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Abstract— This paper describes how to define and execute
tasks that depend on localization for their success. Real-world
robotic systems that perform precise work at endpoints gener-
ally have tasks that fail if a robot’s localization error is above
the task requirement. However, most systems for considering
localization error are task-agnostic. We distinguish between
business-case-required work tasks and localization tasks, which
bound localization errors, e.g., by requiring a robot to perceive
visual fiducial tags. We describe how to sequence these tasks and
define localization tasks to decrease their probability of failure.
We identify localization requirements for a case study of using
visual fiducials to make those requirements less stringent, and
optimize placement of visual fiducials to make the system robust
to failures due to localization.

I. INTRODUCTION

Localization is a fundamental capability of autonomous
robots, and it supports much of the physical work a robot
executes. Unsurprisingly, errors in pose estimates can cause
failures in task execution. Commercial systems hence benefit
from clear requirements for the performance of a localiza-
tion system, but this poses a number of challenges. First,
most SLAM approaches use probabilistic methods and are
designed to operate robustly in conditions that are not formal-
ized, making formal analysis difficult. Second, most SLAM
approaches also work incredibly well most of the time,
hiding the long tail of rare errors that are relevant for cost-
effective commercial deployment at scale, with hundreds of
thousands of robots. Third, it is difficult to predict the impact
on localization and task success of a given change to the
environment, such as installing a visual fiducial in a specific
place, and balance the maintenance burden of such changes.

The performance of localization systems is often bench-
marked by measuring the localization error. One localization
error definition is the Absolute Trajectory Error (ATE),
which measures the distance between estimated poses & and
ground truth poses x, i.e., ATE := ||& — z||. Many authors,
e.g., [1], [2], and [3], evaluate a localization system’s error by
taking the RMSE of AT'F across discrete ground-truth poses
(z;)N_, and their corresponding estimated poses (&;)Y .
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Relative Pose Error (RPE) focuses on local consistency
when estimated and ground truth poses are estimated in
different frames; it individually aligns small segments of (x;)
and (Z;), then compares their offsets [4]. There are other
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methods of benchmarking SLAM algorithms found in [5]
and [6] (a thorough review is in [7]).

Some metrics are more task-specific: Overlap Displace-
ment Error (ODFE) uses (z;), (Z;), and a robot’s sensor frus-
tum to calculate map consistency as required by navigation
tasks [8]. Correct Rate (C'R), the amount of the states in
a trajectory which have below a certain required translation
and rotation error, can be made task-specific [9].

However, all these methods are either task-agnostic, or
require knowledge of x, which presents the following issues.
First, in a deployed production system, it is rarely feasible to
acquire z, since GPS (used in [10]) is not usable indoors, and
motion-capture systems (used in [2], [11]) are expensive and
impractical to install in active work environments. Second,
localization performance error metrics should include task-
dependent context for systems that accomplish work. For
instance, a very small error is needed to properly dock with
a charger outlet. However, a larger error is acceptable if
navigating through a wide-open area. Thus, localization error
metrics should not have one requirement for all tasks.

II. PROBLEM DEFINITION

Our problem consists of defining localization require-
ments: under what conditions will a robot’s localization error
directly cause a task to fail? We limit our system to robots
moving on a flat plane with poses € SFE(2) with a
localization system that produces pose estimates Z. We first
introduce pose sets to avoid reasoning about distributions and
then define tasks in relation to these pose sets.

Definition 1: Define X¢ C SFE(2) and call it an e-pose-
set, where, with probability €, the robot’s actual pose z € Xe:

e:P(xeXe):/

z'eXe

P(x = 2')dx’ (2)

Note that there could be multiple X for any given random
variable P for which Z is an estimate. For simplicity, we
shall construct one X¢ for a given z. In this case X¢ could
correspond to a 100e-% confidence interval for the Gaussian
distribution N (%, P), where Z is the mean and P is some
covariance diag(oy, oy, 0g).

Definition 2: A task T is defined as a tuple:

7= (2"5,F) 3)

where z* € SE(2) is the goal pose which the robot is
expected to reach for the task. We ignore errors in the robot’s
actuation and motion planning and assume that the robot has
moved its estimated pose perfectly to the goal pose at the
start of a task: & = z*.



S C SE(2) is the success set: if the robot’s pose x € S,
then the task’s localization requirements are met and the
task can execute successfully. Otherwise, the localization
requirements are considered not met and the task may fail.
S is motivated by the task-space region (TSR) from [12],
but less constrained; in [12] TSRs are defined by lower and
upper bounds on (X, y, z, roll, pitch, yaw) but success sets
can be any set of poses, seen in Fig. 1 and 3. Note that the
robot only knows & and cannot know z without a perfect
localization system. In addition, tasks can fail for other
reasons than localization. Therefore, the robot determines
actual task success with an external process, such as the
robot’s successful docking with a charger, or perception of
a specific endpoint target.

Finally, F' models how a robot goes through a finite
sequence of poses ()N, with associated estimated poses
(4;)., while executing a task. A task starts at pose ¢ and
ends at z. For each Z; we have a corresponding Xf. We
call F' the pose-set-modifier and it describes how the e-pose-
sets change from the beginning to the end of a task:

F:X§— X§ 4)

We now introduce three special types of tasks: work
tasks, localization tasks, and navigation tasks with respective
subscripts 7,,, 7¢ and 7.

First, work tasks are defined by some external pose con-
straint: i.e., the need for a robot to dock with a payload, a
charger, or some other fixed location.

Definition 3: A work task is defined as a tuple:

Tw = (2}, Sw, Fw = ID) 5)

where ID is the identity, i.e., pose estimates do not change
throughout the course of a work task.

Fig. 1 illustrates 7, with the example of parking a car: the
goal pose x7, is at the center of the spot, and S, is defined
as any pose which places the car in the parking lines.
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Fig. 1. A robot reaching a goal pose z* = Z (red arrow) with three
localization errors from left to right. The third case fails because the error
is too large, exceeding S. The rightmost plot shows the corresponding S
for which all corners of a 1.5m x 4.5m car are inside a 3x5m parking space.
Color illustrates Y-dimension.

Second, localization tasks are used to improve localization
in order to perform work tasks. They are intermediate tasks
whose goal poses can be adjusted, since they are are not
defined by a business use-case. For instance, a localization
task can represent a robot perceiving a visual fiducial.

Definition 4: A localization task is defined as a tuple:

Ty = (xz7SZ7F£7fZ7TZ) (6)

The robot does not move, i.e.,, Tg = zn, but N = 1, and
Fy can modify X to X5;. In addition to goal pose z; and

success set Sy, localization tasks have a pose-observation
function fy, which outputs a pose estimate f(xg) = Zops
observed from the robot’s actual pose xg.

fe:Se— SE(2) (7)

fe 1s defined only on S, but it may return pose observations
outside of Sy. Generally, these are expected to be close by. If
xop € Sy and the process producing pose observations returns
successfully, then 7 is successful and it guarantees that:

H-rO - iobs” <T¢ (8)

In colloquial terms, reaching S, for a localization task
produces a pose estimate &,ps With an error smaller than r,.
This estimate is integrated into a localization system. For
simplicity, we assume that we set T := Zops if 74 succeeds
thereby guaranteeing that ||xy — Zn|| < ¢ and therefore
bounding the size of X - In practice, for small r, we expect
that X & 1 smaller than XS, i.e., the observation not only
improved our estimate, it also reduced our variance which
we reason about with the set of possible poses.

Note that in practice one may have g ¢ S, but the ob-
servation process may still succeed and produce an estimate.
We ignore this complication.

Third, we introduce a navigation task to model how a
robot’s pose estimates change when moving between tasks
with different goal poses.

Definition 5: A navigation task is defined as a tuple:

Tn = (2, &N,S, = SE(2), F,,) 9)

Navigation tasks are considered to always meet the localiza-
tion requirements for success, hence S,, = SE(2).

Note that z, is the goal pose for beginning the navigation
task and therefore the start pose 2 for navigation. At the end
of a navigation task, a robot will have estimated pose at the
target pose Zp, real pose xy, and probable pose set va
We assume that navigation is achieved by some controller
which generates (z;)Y, and therefore F, in combination
with the localization system. The main purpose of navigation
tasks is to model how much X¢ will grow from XS to X N
while moving. An implementation of this might involve using
filtering techniques to predict how much the covariance of a
robot’s pose estimate will grow, and modeling this in F},.

III. MAKING TASKS MORE ACHIEVABLE

Now that we have defined tasks and can determine whether
a robot’s state and e-pose-set meet task localization re-
quirements, we can specify and order tasks to decrease the
probability of failure. Consider a sequence of tasks (7;). If
the robot executed task 7;, is at its estimated position 2, and
needs to complete a next task 7,1, the task may fail if e-pose
set va Z Si+1, but will meet the localization requirements
with probability > e if X5 C S;11. For convenience, we
shall focus on a simple task sequence of only 7,,, 7¢, 7,,. Here
it is best to think of 7, as introducing error and widening
the pose set but allowing the robot to move, and 7, as having
a wide Sy and a small r, which matches the corresponding
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Fig. 2. (a) e v & Sw, so work task may fail. (b) Localization task succeeds because XS C Sy, shrinking the e-pose-set to va for the next task. (c) A
navigation task moves & to 7, but grows X¢. (d) X§ C Sw, so work task is now guaranteed to succeed with probability e.

size of Sy,. The basic pattern of 7,,, 7y, 7, is similar to the
idea of image pre-chaining, as defined in [13] and [14].

In practice, work tasks are pre-defined and fixed. Naviga-
tion tasks derive from the need to place the robot at the goal
poses of work tasks, and appropriate localization tasks are
added to make sure X ~N C S;11 holds true for the sequence.

For example, consider a robot with a current pose at & =
x;,, which has to complete a work task 7,,. However, its
localization uncertainty is too high, so its possible pose set,
X €, is not a subset of S, (Fig. 2a). The task could be pre-
chained with a localization task. If 37, s.t. Xe ¢ Sy, and
F, g(X €) C Sy, task chain [74, 7,,] will succeed. Alternately,
the task could also be pre-chained with a navigation task.
If 37, s.t. Fn(Xe) C Sy, task chain [1,, T,] Will succeed.
This is illustrated in Fig. 2: a work task is originally not
guaranteed to succeed because it has too much of a pose
error. A localization task at the same pose shrinks the e-
pose-set. Then, a navigation task is performed to bring the
new pose estimate to the goal x,. This grows the e-pose-set,
but it is still a subset of S,,, so the work task can succeed.

There are several ways to exploit this formalization. One
is to start with a parametrization of localization tasks. For
instance, a landmark or fiducial in an environment may
provide a pose observation whose quality depends on the
distance to it. In this case, by modifying r, and observing
how Sy shrinks or grows, multiple tasks can be created from
the same landmark. This can allow a planner to generate the
localization task with the appropriate r, dynamically from
available landmarks or fiducials. Similarly, the goal poses
can be adjusted, leading to a different F} for a given fiducial.

Alternatively, one can also hand-craft task sequences and
use the formalization to evaluate whether these succeed. This
still requires an experimental characterization of Fy and Fi,.

In addition to pre-chaining tasks, we can make tasks
inherently easier to achieve: informally, increasing the size
of S. For the work task in Fig. 1, this could mean making a
parking space larger, or a car smaller, so it is easier to fit the
car in the space. For a localization task, as the one shown
in Fig. 3, a visual fiducial could be made larger, the lighting
around it improved, or its shape optimized to decrease pose
error (as in [15]), so that an accurate pose estimate can be
acquired from further away.

Third, we can better place S with respect to z* to ensure
X€¢ C S. In the next section, we do this for the use case
where 7, requires viewing a planar visual fiducial.

IV. REAL-WORLD USE CASE

This section applies our task framework to an example use
case run on a robot with commercially available hardware.
It programmatically defines X for its localization system
and S for its localization task of viewing a visual fiducial.
It describes how to optimize the visual fiducial’s pose to
maximize the chance X¢ C S for the localization task.

A. Setup

This system uses a robot with a forward-facing Realsense
camera used to read large visual fiducials on the walls (with
forward-camera to robot transform 7T, € SE(3)).

In our example, our work task 7, requires that a robot
must navigate to an endpoint and do some precise work, for
which S, is quite small (as shown by the bounding box
TSR, C S, in Fig. 3a, which extends a few centimeters
in z and y dimensions, and a few degrees in 6 dimension).
Assume that during normal operation of this robot’s SLAM
system, X¢ is centered around the SLAM pose estimate &
with < 1 m translation error and < 2° rotation error. So,
||z — &|| is often higher than several centimeters, meaning
X¢ ¢ S, when approaching xy, and the task can fail, as
shown in Fig. 3b. This causes frequent failures of task 7,
which prevents consistent system operation.

To alleviate such problems, we pre-chained 7,, with a 7,
in which a visual fiducial (April Tag [16]) was placed with
tag pose in world frame T} € SE(3). If the robot got a
“good detection” of the tag, the pose estimates from the tag
detections were added into the robot’s localization estimate.
For a “good detection” x € Sy, the robot’s pose in the world
frame T € SE(3) must follow certain conditions.

First, the visual fiducial is detected. For the tag to appear
in the field of view of the robot’s front camera, T € V), the
visibility region of the tag: the set of robot poses from which
all 4 tag corners (u,v) appear in the camera’s field of view,
as calculated by projecting tag points into the camera’s 2D
image plane via the projection equation.

Second, the camera-to-tag distance and angle are low
enough to yield a good pose estimate. As discussed in [17],
pose estimate error bounds can be fit based on camera-to-tag
transform T7: they increase with camera-to-tag distance d,
angle from camera normal to camera-to-tag line of sight ¢,
and angle from tag normal to camera-to-tag line of sight 1.

We define Sy for our task (shown in Fig. 3c) as the T
where TV € V and where T! = T x T x T has d < dpaz,
¢ < Gmaz> and P < Ynee, such that tag estimate error
[|Zobs — x|| < a certain threshold 7.
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Fig. 3. Red indicates .S, blue indicates X. For (a) and (c), color illustrates theta dimension and bounding boxes T'SR C AS for illustrative purposes.
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(¢) Sy is the set of poses from which the robot can detect an April Tag with pose error < 7. (d) XS C Sy¢, so ¢ must succeed - this decreases XS to
the smaller X §;, where ||z’ — z|| < r¢ Va2’ € X§,. (e) X§ for 7y = X'§, for next task 7. X§ C Sw, 80 Ty can be achieved.

So, Xec TSRy, C Sy, so Xec Se, and the pre-chained
localization task 7, will succeed (Fig. 3c). Then, after April
Tag pose estimates decrease ||z — 2|| < 7, X€ is centered
around a new estimated pose & with < 5 cm translation error
and < 2° rotation error (Fig. 3d).

Then, if X¢ ¢ X, a navigation task 7,, = (&, 2%, F,) can
be specified to move the task from 2 to x},. Because the robot
remains in the field of view of the tag, it is expected that the
uncertainty will not grow very much, Xe = Fn(X €) C Sw»
so the task can be completed (Fig. 3e).

B. Visual Fiducial Placement Cost Function

For reasons of cost, visual fiducials cannot be placed all
around a building; they should be placed selectively near
work endpoints with stringent localization requirements.

The problem is to place an tag with some transform 7? €
SE(3) between the tag and a work endpoint which has pose
T* € SE(3). We define a cost function to maximize the
chance that the tag is in the drive’s camera’s field of view
and minimize pose error. The cost ¢ of viewing a tag from
a given robot pose x or T, with T! = T! x T¢ x T* and
associated d, ¢t calculated from T = T x TT is:

Chigh if Trw ¢ V., d> dmass

c= @ > Gmaz> OF Y > Vax (10)
err(d, ¢,v) ifTY eV

err(d, ¢,¢) = c1d® + c2” + c31)” (11)

where cpign, €1, C2, and c3 are experimentally-set constants.

For fixed T and T, find a 7! that minimizes expected
cost E|c] over all robot poses = in the pose set X¢ with
P(z = ') sampled from the normal distribution N (z*,P):

Elc] :/ - P(z=a")c(2', T})da’
r'eXe

C. Visual Fiducial Placement Results

(12)

Matlab’s genetic algorithm implementation ga was used
to find the T that minimizes c. For practicality’s sake, the
search space constrained the roll and pitch of 77 to 0 (i.e.,
the tag is hanging vertically on a wall).

Results are shown in Fig. 4. When we assume z = z,
the tag is placed as close as possible to the endpoint pose;
when a larger X is assumed, the tag is placed further from
the endpoint pose. This could lead to increased observation
pose error in the case where x = Z, but in the average case
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Fig. 4. Chigh = 1€6, c1 = 100, c2 = 50 and c3 = 50. Before ga (red),
the tag is placed far away and at an angle from the robot, with the robot at
the endpoint pose on the border of its visibility region, potentially causing
failure to get a detection. With ga (green, blue, pink), the tag is centered in
the image. (a) Reprojection of the tag points onto the image plane. As X
grows (green — blue — pink), the tag appears smaller. (b) Top-down view
in the world frame of S, for each tag pose. As X grows, distance from
robot pose to tag position, and distance from robot pose to Sy boundary,
increase.

increases the chance that the robot will see the tag, by placing
the robot’s expected pose at the endpoint farther from the
boundary of Sy, meaning that a larger XccS,.

We can use this problem to inform the placement of tags at
endpoints in a deployed system. In real scenarios, 7! may be
constrained, due to the necessity of integrating into a working
site with pre-existing equipment. In those cases, this cost
function provides a mechanism to compare E[c| between
different candidate locations, and choose the tag pose that
best helps the robot improve its localization.

V. CONCLUSION

In this paper, we have presented a formulation to describe
tasks that depend on localization to succeed. By comparing
the robot’s current e-pose-set X¢ and the success set S for
a task, we can determine whether the robot meets the task’s
localization requirements. We show an example where a
work task’s completion could not be guaranteed due to high
pose error; it was pre-chained with an achievable localization
task that decreased its pose error so it could be completed.
Finally, that localization task was made more robust by
optimizing the placement of a visual fiducial to maximize the
chance it was in the robot’s field of view while minimizing
observation pose error. Future work will present an algorithm
for defining and pre-chaining localization and navigation
tasks to provide guarantees on success for a given work task.
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