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R EU MIDTEERREE - WA A kaggle #UAPRIR 2 2015 F BB AR ZMITE REST
AlfREERRE - — P EEHEZEER D IRIEROMITEARE ; 5— T ETIJHIMZEAT 7 #HT
WIERRAVE R IR PETTIAR LAPRIEIER -

Table 1 SWIH 7%

I5H A

What IR R S R TR

When BERER o RBIRAGSROBEN N L EE

Who MBERENE AR RITHES

Where EEEHE (DOT ) RiBE#ETE

Why 2007 3= NAS FRMEDIFIERRIS A Z= A S48k 330 [83== (Kim,
Young Jin, et al,, 2016)

How ZEREBEENNER - BUuMITEEERRAER

— - WRFGE

KR ERARESRBTAFNBEEBREIRGZEZRE - WP kaggle FIARERIEETHERA
MEERRE - LUNBCER D RIMmBERARRAERE T - ERIEERE - REABERDTUKRSE
AR R EAAE R R AR

. ERZHR

AP RERRRREBER IR BEAETF(U.S. Department of Transportation's Bureau of
Transportation Statistics )7 kaggle WARERIE - ABRAREBMZEASINEHER R EHEREA
P& A RIERE (flights.csv) - 3£ 1048574 &1 - IHIMNEBMZE AT B (airlines.csv) 5 K
HEffEH S (airports.csv) ; MEB—EBERESR - MMER(flights.csv)—H7A 31 B - WM
ENEEHE - EREMERE  ARERMUKERRASHASN - MEASBHEEE airlines.csv)
RIEIZ flights.csv i@ EMEATMREBENFHFAZTE - 52 (airports.csv) BIBR 7 #5F A2 FINE
BEYBNHEAMEEE - AAMBUECEREERAIND - U REFRIMEEREE -



FEAAA Figure 1, Figure 2, Figure 3 FT7s -

RangeIndex: 1848575 entries, © to 1848574
Data columns (total 31 columns):
# Column Non-Nu Coun Dtype

R 1848575 non-null inte4
MONTH 1848575 non-null int64
1848575 non-null inte4
DAY_OF_WEEK 1848575 non-null inte4
AIRLINE 1848575 non-null object
FLIGHT_NUMBER 1848575 non-null inte64
TAIL_NUMBER 1048825 non-null object
ORI ATIRPORT 1848575 non-null object
DESTINATION_AIRPORT 1848575 non-null object
SCHEDULED_DEPARTURE 1848575 non-null inte4
DEPARTURE_TIME 16898608 non-null float64d
DEPARTURE_DELAY 18898668 non-null floate4
TAXI_OUT 1888346 non-null float64
WHEELS_OFF 1688346 non-null float64
SCHEDULED_TIME 1848573 non-null float64
ELAPSED_TIME 1885584 non-null floate4d
AIR_TIME 1885584 non-null float64
DISTANCE 1848575 non-null inte64
WHEELS_ON 1887279 non-null floate4d
TAXI_IN 16 non-null float64
SCHEDULED_ARRIVAL 1848575 non-null inte4
ARRIVAL_TIME 1887 non-null float64
ARRIVAL_DELAY 1885584 non-null float64
DIVERTED 1848575 non-null inte4
CANCELLED 1848575 non-null inte4
CELLATION_REASON 27 mon-null object
STEM_DELAY 2. non-null  float64
non-null  floate4
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AIRLINE_DE pi: non-null  float64
LATE_AIRC 8 non-null  float64
WEATHER_DE 228 non-null  floate4

rpes: float64(16) object(5s)

print(air.info
'pandas.core.frame.DataFrame’ >
g 14 entries, @ to 13
Data columns (total 2 column
#  Column Non

14 non-null
14 non-null object

1: print(airport.info()]
lass 'pandas.core.frame.DataFrame’ >
RangeIndex: 322 entries, @ to 321
Data columns (total 7 column
#  Column 11 Coun

| non-null

AIRPORT non-null
CITY non-null object
STATE non-null object
COUNTRY non-null object
LATITUDE 19 non-null floated
LONGITUDE 319 non-null floate4

dtypes: floate4(2), object(s)

Figure 3 airports.csv BRI EIS HIE MG 1T E E1 2 E
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WmBERREEBEREUERIRE(YEAR)RA 2015 F ; B(MONTH)ZA Jan, Feb, Mar =7&$87Y 2 11
(DAY_OF_WEEK)RIBTEMTELE -

159800
148678

129640

Friday
Monday
Thursday
Sunday

Saturday

Name: DAY_OF_WEEK,

Jan 469968

Feb 4 1

Mar 148416

Name: MONTH, dtype: int64
20915 1848575

Name: YEAR, dtype: int64

Figure 4 FF/& 141 1#117
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Check Total Number of Airlines in flightglcsv: 14

Check Total MNumber of Airlines in airlines.csv: 14

Figure 5 #i 554\ 5] &t g 4%

iv. B



AR E IR ARMIPTETE R ERREZRMERE - FIURBREREREN - BRMERETT - )80 EER
R & 5 O e AR E IR A EE R SRR ERHEAL

# DIVERTED: HE#
print( 'Number of diverted flights(df["DIVERTED"] = 1): '
print(df[ 'DIVERTED'].value_counts())
df_DIV = df[df[ 'DIVERTED'] == 1]
prlnt(df DIV[ 'DIVERTED']. nunlque())
D_ELA‘: ] nunl

- T -> T, &D. A
df = df.drop(columns=[ 'DIVERTED’, 'TAXI OUT', 'WHEELS OFF', 'WHEELS_ON', 'TAXIIN'])

Number of di'_\.fer-ted_flights[:df["DIVERTED“] = 1):
e 1805584

1 2544

Name: DIVERTED, dtype: int64

Figure 6 #25& IFI7AH2!
v.  MBRERKRE

EFfERRERARERTHBEMMTIERRR - BFEIZFHNER - I EZMNRBREAENER -
HBEREREERNERESR 228528 =5 17 HRN -

# 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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RAAREENNWANERE I =R  FIUEERKANERMITEEHSNHEE ; B0k
Fl8ANSBXEMITEE R NEZE (number of flights per day_of_week in each month) - &
REYVARSHMMIEE - HBN - — - HAEHEZHMIT ; EMIHEEEGEXMENERA
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BN AR SYSTEM DELAY
801 =S ARLINE_DELAY

BN | ATE AIRCRAFT DELAY
BN SECURITY DELAY

mEN \WEATHER DELAY
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Percentage %
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Alaska Airlines Inc
American Airlines Inc.
American Eagle Airlines Inc.
Atlantic Southeast Airlines
Delta Air Lines Inc.
Frontier Airlines Inc.
Hawaiian Airlines Inc.
JetBlue Airways

Skywest Airlines Inc.
Southwest Airlines Co.
Spirit Air Lines

US Airways Inc.

United Air Lines Inc.

Wirgin America

AIRLINE

Figure 11 E/415E 1\ S/ BEL 3 /R IR 5 B 7 LD

F Figure 11 I SAABMZE QA STIELERREABFAAR - AZEREABMZEEIE A MIER(
SRBEFEABSHRERE) AREZZRRB/RE - HF Hawaiian fZE AT RIRSIER

W@

NIE= = iV ey
A M ZE LTI IERR (W L 4H S AR AR NNIAR 1) -
TOTAL NUMBER OF FLIGHTS PER AIRLINE PERCENTAGE OF DELAYED FLIGHTS BY AIRLINE
40
40000
35
35000
30
30000
25
. 25000 4
2 5o
8 20000 8
#
15000 15
10000 10
| 5
0 0
213 S533:23:%85:§; B B I I OO O
< = < = { = = < @ < = = < @ = = Z <
H 5 5 z § = 2 - = ] T ] | B 3 F £ £ ] H T
g ¢ 8 & & B S BT 3 g E 9 5 5 ¢ < 5 3
L A = S < 8 =
Z g 2 z
5 AIRLINE 5 ARLINE
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' https://simcept.com/once-upon-a-day-21-flight-delay/
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Skywest Airlines Inc

Atlantic Southeast Airlines
Delta Air Lines Inc.

Number of Destinations by Airline

AIRLINE

Southwest Airlines Co.
American Airlines Inc
United Air Lines Inc
US Airways Inc.
Frontier Airlines Inc
Alaska Airlines Inc.
JetBlue Airways

Spirit Air Lines

Virgin America
Hawaiian Airlines Inc.

American Eagle Airlines Inc.

Figure 14 total number of flight per airline

H Figure 12 B2 Figure 13 18%1 - B 7 KM E AN HEREES LT - Southwest fiZE
=z

N E AR MITEERMITEAMER T 195

- OREBEMZERLT - K Frontier fiZE 2

FWMITEHEERON - thAZMMERIEZHNATZ— - EREIENZEMEQSIFMAMEARLE
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14 BIEMA LM HEERFIHROMNEBAER - BEER DT RE—E -

YEAR -

MONTH -

DAY -

DAY_OF_WEEK -
FLIGHT_NUMBER -
SCHEDULED_DEPARTURE -
DEPARTURE TIME -
DEPARTURE_DELAY -
TAXI_OUT - 63,420

WHEELS_OFF - 160050078
SCHEDULED_TIME - 6.04D.
ELAPSED _TIME -
AIR_TIME -
DISTANCE -
WHEELS_ON -
TAXLIN -

SCHEDULED_ARRIVAL -

ARRIVAL TIME - 007001 WEFREE=D 068 04 1ikgl 0.0
ARRIVAL DELAY - 0.1 \}28 0.1
DIVERTED - 4
CAMNCELLED -

AR_SYSTEM_DELAY -
SECURITY_DELAY -
AIRLINE_DELAY -
LATE_AIRCRAFT_DELAY -

WEATHER_DELAY -

g

DAY

DEPARTURE_DELAY

DIVERTED -
WEATHER_DELAY -

DISTANCE

DAY_OF_WEEK
FLIGHT_MUMBER
SCHEDULED_DEPARTURE
DEPARTURE_TIME
'WHEELS_OFF
SCHEDULED TIME
ELAPSED TIME
SCHEDULED_ARRIVAL
ARRIVAL TIME
ARRIVAL_DELAY
CANCELLED -
AR_SYSTEM_DELAY
SECURITY_DELAY
AIRLINE_DELAY
LATE_AIRCRAFT_DELAY
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EEGRFEERNEGE  HPMITEREREEETLRASEIEHEE ;| SRBAZEW
M EDERERMEBIBELRR - TAERERERIEMEMREZEEZENMI - REFE
# 1& (traget) 2 E M DT 38 3= #E = (ARRIVAL_DELAY) B 1§ - H H # fin I & & & 2
(DEPARTURE_DELAY)E=SE1E4HE - filkk ARRIVAL_DELAY &1 DEPARTURE_DELAY -

i, BERARE

o ERRS

PL sklearn ERIBTEZ B HAY LabelEncoding £t #1 R R ZLETERIARNE - 98— R BRI E(E
BY  HEAFENERENM -

oding
> label encoding: IE&{E%E5| mapping F|F{EEEEL, T I@N0FTHE(L
le = 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['DATE'])

df[ '"MONTH'] = le fit transform(df '"MONTH'])

df[ 'DAY_OF WEEK'] = le.fit_transform(df[ 'DAY OF WEEK'])

df[ 'SCHEDULED_DEPARTURE'] = le.fit_transform(df[ 'SCHEDULED_DEPARTURE'])
df[ 'DEPARTURE_TIME'] = le.fit_transform(df[ 'DEPARTURE_TIME'])

df[ "SCHEDULED_ARRIVAL'] = le.fit_transform(df[ 'SCHEDULED_ARRIVAL'])
df[ "ARRIVAL_TIME'] = le.fit_transform(df[ 'ARRIVAL_TIME'])

df[ "target'] = le.fit_transform(df[ 'target’'])

o HHEAES

ENF R —E B E M AI(target) - EEMITIEELER(ARRIVAL_DELAY) A1 P R F 1098 AT
IR (target=1) - HERMITIREL R/ N IS ERIEEDI# (target=0) - I sklearn & REE
EFTRMHM train_test_split )i ERI& 7% 70%RIIAR & B2 30%AVRIFHEE -

# Createing target column

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.')

o 1EE(L
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BIRSEERUREMITIEREIEELER - FEMER - £EFE X 2y B - Ll sklearn &
IR BRIEIE #EAY StandartScaler ETTERHEE(L - & 7 BREERAIIRBHEEANERBAIR
EEMBEHERIAERMMEELEEERHR 0FEER 1 -

df.drop([ "target’, ARRIL%L DELAY', 'DEPARTURE_DELAY'],axis = 1)
df[ "target ']

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

= HEEGIRARE S EGHEE

B 5CAA Linear Regression 1T - BEIMNMRAE - Rt ERXN AR ELEMSRKE
TR BLENIAR -

Linear Regression

Mean Absolute Error: ©.26339660172746254
Mean Squared Error: ©.1144467636731898
9.3382998132916863

Root Mean Squared Error:
R2 : ©.46761802741449865
Accuracy: ©.467618082741449865

l. TERVPT B 2 BUE K 2
1. relu (Rectified Linear Units) : & {E7THL [0,00] 2 -

f(x) = max(x, 0)
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Sigmoid

1. REUFR R 2 ¥)9a{E730A

PBEFEIZECEEHBLETERECYBERENHEZ - AE B £ A Random
Uniform(kernel_initializer="random_uniform') B&x{959 5 (EEAE L% REAERE) W EEELEL -
W ENEBA B -

random_uniform

Figure 17 BE#155 7 B 245 1E LR £

n.  REFRAZIERESE

FAMEREMNIEFRAZHEE(W)REEM LRI RE - DBLIEBERES - £5 kernel, bias &
activity =1& - 72 hll¥ weight, bias R E#mT1E vy N EL&S - EEEH kernel_regularizer -
kernel_regularizer X/ 11 B2 12 M1& - 3 E MERT 11 B sign(w)EEEEHER - SEESHEEEAEZ
218 - FTLUEERL 2w BIES AR 12 B IERMESE -

L1 regularizer,
ROw) = [Iwlly = ) |wi

L2 regulrizer,

12



ROw) = [l = ) w?]

V. 1RAZRER

=+

=AY 1

HAB=IE fully connected layers - £—/&%A 30 {& units ~ BUERE R relu - E_EHA 20 {& units -
BUERE S relu - RE—EBRBELE - BUSRES sigmoid - BREKES mean_squared_error - &
{EER &% adam - 3£ 10 & epoch - B EFIARISTESE 1 {E epoch FEEEREL 5% 68.64% - &/)\ loss
BITESE 3 @ epoch - RAERIGHERIFES O @ epoch FFERERF SR 68.92% - &/)\ loss RITESE
6 & epoch - EAEESERGAMSEENCARSNERSR  BRRBTSHEEEMI) - E—F
BB R ARt 3R R A EA TR A E R ENMT -

RE 2

HABME fully connected layers - 5—/&7 256 {& units ~ BUERE R relu - F_EH 128 1@
units ~ BUERER relu - EE=/EF 128 {8 units * BUERE R relu - RE—EBRBLE - BUERER
sigmoid - 1BK K EA binary_crossentropy - B{EERE% adam - 3£ 16 & epoch - HEAYFIARIFIES
0 @ epoch FsEMERES 4 31.36% - &/ loss BITESE 0 @ epoch - ARG ERIFESE 0 &
epoch FFEMRERR S5 31.08% - &/ loss RITEZE 1 8 epoch - AREERBRBAIHBEEREE
By W ETE SRR/ loss - BRI EEE NI - E— P REREEE T ZIFEREETTE
HERFEENMIT -

RE 3

HABME fully connected layers - 5—/&7 256 & units ~ BUERE R relu - F_EH 128 1@
units ~ BUERER relu - B=/8A 128 f& units - BUERE R relu - RE—ERBLE - BUSRER
sigmoid ° BREE S binary_corssentropy - B{ER A adagrad - # 16 & epoch - AEIRER
1.2 892 TEEEMAT kernel_regularizer=regularizers.I1(0.01) - BUB/MEZL AR ISHIBHE S -
7£58 15 & epoch RS/ 96.17% - &/)\ loss RITESE 15 & epoch - REERGHERISES
15 & epoch RF#EEERSH 96.44% - &/)\ loss BITEEE 15 @ epoch - E—TiaEEA 2 7RI E
R E At 2739858 90% -

RE 4

13



HBMNE fully connected layers - £—/&7A 256 & units  BUERER relu - £_EA 128 &
units ~ BUERER relu - E=/EA 128 f& units * BUSRE R relu - RE—EBRBLE - BUSRER
sigmoid - KRR ES binary_corssentropy - B{ERE% adagrad - # 16 & epoch - AEIREE 3
= . =T = £ m A 7 kernel_initializer="random_uniform' £
kernel_regularizer=regularizers.|2(0.01) - DUR/PEZLFIARISRVIBE S - 75 15 (& epoch 5 ZERESR
By =48 96.05% - &/)\ loss BITESS 15 f@ epoch - =B R E RIS 15 8 epoch FFEERES
%5 96.62% - &/)\loss BITEEE 15 & epoch - #E—SiaERE 2 7R R ENEM D EI858 90% -

RE 5

HBMNE fully connected layers - £—&%A 256 @ units  BUERE R relu - £_EA 128 &
units ~ BUERER relu - E=IEF 128 {& units ~ BUERER relu - RE—BRBLE - BUERER
sigmoid - kernel_initializer="random_uniform' - kernel_regularizer=regularizers.12(0.01) - &
K 2% mean_squared_error - B{ERE% adam - 3£ 16 f@ epoch - 7£58 15 f@ epoch FFEREE
=4 95.71% - &/)\loss RIS 10 & epoch - HATE A ERIGES 15 {8 epoch BEEXRESH
97.97% - &)\ loss RIFESE 10 & epoch - E—FimEHEA 2 70 R E RV EAth 73 #39#838 90% -

=E 6

HABME fully connected layers - 5—/&7 256 & units ~ BUSRE R relu - F_EH 128 @
units ~ BUSERES relu - E=/EA 128 & units ~ BUERE A relu - HFE—ERALE - BUSRES
sigmoid - kernel_initializer="random_uniform' - kernel_regularizer=regularizers.12(0.01) - &%
LK # % binary_crossentropy - B1EEKE(% adagrad - 3£ 16 & epoch - 755 15 {& epoch F5ZEERESR
B =45 96.66% - &/]\ loss RBITESS 15 f@ epoch - #REE R ERIFES 15 8 epoch FREERES
%5 97.62% - &/)\ loss BITESE 15 f& epoch - E—FmERE 2 75 R ENHE{th 5 B3T#858 90% -

ML LR - RESSERREES 5 RERVEREE - BMTAEEES 94.99% ; M5 6 R
ERNEEE 97.53% - I ERERRZEZERERBESEEREEG6 -

Table 2 #7 L4 5 FE#R G472 ) sl A5 R B FEZC:

Model Performances Visualization Loss and Accuracy
#
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Maximum accuracy in Training set: 68.64
epoch: 1
Maximum accuracy in Testing set: 68.92
epoch: @
Minimum loss in Training se
epoch: 3
Minimum loss in Te
epoch: 6
[[47111 e]

[21448 811

precision support

47111

accuracy
macro avg
weighted avg

On Testing Set
Accuracy: 68.72 %
Precision sco

g set: 31.36

epoch: @
Maximum accuracy in Testing set: 31.88
epoch: @
Minimum loss in T
epoch: @
Minimum loss in Testing set: 1.099e+83
epoch: 1
[ @ 47111]

[ 8 21448]]

precision recall fl-score s

ng set: 1.094e+03

accuracy
macro avg
weighted avg

On Testing Set

Accuracy: 31.28 %
Precision score: 31.28 %
Recall score: 160.8 %

F1 score: 47.66 %

Mana
Maximum & acy in Training set: 96.17
epock
Maximum
epoch:
Minimum
epoch:
Minimum
epock
[[45865
[ 1212 20236]]
precision recall f1-s

8.97
8.94

accuracy
macro avg
weighted avg

On Testing Set
Accuracy: 96.41 %
Precision score: 94.2 %
Recall score: 94.35 %
F1 score: 94.27 %

upport

47111
21448

68559

68559
68559

support

47111

Loss

Accuracy

03135

03130

03125

03120

03115

03110

0.6890

0.6885

0.6880

0.6875

0.6870

0.6865

LOSS

—— testing accuracy
training accuracy

ACCURACY

4 6 8
Epochs

—— testing accuracy
training accuracy

a
Epochs

Accuracy

Loss

03135

03130

03125

03120

03115

03110

10.98

1097

10 96

1095

10.94

ACCURACY

— testing accuracy
training accuracy

6

8 10 12 14

Epochs

LOSS

—— testing accuracy
training accuracy

6 8 10 12 14

Epochs

ACCURACY

—

— testing accuracy
training accuracy

3 B 10 12 14
Epochs

LOSS

—— testing accuracy
training accuracy

=

6

Epochs

15



Maximum accuracy in Training set: 96.85 LOSS

epoch: 15 175 —— testing accuracy
Maximum accuracy in Testing : 96.62 training accuracy
epoch: 15 150
Minimum loss in Training s g g 125
epoch: 15 2 100
Minimum loss in Te
epoch: 15 075 ~
[[46127 984] 050
[ 1327 20121]] e \,/\
precision f1-score support ———
0 2 4 3 8 1w 1z u
0 2 3 47111 Epochs
21448 ACCURACY
—— testing accuracy s e
accuracy B.9 5 095 training accuracy [
macro avg 8.96 9 B.96 b 090 /\
7085 (
é /
0.80
Accuracy 4 /
Precision score: % 07s
070
0 2 4 13 8w 1z 14
Epochs
accuracy in Training set: 95.71 Loss
epoch: 13 5200 —— testing accuracy

- - . o
Maximum accuracy in Testing set: 97.97 Ty ey
epoch: 18 0175
Minimum loss in Training set: 21.39 0150

g w
e B Eoms
Minimum loss in Testing set: 11.88
epoch: @ o100 \
[[43743 3368] 007 \/_,f\/\ A
=
[ 70 21378]] . 0050 A\
precisi recall fl-score support T3 3 : 3 © © o
Epochs
47111 ACCURACY
. 21448
0.95 AN /h\\\“\\\///\\\
accuracy 68559 4 \_/\/
macro avg 68559 o /]
weighted avg . . . 68559 g o
g
On Testing Set 080
Accuracy: 94.99 %

P . — testing accuracy
Precision score: 86.39 % 075 training accuracy
Recall score: 99.67 % T T I s % % =
F1 score: 92.56 % Epochs
Maximum accuracy in Training set: LOSS
EDOFh: 15 14 —— testing accuracy
Maximum training accuracy
epoch: 15 12
Minimum loss in Trainin,
epoch: 15 10
Minimum @ 0g
epoch: 5 3
[[45981 1130] 06

885] ] 0a
precision recall support

02 — TN
47111 -

0 2 4 6 8 10 12 14

Epochs
accuracy 5 > ACCURACY

macro avg 2 —

weighted avg 8.9 3 pas \v,f”\\\\\//ﬁx‘\v//

sting 090

>

. o oes
Recall scor 2
Fl score < 080

0.75
— testmg accuracy
070 training accuracy

o
¥
=
@
@

10 12 14
Epochs




M- &5
e FRBEINARURAEERNGER - DI SHERERAERES relu MERER L ENEXR
2% sigmoid - BRI E A binary_crossentropy ~ BUER % adagrad MUK AREYIEIE

(random uniform)E21FRI{EEREN(12) B iR S - BERRIBEEE ;
A EERRIE 9762 % -

AR EARERENEE
WE - RECJLUEMEZ B aRMERE
AUIEAER ; IIMEREVEZRE Eo]BYE

F19%5 97.53% -

Table 3 RS Bl ZIEZ

B EMERE R MITIRE
ET oM - LEVSIRIBE
ZE2HHEE

AlfREEERE

JEFRFEAAERY - HARE
BREESENMITTREN B

 RRTHE

B -

RIEAIA

96.66 %LU KA

ERERIFRY

# | Activation | epoch | Optimizer | Loss function | Batch | initializer and Max.
function function size regularize performance
1 | Reluand 10 adam mean_square | 64 No 68.64 %
sigmoid d_error 68.92 %
2 | Reluand 16 adam binary_crosse | 64 No 3136 %
sigmoid ntropy 31.08 %
3 | Reluand 16 adagrad binary_crosse | 64 No and 11 96.17 %
sigmoid ntropy 96.44 %
4 | Reluand 16 adagrad binary_crosse | 64 random_unifor | 96.05 %
sigmoid ntropy m 96.62 %
and 12
5 | Reluand 16 adam mean_square | 64 random_unifor | 95.71 %
sigmoid d_error m 97.97 %
and 12
6 | Reluand 16 adagrad binary_crosse | 64 random_unifor | 96.66 %
sigmoid ntropy m 97.62 %
and 12
A SEEN

b
W%

4

REGIRS RS E
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BUE R EL: https://ithelp.ithome.com.tw/articles/10191725
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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
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