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ABSTRACT

Recently, there has been a growing interest in aircraft noise. Aircraft noise analysis requires the
identification and extraction of aircraft noise from background noise and is generally carried out
through manual work by engineers. The management of data through manual work is not only re-
quired by expert engineers, but is not efficient to handle the vast noise data. Moreover, with the de-
velopment of big data analysis techniques through Al, artificial intelligence technology, which can ef-
ficiently process data in the noise field, is being used. The purpose of this study is to develop an
artificial intelligence model that extracts and evaluates aircraft noise. Aircraft noise data measured for
140 days were analyzed via an Al model, and the highest recognition rate was confirmed in the

combined model.
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Fig. 1 Perceptron(left), MLP(right)
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Table 1 Airport and characteristics

Airport Operating aircraft
A Jet engine
B Jet engine, turboprop
C Turboprop
D Turbofan
E Helicopter
F Jet engine
G Turboprop

o A

» Input shape with 1 sec
¢ for MLP

+ Input shape with 10sec
for CNN, LSTM

Fig. 4 Example of data
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Table 2 Model’s MLP code

Dense(128, activation=‘relu’)
Dense(72, activation=‘relu’)
Dense(72, activation=‘relu’)
Dense(32, activation="‘relu’)
Dense(1, activation="‘sigmoid’)

Table 3 Model’s LSTM code

Bidirectional(LSTM(128,

return_sequences =True, activation="relu’)
LSTM(128,

return_sequences=True, activation="relu’)
Dense(128, activation="‘relu’)
Dense(36, activation="‘relu’)
Dense(18, activation=°‘relu’)
TimeDistributed(Dense(1, activation="relu’))
Flatten()
Dense(1, activation=‘relu’)

Table 4 Model’s LSTM code

Conv2D(72, (3,3), padding="SAME’,
activation="relu’,
kernel initializer="he normal)

BatchNormalization()

MaxPooling2D(strides=(2,2),
padding="SAME’)

Dropout(0.2)

Conv2D(72, (3,3), padding="SAME”’,
activation="relu’,
kernel_initializer="he_normal)

BatchNormalization()

MaxPooling2D(strides=(2,2),
padding="SAME’)

Dropout(0.2)

Conv2D(36, (3,3), padding="SAME’,
activation="relu’,
kernel initializer="he_normal)

BatchNormalization()

MaxPooling2D(strides=(2,2),
padding=‘SAME”)

Dropout(0.2)

Flatten()

Dense(1, activation="‘relu’)
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Table 5 Comparison of combined model

Model MLP LSTM CNN MLP-LSTM MLP-CNN LSTM-CNN MLP-LSTM-CNN
Accuracy 0.9919 0.9921 0.9948 0.9911 0.9951 0.9951 0.9957
Loss 0.0278 0.0226 0.0165 0.0277 0.0164 0.0159 0.0153
Precision 0.9809 0.9859 0.9862 0.9826 0.9889 0.9892 0.9893
Recall 0.9885 0.9842 0.9939 0.9838 0.9926 0.9922 0.9943
F1 score 0.9847 0.9851 0.9901 0.9832 0.9907 0.9906 0.9918
QREDEET Basi
—— Taintset_acc
i 09925 4 = valacc,
0.9900 4 VV
i = 09875 1
r g 0.9850
5_ 0.9825 -
0.9800 -
09775 1
0 5 10 15 20 5
epoch
o -
Fig. 9 Learning accuracy of Al model
PEEED : foa = val_loss
: == Taintset_loss
@ Aircraft noise classified by MLP model
® Airceraft noise classified by LSTM model 005
@ Aircraft noise classified by CNN model
- @ Aircraft noise classified by MLP- LSTM model
® Aircraft noise classified by MLP- CNN model § —
- ® Aircraft noise classified by LSTM- CNN model -
- (@ Aircraft noise classified by MLP- LSTM- CNN model 003
Fig. 8 Example of model error 0.02
. . o mdo 3]_/\ 2.0 =z epoch
Fig. 99} Fig. 10> =] W& HolgErh
59 39 (epoch)E HEdH| o Sk A Ed Fig. 10 Learning loss of AI model
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Predicted Class

s

Background Aircraft
noise noise
-E 160000 Classification Classification
g o 140000 By engineer By Al model
]
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[¥] i
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D w
©0 ~ 334.00 58830.00 - 40000
Z <
0 1
Fig. 11 Results of confusion matrix Fig. 12 Verification procedure for Al model
Table 6 Verification of Al model
Classification Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7
(86 4000 s) | (864000 s) | (86 4000 s) | (864000 s) | (86 4000 s) | (864000 s) | (86 4000 s)
Engineer @ 66.37 71.93 68.90 67.82 64.21 46.36 51.35
WECPNL Al model @ 66.33 71.94 68.90 68.62 66.02 45.76 51.28
Diff. (D-©Q) 0.04 0.01 0.00 0.80 1.81 0.60 0.07
Engineer D 52.18 56.02 54.15 53.22 50.42 33.10 40.46
(dL';i(Zn)) Al model @ 52.05 55.96 54.04 53.32 50.53 32.32 39.98
Diff. (D-Q) 0.13 0.06 0.11 0.10 0.11 0.78 0.48
Classification Point 8 Point 9 Point 10 Point 11 Point 12 Point 13 Point 14
(864000 's) | (86 4000s) | (86 4000s) | (86 4000's) | (86 4000 s) | (86 4000's) | (86 4000 s)
Engineer @ 78.65 92.92 93.12 59.02 97.95 61.36 95.30
WECPNL Al model @ 79.81 92.67 92.08 58.34 97.28 60.06 95.04
Diff. (D-©Q) 1.16 0.25 1.04 0.68 0.67 1.30 0.26
Engineer D 58.32 74.76 74.68 38.88 79.66 41.56 75.55
(dL';i(Zn)) Al model @ 58.32 74.76 74.68 39.00 79.66 42.00 75.55
Diff. (D-Q) 0.00 0.00 0.00 0.12 0.00 0.44 0.00
6352, FN(false negative)< 3342, TP(true positive) 55} tHFig. 12)
= 58 830%°|UKFig. 11). ®do] &g7] Ago= ASE sl T ATellA SAHT F 1448 &
ERE 29 Bl 44 YT7) £2& Ui AY § dolHE ASSIRR, of Hlelel shgel AHgs)
T (precision)i= 0.98930]aL, AAl FF7] Ag Foll A & A= delHolth g A9 HolHE 8l
wdlo] Y3740 BHI AL Uehls AAE 2047

(recall) 0.9943°]™, F1 score= 0.9918°]t}.
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