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Iterations completed 20
Log likelihood function -27312.83
Variable Mode Coefficient Standard Error
TTn All ~0.113333 0.0017
TCn All =0.0003x:x 0.0001
Xine Bus 0.0891 0.0730
Xhe Subway —0.6271 53 0.0386
Xoldo BS 0.7892xx 0.3380
Xowd1 Bus —0.5276%x: 0.0780
Xola2 Subway 0.0516 0.0936
Nex Car —1.1898x:x 0.0330
Bus 1,279k 0.1108
Q,, Subway —0.327 43 0.0460
BS —0.5678x: 0.0393
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Predicted
DN Type2 84 | w> EENRCESE L
3413
S4x 90 0 9
&8 (97.18%)
2 28 3065 18 24
B (97.76%)
True
AR 11 56 2186 29
- (95.79%)
1054
2+7 % 32 128 61
i 3 (82.67%)
Misclassified : 486 Total : 10,204, Accuracy : 0.9524
[ 28] A= AA% Type3d HLXE
Predicted
DINRY Ayt 583 B A4 | wWxAd
3470
S84 36 1 5
&8 (98.80%)
2 46 3033 18 33
B (96.75%)
True
Ad 9 35 2216 2
B (97.11%)
1166
2+7 % 9 46 54
i 3 (91.45%)
Misclassified @ 248, Total : 10,204, Accuracy @ 0.9687
[¥ 29] t& 23 28] AR
Predicted
MNL Z83 H 2 A3 | mr+Ad
2693
Z9% 717 97 0
&8 (76.529%)
W2 1312 1562 257 4
- (49.82%)
True
AF 731 518 1020 13
B (44.70%)
100
2+73 394 206 575
H (7.84%)

Misclassified @ 4,824, Total : 11,292. Accuracy @ 0.5272

- 57 - A L



Accuracy comparison by models
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31] A= 4l A543
23 Ad = AdE& F1 score
0.93 0.07 097
DNN 0.92 0.98 0.95
0.97 0.9 0.96
Type2 0.94 0.83 0.83
0.95 0.95 0.95
[ 32 4% A SESE
723 Ad = AdE& F1 score
0.98 0.99 0.93
DNN 0.9 0.97 0.97
0.97 0.97 0.97
Type3 0.9 0.91 0.93
0.97 0.97 0.97
[ 33] 3 =
2723 Ad e Ad& F1 score
053 0.77 0.62
052 0.50 051
MNL 052 0.45 0.48
0.85 0.08 0.14
0.56 0.53 0.50

_60_



Validation index comparison by models (Mode: Car)
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Validation index comparison by models (Mode: Subway)
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Validation index comparison by models (Mode: BS)
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Abstract
Estimation of Travel Mode Choice

Models using Deep Neural Networks

Daehwan Bang

Transportation Studies

Department of Environmental Planning

The Graduate School of Environmental Studies

Seoul National University

Traditionally, four-stage transportation demand estimation methods
were used to predict traffic demand in the transportation plan. The
third step has recently become more important due to the introduction
of new travel choice modes induced by local governments such as
smart mobility, car—-sharing and complicated traveller’s transit pattern
changes following industrial development. Until now, the method used
mainly logit models to predict the choice modes of traveller.

However, the Logit model had some problems that were difficult to
reflect the diversity of individual preferences and Ilimit of
Independence of irrelevant alternatives(ITA). Although prior researches
had shown that various studies are conducted to overcome this

problem, there are still limitations that cannot fully reflect the
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problems of IIA, data scarcity problem, and reflecting various
environmental conditions and characteristics of individuals. It is also
necessary to ensure whether the existing logit model is responsive to
the complexity and diversity of transport choice modes. Also, a new
suggestion of mode choice model is needed to complement problems
mentioned above all.

Thus, This study suggests travel mode choice models using Deep
Neural Networks, which is a type of deep learning, to estimate travel
mode choice of traveller that can overcome the limitations of an
existing Logit model. The Deep Neural Networks presented that
highly correlated variables can be used as input data, unlike Logit
model. so This model has some advantages which is possible to
adapt convergence of various data and solves the problems of ITA
and data scarcity.

This study estimates travel mode choice model for commuter traffic
in Seoul using the 2016 household traffic survey data, which is easy
to consider simultaneously the  socioeconomic and  transit
characteristics of traveller. The variables in the travel mode choice
model were travel time(in—vehicle travel time, out vehicle travel time),
travel cost and traveller's socio—economic characteristic(gender, age,
income and car possession or not). The age, one of socioeconomic
characteristics, was divided into three categories; youth with a
discount on transit fares, senior citizens with exemption from subway
fares, and the others. The income was reconstructed as average
income by the number of households. This study estimates four
different choice modes of transportation, including passenger car, bus,
subway, bus and subway.

For deep neural networks models, there were three types based on

the number of hidden layers to identify the performance of the model
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by the number of hidden layers. The models 1s to be
multidimensional classified as the layer increases. This study uses
34,013 samples of passage through which the raw data of the
household traffic survey pre—processed and constructed for estimation
and verification of the model. Of the total data, 23,809 samples is
used as data for learning the model, and remaining 30 percent is used
for verification of the model.

As a result of the estimation of the travel mode choice model, the
predicted accuracy of the Deep Neural Networks Type3 model was
96.87%, which is the highest of those models and next, Deep Neural
Networks TypeZ2 with two hidden layers was 95.24% and Deep
Neural Networks Typel has 91.10%6 accuracy. Totally, accuracy of
the estimated models using deep neural networks was more than
90%.

On the other hand, the generalized logit model showed lower
classification accuracy than deep neural networks with 52.72%
accuracy. In particular, the results showed very low accuracy of
7.08% for the combined travel mode(bus and subway), indicating that
they are vulnerable to complex measures that are difficult to classify.
Demand elasticity of travel time and travel cost was calculated and
verified to determine the possibility of generalization through intuitive
interpretation of the model. Based on the calculation of elasticity of
each model, it was intuitively identified that elasticity of all models
were negative, indicating that demand for the travel modes decreased
as travel time and travel cost increased. Comparing elasticity of
travel time and travel cost by transit modes, it was found that the
absolute value of elasticity of the travel time is relatively higher than
the travel cost, indicating that the traveller respond more sensitively

to travel time. Analysis of the elasticity of the travel time based on
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the deep neural networks Type3 with high accuracy in the model
indicates that the absolute value of the magnetic elasticity of the
passenger car is smaller than transit. This is because traveller taking
passenger cars prefers comfort and quick access, even if travel time
increases slightly.

The absolute value of elasticity due to travel cost was calculated to
be somewhat higher for passenger cars than for public transport.
This shows that passersby who use passenger cars are more
sensitive to traffic costs than public transport, but the value is not so
high that it seems that the person does not rely heavily on travel
costs.

This study used an deep neural networks to overcome the logit
models’ limitations that were mainly used in the existing travel
choice model, and confirmed that the deep neural networks model
was classified with higher accuracy for various travel modes. In
particular, generalized logit model is difficult to categorize complex
transit mode, while deep neural networks have more than 96%
accuracy. It is expected that the system will be able to be classified
with a high probability for vehicles similar to the existing ones such
as smart mobility, car—sharing, and trams, as it has confirmed that
the diverse means of traffic can be classified. In addition, it is judged
that a meaningful study was conducted in that it presented a model
for selecting the means to actively respond to various and complex
transportation modes.

Because of industrial development, the traffic patterns of passersby
will be more diverse, and therefore more variables will be considered
to predict traffic patterns of passersby, such as weather
characteristics, information characteristics, and real-time environment

characteristics.
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Therefore, if the travel mode choice model using deep neural
networks are applied, which 1s optimal hidden-layer depth and
hyper—-parameter settings, travel mode choice model will be able to
get the high accuracy for complex and diverse modes of
transportation like the result of this study. The Deep Neural
Networks could be an alternative to predicting more intelligent and

reliable transportation demand in the transportation planning area.
Key Words : Deep Neural Networks, Travel Mode Choice
Model, Multinomial Logit Model, Deep Learning, Transportation

Planning
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