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Inference on Driving Characteristic Based on Time-Series
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ABSTRACT

With the commercialization of autonomous driving systems, inferring the driving characteristics of adjacent
vehicles has become increasingly important for effective interaction between autonomous and non-autonomous
vehicles. Driving information can be collected using roadside units or vehicles to infer these characteristics.
This study proposes a model that infers driving characteristics based on trajectory data collected within a
limited observation range. Specifically, we confirm the practicality of the proposed system by considering noise
that may occur during the sensing process and using real driving datasets. Simulation results demonstrate that
the proposed model outperforms baselines and proves highly practical, even in environments with limited

observation.
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Fig. 7. Confusion matrix of the target vehicle according to the ego vehicle’s driving characteristics
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H 3. W5 AR ko|= <ol tE ATA 24
Table 3. Numerical results of noise standard deviation

Average accuracy (%) = 1-std

Training model

Noise standard deviation (0,) / SNR [dB]

0.03/30.46 0.05/26.02 0.1/20.0 0.15/16.4
Transformer 70.08£0.12 68.90+0.17 65.60 £+ 0.22 63.1440.13
LSTM 66.91£0.07 65.81£0.16 63.58 £0.19 61.91£0.10
MLP 57.60 £0.05 55.18 +0.04 51.8440.08 49.93 £0.04
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Appendix
E A1 =so] Alek
Table A1. System specification
CPU AMD Ryzen7950x
GPU MSI RTX 3090 Supreme
oS Ubuntu 18.04
Python 3.11.11
Software version SUMO vl.1
FLOW v0.5.0
®A2. 713 A9 &
Table A2. Table of notation
Notation Meaning Notation Meaning
K a set of vehicles K, ,,, | a set of observable vehicles
K, , | a set of vehicles in the ahead K, ; | a set of vehicles in the rear
Ky ey | ego vehicle Kyprger | target vehicle
K, leader in lane h k, follower in lane h
7 the number of vehicles h h-th lane
C a set of driving characteristics J the number of driving characteristics
H the number of observable lanes |4 observable distance, m
o, observable information O4cq0 | absolute information about the ego vehicle
0, targer | relative information about the target vehicle 04 obs information within the observable area
v speed, m/ S p position, m
b targer | telative location of the target vehicle P vehicle density on ahead lane h
Ct‘h available driving distance on ahead lane, h a specific time
N noise distribution o, noise standard deviation
€ sampled noise f driving characteristic inference model
T trajectory data Leg cross-entropy loss function
n learning rate t time steps
¢ true driving characteristics X vector of data points
M the number of clusters o, the center of clusters
S a set of clusters k, gain on a difference from the desired velocity
k, headway gain 50 linear jam distance
k, gain on a difference from the lead velocity 1., the number of vehicles, neutral characteristic
cons the number of vehicles, conservative characteristic [agg, the number of vehicles, aggressive characteristic
T}UH time steps of full episode driving | time steps of the data collection stage
warm | time steps of the warm-up stage - -
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Table A3. Parameter settings at driving characteristics
Parameter | Value Parameter | Value
Aggressive Neutral
ky 0.5 s0 | 3.5
A 10 Conservative
2 s0 | 8
E A4, AlEdeld A4
Table A4. Simulator settings
Parameter Value
T 20t
4 30m
H 3
c 3
1t 0.1s
I 45
oens 15
Juggr 15
Lo, 15
Tyarm 700t
Tiviving 3000t
T 3700t
E Ab. AlETelAl HlelEAl 2dl sjoluigiein|e] A
Table A5. Hyperparameter settings at simulation dataset
Hyperparameter | Value Hyperparameter Value
Transformer LSTM
Batch size 1024 Batch size 1024
Epochs 50 Epochs 50
Learning rate 0.0001 Learning rate 0.0001
Dropout 0.5 Dropout 0.5
Size of hidden layer 256 Size of hidden layer 64
Model dimension 128 Number of layers 2(LSTM)
Number of layers 4(Encoder) Activation function tanh
Number of multi-head attention 8 Optimizer Adam
Activation function ReLU - -
Optimizer Adam - -
Classification [128,64,3] - -
MLP
Batch size 1024
Epochs 50
Learning rate 0.0001
Dropout 0.5
Hidden layer (256,128,64,3]
Activation function ReLU
Optimizer Adam

8713



The Journal of Korean Institute of Communications and Information Sciences "25-06 Vol.50 No.06

E A6. NGSIM dlo|ejAl el slo]sis}zin]e] A%
Table A6. Hyperparameter settings at NGSIM dataset

Hyperparameter | Value Hyperparameter Value
Transformer LST™M
Batch size 1024 Batch size 1024
Epochs 50 Epochs 50
Learning rate 0.0001 Learning rate 0.0001
Dropout 0.5 Dropout 0.5
Size of hidden layer 256 Size of hidden layer 128
Model dimension 128 Number of layers 6(LSTM)
Number of layers 8(Encoder) Activation function tanh
Number of multi-head attention 8 Optimizer Adam
Activation function ReLU - -
Optimizer Adam - -
Classification [128,64,3] - -
MLP

Batch size 1024
Epochs 50
Learning rate 0.0001
Dropout 0.5
Hidden layer (256,128,64,3]
Activation function ReLU
Optimizer Adam
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