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ABSTRACT

PURPOSES : This study aims to improve complex modeling of multivariable, nonlinear, and overdispersion data with an artificial neural
network that has been a problem in the civil and transport sectors.

METHODS : Deep learning, which is a technique employing artificial neural networks, was applied for developing a large bus fuel consumption
model as a case study. Estimation characteristics and accuracy were compared with the results of conventional multiple regression modeling.

RESULTS : The deep learning model remarkably improved estimation accuracy of regression modeling, from R-sq. 18.76% to 72.22%. In
addition, it was very flexible in reflecting large variance and complex relationships between dependent and independent variables.

CONCLUSIONS : Deep learning could be a new alternative that solves general problems inherent in conventional statistical methods and it
is highly promising in planning and optimizing issues in the civil and transport sectors. Extended applications to other fields, such as pavement
management, structure safety, operation of intelligent transport systems, and traffic noise estimation are highly recommended.
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Fig. 2 Role of Multi-hidden Layer Structure in a
High Dimensional Input Space
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Table 1. Basic Statistics of the Sample Data Set

Correlation
Kl 6 Std. |coefficient with
Contents sample| Min | Max |Avg. )
set dev. | dependent

variable

Fuel consumption

3,816 |0.0002| 15.68 | 4.38 | 3.68 -
rate (cc/sec)

Operating speed 1.01(101.24 |6176 [34.21 0431

(km/h)
Slope (%) -193| 5.04]0.02| 0.21 - 0.055
IRI (m/km) 081 643 | 261| 157 - 0313
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Fig. 3 Scatter plots of Variables
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Table 2. A Large Bus Fuel Consumption Model by
Multiple Regression

Regression Eq.: Y=0.62+0.05 Vehicle Speed(km/h)+
0.16 Slope(%)+0.18 IRI(m/km), R?*=0.1876

Parameter estimates

Predictor |Coef. Est|Std.Error|t-value| P-value | VIFs
Constant 0.6195 | 0.3046 | 2.0341| 0.0420
Vehicle speed

(km/h) 0.0531 | 0.0027 {19.8846| 0.0000 |2.7370
Slope (%) 0.1585 | 0.2604 | 0.6087 | 0.5428 |1.0254
IRI (m/km) 0.1818 | 0.0578 | 3.1469 | 0.0017 |2.6953

Source :Han et al. (2016)
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