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Abstract — The sensory acquisition of the environment is the most important task of mobile robotics, as it is the foundation for any 
ability that the robot shall have, later on. Sophisticated tasks require an environment model for path planning, obstacle avoidance 
and many more. Furthermore, the robot needs to know where it is located within its environment to build-up, complement and 
update the model. Thus, environment perception, localization and mapping belong to the most important tasks of mobile robotics. 
We present a general approach supporting the use of arbitrary numbers and types of sensors simultaneously. This allows to 
operate with a large variety of already existing systems without changing any hardware setup. Furthermore, the semantic 
environment model, generated by our solution, can directly be used for sophisticated and automated environmental analyses. 
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I. INTRODUCTION 

Today, a multitude of different sensors are available and, 
due to their establishment in the entertainment and consumer 
sector, they are getting more and more affordable. Thus, and 
because of the high processing power of mobile devices 
nowadays, the conditions for new developments in the area 
of mobile robotics are better than ever. That is one of the 
reasons why the number of new service robots for personal 
and domestic use increased by 28% in 2013 and, according 
to the international federation of robotics (IFR), will increase 
even more rapidly in the next few years [1]. The professional 
sector is already further ahead, of course. In logistics for 
example, automated guided vehicles are very common by 
now. They are used to automatically transport baskets of 
goods through warehouses and drastically increase the effort 
compared to ordinary depots. 

Furthermore, many cars are already equipped with a 
variety of different sensors like ultrasonic, lidar, radar and 
(stereo) cameras for driver assistance, surveillance and 
collision avoidance systems. Thus, many developments 
established in the rather experimental context of mobile 
robotics are (partially) transferable to the domain of 
automotive, allowing advanced applications in everyday 
situations like autonomous parking in a car park or 
automated driving through a car wash. However, most 
approaches towards environment perception and localization 
are strictly bound to one sensor type or to one mobile 
platform. In some cases they are even limited to one specific 
sensor in principle, resulting in tailor-made solutions for 
certain mobile platforms. 

Instead of presenting an algorithm for one specific 
system, including a specific robot and a set of predefined 
sensors, we focus on an application as well as system 
independent concept for environment perception, 
localization and mapping. Nevertheless, the appliance of this 
concept to a specific scenario of course also needs some 

effort, namely the detection and description of semantic 
objects during the environment perception. This is discussed 
in detail in section III.A. Combining these objects into one 
comprehensive environment model allows for a variety of 
versatile applications, as presented in section IV. 

The publication is arranged as following: Section II gives 
a short summary of current developments in the area of 
environment perception, localization and mapping as well as 
how the navigation maps can be used additionally. Our 
application-independent concept for multi-sensor 
environment perception and modeling and its use for 
localization and environment analyses is presented in section 
Error! Reference source not found.. Finally, current results 
are given in section IV. 

II. RELATED WORK 

Most localization and mapping strategies are developed 
by the intention to create a faster or more accurate algorithm 
than already published solutions. To achieve that, the 
used sensor(s) and the used mobile platform are often fixed 
or have to fulfill specific constraints for the algorithm to 
work properly. Thus, the common methods are often only 
applicable to one specific test system, as in [2], or the set of 
systems satisfying the limitations of the particular approach. 
If more than one sensor is used, the exact arrangement and 
the  
types of sensors are usually predefined, and only minor 
changes in the setup of the hardware are allowed. 

In the literature, two popular localization strategies are 
mainly used in the context of mobile robotics. One is visual 
odometry, a dead reckoning approach using a previously 
determined position and successively estimating and adding 
the movement of the system over time. Usually, image 
features are tracked and the 3d-movement of the sensor is 
derived by using epipolar geometry, i.e. finding the essential 
matrix representing the extrinsic camera parameters between 
two consecutive images [3]. The other strategy is SLAM, 
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where special features are stored in a map and mostly a particle filter or an (extended) kalman filter is used to  
 

 
 

Fig. 1. Semantic environment model of a test area in the forest. F.l.t.r.: DEM with mapped RGB data; additional tree species map (color coded); detected trees 
with position, diameter, height and species according to local sensor data and remote sensing information. 

 
determine the most likely position of the mobile system 
according to the currently observed features. 

In [4] SLAM is defined as a technique that supports the 
incremental building of a 3-D map representation of an 
environment while also using the same incremental map to 
accurately localize the observer. The representation of the 
environment can be a high level minimalistic map derived 
from a sparse set of landmarks or a detailed dense 3-D 
model. Most approaches use simple characteristics like line 
segments [5] or image features like SIFT, SURF or FAST 
keypoints [6] as landmarks. These features are available in 
nearly every scene and offer good results in dead-reckoning 
approaches like visual odometry with rather small 
movements but are poorly applicable for mapping big 
environments, due to their ambiguity when viewed from 
different perspectives. They are mainly suitable for feature 
tracking in consecutive camera images, when the perspective 
changes are rather small. Furthermore, image features are not 
suitable for any other sensors than cameras, so there is no 
possibility to use those features across different sensor types. 
Attentional landmarks achieve better results, introduced in 
[7], as they represent the most salient region in the particular 
images of a camera sensor. But those regions are strongly 
dependent on the used sensor and therefore as inappropriate 
for multi-sensor SLAM as the commonly used image 
features. More promising landmarks are obstacles, as used in 
[2]. Here, the results of an obstacle detection algorithm are 
used as landmarks, as they present a barrier to the robot and 
are likely to be detected from many different perspective, 
because an object that the robot cannot negotiate from one 
side is probably also a barrier from another side. Although, 
the landmarks in [2] are artificial obstacles manually set on a 
flat floor, the usage of sensor-independently detectable 3d 
objects is a quite reasonable way to perceive and map the 
environment. 

In [8] a semantic 3D map for mobile robots is defined as 
a metric map that contains in addition to geometric 
information of 3D data points, assignments of these points to 
known structures or object classes. We will push this 
definition further towards a more human understanding of 
the environment, consisting of more than just a floor, walls 
and obstacles, but objects like trees, traffic signs, or cars that 

can be semantically described in more detail, and therefore 
can be distinguished between each other. These semantic 
landmarks are combined in a semantic environment model, 
which is more than just a map. Both localization strategies, 
Visual Odometry and SLAM, gain benefit from using 
semantic landmarks. Besides, the utilization of semantic 
environment models build a solid foundation for advanced 
tasks and analyses beyond localization, as mentioned in [9], 
shown in [10] and presented in section IV of this paper. 

 

III. ENVIRONMENT PERCEPTION AND MODELLING 

Mobile systems equipped with sensors are able to gather 
information about their surrounding environment by 
analyzing sensor data. This information can for instance be 
used to estimate the current pose of the system and to 
successively build up an environment model by combining 
the gathered sensor data and the estimated poses 
continuously. A very common approach to achieve this, is to 
detect remarkable features in the sensor data, match the 
features of consecutive measurements and to deviate the 
movement of the sensor in 3d space from the displacements 
of the features in the sensor space. Fig. 2 illustrates this 
process. The sensor data from sensor  at time  is denoted 
as . After a not otherwise specified feature detection 
method, the sets of extracted features and  from the 
sensor data at times  and  are matched to find a set of 
correspondences in the two consecutive 
measurements . To be able to match features 
not only on consecutive recordings of a sensor, they can 
additionally be stored and organized in a feature database. 
Using the information of the matched features, i.e. the 
movement of the features in the time step from  to , 
allows to estimate the movement of the sensor in 3d 
space . Only now, the sensor space has been left, 
restricting the so far used methods exclusively to sensors of 
the same type as sensor . 
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Fig. 2. Most common approach for proper motion estimation from feature 
movement in sensor space over time. 

 

Fig. 3. Proposed semantic environment perception and movement estimation 
in 3d space, leaving sensor space as soon as possible by 3d environmental 

object detection. 

To dissolve the restrictions to one specific type of sensor 
as soon as possible, a semantic environment perception and 
modeling approach is quite convenient. Fig. 3 illustrates that 
leaving the particular sensor space early and entering 3d 
space as soon as possible leads to sensor independent 
methods for matching, organizing and movement estimation. 
The sensor data  is directly used to detect 
environmental objects in 3d space and looses the dependence 
from the sensor. This indeed limits the usable sensor types of 
this approach to depth aware sensors, but besides ordinary 
monocular cameras, most non-contact sensors for 
environment perception are able to detect depth either 
directly or, like stereo cameras, by using well-established 
methods. 

A. Semantic Object Detection 

The key of our concept is the perception, recognition and 
attribution of 3d-objects from the sensor data and giving 
them a meaning, just as humans do, to keep their 
environment in mind and to orientate themselves. Using 
solutions from state of the art pattern recognitions and object 
classification allows for the detection of objects in the sensor 
data. Attributing these objects in order to describe them 
beyond a classification results in a semantic description of 
the particular object. 

For example a pattern recognition algorithm allows to 
recognize contiguous curvatures from laser scanner data and 
a classifier decides whether the curvature comes from a 
scanned tree or not, resulting in a set of tree objects. By 
investigating the appearance of each particular tree instance, 
certain attributes like the diameter of the tree can be added. 
These landmarks can be any natural object of the 
environment detectable by the sensors intended to use. In a 
forestry application it could be trees, in a railway scenario 
poles and crossties but also road paintings and traffic signs or 
lights in a road or highway traffic application. Furthermore, 

it is possible to use artificial landmarks when the 
environment is strongly symmetrical, self-similar and lean 
on characteristic objects like in warehouses or office 
buildings. Of course, it is necessary to develop and 
implement a detection algorithm for any object to be used as 
landmark and for any sensor intended to use. And on the one 
hand it would be a complex task to develop detectors for any 
kind of object in an unbounded scenario. But on the other 
hand, in a restricted scenario like in the woods, in a parking 
garage or even in urban traffic, the number of different 
object classes can be limited to a few, that are recurring 
regularly enough for the purpose of localization and 
mapping. 

 
 

 

Fig. 4. A brief modeling example of different landmarks and one 
extension class for modelling special features of particular landmark 

instances. 

So, a set of 1-5 detectable and describable objects should 
be sufficient, in most scenarios. Objects that are detectable 
by more than one sensor type are to be preferred, as they 
allow the fusion of different detection methods resulting in 
more robust and reliable detection rates. The detection 
algorithms can be as simple as the tree detector for 2d laser 
scanner introduced in [11] or more complex as the rock 
detector for stereo cameras presented in [12]. The detected 
objects need a distinct position in 3d-space to act as a 
landmark for localization. The position information should 
be as precise as possible, to ensure good localization results. 
If it is not possible to give the object one precise position, 
e.g. due to big dimensions, the object can be used as a 
landmark anyway, when the accuracy of measurement is 
given as an attribute. Of course, when the uncertainty gets 
too big, the object is not eligible for localization, but can still 
be used for environment description. 
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Fig. 4 shows a brief example for modeling different types 
of landmarks derived from one abstract landmark class 
allowing a consistent usage of all kinds of landmarks. The 
abstract landmark class possesses the fundamental position 
attribute to localize the object according to one reference 
system, also specified as an attribute, and the already 

mentioned accuracy. Additionally, the deviation of one 
object from the class's typical appearance can be specified by 
an extension that is attached to the actual landmark. In the 
example in Fig. 4, a damage extension is shown with 
appropriate attributes for the class and the degree of the 
damage, but further derivations are also possible. 

 

 
Fig. 5. One frame of a video sequence of a timber harvester in the forest. Left: blue and red circles are SURF features from the last and current frame. The 

green lines indicate feature movements from one frame to another; right: red and yellow cylinders indicate the detected trees from the last and current frame. 
 

B. Multi Sensor Usage 

In the conventional approaches, the number of sensors is 
either strictly predefined or it is variable but to add a new 
sensor is a demanding task. If there is more than one sensor 
involved, a special fusion step has to be introduced to either 
fuse the sensor data directly or to fuse the estimated 
movements at the end of the movement estimation step. 
Either way, the sensor types or even the special sensors are 
predefined by the particular methods from feature detection 
to 3d movement estimation, leading to a rigid connection 
between the localization approach and the hardware setup. 

By leaving the sensor space as soon as possible, i.e. 
directly after detecting semantic environmental objects, the 
effort for using multiple sensors is reduced drastically, 
because the landmark matching algorithm uses consistent 
input and therefore is invariant to the used sensors. This is 
because, the landmarks are all given in 3d space and there is 
no confusion among the different individual sensor spaces. 
Thus, instead of using the particular sensor coordinate 
systems, one collective reference system is used, e.g. at the 
robot's center, and each landmark is stated accordingly. It is 
as simple as effective to use a reference coordinate system 

 allowing to transfer all collected landmarks of the robot's 
environment to one matching algorithm at once, allowing a 
more robust matching between all currently perceived 
landmarks and the already mapped objects of the 
environmental model. 

C. Landmark Matching 

The application of a semantic environment description by 
using 3d landmarks instead of universal features allows for a 
simple and intuitive matching step between currently 
gathered landmarks and those from a built-up environment 
model. A smart classification of different recognizable 
objects prevents a wrong matching of semantically 
distinguishable landmarks, like traffic signs and traffic lights, 

already on top level. Otherwise, if multiple landmarks of one 
type were detected, like trees in a forest, further attributes 
can be used for distinction, as illustrated in Fig. 3. In the 
forestry one important parameter is the diameter of a tree at 
breast height (dbh), meaning 1.3m above the ground. When 
matching currently perceived trees with landmarks from our 
environment model, a comparison of the diameter allows to 
detect mismatches within the limits of the accuracy of the 
used sensor and the detection algorithm. Small linear 
movements result in small displacements of the landmarks 
from one frame to another, so a matching is quite simple, if 
the mobile system moves slow, compared to the detection 
frequency of the landmarks. Faster movements are bad and 
rotations are worse, as a small rotation around the robots 
center results in big displacements of faraway landmarks 
from one reception to the next. One solution is to forecast the 
new position of the mobile system by simply adding the last 
estimated movement to the last known position. When 
smooth movements are reasonable, this allows for better 
matchings than considering every movement step 
independently. If the smoothness assumption is not 
reasonable, the matching becomes more challenging. Then, a 
particle filter which is sampling many different possibilities 
in each step results in more reliable matchings. Currently, we 
are using a combination of both solutions. The simple 
forecast algorithm is explained in [13], and the particle filter 
approach is introduced in [14]. 

D. Movement Estimation 

After matching currently gathered features to the 
database the problem starts to get challenging in most 
common approaches. This is, when, the proposed approach 
has already finished, i.e. the 3d movement estimation is the 
most challenging part of the common gradual localization 
approaches, as the movement of a set of features in sensor 
space has to be interpreted to a 3d movement of the sensor 
according to the observed scene. Big difficulties arise when 
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the observed scene does not fulfill the vital static-scene-
assumption of all structure-from-motion approaches. Once 
there is a moving object in the scene, the distinction between 
the objects movement and the camera movement relative to 
the scene is very hard, as the involved features are 
independent and do not have an affiliation to specific objects 
of the scene and thus no distinction between a static 
background and moving disturbances, as the timber harvester 
in Fig. 5. Here, the forestry machine is moving forward and 
the handheld camera is moved independently. Without 
further investigations, the movement of the machine is hard 
to  

 

 

Fig. 6. Differences in measurements using lidar and stereo camera sensors. 

separate from the proper motion of the camera. For a correct 
estimation of the camera's movement, additional information 
is needed, as the features from the rigid scene and those from 
the vehicle are indistinguishable without a proper reference 
to the objects of the scene. Movement estimation from 
feature matchings in the sensor space is a very challenging 
step in the process of localization. And this step has to be 
repeated for each sensor type individually, because different 
features cannot be compared among each other. 

By using landmarks in 3d space, this problem can be 
solved much simpler. Once, a matching between currently 
detected landmarks and objects of the environmental model 
or earlier detected landmarks has been established, the pose 
or movement of the mobile system is implicitly given by the 
landmark movement relatively to the mobile platform. An 
average movement estimation from a larger set of landmarks 
can easily be determined, by solving a linear least-squares 
problem.  

The movement from the last known pose to the currently 
unknown pose of the mobile system hast to be stated as 
movement from the landmarks from the landmark map  
given in the last frame into the matching landmarks 

perceived from the sensor data  given in current frame 
coordinates. This transformation is given by 

 , ( 1 ) 

for all landmark positions  and , the rotation 
matrix 

 
 

( 2 ) 

and the translational vector . This transformation 
can be determined using a least squares approach. 
 

 
 

Fig. 7. Sample plot of trees around a calibrated sample 
plot point (center of crosshairs). 

Thereto, the equation has to be restated as a linear 
equation system of the form , with 

, ( 3 ) 

with  and  the - or -value of the -th perceived 
landmark, with  and  the number of matches 
between perceived landmarks  and landmarks from the 
map . When  is given as 

, 

the solution of the equation system is  with 

. 
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When detecting objects that are known to be fixed in 
their environment it is insignificant if some other objects in 
the scene are moving. The movement of landmarks from 
consecutive frames are given in 3d space and indicate the 
inverted movement of the mobile system. When the 
corresponding landmarks were found in the environment 
model, the matching allows for an absolute localization of 

the mobile system according to the reference system of the 
environment model. As a dead reckoning localization 
approach needs an initial starting point for building an 
accurate environment model, an additional method needs to 
be used for initialization. In the forest, we use an optical 
marker placed on a calibrated checkpoint to get the initial 
pose of our system according to that marker. 

 

 
 

Fig. 8. Analysis of the accuracy of tree positions in the generated environment model. 
 

A fast detection and marker's pose estimation is provided 
by using augmented reality marker as presented in [15]. If 
the pose and dimension of the marker is known, the camera 
pose can be estimated from the projection of the marker in 
the image space of the camera. 

E. Semantic World Modelling 

The combination of the semantic object detection from 
sensor data and the pose or movement estimated by matching 
and tracking these landmarks over time allows a clever 
organization of the objects in an environmental map or 
semantic world model. 

If additional data of the particular environment is 
available, it can be combined with the estimated pose of the 
mobile system and the detected semantic objects to get an 
even more detailed description of the environment. Getting 
back to the tree detection example, if remote sensing lidar 
data of the operation area is available, the height information 
of every individual tree can be deviated from that data, 
giving a more descriptive model of the environment or a 
semantic world model consisting of semantic objects 
connected among each other and combined with data from 
different sources. Fig. 1 shows such a model at some stages 
during the mapping process. 

This results in one semantic world model combining all 
the gathered information allowing more sophisticated 
analyses of particular regions of interest. A perfect structure 
for organizing heterogeneous data like this are graph 
databases as they allow for analytics of associative and 
contextual nature by using semantic queries, as they contain 
all relationships among the data in an explicit manner. Graph 
databases as well as the proposed semantic world model 
have a spatial cognition and are used to store and provide 
information instead of simple data, allowing a much more 

sophisticated view on their content and enabling support for 
semantic environment analyses. 

IV. RESULTS AND CONCLUSION 

In this section, the so far achieved results regarding 
environment mapping and analysis are presented, using our 
localization unit, which was introduced in [12]. For a 
detailed description and analysis of the semantic landmark 
based localization and mapping algorithm used, see [13]. We 
mainly used two types of sensors for environment 
perception. The first sensor is a 2d laser scanner with a rather 
big field of view of 270°, allowing a tree detection in a 
radius of up to 20 meters distance. Trees are quite simple and 
fast to detect from a horizontal laser profile, as they appear 
as semicircles with harsh depth jumps at the edges and rather 
smooth depth differential in between. A detailed description 
of the detection algorithm is given in [14]. 

The disadvantage of this sensors detections is, that there 
is no information at what height and under which vertical 
angle  the tree has been scanned, resulting in inaccurate 
distance and diameter measurements, as illustrated in Fig. 6a. 
Therefore, a stereo camera system is used as second sensor. 
Due to its vertical field of view, the ground is visible in the 
sensor data allowing to estimate a ground plane and to 
measure the diameter of the tree at a specific height (in 
forestry the diameter at breast height (dbh) is measured at a 
height  above the ground). 

The tree detection algorithm on sterized 3d point clouds 
(e.g. from stereo cameras) is explained in [16]. 

The detected trees can already be used as landmarks for 
localization, as shown in [14]. However, the information can 
also be enriched by analyzing additional data of the 
particular environment region. For example, in GIS 
application areas remote sensing data is often available in 
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high resolution and in large varieties, (RGB, IR, LIDAR, 
etc.). In forestry, this data can be used to generate a digital 
elevation and surface model (DEM, DSM) and a tree species 
classification map [17]. By mixing the detected tree positions 
with the information generated from remote sensing data, the 
tree species and the height of each particular tree (by 
subtracting DEM from DSM data) can be added to the tree 
objects. This results in an even more detailed environment 
model allowing complex analyses of the tree population in 
the particular area. 

Fig. 7 shows the resulting sample plot generated from a 
semantic environment model acquired from sensor data 
gathered in a test area near Arnsberg, Germany. It shows the 
calibrated sample plot point in the center of the diagram and 
the trees true to scale around it. These sample plots are 
usually made with high effort and expensive equipment, 
including a laser rangefinder (TruPulse), a D-GPS device, a 
caliper and a telescope.  

 

 
 

Fig. 9. Accuracy analysis of the diameter attribute of trees detected with a stereo camera system. 
 
The distance and polar angle between each tree and the 

sample plot point has to be determined before each tree is 
measured from different sides with a caliper to acquire the 
diameter at breast height (dbh). A tablet pc with an 
integrated camera and a lidar sensor is sufficient to record a 
sample plot automatically, by using our semantic 
environment perception localization and mapping approach. 
Fig. 8 and Fig. 9 show a comparison between the tree map 
acquired with the presented method and the manual 
measurements of a team of land surveyors. The automated 
mapping took about 3.5 minutes of walking through the test 
area with our localization unit. The manual measurement of 
position and dbh of the same trees, however, took about 2 
hours. 
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