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1. Data assimilation in China:
a quick review



LDAS sisters and developers in China

(1) First LDAS in China
(2) Multi-model and observation operators

(3) Multiple data o | AP
(4) Rich application directions :
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The Global Microwave Land Data System at ITP:
(1) dual-pass LDAS; (2) Novel assimilation
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€ A Dual-pass Assimilation-Calibration strategy (Tian et al., 2009, JGR)

€ A POD-based ensemble 4DVar method (Tian et al., 2010, Tellus-A; 2008, JGR)
€ A EnCNOP-P parameter calibration method (Tian et al.,2010, WRR)

€ A BMA-based observation operator framework (Tian et al., 2011, JGR)



2. Data assimilation method development



Comparisons of nonlinear non-Gaussian filtering algorithms

UKEF is a good choice in nonlinear UKF Estimation
15 - RMSE: 3.2354

Time: 12.3125(s)

Gaussian problems;

The performance of the Kalman filter
depends on the accurate estimation of
system and observation error;

For nonlinear non-Gaussian Problem, SIR-PF Estimation
the best option 1s particle filter;

Balance between calculation accuracy,
numerical stability and computational

efficiency.

Table of the algorithms, the mean of the RMSE and the error standard deviations
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Unscented Kalman filter 1.157
(UKF)

Ensemble Kalman filter 1.102
(EnKF)

Particle filter (SIR-PF) 1.179

Unscented particle filter (UPF) 1.076
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Han & Li, 2008. Remote Sensing of Environment



Dual Ensemble Kalman Smoother for simultaneous estimation of
soil moisture and soil properties

Soil moisture
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Assimilating the MODIS LST Products
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Assimilating the MODIS LST products at

CEOP

Mongolian reference (Sep 1-30,),

the estimation of land surface
temperature can increase 2K averagely
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One-dimensional experiment of assimilating AMSR-E data
for snow state estimation

Data: CEOP Siberia reference; Land
model: CoLM; Radiative transfer
model of snow: MEMLS
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Fig. 4. Snow variables from simulations and assimilations at Larch station. (a) Snow grain
size, (b) snow density, (c¢) liquid water content, (d) snow temperature, and (e) snow

depth as well as the precipitation.

Che et al., 2014, RSE



Assimilating SSM/I brightness temperature for active layer soil
temperature estimation
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A frozen soil model is used as dynamic model
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Radiative transfer of microwave signal by
considering frozen soil scattering darkening

Jin & Li, 2009, Science China Earth Sciences
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3. Chinese Land Data Assimilation System

Observation operator
Radiative transfer model

Data Assimilation
Data

z « EnKF
*Forcing * 4DVA

eParameters * Particle filter
*Observations *« VFSA

Model operator
Land surface model
Distributed hydrological model

Li et al., 2007, Progress in Natural Science; Huang & Li, 2008a, Remote Sensing of Environment
Huang et al., 2012, IEEE Transactions on Geoscience and Remote Sensing
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Framework of Chinese "and ata /ssimilation System (CLDAS)
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Data sets used in the Chinese Data Assimilation System
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Validation data, different sources



Assimilating MODIS Snow Cover Products into Land Surface Model: A

Case Study in Northern Xinjiang, China
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Summary on CLDAS

* A multivariate, multi-source, and multi-purpose
LDAS of China has been developed by a joint
effort of different institutions.

* Various kinds of remote sensing data and data
products can be operationally assimilated.

* DA results have been preliminarily validated.

* Results have not been published, data have
not been published as well, systematic
validation is still required.



4. Catchment Scale Eco-Hydrological
Data Assimilation



A catchment scale eco-hydrological data assimilation system
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Han et al., 2012, Hydrology and Earth System Sciences
Han et al., 2013, Vadose Zone Journal

Han et al., 2014, Water Resources Research

Han et al., 2015, PloS One; Han et al., 2015, HESS
Han et al., 2015, Geoscientific Model Development



HIWATER: An eco-hydrological experiment designed from
an interdisciplinary perspective addresses problems
including heterogeneity, scaling, uncertainty, and
closing water cycle at the watershed scale.

HEIHE WATERSHED ALLIED
TELEMETRY EXPERIMENTAL
RESEARCH (HiWATER)

Sdentific Objectives and Experimental Design

BY XIN i, GUODONG CHENG, SHADMN Liu, QNG X0, MNGCUO MA, Ru Ji, TAD ChHe, QiNuO Ly,
WWEZHEN WANG, YUAN Q, JANGUANG WEN, HONGY! Li, GADFENG ZHL, JIANWEN GUO, YOLHUA RAN,
SHUOGUO WANG, ZHONGL ZHU, JAN ZHOU, XIA0U HU, AND ZwWE XU

An eco-hydrological experiment designed from an nterdiscpinary perspective
addresses problerms induding heterogeneity, scaling, uncertainty, and
dosing water cyde at the watershed scale.

major research plan entitled “Integrated research  Foundatton of China (NSFC) 1n 2010. The sclenttfic

on the eco-hydrological process of the Hethe  objecttves of the Hethe Plan Is to reveal the processes
River Bastn” (hereafier referred to as the Hethe  and mechanisms of the eco-hydrological system inan
Plan) was launched by the Nattonal Natural Sclence  inland river bastn at different scales (eg, leaf, inds.
vidual plant, y. andscape, and hed

scales); to tmprove the research capabilities and pre-
AFFILIATIONS: X. L, Conez, Ma, Jo Cou, W. Wanez, Q. bility of the evol oftydrological, ecological
Hls, C. Zom, G, Ron, 5. Wowm, Ziwos, stes Ho—Cd wnd and economic systems; to determine the responses

- = (S Ly z‘;:‘ :i eco-hydrological processes to !d:nuxe \h;]n@{: and'
— 5 ‘q’ SR 5 5. man activities; and to provide fundamen eory
School and techaical support for water security, ecological

eagraphy ey
Uréwersity, Begng, Chira; Xuc, Q. Luy, s Wine—Seate Key security, and sustainable development In inland river
Lataratary of Remats Sentieg Soence, nustute of Remase bastns. Eventually, the tmplementation of the Hethe
Senaing Apphcxticrn, Chiness Acadeny of Sciences, Belpg, Ciima Pl will establish 2 research platform that Integrates

Data information system: http:// e e

730000, Gases Pr Chim to foster twenty-first-century watershed sclence In

E-maf: ben@ibacce (htza,

heihedata.org/hiwater ettt Dol e R w et

DOMITURANE D-D.085U mental watershed to carry out this research plan. This

area was selected because, first, the HRB is a typtcal

More information: ST et bbb e
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Li et al., BAMS, 2013



High-resolution precipitation data by data assimilation
at Heihe river basin
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Joint assimilation of cosmic-ray and land surface temperature
at Heihe river basin

» Cosmic Ray measures the 12 cm~76 cm soil moisture in a 300 m

radius (non-invasive, intermediate scale)
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An improved observation localization strategy in data assimilation
by incorporating Geostatistics
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Ecological data assimilation system at catchment-scale
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Summary on catchment scale DAS

* A high-resolution, multivariate, and multi-source data
assimilation system of the Heihe River Basin has been

developed.

» Synthetic and true-data experiments have been
conducted.

* Observational data and data products are plentiful but
many of them have not been used yet.

* The objective is to improve the predictability and
observability of watershed ecohydrology as well as
operational usability such as irrigation scheduling and
groundwater pumping.



5. Ongoing projects



Paleoclimate data assimilation--scheme description

1. Model Operator
-——- Climate Model

(1). GCM: CCSM4
(2). EMIC: LOVELIME

Run

2. Climate
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simulations (2). Directly
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High Performance Computation Platform

Fang & Li, 2016, SCIENCE CHINA Earth Sciences




Temperature reanalysis over high-Asia through assimilating tree-ring
widths chronologies
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6. Summary

* Large scale and catchment scale DASs that truly
assimilate various kinds of remote sensing
observations have been developed.

* Integration
 Multivariate, multi-source data assimilation
* Eco-hydrology applications
* Paleoclimate reconstruction
* Historical LUCC reconstruction

* Next step efforts
* System refinement and validation

* Operational application in ecohydrological forecasting and
water resource management
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