
 
 

 

  

Abstract—A multiple-model framework of Adaptive 
Extended Kalman Filters (EKF) for predicting vehicle position 
with the aid of Global Positioning System (GPS) data is 
proposed to improve existing collision avoidance systems. A 
better prediction model for vehicle positions provides more 
accurate collision warnings in situations that current systems 
can not handle correctly. The Multiple Model Adaptive 
Estimation System (MMAE) algorithm is applied to the 
integration of GPS measurements to improve the efficiency and 
performance. This paper evaluates the multiple-model system in 
different scenarios and compares it to other systems before 
discussing possible improvements by combining it with other 
systems for predicting vehicle location. 

I. INTRODUCTION 

A vehicle avoidance system by using sensors around the 
car is one of many ideas behind collision avoidance systems. 
Engineers have been chipping away at the staggering number 
of facilities for a long time by designing air bags and seat 
belts, stronger frames and special interior design to increase 
the safety of a car. However the only way to save far more 
lives is to keep cars from smashing into each other in the first 
place [8]. Previous research have experimented by placing 
sensors in the front of a vehicle to have the car’s computer 
maintain a safe distance from the car in front; sensors in the 
back to be activated only when in reverse to estimate space 
behind the car; and sensors by the side mirrors to detect 
objects in the blind spots and prevent collisions when lanes 
merge or cars change lanes [8]. 

Another study investigated a method to calculate the 
suggested safe distance to follow a car. It took into account 
safety zones around the car in case of maneuvering to avoid 
a collision. Results showed that the safe distance depended 
on the car and driver’s awareness, and illustrated how hard it 
is to get a good system to work well and not give warnings 
too often [2]. 

 The next step for many of these warning systems is to 
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implement automatic braking capabilities so that they do not 
need to rely on driver’s capabilities. In [7], researchers 
experimented with a dynamic model for brake control using 
a solenoid-valve-controlled hydraulic brake actuator system. 
They came up with a proposed brake control law that can 
provide the collision warning and collision avoidance 
vehicles with an optimized compromise between safety and 
comfort [7]. 

Systems like the ones described above are limited to line 
of sight for the sensors to detect other vehicles. Their 
accuracy is also inconsistent as speed and direction varies. 
The best way to prevent vehicle collisions is to know where 
vehicles are at all times, where they are heading, and where 
they will be in the future. Having this knowledge would 
allow systems to calculate if vehicles’ paths might intersect 
in the near future and warn a driver of a possible collision if 
it were a passive system, or apply the brakes automatically in 
case of an active system.  

These types of complex and dynamic collision avoidance 
systems take into consideration the location of other vehicles 
nearby, even if not in line of sight. Researches like the one at 
the Kansai University of Japan [1] or the one by Miller and 
Huang [6] investigate the option of implementing inter-
vehicle communication to be able to, through some judgment 
algorithm, identify if the trajectory of the vehicles will 
interest and possibly collide using Global Positioning System 
(GPS) data collected from the different vehicles. The 
methods used to estimate the intersection of the paths are 
somewhat simple and do not give accurate results in 
scenarios like curves where the estimated future position of 
the vehicles will not be a straight path (see figures 1 and 2). 

It is clear that to have better collision avoidance systems 
we need a more accurate way to estimate the trajectory of the 
vehicles in all different scenarios. This is where the Kalman 
Filter (KF) comes into play. The KF has a long history of 
accurately predicting future states and has been applied to 
many different fields and this is why it has been chosen for 
this research. 

The contribution of this paper is to investigate the Multiple 
Model Adaptive Estimation (MMAE) algorithm applied to 
the integration of Global Positioning System (GPS) 
measurements. The different implementations of the MMAE 
algorithm that are designed to improve the efficiency and 
performance of the algorithm and improve the performance 
are described. This paper first develops the initial 
implementation of the MMAE algorithm. The algorithm is 
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then tested with real data obtained from GPS log files and 
compared against some simple algorithms, such as the ones 
already being used in the previous studies mentioned earlier. 

 
Fig. 1. “C” crossing 

 
Fig. 2. “S” crossing 

II. METHODOLOGIES 
The conventional Kalman filtering algorithm requires the 

definition of a dynamic and stochastic model. The dynamic 
model describes how the errors that are modeled develop 
over time, whereas the stochastic model describes the noise 
of the new measurements and the stochastic properties of the 
process being modeled. There are several algorithms that 
exist to adapt the stochastic information on-line. These are 
termed adaptive Kalman filtering algorithms due to their 
ability to automatically adapt the filter in real time to 
correspond to the temporal variation of the errors involved. 
One such algorithm is termed Multiple Model Adaptive 
Estimation (MMAE). The MMAE algorithm runs several 
Kalman filters in parallel, each operating using different 
dynamic or stochastic models. The MMAE algorithm is used 
to select either a single ‘best’ Kalman filter solution, or the 
algorithm can be used to combine the output from all the 
Kalman filters in a single solution. The obvious limitation of 
such an approach is the large computational burden imposed 
by running multiple Kalman filters. However, with improved 
processor technology, such an approach can now be 
considered even for real-time applications [13]. 
 

A. The Kalman Filter Model 
The Kalman Filter (KF) is a two-step probabilistic 

estimation process that is very popular in the robotics world 
as a tool to predict the next position of the robot in a linear 
system. Kalman filters are based on linear algebra and the 
hidden Markov model. The underlying dynamical system is 
modeled as a Markov chain built on linear operators 
perturbed by Gaussian noise. The state of the system is 
represented as a vector of real numbers. At each discrete 
time increment, a linear operator is applied to the state to 
generate the new state, with some noise mixed in, and 
optionally some information from the controls on the system 
if they are known. Then, another linear operator mixed with 
more noise generates the visible outputs from the hidden 

state. 
The Kalman filter is a recursive estimator. This means that 

only the estimated state from the previous time step and the 
current measurement are needed to compute the estimate for 
the current state. 
 

B. The Extended Kalman Filter 
The Extended Kalman Filter (EKF) is similar to the KF 

but it can be used in non-linear systems because it linearizes 
the transformations via the Taylor Expansions. In the EKF 
the state transition and observation models need not be linear 
functions of the state but may instead be (differentiable) 
functions. 

 

 
Fig. 3. Extended Kalman Filter 

Notation: 
x  state estimate 
z  measurement data 
A Jacobian of the system model with respect to state 
W  Jacobian of the system model with respect to process noise 
V Jacobian of measurement model with respect to measurement 
noise 
H Jacobian of the measurement model 
Q  process noise covariance 
R  measurement noise covariance 
K  Kalman Gain 
P estimated error covariance 

pσ  prediction noise 

mσ  measurement noise 

 
The EFK is a two step process: correct and predict (see 

figure 3). 

a) Correction (using measurement data) 

• Compute a gain factor (Kalman Gain) that 
minimizes the error covariance. 

• Correct state estimation by adding the product 
of the Kalman gain and the prediction error to 
the prediction. 

Correct Step 
(a) Calculate the Kalman Gain 
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b) Prediction (from the state variables) 
• Predict the next state from the current state 

using the system model.  Assume the model is 
perfect (no process noise) 

• Predict the error covariance of the next state 
prediction. 

• Correct the error covariance estimation using 
the Kalman gain. 

 
For our system the state vector for this system consists of 

four parameters, each one with an x and y component. Even 
though not all four of them are used in the models identified 
in this research such as: constant velocity, constant 
acceleration, constant jerk, all four parameters will be 
present in the models for an easier implementation.  
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 The estimated P is used together with the Jacobian 
matrix H and the measurement noise covariance (R) together 
with the Jacobian matrix V to calculate the Kalman Gain. 
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 Once the Kalman Gain (K) is calculated the system 
brings in the measured data (Z) to correct the predicted 
position and also the covariance error. Since this system can 
only measure location and speed from the GPS the other two 
parameters are set to zero for the system to calculate from 
prior data. 
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 After correction of the previously predicted values the 
system is ready to predict the next position by using the state 

vector equations. The filter also estimates the error 
covariance of the estimated location by using the Jacobian 
matrix A and the Jacobian matrix W together with the 
Process noise covariance (Q) as follows. 
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To obtain an accurate estimation of the vehicle’s position 

three adaptive prediction (AP) algorithms are defined to 
account for the different possible scenarios. The state 
equations will be very different between the different 
models. The following three models account for most, if not 
all, the possible situations a vehicle could be found in. 

 
1) Constant Velocity Model (CVM): 

Equations (11) represent the CVM where acceleration and 
jerk are set to zero and a constant velocity movement is 
assumed. This model will mostly be used during highway 
cruising where the change in velocity is none or minimal. 
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2) Constant Acceleration Model (CAM): 

The state equations (12) for the CAM take into account the 
acceleration component but assume it does not change with 
time. This model will be the most commonly used as any 
time the velocity changes there is an acceleration or de-
acceleration, and since for the most part maintaining a 
constant speed is almost impossible, this model will be 
essential in the estimation of the vehicle’s trajectory. 
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3) Constant Jerk Model (CJM): 

The CJM does not assume that there is constant 
acceleration; instead it keeps track of the changes in 
acceleration from previous readings. This model will mostly 
be used when a vehicle starts from a completely stopped 
position. Since vehicles are heavy, most of the time the 
acceleration will be constant or very close to it, so this model 
will not be as useful as the others, but in conjunction with 
them will help contribute a reliable trajectory estimation 
system. Below are the state equations for this model. 
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C. The Multiple Model Adaptive Estimation (MMAE) 
The classic MMAE uses a bank of m Kalman filters 

running simultaneously, each tuned to a different data set. 
The principle of the MMAE algorithm is described by figure 
4 which shows that the new measurements, kz , are used in a 
bank of N Kalman filters. Each filter is configured to use 
either different stochastic matrices, or different mathematical 
models. The updated state estimates, kx , for the N Kalman 
filters are computed using the extended Kalman filter 
algorithm. The states from each filter are then combined by 
computing weight factors, and summing the weighted 
outputs. There are many different ways in which the weight 
factors can be computed. The one chosen for this system was 
the Dynamic Multiple Model method since not one filter will 
be the correct one at all times. This algorithm is described 
next. 

 
Fig. 4. Multiple Model Adaptive Estimation [13]. 

 
The weight factors are computed using the recursive 

formula in equation (14), for N Kalman filters, where 
)(kpn
is the probability that the nth model is correct. The 

probability density function, )( kn zf , is computed for each 

filter based on the innovation, VSV
T

⋅⋅
−1 , and its corresponding 

covariance, 
kS , using the formula in equation (16). 
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 The expression for the covariance in equation (15) 

reflects the filter’s estimate of the measurement residuals, not 
the actual residuals. This becomes clear when one examines 
the update expressions for “P” in the Kalman filter: “P” does 

not depend on the measurement residual. The effect of this is 
that the expression may indicate some small residual 
variance, when in fact at particular points in time the 
variance is relatively large. This is indeed exactly the case 
when one is simultaneously considering multiple models for 
a process—one of the models, or some combination of them, 
is “right” and actually has small residuals, while others are 
“wrong” and will suffer from large residuals. Thus when one 
is computing the likelihood of a residual for the purpose of 
comparing model performance, one must consider the 
likelihood of the actual measurement at each time step, given 
the expected performance of each model [14]. This 
likelihood and probability variables allow the MMEA to 
determine which one of the filters defined should be used in 
the estimation of the next location, providing an accurate 
estimation. 

 

D. Simple Estimation Models (SEM) 
To evaluate if the use of Kalman Filters is worth the 

extensive mathematical computations and extra processing 
time it needs to be compared against some other, simpler, 
models.  

The first simple model to identify is the straight line 
estimation. This model is the most popular one in current 
vehicle estimation trajectory because of its simplicity. It 
assumes there is a constant velocity and to estimate the next 
position of the vehicle it adds the traveled distance to the 
current location. 
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This is probably the fastest model but it is also very 

inaccurate and would make the system unreliable. 
A slight improvement to this model would be one that does 

not assume constant velocity and actually calculate changes 
in velocity. This model assumes there is a constant 
acceleration to estimate the next position of the vehicle. The 
equations are only slightly more complex. 
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Another improvement that could be done to this model is 

to also take into account the changes in acceleration. This 
will also add to the processing time, but continue to have 
similar run times. 
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These three different simple models are similar in concept 

to the ones defined with KF, but are simpler and have faster 
run times. Comparing between them will provide a way to 
measure if the KF is worth the extra work. 
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III. EXPERIMENTAL RESULTS 
The experimental setting for testing the different models 

described in section II needs a log file of GPS data that 
contains different scenarios, specially those currently causing 
problems in existing systems. Figure 5 shows the trajectory 
recorded. It has many turns and contains various changes in 
speed and direction. This data is perfect to use, and even 
though it will probably be very hard for the system to give 
accurate estimations in some sections, it will provide a real 
life situation where accidents could happen. There is also a 
short highway section to test the system at higher speeds with 
less turns also. 
 

 
Fig. 5. Trajectory recorded in GPS log file, Essex Jct., Vermont, USA. 

 
The language used for the reading of the GPS logs and 

implementation of the different filters was Visual Basic. No 
code was re-used except for the matrix manipulations piece. 
This language was chosen because there was source code 
available to get data directly from the GPS, instead of only 
log files, to be able to test the system in real-time. It was also 
chosen because the navigation software used in Figure 5, 
Mappoint 2004, can be imbedded in Visual Basic, allowing 
the software to display the estimated future location on the 
map also. Being able to look at the estimated points on an 
actual map makes it easier to visually inspect and present the 
system. 

To be able to setup this experiment the tasks had to be 
split into different independent steps. 

 
A. Setup the three Kalman Filter Models (CVM, 

CAM, and CJM). 
B. Setup the three Simple Estimation Models (SEM) 

described in Section II part D. 
C. Compare and evaluate the Kalman Filters against 

the Simple Estimation Models. 
D. Setup and evaluate the MMAE model. 

 

A. Kalman Filters 
The three different Kalman Filter Models were setup, 

tested and tuned individually to get as accurate estimations 

as possible. It is a given that one model will not be very 
close all the time on a real time GPS log, so one fake GPS 
log was created for each of the three models to exercise only 
one model at the time. By doing this it is possible to tune 
each of the filters individually knowing that the estimation 
should be as close as possible at all times. Table I shows the 
results of the different models when calibrating one of them 
at a time. It shows the error in feet between the estimated and 
the actual location. 

TABLE I 
AVERAGE ESTIMATED CALIBRATION OFFSET 

KF CVM calibration CAM calibration CJM calibration 

CVM 0.0 6.6 18.4 
CAM 0.0 3.4 7.2 
CJM 0.0 3.4 4.1 

Units are in feet.  
 
Running the three filters together showed how, when one 

was very close to the real value, the other two were not 
accurate. In some instances more than one filter was 
accurate, probably when speed changes or acceleration 
changes were very small. In other cases none of the three 
filters was accurate at all, probably because of an abrupt 
change in direction or even in speed. The system reads data 
from the GPS every one second, so it is possible, though not 
common, to have a big change occur during that one second. 
For the most part one second will not allow the speed to 
change by a big amount, allowing the filters to estimate the 
next location accurately. 

 

B. Simple Estimation Models (SEM) 
Before implementing the MMAE framework the Kalman 

filters should be evaluated and compared against the simple 
models defined earlier to identify if they are more accurate 
and worth their use. 

Setting up the three simple estimation models was very 
straight forward because the mathematical equations were 
simple, unlike with the Kalman filters. Running the SEM on 
the same set of GPS data as the KF provided some data for 
comparison purposes.  

 
 
 
 
 
 
 
 

TABLE II 
AVERAGE ESTIMATED CALIBRATION OFFSET 

SM CVM calibration CAM calibration CJM calibration 

CVM 1.0 6.2 21.7 
CAM 1.0 4.1 9.2 
CJM 1.0 4.6 5.5 

Units are in feet.  
 
Table II shows the results of the SEM after running 

through the same calibration logs than the KF in part A. 
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C. Models’ comparison 
With the data collected from the Simple models and the 

Kalman filters by running the same set of 70+ points of 
Table III was generated. 

TABLE III 
AVERAGE ESTIMATED OFFSET BETWEEN COMPARED METHODS 

Types Kalman Filters Simple Models 

CVM 6.5 6.6 
CAM 6.8 12.5 
CJM 7.1 23.8 

Units are in feet.  
Random continuous 70+ points used. 

 
Table III shows the average error in feet for each of the 

filters. The data set used actually has a couple of points 
where all filters’ estimated next position is wrong by a big 
amount, which makes the average higher than it really is for 
most positions.  

The results show the Kalman filters performing better than 
the Simple models defined earlier. This was expected 
because of the long history Kalman Filters have and their 
excellent estimations when implemented in a wide range of 
systems. 
 

D. Multiple Model Evaluation 
Now that the three Kalman filters are working correctly 

individually the MMAE can be implemented. This system 
combines the actual estimations of the three filters to come 
up with only one estimated location. Its implementation is 
not too complex and it provides an accurate way of 
combining the filters tested earlier. 

Once implemented, the MMAE framework was recorded 
together with the previous three Kalman filters, and visually 
inspected. The outputs from the MMAE were always close to 
the most accurate of the Kalman filters. In some cases it even 
damped the estimated output preventing it from being too far 
off as estimated by the Kalman filters. 

On a longer run, the average number of feet the MMAE 
framework was off by for the trip shown in Figure 6 was 4.4 
feet. This includes some spiked offsets. If we remove these 
spikes which are only 6 of them in a 500+ points recorded, it 
brings the average offset for the MMAE framework to 3.7 
feet only.  

Figure 6 is a graphical representation of a turn with the 
actual GPS points in blue, and the MMAE estimated points 
in pink. The y axis is the latitude in radians, and the x axis is 
the longitude in radians also.  Each dot is a coordinate pair 1 
second apart. 

 

 
Fig. 6. Location plot of GPS actual vs. MMAE estimated coordinates. 

 
Figure 6 shows that the estimated values plotted in pink 

are very accurate in paths with minimum turns. During the 
actual turn we can see that the pink dots are off by a small 
amount at some points. 

The above results are estimating the vehicle’s next 
position 1 second ahead only, which explains the accuracy of 
the system. The more we increase the range the more error 
we introduce into the system because the changes in vehicle 
motion can be a lot greater, making the system unreliable. 
Two different implementation of the MMAE were studied to 
estimate locations up to 3 seconds ahead. The first one 
consisted in increasing the delta k of the framework to 3 
seconds, meaning that the data was read and corrected every 
3 seconds. The second implementation consisted in looping 
the MMAE using its previous estimated location as the 
actual GPS reading.  

TABLE IV 
AVERAGE OFFSET FOR BOTH MMAE IMPLEMENTATIONS 

Time 
Ahead 

MMAE  
(increased time gap) 

MMAE  
(looped framework) 

1 sec. 6.5 6.5 
2 sec. 24.9 16.4 
3 sec. 59.4 28.2 

Units are in feet.  
Random continuous 70+ points used. 

 
Table IV shows the average estimated offset from the 

actual position for both implementations. 
The looped MMAE implementation seems to provide 

more accurate results than just increasing the delta k of the 
system. Figure 7 shows a graphical representation of both 
implementations at the same point during a simulation. The 
estimated position is the labeled square, while the green dot 
is the actual position and it displays one of the points used in 
Table IV. 
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Fig. 7. Graphical MMAE estimation implementations. 

 
The MMAE system will only be useful in a collision 

avoidance system if it can predict the location of a vehicle 
accurately at least 3 seconds ahead. From the results 
obtained in Table IV, the MMAE system might not be good 
enough by itself, so it would have to be combined with some 
other system that can help it be more accurate at estimations 
farther ahead. 

 

IV. CONCLUSION 
The Kalman Filters are a good choice for predicting a 

future vehicle’s positions. The perform well as the 
experimental results showed, and with the ability of being 
able to work together through a MMAE system, they are a 
better choice for a position estimation system compared to 
other simple systems being used [1]. 

The MMAE provided some very accurate estimations if 
the time gap remained small (1 second). The bigger the time 
gap the greater the inaccuracy. A gap of 1 second is not 
useful for a collision avoidance system as warning a driver 
about a possible collision 1 second before it happens would 
not allow for enough time to do anything to prevent it. The 
minimum time gap needed would be a 2 or 3 second time 
gap. As we already saw, looping the MMAE gives better 
results than just increasing the time gap, and even though the 
accuracy is reduce, it is still more accurate than the simple 
method used in some current researches where the velocity is 
assumed to be constant and a straight path is estimated for 
the vehicle. 

The future work includes a combination of the MMAE 
framework and Geographical Information System (GIS) 
which contains the information of actual roads. For more 
accurate measurements from GPS data, the implementation 
of RTK-GPS receivers would be the best choice. Devices 
such as the Crossbow sensor accelerometer together with the 
AutoEnginuity ScanTool can also be used to rely on accurate 
measurements of velocity and acceleration when GPS data is 
not available. If the estimated value could be correlated to 
actual roads’ information, and the data is reliable, then any 
error could be corrected at any point in time to the actual 
road location, providing a much better estimation of the 
vehicle’s projected path, even for bigger time gaps. 
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