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Transportation mode recognition algorithm based on multi-scale feature extraction
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Abstract: Aiming at the problems of high power consumption and complex scene for scene perception in universal
transportation modes, a new transportation mode detection algorithm combining Residual Network (ResNet) and dilated
convolution was proposed. Firstly, the 1D sensor data was converted into the 2D spectral image by using Fast Fourier
Transform (FFT). Then, the Principal Component Analysis (PCA) algorithm was used to realize the downsampling of the
spectral image. Finally, the ResNet was used to mine the local features of transportation modes, and the global features of
transportation modes were mined with dilated convolution, so as to detect eight transportation modes. Experimental
evaluation results show that, compared with 8 algorithms including decision tree, random forest and AlexNet, the
transportation mode recognition algorithm combining ResNet and dilated convolution has the highest accuracy in eight traffic
patterns including static, walking and running, and the proposed algorithm has good identification accuracy and robustness.
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Fig. 1 Framework of transportation mode detection algorithm

combining residual network and dilated convolution
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Tab. 1 Detailed hyperparameters in residual network
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Fig. 7 Representation of dilated convolution
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Tab. 2 Detailed hyperparameters in dilated convolutional network
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x — %EE)Z 1 (dataDilated) ;
daiaFC — £i%1%)Z N(dataDilated) ;
S L4 -
f# ] Adam DEALESPATRE BE N REIATE
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EIESL R ASE TG A AL IGE B DL R A 5 X
SERFAEFR 23 AR ARARL , T LA T 0 i 22 S A AU A7 AE — 2 1Y
PeiiPE . Alexnet,DenseNet201 F1 Googlenet iX = Fh 3 ¥, 7E11
90 35K G A 22 3 L 09 = R Al R B AT LA B 50% LA L.
KNN . LSTM FfEHLARK SV M A S} i3 ARSI 72 U 3K
Fh 32 S 2 ) B 3 AE 30%~50% . WX A1 FE T TR
SR W RETE — AR AT USSR , YR B 2 2] 4 U AT

Mo N CAR BURRIE ST B SR M TR R TR0 g A =
[Fi) B2, A2 R M R A R [ P A R A2 S AR o
i — 1 Alexnet , DenseNet201 Fl Googlenet 572 $2 Bt H ) [i5] —
S B R RRE N B BORPUNTE . RN TR IO AR,
FI T SVM SEHLAS 27~ SRk HEAT 43028 A B 3k 21 JIr o 22 1 e
TR A SCRTEE A SR AE AR R A [R5 F1L-23 B4
Trik eyl LIAE 80% LA E .
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Tab. 3 Accuracy comparison of different algorithms unit: %
ok i1k Ry # AT FAR G AR P& ek
Alexnet 45.71 89. 66 99.99 75.00 60. 84 40. 00 49. 65 28.77
DenseNet201 55.03 90. 48 99.99 55.96 53.71 48.65 59.50 27.27
Googlenet 52.55 90. 41 99.99 70. 19 61.11 41.50 57.55 24.73
LSTM 35.61 85.82 99.99 51.30 34. 65 26.70 44.85 14.29
KNN 53.33 58.33 66. 67 36. 84 47.06 12.72 21.43 22.22
SRR 24.07 56. 82 83.46 25.83 20.49 21.93 19. 86 12.96
REALARAK 33.33 75. 81 91.89 41.48 32.85 29. 41 35.53 23.62
SVM 39.41 42.04 53.09 41.33 39.22 33.33 36.55 14.02
ResDilate 88.61 95.42 99.99 97.90 90. 11 94.70 81.90 91.43

x4 AEEEHNBEIERILE B %

Tab. 4 Recall comparison of different algorithms unit: %
Hk i1k A H HAT% FAFR G A P& Hok
Alexnet 72.26 83.87 97.13 84.25 50. 00 37.50 38.17 26.92
DenseNet201 67.10 85. 81 94. 83 83.56 70. 69 37.50 38.71 19.23
Googlenet 66. 45 85.16 98.28 77.4 50.57 42.36 43.01 29.49
LSTM 77.42 78. 06 97.13 67. 81 20. 11 38.19 3.28 0. 64
KNN 27.59 33.33 53.33 35.00 38.10 58.33 16. 67 14.29
P 20.97 59. 06 78.72 25.20 19. 08 21.74 18.79 17.21
BEHLAR AR 42.74 74.02 96. 45 59.35 34.35 21.74 18. 12 24.59
SVM 36.49 43.71 48.31 39.49 43.17 40.27 36.55 12. 10
ResDilate 90. 32 94.19 98. 85 95.89 94.25 86. 81 92.47 82.05

x5 AEEEMNFI-SHELLE B %

Tab. 5 Fl-score comparison of different algorithms unit: %
X7 fidla A #b EEFE R NAEH KE Hok
Alexnet 56. 00 86. 67 98. 54 79.35 54.89 38.71 43.16 27.81
DenseNet201 60. 47 88.08 97.35 67.03 61.04 42.35 46.91 22.56
Googlenet 58.69 87.71 99. 13 73.62 55.35 41.92 49.23 26.90
LSTM 48.78 81.76 98.54 58.41 25.45 31.43 37.89 1.22
KNN 36.37 42.42 59. 62 35.90 42.11 20. 90 18.75 17.39
S 22.41 57.92 81.02 25.51 19.76 21.83 19. 31 14.79
BEHLAR A 37.46 74.90 94. 12 48.83 33.58 25.00 24.00 24.10
SVM 37.89 42.86 50.59 40. 39 41.10 36.47 36.55 12.99
ResDilate 89. 46 94. 81 99.42 96. 89 92.13 90. 58 86. 87 86. 49

6.2 ANXHEEHBEXLEE

ARSCON T S UE IR L SR A AN A A A T T A
LT, S A5 R ANk 6~8 TR .

Horfr, 2% 6 J2 B — 1 FH 5% 25 il 28 I 45 6 38 il A U EA T 4y
25, MAFRZE 22 W 445 B K0 0T LR HY 32 0 45 25 f T LK)
B TP 0 R TR A T AT A, AR 1, T LR A 4R
TP 5 S A TE A 0 R ] DY B AR A B BB Ok TR
RS A AT A A A AR ] DU A R 4
fiE o MSEGEE T 1, i e 45 b 8] A9 SR 300 A LE A Hsf 18] A 4
JRVRFIESE IR 84, MERG 2R A ] SN F L2080 T FL B A
LAY

&7 2 i A FL A FRURI 28 090 246 5 B A8 Tl A 2R3 S 0 2
R AL BRI 28 0 28 ] DAUAE B I ] AL BRI SR AR . A
SIRAER AT LA 0 Tk G — Sl A, AR A 2 R R B
AT PANZASCEB P K R s AT e A i HL
T3 JRE A S T A I ) S i S i) AL B I SR AL, 7
FEARGRZ B X7, T LA U I I A9 4 5 4 il 5 H.
A XRCR

55 22 I 265 27 20 R AR PR, T LUKE Jasz B 4 bl £ A o
BE/INBE R PN, DT 272 ) Jay #58 S 200007 B2 R AIE 3R38 5 [m] BE, A1)
A ALE R R AR, TEAY RSB HTSE T, 5
JESZ I | 20 A5 — 5 B4 SRy B R IE A2 1] A% ) B 42 R AL
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Tab. 6 Experimental results of utilization of f%‘ Jal L gﬁﬁEz’g jc&—ﬁ-%: NNL0] ﬁj& Al‘é F Wjﬁ: %:/f Eﬂ % EEPA
residual network unit: %
EI@C
ESTLEN i AR F1-034 #8 BMAREREMHEFLERBZMEHN
ik 49.21 60. 65 54.34 LIER BAL: %
A 94.29 85.16 89.49 Tab. 8 Experimental results of fusion of residual network and
A 99. 99 95.98 97.95 dilated convolutional network unit: %
AT 64.77 78.08 70. 81 U ) )
~ 1R R VETH 222 J [n] 3% M4
EE 61. 11 44.25 51.33 ZEBA ks A P15
ST 32.57 39.58 35.74 I 88. 61 90.32 89. 46
P 46. 49 46.24 46.36 L 95.42 94.19 94.81
Hik 24.62 20.51 22.83 sk 99.99 98.85 99.42
! 2 £ S N EERES 97.90 95.89 96. 89
K71 ERATILERHEMENLIEER B{L: % L 90. 11 94. 95 9. 13
Tab. 7 Experimental results of utilization of NS 94.70 36. 81 90. 58
dilated convolutional network unit: % Kk 81.90 9. 47 36. 87
AL HER % PENEE: S 14508 bk 91.43 82.05 86. 49
# ik 50. 20 80. 00 61.69 6.3 ASS
L o195 88.39 0. 13 FEASCH, B A T U 0 S, s o )
it 99. 99 7.70 98. 84 " . . . ,
e o e e S TEMES R DR A M A A, oA 3
' N - ;‘ = '3 /\A" L\
INZEHE 68. 69 47.22 55.97 ARSCH ) HAD S RN L 0 B R o 3 a4 i AR Bk 1 IR
P& 51.70 48.92 50.28 W], BRI — SR NS R T LG 1
i 36. 04 25.64 29.96 RGBS X T SRR B K, TR A T A

Ly T S2R A5 SR AT, AR SCE K v Rl o 2 1 45 i
e BT AR 336 8 h Y SFUIAICR . sk 8 Fn , ik 22 M)

FIRAZE G MR A K7 33k 8 S L X 73 ) 52 i A XA 1] A
HER AR

x99 TAESHMEBERILR B %
Tab. 9 Accuracy comparison of different parameters unit: %
P E
~ ik E B Hip EEE Y SN K gk

22230, 50, BRI (5,5,3) , IENARAE (0. 0001) 52.97 94. 07
240,50, % BU%(3,3,2)  IEMALH(0.0001)  58.10  91.33
252]%.0. 50, BRI (3,3,2) , iENARAE (0. 0005) 56. 18 92. 00
2E2]#0. 25, BB (3,3,2) , IENAR{E (0. 0005) 51.65 90. 67
2] 0. 25, B (3,3,2), FENL{E (0. 0001) 52.61 93.15
)R 0. 25, 58U (5,5,3), IENAL{E (0. 0001) 53.78 95.71
230,25, 5B (5,5,3) , IENAEAE (0. 0005) 53.23 94. 41
22 2]3%.0. 50, BRI (5,5,3) , iENARAE (0. 0005) 88. 61 95.42

99. 99 71.18 58. 67 69.51 42.31 43.42
99. 99 79. 87 67.05 55.91 51.28 34.51
99. 99 82.98 60. 40 62. 86 50. 31 40. 11
99. 99 78. 34 67. 84 63.55 53.93 35.65
99. 99 81.46 66. 87 64. 60 50.77 38. 66
98. 84 72.12 60. 38 62. 86 52.27 35.79
99. 99 79.22 64.29 49. 65 54.39 33.33
99. 99 97.90 90. 11 94.70 81.90 91.43
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