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Abstract

In surgical stabilization of rib fractures (SSRF), the current standard relies on preoperative CT imaging and often incorporates
ultrasound (US) imaging. As an alternative, mixed reality (MR) technology holds promise for improving rib fracture locali-
zation. This study presents an MR-based visualization system designed for SSRF in a clinical setting. We developed RibMR
— a visualization system using an MR head-mounted display that projects a patient-specific 3D hologram onto the patient.
RibMR enables the localization of rib fractures in relation to the patient’s anatomy. We conducted phantom study using a
human mannequin, a preclinical study with two healthy patients, and clinical study with two patients to evaluate RibMR
and compared it to US practice. RibMR localized rib fractures with an average accuracy of 0.38 +0.21 cm in phantom,
3.75+2.45 cm in preclinical, and 1.47 +1.33 cm in clinical studies. RibMR took an average time (minutes) of 4.42 +0.98 for
the phantom, 8.03 +3.67 for the preclinical, and 8.76 +0.65 for the clinical studies. Compared to US, RibMR located more
fractures, including fractures occluded by other structures, with higher accuracy, faster speed, and improved localization
rate. All participating surgeons provided positive feedback regarding accuracy, visualization quality, and usability. RibMR
enabled accurate and time-efficient localization of rib fractures and showed better performance compared to US. RibMR is
a promising alternative to US for localizing rib fractures in SSRF.

Keywords Fracture localization - Mixed reality - Surgical stabilization of rib fractures - Visualization system - Patient-
specific holograms - HoloLens

Introduction that improves outcomes [1]. This procedure involves an inci-

sion designed based on fracture characteristics and locations

Rib fractures are associated with approximately 10% of
trauma injuries and a mortality rate as high as 20% [1]. The
mainstay of treatment focuses on pain relief and respiratory
support to prevent the development of pneumonia. Surgi-
cal stabilization of rib fractures (SSRF), involving the use
of titanium plates, is a major intervention in selected cases
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identified from preoperative computed tomography (CT)
images [2]. However, the limitation of SSRF is the need for
a large skin incision and tissue dissection to access the rib
fracture, which is extended and can complicate postoperative
recovery if the fractures are not precisely localized [2, 3].
Relying solely on CT images to localize rib fractures has the
limitation that the surgeon needs to mentally map the fractures
seen on the screen onto the patient’s body [2]. This is a difficult
process because patient positioning in the operating room (OR)
differs from that in the CT images [3]. Therefore, complemen-
tary methods such as ultrasound (US) and video-assisted thora-
coscopy (VATS) are used in addition to CT images to improve
rib fracture localization [2]. US is used after anesthesia is
induced and the patient is positioned in the OR. A surgeon scans
each rib along its longitudinal axis to detect cortical disruption,
which is indicative of fractures [2]. Martin et al. [3] found that
US reduced the incision length and operative time, and improved

@ Springer


http://orcid.org/0000-0001-5960-1060
http://crossmark.crossref.org/dialog/?doi=10.1007/s10278-024-01332-2&domain=pdf

3280

Journal of Imaging Informatics in Medicine (2025) 38:3279-3293

postoperative pain management. However, the accuracy of US
can vary depending on the location of the fracture and the
patient’s body morphology [4, 5]. For example, US has limited
access to the subscapular and infraclavicular areas [5], and its
limited soft tissue penetration limits its use in obese patients or
those with large breasts [6]. In addition, the use of US is time-
consuming and requires an experienced surgeon to interpret the
images [4, 5]. VATS is used after induction of anesthesia and
intubation for single lung ventilation, involving thoracic trocar
placement. It allows the refinement of fracture locations based
on their direct visualization in the thoracic cavity [7]. Schots
et al. [7] noted advantages of VATS, including reduced muscle
destruction and shorter postoperative recovery time. However,
VATS requires the patient to be eligible for single-lung ventila-
tion [7]. It is a time-consuming and costly method that requires
skilled surgeons experienced in thoracic surgery [7].

Mixed reality (MR) technology can provide an alternative
for rib fracture localization by integrating virtual elements
into a physical environment as a hologram [8]. MR can be
used to overlay the patient’s CT-derived three-dimensional
(3D) rib model onto the patient’s body. This eliminates the
need for mental mapping between the CT images and the
patient. It also provides a wider field of view (FoV) com-
pared to US, allowing for more efficient fracture localization.
MR can enable accurate localization of rib fracture without
the need for intubation, single-lung ventilation, or thoracic
trocar insertion which are required for VATS.

Recent advances in MR head-mounted display (HMD) tech-
nology have fostered the development of MR-based systems
for surgical applications [8]. In these systems, a patient model
derived from medical images is superimposed on the patient’s
body as a hologram. Depending on the application, manual,
semi- or automatic alignment of the patient model onto the
patient (model-patient alignment) is used [8]. Teatini et al. [9]
demonstrated an MR system for orthopedic surgery where a
CT-derived lower limb model was semi-automatically aligned
to the phantom using markers and an additional tracking device.
van Doormaal et al. [10] proposed an MR system for neurosur-
gery where a magnetic resonance imaging (MRI)-derived head
model was semi-automatically aligned to the patient using fidu-
cial markers. Gibby et al. [11] guided percutaneous screw place-
ment using a commercial MR system that automatically aligns
lumbar models using 3D features of the model and phantom
surfaces. For a sarcoma resection procedure, Moreta-Martinez
et al. [12] proposed an MR system that uses a 3D-printed fidu-
cial marker clamped to the patient’s tibia for semi-automatic
alignment. Gsaxner et al. [13] presented a head and neck sur-
gery system that automatically aligns a patient model using 3D
facial feature points on the model and patient. Scherl et al. [14]
manually aligned patient model to patients for tumor resection.

Despite the potential of MR for surgical applications,
we have identified five distinct requirements for SSRF that
render existing systems unsuitable. First, preoperative CT

@ Springer

scans for SSRF are typically acquired in an emergency,
precluding modifications to the scanning protocol. Con-
sequently, methods that depend on pre-scan attachment of
registration markers and their maintenance until surgery
(e.g., van Doormaal et al. [10]) are infeasible in this con-
text. Second, SSRF aims to minimize incisions to enhance
patient outcomes, such as reducing postoperative recovery
time [15]. Therefore, methods requiring exposure of rigid
anatomical structures necessitate additional incisions and
may be impractical for SSRF (e.g., Moreta-Martinez et al.
[12]). Third, SSRF is an emergent trauma surgery typically
scheduled within one or two days to resuscitate and stabilize
the patient, with patients assigned to any available operating
room. Thus, systems requiring complex setups and cumber-
some calibration, such as additional tracking devices (e.g.,
Teatini et al. [9]), are unlikely to be suitable. Fourth, the
surgical area in SSRF—the patient’s torso—lacks distinctive
surface features for establishing correspondence between
the patient model and the patient. Consequently, methods
that rely on unique anatomical features for alignment (e.g.,
facial features in Gsaxner et al. [13]) may not be applicable.
Finally, the patient’s torso undergoes significant deforma-
tion based on surgical positioning, violating the assumption
that the torso in the patient model matches the intraopera-
tive anatomy. This impedes the use of MR systems that rely
on rigid alignment (e.g., Gibby et al. [11]). Consequently,
no existing MR system has been specifically designed to
address all five of these requirements, thereby limiting their
effectiveness in supporting surgeons with the intraoperative
localization of rib fractures in SSRF.

To address these specific requirements, we introduce
RibMR, a novel MR-based visualization system, specifi-
cally designed for intraoperative rib fracture localization in
the SSRF. As illustrated in Fig. 1, RibMR employs patient
model derived from standard emergency CT images and
aligns it to the patient in a non-invasive, intuitive, and
time-efficient manner. RibMR uniquely satisfies the criti-
cal requirements of SSRF. These tailored solutions ensure
RibMR’s compatibility with the urgent and variable condi-
tions of SSRF and its seamless integration into the clinical
workflow. Furthermore, RibMR has been rigorously evalu-
ated through phantom study as well as preclinical and clini-
cal studies, demonstrating its effectiveness and reliability in
real-world surgical environments. The key contributions of
this study are:

e Introduction of a new semi-automatic model-patient
alignment procedure that accounts for the patient’s torso
deformation by using five bony landmarks on the patient
and the singular value decomposition (SVD) algorithm
[16], without requiring modifications to scanning pro-
tocols, thereby ensuring compatibility with emergency
settings.
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Fig. 1 An overview of patient model construction and RibMR with standard preoperative CT images

e Development of a semi-automatic segmentation and
model construction pipeline for RibMR.

e [terative design and implementation of RibMR within an
SSRF workflow in a Level 1 trauma center.

Evaluation of our prototype RibMR system included three
experiments: a phantom study, and preclinical and clinical
studies in humans. The system’s accuracy and speed of
rib fracture localization were evaluated and compared to
current US practice. Feedback on RibMR’s model-patient
alignment, patient model visualization, and usability was
obtained from three surgeons.

Materials and Methods

Preprocessing: Segmentation and 3D Patient Model
Construction

This section describes the preprocessing steps to prepare
CT images for use in RibMR. The preprocessing consists of
two steps: (1) segmenting the body, bones, and rib fractures
and (2) reconstructing the segmentations into a 3D patient
model. While the following subsections detail the techniques
we employed, alternative methods yielding equivalent
results are also acceptable.

Segmentation of Body, Bones, and Rib Fractures

We collected CT images obtained using the standard scan-
ning protocol of the Level 1 trauma center and its referring
medical institutions. The standard scanning protocol pro-
duced multiple sets of CT images (CT series) representing
different anatomical sections (e.g., chest and abdomen).
The CT series were concatenated to form a unified set,
incorporating as many stable bony landmarks as possible,
as illustrated in Fig. 2. The CT scanner bed was removed
from this unified set using a 2D U-Net model [17] trained on
our dataset specifically for bed segmentation [18]. The bed-
removed CT images were segmented using a thresholding

technique with an empirically derived value set at the 20th
percentile of the minimum-maximum intensity value range.
This thresholding created a body segmentation mask from
the remaining image. Bone segmentation was performed
automatically using two 2D U-Net models [17]: (i) for rib
cage segmentation using the Usevilla Bone and Muscle
dataset [19] and (ii) segmentation focusing on the overall
bone structures using CT-ORG dataset [20]. The resulting
segmentations were combined using the logical OR opera-
tor. All rib fractures were manually segmented by a surgeon
and refined by a system development team to ensure align-
ment with other segmentations and to extend the rib fracture
indicator perpendicularly to the skin. The performance of
bone and body segmentations is detailed in the Appendix
(Supplementary Material 1).

3D Patient Model Construction

The segmentations were transformed into a 3D patient
model (i.e., skin, bone, rib fracture models) using the March-
ing Cubes algorithm [21] and the Laplacian filter (Fig. 3).
Within the skin model, unnecessary internal faces (e.g., res-
piratory system) were removed by discarding faces that were
always in shadow using the Ambient Occlusion technique
[22]. The surface simplification algorithm [23] was used to
reduce the faces of the models for computational efficiency.
The patient model was reviewed and manually corrected by
a system development team with a surgeon, including model
refinement and artifact removal.

RibMR

RibMR has been iteratively designed and developed with
surgeons from the Level 1 trauma center to comply with
requirements of SSRF and surgeons in the session. The hard-
ware setup for RibMR consists of a laptop, Microsoft Holo-
Lens 2 (HL2), and an optional dedicated wireless access
point, as illustrated in Fig. 4. This hardware can be placed
on a cart for portability and easily set up in any OR.
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Fig.2 Overview of the patient
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RibMR consists of two software applications: RibMR-
Laptop and RibMR-HL2 (Fig. 5). The RibMR-Laptop con-
tains a user interface (UI) for loading the patient model.
RibMR-HL2 receives the patient model from the RibMR-
Laptop, renders it into a hologram, and aligns it to the
patient.

RibMR has a semi-automatic model-patient alignment
procedure that uses five bony landmarks. This procedure
consists of 3 processes (Fig. 5) which are: (1) localizing
the bony landmarks on the patient model; (2) attaching
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and localizing the fiducial markers; and (3) aligning the
patient model to the patient. This alignment procedure is
intended to be performed during the SSRF. RibMR-Laptop
and RibMR-HL?2 were used accordingly throughout the
process.

Bony Landmark Localization on the Patient Model Process

The patient model was loaded onto the RibMR-Laptop.
The skin, bone, and rib fracture annotation models were
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Fig.3 Overview of constructing
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Fig.5 Overview of the RibMR and its semi-automatic model-patient alignment procedure

visualized in semitransparent blue, opaque white, and  landmarks, and upload the patient model and location of
semitransparent red, respectively (Figs. 5 and 6). The  bony landmarks to its internal server.

RibMR-Laptop has a control UI (as illustrated in Fig. 6 After evaluating the loaded patient model and condi-
blue boxes) to load the patient model, localize the bony  tion of the patient in the OR, five bony landmarks were
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Fig.6 RibMR-Laptop with the patient model loaded and viewed from front (a) and back (b). The transparency of skin model has been adjusted

to visualize the bone model distinctively

selected from a predefined list of 10 candidate bony land-
marks. These candidates were selected based on their rigid-
ity during patient position changes and their distinctive-
ness within the patient model and the patient’s body. The
selected candidates include the suprasternal notch, left and
right acromioclavicular (AC) joints, xiphisternum (Xiphi),
the left and right anterior superior iliac spine (ASIS), C7
and T1 vertebrae, and left and right posterior superior iliac
spine (PSIS).

The user localized five bony landmarks on the patient’s
skin model (referred to as the Ly;.4.;) by clicking on the des-
ignated positions, while the bone and rib fracture annotation
models were visualized through the skin model, as illus-
trated in Fig. 6. The patient model could be freely translated,
rotated, and scaled as a set, with adjustable transparency of
the skin model. Each landmark localization was confirmed
by a 5 mm diameter red sphere (yellow arrows in Fig. 6)
at the clicked location, adjusted if necessary. After the con-
firmation, the patient model and the location of the body
landmarks were packaged as a data stream and uploaded to
the RibMR-Laptop’s internal server to be transferred to the
RibMR-HL2.

Fiducial Marker Attachment and Localization Process

After positioning the patient in the OR, five rectangular fidu-
cial markers (3.2%3.2 cm) were placed on the patient, referred
t0 as Lp,gienes these Lp,ien corresponded to Ly, ;- The markers
were labeled as A1, B2, C3, D4, and ES5 using patterns from
ARToolKit [24] following the sequences in Lyogq-

The user wore the HL2 and started the RibMR-HL2. The
RibMR-HL2 has a control UI that appears next to the user’s

palm, as illustrated in Fig. 7(a). The control UI provides
buttons to load the patient model from the RibMR-Laptop,
align the loaded patient model to the patient, visualize the
patient surfaces captured by HL2, change the visibility of
skin, bone, and rib fracture models and a marker indicator,
and toggle manual adjustment of the 3D patient model and
the marker indicator. By pressing the patient model loading
button (“1 Load model” button in Fig. 7), the patient model
and the Ly, 4. Were transferred to the RibMR-HL2 from the
RibMR-Laptop’s internal server. The patient model appeared
as a hologram in the OR, as illustrated in Fig. 7(b).

The user attempted to locate all five fiducial markers on
the RibMR-HL2. The RibMR-HL2 employed ARToolKit
[24] to detect and localize these markers within the HL2’s
camera video stream. ARToolKit determined the mark-
ers’ positions and orientations by analyzing perspective
distortion, extracting corner points, and calculating the
homography matrix using the actual marker size. With
camera parameters such as focal length and optical center,
ARToolKit accurately estimated the markers’ poses and
scales, reporting the results back to RibMR-HL2.

Upon detecting and localizing a marker, RibMR-HL2
displayed a 20 mm diameter green holographic sphere
(Fig. 5) at the center of each marker to confirm its loca-
tion. If a sphere was off-center, the user repositioned it by
moving closer or improving its visibility with a flashlight.
Once a sphere was correctly positioned, the corresponding
marker was removed. After all markers were removed, the
user checked the overall placement of the spheres. If mis-
placement was observed, the corresponding marker was reat-
tached and relocalized, or the localized location was manu-
ally corrected. These locations became Lyp, ;.-
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Fig.7 The control UI of
RibMR-HL2 (a) and the loaded
patient model on RibMR-HL?2
before the alignment (b)

Aligning the Patient Model to the Patient Process

The alignment between the loaded patient model and the
patient was initiated by pressing the alignment initiation but-
ton (“2 Init Align” button in Fig. 7). RibMR-HL2 estimated a
rigid transformation to align the loaded patient model to the
patient using the landmarks Ly, 4o and Lp,en» based on the
SVD algorithm [16]. The alignment process is mathemati-
cally grounded in the least-squares fitting problem for two
sets of 3D points under point correspondences, as described
by Arun et al. [25]. The objective of this fitting problem is
to find a transformation (rotation R and a translation 7)) that
minimizes the sum of squared differences between Ly 4
and Lp,;n €Xpressed as:

5
2
Transformation = arg min 2 ”Lpan-em,i - (R *“Lytogeri + T) ”2

Transformation ;|
ey
To solve this problem, the centroids of both point sets
Lytoger and Lp, ;. Were calculated. These centroids served
as reference points for centering Ly qe and Lp,ien- The
covariance matrix H was then computed from the centered
Lytoder and Lpion- The SVD algorithm applied on H pro-
duced two unitary matrices U and VT, which are used to
compute the optimal R. Optimal 7 was derived by aligning
the centroids after applying R.
The steps for this alignment process are outlined in
Algorithm 1:

Algorithm 1 SVD-based least squares solution for optimal R and T

Input: Two 3D point sets — Lyoqe1 € B3 and Lpagient € B3

Output: Optimal R € R*3and T € R?

1. Compute the centroids: Calculate the centroid of the point sets Lyoqer and Lpatient-
2. Center the points: Subtract the centroids from the original point sets to center them around the origin,
resulting in the centered point sets: Lyjoqe1 a0d Lpatient-

3. Compute the covariance matrix H: Calculate H = Liyyge) * L'paﬁemT, where L'patiemT denotes the transpose

1
of LPatient'

4. Apply SVD on H: Compute the SVD(H) = UZVT where U and V are unitary matrices, and X is a diagonal
matrix. The SVD provides the closed-form solution for the optimal R.

5. Compute the optimal R: Calculate the optimal R = VUT.

6. Compute the optimal T: Calculate the optimal T = centroid (Lpatient) — R - centroid (Lyogel)

7. Return: Return the optimal R and T’

Algorithm 1 was executed exclusively within RibMR-
HL2, and the resulting optimal R and T were applied to align
the patient mode with the patient. This automated align-
ment process ensures accurate model-patient alignment. The
model-patient alignment procedure was concluded once the
optimal R and T were applied.
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Implementation

The preprocessing steps, “Segmentation and 3D Patient Model
Construction”, were implemented using U-Net implementa-
tion [26], PyTorch library [27], 3D Slicer [28], and MeshLab
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[29], on a PC with Intel i7-8700K CPU, 64GB memory, and
NVIDIA 2080Ti GPU.

The RibMR system was developed using C# and the
Unity Engine (version 2019.4.28f1) [30]. RibMR-Laptop
employed the Runtime OBJ Importer [31] in loading the
patient model file to the RibMR-Laptop and was deployed
on a laptop with an Intel i5-8265U CPU, 20GB memory, and
NVIDIA MX230 GPU. RibMR-HL2 employed the Micro-
soft Mixed Reality Toolkit (version 2.4.0) [32] for the con-
trol UI, the HoloLensARToolKit Library (version 0.3) [33]
for the marker detection and localization, and the MathNet
Library [34] for the calculations in Algorithm 1.

Experimental Settings

RibMR underwent the phantom study using a human man-
nequin, the preclinical study with two healthy patients, and
the clinical study with two patients to evaluate its accuracy,
localization rate, and speed in localizing rib fractures. The
accuracy was assessed by measuring the distance between
the actual rib fractures and those localized by RibMR or
US, as commonly employed in various studies [35]. The
localization rate denotes the percentage of rib fractures
identified by RibMR or US, while speed was evaluated by
measuring the time required for rib fracture localization.
In the preclinical and clinical studies, we collected verbal
feedback from participating surgeons on model-patient
alignment, model visualization, and system usability.

The phantom study provided a controlled environment in
which body deformations were removed and fixed Ly; 41
Lp,gene and rib fracture locations were used. This controlled
environment validated RibMR’s model-patient alignment
procedure in practice before the preclinical and clinical stud-
ies with human patients.

The preclinical study on two volunteer patients without
rib fractures was designed to evaluate RibMR in humans
and test its suitability for human use in a controlled simu-
lated OR environment. Patients in this environment were
in surgical positions with better body visibility compared
to the OR and were therefore not affected by occlusions
from medical equipment and/or personnel. Addition-
ally, this environment allows evaluation to be free of the
mental and physical stressors inherent in the surgical
environment.

The clinical study of two patients was conducted to evalu-
ate RibMR in the context of SSRF and a clinical setting
within the existing surgical workflow.

For the studies, approval was granted by the Ethics Com-
mittee of the Western Sydney Local Health District (2021/
ETHO00209). Informed consent was obtained from all par-
ticipating patients.

Phantom Study

A human torso mannequin (39.0x22.4x 67.0 cm) was used
as the patient phantom. 32 metal washers (a circular piece of
metal) of 7 mm diameter were attached to the phantom (see
Appendix for figure and locations) to use the fixed Ly,q4e
Lpatien- and rib fracture locations and to measure the sur-
face alignment accuracy in the study. The phantom models
were created from CT images of the phantom with the metal
washers by manually segmenting the surface and the wash-
ers using thresholding due to their different composition
from the human.

A computer science student with experience in HL2 and
RibMR participated in the phantom study. The phantom was
positioned in the supine, left lateral decubitus, and right lateral
decubitus positions. Five simulated Ly;,qei/Lpagien: P21s and 16
selected simulated rib fractures (see Appendix for locations)
were used to align the phantom model and evaluate accuracy
at each phantom position, respectively. RibMR rib fracture
localization accuracy was determined by measuring the short-
est surface distances between RibMR-located fractures and
their washer-marked positions (see Appendix for figure). Rib
fracture localization time was recorded from loading of the
phantom models to completion of rib fracture localization.

Preclinical Study

Three surgeons, including one senior surgeon experienced in
SSREF (referred to as S1) and two surgical trainees (referred to
as S2 and S3) participated in the preclinical study. S2 and S3
also participated as two healthy patients without rib fractures
(referred to as P2 and P3 — see Appendix for demograph-
ics). S1 and S2 had previous experience with HL2 while S3
reported no experience with HL2 or any other HMD.

Before the study, the surgeons received a hands-on intro-
duction to RibMR from the system development team, and
HL2 was calibrated to their eyes. Additionally, the seg-
mentation results were visually inspected on the 3D patient
model by the surgeons using our RibMR. In the study, S1
and S2 assumed the role of a surgeon while P3 was posi-
tioned supine on a simulated operating table (see Appendix
for figure). For P2, S1 and S3 assumed the role of surgeon
while P2 was positioned right lateral decubitus. CT images
and patient skin and bone models were obtained before the
study.

As there were no rib fractures in P2 and P3, six bony
landmarks (see Appendix for locations) were used as simu-
lated rib fractures. The location of the six bone landmarks
was marked on the patient by palpation using an invisible
marker. Surgeons were asked to perform the model-patient
alignment procedure and mark the simulated rib fractures
on the patient using RibMR. After marking, verbal feedback
was collected from the surgeons.
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We evaluated the accuracy of RibMR by measuring the
shortest surface distances between RibMR-localized and
palpation-localized simulated rib fractures for each surgeon.
We also recorded the time spent using RibMR from loading
the patient model to completion of fracture marking.

Clinical Study

Two surgeons participated in the clinical study: S1 and S2
from the preclinical study, S3 was unavailable. In this study,
S2 only used RibMR to locate the rib fractures, while S1
only used US according to the standard SSRF protocol. S2
had experience with RibMR from the preclinical study. S1
had previous experience with US in SSRF.

Two patients were recruited between September 2022
and April 2023 (see Appendix for demographics). All
patients undergoing SSRF with at least three of the candi-
date body landmarks available were eligible for the study.
Participating patients were in different degrees of lateral
decubitus position in the OR. Patient CT images and mod-
els were obtained one to two days before SSRF. The sur-
geon using RibMR (RibMR surgeon) received a hands-on
introduction to RibMR from the system development team
before the first SSRF of the study. Prior to each SSRF, the
participating surgeon visually inspected the segmentation
results on the 3D patient model using the RibMR.

In each SSRF, we asked two surgeons to use RibMR
and US to locate rib fractures (see Appendix for figure).
HL?2 was calibrated to the eyes of the RibMR surgeon. The
RibMR surgeon determined Ly 4. and Lp,.,: (see Appen-
dix for locations) based on their accessibility and visibility
in the CT images and the patient, and aligned the patient
model to the patient through the model-patient alignment
procedure. Rib fractures were marked independently on the
patient using RibMR and US. The surgeon using US marked
the rib fractures according to their standard SSRF workflow.
Verbal feedback was obtained from the RibMR surgeon. The
remaining SSRF followed the standard protocol regardless
of RibMR marking.

The shortest distance from the rib fracture to the RibMR
and US markers was measured intraoperatively using a sur-
gical ruler before suturing. Therefore, the shortest distance
was only measured for rib fractures that were fixed during
SSRF. The comparison of accuracy between RibMR and
US was performed only for rib fractures marked by both
methods and fixed during SSRF. For RibMR, the time from
loading the patient model to the end of fracture marking was
recorded, whereas for US, the time from first probe contact
to the end of fracture marking was recorded. The number of
fractures identified by RibMR and US was also recorded.
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Statistical Analysis

Descriptive and analytical statistical methods were used for
all studies, including mean + standard deviation (SD). The
statistical significance was determined by one-way analysis
of variance (ANOVA) followed by Tukey’s honestly signifi-
cant difference (HSD) test and two-sample t-test [36], with
a significance level of p <0.05. All statistical calculations
were performed with Microsoft Excel.

Results
Rib Fracture Localization Accuracy
Phantom Study

RibMR achieved an average rib fracture localization accu-
racy of 0.38 +£0.21 cm in the phantom study. All 48 simu-
lated rib fractures (16 simulated rib fractures X 3 phantom
positions) were located (100% localization rate), and their
shortest surface distances were measured. The accuracy at
each phantom position can be found in Appendix.

Preclinical Study

An average rib fracture localization accuracy of
3.75+2.45 cm was observed in the preclinical study. Sur-
geons localized 22 out of 24 simulated rib fractures (91.67%
localization rate) across 2 patients, with each having 2 sur-
geons and 6 simulated rib fractures. S3 could not mark two
fractures (left AC joint and left scapular tip) on P2 due to the
visualization issue in RibMR, where these fractures appeared
outside the patient’s body. The accuracy of each patient posi-
tion and surgeon can be found in Appendix.

Clinical Study

In the clinical study, RibMR localized 22 out of 25 rib
fractures (88% localization rate) across the two patients,
with one patient having 14 fractures and the other 11. US
localized 14 rib fractures (56% localization rate). RibMR
successfully marked all fractures identified by US. A two-
way t-test could not find statistical significance (p > 0.05) in
the number of rib fractures localized by RibMR versus US.

Figure 8 shows the visualization of the patient model in
RibMR after the model-patient alignment procedure. An
example video of two visualizations can be found in the Sup-
plementary Material 2.
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Fig.8 Visualization of a patient model in RibMR after the model-
patient alignment

Of the 22 RibMR and 14 US rib fracture markers, the
shortest distances were measured for 17 RibMR and 13 US
markers. Other markers could not be measured because the
corresponding fractures were not fixed during SSRF. Of the
rib fractures measured, all rib fractures marked by US were
localized by RibMR, while four rib fractures marked by
RibMR were not localized by US.

RibMR had an average accuracy of 1.47+1.33 cm in
the clinical study. Additionally, for the four rib fractures
missed by US, RibMR showed an average accuracy of
1.75+2.36 cm.

For the comparison between RibMR and US, the shortest
distances of 13 rib fractures marked by both methods were
used. The average accuracy of RibMR was 1.38+0.96 cm,
while the accuracy of US was marginally worse (two-sample
t-test p>0.05) at 3.46+5.46 cm. The average accuracy of
RibMR and US in each SSRF can be found in Appendix.

Rib Fracture Localization Times

RibMR took an average of 4.42+0.98 min in the phan-
tom study, 8.03 +3.67 min in the preclinical study, and
8.76 +0.65 min in the clinical study. In the clinical study,
US resulted in an average of 9.99 +6.39 min which was mar-
ginally slower than RibMR (two-sample t-test p > 0.05). In
terms of time spent per fracture, RibMR required an average
of 0.85+0.27 min in the clinical study, while US required
marginally more time (two-sample t-test p>0.05) with an
average of 1.49 +0.17 min. The time spent by each phantom
position in the phantom study, by each surgeon in the pre-
clinical study, and by each SSRF in the clinical study can be
found in Appendix.

Verbal Feedback
Model-patient Alignment

In the preclinical study, the surgeons observed an approxi-
mate offset of 1-2 cm during visual inspection of the aligned
patient model. S1 and S2 commented that this is an accept-
able level of accuracy for designing an incision in the SSRF
and confirmed this by palpation. However, during marking,
S3 expressed that the left AC joint and left scapular tip repre-
sentatives within the aligned bone model were outside of P2.

In the clinical study, S2 initially observed no discernible
misalignment and confirmed that the ribs were palpated based
on their appearance in RibMR. In the first SSRF, an offset of
approximately 1-2 cm to the front of the patient and 1 cm to
the side was described. In the second SSREF, a slight deviation
of the patient’s spine of 2 cm to the floor was observed, along
with a slight tilt to the patient’s left side. However, it was com-
mented that the quality of alignment in the second SSRF was
high, especially around the patient’s rib cage.

Model Visualization in RibMR

In the preclinical study, S1 and S2 reported an impairment
of depth perception that made it difficult to accurately esti-
mate the distance between the rib and the skin. S2 perceived
P3’s ribs to be visualized deeper than they actually were. S1
attributed this impairment to difficulty seeing the patient’s
skin due to the aligned patient model. S3 was able to count
the ribs on the aligned bone model but noted a shorter ster-
num than in reality.

In the clinical study, the bone models were commented
on as providing good contrast and clear visualization of the
ribs and allowing identification and localization of fractures.
However, in the second SSRF, the bone models were found
to be missing part of non-fractured ribs due to segmentation
errors.

Overall, the rib fracture annotation model was appreci-
ated for its effectiveness in identifying and locating frac-
tures in the patient’s body. Clear visibility and the ability to
objectively mark fractures were noted as beneficial features.

System Usability

All surgeons expressed satisfaction with the usability,
workflow, and UI of the system, describing it as easy to use,
straightforward, and effective. S2 noted a learning curve in
using the system, particularly in placing and localizing fidu-
cial markers, suggesting proficiency over time. A primary
recommendation was to reduce the number of fiducial mark-
ers to improve usability.
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Discussion

SSREF is the primary approach for treating rib fractures, but it
involves extensive skin incisions and tissue dissection when
precise rib fracture localization is not available. We demon-
strated that RibMR enabled surgeons to identify and localize
rib fractures in four patients in both simulated and real OR
settings, and resulted in higher accuracy, higher localization
rate, and faster speed than US in SSRF.

We made the following key findings: (1) RibMR showed
an average rib fracture localization accuracy within sub-cen-
timeters in the phantom study and within 3 and 1 cm in the
preclinical and clinical studies. These offsets were considered
useful for incision design; (2) RibMR identified a greater
number of rib fractures, achieved a higher localization rate,
and showed better accuracy than US; (3) RibMR's rib frac-
ture localization was completed faster than US; (4) Impair-
ment of depth perception and occasional loss of partial rib
segments were observed in the RibMR's patient model visu-
alization. Despite this, the surgeons successfully located the
rib fractures and, (5) RibMR received positive feedback on
its ease of use and the potential to improve the effectiveness
of the system with additional training.

RibMR demonstrated sub-centimeter accuracy (0.38+0.21
cm) in the phantom study. However, in human patients, the
system showed accuracy deficits of 3.37 cm in the preclinical
study and 1.09 cm in the clinical study. We attribute the offset
between the preclinical and clinical studies to S3 in the pre-
clinical study which had a significantly lower accuracy (one-
way ANOVA and Tukey HSD tests p <0.05) of 7.25+3.37
cm than S1 and S2. However, the decrease in accuracy with
human patients compared to the phantom is attributed to
patient body deformations, hardware limitations in HL.2, and
errors in localizing the Ly; 4, and Lp,... First, the patient’s
position in the OR (lateral decubitus position) was different
from the CT images (supine position), and the patient’s body
was deformed with this change in position. Second, the sur-
geons were confronted with the impairment of depth percep-
tion caused by the HL.2’s display system, where the displays
are at a fixed distance from the eyes, while the distance from
the eyes to the patient model varies [13]. This impairment was
exacerbated by the SSRF setting, which requires the surgeon
to locate the fractures inside the patient’s body [8]. Finally,
the phantom study used explicit indicators (i.e., metal wash-
ers) for Lyo4e and Lp,ien» Which reduced potential user error
in Ly;oqe1 and Lp, . localization. However, these indicators
could not be used in the preclinical and clinical studies due
to limitations in modifying the standard scanning protocol.
Nevertheless, S1 and S2 commented that their perceived accu-
racy was considered useful for incision design. This was also
validated in the clinical study where S2 was able to palpate
the ribs based on their representative visualization in RibMR.
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In the clinical study, RibMR identified 22 rib fractures,
8 more than US. RibMR demonstrated an 88% localiza-
tion rate (22 out of 25 rib fractures), surpassing US by 22%
points (56% localization rate; 14 out of 25 rib fractures).
Additionally, RibMR successfully located subscapular rib
fractures in both SSRFs, which were not located using
the US. RibMR also demonstrated more consistent accu-
racy (1.38 +£0.96 cm) for the 13 rib fractures identified by
both RibMR and US with better average accuracy than US
(3.46+£5.46 cm).

RibMR took an average of 4.42+0.98 min to locate
the simulated rib fractures in the phantom study, while
the preclinical and clinical studies took longer by 3.61 and
4.34 min, respectively. We attribute these longer times to
the increased difficulty of locating the Ly;4e; @and Lpygient
in human patients. For example, in the preclinical study,
surgeons took an average of 3.64 +3.18 min to locate the
Lytode» compared to an average of 0.53 +£0.20 min in the
phantom study. In the clinical study, it took an average of
4.59 +1.05 min to locate Lp,.,,, compared to an average of
1.34 +0.32 min in the phantom study. However, RibMR took
less time to locate rib fractures than US by 1.23 min in the
clinical study. It is worth noting that US in our clinical study
was faster than that reported by Huerly et al. [5], who took
an average of 13 min to locate 14 fractures in 10 patients.
We attribute RibMR’s faster speed to its wider FoV, which
saves time in scanning each rib along its longitudinal axis.
In addition, we believe that surgeon time can be reduced by
offloading the model-patient alignment procedure to techni-
cians or nurses, which took an average of 6.33 +£0.79 min in
the clinical study.

The surgeons identified and located rib fractures satis-
factorily from the aligned patient model. S2 was satisfied
with the rib fracture annotation model which clearly showed
where the fractures were located. However, the surgeons
highlighted the model’s depth perception and incomplete
representation of the ribs as areas most in need of improve-
ment. In the current implementation, the depth perception
impairment was temporarily resolved using HL2’s finger-
tracking feature. Based on the position of the finger in the
HL2 displays and on the patient’s body, the perceived depth
of the aligned patient model was aligned with the patient. In
the second SSRF, S2 commented that this helped to mitigate
the impairment and resulted in the best average accuracy of
0.71+1.89 cm on human patients. Rib fracture annotation
models were used as the primary determinant of rib fractures
to address the concern of partial rib loss.

RibMR is designed with a simplified setup on mobile
hardware, and the system could be set up in any OR at short
notice. The system worked with the standard CT scanning
protocol and was seamlessly integrated into existing clinical
workflows. While RibMR has received positive feedback
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from all participating surgeons, maximizing the benefits of
RibMR may require prior experience with MR or in-depth
training before its use. For example, in the preclinical study,
S3 had significantly lower rib fracture localization accuracy
(» <0.05, as determined by one-way ANOVA and Tukey
HSD tests) than S1 and S2. We presume this is due to S3’s
lack of experience with MR.

We compared our RibMR results with published work
using MR in different surgical applications. In the phantom
study, our accuracy (0.38+0.21 cm) was similar to other
applications, such as pedicle screw placement [11] and
orthopedic surgery [9] where the authors reported an average
accuracy of 0.25+0.04 and 1.09 +0.04 cm, respectively. In
the clinical study comparisons, our results (1.47 +1.33 cm)
were less accurate by 1.03 cm compared to a neurosurgery
study [10] (0.44 +0.25 cm), and also by 0.17 cm compared
to a parotid gland tumor surgery [14] (1.30+0.49 cm). We
attribute these reductions to the complexity of rib fracture
localization and the unique challenges identified for SSRF.
For example, none of the compared systems accounted for
the body deformation seen in our patient cases. Another
example is the limited ability to modifty the standard CT
scanning protocol in SSRF, which prevented the elimination
of user error in Ly;.4; and Ly, localization by attaching
fiducial markers prior to the medical scan.

This study focused on the technical development, imple-
mentation, and comparative evaluation of RibMR to compet-
ing technologies. A clinical pilot study on the feasibility of
our RibMR for SSRF with additional patient studies will be
published as a separate work.

Limitations and Future Work

The successful application of RibMR in four patients (2
patients X 2 studies) with different body habitus and fracture
locations demonstrated its feasibility. However, the clinical
study involved a limited number of patients and surgeons.
Future work will include more extensive evaluations with
additional patients and surgeons.

A limitation of this study is the use of 2D U-Net models
for the segmentation of the bones. While 2D U-Net is widely
adopted in the medical image analysis community and has
demonstrated effectiveness in medical image segmentation
tasks [37], there are more advanced models, such as nnU-
Net [38] and 3D U-Net [39], which could offer improved
performance (see Appendix). However, the 3D patient mod-
els generated from our 2D U-Net models were sufficient for
the clinical requirements of our preclinical and clinical stud-
ies. Future work will focus on integrating more advanced
segmentation models to further enhance the accuracy and
robustness of the segmentation process.

During the clinical study, misalignment of the patient’s
arms in the 3D patient model occurred due to differing

patient poses in the OR, as discussed in the introduction, and
the rigid nature of the model. However, this misalignment
did not impact the localization of rib fractures during the
clinical study, as appropriate alignment was achieved for the
torso. In future work, we aim to incorporate non-rigid align-
ment using parametric human models (e.g., Skinned Multi-
Person Linear model (SMPL) [40]) to ensure comprehensive
alignment between the 3D model and the patient in the OR.

Our RibMR has demonstrated the ability to identify rib
fractures more accurately which can lead to smaller inci-
sions, and has also shown the ability to identify additional
fractures that were not identifiable with US. Future studies
will measure the clinical benefits of these RibMR benefits
in terms of patient outcomes, such as better pain control
management and postoperative recovery.

A key limitation of the current RibMR implementation
was the depth perception issue, which prevented accu-
rate visualization of the patient model. We anticipate that
improved hardware in future generations of MR will help
avoid this limitation and allow for more accurate perception.

The implementation of a markerless registration tech-
nique, which uses 3D surface information from the skin
model and the patient’s body for the model-patient align-
ment, can potentially reduce user error in the model-patient
alignment procedure. However, existing techniques lack the
precision required for SSREF, i.e., Tu et al. [41] found that
even the latest techniques resulted in an offset of up to 8.63
cm on a rigid human phantom. We suggest that appropriate
handling of patient body deformation will be a critical fac-
tor in achieving the acceptable accuracy required for SSRF.
Future research aims to develop a markerless registration
technique that addresses this deformation issue and evaluates
its feasibility in SSRF.

Conclusion

We introduced RibMR — an MR-based visualization system
for SSRF that projects a 3D patient model extracted from
CT images onto the patient’s body. RibMR demonstrated
its effectiveness for rib fracture localization in a controlled
phantom study as well as in preclinical and clinical studies.
Due to the limitations of CT images in intraoperative rib
fracture localization without palpation or US, we assessed
RibMR against US for accuracy, speed, and localization rate.
Improved accuracy, speed, and higher localization rate of rib
fracture localization were observed with RibMR compared
to US practice with a greater number of fracture localiza-
tions and the ability to mark fractures occluded by other
structures. However, our findings suggest the need for a
more comprehensive model-patient alignment technique to
fully realize the potential of RibMR in SSRF.
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