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GPM: Global Precipitation Measurement

Hou et al. 2014



GPM: Global Precipitation Measurement
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« To improve NWP using satellite-derived precipitation
data following Lien et al. (2013, 2015a, 2015b)

» To produce a new precipitation product through data
assimilation

RMSE [GL/anal]: U (m/s) at 500hPa
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Experimental Setting

* Numerical Model

— NICAM (Satoh and Tomita 2004, Satoh et al. 2008, 2014)
* GL6 (approx. 110 km resolution)

 Observations
— CTL: Radiosondes
— EXP: Radiosondes + GSMaP/Gauge (Ushio et al. 2009)

 with Gaussian transformation

 Data assimilation
— LETKF (Hunt et al. 2007)

— NICAM-LETKF (Terasaki et al. 2015) with 36 members
e 3D-LETKF
* Localization: 400 km for horizontal & 0.4 log(p) for vertical
 Relaxation to prior perturbation (Zhang et al. 2004; a = 0.7)




NICAM-LETKF (Terasaki et al. 2015)

NICAM Ensemble Forecast
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Assimilation of GSMaP by NICAM-LETKF
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Gaussian Transformation

FI(P)=F(y) < §7=F[F(»)] o »y=F [F'(7)]
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F() : CDF of original variable F () : CDF of Gaussian distribution
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—: Obs.

Step 0: Obtain PDF & CDF

Original variable Lien et al. (2013, 2015)
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PDF/CDF production
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PDF/CDF production
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PDF/CDF production
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Gaussian Transformation

NICAM (ques) norm[mm/8hr] 2014110100(UTC) GSMaP (obs) norm[mm/6hr] 2014110100(UTC)
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Gaussian Transformation
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w/wo Gaussian Transformation
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Forward/Inverse Transformations
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Forward/Inverse Transformations
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Precipitation after the first analysis

Noisy field w/ negative values
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Precipitation after the first analysis
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RMSDs relative to ERA Interim (in 2014)

U vs. ERA Interim (500 hPa, Global)
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Desrozier’s diagnostics (for precip. obs)

R = <d“ (db )T> d” =y° - Hx*?” Desroziers et al. (2005)
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Desrozier’s diagnostics (for precip. obs)

R = <d“ (db )T> d” =y° - Hx*?” Desroziers et al. (2005)
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Best experiment (RMSD changes)
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Best experiments (MAE changes)

45-days average (2014/11/17-2014/12/31)
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RMSD [m/s]

RMSDs: 120h Forecasts vs. ERA Interim

U vs. ERA Interim (500 hPa, Global)
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RMSDs: 120 hr Forecasts vs. GSMaP/Gauge
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* Lien et al. (2015) approach works well with
NICAM-LETKF & GSMaP

— Observation data thinning was essential
 Horizontal obs error correlation of precipitation



RMSD improvements relative to CTRL (PREPBUFR) experiment

(a) PREPBUFR + AMSU-A (Glevel-6)
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negative=improved
Thanks to Dr. Terasaki



* Assimilating GSMaP with NICAM-LETKF
— Introduction
— Gaussian Transformation
— DA-cycle experiments
— Forecast experiments

* Estimation of global crop calendar with NDVI
— Current status and challenges
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Estimated crop calendar (major crop)
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Difference btw products

Satellite — Census Satelllte — Model
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Summary and Challenges

CODE: 0008, CROP: Temperate-wheat| CODE: 0036, CROP: Temperate-wheaf CODE: 0099, CROP: Snow-wheat

Census

Azerbaijan Australia (Queensland)  China (Beijing)

* Major sources of uncertainty
— Spring or winter wheat

— Census-based: no data region (U.N.'s survey)
— Model-based: sowing date (human’s decision)
— Satellite-based : land cover (grass or cropland)



Thank you for your attention



