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Crop Disease Diagnosis Method Based on Fusion of Multiple Types
of Data from Plant EMRs

DING Jungi' LI Bo® QIAO Yan’ ZHANG Lingxian'
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. School of Economics and Management, Beijing Information Science and Technology University, Beijing 100083, China
3. Beijing Plant Protection Station, Beijing 100029, China)

Abstract: The rapid diagnosis of crop diseases is crucial for agricultural production. A large amount of
information on disease symptoms, drug prescriptions and environmental characteristics is recorded in the
plant electronic medical record ( EMR) in both structured and unstructured forms. Plant EMRs can
provide a high-quality source of knowledge for intelligent diagnosis of diseases. However, their small
sample size, the lack of publicly available datasets and the co-existence of multiple types of data posed
difficulties for related research. A crop disease diagnosis model based on BERT — MPL data fusion and
attention mechanism ( BM — Att) was proposed for the characteristics of multiple types of data mixing in
plant EMR. Firstly, BERT pre-trained language model was used to extract text semantic features from the
unstructured part of the electronic medical record. Secondly, one —hot coding and multi-layer perceptron
(MLP) was used to encode the structured data and augment the vector dimension. Finally, an attention
mechanism was used to selectively highlight key features in the feature fusion phase and multiple fully
connected layers were used to enable disease diagnosis. To verify the validity of the model, a dataset of
15 diseases of four crops, namely tomato, cucumber, lettuce and watermelon, was constructed and the
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Ablation experiments were conducted; representative deep
learning models for text classification were compared, such as CNN, RCNN, AttRNN, FastText,
Transformer, BERT and ERNIE; representative models with different approaches to structured data
processing were compared, such as BERT — ALEX, BERT — 1dCNN, BERT — 1dLSTM, BERT —
1dAttLSTM, BERT — MLP, ERNIE — ALEX, ERNIE — 1dCNN, ERNIE — 1dLSTM, ERNIE -
1dAttLSTM, ERNIE — MLP, etc. The results showed that BM — Att achieved optimal results with
accuracy, precision, recall and F1-score of 95.82% , 96.38% , 95.48% and 95. 85% , respectively in
the test set, indicating that effective diagnosis of crop diseases can be achieved. The strategy of adding an

following experiments were carried out.

attention mechanism to the feature fusion stage improved the F1 macro mean of the model by 1.47
percentage points, significantly improving the model’s classification of small sample diseases such as
lettuce downy mildew and watermelon nematode. The research result can provide a reference for data

mining of electronic medical records and the implementation of intelligent diagnosis of diseases.

Key words: disease diagnosis; data fusion;
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FIERG 2%, 4> 535 5] 92. 44% 1 94.33% , T 45 iE
LAY A] DL S iR A o B3 I S ROR
I W E R TFIRE 2 S1 fE T i NLP AT S i sl
3.3.3  Z5Fgfe B R

2253 one-hot 4 it , F W) HEL 9 D7 H A0 45 48 1k 5L
P e 0 o — Al . R T S UE TR B BM - A B
T — 2 15 B B IO A RO, TR T S5 A8 Ak Bk
T 4 A Ti) Ak R Ty 5 R AR SR A S i BT 4R Y
BM — At A5 7 7 55 b 10 H5c 4 b 3 43 SR T 2 MLP
RRERY b H 5 HLA R 2 1 0 — 4 B di o 2R AT
W, 4 — 48 ALEX, — 48 % B b & W 4%
(1dCNN) | — 4 & J #9012 W 4 (1dLSTM) F1 & F
TR I AL Y — 48 1 012 M 45 (1dAULSTM)
FESZI B SR o S AR B Y 2 B I 2R
Fi#Y BERT 1 ERNIE fE Ry BEfli 580, 45 hm b3k 5 Fh
Aab 3457 2 235 K Ak AR 3 S, R LG AN R B A
WU 2 Wi 3 5. % 3 & BERT — ALEX, BERT -
1dCNN, BERT — 1dLSTM., BERT — 1dAt#LSTM .
BERT -~ MLP, ERNIE — ALEX, ERNIE — 1dCNN,
ERNIE — 1dLSTM , ERNIE — 1dA#LSTM ., ERNIE —
MLP S48 70 e 0 8 48 1 0 o 6 0% S i %6 1 [l R
FFL{H,

R3 HHUBESTEMERTLT

Tab.3 Comparison of model results for structured

data branches %
" .
pE N ’ 1:22?{% R R HEx FIE
ALEX 93. 88 92.12 91.45 91.39
1dCNN 94.53 94. 69 92.02 93. 05
BERT MLP 95.39 94. 85 94. 26 94. 38
1dLSTM 94.39 93.67 92.24 92. 62
1dA®LSTM  94.02 93.56 91. 65 92.21
ALEX 94. 11 93.35 92.20 92. 44
1dCNN 94. 24 93. 89 91. 84 92. 46
ERNIE MLP 94. 62 93. 69 93.37 93.29
1dLSTM 94.52 93.87 92.33 92. 80
1dAULSTM  94. 04 92.96 91. 88 92.12

S5R W, AN SO AR B4y SOR B9 J2 BERT



%13

TR¥ 4. HET YR 51 2 28 BUBCE Rl & iAW 2 W7 Tk 203

¥ & ERNIE, # [t ALEX 1dCNN  1dLSTM LJ J% % T
T S HLE A 1dLSTM (1dAULSTM ) , MLP %148 T
AP JUH Z BERT — MLP, F1 {8 FlE ) %
5301 h 94.38% F1195.39% . XF TAHYI B 105 7 , 45
R A B0t o3 5 A PG R I A 2 BOE o — R L,
MPL &7 B 1 45 #9385 T — 4E 5008 OF B 76 & e 75 4%
BT RIARM, EEXZBSE A E) 2N
F
3.3.4 R IJIHLE e

A4 R I HLE AR A S o A R R
BB, BM — At #5281 5] A 2 7 B R B0 B AR
DA A 7 AiE il 280 2R o 45 2R o, U B O PL R A

x4 EEANF IR LL

Tab.4 Comparison of effects of attentional mechanisms

%
A WHEMIE  WER HRER FLE
FHAMER  98.94  99.11  99.03

FIKEEHR 97.19  89.77  93.33
FAMEEERE  94.19  98.03  96.07
FiikdR  98.62  95.65  97.11
FAMEW 89.37  95.36  92.27
FAEAER 91.57  84.13  87.69
NG 98.63  90.36  94.31
IR 96. 64 92.9 94.74
WORMEEH  97.33  90.48  93.78
NG  91.06  98.15  94.48
#ING AR 97.06  80.49  88.00
RFRM 96.77 100 98. 36
ARk Il 100 100 100
PEIRARARE  92.50 99.46  95.85
Pi Mgl 82.88 100 90. 64
W % 95.39
VKM 94.85 94.26  94.38
IECEYE 95.54  95.39  95.37
FHAFER  99.43  99.43  99.43
FKER  98.01  90.23  93.96
T EER  93.39  98.03  95.65
Fikd  99.30 95.32  97.27
TR 90.59  94.33  92.42
FAEEER 90.73  83.03  86.71
WIRCIHE  98.86  91.19 94,87
WINRER  97.30  92.90  95.05
HORMAEER  97.52  89.65  93.42
WINFEER 90.78  98.68  94.56
BNk dR  99.19 100 99. 60
R 98.04 100 99. 01
32 100 100 100
TEIRAIERR  92.50  99.46  95.85
[P 100 100 100
HEAf R 95.82
FEHME 96.38  95.48  95.85
JNACESE  95.94  95.82  95.79

BERT — MLP

BM — At (A SCA R )

BUE R LR T TR KRR MERA
VNI 3 0 B AR R AE BN Rl G B B s e
R B BERITE K 22 800 5 2500 Lok BT B AR
YRR . U HOR X T A 2R VR A N RE AR F
WO T B Sk 7S R 2 W FL
M 90. 64% &5 100% . WK &, F1{EH
FOFBE TR R 1. 4T A 538 FL AT ¥ 8 e
B R 4 i $E 755 0.42.0. 43 A 43 s o A H I AT
PIE , 227 49 (8 500 o AL R 6 R SF- i B A 4
BENBEAR [ 43 20 o T T AL 3 o AN R 43 T
fl A 4 SR A 8 3k 450 5 R OC B AR A, & i A
Xof N [) 288 ) 50 0 AR OE 1 DG T A, ek TR AL 1 R
TR AE 4R BURE 1Y L FE KON R Y BEES
FEREIHLEEB R FAMEARRERAT HLZW
SR, B O E R AR 12 T W S bR N B AT BB

4 HFig

(1) BF5%F H 795 Py v i SCAS B804 43, ok 13
Y%k BERT i 5 #5 AL 42 B3R 28 Rk, X 1t
CNN.RCNN . A 1 & S1HLH B9 RNN. FastText .
Transformer , ERNIE Fi1 BERT #5 &I | % 3 54% 48 I8 )5
2 BERUA L, 3 F W 2519 BERT 1F 7 45 8 A
TSR, F1HAF) 92.47% , J5 A 2 I 2k i
=R ] DL 0 1R b A o B 11 S
718, BE T4 M B IBOSCAR T i 1 A L

(2) 1% L 70 D v i) 85 4 16 55080 35 43, X Lk
NGILGE: Wy i b € A AT TN N '
AKE R4y 3R 1Y 52 BERT & 5 ERNIE, 78 45 14 1k
Bl 7> ORI MLP Yo fe A B £, AH b ALEX
1dCNN  1dLSTM DL} 35 F 3% & S HLE A9 1dAHLSTM
SRR M 4 MPL 1) 22 J2 42 % 2 )2 45 f 0 T 4 i 0P
S 18R 24 540 B ] A A

(3) T H ¥ fl & Wy Be s hn i = 3 AL 38 i AL
T4 I 5 R DG HAE BRI, R AR TR X AN [+ 28 S 4k
P HE B SCTE AL, SO T R B X R AR 1 £ AR
T8 FUAE R P EAR R 147 DA, BEE
AR, T T DL BE Y 5 S0 A R Xof /N AR A 2 ) Y
IR RBOR RV R HUZ W FL{E M 90. 64% 2 15
B 100% , %5 T F & BE 12 W7 (9 5 B i 1 B AT B
=4

(M) LG RE AR M AR T H Y
T I 1S BleEE OLAE B B2 0T 55 B A4S R i
B T A e AR B IR T RS R R E R
A R A 2R 40 1 5 5] 95. 85% 1 95. 82% , K WA
SCREAY RE 6% 52 BUAE W9 1A 02
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