5560 % 45 6 M + o W) Vol. 60, No. 6
2023 4E 11 A ACTA PEDOLOGICA SINICA Nov., 2023

DOI: 10.11766/trxb202203040090
WA, FRVLIL, RP58, S8 —92, B 8. R TR R AL iy 80K D BRIk - DR gs ik R SRR )], R HE%A4R, 2023, 600 6): 1543-1554.
MAN Jun, ZHANG Jiangjiang, ZHENG Qiang, YAO Yijun, ZENG Lingzao. Data Assimilation for Soil Hydraulic Parameter Estimation:

Progress and Perspectives[J]. Acta Pedologica Sinica, 2023, 60 (6): 1543-1554.

ETHRERFAUNLBAKNDSHREE: HRHARS
RBE

> 25 1 T oT 2 > 3 a1 A 5%;4

WO, KILILS, A R, B—IR, ¥ARE

(1. P ERbE G S AT 55 B R T SE = (R ST T ), BT 2100085 2. KITARY 54 K BT BEC MG R% ), Bat 210024;
3. e 5HEER (SR E ), T 518055; 4. WA R\ EIESHE R ST (W k%), Bl 310058 )

& E: HHOK BB T 20 0T 201 2 38 S T K SE U AT MR, 32 BRI RCREE A, 1%
GER BLHEENE 7RI PN REAR G M A DRk A T, BB PRI BOR Y K, 5 KB 3 A e i) — SRS RAE = (KA
K3k ) O REEm AT L BAS SERT RS . el 7840 mil & i S B 5 2., B Hh H 30K I S50 M i — I s . B
[ Ak 572 Rt 3 3 fal 5 R 504 S R R T A5 2., SEBRXS AR SB S Al i A SCRG T T 1K I SO 2 1Y
RV R 5 7, AR T R TR A 7 v ) B R A 38K Ty 28 5 T R L O DTSR R S o s T 7y
T TSR T HAE R T BT , B e R TR R I AR R A SR T 1) o B 9E R Bdis Rl Ty i Re g 2 i
G E TR, 0T R HOK ) ZHO AR b2 o S, o T SRR R AL Y SR A R LR LU LI
T AR X AR Bl A () B A A, ST (R 4k 75 vk TR RN S IORS B A Rt — AR T Rk T DR Jre W B R 4 ik |
2R 2 REER A& DL AR & W EEHLE LS 2= > S5 R G+ 80K IS8R TIETRS, AR T4l /KR 1594 ph
TERMEE S TAER AR

KR BUEEDL; HHOKSE, 80 BdERL; ARt ldsss

PESES: S152 XHEFRERG: A

Data Assimilation for Soil Hydraulic Parameter Estimation: Progress and
Perspectives

MAN Jun', ZHANG Jiangjiang”, ZHENG Qiang’, YAO Yijun', ZENG Lingzao*

(1. Key Laboratory of Soil Environment and Pollution Remediation, Institutes of Soil Sciences, Chinese Academy of Sciences, Nanjing 210008,
China; 2. Yangtze Institute for Conservation and Development, Hohai University, Nanjing 210024, China; 3. Department of Mathematics and
Theory, Peng Cheng Laboratory, Shenzhen 518055, China; 4. Zhejiang Provincial Key Laboratory of Agricultural Resources and
Environment, Zhejiang University, Hangzhou 310058, China)

* EREMIIEITRIBIE (2021YFC1808904 ), [HZR AMARH=EEETIH (42107066 ) FTLIRAE HAR2 LS H (BK20201105) %)
Supported by the National Key Research and Development Program of China ( No. 2021YFC1808904 ), the National Natural Science
Foundation of China ( No. 42107066 ), and the Natural Science Foundation of Jiangsu Province ( No. BK20201105 )

+ M IHAE# Corresponding author, E-mail: manjun91@issas.ac.cn
EFEA: W R (1991—), 5, WdLsPMIA, W1, BIEBIGE O, FEE M g Bl 5P a4 ) i SR
Wk BT 2022-03-04; AR ENE MR B 0T 2022-05-30; FIZHE & H M (www.cnkinet): 2022-07-10

http://pedologica.issas.ac.cn



1544 N T 60 %

Abstract: The characterization of soil hydraulic parameters and their heterogeneity is related to many scientific problems in soil
and groundwater fields. Due to the limitation of time and sampling cost, the traditional experimental approaches cannot address
this issue adequately. With the development of Internet of Things technology, the state variables related to soil water movement
(such as water content and pressure head) can be acquired in real time through sensors. This has sparked some debates about how
to estimate the soil hydraulic parameters using these measurements. Data assimilation methods can estimate the soil hydraulic
parameters by integrating the measurements into numerical models. This paper systematically analyzes the uncertainty sources
and measurement approaches of soil hydraulic parameters, expounds on the basic principles of several common data assimilation
methods and their applications in soil hydraulic parameter inversion, and discusses the latest advances in data assimilation
methods from aspects of computational efficiency and accuracy. Finally, the development direction of data assimilation methods
is provided. The results show that the data assimilation methods can break through the limitation of the traditional experimental
approach, and thus are suitable for the characterization of soil hydraulic parameters and their heterogeneity. However, limitations
such as the strong nonlinearity of the unsaturated flow model, spatial heterogeneity of soil and sparsity of in-situ measurements
do exist. It is, therefore, essential for us to unfold in-depth research on soil hydraulic parameter inversion from the aspects of
supervised dimension reduction method, multi-source and multi-scale data fusion, and coupling of machine learning with physical
mechanisms, thereby assisting agricultural soil and water management as well as the prevention, control, and remediation of
pollution in agroecosystems.

Key words: Numerical modeling; Soil hydraulic parameter; Parameter inversion; Data assimilation; Optimal experimental design;
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