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Abstract. In this study, we develop a forecasting models, to estimate fuel consumption based
on the driving behavior, in which vehicles and routes are known. First, the driving data are
collected via telematics and OBDII. Then, the driving fuel consumption formula is used to
calculate the estimate fuel consumption, and driving behavior indicators are generated for
analysis. Based on statistical analysis method, the driving fuel consumption forecasting model
is constructed.

Some field experiment results were done in this study to generate hundreds of driving behavior
indicators. Based on data mining approach, the Pearson coefficient correlation analysis is used
to filter highly fuel consumption related DBIs. Only highly correlated DBI will be used in the
model. These DBIs are divided into four classes: speed class, acceleration class, Left/Right/U-
turn class and the other category. We then use K-means cluster analysis to group to the driver
class and the route class. Finally, more than 12 aggregate models are generated by those
highly correlated DBIs, using the neural network model and regression analysis. Based on
Mean Absolute Percentage Error (MAPE) to evaluate from the developed AMs. The best
MAPE values among these AM is below 5%.

1. Introduction

The rise of the global awareness of the energy crisis becomes more important, and how to save the
driving fuel consumption becomes a big issue. In order to study the features of driving fuel
consumption, we consider three kinds of related factors: vehicle’s factors, routes’ factors, and driving
behavior factors. Based on our pilot study, we found that driving behaviors are highly correlated to
driving fuel consumption while one fixes vehicle factors and route factors. Thus, this study will focus
on developing a driving fuel consumption forecast model based on driving behavior factors.

In this study, a forecasting models, to estimate fuel consumption is developed based on the driving
behavior, in which vehicles and routes are known. First, the driving data are collected via telematics
and OBDII. Then, the driving fuel consumption formula is used to calculate the estimate fuel
consumption, and driving behavior indicators(DBI) are generated for analysis. Based on statistical
analysis method, the driving fuel consumption forecasting model is constructed.

Some field experiment results were done in this study to generate hundreds of driving behavior
indicators. Based on data mining approach, the Pearson coefficient correlation analysis is used to filter
highly fuel consumption related DBIs. Only highly correlated DBI will be used in the model. These
DBIs are divided into four classes: speed class, acceleration class, Left/Right/U-turn class and the
other category. We then use K-means cluster analysis to group to the driver class and the route class.
Finally, more than 12 aggregate models(AM) are generated by those highly correlated DBIs, using the
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neural network model and regression analysis. Based on Mean Absolute Percentage Error (MAPE) to
evaluate from the developed AMs. The best MAPE values among these AM is below 5%.

Telematics and OBDI|I interface in vehicle are used in this study to collect driving behavior and fuel
consumption data. The data from telematics include the following information, such as GPS, driving
time, speed, 3 dimensional G-sensor data, angular velocity, etc.; and the data collected via OBDII
consist of rpm, tp, and throttle nozzle, etc. This study follows the formula developed by research
results from Industrial Technology Research Institute(itri) to do fuel consumption calculation.

Through a large number of driving data collection, this study generated a fuel consumption predict
model based on driving behavior data. More than one hundred driving behavior indicators(DBIs) are
generated in the pilot study and through the Pearson correlation coefficient analysis, only the highly
fuel consumption correlated DBIs will be filtered out. These DBIs are divided into four classes: speed
class, acceleration class, Left/Right/U-turn class and the other category. The cluster analysis, then apply
K-means method to group various classes of driver clusters and route clusters. Finally, in order to
select the excellent effect model to forecast the fuel consumption through the driving behaviors, a
large number of aggregate models are generated. Applying data mining approach, the study found out
the best fuel consumption predict model by calculating Mean Absolute Percentage Error (MAPE).
The approach selects both the neural network method and regression analysis method for these
machine learning tools.

Sec 2 discusses the research background and some related studies; and in Sec 3, the research
framework is addressed, including data collection method, DBIs generation criteria, the pilot study
design, and ANOVA analysis schemes. Finally, in Sec 4, some study results show low MAPE features
of the developed fuel consumption forecast models based on various driving behavior indicators.

2. Background and Related Study

Evans, L., "Driver behavior effects on fuel consumption in urban driving," Human Factors research,
proposed to allow some of the participants in the ordinary traffic signal on the road driving, and hope
that the driver can minimize travel time, and this The study found that a 1% reduction in travel time
would cost 1.1% less than normal driving while driving, but it was also found that it would be difficult
for the driver to reduce travel time because the study found that traffic was Signal or road conditions,
so to effectively reduce the fuel consumption of the problem is so complicated[6].

L. Evans, R. Herman and T. Lam, "Multivariate Analysis of Traffic Factor Related to Fuel
Consumption in Urban Driving," proposed an experiment in the Detroit metropolitan area to study
driving for vehicle fuel consumption influences. Detailed records of the speed of travel, acceleration
and fuel consumption, and multi-variable statistical techniques to analyze the results found that the
average time per unit distance to explain the oil consumption is the most important factor[10].

Liu Xiang-Yu defines the calculation of the five indicators related to the fuel consumption of the
driving behavior (step on the brake index, step on the throttle index, the degree of speed change, the
left and right speed is too fast, the loan speed is slow and the high speed time ratio), and establish an
energy saving information The platform provides a variety of reports to allow users to learn fuel-
efficient knowledge[1].

Tsai-Zong Xian use statistical methods to develop the threshold of braking and acceleration, the
use of two standard deviations as accelerated (step on the throttle), negative two standard deviation as
a brake, as a factor for fuel consumption. As the study of the use of refueling jump and mileage to do
the assessment, there will be some errors, so this study mainly use the computer to get the fuel value
for analysis[3].

Lu-Jing Wen Proposed for fuel consumption between different roads, to find out the indicators of
high fuel consumption between roads, and to establish a model based on the neural network[4].

Huang-Shi Wei use driving road factors to find a high correlation for fuel consumption factors to
do fuel consumption prediction model of the establishment of the use of nerve and complex return to
the construction of fuel consumption forecast model[5].
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3. Research Schemes

The main purpose of this study is to develop some fuel consumption predict model based on the
driving behavior factors; and to explore whether these factors are highly related to fuel consumption.
The research process consists of six stages. First, candidate driving behavior indicators are generated
for analysis purpose. Secondly, driving fuel consumption formula is developed. After that, the data
mining process has been done, in which the training data provide the original DBIs. Only highly fuel
consumption correlated DBIs, developed by Pearson correlation coefficient analysis, can be used in
the final model. Then, the cluster analysis may generate various driver clusters and different route
clusters. Finally, based on neural network model and regression analysis, the final fuel consumption
forecasting model is selected.

Some field experiment results were done in this study to generate hundreds of driving behavior
indicators. Based on data mining approach, the Pearson coefficient correlation analysis is used to filter
highly fuel consumption related DBIs. Only highly correlated DBI will be used in the model. These
DBIs are divided into four classes: speed class, acceleration class, Left/Right/U-turn class and the
other category. We then use K-means cluster analysis to group to the driver class and the route class.
Finally, more than 12 aggregate models(AM) are generated by those highly correlated DBIs, using the
neural network model and regression analysis. Based on Mean Absolute Percentage Error (MAPE) to
evaluate from the developed AMs.

Telematics and OBDII data are used to collect driving behavior(including step-on-the-brakes, step-
on-the-throttle, and steering-wheel-handle) and fuel consumption data. The data from telematics
include GPS data, driving time, speed, 3 dimensional G-sensor data, angular velocity, etc.; and the
data collected via OBDII consist of distance, time, round-per-minute, throttle-opening, and throttle-
nozzle,...etc. This study follows the formula developed by research results from Industrial Technology
Research Institute(ITRI) to do fuel consumption calculation.

In the pilot study, the following five driving behavior indicators are developed to check the

correlation of driving fuel consumption.
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Fig. 3-1 Research Flow

Driving Behavior Indicators
1. SAA/D: Sum of Absolute Values of Acceleration Per Kilometer X | Acceleration(t) |
[Total Distance
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2. CAT/D: Count of the Seconds of High Acceleration Per Kilometer Count ¢ (|
Acceleration(t) | > Threshold ) / Total Distance

3. SADS/D : Sum of Absolute Values of Speed Change Per Kilometer X | Speed (t+1)-
Speed(t) | /Total Distance

4, CDST/D: Countof the Seconds of Speed Change Per Kilometer Count  ( | Speed (t+1)-
Speed(t) | > Threshold ) / Total Distance

5. SRT/D: Sum of Round-Per-Minute * Throttle-oPening Per Kilometer ¢ (rpm(t) * tp(t)) /
Total Distance

Using the data from telematics and the OBDII information, according to the speed grouping and the
establishment of driving behavior derivative variables to carry out fuel consumption analysis, to
explore the sections and the times of the fuel consumption changes and regression analysis using a
variety of fuel consumption estimation formula and the establishment of phase corresponding analysis
model, so that users can move by their own driving to estimate traffic fuel consumption.

Through a large number of driving data collection, this study generated a fuel consumption predict
model based on driving behavior data. More than one hundred driving behavior indicators are
generated in the pilot study and through the Pearson correlation coefficient analysis, only the highly
fuel consumption correlated DBIs will be filtered out. These DBIs are divided into four classes: speed
class, acceleration class, Left/Right/U-turn class and the other category. The cluster analysis, then apply
K-means method to group various classes of driver clusters and route clusters. Finally, in order to
select the excellent effect model to forecast the fuel consumption through the driving behaviors, a
large number of aggregate models are generated. Applying data mining approach, the study found out
the best fuel consumption predict model by calculating Mean Absolute Percentage Error (MAPE).
The approach selects both the neural network method and regression analysis method for these
machine learning tools.

Applying data mining method to find the fuel consumption correlated models, the data is divided
into training data and testing data. The training data is used to build fuel consumption forecast model,
and the training data is used to find out the best fuel consumption prediction model by calculating
MAPE values from these training data.

4. Analysis of Variance Between Driving Behavior and Fuel Consumption

In this study more than one hundred driving behavior indicators are first generated. Through the
Pearson correlation coefficient analysis, only 13 highly fuel consumption correlated DBIs are
remained. These 13 DBIs are divided into four classes: speed class, acceleration class, Left/Right/U-
turn class and the other category. The cluster analysis, then apply K-means method to group into
various driver clusters and route clusters. Finally, in order to forecast the fuel consumption through
the driving behaviors, a large number of aggregate models(AM) are generated. The study developed
some fuel consumption predict model and by calculating Mean Absolute Percentage Error (MAPE) to
find the best. The approach selects both the neural network method and regression analysis method.

4.1 Experiments
When design experiments, for different sections and different driving experiments and analysis,
designed the following experiment. There are more lane and traffic lights on the campus around the
road and there are more traffic areas of the main road; at the same time, participate in the driving test
must be completed on the five roads at least once the driving record. At the end of the experiment,
suburban road line 1 completed 12 experiments, suburban road line 2 completed 18 experiments,
suburban road line 3 to complete 12 experiments, the campus road around the completion of 33
experiments, and the main road completed 9 times experiment.

In each experiment, vehicles’ types are fixed, and in different routes, several times of driving data
are collected, one may find in Fig. 4-1, even fix vehicle factors and route factors, the driving fuel



ICAESEE 2017 IOP Publishing
IOP Conf. Series: Earth and Environmental Science 113 (2018) 012217 doi:10.1088/1755-1315/113/1/012217

consumption are variant. Different driving behavior will cause the variant distribution of fuel
consumption. In the same route, the maximum difference of fuel consumption can be more than
double.
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Fig. 4-1 Fuel Consumption/Distance vs. Fuel Consumption

4.2 Correlation Coefficient Analysis

Based on the analysis of the relationships between fuel consumption and the driving behavior indicators
selected by the previous section and the Pearson correlation coefficient of the unit fuel consumption is
used to filter the original driving behavior indicators, which are more than 87 indicators.

After the correlation analysis, it can be seen that the DBIs of the acceleration and the speed are the
most before and after the index, and the index of the turning is less. Therefore, it can be seen that the
speed and the acceleration are obviously related to the unit fuel consumption high.

In the speed class: low speed, average speed, speed average speed for the highly relevant, and
variations of speed for the high degree of correlation;

In the acceleration class: more than threshold, jerk, total acceleration, accelerator more than
threshold for very high correlation ; In the turning class only vector acceleration to achieve a high
degree of correlation, the other are only common relevance.

Table 4-1 Fuel Consumption and Driving Behavior(DB) Correlation Coefficient Analysis
(A= Acceleration Class, S=Speed Class, T=Turning Class)

ID DB Indicator Class | R?

01 Count Amount of Accelerator more than threshold A 10.89
02 Sum of Absolute Value of Acceleration Change Rate A ]0.88
03 Sum of Absolute Value of Acceleration A 10.88
04 Count Amount of Braking more than threshold A [0.83
05 Sum of Low Speed Values S 10.89
06 Mean Speed Values S 1082
07 Sum of Driving Average Speed Values S 1084
08 Sum of Variations of Speed S null
09 Sum of High Speed Values S 1075
10 Sum of Vector Acceleration T |0.84
11 Sum of Curvature T |0.68
12 Sum of Count Amount of Sharp Turn T |0.58
13 | Sum of Absolute Value of Horizontal Acceleration Change Rate | T | 0.53

4.3 Forecasting Fuel Consumption Based on Driving Behavior by Neural Network Analysis

The fuel consumption index found in the previous section is divided into the speed-related fuel
consumption index, the acceleration-related fuel consumption index, the turning fuel consumption
index, the variance analysis road type fuel consumption index, the variance analysis total fuel
consumption index and the whole fuel consumption index , These six categories of indicators were
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placed into the class of neural network model to predict fuel consumption, to compare the six types of
indicators of fuel consumption differences.

The comparison method uses the mean absolute percentage error (MAPE) and the mean square error
root (MSE) to compare the degree of deviation between the complex and the neural network in the
actual value and the predicted value. The smaller the value, the higher the accuracy of the model
prediction, the closer the MAPE is to 0, the better the estimation effect. The predictive performance
formula, when the MAPE value is less than 10% on behalf of its ability to predict high accuracy, 10 to
20% is good, 20 to 50% is reasonable, and more than 50% is not correct.

MAPE =liuxloo
N X

MAPE = Mean Absolute Percentage Error

This study is to use this kind of neural network model to construct the oil prediction model, and the
indexes are regarded as the independent variables, and the unit fuel consumption is the variable. All
the experimental data are divided into training data, Number of posts: 27 pen, the use of the hidden
layer of the neural network as a layer (as shown below), and the final output for the predicted unit fuel
consumption.

In the fuel consumption forecast model for rate is very large, which maybe affected by the road,
and some of the error rate is also large, maybe the reason for driving alone, so in this section will be
driving and road as a category of information into the fuel consumption forecast model to predict fuel
consumption model.

Speed Factor Model takes the Driving Average Speed, Average Speed, Low Speed and High Speed
(Speed Class) as input, Acceleration Factor Model for Total Acceleration, Accelerator more than
threshold and braking more than threshold (Acceleration Class) as input; The First Class Factor Model
takes Enter Speed and Low Speed, Total Acceleration, and Vector Acceleration as input. The Second
Class Factor Model is the input of Driving Average Speed, High Speed, Braking more than Threshold,
Step throttle more than threshold with Jerk as input; All Factors Model for the First Class Factor
Model and Second Class Factor Model as input, the best results, the error rate for the above six inputs
for the lowest, as shown below.

Table 4-2 Neural Network Model
(C= whether Category or not)

Model ID Model Name Category | MAPE
N12 All DBI Factor Model C 4.69
NO08 Acceleration Factor Model C 5.15
N11 Second Class Factor Model C 5.18
N13 | All Factors(Group Category) Model C 5.24
N10 First Class Factor Model C 5.25
NO6 All DBI Factor Model NC 5.54
NO5 Second Class Factor Model NC 5.57
NO4 First Class Factor Model NC 5.96
NO2 Acceleration Factor Model NC 6.85
NO7 Speed Factor Model C 7.18
NO9 Turning Factor Model C 8.3
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NO1 Speed Factor Model NC 10.84
NO3 Turning Factor Model NC 14.55

Desired Output and Actual Network Output
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Fig. 4-2 Actual Results and Predict Results based on Neural Network Model-All Factors(MAPE :
4.69%)

5. Conclusion
To get the best forecast unit fuel consumption, one may use the fuel consumption factor plus the
category model, and if you want to expand to other roads and other driving should use the "fuel
consumption factor plus classification group™ will come to use only fuel consumption factor to predict
the model Okay The fuel consumption model is chosen to have a significant influence on the driving
and the factors that have significant influence on the road are used to predict the fuel consumption
model.

In the absence of categorical data, the best model of the neural network is used as input for all fuel
consumption relationships, while the complex regression analysis is a high factor in the choice of fuel
consumption factors with significant effects on driving and roads.
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