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Research on recognition method of transportation modes based on deep learning
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Abstract ; Resident travel information can reflect the activity routines of residents and urban traffic problems, which
is an important basis for formulating transportation planning and management. Although the trajectory information
acquired by GPS has a lot of spatio-temporal information, it cannot directly express transportation modes. Data
processing and mining algorithms are needed to extract hidden knowledge to infer transportation modes, while
recognition has great challenges due to the high degree of non-linearity and complexity of residents’ travel patterns.
In this study, the advantages of deep learning were utilized to solve difficult calculation features or missing
extraction features. After pre-processing of the trajectory information, kinematic features of the trajectory segments
were calculated to form the input data. A method that combines convolutional neural network with gate recurrent
unit was proposed to recognize transportation modes. By utilizing the advantages of convolutional neural networks,
the deep features and the ability of gate recurrent unit were characterized to mine time series characteristics,
improve the learning ability of nonlinear classification problems, and increase the accuracy of transportation modes
recognition. In order to verify the effectiveness of the proposed method, separate convolutional neural network and
gate recurrent unit were designed, which was tested and compared on the published Geolife dataset. Experimental
results show that although the proposed method only used four features, it still received well recognition results.
Besides, the proposed method had better recognition performance than using a convolutional neural network and
other classification methods.
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Fig. 1 Division of travel trajectory process
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Fig.4 Characteristic analysis of each single-mode segment
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Fig.6  Overall network structure
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Tab.3  Experimental results of different CNN structures

BB WAL
32 %264 %2 0.799 7
32 %264 %2-128 %2 0.8154
32 %264 2-128 #2256 2 0.8132

&3 nJ A, BEAERE N 32 M ER)E 2
JZ BB 64 MNETRE 2 JZUL BRI R 128
MNMUBTR 2 J2(32 % 2-64 % 2-128 « 2) [) CNN 4%

MU RCR B A ARSEINA 2 JZA AT 256 D1
BERUR , ARG 15 B IR, (ER AR A
JEI A B, SO S R EH] 32 # 2-64
2-128 = 2 ZEf Ryt A CNN JZ.

1 GRU SE58 il i HAT AN [R5 508 H i FL=
i) GRU 5B 2 0L GRU 4544, 12 f745 SR WL 4.

x4 BEBEFETEM BI-GRU fSLIEER
Tab.4 Results of Bi-GRU structures with different number of

units

R WA A
RN
32 64 128
TR H ] 0.806 2 0.8111 0.808 7
B X 0.809 4 0.8123 0.810 4

H 4 AN, XU GRU 5 B2 1 HLn) GRU H
JE T, o 8 H o 64 (1 BL)ZE AR GRU YR
TRCR e 47 s B H BN 128 B R B T AR 42
fm, RO 5 1. L, 78 22 )5 /9 525 Bi-
GRU JZH#EH 64 415 4.

AT 2 s B Y %) B s B, R LR
CNN A5 B R 2 B R4, R T GRU #5584 12 B
B AR, 45 B R 3 D0 SR 3 S RS . AR
SCR AT AR 0508 A B I, X B T AN ] 6 P 4%
5K R BIRE BE LR 5, B SR IR 45 SR R WA SO 2 1Y
() CNN-BiGRU ##Y {f 45 FE i , AR T BiGRU-
CNN CNN-GRU , i It T Bt (1) CNN 455 AU 15 Y
Bi-GRU 5. X B] CNN-BiGRU [¥ £ 25 #4 1) {1
P, M R A M 4% R 5 g L% 6.

RS TRGHHTEER

Tab.5 Experimental results of different structures

[ £ 4544 LA
HfE CNN g5 0.8154
e 43 Bi-GRU #5Y 0.8123
CNN-GRU #i#1 0.8217
CNN-BiGRU %1 0.8259
BiGRU-CNN %l 0.805 5

& 6 H{E CNN-BiGRU R4 4
Tab.6 Optimal CNN-BiGRU structures

SR WREEEA [ZNUN A7 S SR L '
Convl-2 32 (1,3)  (1,1) Relu
MaxPool (1,2)  (1,2)

Conv34 64 (1,3)  (1,1) Relu
MaxPool (1,2)  (1,2)

Conv5-6 128 (1,3)  (1,1) Relu
MaxPool (1,2)  (1,2)

Bi-GRU 64

Dense 5 Softmax




IR

.6 - 7N

N
s

T ok K

n

g,
¥

=

551 4%

Bt CNN-BiGRU W& (34015 B LK 7, £ 45
TR VAR LA B 45 Al g 3 7 =X A v Rl 4. i
) 245 AR (14) 25 S RN 4 R R 79% IERH T %
W28 B A Rk, e, 2B AT O B A A R ik

94% , R4 1) A 2 3 AR AR 70% , X J2 T IRAE
A2 SRR AIE 2 52 S8 T R R I, BETITIN . 2352 421
) GG A A R I B R OB R AT, B 5 iR
Sl AT AT

R7T RENZHRBERE. EE2EMEER

Tab.7 Confusion matrix, recall, and precision of the optimal model

U 2
F 1k CNN-BIGRU £ T2 51
A7/ % HAT%/ % INZH/ 5% IS S N/ % SR % TEE/ %
B AT/ % 1720 52 25 5 17 1819 94
HAT%/ % 185 824 25 5 2 1 041 79
INR T/ % 133 39 1078 79 33 1362 79
Hh /% 49 17 159 595 29 849 70
I ENE 95 19 44 17 667 842 79
JER Ve S 2182 951 1331 701 748 5913 /
W, % 79 87 81 85 89 / /

SRR Geolife il £ L 4T 47 J7 AT 52
LR 213 HE 2R L3R 8. X LAl 22 L ATL
R T 7 % MM R 1 TR A B A LR
Endo % f5 FLa FIVR 2% > U3 Hh A7 8552 (0 BF 5
JRCR (B AR [E B, 01z Sh k(5 5, YU 45
R T AR I HLAR o2 ) 7 1L RO AR, iR A
Dabiri %32 i 81 CNN AU AT IR 5 A B9 IR

8 MATIEMWHRERML

Tab.8 Performance comparison with related work

R K5 1E/ %
ey 15 76.2
Endo %8 67.9
Dabiri 2113 79.8
A SCIY Foe P 44 AR 82.6

H13% 8 Al AL, AR SCRE RN B2 51 iR A S A TR g
&5 6. 4% ,17.7% ,2. 8% , Jo il A SCH 4R A5
NI 25 475 4 1 AT 08 B A 8 1) ] A7 4 A B A
.

4 % b

iz TR B 2 2 R H A TR R, B RN T
BT R EFRIE () Z B R, HS m R IR AN 4
B 0 T4 A S I B s WA B K AT G R
7815 , 5B R B P 4R BGE 2R AE i A B AR
SCHEH Y CNN-BiGRU W 45 i1, 32 F CNN SR #2 HUR
JEFHIE iz H] Bi-GRU 4R B 7 RE 1k, 45 6 70 & i
BT AS AZ AT 6T A Re L B iR
TR VR B 5560 3iF , CNN-BIGRU W) 4% %55 Bl
(1) CNN A5 45 73 245 1 AT B g A U

(EA SCHE 5t Ak PR 5 2 S F S Jal 23 by 5
AUE AT, IR TS BR P AR, DR i
SEORBG AT A AREE , R A A A 2K X
QXS T — 25 A S35 7 1w, BT RO 6 4 i
AT

% it

[1]MURAKAMI E, WAGNER D. Can using global positioning system
(GPS) improve trip reporting? [ J]. Transportation Research Part
C: Emerging Technologies, 1999, 7 (2): 149 - 165. DOI. 10.
1016/80968 — 090X (99)00017 -0

[2]LI Xiaolei, HAN Jiawei, KIM S, et al. Roam: Rule-and motif-based
anomaly detection in massive moving object data sets [ C]//
Proceedings of the 2007 SIAM International Conference on Data
Mining. Philadelphia, PA: SIAM, 2007 273 - 284. DOI. 10.
1137/1.9781611972771. 25

[3]XIAO Zhibin, WANG Yang, FU Kun, et al. Identifying different
transportation modes from trajectory data using tree-based ensemble
classifiers [ J ]. ISPRS International Journal of Geo-Information,
2017, 6(2): 57. DOI: 10.3390/1jgi6020057

[4]DONG Weishan, LI Jian, YAO Renjie, et al. Characterizing driving
styles with deep learning[ EB/OL]. (2016-07-13). https;//arxiv.
org/abs/1607. 03611

[5]KRIZHEVSKY A, SUTSKEVER I, HINTON G. Imagenet classification
with deep convolutional neural networks [ C]//Advances in Neural
Information Processing Systems. Cambridge, MA ; MIT Press, 2012
1097 - 1105

[6 JHINTON G, DENG Li, YU Dong, et al. Deep neural networks for
acoustic modeling in speech recognition: The shared views of four
research groups [ J]. IEEE Signal Processing Magazine, 2012, 29
(6):82-97. DOI; 10.1109/MSP. 2012. 2205597

[7]YU Bo, XU Zongben, LI Chenghua. Latent semantic analysis for text
categorization using neural network[ J]. Knowledge-Based Systems,
2008, 21(8): 900 —904. DOI: 10. 1016/]. knosys. 2008. 03. 045

[8]ENDO Y, TODA H, NISHIDA K, et al. Deep feature extraction

from trajectories for transportation mode estimation[ C]//Pacific-Asia



511 3

AR, & HTIRE R ATEEGR

7k 7.

Conference on Knowledge Discovery and Data Mining. Berlin,
German: Springer, 2016 54 — 66

[9] WANG Hao, LIU Gaojun, DUAN Jianyong, et al.
transportation modes using deep neural network [ J]. IEICE
Transactions on Information and Systems, 2017, 100(5) . 1132 -
1135. DOI: 10. 1587/transinf. 2016 EDL8252

[10] SONG Xuan, KANASUGI H, SHIBASAKI R. DeepTransport:;

prediction and simulation of human mobility and transportation

Detecting

mode at a citywide level [ C]//Proceedings of the Twenty-Fifth
International Joint Conference on Artificial Intelligence. San
Francisco, CA: Morgan Kaufmann, 2016 2618 -2624

[11] HOCHREITER S, SCHMIDHUBER J. Long short-term memory
[J]. Neural Computation, 1997, 9(8): 1735 -1780. DOI. 10.
1162/neco. 1997.9.8. 1735

[12]LIANG Xiaoyuan, WANG Guiling. A convolutional neural network
for transportation mode detection based on smartphone platform
[ C]//Proceedings of the 2017 IEEE 14th International Conference
on Mobile Ad Hoc and Sensor Systems. Piscataway, NJ: IEEE,
2017 338 —342. DOI: 10.1109/MASS.2017. 81

[13]DABIRI S, HEASLIP K. Inferring transportation modes from GPS
trajectories using a convolutional neural network[ J]. Transportation
Research Part C: Emerging Technologies, 2018, 86 (1) : 360 -
371. DOI. 10.1016/]. trc.2017. 11. 021

[14] CHO K, VAN M B, GULCEHRE C, et al. Learning phrase

representations using RNN encoder-decoder for statistical machine
translation [ EB/OL ]. (20140603 ).
1406. 1078

[15]ZHENG Yu, ZHANG Lizhu, XING Xie, et al. Mining interesting

https://arxiv. org/abs/

locations and travel sequences from GPS trajectories [ C ]//
Proceedings of the 18th International Conference on World Wide
Web. New York, NY: ACM, 2009 791 - 800. DOI. 10. 1145/
1526709. 1526816

[16 ] ZHENG Yu, LI Quannan, CHEN Yukun, et al. Understanding
mobility based on GPS data [ C ]//Proceedings of the 10th
International Conference on Ubiquitous Computing. New York,
NY: ACM, 2008 312 -321. DOI: 10. 1145/1409635. 1409677

[17] ZHENG Yu, XIE Xing, MA Weiying, et al. Geolife: A
collaborative social networking service among user, location and
trajectory[ J ]. IEEE Data Engineering Bulletin, 2010, 33 (2):
32 -39

[18] ZHENG Yu, LIU Like,

transportation mode from raw GPS data for geographic applications

WANG Longhao, et al. Learning
on the web[ C]//Proceedings of the 17th International Conference
on World Wide Web. New York, NY: ACM, 2008 247 —256.
DOI: 10.1145/1367497. 1367532

(g wHZ)

SPIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIDGY

Hm R B A
e Uk B o 3 ik 3L AR b R o AR IR A A

FH A7 B fe 45 2] % T R
W R BT B — I BRI R HE 4 2
i 8 R 4H 2 T R P AT A

FEMEREE

,)))))))))))))))))))))))))))))))))))

| H AUt

ETHFREENENELREDN A5 ENDREER ASHEE
LB BB 4 B B (. A BRoE B A ALIRB KR R R b AT
B Rk R MR IL MR T B B F B, AL B 60 T B 0 T 4R B R A M
BOBIREA A A ER. BN R AR RSB E AR EARAEE XX EE, A
ZR,BUENHENE LW FEHUAREEGEE, flA
BRI E BERT %, B Mk £
JERERW AR RGHE A E DR RS LR g b

(BB EAL, KEH, EEA. BRETIEAF

LEAEGH

TENRFEER¥R)

€€ CCCCCCCCECCCCCCCCCCCCCCCCCcCCCCC®

€ €€ €€ €€ CCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCCC<®



