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Abstract—For safety critical applications the ability of localiza-
tion systems to self-assess their own performance and know when
they are failing is as important as absolute accuracy. Previous
methods have self-assessed current system performance, identi-
fying failure after it occurs. We propose to instead pre-emptively
avoid failure by predicting likely localization performance at
locations not yet explored by a robot. To achieve this, we propose
an approach for supervising a target object localization system by
modelling trends in internal pipeline artifacts that are predictive
of localization accuracy. We use this model to predict where
acceptable localization performance is possible and where failure
is likely. We evaluate our approach with both off-line recorded
datasets and live robot experiments in the context of an upper
limb surgical task using human bone phantoms as localization
targets. We demonstrate our approach implemented as both a
Long Range Predictor for use in informing future planning, and a
Next-Step Predictor, for ongoing task supervision to stop a robot
before reaching localization failure. We show that our method
provides significant improvement over a naive baseline achieving
a mean increase in safe path length, or usable workspace, without
localization failure of 84.1% for our long range predictor and
102.1% for our next-step predictor.

Index Terms—Localization, Computer Vision for Medical
Robotics, Vision-Based Navigation, Medical Robots and Systems.

I. INTRODUCTION

OR safety critical domains such as autonomous vehicles

and surgical robotics, the ability for their localization
systems to self-identify poor performance is often as important
as their absolute accuracy. While methods for localization
self-assessment have been developed [1]-[4] these approaches
detect failure after it has occurred. Recognizing that reaching
the point of failure, even if detected, may be unacceptable, we
propose a new approach that instead looks to predict where
localization failures are likely to occur, enabling a robot to
anticipate and avoid them.
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Fig. 1: Our approach extracts artifacts from a pose estimation
pipeline (1) and builds a model of the artifact with respect to
robot pose (2). This model is then used to predict where local-
ization performance is likely to transition between acceptable
and unacceptable performance (3).

In this work we look to predict the performance of a target
localization system, based on 6 degree-of-freedom (6DOF)
object pose recovery, at locations unexplored by a robot. We
present an approach that uses data sampling during a robot
task to build a model that predicts where target localization
performance is likely to be acceptable and where localization
is likely to fail. Specifically, we make the following contribu-
tions:

1) A new method for predicting localization performance
at locations not yet visited by a robot through modelling
internal pose estimation pipeline artifacts sampled at run
time (Fig. 1).

2) Two implementations of our core prediction approach:
a Long Range Predictor for robot planning that uses
limited scene sampling to predict where localization
performance is likely to be acceptable, and a Next-Step
Predictor for ongoing task supervision that continually
updates the performance model and predicts when the
robot is close to the boundary of acceptable localization
performance.

3) Extensive experiments, including live robot testing,
within the context of robot assisted guide-wire place-
ment, a critical step in the orthopaedic surgery of
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shoulder arthroplasty (joint replacement) that requires
constant accurate localization of the target bone.

In the remainder of this paper, we present the background
of our work and relevant prior research. We describe our pre-
diction approach and experimental methodology, and present
results demonstrating the utility of our method in the context of
a robotic upper limb surgical procedure. Finally, we conclude
by discussing the key findings of our work and future research
directions.

II. BACKGROUND

Here we present an overview of 6DOF pose estimation tech-
niques, localization system integrity, and the use of prediction
based approaches in robot perception.

A. Object Pose Estimation

6DOF object pose estimation is an important and widely
studied problem in both robotics and computer vision. Tech-
niques have been published using RGB images, depth informa-
tion, and both. Approaches vary considerably in terms of math-
ematical model [5]. Traditional approaches include template
matching, geometric, and algorithmic techniques [6]-[10].
Modern deep-learning methods include end-to-end learned
approaches [11], [12] and hybrid approaches where deep
learned stages inform traditional pose recovery or refinement
[13]-[15]. State-of-the art performance on open challenges is
now achieved by deep-learned systems combining color and
depth data [16].

The ability of 6DOF pose estimation systems to return
accurate results can be impacted by occlusion, clutter, texture,
similar looking distractors, and variation in viewpoint and
lighting [5], [17]. Some of these factors are intrinsic to the
scene or target; others such as viewpoint and occlusion, can
be influenced by sensor positioning within the scene.

B. Localization Integrity

Localization integrity is the trust we have that a localiza-
tion estimate is within an acceptable tolerance [18]. This is
especially important for safety critical applications such as
robotic surgery and autonomous vehicles. Despite continu-
ing improvement in visual localization system performance,
localization integrity remains under explored [19]. Recent
work has presented methods for self-evaluation of generalized
autonomous systems [20], autonomous vehicles [18], [21],
visual place recognition systems [1]-[3] and target localization
in surgical robots [4]. These works however are reactive and
detect failure as or after it occurs, rather than predicting future
performance to avoid failure. Prediction of future perception
system failure has been proposed for autonomous vehicles
[22]. The need for data collection over repeated traversals
however limits this approach in entirely new environments or
for once-off tasks.
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C. Prediction In Robot Applications

Prediction approaches have been applied to robotics in areas
such as action planning in environments with other agents.
Long short-term memory networks have become popular in
prediction tasks including vehicle and pedestrian trajectory
prediction [23], [24], a widely studied area applicable to au-
tonomous vehicles [25]. Human action recognition and future
action prediction have also been studied extensively [26].

The neuroscience inspired PredNet network performs next
frame prediction in video sequences, implicitly learning object
and scene structure and predicting changes in the scene from
both camera and object movements [27].

Prediction is also applied directly to perception in next-best-
view planning where a system looks to select sensor positions
that maximize performance. In common generate-and-test ap-
proaches candidate views are generated and assessed based on
their predicted information gain [28]. In object pose estimation
tasks this assessment can be based on direct prediction of
target feature visibility [29] or predicted entropy metrics [30].

III. APPROACH

Here we describe our approach to predicting the perfor-
mance of a target localization system at locations not yet
explored by a robot. We present an overview of our system, the
underlying 6DOF pose estimation pipeline, and the pipeline ar-
tifacts used to predict performance. We describe our approach
to artifact modelling, and our use of this model to predict
where localization failure is likely to occur with our long range
and next-step predictors.

A. System Overview

Our core approach consists of three major stages, local-
ization pipeline artifact extraction, artifact modelling, and
localization performance prediction. This process is common
to both the long range and next-step predictor implementations
of our approach, which differ as described in III-E.

In our approach, as the robot moves during a task, we extract
artifacts from within an underlying localization pipeline that
are predictive of target pose estimate accuracy. We generate a
model of the artifact with respect to the robot pose and use this
model to predict artifact values at unexplored locations. We
use the predicted artifact values to estimate where localization
accuracy will be within acceptable tolerance of ground truth
and restrict motion of the robot to avoid localization failure.
We call this area of acceptable localization performance the
localization envelope. The architecture of our approach and
its interactions with the target localization system is shown in
Fig. 1.

B. Underlying Target Localization Pipeline

Our approach builds on top of an image based pose es-
timation pipeline which localizes a target object relative to
the robot by recovering 6DOF pose estimates using keypoint
feature correspondences.

Offline, we build a static sparse feature model of the target
object, M;, through stereo image reconstruction before the
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robot task begins. We use two images of a static scene captured
with different camera poses and reconstruct the scene as a
sparse point cloud of keypoint features. We manually trim the
reconstruction to retain only points belonging to our target and
construct our model such that M; = [fo,..., fn] Where each
feature, f;, consists of a keypoint feature descriptor and a 3D
coordinate in the desired target coordinate frame.

At run time, observed keypoint features from incoming
camera frames are matched against the features contained in
M, and a list of 2D-3D correspondences is generated. 6DOF
pose estimation is then performed using a perspective-n-point
solver and RANdom SAmpling Consensus outlier rejection
(PnP-RANSAC).

C. Localization Performance Prediction Artifacts

Our approach is based on the central idea of predicting
values of pose estimation pipeline artifacts, that are themselves
predictive of performance, at unexplored locations.

In previous work we identified multiple performance pre-
dictive artifacts for the underlying PnP-RANSAC pipeline
[4]. In this work we focus on one, the number of keypoint
features returned by the RANSAC loop as inliers, n;. This
was observed to be highly predictive of pose estimation error.
While PnP algorithms can generate solutions with as few as
3 correspondences (n; = 3), in practice, when n; reaches
a critical lower threshold, n;, the RANSAC algorithm is
unable to reliably reject incorrect correspondences as outliers
resulting in a significant increase in pose estimation error.

D. Localization Prediction Artifact Modelling

To predict artifact values at unexplored locations we use
a sample-and-model approach. As the robot moves during a
task we record n; for each target pose estimate returned by
the localization pipeline along with P,, the robot pose at that
time. We then generate a model for the artifact value with
respect to the robot pose, f : P. — n;, which we call the
artifact model.

In our application, robot assisted guide-wire placement, the
surgical approach used means the viewing angle of the target
bone when placing the guide-wire is typically different to the
initial view available when generating M;. As such the type of
motion we are most interested in is change of viewing angle
about the target object. We therefore formulate the generation
of the artifact model as a regression problem. We set the
dependent variable as n; and the independent variable as 6;,
the change in target viewing angle, measured as the absolute
magnitude of the difference in the camera orientations between
the pose where M; was created and robot pose at position <.

To determine suitable methods for fitting the artifact model
we evaluated non-linear least squares regression, with a range
of possible base functions, and a multilayer perceptron (MLP).
Evaluations were performed using the viewing angle change
datasets collected as described in IV-D. Each approach was
assessed in terms of Root Mean Square Error (RMSE) aver-
aged across the datasets (Fig. 2). The base functions assessed
were selected having observed a decay relationship between
n; and 6;.
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Fig. 2: Methods for fitting the artifact model were evaluated
with mean RMSE measured across pre-recorded datasets.
Curves were fit to n; vs 6; using data from the start of each
dataset with different numbers of positions sampled. RMSE
was calculated over the entire dataset.

The lowest mean RMSE for the least squares regression was
returned by the Exponentially Modified Gaussian Probability
Density Function (EMGPDF) as implemented in the SciPy
library [31], scaled by a constant. The parametrization of
this distribution is shown in (1) where «, K, and p are
fit parameters and erfc is the complementary error function
defined in (2).

When trained using only sampled data points the MLP
model failed to generalize beyond the training range returning
very high RMSE. To achieve a mean RMSE competitive
with least square regression, the MLP was first trained on
an EMGPDF function matching the least squares regression
initial parameter guess. The MLP was then fine tuned with
actual sampled data further supplemented with artificial points
at (0;, N;) = (45,0). Due to the added complexity of im-
plementation for the MLP we determined to use least square
regression with the EMGPDF base function for artifact model
generation.

[0 1 0 —
£(0,0, K, ) = 5 - exp (W _ (Ku)>
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E. Long Range and Next-Step Localization Performance Pre-
diction

In our approach we estimate the localization envelope of
our task using the artifact model to predict locations where
n; > Ng.

We assume the robot starts its task positioned inside the
localization envelope. We build the artifact model and predict
the boundary of the localization envelope, 6,, using root

finding to determine 6, where n; = mn:. In our approach
we predict likely localization failure for robot poses where
0; > Gp

We propose two implementations of our approach with
different applications, a long range predictor for use in motion
planning, and a next-step predictor to provide continuous task
supervision.
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For the long range predictor we use a limited amount of
data sampled at the start of a robot motion to generate an
artifact model and predict 0,,.

For next-step prediction we continually update our artifact
model and stop the robot when it is within a fixed dis-
tance, 0, of the predicted localization envelope boundary. We
generate an initial artifact model and localization envelope
boundary prediction, 6, as sampling data becomes available.
If 6, > 6; + 6, where 0; is the current viewing angle we
predict acceptable localization performance at the ‘next-step’
and allow the robot to continue motion, updating the artifact
model and 6, at each step. If at any step 6, < 0; + 0, we
predict localization failure before the next step and stop the
robot.

FE. Application Specific Predictor Tuning

The ability of a localization prediction system to be tuned to
meet application specific requirements is important to utility.
Localization failure tolerance differs between tasks and even
task stages. For example poor localization for a surgical robot
is far more problematic while cutting a bone than exploring
its working space away from the patient.

In our approach the inlier threshold, n, is used to decide if
localization performance is predicted to be within acceptable
bounds and can be modified to tune the system operating
point to meet user requirements. Larger values of n; tune
the predictor to be more conservative, reducing the size of
the predicted localization envelope, allowing less range of
motion but decreasing the likelihood of localization failure.
Smaller values of n; tune the predictor to be more aggressive,
predicting a larger localization envelope and allowing greater
motion at the expense of a higher likelihood of localization
failure.

IV. EXPERIMENTAL METHODOLOGY

Here we describe experiments conducted to evaluate our
approach in three key areas: accuracy of localization envelope
prediction, the effect of threshold tuning on localization enve-
lope prediction, and the effect of predictor based supervision
on a live robot task requiring constant target localization. We
also describe our experimental environment, testing equip-
ment, data collection processes and evaluation metrics.

A. Localization Envelope Prediction Accuracy and Threshold
Tuning Experiments

We assess the accuracy of localization envelope predictions
and the effect of inlier threshold tuning for our Long Range
and Next-Step predictors using recorded datasets described in
IV-D. We evaluate our approach using baselines and metrics
described in IV-E.

For the Long Range Predictor we use the first 4 sampling
positions from each dataset to generate an artifact model and
predict the boundary of the localization envelope. We select
4 sampling positions to ensure that the sampled data is only
drawn from within the localization envelope of each dataset
while still providing sufficient data span to ensure reasonable
curve fitting performance.
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For the Next-Step predictor we again use the first 4 sampling
positions from each dataset to generate initial artifact models
and localization envelope predictions. We set the step size, 05,
to the same sampling interval used during dataset collection
and step through the remaining sampling positions of each
dataset, updating the artifact model and localization envelope
prediction at each step, repeating until localization failure is
predicted before the next step.

To evaluate the effect of predictor threshold tuning we repeat
each experiment for both predictors using inlier threshold
values from 4 to 100.

B. Live Robot Experiments

We evaluate the effect of predictor based supervision on a
live robot task with a series of live robot trials. We implement
our next-step prediction approach to supervise a robot task
inspired by shoulder arthroplasty guide-wire placement. We
select a human scapula phantom (SAWBONES Model 1050),
pre-drilled for implant placement, as a localization target.
We position the tip of a robot mounted guide-wire into the
oversized hole in the glenoid (articulating surface on the
scapula) and generate a target model. We begin each individual
trial with the robot and guide-wire re-positioned at the initial
model generation pose, from where we move the robot in
an arc about the scapula as shown in Fig. 3. We stop the
robot to perform next step prediction every 1.5°, relying on
target localization to maintain the position of the guide-wire
tip relative to the scapula during motion. During each trial we
record the predicted localization envelope as the viewing angle
where the predictor would have stopped the robot but allow
motion to continue until actual localization failure, defined
as the guide-wire making contact with the scapula or being
removed entirely from the hole.

We perform 10 trials using 5 target models generated from
different initial viewing angles. For each target model we
perform 2 trials with the robot moving in arcs along different
azimuth angles. For all trials we set n; = 15, selected based
on the next-step predictor results described in IV-A.

C. Testing Equipment and Environment

Here we describe the experimental equipment, software
implementation, and error measurement processes used during
evaluation experiments.

Testing and data collection was performed using a Franka-
Emika Panda robot equipped with an IDS U3-3060CP camera
rigidly mounted to the final link with a custom adapter forming
an eye-in-hand configuration (Fig. 3).

Our approach was implemented with SIFT [32] keypoint
features and PnP-RANSAC pose estimation, using USAC,
from the OpenCV libraries [33]. To improve feature detection
on low texture bone phantoms, images were pre-processed
using contrast limited adaptive histogram equalization be-
fore feature extraction in all experiments. Curve fitting was
performed with non-linear least squares regression using the
SciPy optimize library [31]. Robot software was implemented
within RoboStack [34].
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Fig. 3: During Live experiments we place the tip of a robot
mounted guide-wire into a pre-drilled hole on the scapula
phantom (inset). We move the robot in an arc away from the
position where the target model was generated (6p) relying
on target localization to maintain the guide-wire tip position
relative to the phantom. The trial is stopped when the guide-
wire makes contact with, or is entirely removed from the
phantom. For repeated trials with the same target model the
robot is moved in arcs along different azimuth angles (¢).
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Fig. 4: Sample images from datasets collected in IV-D. Surgi-
cal targets were two human scapula phantoms (SAWBONES
model 1050), one prepared for glenoid implant placement.
Non-surgical targets, highly textured blocks, were included to
assess our approach on more general objects.

e AE

For off-line testing, ground truth poses of target objects were
determined with an ArUco marker board [35] that remained
stationary relative to the target throughout data collection.
During construction of M; the origin of the model reference
frame was transformed to be coincident with the origin of the
ArUco board. Pose estimation error was then calculated as the
Euclidean distance, E;, and rotation magnitude, E, between
the estimated target object pose and the marker board pose.

D. Dataset Collection

For the offline experiments described in IV-A pre-recorded
datasets were collected for two types of constrained robot
motion. Our main experiment datasets, evaluating viewpoint
change, consisted of two images for use in model generation
and 200 sample images. During collection the robot was
positioned such that the ArUco marker board and target object
were within view of the camera. Model generation images
were captured with 2cm of camera translation along the
camera x-axis between frames. The robot was re-positioned
to its initial pose and sample images captured as the robot
moved in a 45° arc centred on the target object, stopping every
2.25° to capture 10 images. At each position the camera was
oriented towards the target. 21 datasets were collected using 5
combinations of target objects arranged in 7 different scenes.
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Three datasets were collected for each scene, moving the robot
along arcs with azimuth angles of 0°, 90°, and 270° relative to
the robot x-axis. Sample images from the datasets are shown
in Fig. 4.

Using the pre-drilled scapula phantom target 4 additional
datasets were collected with straight line camera motions. 1
pair of model generation images was captured as previously
described and used to process all 4 datasets. For each dataset
the camera was moved away from the target object in a straight
line along the negative camera z-axis. The camera was stopped
at 15 sampling positions along the trajectory, separated by
10mm of camera translation. 10 sample images were collected
at each position. Starting points for each trajectory were varied
by adding viewing angle offsets of 0°, 5°, 10°, and 15° relative
to the model generation view.

E. Evaluation Baseline and Metrics

To evaluate our method we compare our approach against
two baselines, a naive static baseline and a variation of our
predictor using an MLP in place of our proposed curve fitting
approach. The naive baseline applies a static localization
envelope size to each dataset without consideration to the
target object or scene present. The MLP consists of 3 hidden
layers of 10 neurons and a TanH activation function. In
each experiment the MLP is trained using the fine tuning
approach described in section III-D. The localization envelope
is then predicted using the trained MLP model in place of our
proposed artifact model. We measure envelope size in terms
of the absolute magnitude of viewing angle change.

We compare our approach to the baselines using two
metrics, safe path length (SPL) and incursion rate (R;),
which measure the utility and safety of a system respectively.
SPL measures the maximum safe workspace permitted by a
predictor and is calculated with (3) as the smaller of the two
angles 0, and 0,, where 0, is the actual localization envelope
boundary. We define 6, as the viewing angle change at which
the mean localization error exceeds a specified error threshold,
calculated using linear interpolation between discrete sampled
points. A larger SPL indicates more ‘usable’ space being made
available to the robot.

SPL = min{0,,0,} 3)

R; measures how often a predictor overestimates the size of
the localization envelope and permits the robot to move to a
position where target localization fails; this is calculated with
(4) where I is the number of instances where 6, > 0,, and n
is the number of trials assessed. A lower R; indicates ‘safer’
operation.

Ri=1/n 4

While either metric can be individually optimized by mas-
sively over or under predicting the localization envelope,
the key challenge is maximising SPL while minimizing R;,
allowing a robot to move right to the edge of localization
system failure without actually reaching it.
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Fig. 5: Evaluation of our long-range predictor on the viewing
angle change datasets using mean SPL vs R; curves. Each
point in the plot represents the R; and mean SPL calculated
across all datasets for a single system operating point. In
both cases our predictor method shows improvements over
the baselines for mean SPL with zero incursions.

V. RESULTS

Here we present results of experiments divided into three
areas, long range prediction, next-step prediction, and predic-
tion based task supervision on a live robot.

A. Long Range Predictor Localization Envelope Estimation

We evaluate the performance of our long range predictor
on our viewing angle change datasets by comparison to
both baselines using mean SPL vs R; curves generated by
modifying the operating point of each system. We modify
the static baseline by sweeping the envelope size from 0°
to 45°. Similarly, we modify our approach along with the
MLP predictor by sweeping n;. We report R; and mean SPL
calculated across all viewing angle change datasets at each
system operating point in Fig. 5. We perform two sets of
experiments, the first with 4mm/10° error tolerances selected
as the limits that define clinically significant glenoid implant
malpositioning in shoulder arthroplasty [36]. The second,
using reprocessed datasets for higher precision, with 2mm/3°
error tolerances which we select in line with the accuracy of
shoulder arthroplasty surgical navigation systems [37], [38]
and the accuracy limit of our pose estimation pipeline.

For both error thresholds our predictor out performs the
baselines in terms of mean SPL at zero incursion. We achieve
a mean relative improvement of 84.1% over the static base-
line and 7.4% over the MLP predictor (Table I). Across all
operating points assessed, our predictor maintains an equal or
lower R; than the static baseline for equal mean SPL. These
results also show the effect of threshold tuning on predictor
performance, as the threshold value decreases, prediction
becomes more aggressive and the system operating point
moves, achieving a larger mean SPL but a higher likelihood
of incursion.

We assess the impact of different PnP algorithms on our
prediction approach by repeating the viewing angle change
dataset experiments at the 2mm/3° error tolerance. We re-
process each dataset through our complete localization and
prediction pipelines with three PnP algorithms, EPnP [10],
P3P [39], and AP3P [40]. We compare each against the
static baseline using the metrics and operating point sweeps
previously described (Fig. 6). Our predictor performs similarly
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TABLE I: Long Range Predictor Maximum Mean SPL at Zero
Incursion For Viewing Angle Change Datasets

Safe Path Length (°) Relative Improvement

System Zmm/3°  Amm/Ioc - Mean (ours)

Static Baseline 7.0 7.0 7.0 84.1%

MLP 11.5 12.5 12.0 7.4%
Predictor (Ours) 12.3 13.5 129 -

across each test without modification. PnP algorithm selection
did impact localization performance, and therefore the actual
localization envelope, however the impact on our predictor was
minimal.

Mean Safe Path Length vs Incursion Rate
Pose Estimation Error Limit: 2.0mm and 3.0°

° 1.0 —— EPnP Baseline

2 EPnP Predictor (Ours)
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Fig. 6: Evaluation of the impact of different PnP algorithms
on our predictor. While varying PnP algorithm did affect
the actual localization envelope our predictor continued to
outperform the baseline with equal or lower R; for matched
Mean SPL in all tests.

Mean Safe Path Length vs Incursion Rate
Pose Estimation Error Limit: 2.0mm and 3.0°

Sampled Region
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Mean Safe Path Length (mm)

Fig. 7: Mean SPL vs R; curves for our long-range predictor
applied to straight line camera motions. Our predictor was
able to adapt to new trajectories and motion types without
significant modification.

We evaluate our approach on more diverse trajectories by re-
peating our long range predictor experiments using the straight
line trajectory datasets at the 2mm/3° error tolerance. We adapt
our approach to linear motion by modifying the artifact model,
setting the independent variable as x;, the absolute magnitude
of the 3D camera translation between the first position of the
trajectory and position . We compare our predictor against
the static baseline, swept from 0 to 150mm, using mean SPL
vs R; curves. We replace the angular measurements for SPL
with equivalent camera translations measured relative to the
trajectory starting point. Our predictor again out performs
the naive baseline with a relative improvement of 46.2% for
maximum mean SPL at zero incursion (Fig. 7). We note that 5
sampling positions were required to generate a suitable artifact
model in these experiments due to the observed n; vs z; trend
beginning to decay later than the n; vs 6; relationship in the



This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/LRA.2024.3382528

WINDSOR et al.: FORWARD PREDICTION OF TARGET LOCALIZATION FAILURE THROUGH POSE ESTIMATION ARTIFACT MODELLING 7

Mean SPL vs R; Mean SPL vs R;
Error Threshold: 2.0mm | 3.0° Error Threshold: 4.0mm | 10.0°

—— Baseline

—=— Predictor (Ours)
0 5 10 15 20 0 5 10 15 20
Mean Safe Path Length (°) Mean Safe Path Length (°)

Iy
o

—»— Baseline
—»— Predictor (Ours)

Incursion Rate
o
w

o
o

Fig. 8: Our next-step predictor compared to the static baseline
for two different error thresholds using Mean SPL vs R;
curves. In both cases the next step predictor outperforms
the baseline with lower R; for equal mean SPL. The next
step predictor also achieves larger SPL than the long range
predictor.

TABLE II: Next-Step Predictor Maximum Mean SPL at Zero
Incursion For Viewing Angle Change Datasets

Safe Path Length (°) Relative Improvement

System 2mm/3°  4mm/10° Mean (ours)
Baseline 7.0 7.0 7.0 102.1%
Predictor (Ours) 13.9 144 14.2 -

viewing angle change datasets. This highlights the importance
of sampling data selection in prediction models.

B. Next-Step Predictor Localization Envelope Estimation

We evaluate the performance of our next-step predictor
with the viewing angle change datasets. We use the same
performance metrics and system operating points described
in V-A and compare against the static baseline. As a more
realistic measure of the available robot workspace when using
this approach we report mean SPL calculated using 6, as the
viewing angle where the predictor would stop the robot rather
than the predicted localization envelope boundary.

Fig. 8 shows the SPL vs R; curves for the next-step
predictor which achieves consistently lower R; than the static
baseline for equal mean SPL. Our next-step predictor out-
performs the static baseline in terms of mean SPL at zero
incursion with a relative improvement of 102.1% (Table II).
This result also represents a relative improvement of 9.8% over
the long-range predictor.

In Table III we show the inlier threshold values which
achieve maximum mean SPL at zero incursion indicating
that the next-step predictor, with ongoing performance model
updates, does not need to be tuned as conservatively as the
long range predictor to achieve the same incursion rate.

TABLE 1III: Predictor Inlier Thresholds for Maximum Mean
SPL at Zero Incursion

Inlier Threshold (n¢)

System

2mm/3°  4mm/10°
Long Range Predictor 23 28
Next-Step Predictor 12 15
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Actual vs Predicted Localization
Envelope for Live Robot Trials
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Fig. 9: Predicted stop locations and actual localization en-
velopes for live robot trials. Our method for task supervision
prevented the robot from reaching localization failure while
still allowing the robot to use most of the workspace where
acceptable localization was possible.

C. Live Robot Experiments

We evaluate our prediction approach in the live robot exper-
iments described in section V-C by comparing the predicted
stop locations and actual localization envelopes for each trial.
As shown in Fig. 9, across all trials our predictor stopped
the robot before reaching localization failure, achieving an
incursion rate of 0. The inlier threshold of n; = 15 used for
these trials was selected from the next-step predictor results
in Table III for the 4mm/10° error threshold, showing that the
system has some generalization capability in terms of trans-
ferring parameters between localization scenarios requiring
similar error tolerance. Across all trials the predictor permitted
the robot to use on average 74.7% of the actual localization
envelope. This is an improvement over a system equivalent to
our static baseline, which would have permitted only 60.4%
usage, however there is still a considerable gap between this
performance and ground truth. A contributing factor to this is
the shape of the n; vs 6; trend; the inlier values that result
in localization failure are typically on sections of the curve
with shallow gradients resulting in prediction sensitivity. This
sensitivity resulted in very early stopping in Trials 3, 4 and 6.

VI. DISCUSSION

We have presented a novel method to predict, at locations
not yet visited by a robot, if acceptable target localization
performance is possible. We have shown that our method can
be used for both long range prediction and direct task supervi-
sion significantly reducing the likelihood of localization failure
while maximizing the available robot working space. We have
also demonstrated that our method translates well to live robot
implementation.

We propose three key areas for future work to further
develop our approach. In our current method, we select our
prediction threshold experimentally, future work should look
to develop methods to select prediction thresholds based on
task specific localization accuracy requirements and failure
tolerance. Where our current approach predicts localization
performance for a specific constrained motion type using a
two-dimensional artifact model, future work should look to
increase generalization by building higher dimensional models
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that account for additional motion types. Finally, we have
demonstrated our approach with a static localization pipeline;
future work could make use of multiple pipelines or pipeline
configurations and select the most appropriate for deployment
based on predicted performance.
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