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Abstract To realize the accurate prediction of winter wheat field water demand, based on the measured

meteorological data of the experimental field in Yuanyang City, Henan Province, the multi-head attention
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mechanism was adopted to effectively obtain the relational features between water demand time series
according to the size of the correlation coefficients between the meteorological factors and the crop water
demand. The 11-, 7- and 4-factor fused multi-head attention (MHA) convolutional-long-short-term memory
network (CNN-LSTM) model for predicting winter wheat water demand and comparing with the actual
values. The results showed that: 1) The coefficient of determination (R*) between the predicted and
measured values of crop water requirement was 0.914, the root mean square error (RMSE) was 0.627
mm, and the relative analysis error (RPD) was 4.243. The R* was higher and RMSE was lower than that of
the 7-factor and 4-factor prediction models. The accuracy of this prediction model increased with more
inputs of meteorological factors related to crop water demand. The accuracy of the 4-factor prediction
model was the lowest, and the R® between the predicted value and the measured value of crop water
requirement was 0.825, RMSE was 0.946 mm, and RPD was 3. 124. In the absence of meteorological
data, only the minimum temperature, maximum temperature, average temperature and atmospheric
pressure with the highest correlation with the reference crop water requirement could be used to predict the
crop water requirement. The number of sensors was reduced and the universality was improved compared
with that of 11 factors. 2 ) Compared with the classical machine learning model BP, the recurrent neural
network model LSTM and the LSTM-Attention with attention mechanism, the CNN-LSTM-MHA model with
multi-head attention mechanism has better parameters such as the /2, RMSE and RPD, and the prediction
In summary, the CNN-LSTM-MHA crop water

requirement prediction model based on the fusion of 11 meteorological factors related to crop water

effect is closer to the actual situation of field production.

requirement is established, which can improve the problem of insufficient internal feature extraction between
data in the convolutional layer. The model can effectively improve the prediction accuracy of winter wheat
water requirement and can be used for irrigation decision-making of winter wheat in the field.

Keywords wheat; crop water requirement; neural network; multi-head attention mechanism; prediction
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Table 1 HP-QXZ-GW model data collector device measurement parameters

R 7D i g3 R B

Index Range Resolution Precision
A +(0.2+0.03) m/s,

0~70.0 S 0.1 S ]
Wind velocity m/s m/s @(0~30.0m/s, 25°C)
X
J_Uﬂ . . 0~360° 1° +5°
Wind direction
PRI 0~4. 0 mm/min 0.2 mm +3%
Precipitation
NEld
B 0~100% 0.1% +3% ,RH 60% , 25 C
Humidity
yH
i B —40.0~70.0 C 0.1°C +0.5°C,25°C
Temperature
S
RIS . 0~120. 0 kPa 0.1 kPa +0. 15 kPa, 25 °C 101 kPa
Atmospheric pressure
a2 5 B pE
s {””.E —40.0~70.0 C 0.1°C +0.5C(25C)
Dew-point temperature
g 0~50%+2%, @(30% , 25°C)

B 0~100% 0.1% %E2%, @30% .
Soil humidity =50%~100%+3%, @(60% , 25°C)

SRR B A 45 A XU R R RO R AR
J1 GRRER B  H AT S 57 SR B 20,4060 cm 11
T A, SR AR BSCHE ) B B 1] 27 30 min.  FH B A 04 R
FEFE]) S 20234512 H 1 H—20244E5 H 30 H , 33

182 d; HHe BRI RAER ]2 20234F 12 A 1 H—2024
4E3H 29 H 363120 d, 24 F B PG 331 302 do AR
7 LA FH B A KOS T A5 I 25, B B B $dis FH T4
BRI e A G5 W3R 2,
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®2 HERADH ISR EE(2024-03-02)
Table 2 Measured meteorological data of field A
R} 7] Wd/ (m/s) | R T3 4 /mm SR /C 2R/ Y
Time Wind velocity Wind direction Precipitation Temperature Air humidity

14:38:27 5.6 Rk 69. 2 13.3 35.0
15:08:27 5.9 Rt 69.4 12.5 32.6
15:38:27 4.0 Rt 69.4 12.7 32.1
16:08:27 6.0 Ak 69.4 13.2 33.2
16:38:27 6.0 Ak 69.4 12.6 29.9
17:08:27 6.3 A4t 69.4 12.3 30.0
17:38:27 5.1 At 69.8 11.4 35.0
18:08:26 3.1 ARt 69.8 9.7 39.2

i 1 KAL) /kPa Ot B JEE /Tux H BRI % /h i il /°C 20 em 1 38/ Y

Time  Atmospheric pressure Intensity of illumination Hours of sunshine Dew-point temperature 20 cm soil humidity
14:38:27 100.9 71 467 5.4 13.7 17.8
15:08:27 100. 9 67 667 5.9 14.3 18.0
15:38:27 100. 8 62 476 6.4 13.4 18.0
16:08:27 100. 8 54 588 6.9 14.2 18.0
16:38:27 100. 8 46 213 7.4 13.8 18.0
17:08:27 100. 7 25498 7.8 12.3 18.3
17:38:27 100. 7 12 428 7.8 10.9 18.0
18:08:26 100. 9 2519 7.8 9.2 18.1
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Table 3 The growth period of winter wheat' "’ d
ey P 1 il -3R 75 19 iR -2 R ¢ Tl - T 20 T - I S
C Whol Hl}/l od Seeding-reviving  Reviving- booting  Booting- filling  Filling- maturity
o ole growth perio
b & b period period period period
AN
T AhE 236 130 50 36 20

Winter wheat

R4 THEENESEFTHOEDRE

Table 4 Crop coefficients of winter wheat at different growth period in Henan Province

[20]

RN -1 W iR T -2 1) 2 - IR ) T 5 - 1 2
Index Seeding-reviving period Reviving- booting period Booting- filling period  Filling- maturity period
T/F%%ﬁ 0.40 1.05 1.15 0. 40
Crop factor
1.2.2 kit ie MR a=fQc 1+ (9)
K 48 W id 12 M 4% (Long Short-Term Memory, i, @ tanh (W, .z, + W, h, 1+ b,)
LSTMD) #H 3 T 45 1 # 28 M 4% (Convolutional Neural 0,.=c(W,x,+ Wyh_+b,) (10)
Networks , CNND fz K X B ZE F A T 3414545 h,= 0, tanh(c,) (11)

B, BERR ] TR T R AR B A 3t
KA TR 0 8 5 2 ic g Hh BB 0 AE B AR S TE o
T E BT R 2 AR S 2 A B B
il 2 H 1T sigmoid pRRCHH S E i (L, R e T
o tanh R RCH S B R AR RO A RUINR
ii=0(W,x,+ Wyh, ,+b,) (7)
f/:a<W‘C,x,+ W, er./‘) (8>

KB ATT BT e MBS TT, 0, M Hil
HITT, 028 sigmoid PREL . o, 0 ¢ i 20 B g A B0, W
B FE B, b R i pR A, tanh S XU IE U1 B0 oA
B, Fon ) i Z [ Z T R AT
1.2.3 % k&AM

% 3 1 & F1 (Multi-head attention, MHA ) i#
W28 Y N 08 Gk 2P )2 S s LA R TR 3R
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K
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head, = SDA(QWE,KWS VWY)  (13)
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Fig. 1

1.4 KBRERSHIZE
s IR AL & B AR RSN Win 10,
CPU Intel i7.DDR4 RAM 16 GB.GPUGTX1070Ti

CNN-LSTM crop reference water demand prediction model with Multi-head attention mechanism

8 GB. R P4 FiE S Python 3. 8, TR i 2 S HE 4
4 PyTorch 1.10. 0o X XREURFEA TG W E T
BIE I PK A SR WE S,

x5 FESHELE

Table 5

Parameter settings

I ] 2P K /d
% $ Parameter 1 l,j FK
Time step

EHRZR)Z K

LSTM JZ %k
No. of CNN layers No. of LSTM layers Learning rate

Dropout rate

EEE S AU

No. of iterations

B
Value

20 2

3 0.01 50 0.50

1.5 #EEEMHIELR
PLY 8 RAECCRY) (7 AR 1% 22 (RMSE) A1 A X+

73 B 22 (RPD) 3 Bl BE BURS BE ¥4 J7 i R T 7 ik T
fill A 22 Sk R WL CNN-LSTM s fE . 45
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(15)

RPD = n—1 (17)

RMSE
A X R AR S EUE YR 5 R A
TS 5 m ok B0 80, X S DU B0 Hie - 249485 Y R T
DB ST ¥ . A i R, RP R, RMSE
/N RPD MKk, 24 RPD=2. 51}, £ R B A

W (0 T i 17 3 24 RPD<<1. O, & WAL RN B 4%
T Ge 7 .

2 HRE5H5Hm

2.1 BEZLFEEAINGE CNN-LSTM HE R [F

B F &1 = i 25 SR X Bk

M2 6 A1, S B AW 5 K i 5 R AR =
SR SRR AR AR S A O RO e,
M7 0.8413.0.9324.0.919 8, —0.821 5, Hid
MR e SR A BRI 5 S B K
BIEHE, KRR S SHEY T KR 2 A,
ZHEY oK G S 8 SR KBRS B R 5
B r 58, 43 R 0. 685 6.0, 501 4.0.412 5, KU |
ST A X B Y 5 S B AR K R R
&, H | <<0. 4,

®6 SEPESSEMEYBRENEXRE(r)

Table 6 Correlation coefficient between meteorological data and reference crop

water requirement

H 5 %i =

Factor number 210 Al Impact factor r
1 AL A IR Minimum temperature 0.841 3
2 f% & A Maximum temperature 0.932 4
3 A Mean temperature 0.919 8
4 K#E Wind velocity 0.2326
5 K] Wind direction 0.052 8
6 AHXT W RH 0.0519
7 #% 15 7 & Dew-point temperature 0.6856
8 KA J1 Atmospheric pressure —0.8215
9 KB %R 5 Solar radiation 0.501 4
10 H B& %0 Hours of sunshine 0.4125
11 [% FJ H Precipitation 0.065 2

R ILWF 52 ZAEY 5 K2 RE
VIR A2 R O A 1 NG W0 & SO B N 7 B I 1 D LT
[ T G (AT I G - = T U B o K 0 B = D
BRI & 117 >0 4 7R 1/ >0. 8 1Y
4 P 1y Rl A 23k T LS CNN-LSTM-MHA
Z: % VRt K R TR

M 3R 7 R, Rl A £ Sk R 1 HL i CNN-
LSTM-MHA 53 # 57 (14 2 25 V5 9 % /K f2 75000 A
YA R  TOMORS B 0 AR R A PR
i 22 | MR A SO0 M BE AR AT o 11 PR AR R )1

PE A 4% T 45 A B 4F, R*=0. 964, RMSE=0. 463
mm , RPD=8. 103, i #ll I i R*=0. 914 , RMSE=
0.627 mm RPD=4. 243, HA& 25 S ZEY T K
AR A THPEAN FE R AR X 11 R A2, 7 7 Hm
R 2R E M R°=0. 932 . RMSE=0. 583 mm .RPD
=6. 478, M PEH R*=0. 884 . RMSE=0. 865 mm ,
RPD=4. 012 fij 4 P T G F 5 a8 57 i 1 71 25T
#r R*=0. 854 RMSE=0. 822 mm .RPD=3. 926, i
M PE #r R°=0.825, RMSE=0. 946 mm, RPD=
3.124, UL UL, 7 A4 R TR AT 2 AT R4 Y T
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TRE J1 o DA AR Al e s Al 2 AR AR R
J& 3 4 N7 100 2 25 VR Wy e K Bkl 47 i L AT A D
AL I R, B B R W 2 BN T T

Mo &b, @a2kEE Pldl i CNN-LSTM-
MHA 83k #5719 2 2% V5 ) 75 7K it 10000 A 7Y B 4
75 R TN GE 1, vl TSR Y KR R T

R7T AEZWEFHENSEEYT KETNZEE RIATMH

Table 7 Prediction model of crop water demand with reference for the number of different

influencing factors and evaluation of prediction results

S5 R TR H55 R PE Ay T B A7
Number of Model evaluation Forecast evaluation
meteorological factor— p. RMSE/mm  RPD R’ RMSE/mm  RPD
11 0.964 0.463 8.103 0.914 0.627 4.243
7 0.932 0.583 6.478 0.884 0.865 4.012
4 0.854 0.822 3.926 0. 825 0. 946 3.124

F P 2 TR, 3 A R Sl s P X A 2 oA
11D PG R Tt (5 S B A a5 o0 A e %,
A RGBT OR o 4 PR FTI0ASE TR RH 73 A1 e 7y
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Fig. 2 The predicted value and actual value of reference crop water requirement of three different

quantitative factor prediction models



46

0 LN ES I Y NS S 4

2025 4F 45 30 %

AT RLR I 24 /INAE SEBR i K B AR AR . o oR
I3k 11 PR 000 ) 246 /N A2 7 7K o 5 S P E 1R 25 fe
AN PFEIERZEN 0. 41, B KiR2E0 1. 535 5% 7 IH 5T

127
E .
£ L — SEBRME
g £ 10
E -5 Actual value
= g |
W o® i
% 5 _
E}; % 6 Predicted value
<
< £
z
g
E
=

A/ N K S S PR IR 22N 0. 49, oK 2= 0
1. 785K JH 4 P T (4 A /N A2 8 K B 5 S PR iR 22 e
KR ER 0. 62,5 KiR2EH 2. 01,

0 1 1 1 1 1 1 1 1 1 1 1 ]

S DD DN DD S © S SR
R A AT AR A AN A Al (&S\' AR AN

VR S SN et SO e SR SN s
O P A I O e RN
HHi Date
B3 HENe 1 EFENEFKETRNES KBREREFF 7 E
Fig. 3 Time series plot of 11-factor crop water requirement forecast vs. actual value at the monitoring station
127
1k — SEbRE
Actual value
8r B

Predicted value

INFZ TR A /mm

Winter wheat water requirement

[ 4

H# Date

Bk 7B FENEFEKRETNES KERE R E F 5 E

Fig. 4 Time series plot of 7-factor crop water requirement forecast vs. actual value at the monitoring station

121
ok — SbRME
Actual value
8 T

Predicted value

N T KA /mm

Winter wheat water requirement

5
Fig. 5

Hi# Date
BNk 4B FENEFKERNES ZRENEFSE

Time series plot of 4-factor crop water requirement forecast vs. actual value at the monitoring station



A5 4 1

TESRAE : MG 2 KB I UL A LSTM & /N i 7K 4k Bl 47

2.2 AR AR R 3T b
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0.982 mm| . RPD=2. 886, ¥ #IZ: M4 RNN & K
FHAIE S P 25 I 45 LSTM AR T 14 B = 1 BP, L
T BEA $8 bR R2 23510 0. 786 .0. 802, RMSE 43 51| A
0.893.0. 887 mm,RPD 43424 3. 527.3. 734, LSTM-
Attention 5B fif A & 3 ML, B8 T B 43 BC I [E) T
FIAHER , 56 {4 T o (Y B R) PP 510 8 ATk — 2P 4 T

7B PE e 00 P 48 bR R°=0. 864 . RMSE=
0.768 mm .RPD=3. 924, CNN-LSTM-MHA &%
Ve 5 K AR R 25 4 T CNINASE AR i B2 ] 45 AiE A
LSTM # 8 4b BERS (] 5 50 (9 R 1, IR INA Z kB
HL 2% CNN-LSTM 7] fg H 309 it 0 5 25 2 1S
L, FRF I s B v B EURE AR I EE T A B AR
Y K T PE AN AR 2 T AR AR R A T LSTM-
Attention A T PFAN 6 b5 R*$2 T 0. 05, RMSE &Ik
0.141 mm, RPD # 7+ 0. 319, £ -, CNN-LSTM-
MHA T 0 A5 Y 050 8

8 FEFNEE R FN L RITH

Table 8 Evaluation of different network prediction models and prediction results

N BT AR B A5
B Model evaluation Forecast evaluation
Model
R* RMSE/mm RPD R* RMSE/mm RPD
CNN-LSTM-MHA 0.964 0.463 8.103 0.914 0.627 4.243
LSTM-Attention 0.893 0.596 7.698 0. 864 0.768 3.924
LSTM 0.812 0.676 7.287 0.802 0. 887 3.734
RNN 0.805 0.682 6.992 0.786 0.893 3.527
BP 0.794 0.874 5.875 0.754 0.982 2.886

2.3 HRAIE

i 26 9 Al 0, CNN-LSTM A 5 Ay 15 i 2k 50
% H ST A 35 bR R*=0. 805 . RMSE=0. 715 mm .
RPD=4.721; # W ¥F # #§ #x R=0.782,
RMSE=0. 882 mm .RPD=3. 112, ¥t B it A V£ S
B 47 A I 25 0] DA AT 25088 T A5 3 v T G B
T 22 3k VE & S WL A RNN-MHA K5 8 15 00 k5
fils T CNN-LSTM-MHA 8 | il il ¥F 4 8 5 R*=

0.802, RMSE=0.865 mm, RPD=3.853, it #
CNN-LSTM 1] PAA % ok 3% RNN A fE 2% 2 K
BRI OC R A B S . CNN-LSTM-MHA #5574 45
F LSTM-Self-attention £ 5 1 I ©F 4y 48 Fr R* 32 Tt
0.041, RMSE [%1{% 0. 087 mm, RPD 42 7} 0. 614, i}
Bl MHA # % T Self-Attention % M\ £ 13 25 13k
JEATTHEE PO A 42 30 = 5 R AE , 3 — 20 2 FH A A
%) Tt P BE

F9 HRILIEEBITN AR

Table 9 The prediction results of ablation test models

o LR PE Ay T A
A Model evaluation Forecast evaluation
Model
R? RMSE/mm RPD R? RMSE/mm RPD
CNN-LSTM-MHA 0. 964 0.463 8.103 0.914 0.627 4.243
LSTM-Self-attention 0.902 0.528 6. 264 0.873 0.714 3.629
RNN-MHA 0.884 0.526 7.102 0.802 0.865 3.853
CNN-LSTM 0. 805 0.715 4.721 0.782 0.882 3.112

3 3 it
e ¢ 1 22 [ 245 RE 08 SR 1T K 2 7 B0 4 ok AT

W, {5 2 78 Ab B A [a) 7 50 5000 ) A0 RS 5 A ol
1 M4 28 ) 2% (Recurrent Neural Network , RNN) #H
BTiEgmamgny X maE Tl 82 a
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