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Abstract— In order to fulfill typical household tasks, such
as fetching objects, robots need an accurate description of
their environment. Maintaining such a description, called world
model, requires (i) monitoring the environment for new objects
and (ii) updating object attributes in the world model whenever
needed. The focus in this work is on the latter of these two
subtasks. We present a generic framework that can be used
to keep a world model up-to-date. In addition, we present a
task dependent strategy that coordinates when to update which
object attributes. The task-based coordination strategy enables
robots to perform efficient world model verification. We present
a first the proof-of-concept experiment.

I. INTRODUCTION
As domestic robots are moving towards human populated environments, they are confronted with unstructured
and dynamically changing environments. In order to fulfill
typical household tasks, such as fetching objects, an accurate
description of the environment is indispensable. In this work,
we will refer to such an environmental description as world
model. We believe that a world model should at least contain
information about poses of semantically labeled objects, but
ideally contains information about other object attributes as
well, such as the color distribution, size or shape.
Once such a world model is obtained, it is important
to maintain it, i.e., to keep it up-to-date. Keeping a world
model up-to-date involves (i) monitoring the environment
for new objects and (ii) updating the current object attributes
whenever this is needed. This paper focuses on the latter of
these subtasks. Especially if the number of objects in the
world model becomes large, as in realistic scenarios, the
maintenance of a world model can be cumbersome. In order
to allow successful maintenance in these realistic scenarios,
we believe various requirements have to be met.
Closing the loop from world model to perception should
allow a fast and simple verification module, since the prior
knowledge provided by the world model simplifies the task.
If the perception system for example has to check if ‘that
black coat is still on the chair’, the prior knowledge changes
the task of ‘recognizing a black coat in a camera image’ to
‘verifying if there still is a black blob at the location of the
coat in the camera image’ (Requirement 1).
Secondly, the world modeling algorithm has to be flexible
regarding the object attributes. Robots should move towards
semantically richer world models. This means we do not
only want to be able to store or track positions of objects,
but also, e.g., color distributions or shapes. (Requirement 2).
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The coordination of attribute verification must be driven
by the task the robot has to perform. The world model
may contain many objects with many attributes but only a
subset of all objects and object attributes is relevant in the
context of the task. While picking up a bottle, the position
attribute of the bottle has to be very accurate whereas other
object attributes are allowed more uncertainty. If a robot is
waiting for a pancake to be ready it is useless to verify the
location of the pancake at tens of Hertz; if the robot has to
catch a ball, updating the ball’s position at tens of Hertz is
needed to allow the successful accomplishment of the task.
Our last requirement is a strategy that both efficiently, i.e.,
with a proper update rate, and effectively, i.e., the relevant
attributes only, coordinates when to update which attributes
(Requirement 3).
Closing the loop from world model to perception as
described in Requirement 1 is not new. In [1], adaptive
appearance manifold models are learned online with the
aim of improving the robustness of the detection algorithm.
In [2], non-rigid objects are detected using classifiers that
are updated based on the detections and [3] detects objects
using classifiers that are learned based on detections. We
present a generic framework that on the one hand allows
accommodating these methods and on the other hand enables
facilitating computationally cheap algorithms that can be
used to verify attributes such as color or position.
Both in tracking and perception literature, many different
attributes have been tracked such as positions and velocities
[4], color distributions [5], [6] or shapes [7], hence solutions
to Requirement 2 are extensively presented in existing literature. In this work, we do not aim at presenting new attribute
trackers but rather at introducing a generic framework that
allows accommodating any kind of tracker and a strategy
that provides these trackers with input data whenever this is
needed.
As stated in Requirement 3, we believe a strategy that
coordinates which specific attributes of which specific objects
are updated when is inevitable for both efficient and effective
updating of the world model. Previous work based on similar
ideas is scarce. In [8], [9], the methods used for state estimation are varied, e.g., more robust but less accurate tracking
algorithms if the conditions deteriorate and precise tracking
if the conditions are good [9]. We are interested in varying
coordination strategies rather then estimation methods, i.e.,
when to update what rather then how to update. Furthermore,
visual object search approaches [10], [11] use attention to
find objects in a cluttered or unknown environment, i.e., they
focus on interesting parts of the environment only. We aim
at task-based verification of object attributes in a, at least

partially, known environment.
II. CONTRIBUTIONS
We believe that Requirements 1–3 are crucial in order to
allow both efficient and effective maintenance of a world
model. Current literature seems to either focus on detecting
new objects or updating single attributes only. Maintaining
a world model is broader than that. Efficient attribute verification is needed, which in turn requires both a generic
framework that accommodates estimating various kinds of
attributes and a task-based strategy that coordinates the
verification. Therefore, the main contributions of this work
are:
• A generic framework that allows both tracking and
verifying any object attribute using simple perceptual
routines that are informed by the world model
• A task-based coordination strategy that only updates
relevant attributes of relevant objects in the world model
• Validation in a first proof-of-concept experiment
The remainder of this paper is organized as follows. In
Section III the architecture of the proposed framework is
explained together with the representation of objects and
measurements. Then Section IV focuses on the implementation details and presents experimental results. Section V
summarizes the conclusions and presents a possible direction
for future research.

The probabilistic models and the settings used for anchoring, tracking and data association are loaded from a
knowledge base, further explained in Section III-B. The
measurements used to update the attributes are generated in
the perception module explained in Section III-E and are
represented as explained in Section III-F.
B. Knowledge base
A knowledge base provides the tracking and data association algorithms mentioned above with the required prior
knowledge, i.e., models enabling prediction and probabilistic
models used during association. Representing this knowledge
in a separate knowledge base rather then incorporating it in
the world model simplifies configuring the world modeling
algorithm, e.g., setting different state estimators for objects.
The knowledge is represented by means of an XML-file.
C. Verification coordination

This section explains the architecture of the framework
proposed in this work and shown in Figure 1. Throughout
the Sections III-A–III-F, we explain the various components
and their interfaces.

The aim of the coordination module is to control the object
verification. Based on the task, a list of objects related to that
task can be specified and loaded to the verification coordination module. Together with each object, a maximum allowed
uncertainty for the relevant object attributes is loaded.
Propagating the object attributes in the world model to
a desired point in time increases the uncertainty, updating
the attribute using a measurement decreases the uncertainty.
Based on the maximum allowed uncertainty and the uncertainty in the world state provided by the world model,
it is decided which attributes of which objects need to be
updated. Currently, the list of relevant objects and attributes
per task are hand crafted. An interesting direction for future
work would be to let the robot autonomously deduce this
information from a common sense knowledge base.

A. World model

D. Verification tasks

The world model as it is represented in this paper contains
a list of objects. Each object is represented by a collection of
both continuous object attributes, e.g., position, and discrete
object attributes, e.g., class label. The collection of object
attributes describes the object state at the instance level and
is represented by a probability distribution over the attribute
space. One of the main tasks of the world modeling algorithm
is data association: associating measurements with objects
that are present in the world model already or with new
objects or clutter (false positives). We use an anchoring
approach [12] that incorporates multiple hypothesis tracking
based data association [13]. Further details regarding the
anchoring and data association algorithm are beyond the
scope of this paper.
Once the data association problem is solved, the object
attributes are updated based on the measurements. Typically,
the trackers described in the introduction can be used for
this. We use a Bayesian framework to recursively refine our
state estimates in a predict–update cycle that incorporates
multiple models [14] and explicitly takes uncertainties into
account. Any object attribute estimator can be accommodated
and further details, again, are beyond the scope of this paper.

If the uncertainty in a predicted object attribute value is
too large, an attribute verification has to be performed, as
explained in Section III-C. In that case, the predicted attribute
value together with both a 2D and a 3D region-of-interest
(ROI) in the sensor data is sent to the perception module.
The size of a ROI is based on the size of the object and
the uncertainty on the predicted position. We assume that
the predicted attribute value together with the ROIs enables
using computationally cheap algorithms for the verification
task. If this assumption is not met, the rational behind the
proposed verification strategy does no longer hold and more
advanced detection algorithms are required.

III. ARCHITECTURE AND REPRESENTATION

E. Perception
The perceptual system consists out of two parts. The
first part detects object attribute values in raw sensor data
provided by the robot’s sensors. As a result this component
detects and recognizes both new objects and objects that were
detected before without using prior world model knowledge.
Any algorithm can be used for this part of the perceptual
task and we will not go into any details since this is not
relevant in the context of this paper.
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In the second part, the predicted object attribute values
contained in the verification task are verified using a light
weight algorithm. In this work, typical attributes of interest
are position and color. An example of a light weight verification component is presented in Section IV-B.
Possible complicating factors in the second part of the
perception module are:
1) The object is absent in the ROI in the sensor data: If
an object cannot be detected in the ROI, this information is
fed into the world model, since the absence of an object is
valuable information in itself. The probability of the object
still being present will be decreased based on such observations. We will refer to this situation as object falsification.
2) The object is occluded: Occlusions can be detected
using depth information. If an object is occluded, no veri-

fication is possible and no falsification is allowed. With the
emerging presence of cheap 3D sensors such as the Microsoft
Kinect, we do not see the availability of depth information
as a restrictive assumption.
3) Visually identical objects fall in the same ROI: In this
case the ROIs will be merged and the verification problem
includes a clustering problem. However, the number of
clusters and reasonable initial guesses for the cluster centers
are provided by the world model. If visually identical objects
that are not present in the world model fall inside the ROI
of an object that needs verification, our approach will result
in inaccurate updates. More advanced detection algorithms,
e.g., the ones used in the first part of the perceptual system,
are required in that case.

F. Measurements
We distinguish between three different types of measurements, represented by the three arrows entering the world
model block from above in Figure 1. From left to right these
three types of measurements are:
1) Non-verification measurements from part one of the
perception module. These measurements can either
instantiate new objects in the world model, update
attributes of existing objects or be neglected as being
false positives.
2) Falsification measurements from part two of the perception module. Falsification measurements will be
used to remove objects from the world model.
3) Verification measurements from part two of the perception module. These measurements include verified
object attributes and will only be used to update
attributes of existing objects in the world model.
In this work we want the measurements to be represented
by probability distributions. The rational is that we do not
want to loose information about the uncertainty of the sensor
and the detection algorithm. In case of comparing the sensor
data with a set of object models, the matching score contains
more information than the truncated result. Some example
measurements could be:
zclass = {cup : 0.7; mug : 0.3}
for a discrete attribute measurement of the class label being
cup with a probability of 0.7 or mug with a probability of
0.3, or:
zpos = N (x | µ, Σ)
if the measured continuous position attribute can be described by a Gaussian with mean µ and covariance Σ.
The Bayesian world modeling algorithm introduced in Section III-A exploits the trust the perception algorithm has in
its estimates and the available knowledge regarding sensor
characteristics such as noise and accuracy.
IV. EXPERIMENTS
This section presents the experiment that has been performed to validate the ideas presented in the previous sections. We start by explaining the scenario in Section IV-A.
Then we explain all relevant details regarding the implementation in Section IV-B. After that, Section IV-C presents the
results.
A. Scenario
In the experiment, the AMIGO robot is asked to enter
a room. When AMIGO enters, he starts verifying a world
model that is assumed to be available from a previous trail.
Object attribute value uncertainties reduce and objects get
falsified.
Then AMIGO is invited to play the game of cups. During
this game, a ball is placed underneath one out of three
identical cups. An operator starts shuffling the cups around
and afterwards AMIGO has to tell the operator the location of
the ball. The initial locations of the green cups used during

the game are already verified during the first stage of the
experiment hence AMIGO knows where to go. During the
game, a very low position uncertainty is required to avoid
mixing the identities of the visually identical cups. Other
objects are permitted a higher uncertainty, since the object
attributes are less relevant in the context of the game.
B. Implementation
This section elaborates all implementation details that are
considered relevant for the scenario that is described in
Section IV-A.
1) When to update which object attributes: The verification coordination component described in Section III-C and
shown in Figure 1 takes as an input a task and the world state
according to the robot’s world model. To keep things wellpresentable, we have defined two task only: playing-cups and
room-exploration. Both tasks are defined in a single XMLfile represented by the task block in Figure 1, that in addition
describes the maximum allowed uncertainty for the limited
set of object attributes that are considered relevant for this
state. World model objects that are not defined are permitted
a default uncertainty.
2) Cup position tracking: All objects, except for the three
green cups, are tracked using a Kalman filter (KF) with a
constant position motion model. The green cups are tracked
using a KF with a constant velocity motion model. All
KFs have a probability of correctly describing the position
of the object. This probability increases after associating
the object with verification or non-verification measurements
and decreases after associating the object with falsification
measurements.
3) Verifying attributes during the cups game: During the
game, the positions of the green cups are re-detected using
a light weight color detection algorithm:
1) Based on the color and the predicted position, an HSV
color range and both a 2D and a 3D ROI are defined
2) All pixels that fall within both the ROIs and the color
range are collected into a cluster
3) The center of this cluster is calculated in the 2D image
4) The 2D cluster center is transformed to a 3D position
which is fed back to the world model
The prior information provided by the world model simplifies
recognition of the cups to detecting green blobs.
During the game, the ROIs of the cups intersect regularly
and as a result, pixels can be part of multiple ROIs. In that
case, step two changes to:
2) Pixels that can originate from multiple objects are
clustered using k-means clustering
The initial centers for the k-means clustering are the predicted 3D object locations projected onto the 2D image. As
a result, the clustering converges in one or two iterations
only. During the experiment, the computation time for the
verification algorithm is in the order of one millisecond.
In Figure 2, three examples outputs of the verification
algorithm are given. The blue pixels represent pixels that
fall in the 2D and 3D ROIs and the color range of at

least one cup, the green crosses represent cluster centers
generated by the k-means clustering. In Figures 2(a) and
2(b) the cup on the foreground is the only object present in
the world model, hence no k-means clustering is needed. The
other cup is held close to disturb the verification algorithm.
In Figure 2(a) the depth information still allows correct
clustering. In Figure 2(b), a subset of the pixels belonging
to the distracting cup on the background are grouped in the
foreground cup cluster. As a result, the cluster center is off.
Finally, Figure 2(c) shows how the clustering succeeds in a
scenario with three cups that are present in the world model.
(a)

(a)

(b)

(c)

Fig. 2. Three scenarios showing the performance of the k-means clustering
In (a) and (b) the world model contains one object, hence k = 1, and one
disturbing object is placed nearby. In (c), all three cups are contained in the
world model, hence k = 3. The blue pixels are the pixels that have to be
clustered, the green crosses are the resulting cluster centers that will be fed
back to the world model.

4) Object falsification: During k-means clustering, clusters might get empty. Furthermore, the ROIs might not
contain pixels within the color range provided by the world
model again resulting in an empty cluster. In the case of
empty clusters two explanations are plausible. Either the
object is not present within the ROI or the object is occluded
by another object. In the experiment, the depth information
is used for occlusion checking. If occlusions cannot explain
the empty clusters, object falsification measurements are
published to the world model.
C. Results
Figure 3(b) shows the robot’s view during the experiment
together with a world model overlay. The red spheres indicate
the positions of the objects in the world model, the text labels
show the class label, the color and a unique ID.
When AMIGO arrives at the table, the world model
contains a blue book, a red cup and three green cups as
shown in Figure 3(a). As can be seen in this figure, the
world model is outdated, i.e., some of the positions are off
and the red cup is absent. After verification, the red cup is
correctly falsified and the other positions are updated. The
updated world model is visualized in Figure 3(b).
Figure 4 shows the variances in the x-position of the
objects in the world model during the verification that was
shown in Figure 3. In the first stage of the experiment, all
objects on the table are allowed a variance of 0.001 m2 .
The red line belongs to the red cup. Around t = 18, the
uncertainty of the red cup is larger than allowed and a
verification task is given. During the verification, the red
cup is correctly falsified. The blue line shows the variance

(b)
Fig. 3. AMIGO’s camera view with world mode overlay when arriving at
the table in (a) and after verifying the world model in (b)

belonging to the book’s x-position. During propagation of the
book position, the uncertainty increases and as a result, every
four or five seconds the position needs verification. Due to
the verification, the position can be updated and the variance
decreases to an acceptable level. The green line shows the
variance of one of the green cups. Initially, the variance
behaves similar to the variance of the book. However, around
t = 38 the task switches from room-exploration to playingcups. As a result, the allowed variance of the green cups
decreases and the verification tasks are sent about 28 times
a second.
The positions of the green cups during the game are shown
in Figures 5 and 6. Due to the high verification frequency the
robot is able to keep track of all three cups without mixing
identities despite occlusions and fast cup movements.
V. CONCLUSIONS AND FUTURE WORK
In domestic robotics, robots need a world model that
describes the current state of the world the robot is operating
in. Maintaining a world model requires (i) monitoring the
environment for new objects and (ii) verifying the states of
objects that are already included in the world model. The first
of these subtasks is well-studied whereas the second one is
not studied as a problem per sé. This work focuses on the
latter of these two subtasks.
First of all we have presented and implemented a generic
framework that allows verifying any object attribute. In
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Fig. 4. Variance in the x-position for the book (black), the falsified red
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addition, we have presented a first task-based strategy that
coordinates when to update which object attributes. The task
dependency has led to both efficient and effective world
model verification. The results of a first proof-of-concept
experiment were presented.
Future work consists of adding verification of different
attributes using different verification algorithms. This could
further proof the potential of our framework. In addition
we will investigate the possibility of letting the robot autonomously deduce which attributes are relevant in the
context of the task from a common sense knowledge base.
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