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Prediction of Flight Arrival Delays
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airlines.csv

Rar‘ugeIr‘udé:{' 1848575 entries, 8 to 1848574

Data columns (total 31 column —I 4 1,"_
#  Column Non- 1 Count Dtype

1848575 non-null int64

G, e 2 BB

"pan |da-' core.frame.DataFrame’ >

Mo @

g entries, @ to 13
Data columns (total 2 columns):
Column No 11 Count Dtype

1

AIRLINE
FLIGHT NUMBE
TAIL_NUMBER

[V V]

o

-

DESTINATION : ! :14 r:ucn:u—r:uull CIL:J]:EtEt
SCHEDULED DI 1 { ! ) :14 non-null object ﬂ. h
DEPARTURE_T1 dtypes: object(2) |g tS_CSV
DEPARTURE_DELAY 1809868 non-null floated
TAXI_OUT 1608346 non-null float64 st =t
WHEELS_OFF 1008346 non-null floaté4 ‘] 048574 /-I-’I_
SCHEDULED_TIME 1848573 non-null floate4 2
ELAPSED_TIME 1685584 non-null floate4
AIR_TIME 1885584 non-null float64
DISTANCE 1848 5"5 non-null int64 31 1 *Eﬁ 1ﬁ
WHEELS_ON non-null float64
TAXI_IN ] non-null float64
SCHEDULED_ARRIVAL ! 8575 non-null inte4
ARRIVAL_TIME ] non-null float64
ARRIVAL_DELAY ] non-null float64
DIVERTED 1848575 non-null int64
CANCELLED 1848575 non-null int64

LLATION_RE o . (airport.info())
- SYSTEM - [&] " (airport.in '
QEEGRIT:EEEEEL;A class 'pandas.core.frame.DataFrame’ a|rportS.CSV
ATRLINE DELAY Ra geIndex: 322 entries, @ tc.. 321
LATE_AIECRAFT D Data columns (total 7 columns):

Yty </
WEATHER_DELA Column Non-Null Count D 332 - %Iésl-
. float64(16), . . .0 IIITTTTTTTIees i $ 5

dtypes:
yP IATA_CODE non-null object
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AIRPORT non-null object

CITY 22 non-null object 7 1@ *Fﬁ 1H
STATE non-null object EE
COUNTRY 22 non-null object

LATITUDE 19 non-null floatssd

LOHGITLIDE 19 non-n floated
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(df, 'SCHEDULED_DEPARTURE')

" WEEK'].value_counts())
]-value counts())

da x: list(calendar.day name)[x-1])

da x: calendar.month_abbr[x])
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# DIVERTED: &7
print( ‘Number of diverted fl
print(df[ 'DIVERTED'].value_c
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df_DIV = df[df[ 'DIVERTED'] =
print(df_DIV[ 'DIVERTED'].nunique())

ights(df[ "DIVERTED"] = 1): ')
ounts())
=1]
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', 'WHEELS_OFF', 'WHEELS_ON’,

"TAXI_IN'])
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# Dealing with missing values
print( ‘Summation of missing values in flights')
print(df.isnull().sum())

df = df.dropna()

df = df.reset_index()

df = df.drop(columns=[ "index'])
df.info()

print( 'New shape of df ', df.shape)
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MONTH - - ! . ] ( 0 0810052018,
DAY -
DAY_OF_WEEK -
FLIGHT_NUMBER -
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DEPARTURE_DELAY -
TAXI_OUT -
WHEELS_OFF -
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DISTANCE -
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SCHEDULED_ARRIVAL -
ARRIVAL_TIME -
ARRIVAL_DELAY -
DIVERTED -
CANCELLED -
AIR_SYSTEM_DELAY - 6 ] ) 7 .0110.

SECURITY DELAY - [ 0 00 U ] 0
A]RL\NE_DELAY - 0 0 .0 620 0 0 )| 0.110 I:ll

LATE_AIRCRAFT DELAY - 0 ! 4 ! 0.13.0 1

WEATHER_DELAY - X 014 12.043
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LabelEncoding

train_test_split()

1R
StandartScaler()

EREXES
® 200 B = 1E U (target)

la encoding: H&FEER| mapping ? IS
LabelEncoder()
df[ "AIRLINE']= le.fit_transform(df[ "AIRLINE'])
df[ 'ORIGIN_AIRPORT'] = le.fit_transform(df[ 'ORIGIN_AIRPORT'])
df[ 'DESTINATION_AIRPORT'] = le.fit_transform(df[ 'DESTINATION_AIRPORT'])
df = df.drop(columns=[ '‘DATE'])
#df['DATE'] = le.fit_transform(df['DA )

[ 'MONTH'] = le.fit_transform(df[ "MONTH']
[ ‘DAY OF WEEK'] = le.fit_transform(df[ 'DAY_OF WEEK'])
[ 'SCHEDULED DEPARTURE'] = le.fit_transform(df[ 'SCHEDULED DEPARTURE'])
[ 'DEPARTURE_TIME'] = le.fit_transform(df[ 'DEPARTURE_TIME'])
[ 'SCHEDULED_ARRIVAL'] = le.fit_transform(df[ 'SCHEDULED ARRIVAL'])
[ "ARRIVAL_TIME'] = le.fit_transform(df[ 'ARRIVAL_TIME'])
[ "target'] = le.fit_transform(df[ 'target'])

df
df
df
df
df
df
df

# Createing targe

df[ ‘target'] = df[ "ARRIVAL_DELAY'] > df[ 'ARRIVAL_DELAY'].mean()
print( 'Percentage of delayed flights per airline:"')

print(df[ "target’'].value_counts(normalize=True))

print( 'False means arrive ontime. True means delayed. ')

\L

'DEPARTURE_DELAY'],axis = 1)

ing into train and test data set
X_train,X_test,y_train,y_test = train_test_split(X,y,test_size=0.3,random_state = 2)
= =

sc
X_train_sc=scl.fit_transform(X_train)
X_test_sc=scl.transform(X_test)
num_features = len(X_train.columns)

70%

training
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Liner Regression
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Linear Regression
Mean Absolute Error: ©.26339660172746254
6
9

Mean Squared Error: @.11444
Root Mean Squared Error: @.
R2 : @.46761882741449865

763
382

Accuracy: B.46761802741449865

Accuracy: 68.72 %
Precision score: 6.0 %
Recall score: 9.0 %

F1 score: 9.8 %

731898
08132916863
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96.44%

1

SEHEE

96.62%

Mode

3

|

Model 4

97.97%

Model5

97.62%

Model 6

Top 4 model accuracy on testing set

Activation | epoch | Optimizer | Loss function | Batch | initializer and Max.
function function size regularize performance
Relu and 10 adam mean_square | 64 No 68.64 %
sigmoid d_error

68.92 %
Relu and 16 adam binary_crosse | 64 No 3136 %
sigmoid ntropy

31.08%
Relu and 16 adagrad binary_crosse | 64 Noand I1 96.17 %
sigmoid ntropy

96.44 %
Relu and 16 adagrad binary_crosse | 64 random_unifor | 96.05 %
sigmoid ntro m

J by 96.62 %
and I2

Relu and 16 adam mean_square | 64 random_unifor | 95.71 %
sigmoid d_error m

97.97 %

and 12
Relu and 16 adagrad binary_crosse | 64 random_unifor | 96.66 %
sigmoid ntro m
J by 97.62 %

and I2
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On Training Set

94.99%

Maximum accuracy in Training set: 95.71
epoch: 13
Maximum accuracy in Testing set: 97.97
epoch: 18

Minimum loss in Training set: 21.39
epoch: @
Minimum loss in Testing set: 11.88
epoch: @

97.97%

On Testing Set

On Testing Set
Accuracy: 94.99 %

Precision score: 86.39 %
Recall score: 99.67 %
F1 score: 92.56 %

Activation | epoch | Optimizer | Loss function | Batch | initializer and Max.
function function size regularize performance
Relu and 10 adam mean_square | 64 No 68.64 %
sigmoid d_error

68.92 %
Relu and 16 adam binary_crosse | 64 No 3136 %
sigmoid ntropy

31.08 %
Relu and 16 adagrad binary_crosse | 64 Noand I1 96.17 %
sigmoid ntropy

96.44 %
Relu and 16 adagrad binary_crosse | 64 random_unifor | 96.05 %
sigmoid ntro m

? Py 96.62 %
and 12

Relu and

sigmoid

Relu and

sigmoid

16

adagrad

mean_square

d_error

binary_crosse

ntropy

64

random_unifor

m

random_unifor

m

and I2

95.71 %

97.97 %

96.66 %

97.62 %
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On Training Set

97.53%

Maximum accuracy in Training set: 96.66
epoch: 15
Maximum accuracy in Testing set: 97.62
epoch: 15

Minimum loss in Training set: 12.89
epoch: 15

Minimum loss in Testing set: 11.67
epoch: 15

97.62%

On Testing Set

On Testing Set

Accuracy: 97.53 %
Precision score: 94.87 &%
Recall score: 97.38 %

F1 score: 96.1 %

Activation | epoch | Optimizer | Loss function | Batch | initializer and Max.
function function size regularize performance
Relu and 10 adam mean_square | 64 No 68.64 %
sigmoid d_error
68.92 %
Relu and 16 adam binary_crosse | 64 No 3136 %
sigmoid ntropy
31.08 %
Relu and 16 adagrad binary_crosse | 64 Noand I1 96.17 %
sigmoid ntropy
96.44 %
Relu and 16 adagrad binary_crosse | 64 random_unifor | 96.05 %
sigmoid ntro m
? by 96.62 %
and 12
Relu and 16 adam mean_square | 64 random_unifor | 95.71 %
sigmoid d_error m
97.97 %
and |2

Relu and

sigmoid

adagrad

binary_crosse

ntropy

random_unifor

m

96.66 %

97.62 %
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ACCURACY
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090
0.85 1
0,80 4
075
— testing accuracy
0.70 1 training accuracy
o 2 & B 10 12 14
Epochs
LOSS
14 —— testing accuracy
training accuracy
12
14
1 R:]
06
04
0z — __,_,.,-r""\\_ e
EII 4 & 8 1I0 1z 14
Epochs

model_6
model 6.

model_6.

model_6.

model 6.

¢
FbRE

On Testing Set

i85 AR

[[45981 11386]

[ 563 20885]] Accuracy: 97.53

Precision score: 94.87 %
Recall score: 97.38 %
F1 score: 96.1 %

= Sequential()

add(Dense(256, activation='relu’, input_shape=(num_features,),
kernel_initializer='"random_uniform’,
bias_initializer=initializers.Zeros(),
kernel_regularizer=regularizers.12(©.01)))

add(Dense(128, activation='relu', input_shape=(num_features,),
kernel_initializer="random_uniform’,
bias_initializer=initializers.Zeros(),
kernel_regularizer=regularizers.l2(e.01)))

add(Dense(128, activation='relu’, input_shape=(num_features,),
kernel_initializer="random_uniform’,
bias_initializer=initializers.Zeros(),
kernel_regularizer=regularizers.12(0.81)))

add(Dense(1, activation='sigmoid’,
kernel_initializer='"random_uniform’,
bias_initializer=initializers.Zeros(),
kernel_regularizer=regularizers.12(e.01)))

compile(loss="binary_crossentropy', optimizer='adagrad', metrics=[ 'accuracy'])
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Kernel initializers: https://keras.io/api/layers/initializers/

https://becominghuman.ai/priming-neural-networks-with-an-appropriate-initializer-7b163990ead

Kernel regularizers: https://keras.io/api/layers/reqularizers/

https://stats.stackexchange.com/questions/383310/what-is-the-difference-between-kernel-bias-and-activity-requlizers-and-when-t

https://www.itread01.com/content/1513589905.html

Chakrabarty, Navoneel. "A Data Mining Approach to Flight Arrival Delay Prediction for American Airlines." 2019 9th Annual Information Technology,
Electromechanical Engineering and Microelectronics Conference (IEMECON). IEEE, 2019.

Kim, Young Jin, et al. "A deep learning approach to flight delay prediction." 2016 /EEE/AIAA 35th Digital Avionics Systems Conference (DASC). IEEE, 2016.
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