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In this paper, two newly developed driver models are presented.  They are applied to the evaluation of two driver 
assistance systems.  First, a longitudinal driver model is developed based on measured driving data, which is 
subsequently used to evaluate the impact of Adaptive Cruise Control (ACC) vehicles on traffic flow.  A lateral 
driver model based on the model predictive control principle is then presented.  This model is applied to the 
evaluation of the effect of a Vehicle Stability Control (VSC) system on possible vehicle roll-prevention.   
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1. INTRODUCTION 
 Many driver assistance systems were proposed 
over the last decade to enhance the comfort, safety 
and efficiency of ground vehicles.  Examples include 
adaptive cruise control (ACC), vehicle stability 
control (VSC) systems, electric power-assist steering 
(EPAS), anti-rollover control (ARC), four wheel 
steering (4WS), etc.  Some of these driver assistance 
systems were designed to relief human drivers from 
certain (lower-level) driving tasks, and others were 
designed to work collaboratively with human drivers.  
As oppose to fully automated designs, for driver 
assistance systems, the human driver retains ultimate 
authority and thus the responsibility of safe driving.   
 Since driver assistance systems (DAS) always 
work with a human driver co-existing, the overall 
vehicle performance will depend on, not how well 
the DAS works by itself, but rather its interaction 
with the human driver.  The evaluation of DAS, 
therefore, needs to be conducted with human (driver) 
in the loop.  Up to recently, this mostly means testing 
on prototype or experimental vehicles, or high-
fidelity driving simulators, which are all costly and 
time-consuming.  The alternative, which relies on 
computer-simulation based product development 
implies the need for an accurate human driver model.  
This requirement is non-trivial because of the time-
varying and uncertain nature of human drivers.  
Furthermore, human decisions are complex and 
involve pre-cognitive, planning-strategic as well as 
servo-regulation actions, and the switching among 
different goals, as well as sensory cues.  In addition, 
for certain driving tasks, human drivers employee 
preview-predictive strategies which are usually 
difficult to implement.  Finally, human perception 
and decision process were sometimes based on fusion 
of complex visual and motion feedbacks that are 
difficult to understand and reproduce in mathematical 
models.   

 When we focus on the specific goal of evaluating 
DAS with a driver (model) in the loop, for maneuvers 
with short durations, the driver modeling problem 
becomes considerably simpler.  This is due to the fact 
that most of the existing DAS perform clearly-
defined functions such as time headway keeping, 
vehicle side slip angle regulation, etc.  Within short 
time horizons, it is assumed that human drivers 
neither demonstrate significant learning or adaptation, 
nor switching among complex rules.  In other words, 
the planning/strategic part of the driver action is 
assumed to be well defined, and the key issue is on 
the development of the servo-level human driving 
model.   
 The key contribution of this paper is the 
presentation of two newly developed driver models, 
which are applied separately to the evaluation of two 
DAS designs.  First, a longitudinal driver model is 
developed based on real-world driving data, which is 
subsequently used to evaluate the impact of Adaptive 
Cruise Control (ACC) vehicles on traffic flow.  A 
lateral driver model based on the model predictive 
control principle is then presented.  This model is 
applied to evaluate the effect of a Vehicle Stability 
Control (VSC) system on possible vehicle roll-
prevention.   
 
2. EVALUATION OF ACC VEHICLES  
  2.1 Introduction 
      ACC systems are now being actively developed 
and introduced into the consumer market by vehicle 
manufacturers. The primary functional purpose of 
these systems is to maintain a safe distance between 
the ACC-equipped vehicle and its immediately 
preceding vehicle, when one is present. 

     In order to provide comfort and convenience to 
drivers, the ACC vehicles use many of the controls 
associated with conventional cruise control. In 
addition, the driver is usually provided with the 



option to select a desired time gap, which lies 
between maximum and minimum values determined 
by the designer of the ACC system. Using this 
control arrangement, each driver may select a free-
driving speed (the “set speed”) and a headway gap 
parameter, which is used by the system in 
determining the desired range. In this manner, each 
individual driver can obtain operating conditions that 
are favorable to that individual’s driving preferences.  
These systems have been tuned to gain high levels of 
acceptance from the individual consumers. Results 
from initial operational tests [1] indicate that drivers 
generally like the comfort and convenience provided 
by systems that control the time gap between vehicles. 
However, there is concern that the aggregate dynamic 
effects from many such vehicles in a string could 
negatively impact the traffic flow. 

  2.2 Effect of ACC on Traffic Flow 
     As more and more ACC vehicles are put on the 
road, the interaction between human-driven vehicles 
and ACC vehicles, and among different ACC 
vehicles become important issues to be studied. 
String stability, which has significant implication on 
traffic flow and safety, drew a lot of attentions.  In 
order to benchmark ACC performance, it is important 
to develop high fidelity human driver models that not 
only produce microscopic vehicle behaviors that 
closely mimic those of human controlled vehicles, 
but also generates accurate macroscopic traffic 
pattern, especially in terms of traffic flow.   

     The ACC vehicles could impact traffic flow in 
three different ways.  First, its consistent and 
predictable behavior might positively impact the 
traffic flow because they generate fewer disturbances 
to the vehicles following them.  On the other hand, 
because ACC vehicles are usually string unstable and 
human drivers might take over when the range to the 
lead vehicle drops below a certain threshold, 
intermittent and large perturbation to traffic might be 
introduced.  Finally, the constant gaps between ACC 
vehicles might deter lane changes and thus negatively 
impact flow. 

     In the following, we will present the development 
of a human driver model for the evaluation of the 
effect of ACC vehicles on traffic flow.  There are two 
key elements in this driver model.  First, in terms of 
longitudinal vehicle behavior, we must obtain 
accurate free flowing as well as vehicle following 
behavior.  Secondly, accurate lane change behavior 
must be developed.  It is important to note that the 
lane change behavior might be influenced by speed 
control behavior.  In this paper, however, we assume 
that the lane change behavior stays the same, and the 
lane change model was based on lane change data 
from manually-driven vehicles.  

     It is important to point out that the type of models 
needed for the purpose of this research is microscopic 
traffic model.  Traditional macroscopic traffic models 

treat vehicles as homogenous flows that obey simple 
speed-flow relationships.  These macroscopic models 
are imappropriate for the assessment of advanced 
vehicle control systems because accurate prediction 
of the interactions between individual vehicles is 
crucial. 

  2.3 Longitudinal Driving Models 
     Since the early 1950’s, numerous human driving 
models were proposed.  Pipes suggested a linear 
follow-the-leader model [2].  This model assumes 
that the driver aims to accelerate the vehicle in 
proportion to the speed difference between the lead 
vehicle and the following vehicle.  This desired 
acceleration is realized after a neuro-muscular time 
delay.  Chandler [3] identified the parameters 
(sensitivity and delay) of the Pipes model based on 
measured vehicle-following data. Gazis [4] extends 
the Pipes’ model by assuming that the sensitivity of 
the follow-the-leader model is proportional to the mth  
power of velocity over lth  power of range error. 
Newell [5] proposed a different model based on the 
assumption that human driver has a desired speed and 
a natural tendency to converge to this desired speed 
in an exponential fashion. Tyler [6] formulated the 
human driver as a linear optimal controller, and the 
cost function being optimized is a quadratic function 
of range error and range rate error. Later Burnham [7] 
modified Tyler’s model to include human reaction 
time and vehicle nonlinearities.  Gipps [8] proposed a 
switching vehicle speed model based on two 
competing considerations: to keep a safe distance 
from the lead vehicle and to converge to the desired 
free flow speed.  In order to predict vehicle behavior 
under both free and congested traffic with a single 
equation, Bando [9] devised a model named “optimal 
velocity model” which assumes a special basis 
function to describe human behavior. The parameters 
of the model were also identified from highway 
traffic data.   

     Various mathematical representations of human 
action were proposed in the models referred above.  
However, few of them had been validated against 
real vehicle-level (microscopic) data.  Those that 
have been validated were mostly validated against 
few maneuvers generated by a very limited number 
of human drivers.  This is perhaps due to the fact that 
high quality vehicle driving data is hard to obtain in 
large quantity until recently.  In this paper, we will 
investigate many of the driver models discussed 
above.  The driving data used in our study were from 
two databases recently obtained at the University of 
Michigan Transportation Research Institute (UMTRI): 
The SAVME database [10] and the ICC FOT 
database [11].  The identified driver model will then 
be implemented in a microscopic traffic simulator 
(UM ACCSIM) also developed at the University of 
Michigan [12].  The lane change model, which is 
crucial for the operation of the simulator, was 
obtained by fitting the measured FOCAS data [12]. 



   2.4 Gipps Model 
    In a previous paper [13], the details of extracting 
vehicle data from these two databases, and the 
comparison of six driver models were reported.  It 
was found that the Gipps model is able to fit the 
highest percentage of vehicle data accurately.  The 
mathematical form of the Gipps model is: 

( )
2

2 2 1
1 1

( ) ( )
( ) 2.5 1 0.025

( ) min
( )

2 ( ) ( ) ( ) ˆ

n n
n n

no no
n

n
n n n n n n n

V t V t
V t a

V V
V t

V t
b b b x t s x t V t

b

τ
τ

τ τ τ −
− −

  
 + − + 
  + = 
  

+ − ⋅ − − − ⋅ −  
 

     (1) 

where xn(t) and Vn(t) are the position and speed of 
vehicle n. The model parameters are defined in Table 
1. 

Table 1 Parameters of the original Gipps model 

an Maximum acceleration, vehicle n 

bn Maximum deceleration, vehicle n 

b̂  Estimated value of bn-1 

sn Safe distance of vehicle n 

Vno Desired free flow speed, vehicle n  

τ The reaction time 

 
     As oppose to most of the other models that use 
one mathematical equation to describe the driving 
task, the Gipps model assumes that the driving task is 
the balance of two goals. The first half of Eq.(1) 
represents the goal to accelerate to a desired free flow 
speed (Vno). The acceleration rate maxed at an and is 
a function of vehicle speed.  The speed-dependent 
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is shown in 

Figure 1. The second half of Eq.(1) describes the goal 
to keep a safe distance from the preceding car (to be 
discussed in more details later). The smaller of the 
two vehicle speeds calculated from the two goals will 
be realized after a delay τ , indicating that the more 
conservative value will be used. 

 
Figure 1 Speed dependent weighting of the Gipps model 

As suggested by Gipps [8], we constrained the model 
parameters by the following equations: bn = -2.0 an,  

b̂ = min (-3.0,( bn -3.0)/2) and τ  = 2/3 sec. We 
further assume that the safe distance sn = 4m.  We 

treat the model identification problem as a least-
square problem with two free parameters: an and Vno. 
Using the training data from the ICC-FOT database, 
we obtain least-square fit of these two parameters, 
which has the distribution shown in Figure 2.   

 
Figure 2 Gipps model parameter distributions from 

ICCFOT data 

     When the fitted driver parameters were 
implemented in the UM-ACCSIM simulator, it was 
found that the obtained traffic flow is about 40-50% 
higher than observed traffic data (see Figure 3).  In 
Figure 3, the data points were observed traffic flow 
data from four different studies.  The two dashed-
lines are approximate upper and lower bounds of 
these data points.  The higher flow occurs at densities 
higher than the critical point in the fundamental 
diagram, i.e., mostly likely due to a short averaged 
time headway between vehicles.  The low traffic flow 
number before the critical point also indicates the 
problem of low free-flow speed.  There are two 
possible reasons for the mismatch.  First, it is 
possible that the 2-parameter least-square fit is too 
restrictive.  Secondly, it is possible the equations of 
the Gipps model can be improved.  We quickly ruled 
out the first possibility as the sole factor by 
performing a 6-parameter fit.  In the next section, we 
will present an improved Gipps model.  
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Figure 3 Fundamental diagram: Flow rate vs. density, 
Gipps model 

   2.5 Improved Gipps Model 
     We first conduct a steady state analysis to identify 
the source of the flow mismatch.  When traffic 
density is high (to the right of the critical point), the 
vehicle behavior is dominated by the second equation 
of Eq.(1), where the safe speed at steady-state is 
calculated as  
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Solving for Rss gives the steady state time headway 
Tss, which is defined as the ratio between Rss and Vss: 
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Considering the fact Gipps suggested τ to be 2/3 

seconds, and 1n

ss

s
V

−  is usually in the order of 0.1 sec, if 

ˆ
nb b> , the steady state time headway may be less 

than 1 second, which results in a flow rate higher 
than 3600 vehicles/lane/hr. This analysis suggests 
that the original Gipps model tends to over-estimate 
flow when traffic density is high, which needs to be 
corrected. 

     Figure 4 depicts an imagined braking scenario 
based on which an improved “safe speed” equation is 
constructed.  It is hypothesized that the host vehicle 
is always prepared for a possible severe braking by 
the preceding vehicle at a constant level of 
deceleration ( b̂ ). It is assumed that the host vehicle 
driver will take some time to identify the deceleration 
of the lead vehicle and then initiate his/her own 
braking, also at a constant level ( nb ).  The total delay 
is assumed to be τ + θ  where τ is the execution 
(neuro/muscular/vehicle) time delay and θ is the 
observation/decision time delay. In Figure 4, the two 
lines are the speed profiles of the two vehicles.  The 
area under each speed curve is thus the distance 
traveled by the two vehicles. For the host vehicle to 
stop safely, therefore, the initial range between the 
lead vehicle and the host vehicle should be larger 
than the area enclosed by the two speed profiles. 
However, the range and vehicle speed variables are 
given, and thus the only variable the driver can set is 
the future desired speed hV .  If we assume the 
vehicle range is hR , and then solve for a *

hV , which 
satisfies the following equation:  
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     Solving for Vh* and assuming the decision delay θ  
is the same as the execution delay τ , we have 
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which is similar but somewhat different from the 
original Gipps model.  The steady state time headway 
for this new model was found to be 
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Figure 4 Speed profiles of lead & host vehicles under 
severe braking 

     Lower traffic flow is expected from this new 
model, because of the increased steady-state time 
headway.  Since we have decided to depart from the 
original Gipps model, we start with a clean slate for 
all model parameters.  Here, instead of using the 
relations suggested by Gipps, all 6 parameters (all 
those shown in Table 1) were optimized as follows: 
First, parameters related to the “safe speed” 
calculations (bn, τ, 1ns − , b̂ ) minimizing the error 
between the estimated safe speed and the test data 
were identified. Fixing the delay τ found in the 
previous step, an and Vn were then optimized based 
on the “free speed” equation, for the data that falls in 
the free flow region. The modified Gipps model were 
found to have 98% of the cases fitted with high 
correlation (>90%).  The percentage of successfully 
fitted data is similar to that of the original Gipps 
model [13].  The distributions of the identified 
parameters are shown in Figure 5.  It can be seen that 
some of the parameters seem to have Gaussian or 
skewed Gaussian distributions, others have bi-modal 
form.   
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   2.6 Microscopic Simulation Results 
     The flow characteristics of the modified Gipps 
model are presented in Figure 6, which again are 
obtained from the UM-ACCSIM software.  The new 
results fall within the range of macroscopic data 
observed in real traffic.  This figure, even though 
simple, shows something truly exciting since few 
driver models reported in the literature were able to 
closely matched microscopic and macroscopic 
human driving data simultaneously.  Therefore, we 
believe this model can be used to generate the 
background traffic for ACC performance evaluation. 

Figure 6 Flow rate vs. density (modified Gipps model) 
 
2.7 Evaluation of ACC Vehicles 
     In a separate research project [14], we have 
worked on the development of models of ACC 
vehicles.  Experimental data from three commercial 
ACC vehicles were first obtained from freeway 
driving.  A simple 6-region switching ACC vehicle 
model was then developed.  The error between the 
test data and model predicted vehicle speed is in the 
order of 0.15m/sec.  Two ACC models were 
developed, an “average” model and an “aggressive” 
model, which represents the average and the more 
responsive ACC behavior observed during the test.  
Preliminary simulation results indicate that when 
10%-30% of the manually-controlled vehicles are 
replaced by these ACC vehicles, traffic flow is 
progressively reduced.  Closer examination of the 
simulation results suggest that the main reason for 
this change is due to the longer time headway setting 
of ACC vehicles.  The manual controlled vehicles 
identified in the modified Gipps model shows an 
average steady-state time headway of  about 1.2 
second, while the ACC vehicle models we tested use 
the “medium” setting of 1.4 second.  After we match 
the time headway setting, we found that the ACC 
penetration, and the dynamic behavior of ACC 
vehicles have very little effect on the overall traffic 
flow up to the density of 50 vehicles/lane/km (see 
Figure 7).  In other words, if the ACC vehicles have 
continuous time-headway setting, selectable by the 
drivers, the dynamic behavior does not seem to 
influence flow too much.  This conclusion is 
preliminary, and we are working on the improvement 
of our driver models, including lane change model 
under ACC control in our current research. 
  

 
Figure 7 Effect of ACC vehicles on traffic flow rate 

 
3. EVALUATION OF VEHICLE STABILITY 
CONTROL (VSC) SYSTEMS  
 Human-in-loop evaluations play an essential role 
in the design of VSC systems.  Usually, commercial 
VSC systems will go through several types of 
evaluations.   Sometimes predefined human driver 
inputs such as steering and braking profiles (e.g. J-
Turn, Fishhook) are specified.  These “open-loop” 
evaluations are important but do not include human-
VSC interactions.  In the “human-in-loop” (closed-
loop) evaluations, road profiles (e.g. Double Lane 
Change, Moose Test) and initial vehicle conditions 
are specified, and a human (or human model) is used 
to generate steering and braking inputs, which 
interacts with the VSC system.   
      VSC systems were originally designed to 
enhance vehicle handling stability.  Recently, their 
potential to reduce rollover threat has received a lot 
of attention.  This probable application, however, was 
put on hold due to the rollover ranking system 
currently being developed by the US government. 
Starting in Year 2000, a Static-Stability Factor (SSF) 
based ranking system was included in the NHTSA 
New Car Assessment Program (NCAP).  A 
committee was  formed in 2001 by the National 
Academy of Sciences to study the possible 
improvement of ranking system.  One of the 
recommendations made by this committee is that the 
rollover star rating system should not be purely based 
on SSF.  Rather, it should be partially based on 
results from identified dynamic testing procedures.  
Many of the dynamic testing procedures suggested 
by car companies to NHTSA are closed-loop 
maneuvers. 
   When the performance of a VSC system is assessed 
in simulation-based closed-loop dynamic tests, it is 
crucial to develop a driver model that mimics human 
steering and/or braking/throttle motions.   One of the 
most widely referred human steering models is the 
Charles MacAdam preview model [15][16], which 
was verified experimentally to predict average human 
steering motion accurately.  When VSC is evaluated, 
however, it is important to understand its 
performance working with representative (average) 
human drivers, as well as human drivers over a range.   
    Many of the lateral driver models in the literature 
lack the flexibility to characterize different drivers.  
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In this section, a human driver model with the 
flexibility to represent different driver characteristics 
or experience levels will be presented.   
 
  3.1 Proposed Model Structure 
     The main purpose of this study was to develop a 
model that can represent human drivers with different 
characteristics.  Also, human adaptation to changing 
vehicle/road conditions will be incorporated in this 
driver model.   In this paper, we will only present a 
steering model.  We will work on the extension to 
simultaneous steering/speed control in a future 
research.  The proposed driver model is shown in 
Figure 8.  There are three basic elements of this 
driver model: a least-square identifier, a predictor, 
and a model predictive control based optimizer.   
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 Figure 8 Proposed driver steering model  
 
     The basic working principle is as follows: First, a 
linear approximation of the nonlinear vehicle model 
is constructed.  The input/output relationship of the 
nonlinear vehicle model under varying vehicle 
parameters (e.g., speed) and environment conditions 
(e.g., road friction) are identified in real-time.  
Furthermore, the effect of other disturbances, such as 
road gradient and wind gust are lumped into the 
identified model.  The lumped linear model is then 
assumed to be a good approximation of the vehicle 
behavior throughout a short future period of time. 
The vehicle lateral position ‘y’ within the preview 
horizon then is predicted using the identified lumped 
model.  Finally, the human steering action is 
generated by the optimizer, which is based on the 
model predictive control principle.   
     The proposed model structure adopts the adaptive 
plant inversion philosophy.  However, there are a few 
features of the proposed model.  First, the “internal 
model” used by the driver is assumed to be linear, 
and is updated precisely using standard system-
identification technique.  Secondly, the “model 
inversion” is done in a model-predictive control 
(MPC) fashion.  Finally, the cost function used in the 
MPC has a sliding surface form.  The time constant 
and order of the sliding surface can be adjusted to 
reflect different driver personality or skills. 
     Because this model is somewhat similar to the 
MacAdam model, one of the best models in the 
literature, we would like to discuss in more details 
the difference between this new model and the 
MacAdam model.  There are three major differences: 

First, unlike the MacAdam model, derivatives of 
lateral position error are included in the cost function. 
Secondly, the model is identified in real-time.  
Finally, the control (steering) input is not limited to 
be constant within the preview horizon. 
Mathematically, the MacAdam model can be viewed 
as a special case of the proposed model. 
     In the following sub-sections, the system 
identification algorithm and the model predictive 
control module are described.  Since the “Predictor” 
simply uses the identified linear model to calculate 
future vehicle lateral motion, its operation is trivial 
and will not be further explained. 
 

  3.2 System Identification 
     An accurate plant model plays a crucial role in 
generating good control actions.  It was determined 
that a discrete-time model will be beneficial because 
it is easy to implement and can be updated quickly 
and precisely.  The Recursive Auto Regressive with 
eXogenous input (RARX) model will be employed, 
which can be represented in the discrete time transfer 
function form as 
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e(t) is a zero mean white noise, and d is the dead time 
of the system.  Ignoring the noise term, Eq.(7) can be 
re-written as 
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Uncertainties such as measurement noise, external 
disturbances and modeling errors make it impossible 
to avoid errors between the predicted and true vehicle 
outputs.  We apply least squares algorithm to 
calculate the parameter vector θ̂  to minimize the 
sum of the squares of the errors, defined as 
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If we denote the optimal solution, at time step N to be 
ˆ
Nθ , then ˆ

Nθ  can be solved from standard recursive 
least square (RLS) algorithm.  Since the algorithm is 
designed to track time-varying, nonlinear systems, it 
is necessary to implement a forgetting factor to avoid 
deteriorating convergence property.  In this case, the 
cost function to be minimized is modified to be   

 2

1
( ) [ ( ) ]

N
N k T

N
k

V y tθ λ ϕ θ−

=

= −∑       (14) 

The solution of RLS algorithm can be found in 
standard textbooks such as [17], details are thus 
omitted here. 



  3.3 Model Predictive Control based Optimizer 
     The Model Predictive Control (MPC) concept 
assumes that the control action should be determined 
based on the optimization of a cost function over a 
future horizon.  Usually, the MPC problem is solved 
repeatedly, and only the most recent control action 
will be implemented.  Since preview/predictive is 
known to be a crucial element in human driving task, 
especially for steering control, it is possible to apply 
the MPC technique to approximate a human driver 
model.  One of the key challenges (or, from another 
viewpoint, design parameters) is the selection of the 
cost function to be optimized.   
     As shown in Figure 8, the cost function suggested 
is the integral of a “sliding function”: 

  [ ]2
( ) 1( ) ( ) ,    ( )pt t

t err

md
s t y

dt
J t s d tτη η

+
= + =  
 ∫ (15) 

When m=1 and τ =0, the cost function becomes the 
one used by MacAdam.  In the case When m=1 and 

0τ ≠ , the cost function becomes  

   [ ]2( ) pt t

err errt
J t y y dτ η

+
= +∫        (16) 

The term erryτ  can be viewed either as a derivative 
term of vehicle displacement error, or as a penalty on 
vehicle orientation error.  The introduction of a 
penalty on orientation error is consistent with many 
other driver models that use more than one feedback 
cues, such as the STI driver model [18].  Even higher 
order derivative terms can be included by modifying 
the “sliding function”.  For example, yaw rate or 
curvature error terms can be included if erry  is used.   
The higher order cases are not presented in this paper.  
Conceptually those would be simple extension of the 
case to be presented in this paper.  
     When a larger τ is used, it indicates a driver 
(model) that relies more heavily on vehicle yaw angle 
error in his/her steering decision.  In general, this 
reflects a more experienced driver.  In other words, 
by varying τ , we can represent driver behavior over 
a range.   
 
  3.4 Simulation of the Proposed Driver Model 
     In this section, simulation results of the proposed 
driver model under a standard Moose-test maneuver 
are presented.  The simulator used in this study is the 
WCAT (Worst-Case Analysis Tool) software 
developed at the University of Michigan.  Originally, 
WCAT was developed for the worst-case analysis, 
i.e., to identify worst possible steering and braking 
inputs for the evaluation of VSC systems.  In WC 
analysis, the worst-possible driver steering and 
braking inputs are searched over a range, i.e., 
evaluating VSC in the “open-loop” fashion.  WCAT 
is a MATLAB program written with graphical user 
interface and animation (see Figure 9), and had been 
used by TRW Automotive (Livonia, MI) for their 
VSC evaluation. 

 
Figure 9 Animation window of WCAT 

     Recently, we extend the functionality of WCAT to 
“closed-loop” evaluation of VSC.  The road path 
used in this paper is the German Alliance of 
Automotive Industry (VDA) “Moose” Test (see 
Figure 10). The vehicle model simulated is a Jeep 
Cherokee, which is an exported TRUCKSIM module.  
This model has been verified in a previous research 
[19] based on test results from the Vehicle Research 
and Testing Center (VRTC) of NHTSA. 
 

 
Figure 10 German Alliance of Automotive Industry (VDA) 

“Moose” Test (units: meters). 

     Figure 11 shows the simulated vehicle response 
controlled by the proposed driver model compared 
against the MacAdam model.  It can be sesn that the 
two driver models produce lateral displacement 
responses that are almost identical.  The slight 
difference arises from the fact that the identified 
model is not always the same as the linear model 
used by the MacAdam model, as well as the fact the 
proposed model did not constrain the steering angle 
to be identical throughout the preview horizon.  
Otherwise, the two driver models are very similar 
because the cost function used and the preview 
horizon (1 sec) are the same. 
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Figure 11 Comparison of the proposed model (m=1 and 

τ =0) against the MacAdam model (moose test) 
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     Figure 12 shows the results of two other cases of 
different values of τ , i.e., different weights on 
vehicle yaw angle error.  It can be seen that when the 
value of τ  is set at 0.4, the overall tracking error is 
significantly reduced. This could be used to model an 
experienced and focused driver.  When τ  is set at 0.1, 
the overall vehicle response is “delayed” compared 
with the case of τ =0.  It also exhibit noticeable 
overshoot when the vehicle returns to the original 
lane.  Some overshoot was observed in the response 
of many human-controlled vehicles, and thus this 
driver model might be of value when it is desirable to 
evaluate VSC interacting with drivers whose 
behavior is not well damped.   
     Another possible design degree of freedom lies 
within the system identification module.  It is 
possible some of the “non-ideal” driver behavior 
arises from the fact the emergency maneuver is 
somewhat unexpected and the driver was controlling 
the vehicle based on an idealized vehicle model.  We 
can easily model this situation by using a forgetting 
factor close to unity and long memory in the 
simulations.   
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Figure 12 Comparison of the proposed model (m=1) 

against the MacAdam model (moose test) 

 
4. CONCLUSIONS  
     In this paper, two human driver models are 
presented.  The longitudinal driver model is a 
modified Gipps model, and was verified to describe 
the microscopic and macroscopic behavior of human 
controlled vehicles accurately.  The lateral driver 
model is based on the adaptive plant inversion 
concept.  The vehicle model is identified using the 
recursive least square method and the model 
predictive control (MPC) technique is used for the 
plant inversion.  By adjusting the parameters of the 
cost function, the model is able to generate wide 
varying driver behavior, which is crucial for the 
evaluation of active safety systems such as VSC. 
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