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Abstract - In this paper, an approach for motion 

classification for laser sensors is presented 

concentrating on urban environments. In these complex 

environments the algorithm has to match both cross 

traffic and structures in parallel to the road, as well as 

objects starting and stopping moving. The requirements 

on sensors and algorithms for handling urban traffic 

are specified and some basic definitions in the context of 

motion classification are introduced in this paper. Our 

new approach extends the limits of a consistency-based 

motion classification with a laser sensor by a track-

before-detect approach in a first step and, in a second 

step, by an additional source. This additional source is a 

radar sensor whose data is treated in a special way to be 

able to deal with cross traffic without any tracking. This 

approach runs online and has been validated in crowded 

urban environment. 
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1 Introduction 

The research activities concerning driver assistant 

systems concentrate increasingly on urban scenarios [1], 

[2]. These scenarios are known to be complex and 

difficult to perceive with today’s production or close to 

production sensors. Especially assistant systems for cross 

roads and cross traffic impose demanding requirements on 

the algorithms of environment perception and the used 

sensors. 

The sensors have to provide a field of view of nearly 

180°, a sufficient resolution in angle and distance and a 

sufficient range to detect foreign traffic participants in 

time.  

The algorithms of the environment perception have to 

match the complex environment and to be optimized in a 

way that less time gets lost between detecting an object 

for the first time and passing it to the application. The 

time to collision for cross traffic at a speed of 50 km/h and 

a first detection by the sensor at a distance of 35m 

amounts to 2,3s. As the urban environment is tightly built-

up and there is an unknown rate of occlusion, the distance 

of first detection might be much shorter in most cases. For 

example, oncoming traffic might reappear behind waiting 

vehicles in cross road situations and should 

instantaneously be classified as moving object to 

minimize the reaction time of the entire driver assistant 

system. 

Compared to highways for example, the complexity of 

the urban scenario makes it much trickier to make objects 

plausible by their moving speed, moving direction or 

place of occurrence within the sensor’s field of view 

because all assumptions based on these characteristics are 

not valid in urban scenarios anymore. Furthermore, 

objects cannot be made plausible over time anymore 

because a short reaction time is required. That is why the 

false alarm rate has to be reduced in another almost 

instantaneous way. 

The perspective of integrating such driver assistant 

systems in series production cars sets out some more 

requirements on the used sensors. If possible, only one 

sensor should be used. Perhaps a second sensor is installed 

to provide redundant information of a particular field of 

view. So, the sensors have to provide a field of view as 

huge as possible. 

In [3] we presented a possible approach which 

facilitates handling the complexity of urban scenarios. The 

main idea is to separate stationary objects from those 

which are moving or have been moving similar to known 

approaches in [1] or [4]. Moving objects can be described 

by a moving model, position and width as presented in [5] 

and [6], for example. Stationary objects and free space can 

better be described in an occupancy layer because of their 

unstructured manner.  

The following paragraphs concentrate on the motion 

classification. We will introduce some definitions to 

ensure a clear understanding and explain why we use 

certain sensor technologies and work with the sensor’s 

“raw data”. By “raw data” we do not mean the physical 

signal, but the sensor data without the manufacturer-

specific tracking. Furthermore, we describe why existing 

approaches of moving object detection (MOD) do not 

fulfill our requirements and a new approach is proposed 

which extends the performance ability of a pure 

consistency-based motion classification of a laser sensor 

by using results from a tracking in a first step and an 

additional scanning radar sensor in a second step. 
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2 Sensors 

The demanding requirements imposed on the sensor for 

driver assistant systems in urban enviro

already been discussed in the introduction

requirement is the field of view (FOV) of nearly 180° at a 

sufficient resolution and measurement range. Currently 

available radar sensors for use in series production cars do 

not provide the required FOV and the reflection points of 

radar do not correspond to the real surface of objects but 

to something in its neighborhood. In contrast, the 

reflection points of laser sensors are from the object’s 

surface and therefore provide more precise info

about the environment. Furthermore, laser sensors can 

have a FOV up to 360°. Close-to-production sensors are 

available with about 160° at the moment. 

So, in this paper a close-to-production laser scanner 

with 161° field of view and 161 channels is 

channel has an opening angle of 1° horizontal and 3° 

vertical. Its measurement range is up to 180m in front and 

55m to the side and its uncertainties are about +

The sensor can detect up to two hits per channel. Its field 

of view with 55m is shown in Figure 1 

field of view of 60° and 60m range for comparison.

  

Figure 1: Field of view of a 160° and a 60° sens

typical cross road. [12] 

 

A scanning radar sensor with an opening angle of 60° in 

the near range is also used for additional data in certain 

areas. We will explain later on in which wa

data are interpreted for our motion classification.

3 Definitions and Requirements on 

the Motion Classification

The following definitions have already been

in [3]. As they are essential for a good understanding of 

the pursued goal, they are cited here again. 

environment can be separated in moving and non

he demanding requirements imposed on the sensor for 

driver assistant systems in urban environments have 

in the introduction. The main 

requirement is the field of view (FOV) of nearly 180° at a 

sufficient resolution and measurement range. Currently 

available radar sensors for use in series production cars do 

required FOV and the reflection points of 

radar do not correspond to the real surface of objects but 

to something in its neighborhood. In contrast, the 

reflection points of laser sensors are from the object’s 

surface and therefore provide more precise information 

about the environment. Furthermore, laser sensors can 

production sensors are 

production laser scanner 

with 161° field of view and 161 channels is used. Each 

channel has an opening angle of 1° horizontal and 3° 

vertical. Its measurement range is up to 180m in front and 

55m to the side and its uncertainties are about +-0.1 m. 

The sensor can detect up to two hits per channel. Its field 

 together with a 

field of view of 60° and 60m range for comparison. 

 
: Field of view of a 160° and a 60° sensor at a 

A scanning radar sensor with an opening angle of 60° in 

the near range is also used for additional data in certain 

areas. We will explain later on in which way the provided 

data are interpreted for our motion classification. 

efinitions and Requirements on 

the Motion Classification 

been introduced 

a good understanding of 

the pursued goal, they are cited here again. Basically, the 

environment can be separated in moving and non-moving 

objects. The moving objects are defined as “dynamic 

objects” and the others as “static objects”. 

Definition: the terms "dynamic object" and "static 

object" describe the current status of an object. These 

terms do not consider the history of the object’s status.

Especially in urban environments objects often change 

their status between “static” and “dynamic”: a parking car 

starts moving, a moving traffic participant has to stop at a 

traffic light. Thus, it seems to be

“movable objects” from “stationary objects

Definition: the terms "movable objects" and "stationary 

objects" describe the object’s property of either having 

been "dynamic" or not. These terms explicitly consider the 

history of the objects. 

This means, a “movable object” can either be 

“dynamic” or “static”, “stationary obj

“static”. Hence, the object’s property can change from 

“stationary” to “movable” within the time of observation 

by the sensor. For example, a traffic participant waiting at 

a cross road and starting moving while 

approaching changes its status from “stationary” to 

“movable”. But once detected as a “movable object” it 

never can become “stationary” again by definition.

In our case, the motion classification’s goal is not only 

to separate the incoming laser 

objects” from those of “static” objects, but to separate

laser targets of “movable objects” from those of 

“stationary objects” in a channel

creation of objects will be done 

afterwards using the separation result 

grid-based map should be created providing information 

about areas where measurements of “movable objects” 

can appear and areas where measurements of “stationary 

objects” are expected. 

So, in this first description of the motion classification 

all segments of laser targets classified as “movable” 

proceed to the tracking and all segments of laser targets 

classified as “stationary” proceed to an occupancy layer. 

We will see further down that there are some special cases 

that have to be treated due to the sensor’s uncertainties.

In chapter 2 we have mentioned that we are using a 

close-to-production laser scanner. The sensor has a lower 

resolution and accuracy in angle and distance than 

research sensors, but it still seems to be sufficient for 

driver assistant systems in urban scenarios. Due

principle of measurement the velocity is not measured and 

we have recognized that in some cases the sensor obtains 

false-negative measurements.  

Without a velocity signal there are only two possibilities 

of detecting “movable” and “stationary” obje

one is to analyze the time-based behavior of the 

measurements over a fixed position (consistency

approach)  and the second one is to analyze the position

based behavior over time (TBD). Both approaches are 

already known in literature and described in the following 

section 4. 

Some key issues of perceiving the environment are the 

latency or reaction time and the working range. As the 

s are defined as “dynamic 

objects” and the others as “static objects”.  

Definition: the terms "dynamic object" and "static 

object" describe the current status of an object. These 

terms do not consider the history of the object’s status. 

environments objects often change 

their status between “static” and “dynamic”: a parking car 

starts moving, a moving traffic participant has to stop at a 

seems to be helpful to distinguish 

“movable objects” from “stationary objects”. 

Definition: the terms "movable objects" and "stationary 

objects" describe the object’s property of either having 

been "dynamic" or not. These terms explicitly consider the 

This means, a “movable object” can either be 

“static”, “stationary objects” only can be 

the object’s property can change from 

“stationary” to “movable” within the time of observation 

a traffic participant waiting at 

a cross road and starting moving while the ego is 

changes its status from “stationary” to 

. But once detected as a “movable object” it 

never can become “stationary” again by definition. 

In our case, the motion classification’s goal is not only 

 targets of “dynamic 

objects” from those of “static” objects, but to separate the 

of “movable objects” from those of 

“stationary objects” in a channel-based treating (the 

creation of objects will be done by the segmentation 

he separation result [11]). Therefore, a 

based map should be created providing information 

about areas where measurements of “movable objects” 

areas where measurements of “stationary 

So, in this first description of the motion classification 

all segments of laser targets classified as “movable” 

proceed to the tracking and all segments of laser targets 

ary” proceed to an occupancy layer. 

We will see further down that there are some special cases 

that have to be treated due to the sensor’s uncertainties. 

we have mentioned that we are using a 

production laser scanner. The sensor has a lower 

resolution and accuracy in angle and distance than 

research sensors, but it still seems to be sufficient for 

driver assistant systems in urban scenarios. Due to its 

principle of measurement the velocity is not measured and 

recognized that in some cases the sensor obtains 

Without a velocity signal there are only two possibilities 

of detecting “movable” and “stationary” objects: the first 

based behavior of the 

measurements over a fixed position (consistency-based 

approach)  and the second one is to analyze the position-

TBD). Both approaches are 

nd described in the following 

Some key issues of perceiving the environment are the 

latency or reaction time and the working range. As the 
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focus is set on cross traffic, the motion classification 

should work instantaneously to detect crossing traffic 

participants entering the sensor’s field of view in time. 

Because of the missing velocity measurements this is 

impossible for laser sensors. Yet, the reaction time can be 

reduced by using the “raw data” of the sensor and by 

abandoning the manufacturer’s tracking. The range where 

“movable objects” should be detected has to be up to 70m 

to the front and up to 50m to the side (requirement by the 

application). 

During our implementations we realized that it seems to 

be impossible to solve all situations in a correct way by 

using just a consistency-based approach due to sensor 

uncertainties and especially false-negative detections. 

Hence, the algorithm should allow an estimation of its 

limits and answer the question how far we can get using 

just one laser scanner. This analysis should be 

conservative. It turned out that the problem is not 

detecting “movable objects” but to be sure of having 

detected something “stationary” due to missing laser 

targets (false-negatives). 

The determined limits of the consistency-based motion 

classification should be extended as far as possible by 

other approaches or sensors to reduce the resulting false-

classifications. But the estimation of the guaranteed 

minimum limits should not be violated. 

Digital a-priori map data must not be used to optimize 

the performance abilities of the motion classification. 

Errors in the map data could lead to serious failures in 

classification. This approach would moreover forbid a 

detection of unexpected behavior of traffic participants. 

 

4 Related Work 

There are several approaches for detecting moving 

objects in literature. [6] provides an overview on existing 

approaches. There are two main ways of detecting moving 

objects with laser sensors: track-before-detect (TBD) and 

consistency-based detection. The TBD-approach decides 

on the basis of a track’s properties whether it is a moving 

object or not [8]. That means all incoming sensor data will 

be tracked and the decision whether it is a reliable track or 

not will be made plausible by the track’s lifetime, 

position, moving direction, or any other criterion. So, this 

approach analyzes the object’s position over time. 

The consistency-based approach analyzes the time-

based hit/miss-behaviour of a point fixed in place. The 

consistency-based approach described in [6] uses an 

occupancy grid, converts parts of it into a polar coordinate 

system and compares them to the current laser scan. Areas 

where inconsistencies have been detected are stored in a 

separate map. In [4] a very similar approach is presented. 

[9] describes a consistency-based approach applied in 

indoor environments which does not explicitly focus on 

keeping all information about the occupancy of dynamic 

objects over time and which does not need to master a 

huge working range. 

In [6] it has already been discussed that a TBD 

approach for MOD in urban environments is not suitable. 

There are many targets in a scan needing to be tracked and 

the stationary objects next to the road will always remain 

problematic. Moreover, in urban environments it is very 

difficult to make a reliable decision between real moving 

objects and false objects as there are no rules for a typical 

behaviour of moving objects. But above all, a TBD 

approach seems to be too slow to be applied for cross 

traffic. Precious time gets lost due to the initiating of a 

stable track and waiting for a minimum lifetime to be 

really sure of having detected a moving object. So this 

approach will not be followed up as an isolated 

application. 

A consistency-based approach seems to be more 

convenient for laser sensors. The existing approaches 

either do not follow up a clear separation of “movable” 

and “stationary” objects or they have a feedback feature in 

the information flow. In all approaches the occupancy grid 

is used to detect inconsistencies between the measure-

ments in past and current scans. 

To find out the limits of a consistency-based approach 

for moving object detection focusing on cross traffic and 

starting traffic lines we have tried another approach 

without any filtering algorithm and without any feedback 

in the system as shown in Figure 2. This approach allows 

a detailed look into the order and history of measurements 

for each cell and thus gives some hints on essential 

parameters. Details on this can be found in [3] and are 

summarized in chapter 5.1.  

sensor MOD

occupancy

grid

tracking
movable objects

stationary objects

Figure 2: New approach: consistency-based motion 

classification without feedback. 

 

In [4] and [10] laser and radar fusion have already been 

proposed for moving object detection, but they do not 

focus on cross traffic. Furthermore, [10] does not follow 

the goal of separating movable from stationary objects – 

but both static and dynamic objects are stored in the 

occupancy grid. In [4] short range radars are used to 

confirm dynamic objects detected by a consistency-based 

approach using laser targets. The radars provide tracked 

targets up to a range of only 30m and the approach does 

not focus on cross traffic either. 

 

5 The New Approach for Motion 

Classification 

The top priority of our approach is to be really honest in 

making a decision whether the incoming laser data is of a 
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“stationary” or “movable” object and to detect and handle 

the limits of each component.  

In our case three possible approaches are considered: 

1. A consistency-based approach with a laser scanner 

2. Track-before-detect with a laser scanner 

3. An approach with a scanning radar sensor 

Each of these components should provide reliable 

information only. None of these components is sufficient 

when applied on its own – but each component has its 

particular advantages as described in the following 

paragraph. We have tried to find the advantages and 

disadvantages of each approach, optimizing each of them 

on its own and propose a selective combination of these 

three approaches to achieve an optimized result for a 

motion classification. 

 

5.1 Consistency-based Classification 

In [3] we have presented our results concerning the 

consistency-based motion classification based on laser 

data only. The goal of the consistency-based motion 

classification is not to store information about the 

appearance of “static” and “dynamic” objects because the 

decision whether an object is “static” or “dynamic” can 

only be made by analyzing the object’s velocity. As this 

value requires a tracking if laser sensors are used, the 

storage of “static” or “dynamic” would refer to a “track-

before-detect” approach. But the goal of the consistency-

based motion classification is to decide between 

“movable” and “stationary” based on the order of 

incoming sensor data at a point fixed in place. 

This approach uses a grid-based representation of the 

environment. Each cell of the filled layer assumes a 

certain state (“unknown”, “no hits”, “hits only”, “non-

significant inconsistency” or “significant inconsistency”, 

see Figure 3). The state “significant inconsistency” is 

frozen by the help of a state machine. The state “non-

significant inconsistency” is assumed by cells where the 

data is not decisive enough. These light conflicts may be 

caused by false-negative measurements. So this state is 

only for handling sensor issues. The cell’s state can 

change from “non-significant inconsistency” to “hits 

only” if the miss updates seem to be false-negatives, or to 

“significant inconsistency” if more reliable miss 

information has been measured. So, non-significant 

inconsistencies can be corrected over time, significant 

inconsistencies remain in the cells history for ever. The 

junctions from one state to another are defined by an 

evaluation of an explicit history (see Figure 4). Each cell 

of the layer provides a history of measurements where a 

hit/miss-information as well as information about the 

distance of the measurement to the sensor at the moment 

of measuring is coded. The history is not complete – it 

only stores data of a defined time span due to memory and 

performance limits. It is the task of the state machine to 

ensure that no information of the complete foretime gets 

lost. 

 

no hitshits only

unknown

significant

inconsistency

non-significant

inconsistency

 

Figure 3: State machine of consistency-based approach in 

each cell.[3] 
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Figure 4: Example of a history in a cell marked by the 

dot.[3] 

 
In an interpretation module the combination of a cell’s 

state and an incoming laser target leads to a channel-based 

classification of the incoming targets as shown in Table 1. 

A perceived target matched to a cell with the state “hits 

only” leads to a classification as “stationary”, whereas a 

perceived target matched to a cell with the state 

“significant inconsistency” leads to “movable”. If a target 

is matched to a cell with the state “non-significant 

inconsistency”, it is classified as “potentially movable”.  

This consistency-based approach allows an estimation 

of its limits due to the physical coherence of sensor update 

period, length of history, and scenario to be resolved. For 

example, assuming a sensor update period of 60ms and a 

history with 31 entries (time span of 1,86s) it can be 

ensured that for example pedestrians with a width of 1m 

and a minimum speed of 5 km/h can be detected as 

movable objects (���� + ���� = 1,38 + 0,45 < 1,86) 

even outside a critical area (see further down), whereas 

buses of 18m length at a speed lower than 45 km/h 

(���� + ���� = 1,44 + 0,45 > 1,86) cannot be 

detected outside this area with certainty as movable 

objects using this history length. tgap results from the 

treatment of false-negative measurements. For details 

please refer to [3]. 
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Cell state Interpretation result Color 

Not enough 

measurements 

Unknown Transparent 

Hits only Stationary Red 

no hits -Does not occur- Yellow 

Non-significant 

inconsistency 

Potentially movable Cyan 

Significant 

inconsistency 

Movable Blue 

Table 1: Interpretation result of the cell’s state of the laser- 

based layer in combination with an incoming laser target. 

The main advantage of this approach is that it works 

almost instantaneously in the entire sensor’s FOV (+-80°, 

70m to the front, 55m to the side, see chapters 2 and 3), 

i.e. for areas which had been assigned the state “no hits” 

or “significant inconsistency” before. Within a sensor 

specific range (in our case 25m) the state “significant 

inconsistency” is frozen by the state machine. Outside this 

range the information of inconsistencies is not reliable 

enough due to false-negative measurements because of a 

critical angle of incidence at walls and bushes in parallel 

to the road. This is another limit of the proposed approach 

as we have determined. It is handled by setting the cell’s 

state to “non-significant inconsistency” instead of 

“significant inconsistency” and by classifying the 

incoming laser targets as “potentially movable” only (see 

Table 1 and Figure 5). 

In Figure 5 the occurrence of false-negative 

measurements can be notified. The yellow marked areas 

on the roofs of the houses result from more than one free 

update.  

 
Figure 5: Working areas of consistency-based motion 

classification (colors are explained in Table 1). [12] 

 

5.2 Classification by Track-Before-Detect 

As already mentioned in chapter 4, the strong point of a 

TBD-algorithm is not necessarily its reaction time. But it 

generates new information over time, so this approach is 

useful for larger distances. We use this approach to 

support the consistency-based approach in the range 

where the latter can no more detect “significant 

inconsistencies”. The idea is to store data about the 

appearance of stable tracks in a grid-based structure again. 

We presented a detailed description of this layer in [11]. 

The main value stored in this layer is a likelihood of 

existence of objects accumulated over time. Due to the 

urban environment this likelihood only depends on the 

object’s age and its variances of velocity and position. 

Other parameters like the object’s moving direction or 

place within the sensor’s field of view cannot be 

considered in urban environments without a priori 

background knowledge. So, this layer is filled by the 

result of a tracking and closes a feedback in the system. 

 

 
Figure 6: Layer with Track-Before-Detect-information. 

Objects are represented by white boxes, the velocity in a 

special cell by the arrow and the likelihood of existence of 

stable tracks by the transparency of the white trace. This 

works also for crossing traffic. [12] 

 

Thus, if outside of the critical range in the first approach 

of 25m an object comes to standstill, the cell’s state of the 

consistency-based approach will converge to “hits only” 

after a while. This will lead to a target classified as 

“stationary”, even though it is known that it had already 

been moving. Now, as this object has already been tracked 

for a while, a conflict can be detected between the 

consistency-based motion classification and the TBD-

based motion-classification. This conflict will change the 

target’s state from “stationary” to “potentially movable”. 

Furthermore, we obtain additional information for those 

targets which have been classified as “potentially 

movable” or “unknown” and can now classify them as 

“movable” based on the recognition of the tracking. 

This component is used very carefully due to the fact 

that a feedback within the environment perception is 

generated. The guaranteed limits of the consistency-based 

motion classification are not violated because 

inconsistencies are only handled outside the critical area. 

Within the critical area only “unknown” and “potentially 

movable” targets are supported by tracking information. 

This leads to an enhancement of the entire system and 

allows classifying these targets as “movable” as well.  

 

 

55m

70m

25m
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5.3 Motion Classification with a Scanning 

Radar Sensor for Cross Traffic 

Motion classification based on laser data only works 

sufficiently well for our purpose, but is not perfect. In 

especially detecting objects oriented in parallel to the 

ego’s moving direction (walls, bushes, …)  and thin 

objects like traffic light posts as “stationary” objects is 

tricky due to particular effects of the laser technology. 

And in greater distance there are possible failures in 

motion classification due to the opening angle of each 

channel in combination with a consistency-based 

approach using an equidistant grid.  

Making the results plausible by the laser sensor itself is 

not possible; nor making the tracked objects plausible by 

their properties as already discussed. Thus, a second data 

source might be useful which uses another measuring 

technology and provides independent data. So, we use a 

scanning radar sensor for additional input even though its 

field of view is not sufficient for cross road assistance.  

Because of the reaction time and less filtered sensor 

data, the object interface of the sensor is not used but we 

get a list of radar targets with distance, angle, and velocity 

in direction to the sensor. So, this data type looks very 

similar to the data type of the laser scanner. The goal is to 

create again a reliable data base for distinguishing 

“stationary” from “movable” objects. 

At first glance, it seems to be trivial to separate moving 

objects from static objects based on the velocity values of 

each radar target. Hence, it seems to be just as easy to 

store the information of appearance of “dynamic” or 

“static” measurements in a grid-based map in order to 

have a basis for deciding whether a laser target is of a 

“movable” or “stationary” object.  

But there is a problem concerning cross traffic due to 

the fact that the radar can only measure the velocity radial 

to the sensor’s measurement direction. This leads to the 

effect that objects moving orthogonal to the radial 

measurement direction have the velocity of 0m/s. Thus, 

the determination whether an object is “static” or 

“dynamic” cannot be based just on its velocity value for 

cross traffic. Storing this data in a map will lead to a 

systematic failure in classification for all objects moving 

orthogonal to the measurement direction. Especially cross 

traffic would be classified as “stationary” in a particular 

field of view. At this point, the information is no more 

reliable.  

Our solution is to combine a consistency-based 

approach with an analysis of the velocity values to 

distinguish reliably “stationary” from “potentially 

movable” laser targets and to be sure of the “stationary” 

information. A consistency-based approach requires hit 

and miss updates. The miss updates have to be handled 

carefully – it is not recommended to interpret them as 

drivable areas due to particular false-negative 

measurements of non-reflecting objects but for this 

approach they are necessary and within the context of 

radar objects they are valid. 

The reproducibility of the position of radar targets is 

much less exact than the one of laser targets. The point 

clouds are very noisy and sparse. This means for storing 

this data in a grid-based structure with miss updates a cell 

has to treat false-negative measurements in a correct way.  

By analogy to our implementation of the consistency-

based approach for the laser sensor we use a state machine 

to model the states “unknown”, “no hits”, “velocity 

detected”, “no velocity but miss-sequence”, “no velocity 

and no miss-sequence”. These states are linked as 

illustrated in Figure 7. 

no hits

no velocity

and no miss-

sequence

unknown

velocity

detected

no velocity

but miss-

sequence

 
Figure 7: State machine for radar-based motion 

classification. 

 

In the step of interpreting the cell’s state in combination 

with an incoming laser target, the state “velocity detected” 

will lead to “movable”, “no velocity and no miss-

sequence” will lead to “stationary” and “no velocity but 

miss-sequence” will lead to “potentially movable”. The 

latter is the feature handling cross traffic. As “movable” is 

directly linked to the velocity, the analysis is much less 

complex compared to using a laser sensor. And no explicit 

handling of sensor uncertainties is needed within the state 

machine, which is again different from the 

implementation for the laser sensor. Only the sequence of 

miss-updates has to be monitored to distinguish 

“stationary” objects from “potentially movable” objects.  

 

Cell state Interpretation result Color 

Unknown Unknown Transparent 

No velocity & no 

miss-sequence 

Stationary Red 

No hits Potentially movable Green 

No velocity but 

miss-sequence 

Potentially movable Yellow 

Velocity detected Movable Blue 

Table 2: Interpretation result of the cell’s state of the 

radar- based layer in combination with an incoming laser 

target. 

 

The results of this component of motion classification 

show that in deed cross traffic is not classified as 

“stationary”. Areas where moving objects have been 

detected lead to “movable” classification of incoming 

laser data and metallic objects like traffic light posts lead 

to “stationary” classification (see Figure 8).  
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Figure 8: Results of collecting motion data with radar 

(colors explained in Table 2). [12] 

 

Because no tracking is used for classification, this 

solution works instantaneously. The scanning radar 

provides a sufficient resolution in distance and angle of 

the targets and it is an independent source to support the 

classification of incoming laser data. 

 

5.4 Fusing the Three Approaches 

These three components all work channel-based. That 

means they have no context knowledge about objects and 

structures in the environment. Each incoming laser target 

gets additional properties by passing each of these 

components. The first one is the consistency-based 

approach from the laser sensor, the second one is the 

track-before-detect approach from the tracking of laser-

objects, and the third one is the consistency- and velocity-

based approach of the scanning radar sensor. The final 

motion class of a laser target results from the fusion of 

these three sources and a segmental evaluation. Due to 

different fields of view of the used radar and laser sensors, 

the elapsed time since the last update has to be considered. 

This fusion is done in a way that the estimation of the 

consistency-based approach is not violated and its 

weaknesses in the mentioned points are corrected by the 

other components as far as possible.  

 

6 Conclusion 

In this paper we have introduced a new approach of 

motion classification of laser data for cross traffic in urban 

environments. This approach focuses on the classification 

of laser data as “movable” or “stationary” objects (not 

“dynamic” or “static”, see definition in chapter 3) in a 

field of view of about 160°. Therefore, existing 

approaches (consistency-based and track-before-detect) 

are extended in a way that they provide reliable results 

and estimable limits. Within a limited range a nearly 

instantaneous detection of movable objects is possible. 

Outside this range a track-before-detect approach which 

has a longer reaction time looks for “movable” objects. 

As an independent source a scanning radar sensor can 

be used, which does not provide the required field of view 

but can support in a redundant area of 60°. With its data a 

grid-based map is created which is similar to the 

consistency-based approach for the laser sensor and can 

be used in the same way. To get a final result for an 

incoming laser target, these three sources are fused while 

retaining the estimated minimum limits and extending the 

maximum limits of the consistency-based approach for the 

laser scanner. 

The laser-based approaches are implemented and 

running online in a test vehicle. The estimated limits could 

be validated in real urban and crowded scenarios – even 

the detection of pedestrians is possible within the defined 

limits, as well as cross traffic. Outside a defined range, the 

track-before-detect-approach optimizes the results of the 

motion classification with its additional information.  

Independent from this, the creation of a grid-based map 

for the scanning radar is implemented. As a stand-alone 

solution it provides the expected results in real urban and 

crowded scenarios. The step of fusing these two results 

will be tackled soon. We expect an additional reduction of 

faulty objects in stationary areas and a faster classification 

of oncoming traffic as “movable” instead of “potentially 

movable”. We will evaluate whether it is possible to 

remove the feedback from the tracking without any 

disadvantages when a radar sensor is available. 
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