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Abstract. With the rapid development of mobile internet, short text data of APPs has exploded. In the
field of agriculture, tens of thousands of questions about agricultural technology have been put forward in
agro-technical extension community. Accurate classification is the basis of agricultural intelligent Q&A
and the guarantee of precise information service. In order to improve the performance of data
classification, a short text classification method based on BiGRU _ MulCNN model was proposed to
overcome the limitations of the classification process, such as few vocabulary, sparse features, large
amount of data, lots of noise and poor normalization. In the model, Jieba word segmentation tools and
agricultural dictionary were selected to text segmentation, then TF — IDF algorithm was adopted to expand
the text characteristic and weighted word vector according to the text of key vector, and bi-directional
gated recurrent unit was applied to catch the context feature information, multi-convolutional neural
networks was finally established to gain local multidimensional characteristics of text. Batch-
normalization, Dropout, Global Average Pooling and Global Max Pooling were involved to solve over-
fitting problem. The results showed that the model could classify questions accurately, with an accuracy
of 95.9% . Compared with other models, such as CNN model, RNN model and CNN/RNN combinatorial
model, BIGRU_MulCNN had obvious advantages in classification performance in intelligent agro-technical
information service.

Key words: classification of agriculture information; natural language processing; bi-directional gated

recurrent unit; convolutional neural network

W Fe H 3. 2019 -08 —20 &[0l H . 2019 -11-26

ESWH: BXAARAREETH (61871041 61571051) AL 501l B 48} R4 1 H (4172024 4172026)

EERB N 4T (1989—) 55 W LAk S @ SR By A 20 5, E 2N F AR BB R GEHFST, E-mail : jinning21@ 126. com
BEEE: BAL(1964—) 5 BF5E 01, i E TR P+, FENG R A TH S H A REMIL, E-mail ; zhaocj@ nercita. org. cn



200 & A Bl B ¥ i

2020 4

0 3

Bl o sl ELI5E 0 7l Y e K g, £ 2R B8 L
PR 7 A PRI 5 B RS AR L TR) 24 4 X
R 1) S5 0 SOAS IR S R R K e AR 4TI
R EAR S AE T App” AE S RO AE B 5 Oy TR
TR, A BAR N 5L B qe P T o4 2 58
WA IR P SRR AR B AR 5. H
REBAR P A REER R 732, 5870 C i FE A
TE 53 A HER 1 0] 8L, DT 52 M) 1 Al F R 4 5 1)
R ROE OREBTE o R AR BHE )T A R AT 4 )
T %, N0 R AR R i N ), B
P MER S 2R o B, AR T BB ik ok
AP BERI R B 8 or 20 AR BCHET T 2 R R
il DR A T 8T ARl 1] 25 1) ) 1) 1 8l 2 2 2 52 BRAR
BRE )5 B G BEFOR PR T, 2 A ARG F AL B AR
B BEBIF 5 U3 1 #4599 07 1)

R, TR 2 2 07 2 ML g o) ke
TEff DR SCA Gy e A UG T — R . R
22 5k rp KIM g SOA S A i 8 19 AR L 32
4 R 4 W 4% ( Convolutional neural networks,
CNN) R e 1 SCA I 2K T R, Bl WFE N 51 LA
1 g FE A, AN W0 A SCAS 0 2R TRY A 3R g 2 KA 3C
ARRAE T T CNN R SR 2 18 SO A 1Y 38
PR JE 1 R4S SCAS B SCfR B, 1l 2 1 SCAS 3 283K
Ho ML T CNN BRI, 9F 25 #i 28 1 2% ( Recurrent
neural network, RNN) #& %I v X} {1 J5 15 B #7142,
I LT 2 AT, B S Ab B 8 Ak B SO B
i, MIKOLOV 4"/ iz Jf] RNN A1 523 1 S A 4y
Zeo H RNN IR 27 > FRAE , 25 5) 1 BURE BE 5k 1
FR TR, Ry G WIFFE N DBt T A A S AL M 8 T 2%
(Long/short term memory, LSTM) 1[5 G ¥ ¥ 70
2 WM 2% ( Gated recurrent units, GRU) £ fL AR Y |
FERE T SCA 3 2 0] 380, A 1 B 1 2 SR AOR .
RNN BERAFAE TR A 2% (N AF o5 TR CUITZRAE TG
Xof Je 78 G B R B IBOAS SRR A5 [P L, Oy B Bt 2 B
SCA S KL T S L (Attention) " 3z
JHF SCA SRS I R g A A G R
3 BEATLR] , T35 [7) 1) 1) b f) AR, foff S B 3] 1 A A
S, DT AR A i T Y SCA R AE o TE B 2
Jrh, KOO AR AN F DL A
TR BRI Sy Iz 8 T SCAR 42 BLAE
5™ B 1) B A g 1) R, 520 T A R AR o TEAOI
U, H T B2 AOM BRI 5 TR R Y BR ], A BT ST
REF AL B, B I5 4 58 SR i BERLST Ik
il 2 WA RN 3R DU ST s, S BT LA 2

il

X SR K SRR A 8 r 38 . T LA
D7 1 N A IBURAE , £ H R AR AR A AR A&
T BE A, AS H A TR 27 2] T3 vk & B R 5
TR YE . BLAh B IS X T A U ) R 4
[R) 1) 73 2 [A)RBE, B2 ) 07 ik 1 X fm) [7] 45 90 BF 5 o0 o 22
[%) 2% ( Bi-directional gated recurrent unit, BiGRU) [
BLSCAR Gy JERERY, 4y S E W R U] B 4R O AR
SR LSTM Sk b1 580 1o A AR ADLHE , 4285 1 IR 2%
B MR b 5 YRR AR R TR
JIBLHI AL AL #4977 51 2] )7 41 ( Sequence to sequence,
Seq2Seq ) [a] Z AR AL, B2 1 /K R R T 24 1 T
SRR 2 R T CNN 42 BRSO A BRAE , I F 40 1
[F) ) 2 75 A A%, UM HE R R B B AR T, IR BESE N
TR BE 2 2] T3 VR AEAR M U i) SCAS 43 S 44t T T 477k
ARG 2% ABTE SCAFRAE SR IO AT AF7EAS L Fr
AEBE BTy B85 Ry B — |, oK BE A 30 TR o SOAS 1) P ALE
AN R TR R, I ELUAH A R X e 1 1 ARl 50
RAERS S 222 30 i) ARl 7] 25 5 4 B vh dE AT Bk

B0 A Ml T 25 i) /i) 8 SCAS BRI B /D REAE 7
PESR RS R MR R O RV 22 AR R, AR SOR
SCAFAE T R AT ¥ Ji , MR 4f ) V1 AR AL R
7 id) [ B, B ] BiIGRU Al CNN 4@ BUSCAFFAIE , #E—
AP TR o 228 ) 255 A8 T 45 4 S S B, g o — A
B TR A Bl I 25 1 Je SOA 23 AL, D) S AR
[R) 285 [) ) £ 22> 2800 B S o B 3l o 26

1 BiGRU_MulCNN X 74y K& B 4 i2

ASCHEHAY BIGRU_MulCNN R AN 1 7R
IR 2 By SO AL BEZ XU 7] 4 4 25 0 R
(BiGRU) 1 2 RBE 4 B 28 M 4% J= ( MulCNN) 3
I SARGERE A o o JE AR L, AR SO
IR ARG TR SCAS B I A AL B T —
IDF 553547 508 SCA o 1L 1) 1, AR 90 1) 05 1) B 23 7R )
TR i) B 5 2R B2 5 1 S O R AL, F1)
BiGRU ZRHCI] i (9 1 T SCfE &, i 2 RUE 17
CNN DS 4 SO AS [ RE JE F) Jay R R
1.1 XA E

HI Tt 5L TG 18 v SCSCAR EE A D 23 JE R R
1 i A AT 3 265, DR G B 50K Hh SO0 A e e
B .y TR AT RE AR B SCAR AR KO AE B
(9 5 BENE | Ax TP, A SO SE X 4 0] SCA pE AT 25 e
G35 WAL AR SR 32 ] Word2vee ™ Jy 0 43
TSGR e g i 1) o AR SCHR M Y SCOAS TUAL 2R A
e 2 frs .

L1.1 XA
A% 3R ] Python B Jieba 43 7] Ji % SCA 9E 47 43



%5 1

47 4. HF BIGRU_MulCNN [ 4l ) 25 1) ) 43 25 5 R R 5T 201

o 00000
Bk gl 00000D
e — fibi_, [00000D
pe e [00000pP
ww
7 S [eYeYeToTo}
b
00000
| | | |
A Tihb P2

Ol=
[o)
(0]
0]~
==
o|Z

=
o
]
=z
]

\J

(0]
[0]
(0]
[0)
[0)

ol
Of |
0| |
Ol 91 191 1191 19| (Ol
il L: I' 3 H
ONONONONONORONCNONG®)

P
2
&
DenseZsi& 82
Softmaxi2 4 [H] )

__6:_
O
0
o)
0

0
OE
0
Ol~
=z
oz

| _mm CNN4 |
[eYelelennte)
| mm CNN5,
00500

I

BiGRUJZ MulCNNJZ

B 1 BiGRU_MulCNN & 71 2% k4 [&]
Fig. 1 Schematic of BiIGRU_MulCNN

[ prini | | ol i e

e [l st (T el Ly) TEBHISE o AHE
B e TR ] Word2vec
F v 0T O SO

2 AT AL B A A

Fig.2 Flow chart of data preprocessing

il o FH T HR SC Y 40 5 RS2 A SCRE B R R K
Sy 5 A3V B MR L SR RT N R T A A A, £
Ak SCAR H 458 PR R Bk 5 4 B 2 M 5 R R T R
PRI M A D SCAR T A B o B AR ]
B AR VAR 2 R A AR SO AR T g A
TR AR o 43 i) o 7 AR R Tl 4 ) B 48 g ot
ARy A A7 U BE
L1.2 fRAEGY

37 S5 SCAS 1R A IF R B 0 20 2K IE B R A A0
B A A R R A,
T2 725 4 1) S RE AR AR () 1 2, o B AR e
AR TF — IDF 7 3 3158 45 1) 1 1) T B AL,
32 5005 1) o g ELAT AR M IR AE 3R] . TF — IDF J5 i
AT {68 SO A o B P 2 M A A3 8 L 25 B X 4
ARG 14 e 93] , R0 ( TF ) 2 7% 1) 175 7 42 373 o th 31
B A

ff,,j = o ( 1 )

IERARTE

B ¢ AR SCAS H B IR

m——3CAL 7 1 LA K

TR ¢, 1 SCAS T H B UK
WSO AR IDF 27 1) 1 1Y 5 0k R 2, 11538 4

X

{LF 1,

n. .
isj

n_ .
m,j

|DI

qi=1g7|{j:t’_edj“ (2)
K g0 SO M %
D—iz"{lléxﬁ

d——AL 1) 1,1 SCA
] o, 1) SCA R
TF — IDF {620 f, ;5 q W, AN
s =14 (3)

st s, ——iil 1,1 TF — IDF {g

B [a) m) e TF — IDF A8 5 = 19 18] 385 4F 24 18]
AT BV TR o TR At ) 3 5 9% R AE A A AR AL
EPEAALEE &5 T 80% HLHEF A 5 A i) 18 Xf SCAS #F
R HER Y 72 o
11,3 Jikn ) it 2 os

Word2vec Jg it 4 K 8y Wi AT 14 vh SCSCAS 43 Ai
A FE R I Word2vee A MR 4 H A 19 H 5 i
T O E R SCE R IR R R I i) S ) )
25 (6] oA B ) 7, AR U D T One — Hot J7 25 40] [n]
e FH BN ST AR B v A TR B, AR SR B Word2vec
J5 159 Skip — gram AR I 43 i8] 25 5 8 R S0
R AR 3% S 0] )

Sk itE — 25 58 AN [ 1) 1 6 18] ) B SR B ek R
JE AR SRR ) TF — IDF {5 5 Word2vec ] 1] i 19
P BV N 1% 10 1 1 A3 1)
1.2 XAEAERR

AR S e ) A rb ) I A 0 B 1) R 3
K A BUIMALSCAS 1) 6 41, 4% 0 AE R BIGRU 2 7Y (1)
B o NI 25 JE R SO SR FF X 1 SO R, AR
SOOI OBUTa) 114 A0 2 BRL T A 8 ) 45 47 4 >4 i ) o 1)
R SUE B RS SRR T S B R AE T O R 1 3
A qi) i, e BIGRU A5 7Y 1) 4yt 5 J in AL SCA 1]
2 AR Y SR 1) o




202 & A Bl B ¥ i

2020 4

12,1 JAsn] ) it SCAR

AA B 1A 1 AR ] 45 S K SCAS i A
[T 5 S A< e E 7 N 1 e
HF RN R EAR—, T o — R A K EE, D7l A
B b 4 A5 R R U L AR X SR 1Y BT,
99. 9% 1y Ia] 4] BE 24 70 F 100 A~ 8], A I oK SCA [
A R B 100, AR K R L, AR 0
IO B, K S 100 9 2 BCRET 100 A4S 3
PTG PR BT 25 9 4 245 Mg TR G 18] 3 IR

o IN

ouT

B3 TG ER 0 28 R0 4% 25 1 ]
Fig.3  Schematic of GRU

1.2.2 BiGRU L 3r 48

GRU" J&—FfR ik ) 9 B0 1 22 0 45 , il 4% A 2
i DR B ol 28 00 2% v G K B0 90 02 R 1) 42 47 1 o
el 8, 55 LSTM 4H Ik, GRU HL 45 2 % /b | 45 g
BT SO S 4, G BRSSP 3 R
R

GRU 25K v 5 2 Rk 25 R0 2 AS#E 1T, 43 51
RBAERA h WEVR A R BT - R 2,
H T D T4 oA — 2 R 2 A B A A B 2
RZS P R B, TR DT T 5 o 22 W T — I 2R 2

EEBIRLEE o AE ¢ IF %0, R, BT AR T A 1
o f b, r AERIT by, AR b, BT ALY
Pl B ARSI RS, ik, £R b 0t

k, BRI MO . GRU BH0HE AN

rL:O-gwr(x17h1—l) (4)
z[=0'ng(x,,h,7l) (5)
h, =tanh(w(x,,r,Oh,_,)) (6)
h,=z,0h,_, +(1-2z)Oh, (7)

X w—EHEEE
w,—— T
h—B 2R A

x, — g AT i)

r, HHE] z, O]
o, Sigmoid PR
w AR

O ——X W IC R M AREAT 5
GRU 1 2 [0 2% 2 WA RIT 1) Jo H 1l i HH A 0 X5
Hh S T B A D7 SO AT S R R SR S Y Y
B BRI KRR o A SCA 7 RAT 55, I i

I 20 19 46 11 5 U5 I 280 0 IR 5 A R R L &
5 SCA U2 YRR QBRI L 6 1 SR S
HRAR T S 2B R R, A SCR) T BIGRU B 3
S O 1 BiGRU 4780 J2 ot 9 A4 4 i) L
J7 IR B9 GRU 2L 0 bl 22 160 4 80 , Lt o
AR GRU R JE R s . SCAE ¢ i
A AT § TR AR R R e
HCRAR TR IRAS b, B AR B, R B A
JERES by, DAL R

h, =GRU (e, h, ) (8)
h, =GRU (¢, h, ) (9)
h,=yh, +v,h, +b, (10)

K GRU(-) ) [ 2 A I 2 A 46 R %K

y,—Hij ] AL A R
v, — 5[] A
b,—1w &
1.3 MulCNN R
16 BiGRU B RIAR 434618 FF U B E M T
MulCNN BERY i — 25 48 BOCAS & 4 1 22 RO 1Y J)
FRAFAE . MulCNN BERL i 24~ — 446 T2 Gt ik )2
EERIZ R R)EH .
1.3.1 L2
& B2 WA PR A T 1 1 11 9 B R TR
ik, R A B X H A ) it R A7 465 BROHED AR5 P AR
By o FE—YE G B 2 W 4% rh o RO K B O 3 )
B E N CEE R RN, BRI AN

¢, =f(xk+b) (11)
R e DR
[T T G —
D i A —

el o i SC AR T SOOI B f s 5 Y O TR
8 41 ST AS 1) 22 480 BE JRy SRR AL, AR SCI B T SE R
[ B AR R 2 A UL B B B 2 R 4% .
A [RAEFEE 9 4 0 5 5, 15 M B2 T I R
1.3.2 wik2

T EEBZ T 2 AR 058 R
BRI 35 B 0 75 R B 5 2B IR 0 R AE R A
R, B A SC7E R s i T Ak )2 . Ak 2
35 FR2 BRI SCAS JR) B A 0 — 25 4, 7 45
R AE PR RS R R [ R B T
AR E AR T IR IR AF i R A 4 R T A
I S 2 o AR SO 4 5 - 35 1t Ak 0 4 JR) B K 3t
A 77 B AT AL 45 A0, Bk BB A A R AE D Y e R (
ST 578, 46 195 2 D422 U5 10 D9 3% 5 A 10 110 12
1.3.3 &gz

A Y 2 0k — A o R B HE AT M 4, K Ak 2



%5 1

47 4. HF BIGRU_MulCNN [ 4l ) 25 1) ) 43 25 5 R R 5T 203

(A AR A B — A & T S
PR W B — A BT B2, IR 28 BT R 2K ReLu %
b A )2 i A B ] 8 SCAR DURRAE 4% ] e S
Fpric s ] .
1.3.4 K2

fii F Softmax bR EAE N FRAE 432545 o Softmax pR
BO A4 2 00 i 2R AT A — AR et B0 (0, 1)
D[] N, 15 30 A SRR AE S 1 A A A

2 RBRS5ERDH

2.1 RIGHIE
PN Hp E A T A B R AR B 2019 4E AN [H]
H A 3 n) 55 B v Bl P 4R B 20 000 454 R 3k 35 %K

i BRI B A A BL IR 1o 3k 1 AT, ik
BB R 2, B 1O R R E RO SR
A AR 12 A2 50, I BRSO 3 A AN A i LR
BB B AR B R R LT AR TR S i T A
B A U 2% Bl AR 22 Bk 3 T3¢
ARG HESE o

AR B ) A1) e AL 2 4% 10% A S I3
Bl gk, J6 2000 A% A8 F A B v A 800 1 %
90% FYH I A1 o0 VI 2R B die 4R, 36 16 200 2% 510% #Y
B0 A o g uE i 4k L 36 1800 4%, T 6 ik A 2L )1
Gr S AR DL o DMK 30 5 U1 25 0 B R T
i A X To A 52 3, DR a8l R s 4 2R T
PR R o3 JEROR B P 16 45 o

®1 BEEINSH

Tab.1 Distribution of question category

RIS o TG SRR AR JRATE IR RO GRLE SR CRION T A MU IR e E ST Al
Kt/ % 6702 443 2044 4284 991 840 128 137 309 127 28 3967

2.2 BYIEE

fi 128 2k 3] ) 45 3R rf SCIRNL, % & 18] ) A
KK BN 100, BiGRU 2% GRU % ) #¢ 1F 4 &2
128 4 IF £ concat BEUiEH: GRU BT ] Fl 5
EETE

i 1.3 95 Al %0, MulCNN #6878 7] — % 0 F 49
FENEPEANBRFE SR ™4, 56,
S R 3RCE T 2 HAEB A M2, A R B
GREZAAEMIRKEE R WK 2, YERERST N
(96,160) I}, 73 R e f: o

% 2 MulCNN & E Rz M5 E
Tab.2 Determination of kernel size in MulCNN
B
Rt
EME/ % 95.50 95.20 94. 45 95. 60 95. 65 94.95

(64,96) (64,128) (64,160) (96,128) (96,160) (128,128)

st 2B E 0 RS R R SRR TR
IBCAN [ A7 B B SCASRRAE o FAE BRI 1RO BB 1
DI EE R NR 3 Fron . HEBE BN S, H
MY 1.2.3.4.5 RS T 4 1970 R3CHR
%3 MulCNN R &R E0RTHBE
Tab.3 Determination of filters in MulCNN

iCARE:e 0 5E R IERf 2/ %
3 234 95. 65
4 1234 95. 50
4 2345 95. 80
5 12345 95.90
5 23456 95. 50

Jp B 13 L4, % BiGRU H1 MulCNN 5 34 47 41t

G b3, 2R 2 ot & e fli e 0.5,
S asd A5 Hp I o R A A I 25 1) 2 ) ROR R R 1 RE
BB 10 RIINZR 1 IR 2 2 SR8 N8 ok 1 1/10,
2.3 xXfbiER

¥ BiGRU_MulCNN 15 9 Fift 3ff 4F 3§ 75 SC AR 43 2%
AT A b A5 85 114 43 2R HEAT L9 B4y
HRBIRIA] S48 f CNN 43 BB RY RNN 43 26 #5784 Al
RGP M2 JBER 3 2

CNN 73 5B AU ; TextCNN A5 AU 2K CNN 7 K L
FHF SCAR 43 26 g 4 R s DCNN 2 575 1) K f kot
1LY Eh 75 CNN 347 3CAR 432 s DPCNN ™ 45 78 i) fi
TRJZ CNN BEAT SCA 4325 Agro — CNN #7024 2 4
X AR [ 225 A5 5501 1R T S AR TR

RNN J3 2% # 5. TextRNN"* 465 780 F| J 45 o
LSTM #4730 43 25 5 AuBiRNN ) 485 70 1] Fff BLSTM
FFal A= AL AT A 43255 N — BiGRU &
o o T8 U ) R SR £ )2 BIiGRU 43
HREIA,

TR P 25 0 2% 43 25 B . RCNN ) 46 750 1) 1 i
] A5 1) RNN &5 & CNN #F 17 SCA 43 25 C -
LSTM"" #57 Fi| ] CNN 3548 5 45 1 38 %R, 45 &
LSTM #EA73CA 25 . B 4 AN RIBE R T SCA 7328
ER IR L
2.4 HRHH

B4 JER T 10 Rk 5 B e Word2vee SCAS
TF — IDF AL SCAR R T B SCAR 43 R IE R 26, 1E 1
BRI AR A 0 28 5 SR o %, —
T A R R A AR . IR 4 TR B X



204 & A Bl B ¥ i

2020 4

TF-IDFINASCAS Word2vee SUAR

BiGRU_MulCNN

DCNN
TextCNN
84 8 88 90 92 94 96 98
/%

4 RBERLR SCAR 4R 26 TE B % %4

Fig.4 Comparison of accuracy in different models
b 1) 25 T ) 8 SCAS B B, AR SCHR i ) TF — IDF i
RUSCAR 7R J7 3AE 10 Ff ik 56 455 780 1) 43 2 IE 1 6 3
K8 Word2vee SCA 7R 7 20, 5 Bl %t F RNN
A3 JEABERY ) 1IE A SRR T s . AR SCHR Y BiGRU_
MulCNN B AE Word2vec AN 78 )7 1 TF — IDF
INALSCA 7R 7 T U T Bt mo 45 1, 1E %
B E) T 93.60% 1 95.90% , AH L F HoAd 9 Fpxf
FUAR R ff #4025 . #E TF — IDF i A SC AR o J7 3K
F,CNN 432K R i Agro — CNN IF 7 % 5 5, 14 5
94.15% ;RNN 432K % di N — BiGRU IF g R 5 15,
K F] 93.90% ;IR A i 4 W 4% #5  rp RCNN IF i %
e, ik %) 93.85% .

K5 @R T 1E TF — IDF AL SCAR £R T, &4
Je B 43 2R A5 AL v IE B % I = 19 Agro — CNNUN —
BiGRU ,RCNN . BiGRU_MulCNN #4 % %} 12 4 ] 5
FA A FLH . FLAE R /0 20K i 5 A3 ] 3
(R R 580, F R T R AL oy Kk pE . WS
Jit 7R, BIGRU_MulCNN #5 5 f) F1 A 76 95 55 % Tl
YRS e me 55 O A0 v 38k e, AR Ay 2
RO AL T AR R, 755 R R R A A
T 56 B0 70 R B0 B b AR SO ALY BT (B IS =
T H AR 76 Sh Yy S TR A AT AR M B S A
P D BB SR TP AR SCRE R FL (B A & T
ftb A7, Ui B BiIGRU_MulCNN 455 %1 76 S04 1 A8 78 2
MTE LT AT SR RE 6 A R0 4R U SCAR (0 5 AE 1547 40
Fe o ARRAEARLE IR B S N 1A R 56 A s A
1 B0 4 Fhiat g A 70 3% I H R R , 1 WA R 2

Agro-CNN N-BiGRU RCNN BiGRU_MulCNN

¥
F5 4 sk 6 A8 B A ] () B2 51 23 26 9 FL(EXT HE
Fig.5 Comparison of F1 values of four models for

different question categories

R EE N EE SR W E T SUNAN S
i) 43 2SR o

FE 12 AN T] R ) v Jh 3 45 B 288 031) R AR I 6 4
P T H RO AN s R P T s
B Eh R S . L A M IR 56 SR T AT AR B
WA T 2R n g AR A B S T
KRBT IZ IR R AE R B, R T 4 28k
Wo F4GIT 4 i B8R 7k 55 8 B ) K
% 43 | F1, 3 0] &1, BIGRU_MulCNN £
TS B0 R H R FL IS T 8 45 5%, H
HORE i 23 P12 38 LA A, 3B TR B
AR Bk,

F4 ATMRBEREREEERIM LR

Tab.4 Comparison of four models in cultivation

management categories %
R L ES FEREES Fl
Agro— CNN 92.07 92.29 92.18
N - BiGRU 90. 93 93. 69 92.29
RCNN 92.27 92. 06 92. 16
BiGRU_MulCNN 94.21 92.92 93.56

W 6 Frow 2 g0 B 4l 48 i IL S B 4 52 ) 1 A
RV JE R % o Bl G BCHE = 0 3 n, £% 4 S
(4 1E B 2 4 Bl 2 34 Jn, o N - BiGRU il BiGRU _
MulCNN 7€ £ 46 5 48/ 19 17 00 F 2 25 880 1 B,
BiGRU_MulCNN 5 5 76 K 54l 4 - 43 25 2Rt
N

15000 20000
BRI %

P 6 A [l Bl HUASE B 5 280 23256 T Ay 0
Fig.6  Classification accuracy of models for

different datasets

MRS Fros 4 Pl g i % 2 000 % i 45 4
F14) T J0; B ) 35 387 PR s 45 ] A A3 S i SR . H v
RCNN #85 7Y Hy 4544 1) 5, A B0 2 B0 b, 7 1 5
0 (51 S ] T O SR /73 T A (08 O o e 8 TR 6
T BiGRU_MulCNN #5 % ; DL CNN B fiff () Agro —
CNN A 5y I i B[] 4 %, L RNN Sy B4l i N —
BiGRU #& Y [ 5 TR & # & M 4 ) BiGRU _
MulCNN BERY Y1 Zhinf ] 4 ol T2 2R il
Grn] LEB B AT, 18 73 28 45 2R A5t I 18] 26 4 A [m] 1Y
TEOLT o3 R S R I R R T



#5 4 4 BT BIGRU_MuICNN (9l 6] 25 ] 41 53 2 £ AR B 5¢ 205

F5 4 ik B A0 B £ U 4 B 1) A0 ik e R B 8] TR, AT R R TR 2 e Al e 2 A 2K 0 B E
Tab.5 Offline training time and test time comparison of B4y 2 n) B, 3 4E 09 1IE 7 3K 3] 95.9% , R IE
— 1 WA TPRENK. R MO )
Agro— CNN — 6 3425 R AR BTSRRI R 2R S ROCR | ) SR R
ggN]T\;GRU Z 4697154 TABGE N o3 BB FE A ), 52 B 1 % 4R i)
BiGRU_MulCNN 7 6620 &R AR RE T 2K o
(2) X3 SCA AT R AR TR 9 58, I AR 418 i) 1
3 &t SO ) AT AR % T D A 7 4K
(1) 42 i) BIGRU_MulCNN 45 714 35 f 52 e iz (T 25, A RO D T SCAS FRAEAS S 1Y () A,
5 % x W
(U] o LI R 2% 15 8 P B8 43 Wb [ BTG I 2k AR L 48 3T i 5 [ R/OL]. [2019 — 08 — 07 ]. hitp: // www. cac. gov. cn/
wxb_pdf/0228043. pdf.
[2] BENGONG Y, LINBIN Z. Chinese short text classification base on CP — CNN [J]. Application Research of Computers, 2018,
4. 1001 - 1004.
[3] ZHAO W, YE J, YANG M, et al. Investigating capsule networks with dynamic routing for text classification [ J]. arXiv
Preprint:1804. 00538, 2018.
[4] PAPPAS N, POPESCU-BELIS A. Multilingual hierarchical attention networks for document classification[ J]. arXiv Preprint;
1707.00896, 2017.
(5] Bk, LB i . T SCAR 43 26 1 BLSTM_MLPCNN #ERI[ J]. 3+ 3 HLEL % ,2019,46(6) :206 - 211.
ZHENG Cheng, HONG Tongtong, XUE Manyi. BLSTM_MLPCNN model for short text classification[ J]. Computer Science,
2019,46(6) ;206 —211. (in Chinese)
(6] Wr— FL, M, BAL. Je T A B UARAE Y JR M5 SO 23 28076 [T]. iHEHLRE%,2019,46 (34 T1]) 478 - 481.
JIN Yifan, FU Yingxun, MA Li. Method of short text classification based on frequent item feature extension[J]. Computer
Science, 2019 ,46 ( Supp. ) :478 —481. (in Chinese)
(7] HEgs - LRI, TVE B - J& Sl ohgR], 45 LT SCH 19 d T A8 AR Ar K U7 R [T ] B R R A R, 2018,
13(5):799 - 807.
GULNAZ Alimjan, HURXIDA Jumahun, SUN Tieli, et al. The nearest neighbor text classification method based on support
vector[ J]. CAATI Transactions on Intelligent Systems, 2018,13(5) :799 —807. (in Chinese)
[8] LIUP, ZHAO H H, TENG J Y, et al. Parallel naive Bayes algorithm for large-scale Chinese text classification based on spark
[J]. Journal of Central South University, 2019, 26(1) .1 - 12.
[9] KIM Y. Convolutional neural networks for sentence classification[ J]. arXiv Preprint:1408.5882, 2014.
[10] ZHANG X, ZHAO J, LECUN Y. Character-level convolutional networks for text classification [ C] // Advances in Neural
Information Processing Systems, 2015 649 - 657.
[11] DOS S C, GATTI M. Deep convolutional neural networks for sentiment analysis of short texts[ C] // Proceedings of COLING
2014, the 25th International Conference on Computational Linguistics: Technical Papers,2014; 69 - 78.
[12] MIKOLOV T, SUTSKEVER I, CHEN K, et al. Distributed representations of words and phrases and their compositionality[ C ]
// Advances in Neural Information Processing Systems, 2013; 3111 -3119.
[13] MNIH V, HEESS N, GRAVES A. Recurrent models of visual attention[ C] // Advances in Neural Information Processing
Systems, 2014, 2204 -2212.
[14] ROZENTAL A, FLEISCHER D. Amobee at semeval-2018 task 1: GRU neural network with a CNN attention mechanism for
sentiment classification[ J]. arXiv Preprint;1804.04380, 2018.
[15] CHEN P, SUN Z, BING L, et al. Recurrent attention network on memory for aspect sentiment analysis[ C] // Proceedings of
the 2017 Conference on Empirical Methods in Natural Language Processing,2017: 452 -461.
[16] De VRIES A P, MAMOULIS N, NES N, et al. Efficient k-NN search on vertically decomposed data[ C] // Proceedings of the
2002 ACM SIGMOD International Conference on Management of Data. ACM, 2002, 322 —333.
[17] CHEN Z, SHI G, WANG X. Text classification based on Naive Bayes algorithm with feature selection[ J]. International
Information Institute (Tokyo). Information, 2012, 15(10) . 4255.
[18] VIEIRA A S, BORRAJO L, IGLESIAS E L. Improving the text classification using clustering and a novel HMM to reduce the
dimensionality[ J]. Computer Methods and Programs in Biomedicine, 2016, 136 119 —130.
[19] #0505 Bol %, M W3R, 55 JE T SCde m &AL 0 o SCROl SCAR 43 85 R B 58 [ 1701 ] Al AL B 5% 4R ,2015,46 (3 1)) -
174 - 179.
WEI Fangfang, DUAN Qingling, XIAO Xiaoyan, et al. Classification technique of Chinese agricultural text information based
on SVM[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2015 ,46 ( Supp. ) :174 = 179. http: // www. j-
csam. org/jesam/ch/reader/view _abstract. aspx? flag = 1&file _no = 20155029 &journal _id = jesam DOI. 10. 6041/j. issn.
1000-1298.2015. S0.029. (in Chinese)
[20] JAZ e, 2P, XBFEPK. BT NB FI CHI B (i 4l SCA 43 207 1 [ T] . L0l 142 ,2018,46 (17) ;219 - 223.



206 Kok HLOB ¥ R 2020 4

[21] B, R TS 55 T BIGRU {7l I 3 ()24 R Gt ) A 43 280158 [ 1/ OL ] Al WA 2441 ,2018,49(5 ) :271 - 276.
ZHAO Ming, DONG Cuicui, DONG Qiaoxue, et al. Question classification of tomato pests and diseases question answering
system based on BIGRU[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2018,49 (5).:271 —276. http:
// www. j-csam. org/jcsam/ch/reader/ view_abstract. aspx? flag = 1 &file_no = 20180532&journal_id = jesam. DOI;10. 6041/].
issn. 1000-1298.2018.05.032. (in Chinese)

[22] AR EWS], 201G M, 5. BT word2vec Al LSTM fy /) A8 LB 35 M HAE K TS FAQ M Rt my i U [T]. m gk
WK% 4% ,2018 ,41(5) :946 —953.

LIANG Jingdong, CUI Bingjian, JIANG Haiyan, et al. Sentence similarity computing based on word2vec and LSTM and its
application in rice FAQ question-answering system[ J]. Journal of Nanjing Agricultural University,2018 ,41(5) :946 —953. (
in Chinese)

(23] #EW,BLE JH DM, % T word2vec Hl Attention — Seq2Seq I 7K FF i B FE H BB A& 07 ik W52 [ T]. VK B AR L R 2
4% ,2019,50(3) :378 —384.

XU Tongyu, ZHAO Dongxue, ZHOU Yuncheng, et al. Research on method of intelligent Q & A for rice pests and diseases
based on word2vec and Attention — Seq2Seq[ J]. Journal of Shenyang Agricultural University, 2019,50(3) :378 - 384. (in
Chinese)

[24] SKBHE, RAEHG R . LT85 U T A Al (7] 245 15 P RRAE Sl B2 BT [ J/OL ] . Rk HLAR 2% 4k ,2018 ,49(12) :203 - 210.
ZHANG Mingyue, WU Huarui, ZHU Huaji. Analysis of extraction of semantic feature in agricultural question and answer
based on convolutional model[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2018,49 (12) :203 -
210. http: // www. j-csam. org/jcsam/ch/reader/view _abstract. aspx? file_no = 20181226&flag = 1. DOI; 10. 6041/j. issn.
1000-1298.2018.12.026. (in Chinese)

[25] MIKOLOV T, CHEN K, CORRADO G, et al. Efficient estimation of word representations in vector space[ J]. arXiv Preprint;
1301.3781, 2013.

[26] ‘EE, A=, ER.pS0SCA RHE FS R a5 [T]. 80 2001 5 53R kK 3 ,2017,1(3) ;72 - 80.

GUAN Qin, DENG Sanhong, WANG Hao. Chinese stopwords for text clustering: a comparative study[ J]. Data Analysis and
Knowledge Discovery, 2017,1(3) :72 —80. (in Chinese)

[27] . KIBCDBUR R SR MA@ [ D . M IR« IR AR I Tl K%, 2011
ZHAO Jing. Building a large scale Chinese semantic dictionary [ D]. Harbin: Harbin Institute of Technology, 2011, (in
Chinese)

[28] WANG X, CHEN R, JIA Y, et al. Short text classification using wikipedia concept based document representation[ C] /2013
International Conference on Information Technology and Applications. IEEE, 2013, 471 —474.

[29] CHENGZHANG X, DAN L. Chinese text summarization algorithm based on Word2vec[ C] // Journal of Physics;: Conference
Series. IOP Publishing, 2018, 976(1) . 012006.

[30] CHO K, VAN MERRIENBOER B, GULCEHRE C, et al. Learning phrase representations using RNN encoder-decoder for
statistical machine translation[ J]. arXiv Preprint:1406. 1078, 2014.

[31] MA M, HUANG L, XIANG B, et al. Dependency-based convolutional neural networks for sentence embedding[ J]. arXiv
Preprint:1507.01839, 2015.

[32] KALCHBRENNER N, GREFENSTETTE E, BLUNSOM P. A convolutional neural network for modelling sentences[ J]. arXiv
Preprint:1404.2188, 2014.

[33] JOHNSON R, ZHANG T. Deep pyramid convolutional neural networks for text categorization[ C] // Proceedings of the 55th
Annual Meeting of the Association for Computational Linguistics, 2017 562 - 570.

[34] LIUP, QIU X, HUANG X. Recurrent neural network for text classification with multi-task learning[ J]. arXiv Preprint:1605.
05101, 2016.

[35] RAFFEL C, ELLIS D P W. Feed-forward networks with attention can solve some long-term memory problems[ J]. arXiv
Preprint:1512. 08756, 2015.

[36] LAI S, XU L, LIU K, et al. Recurrent convolutional neural networks for text classification [ C] // Twenty-ninth AAAI
Conference on Artificial Intelligence,2015.

[37] ZHOU C, SUN C, LIU Z, et al. A C—LSTM neural network for text classification[ J]. Computer Science, 2015, 1(4) .39 —44.



