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OUTLINE / SUMMARY

Sources of forecast errors
— Initial condition — Observing system, DA
— Model / ensemble formation

How to assess forecast errors?

— Error statistics from single forecasts — Statistical approach

— Ensembles — Dynamical approach

— Statistically post-processed ensembles — Dynamical-statistical approach

Statistical post-processing of ensembles
— Bias correction, merging, downscaling, derivation of variables

Ensemble database
— Summary statistics — Phase-1

— Full ensemble data — Phase-2
» All queries about weather can be answered



NUMERICAL WEATHER PREDICTION (NWP) BASICS

COMPONENTS OF NWP
» Create initial condition reflecting state of the atmosphere, land, ocean
» Create numerical model of atmosphere, land, ocean

ANALYSIS OF ERRORS
* Errors present in both initial conditions and numerical models
 Coupled atmosphere / land / ocean dynamical system is chaotic

— Any error amplifies exponentially until nonlinearly saturated

— Error behavior is complex & depends on
* Nature of instabilities
* Nonlinear saturation

IMPACT ON USERS
* Analysis / forecast errors negatively impact users
— Impact is user specific (user cost / loss situation)

* Information on expected forecast errors needed for rational decision making
— Spatial/temporal/cross-variable error covariance needed for many real life applications
— How can we provide information on expected forecast errors?



HOW CAN WE REDUCE & ESTIMATE
EXPECTED FORECAST ERRORS?

STATISTICAL APPROACH

« Statistically assess errors in past unperturbed forecasts (eg, RUC)
— Can correct for systematic errors in expected value
— Can create probabilistic forecast information — Eg, MOS PoP
e Limitation
— Case dependent variations in skill not captured
— Error covariance information practically not attainable

DYNAMICAL APPROACH — Ensemble forecasting
« Sample initial & model error space - Monte Carlo approach
— Leverage DTC Ensemble Testbed (DET) efforts

* Prepare multiple analyses / forecasts —
— Case dependent error estimates
— Error covariance estimates
e Limitation
— Ensemble formation imperfect — not all initial / model errors represented

DYNAMICAL-STATISTICAL APPROACH

« Statistically post-process ensemble forecasts
— Good of both worlds
— How can we do that?



USER REQUIREMENTS FOR QUALITY

o Statistical resolution (“predictive skill”)
— Seek highest possible skill in ensemble of forecasts

— Need to extract and fuse all predictive information

 Ensembles, high resolution unperturbed forecasts,
observations, etc

o Statistical reliability

— Need to make ensemble members statistically
Indistinguishable from reality
« Correct systematic errors (first moment correction)
« Assess error statistics (higher moment corrections)
« Use climatology as background information



STATISTICAL POST-PROCESSING

Problem

— Relate coarse resolution biased forecast to user relevant fine resolution
information

Tasks broken up to facilitate collaboration / transition to operations

— Bias correct coarse resolution ensemble grid wrt NWP analysis
 Cheap
« Sample of forecasts / hind-casts needed
— Merge various guidance
» Fuse all predictive info into “unified ensemble”
— Create observationally based fine resolution analysis
» Estimate of truth
— Downscale bias-corrected ensemble forecast
» Relate coarse resolution NWP and fine resolution observationally based analyses
— Perfect prog approach - No need for hind-casts
— Derive additional variables — AlVs
» Based on bias corrected & downscaled ensemble

Outcome
— Skillful and statistically reliable ensemble of AlV variables on fine grid
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ENSEMBLE DATABASE

 Depository /access

— Create unified NOAA digital ensemble forecast database
« Summary statistics from ensemble
— E.g., 10/50/90 percentile forecasts - Pase 1
» All ensemble members
— E.g., 20-100 members - Phase 2

— Provide easy access to internal / external users
» Seamless forecasts across lead time ranges
* Many applications beyond NEXTGEN

— Part of 4D-Cube
» Relationship with SAS?

e Interrogation/forecaster tools
— Modify summary statistics
— Back-propagate modified information into ensemble

— Derive any information from summary statistics / ensembles
» All queries about weather can be answered
— Joint probabilities, spatial/temporal aggregate variables, etc



OUTLINE / SUMMARY

Sources of forecast errors
— Initial condition — Observing system, DA
— Model / ensemble formation

How to assess forecast errors?

— Error statistics from single forecasts — Statistical approach

— Ensembles — Dynamical approach

— Statistically post-processed ensembles — Dynamical-statistical approach

Statistical post-processing of ensembles
— Bias correction, merging, downscaling, derivation of variables

Ensemble database
— Summary statistics — Phase-1

— Full ensemble data — Phase-2
e All queries about weather can be answered



BACKGROUND



WHAT INFORMATION USERS NEED

General characteristics of forecast users

— Each user affected in specific way by
« Various weather elements at
 Different points in time &
 Space

Requirements for optimal decision making for weather sensitive operation
— Probability distributions for single variables
e Lack of information on cross-correlations
— Covariances needed across
» Forecast variables, space, and time

Format of weather forecasts
— Joint probability distributions
* Provision of all joint distributions possibly needed by users is intractable

— Encapsulate best forecast info into calibrated ensemble members

* Possible weather scenarios
— 6-Dimensional Data-Cube (6DDC)
» 3 dimensions for space, 1 each for time, variable, and ensemble members

Provision of weather information

— Ensemble members for sophisticated users
» Other types of format derived from ensemble data
— All forecast information fully consistent with calibrated ensemble data



AVIATION EXAMPLE

Recovery of a carrier from weather related disruptions

— Operational decisions depend on multitude of factors
» Based on United / Hemispheres March 2009 article, p. 11-12

Factors affecting operations
— Weather — multiple parameters
e Over large region / CONUS during coming few days
— Federal regulations / aircraft limitations
» Dispatchers/ load planners
— Aircraft availability
« Scheduling/ flight planning
— Maintenance
* Pre-location of spare parts & other assets where needed
— Reservations
* Rebooking of passengers
— Customer service
« Compensation of severely affected customers

How to design economically most viable operations?
— Given goals / requirements / metrics / constraints



SELECTION OF OPTIMAL USER PROCEDURES
Generate ensemble weather scenarios e, 1=1, n

Assume weather Is e;, define optimal operation procedures o,
Assess cost/loss ¢; using o; over all weather scenarios €;

Select o; with minimum expected (mean) cost/loss ¢; over
e,,...e, as optimum operation
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FORECAST QUALITY - REALITY

Useful forecast info to ~20 days w. 20-80 km res. NWP models

Imperfect models used

— Model specific drift (lead-time dependent systematic error)

* Need unconditional bias correction of each member on model grid
— Solution, eg: Bayesian Pre-Processor (BPP)

Imperfect ensemble formation

— Forecasts are correlated, have various levels of skill, and form
uncalibrated cfd (spread)

* Need to optimally fuse all predictive info into calibrated posterior cdf
— Solution, eg: Bayesian Processor of Ensembles (BPE)

Stat. post-processing works on distribution of variables

— Raw ensemble members inconsistent with posterior cdf

* Need to adjust ensemble members to be consistent with posterior cdf
— Solution, eg: Members “mapped” into posterior quantiles

NWP models don’t resolve variables of interest to user

— Information missing on fine time/spatial scales, further vars.

 Need to relate NWP forecast info to user variables
— Solution, eg: Bayesian downscaling to fine resolution grid



MDL GMOS & NAEFS Downscaled Forecast
Mean Absolute Error wrt RTMA Average For Sept 2007

Valery Dagostaro, Kathy Gllbert
Bo Cui, Yuejian Zhu

24-h GMOS
Forecast

24-h NAEFS
Forecast

For CONUS:
NAEFS(1.45) : GMOS(1.72)
19% impr. over GMOS

J

0 02040608 1 12141618 2 258 3 35 4 45 5



	ENSEMBLE FORECASTING &�STATISTICAL POST-PROCESSING FOR AVIATION
	OUTLINE / SUMMARY
	NUMERICAL WEATHER PREDICTION (NWP) BASICS
	HOW CAN WE REDUCE & ESTIMATE �EXPECTED FORECAST ERRORS?
	USER REQUIREMENTS FOR QUALITY
	STATISTICAL POST-PROCESSING
	Slide Number 7
	Slide Number 8
	ENSEMBLE DATABASE
	OUTLINE / SUMMARY
	BACKGROUND
	WHAT INFORMATION USERS NEED
	AVIATION EXAMPLE
	SELECTION OF OPTIMAL USER PROCEDURES
	FORECAST QUALITY - REALITY
	Slide Number 16

