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Research on image description generation of rice diseases and
pests based on multimodal pre-training model
XUE Yueping,HU Yanrong * ,LIU Hongjiu, TONG Lizhen, GE Wanzhao

(College of Mathematics and Computer Science/Zhejiang Key Laboratory of Forestry Intelligence Monitoring and
Information Technology Research/Key Laboratory of Forestry Sensing Technology and Intelligent Equipment,
National Forestry and Grassland Administration,Zhejiang A&F University , Hangzhou 311300, China)

Abstract ; [ Objectives ] Aiming at the lack of disease description in rice diseases and pests image classification technology ,a lightweight
rice diseases and pests image description model was proposed in this paper to describe rice diseases and pests image more specifically.
[ Methods ] Ten common rice pests and diseases, such as rice bacterial blight,rice bacterial streak disease,rice bakanae disease,rice
three chemical borers,rice blast,rice false smut,rice sheath blight,rice planthopper,rice thrip and rice brown spot were studied, and
Chinese description data set of rice pests and diseases image was constructed. Firstly,the multimodal pre-training model CLIP was used
to generate image vectors,which contained basic image information and rich semantic information. The mapping network was used to
map the image vectors into the text space to generate text prompt vectors. Finally, the language model GPT-2 generates image
descriptions according to the prompt vectors. [ Results ] The test results showed that the indexes of the model in this paper were
significantly superior to other models in the image description data set of rice pests and diseases. Compared with the traditional CNN_
LSTM model, the indexes of BLEU-1, BLEU-2, BLEU-3, BLEU-4, ROUGE and METEOR improved 0.26,0.27,0.24,0.22,0.22 and
0.14,respectively. And the generated image description had the advantages of accurate, detailed and rich semantics. The model was
tested by using actual rice field pictures. The actual field scenes were more complex and diverse,and the generated image description
index only slightly decreased compared with the data set index, which was still higher than other comparison models. The overall
recognition accuracy of the model was 97.28%. [ Conclusions ] The image description method of rice diseases and pests based on
multimodal pre-training model can accurately describe the rice diseases and pests, and provide a new idea for the detection of rice
diseases and pests.

Keywords : multimodal pre-training model ;rice diseases and pests ;image description generation ;diagnosis
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Table 1 Example of rice pests and diseases image description

Fig.1 Image preprocessing process

A Tmage ANTHRER S 15 Manually annotated reference sentences

N BRI AR AT R R il R

The grain affected by rice false smut disease has black rice stalk balls
BKRE e T P A £ PR

The grain affected by rice flase smut is black

FEAE a5 4 LA PR A

= { Black sclerotium is common in grains with rice false smut

5 ‘: ,;. \
‘ AR g LAY/ KA A AR G , R L R R R
. ,"“-ﬂt\v" /s
-
WA L

Rice suffers from rice false smut disease,which is a black stalk ball on the ear of rice
- s Black sclerotium was formed in rice grains due to rice flase smut disease

KA Z AR MRS, AT PR A PR A

1.2 WA *

1.2.1 BEBVRRGEN AR SOR LGSR g it as — i i A% AR S KA 3 R A S R 3 %5 3
PROMAE I - RIR it | WSRE I 265 1 S AN . A SCR AT CLIP AR R S ds 2 B RRRAE , CLIP Zi il 4
P2 AR IEA AL & A e (5 BB A5 T 325 0 TE SUME R R B3 04 15 2 300 ok R SF ) 286 5 48 oy
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LTPNEE

Input image

ISR
Image description

KRR T ARG, 7K

TR T TR (Y
|:> The rice is infected

with bacterial blight,
and the leaves of the rice

are yellowish-brown

CLIPHFE
CLIP feature L
AR FS

. Text prompt sequence
B ® = » ENEE ®
B2 EEEBIGEH
Fig. 2 Algorithm model structure
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Table 2 The index comparison between the algorithm in this paper and other algorithms

F % Algorithm BLEU-1 BLEU-2 BLEU-3 BLEU-4 CIDEr ROUGE METEOR
CNN_LSTM 0.29 0.13 0.07 0.04 0.26 0.31 0.19
CNN_LSTM_ATT 0.47 0.36 0.30 0.25 1.62 0.46 0.31
URZETE 5 R (A 30) Frozen language model ( this paper) 0.51 0.37 0.29 0.24 1.50 0.52 0.32
TR T A (AR 3C) Fine-tuning language model ( this paper) 0.55 0.40 0.31 0.26 1.58 0.53 0.33

22 WRLERRSH
T EEIN EDUL AR SOk A R ZE I R AR LAl I A T SN 1Y 5 125 0 i AR SO
AIPERE , P A S5 15 A S8 00 T[] — 5K R AR A FAR TR R) HEA T4 L, %) L4 RNk 3 Fra
®3I AXEESHMEENERERILL
Table 3 The results of this algorithm are compared with those of other algorithms
% Image A4 Image captioning
1 KFESZ R s e KA et t IR T B

Rice was affected by blast and gray mold spots appeared on rice leaves

2 MR R R

The leaf margin of bacterial blight is dark brown

3 IKAESZ PRl 1 B, AR A 3 2 1 AR 8 4R

Rice was affected by bacterial blight,and brown stripes appeared on the edge of rice leaves
4 JRFEZ B AR YR , I T A 1 0 BE

Rice is affected by bacterial blight,with brown spots on the edge of the leaves

1 IR FEZ RSN AR i A 0% B (L 2 T

Affected by rice blast,the leaves of infected rice plants have light yellow halo spots
2 KA A A TR 2R SR

Rice suffers from bacterial streak disease

3 KRB AN A L AR BN , Hh BB (R BORTE R

Rice infected with bacterial streak disease,yellow water-stained spots appear
4 KR IR A DA L 2 BT , KR M R A 28

Rice infected with bacterial streak disease,rice leaves yellow wilt

1 REA ML

Rice planthoppers have an oily sheen

2 Bk AT 2 Al

Thrip has two antennaes on the head

3 E sk B il

Thrip has tentacles on the head

4 BT Sk AT — X 2 e fik A

Thrip has a pair of linear antennae on the head

1 RS2 BRI S ] ety B A AN ML 2 B

Rice was affected by brown spot disease,with large irregular brown spots on infected plants
2 KR SR RRIREIA , I I 1) A7 48 LB

Rice suffers from rice blast,there are brown spots between the veins

3 KT SRR , I ) A Sk /M BE

Rice suffers from rice blast,and there are pinhead sized brown spots between the veins

4 RS BRI , AR A ESk /N (A TE

Rice suffers from blast,and the plant has brown spots about the size of a pinhead

1 R FEZ RN R A% B (L 2 T

Affected by rice blast, the leaves of infected rice plants have light yellow halo spots

2 JRFEA Rl , B R G AL

Rice has rice false smut disease,ear has black sclerotium

3 KFEZ R MR RS, S B R AR

Rice is affected by rice false smut disease,resulting in black sclerotium in the grain

4 KRS h 57 A R A

Black sclerotium occurs in rice false smut

1 KRG SZ RIS IR KRG R 10 0 e IR (85 2

Affected by blast disease,rice leaves have pale yellow halo gray mold layer

2 IKRESZIRE , LA

The rice is thin and tall because of disease

3 KAESE L AR RN

The rice was infected with bakanae disease and the plants were slender and tall

4 OKAEGE LR, A KRS S LA

The rice is infected with bakanae disease,which makes the sick rice long and thin

H:1.2.3.4 20BN CNN_LSTM A7 CNN_LSTM_ATT A58 AR SO R YR A5 5 AU ORI AR SRR il i 5 B B ) St 2 5

Note:1,2,3,4 correspond to the automatic description results of the CNN_LSTM model ,the CNN_LSTM_ATT model , the language model freezing
mode of the proposed model,and the fine-tuning language model of the proposed model, respectively.




55 4 3] R, 55 R T AR T A R 14 K R e 3 PR R 2R AT 52 789

ARSCRE IR A B FAR TR A S R NS 1 SKOK R 1 AR B9 5, CNN_LSTM _ATT 527
A SR T RO AN X R ) TRT B ¢ R I 5 S TRAB (87 T A SRR A ol 1 B8 1 440 50 B Py
IR« “ KRS SZ Al 20 KRS I 30 0 BLAR (0, 28 805 7K A 52 1) 1 RS G B 52 ), i1~ 10 G0 46
EIRBE” o 5 6 5KIEIR CNN_LSTM_ATT BB IR TGAE SN : “ AKAH S, SCA 3L, AR B e 2
TR A SRS A I i R 1) B AT Yo i 288 TR I g i UL 3 - < K R e L, AELRR Al s

AR SO RESR UE 22 B BECRAIE . BIAn%E 2 Sk A5 CNN_LSTM_ATT XU H3A 1 /K R S A 40 i 4 40
o ERRALE , A SCREIU AN SE 1 I R e B A 22 R LA . 10 REIREI 1 1 A o R A (i BEL R, Y
REMERA TR AH BT -0 S REAT T B I, WA SCRE RIS AN [ 3 O AR U IR B4 X BE T, 7R
S35 CNN_LSTM_ATT KR 5 SCROR — Bl o), 1 anes 3 skIEH 5 AX 2 BB #RA 5 76T
.3k LA il O R SR

N 2L BAEAR SO PERE , T HT 405 5K SCBRAR I Jr 4 A AT I, 5 R N3k 4 Bz, T3P
FT I A 37 55t B O S 2R 2o | A i) LB IR 40 b 55 B SR A Arovd O S AU R T e (AT e T A X e
R, IR A SCRE R B B8 T2 AL RE 7, T %o S PRAR AR AT Hh A 7K A L3 S BT 8 ik

®4 ZEREHERITMHER

Table 4 Results of actual rice field image evaluation

#: Algorithm BLEU-1 BLEU-2 BLEU-3 BLEU-4 CIDEr ROUGE METEOR
WO 75 4528 (AR 30) Fine-tuning language model ( this paper) 0.53 0.37 0.29 0.24 1.54 0.51 0.31
A B B 3k v 2 15 VREA 3 R R e A B ) B i, AR SR IR U 3 TP R IE 2
SR, BEit AT T4 HE SO U B R, AL 6 5 5 AT UL, CNN_LSTM A5 78 o iff % A
37.28% iy i HIHLHI Y CNN_LSTM_ATT HERGZEK 87.41% , AR SCAEHY (1 PR BIER 2635 97.28% , i T HiAth
RS | SRBA SCRERL AT R K e B3 U3 g
AR SCREB NS 2% 28 13 B SO MERA AR AN 5, %68 F1 At AR it 1) DR R 3 e v, DB — 2R 1]
RE AR RAE B RORA RS

0728 5 BIKBHEAEAIEHE

100 —
o Eﬁl Table 5 Identification accuracy of various rice
g 80r pests and diseases
< 245 Category R/ % Accuracy
I 37.28 ;
) 401 14595 Rice bacterial blight 100.00
% 20 - ] T Rice thrip 94.12
-~ AT BT Rice bacterial streak disease 97.96
| ! e . .
CNN_LSTM  CNN_LSTM_ATT  Fine-tuning SR Rice bakanae discase 96.30
language model =Ak#E d1 Rice three chemical borers 95.00
174 Model THRREERS Rice brown spot 97.37
N N "RE\ Rice planthopper 97.29
E6 KigmHAESMEIRANAERE -
i " o FERA Rice blast 98.00
Fig. 6 Overall accuracy of rice disease TE M Rice false smut 100.00
and pest identification LA Rice sheath blight 94.87

3 g

AT G IRTSE 3 2T HSOT R BT SCBFTE ) 383U 5 Hh SO iR 5 A B TR R
AN, B iy X GEA A AR ISR LB P SCOA IR R A B A TS,
T AR B HP S PR B AR R T R R , AR SR — A R SRR AR AR 8 I T SChe 1 1 it 4R
PATINGR, T TR BRSPS SR RN

Nk UGS ] ) T SO, AR SOR I — Rl AL B BRI IR T 1 | 26 T AL GE R0 b 2% — i i 25
HEZR, Gty I 22 RS2 I ZRA6 B CLIP , CLIP AL IR B P FURRIE A7 =5 5 A9 08 SUAR S, Ak 0 o £ 1]
PN ZiF 5 GPT-2 38 o VI 2 fi] S A0 S 0 2%, fek 0 5 A 700 A A R R TR ) . ARSI 4 2R, AR S
T3 SRR BEAT g T LA CNN_LSTM RS LA R I A T 7 BORE TS, Az i) P A ik AN A BE S B K
Tt L3 A2 W, SRR X A R LA AR A AR
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UG A B AR B B DE R LN A 0T, (& 2R AR 16 7 5 LU PR 18 5 0k . AR S0
RIT T H UL 7 PR T A 3 PR R SR HAR IR SCASANS fi] 50, DA T8 SRR 4R, AR SCRI IS
XERBON IR Z N ERZAEE R AR, 5% 189 R BRI, S AN & A A=y 5t SR IR RIAE
AR R IRTERE . A, Al AR i AU B FRAS 2 f) 4 L SR RS T LA, i
IR PERE A WHR T, AN SCR I B BN SRR 5 O B — R AORE 5 A SE ik A TN SR 8 | i — 20 4R
THRBRE S5 BB AR T SCF IR AR HENE A, ASSORER SR A U I 5 iz T, JR 26T DR %
BT E B R s & b, BTS2 PR A 7=, S A RS e SE P Al Az 7= U A 4 5 KA L

25 b RSCWRGEAR AR 1 UG IR ORAE /KR g He T U U i) i, 7K e R 3 PRI R IR AR AT gk
Feg B 2 W B A R

1) PR T — A7 et PG b SR AR 7 b SO T 9 7K R ML 75 000 4R BEA T 2 1Y
A R SCAR AT & v SCHETE S8 I8 T RER BERIA R KR N2

2) TSR R C A R i Kl EaEA TN gk, b R B R AT RE 22 B SE PR ARRAE , AR FUI 2R L mT LA L
REAE 7 > TUHE AR s R P 22 R TN A R ol By P R AR AN S 35 Rl ) PR A5 R A R R A1 L
FEL, AT LA R G AAT 55 1iH SO A R,

3) AR SCHET 2SN SR B (4 RS R0 SR R4 A D0 T AR | REAE /D I 2R B IR A 1
DU, 58 O 7K AR gt TR A4 3 S P W7 LA 2 i A P i 4 R 1)
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