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Abstract

Lane change (LC) is a maneuver that allows drivers to enter into a lane that suits their
requirements and comfort. The LC process requires the driver to assess its neighborhood
traffic in its original and target lanes before undertaking the maneuver. Other vehicles in the
neighborhood also need to adjust for safe lane change. The LC trajectory is determined by the
accuracy of these subjective assessments as well as the state of traffic. An erroneous
assessment by LC vehicle or neighboring vehicles or an incorrect maneuver can cause
collision. The collision can be prevented if the LC trajectory can be predicted and the
feasibility of LC can be communicated to different vehicles involved in this process. . In the
present paper, neural network is used for long term forecast of the lane change trajectory and
for short term near future positions of the LC vehicle. The neural network is trained using
past LC trajectories of different vehicles. The trained network is then used for long and short
term forecast of the vehicle’s positions during LC. Simulation results with actual filed data
observed data indicates that neural network is able to learn LC maneuvers and is able to
perform short term prediction with sufficient accuracy.

Keywords: Lane Change Process, Neural Network, Driver Behavior, Lane Change Trajectory,
Traffic Simulation.
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1. Introduction

Due to the advances in technology, automobiles are available at cheaper prices leading to
increase in the rate of traffic at a much greater pace as compared to the addition of road
capacity of the highways [1]. Essential maneuvers like lane change, merging and braking etc
in high density scenario cause traffic non equilibrium may also cause accidents, congestion
etc. To obviate such conditions, forewarning of such conditions is required. Forewarning
systems must be able to predict the onset for such traffic situations or suggest remedial action
once the situation has precipitated due to an essential maneuver. Lane change is an essential
action by a vehicle which perturbs the traffic and may cause collisions between vehicles.
Prediction of the feasibility of a safe lane change and the possibility of collision during lane
change is desired for smooth flow of traffic and collision avoidance [2]. Neural network
based modeling has attracted increasing attention they are able to learn the traffic conditions
and driver behavior at the time of lane change more precisely and realistically than other
existing methods [3]. However, the accuracy and validity depends mainly on the drivers’
behavior during lane change. Majority of the accidents on highways take place during lane
change maneuvers which obstruct the traffic flood and create an overload in addition to loss
of precious human life [4], [5]. The advances in technology have made it possible to simulate
the complex models of highway traffic and give the warning for safe driving on the highways
during the lane changing and overtaking. But some of these models are still inadequate in
replicating the real time traffic problem on the highways. These points gives us to the
surveillance of the highways traffic and provide the solution for systems that predict the lane
change, overtaking, collision avoidance and congestion problems on the highways. We will
simulate a neural network based system which dynamically predicts the occurrence of
collision and warns the vehicles which are involved in lane change process, so that they can
take proper measures such as adjusting their velocities, accelerations by braking or minimum
safety distance are taken care of or aborting the lane change, temporarily to avoid the
collision and accidents on the highways. Generally in any simulation, traffic models namely
car-following and lane changing models are considered to be the part to estimate vehicular
movements. Car-following model estimates acceleration and deceleration and positioning of
vehicles [6]. Whereas lane change model evaluates lane change decisions on multilane roads
based on individual driver goals and purpose. Vehicles often must change lanes, for example,
to make a right turn at the next intersection, speed up to pass slower vehicle, slow down to let
a faster vehicle pass or to obey transport rules such as lane restriction, priority lanes etc. The
vehicular movements cannot be represented accurately in microscopic simulation, if a lane
change model is not considered. Lane change models mainly estimates driver lane change
decisions, which are usually involved with approximations because of human element. Many
lane change models do not considered these approximations and human decisions
appropriately in several situations, but assume that drivers estimate current situation and
evaluate lane change decisions accurately, which is not the case in reality [7], [8]. In this
paper, neural network based modeling has been used to take into account the uncertainties in
driver perception in lane change decisions. Several approaches are recently become popular
in attempting to overcome these problems include those based on artificial intelligence. In the
present paper, our main focus is given to simulate the neural network based modeling of lane

5 www.macrothink.org/npa



ISSN 1943-3581

\ MacrOthi“k Network Protocols and Algorithms
A Institute ™ 2012, Vol. 4, No. 1

change process and driver behavior or predict the future of lane change trajectories up to
certain interval. Neural network based modeling is not appropriate for expressways only, but
also suitable for urban congested traffic conditions. Other appropriate and possible lane
change purposes are considered for describe the driver’s behavior in urban congested traffic
conditions. The comparison of estimated lane change behavior and observed lane change
behavior will be confirmed the validity and feasibility of proposed neural network based lane
change process and results of the simulation demonstrated the effectiveness of neural network
based solutions in lane change process under the lane policy.

The rest of paper is organized as given. Section 2 explains about the related work for
safety of lane change through predictions of LC trajectories. Section 3 describes the problem
studied in the work. Section 4 discusses lane change phenomenon, briefly discussion on lane
change processes and driver’s behavior during lane change. Section 5 explains the neural
network modeling for lane change maneuver. Section 6 gives the simulation and results based
on neural networks for lane changing vehicles during the lane change with input, output
variables and associated functions. This section also compares results of the proposed lane
change behavior to observed lane change behavior on the highways for validation purpose
and assesses the impact of neural network based solutions in the lane change process
according to lane policy. Section 7 presents the conclusion of the work.

2. Related Work

Prediction of vehicular motion and driving behaviors has been given considerable
attention in the development of vehicle active safety system. A vehicle active safety system
must give meaningful and trust worthy information to enhance the safety of the transportation
system. Therefore, it is important to integrate driving behavior models and trajectory
prediction techniques into system designs to decrease driver’s burden and enhance driving
safety. Gap acceptance theory [9] has been used for the representation of the driver’s behavior
and prediction of safe trajectories of LC vehicles before the initiation of the lane change
process. In [10], authors propose minimizing overall braking induced by lane change to
derive lane change rules. Hidden markov models (HMM) have been employed in [11] to
recognize the lane change state and trajectory of the vehicles. In this work, different features
have been identified to classify lane keeping and lane changing behaviors. SVM and model
tracking have been used in [12] to increase the performance of lane change classifiers for
forecasting of the vehicular trajectory. In [13], sensors have been deployed for sensing the
latitudinal position and head motion to infer lane change intent. This study shows the
possibility of predicting lane change trajectories and possible collisions before lane change
maneuvers are initiated using sensors onboard and inside the vehicle. This method is able
recognize the stages of lane change process, as well as provide the information about the start
and end of lane change maneuver. However, the method is not able perform long term
prediction of lane change trajectories. In [14], authors develop an HMM with a set of
dynamic models to recognize vehicle motion, driver behavior and predict drivers’ subsequent
actions. Cognitive architectures have been proposed in [15] to analyze the relationship
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between the perceived visual factors and steering angle of lane change behavior for trajectory
prediction. A piecewise polynomial model has been used to represent different stages of lane
change maneuver with varying regression models and analyze lane changing behavior of
different drivers and LC vehicles [16]. However, the coefficients vary with change in drivers
and the LC scenarios that are difficult to determine beforehand. A stochastic switched
autoregressive exogenous model for modeling and recognition of lane change maneuver of
different LC vehicles and prediction of LC trajectory has been proposed in [17]. In [18], the
driver steering action is modeled based on the target headway error for double lane change.
However, the preview destination points and vehicle current heading angle are needed to
compute the destination headway error and forecast the safe trajectories. In driver assistance
systems, dynamic model can be used to plan safe and feasible lane change trajectories more
efficiently as compared to other models [19]. In [20], different models have been proposed
for generating ideal lane change trajectory prediction. In [21], the lane change trajectory has
been modeled as a sinusoidal function. This model has extensively used [21]. In [22],
sinusoidal and trapezoidal functions are used to describe lane change maneuvers for
analyzing lane change crashes. However, fitting the restrictions of lane change behavior by
adjusting model parameters is difficult and makes the technique infeasible for prediction of
trajectories. In [23], the lane change trajectory has been generated using a fifth order
polynomial. However, the method is able to generate a smooth lane change path only when
the initial and final vehicle states are fixed. Therefore, it does not correspond to actual lane
change trajectories and the method cannot be used for predicting impending collisions on the
road. In [24], authors propose a set of dynamic conditions of safe and unsafe lane change
trajectories between related vehicles during lane change maneuvers. The lane change
trajectory is generated according to a sinusoidal function. Different longitudinal acceleration
models have been examined in [25] to determine safe and unsafe regions, as well as the
minimum longitudinal safe spacing between vehicles and surrounding vehicles for lane
change scenarios. In [26], according to relative longitudinal distance and speed, four states
have been used to efficiently label the severity level of lane change behavior. In [27],
different vehicle sensors have been used to detect the driving environment and assess the
safety of lane change maneuvers based on a Bayesian network. In [28], Monte Carlo
sampling is applied to compute the collision probability and forecast the safe vehicular
trajectories during lane changing. The method can simulate possible lane changing traffic
behaviors and assess safe regions with collision probability. However, because of the
countless options and improper prior distribution of the input parameters, the collision
probability results sometimes considerably deviate from the appropriate forecast values.
Therefore, the efficient generation of different types of trajectories and time to collision and
minimum gaps by this model will be highly useful for predicting potential collisions in
transportation systems. The work in [29] focuses on modeling lane change behavior as a
dynamic model for safe and feasible lane change trajectories between LC vehicle and other
participating LC vehicles. This model clearly describing different driving behaviors and but
cannot efficiently forecasting the lane change trajectories and predict the impending
collisions on the road. Moreover, the lane change dynamic model is not used to
autonomously and smoothly control a vehicle as it changes lanes. This lane change model
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also reflects the driver control strategy of adjusting longitudinal and latitudinal acceleration,
compute the time to collision and minimum acceptable gaps for every lane change trajectory
to identify the safe lane change trajectories and ensure the transportation safety to some
extents.

3. Problem Description

The lane changing maneuver is one of the critical actions that a driver performs while
travelling on a highway. Drivers perform some action and reaction during driving on the
highways according to his destination or time dependent events. This reaction is perceived by
the following vehicle and this continues. The perception-reaction time constitute the
propagation delay. In critical cases, propagation delay may not leave sufficient maneuvering
time to avoid collisions if inter-vehicles spacing is not adequate. Errors in the lane changing
decision-making process, typically caused by driver failure to accurately and timely interpret
information about other vehicles in close proximity, have often resulted in serious accidents.
In order to eliminate such errors, or at least minimize their impact, and increase the level of
safety, the vehicles of the future would have to incorporate intelligent solution that will allow
them to accurately consider all aspects of a lane-changing maneuver. For this, a number of
real-time parameters need to be considered and estimated; First, acquiring parameters like
velocity, acceleration, deceleration and position of neighboring vehicles; second, determining
the start of lane change maneuver; and third, estimating optimal and safe trajectories, and
minimum safety distance between the vehicles. Neural network solution promise to provision
functionalities like vehicular safety and traffic stability on the highways through lane change
trajectory prediction. Vehicles and drivers share this information with each other for collision
prevention and safe driving on the road.

4. Lane Change Phenomenon
4.1 Responsible and Safe Lane Changing

Vehicles need to changing lanes on highways with more than one lane in the same
direction. \Vehicles also want to change lanes to overtake another vehicle, simple lane
changing for fast movement, to avoid parked vehicles in the lane or when the vehicle ahead
slows/fast to turn at an intersection of the lanes. Vehicles provide always proper information
before changing lanes and ensure the movement can be made safely. Vehicles cannot change
lanes suddenly by cutting in front of another vehicle on the road. The other vehicles will not
be expecting your maneuver or behavior on the road. Vehicles always avoid changing lanes
unless required. Vehicles cannot change lanes in or near an intersection of the lanes. Spending
a few seconds behind another vehicle is often safer than going around it.

4.2 Steps for Lane Changing

e Check for a space in lanes where you can move safely.
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Give information intelligently in the direction you want to move or lane change on the
highways.

e Ensure the way is clear and that no one is coming at a fast speed from behind.
Maintained safety distance from other vehicles.

e Turn steadily into the new lane.

4.3 Lane Change Process

The Neural network based model predicts the occurrence of collision during the lane
change on the highways. Vehicles consider the characteristic variables during lane change
such as the relative velocity of the vehicles , time taken by the vehicle to make the lane
change on the highways, minimum safety distance, acceleration or deceleration of the both
the vehicles, etc. Considering the above parameters, derive set of equations for the calculation
of the lane change criteria and taken into consideration to predict the safe lane changing on
the highways. Based on the above rules estimate whether a successful lane change will occur,
collision will take place or an undesired lane change will occur. Before collision vehicle will
provide warning alarm of danger state to the other vehicles that change the lane on the
highways. Now based on the above set of possibilities calculate the mean square error and
cross validation of mean square error of the occurrence of each of the possibilities like
collision, near collision, absolute safe and safe condition on the road during lane changing.
These calculations are used to train, test and production of the real data of vehicles those
involved in the lane change process to predict the occurrence of the above scenarios. For
development of proper lane change systems on the highways, it is necessary to know the
dynamic conditions of the systems that characterize the accidents during a lane change. For
simplicity, consider only three vehicles each in a different lane on the highways. Study the
different ways in which the lane changing can take place and the necessary safety steps or
conditions to be followed. Sub divides these conditions based on their velocities, acceleration
and deceleration. This phenomenon can be extend the principles used in calculating of safe
minimum distance and the estimation of lane change to multiple vehicles and multiple lane
changes on the highways. The same analysis can be extended for anomalous lane changes
(lane change on curves) on the highways. Considering other factors such as acceleration of
the vehicles, friction of the highways road, friction provided by the tires of the vehicles and
so on we can predict more accurately the occurrence of collision and analyzed the lane
change process more accurately using neural network modeling. Use of actual lane change
data for modeling the system will aid us in generating a more appropriate model for
estimating the process of lane change on the highways for collision prevention. We also
consider the reaction time of the drivers or vehicles for the lane changes on the highways.
The minimum safety distance will depend on the reaction time of the drivers or vehicles at
the time of lane changes on the highways [8], [30] and [31].

4.4 Driver Behavior during Lane Change Process

A driver plans his journey from the source to his final destination and estimates the time
needed to reach the final destination. Accordingly, he starts his journey from the source to
reach the final destination as per time assigned [31], [32]. On the highway, the normal driver
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may face different traffic states like congestion, traffic signal and slow ahead vehicles with
his non lane changing attitudes, which may affect his original travel-time estimation. To keep
this estimation, the behavior of the driver may change from normal behavior to aggressive
behavior. He may ignore the safety rules and minimum gap with the preceding vehicle,
change lanes aggressively fast. He may also be prone to driver errors on the highways.
When driver has not keeps the patience during lane changing, so his behavior changes from
his normal behavior to a more aggressive behavior which may progressively aggravate. The
aggressive behavior of the driver is characterized by increased speed, reduced time gap, and
rapid acceleration and deceleration on the highways. This aggressive behavior also increases
driver indiscretion and risk taking nature on the road. The change in behavior coupled with
the lack of the awareness of the global scenario of the traffic state for spatial temporal
anticipation and reduced maneuvering time may result in collision when the front or side
ahead vehicle brakes or during lane changing on the highways. Absolute errors in the
decision-making time typically caused by driver at the time of lane change failure to
accurately and timely interpret information about other vehicles in close proximity, have
often resulted in serious accidents and congestion on the highways [32], [33].

5. Neural Network Modeling
5.1 Lane Change Maneuver

Lane change is a frequent action undertaken by vehicles on the road and usually results
in a definite gain to the vehicle in terms of driving comfort or reduced time to travel. Lane
change can be defined as an intentional and significant shift in the lateral position of a vehicle
from one lane to another (Figure 1). Lane changing vehicles moving on the road form a
travelling path like a-b-c-d-e-f-g as shown in Figure 1. Continual change in lateral positions
within a lane or an unintentional foray into an adjacent lane by a meandering vehicle does not
constitute a lane change. It could be a deliberate voluntary action, a mandatory procedure in a
merging / splitting section of the road or an act forced by a slower leading vehicle or a faster
following vehicle. The process itself is risky and is performed voluntarily only when the gain
offsets the risk. The lane change process can be viewed as a series of multiple distinct phases:
Planning phase, Preparation phase, Crossover phase and the Adjustment phase. Whenever the
driver intending a lane change finds a sufficient gap between vehicles in the target lane, the
planning phase of lane change commences. The planning phase is devoid of any physical
intervention. In this phase, a driver assesses the feasibility of lane change and also estimates
the benefit of a lane change vis-a-vis the risk involved in the process. This assessment is
subjective and depends on the nature of the driver, his assessment of the behavior of drivers
in his target lane, the relative position and speed estimates and its predicted speed and
longitudinal and lateral acceleration / deceleration required for a safe lane change in addition
to the gain to be derived from lane change. If the driver decides to change the lane, the
preparation phase starts. In this phase, the driver continues in his trajectory in the initial lane
but accelerates or decelerates relative to the projected position of the vehicles in the
destination lane just after its entry into the lane. After this adjustment, the vehicle accelerates
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laterally to shift in the chosen destination lane. The crossover phase is characterized by
significant initial acceleration and then a deceleration after the vehicle has crossed over to the
destination lane. This lateral acceleration should be less than the comfortable acceleration
threshold and the lateral speed is greater than zero and less than the maximum permissible
lateral speed. The longitudinal speed is usually assumed to be constant. However, actual lane
change data shows that the speed varies during the crossover phase. Around 80% of the
drivers accelerate / decelerate during the crossover phase. Of this 60% accelerate while others
decelerate to achieve safety in the target lane. This ensures a smooth curvature of the vehicle
trajectory and allows safe braking in the event of lane change abortion. In the last phase, the
vehicle accelerates/decelerates to adjust its speed and to maintain a safe gap in accordance
with the state of its leading vehicle. Thus, the lane change process can be characterized by
variable speeds with constant acceleration and deceleration in both longitudinal and lateral
directions.

I L 9 el
ml d [@]I ml ane 2
i i [.]I Lane 4

Planning Preparation Crossover Adjustment Free Flow

Figure 1. Lane Change Maneuver

5.2 Neural Network Approach

Neural networks are non-linear statistical data modeling tools. They can be used to model
complex relationships between inputs and outputs or to find output patterns in data. Neural
network approach offer a potential alternative to other methods like HMM (Hidden Markov
Model) based techniques for prediction of lane change within road traffic scenarios. This
paper proposes neural network based modeling for lane changing decisions of drivers. Two
approaches are considered. The first, preliminary approach uses a neural network modeling
with a single hidden layer and the back propagation learning algorithm to model lane change
process and predict the trajectory of lane changing vehicles. A series of consecutive time
space traffic patterns, which describe the lane change initiation and changes in the trajectories
over time by the vehicle, are input to the neural network, which then predicts the target lane
and position of the vehicle. Real time data from NGSIM Community have been used for
neural network modeling, training, testing, production and validation. The trained neural
network successfully exhibited the rudiments of lane and speed changes. The second
approach concentrates specifically on lane changing and makes use of a learning
classification type of neural network. Input to the neural network still consists primarily of
time space traffic patterns. The neural network output classifies the input data by determining
the new lane for the vehicle concerned. Performance metrics in above two approaches i. e.
testing, training, production and validation were acceptable for data generated by the rule
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based lane change model of a neural network simulation. Performance in testing was less
satisfactory for data taken directly from the road. This highlighted the need for extensive data
sets for successful training and also emphasized the need for data cleaning and preprocessing
to overcome the inaccuracies of data acquisition [34].

5.3 Neural Network Based Modeling

Neural network based modeling can be used to model and test the time dependent real
data. To model the lane change real data we used a single or two hidden layers MLP model
with 8 inputs. Perhaps the results could have been improved by using more inputs. This
modeling technique will show the test and production process to evaluate the performance of
a neural network trained time dependent real data of the traffic highways. This model
predicting the lane change behavior in advance up to some extent satisfactorily. The inputs
to the model consist of the relative velocity of the vehicles who involved in the lane change
and travel in the passing lane, acceleration / deceleration, safety distance between the
vehicles, and current states of the vehicles in which vehicles are travel (collision, near
collision, absolute safe and safe) on the highways. The output of this model is the prediction
of the next states during the lane change on the highways. We are using the real time data of
the highways which cover the velocity, acceleration / deceleration and safety distance range
throughout the lane change on the highways. We will test the neural networks performance of
the real data. Since, this is a real lane change modeling application, so the true value of this
modeling can only be determined by applying the model to a lane change strategies and
computing the safety profits over several time spans. An algorithm shows the selection of the
number of hidden neurons in the neural network modeling. The optimal construction of back
propagation (BP) ANN is a four step process as described below (Figure 2):

Step 1: Input and Output:

The inputs to the system are the position, velocity and acceleration / deceleration of the

lane change vehicle with future position values as output.
Inputs:

i.  The longitudinal positions of the lane changing vehicle.
ii.  The lateral positions of the lane changing vehicle.
iii.  The velocity of lane changing vehicle.
iv.  The acceleration / deceleration of lane changing vehicle.
v.  The longitudinal positions of the following / preceding vehicle in destination lane.
vi.  The lateral positions of the following / preceding vehicle in destination lane.
vii.  The velocity of following / preceding vehicle in destination lane.
viii. ~ The acceleration / deceleration of following / preceding vehicle in destination lane.

Outputs:

I.  The longitudinal positions change of the lane changing vehicle.
ii.  The lateral positions change of the lane changing vehicle.
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The accuracy of prediction may improve with these inputs and our aim is to study the
practicability of short range and long range trajectory prediction only from the past values of
position and velocity of the trajectory of lane changing vehicle (V) itself and destination
lane following vehicle (F;). No underlying model or statistics of the states or driver
characteristics is considered. The V,. and F; time series can be modeled using AR
representations. The bivariate linear prediction model for V,. and F,; is

Xc(t) = Xitq arq xpc (6 — 1) + XiLq ap xp(t — 1) + e (¢) 1)

Where X, :x.c(1), v .. and X :xp(1), ... are stationary stochastic processes and
e1,(t) is the error. The bivariate time series consider the causal influence of X, and the
stochastic process X, .

Step 2: Neural Network Creation:

The neural network based model creates an interconnection between the processing
elements (PEs) in the form of weighted matrix populated by the time series of the input
parameters. In this recurrent network, some of the connections may be absent, but there are
feedback connections. An input presented to a recurrent network at time t will affect the
networks output for future time steps greater than t. Therefore, a recurrent network needs to
be operated over time.

Step 3: Training and Testing:

The training and testing set is used to test the performance of the network. Once the
network is trained the weights are frozen, the testing set is fed into the network and the
network output is compared with the desired output. The weights are changed based on their
previous value and a correction terms and rules. Once the rule is selected, correction should
be applied to the weights, as per the learning rate. If the learning rate is too small, then
learning takes a long time. If it is set too high, then the adaptation diverges and the weights
are unusable. For the momentum component there are two parameters to be selected: the step
size and the momentum. We determine the best values for these parameters and for optimized
modeling require that the network be trained multiple times in order to produce the lowest
error. This model terminates the training based on mean squared error. The square error
function in the prediction is

SE() =1[ft+ k) — ft+ k)] )

Where SE (k) — Error function, f(t + k) is the forecasted value and f(t + k) is the real
observed value. The training terminates when the mean square error (MSE) drops below the
specified Threshold. Cross validation monitors the error on an independent set of data and
stops training when this error begins to increase. We use the threshold value for this model is
0.0001.

Step 4: Production and Errors:
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The most important factors for the evaluation of a neural network is the production and
the testing error. Production involves predicting the value of a variable from a series of
observations of input variables up to certain time. The observations {o(T),.....o[t —
N—TIravailable at discrete and predefined time interval z } constitute a window. This
observation window is used for prediction. A window size that is too small will not allow the
model to properly represent the system dynamics, and will therefore lead to a poor
generalization performance. Conversely, if the window is too large then the computational
complexity of the network is unnecessarily increased. Moreover the network may also learn
to represent both the signal and noise in the data which will again lead to poor generalization.
The production aim is to predict the value 6,(T + L) , where L is the lead-time and is an
integral multiple of [0 Here, a sliding window consisting of 30 observations have been
taken for prediction of 10 future position values. More formally the production objective is to
obtain a prediction function o, (T + L) which minimizes the mean square of the deviations
0,(T + L) —o(T + L) foreachlead time L . Training error must be extremely low. If the
training error is low 0.0001, the production of the desired output efficiently approaches to the
realistic values. Testing error actually evaluates the neural network performance and the
better production of the real data.

Algorithm for selection of the number of hidden neurons:

Step 1: Select a small number of hidden neurons in layer.

Step 2: Train the neural network and evaluate the performance
of neural network.

Step 3: Check the acceptable momentum value of neural network.

Step 4: If acceptable momentum value will not achieved then again
train the neural network and evaluate the performance of neural
network.

Step 5: If acceptable momentum value will achieved then check
the acceptable mean square error value of neural network.

Step 6: 1f acceptable mean square error value will not achieved
then again select a small number of hidden neurons in the layer.

Step 7: I1f acceptable mean square error value will achieved then
the process of selection of small number of hidden neurons in
the layer will stop.
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Figure 2. Neural Network with Two Hidden Layers
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6. Simulation and Results

Next Generation Simulation (NGSIM) data provide a unique opportunity to investigate
driver behavior, better understand traffic dynamics and improved lane change models. The
NGSIM freeway database consists of vehicle trajectories on two test sites. The 1-80 (BHL)
test section is a 0.40 mile (0.64 km) 6-lane freeway weaving section with an HOV lane.
Processed data include 45 minutes of vehicle trajectories in transition (4:00-4:15 pm) and
congestion (5:00-5:30 pm). The US101 site is a 0.3 mile (0.5 km) weaving section with five
lanes. Processed data include 45 minutes of vehicle trajectories in transition (7:50-8:05 am)
and congestion (8:05-8:35 am). The data have been extracted from video recordings using
machine vision algorithms. The work is part of an ongoing experimental study on empirical
understanding of traffic dynamics and formulation of improved models for the traffic
highways [35], [36]. The methods here is generic and can be used for prediction analysis
based on vehicle trajectories estimated from any range sensors as long as the speed
trajectories are reasonably smooth. The NGSIM data format is vehicle 1D, lane and position
at 0.1 sec intervals. We processed the data to produce time distance and time speed format for
each freeway lane, and also speed distance formats for each lane. A total of 200 vehicles were
processed. In which we consider 100 vehicles were involved in the lane change. Some of the
vehicles were involved in the multiple lane change but we consider only single lane change.
Available real time data is in raw form. It is processed and smoothed before usage.

Using neural network based modeling, we train a time dependent real traffic data to
classify and predict the lane change process either collision, near collision, absolute safe and
safe states on the road. Cross validation is required for preventing over-training. The Figure 1
shows the learning curves for both the real traffic data training and cross validation of real
traffic data sets. The actual learning curves will vary with each time points and approaches to
zero for the better training of the real traffic data. All training processes the minimum cross
validation error (when cross validation is used) or at the minimum training error (when cross
validation is not used). For better modeling of the real traffic data, the network must be
trained multiple times. N times training procedure provides the statistical validity of a model.
This can be seen by the results that the standard deviation decreases as the final epoch is
approached.

We consider 180 time point from the real time traffic data. The velocity of lane change
vehicle, velocity of passing lane vehicle, average acceleration / deceleration and safety
distance will serve as inputs to the neural network modeling and state (collision, near
collision, absolute safe and safe states) will serve as the outputs of the neural network
modeling. The data has been pre-sampled such that the first 60 time points contain the data of
vehicle and vehicle velocity varies from 8 m / s to 30 m / s for the training, the next 60 time
points contain the data of vehicle and vehicle velocity varies from 8 m /s to 30 m / s for the
testing, and last 60 time points contain the data of vehicle and vehicle velocity varies from 8
m /s to 30 m / s for the production of the lane change trajectory of the vehicle. In our
problem, the back propagation neural network with single hidden layers is selected. A single
hidden layer MLP has been pre-trained on this data and the neural network modeling results
are shown in the Figure 4 and Figure 5. Figure 4 and Figure 5 shows the actual trajectory
verses predicted trajectory of vehicle in safe vehicle condition in the longitudinal direction as
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well as in the lateral direction
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Figure 3. Learning Curve of Mean Square Error v/s Cross Validation of Mean Square Error
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7. Conclusion

A Sensor system on a car can continually observe and measure a multitude of parameters
like coordinates of cars, their velocities, accelerations, inter vehicle distance etc. These
parameters can be used to predict the future positions of a vehicle during lane change. The
lane change trajectory is also affected by the nature of the driver and their assessment of the
traffic state of the neighborhood. These subjective inputs significantly affect the lane change
trajectory and also render modeling techniques inaccurate. A neural network is able to imbibe
the subjective influence on the LC trajectories and predict both the short and long term future
positions of the vehicle with sufficient accuracy. Forecast of the future trajectory can be used
to forewarn a vehicle to undertake the lane change or abort it depending on the amount of the
risk of collision. Short term prediction can be used by the vehicle to adjust to some
unexpected change in the neighborhood traffic.
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