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EGCN-CeDML: A Distributed Machine Learning Framework for Vehicle Driving Behavior
Prediction

LI Ke"*?,YANG Ling' .ZHAO Yanbo',CHEN Yonglong' and LUO Shouxi'"?

1 School of Computer and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756, China

2 Engineering Research Center of Sustainable Urban Intelligent Transportation, Ministry of Education,Chengdu 611756 ,China
3 Sichuan Provincial Key Laboratory of Network and Communication Technology,Chengdu 611756, China

4 Leeds Joint School,Southwest Jiaotong University, Chengdu 611756, China

Abstract In large-scale dynamic traffic scenarios, predicting vehicle driving behavior quickly and accurately is one of the most
challenging issues in the field of intelligent traffic driving. The prediction of vehicle driving behavior should consider not only the
efficiency of communication,but also the historical vehicle trajectory and the interaction between vehicles. Considering the above
factors, this paper proposes a communication-efficient distributed machine learning framework based on edge-enhanced graph con-
volutional neural networks (EGCN-CeDML). Compared with the centralized prediction framework on a single device, EGCN-
CeDML is a communication-efficient distributed machine learning framework, which does not need to transmit all the raw data to
the cloud server,and directly stores,processes,and computes user data locally. This way of training neural networks on multiple
edge devices relieves the pressure of centralized training neural networks,reduces the amount of transmitted data and communica-

tion latency.improves data processing efficiency.and preserves user privacy to a certain extent. EGCN-LSTM deployed on each
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edge device utilizes the edge-enhanced attention mechanism and the feature transfer mechanism of the graph convolutional neural
network to promptly extract and transfer the interaction information between vehicles when the number of surrounding vehicles
increases to more than a dozen,ensuring more accurate prediction performance and lower time complexity. In addition to vehicle
driving behavior prediction, each edge device can flexibly control the type and scale of the neural network according to its own
computing and storage capabilities,under the premise of ensuring the performance of the neural network, which is suitable for dif-
ferent application scenarios. The experimental results of EGCN-CeDML on public dataset NGSIMshow that the amount of data to
be transmitted by only accounts for 21. 56 % of the centralized training. And the calculation time and prediction performance of
EGCN-CeDML are better than those of previous models regardless of traffic complexity,with an accuracy rate of 0. 9391,a recall

rate of 0. 9557 ,and an F1 score of 0. 947 3. When the prediction time is one second, the prediction accuracy reaches 91. 21%. Even

if the number of vehicles increases,the algorithm maintains a low time complexity and is stable within 0. 1 seconds.
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2. for ¥ s€S. do
3. Y=0;

for i=1 to n do

yi<Output(LNN;j,s) ;

4

5

6. Y. append(y;) ;

7 Y<softmax(Y/T) ;
8 M=Get M(Y) ;
9 D=0;

10.  for i=1 to n do;

11. count<—0 ;

12. for j=1 to n do;

13. if M;<<0 then

14. count+=1 ;

15.  if count™> Y then
16. D. append(i) ;

17. <0 ;

18. for k=1 to n do;
19. if k€ D then;
20. r+=Yx;
21, r<r/(n-IDD) ;
22. S,.append(r) ;
23. return S;.
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Fig. 5 Interaction model of vehicles
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Fig. 6 Edge-enhanced attention mechanism
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Table 1  Environment settings(hardware)
B % #
CPU Intel(R) Core(TM) i7-10700F CPU@2. 90 GHz
GPU NVIDIA GeForce RTX 3070
w7 32GB DDR5 5200

*2 BOHERE
Table 2 Environment settings(software)

O 5 ¥

BIER G Windows 11 64 i
BREF Python 3.6
EN i & Visual Studio Code

CUDA 11.2
W ¥ S HEE Tensorflow-GPU 2. 6.0
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Table 3 Information of NGSIM dataset

K &N 1-80 uUsl1o1
AR A R EETN -
%K E 503 m 640 m
FE 45 min 45 min

04:00p. m.-04:15p. m.

05:00p. m.-05:15p. m.

07:50a. m.-08:05a. m.
08:05a. m.-08:20 a. m.
08:20a. m.-08:35 a. m.

XEHE
05:15p. m. -05:30 p. m.

NGSIM R AL BB 45 B an 2% 3 BT, A SC e 1-80 24
B A 2 Bl AT oA HEAT R AT . 1-80 A B T i A AR e T N
80 5 N BR 2\ B A4 0 25 38 7 [l Sy Hh p a1 b, 1-80 A B AL
T8ALEHE. AMEEREE 155 LB FENESHE
M AR RN, G 7 Sy G, A 8 S D, -
80 K I B BE A A IR RN 7 TR . RN
HOHT HEEAHENELT . KZHERSRGEE
ANAS PR E AT N — R RE A SR K,
PRl At % SC 36 5 1-80 119 58 = A SR 42 B [ B, ot o ] B PN 2 %
TR ERE Z WA WA AR BN B A



90 A AL 22 ST HEZR 325

2= w], 45 EGCN-CeDML ; — i I [A) 45 4025 30 47 > 5000 1
EWA BT I EEEMES .
r—#ﬁﬂﬂﬂ%%&som—»:
L _____ L]
2@ __________ V]
. & L&
I 4 [1/m1] D | =D
_f@mm_______ @& L_o__®_____ |
_|_§ ____________ ,_ ___________
\

i)\g 8
= | &

P 7180 /A B i ) i B 7 1
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A RASCTREN NGSIM M F Bk . &S0
B 0.5 HEAT—WREHE R4, 1] Frame_ID ) 2 4 %
0.1s Am—K
ID R B LR [R] Y 4238 4 5 AT O 2 40 104 28 36 1 8 7T L el
Lane_ID 4b #4531,

F 4 NGSIM B Bl 7 B i
Table 4 Data field description in NGSIM dataset

#HAE 4 HOAE B AL

Vehicle_ID BEERANAF 5T -
Frame_ID A B AR A — B2 -
Global_Time i 18] ms
Local X IO 5EEANNES Feet
Local_Y AL GHERENER Feet
v_Vel EX L 1n9 Feet/s
Lane_ID EWMEXRAFELEE RS -
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i F
LG fE: L=0 , F=0 , c=0;
2. for ID in set( S. Vehicle_ID ) do;
3. T=sort(S. Vehicl eiD=ID)as Global_Time;
4. foritolen(T)—1 do
5 if TLi+1]—TLi]#100 then
6 L. append(i+1) ;
7. forjtolen(T)—1 do
8 M=T[L[jJ:LL+1] ]
9 if Lane_IDchanged then
10. F. append(M) ;
11. ct=1;
12. return F,c.
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1. ¥isfk: C=0

2. get(Vehicle'ips coordinates x,y at Framerp) ;

3.if S. Frame_ID==Frame_ID then

4. T=S;

5. T. add(d) ;

6 T[d]=0.3048X /(T “local x’ ]— 02+ (T “local v’ J—y)Z ;
7.if T[d]<dis then

8. C.append(T) ;
9

6

9. return C
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2.for Vi€V do

3. for V€V do

4 E=|Vi—=V:l;

5.E=E .sum(1) ;// #£ E (G4 1 _Fabf7sR it
6. for i to len(V )—1 do

7. forjto 4 do

8. if E[i][j]>0

9. ELILIG]=ELTG T
10. else

1. ELTLIG]=1;

12. return E
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Table 5 Performance of different datasets
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& W57 % B BAKE/ N 2EHE/N
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Fig. 8 Effect of the number of edge devices on accuracy
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Table 6 Transmission delay of each scheme

V3 # 45 & /MB W F R e Hr it % /ms
R R 154.47 QPSK 85799
DDNN 3031. 04 QPSK 1680656
EGCN-CeDML 33.32 QPSK 18504
Y 154. 47 64-QAM 15924
DDNN 3031.04 64-QAM 311906
EGCN-CeDML 33.32 64-QAM 3436
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Fig. 9 Accuracy vs. the number of sample types of MNIST on BP
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Fig. 10 Confusion matrix of each models
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Table 7 Performance of CNN on test set

RFFHEAT P i el

o F 0.8983 0.8823  0.7169
BER 0.9380 0.8333 0.7037
F1 4 % 0.9177 0.8571  0.7102

# 8  LSTM KA 7R 4R 1 1 ik
Table 8 Performance of LSTM on test set

RFEAAT i i

kR 0.8991 0.8611 0.8125
BEF 0.9469 0.8611  0.7222
F1 %% 0.9224 0.8611  0.7647

F 9  CNN-LSTM #5875 Mt 4 1 4 g
Table 9 Performance of CNN-LSTM on test set
BRFEAAT % ¥

HEE 0.9391 0.8533 0.8979
e 0.9557 0.8888  0.8148
Fl 2% 0.9473 0.8707  0.8543

F 10 EGCN-LSTM #5878 il 328 4 1) 4 1
Table 10 Performance of EGCN-LSTM on test set
HEFEAT kg 4

LR 0.9391 0.9027 0.8653
4 E R 0.9557 0.9027 0.8333
F1 4% 0.9473 0.9027 0.8490

B 7— 3 10 Al AR FF ELAT A0 FL 2030 (FL 40 B T
KR 5 3 W ) A, U] EGCN-LSTM #5847 35 B 17
AT Ry T 8000 B i 5 A5 G 9 FL A3 B0 /N U A X A G AT
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FRAT Sy B A A 0 1) TUI0 Ak 2R

FeJa o %o 25 A BRI 25 A R IR AT AT AN B KR AR
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Table 11  Prediction accuracy comparison with baselines
Acc Macro_pre Macro_Re Macro_F1
CNN 0.8539 0.8325 0.8205 0.8283
LSTM 0.8702 0.8575 0.8434 0.8434
CNN-LSTM 0.9037 0.8908 0.8864 0.8908
EGCN-LSTM 0.9121 0.9024 0.8972 0.8997
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Fig. 11 Prediction accuracy vs. prediction time of driving behaviors
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Fig. 12 Prediction accuracy vs. driving behaviors
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