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Abstract

In order to improve the prediction accuracy of crop water demand, a crop water demand predic-
tion model based on LSTM (Long Short-term Memory Network) is proposed. The model uses air
temperature and humidity, wind speed, and sunshine hours as the characteristic input values, and
the crop water demand is the label output value. Jujube tree is the test object, related prediction
experiments are carried out, and the prediction results are compared with the accuracy of the
RNN model and FCNN model. The results show that the accuracy of the LSTM time series model is
higher. This method has advantages in the field of water-saving irrigation.
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AR HRZT Ty NSRAEER ik, BRE R AR EA S E S, AR SAE
SO T TR 14, R EABKBIRR R Z 1 13 NMEKZ —. Ak K E KL b4 E K
B 70%, (B4 BCF AN 4007 A [1]. BRI HERS TRIE VI 75K &, AR T 45 R e kAT 48 5
FEMAEAL K TAR P BT BB

VEW R 7K B R 2 R 2 B ARV K BRI R A b AN T SR ABURE, A1 75 /KR IR T 2 L
TR O [2] . M ATEMIR TR K R Z R Penman-Monteith 230Kk, HRH RSB N E &
BHRINRGEAEE 2, PrelE W2 E A et (T SNBSS R R K B B EEAT 1 — R 5w
Feo 2R BT [3155 I Y L T8 A5 VA RAL Y Elman #2226 1 T /E) FR K BTN AL, JFE0IE T8
RFRATYE . i FR[A1FF M 72T N IR I SR 28 I 28 I TR A . i ARt e p 2. DL
Wi, BP M2 LK [5] [6] [7]5 A R AL E VIR T K B HEAT 1 000 . H AR 75 /K B T A Al
KTT A BRI e PRI AS SO 73T LSTM I (] R 9 A E R K B2, 55 LA A 3t
A7 7 HEBYER EE 2 HT

2. LSTM &8I %

LSTM #8012 KIS I 2 M 4%, R G2 /4% RNN (recurrent neural network) 5.9% () et . RNN
A FAE BRI AT B AP 22 R 2% X A E T AR 2 B3 7 — AN v de, fets i@ 530 I i a8 21
RO PTA B 21005 B, IR BiE B AC 2 Or B AE HH TR) R BR80T f0r, DT S0 09 25 F i 4 [8] -

Figure 1. RNN structure diagram
1. RNN £5#4[E

Wk 1 B NP 4 1) RNN BRI ZR L2850, x NP BTN, h B S RS AR T 2 7 91 4
PEHEAT R LSRR ot y, B AR — I h B y (5. i T7E RNN LR gy AN
i LR P A A AR A Y, X IR ] T RNINC RS FHVE R, AR Zad Re b, iR & E 225 1005 B 4 a0
WSS, it 8~10 MDA, RNN AT AR 2 BB EE R R, DA ORA 7 A5 A2 38 5 34
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KA I AZ 2% (Long Short Term Memory Network)id i =N [&] i 14561 2 i (5 S0 24 145 B 5
M B 3 5 7] (forget gate); % A [ ](input gate); %t ](output gate) [9]. [ E—R ZIEIORE,
ANTTGE T 41T IS, it 1 BT rpRES, e —ARRE t ek S [10]
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e
f—ilE T | —HAT: o, —fH ]
o — I TIREEEL
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b, BRI IWMED: b — N MR E I b, —f ] 0

XL THT ARE T LSTM a2 TR, A 5 200 T (VI 2R 28 B 00 2 i vH AR ng il e, 17071 ik
SWFTIF, R IUPEE TS s OGP o DR b e it 31 6 1 (9 R Dt mT DA SE IR R B 48 45 SR 2 [ 1],
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Figure 2. LSTM structure diagram
2. LSTM &5 [E
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3. BRNMEBSERS T
3.1. HIERIFESTALHE

MR P 4 [ R 3 R G 9 3 (X BTz R i 5 2014~2017 4E19 HA S8, B4F TR TR
WL MR . AR B SRR, i 2014~2016 4R/ SRR IR I 2R 80, 2017 4R
BARAF IR S R . v e T th A 3X(4) [12]1H 5 B EII 757K &

E =K. E, (4)

A E——7ikE; Ko —1EMRE: E, SRR E.
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G T 7 XA 4R T K B TR 5, BT DA 2F Jle - JIHL K v 0.865 JHAEAR R 1.36;
SEIEZ IR 1.22; SRSZRGAIIEL 0.83 735l T 5 H 2% AT 1 R /K BE[13]. Kt SR KR vk
SRR R 7, JFEOVB R AR . R IR B UM . HITRI B RGP R R 1Y
RAAEMERN o K 5 AT (B DR A7 esv A% B xlsx 4620, i Bl an e 1 .

Table 1. Experimental data

F 1 RO RIER

o i q TR PRI ANEE AEME ki
(€) (mis) *) Q) (mm)
2014 4 1 12.3 1.2 47 11.7 6.7
2014 4 2 14.6 15 35 115 6.4
2014 4 3 13.6 25 38 8.3 6.5
2015 22 11 41 12.3 8.9
2015 232 0.9 41 116 8.6
2015 10 225 3.7 34 3 10.6
2016 6 22.2 15 50 125 4.2
2016 23.7 1.8 41 11 5.6
2016 6 23.6 2 49 114 6.5
2017 7 10 30 14 46 11.9 6.5
2017 7 11 29.3 3 39 7.3 10.7
2017 7 12 27.9 15 36 10.7 6.4

RRLAE I R AT ZOR I s HEAT PUAL B ER A, BEHOI 2R 4R 2014~2016 =4 R EE 1 csv 16 30ak xIsx
I R S, SRR, G —RAALRE, iR IGRSk SRIURFERE . SRIPR 2258
SRBURFIESOE Bl . B ZACRFE RS . A AR . SRR SR Il . ORAF PIAL B B S5 4R J5
13 BRI ZRAE FH B 4 . Bl Pk s AT 45 SR an i 3 B

D:\Anaconda\python.exe C:/Users/®hdEm/
npy_minmax saved.

npy saved.

avg_temp shape: (1096, 1)

avg_v shape: (1096, 1)

avg_hum shape: (1096, 1)|

sunshine_t shape: (1096, 1)
water shape: (1096, 1)

Process finished with exit code ©

Figure 3. Screenshot of the results of the data preprocessing operation
Bl 3. BiEMAIRIEITEREIE

DA BAT 45 RIS SRR AR 28 1) AR (shape), 54 &8 1S N RFAE 2 & I DU AN RHE S
FIVULERFAE, R 2 water JEPE, FTLL shape A: (1096, 4). (1096, 1), E 2014~2016 =43t 1096 1T %3
sk, BEANEUR G AR 4 R NRHIER 1 4B TR KBRS . TALEE 5 M BE 5 2 B BN RAEAE npy 3L
e, DAAEAER A Z5
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TR 2500 G T B MBI ig H, 1 MATLAB BT B AE g 22, At LAAS B (g
@AEH Python3.7 55, 1E TensorFlow JFARIFEE NHEAT . 40155 BR BRI 3577 % 451 2K i £ (Mean  Square
Error), HAR AU NN Gl JELE, A4 T, TR RS N RS . HOBR R b R ZE /N T T B,
AR TS, FE €SS A, WaRER NS B R ME . THE AR AK(5) [14]

2(F(0-y)

MSE=1%1 (5)
n

Refe f (x) — B y— F bR n——REAA S
HEAR AR S B 2 S B ORE A K, B LR S B B R A 2.

Table 2. Parameter settings of the prediction model
F2 FMERENSHIRE

PS4 SR SHHUA
epoch ERIREL 100
Batch_size NG EAS & 128
validation_spli INZRIRIEER 0.2
Lr Gk 0.001

33. KR5S

TR PERE AN TR AR e B TR 2 MSE, BT iRERIES MG THE S B2 277 HHEE.
TERALZR A BT & BT, MSE BIER/IN, 150 I T ase 28 s 4 06 B0 ARG 7 P2 it i b gy, ALY
H T BERAL

0.25
loss

val_loss
val_mae
———val_mse
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Figure 4. LSTM training index curve
Bl 4. LSTM Il aFREhZE &
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DU IR R Val IR SR B ORFFAE AT ZRAR [R) 55 (1R 7K1 ELBSEA il 2 gt A7 11 g
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Table 3. Model MSE value
5 3. &8 MSE &

gt MSE {&
LSTM 0.0032
RNN 0.0044
FCNN 0.0065

ERRL R BT A AL R, B3 3 WA LSTM 55 ALf¥) MSE {55 RNN 5 FCNN #7885 b F A,
FTLL LSTM R RS i1 25 2% 85 RNN 5 FCNIN BT, HoxH il S 4865 fs i 2 o

PRI R G 2= AR hS SCEF, R T 7B REBL I SERR R, 45— infer.py RIS, IE4THS AT LUK
WG B E AT R . a5 BEALEAT IS S 0.44 RIONXS R [-6.8+ 0.8+ 79, 7.4]PUANS G304k Tl
WREYI S RTRKE, 165 B AN SERbR N 5w AR sys.argy ARBGRE A4 B2 R AR (1S S 800 & 4
BHFEFE, PR TN S BTVE 7K E A

Project ¥ D T - & — fhinferpy
v FEMBEKERMIRE C\Users\#iEE\Desktop ez EMNME import numpy as np 8 X1 A v
> I fig from tensorflow.keras.models import load_model
% actual.npy nodel_name = 'LSTH'
% avg_hum.npy validation_split = 0.2
’, avg_hum_minmax.npy val_num = 50
 avg_temp.npy # T:

', avg_temp_minmaxnpy

> avg_v.npy test_mode =
’, avg_v_minmax.npy

single

single_input = [-6.8, 0.8, 79, 7.4] #
5 fenn.hs

% inferpy
’ Istmhs

IstmTrainingCurve.png p.Lload("avg_temp_minmax.npy", )

avg_v_minmax = np.load("avg_v_ninmax.npy", )

avg_temp_minm
IstmTrainingCurveTotal.png

% Ppy

% preprocess.py

", relative_hum.npy

 mnhs

avg_hum_minmax = np.load("avg_hum_minmax.npy", )
sunshine_t_minmax = np.load("sunshine_t_minmax.npy", )
water_minmax = np.load("water_minmax.npy", )

names = ['avg_temp', ‘'avg_v', 'avg_hum', 'sunshine_t',6 'water']
", sunshine_tpy ninmax = [avg_temp_minmax, avg_v_minmax, avg_hum_minmax, sunshine_t_minmax, water_minmax]

’ sunshine t minmaxnpy

% trainpy

load data()

Run: infer & -
2UZ21-10-U8 21:55:96.9Y8745: L tensorTlLow/stream_executor/cuda/cude_dliagnostics.cc:16Y] retrieving CUUA dlagnostic 1nTormation Tor host: LAPIUP-KJIEPS4E

2021-10-08 21:33:56.999018: I tensorflow/stream_executor/cuda/cude_diagnostics.cc:176] hostname: LAPTOP-KJTEP34F
4 2021-10-08 21:33:57.000733: I tensorflow/core/platform/cpu_feature_guard.cc:142] This TensorFlow binary is optimized with oneAPI Deep Neural Network Library (oneDNN) to use the
following CPU instructions in performance-critical operations: AVX2
To enable them in other operations, rebuild TensorFlow with the appropriate compiler flags.
= 2021-10-08 21:33:57.002374: I tensorflow/compiler/jit/xla_gpu_device.cc:99] Not creating XLA devices, tf_xla_enable_xla_devices not set
2021-10-08 21:33:58.218418: I tensorflow/compiler/mlir/mlir_graph_optimization_pass.cc:116] None of the MLIR optimization passes are enabled (registered 2)
[0.44320947]

& Yl

wm s

Process finished with exit code 0

Figure 5. Model running result graph
5. IRANBITHRE

N T I BB B AL TRUAS Y (R AE R 1, ANBGAIESE 2017 41 1A Hh BEALIZE HL 10 ZELECHE 1F Dy Tt Ao
BOIE o X = oA Y (¥ Bk £ SRR AT AN 1R 22 UL

HI 6 574 4 FTLATE H LSTM TR i FU 45 SR TG T8 A& 4 — 2 AOARDRT R 2238 1 P S AR R IR ZE AR
T HAD PSR AR AR, LN R HERPE S . T H. LSTM FRINAERY (R Z 08 B2 AR L LB, 5 RNIN
5 FCNN LEAZ R E & - /K B A 3«
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Figure 6. Comparison of model prediction results
6. RATMLERITELE
Table 4. Comparison and analysis table of model predicted values
4 RBETUMEXTEE 3R
BARE  SR UMM T fE/MM HARF IR ZE 1%
LSTM RNN FCNN LSTM RNN FCNN
1 1.4 15 1.7 1.8 7.1 21 28
2 35 3.4 3.7 29 2.8 5.7 17
3 7.6 7.3 7.2 8.2 3.9 5.2 7.8
4 2.3 2.6 2.7 2.9 11 17 26
5 1.1 1.2 13 1.2 9 18 9
6 53 5.2 55 5.1 1.8 3.7 3.7
7 6.9 7.5 7.1 7.2 8.6 2.8 43
8 25 2.7 29 3 8 16 20
9 3.2 3 35 3.4 6.2 9.3 6.2
10 4.7 4.5 4.3 51 4.2 8.5 8.5
R XTR 2% 6.26 10.7 13.05
4. %EiE

AN EIRE RS, BURLRu R 2014~2017 4R 80 AR B Sy FEal,  DORR BT S RS 12
T LSTM HIEM T /K EHIRL . FFx FNEs R 5 RNN A8 FCNN BB BEAT R ZEX0S L i . FESA

DOI: 10.12677/hjas.2022.121010

75

SRR


https://doi.org/10.12677/hjas.2022.121010

EINE S

K7 AHE SO0 R, 455 LSTM Tl{E 5 SEPRE P A X iR ZE 8 6.26%1IKT- RNN 5 FCNN [ 10.7%
A1 13.05%, H AR SRR b =Fr RS ¥ MSE B 43714 0.0032. 0.0044. 0.0065 W], LSTM #E44[)
TR SRR PE R A A L T RNN 5 FCNN A2 8L, B AR A ED K R TR A2 vT AT, N
VEW 5 7K B BP0 o S e 38 K VR AR A — 8 2% . I HXASALE PyCharm PR5E R ffH python Zmfeis
BT AR T SCHR[S] T A A M s SERME SRR S AW I SRl AR AL R AR B A LRE A s
SRt T RGERE . E 5 S I H RT UK S BRI K AR K B e b B B KR, E
PO EAT IS, DAk 31 5 v i 0 000 R R
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