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Abstract— Surgical assistive robots offer the potential for
drastically improved patient outcomes through more accurate,
more repeatable surgical procedures like shoulder arthroplasty
operations. Existing robotic systems typically rely on optical
marker tracking and require invasive marker attachment for
localization, complicating the surgical workflow and patient
recovery. But moving towards a markerless system is very
challenging, both because of the absolute difficulty and the
large variation in localization conditions across thousands of
surgical procedures. In this paper we propose an alternative
approach: rather than try to create a “perfect” and fully
generalizable markerless localization system, instead create a
reliable and trustworthy localization system that is able to
continually self-assess the likely quality of its localization esti-
mates, and act accordingly. We propose a lightweight method
for predicting vision-based pose estimation performance using
internal pipeline artifacts (without needing external ground
truth from a marker-based system). Using extensive real robot
experiments with challenging actual imagery from surgery, we
demonstrate our prediction system accurately self-characterizes
the localization system’s performance across a wide range of
localization conditions, and demonstrate that this prediction
system generalizes to a range of surgical conditions. We then
show how online performance prediction can drive active robot
navigation that minimizes localization error, reducing target
pose estimation error by 96.1% for rotation and 96.7% for
translation compared to rejected alternative trajectories.

I. INTRODUCTION

A key factor in patient outcomes following shoulder
arthroplasty is correct glenoid implant positioning [1]. Im-
plant placement during surgery is a complex and challenging
process and implants are often not positioned according
to plan [2]. Robotic assistive systems have been shown to
improve the accuracy of implant positioning in other surgical
operations including hip, knee, and spine procedures [3].
However, existing commercial systems rely on optical mark-
ers for patient pose estimation, substantially impeding the
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Fig. 1. Limited bone exposure and harsh lighting conditions, shown simu-
lated here on actual surgical images captured during shoulder arthroplasty,
present some of the major challenges for vision-based guidance systems in
the surgical setting.

surgical workflow [3], with additional problems caused by
the chance of complications from invasive marker attachment
to patient bones [4]. For this reason, markerless approaches
are attractive, but face challenges of harsh lighting (Fig. 1),
sparse bone features, and frequent bone occlusion. In this
work we study the problem of patient-to-robot localization.
In recognition of the extreme challenges, here we propose a
new localization system targeting the glenoid that is able to
predict its own performance, enabling both active navigation
strategies to mitigate localization issues, and the possibility
of handover to humans where necessary.

We make the following specific contributions:

1) A new lightweight method for predicting the quality of
individual target pose estimates calculated using local
feature matching, that leverages a rapid, consensus-
based prediction.

2) A framework for active navigation of the robot tool-
point towards the operating zone that continually as-
sesses and re-assesses likely localization performance,
and plans and changes navigation paths accordingly.

3) Extensive experiments under a range of challenging
conditions involving variable lighting and target obscu-
ration, that demonstrate both the predictive capabilities
of the localization system self-assessment processes,
and the ability of the robot to plan routes that minimize
localization errors.

The remainder of the paper covers relevant previous
research and the opportunity in this problem domain to
substantially improve surgical outcomes and quality of life of
patients. We present the various components of our approach,
our experimental setup and results, and conclude with a
discussion of the key findings and future work.
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II. BACKGROUND

Here we present an overview of the shoulder arthroplasty
procedure, outline existing Computer Assisted Orthopedic
Surgery (CAOS) systems, 6-degree-of-freedom (6DOF) pose
estimation techniques, and related work in localization sys-
tem integrity.

A. Shoulder Arthroplasty

Shoulder arthroplasty is an orthopedic surgical procedure
to replace both the ball and socket in the main joint in the
shoulder, the glenohumeral joint, with prosthetic implants.
The procedure is used to treat conditions such as arthritis,
bone loss [5], and irreparable rotator cuff tears [6]. The
volume of shoulder arthroplasty procedures performed each
year is rapidly increasing; between 2011 and 2017 there
was a 103.7% increase to 104,575 procedures in the United
States alone [7]. Accurate positioning of the glenoid, or
socket, component during shoulder arthroplasty is a key
determinant of surgical outcomes, both in terms of implant
longevity and post-operative joint function [1]. Key to this
process is placement of the guide-wire, also called a K-
wire, which is drilled into the glenoid and used to guide
the reamers and drills that prepare the bone and define the
final implant placement [8]. Achieving accurate placement
of the guide-wire is challenging given limited bone exposure
[9], large variability between patients [1], and the mobility
of the glenoid during surgery. Surgeons often have difficulty
reproducing planned implant placement using manual instru-
mentation techniques [2], [10] with up to 68.6% of implants
defined as malpositioned, being greater than 4 millimeters or
10 degrees deviated from the surgical plan.

B. Computer and Robot Assisted Orthopedic Surgery

CAOS systems include planning software, Patient Specific
Instruments (PSI), surgical navigation systems, and surgical
robots [11]. Current orthopedic surgical robots such as the
Mako (Stryker), ROSA (Zimmer-Biomet), and Navio (Smith
& Nephew) systems are commercialized for hip, knee, and
spine procedures [11], but are not available for use in shoul-
der arthroplasty. Current guidance systems typically rely on
optical tracking markers, which slows down surgery due to
manual registration processes [3]. Currently used markers
require additional or larger incisions to expose bone for
mounting that may introduce complications such as coracoid
fracture [4]. Markerless systems for knee procedures are yet
to be commercialized [12]-[16] and have not been applied
to robot guidance.

C. Pose Estimation

While pose estimation in the context of surgery is a rela-
tively narrow research area, 6DOF pose estimation has been
widely studied in robotics and computer vision. Techniques
have been developed for different sensor modalities such
as RGB images, point clouds, and combinations of the two
[17]. Pose estimation techniques vary considerably from 3D
bounding box detectors [18]-[20], common in autonomous
vehicle applications, to direct 6DOF pose estimators using

approaches such as template matching [21], [22], deep-
learning methods [23]-[30], and traditional geometric and
algorithmic techniques [31]-[35].

While deep learning-based approaches have become dom-
inant in many application areas, their need for extensive
training data is especially problematic in the surgical domain
given practical challenges of gathering extensive training data
on a patient-by-patient basis. This limitation has begun to be
addressed through methods to synthetically generate training
data [16], [36].

Another key factor is the likelihood that these robots will
continue to work collaboratively with surgeons rather than
independently, placing a higher emphasis on trustworthiness
and self-assessment capability rather than absolute perfor-
mance.

D. Localization Integrity

Localization or positioning integrity can be defined as
the level of trust we have that the localization estimate
of a system is within an acceptable pre-defined tolerance
[37]. In safety critical applications such as robotic surgery,
the ability of a system to self-assess its performance and
act based on that assessment is as important as its abso-
lute performance. Substantial progress has been made in
fields like satellite navigation and aviation, with growing
interest for autonomous vehicles [38] [37] and generalized
autonomous systems [39], but there is generally a lack
of robot localization-specific integrity methods for visual-
localization systems [40]-[42].

III. APPROACH

Here we present our approach to improving patient-to-
robot localization performance of a vision-guided surgical
robot, both through predicting the quality of target pose
estimates, and active navigation. We detail our overall system
architecture and the underlying pose estimation pipeline,
describe the prediction factors used for target pose quality
prediction, the prediction model itself, our consensus-based
approach to localization performance prediction, and our
method for robot trajectory selection.

A. System Overview

Our system consists of two components, localization sys-
tem performance prediction and target viewpoint selection.
The architecture of our system and its interaction with the
underlying pose estimation pipeline is shown in Fig. 2.

B. Target Pose Estimation Pipeline

Our system builds on an underlying image feature based
pose estimation pipeline which localizes targets relative to
the robot. Offline, we construct a target feature model,
M, consisting of image feature descriptors extracted from
target reference images, and 3D coordinates in the target
reference frame, p, = [z;,y;,2;], mapped using known
geometry. During online pose estimation, observed image
feature descriptors and 2D image coordinates, p}, = [u;, v;],
are extracted from frames captured with a calibrated cam-
era. Observed feature descriptors are matched against the
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Fig. 2. Our system extracts information from an underlying pose estimation
pipeline to predict the quality of individual pose estimates. We filter out pose
estimates with predicted high error and use the rate of filtering at a single
camera position to predict the overall localization system performance at
that point which informs motion planning.

model descriptors, and the matches used to generate a
list of 2D-3D correspondences. Finally, pose recovery is
performed by solving the Perspective-n-Point Problem with
random sampling consensus applied for outlier rejection
(PnP-RANSAC).

C. Individual Pose Estimate Quality Prediction Factors

Our overall prediction system is based on the core princi-
ple of a consensus estimate based on multiple observations
of the target from any particular robot position. For each
of these individual estimates, we extract prediction factors
from the pose estimation pipeline, for every frame where a
target pose is recovered, and assign a label of accurate or
inaccurate based on it being within the required tolerance.

We select the following factors based on observed cor-
relations between each and increased target pose estimation
error:

1) The number of features returned as RANSAC inliers.

fi=n ey

2) The spread of the inlier feature positions in the target
object reference frame, calculated using a least squares
linear regression on P}, for all inliers, finding the
minimum distance from the regression fit to each
feature coordinate, d,i,, and returning the standard
deviation.

fo=o(d ;. ];i=1,..n) )

3) The mean re-projection error of the inlier features,
calculated as the Euclidean distance between each
observed feature coordinate, pio, and the corresponding
model feature, re-projected onto the image plane using
the estimated target pose, p. = [u, v,].

fo= ; V(o —pi)? (3)

D. Individual Pose Estimate Quality Prediction Model

We construct our target pose quality prediction model as
a Support Vector Machine (SVM) that outputs a binary label
vector, y € {0,1}™ where y = 1 for the accurate class and
y = 0 for the inaccurate class. The feature vector of our
model is constructed from the factors described in III-C as
z® = | fl(z), f;), féz)]. Feature normalization is performed
by feature clipping fs; to the same value as the RANSAC
re-projection error threshold parameter used during pose
estimation. The SVM is trained with a radial basis function
kernel and regularization parameter C' = 1.

E. Consensus-Based Localization Performance Prediction

We perform localization system performance prediction
at discrete camera positions using the predicted labels of
individual target pose estimates. We perform target pose
estimation over multiple images collected from a single
camera position, predict the label for each pose and calculate
R = ny/ny, the ratio of individual predicted accurate pose
estimates, n,, to frames where target pose estimation was
attempted, n ;. Higher values for R indicate better predicted
localization system performance.

F. Target Approach Trajectory Sampling and Selection

We propose a sample-and-predict technique to enable a
robot to navigate through a target approach trajectory with
low localization error, and, in cases where it is unable
to maintain a required localization performance level, to
identify and flag this and cease navigation.

With our technique, as shown in Fig. 3, we sample a
series of pre-defined potential starting positions. We rank
each position first using R values; we rank multiple positions
with equal R values using the mean of the predictor model
decision function calculated at each. We re-position the
robot at the highest ranked starting position and begin to
approach the target, regularly stopping to re-evaluate the
predicted localization system performance calculating a new
predicted R value. If R calculated at any location is lower
than a specified threshold, we search the alternative approach
directions at the current distance from the target, in order
of ranking, until an acceptable position is identified or the
search space is exhausted. If an acceptable approach is
identified the robot re-positions and continues the target
approach, otherwise it signals a localization failure and waits
for user intervention.

IV. EXPERIMENTAL METHODOLOGY

Here we describe the experimental testing environment
and equipment, explain specific implementation details, and
describe the processes used in data collection and live
navigation experiments.

A. Testing Environment

Testing and data collection was conducted with a camera
equipped robot using varying combinations of pose esti-
mation target, lighting conditions, and target obscuration.
Hardware consisted of an IDS U3-3060CP-C camera rigidly
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mounted to the final link of a Franka-Emika Panda robot.
Software was implemented using RoboStack [43]. To eval-
uate the general utility of our prediction system, we applied
our approach to four different pose estimation configurations,
using different combinations of SIFT [44] and KAZE [45]
feature detectors, and EPnP [34] and SQPnP [35] algorithms
for pose recovery, implemented with OpenCV libraries [46].

Four varied actual surgical images of a human glenoid
during shoulder arthroplasty procedures were selected for use
as pose estimation targets [47]-[50]. To represent a subset of
actual surgical challenges such as fluid obscuration and var-
ied and harsh lighting we introduced additional perturbations
including obscuring semi-opaque plastic materials and varied
lighting positions from an authentic medical examination
lamp. Ground truth poses of the target were determined
using a grid of ArUco markers [51] placed under the target
images. We calculated standard relative translation, E; and
rotation . pose estimation errors between the ground truth
target pose and the estimated target pose within the camera
reference frame.

B. Prediction and Characterization Evaluation Experiments

To collect data for model training and predictor eval-
vation we comprehensively sampled the robot workspace
by moving the camera through a predefined 3D grid of
poses representing the operational workspace of the robot
in a shoulder surgery context. The grid comprised six layers
of 7x7 grids. Each layer in the grid traced over a section
of a sphere centered on the target as shown in Fig. 3,
with the camera continually orientated towards the target.
Layers in the sampling pattern were spaced between 0.35 and
0.6 meters from the localization target with 50 millimeters
between each. Camera position spacing changed in each
layer maintaining a 5 degree target viewing angle change
between positions. The pose of the camera, relative to the
robot base, and 20 image frames were recorded at each
position.

Five data collection runs were completed with varying
surgical targets and lighting conditions. Example images of
the target (as viewed from the system camera) are shown in
Fig. 1.

C. Pose Estimate Quality Prediction Model Training

We processed the robot workspace sampling data col-
lected in Section IV-B through four configurations of the
implemented pose estimation pipeline recording F;, E,., and
the factors described in Section III-C. Each frame with a
returned pose estimate is assigned a ground truth label of
accurate where FE,; is less than 4 millimeters and E, less
than 10 degrees, otherwise it is labelled inaccurate. These
threshold values were selected as domain appropriate, being
the positioning errors that define a malpositioned glenoid
implant in shoulder arthroplasty [2] [10].

A training set was generated from 20% of the labelled data
of one experimental configuration selected through random
sampling, maintaining the ratio of class labels between the
training set and complete dataset. The pose quality prediction

model described in Section III-D was fit with the training
set and used for pose quality prediction in all subsequent
experiments - providing an explicit test of the generalization
capability of the system to different lighting conditions and
surgical targets.

D. Active Robot Experiments

We completed a series of active experiments using the
process shown in Fig. 3. During each experiment five initial
starting positions were sampled at a distance of 0.6 meters
above the localization target and re-sampling was performed
every 50 millimeters during target approach. The threshold
for acceptable predicted localization performance set at R =
0.9, and pose estimate quality prediction was performed with
a model pre-trained as previously described.

Following individual active trials the robot workspace
was re-sampled along each potential path to provide data
for comparison between selected and alternate trajectories.
The localization target and lighting conditions were changed

between each trial.
S |

1 - Sample Space

X

2 - Select Approach
3 - Move

4 — Re-evaluate

5 - Move

6~ Re-evaluate

Fig. 3. During active robot navigation experiments the workspace is partly
sampled (1), and an initial approach direction selected (2). The robot begins
its target approach from the selected position (3), stopping regularly to re-
evaluate the localization system performance (4). If performance is predicted
to be acceptable the current target approach is maintained (5), otherwise (6),
the workspace is again sampled until an acceptable approach is identified
(7, 8) or the need for user intervention is signaled.

V. RESULTS

Here we present the results of experiments in four key
areas: the effect on localization performance from the pre-
diction system, the accuracy of the prediction system itself,
characterization of the prediction accuracy over the entire
robot workspace compared to ground truth, and compari-
son of the localization performance along navigation paths
selected and rejected with the predictive system in active
navigation trials.

A. Localization Improvement Through Pose Estimate Filter-
ing

To assess the effect on the localization system of our ap-
proach, we evaluated localization performance with various
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TABLE I
LOCALIZATION PERFORMANCE IMPROVEMENT THROUGH POSE
ESTIMATION FILTERING.

Syst Median Rotation | Median Translation
c gs e“i. Dataset Error (Deg) Error (mm)
onhiguration Baseline { Ours | Baseline { Ours
A 1.20 0.97 T4 11
B 1.49 1.09 2.0 14
féPZFi) C 206 | 172 | 27 23
n D 2.75 2.29 27 22
E 9.74 3.61 9.8 3.5
A 72 1.15 5 12
B 1.26 0.97 1.7 14
+KS/(*§EP C 18 | 160 | 23 1.9
n D 2.86 2.23 23 1.9
E 1152 | 4.18 10.3 4.0
A 1.20 1.03 4 12
B 1.03 0.92 1.7 15
+5é1;rp C 166 | 138 | 25 21
n D 1.20 1.09 1.8 1.7
E 4.41 178 54 1.8
A 0.63 0.52 12 1.0
B 0.92 0.80 1.6 14
. gggnp C 1.55 1.32 22 1.8
D 1.03 0.86 1.3 12
E 4.70 1.72 54 1.8

localization targets, lighting conditions, and pose estimation
pipeline configurations. We calculate the median pose es-
timation error over the entire sampled space for each test
configuration and compare the results both with and without
pose estimation filtering. As shown in Table I the use of
our approach to filter out predicted inaccurate pose estimates
resulted in significant reductions in median localization error,
with all but one dataset brought to within acceptable limits.
Across all datasets our method resulted in a relative 26.8%
mean reduction in rotation error and 25.9% mean reduction
in translation error. The performance improvements provided
by our system were significant across both variations in
scene and underlying pose estimation system configuration,
showing the potential for our system to generalize between
target textures and lighting conditions.

B. Pose Quality Prediction

While localization performance is improved, we provide
further analysis here of the performance of the prediction
system itself, using the same comprehensive workspace sam-
pling data as Section V-A. Due to the sparsity of quantitative
benchmarks in this narrow field our comparison baseline
is a weighted naive system tuned to predict accurate /
inaccurate labels for each pose estimate at the same rate
as our predictive system, referred to as Weighted Random
Guesser (WRG). Using a parameter sweep, we equalize the
recall scores of the baseline with our system to enable direct
comparison in Table II. Our prediction model outperforms
the WRG across 100% of the tested datasets with a relative
mean increase in precision of 32.6% at matched recall.

C. Robot Workspace Characterization

To move beyond summary statistics, we also characterize
the localization prediction performance over the workspace
of the robot, once again with the workspace exploration data

TABLE 11
COMPARISON OF PRECISION SCORES FOR MATCHED RECALL IN POSE
QUALITY PREDICTION.

System Dataset Matched  Precision  Precision
Configuration atase Recall (WRG) (Ours)
A 0.88 0.84 0.97
B 0.92 0.71 0.92
:{SE% C 0.93 0.67 0.81
" D 0.95 0.61 0.71
E 0.8 0.27 0.53
A 0.97 0.73 0.86
B 0.92 0.77 0.94
+KS%€EP C 0.94 0.72 0.87
n D 0.96 0.65 0.76
E 0.8 0.24 0.48
A 0.02 0.86 0.96
B 0.89 0.83 0.94
fél;,TP c 0.87 071 0.85
n D 0.87 0.78 0.81
E 0.59 0.4 0.81
A 0.92 0.88 0.98
B 0.89 0.85 0.95
. ngFg b C 0.88 0.77 0.89
n D 0.89 0.9 0.97
E 0.64 0.42 0.84
TABLE III

POSE ESTIMATION ERROR AND ACCURATE FRAMES RETURNED ALONG
ACCEPTED AND REJECTED PATHS

Median Median

Rotation Translation ,E;:;n\yelt?;n)

Error (Deg)  Error (mm) ¢
Selected Path 0.64 1.3 92.8
Rejected Path 16.21 40.0 37.2
Relative Difference 96.1% 96.7% 149%

from Section V-A. We generate heatmaps of the calculated
R values across the workspace for each dataset and pose
estimation configuration. Results for Dataset A, B, and C
are shown in Fig. 4.

D. Active Localization Evaluation

Here we present results from a series of active experiments
as described in Section IV-D. The automatically selected
target approach trajectory and Rg; values for the sampled
positions in the robot workspace are shown in Fig. 5. We
compare the median pose estimation error and percentage of
pose estimates within tolerance along the traversed trajectory
and the trajectories rejected by the system based on initial
sampling in Table III. Trials where no initial path was di-
rectly rejected (Trial 3), or no pose estimates were generated
by the underlying pipeline while sampling the rejected path
(Trial 2) were excluded from these calculations.

Across all trials our system consistently selected approach
trajectories that returned high rates of accurate individual
pose estimates, maintained localization accuracy within our
specified tolerance and below that of the rejected trajectories.
In terms of specific examples of system functionality, during
Trial 3 our system correctly identified the need to transition
between target approach angles to maintain performance,
while in Trial 5 our system correctly identified that localiza-
tion performance of all possible routes was below acceptable
limits, flagged this outcome, and ceased operation.
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Fig. 4. The workspace heatmaps of R across all tests show close alignment between predicted and ground truth values. Camera angle 6 is rotation about

the x-axis of the robot base, camera angle ¢ is rotation about y-axis of the

robot, both are measured relative to the camera oriented vertically downwards.

Positions where the pose estimation pipeline failed to return any pose estimate across all sampled frames are indicated with white squares.
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Fig. 5. Title format is Trial #, Selected Path (SP) & Rejected Path(s), metrics are Rotation Error (degrees)/ Translation Error (mm). Camera paths selected

using our method consistently result in low localization error trajectories.

Our method correctly identifies the need for approach trajectory deviation in

Trial 3 and that the localization system is unable to provide acceptable performance in Trial 5.

VI. CONCLUSIONS

We have presented an approach to improving localization
performance of a vision-guided surgical robot by introducing
a new prediction-based approach that enables prediction of
the likely localization performance throughout the robot’s
operating workspace, which not only directly improves lo-
calization precision-recall performance, but also facilitates
active navigation to minimize localization issues. While not
yet achieving the sub millimeter and sub degree accuracy
generally targeted by CAOS systems this approach shows
promising performance improvements over the baseline lo-
calization system.

Future work will expand our approach into four key areas
of opportunity. In this work we build our system on a local
image feature based pose estimation pipeline, but future
work could expand our approach to point cloud-based target

pose estimation methods, which are increasingly popular
in surgery specific pose estimation [12]-[16]. The active
navigation system used in our method relied on discrete
sampling, already producing good results, but future work
could extend this to a more continuous sampling approach,
or variable discreteness sampling. While the results here
demonstrate good generalization capability from parameters
trained on a single operating configuration, future work could
explore online fine tuning of parameters in a semi-self-
supervised manner, providing improved performance spe-
cific to each individual operating scenario. Finally, where
our results show improvement in localization performance
metrics future work should assess performance in terms of
an application specific task e.g transitioning experiments to
anatomic phantoms and measuring the final positioning error
of a robot inserted guide-wire.
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