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Astragalus membranaceus from different origins. Methods: This
study proposed a rapid detection method for the origin of
Astragalus membranaceus based on the improved MobileNetv3
network based on the combination of electronic tongue and
electronic eye. The electronic tongue and electronic eye were used
to collect the one-dimensional fingerprint and two-dimensional
appearance image information of different samples of Astragalus
membranaceus. The Gramian Angular Field (GAF) was used to
convert the one-dimensional electronic tongue signal into two-
dimensional image information, retain the time series related
features in the electronic tongue signal, and then fused them with
the image information collected by the electronic eye. Finally, the
MobileNetv3 model improved based on Pyramid Split Attention
(PSA) was adopted to realize the classification and recognition of
Astragalus samples from different habitats. Results: The
experimental results showed that the method in this paper had
higher recognition accuracy than using electronic tongue or
electronic eye alone. The accuracy, precision, rrecall and F-score

98. 8%, 98.8% and 0. 99,

accuracy of the

of the test set were 98. 8%,

respectively. The classification improved
MobileNetv3 network was 8% higher than that of the original
model, and the parameter quantity was only about 1/5 of the
original parameter quantity. Conclusion: The improved
MobileNetv3 network can effectively reduce the calculation of
parameters and improve the recognition accuracy of Astragalus
membranaceus from different origins.

Keywords: electronic tongue; electronic eye; gramian angular

field; data fusion; MobileNetv3; Astragalus membranaceus
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Figure 1 Electronic tongue system structure and

physical diagram

HLT HBE
Jarp IR Bk

IR AL
LA R 5L

Je £
wTRARLEHTER

Figure 2 Electronic eye system structure and

LEDJT V15 %%
A 2

physical diagram

5 SR A 1 TR A5 2 B3 B R S TS AT AR AR R AR R G
SR 4 BN 1800 1% 3 1AL HL R e T AT SR AL HE
1.4 tEhBRA

& LA AR S (GATF) J2 38 3 45 48 UG 1 — 4 )5 51 5504
N A 2R B 4 BT AL AR R SR 5 38 AN ) R = [R]
AT i1 B R B A B 22 R PN AS [) B ) 5B [ A O 1 1 —
Fhorik. M GAF XHE 5 3E 47 i 3 32 2 A4 W A0 5
© RFF T WP S 09 0 K (5 5 1 ud A Bl & A B
MFEBE R 22 A ENA T M 3 B #Em; @ % it
i, 555 g RBRZ M2 RR . ASER
— (5 S T RS B . GAF 14 b 5%

ALK - FIGES X = (z,20,00,
s, b R (DR H LR [(—1,1] .

~ [x; —max(X) ]+ [x; —min(X)] | 1.9
T max(X) — min(X) T

3oeam o (D
IR 2 GO I — B 8 2 () R B R
AR AT T — HE RO o G AR KRR B Ak D i e
BRI @ kN R B VRS AL 2R 4R s
{goi = arccos(x;), — 1< x, <1l,x; € x

Tt

t, R (2)
r; = ﬁ’ti €N

A

ti — x; XN A LA

N TR 1 A R

EETE . ETEFEMEFREGYE MobileNetv3 # 2 5B ¥ iR &

W 5 EF i) 4 386 0 s B ) B & 4 7 AR AR R R 4R TS R
N T 1 ey BRI A 7 3K A B A (] PN RS I Ll

BB 3 X AME T R Z AT M 2238 B EUE M fiE
SRR AR B AN [ B (] (5] B 22 (8] G AH O Pk L RS L I 3
(GASF) Fl#% $7 18 /1 22 3 (GADF) 1y & 3L 4n =8 (3)

K@ FR.
Saar = [COS(SD, =+ Pj )] =
cos(pr +¢1) cos(gr +¢,)
COS(goz.+ 1) COS(§02.+ ©u) _ )}’ ;{ B
cos(ep, + ¢1) cos(gp, + @.)
1—x" o 1-x (3)
Dar = [sin(e, - v =
sin(g1 — ¢1) sin(g1 — ¢@,)
sin(ng.*gal) Sin(goz.*ga,,) V%7 . x—
sin(g, — ¢1) sin(g, — ¢@.)
X NVI-x, )
K

Sear— A& LA F3 5
D(;J\F*%fmﬁﬁﬁ%;
17$fﬁﬁﬁﬁ[1 S, #lj;

XS B 1 B i) P ) 5

X' X W T B

WA AR T — 455 5 b o 2 R A 5 B &
R A GAF XHE 5 1 i i 5t B2 ] 3 B
1.5 B3Ry MobileNetv3 (&8

MobileNetv3 J& — it & & 9% % & % > BAL, & 7
MobileNetvl ) % B 7] 43 B 4 1 (Depthwise separable
convolution, DSC) ! Fil MobileNetv2 % 5] 5% 2% (Inverted
residuals) G5 H B Al 1 JF — ¥ SE W 1 B S A
F| bneck Z5 44 b, AT A B 5 Ak 58 3 FRAE 90 AS B e A
AEMVET . 3 4b 813X MobileNetv2 W 4% i5¢ 5 B B ) 43
J2 1 B K Y [a) 8T, MobileNetv3 B /] 4% 7 W 2% 2%
¥ G — 2R EAL 2 BT IE B R s — B
251 hard-swish 0 oR 50K B AR M 25 1 1 31
hard-swish 2= W= (5) 7= .

ho— Rt (5)
6

K.

h hard-swish B4 7iG K245

x LTINE

R Relu #iE BREL .

MobileNetv3 f#EEIZER N K 4 fiw, EEB 2 7%
i ik 3 — 1k 2 (BatchNormalization, BN) | hard-swish

39



40

£ 51l SAFETY & INSPECTION

M

1 000
RIS
Sampling point

ik

Voltage/V

1
SRR —O— WA

TS
B3 eFERF

270°

B 2608 | 20234 6 B | RASHIM

OO
315°
225°
180°
Ak PRI

Wit AR £ Ao R4 4R A A 3 A 0 R R B ARt A2

Figure 3 Different image processes generated by electronic tongue signal through GADF and GASF
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