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Abstract. An important requirement for autonomous systems is the ability to detect
and recover from exceptional situations such as failures in observations. In this paper
we investigate how traditional AI planning techniques can be used to reason about
observations and to recover from these situations. In this first step we concentrate on
failures in perceptual anchoring. We illustrate our approach by showing experiments
run on a mobile robot equipped with a color camera.

1 Introduction
One of the main requirements for an autonomous system is the ability to cope with exceptional situations in the execution of its assigned tasks. One approach to face this requirement
is to endow the system with the ability to use knowledge-based techniques to reason about
the flow of execution, detect anomalies, and automatically generate a contingency plan for
recovery. Most existing systems (e.g., [8, 3, 11, 16, 17]) tend to focus on the external state
of the world, comparing the observed state with the expected one. Discrepancies can originate in the failure of actions performed by the robot as well as in exogenous events. There is
however another common cause of problems in the execution of robot plans, which is more
related to the internal state of the robot: failures in perception, including the inability to acquire the perceptual data needed to perform the desired actions and the incorrectness of these
data. The ability of the robot to detect perceptual failures and to recover from them is pivotal
to its providing autonomous and robust operation.
Several works in the field have addressed the problem of planning for perceptual actions. Perception planning has been studied as a means for gathering better visual information
[14, 1], for achieving safer landmark-based navigation [15, 9], and for performing tasks that
involve sensing actions [10, 13]. None of these works, however, deal with the problem of
failures in the perceptual actions and of the automatic recovery from these failures.
In this paper, we propose to use AI planning techniques to automatically generate a plan
to recover from failures in the perceptual processes. We focus here on one specific type of
perceptual process: perceptual anchoring. Perceptual anchoring is the process of creating
and maintaining the right correspondence between the symbols used by a symbolic planner
to denote objects in the world and the perceptual data in the sensori-motoric system that
refer to the same objects. This process may fail if the uncertainty in the sensor data becomes

too high to allow the robot to unambiguously associate these data to a given symbol. In this
paper, we show how we can model the anchoring process in a planning formalism, and use a
planner to generate a sequence of actions to recover from a failure due the accumulation of
uncertainty. In this context, the main contributions of this paper are:
1. We isolate one of the causes of perceptual failure in robot plan execution; and
2. We give an example of how the robot can recover autonomously from these failures using
knowledge-based planning.
In the next section, we give a brief reminder of perceptual anchoring. In section 3 we
discuss some ways in which anchoring could fail and some possible recovery actions. In
section 4 we show how the anchoring process can be modeled in a planner and a recovery plan
generated automatically. Finally, we present an actual experiment run on a mobile robot. This
experiment is admittedly simple. The main purpose of this paper is to open a new research
direction in the use of knowledge-based planning in robotics, showing how it can be used
to deal with autonomous recovery from errors. Our first results indicate that this direction is
promising, but more work will be needed to further explore this possibility.
2 Perceptual Anchoring
Autonomous systems embedded in the physical world typically incorporate two different
types of processes: high-level cognitive processes, that perform abstract reasoning and generate plans for actions; and sensory-motoric processes, that observe the physical world and
act on it. These processes have different ways to refer to physical objects in the environment.
Cognitive processes typically (although not necessarily) use symbols to denote objects, like
“cup-22”. Sensory-motoric processes typically operate from sensor data that originate from
observing these objects, like a region in a segmented image. If the overall system has to successfully perform its tasks, it needs to make sure that these processes “talk about” the same
physical objects. This has been defined as the anchoring problem [5], illustrated in Fig. 1:
Anchoring is the process of creating and maintaining the correspondence between
symbols and sensor data that refer to the same physical objects.
In our work, we use the computational framework for anchoring defined in [4]. In that
framework, the symbol-data correspondence for a specific object is represented by a data
structure called an anchor. An anchor includes pointers to the symbol and sensor data being
connected, together with a set of properties useful to re-identify the object, e.g., its color and
position. These properties can also be used as input to the control routines.
Consider for concreteness a mobile robot equipped with a vision system and with a symbolic planner. Suppose that the planner has generated the action ‘GoNear(cup-22)’, where
the symbol ‘cup-22’ denotes an object described in the planner as ’a green cup on the table’.
The ‘GoNear’ operator is implemented by a sensori-motor loop that controls the robot using
the position parameters extracted from a region in the camera image. In order to execute the
‘GoNear(cup-22)’ action, the robot must make sure that the image region used in the control loop is exactly the one generated by observing the object that the planner calls ‘cup-22’.
Thus, the robot uses a functionality called Find to link the symbol ‘cup-22’ to a region in the
image that matches the description ’a green cup on the table’. The output of Find is an anchor
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Figure 1: The anchoring problem.


position of the cup, which is used by the
that contains, among other properties, the
‘GoNear’ routine. While the robot is moving, a functionality called Track is used to update
this position using new perceptual data. Should the cup go temporarily out of view, e.g., because it is occluded by another object, the Reacquire functionality would be called to update
the anchor as soon as the cup is in view again. More details about perceptual anchoring and
its use to perform actions in a robot can be found in [4, 6, 5].
3 Detecting Potential Failures in Anchoring
Perceptual anchoring can be affected by many sources of uncertainty, ranging from the intrinsic vagueness of symbols like “green” to the errors and imprecisions in the observed
properties of objects. This uncertainty can lead to different types of failures in the anchoring process, such as failing to find/reacquire an object or reacquiring the wrong object. Our
approach to dealing with these problems is to explicitly model the sources of uncertainty in
the anchoring process and to use AI techniques to reason about them. This will increase our
chances to detect potential failures and to recover from them.
One of these sources of uncertainty stems from predicting the properties of an object when
it is re-observed after some time. For mobile robots, this uncertainty is mainly due to the
accumulation of odometric errors as well as to errors in the estimate of the state of a moving
object. Both factors may induce uncertainty in the expected position of the object relative to
the robot. An effect of this uncertainty is that similar objects at nearby locations become more
difficult to discriminate after a long motion, which can lead to errors in reacquiring an object.
Another source of uncertainty is due to varying observation conditions. For instance, the
estimated color, size and position of an object in an image may change when observing the
same object from different viewpoints or under different lighting conditions. In the scenarios
we have run, the apparent changes of positions of objects caused by miscalculating the distance to those objects from different observation points is the main source of errors. We will
therefore concentrate on this type of uncertainty and show how it can be modeled in order to
detect and recover from situations where uncertainty creates ambiguity.
To illustrate ambiguities caused by both kinds of uncertainties, we will consider a scenario
inspired by our on-going work on a fire-rescue robot, where we want a robot to perform
some sensing actions on a gas bottle. A schematic view of the setup can be seen in Figure 2.
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Figure 2: The initial setup of the test scenario

Initially the robot only receives percepts for one gas bottle approximately 2.5m in front of
it,
 
and anchors a newly created symbol ’gb-1’ to these percepts.
Since the robot starts at
 
it knows that ’gb-1’ is approximately at coordinates
. The robot then moves to a
new observation point  and turns to face these coordinates. From here it receives percepts
from two gas bottles. Since there are small errors in positioning (a few centimeters) and large
errors in the
relative positions
of objects (a few decimeters) it receives percepts indicating gas
 
 
bottles at
and
. It has a choice of which of the two percepts to anchor to
’gb-1’. To simply pick the one closest to the expected position gives us no warning that there
is a large possibility of reacquiring the wrong object andno
means to recover.
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function represents how well matches by a real number between 0 and 1, and can be
defined in a domain specific way. For our scenario we have defined it as a fuzzy conjunction
of functions comparing attributes (eg. position, color, shape etc.) of the object and percepts.
By modeling the sources of error we can adjust the fuzziness of these functions to allow for
larger deviations when the predicted position of the object has a high uncertainty.
The necessity function %reflects
to what
extent
a given
percept is
the
only one matching an
&'"
*)
,'
+
"
%,'
+
"
(
object. It is defined as nec
pos
, where pos
is computed as the

maximum of the possibilities for anchoring to the other percepts available, or to no percept
at all. By computing the necessity of anchoring we can easily detect a number of situations
in which there is a risk of failure and take appropriate actions. In the example above the
necessities of matching the original object with any of the two gas bottles would be low even
though the individual possibilities are high. This indicates a risk for failures.
For a human user the correct solution to deal with this anchoring failure is easy: by going
back to a place close to the original position, where we had a good estimate of the position
of the object, we can reacquire it again. Next, we would move toward the desired observation point in small steps and constantly reobserve the object. By incrementally observing the
object as we are moving we get updated estimates of its position and can easily track it all
the way to the destination point. In the next section we shall see how this solution can be
generated automatically by modeling the uncertainties of the anchoring system in a system
for plan generation.

4 Planning and Recovery
The symbolic level of the robotic system we use for planning and recovery is based on the
planner PTLplan [12]. It is a progressive conditional planner that supports reasoning about
incomplete information, sensing, and uncertainty both in probabilistic and possibilistic terms.
Being a symbolic planner, PTLplan uses a state based representation, where actions are
defined in terms of what conditions should hold before and what will hold after the action.
Typical examples of actions could be to pick up or put down an object, to move from one
part of a room to another or to another room, and to check if a door is open or closed. A
planning problem consists of a description of the initial situation, a set of actions, and a goal
formula, and PTLplan finds plans by adding one action at a time, in different combinations,
until a situation is reached where the goal is sufficiently likely to hold. By using heuristics
expressed in logical formulas, the efficiency of the planner can be greatly enhanced.
In order to use PTLplan to solve problems related to anchoring and ambiguity, we need to
provide it with the initial situation and the predicates needed to describe it, and specifications
of the actions that the robot can execute. These need to model relevant aspects of the external
world as well as of the anchoring and action execution systems. Once the model is in place,
PTLplan can automatically generate plans that can then be executed by the robot. For the rest
of this section, we focus on the predicates and actions, which include:
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Topological information about the world, giving places (

) and connections.

/.

-

45

The robots position (ROBOT- AT = ) and actions to move between places (GOTO - POS ( )).
.

-

-

Objects currently in the
anchoring . database (OBJECT ( 6 ), OBJECT ( 7 8 ),. . . ) and their prop.
erties (GASBOTTLE ( 6 ), COLOR ( 6 , RED ),. . . ).
.

Sensing actions (OBSERVE ( 6 )) and meta information relating to our ability to reacquire
objects under different circumstances.

The first three parts above are quite standard in AI planning and we will rather focus on
the fourth part. The purpose of this part is to represent in the planner the meta information of
objects used in the anchoring process.
Two kinds of information are needed: from what position the object we are attempting
to reacquire was last anchored, and given that, how likely are we to reacquire the 9object
5
;:
at the current position. The first kind is encoded by a function LAST- SEEN - FROM ( )=
mapping each object to the position
it was last observed from. The second kind
is encoded as a
;

5 
:
predicate CAN - REACQUIRE pos pos signifying that we estimate that can be reacquired
5
:
from pos if it was last seen from pos .
The CAN - REACQUIRE predicate depends on two factors: how different the viewpoints
5
:
are at the two positions pos and pos , which will affect our position estimates for observed
objects; and whether any similar objects are nearby. The combination of large position uncertainty and nearby similar objects will make anchoring difficult. Note that although we don’t
know in advance
what percepts of similar objects we will actually receive when trying to

5
reacquire from position pos m we
can consider the objects that we know of beforehand and
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assume that for each such object visible from pos we will receive
a percept matching .
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puted from nearby object and returns a value in H
. The match function is selected in
5
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the context that we are currently at pos and that was last observed at pos . If the final comK
puted value (i.e. 1 minus the best matching) exceeds
a threshold
for conflict given to the
;
5 
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anchoring system then we add CAN - REACQUIRE pos pos to the
initial situation given
%L'"
to the planner. This represents a high expected necessity degree nec 
(as described in
section 3) when the anchoring system eventually will try to reacquire . The complexity of
computing one specific instance
of CAN
- REACQUIRE is linear on the number of objects.
;
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: 
The action OBSERVE pos pos is then defined to have the preconditions:
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and the effect: LAST- SEEN - FROM
pos . That is, in order to reacquire an object, it must
5
:
be “reacquirable” from the current position pos given that it was last seen at pos . Thus, the
planner will generate plans where the robot only tries to reacquire objects in situations where
the conditions for reacquisition are predicted to be good. The result of reacquiring is that we
register a new “last-seen-from” position for the object. Note that REACQUIRE can be made to
have other kinds of effects as well, e.g. providing information about properties of , but the
above representation suffices for the purposes of this paper.

5 Integrating Planning, Sensing and Action
To test the concepts discussed in this paper we have built a system running on a Magellan
Pro robot which integrates an anchoring system and the planner described above. This allows
us to autonomously deliberate and act on objects in order to fulfill some goal. The system
consists of the following parts:
-

A controller allowing us to perform movements and use odometry for positioning.
-

-

A simple vision system serving percepts generated from an onboard camera. The system runs onboard the robot and is segmenting camera images using standard algorithms,
extracting information such as shapes and colors at approximately 1 frame/sec.
-

An executor which translates high level plans into control commands.

-

An anchoring module which continuously updates a database of real-world objects and
their sensed attributes. This system also implements the ideas from section 3 and can
interrupt currently executing actions/plans.
The planner and the world model described in this section.

In our system the planner is used to generate a plan from the initial situation and the result
is given to the execution and anchoring modules. As the plan is executed the anchoring module can discover potential failures by examining the computed necessity values and possibly
interrupt the current plan. When this happens a new world model will be constructed from
the database of currently observed objects and their properties. This model is then given to
the planner which generates a new plan fulfilling the goal under these modified conditions.
Since the vision system used is quite simple there is a large degree of uncertainty in the
percepts. An example of the output of the vision processing where we have two regions of
pixels matching predefined shapes, can be found below.

((object (shape gasbottle)(color red)(pos 2.70 0.12)...)
(object (shape box)(color yellow)(pos 3.70 -1.75)...))
In addition to properties such as shape and color which can be extracted from the region
as such, the system also tries to estimate the would-be object’s position and size based on
its position in the camera image. Even though there is a large degree of error in the percepts
the final system implementing the anchoring functionalities discussed in the previous section
manages in most cases to maintain a correct model of the world and to operate on this model.
Next, we describe an experiment in which our system can detect and recover from a situation where incomplete initial knowledge leads to ambiguities. In this scenario we have a
simplified world consisting only of the robot, predefined places and static objects. Furthermore, the planner is given only two actions G OTO - POS and O BSERVE.
We set up. the scenario depicted in Figure 2 in which we have two identical gasbottles.
which is initially seen by the robot and which we want to investigate from
Gasbottle Q
another angle (eg. in order to look for damages) and QR8 which is
initially occluded by the
.
first gasbottle. We gave the planner the goal LAST- SEEN - FROM ( Q )=  and the planner, after
some exploration, returned the following plan:
G OTO -P OS (  ) ; O BSERVE ( Q

.P


S

)

This plan is expected to succeed
since the lack of other objects means that the predicted
.
 
neccessity of reacquiring Q is
. However, when the robot had moved to position  the
anchoring. system got percepts from both gasbottles and since the distance from the last point
where Q was observed was large (3m) the matching function allowed for large errors. in the
apparent position of percepts-objects. This means that
both percept matched object Q with a
.
high possibility and the necessity of reacquiring Q became too low (0.11). After noting the
conflict the system triggered a replanning from the current situation containing two similar
.
objects. The initial plan would not work S since the estimated necessity of reacquiring Q from
is too low because of the presence of QT8 . Thus the
 , when it had last been observed from
planner instead generated the somewhat longer plan:
G OTO -P OS ( U

.

.C

.0 S

U
) ; O BSERVE ( Q
) ; G OTO -P OS.C( UV8  ) ; O BSERVE ( Q
G OTO -P OS (  ) ; O BSERVE ( Q

UV8 )
.

.C

UV8


U

.

);

.

This plan uses a more cautious approach; first observing Q from U . means that a narrower
match function for position will be used when later observing Q
from UV8 and  which
makes the observe actions more likely to succeed.
Executing this plan succeded without errors
W 
and the neccessity of the final reacquire was
.
6 Conclusions
Knowledge-based planners have been used to plan perceptual actions, and to recover from
execution failures. The approach proposed in this paper puts these two ideas together. Although the proposed approach is very simple, we believe that it constitutes a first step toward
the long term objective of using knowledge-based techniques to detect and recover from perceptual problems in order to increase the autonomy of a robotic system.
One way of proceeding would be to augment the world model with simple reasoning about
occlusions which would provide the means to detect and recover efficiently from a larger

range of situations. We would also like to consider more complex perceptual failures and use
more sophisticated diagnosis and recovery techniques. Of further interest for this approach
is also the work on SRIPPs by Beetz et al.[2] where the authors use high level planning to
generate and reason about the image processing routines needed for some perceptual actions.
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