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Abstract— The perception of moving objects in urban 

environments poses new challenges for sensors and 

tracking algorithms. Tracking algorithms must estimate 

the movement of a great number of objects 

simultaneously while taking longitudinal, crossing, as 

well as turning traffic into account. In this process, the 

early recognition and stable tracking of a turning 

maneuver is a particular challenge. We present an 

efficient tracking algorithm that faces this task based on 

laser scanner data. We use a priori knowledge to 

recognize the objects’ maneuvers early and to decide 

which of the three dynamic models is currently 

appropriate. Based on the objects’ current positions in 

the intersection, we determine possible turning 

maneuvers and use them actively in the filtering process. 

Because the objects’ current position is affected with 

unavoidable measurement errors, we have developed an 

algorithm to handle the uncertainties in the map 

matching process. This method enables an early 

recognition of the object movement and a stable 

tracking of longitudinal, crossing, and turning traffic. 
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1 Introduction 

Up to now, driver assistance systems that entered series 

production have been mainly used in static surroundings 

(parking assistants) or in clearly structured surroundings as 

for instance on motorways [1]. Limitations of the 

environment perception have prevented the use of driver 

assistance in intersection situations so far. However, urban 

intersection situations are particularly dangerous: in 2008, 

69% of traffic accidents with damage to persons in 

Germany happened in town [2]. With the increasing 

urbanization, this creates a need to employ driver 

assistance in complex environments as well. A suitable 

perception of the environment is the key challenge for 

every driver assist system intended to support the driver in 

critical traffic situations.  

The environmental perception in urban surroundings 

confronts sensors and algorithms with new challenges like 

the tracking of a great number of traffic participants that 

do not have a uniform preferred driving direction [3]. 

Therefore, the range of the sensors must be sufficiently 

large. In order to be able to detect cross traffic in time, a 

field of view of almost 180° is necessary. Furthermore, 

there is an increased probability of turning maneuvers in 

intersections, so the influences of the objects’ transverse 

dynamics have to be taken into account [4]. Tracking 

algorithms suitable for the use in urban environments must 

handle this complication. The aim is to employ a 

production-oriented, one level (vertical resolution 3°) laser 

scanner with an angular horizontal resolution of 1° (field 

of view 161°) to realize accurate object tracking able to 

cope with the challenges of complex environments [5].  

As a starting point, we use an extended Kalman filter 

[7],[9],[10] which is adjusted to the challenges of object 

tracking in an urban environment. This technique uses 

sensor data that is segmented [6],[8] and classified by 

moving object detection [11],[12],[13]. The moving object 

detection decides whether an object detected by the laser 

scanner measurement is stationary or movable. Only 

movable objects are considered in the tracking. By this 

procedure the number of tracked objects and thus the 

computing time of the tracking are reduced [22].  

 

2 Limits of Previous Tracking 

Approaches 

    Interacting multi model filters are already known for a 

long time in the environment of automotive applications. 

This filtering approach includes several dynamic models 

calculated simultaneously. This represents the advantage 

that we can use several optimized dynamic models for 

different situations. Thus, we achieve a better 

compensation of the inevitable measurement errors 

compared to filters with only one dynamic model. In the 

interacting step, the influence of all dynamic models is 
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taken into account based on their model probability and 

their pair wise transition probabilities [9].  

 

    The model probability µi describes the probability that 

the object is currently in a state where model i is 

appropriate (i=1..r). The transition probability matrix 

(PTransition) describes the probability of a change from 

model i to model j. The transition probabilities for all r 

states must sum to 1 (equation 1). In this non-active 

approach, the transition matrix is chosen to be the same 

for every object and to remain constant during the runtime 

of the filter.  
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    Equation (2) represents the probability 

(interaction/mixing probability) that the target has 

undergone a transition from state i to state j in time step k-

1 [9]. 
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    After calculating these probabilities, we determine the 

new state xj(k-1|k-1) in the interacting step (equation 3). 
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    In the combination/mixing step, an output state vector 

for subordinate algorithms and applications is generated. 

The output model can be one of the state vectors, or a 

mixture of all three state vectors. We choose the model 

with the maximal probability. The original models remain 

unchanged and can still be used inside the filter. 

 

    Because the transition probabilities can not be 

determined a priori for every possible occurring situation 

there is a need to adapt the interacting multi model filters 

online to the situation. Some of these related ideas for 

extending interacting multi model filters are proposed in 

the following papers: [14] and [18] describe an idea using 

different sets of dynamic models that are interchanged 

according to the situation. Here the set of dynamic models 

is changed on an intersection, but the transition 

probabilities between the different dynamic models within 

one set remain constant and all tracked objects are treated 

identically. In [15] a Bayesian Network is used in 

combination with additional measurements (called 

attributes) to improve the association and identification. In 

[16] a Bayesian Network is used to adapt the transition 

matrix based on additional information about lane 

markings. This helps to decide whether a lane change is 

possible or not. Like [14], this approach has the 

disadvantage that all tracked objects are treated 

identically: there is one adapted transition matrix for all 

objects in the sensor’s field of view. The performance of 

[16] is shown in a highway situation with real data. In the 

outline [14] offers the possibility to use data of digital 

maps. [17] uses eight star like orientated dynamic models 

for the tracking of pedestrians in a car park and adapts the 

transition matrix without using a priori data. The transition 

matrix is adapted using the most probable mode transitions 

of the last K time steps.   

3 Definitions and Assumptions 

As a basis, we use a measurement model adjusted to the 

specific properties and advantages of the sensor’s 

measuring principle [5]  (3.1 Measurement model). Based 

on this measurement model, we then describe an 

appropriate state model (3.2 State model). 

3.1  Measurement Model 

At first, we introduce a robust measurement model for 

the laser scanner. The laser scanner enables us to measure 

distance, geometrical extent and the lateral position of an 

object with a radial accuracy of about 0.5m and an angular 

accuracy of 1°. In order to optimally exploit this 

measurement accuracy, we choose a measurement model 

calculating the angular segments covered by an object (see 

Fig.1, left). This model is a practical compromise between 

a short rise time, a robust tracking and a detailed state 

description. 

For this purpose, we use beams defining the object’s 

boundary on the left hand side (αleft) and the right hand 

side (αright) and one beam determining the shortest 

measured distance to the object (Rnear). The filled segment 

is thus described by two framing angles and a distance. 

Furthermore, this model can be used for both longitudinal 

and crossing traffic. So, we do not have to perform a 

complicated case-by-case analysis. If there are two edges 

of an object inside the sensor’s field of view, we detect the 

right angle between them and then consider only the edge 

turned towards the own vehicle (Fig. 1, left side, left 

object). This procedure prevents the erroneous detection of 

artificial speed generated by a switching perspective for 

both longitudinal and crossing traffic. The lateral speed of 

an object relative to the own vehicle is determined from 

the change in the angle of the busy segment. The 

longitudinal component of the relative speed results from 

the change in the distance Rnear [19]. For turning traffic, the 

visible face of the detected object changes from side to 

rear (or front). This results in light artificial speed 

estimations. Compared to the occurring measurement 

uncertainties, this effect is negligible.  

3.2  State Model 

In addition to the measurement model, we need an 

appropriate state model enabling us to track both crossing 

and longitudinal traffic in a stable way. If subsequent 

modules need information about the contour of the object, 

a subsequent estimation of the object’s contour is possible 

using the object’s spread (d) besides its speed and position. 
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 The subsequent estimation of the contour decouples it 

from the estimation of speed and position. This makes the 

filter unsusceptible to influences by partial occlusion of the 

object. The state vector consists of five components which 

describe the coordinates of an object at (x, y) with speed 

(vx, vy) and spread (d). The spread (d) describes the 

diameter of the concealed segment orthogonally to the axis 

of the own vehicle (Fig. 1, right). So the spread (d) is 

always orientated orthogonally to the own vehicle and in 

case of a turning object it does not turn with the object. 

The models specified above are used for the evaluation 

of the algorithms described below using real data. The 

following algorithms are however not limited to these 

measurement and state models and to the mentioned sensor 

setup [22]. 

 

4 Handling Uncertainty of Map  

Matching in the Active Interacting 

Multi Model Filter 

    In order to estimate the transverse dynamics of objects 

and to track their trajectory in a stable manner, we 

subsequently describe an active interacting multi model 

filter based on three different dynamic models. One model 

describes vehicles passing the intersection by going 

straight ahead without turning. The other two models 

describe vehicles turning left and right, respectively (4.1 

Active interacting multi model for urban environments: 

active use of a priori knowledge). Based on the current 

position of the object in the intersection, this approach 

actively uses a priori knowledge about its possible 

manoeuvres in the filtering process. The current position 

of the object and the own-vehicle is affected by 

measurement errors. Because of this we have develop an 

approach to handle the uncertainty of measurement in the 

map matching process (4.2 Handling the uncertainty of 

measurement in the active interacting multi model filter). 

 

4.1 Active Interacting Multi Model for 

Urban Environments: Active use of a 

Priori Knowledge 

Up to now, interacting multi model filters have been 

used particularly to handle longitudinal dynamics. 

Different dynamic models are used for example for objects 

that are speeding up, braking, standing, or moving with 

constant speed, respectively. Starting from this idea, we 

want to use multi model filters to improve the tracking of 

both lateral and longitudinal dynamics. For that purpose, 

we use three dynamic models: no turn (mathematical 

description: equation 6), left turn and right turn 

(mathematical description for both: equation 4). In all 

three cases, we assume constant speed, and in the case of 

turning, we also assume constant curvature of the objects’ 

trajectory and a full turn by an angle of 90°. Equation (5) 

describes the central angle as a function of the current 

speed and the curvature radius R0. The central angle is 

used in equation (4) to describe the current position of the 

object within each time step. The different signs represent 

left and right turning, respectively. The coordinate systems 

used in these equations are described in Fig. 2. 
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    The idea of our extension for an interacting multi model 

filter is to take a priori knowledge from highly accurate 

maps into account [22]: If an object is on an explicit left-

turn lane, only a minimal probability remains that the car 

will turn right or go straight ahead. In this situation, we 

thus set the probability for the corresponding models to a 

small value in order to prevent possible measurement 

errors from choosing a wrong dynamic model. In our 

active filter, we calculate the transition matrix PTransition 

dynamically and individually for each object during the 

filtering process. The use of a priori knowledge bears the 

 
Fig. 1.  Measurement vector (left) and state model (right) for a laser 

scanner. 
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further advantage that we can adjust the turning models to 

the expected curvature radii (R0) which otherwise need to 

be guessed from the measured data. So the filter becomes 

more robust towards interference and provides better 

results. Furthermore, the use of a priori knowledge makes 

it possible to determine the object’s intended maneuver at 

an early stage.  

 

    This approach needs exact information about position 

and yaw angle of the own vehicle and a priori knowledge 

stored on a map that has a resolution of at least one lane 

(actual maps offer an accuracy of about 1,5 m which 

equals half the width of a driving lane). In order to achieve 

a high accuracy in the own-vehicle’s position, we use a 

satellite based inertial platform. The system used in the 

practical evaluation (oxts RT3002 [20]) offers a position 

accuracy of 2cm (1σ) and a yaw angle accuracy of 0.1° (1 

σ). The accuracy of the positioning system may change if 

we use a low cost positioning system based on automotive 

hardware instead. This is for example provided by the 

project GENEVA funded from the European Union 

Seventh Framework Programme.  

 

    The a priori knowledge consists of the turning 

possibilities for each lane on the map and of turning 

probabilities for each intersection based on traffic counts. 

This information is provided by a graph based 

environmental model called RoadGraph [21]. In the 

Roadgraph every lane of a road is modelled as an edge, 

different edges are interconnected by nodes. Additional 

attributes are modelled to the edges (called lane 

descriptions). 

 

    The a priori knowledge is introduced into the filtering 

process within the interacting step. The three different 

models interact with each other by means of the model and 

the transition probabilities. The idea is to check the 

object’s location on a map (RoadGraph) in order to 

determine the probabilities for its different turning 

possibilities. This knowledge can then be taken into 

account when calculating the transition matrix. 

 

    To describe the algorithm for the manipulation of the 

transition matrix, we take an example from a real urban 

intersection. If an object is on an explicit left-turn lane, 

this will affect the transition matrix correspondingly. In 

this case, the probability of changing from one of the three 

models to the model for a left turn (pleft turn) is set to a high 

value. The other transitions are equipped with a low 

probability (pstraight ahead and pright turn). If the object is on a 

lane that leaves several turning possibilities, this is also 

reproduced in the transition matrix: If the lane only rules 

out left-turning, then transitions to the left-turning model 

get a low probability (pleft turn) in the transition matrix. The 

values for transitions to the non-turning model (pstraight 

ahead) and the right-turning (pright turn) model are adjusted 

based on data from traffic counts. These probabilities 

result from the traffic volume for the corresponding 

driving direction. In all cases the probabilities for logically 

impossible dynamic models are set to a predetermined 

nonzero value which represents the insecurity of the 

object’s association to the a priori knowledge. These 

insecurities depend on the estimation quality of the 

object’s speed and position and on the accuracy of the 

own position. Because of those errors the object might be 

associated to a wrong lane. In this case, a dynamic model 

is mistakenly assigned a small probability. This possible 

error source is represented by the small remaining 

probabilities for logically impossible models. This enables 

the activation of a dynamic model that is favored by the 

measurement even if this model has been considered 

improbable based on the a priori knowledge. 

 

    At first, we describe the approach where the object is 

assumed to be exactly in the middle of one lane. The 

possible driving directions and correspondingly the 

turning probabilities are then taken from the a priori 

knowledge for this lane. In Fig. 3 the object is matched to 

a straight lane, consequently the probability for driving 

straight (pstraight ahead) is set to 1. Because we assume that 

the object will drive straight ahead in this situation,t The 

probabilities pleft turn and pright turn are set to a constant 

remaining probability (Premaining) for improbable models: 

                   
constPP remainingturnLeft

==
_                       (7) 

                            
1

_
=P aheadstraight                               (8) 

                   
constPP remainingturnright

==
_                       (9) 

 

    Afterwards the probabilities are standardized (equation 

10) to determine the transition matrix PTransition. For an 

object on a mixed lane that allows driving straight ahead 

and turning right like mentioned in the example above, 

this results in the transition matrix PTransition shown in 

equation (11) and (12).  

 
Fig. 2.  Test setup and coordinate systems. 
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PTransition

                (12) 

    In a second example the object is on a lane that leaves 

several turning possibilities, this is also reproduced in the 

transition matrix: If the lane only rules out left-turning, 

then transitions to the left-turning model get a low 

probability (pleft) in the transition matrix. The values for 

transitions to the non-turning model (pstraight) and the right-

turning (pright) model are adjusted based on data from 

traffic counts. These probabilities result from the traffic 

volume for the corresponding driving direction.  

 

In this example, the probabilities for driving straight 

ahead and turning right have been 75% and 25%, based on 

traffic counts. The remaining probability for improbable 

models (left turning in this example) is set to 1%. Before 

standardization, this leads to the following equations (13-

15) . 

                    
constPP remainingturnLeft

==
_                     (13) 

                            
75,0

_
=P aheadstraight                         (14) 

                     
25,0

_
== PP remainingturnright                     (15) 

 

 

 

 

4.2 Handling Uncertainty of Map Matching 

in the Active Interacting Multi Model 

Filter 

    One limitation of our previous approach is that the 

probability for logically impossible dynamic models is set 

to a constant, predetermined value that reflects the 

uncertainty in the use of the a priori knowledge. 

Uncertainties regarding the a priori data, the object’s 

position or the own-vehicle’s position are not represented 

dynamically in this approach. A possible improvement of 

our approach would be to calculate these probabilities as a 

function of the uncertainties of the object’s position and 

the own position in real time instead of hardwiring them to 

fixed values. 

 

    Consequently, in our new approach, the probabilities for 

all directions are calculated as a function of the 

uncertainties in the object’s position. While the previous 

approach uses the assumption that the object is exactly on 

one lane, the object’s position is now described by a 

Gaussian curve. The probability that the object is on a 

given lane is calculated by integrating the Gaussian curve 

from the left to the right borderline for each of the near 

lanes (Fig. 4 and 5) and the proportional comparison with 

 
Fig. 3:  Previous approach: Constant remaining probability for 

improbable models 

 
Fig. 4:  New approach: Remaining probability as a function of the 

uncertainties of the object’s position 

 
Fig. 5:  Uncertainties MapMatching. 
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the neighbor lanes. In order to determine the turning 

probabilities, we now use the rule of total probability 

(equation 16). First, we assume the object to be on the left 

lane and calculate the probabilities for turning left, turning 

right and for driving straight ahead using the method 

described above (remember the two examples from the 

previous section). Second, we assume the object to be on 

the “straight ahead”-lane and so on. The results are added 

using the probabilities that the object is on a given lane as 

a weight factor, which leads to equations  17, 18 and 19. 

The calculation of PTransition remains the same as described 

in equations 10, 11 and 12. 
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Plane, left, Plane, straight and Plane, right are calculated 

for every lane as the integral of the Gaussian curve 

between left and right road marking. The parameter σ of 

the Gaussian curve is the maximum of σMapMatching,x and 

σMapMatching,y (Fig. 5), both are approximated in equation 

20: 
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with: 
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    The derivation of equation 20 is described in Fig. 6.  

We distinguish between three uncertainties. We assume 

that these three uncertainties are uncorrelated. This is 

justified because the own and the object’s position are 

measured by different sensors:  

• The position of the own-vehicle (xOwn, yOwn) in 

the UTM-coordinate frame (a global 

coordinate system: Universal Transverse 

Mercator) is affected with the uncertainties 

σOwn,x and σOwn,y.   

• The heading of the own-vehicle (ψOwn) in the 

UTM-coordinate frame is affected with the 

uncertainty σOwn,ψ.   

• The position of the object-vehicle (x, y) in the 

Own-coordinate frame is affected with the 

uncertainties σx and σy.   

All the uncertainties are rotated to the UTM-coordinate 

frame and accumulated.  

 

5 Results and Limitations of the  

Extended Approach 

    Fig. 7 and 8 illustrate the performance of the presented 

tracking technique. A comparison of the estimated speed 

and the actual speed of an object that initially travels 

perpendicular to the own-vehicle’s axis, then turns to the 

right and finally departs from the own-vehicle is plotted 

with respect to time in these figures. The figures show that 

the presented state model can track crossing, longitudinal 

and turning traffic. After the object’s entry into the 

sensor’s visibility, its speed is tracked in a stable way. 

Initially, the object travels lateral to the own vehicle (t=0s 

till t=2s), then turns right (t=2s till t=5s) and finally 

departs parallel to the own vehicle’s axis (t=5s till t=7s). 

 

    Fig. 9 shows that the right dynamic model is chosen 

early (about 200ms) after the object has started a 

maneuver. Fig. 10 shows that the dynamic models are 

active with a probability of 90%. From t=2s till t=3s the 

probability falls to 33%, in this situation the a priori 

knowledge of the digital map provides no additional 

information. In this case all three driving directions are 

possible with a probability of 33% from the current lane.  

 

 
Fig. 6:  Uncertainties regarding the object’s position and the own-

vehicle’s position. 
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    From t=0s till t=2s and t=3s till t=7s the dynamic model 

is chosen with a probability of 90%. The other two models 

are active with 10% in sum. This results from the 

uncertainties of the object’s position in the world (in 

UTM-coordinates). This enables every dynamic model to 

become active if the measurements from the laser prefer 

this. The more the position is affected with uncertainties 

the merrier is the probability of the not active two dynamic 

models. This means: The more the position is affected 

with uncertainties the merrier is the dependence of the 

laser’s measurements during the dynamic model choice. 

 

 

6 Conclusion 

    In this paper, we have presented an extended filtering 

approach for object tracking in urban intersections. We 

have shown that maneuvers can be recognized early and 

wrong maneuver detections can be avoided by the 

incorporation of a priori background knowledge into the 

filtering process. Our active multi model filter approach 

helps to compensate inevitable measurement errors and 

thus enables robust and stable estimations of position and 

speed of the tracked objects.  

 

    The algorithms run in real time on a standard PC in the 

demonstrator vehicle and have been successfully tested in 

real traffic situations. The presented active interacting 

multi model filter is an extension to the well established 

interacting multi model filter approach, where the Kalman 

filter and the interacting and mixing step remain 

unchanged while the transition matrix for the different 

dynamic models is now calculated in real time and 

individually for every object based on a priori data. In 

case of a low quality object position in the world, the 

algorithms turn to a classical interacting multi model filter 

approach. Because of this the active interacting multi 

model filter improves the tracking in case of a high quality 

object position, but it does not corrupt it if not. 
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