZRE ., ResT FE i £4FET CNN 1) Bottleneck 3t F13% T Transformer /1Y) Swin Transformer $t2H

B, 73 9 B BR324 s B R g T2 15 8,

Fig. 4 Schematic diagram of ResT model structure. ResT mainly consists of multiple CNN-based Bottleneck blocks and

Transformer-based Swin Transformer blocks, respectively, which extract local and global deep information from vibra-

tion multi-domain images



6 FEDEE (hgEso

#18 %

B G, Bk sh 2 BIEEMEH ResT BH A, &
i Conv, Maxpool Lk & Bottleneck JZ#47H]4 1)
FRAE SRR, B /N 224%224x%3 (1A RIS T i
BRI 56x56x96 (1 [AIREAE A FE . o Bot-
tleneck >4 Resnet [ £ Hpay 47 5% 22 3% 42 1 FRAE 42
HURLER 3% 25 7 12 1T LA R N 45 PR RE AR b
)R, B, 4 e AR H A 2 T Transformer 1Y
Swin Transformer Block H' #4174 R RRfiE L, 48
H1E3IR 1E6K.3)F 12K 1)E24 %
i Swin Transformer Block Ji7 , 45 1iF %5 4 K /N4R
o 49x768., BfiJG Zidt I — AR5, B AR R
H 75 1] E A, A2 RN R 13768 (AR [,
G el M2 e O 2 A1 2 5 a5 R .
1E1)1| 2k ResT #5741 | Resnet50 B4 A1 Vision Trans-
former 7 (ViT) B, f HH 1 i b Al 71 (Adam)
AR TINLR, 27> %4 0.000 1,

2.5.2 PLS-DA #= SVM 2 £ A2 44 #y 3%

J T R WA ResT IMERE, B4 H 5
PLS-DA DIk SVM BERIGEAT L ES . i TiR3h £
BEUGA 8 T — 48, e PLS-DA LI K&
SVM KA, RIS GLGCM MR sh 2314
B2 B 45 A R 80 B REAE AR S PLS-DA FiI
SVM i A M4, ib (i CARS AR BHHE
TEPEAT HOB AR AL 53| 2k PLS-DA Fl SVM B,
TEII % PLS-DA BB Rk FE vy, i 5 4728 S
UEJy 5, IR 96 Tk A rh B R B TR 3 R 1 2 i
FERLO e . FE I 2R SVM AR (i B v, i A
A% 5 2 R S e AR AR R B R B 2
AWKEL K gamma {8
2.6 SFEERENIFNIERR

i FHUERR R ORTH % . F1ORTH (]R3 g 4
8 F5 F #r ResT. Resnet50, Vision Transformer,
SVM 1 PLS-DA 732 PERE . X SEHEARAYE X
.

TP+TN
Accuracy = ) )
TP+FP+FN+TN
. TP
Precision = ————— (5)
TP+FP

TP
TP+FN

Recall = (6)

Fl=ox P}”eCl:Sl:Ol’l X Recall . N
Precision + Recall

iR FEFR R, TP J& 1E 8 43 28 1 kr Ak SR R A%
YA . TN 2 I 53 28 104 £t e SR R A i Al
FP J2 {5 55 VAR A8 0 5 18 b U 28 O o Ak SR o
A% . PN SR 5 b A 28 Sk ft B R AL 2R R
R . ASHIFSE 1Y T A B AR 2 7E Python3.7
W TiE170 . RN ECE N Intel(R) Xeon
(R) Platinum 8338C CPU @ 2.60 GHz RTX 3090
(24 GB).

3 %R 5tk

3.1 iRENSER L A

Kl 3(a) o TR S R R I IE SRR A 1
I sh A3 W Ry R 2R, BT LR X PR RE AR 2 ]
(IR Sh AT Bl 2R AF e I i i 22 5 0 IR SRR
(55 — AR 5 AE 500~700 Hz 2 [6), 1 B Ak S
R S LR MR AE 800~1000 Hz 22 7] . #H
BT IE B FE R 0 I sh A il 2, Rk SR R
) 4% 3h A3 1 28 72 500~1 000 Hz 78 Fl P4 19 BE 1
SARZE . 5 B E IR R A 0 TE B R, HL LR
R A2 K R KN | R R R R i, 2 T AR R
WS BN BT VR O IR AT A X A [ —
AR AN TR 4200 B B R sh A n 1 SO
P L 7 1) BTz, Al LA AN [ 432 o7
() 3 S B % AG 5 K  22 5, DRI OAS [ A 42 s £
BT R IUR A A E R R
M) o 3K s 3 A (S04 30 Ao A3 335 1 i 40 % 3 28 fif o
TR 51 T 38 R R X s Ak e 2R RS AR TR
B 6CF B LA LT b ) J2& 4 3l 450 3% 200~
1400 Hz 5538 5 4 FH S ME 43 M7 (1 T A AR 25 5 . 4
& 6 It 7, 3§ SRS Y 400~1400 Hz 3 B (1 45 %
B 43 FH S PR 5 i, 4 1 S 400~800 Hz Al 1000~
1400 Hz Z [8] i 451 8 AH SCPE K T 075, X 1 B
s sl A b A7 A R R O A v A AR R
PR 1 5 22 T CARS 5303k DR sl 4 33 rh Bk i A7
ROR, EBRIUAYE B, LA S PLS-DA il SVM
()53 1 RE



R, S RO 2 8 SRR TC AR AR R R AL I 7

1
o — SVM 45 H 1 PLS-DA #5 8.32%, Jf FLFUK 2 4
£y = = e = N NN - .
s g ot B RS SRR . 25 R, TR
0 ‘ Wt B S A ) SVM A7 SRR (LR 1

\ EQ g, i

Amplitude
[

—
(=]

0 ) ) ) ) N
200 400 600 800 1000 1200 1400
Frequency/Hz

K5 RO R B R R sh g
Fig. 5 Vibration spectra of jelly orange at different place-

ment positions

1 400 1.00
1200
” 0.75
1000 -
800 0.50
600
0.25
400
200
0 400 0

20 600 800 1000 1200 1400
Frequency/Hz

Bl6 717 ZRARSITIE hZ AR T

Fig. 6 Correlation analysis of 717 vibration spectrum curves

Frequency/Hz

3.2 ET—H445EAY SVM 1 PLS-DA 42458
B S
A TIHR3h % B BAG LA E A

h T M TR Z W R Y ResT PERE,
AT T TR 30 2 UK R SO ARE (VMIT) (1)
SVM Fil PLS-DA &7 , %+ SVM A& A, i ] ]
AR ADX SVM AR R % ¢, Gamma B ‘g’
DL p AT AR AL o AR B S 5008 2 Ol e=0.1,
p=T, VA K% pR A “Poly” Bt EL A AH X 4 25 R 1)
PEfig. i IR 2 Z B EUR SORFHEII 25 SVM I
PLS-DA BiRY, Z5 58 4n5% 1 fron . WSRHPAT LA
A AR 2 2 38 R SC PR AR AR I 2R 1) SVM AR
IR AR I ET 3R H PLS-DA BRITE i, Horp
PLS-DA X 11 & H2 48 R 5 A R S 92.08%,
XA AL SRR (R R B HER N 74.42%, SVM Xt
TEH FRAE BN HERR 2 95.04%, XPRLAE AL
PR I HE R Rl 95.35%., TE R HERT R |,

321

J7 HPERE RAF

F1 ETiRsZ EEGSIEFFER PLS-DA 1 SVM

BB R R RN 7 K45 R
Tab.1 jelly orange granulation disease classification
results of PLS-DA and SVM models based on

vibrational multi-domain image texture features

T2 ) ,
BUR SEhR m?agu("/) rﬁﬁgg"/)
EH ki ° °
EH 96 5 95.04%
SVM 95.13%
Rtk 2 41 95.35%
EH 93 8 92.08%
PLS-DA 86.81%
Rtk 11 32 74.42%

322 A TIRIFIREFILEEE DM

B 3.1 715 AT, R sl A v AR A R S A DGk
BT IR 4y, PRI Ad F CRAS 5503 iR 31
W AR IR OUR B . WA T R, RS
WIS rR R EL T 26 AN OUR HEA T R AR R R

Wl

1.0 -
B

o CARSHHUFH

0.8 |

Amplitude
N <
» o

02

0 A ) ) ) .
200 400 600 800 1000 1200 1400

Frequency/Hz

K7 fiH CARS Bk MARSIIGE ik B A oA
Fig. 7 Selection of effective frequencies from the vibra-

tion spectrum using the CARS algorithm

i FH W RS 8 2R B Bk X SVM G AE 5] &R 8K
‘c’, Gamma fH ‘g’ #H1TEAb. *4 SVM LR S 4
FE N c=0.1, g=0.4, VI R 4% iR %0k ‘RBF I H A By
IR PR RE . AR S AR AR (VST) Y25
PLS-DA il SVM B, 450415k 2 s, MEH]



8 HrE D (0

#18 %

LAF A PRSI AR 2R SVM F1 PLS-DA

RS SR AR A O UM BCR Y L IR 3h 2

R SORFFAEYIZRIY SVM BERLRT PLS-DA #5

TR AR R AR AR . R R SEE R I

Z5H) PLS-DA BIRUARE T SVM BRI EA fz i Y

PUIERGA, 24 90.97%. {HAT 4 D IEF SRR

9 AR RAE U B IR

2 ETIRIVINEFFIER PLS-DA 1 SVM =R 3f R
HRRL BRI KR

Tab.2 Jelly orange granulation disease classification

results of PLS-DA and SVM models based on

vibration spectral features

e SR STt et o2z
FE R Wl EFRR
IEH 96 5 95.04%
SVM 89.58%
wifk 10 33 76.74%
IEH 97 4 92.08%
PLS-DA 90.97%
Ktk 9 34 74.42%

SRR, S5 G S THRSEFIE ) PLS-DA
F SVM X SR B8 R AR 1 PR ) M BR A4, [
A B M IE R FURLA SR VRS THU A iR
3.3 ETIRENZIEHEIRA) ResT 57 34EE

#J # T — > Resnet-Transformer 43 25 #5% 7
(ResT), FH T 51 1E # S8 Fobi AL SR 7R . [F]
Bt K5 Lk e 5 LAY ) ResnetS0 A AUFT VIT 47
XFEG o AR 2 2 5 BRI 2k ResT . Resnet50

VAT AR, e AL it 72 b, % & (1Y batch-
size K/NH 64, YIZRAEHECH 100, 4% 3 43 73X
3 AN ZREERIAELE R . FTLUE H: ResT
I Resnet50 7E Il 25 45 b i 1 B8 R E R 100%;
ViT BRI 2R b B9 ERR RN 99.53%., 1E Tl
4L -, ResT RS 1F H JEARME 1) 40 28 UER R Ry
99.01%, R SRR 1Y 73 K UETHH Ry 97.67%, &
PR ZEMER R K 98.61%, 1M Resnet504E I X 1F
RS R 3R N 98.02%, Ak S VARG Y E
K 97.67%, MRUERHK A 97.92%, VIT BRI
MARMERIE K 97.22%, ResT MIMER R m . W
Kl 8 JIr7, ResT ] LATHU H 430 kr Ak SR, (Y
B 1A IEH SRR R B SR LR R A . A
T, Resnet50 ¥ 2 4~ 1E # SRR TR G B 17 R 2R
TR, B 1 AR SRR UM B T 1E 5 R R
VIT ¥ 2 AN IEH SRR U AL T kAL SRR,
2 SRR RREEOI B T I SRR

%3 ResT. Resnet50 # ViT BY)IZREFFUNELE R
Tab.3 Training and prediction set results for ResT,
Resnet50 and ViT (%)

R MERR A ISR
ER ke Rk IEW Rk B

i)

ResT 100.00  100.00  100.00  99.01 97.67 98.61

Resnet50  100.00  100.00  100.00  98.02  97.67 97.92

ViT 100.00  98.61 99.53 98.02 9535 9722

100 _100 100
80 e 80 4= 80
1 - 2 2
H =]
= 60— 60 — 60
2 R =2 2
Q Q Q
< 40< 40 < 40
N a N
= 1 = 1 = 2
= 42 20 = 42 20 = 42 20
-0 -0 0
EH itk EH Rtk IEH ik
Predicted Predicted Predicted
(a) ResTHYZEH (b) Resnet50F 45 H: (c) ViTRYZ,H

(a) Results for ResT

(b) Results for Resnet50

(c) Results for ViT

Pl 8 FNAE A4S RHRA AR

Fig. 8 Confusion matrix of the prediction set results

HF VMIT 9 SVM (VMIT-SVM) F1 PLS-DA
(VMIT-PLS-DA) Lk } % T VST ) SVM (VST-
SVM) il PLS-DA (VST-PLS-DA) A # #- 1) 43 2%
PTERE . A T #E— 2o A B Y o3 MR RE, SR

F1, A5 B ATH B PPA H8 AR X B R HEA T PE M, 25
SRE 9O F WIH T ) s . Al UL, 53
T — 4 5095 79 VMIT-SVM, VST-SVM, AVIT-
PLS-DA F1 AVS-PLS-DA #8401t B TIRs1 £



13

R, S A RO 2 8 B IR BOR TE A R AR AR A 9

R EG 1) ResT #EAIAY F1, Precision £ Recall ¥4
BT 098 LU, Bosi TR ERET . 5
I F R 3 Z 3 EME 1 Resnet50 BLEI AT VIiT FBiR
FHLE, ResT BRI RERIFE T 4. X RUIEE TR
B 21 EME 1Y ResT AR AT DAAR 4 Hb X6 5 R A s
AR HEA TR . EAR LDV MREE AR BR B =
IUERAPE, (R 2 AR s s, TR LDV X 4%
AL T B Be, AR )38 FH P e ) I 75 75 1
WA AR M. HAh, LR/, &
TR S 4 s A i, BRI R kA AR
Ak, 3% AT g2 BR % 7 AR AN AR R 3
JEHSEXT TIEAR . G540 25 RIS

100 | Fl1
Precision
96 11 Recall
S 9
Q
= ssh
S
84 1
0TS S SIS
& F L ST
> g Ty
¢ & &I L
< N S
RN
Models

K19 ResT. Resnet50, ViT, VMIT-SVM, VST-SVM,
VMIT-PLS-DA Fil VST-PLS-DA H A% 5 v # ki f
TR PERE LA

Fig. 9 Comparison of the jelly orange granulation disease

identification performances of ResT, Resnet50, ViT,
VMIT-SVM, VST-SVM, VMIT-PLS-DA, and VST-
PLS-DA models

S

4 % &

AMFFE A FH A AT 75 2R R Sk e R
SRR RS N 55, KR Shma By {554k
BR 3 2 S K15 . [A] B 44 & T Resnet-Trans-
former 73 2R AR (ResT), LAE MR 3h 2 48k 151 45 h
PEIA SRy AR A IR SRR RIS {5 2., SEERXT AR
AR AR R HERTIN o BEAR, R T KAIE ResT A5
IR 2EPEBE, ¥ H 5 Resnet50 Fl1 VIT RIS T
XF Lo K I TR 8 Z I RS 1) ResT BE7 15 5L
TR Z RS SEARAE SR SIS ARAE (%) PLS-
DA Fl SVM f BRI k7 e, S5 5R LM, MiE T+
Resnet50 1 ViT #8, ResT # AU A B4 A 1 BE
BEAh, FHES T FH iR sh Z S RN rh U iR 8h 2
3 R SO AIE 3535 PR 2l W1 R fiF 2 57 Y PLS-
DA 1 SVM #5258, i F ¥z 2 2 5 161 15 & 57 1)
ResT M HAT AP PERE . SCORLE SRR, LT
P B Z2 3R EE I ResT A5 B X S VR AR I A5 1) A6
DR R A 98.61%, BRI F1 A 0.986., A%
40986, A EIFN 0.986. HitiiH, FiIET
Prh Z2 30 B 1) ResT ALHI T LU TR i ki 1k
REAES5 o SR, FRATT SR SIS R R Ao A
BARGIN, (H 3 A L B L i i & I
Hh, FIRILC AT N TR AL PO, B
AR ARG o PRI, R R AEZR A i 5 45 LA
R [ St TR ™ —2 1 TAEE .

(1]

(2]

(3]

(6]

ZHENG Y J, TIAN SH J, XIE L J. Improving the identification accuracy of sugar orange suffering from granulation
through diameter correction and stepwise variable selection[J]. Postharvest Biology and Technology, 2023, 200:
112313.

THEANJUMPOL P, WONGZEEWASAKUN K, MUENMANEE N, et al.. Non-destructive identification and estimation
of granulation in ‘Sai Num Pung’ tangerine fruit using near infrared spectroscopy and chemometrics[J]. Postharvest
Biology and Technology, 2019, 153: 13-20.

W3 3%, B, F %, 5. RN GREETCIRIN T 247 KBk T ki st (1], 47405, 2023, 51(3): 454-462.
CHEN Y Y, XIA J J, WEIL Y, ef al.. Research on nondestructive quality test of Pinggu peach by near-infrared
spectroscopy [J]. Chinese Journal of Analytical Chemistry, 2023, 51(3): 454-462. (in Chinese).

TR, BEAA, L&, F. T EPMERME UGS 2 A 00w BT 5E 1], 54745, 2024, 52(5):
695-705.

YU SH, HUAN K W, WANG L, et al.. Multicomponent quantitative analysis model of near infrared spectroscopy based
on convolution neural network [J]. Chinese Journal of Analytical Chemistry, 2024, 52(5): 695-705. (in Chinese).

JIE D F, WU SH, WANG P, et al.. Research on Citrus grandis granulation determination based on hyperspectral
imaging through deep learning[J]. Food Analytical Methods, 2021, 14(2): 280-289.

NAYAK S L, SETHI S, SAHOO R N, et al.. Potential of X-ray imaging to detect citrus granulation in different cultivars
with progress in harvesting time [J]. Indian Journal of Experimental Biology, 2022, 60(4): 263-268.


https://doi.org/10.1016/j.postharvbio.2023.112313
https://doi.org/10.1016/j.postharvbio.2019.03.009
https://doi.org/10.1016/j.postharvbio.2019.03.009
https://doi.org/10.1007/s12161-020-01873-6

10 DL (R3eso H18 %

[7] KADOWAKI M, NAGASHIMA S, AKIMOTO H, et al.. Detection of core rot symptom of Japanese pear (Pyrus
pyrifolia cv. Kosui) by a nondestructive resonant method [J]. Journal of the Japanese Society for Horticultural Science,
2012, 81(4): 327-331.

[8] ZHANG H, ZHA ZH H, KULASIRI D, ef al.. Detection of early core browning in pears based on statistical features in
vibro-acoustic signals [J]. Food and Bioprocess Technology, 2021, 14(5): 887-897.

[9] ZHAO K, LI H, ZHA ZH H, et al.. Detection of sub-healthy apples with moldy core using deep-shallow learning for
vibro-acoustic multi-domain features[J]. Measurement: Food, 2022, 8: 100068.

[10] JIN CH, XIE L J, YING Y B. Eggshell crack detection based on the time-domain acoustic signal of rolling eggs on a
step-plate [J]. Journal of Food Engineering, 2015, 153: 53-62.

[11] SUNL, BI XK, LIN H, ef al.. On-line detection of eggshell crack based on acoustic resonance analysis [J]. Journal of
Food Engineering, 2013, 116(1): 240-245.

[12] WANG D CH, FENG ZH, JI SH 'Y, et al.. Simultaneous prediction of peach firmness and weight using vibration spectra
combined with one-dimensional convolutional neural network[J]. Computers and Electronics in Agriculture, 2022, 201:
107341.

[13] #%, 5RL, B SUGR. WOCEE FIMIREATER ™ i i S I o 2 (0] R UK 57 3R, 2013, 44(7): 160-164.
CUI D, ZHANG W, YING Y B. Applications of laser doppler vibrometer technology in nondestructive detection of
agro-product quality [J1. Transactions of the Chinese Society for Agricultural Machinery, 2013, 44(7): 160-164. (in
Chinese).

[14] FATHIZADEH Z, ABOONAJMI M, BEYGI S R H. Nondestructive firmness prediction of apple fruit using acoustic
vibration response [J]. Scientia Horticulturae, 2020, 262: 109073.

[15] ABBASZADEH R, RAJABIPOUR A, DELSHAD M, et al.. Application of vibration response for the nondestructive
ripeness evaluation of watermelons [J]. Australian Journal of Crop Science, 2011, 5(7): 920-925.

[16] AKAN A, CURA O K. Time-frequency signal processing: Today and future[J]. Digital Signal Processing, 2021, 119:
103216.

[17] FU W L, JIANG X H, LI B L, et al.. Rolling bearing fault diagnosis based on 2D time-frequency images and data
augmentation technique [J]. Measurement Science and Technology, 2022, 34(4): 045005.

[18] HUANG X F, LEI Q, XIE T L, et al.. Deep transfer convolutional neural network and extreme learning machine for lung
nodule diagnosis on CT images [J]. Knowledge-Based Systems, 2020, 204: 106230.

[19] TANG X Y, XU Z B, WANG ZH G. A novel fault diagnosis method of rolling bearing based on integrated vision
transformer model [J]. Sensors (Basel, Switzerland), 2022, 22(10): 3878.

[20] LIU H, LIU ZH Y, JIA W Q, et al.. Tool wear estimation using a CNN-transformer model with semi-supervised
learning[J]. Measurement Science and Technology, 2021, 32(12): 125010.

[21] ALSHAMMARI H, GASMI K, BEN LTAIFA 1, et al.. Olive disease classification based on vision transformer and
CNN models [J]. Computational Intelligence and Neuroscience, 2022, 2022: 3998193.

[22] ZHAO K, ZHA Z H, LI H, et al.. Early detection of moldy apple core based on time-frequency images of vibro-acoustic
signals[J]. Postharvest Biology and Technology, 2021, 179: 111589.

[23] ZHANG W, CUI D, YING Y B. The impulse response method for pear quality evaluation using a laser Doppler
vibrometer[J]. Journal of Food Engineering, 2015, 159: 9-15.

[24] DING CH Q, WANG D CH, FENG ZH, et al.. Integration of vibration and optical techniques for watermelon firmness
assessment [J1. Computers and Electronics in Agriculture, 2021, 187: 106307.

[25] #Rek, 2o, % @@, F. BOCZEPMREOR BT BERE [J]. #0550 & 5 5 3, 2022, 59(19): 1900006.
ZHANG CH, WANG SH, GUAN X Y, et al.. New progress in application of laser doppler vibration measurement
technology [J1. Laser & Optoelectronics Progress, 2022, 59(19): 1900006. (in Chinese).

[26] WANG D CH, DING CH Q, FENG ZH, et al.. Recent advances in portable devices for fruit firmness assessment[J].
Critical Reviews in Food Science and Nutrition, 2023, 63(8): 1143-1154.

TSN
Mdm (1992—), B VTP EN, 4, PH0m, A4 Az S0, 2022 4 F v B B2 Be i H 7 F 55 BT 3k
@ B2 07, FE N AL B I 5 . E-mail: chennan@ecjtu.edu.cn
e

-


https://doi.org/10.2503/jjshs1.81.327
https://doi.org/10.1007/s11947-021-02613-2
https://doi.org/10.1016/j.meafoo.2022.100068
https://doi.org/10.1016/j.jfoodeng.2014.12.011
https://doi.org/10.1016/j.jfoodeng.2012.11.001
https://doi.org/10.1016/j.jfoodeng.2012.11.001
https://doi.org/10.1016/j.compag.2022.107341
https://doi.org/10.6041/j.issn.1000-1298.2013.07.027
https://doi.org/10.6041/j.issn.1000-1298.2013.07.027
https://doi.org/10.1016/j.scienta.2019.109073
https://doi.org/10.1016/j.dsp.2021.103216
https://doi.org/10.1016/j.knosys.2020.106230
https://doi.org/10.1016/j.knosys.2020.106230
https://doi.org/10.1016/j.knosys.2020.106230
https://doi.org/10.3390/s22103878
https://doi.org/10.1088/1361-6501/ac22ee
https://doi.org/10.1016/j.postharvbio.2021.111589
https://doi.org/10.1016/j.jfoodeng.2015.03.013
https://doi.org/10.1016/j.compag.2021.106307
https://doi.org/10.1080/10408398.2021.1960477
mailto:chennan@enjtu.edu.cn

	1 引　言
	2 材料与方法
	2.1 果冻橙样本
	2.2 实验装置与振动信号的采集
	2.3 振动多域图像的生成
	2.4 一维数据处理
	2.4.1 振动多域图像纹理特征提取
	2.4.2 振动频谱特征的选择

	2.5 识别果冻橙粒化病的建模方法
	2.5.1 Resnet-Transformer分类模型的构建
	2.5.2 PLS-DA和SVM分类模型的构建

	2.6 分类模型的评价指标

	3 结果与讨论
	3.1 振动频谱曲线分析
	3.2 基于一维特征的SVM和PLS-DA分类模型建模分析
	3.2.1 基于振动多域图像纹理特征建模分析
	3.2.2 基于振动频谱特征建模分析

	3.3 基于振动多域图像的ResT分类模型

	4 结　论
	参考文献

