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Aircraft model identification using acoustic information of aircraft noise by machine learning
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Fig.1  Structure of CNN used in this study (ResNet-50)

‘ 1 x 1, grovel average pooling ‘
I
‘ 1 x 1, 1000 full connections ‘

Table 1 Targeted noise sources used for classification in case study 1

No. Classification ID

Aircraft model

Engine type

Number of data

B737-700
B737-800

1-1 B737_CFM56 LD

CFM56-7

1821

1-2 B767_CF6_LD B767-300

CF6-80

989

B777-200
B777-300

1-3 B777_PW4000_LD

PW4000

771

1-4 B787_TR1000_LD B787-8
B787-9

Trent 1000

361

1-5 CRI700_CF34 LD CRJ700

CF34

298

1-6 A32_CFM56_LD A320
A321

CFM56-5

52

1-7 ATR42_PW100_LD ATR42

PW100

52
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aircraft noises used as input data to CNN in case study 1



Table 2  Correspondence of test-data prediction and correct answer in 10-fold cross validation in case study 1

No. Classification ID N Precision

Recall F-measure

1-1 B737_CFM56_LD 1821 0.995
1-2 B767_CF6_LD 989 0.993
1-3 B777_PW4000_LD 771 0.994
1-4 B787 TR1000 LD 361 0.989
1-5 CRJI700_CF34 LD 298 0.990
1-6 A32_CFM56_LD 52 0.981
1-7 ATR42_ PW100_LD 52 1.000

0.996
0.995
0.994
0.983
0.990
0.981
0.981

0.995
0.994
0.994
0.986
0.990
0.981
0.990

Accuracy = 0.996
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Table 3 Targeted noise sources used for classification in case study 2
No. Classification ID Aircraft model Engine type Number of data
2-1 A32 CFM56_TO A320 CFM56-5 195
2-2 A32 V25 TO A320 V2527 302
A321 V2530
V2533
2-3 A32 V25 LD A321 V2530 110
V2533
2-4 A33_TR772_LD A332 TRENT 772 132
A333
2-5 B737_CFM56_LD B737-700 CFM56-7 191
B737-800
B737-900
2-6 B737_CFM56_TO B737-700 CFM56-7 224
B737-800
B737-900
2-7 B747_CF6_LD B747-400 CF6-80 146
2-8 B747_PW40_LD B747-400 PW4056 144
2-9 B747_GEnx-2_LD B747-8 GEnx-2 186
2-10 B767_CF6_LD B767-300 CF6-80 631
2-11 B767_CF6_TO B767-300 CF6-80 437
2-12 B777_GE90_LD B777-200 GE90-90 788
B777-200LR/F GE90-110
B777-300ER GE90-115
2-13 B777_PW40_LD B777-200 PW4077 189
PW4090
2-14 B777_GE90_TO B777-200 GE90-90 265
B777-200LR/F GE90-110
B777-300ER GE90-115
2-15 B787_GEnx-1_LD B787-8 GEnx-1 249
B787-9
2-16 B787 GEnx-1_TO B787-8 GEnx-1 245
B787-9
2-17 B787_TR1000_LD B787-8 TRENT 1000 328
B787-9
2-18 B787_TR1000_TO B787-8 TRENT 1000 162
B787-9
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Table 4 Correspondence of test-data prediction and correct answer in 10-fold cross validation in case study 2
No. Classification ID N Precision Recall F-measure
2-1 A32 CFM56_TO 195 0.974 0.969 0.972
2-2 A32 V25 TO 302 0.997 0.993 0.995
2-3 A32 V25 LD 110 0.991 1.000 0.995
2-4 A33_TR772_LD 132 0.992 0.955 0.973
2-5 B737_CFMS56_LD 191 0.984 0.995 0.990
2-6 B737_CFMS56_TO 224 0.987 0.987 0.987
2-7 B747 CF6 LD 146 0.953 0.966 0.959
2-8 B747 PW40 LD 144 0.958 0.951 0.955
2-9 B747_GEnx-2_LD 186 0.995 0.989 0.992
2-10 B767_CF6_LD 631 0.986 0.992 0.989
2-11 B767_CF6_TO 437 0.989 0.986 0.987
2-12 B777_GE90 LD 788 0.986 0.986 0.986
2-13 B777 PW40 LD 189 0.995 0.958 0.976
2-14 B777 _GE90 TO 265 0.996 1.000 0.998
2-15 B787_GEnx-1_LD 249 0.960 0.964 0.962
2-16 B787_GEnx-1_TO 245 0.980 1.000 0.990
2-17 B787_TR1000_LD 328 0.961 0.966 0.964
2-18 B787_TR1000_TO 162 0.981 0.975 0.978

Accuracy = 0.983
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