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Improving land—atmosphere interactions in GloSea6 seasonal forecast

system by implementing a multi—layer snow scheme

Eunkyo Seo'?, and Paul A. Dirmeyer?

'Department of Environmental Atmospheric Sciences, Pukyong National University

Center for Ocean—Land—Atmosphere Studies, George Mason University

Traditional land surface models typically employ a zero— or single—layer snow scheme, which inadequately represents
the insulating properties of thicker snowpacks, resulting in seasonal temperature cold and warm biases in winter and
snow snowmelt seasons, respectively. This study assesses the impact of implementing a multi-layer snow scheme on
reducing these biases within the Global Seasonal Forecast System (GloSea). We compare the latest version, GloSea6,
which uses the multi—layer scheme, with its predecessor, GloSea5, which retains the zero—layer approach, over 24 years
of retrospective forecasts (1993-2016). GloSea6 shows a significant improvement in simulating surface temperature
and permafrost extent by delaying the snowmelt season by about a month. This delay reduces soil moisture depletion
in spring, enhancing the partitioning of incoming energy into latent heat flux, which promotes evaporative cooling and
reduces excessive land—atmosphere coupling. These advancements mitigate the near—surface warming bias during the
summer season. Additionally, the accuracy of precipitation forecasts is enhanced, particularly in snowmelt regions,
reducing errors in areas such as the Great Plains, Europe, and South and East Asia. This study demonstrates the worth of

integrating the multi-layer snow scheme for more accurate seasonal forecasts of temperature and precipitation.
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Generation of state—dependent ensemble perturbations based on
time—varying seawater density for GloSea5 initialization

Jeong—Gil Lee!, Yoo—Geun Ham!, Ji-Gwang Kim?, and Pil-Hun Chang?

'Department of Environmental Planning, Graduate School of Environmental Studies, Seoul National University
“Department of Oceanography, Chonnam National University

*Forecast Research Department, National Institute of Meteorological Sciences

In this study, we developed a state—dependent oceanic initialization system for initializing the ocean temperature and
salinity in the Global Seasonal forecast system version 5 (GloSea5). Our algorithm addresses the limitation of stationary
perturbations for Ensemble Optimal Interpolation (EnOI) by spreading observed information along isopycnal lines to
create three—dimensional density snapshot states. The proposed algorithm, referred to as state—dependent ensemble—
based EnOI (SD-EnO]I), accounts for temporal changes in the background error covariance without relying on ensemble
model simulations. To evaluate the quality of the oceanic initial conditions (ICs) produced by SD-EnOI, we compared
them to those generated by the Global Ocean Data Assimilation and Prediction System version 1 (GODAPS1) operated
by the Korea Meteorological Agency (KMA), over the period from January to December 2017. Our findings indicate
that the thermal structure of SD—EnOI ICs is more realistic than that of GODAPSI, particularly in the tropical Pacific
region. The strong warm bias in sea surface temperature (SST) and the shallow mixed-layer depth bias observed in the
GODAPSI ICs are absent in SD-EnOI. Due to the more realistic oceanic thermal structure present in the SD—EnOI ICs,
retrospective forecast experiments showed a systematic reduction in climatological SST drift in the central—eastern Pacific
for forecasts up to four lead months compared to using GODAPS1 ICs. This demonstrates the significant impact of the

initialization process on the quality of dynamical seasonal forecasts.

Key words: Ocean, Data assimilation, EnOI, state—dependent, GloSea5
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