Creating Weather Impact Scores from Current Weather Forecast Products
for a Probabilistic Airport Capacity Model
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* The Weather Translation Model for GDP Planning (WTMG) is a two-part, self-training * Four different versions of the WTMG model were built and tested based on the two
statistical model that focuses on predicting the airport arrival rate (AAR) in the TAF different modes and forecast products: LAMP — Static, LAMP — Dynamic, TAF —
presence of weather for the purpose of planning Ground Delay Programs (GDP). * Based on the significant weather factors and associated modifiers found TAF Static, and TAF — Dynamic.

* Prediction Model: Trained with historical weather forecast.  The primary metric used to evaluate the prediction model within WTMG is the root
forecasts and observed AARs and using Matlab’s el * For each lead time from forecast issue time, the factors are converted to a impact mean squared error (RMSE) between the predicted AAR and the actual AAR. The
TreeBagger class , a bootstrapped class regression score by running a linear regression on the binary indicators showing the presence normalized RMSE (nRMSE) represents the RMSE as a percentage of the average
tree methodology is used to create deterministic cootstrar 4 of each weather factor in the forecast as a predictor of AAR. AAR at the airport.

AAR predictions. samples (1)
5 o 5 G C i fLead Ti RMSE Value: C i f Lead Ti RMSE Value:
 Sampling Model: Builds an empirical error v EWR (L hr) | EWR (6 hr) | ORD (1 hr) | ORD (6 hr) T 20082010, ImpactScores, ORD T OB2010, MpctSeores ORD
distribution around each deterministic AAR e | z{). Hght (- L Lo > ©:2 2 :
.. : : Heavy (+) 3.4 2.0 17.8 n/s — T~
prediction and creates a set of capacity scenarios U & = .
! h 4 od to ten h 4o the Smdeiee g, RA 4.3 4.0 21.5 21.5 " _— g //
Predictions =
from e current time period to ten hours into the xy o o7 g c 5 >a7 26,9 | .5, //A/';/
re. « 3 it
e Aggregate TS n/s n/s 4.6 n/s s 18, )
. > ‘T &
¢ WTMG Funs in tWO mOdeS. F7 7.5 13.7 12.6 4.5 € 4 g g . //
e Static Mode — generates each e I l SN 9.8 9.6 27.6 28.1 A —— g,/ /
T a +1 hour +2 hours +3 hours el — - Static x — AP
future hour’s probabilistic AAR i 2 ean PL 15.1 13.9 21.5 34.7 8 / s . — rse
1 1 A1 At+2 at+3 -~ T LAMP_Dyna.mic S LAMP_Dyna.mic
prediction based on the forecast Fonzsze Y & A AGE GS n/s n/s 33.8 n/s 1V el stat ; SRl
: : : : W, i 4 e e 1 2 3 4 5 6 7 8 9 10
information available at the time W | T 1d s @ B8 7 5 5 m Lead Time (hrs)
of the prediction. Wos LAMP
< = * Using the raw and conditional probabilities, absolute probabilities are computed “Baseline — Static” represents baseline models that assume persistence of AAR
(B, B2 Bz Been) for rain, snow, and freezing precipitation. through time.
+  Dynamic Mode — generates each +1 hour * Although LAMP does not include severity indicators, there is correlation between
Current . oy - 5 o . .
future hour’s probabilistic AAR e AN TR e SR high probability forecast and increased severity in the observed weather. * To evaluate the uncertainty generated by the sampling model, a capture rate was
e : t used. This method finds the frequency that the actual AAR was captured in the
pred|Ct|On based on the pFEVIOUS /\—> CI) _—\L SR Rate of Rain Occurrence by LAMP Rain Probability Rate of Snow Occurrence by LAMP Snow Probability h . q y . p
hour’ le AAR a2 (PPO x [1 - POS - POZ]) (PPO x POS) central x*" percentile of the sample AARs at each lead time.
Our S Samp e * Wit T /\—> Az T ... M Light Rain (-RA) ™ Moderate Rain (RA) = Heavy Rain (+RA) m Light Snow (-SN)  ® Moderate Snow (SN) = Heavy Snow (+SN)
Wrz 100% 100%
Wi,3 A § 90% § 90% Capture Rate of Samples: Capture Rate of Samples:
g 80% Y 80% ORD, LAMP - Dynamic, Raw Forecast Inputs ORD, LAMP - Dynamic, ImpactScores
< E E o 1 1
(Apr1s Bts2, Bts3, -+, Bpan) E gg; E gg; 09— — E——— 0.9 N\ - .
* The regression tree methodology, however, cannot address multiple forecast fields 2 o e 0g T~ ”" \\\/ _—
: : : S 2% S 0% _~ \
whose impacts on arrival operations are dependent on one another. A set of three B s g o o Y AN -
.. . o ° £ 06 % 0.6 _—
umeric impact scores were developed to replace the hourly forecast fields of the ° o1 o2 03 06 08 08 07 08 09 ° o1 02 03 04 05 06 07 08 09 1 2 - g A\
. POS.-
N LAMP Rain Probability (PPO x [1 - POS - POZ]) LAMP Snow Probability (PPO x POS) = 0.5 < 0.5 \ N\
LAMP and the TAF. foo A\ 1
Rate of Freezing Precipitation Occurrence by LAMP FZ Rate of Thunderstorm Occurrence by LAMP TP2 Probability 0.3 0.3 -~
S . o oh e Probability 100% ' ' I
C I V b I t I t S (PPO x POZ) 00% 0.2 | —Center 90th 0.2 | —Center 90th
eiling/Visibility Impact Score , - o
c ° 1 | == Center 50th -+ | =——Center 50t
0 oMna o @ ofle Q g 90% g % = Center 30t = Center 30t
* TAF forecasts are translated into LAMP’s ceiling and visibility threshold categories. 5 so = A S o
3 70% o 7
* For each lead time from forecast issue time, scores are computed by running a linear S o 3 sox Lead Time (hrs) Lead Time (hrs)
% 50% = 40%
soression on the binag ariables representing each ceiling 1 visibili ategory @ T 3 o

___LAMP___| EWR (1hr) | EWR (6 hr) | ORD (1hr) | ORD (6 hr).

Rain 0.044 0.056 0.27 0.37
Snow 0.13 0.18 0.39 0.51

Freezing
Precipitation

Thunderstorm 0.0059 0.15 0.40 0.58

0.14 0.20 0.37 0.69



