Accounting for Error in an Ensemble of Seasonal Forecasts using a
U.S.NAVAL High Resolution Global Coupled Model

LAEB%EQ%%Y William J. Crawford?!?, Sergey Frolov?, Craig Bishop?, Justin McLay?, Neil Barton?
LAmerican Society for Engineering Education US Naval Research Lab, Marine Meteorology Division, Monterey, CA

Project Overview Motivation and Implementation of ACAI

Project Status and Initial Results

€ Summary | | " Research at the UK Met Office (Bowler et al., 2017) suggests use of « ACAI capability implemented into atmosphere only (NAVGEM) portion of the
* The Naval Research Laboratory (NRL) is currently developing Analysis Correction based Additive Inflation (ACAI) ESPC model code base
a sub-seasonal (30-90 day) forecast capability for an ocean- 1. Begin with archive of analysis corrections, 6x% ;i = 1,2 ... N, « Initial tests using a 10-day, 20-member ensemble in NAVGEM versus the current

atmosphere-ice model (ESPC model).

. L e operational system at FNMOC indicates positive impact to bias and RMSE
* At such lead times, the deterministic predictability is lost and

ensemble forecasting starts to play a key role in characterizing 2. For each ensemble member (1m), randomly select 5x from (8)  Bias : change relative to baseline () RMSE : change relative to baseline
the probable evolution of the Earth system. archive (same season, different year) and compute: s MM AN w7
e The Navy ESPC model consists of here. el DA DA A f e -
1. Atmosphere - NAVGEM (40km/60 vertical levels) Sxfy = 6x& + a[dxfh —6x3| (1) 5T = seasonal mean e X/vmmg el )
2. Ocean — HYCOM (~9km/41 vertical levels) o e . 6xg = ensemble mear o WW et LN
3. Ice — CICE (~4km resolution) @ = luning parameter N VY Y YY YV S
» The ensemble is produced using initial conditions generated o F | | NN NN N G ENN ol 7
using the method of perturbed observations (Houtekamer et al., 3. Add — at each time step, T = time steps/6-hrs forecast st NYNCTNIN/NNNDNND - B
(1996) and Kucukkaraca and Fisher, (2006)) where random wl AADADBDARRE
perturbations are added to the observations prior to being 4. Repeat (2) and (3) for each 6-hr period of extended range forecast el ANAASITTTTY -
assimilated via 4DVAR (atmosphere) and 3DVAR (ocean/ice). .
: - . - Figure 5: Change in bias (a) and RMSE (b) relative to the baseline system.
€ Challenges (1) addresses model bias and (i) addresses stochastic model error Ugward/green 2 improver(ngnt. Outside tgia)ngle represents a 100% c>r/1ange (a);
* The ensemble suffers from significant model biases and error 10% change (b). NE=northern extra-tropics; TR=+/-20°; SE=southern extra-tropics
e Sources Include: _— _ _
1 Initial conditions Statistics of analysis corrections Bias : NE Z500
‘ Pertqr_b . ob;ervaﬂons Known to generate Inita e Statistics of analysis corrections can lend insight into systematic \ ) > While ovgrall pe.rforr.nance 'S positive, b'?‘S of
conditions which are under spread adiustment or bias in the model j aeiemnene SOME Variables is driven through zero (Fig. 6)
* Aimtoreplace with relaxation-to-prior-perturbations ) Thjes e represent term () in equation (1) above —emembewiac  resulting in a degradation at longer lead times.
2. Model error (bias & stochastic model error) P | : \ e Spatially and temporally varying amplitudes of
» Can address in two ways: surface pressure : mean correction p the seasonal mean corrections added to the
a) Stochastic physics methods (e.g. SKEB, SPPT, P e Y - T el T state are currently being tested to combat this

Figure 6: Time-series of bias for 500mb

SPT); only addresses stochastic model error and ime-Sefie |
geopotential height in Northern extra-tropics

are not constrained by observations
b) Observation based approach; based on analysis
corrections from data assimilation (ACAI; see Goals)

e Term (i) In equation (1) is aimed at increasing spread throughout the forecast
 Figure 7b indicates that ACAI Is not always additive with the baseline method (SKEB)

& Goals o « setto0.5In the presented results and will be increased in later experiments
* Implement an observation based method to address both " 2 > -
model bias and model error using analysis correction based o oo (@) | (b) |
e . J y Figure 2: Seasonal (3-month) mean analysis correction for surface pressure spread : TR 10m wind speed spread : TR 2m air temperature
additive inflation (ACAI) ] T
Wh':]e s.toclhasnc physpts.metrt\oclzls d'LeCﬂ)t/ addrefs © rro_rtsh  Figure 2 indicates the model is persistently adjusting the N — SKEB only oo | sKEBonly
Inbp ysut:g pro%?sses, ! tﬁ r:jo ceatr 0 W”O conz ralan| meridional pressure gradient across all seasons - S —Achiony
g.ﬁser\lﬁ |o.ns.| esetme ] to > are typically much more » Appears to also effect the meridional component of the wind with E | ot
MICUILT0 IMPIEMENT and tne. . decreased convergence (divergence) at the surface (aloft) 1 o 1
* Incontrast, ACAl is directly driven by observations of the
Imperfection of model trajectories; also simple and easy to V-wind: surface mean correction (OND) V-wind : zonal mean correction (OND) | | | | o |
: a - b —— Figure 7: Time-series comparing ensemble spread for 10m wind speed (a) and 2m air
implement. (@) o = (b) . .
| temperature (b) in the tropics (+/-20°)

e By including ACAIl in our global sub-seasonal ensemble

forecast, we hope to reduce the overall bias in the model T e e -~ |
while also increasing spread throughout the length of the NI T A e Summary and Future Work
forecast. B « decrease _ . .
. . . 180°W  90°W 0 9 E 180 E | convergence
« This work builds upon that of Piccolo and Cullen, (2016) and ol S~ L « We have.demonst.rated improvement to th_e baseline ensemble system w.|th t.he use
Bowler et aI., (2017); hOWGVGI’, the implementation here is of Figure 3: Seasonally (Oct-Dec) averaged correction to the meridional of anaIyS|s correction based additive inflation (ACA|); hOWGVGI’, more testlng 1S
a much higher resolution, as well as, (potentially) the first component of the wind at the surface (a) and zonal mean; all levels (b) necessary to prevent runaway bias at longer lead times and to increase spread in
implementation in a couple model. - | | | the ensemble | | | |
. - * Too much rain-out is a known problem in NAVGEM e Currently testing the method of relaxation-to-prior-perturbations where a weighted
arge . . . . . .
Green: MSE * DAappears to try and compensate with reduced convergence sum of the prior and posterior ensemble perturbations is taken to increase spread
Blue: Target ensemble variance (evar) (F|g 3) and Increased humldlty (Flg 4) In the trOpiCS at the initial time
Red: evar with under spread [Cs and nobias oy { Sochasio oo Humidity : zonal mean correction (OND)  Thus far have only implemented in the atmosphere and plan to begin development
or stochastic model error representation not growing N , . : : -
. { I fast enough iIn HYCOM soon. Many challenges associated with this!
1  Analyze nature of coupled biases and feedbacks in ESPC model
Blue: evar with properly spread IC’s and 'C’Ssﬁ?faeé{ Figure 4: Zonal average of the o Test use of bias only component of ACAI in cycling DA system
stochastic and bias model error representation 3 30| Seasona”y (Oct-Dec) averaged
o . _ _ — > "ol correction to humidity References:
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