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Traffic mode recognition algorithm based on residual temporal attention neural network
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Abstract: Traffic mode recognition is an important branch of user behavior recognition, the purpose of which is to
identify the user’ s current traffic mode. Aiming at the demand of the modern intelligent urban transportation system to
accurately perceive the user’s traffic mode in the mobile device environment, a traffic mode recognition algorithm based on
the residual temporal attention neural network was proposed. Firstly, the local features in the sensor time sequence were
extracted through the residual network with strong local feature extraction ability. Then, the channel-based attention
mechanism was used to recalibrate the different sensor features, and the attention recalibration was performed by focusing on
the data heterogeneity of different sensors. Finally, the Temporal Convolutional Network (TCN) with a wider receptive field
was used to extract the global features in the sensor time sequence. The data-rich High Technology Computer (HTC) traffic
mode recognition dataset was used to evaluate the existing traffic mode recognition algorithms and the residual temporal
attention model. Experimental results show that the proposed residual temporal attention model has the accuracy as high as
96.07% with friendly computational overhead for mobile devices, and has the precision and recall for any single class
reached or exceeded 90%, which verify the accuracy and robustness of the proposed model. The proposed model can be
applied to intelligent transportation, smart city and other domains as a kind of traffic mode detection for supporting mobile
intelligent terminal operation.
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Fig. 1 Schematic diagram of

proposed model structure
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Fig. 2 Schematic diagram of ResNet structure
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dilated convolution structure
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Fig. 5 Schematic diagram of total sensor intensity changes of

some traffic modes

A AR 1Y) i 8 AR AT LR ) 3 AR U B
BAFE S S, BS5) REEH FF E E a f o
JEE RN R S R S W TR RETE 8T 5 (e ) i F P 7 B 2P it
P FE IR AL BB R . IEAh AT BRSO
A A s AR S An R 5 (a) 7R Jn B AR Al th SR A 4
bR AT DL AE R R 2@ AR i WS a5 5 i AT
B PP AR A2 40, (AR R ELAT 38 3 X 43 A [R) A AR X 8 ) o
3.2 #&Al%

TERERSYN GRid AR b, o 1 il DABE 4 32 A% s R AR A ]
R 1) 53 M) 50 R AT St 1 L 2 S LA WAL S0 ) R, AR SO0 T
UR AR IR EH 24T T {8t )3 — 4k (Robust Normalization ) , %} B
— IR X et — bt B = (10) PR

clip(X. By Boyye)

Sml)usl = B _ B (10)
B,,..(X) = Q,(X) - 1.5(Q:(X) - 0,(X)) (11)
B, (X) = 0,(X) + 1.5(0,(X) - 0,(x)) (12)

Holr, 0.0, 23 5MCER B o R80T o i K. e —
PERE AL DR U — AL i 2 v A TR R A AN 52 S R P 5
R I — AL B 2 e R 2 HOEH 15 S VLI

AR SCAE N 5% 22 Bl 8 0 I 2% 1y e e e felt T 1 3 4
77 KRB B (Adaptive Mean Square Gradient, AMSGrad) '
BRI AL & B 1R 27 2T R B 0. 000 1o K ZRE #2 4it
128 DMREA N 25 200 8 0 A SCH A RE B R ] 44> 5k 22 e
Ve 755 ) A ) R 2 o 2 ) 2% 418 IR A% Ay 128 1 I )
fIE, HEAh AR SCAR H A R 3 J22 M2 i A B R 2 ) ) Dl
TR 28 AT IR SR L 256 T8 1 1Y 42 R R AIE

A SCRERIN 25 F B2 AT A AR Y 2500, T (R 1
Hh A AR 25 5 S b sl bR 4 2 1] 1 22, TE LA (13) , 7
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SR A SOREAL i 1 B ST 45 2R i 4 R S AR B LS SRR X (14) 5K (15) FioR
SR SUIRAE AR B4 2% eR K B TP(X,)
B recall (X,) = —TP(XC) Y FN(X) (14)
L(ff, class) = —§[class] + In (Ze}["]) (13) TP(X)
! precision(X,) - (15)

3.3 BkoEMREXSLE

TES R R rp AR SCLAMERf 3 A ) R BRI 4545, [7]
A5 LA AR S AR f) A 1] 30 5 i ke it — 2D A3 A Y
BRI PERE . RG] HTC A AR ORI AR AT S B A v
ARSI HCE AT 9 H AT AR A 52 3 A TR T ik A D e
HCA R AO0T LS IR G R AN 1R o AT LA AR SCHR
4 5% 22 I SR T 0 4% RE S 7 10 AR _E 3K 31 96. 07% B HER
A, TG BEEA AL o R SCmR (11 T80, SOk 12 18R e g
BB T 90% W MERR A . A SCHE IR E HTC Bdla g T
AU R AR e T A SRR . O TR T
A LA A BUIE B, AR SCXF R Bk A4 4 [l 3 5 iy 2
BEAT TR L, I3 M AN TR] A A R B U1 v By e ) R

F1 AEZBEXIARNEEZIRA EFHET
Tab. 1  Recognition accuracy comparison of different traffic mode

recognition algorithms

WIRZS HEW R/ %
SCHk[ 105 75.36
SCHk[9 107 82. 68
SCHKL 17 17 86. 21
SCHR[ 1107k 91.51
BUINBVADRS 90. 15
SCHik[ 21 1974 85.76
A5k 96. 07

3.4 B—@ERUIRAIMEREXTLL
13 2 53 3 A WL, X6 A B B AR SCHR A 7 )
BIEA R SSE A B9 H R SGRE R AT TR A Rl

T TP(X,)+ FP(X,)
Forr . o AUFR B ez A, 1M X, 98 T 28 A ¢ T ke
A5 TP(True Positive) . FP(False Positive) . FN(False Negative)
5 TN(True Negative ) 53 7148 75 A L 52 1% 50 1E 1 500 25 21 Sy
TEAG) LS OO 57 051 PRI 45 R DAy 1E 5] LS B L 51 T 4
S, UL SR L S A TN 45 3R S £ B A

A 1] 3] LU S A sl A e T, B BE S 1 T A 1%
FERIREAS o IE A YU 2 5SmSR A5, TDRS 3 n] LT3
HE 4 2 05 1 A T 235 2R v R A% A P B2 A 2K e 1 LA
I 2 BB T 3T L TE I A A8 AR B T R4
TG A AT PR A AR S A A A A LRI AR i
A g 2% 3R 3 UL, BEFE RS AAT 4 PR Sl A 7R
A ELS R RERE AT G FLIL A AR Y LA AR, T 57
FTE VLB B0 X 6 5 ] P 2357 AR DC i 3 Tl AR A A E B4
SyiFUil . Her SCER (1] SVM 43288 RS 16 A 38 42 38 il AR X
IR BN RS TR AR Y Il BRI, RS ER
W T A A A RSB A2 AE B XE LAAE SEBR AR 0 i A5 2 6
AR, [ B3 I 0 1 ST LA S A R ) B v A A4
o HZL T SVM 432688 . A SCER Y T AR R A 38 458
TSI R R R A & A R AR AT BT $E T, H A [
A TG 2, 3t AR s v i R 00 28 R A A s LA —
E B PRE, A GETT W SR A 28 38 R s O TR D HoA 52
AL, (UL RERS D3 A O T B9 A S 4R, EAh A
SCHR T AR RS TR BE AT 4 | AT 22 A A0 LA ik v AR v 85
SE X431 A R AR A BB RS B R 5 A [l

F2 AEHARIEERIRAE @RI

Tab. 2 Recognition recall comparison of different classification algorithms

i 112 /%
: ST 17 B AT JEFEAE R NZEFE ik
SCHk 15 76. 60 73.52 72.98 69. 98 64. 87 78.33 21.27 85.96
k(9 17k 88. 09 80. 61 96.01 80. 56 72.20 83. 85 70. 34 85. 90
SCHk[ 17 ] 971 91. 31 85. 56 96. 50 82. 10 78. 65 89.28 66. 60 88. 44
Sk 12] 078k 93.28 91.18 97.08 87.93 89. 14 90. 17 71.30 91.39
SCRR[ 1179 95.72 92.31 97. 40 93. 64 89. 40 90. 55 74.96 92.16
SCHk[21 )78k 92. 84 85.59 95.98 77.92 83.03 85. 81 65.20 88. 04
KTy ik 97. 69 96. 28 97.75 94.91 94. 83 96. 36 90. 34 96. 73
F3 ARNRFNEERIRAEFHEIT
Tab. 3 Recognition precision comparison of different classification algorithms
ik K% 1%

ST 177 B HAT% FEFG A e AR PLiE
SCHk 153 84. 67 69. 53 95.62 72.39 72.25 74. 60 97. 46 74.05
k[ 9]k 96. 28 74.79 95.21 74.16 72.50 84.74 84. 14 84. 68
k[ 17 1978 93.19 79.79 91. 86 82.91 80. 92 85.38 91.35 88.53
SCHk[ 12 ] 977 93. 49 92.29 98. 49 87.72 85.33 90. 41 81.51 90.78
SR 1178k 93.72 92.46 98. 36 90. 73 89. 37 90. 77 80. 16 92.58
k[ 21 7% 92.95 85.47 96. 79 80. 17 80. 30 85.18 70. 29 88. 15
AXTi 97. 43 95.74 99. 04 93.93 94.36 96. 51 94. 06 96. 64

LEa AR 2~3 AT LI T, AR SCHE Hh A A6 B A 22 o 3 A6
AT A R RGBSR 22 B, 3R AR SO SR oAt

ST EATE £ L
A S A HTC SRS F A A SO O BUR 5 1 30
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FEME, IR AR . NGR4T al LUAFE Y, A SCHR H AR 7
I8 TS S AR A AR TR Sk L S S A
FrEgiitiae XA AR RA — & RARUE BT 7EiX

JUR 2@ AT i3 8 8 SR A RN 18 RS BN E
P SR ACBORI Ui 8 A7 ST AL RE S K
BRI PUNRCR o

R4 HREMEFEHNERDANNREBER B %
Tab. 4 Confusion matrix of recognition results by residual temporal attention network unit: %
N HLG

B2 W Tk T3 Ak [BE Wik Nk Bk
biRvA 96. 49 0.25 0. 46 0.36 0.20 0.14 0.28 0.28
1 0.39 95. 63 0.08 0.75 1.42 0.26 0.43 0.28
Bk 0.01 0.31 98. 90 0.11 0.31 0.02 0. 00 0.01
A1T 4 0.37 0.57 0.11 94. 65 1.77 0.12 0.48 0.27
FEEFE 4 0.45 1.18 0. 31 1.94 93.25 0.99 1.23 0.56
LK 0.71 0.57 0. 00 0.61 1.48 96. 16 1.54 1.30
N 0.14 0.21 0. 00 0.33 0.39 0. 61 93. 84 0.75
il 1.39 1.24 0.11 1.21 1.14 1.67 2.17 96. 52

3.5 HBLEIE

AR SR M 04 % 22 I B R A AR A A R B R AR v
G SVEE XS AN R B ] RUBE T HEAT T B PP AR A2 48, 1A 1 43 1
Aof 8 2 IR0 2855 i el o ) 24 o 4 300 PR AT 5 K30 s I A
TEHEATRRAE SR . AR S 5038 3 1 il 52 S0 W A SCHR HR 1) 3858
BEACTR BIAL T rfr b 3R B A A 52 M 4T T IPAl , LR AS 3¢
P AR TR XoF 4% 22 I 245 5 I S A R IO 245 SR B AP A A T 2 T
TE T R IR A HEEAT 70 AT . BT E AL T il
SEH BT AR B A S IR A5 AN 5 TR

K5 ASTRERE RN R X L

Tab. 5 Accuracy comparison of proposed model in

ablation experiments

MNE HET MR %/%
1 LBRER 2 M 2% 91.39
2 LERET AT M 245 80. 27
3 BTk 22 9 4% 5 Bt S s AL 2% 65. 68
4 BN USRI RE =Wk Nl 85.77
5 F BRI I R AL 5% 25 M 4% 59. 58
6 3 VR AL 5 I R 4% 78. 21
7 I AR 96. 07

FH % 5 AT D0, A SO HY A/ 76 o Bl 5% 2 0 245 B B ) S
OIS FRAE A AR AR R 238 1 T B AR D (H AR R s
T 43R 19X 245 LA 4 B0 B PP R T e, A R A P T T 3R 1
IR . XA UL T 4 SR R IR AR AR SO rho] g AR IR
SRS TN BRI . AR SO R AL e 6 B
LG AT RRIE SR U 2 R A A AR RS T A
HA 65. 68% (R 51 HERA 22, 3k 2 I 5% 22 W) 26 R 358 465 FHU R
26 AR A SOASE AN Hp el 32 3 A5 TR0 T B BB R AE R T AR
Mo AR SCRERIAL B 1S4 I Y R 22 X 4% 3 38 T 2 S LAY
DA BT Xo FEAE 235 T0] (18 S R R 5%, 11 24 A SRR B o T 3
F B LG AR A 2 5, BIALRE EE L 96. 07% T [
T 85. 77% , 13 7% W AR ) 4 51T T W VA A A5 i 1 1 77 52
AU P 0 FBEREAE , I B3R i TR RO e
RS AT L& B, AR ST R AR A AN B 38 5 X A8
R e 21 B A A

A I AT D0 4% 9 R 24 1 L 114 s 5 JR 0 B T ZE AR TR v e
FIEEAEM. AETHETHE 1525 T 4. 6840 A 205, T

FHAS T2 A 5T A LeAS 256 38 1 1 2 i AL 5 5% 25 )
L5 R, ST F s S0 B 2 (2l A S AR i 2% .
TR TP 5 4% 22 I 46 14 e 0% foft B8 A TR T 22 5% e ) A
A 308 T TSP, (L3 2 190 246 e LA XoF AN [ 5 A 20 1 %
J3) P T ARG v, LR 2o A R VR ) I B A TE A T fRT BT
ir o AT R AL R 2 I 46 A AR A3 AR R R
JE 5538 0 R AT E AR I S R SR, BT M R R 5 15 2 3R
KGRI, T AT 53 BRI T R 815 A 5 M B TR A4 (1) P B
R, A 2 o mT LAIAS S Gl 2 R A 2 Bt Sal R i % R T 1)
FRE TR 250 SR X LA 3k 1) BARU/KOST- i Sl A ) 248 A 70 o e )
TEXEIEMEH,
3.6 EiETEFHEITILE

A SCE X EIRANR  R 8 HR AT T2 B T4 5 2
] 5 B AT S5 . Hod AR TR G LR S AR
GY ST AR SCH AR T I B v 38 TR A S 40 R AT RRAE T
T b 3 ) 245 18 5 ) 5 3 BRI 4 ] 5 2 B R v
X PN 5 2%, AR 3Gl et 43 2538 05 1R B0 UE AR 3 43 B
L AE TR A A T S I R R4 A B b 30 3k 0 A 9 UE SRR 4y
Ba A S R AR S WAE 5 AR S A B4R bR,
TR A7) 7 i AT B X5 58 9 U, TR A TS T 4 X
Lbinge 6 iR .

®6 FREZEERIAPIE LRI E T

Tab. 6 Comparison of computational overhead for

different traffic mode recognition algorithms

Sk A T A T

PR [i) TR 4 /s ri HI42[8l/MB
SCHk[ 158 1278.677 191. 260
SCHk[9 171k 2.488 151.939
SCHRL17 )07k 20. 507 298. 844
SCHRL 1197 28. 697 1.946
k[ 12107 26. 043 350. 788
SCHR(21 1771 25.983 7.091
ARICTT 32. 146 19. 908

TR IFE 0T HE AT DU Y, AR SCHE i A I 1) T 15 25 1]
T L RERS Dk BARXT AR A i o i AR SR H SRR I ] 5
23 [ TP IR 2R T WL, 73 ST 5 50 o 2 EAR SRk
RS I5 B H I 1) -1
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PR T R 2% I SR T B AT P e Ak S e A A R
TR 1 5 | A5k 22 9 45 5 T S B R 2% 84T AN TR) sz BT Y
Ip P AR AEAZ 4 , O P26 1 3 10 9 1 S T LA A SR R A
HEAT AR A o, AR IR TR A ] S8 AT 3 3w
R e Pk o AS SO R334 A HTC A2l A s 46 IS
T REFRCR IR E] T 96. 07% HIMERR A, 1T &5 T HAL BLAT S e
Sk o ABARSCRIEANAT B THRU R B2 A 25 18], [ I B 5 7%
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