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A Vision-Based Navigation System With
Markerless Image Registration and Position-Sensing

Localization for Oral and Maxillofacial Surgery
Dongyue Li , Mingzhu Zhu , Shaoan Wang , Yaoqing Hu , Fusong Yuan , and Junzhi Yu , Fellow, IEEE

Abstract— The quality of oral and maxillofacial surgery (OMS)
significantly depends on the accuracy of surgical navigation.
In this article, a vision-based markerless surgical navigation
system is developed to overcome the shortcomings in the currently
available technologies. Registration methods both for patient
and surgical instrument tracking are improved to increase the
navigation performance. For patient-image registration, we pro-
pose an efficient texture-less pose estimation method using
only shape information. An innovative strategy is developed to
effectively reject the outliers and improve the pose accuracy,
which is the first attempt at introducing geometric matching
information to guide PnP calculation. For surgical instrument
tracking, a position-sensing marker is used to achieve robust and
convenient instrument localization with high accuracy. Experi-
ments were conducted on the 3-D-printed maxilla and mandible
models to evaluate the navigation performance. Evaluation results
validate the effectiveness of the proposed pose estimation method
in improving the pose accuracy for texture-less teeth. Besides,
it is revealed that the position-sensing marker can be localized
with high accuracy even under nonideal visibility conditions,
which expands the motion range of the instrument and decreases
the size of the tool. The entire system has a sufficiently small
target registration error (TRE). These experimental results have
verified that the proposed surgical navigation system can provide
practical guidance for OMS with satisfactory accuracy.

Index Terms— Position-sensing localization, registration meth-
ods, surgical navigation, texture-less pose estimation.

I. INTRODUCTION

TO GUIDE the operation and relieve the burden of sur-
geons, computer-assisted surgical navigation has been

Manuscript received 5 September 2022; revised 29 November 2022;
accepted 13 January 2023. Date of publication 31 January 2023; date of
current version 8 February 2023. This work was supported in part by the
National Key Research and Development Program of China under Grant
2020YFB1312800, in part by the National Natural Science Foundation of
China under Grant 62003007, and in part by the Fundamental Research Funds
for the Central Universities. The Associate Editor coordinating the review
process was Dr. Md. Moinul Hossain. (Corresponding author: Junzhi Yu.)

Dongyue Li, Shaoan Wang, Yaoqing Hu, and Junzhi Yu are with the
State Key Laboratory for Turbulence and Complex Systems, Department
of Advanced Manufacturing and Robotics, BIC-ESAT, College of Engi-
neering, Peking University, Beijing 100871, China (e-mail: 2001111648@
stu.pku.edu.cn; wangshaoan@stu.pku.edu.cn; 2101111894@stu.pku.edu.cn;
junzhi.yu@ia.ac.cn).

Mingzhu Zhu is with the Department of Mechanical Engineering,
Fuzhou University, Fuzhou 350000, China (e-mail: mzz@fzu.edu.cn).

Fusong Yuan is with the National Engineering Laboratory for Digital and
Material Technology of Stomatology, Center of Digital Dentistry, Peking
University School and Hospital of Stomatology, Beijing 100190, China
(e-mail: yuanfusong@bjmu.edu.cn).

Digital Object Identifier 10.1109/TIM.2023.3241059

developed over the past several decades. Surgical naviga-
tion can help surgeons to perform preoperative planning and
intraoperative guidance based on medical imaging, e.g., com-
puter tomography (CT) and ultrasound image. In oral and
maxillofacial surgery (OMS), surgeons have to face some
difficulties such as vision obstruction and narrow operating
area. Therefore, developing the OMS navigation system is
both necessary and urgent. The performance of the surgical
navigation system significantly depends on two registration
methods: patient-image registration and surgical instrument
tracking.

Patient-image registration is to track the patient’s position,
which requires determining the spatial relationship between
the camera space and the CT space. Currently, two categories
of patient-image registration methods exist for OMS: static
navigation and dynamic navigation [1]. Because the teeth are
easily exposed to the environment and fixed onto the skull,
the markerless patient tracking methods have been widely
studied in recent years, which take the teeth as natural markers.
However, these studies mainly used the general registration
methods, may not satisfying all the strict requirements of OMS
such as accuracy, robustness, and real-time performance. For
surgical instrument tracking, most of the previous work used
traditional markers. Tracking traditional markers requires a
complete observation, so it is not well-suited to the applica-
tions with narrow operating field in OMS. Moreover, there are
still some aspects that can be further optimized to improve the
performance of the overall navigation system.

To overcome the shortcomings in the currently available
technologies, a vision-based markerless navigation system for
OMS is developed. Registration methods both for patient
and surgical instrument tracking are improved to increase the
overall navigation performance. For patient-image registration,
an efficient texture-less pose estimation method using only
shape information is proposed. For the problem that there
are more outliers in feature points’ matchings of texture-less
teeth, an innovative strategy is developed. It can use the geo-
metric factors of the one-to-many 2-D–3-D correspondences
to efficiently reject the outliers and measure the correctness
of inliers. For surgical instrument tracking, a position-sensing
marker called HydraMarker1 is used to achieve robust and
convenient instrument localization with high accuracy. The

1https://github.com/Lilin2015/Author---HydraMarker
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HydraMarker has a high density of self-identifying features
and resistance to bending. Therefore, it can be detected and
identified even under nonideal visibility conditions and can
be attached to curved surfaces, which expands the motion
range of the surgical instrument and decreases the size of the
tool. Moreover, the 3-D scan model of the teeth and a 2-D
tracking framework are used to further improve the registration
performance in practical use. The 3-D scan model efficiently
enhances the shape consistency of the registration, and the 2-D
tracker reduces the search domain and eliminates false match-
ing. Experiments verify the sufficiently high accuracy of the
proposed surgical navigation system. The main contributions
can be elaborated in the following three folds.

1) An efficient pose estimation method for texture-less
teeth using only shape information is proposed. To our
knowledge, the proposed method is the first attempt at
introducing geometric matching information to guide
PnP calculation. Experiments validate the effectiveness
of the proposed method in rejecting the outliers and
improving the pose accuracy.

2) A position-sensing marker is used to achieve more robust
and convenient surgical instrument tracking.

3) The registration performance in practical use is further
improved by introducing the 3-D scan model of the teeth
and a 2-D tracking framework.

The remainder of this article is organized as follows.
Section II describes the literature survey on the existing
patient-image registration and instrument tracking methods.
Section III describes the details of the proposed navigation
system and the procedure of the proposed texture-less pose
estimation method. In Section IV, a series of comparative
experiments are carried out to evaluate the proposed regis-
tration methods and verify the feasibility of the navigation
system. Finally, the conclusion and future work of this article
are offered in Section V.

II. RELATED WORK

The performance of the OMS surgical navigation sys-
tem mainly depends on two registration steps: patient-image
registration and surgical instrument tracking. Patient-image
registration is to determine the spatial relationship between
the camera space and the CT space. Surgical instrument
tracking aims to achieve robust and convenient instrument
localization. The following contents are related works on these
two registration methods, respectively.

A. Patient-Image Registration

Currently, two categories of patient-image registration meth-
ods exist for OMS: static navigation and dynamic naviga-
tion [1]. Static navigation mainly uses the surgical guide
stent, which is manufactured based on the patient’s CT data.
Nevertheless, static navigation may result in a large deviation
between surgical outcome and preoperative plan because of no
visualization during the procedure.

Dynamic navigation systems were developed as a flexible
alternative, most of which use optical technologies to track

the patient [2]. There are two major patient-image regis-
tration methods: fiducial-based registration and markerless
registration [3]. Fiducial-based registration uses a 3-D-printed
dental cast to achieve tracking, which is worn on the teeth.
The pose of the patient is calculated by optical cameras
tracking the external marker attached to the dental cast.
These fiducial-based navigation systems are either com-
mercialized [4], [5] or still under laboratory development
[6], [7]. However, the operating field of OMS is very limited.
The external marker may introduce unwanted line-of-sight
constraints. Besides, too many registration steps need to be
identified to calculate the final pose of the teeth such as dental
cast-CT registration and fiducial marker-camera registration,
which introduced additional errors. Marker shift will also
negatively affect the accuracy of navigation [8].

To overcome the shortcomings of fiducial-based registration,
markerless registration for patient tracking is highly prefer-
able. Due to the high contrast between the teeth and the
surrounding soft organs, it is easy to extract the contours
of the teeth. Therefore, the teeth can be taken as natural
markers to reflect the pose of the head. A contour-based 3-D
teeth tracking method using a stereo camera was proposed for
OMS navigation [9]. This method required the object could
be easily reconstructed and imposed a strict viewing angle
of the stereo camera, which limited the tracking space and
robustness. Wang et al. [10] developed a video see-through
augmented reality approach, which was based on matching the
CT teeth model of the patient with its 2-D images captured
by a single camera [11]. Nevertheless, the navigation was
not accurate enough due to the limitations of the registration
method used. In addition, the accuracy was affected by the
shape inconsistency between the real teeth and the CT model.

To summarize, the image registration methods either do
stereo 3-D reconstruction followed by 3-D–3-D registration
or match a 2-D virtual view with the realistic one (2-D–3-D
registration). Considering the distinctive characteristic of the
teeth, lack of texture, the 3-D–3-D registration tends to fail in
the step of 3-D reconstruction. In addition, although studies
of the pose estimation for texture-less objects have been per-
formed [12], [13], these studies mainly focus on general appli-
cations, such as mechanical parts. The registration method for
OMS has strict requirements for accuracy, robustness, and real-
time performance. The general registration methods may not
satisfy all these conditions.

B. Surgical Instrument Tracking

Most of the previous work used traditional markers or
commercial tracking systems for surgical instrument tracking.
A marker for cylindrical tool tracking was designed, which
was composed of a resin mounting base and a 3 × 3 dot
array pattern with a small solid triangle at one corner [9].
However, this type of marker must keep the plane containing
the dot array facing the camera at all times, severely lim-
iting the flexibility of the surgical instrument. A detection
and localization method of individual x point features was
presented for real-time and robust surgical tracking [14], but
it also need to be adhered to a plane. In addition, commercial
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Fig. 1. System overview. (a) Overview of the proposed surgical navigation system for OMS. (b) Coordinate frames and transformation matrices used in the
system.

tracking systems were also used for surgical instrument track-
ing. Wang et al. used the Polaris tracking system for instrument
localization [10]. Although the commercial tracking system
has relatively high accuracy, it is too bulky to be used in a
small operative field because it greatly increases the size of
the instrument by attaching tracker balls. Furthermore, it is
relatively expensive for users with limited financial support.

To conclude, the majority of the previous work used tra-
ditional markers for instrument localization. For repetitive
pattern markers and semi-self-identifying markers [15], [16],
tracking them requires a complete observation. Because the
working area of OMS is limited, it is difficult for the camera
to capture the entire pattern of the marker. Besides, for self-
identifying markers [17], [18], the design and distribution of
artificial features need to be adhered to a plane. Surgical
instruments of OMS do not provide a plane with sufficient
size for marker attachment. In clinical practice of OMS, the
field of view (FOV) is limited; meanwhile, high accuracy is
required. Therefore, traditional markers are not well-suited to
the applications of instrument localization, with shortcomings
of large size, sensitivity to occlusion, poor resistance to
bending, and so on.

III. MATERIALS AND METHODS

A. System Overview

Because the operative field of OMS is a small area, a flex-
ible and compact surgical navigation system is preferred.
As illustrated in Fig. 1(a), the physical setup of the proposed
system consists of a stereo camera, a surgical tool attached
with HydraMarker, a monitor, and a computer workstation.
Intraoperatively, the stereo camera is used for patient and
surgical instrument tracking. The virtual reality surgery scene
is displayed on the monitor, and it guides the operation of
surgeons.

As shown in Fig. 1(b), the following four coordinate
frames must be coregistered in the proposed system: a camera

frame Tc, a surgical instrument tip frame Ttip, a CT model
frame TCT, and a 3-D scan model frame Ts . The registration
between the CT model and 3the -D scan model determines the
transformation matrix T CT

s from Ts to TCT. The patient-image
registration calculates the transformation matrix from Ts to Tc,
which is denoted by T c

s . The transformation from Ttip to Tc

(i.e., T c
tip) is provided by surgical instrument tracking.

B. HydraMarker-Based Instrument Tracking

In the proposed system, a position-sensing marker called
HydraMarker is used to achieve robust and convenient surgical
instrument tracking. The HydraMarker is a checkerboard-like
marker with a high density of self-identifying features and
resistance to bending. The pattern used in our case is shown
in Fig. 2(a), which contains 18 × 6 complete blocks, and
each self-identifying unit contains 3 × 3 complete blocks.
As depicted in Fig. 2(b), a 3-D-printed cylindrical pen mim-
icking the surgical tool is attached with the HydraMarker.

In the preoperative phase, the 3-D coordinates of feature
points of the HydraMarker in the marker space are obtained by
3-D reconstruction, using the means of structure from motion
(SfM) [19]. Intraoperatively, corners can be detected in the left
and right camera images by an accurate algorithm specially
designed for checkerboard-like marker localization on curved
surfaces [20]. These labeled corners are recognized as feature
points according to their self-identifying features. Then the
3-D coordinates of feature points in the camera space can be
calculated by binocular triangulation. The pose of the marker
can be determined by matching the coordinates of feature
points in the marker space with the calculated coordinates
in the camera space. The matching uses the iterative closest
point (ICP) registration method. During the procedure, the
camera only needs to observe a subregion of self-identifying
features on the HydraMarker instead of complete feature.
Then, the position of the marker can be calculated from
the locally unique characteristics. Therefore, the HydraMarker
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Fig. 2. HydraMarker for instrument tracking. (a) Generated HydraMarker
and self-identifying units of it. The marker contains 18 × 6 complete blocks,
and the number of the corners is 18 × 6. The secret key of the left
self-identifying unit is “1 011101100,” whereas the secret key of the right one
is “0 001100111.” The first number is encoded as “1” if the center block is
black and “0” if the center block is white. Each of the remaining nine numbers
depends on whether the block contains a dot therein or not. (b) HydraMarker
is attached to the curved surface for instrument tracking.

can be detected and identified even under nonideal visibility
conditions.

Moreover, the marker-tip space transformation is determined
by a pivot calibration procedure to realize tip tracking. The
pivot calibration of a surgical instrument with fiducial markers
is a parameter estimation problem that can be directly solved in
closed form [21]. Assume that the coordinate of the endpoint
in the marker frame is M P , and the coordinate in the camera
frame is C P , then the following equation can be easily
obtained:

RC
M

M P + tC
M =

C P (1)

where RC
M and tC

M are, respectively, the rotation matrix and
translation vector that transforms points from the marker frame
into the camera frame.

After pivoting at a fix position for M times, these M
equations can be rewritten to a matrix form as follows: R1 . . . −I3×3

...
. . .

...

RM · · · −I3×3

( M P
C P

)
=

 −t1
...

−t M

. (2)

The above equation can be abbreviated as Mx = b, and M P
and C P are stored in the vector x. Thus, the coordinate of the
pivot in the marker frame can be linearly solved by x = M+b,

where M+ is the Moore–Penrose generalized inverse matrix
of M.

C. Markerless Patient-Image Registration Algorithm

The patient-image registration method for OMS has strict
requirements for accuracy, robustness, and real-time perfor-
mance. The general registration method for texture-less objects
may not satisfy all these requirements. Accordingly, an effi-
cient texture-less pose estimation method for teeth based on
2-D–3-D shape matching is proposed.

The pipeline of the proposed 2-D–3-D registration method
is shown in Fig. 3, which follows a coarse-to-fine procedure.
First, a view sampling method is adopted to align the model
with the input image coarsely for lack of prior knowledge.
A virtual camera is used to render a number of images
from sampled viewpoints around the 3-D model. The intrinsic
parameters of the virtual camera are set as the same as the
real one. Then the most similar set of images is selected
from the rendered images by taking Hu invariant moments
as similarity measurement. Following that, the input image is
matched with the similar images’ set based on the oriented
FAST and rotated BRIEF (ORB) feature [22]. In the fine
registration step, taking the feature matching as an intermedi-
ary, one-to-many 2-D–3-D correspondences between the input
image and the 3-D teeth model are established. An innovative
strategy is proposed to reject the outliers and measure the
correctness of the inliers. The main idea of the strategy is
using geometric matching information to guide pose estima-
tion efficiently. Finally, a weight matrix is constructed with
the confidence probabilities of the 2-D–3-D correspondences,
which is combined with the orthogonal iteration (OI) algorithm
to obtain the refined 3-D pose (R, t) within an iterative
framework.

1) Selecting Similar Images’ Set: In the preoperative phase,
the graphics APIs (e.g., OpenGL) are used to generate a
number of rendered images from sampled viewpoints around
the teeth model. As shown in Fig. 4, the 3-D teeth model
is at the center. All the virtual cameras are pointed to the
teeth model forming a projecting sphere, and the Z -axis of
the camera frame is aligned to the center of the model. The
working distance from the camera to the patient is within a
known range in OMS. Therefore, the radius of the projecting
sphere is limited from 600 to 800 mm at intervals of 100 mm.
The position of the virtual camera is rotated in the form of
Euler angles, and the angle is sampled at intervals of 10◦.
Furthermore, each projection image is converted into a binary
image, and the projection shape is easily extracted.

In the coarse alignment step, the input camera image is
matched with these projection images. Three common sim-
ilarity criteria of shape matching can be used for selecting
the similar images’ set: Hu moments, pairwise geometric
histogram (PGH), and Hausdorff distance. The comparative
results indicate that the Hu moments are more suited for
our condition because they are more invariant to translation,
rotation, and scale changing. Meanwhile, the computational
cost is very small for binary images. The similarity between
the shape of input camera image E I and the shape of each
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Fig. 3. Pipeline of the proposed texture-less pose estimation method.

projection image E2-D is measured as follows:

S(E I , E2-D) =

3∑
i=1

∣∣∣hE I
i − hE2-D

i

∣∣∣2 (3)

where hi , where i = 1, 2, 3 refers to the first three components
of the Hu moments. Then the m projection images with
the minimum value of similarity S(E I , E2-D) are selected to
constitute the set of similar images.

2) Establishing 2-D–3-D Correspondences: Establishing
2-D–3-D correspondences is a critical step in pose estimation
algorithms. The correctness of the correspondences directly
affects the accuracy of the result. In the intraoperative regis-
tration phase, the set of similar images is taken as the inter-
mediary to establish one-to-many 2-D–3-D correspondences
between the camera image and the 3-D teeth model. First,
the keypoints are extracted and matched between the input
image and each similar rendered image. Three popular local
features are tried for points’ matching: scale invariant feature
transform (SIFT) [23], speeded up robust feature (SURF) [24],
and ORB [22]. The matching results indicate that the ORB
feature is more suited for our condition because of its binary
pattern. The initial ORB feature matching results have some
mismatches. Therefore, set a threshold artificially and calculate
the homography matrix with RANSAC to remove most of the
mismatches.

The 3-D coordinates of the teeth model corresponding to
2-D points in projection images have been saved in advance
using the OpenGL depth buffer, so that the 2-D–3-D corre-
spondences between similar rendered images and 3-D model

Fig. 4. Projecting sphere of the virtual camera, where the teeth model is at
the center. Before rendering, the 3-D scan teeth model should be transformed
to CT model space using ICP. Then the upper and lower teeth models are
segmented from the 3-D scan model for rendering.

Fig. 5. One-to-many 2-D–3-D correspondences between the points in the
input camera image and the vertices of the 3-D teeth model.

are established. Taking the ORB feature matching as an
intermediary, one-to-many 2-D–3-D correspondences between
the points in the input camera image and the vertices of the
3-D teeth model can be established. The process is illustrated
in Fig. 5.

Some mismatches still exist in the one-to-many 2-D-3-D
correspondences. Thus, an innovative strategy is proposed to
further reject the outliers using geometric matching informa-
tion. Furthermore, the confidence probabilities are calculated
to measure the correctness of the inliers. For each 2-D point,
the corresponding 3-D vertices can be clustered using the
method in [25], which can determine the number of cate-
gories adaptively. Then, a formula containing three factors is
proposed to calculate the confidence probability of each 3-D
point’s cluster. The three factors are defined below.

The first factor α is defined as the number of 3-D points in
the cluster, which can be calculated as

αi =
ni∑Nc
i=1 ni

(4)

where ni is the number of 3-D points in the i th cluster, and
Nc indicates the number of clusters.

The second factor β is the concentration of the 3-D points in
the cluster, which can be measured by the average Euclidean
distance between the 3-D points and the center of the cluster
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as follows:

βi =

{
1 −

1
ni ∗r

∑ni
i=1 ∥pi − pc∥2, ni > 1

0, ni = 1
(5)

where pi and pc denote the coordinates of the 3-D points and
the center of the cluster, respectively, and r is a parameter
indicating the maximal distance of a cluster, which is set to
15 in this article. Isolated points tend to represent the outliers,
so the concentration value of them is calculated as zero.

The third factor γ is to evaluate the correctness of
2-D–2-D matching. The Hamming distance of ORB feature
matching and the reprojection error of the homography matrix
are used to calculate γ of the matching between the input
image and each similar rendered image. It is calculated using
the following equation:

γ j =
1

2Q j

Q j∑
q=1

(
∥ pq − p′

q∥2 + d
(

pq , pm
q

))
(6)

where Q j denotes the number of matching points between
the input image and the j th similar rendered image, and
∥ pq− p′

q∥2 represents the reprojection error of the homography
matrix. d( pq , pm

q ) is the Hamming distance between the
matching points.

The correctness of a cluster γi is calculated as the sum
of γ j of all 3-D points in the cluster. The three factors are
all normalized to the range of [0, 1]. Then the confidence
probability ωi of each cluster is calculated as

ωi =
αi ln(e − 1 + βi )

γi
, i = 1, 2, · · ·, Nc. (7)

The weighted average of 3-D points in the cluster with the
maximal ω is calculated. Then, the nearest 3-D vertex of the
teeth model surface is taken as the 3-D point corresponding
to the 2-D point in the input image. The process above is
repeated for each one-to-many 2-D–3-D correspondence. The
maximal ωi is selected as the diagonal element to construct
a weight matrix W , which is an n × n diagonal matrix as
follows:

W = diag(ω1, ω2, · · ·, ωn) (8)

where n is the number of 2-D–3-D correspondences.
Finally, the one-to-one 2-D–3-D correspondences and a

confidence probabilities matrix W are established.
3) Weighted OI Algorithm: Based on the established

2-D–3-D correspondences above, the initial 3-D pose can be
calculated by solving the PnP problem. The main algorithm
adapts the OI algorithm [26], which is fast and precise for solv-
ing the PnP problem. Furthermore, the established confidence
probability matrix W is integrated with the OI algorithm. The
minimization objective function can be expressed as

E(R, t) =

n∑
i=1

ωi
∥∥(I − V̂ i

)(
R pi + t

)∥∥2
(9)

where pi = (xi , yi , zi )
T is the reference point in the

model-centered reference frame, v̂i = (ui , vi , 1)T denotes the
projection image point of pi on the normalized image plane,

and V̂ i=(v̂i v̂
t
i/v̂

t
i v̂i ) is the observed line-of-sight projection

matrix.
As a result, the optimal value for t can be computed in

closed form as

t(R) =

(
n∑

i=1

ωi
(
I − V̂ i

))−1 n∑
i=1

ωi
(
V̂ i − I

)
R pi (10)

where R could be calculated iteratively.
Assuming that Rk has been obtained, we define

p̄ =
1∑n
1 ωi

n∑
i=1

ωi pi (11)

qi
(
Rk)

= V̂ i
(

Rk pi + t
(
Rk)) (12)

q̄
(
Rk)

=
1∑n
1 ωi

n∑
i=1

ωi qi
(
Rk). (13)

The cross-covariance matrix M(Rk) is calculated as
follows:

M
(
Rk)

=

n∑
i=1

ωi
(

pi − p̄
)(

qi − q̄
)T

. (14)

R(k+1) is formulated as

U
∑

V T
= svd

(
M
(
Rk)) (15)

R(k+1)
= U V T . (16)

In this form, the solution for R(k+1) is given by (16). Then
the next estimation of t(k+1) can be calculated using (10),
which is

t(k+1)
= t

(
R(k+1)

)
. (17)

The process above is repeated until convergence to obtain
the 3-D pose (Rn, tn), where n is the number of iterations.
By integrating the confidence probabilities of the 2-D–3-D
correspondences to the original OI algorithm, the improved
algorithm is introduced with strong priori to restrict the
solution space, which is significantly helpful to avoid local
minima and speed up the convergence.

4) Iterative Framework: After the initial 3-D pose is deter-
mined, the refined 3-D pose can be obtained relying on an
iterative framework, which is described as follows. The initial
3-D pose is denoted (R0, t0). The 3-D model is rendered by
(R0, t0) to get a new projection image. Then the set of similar
images can be updated using the intersection over union (IoU)
score between the projection image and the input image, and
the least similar image will be removed. In each iteration, the
2-D–3-D correspondences and the weight matrix are updated
by the new set of similar images, and the 3-D pose is solved
by the weighted OI algorithm. The refined 3-D pose (Rk, tk)

is obtained until the set of similar images no longer updates
or the iterations reach the set number k. Finally, the bundle
adjustment (BA) algorithm is used to further optimize the pose
and then output the result. For real-time pose estimation, the
calculated pose of the current frame can be set as the initial
pose of the next frame to speed up the convergence.
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5) Bounding Box Tracking: Note that the teeth area occu-
pies only a small part of the FOV of camera, and the kernel
correlation filter (KCF) [27] framework is used to track the
bounding box of the teeth, which is a fast, effective, and robust
method for long-term object tracking. The target teeth area of
tracking is defined by a bounding box in the first frame, which
can be artificially framed by the surgeon preoperatively. In the
coming frames, the KCF tracker performs frame-to-frame
tracking. The tracked bounding box can reduce the search
domain during initial image registration and eliminate false
matches caused by cluttered scenes, improving the accuracy
and efficiency of the patient-image registration.

D. CT-3-D Scan Registration

Note that the real teeth from the view of the camera are
partially covered by the soft tissue gingiva, which cannot
be reconstructed accordingly from the CT data. The shape
inconsistency between camera images and the CT teeth model
makes the patient-image registration unstable and inaccurate.
To overcome this problem, the intraoral 3-D scanner is used to
get the 3-D optical reconstruction of the teeth. The 3-D scan
model of the teeth contains clear gingival structures.

The entire registration procedure between the CT model
and 3-D scan model needs to be performed only once pre-
operatively. First, a semi-automatic segmentation tool (e.g.,
Geomagic) is used to remove the part covered by gingiva and
extract the exposed teeth part of the 3-D scan model. Then the
CT model and 3-D scan teeth model should be coarsely aligned
before applying the ICP algorithm. The principal component
analysis (PCA) is used to perform coarse alignment because
the 3-D teeth model has distinct magnitudes in width, length,
and height. Subsequently, three main directions of the model
are obtained by singular value decomposition (SVD). Together
with the gravity center, four-point correspondences between
the two models are established, and the coarse alignment is
conducted using the existing methods. The ICP algorithm is
used to further refine the registration.

IV. EXPERIMENTS AND RESULTS

In this section, the experiments consist of three main parts:
the uncertainty and accuracy evaluation of instrument tracking,
the simulation experiments of the proposed patient-image reg-
istration method, and the evaluation of the overall navigation
system accuracy.

Before these experiments, a volunteer was guided for a CT
scan, and the maxilla and mandible models were reconstructed
through multilayer CT images using the software Mimics.
In addition, the 3-D scan model of the oral cavity was
acquired using a commercial intraoral 3-D scanner (CEREC
Ominicam). Then, the registration between the CT model and
the 3-D scan model was performed.

A. Physical Setup

The physical setup of the experimental conditions is
shown in Fig. 6. The stereo camera used was HikVision
MV-CA023-10GM industrial cameras (monochrome, 1920 ×

Fig. 6. Experimental setup for evaluation.

1200 pixels, CMOS Sony IMX249), the baseline of which was
approximately 120 mm. The stereo camera was calibrated by
the calibration toolbox stereoCameraCalibrator of MATLAB,
and the reprojection error in the calibration parameters was
0.049 pixels. After the calibration, the parameters of the cam-
era were obtained, which can be used to correct lens distortion.
The computer was equipped with Intel Core i7-10875H CPU
(2.30 GHz) and an NVIDIA GeForce RTX 2060 GPU. All the
algorithms were implemented using C++, and the graphics
API for view rendering was OpenGL 4.5.

B. Surgical Instrument Tracking

The HydraMarker was printed on a polyvinyl chloride
(PVC) sticker (220 × 220 mm) with ten columns and rows.
The HydraMarker sticker was cut to the appropriate size
and then attached to the curved surface of the 3-D-printed
cylindrical pen. The instrument tracking was evaluated on two
aspects: uncertainty and accuracy.

To evaluate the uncertainty of instrument tracking, the
x–y–z positions of the tool tip were tracked while keeping the
tool static. The tracked pose samples included imaging sensor
noise, which followed a Gaussian distribution. Therefore, the
standard deviation σ was used to evaluate the instrument
tracking uncertainty. The 300 samples were calculated for each
static pose to obtain statistically meaningful results, and the
uncertainty of the tip positions is shown in Fig. 7(c).

The tracking accuracy was used to evaluate the systematic
effect of instrument tracking. A measuring stage was designed
and 3-D-printed, which was a cube consists of six orthogonal
planes, as shown in Fig. 7(a). Each plane was machined
with 5 × 5 positioning points, and the distance between each
two points was 20 mm. The 3-D-printed stage was scanned
by the 3-D scanner (3Shape, Denmark). The coordinates of
the positioning points in the obtained scan model space were
used as the ground-truth coordinates. During the experiment,
the tip of the cylindrical pen was placed on positioning points
and the 3-D coordinates in the camera frame were obtained,
as depicted in Fig. 7(b). A total of 45 points were measured.
The coordinates of the measured points and their coordinates
in the scan model frame were registered point-to-point using
the SVD method. The fiducial registration error (FRE) [28]
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Fig. 7. Instrument tracking evaluation. (a) Measuring stage. (b) Experiment
of the tracking accuracy. (c) Precision evaluation of the tip positions. (d) Accu-
racy evaluation of pivot calibration.

TABLE I
COMPARISON RESULTS OF INSTRUMENT TRACKING

was calculated as the tracking accuracy, which was given by

FRE =

√∑N
i=1 ∥Rxi + t − yi∥

2

N
(18)

where R, t are the transformation matrices, xi denotes the
measured coordinates of the i th point in the camera frame,
and yi is the coordinate of the i th point in the scan model
frame.

Following the above measuring procedure for uncertainty
and accuracy of instrument tracking, HydraMarker and tra-
ditional marker [9], [14]-based instrument tracking were all
evaluated. The spatial distribution of the measured points is
depicted in Fig. 7(d). The comparative experiment results are
summarized in Table I.

The experimental results revealed that the uncertainty and
accuracy of the HydraMarker localization are at the same
level as the traditional markers. Furthermore, the main advan-
tage of HydraMarker is that it can achieve more robust and
convenient instrument localization due to its high density of
self-identifying features and resistance to bending. As demon-
strated in the experiments, it could be detected and identified
even under nonideal visibility conditions, which can signifi-
cantly expand the motion range of the instrument. In addition,
it was convenient that HydraMarker can be attached to any

Fig. 8. Impact of the number of similar images on the accuracy of pose
estimation. (a) Mean translation error. (b) Mean rotation error.

curved surface of the surgical instrument without increasing
the size.

C. Patient-Image Registration Algorithm

The proposed patient-image registration algorithm was eval-
uated by simulation experiments. An ideal perspective camera
was simulated by OpenGL, and the intrinsic parameters were
set as the same as the real one. The experiment images were
generated by simulation with reasonable random poses.

For the proposed pose estimation algorithm, the number of
similar images m in the set to establish 2-D–3-D correspon-
dences was an important parameter. Too small m was unable
to guarantee the accuracy of the 2-D–3-D correspondences,
but if m was too large, unreliable images would be selected
and increased the computational load. Therefore, the value
of m was sampled from 2 to 20 to test the impact on the
accuracy of pose estimation. As shown in Fig. 8, when m
took values from 10 to 14, the mean absolute errors of
the translation and (Rodrigues) rotation angle remained low
relatively. Considering the accuracy and computational load,
the number of similar images m was set 12 in subsequent
experiments.

To validate the effectiveness of the proposed innovation
strategy in rejecting the outliers and improving the accuracy,
three state-of-the-art PnP algorithms combined with RANSAC
were selected: (RANSAC + P3P [29]), (RANSAC +

EPnP [30]), and (RANSAC + RPnP [31]) to deal with the 2-
D–3-D correspondences extracted by our algorithm. As illus-
trated in Fig. 9, the proposed algorithm performed best in
accuracy.

According to the best performance of the proposed algo-
rithm in accuracy, we can reasonably attribute the capability
to the weight matrix constructed with the geometric fac-
tors. The proposed algorithm has two advantages over the
RANSAC-based PnP solutions. First, most pose estimation
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Fig. 9. Accuracy comparison of our algorithm with the state-of-the-art
PnP solutions combined with RANSAC. (a) Mean translation error. (b) Mean
rotation error.

TABLE II
COMPARISON RESULTS OF REGISTRATION ACCURACY

algorithms simply rely on RANSAC and the robustness of PnP
algorithms to reject the outlier correspondences. In contrast,
we seek to explore the geometric factors based on the cluster-
ing result of one-to-many 2-D-3-D correspondences to reject
the outlier effectively without RANSAC. Second, we measure
the relative correctness among the inliers to improve the pose
accuracy, which cannot be achieved by the PnP solutions
combined with RANSAC. To our knowledge, the proposed
method is the first attempt at introducing geometric matching
information to guide PnP calculation.

To further verify the improvement of the proposed algorithm
in registration accuracy, a comparative experiment with the
markerless registration method [10] was conducted. The mean
absolute errors of the translation and the (Rodrigues) rotation
were calculated and are summarized in Table II.

The simulation experiment results validated that the pro-
posed registration algorithm had higher accuracy, which is
mainly contributed to the effectiveness of the proposed inno-
vation strategy in rejecting the outliers and improving the pose
accuracy.

D. Navigation System Accuracy

The overall navigation accuracy was used to evaluate the
systematic effect of the proposed navigation system, which
was mainly affected by the instrument tracking error and the
patient-image registration error. A phantom experiment was
designed to evaluate the overall navigation accuracy. First, the
STL file of the CT teeth model and the transformed 3-D scan
model was imported to Blender (Version 3.1, Blender.org)
and merged into one model by a Boolean operation. Then,
the STL file of the small solid balls with 0.5-mm radius was
loaded and adjusted to the surface of the maxilla and mandible,
which were used as target points. The designed models were

Fig. 10. Phantom fabrication for the experiment. (a) Designed model with
target points. (b) Three-dimensional-printed model.

Fig. 11. Overall navigation accuracy evaluation. (a) Experiments of the
maxilla. (b) Experiments of the mandible.

TABLE III
COMPARISON RESULTS OF OVERALL NAVIGATION ACCURACY

3-D-printed and scanned by the 3-D scanner. The coordinates
of the target points in the scan model space were used as the
ground-truth coordinates, as shown in Fig. 10.

During the experiment, the tip of the cylindrical pen was
placed on each target point to obtain its 3-D coordinates in
the camera space. Each target point was measured 60 times
and the average was taken as the measurement result. Then,
the reference 3-D coordinates of the target points were trans-
formed from the scan model space to the camera space by the
patient-image registration. Therefore, the Euclidean distance
errors between the reference target points’ coordinates and the
measured coordinates were calculated. The target registration
error (TRE) was defined as the root mean square (rms) of
the distance errors of the target points. The experimental
procedure is depicted in Fig. 11. Following the above measur-
ing procedure, comparative experiments between the proposed
navigation system and the markerless navigation systems in [9]
and [10] were performed. The TREs are given in Table III.

The experimental results demonstrated the significantly high
accuracy of our proposed system, which was mainly attributed
to the improvement of the two main registration steps of
the system. For patient-image registration, we proposed an
efficient pose estimation method for texture-less teeth, which
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can effectively reject the outlier and improve the pose accu-
racy. For surgical instrument tracking, a position-sensing
marker was used to achieve robust and convenient instrument
localization with high accuracy. In addition, it was confirmed
that the introduced 3-D scan model and KCF tracker can
further improve the registration performance in practical use.
The 3-D scan model efficiently enhanced the shape consistency
of the registration, and the KCF tracker reduced the search
domain and eliminated the false matching.

E. Discussion

The results of a series of experiments indicated that the
proposed markerless navigation system for OMS has satis-
factory accuracy. For surgical instrument tracking, the experi-
mental results reveal that the uncertainty and accuracy of the
HydraMarker are at the same level as the traditional marker.
The main advantage of HydraMarker is that it can achieve
more robust and convenient instrument localization due to
its high density of self-identifying features and resistance to
bending, which can significantly expand the motion range
of the instrument and decrease the size of the tool. For
patient-image registration, excellent simulation results validate
the effectiveness of the proposed texture-less pose estimation
method in rejecting the outliers and improving the pose
accuracy. Moreover, the TRE near the “features” that were
used for registration was smaller than that in the farther
areas [32], so that the part of the teeth near the surgical
site should be selected for patient-image registration. The
proposed navigation system has significantly high accuracy
compared with other markerless navigation systems. The reg-
istration performance in practical use is further improved
by introducing the 3-D scan model of the teeth and the
KCF tracker.

It should be mentioned that although our proposed naviga-
tion system exhibits advantages over the other methods, there
are some potential problems and limitations present. First,
various sources of error exist that affect the final performance,
such as the error of the camera calibration, segmentation error
caused by the CT resolution, and 3-D optical reconstruction
error of the intraoral 3-D scanner. Analyzing all the error
sources can provide the solution for future improvement. Sec-
ond, illumination may affect the stability of pose calculations.
A common light was used in our experiments, which may cast
a shadow on the surgical part. The shadow will increase the
difficulty of extracting tooth contours. In the present experi-
ments, the aperture of the camera was adjusted to improve the
contrast and minimize the effect of shadows. Nevertheless, the
shadow problem may not be a major disadvantage because
the real operating room is equipped with the surgical light,
which can illuminate the surgical region without shadows.
Third, patient’s teeth are commonly irregular or even missing
in real OMS. However, it does not affect registration accuracy
in practical use. Since the proposed registration method only
relies on the shape information of the teeth, it has no matter if
the teeth are irregular. Moreover, the condition that one or two
teeth missing is also acceptable, as long as not all the teeth are
lost. Finally, occlusion due to the surgical instrument or blood
will negatively affect image registration. Because most of the

OMS is conducted in a region away from the teeth, occlusion
caused by the surgical instrument is not significant. For the
occlusion by blood, the surgeon can stop the processing steps
if occlusion occurs, and remove blood quickly to ensure teeth
exposure. Thus, it can be acknowledged that occlusion is not
a serious problem in clinical use.

V. CONCLUSION

A vision-based surgical navigation system with markerless
image registration and position-sensing localization for OMS
is proposed. For patient-image registration, an efficient texture-
less pose estimation method for teeth using only shape infor-
mation is proposed, revealing effectiveness in rejecting the
outliers and improving the pose accuracy. For surgical instru-
ment tracking, a position-sensing marker is used to achieve
robust and convenient instrument localization. Moreover, the
3-D scan model of the teeth and KCF tracker is introduced
to further improve the registration performance in practical
use. Phantom experiments demonstrate the sufficiently high
accuracy of the proposed surgical navigation system for OMS.

In future work, we plan to investigate the surgical planning
mechanism by analyzing preoperative and postoperative CT
data of patients and develop an artificial intelligence planning
program for a more integrated surgical navigation system.
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