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Classification Method of Multi-variety Tea Leaves Based on
Improved SqueezeNet Model
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Abstract: In order to achieve accurate, non-destructive and rapid classification of tea leaf species, the
tea leaf species classification was realized through convolutional neural network by taking the images of tea
leaves of six varieties under complex background as the research object. The classic lightweight
convolutional neural network SqueezeNet was selected, and by adding batch normalization processing in
the Fire module, the network parameters were not significantly increased to greatly improve the accuracy
of the classification of multi-variety tea leaves. The 3 x3 standard convolution kernel was replaced with a
depthwise separable convolution, which further reduced the network model and reduced the network’s
requirements for hardware resources; by introducing an attention mechanism into each Fire module, the
network’s extraction of important feature information was enhanced. The test results showed that the
original SqueezeNet model had an accuracy rate of 82.8% for the classification of multi-variety tea
leaves, and the model after adding batch normalization had an accuracy rate of 86.0% in the test set,
and the number of parameters was only 7. 31 x 10’ | compared with the parameters before improvement.

The amount of calculation was only increased by 0. 8% , and the amount of calculation was basically the
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same as that before the improvement; the model after replacing the 3 x 3 standard convolution kernel in

the Fire module with a depthwise separable convolution model had an accuracy rate of 86. 8% in the test

set, and the accuracy rate was increased by 0.8 percentage points, the amount of parameters were

decreased to 2.46 x 10, the model parameters were decreased by 66.3% , and the amount of

computation was decreased by 60.4% ; the classification accuracy of the model test set after the

introduction of the attention mechanism reached 90. 5% , which was increased by 3. 7 percentage points,

while the amount of parameters was only increased by 1.23 x 10°, and the amount of operations was only

increased by 2 x 10°. The improved model was further compared with the classic models AlexNet,
ResNetl18 and the lightweight networks MobilenetV3_Small and ShuffleNetv2. The results showed that the

improved model had the best comprehensive performance in the classification of multi-variety tea leaves,

and the three indicators of model scale, classification accuracy and classification speed were well

balanced.

Key words: tea tree leaf classification; SqueezeNet; lightweight convolutional neural network; attention

mechanism ; depthwise separable convolution

0 35

I b B AOlr B2 e 2 v Y B BolE gk, R
nih 2 28 O T 9% 4 SOR T K By — 2R i B PR IR
F e R A A S R i A 7 [
WA IR OO E PR 2 R
2 G R 2019 AR R E 250 R iR 2.799 X 10° t,
JEA AL — 103,67 x 10° SR RS . fEK
W e R b B PR T AR AR, o —
L iy o 2 (] — 2% R A ) A A, S U 25 S /N
fdr e w19 23 26 YU A2 2 Ak, A% B8 1 O R O 5
K PEAR B I AR e ® L W, B AT
W 3 28 P EEAR T Lol N B A WL 5E X L
P NS 2 O e S = I i . =W A
A% [ B 3 A R B R 0 3 W R 2R S e, R B — Bk
2 AR AR HED s TR — b AT L Rk B
i AR B I b 26 Y T 0 e 2R ol R A
Rk EE R T,

TEZR AR = U, Ot 2 BT IR AL PRAE F R
(% 5 S FHZ Wi 22 . CHEN 45 FJH VGG — 16
R 2 B 00 285 3 I 22 D 3% R i 592 T X B i 2 2
SR A . AR R T ORI S b o
ji# ( Laser-induced breakdown spectroscopy, LIBS)
AR G5 G TS 43 BT 5 IBORRAE £ 5 A1) S 4 1) 5 AL
HEAT AR, BRSO SR SR O e B st
Ak BEIE5 24 FhOGIE 48 %, JH SVM — RFE & £ 47
fiE, JcJ5 f Ze v SVML B BIL 2R K 43 28 B8R R 4T 1
o I GIE R IBCREAE BAR T LA T 40 26 B2 A7
T8 Jay BRAE , A SC A 2% S48 AE BB 2 A B s
S5 ANF T AEARM AT T R HT o PR B RS B e
RO T i EL R A AR S UG A R AL A L 4L
AR R TF A A 2R R A 4y
KA IR S T7 1. 7 B R R R AR

= En W

>

Aib BB AN A B0 5% I AR R AR A Sy SR 1)
UINIEE IS E Savab S s LB S E [ A B i B T 2
SEL DS R I B R B 1 R A AR A L R
TREEAR &M AT ISR RN 3 26, Bk Oy ik |
IR ARG BE IR (ER 5 2 A SRR, RS AY
FRZ: 8, Bt MR B 7E 6 1 1y TR AR, 76 K 8K
AR, N T 4 IO AR A AE 1Y J7 5X 2 i B
U % B d 2 B %4 ( Convolutional neural
networks, CNN) 1y {18 7y 2 5500 1 8 2200 52, H.
A VU BE e A R PR AE A A, O B S R IR 27
SRR, 3T A SR R 45 A U 43 28 RN 45 5 T T2
BT o SCHRL 1S = 19 ] R HT B 3 B2 2~ A 1Y 5 AR A
2% B ST R Y 73 28 ROCR 2 (ELR A T I 4 A A
LM SHIER sHEERBERNL, ZRT
AT RS /IS LT 53058 J8AT BIR 55 1] 38, A A1) T 552 B
o i H H A& B 2 25 F 28 R oY 3=
BEAE P T B B0 40 2R I 1 2 I g 0
T i 2 B R A o AR SO TE T IS ) B Al
bt 2B IR A I TR A B A5 R (1) 5% Ak
WF5E . T SqueezeNet %5 FUAN 28 0 2%, 3 b Xof 1) 2%
SRR EAT 43 A, 45 G WO AR AL 2D R A  — A e i
X3 6 iR | B IR B 27 SRR, B AETT K —Fb
PR AR R UL R 10 M AR A S B A
MIREE T 280 B i 7 28, L2 A\ 2 045 L ) fifl
F L TRL S 1 P T 5% 852 R A8 i A XS i R 58

1 BEEMEESEFIE

1.1 Rges Rl

F 2021 4 6—10 A XF ) AR A ) I A K B 4k
VA ARAE T R AP AE ) 6 Bh RS, 20 S AE AR
O IR 5E R B RN R A R 8 4% 4 R ff A iPhonel 1
FHL AW AHHLIAEE 4475 5 R RS R, £
B4 & e IMX503 (1200 T4 %),



%2 1)

MBS . T U SqueezeNet 1L 8Y 1Y) 22 f B 2544 0t 202 07 Tk 225

AR K 4R th B R LS B
AN X T8 TR bR 7 6 Fob AN ] 25 44 i A T R i, G
Hh B AN S 1 PR AL 5 2 B B L2 A
Z 0 AR, A TR R R Dy 200 R % BN 4R
A LSS [ S BT R AR R, B e
JEUT R R A Ao R B v ) 52 PR 3 S BE T A M
YIRS TR IR AR R i) 2 A6 RE J7 , B A B 5 A Ol
.
L2 SEFE
12,1 Hds a2

W)@ T B, SESH RALIE r
TEAN ), J2 fol FH A R o 228 1) 245 3 ik S0 90 9K 3l Al A6 7R
FI 3l 2T AR AN 75 A By T T B £ IO 0 8
fik o H T U 8 R 2% 4 & RS 8, B DUAF (i
LA IO RUBS o DRI, 0 T o AR 28 0 2% 5 2 4 it R
R I REAS KA AT N G o B 19 265 1 B 400 TR) A
H1 T AS BIF 5 BT 3R R A R gl S A 1 200 1 1A
18, TCk I 2 A5 RN 2% (1 I 2 2] 20K, O T A
Bt 400G AL, 418 iy I 4 A8 R0 ) 5 R 1, A SO BLA
EE SRR TR P S PN EY 5 1 TE S

e B A A R AT KON B 9, 55 07 1 AL A UK B
BN BENLHERE i iy W7 e A PR AR % HE
S o OREIG SR 5 KO S A 40 TRY LA 23 D I AR
P4 bl 25 4 45 A 2 i g R B O 800
i, R A AR g A o 28 Ry 5 Y U1 2R 4R 1R MR
w7 4 800 o [ 1 O A [R] 24 It R 29 56k i s
BB L, N ZE B0 A5 Y 4 1180 3l i 47 1 K -F
B GBI DR TGO e BE N g 0T R R Bl AL e
FAb B

1 B 3 s R A H

Fig.1 Original images and images after data augmentation
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SqueezeNet_a_bn_dw 90.5 3.690 x 10° 0.109
ShuffleNetV2 87.8 1.260 x 10° 0. 102
MobilenetV3_Small 86.9 1.236 x10° 0.119
ResNetl8 92.3 1.1172 x 107 0.183
AlexNet 88. 4 5.702 8 x 107 0. 099

3.3 FRIAMNERTRULSH

X o 245 A5 R A A b A PR 4 SR R AT TR VA
W, an &l 8 Bz o MIEL 8 Wl LR, J0 73 28 Y
IR KABARTE X A1 £ b, AT L 3G 0k At A5 0 0 256 A it
Fror R A o AR TR A S B T AT AR b A
TEA B2 B I B ME R 3 4 1] A0 FL (3 A48
b, I 3 Fros .

H1 2 3 AT, AS SORE IR A 20 B i a4 1 Y
HERG R A 1] AR FL (AR PU Ay o (EU M HERf R AT
DA B, B DR FLE Bl 25 A i R R B LD LS
FE AN B9 0] B8P AR XTI L o e Ah, X5 G bR A 4 7y
FRORAFAE — 7 i 22, A 01 FBAK, K 8 7T, A
SO TR 10 PR A P8R 23 S X8 T M 41 L5 B



%2 1)

MBS . T U SqueezeNet 1L 8Y 1Y) 22 f B 2544 0t 202 07 Tk 229

XI5

R Il

R SUiS

[ 8 st 4 1 VA B
Fig. 8 Confusion matrix of test set
x3 FRHRESEMNRNKE LR
Tab.3 Experimental results of classification test

of tea leaves

Z EGHCR/W WEMR/%  ARR/ %  FLE/ %
R 200 94.6 87.5 90.9
Bl 200 92.6 87.5 95.5
EtApIR=) 200 88.3 94.5 91.3
EAIEE] 200 86. 6 90. 5 88.5
Xt 5 ) 200 91.2 98.5 94.7
g b 7 200 90. 4 84.5 87.3
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Fig.9 Class activation map

o i R I OG IR, 3 SR TR R A B SR AT AT, S
St H ARG S5 RS

4 g

(D TEHLWEE LT, A EE 4w M
KB ZR 0  EHG B 4R, 2800 B0 1 i s
X SqueezeNet A5 AU #4171 25 , 38 i T A0 2
SR, 2E BN 0,01 At K/ 85 XA 7 i
S RAER F AT IR B 90. 5% , AH Lk 8 ML SqueezeNet 52
RIS 7.7 A H 43 8, BB S8R R B 3,69 x
10°, [t 28 Mt SqueezeNet #5515 /0 49. 1% |, [a] B} 2 37
Je AR B 59. 2%

(2) 38 3 AL At 28 8 ) 2% %) b, AlexNet Fl
ResNetl8 7E 4 SCi 0 5% 744 5 43 25 HE o 2 43 3 A
88. 4% F 92. 3% , M REE 4> 2L BE 4551 H 0. 099 s/ g F1l
0. 183 /1, S 4018 4 5 A 5.702 8 x 107 f1 1. 117 2 x
107, FL A 43 M7 AT A5 B AR SR R S A 5 Al 26 i 55
K BE 28 DA ] — 7K B 1 B0 R, F S8R AE /R
KA E A 6]y 28 % B AE B AL (1) MobilenetV3_
Small Fl ShuffleNetv2 , 7 2 ¥ & F 45 W i H 1 4 2%
HERR R A b5 ME T 2 B A F & 1 SqueezeNet, {H
A M IEJE ) SqueezeNet_a_bn_dw # %

(3) ¥t SqueezeNet 5% AU 45 4 b V-1 1 2 4L
PAE 5 5K 4 E B R R oy SR BE 3 MR bR, 7E R
W D /0 AR 2 B8 P A SR RN ASE A 3 B A 1 ) 1) e
BRI PERE SR T 3 T — B m KO, XA R T
g FEURP 25 I 24 A5 AU 38 58 A 7% 2l 2 o 5 i A X
TR Z BRI & I, A B T 52 806 A Bt B G S R o
U, A 2 B R S B R B R T — A T 3 A
()07 1, L oy IR R A 2 TR 25 U Y i — 25 i
BEGE T LA



230 | 1 R A= S 20234
B % X
[1] Z=H¥. FREZME O EmEZSUEMR (D], . R IfE Ry, 2019,

(2]

[3]

[5]

[6]

(8]

[9]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

LI Suling. Research on the effecting factor of tea export in our country[ D]. Wuhan: Central China Normal University, 2019.
(in Chinese)
W], B Lk, b 2R S B e [T ] 2RI IR, 2021 ,48(3) 385 - 391.
XIE Xiaoming, LUO Yihong. New view on the origin center of tea tree in China[ J]. Journal of Tea Communication, 2021,
48(3) :385 -391. (in Chinese)
HU G S, WU H Y, ZHANG Y, et al. A low shot learning method for tea leaf’s disease identification[ J]. Computers &
Electronics in Agriculture, 2019, 163.104852.
PR 2 it 2 51 23 A RRARE i (2019.3) [R].2019.
The International Tea Committee. World tea industry review (2019.3) [ R]. 2019. (in Chinese)
SRS, X RH B AR T 28 R PR R TR RS R R AR T ] s 4#,2019,39(2) 1123 - 130.
ZHANG Yingbin, LIU Xu, LU Chengyin. Formation and development of Chinese tea sensory terminology[ J]. Journal of Tea
Science, 2019, 39(2) :123 —=130. (in Chinese)
B 2218 5% PRI, A HE TR NS 1K 7 S L AR AR I s AR SR 3R [T ] Aol TR A% 4R ,2015,31(15) :1 - 11.
DUAN Yan’e, LI Daoliang, LI Zhenbo, et al. Review on visual characteristic measurement research of aquatic animals based on
computer vision[ J|]. Transactions of the CSAE, 2015,31(15) ;1 —11. (in Chinese)
HRE XK, E w5 TR AL B AE 2 i e g T IR M e BT ] 2R REAE,2019,39(1) 181 - 87.
HUANG Fan, LIU Fei, WANG Yun, et al. Research progress and prospect on computer vision technology application in tea
production[ J]. Journal of Tea Science, 2019, 39(1):81 —87. (in Chinese)
CHEN B, YAN J L. Fresh tea shoot maturity estimation via multispectral imaging and deep label distribution learning[J].
IEICE Transactions on Information and Systems, 2020, 103(9) :2019 -2022.
W, B, 4 B BT MOC TR S Gk i 28 v AR P 4 35 [T EOG,2019,46(3) 1285 - 291.
XU Xiangjun, WANG Xianshuang, LI Angze, et al. Fast classification of tea varieties based on laser-induced breakdown
spectroscopy| J|. Chinese Journal of Lasers, 2019, 46(3) :285 —=291. (in Chinese)
PRMEE , 2 A48 BRSO, 4. 56 1 Ml T /o Y 1% 250008 B 5 AR AE S % 55 @ A UII [ 1] AR 08 R 2 4 ( A R B
2016,32(6) :89 —95,102.
CHEN Huihuang, PENG Songtai, CHEN Wenhui, et al. Fresh tea discrimination using in situ hyperspectral data[ J]. Journal
of Fujian Normal University ( Natural Science Edition) , 2016, 32(6) :89 =95,102. (in Chinese)
BIESE W 5 R IR BRI 5 E R 5 R R B (] R AL 41,2018 ,49 (1) : 1 -20.
LI Daoliang, YANG Hao. State-of-the-art review for internet of things in agriculture[ J]. Transactions of the Chinese Society
for Agricultural Machinery, 2018, 49(1) :1 =20. (in Chinese)
T80, T 8 B R A SR TOGE A 2 MR RN D7 Bk B [T ] B0 SR B ik ,2018,20(3) 223 - 25.
FANG Min, FANG Mengrui, WANG Yang, et al. Research on the identification of tea based on frequency spectrum[ J].
Journal of Huangshan University, 2018, 20(3) :23 —=25. (in Chinese)
NI, BREA SR, T B, S5 AR R A Tl S 0 IR B 2 o A R i R 43 2607 1 [T ] AR b bl R % %4 4 ,2020,48 (6) =51 -
55,65.
SUN Liping, CHEN Honggang, YUE Qi, et al. Classification methods of tree leaves by feature fusion and deep learning[ J].
Journal of Northeast Forestry University, 2020, 48(6) :51 —=55,65. (in Chinese)
TR, A B E T HERA S R R R EIEERTT] . AL ,2022,42(4) :1044 - 1049.
JI Changqing, GAO Zhiyong, QIN Jing, et al. Image classification algorithms based on convolutional neural networks|[J].
Journal of Computer Applications, 2022, 42(4) :1044 - 1049. (in Chinese)
TR 2R A AT, X, 45, BT DXNet AR (14 5 1S SEAMIR A BT 43 GO I 5 [T ] A MU= 4R ,2021,52(7) =379 - 385.
HE Jinrong, SHI Yanxin, LIU Bin, et al. External quality grading method of Fuji apple based on deep learning [ J].
Transactions of the Chinese Society for Agricultural Machinery, 2021, 52(7) :379 —385. (in Chinese)
A1, R EE . HE T AL B 2 > 1 & B 28 10 2 Ay iy RTAR U D7 ¥R [T ] R HLAR 27 $iz , 2018 ,49 (3% Ti] ) 354 - 359.
ZHENG Yili, ZHANG Lu. Plant leaf image recognition method based on transfer learning with convolutional neural networks
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2018, 49( Supp. ) :354 —359. (in Chinese)
LIU C, LU W, GAO B, et al. Rapid identification of chrysanthemum teas by computer vision and deep learning[ J]. Food
Science & Nutrition, 2020,8(4) :1968 - 1977.
HU G, YANG X, ZHANG Y, et al. Identification of tea leaf diseases by using an improved deep convolutional neural network
[J]. Sustainable Computing: Informatics and Systems, 2019, 24.100353.
AR BRSE, ERCH L. LT ResNet £ TR0 Z 90 25 (1 4 25 P S PRUN R RUR AL [ 7] 25 it Rb 2 ,2021,41(2) 2261 -271.
ZHANG Yi, ZHAO Zhumeng, WANG Xiaochang, et al. Construction of green tea recognition model based on ResNet
convolutional neural network[ J|. Journal of Tea Science, 2021, 41(2) :261 —271. (in Chinese)
(T4 % 248 T1)



