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ON EAKF DATA ASSIMILATION BASED ON MASNUM-WAM
——II. ASSIMILATION EXPERIMENT AND RESULT

SUN Meng"?,  YIN Xun-Qiang”?®, YANG Yong-Zeng”®, WU Ke-Jian', SUN Bao-Nan'?

(1. College of Oceanic and Atmospheric Sciences, Ocean University of China, Qingdao 266100, China; 2. Key Lab of Marine Science
and Numerical Modeling, First Institute of Oceanography, State Oceanic Administration, Qingdao 266061, China; 3. Laboratory for
Regional Oceanography and Numerical Modeling, National Laboratory for Marine Science and Technology, Qingdao 266071, China)

Abstract We applied two wave data assimilation schemes: static sample ensemble Kalman filter and EAKF (Ensemble
Adjustment Kalman Filter), to assimilate the altimeter data of the Jason-2 into a global wave model MASNUM-WAM
(marine science and numerical modeling — wave modelling part) over the period of 2014. A practical assimilation design
was proposed for numerical implement. Results were validated against the altimeter data of the Saral satellite. In the first
scheme, static sample ensemble that consists of the difference in 24h-interval SWH from long-term history model results
are superposed to SWH field at time window for assimilation to construct a model state variable ensemble that will be
updated by two-part filter method. In the second scheme, wave model ensemble is driven by wind field with random field
perturbation. The results show that these two assimilation schemes could improve the ability of numerical simulation
significantly compared with the control run without assimilation. In addition, EnKF (Ensemble Kalman Filter) scheme has
a remarkable advantage over static sample ensemble Kalman filter scheme in mid-high latitudes where wind field varies
rapidly. Overall, the results of two assimilation schemes are similar. However, the static sample ensemble Kalman filter
could be applied to operational wave forecast at a lower computation cost.

Key words EAKF (ensemble adjustment Kalman filter); wave data assimilation; static sample ensemble



