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Table 2. Number of Data Points in Grid Cell Model by Company and
Hurricane {Mumber of points in Zip Code model in parentheses)

Company
Duke Progress
Hurricane Energy Enerey Total
Bonnie — 14,723 14,723
{233) (233}
Floyd 624 200,284 201508
(B3] {302) (387}
Fran 6373 —- 0,373
(14) (14)
Total (.O97 350017 42,004
(94) {535) (634}
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FIGURE 1. The Outage Prediction Model architecture.
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Table 11

PRECISION, RECALL, AND [y SCORE REPORT ON TEST DATA FOR

ARCHITECTURES a, b, ¢

Table 111
PIGNISTIC PROBABILITY FOR VARIOUS SAMPLES AND THE REFERENCE

Metric NoO | Wind | Snow | Icing | Macro Ave.
Precision a 0.93 0.65 0.83 0.73 0.79
Recall a 0.96 0.41 0.68 0.76 0.70
Iy score a 0.94 0.50 0.75 0.74 074
Precision b 0.93 0.66 0.85 0.74 0.80
Recall b 0.96 0.41 0.68 073 0.70
Iy score b 0.95 0.51 0.76 0.74 0.74
Precision ¢ 0.93 0.68 0.86 0.81 0.82
Recall ¢ 0.97 0.42 0.73 0.73 0.71
I score ¢ 0.95 0.52 0.79 0.77 0.76

VALUES

Id Reference NoO Wind Snow Icing
I NoO 0.9981 | 0.0005 | 0.0008 | 0.0006
2 NoO 0.0579 [ 0.3232 | 0.2362 | 0.3828
3 Wind 0.2342 | 0.7181 | 0.0246 | 0.0230
4 Wind 0.8203 | 0.1684 | 0.0056 | 0.0056
5 Snow 0.0286 | 0.0145 | 0.9402 | 0.0167
6 Snow 0.6642 | 0.0798 | 0.1836 | 0.0724
7 Icing 0.,0297 | 0.0339 | 0.0559 | 0.8804

Icing 0.0058 | 0.6912 | 0.1294 | 0.1736




(BART) (Table 4, first box). The typical feature of some of these models was a remarkable

overestimation of low impact events, as shown in W15 and H17, which led to very high values of

MAPE.

Despite the overall improved forecast skill of the conditioned OPM, QWD misclassified some moderate
and low-severity events

respectively. The classification F1 Scores for low-, moderate-, and high-severity classes using analysis
weather data were 0.62, 0.62, and 1, respectively, while using forecast weather data, they were 0.57,
0.67, and 1, respectively.
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rf_model = RandomForestClassifier( xgb_model = xg.XGBClassiTier(

. n_estimators=271, : : .
n_estimators=201, Storm Prediction Test Metrics: max_depth=27 Storm Prediction Test Metrics
max_depth=38, Accuracy : 0.9218 min_child_weight=1, Accuracy : 0.93@3
min_samples_split=5, —_— Precision: ©.9292 Sugsamﬁ'iﬁs-3495581;3233317:-8169535 — Precision: ©.9344

- - : e - Recall : ©.9264
min_samples_leaf=2, Recall : @.9141 learning_rate=0.13297767767696025,
random_state=42 F1 Score : ©.9216 random_state=42, F1 Score @ ©.9304
) eval_metric='logloss’,
: . . use_label_encoder=False
rf_model.fit(X_train_scaled, y_train) )
xgb_model.fit(X_train_full_scaled, y_train_full)
mlp—m':_)dEI = MLPC13§Sifier( # Train CatBoost model with best hyperparameters directly
hidden_layer_sizes=(100, 188), cat_model = cb.CatBoostClassifier(
learning_rate_init=0.08014838319709889086, Storm Prediction Test Metrics depth=10, Storm Prediction Test Metrics
alpha=8 .BPB1167812584531961 5r learning_rate=0.26874696368513983,
solver="adam’ ACCUF‘EIC}" : B.8963 iterations=3@8, Accur‘acy * 2.9194
! - 12_leaf_reg=4.939014268456282, ..
max_iter=1008, ——)  Precision: @.9069 bordon SotaETE. —)  Precision: ©.9192
random_state=42, Recall ' @.8846 random_seed=42, Recall © 9.9910
early_stopping=True, F1 S . task_type='CPU",
core : ©.8956 il .
validation_fraction=6.1 ] EEREEEE F1 Score @ ©.9100
) ) ) ) cat_model.fit(X_train_full_scaled, y_train_full)
mlp_model.fit(X_train_full_scaled, y_train_full)
l1gb_model = lgb.LGBMClassifier( best_params = {
num_leav3f=95, . _ ] ‘n_layers': 3,
max_depth=17, Storm Prediction Test Metrics 'n_units_1e': 234, Test Accuracy: ©.8975
learning_rate=0.27723713319564375, , o
n_estimators=3ee, Accuracy : 0.9283 Cropout_o' © 18.15107251262017438; Test F1 Score: ©.8962
min_child_sasp es=21, =3  precision: ©.9322 intnZt eIl = TB4, — ision:
subsample=0.882075261917957, dropout_11': 8.2551136183189102, Test Precision: ©.9127
colsample_bytree=8.6619967560096401, Recall : ©.9246 'n_units_12': 241, Test Recall: @ .8803
random_state=42, E1 Score :@ 0.97284 ‘dropout_12‘: ©8.10855825262124199,
objective="binary’, ‘learning_rate': ©8.8807371892834885776,
metric="binary_logloss’ 'batch_size': 64
) !




o Classification Report:

. precision recall f1-score  support
(%] @.92 8,93 8.93 20493

1 8.93 B.93 B.93 21562

* accuracy ©.93 42855
7 macro avg @.93 8,93 8.93 42855

; welghted avg ©.93 ©.93 ©.93 42055

Top 10 Features for Storm Prediction (XGBoost)
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rf_model = RandomForestClassifier(

)

n_estimators=201,
max_depth=38,
min_samples_split=5,
min_samples_leaf=2,
random_state=42

rf_model.fit(X_train_scaled, y_train)

Severity Prediction Test Metrics:

Accuracy : ©.9033
Precision: ©.9033
Recall : 9.9033
F1 Score : 8.9933

xgb_model = XGBClassifier(

n_estimators=483,

max_depth=18,
learning_rate=0.089065400280278058,
subsample=08.933968895676629,
colsample_bytree=6.5647574878282744,
gamma=08.00881/586655877512627,
min_child_weight=2,
use_label_encoder=False,
eval_metric='logloss’,
random_state=42

—

Severity Prediction Test
Accuracy : ©.9157
Precision: ©.9158
Recall : ©.9157
F1 Score : @.9157

final_params = {

—_—

'objective’: 'multiclass’,
"num_class': len(y_train.unique()),
‘'metric’': 'multi_logloss’,
"boosting_type': 'gbdt’,

‘verbose' : -1,

'random_state’ : 42,

‘n_estimators’: 943,

‘max_depth': 14,

"learning_rate’': 8.2997986367930699,
‘subsample’ : ©.6815843772645557,
‘colsample_bytree’': 8.96754808083596196,
‘'min_child_weight': 1.2892385914567714,
‘reg_alpha’: ©.869927790289736168,
‘reg_lambda’: 1.7396121269192825e-86

Severity Prediction Test Metrics
Accuracy : ©.9308
Precision: ©.9309
Recall : ©.9388
F1 Score : ©.9388

# Best parameters from Optuna
best_params = |

}

"iterations’: 771,

"depth': 10,

"learning_rate': ©.1358687927872531,
'12_leaf_req': 3.698596513420882e-08,
'bagging_temperature’: ©.88933994426599372,
‘random_strength’: 8.18544889935311812,
"border_count': 178,

‘loss_function': 'MultiClass’,
'random_seed' . 42,

'verbose': @

cat_model = CatBoostClassifier(+*xbest_params)
cat_model.fit(X_train_scaled, y_train)

Severity Prediction Test Metrics
Accuracy : ©.9094
Precision: ©.9096
Recall : ©.9094
F1 Score : ©.9095



° Classification Report:

0 precision recall fl-score  support

o 5] 8.97 0.96 0.97 6674

1 2.9 0.9 0.9 6320

2 2.91 0.92 0.91 6614

1@ 1.66 1.66 1.66 1787

o accuracy 8.93 21395
o macro avg 8.94 .94 8.94 21395

o welghted avg 9.93 ©.93 .93 21395

Top 10 Features for Severity Prediction (LightGBM)
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rf_model = RandomForestClassifier(

n_estimators=262,
max_depth=41,
min_samples_split=3,
min_samples_leaf=1,
max_features='log2"',
bootstrap=False,
random_state=42,
n_jobs=-1

Accuracy: ©.9774

Precision (weighted): ©.9774
Recall (weighted): ©.9774

F1 Score (weighted): ©.9774

xgb_model = XGBClassifier(
n_estimators=186,
max_depth=15,
learning_rate=8.11882277967124656,
subsample=06.8817446580689853,
colsample_bytree=6.9175879642668498,
gamma=1.6112766577235877,
min_child_weight=3,
use_label_encoder=False,
eval_metric="logloss’,
random_state=42

Accuracy: 0.9763

Precision (weighted): ©.9767
Recall (weighted): ©.9763

F1 Score (weighted): ©.9764

1gb_model = 1gb.LGBMClassifier(

)

n_estimators = 319,

learning_rate = 0.847847333969262976,
num_leaves = 281,

max_depth = 28,

min_child_samples = 22,

subsample = 8.527136639688917,

colsample_bytree = 8.832676808835089417,

random_state = 42

1gb_model.fit(X_train_scaled, y_train)

Accuracy: 0.9783

Precision (weighted): ©.9784
Recall (welghted): ©.9783

F1 Score (welghted): ©.9783

# Best parameters from Optuna
best_params = |
"iterations’: 771,
"depth': 10,
"learning_rate': ©.1358687927872531,
'12_leaf_req': 3.698596513420882e-08,
'bagging_temperature’: ©.88933994426599372,
‘random_strength’: 8.18544889935311812,
"border_count': 178,
‘loss_function': 'MultiClass’,
'random_seed' . 42,
'verbose': @
}
cat_model = CatBoostClassifier(+*xbest_params)
cat_model.fit(X_train_scaled, y_trainj

Accuracy: 0.9778

Precision (weighted): ©.9780
Recall (weighted): ©.9778

F1 Score (welghted): ©.9778
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Classification Report:
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rf_model = RandomForestClassifier( best_params = {

n_estimators=229, ‘n_estimators’': 284,

max_depth=38, ACCUI‘EIC}!’: 9.9583 ‘max_depth': 15, ACCUI-‘EH.:},!: @-9?31
min_samples_split=5, Precision (weighted): ©.9590 ‘learning_rate': 0.87917066358756152, Precision (welghted): ©.9609
: les leaf=1 —_— : . 'subsample' : ©.8015760617998658, = - - 0.
:11;:‘?::2“:;:?0925 Recall (weighted): ©.9583 'colsample_bytree': 8.5290123884596338, Recall {WEIg?tEd) 9.9601
i F1 Score (weighted): ©.9583 ‘gamma’ : .03854854253333355, F1 Score (weighted): ©.9601
=49 'reg_alpha': ©.13733556293746432,
=4
;aqgg':i:ate = ‘reg_lambda’ : ©.9769107444883599,
} -J ‘random_state’ : 42,
rf_model.fit(X_train_scaled, y_train) .EiziI;Eiiizﬁéo?i;giogz}se’
‘n_jobs’: -1

1gb_model = 1lgb.LGBMClassifier(

best_params = |
n_estimators=542,

Accuracy: ©.9581 JEEEeaE Tol et :
learning_rate=8.108968121619531485, aty : depth’: 1, HEHILED TS shRain.
llEngEss i Precision (weighted): ©.9588 ‘learning_rate’ : ©.2194699455508984, Precision (weighted): ©.9591
max_depth=18, > Recall (weighted): ©.9581 .ii;é;?f;;ﬁgtf_1é223335?193493136' — Recall (weighted): ©.9584
min_child_samples=16, . . . R : .
baaeilen 83255?698232?813 F1 Score (weighted): ©.9581 random_strength’: ©.5475461128526853, F1 Score (welghted): ©.9585

'bagging_temperature’: 8.37619138326115115,
‘verbose': 8,
‘random_seed’ : 42

colsample_bytree=0.7189561164593746,
reg_alpha=8.6242839973893298,
reg_lambda=8.0808655571732596838, ]

random_state=42, final_model = CatBoostClassifier(#xbest_params)
n_jobs=-1 final_model.fit(X_train_scaled, y_train)




\2 has_tree

Classification Report:

precilsion recall fl1-score  support

8 @.99 B8.96 0.98 6398

1 @.96 8.99 8.97 6265

accuracy 8.9/ 13183
macro avg @.97 B8.98 8.97 13183
welghted avg ©.98 @.97 0.97 13183

Top 10 Features for Medium-Severity Outage Prediction (XGBoost)

EVENT_TYPE_encoded

has_flood
I

has_hail

has_wind

Feature

DEATHS_DIRECT

< has_blown

duration_hours

tavg

JOLC

tmin

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Feature Importance




rf_model = RandomForestClassifier(
n_estimators=201,
max_depth=38,
min_samples_split=4,
min_samples_leaf=1,
max_features="sqrt’,
bootstrap=False,
random_state=42,
n_jobs=-1

Accuracy: ©.9656

Precision (welghted): ©.9664
Recall (weighted): ©.9656

F1 Score (welghted): ©.9657

best_params = |

'n_estimators': 259,

‘max_depth': 15,

'learning_rate': ©.89299367597135838,
"subsample’: 8.8143647474866939,
‘colsample_bytree': 8.7911741209414708,
‘gamma’: 6.41166113452377523,
‘reg_alpha': 08.7767757183621074,
‘reg_lambda’: 6.208469236843887554,
‘random_state” : 42,
‘use_label_encoder': False,
‘eval_metric’': 'logloss’,

‘'n_jobs': -1

Accuracy: ©.9626

Precision (weighted): ©.9637
Recall (weighted): ©.9626

F1 Score (weighted): ©.9627

i

best_params = |
‘n_estimators’: 248,
‘max_depth': 12,
‘learning_rate': 8.21777188837853535,
‘num_leaves' : 189,
‘feature_fraction': 8.60825416985884299,
‘bagging_fraction': 8.9811328465838242,
‘bagging_freq': 3,
‘lambda_11": 1.3685313154773883,
‘lambda_12": 2.017680534793574,
‘objective’: 'binary’,
‘'metric': 'binary_logloss’,
‘verbosity': -1
'boosting_type': 'gbdt’,
'random_state': 42,
‘n_jobs’: -1
il
final_model = 1lgb.LGBMClassifier(**best_params)
final_model.fit(X_train_scaled, y_train)

Accuracy: ©.9619

Precision (welghted): ©.9626
Recall (welghted): ©.9619

F1 Score (weighted): ©.9619

n_units = [80, 112, 96]

dropout_rate = 8.1677425146431672
learning_rate = 8.881715383587455835
batch_size = 64

model = Sequential()

model .add(Dense(n_units[8], activation='relu
model.add(Dropout(dropout_rate))
model.add(Dense(n_units|[1], activation='relu
model.add(Dropout(dropout_rate))
model.add(Dense(n_units[2], activation='relu
model.add(Dense(1, activation='sigmoid’))

Accuracy: ©.9382

Precision (weighted): ©.9438
Recall (welghted): ©.9382

F1 Score (weighted): ©.9382
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Classification Report:
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Top 10 Features for High-Severity Outage Prediction (Random Forest)
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