
 

 
 

 

 

 

 

Abstract – This paper focuses on the development of 

automotive sensors that can measure the relative position and 

velocity of another vehicle in close proximity, so as to enable 

prediction of an imminent collision just before the collision 

occurs. Anisotropic magnetoresistive (AMR) and sonar sensors 

are adopted for development of the proposed sensor system. 

The challenges in the use of the AMR sensors include their 

nonlinear behavior, limited range and magnetic signature levels 

that vary with each type of car. An adaptive filter based on the 

extended Kalman filter (EKF) is developed to automatically 

tune filter parameters for each encountered car and reliably 

estimate car position. The utilization of an additional sonar 

sensor during the initial detection of the encountered vehicle is 

shown to highly speed up the parameter convergence of the 

filter. Experimental results are presented from a large number 

of tests with various vehicles to show that the proposed sensor 

system is viable.  The developed sensors represent perhaps the 

first ever system that can measure relative vehicle position at 

close proximity right up to the point where a crash occurs. 

 

1. INTRODUCTION 

Research work in the case of predictive crash detection 

has mostly focused on the use of multiple radars and laser 

sensors (wide-beam short-range and narrow-beam long-

range) for prediction of future collisions (see references [7], 

[8], [9], [10], [11]).  However, such systems can only 

provide a probability of collision and cannot predict it with 

certainty.  This is because the radar sensors used in such 

applications cannot make measurements at distances very 

close to the car (less than 1 meter) and have an extremely 

narrow field of view at such short distances.  Hence these 

collision prediction systems are primarily useful for 

providing long-distance collision warnings to the driver, so 

that the driver can then respond and try to ensure a safe 

maneuver.  Sometimes such collision prediction systems are 

also used to initiate automated gentle braking of the vehicle.   

This paper aims to develop a reliable system for 

prediction of an imminent crash, a few tens of milli-seconds 

before the crash occurs.  The development of such imminent 

collision detection systems will lead to smart deployment 

systems for seat belts and airbags, providing improved safety 

for passengers during a crash.  Such crash detection systems 

can also be used in technologies that actively enhance 

vehicle crush space to mitigate the effects of the crash.  For 

such applications (where airbags can be triggered based on 

collision warnings), a far more fool-proof and close-range 

collision detection system is needed than a system based on 

long range radar or laser sensors. 
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For such collision detection, a sensor system that is 

inexpensive, continues to work at very close range values, 

has a wide field of view at short range and measures the 

other car’s position and velocity just before collision is 

required.   This will ensure that the collision detection 

system is both reliable and works over the entire required 

operating range. 

A strong candidate for such a collision detection sensor 

is an anisotropic magneto-resistive (AMR) sensor.  The use 

of AMR sensors for detection of vehicles in parking spots 

[12] and for measurement of traffic flow rate by embedding 

AMR sensors in the road ([12], [13]) have been previously 

studied.  However, the use of AMR sensors for detection of 

imminent collision and for measurement of vehicle position 

and velocity has not been considered by researchers and has 

not been previously studied. 

 

 

2. AMR SENSORS AND POSITION ESTIMATION 

An AMR sensor has a silicon chip with a thick coating 

of piezoresistive nickel-iron.  The presence of an automobile 

in close range causes a change in magnetic field which 

changes the resistance of the nickel-iron layer.  The 3-axis 

HMC 1053 set of AMR devices from Honeywell were 

utilized for the system developed in this paper.  Application 

note AN218 from Honeywell describes the use of the HMC 

105X chips for vehicle detection and traffic counting 

applications (neither of which involves vehicle position 

estimation). 

A number of tests with different vehicles were 

performed in order to investigate the magnetic field 

generated by an encountered vehicle as a function of 

distance. Figure 1 shows a general schematic of the 

preliminary tests.  An AMR sensor and a sonar sensor were 

packaged on a PCB together with a microprocessor that read 

the sensor signals and transmitted their values to a computer. 
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Figure 1: General scenario of the experiments 

The outputs of the AMR and sonar sensors were 

sampled at the rate of 2 KHz using a dsPIC microcontroller 

with 12-bit ADC. Figure 2 shows the relationship between 

the magnetic field (in the X direction) and actual distance 

obtained from a sonar sensor for a typical test using a Chevy 

Impala vehicle. Magnetic field is plotted in arbitrary voltage 

units, the same as what was read from the ADC of the 

microcontroller. It can be seen that there is obviously a 
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nonlinear relation between the measured magnetic field and 

distance.  

The first step in order to check if AMR sensors can be 

used for distance measurements is to see if there is a reliable 

relation between magnetic field and vehicle distance. 

According to basic electromagnetic books [1], [2], the 

magnetic field created by a magnetic dipole can be obtained 

from the following equation.  

        
 

                

where   is a constant,   is the magnetic dipole moment and 

  is the vector from position of the dipole to the position of 

the point where the field is being measured. Using this 

equation, one would be able to obtain the magnetic field for 

different objects by applying appropriate integration, which 

in general results in an equation for the magnetic field 

having an inverse relation with distance and its higher 

orders. In our case, it was observed that below a threshold 

distance,    , the following relation can be assumed between 

magnetic field and distance 

  
 

 
                (2) 

 
Figure 2: Result of the experiments with Chevy Impala showing 

magnetic field in X direction versus distance obtained from sonar 

sensor 

where   is the magnetic field,   is distance of the vehicle 

from the sensors,   and   are vehicle dependent parameters. 

This equation was fit to experimental data from various 

vehicles. Figures 3 and 4 show the fitting results from two 

experiments with a Chevrolet Impala and a VW Passat. In 

both of the experiments, the vehicle was moved from an 

initial large distance toward the sensors. In these figures, 

data set 1 is the set of data points obtained after the vehicle 

gets closer than     to the sensors. This data set was used for 

curve fitting. Data set 2 is the set of data points from the 

same experiment where the vehicle was further than     

from the sensors and is plotted for comparison. The equation 

was also verified against data from the same type of 

experiment with Hyundai Elantra and Honda Accord 

vehicles.  

An estimate of     can be obtained even by visually 

inspecting the graphs or from the following fact that 
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Figure 3: Result of the experiment with Chevy Impala and fitted curve 

 
Figure 4: Result of the experiment with WV Passat and fitted curve 

where       is the static magnetic field measured by the 

AMR sensor when there is no vehicle close to it. Therefore, 

at       , we have 
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One can obtain an estimate of     by the following equation 

    
 

         
              (5) 

where   is a positive constant used to ensure that the change 

in magnetic field is caused by the vehicle and not 

quantization error and noise. Table 1 summarizes the results 

of the experiments showing   of the fitted curve from 

equation (2) and estimated     for various vehicles. 

Vehicle                  

Chevy Impala 25.26 3.23 0.997 ~4.8 

Honda Accord -28.42 -6.79 0.999 ~3.2 

WV Passat 74.38 14.38 0.997 ~4.5 

Hyundai 

Elantra 
-10.2 -3.21 0.999 ~3 

Table 1: Results from curve fitting 

Technical Challenges 

The next step would be to adopt the proposed equation 

for close distance sensing. However, it is worth mentioning 

here that from different experiments, it was observed that the 

speed of the approaching vehicle has a slight but noticeable 

effect on measured magnetic field. This is shown in Figure  
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5. The offset in the magnetic field,      , has been subtracted 

from the measured data so that the difference can be 

illustrated better. The same trend was also seen in 

experiments with the Chevy Impala and the Hyundai 

Elantra. 

The magnetic field generated by the vehicle also 

changes with changing the global position and orientation of 

the experiment. One possible explanation for this is that 

some of the metal in the vehicle body is magnetized in the 

earth magnetic field and affects the total magnetic field seen 

by the sensors.  

 
Figure 5: Effect of Speed on measured magnetic field 

Furthermore, the values of the parameters   and   vary 

with the vehicle, being constant for a specific vehicle but 

changing from one vehicle model to another.  Since the type 

of vehicle encountered is not known apriori, these 

parameters have to be adaptively updated in real-time. 

 

3. ITERATED EXTENDED KALMAN FILTER 

(IEKF) FOR ADAPTIVE POSITION 

ESTIMATION 

In the previous section we found a relation between 

distance and magnetic field. Knowing parameters   and  , 

one would be able to estimate the distance by using only the 

AMR sensor. However, these parameters change from one 

vehicle to another vehicle and from one location to another 

location. Therefore, the critical challenge would be to 

estimate   and   accurately and quickly in real time and use 

them to estimate the distance of the approaching vehicle 

from the sensors. 

To address this challenge, the use of two AMR sensors 

located apart from each other by a distance   in the X-axis 

as shown in Figure 6, is used.  The approaching vehicle is 

assumed to be close enough to affect both AMR sensors.   

The use of two sensors enables the estimation of both 

parameters    and  .  The vehicle position can then be 

subsequently obtained.  Figure 7 shows a PCB with two 

AMR sensors and one sonar sensor, with the dsPIC 

processor and other needed electronics. 

We can write the following equations for the measured 

magnetic fields 
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Figure 6: Experiments with two AMR sensors apart from each 

other by distance   

 

 
Figure 7: The developed PCB for experiments 

where     and     are the measured magnetic fields and    

and    are noise. It should be noted that    and    are not 

necessarily equal since        and        can be quite 

different. However considering the fact that     is the same 

for both of the equations, we can write the following 

equations 
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where                     . If we eliminate   from 

equations (6) and drop the time index we will have 

                                  

                        
  

                         

                                         (8) 

This equation can be used to estimate   and    and then 

subsequently obtain an estimate   using equations (6). 

Among the various estimators, the IEKF [3], [4] was chosen 

as a reasonable option for this nonlinear estimation problem. 

It should be noted that since we are not considering the 

dynamic equations of the vehicle, there would be no time 

updates for IEKF, only measurement updates. It also worth 

mentioning that the ordinary UKF [5], [6] estimators fail in 

this case, mainly because of the discontinuity at    .  

Putting the above relation into IEKF equations the states 

and noise definitions are 

        
            

          

and the measurement equation is 
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The measurement update equations are as follows  

0 0.5 1 1.5 2 2.5 3 3.5 4
-20

0

20

40

60

80

100

120

140
Magnetic field vs. distance

M
a

g
n

e
ti
c
 F

e
ild

 X
 (

c
o

u
n

t)

Distance (m)

 

 

Passat - Ave. Speed = 2.7054 m/s

Passat - Ave. Speed = 1.3273 m/s

Accord - Ave. Speed = 3.2577 m/s

Accord - Ave. Speed = 0.56351 m/s

3938



   
   

  
 
   

 

                            

                                               (10) 

   
   

  
 
   

 

                                  

                        

          
          

        
     

                             

                                     (11) 

Applying the estimator to data obtained from 

experiments we should be able to estimate   and    and by 

using them we should get an estimate of distance. To verify 

this, more tests were performed in which the vehicle moved 

toward the sensors from an initial distance and sensor 

outputs were recorded. Then a portion of data in which, 

according to the sonar sensor, the vehicle was closer than 

    to the sensors was selected and the designed IEKF 

estimator was applied. The results are shown in Figure 8 and 

Figure 9. 

 
Figure 8: Distance obtained from sonar sensor and estimated distances 

 
Figure 9: estimated   over time 

 

It can be seen that the parameters   and   both converge 

in a period of about 0.6 seconds, as seen in Figure 9.  The 

resulting position estimation as seen in Figure 8 also 

converges very well to the position measured by the sonar 

sensor. 

 
4. SENSOR FUSION WITH SONAR FOR 

IMPROVED CONVERGENCE 

The parameters   and   vary with the type of vehicle 

encountered.  When the vehicle is first encountered, the 

value of the distance is likely to be large enough for a sonar 

sensor to work satisfactorily at that distance.  A sonar sensor 

can directly measure position independent of vehicle size 

and independent of relative speed with respect to the sensor.  

It can measure larger distances of several feet compared to 

the AMR sensors but typically will not be able to work at 

very short distances below 1 or 2 feet.  Furthermore, it has a 

narrow field of view at short distances. 

A sensor fusion system can be used to exploit the 

advantages of both types of sensors to overcome their 

individual problems. Therefore a new architecture was 

designed for the estimator using the finite state machine 

shown in Figure 10.  In state 0, the estimator will use the 

sonar sensor to update position, since the AMR sensors are 

not yet affected by the approaching vehicle. As soon as the 

AMR sensors respond to the approaching vehicle, updates 

would be done using both sonar and AMR sensors (state 1). 

When the vehicle enters a distance where the sonar readings 

are not valid any more due to very small distances, updates 

would be done using only the AMR sensors (state 2). 

For transitions between the states in the finite state 

machine,     would be the best variable to utilize for 

switching from state 0 to 1, but there is no prior knowledge 

about     when a new vehicle is approaching. Therefore, the 

covariance of the AMR data at pre-determined time intervals 

can be used instead. Starting from state 0, whenever the 

covariance is higher than a threshold, the estimator switches 

to state 1 in order to switch from sonar to sonar-AMR 

updates. To obtain more meaningful initial values for the 

states   and    , a LS fitting can be done at the switching 

time. The estimated values and their covariance are used as 

initial values for   and   and their covariance. While in state 

1,     can be calculated in real-time and be used for 

determining if the vehicle is moving out of the view of the 

AMR sensors or the sonar sensor and if the system should 

switch back to state 0 or switch to state 2.  
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Figure 10: Architecture of the new estimator using sensor fusion 
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The next step is to develop the IEKF estimator 

equations for state 1 operation. The equations are presented 

below in the general case where the states would be updated 

with both sonar and AMR sensors. The system and 

measurement equations are given as follows 
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The time update equations would be as follows 

   
            

          

  
       

          
  

The measurement update equations would be as follows 
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Now based on the value of the current state in the finite 

state machine, the appropriate updates can be performed. 

The estimator is then tested using experiments. The 

following experiments were performed to check the 

estimator. A VW Passat car approached the sensors and 

moved away (between 5 and 15 seconds), then a Chevrolet 

Impala came close to the sensors and moved away (between 

20 and 30 seconds). The results are shown in figures 11 to 

16. The red circles in these figures indicate the time at which 

a transition in the finite state machine occurred. 

As can be seen from the figures, the proposed algorithm 

to switch between states in a finite state machine and get an 

initial value for   and    works very well. Excellent 

estimation of distance is obtained as seen in Figure 12.  This 

is inspite of the change in vehicles that occurs between the 

VW Passat and the Chevy Impala during the experiment.  As 

seen in Figure 15,   converges quickly and changes in value 

between the two vehicles.  Likewise the parameter   also 

changes in value between the two vehicles.  It can be also 

seen that the final values of sonar distance and estimated 

distance in each scenario are not exactly the same. At this 

point it is not clear if this is due to the inaccuracy of sonar 

sensor or AMR estimation and needs to be considered 

further. 

 

 
Figure 11: Sensed magnetic fields over time 

 
Figure 12: Distance obtained from sonar sensor, estimated distance and 

sonar threshold below which the sonar data is ignored 

 
Figure 13: Estimated velocity 
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Figure 14: Estimated acceleration 

 

 
Figure 15: Estimated   

 

5. CONCLUSIONS 

This paper focuses on the development of automotive 

sensors that can measure the relative position and velocity of 

another vehicle in close proximity, so as to enable prediction 

of an imminent collision just before the collision occurs. 

Anisotropic magnetoresistive (AMR) and sonar sensors are 

adopted for development of the proposed sensor system. The 

challenges in the use of the AMR sensors include their 

nonlinear behavior, limited range and magnetic signature 

levels that vary with each type of car. An adaptive filter 

based on the iterated extended Kalman filter (IEKF) is 

developed to automatically tune filter parameters for each 

encountered car and reliably estimate car position. The usage 

of an additional sonar sensor during the initial detection of 

the encountered vehicle is shown to highly speed up the 

parameter convergence of the filter. Experimental results are 

presented from tests with a large number of various vehicles 

to show that the proposed sensor system is viable.  The 

developed sensors represent perhaps the first ever system 

that can measure relative vehicle position at close proximity 

right up to the point where a crash occurs. The results in this 

paper have shown that it is possible to have an adaptive 

estimator that can adapt to the AMR sensor parameters 

which are dependent on the specific vehicle encountered. 

 

 
 

Figure 16: Covariance of   and   
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