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ABSTRACT

In parallel to the economic developments, the importance of road transportation was significantly
increased in Turkey. As a result of this, long-distance freight transportation gains more importance and
hence numbers of the heavy vehicles were significantly increased. Consequently, road surface deformations
are observed on the roads as the increasing freight transportation and climatic conditions influence the
road surface. Therefore, loss of functionality of the road surface is observed and drivers are much prone to
accident due to their driving characteristics as they can have more tendencies to change their lanes not to
pass through the deformation area. In this study, the lane changing behaviors of the drivers were
investigated and both Artificial Neural Network (ANN) and Linear Regression (LR) models were proposed
to simulate the driver behavior of lane changing who approach to a specific road deformation area. The
potential of ANN model for simulating the driver behavior was evaluated with successive comparison of the
model performances with LR model. While there was a slight performance increase for the ANN model with
respect to LR model, it is quite evident that, ANN models can play an important role for predicting the
driver behavior approaching a road surface deformation. It can be said that, approaching speed plays an
important factor on the lane changing behavior of a driver. This can be criticized by the fact that, drivers
with high approaching speeds more likely pass through the deformation to avoid the accidents while
changing their lanes with a high speed.
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1. INTRODUCTION

Prediction of motor vehicle behaviors approaching to a specific surface deformation on a highway
is important for the safety of the transportation as the lane changing may results in traffic
accidents. The road deformations should be considered as a significant hazard to the vehicles
especially driving at high speeds. In this condition many vehicles try to avoid the deformation by
rapid lane changing so this results in losing the control of the vehicle. Hence, head-to-head
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collisions with the vehicles driving on the opposite lane are occurred. The ability to predict the
behavior of a motor vehicle approaching to a deformation with dependent variables, such as
speed, location, driver and vehicle characteristics allow to understand the impact of the
deformations on the traffic accidents.

Artificial Neural Network (ANN) is a tool for modeling the statistical data. It is an effective way
for dealing with the non-linear relations between system inputs and outputs. A neural network can
handle the complex relationships inside the data pattern, generalize the data and come by a
solution with a plausible error. A typical ANN application can be used effectively for recognition,
classification, estimation and optimization in engineering problems with implementing a specific
pattern recognition technique for a statistical dataset. Although, some traditional methods like
regression analysis can be implemented to transportation problems [1]–[2], many studies indicate
that ANN applications offer more accuracy in modeling [3]. Not only the ANN has several
advantages such that there is no need of selecting a regression model to the data but also the ANN
structure generally fits well with the data and shows a reliable performance. There are various
ANN applications in the scope of the transportation engineering such as predicting the traffic
safety, traffic forecasting, and transportation planning and traffic operations.

In the scope of this study, a multi-layer ANN and LR model was implemented to predict the
driving behaviors approaching to road surface deformations. The training of the network was
performed by a back-propagation algorithm with a data set consist of the vehicles type, approach
speed, gender of  drivers and the decision of the driver (changed his/her lane or continued through
the deformation). Thus, the purpose of this study were to identify the most significant dependent
factors that determine the possibility of lane changing approaching to a deformation and  to
evaluate the ANN and LR performance with the traditional regression methods.

Beside many studies, predicting the driver and vehicle characteristics is important for a better
understanding the causes of accidents. Many studies are available in literature with dealing this
topic. [4] implemented an ANN application for predicting the contribution of the environmental
factors, driver characteristics and road conditions to the road accidents. [5] compared the
capability of a neural network (NN) model with multiple discriminant analysis and logistic
regression to predict vessel accidents. [6] proposed an ANN model for prediction of the accidents
(number of accidents, injuries and deaths).The comparison of their ANN model with a nonlinear
one shows the superiority of the ANN model over the nonlinear model. Their study, which
compared the ANN and nonlinear models in terms of various error expressions, showed that the
ANN model had better results against the nonlinear regression models. [7] implemented an ANN
application which inputs the driver characteristics (age, gender, alcohol rate, safety belt usage),
vehicle types and several other factors to predict the severity of the possible accident (light,
medium or heavy with fatality).

2. METHODOLOGY

2.1. Logistic Regression Analysis

Logistic regression analysis (LRA) is a regression technique used for predicting a categorical
target variable that has exactly two categories. Beside the multiple linear regression, it fits a s-
shape curve to data as the predicted value is always between 0 an 1 (See Figure 1).
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Figure 1. Data fitting of the linear model and the logistic regression model.

In the simplest case of the logistic regression, the decision of lane changing of a driver (changed
his/her lane or continued through the deformation) can be described as one dichotomous outcome
variable correlated with several continuous or discrete predictor variables (approach speed,
gender of the driver, vehicle type etc.). As the plot of such data indicates two parallel lines of
categorical outcome variables, fitting of a linear regression model is not applicable since  these
lines are difficult to be described with an ordinary least squares regression equation due to the
dichotomy. However, logistic regression results in a s-shaped model. This model is curved at the
ends and referred as “sigmoidal” or S-shaped model. Logistic regression method applies logit
transformation to the dependent variable as the model predicts the logit of Y from X which is the
natural logarithm of odds of Y. Specifically,   logarithm of the odds of Y corresponds to the ratios
of probabilities happening or not happening of Y. A general logistic model with multiple
dependent variables can be described as following mathematical description.

(1)

Where is the regression coefficient of the independent variables either categorical or
continuous and is the axis intercept of the model. Typically a and bi can be estimated by the
maximum likelihood method, which aims to maximize the likelihood of reproducing the data.
Traffic data can be entered into the model as binary values (0 or 1) and dummy variables (e.g., 0
or 1) for categorical the predictors.

2.2. Artificial Neural Networks

The ANN is basically a mathematical representation of the human brain consist of numerous
neurons connected to each other. Similar to the human brain, an ANN network is able to
recognize the patterns in a data and suit well to the nonlinear characteristics of a system.
Application of the ANN is well common for solution of many of engineering problems by
modeling of nonlinear systems. In addition, the implementation of the ANN’s in civil engineering
problems of the field of transportation is quite common. An ANN consists of several data
processing nodes called neurons. Basically the neurons or nodes are grouped in several layers
called input, output and one or several hidden layers. A three-layer artificial neural network is
shown in Figure 2.
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Figure 2. A typical ANN structure with three layers (Input, hidden and output).

In a typical feed-forward ANN structure, signal is introduced to the input layer neurons and
transmitted to the next layers through the connections between the neurons until the signal
reaches the output layer. Considering a typical 3-layer feed forward network each neuron in a
layer is connected to the next layer neurons and there exist no interconnectivity among the
neurons of same layer. The intensity of the passing signal is modified with the multiplication of
the connection weights while transferring through the network and a network output is obtained
from the neurons of output layer. Basically, neurons can be considered as the basic processing
units of a neural network. In Figure 3, a typical neuron of an ANN is shown.

Figure 3. Detailed view of an ANN neuron.

Each neuron sums the weighted inputs from its connections and passes the sum through a specific
transfer function to yield its signal output. Beside many transfer functions, the S-shaped sigmoid
function is generally used. Hence, output signal is bounded between values of 0 and 1.
Considering the transfer function, the output of a neuron in any layer is described as:

(2)
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Beside many learning algorithms, training of an ANN is often described by altering the weights
of the nodal connections with a training set of input and output data. Particularly, connection
weights are initialized randomly or based on a previous experience. The weights are altered while
introduction of data to minimize the difference between the network output and desired output.
When the network error minimized beyond a specific limit, weights are stabilized and the
network is considered to be trained for further predictions. With the back-propagation algorithm
based on the generalized delta rule [8], the calculated network error is propagated back through
the network and weights are adjusted. After the training process, network performance can be
evaluated with a validation data mostly in the manner of mean square error (MSE) determined
with the equation given below:

(3)

Where Oe is the expected value, Om is the predicted value from the model and n is the size of the
data-set. To achieve optimal learning and avoid overtraining, excessive care should be taken
while modeling. Determination of the numbers of the hidden layer neurons is also considered to
be an important factor influencing the ANN performance as with high neuron numbers, training
will take considerable time and over fitting of the data is quite possible [9].

3. OBSERVATIONS AND DATA ANALYZING

In the scope of the study, the traffic data were obtained for a two-lane road between Erzurum and
Bingöl provinces of Turkey. The geometric characteristics of the deformation on the road surface
are given in Table 1. The reason of selecting this location was the high intensity of the traffic flow
including various types of vehicles. All observations were performed between the 7:00 a.m. and
8:00 a.m. in the morning, 18:00 and 19:00 pm in the evening with the absent of precipitation. A
typical camcorder was used for data recording located at an elevated point with respect to road.
The recordings were used for evaluating the traffic data with direct observation of cam recordings
are shown below:

• Vehicle types,
• Drivers Gender,
• Vehicles speeds (km / h),
• Car behaviors as lane-changed or stayed on lane.

Geometric properties of the road  are given in Table 1 and deformation points on road surface of
the road are shown in Figure 4.

Table 1. Geometrical properties of the road and deformation point.

Width
(Wd)
(m)

Length
(Ld)
(m)

Depth/Height
(Dd/Hd)

(cm)

Road
Width

(Br)
(m)

Def. Position on
Road surface

(Pd)
(m)

Deformation
Type
(Sd)

2 1.5 6.7 9.6 (2-4)
Stripping,

Raveling and
Deflection
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Figure 4. Deformation points on Erzurum-Bingöl road surface.

The lane changing record data consisted of lane changing behavior of 825 vehicle drivers. For the
ANN application the data were divided into two sets as training (n=700) and validation (n=125).
Each data point belonging these sets consists of specific driver characteristics such as
approaching velocity, type of the vehicle, gender of the driver and the lane changing decision of
the vehicle while approaching to a surface deformation. The driver decision of lane changing can
be described in Figure 5.

Figure 5. Driver behavior while approaching to a road deformation.

As the gender characteristics of the data are described are given in Table 2. 29 female drivers
with a percentage of 3.2% among all drivers were observed. The overall percentage of female
drivers among the car drivers was found as 4% since no female drivers recorded for commercial
vehicles. Furthermore, the lower frequency of female drivers could be resulted due to road
characteristics as it is located outside of the urban area.

Table 2. Number of drivers according to driver’s gender and vehicle type.

Gender Car Bus Lorry Minibus Truck

Male 655 31 29 30 53

Female 27 0 0 0 0

Total 682 31 29 30 53

The driving behaviors of male and female drivers were found to be different. In Table 3, lane
changing behaviors with the approach characteristics are shown. Particularly, the numbers of
vehicles belonging to each vehicle group which either changed their lane or pass through the
deflection are summarized with mean approach velocities and corresponding standard deviations.
It was seen that the mean approach velocities of each type of vehicle was higher for the drivers
who remained on their lanes with respect to drivers who changed their lanes.
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Table 3. Number of drivers according to lane changing decisions of each vehicle type

Vehicle Type
Lane Changed Pass Through

Number Mean SD Number Mean SD

Car 432 82.67 8.26 250 87.57 12.21

Bus 4 83.10 4.69 27 78.16 10.14

Tır 1 64.68 NA 28 70.29 9.41

Minibus 23 82.73 7.71 7 82.09 10.57

Truck 4 79.49 12.66 49 73.16 8.31

The ANN and LR models were constructed to predict the lane changing behaviors of a specific
vehicle approaching a pavement deformation. Since, there existed considerably small number of
female drivers and female drives are only recorded for cars, only the male drivers were
considered for both the ANN and LR for the data homogeneity. For both models vehicle type and
approach velocities were used as dependent variables and lane changing decisions were
considered as independent or target variable which was going to be predicted.

In this study, a single hidden layer, feed forward neural network model was used with the back-
propagation learning algorithm as it is sufficient for approximating complex nonlinear functions
[10]. Determination of the optimum hidden layer size for the best performing model is considered
as a difficult task. Despite the fact that, there is no reliable theory for selection, a trial-error
methodology was implemented to select the number of neurons in the hidden layer.  Before the
application of ANN, the approaching velocity data as normalized to fall in range of 0.1 , and 1.0.
In the study 9 ANN models were investigated with different hidden neuron numbers. A
calibration data set (n=698) were introduced to the network consist of vehicle type and
approaching velocity data. After calibration, each ANN model performance was evaluated with
the validation data set (n=100). The neural network module of the commercial MATLAB©

program was used in this study.

The variations of the MSE’s for each ANN model are shown in Figure 6. It was seen that with the
increasing number of hidden neurons, the MSE increases and the prediction performance of the
model decreases down to a certain point. Particularly, ANN with 5 or 6 hidden nodes were found
to be performing well and the differences of the performance with other ANN models are evident.

Figure 6. Mean square error’s of models with different neuron numbers at hidden layer.
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As similar to the ANN model, vehicle type data and approach velocities were introduced to the
LR model to predict the target variable (lane changing behavior of the driver). Despite the
forward entrance of the model variables, all considered variables were included simultaneously as
there were relatively small numbers of variables.  Hence, a single LR model was evaluated. As
the vehicle type was a categorical variable with 5 cases (Car, Bus, Lorry, Minibus and Truck), 4
logical (1 or 0) dummy variables were proposed for the model. Variables considered in the LR
model were shown in Table 4 and five-predictor logistic models were fitted to the data. The
logistic regression analysis was carried out by the Logistic procedure in SPSS© version 20.

Table 4. Variables introduced to the LR model.

Name Dependency Variable Type Conditions
Car Independent Dummy/Logical 1=Yes, 0=No
Bus Dummy/Logical 1=Yes, 0=No
Tır Dummy/Logical 1=Yes, 0=No
Minibus Dummy/Logical 1=Yes, 0=No
Truck Discarded “Yes” if others are 0
Approach Velocity Scale NA
Lane Change
Decision

Dependent/Target Logical 1=Yes, 0=No

The prediction equation of the models was determined as below;

Log (lane changing decision)=3.432(Car)+0.801(Bus)-1.018(Lorry)+3.876(Minibus)-
3.303(Approach Velocity)-1.227

According to the LR model, the log of the odds of changing the lane for a vehicle driver was
negatively related to the approach velocity. Hence, the higher the approach velocity, the less
likely it is that the driver would change his or her lane due to the surface deformation.  As the
vehicle types were considered, it was seen that the car and minibus drivers are more likely change
their lanes with respect to the bus and lorry drivers. While truck drivers were represented by the
null state of all dummy variables, negative constant of the model show that, truck drivers mostly
passed through the deformation.

The performances of the ANN and LR models were evaluated with considering the null model
which is a model without predictors and acts as a base line for performance evaluation. According
to the null model all cases were predicted considering the largest outcome category [11]. In Table
5, results of models considering the validation data are shown.  Particularly, the ANN model
consist of 5 hidden neurons slightly performs better than LR model with successful prediction
performance of 74%. Both the ANN and LR models perform well with respect to Null model
without and predictors.
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Table 5. Model results considering the prediction performances.

Observed
Predicted Overall

PercentageYes No

ANN
Yes 47 3 74%

No 25 25

LR
Yes 48 2 70%

No 28 22

Null
Yes 50 0 50%

No 50 0

4. CONCLUSIONS

In this study, the potential of an ANN model for simulating the drivers behavior was evaluated
with successive comparison of the model performances with the LR and Null models. While there
existed a slight performance increment for the ANN model with respect to the LR model;

i). It is quite evident that, the ANN models can play an important role for providing the
driver behavior approaching to a road surface deformation.
ii). With the investigation of coefficients of the LR model, it could be said that,
approaching velocity plays an important role on the lane changing behavior of a driver.
This can be criticized by the fact that, drivers with high approaching velocities preferred
passing through the deformation to avoid the accidents by changing their lanes with a high
speed. Additionally, it can be though that, the as the deformation can be noticed very late
by the drivers, they are not able to react rapidly to change their lanes.
iii). According to the LR model, the log of the odds of changing the lane for a vehicle
driver was negatively related to the approach velocity. Hence, the higher the approach
velocity, the less likely it is that the driver would change his or her lane due to the surface
deformation.
iv). According to the LR model, the log of the odds of changing the lane for a vehicle
driver was negatively related to the approach velocity. Hence, the higher the approach
velocity, the less likely it is that the driver would change his or her lane due to the surface
deformation,
v). Particularly, the ANN model consist of 5 hidden neurons slightly performs better than
LR model with successful prediction performance of 74%. Both the ANN and LR models
perform well with respect to Null model without and predictors.

In the scope of this study, only recordings for dry weather condition were considered to have
homogeneity in the data. Further studies can be performed considering the wet or snowy weather
conditions to investigate those effects on the behaviors of drivers.

While the gender of a driver can influence the driving characteristics and lane changing behavior,
the, gender of a driver was not considered in this study as there were not enough number of
female drivers for commercial vehicles. While, observations showed the female drivers tend to
drive slower, further studies required to investigate the driving characteristics by considering the
gender.
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It should be noted that, these results depend on only a limited data obtained from Erzurum-Bingöl
road in Turkey. For further research, the numbers of observations and intersections can be
increased.
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