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T SIMDual_Ke ## 543 1P, SR, BT Rk
AITEYIR BRI AE KB B 8 K 1H, S ETEERIE R
SePRA KRB A TR BT, xhitk, A 52 R AEM A4
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SR W SYEM R BURST L R, DAL Eh A AR
REH0, HIX AR EE (o LAD  SRECHE FE
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L AE Y 51 89 )3 — 4k A5 8% 8 20 ( normalized difference
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1.1 MRREBISHIES

AHIE AT X AR 7 R AR —RE X . R X
AL AL B VG ALER, BT KPR LR K R R, Tk R
O ARrE e, HFEEALPR: ZRZ 115°30'~115°50", b4
40°15'~40°25". FEXPURER O NEE X, REWFK
B, b2k A M e, BEEEmIE.
FEDX R B A T XSS A T B AL B, SR KR AT A
FHEME . VEEIX P9 R BB TR AR 83.33 km?o 5301 VEE L T AN
73.33 km®, A ROEBLE AN 66.67 km?,  FIHR Sz i i 1 A
54.67 km®. HOE IS S NMORE R, ZEFHSE
10.0 C, WmBALRIR—23.0°C (KAL), WikEe

R 417 C CRAETET HD, ZAEPHREN 2.7 m/s,
FEAEMNTARFNE, K TR 90% DL . FIibA
B 50 5 B X R OK B R K AT P . AR B8 e Bkt
FKMAEFHWT: 5 A28 HEI 6 H 15 HAWIMEAEKA
GEM-ETH), 6 HISHZ7H 6 HAREREM (3k
AR, 7 H 6 HE 8 H 15 NAEE I (hFE—E K
Y, 8H 1ISHZE 9 A 15 HALEFE I (BRI
Wy, 9 A ™Ak, & H AR EEE W B R E
M Chttps://data.cma.cn/) 3REL. GBI 7 FIFHIE,
WFCFHAE. FHAE. HERERIE. HERESE
SERIFAHEE . CPXGE. HRE . SEEEVDH R
B IE) R, SRR N 2010—2018 4. B8 B HE MY
2 5 PAESE, Hik2 5 TEMEMNHIE 1w,
RIS PR 10 m, s SREL [a] i BUVE ) A=
KZFE (4—10 H) MaBEERKT 10% K48, KiF
BHEA 5de JRIGREAB S KRR IE . LA IE %R 5 &
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i e WA A SR A B BAR . RER 5 A 18 BGR HGA S H
(1) NDVI 5 £ 5 2 B2 A5 f 46 5 H szl (193058 D) &
BT AL

®1 ARREEANZGREEES

Table 1 Information of the imagery dataset used in the study area
= rya— "
m | REOCRER o RBRE R
. Ground sample S Visual field/ Launching
Satelliter . Revisit time/d
Distance/m km date
Sentinel 2 (2A) 10 16 180 2015-06-23
Sentinel 2 (2B) 5 5 290 2017-07-03

1.2 RSI-SDLR-IWRAM ( remote sensing inversion-
series decomposition and linear regression - irrigation
water requirement assessment model) 1E#!

AWEFCIR T — Pk TR 5 22 AR
TKE TSR, #iFR RSI-SDLR-IWRAM. %4584 1 Kk
Ha B8R & BEAE VG K TN T3 3%, AT I S A P s
B HIVEY) R, JF oK SDLR 51\ ET, TR, SE3L
XF AR 1~7 d I TE X # FH B F) RE T, 75 7K 2 v A 82 U
RSI-SDLR-TWRAM AR5 Ui 1 s, iz A4
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S CTRR. PRI, R, PR,
H BT 505 D) s S R 8 5 ET, /v, 8-k
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2) B SHAIEY) R BE Y RS AR H i e —
SRR A — AR R NDVI 5 056 H o sk
TR 8 K, AL SGsAR R, e R K PR 1 50
SR SR REK. sarenie » B BEBARIA LK
H LB T B T K B TR 45 2R ET,.

3) YRR FKE TR IWRAM. iZM 25
%87 SDLR BRI TN 1) ET,. RSB R SHIT K, A
R & Ceffective precipitation, P,) F1H %KF|H &
ot HAFFIARK 1~7 d TR K&
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Note: The historical meteorological data shown in the figure includes daily maximum temperature (7,,,), daily minimum temperature (7,,,), etc.
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Fig.1 RSI-SDLR-IWRAM model architecture
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Fig.2 Time series of reference evapotranspiration in the Yanghe-
I Irrigation District from 2010 to 2018
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Fig.4 Mapping relationship between NDVI and crop coefficient
(K,) for maize in the irrigation district
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Fig.5 NDVI time series during the maize growth period.
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T2 A0 HA S ET B4 15 7y SDLR #8 14mA
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2 GER55H
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N T e 11 2 418 70 A58 04 30 47 00000 o ) g sk i 1 K
FEo N B AR E O, ZE R T 7. 15 A
30d =S [A] 5 O L BMIARK 7d FET,, BEARZRa~
* 2 P,

®2 TEMHFHEEATARNE 7d B ET, FUMER
Table 2 ET, prediction results for the next 7 days under different
feature window lengths

RHEE I HE MAE/ RMSE/ R
Feature window length/d (mm-d™") (mm-d")
7 0.523 0.772 0.819
15 0.530 0.773 0.821
30 0.522 0.767 0.824

IG5 R B OR JEEE TN 7 KA 30 B, MAE
1 RMSE FF% 7 0.001 #10.005, R* FTF7 0.005. X%
B o5 B TR 7 1 7R K, AR B A I3 S ) 4 v 2 3] 3
BEENRHE, $em T IS E. Fik, 7525058
Ak R 2% 30 d AR REIRE NN .
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Table 3 Performance comparison of different prediction models
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Table 4 Comparison of running efficiency of different models
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Predicting crop water requirements using remote sensing inversion and
Penman-Monteith formula

SUN Liang*? , WANG Ruiguo? , ZHANG Xingxing® , HU Chuntao! , YAO Hong!, LI Shengwen!, LIU Chao*

(1. School of Computer Science, China University of Geosciences (Wuhan), Wuhan 430074, China; 2. China Communications Information
& Technology Group Co. Ltd., Beijing 101300, China; 3. YongDing River Investment Co., Ltd., Beijing 100193, China)

Abstract: Water demand prediction is often required for high accuracy and operational efficiency. However, the conventional
model is still lacking in the dynamic adjustment under various scenarios. Particularly, there are the ever-increasing challenges
of water management in sustainable agriculture under increasingly variable and unpredictable climates. This research aims to
systematically integrate the critical agrometeorological parameters, with particular emphasis on the reference
evapotranspiration (ET,) and dynamic crop coefficients (K.). A crop water demand prediction was developed and then validated
using remote sensing and the Penman formula, termed the Remote Sensing Inversion-Time Series Decomposition and Linear
Regression-Irrigation Water Requirement Assessment Model (RSI-SDLR-IWRAM). The framework was then designed with
both precision and practicality in mind. A structured multi-stage computational architecture was first employed using the
advanced Sequence Decomposition-Linear Regression (SDLR) algorithm in conjunction with the physically-based and
theoretically robust Penman-Monteith equation. The high-accuracy 1-7 day-ahead forecasts of the reference evapotranspiration
were generated systematically. Subsequently, the geospatial processing was incorporated using the widely used ArcGIS
platform. Agricultural field boundaries were precisely delineated and digitally characterized to obtain the vector-based parcel
maps. The fundamental spatial units served as the geospatial foundation for the subsequent analysis. The Remote Sensing
Inversion (RSI) component was dynamically derived from the near-real-time crop coefficient values using multi-temporal
spectral imagery. Furthermore, the complex spatiotemporal variability of the crop growth was effectively captured and then
quantified over the different agricultural field parcels. The IWRAM module was then integrated with these diverse
meteorological and biophysical inputs using advanced data assimilation techniques. Field-specific irrigation water requirement
was estimated to characterize the unprecedented levels of both spatial and temporal resolution. Validation experiments were
conducted during multiple growing seasons. The results demonstrated that there was the superior performance of the integrated
system: 1) The SDLR prediction module was consistently achieved in the remarkable accuracy over all forecasting horizons
(1-7 days), with the root mean squared error metrics ranging between 0.435-0.782 mm/day, mean absolute errors within 0.303-
0.526 mm/day bounds, and coefficient of determination values in the range of 0.821-0.942, all of which outperform the baseline
models; 2) Computational efficiency analysis revealed that, compared with the two baseline models, theSDLR model reduces
the number of parameters by 90.7% and 92%, and the inference timeby 97.4% and 98.5%, respectively. Thereby, the highly
efficient deployment was realized near real-time operation in actual agricultural settings; 3) The RSI-based Kc estimation
subsystem successfully reproduced the characteristic temporal trajectories, which were documented in the authoritative FAO-56
guidelines. While the dynamic adjustments were obtained under actual vegetation status using remote sensing platforms; 4)
Most significantly, the full-scale implementation resulted in a substantial 8.17% reduction in the water consumption during the
critical 2018 growing season in the Yanghe Il irrigation district, compared with the conventional irrigation scheduling practices.
There was a significant water conservation potential without any compromise in the crop productivity. Therefore, the
framework can be expected to implement the precision water strategies at operational regional scales. Substantial improvements
can be offered over existing approaches in terms of the prediction accuracy, operational efficiency, and adaptive capacity.
Modular architecture can be suitable for the practical adaptability under the diverse agroecological contexts and farming
systems. Essential computational tractability is also maintained for the large-area implementation. The timely advancement in
the irrigation decision-support technologies can bridge the gap between theoretical modeling and practical water management
applications.

Keywords: irrigation; remote sensing; inversion; water requirement prediction; Penman-Monteith formula; linear regression;
crop coefficient
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