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A B S T R A C T

Pelvic fractures are among the most complex challenges in orthopedic trauma, which usually involve hipbone
and sacrum fractures, as well as joint dislocations. Traditional preoperative surgical planning relies on the
operator’s subjective interpretation of CT images, which is both time-consuming and prone to inaccuracies.
This study introduces an automated preoperative planning solution for pelvic fracture reduction, addressing
the limitations of conventional methods. The proposed solution includes a novel multi-scale distance-weighted
neural network for segmenting pelvic fracture fragments from CT scans, and a learning-based approach
to restore pelvic structure, combining a morphable model-based method for single-bone fracture reduction
and a recursive pose estimation module for joint dislocation reduction. Comprehensive experiments on a
clinical dataset of 30 fracture cases demonstrated the efficacy of our methods. Our segmentation network
outperformed traditional max-flow segmentation and networks without distance weighting, achieving a Dice
similarity coefficient (DSC) of 0.986 ± 0.055 and a local DSC of 0.940 ± 0.056 around the fracture sites.
The proposed reduction method surpassed mirroring and mean template techniques, and an optimization-
based joint matching method, achieving a target reduction error of (3.265 ± 1.485) mm, rotation errors of
(3.476 ± 1.995)◦, and translation errors of (2.773 ± 1.390) mm. In the proof-of-concept cadaver studies,
our method achieved a DSC of 0.988 in segmentation and 3.731 mm error in reduction planning, which
senior experts deemed excellent. In conclusion, our automated approach significantly improves traditional
preoperative planning, enhancing both efficiency and accuracy in pelvic fracture reduction.
1. Introduction

Pelvic trauma represents one of the most severe orthopedic injuries,
with a disability rate of 50%–60% and a mortality rate exceeding
13% (Halawi, 2016; Miller et al., 2003). Among pelvic trauma patients,
74.5% require surgical intervention to restore stability (Hermans et al.,
2017; Khurana et al., 2014). Traditional open reduction surgery, while
effective under direct visualization, requires large incisions, resulting in
significant blood loss and posing risks of vascular and nerve damage,
as well as postoperative infections. The deep anatomical position of
the pelvis and its proximity to vital organs make the procedure both
complex and demanding. With advances in intraoperative imaging and
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the adoption of minimally invasive techniques, closed reduction under
image guidance has emerged as an ideal alternative. This approach
offers advantages such as reduced bleeding, lower infection rates,
decreased soft tissue damage, faster postoperative recovery, and the
potential for robot-assisted surgery (Tosounidis et al., 2012).

Effective preoperative surgical planning, which typically includes
segmenting fracture fragments from CT and determining their optimal
positions, is crucial for successful image-guided closed reduction. Er-
rors in planning can lead to incomplete anatomical restoration and
unstable fixation, resulting in complications such as post-traumatic os-
teoarthritis and recurrent fractures (Olson et al., 2012). Among patients
with insufficient reduction, 63% experience persistent pain, 28% suffer
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sensory and motor deficits, and 32% cannot return to their previous
occupations (Smith et al., 2005).

Conventionally, surgical plans are made manually through interac-
ive medical image processing software. These tools enable operators
o delineate fragments in 3D views or modify masks layer by layer to
egment bone fragments and then virtually manipulate the 3D bone
urface models towards the imagined healthy state of the pelvis (Luque-
uque et al., 2021; Chowdhury et al., 2009). However, for complex
ractures, especially those involving multiple bone fragments and col-

lision/compression between fragments, manual planning is very chal-
lenging and time-consuming, often taking more than two hours to first
separate each fragment and then assemble the puzzle (Suero et al.,
2010; Zeng et al., 2024b). Additionally, the manual planning process
eavily relies on operator’s skill and experience, making it difficult to
chieve consistent and high-quality outcomes. An automatic planning
olution is in great demand to guarantee the planning accuracy and
fficiency, as well as to alleviate the reliance on medical experts

and therefore help spread the application of advanced image-guided
reduction surgery.

Identifying and isolating each bone fragment in the CT is the
first crucial step in the planning process. Geometry-based techniques,
such as max-flow, enable semi-automatic or automatic segmentation
of non-contact fractures. However, these methods often fail with more
complex fracture types, such as contact or compression fractures (Krčah
et al., 2011). Learning-based methods are considered promising for
addressing these challenges. Nevertheless, existing research predomi-
nantly focuses on segmenting overall anatomical structures or detecting
fractures, with few studies specifically addressing fracture segmenta-
tion (Liu et al., 2021; Zeng et al., 2024a). This task remains challeng-
ing for learning-based methods for several reasons: (1) Unlike organ
or tumor segmentation tasks where models can implicitly learn the
shape priors of objects, it is difficult to learn the shape information
of bone fragments due to the significant variations in fracture types
and shapes (Kuiper et al., 2022); (2) The fracture surface can exhibit
various forms, including large spaces (fragments isolated and moved),
small gaps (fragments isolated but not moved), creases (fragments
not completely isolated), compression (fragments collided), and their
combinations. These variations result in diverse image intensity profiles
around the fracture site; (3) The variable number of bone fragments in
pelvic fractures complicates the development of a consistent labeling
trategy applicable to all types and cases. These factors collectively
nderscore the complexities of fracture segmentation, highlighting the

need for continued research and development in this area.
The other major step in the planning process is to assemble the

puzzle of the extracted bone fragments and restore the healthy pelvic
anatomy. Some attempts has been made to match the features of
complementary fracture surfaces but was challenged by the precise
definition of fracture lines. Other methods mainly focus on various
template methods, including mean templates, mirror templates, and
adaptive templates. Notably, statistical shape models (SSM) have been
employed as adaptive templates to warp and align with the frag-
ments (Han et al., 2019). However, these methods mainly focus on
single-bone structures and often do not perform as well for composite
and complex structures like the pelvis as a whole. Recently, deep
network has also been employed to reconstruct the target morphology
of fractured bones as template for reduction (Zeng et al., 2024b).
However, like other template-based methods, deep learning generated
template faces the challenge of balancing the need for structural regu-
larity and the flexibility required to accurately align the unique shape
of injured bones.

To address these challenges and streamline the preoperative work-
flow, we propose a learning-based solution for pelvic fracture segmen-
tation and reduction planning. Our approach consists of a two-stage
deep learning-based automatic segmentation method for pelvic frac-
tures and a novel recursive pose estimation module combined with
statistical shape modeling to restore healthy pelvic morphology. Major
contributions of this study include:
 K

2 
• We propose a comprehensive, fully automated preoperative plan-
ning process for pelvic fracture reduction that includes both
automatic segmentation and target pose planning, with significant
improvements in both accuracy and efficiency.

• We develop a novel pelvic fracture segmentation network, which
incorporates a multi-scale distance-weighted loss function in the
training process to improve segmentation accuracy near the frac-
ture regions.

• We develop a novel learning-based approach to address the
restoration of pelvic structure, combining a morphable model-
based method for reduction of single-bone fractures and a
simulation-to-reality (sim-to-real) recursive pose estimation mod-
ule for reduction of joint dislocations, addressing the challenge of
limited fractured data.

2. Related works

2.1. Fracture segmentation

Existing research in orthopedic image segmentation primarily fo-
cuses on segmenting the overall anatomical structures such as pelvis,
ribs, spine, and skull (Yang et al., 2021; Cheng et al., 2021; Liu et al.,
2022). In pelvic imaging, Liu et al. (2021) utilized a cascade 3D UNet
to segment the hipbone, sacrum, and lumbar vertebrae in CT scans.
However, in the context of pelvic fractures, it is crucial to extract the
fracture fragments rather than the whole anatomical region. Methods
used for fracture segmentation can be categorized into intensity-based
methods, geometric methods, and deep learning methods.

Intensity-based methods, such as fixed or adaptive thresholding,
watershed algorithms, and region growing, typically rely on grayscale
intensity similarity and boundary gradient continuity for segmenta-
tion (Tomazevic et al., 2010; Neubauer et al., 2005; Ruikar et al., 2019).
These methods often face obstacles due to the intensity difference
between cortical and trabecular bones, as well as the overlapping inten-
sity ranges between trabecular bones and soft tissues. Such challenges
usually pose great impact on the occurrence of hollows within the
segmentation masks, resulting in the inaccurate representation of the
bone shape and topology (Paulano et al., 2014).

Geometry-based methods, such as graph cuts and template-based
methods, depend on geometric connectivity or morphological similar-
ity. Yuan et al. proposed a semi-automatic graph-cut method based on
ontinuous max flow for segmenting pelvic fractures, which involves
re-determining the number of fragments and selecting seed points on
ach fragment (Yuan et al., 2014). Similarly, Wang et al. developed
n automatic max-flow segmentation method using boundary-enhanced
ilters (Wang et al., 2019). While graph-cut can effectively segment
on-contacting fragments, they face difficulties when fragments are
n contact or compressed. Template-based methods involve register-
ng a CT scan to a healthy template and using graph partitioning
echniques for label production. Deng et al. used the contralateral
one as a template and implemented a dual-task synergy approach for
ragment segmentation and reduction planning using a deep learning-
ased dense feature matching strategy (Deng et al., 2023). However,
his method is effective only when a complete contralateral template is
vailable, and its success heavily depends on the registration accuracy.
he complex and varying forms of fractures can lead to unreliable
egmentation results (Seim et al., 2008).

Deep learning-based fracture segmentation is still a relatively un-
erexplored area, yet some studies have demonstrated its significant
otential. Yang et al. applied a two-stage Mask R-CNN model to locate
nd segment intertrochanteric fractures in 2D images (Yang et al.,
022). This approach, however, overlooked the 3D spatial context and
he overall features, which can result in misinterpretation of fractures.

im et al. used the DeepLab model to automatically segment bone
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fragments from tibia and fibula in CT (Kim et al., 2023). Wang et al. em-
ployed a V-net-based network, IFFCT, to segment intertrochanteric frac-
tures (Wang et al., 2022). Similarly, Zeng et al. proposed a dual-stream
learning network for automatic segmentation of pelvic fractures (Zeng
et al., 2024a). Many of these studies have reported decreased per-
formance on small bone fragments. Additionally, they have identified
the limited availability of fractured data as a significant challenge
that limits segmentation accuracy and robustness. Additionally, due
to the variability in shape, location, and the varying number of bone
ragments, models need to possess advanced spatial relationship un-

derstanding and detailed feature learning capabilities, which current
methods struggle to achieve.

2.2. Fracture reduction planning

Fracture reduction planning, also known as target pose planning
or virtual fracture reduction, involves repositioning bone fragments to
restore the original anatomical structure. Fracture surface matching
is an intuitive method that aligns fragments based on their fracture
surface features (Willis et al., 2007; Paulano-Godino and Jiménez-
Delgado, 2017; Luque-Luque et al., 2021). However, this method re-
lies heavily on precise identification and segmentation of fracture
lines, which is particularly challenging in comminuted fractures with
multiple fragments and missing small pieces.

Template-based approaches avoid the fracture line identification
process by constructing a target template and aligning the fragments to
this template, making them more robust. These methods include using
a mean template modeled from pelvic shapes or a template mirrored
from the healthy contralateral side (Ead et al., 2021; Zhang et al.,
2016; Ead et al., 2020; Zhao et al., 2022). The mean template approach
is less adaptable to individual morphology, often resulting in poor
robustness, while the contralateral mirroring method, effective only for
iliac fractures, is limited by the inherent asymmetry between the two
ilia (Gnat et al., 2009). Liu et al. (2024a) proposed using the mirrored
contralateral innominate bone for initial registration, followed by local
adjustments to address structural asymmetry, but this method faces
significant challenges in cases of bilateral injuries where the mirrored
part cannot provide accurate references.

Han et al. built SSM as adaptive templates for the entire pelvis.
However, due to the complex and composite structure of the pelvis, the
results were less than satisfactory (Han et al., 2020). To improve this,
they combined single-bone SSM with a statistical pose model (SPM) to
create a comprehensive pelvis model as a two-step solution (Han et al.,
2021). In this approach, the SPM focused solely on pose parameters,
neglecting detailed shape nuances, thereby limiting its accuracy in
accommodating minor morphological discrepancies. Lu et al. (2023)
constructed separate SSM for male and female pelvises but did not in-
clude the sacral part in their models. Alternatively, SSM combined with
joint surface detection and matching methods have been proposed to
address pelvic reduction planning (Yibulayimu et al., 2023). However,
for complex trauma types, especially those involving distorted joint
surfaces or comminuted fractures, manually designed matching criteria
may not robustly capture the features.

In reconstructive bone surgery, deep learning has been applied to
model complex structures such as the skull and jaw using generative
models (Kodym et al., 2020; Abdi et al., 2019). Recently, Zeng et al.
(2024b) utilized deep learning for pelvic fracture reduction, learning
the deformation field between fractured and healthy bones to create
the target template. This work separately addressed the iliac and sacral
bone fractures, but the restoration of the whole pelvic structure from

joint dislocation was not covered in its method.

3 
2.3. Differences from the conference version

This study extends our works in our initial conference papers pre-
sented at the 26th International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention (MICCAI 2023) by significantly
enhancing performance, depth, and practical utility (Liu et al., 2023;
Yibulayimu et al., 2023).

• We have improved the automatic pelvic fracture reduction plan-
ning pipeline, demonstrating its robustness and effectiveness
through comprehensive experimental analyses.

• We have optimized the fracture segmentation method and ex-
panded the fracture CT dataset to encompass a wider range of
fracture types, thereby improving segmentation accuracy and
robustness.

• We have refined the fracture reduction planning method by in-
tegrating a novel pose estimation network, which enhances the
accuracy and practical applicability of the reduction plans.

3. Methods

The workflow for preoperative planning of pelvic fracture reduction
consists of an image segmentation step and a fracture reduction step,
illustrated in Fig. 1. Initially, an anatomical segmentation network is
employed to generate 3D models of the left hipbone, right hipbone,
and sacrum. Then, a fracture segmentation network identifies and seg-
ments bone fragments within each extracted hipbone and sacral region.
Following segmentation, a post-processing step refines the segmenta-
tion by isolating and labeling individual components to produce the
final segmented result. In cases involving bone fractures, a morphable
model-based approach is utilized. This method registers fragments of
each bone to an adaptive template, thereby reconstructing the morphol-
ogy of individual bone anatomy. Finally, a recursive pose estimation
module iteratively predicts the target pose of the dislocated bone to
restore the overall pelvic morphology to its healthy state.

3.1. Pelvic bone extraction

Our initial step aims to accurately extract pelvic bone regions
from CT scans. We employ a cascaded 3D UNet framework designed
for predicting anatomical labels from preprocessed CT images. This
framework consists of two sequential five-layer UNet models. The
first model operates on low-resolution images to establish a broad
contextual understanding and segments the hipbones and sacrum in
coarse detail. Subsequently, the second model refines this segmentation
on full-resolution images by integrating the initial coarse segmentation
with the CT volumes.

To ensure reliable performance, the networks are pre-trained on the
CTPelvic1K dataset, which includes over 1000 high-resolution pelvis
scans. They are further fine-tuned using the Pelvic Bone Fragments
with Injuries (PENGWIN) dataset, a curated collection that encompasses
diverse fracture cases, discussed in Section 4.1.

3.2. Pelvic fracture segmentation

A deep network is developed to segment bone fragments within each
identified region. Fig. 2 illustrates our approach. A 3D UNet is used as
the foundational model (Isensee et al., 2021). The network model learns
a non-linear relationships between the masked CT volume (𝑋) and the
ground truth fragment labels (𝑌 ). To establish a consistent labeling
strategy applicable to all fracture types, we categorize each bone into
three distinct labels: background, main fragment, and minor fragments.

The main fragment refers to the largest central fragment.
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Fig. 1. Workflow of the proposed preoperative planning method for pelvic fracture reduction. (a) An anatomical segmentation network is used to generate 3D masks of the left
hipbone, right hipbone, and sacrum. Subsequently, a fracture segmentation network isolates the bone fragments within each extracted hipbone and sacral region. The post-processing
tep further separates isolated components to yield the final segmentation result. (b) The morphable model-based reduction planning method computes the transformation of each

bone fragment to restore the single-bone morphology. Subsequently, the target pose of each dislocated bone relative to the entire pelvic anatomy is estimated using a recursive
pose estimation module.
Fig. 2. Training of the fracture segmentation network. The network takes masked bone regions of CT as input and generates main and minor fragment labels as output. Ground
ruth labels are used to derive the fracture distance map (FDM), which are then used to compute a distance-weighted loss to enhance segmentation accuracy, particularly in contact
racture surface (CFS).
𝐷

i
f
F

d

.2.1. Distance-weighted loss
The contact fracture surface (CFS) represents the area where bones

ollide and overlap due to compression. This region poses significant
hallenges for both human operators and network models to accurately
elineate. Our primary objective is to improve segmentation accuracy
pecifically within this complex region. To address this, we incorporate
racture distance map (FDM) into the training process.

The FDM is derived from ground-truth segmentations of each data
ample prior to training. This representation conveys boundary, shape,
nd positional information of the segmented object. Initially, CFS re-
ions are identified by comparing labels within each voxel’s neighbor-
ood. Subsequently, we compute the distance of each foreground voxel
o the nearest CFS, denoted as 𝐷𝑣, and normalize it:
𝑣 = I(𝑌𝑣 ≥ 1) min
𝑢∈𝐶 𝐹 𝑆 ‖𝑣 − 𝑢‖2, (1) 

4 
̂𝑣 =
𝐷𝑣

max𝑣∈𝑉 𝐷𝑣
, (2)

where 𝑉 represents all foreground voxels, 𝑣 and 𝑢 are voxel indices, 𝑌
s the ground-truth segmentation, I(𝑌𝑣 ≥ 1) is the foreground indicator
unction, and 𝐷̂ is the normalized distance. This distance informs the
DM weight 𝑊̂ :

𝑊𝑣 = 𝜆𝑏𝑎𝑐 𝑘 + I (𝑌𝑣 ≥ 1
) 1 − 𝜆𝑏𝑎𝑐 𝑘
1 + 𝑒𝜆𝐹 𝐷 𝑀𝐷𝑣−5

, (3)

𝑊̂𝑣 =
𝑊𝑣 ⋅ |𝑉 |

∑

𝑣∈𝑉 𝑊𝑣
, (4)

where 𝜆𝑏𝑎𝑐 𝑘 is the weight for background voxels, and 𝜆𝐹 𝐷 𝑀 adjusts
the slope of the activation function. To ensure the equivalence across
ifferent samples, weights are normalized by their sum.

The FDM weight 𝑊̂ is utilized to calculate the weighted Dice loss
and cross-entropy loss  , enhancing the importance of CFS in
𝑑 𝑖𝑐 𝑒 𝑐 𝑒
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training.

𝑑 𝑖𝑐 𝑒 = 1 − 2
|𝐿|

∑

𝑙∈𝐿

∑

𝑣∈𝑉 𝑊̂𝑣𝑃 𝑙
𝑣𝑌

𝑙
𝑣

∑

𝑣∈𝑉 𝑊̂𝑣𝑃 𝑙
𝑣 +

∑

𝑣∈𝑉 𝑊̂𝑣𝑌 𝑙
𝑣

, (5)

𝑐 𝑒 = − 1
|𝑉 ||𝐿|

∑

𝑣∈𝑉

∑

𝑙∈𝐿
𝑊̂𝑣𝑌

𝑙
𝑣 log (𝑃 𝑙

𝑣), (6)

where 𝐿 represents the number of classes, and 𝑃 𝑙
𝑣 and 𝑌 𝑙

𝑣 are the
predicted output and ground truth for the 𝑣th voxel of the 𝑙th label,
respectively. The overall loss is a weighted sum of the two components:

𝑡𝑜𝑡𝑎𝑙 = 𝜆𝑑 𝑖𝑐 𝑒𝑑 𝑖𝑐 𝑒 + 𝜆𝑐 𝑒𝑐 𝑒, (7)

where 𝜆𝑑 𝑖𝑐 𝑒 and 𝜆𝑐 𝑒 are the balancing weights.

3.2.2. Training strategies
We employ a multi-scale deep supervision strategy during model

training to enhance feature learning at different scales (Wang et al.,
2023). The deeper layers primarily capture global features, including
shape and structural information, while the shallower layers focus on
ocal features that help delineate fracture surfaces. Auxiliary losses are
ntegrated into the decoder at all resolution levels, except the lowest.
hese losses are computed using the corresponding down-sampled FDM
̂ 𝑛
𝑣 and down-sampled ground truth 𝑌 𝑛

𝑣 . For the 𝑛th level, the loss 𝑛

s calculated with a specific 𝜆𝐹 𝐷 𝑀 as shown in Eq. (3), where 𝜆𝐹 𝐷 𝑀 for
each layer decreases by a factor of 2 with increasing depth:

𝜆𝑛𝐹 𝐷 𝑀 = 𝜆𝐹 𝐷 𝑀 ⋅
1

2𝑛−1
. (8)

This approach ensures that local CFS information receives more focus
n the shallow layers, while the weights become more uniform in the
eeper layers.

To stabilize network training, we implement a smooth transition
trategy, which maintains the model’s focus on global features in the
arly stages and gradually shifts attention towards the fracture site as
raining progresses (Qamar et al., 2020). This transition dynamically

adjusts the proportion of the FDM in the overall weight matrix based
on the training iterations. The dynamic weight is computed as follows:

𝑊𝑠𝑡 =

⎧

⎪

⎨

⎪

⎩

 , if 𝑡 < 𝜏𝑏𝑒𝑔 𝑖𝑛,
1

1+𝛿 + 𝛿
1+𝛿 𝑊̂ , if 𝜏𝑏𝑒𝑔 𝑖𝑛 ≤ 𝑡 ≤ 𝜏𝑏𝑒𝑔 𝑖𝑛 + 𝜏𝑠𝑚𝑜𝑜𝑡ℎ,

𝑊̂ , if 𝑡 > 𝜏𝑏𝑒𝑔 𝑖𝑛 + 𝜏𝑠𝑚𝑜𝑜𝑡ℎ,

(9)

𝛿 = − ln
(

1 − 𝑡 − 𝜏𝑏𝑒𝑔 𝑖𝑛
𝜏𝑠𝑚𝑜𝑜𝑡ℎ + 𝜖

)

, (10)

where  is an all-ones matrix with the same size as the input volume, 𝑡
is the current iteration number, 𝜏𝑏𝑒𝑔 𝑖𝑛 marks the start of the transition,
𝑠𝑚𝑜𝑜𝑡ℎ is the duration of the smooth transition phase, and 𝜖 is a small

positive constant. The dynamic weight 𝑊𝑠𝑡 is adjusted by modulating
he relative proportions of  and 𝑊̂ .

.2.3. Post-processing
Connected component analysis (CCA) is widely recognized in seg-

entation tasks (Ghimire et al., 2022). However, directly applying
CA to fracture segmentation can be challenging due to the colli-
ion between fragments. To address this, we first remove the main
entral fragment, which simplifies the isolation of minor fragments.
ach individual fragment undergoes CCA, which assigns it a distinct
abel. Fragments measuring less than 1 cm3 are excluded from further
nalysis, as their impact on surgical outcomes is typically negligible.

.3. Restoration of single-bone anatomies

To virtually restore the structure of fractured hipbone and sacrum,
e utilize Gaussian process morphable models (GPMMs) (Luthi et al.,
018) to establish adaptive bone templates for the bones, followed by
equentially registering each fragment to the morphable template.
5 
3.3.1. Gaussian process morphable models
To model the hipbone and sacrum, we first align the bone segmen-

ations to a reference shape 𝛤𝑅. A bone shape 𝛤𝐵 is then obtained
y warping 𝛤𝑅 using a deformation field 𝑢(𝑥) through a non-rigid

registration algorithm (Audenaert et al., 2019).
GPMMs represent the deformation field as a Gaussian process

 𝑃 (𝜇 , 𝑘), where 𝜇 is the mean function and 𝑘 is the covariance function.
The empirical mean 𝜇(𝑥) and the covariance function 𝑘(𝑥, 𝑦) are defined
as:

𝜇(𝑥) = 1
𝑛

𝑛
∑

𝑖=1
𝑢𝑖(𝑥), (11)

𝑘(𝑥, 𝑦) = 1
𝑛 − 1

𝑛
∑

𝑖=1

(

𝑢𝑖(𝑥) − 𝜇𝑆 𝑀 (𝑥)
) (

𝑢𝑖(𝑦) − 𝜇𝑆 𝑀 (𝑦)
)𝑇 , (12)

where 𝑛 is the number of training surfaces and 𝑢𝑖(𝑥) represents the
deformation at point 𝑥 on the 𝑖th sample surface.

GPMMs are parameterized using principal component analysis
(PCA), allowing the bone shape to be expressed as:

𝛤𝐵 = {𝑥 + 𝜇(𝑥) + 𝑃 𝑏 ∣ 𝑥 ∈ 𝛤𝑅}, (13)

where 𝑃 and 𝑏 are the principal components and the weight vec-
tor, respectively. GPMMS modeled with the empirical kernel here is
equivalent to a statistical shape model (SSM) in a finite domain.

A set of CT images with intact pelvises from the Cancer Imaging
Archive is utilized to create a comprehensive pelvis atlas (Clark et al.,
2013). The dataset includes a total of 53 cases, with 28 male and
25 female. This dataset serves as the foundation for establishing the
GPMMs used in our model and is publicly available on GitHub at
https://github.com/Sutuk/Clinical-data-on-pelvic-fractures.

3.3.2. Sequential fragment registration algorithm
We introduce the sequential fragment registration algorithm (SFRA)

for the incremental alignment of bone fragments to the morphable
template. In this approach, each fragment is registered to the GPMM
template one at a time using the iterative closest point (ICP) algo-
rithm. After aligning a fragment, the corresponding section is removed
from the template before proceeding to the next fragment. Once all
fragments are registered, the GPMM is non-rigidly deformed to fit the
combined point cloud of all fragments.

During this process, model parameters 𝑏 are optimized based on
bi-directional vertex correspondences. For each source point 𝑥, a for-
ward displacement 𝛿→(𝑥) = 𝑣→(𝑥) − 𝑥 and one or more backward
displacements 𝛿←(𝑥) = 𝑣←(𝑥) − 𝑥 are computed. The corresponding
point displacement 𝛿(𝑥) is defined as the maximum of the forward and
backward displacements if they are within a given threshold 𝜀:

𝛿(𝑥) =
{

max
(

|

|

𝛿→(𝑥)|
|

, |
|

𝛿←(𝑥)|
|

)

, if |𝛿(𝑥)| < 𝜀,
𝐎, if |𝛿(𝑥)| ≥ 𝜀.

(14)

where 𝐎 denotes the zero vector.
The optimal parameter 𝑏̂ is obtained by minimizing the discrepancy

function:

𝑏̂ = argmin
{

𝛿(𝑥) − 𝜇(𝑥) − 𝑃 𝑏 ∣ 𝑥 ∈ 𝛤𝑅
}

. (15)

This minimization is constrained within three standard deviations of
the eigenvalue 𝜆𝑖, ensuring physiologically feasible bone shapes (Albrech
et al., 2013).

Fragment registration and model deformation are alternately it-
erated until the model parameters converge. The adaptive shape of
the GPMM is regarded as the target morphology of a bone, and the
transformation of registered fragments forms the output of the single
bone reduction planning.

3.4. Pose estimation for joint reduction

In this approach, pelvic joint reduction planning is formulated as
a problem of estimating transformation parameters. The estimated
transformation with a degree of freedom (DoF) of six is used to describe

the target pose of the dislocated hipbone.

https://github.com/Sutuk/Clinical-data-on-pelvic-fractures
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Fig. 3. Recursive pose estimation process for joint reduction planning. (a) The pose estimation network takes two-channel input volumes from the fixed and moving sides and
utputs the reduction pose parameters. (b) The network recursively refines the pose estimate until convergence.
n
3.4.1. Pose estimation network
As shown in Fig. 3, the pose estimation network takes the binary

pelvic bone segmentation volumes as input and outputs pose param-
eters. Specifically, binary masks of the fixed side 𝜙𝐹 (sacrum and
hipbone) and the moving side 𝜙𝑀 (dislocated hipbone) are resampled
to a spacing of 2 mm and spatial dimensions of (180, 128, 96). Binary
masks are used instead of the original CT volumes mainly for efficient
conversion between surface models and volumetric data, as well as a
faster data interpolation process. Before being fed into the network, the
entire pelvis is rigidly aligned with a predefined template to standardize
its initial pose, and is mirror-flipped to ensure data consistency when
the right side is the dislocated part to be moved. The network output
consists of six parameters 𝑇 defining the rigid transformation for the
reduction of 𝜙𝑀 , including three for translation and three for Euler
angles. The rotational center is defined as the volume center.

The model incorporates ResNet-18, chosen for its light-weight ar-
chitecture and widespread validation in image processing tasks (He
et al., 2016). Network hyper-parameters, especially the number of
convolutional filters, are carefully chosen based on performance on the
validation set. The mean squared error (MSE) between the prediction
and the ground-truth pose parameters is used as the training loss.

3.4.2. Recursive pose estimation
The trained pose estimation network is applied in a recursive cas-

cade fashion, with each iteration gradually refining the pose estimate
towards the final reduction state. Initially, the fixed and moving side
binary masks 𝜙𝐹 and 𝜙𝑀0 are fed to the network, which predicts an
initial reduction transformation 𝑇1. Then, 𝑇1 is applied to the moving
side to form 𝜙𝑀1. Subsequently, 𝜙𝐹 and 𝜙𝑀1 are concatenated to form
the input for the next iteration. This process continues until the norm of
the transformation parameters for 𝑇𝑛 is less than 𝜖, or until reaching the
maximum iteration. Upon convergence on the 𝑛th iteration, the overall
ose estimate for the dislocated hipbone is calculated by combining the
ransformation matrix from each iteration: 𝑇𝑎𝑙 𝑙 = 𝑇𝑛 ⋅ 𝑇𝑛−1 ⋅ ⋯ ⋅ 𝑇1.

To ensure data fidelity and prevent error accumulation from iter-
tive interpolation, the estimated pose parameters are applied to the
riginal full-resolution images and then downsampled to the network
nput resolution for subsequent iterations. While the network, with
ow-resolution inputs, is kept lightweight for fast inference during
pplication.

.4.3. Training data simulation
One major challenge in training the pose estimation network is

ata availability. First, while large-scale pelvic CT datasets are publicly
ccessible, there remains a notable shortfall of fractured pelvic data
6 
ecessary to underpin the training of robust models (Liu et al., 2021).
Second, generating the ground truth on these clinical data requires ac-
curate segmentation and manipulation of the bone fragments, a process
that necessitates specialized expertise and is labor-intensive. Finally, as
there is no well-established standard for the planning process, manually
manipulating the fragments can be subjective and prone to significant
intra- and inter-observer variations.

In light of this challenge, we propose a sim-to-real approach that
employs existing data of healthy pelvis to represent the ideal morphol-
ogy of the pelvic structure and introduce artificial dislocations to the
data for model training. We utilized the publicly available COLONOG
dataset as the source of pelvic CT data, with the pelvic bone segmen-
tation labels provided by CTPelvic1K (Johnson et al., 2008; Liu et al.,
2021). After excluding scans that featured incomplete pelvic bones, we
ultimately selected a cohort of 450 data samples for our study.

In order to enhance the robustness of the network and prevent
over-fitting, the dataset is enriched by the following augmentation
techniques:

• Random scaling of the pelvis in three dimensions to introduce
variation in pelvic size and appearance.

• Random removal of specific regions within the pelvis to account
for the potential absence of minor fragments in real situations,
thereby eliminating the influence of less relevant morphological
features.

• Random translation and rotation of the moving side, with the
parameters drawn from a centered normal distribution with a
standard deviation of 2 mm and 2◦ to introduce variation in the
initial location and pose of the displaced hipbone.

4. Experiment and result

4.1. Data

We developed PENGWIN, a dataset comprising 150 CT scans of
various pelvic trauma cases: (a) pelvic dislocation, (b) unilateral iliac
bone fracture, (c) bilateral iliac bone fracture, (d) iliac bone fracture,
and (e) iliac and sacral bone fracture. These scans were retrospectively
collected from patients who underwent pelvic reduction surgery at
Beijing Jishuitan Hospital between 2017 and 2023.

Our study adhered to the guidelines of the Declaration of Helsinki
and received approval from the Ethics Committee of Beijing Jishuitan
Hospital (202009-04). The CT scans were obtained using different scan-
ner types, including Toshiba Aquilion, United Imaging uCT 550 and

uCT 780, and Philips Brilliance models, providing a range of imaging
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Table 1
Quantitative results on fracture segmentation. Results (mean ± std) are presented as segmentation accuracy for the hipbone main fragment (H-main), hipbone minor fragment
(H-minor), sacral main fragment (S-main), sacral minor fragment (S-minor), and the overall performance. Distance metrics are reported in millimeters.

Method Metric Hip-main Hip-minor Sacral-main Sacral-minor All

DSC 0.946 ± 0.053* 0.272 ± 0.396* 0.929 ± 0.150* 0.235 ± 0.320* 0.765 ± 0.251*
Max-Flow LDSC 0.765 ± 0.087* 0.145 ± 0.298* 0.723 ± 0.110* 0.166 ± 0.256* 0.453 ± 0.180*
Wang et al. (2019) HD95 16.782 ± 20.792* 126.800 ± 100.140* 5.807 ± 9.317* 71.083 ± 59.986* 34.606 ± 50.730*

ASSD 1.372 ± 1.898* 27.049 ± 21.791* 0.691 ± 1.156* 14.081 ± 10.993* 7.132 ± 10.091*

DSC 0.944 ± 0.016* 0.812 ± 0.193* 0.939 ± 0.023* 0.854 ± 0.097* 0.911 ± 0.077*
Swin-UNETR LDSC 0.463 ± 0.156* 0.565 ± 0.194* 0.543 ± 0.096* 0.725 ± 0.069* 0.541 ± 0.132*
Hatamizadeh et al. (2022) HD95 4.156 ± 8.274* 18.850 ± 20.617* 1.699 ± 1.863* 10.581 ± 13.652 3.195 ± 6.632*

ASSD 0.557 ± 0.445* 2.880 ± 4.403* 0.392 ± 0.192* 1.482 ± 2.106* 1.035 ± 1.681*

DSC 0.994 ± 0.019 0.944 ± 0.151* 0.990 ± 0.031 0.940 ± 0.094 0.981 ± 0.062*
UNet LDSC 0.946 ± 0.052* 0.917 ± 0.088* 0.925 ± 0.034* 0.918 ± 0.040 0.929 ± 0.063*
Isensee et al. (2021) HD95 2.484 ± 11.517 7.275 ± 23.304* 1.209 ± 4.494 7.367 ± 13.929 1.887 ± 7.776*

ASSD 0.176 ± 0.798 0.959 ± 2.657 0.093 ± 0.312 0.929 ± 2.053 0.331 ± 1.159*

FDM-UNet

DSC 0.997 ± 0.010 0.955 ± 0.133 0.990 ± 0.034 0.938 ± 0.100 0.984 ± 0.054
LDSC 0.957 ± 0.043 0.930 ± 0.083 0.921 ± 0.035* 0.913 ± 0.043 0.938 ± 0.058
HD95 1.091 ± 5.277 5.722 ± 15.094 0.986 ± 3.489 7.415 ± 13.786 1.154 ± 5.481
ASSD 0.077 ± 0.305 1.139 ± 3.503 0.080 ± 0.259 1.132 ± 2.206* 0.346 ± 1.290*

FDMSS-UNet

DSC 0.996 ± 0.014 0.957 ± 0.146 0.993 ± 0.014 0.955 ± 0.056 0.986 ± 0.055
LDSC 0.958 ± 0.042 0.932 ± 0.077 0.929 ± 0.036 0.920 ± 0.050 0.940 ± 0.056
HD95 1.202 ± 5.883 3.595 ± 12.403 0.548 ± 0.898 6.325 ± 12.351 1.262 ± 5.811
ASSD 0.082 ± 0.366 0.719 ± 2.445 0.054 ± 0.101 0.764 ± 1.759 0.234 ± 0.981

* Statistically significant differences 𝑝 < 0.05 compared to the last method.
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characteristics. The mean voxel spacing is 0.82 × 0.82 × 0.94 mm, and
the mean image dimensions are 480 × 397 × 310. The dataset includes
patients aged 16 to 94 years, with a gender distribution of 63 females
and 87 males, representing a typical demographic affected by pelvic
fractures.

We divided the dataset into training and test sets using stratified
sampling in a 4:1 ratio. All experiments were conducted on the 30
cases in the test set. Three experts with over five years of experience
in pelvic surgery planning performed the segmentation and reduction
annotations, which were then cross-checked for accuracy. This dataset
is publicly available at https://zenodo.org/records/10927452.

4.2. Implementation

Anatomical segmentation network. All images were resampled to (0.83,
0.83, 0.89) mm voxel spacing using B-spline interpolation and then
standardized with Z-score normalization. To increase dataset variabil-
ity, each training sample was augmented four times. Augmentation
involved random elastic distortions (80% to 120%), translations (−20
to 20 mm), and rotations (−30 to 30 degrees) on each axis.

Fracture segmentation network. The resampled bone volumes were
cropped with bounding boxes and normalized using z-scores. Each
training sample was augmented to create eight new images through
mirror flipping along three axes, and random distortions, translations,
and rotations. We employed the ADAM optimizer with a learning rate of
0.0001 and a batch size of 2. The parameters 𝜆𝑏𝑎𝑐 𝑘, 𝜆𝑑 𝑖𝑐 𝑒, 𝜆𝑐 𝑒, and 𝜆𝐹 𝐷 𝑀
were set to 0.2, 1, 1, and 16, respectively. A five-fold cross-validation
was conducted, with each model trained for 2000 epochs.

Morphable models construction. We constructed separate GPMMs for
hipbone and sacrum. The hipbone model used 7520 point cloud sam-
ples, while the sacrum model used 6549 point cloud samples. Both
models had a parameter dimension of 52. In the model-based fragment
registration method, the bidirectional correspondence threshold 𝜀 was
et to 5.

ose estimation network training. The simulated dataset was partitioned
nto a training set of 400 samples and a validation set of 50 samples

before augmentation. The network was trained for 40 epochs using
ADAM optimizer with a learning rate of 10−3 and batch size of 8. The
topping threshold 𝜖 for recursive prediction was set at 0.5.
 t

7 
Platform. The experiments were performed on a system with an Intel
i9-12900KS CPU and an NVIDIA RTX 3080Ti GPU. All learning-based

ethods was implemented using PyTorch 1.12 and SimpleITK. The
ource code is available at https://github.com/YzzLiu/FracSegNet.

.3. Experiments on fracture segmentation

The proposed method for fracture segmentation was tested on CT
cans to segment each pelvic fracture fragment. We assessed the ac-
uracy of the segmentation using four key metrics: the Dice similarity
oefficient (DSC), the 95th percentile of Hausdorff distance (HD95),
he average symmetric surface distance (ASSD), and the local Dice
imilarity coefficient (LDSC), where LDSC was calculated by measuring
he Dice coefficient within a 10 mm range near the CFS.

To evaluate our method, we compared the proposed FDMSS-UNet
against a graph-cut based max-flow method and the state-of-the-art
deep learning model, Swin-UNETR. These methods were implemented
as described in their original publications. Additionally, ablation ex-
periments were conducted to compare the performance of FDMSS-
UNet with a version without smooth transition and deep supervision
(FDM-UNet) and another without distance weighting (UNet).

The quantitative results are shown in Table 1 and Fig. 4. The results
indicate that deep learning methods, particularly FDMSS-UNet, were
more effective in identifying fracture fragments compared to the max-
flow approach, especially for minor fragments. FDMSS-UNet achieved
the highest performance across most metrics, with DSC and LDSC
values of 0.986 ± 0.055 and 0.940 ± 0.056, respectively, and an ASSD
of (0.234 ± 0.981) mm, significantly outperforming the other methods.
Main fragments showed better results than minor fragments, partially
due to their larger volume.

The ablation experiments highlighted the impact of FDM and train-
ing strategies on improving prediction accuracy in the CFS region.
While FDM-UNet performed well in terms of DSC and LDSC in cer-
tain areas and achieved the best HD95 results, it compromised the
global performance of ASSD compared to FDMSS-UNet. The inclu-
sion of deep supervision and smooth transition strategies in FDMSS-
UNet contributed to more stable training, yielding balanced local and
global metrics. All the improvements were statistically significant, as
confirmed by paired t-tests with 𝑝 < 0.05.

Figs. 5 and 6 shows qualitative comparisons in 3D and 2D views.
he max-flow method generated reasonable segmentation only when
he CFS was clear and mostly non-contact. Although Swin-UNETR and

https://zenodo.org/records/10927452
https://github.com/YzzLiu/FracSegNet
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Fig. 4. Distribution of segmentation errors with various methods in main fragments, minor fragments and all fragments of each fractured bone.
Fig. 5. Example fracture segmentation results in 3D view. (a) Pelvic ring dislocation. (b) Unilateral hip fracture. (c) Bilateral hip fractures. (d) Sacral fracture. (e) Combined sacral
nd hip fractures. Red boxes indicate the primary fracture areas.
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UNet could identify fragments, they often struggled with the complex
CFS region, resulting in inaccurate fracture surface predictions. The
incorporation of FDM enhanced segmentation accuracy in the CFS
region but made the network overly sensitive to fracture features,
sometimes neglecting overall morphological characteristics. FDMSS-
UNet, by integrating smooth transition and deep supervision strate-
gies, improved accuracy in the CFS region while preserving overall
morphology, making it the most effective model in our tests.

.4. Experiments on fracture reduction planning

The proposed reduction planning method was applied to estimate
he transformations of bone fragments to achieve proper reduction in
ach case. The accuracy of the reduction planning was evaluated using
hree error metrics: target reduction error (TRE), rotation error, and
ranslation error. TRE is defined as the root-mean-square error (RMSE)
8 
f point-wise distances between the planned location and the ground
ruth, calculated across all surface points. The rotation error is derived
rom the axis-angle difference between the planned and ground truth
ose matrices for each fragment, specifically the rotation angle between
he two pose matrices. The translation error is determined by the
uclidean distance between the planned and ground-truth translation
ectors for each fragment. The origin of coordinates for reporting the
ranslation and rotation errors is defined as the geometric center of each
ragment.

We implemented and compared the following benchmark methods:
1) Mean template (Ead et al., 2021), (2) contralateral mirroring tem-

plate (Zhang et al., 2016), and (3) optimization-based pelvic articular
surface matching algorithm (AS Matching) (Yibulayimu et al., 2023).
These methods were implemented in accordance with the specifications
and procedures outlined in the original publications. Our proposed frac-
ture reduction planning method is abbreviated as RPEM. Additionally,
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Fig. 6. Example fracture segmentation results displayed on 2D axial slices. (a) Isolated and displaced fragments. (b) Isolated but stable fragments. (c) Compressed and colliding
fragments. (d) Partially separated fragments. Red boxes indicate the primary fracture areas.

Fig. 7. Distribution of the reduction planning errors for different methods across main, other, and all fragments.

Medical Image Analysis 102 (2025) 103506 
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Table 2
Quantitative comparisons of fracture reduction accuracy. Results are represented by target reduction error (mm), translational error (mm), and rotational error (◦) to the ground
truth. The best values are shown in bold.

Fragment type Metric Mean template Mirror template AS Matching S-RPEM RPEM
(Ead et al., 2021) (Zhang et al., 2016)

Main fragment
TRE 12.725 ± 5.754* 11.253 ± 8.892* 6.860 ± 2.265* 8.593 ± 4.353* 2.900 ± 1.362
Rotation 7.266 ± 3.582* 6.947 ± 4.587* 4.946 ± 2.475* 3.013 ± 1.565* 1.833 ± 1.114
Translation 11.186 ± 5.533* 9.540 ± 7.964* 5.013 ± 2.585* 8.072 ± 4.498* 2.236 ± 1.273

Other fragments
TRE 9.257 ± 4.877* 7.599 ± 6.039* 5.434 ± 2.468* 7.561 ± 4.237* 3.356 ± 1.838
Rotation 8.068 ± 4.837* 7.113 ± 5.502* 6.485 ± 4.791* 5.496 ± 3.568* 4.126 ± 2.518
Translation 8.652 ± 5.013* 7.069 ± 6.054* 4.844 ± 2.467* 7.187 ± 4.294* 2.967 ± 1.819

All fragments
TRE 10.304 ± 4.310* 8.765 ± 6.431* 5.984 ± 1.882* 7.778 ± 3.957* 3.265 ± 1.485
Rotation 7.855 ± 3.695* 7.092 ± 4.796* 6.008 ± 3.925* 4.747 ± 2.880* 3.476 ± 1.995
Translation 9.342 ± 4.426* 7.818 ± 6.220* 4.950 ± 1.653* 7.338 ± 4.021* 2.773 ± 1.390

* Statistically significant differences 𝑝 < 0.05 compared to the last method.
Fig. 8. Example reduction planning results. Each row represents a different type of fracture. TRE values are reported in millimeters. Misalignments are indicted with red boxes.
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blation experiments were performed to test the single pose estimation
etwork without the iterative component (S-RPEM).

Table 2 and Fig. 7 show the quantitative reduction performance
n clinical cases, categorizing bone fragments into major and other

fragments. The major fragment refers to the primary fragment that is
argeted for reduction during fracture surgery, typically the largest frag-
ent of the hipbone. Our method achieved the smallest reduction error

cross all metrics and fragment types, showing statistically significant
mprovement over other methods (all paired t-tests showed 𝑝 < 0.05).

The TRE for all fragments was (3.265 ± 1.485) mm, with rotation
and translation errors of (3.476 ± 1.995)◦ and (2.773 ± 1.390) mm,
respectively, which meets the clinical requirements (Smith et al., 2005;
Shillito et al., 2014). The ablation results for S-RPEM demonstrate the
advantages of the recursive prediction strategy.

A qualitative comparison in Fig. 8 highlights the limitations of
other methods. Due to individual variations, the mean reference often
failed to address most fracture reduction problems, leading to un-
even fragments and distorted bone posture. Relying solely on sacrum
symmetry, the mirror template method frequently resulted in bone
overlap or tilted reduction poses, particularly ineffective for sacral and
ilateral fractures. In straightforward cases without bone fracture or
eformation, results from RPEM and AS Matching were both excellent.
owever, for complex pelvic trauma, other methods’ accuracy declined
10 
ignificantly. In contrast, our method consistently performed satisfac-
torily, even in scenarios beyond the training set, such as segmentation
errors or slightly distorted fixed sides.

4.5. Impact of segmentation on reduction planning

We evaluated the impact of the proposed segmentation method on
the reduction planning task by comparing the TRE from three segmen-
ation methods: FDMSS-UNet, FDMSS-UNet with manual correction,
nd manual segmentation. Table 3 summarizes the results. The success
ate is defined as the proportion of cases where segmentation results
an be directly used for automatic reduction planning without further
anual modification.

The results show that using FDMSS-UNet alone achieved a success
ate of 86.67% (26/30) in reduction planning. For the remaining
3.34% (4/30) of cases that did not meet accuracy requirements,
anual correction was necessary. The correction step took 1.5 min

n average and significantly improved the planning results, with the
verage TRE improved from 5.057 mm to 3.234 mm. Fig. 9 shows two
ypical cases that requires manual modifications. Although planning
esults can be obtained without correcting these fragment labels, inac-
uracy in segmentation can lead to incorrect matches during planning.
his can even affect the subsequent joint alignment step, as shown in
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Table 3
Comparison of different segmentation methods in terms of success rate, planning error, and time.

Segmentation method Success rate (%) Planning error (mm) Time (s)
Not success Total

Algorithm segmentation 86.67 5.057 ± 2.306* 3.557 ± 1.654 32.576 ± 12.563*
Algorithm segmentation + Manual correction 100 3.234 ± 1.273 3.231 ± 1.305 80.443 ± 69.655*
Manual segmentation 100 3.283 ± 1.466 3.265 ± 1.485 1929.931 ± 1106.468

* Statistically significant differences 𝑝 < 0.05 compared to the last method.
4

i
t
b

t
f

Fig. 9. Impact of segmentation on reduction planning accuracy. (a) and (b) show two
typical cases where segmentation leads to increased planning error. Red regions indicate
esults from FDMSS-UNet, while blue regions indicate results from FDMSS-UNet with
anual adjustments.

Fig. 9(b).
While the accuracy of FDMSS-UNet with manual correction matches

that of manual segmentation, the latter is significantly more time-
consuming. Therefore, combining FDMSS-UNet with manual correc-
tion not only maintains high accuracy but also significantly improves
processing efficiency.

4.6. Impact of fragment size

We evaluated the impact of fragment size on the accuracy of our
segmentation and planning methods. The results are shown in Fig. 10.
The clinical fracture dataset includes fragments with size ranging from
1 cm3 to 500 cm3. The experimental results indicate no significant
correlation between fragment size and overall segmentation accuracy.
Specifically, there is a slight positive correlation between DSC and frag-
ment size, while HD95 and ASSD exhibit a slight negative correlation
with fragment size.

For reduction planning, the TRE, translation error, and rotation
error all show a decreasing trend with increasing fragment size, in-
icating more robust performance for larger fragments. Among these
etrics, the rotation error is more pronounced in smaller fragments

ompared to the translation error.
Fig. 11 shows two cases where the algorithm fails to manage

small fragments precisely. In the repositioning of fracture fragments,
errors in dense correspondences significantly influence the planning
accuracy. Extracting reliable geometric features from small fragments is
more challenging, making it difficult to find correct template matching
oints. Comparing case (a) and case (b), a similar phenomenon is
lso observed in manual planning, that small, indistinct fragments are
ypically hard to plan manually. Nevertheless, in the context of pelvic
racture reduction surgery, such small fragments are generally not
mportant for the overall reduction of the pelvic ring and are usually
gnored, thus making these errors tolerable.
11 
.7. Cadaver experiment

We examined the proposed preoperative surgical planning pipeline
n a proof-of-concept cadaver experiment, where the ground truth
arget morphology of the pelvis is available form the CT scan acquired
efore injuries are induced.

As shown in Fig. 12, a Tile C1 pelvic ring fracture was imparted in
he left hipbone of the cadaver, resulting in three fragments. One of the
ragments was isolated and dislocated, and was not connected to the

SI joint or PS. The proposed fracture segmentation network achieved
highly accurate results, with DSC of 0.988, LDSC of 0.964, HD95 of
0.794 mm, and ASSD of 0.164 mm, which aligns with the results in
the previous experiments. The fracture reduction planning result is
shown in Fig. 12(d). Reduction planning accuracy was calculated with
respect to the ground-truth positions in the CT scan acquired prior to
the injury. The proposed reduction planning method achieved TRE of
3.731 mm, and translation and rotation errors of 2.532 mm and 4.244◦,
respectively. These difference are deemed acceptable as the result was
within the target accuracy of 5 mm for pelvic ring fractures (Smith
et al., 2005; Shillito et al., 2014).

Furthermore, our method significantly outperforms manual oper-
ations in efficiency. For a typical fracture case, the total time for
segmentation and planning using our method is (267.53 ± 168.29)
seconds, compared to approximate 120 min in manual planning.

5. Discussion and conclusion

In this study, we have introduced an innovative automated pre-
operative planning solution for pelvic fracture reduction surgery. Our
approach integrates a two-stage deep learning-based automatic seg-
mentation method for pelvic fractures, and a novel recursive pose
estimation module combined with statistical shape modeling to restore
a healthy pelvic morphology. This comprehensive pipeline effectively
tackles critical challenges in pelvic fracture reduction planning. By
integrating fracture distance weighted loss in to the fracture segmen-
tation network, the accuracy of segmentation, particularly near frac-
ture regions in significantly enhanced, and the planning process is
streamlined. The recursive pose estimation module, combined with
the morphable model-based template method, effectively restored the
healthy pelvic structure, addressing the challenge of limited fractured
data and providing a reliable solution for complex fracture types.

Our approach significantly improves both the accuracy and ef-
ficiency of preoperative surgical planning process. Experiments on
retrospective clinical data across all types of pelvic fractures demon-
strated the method’s versatility and robustness. The proof-of-concept
cadaver experiments further confirmed the system’s superior efficiency
and precision.

Despite the promising results, our study has limitations. The auto-
mated segmentation method, while highly accurate, may still require
some manual corrections in cases with severe deformities or low image
quality. Specifically, as shown in Fig. 13, the segmentation algorithm
struggled with anterior ring that were significantly distorted but only
slightly separated, which could lead to suboptimal alignment in re-
duction planning. However, simple adjustments, such as separate the
fragment into two distinct parts, significantly improved the reduction
outcome, highlighting the remaining need for clinical decision when
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Fig. 10. Impact of fragment size to segmentation and reduction. (a) DSC, HD95, and ASSD on segmentation result. (b) TRE, translational error, and rotational error on reduction
planning.
Fig. 11. Reduction planning results involving small fragments. (a) Reduction of small fragments where the algorithm fails but manual correction is possible. (b) Fragments lacking
geometric features where both the algorithm and manual planning fail.
Fig. 12. Experimental results of preoperative fracture reduction planning on cadaveric pelvic fractures. (a) Initial 3D reconstruction of the cadaveric pelvis showing pre-injury
orphology; (b) Induced Tile C1 pelvic ring fracture; (c) Automated segmentation using FDMSS-UNet; (d) Automated reduction planning using RPEM.
a
a
s
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lanning on such cases. Additionally, the recursive pose estimation
odule faced challenges in managing extremely small or irregular

ragments, implying the need for further refinement of the module to
olve point-wise correspondence and better handle such complexities.

In future work, we plan to focus on broader validation of our
ethod across a more extensive spectrum of clinical cases, includ-
ng diverse cohorts and fracture types, involving larger sample sizes l

12 
nd various imaging modalities to ensure the approach’s generaliz-
bility and robustness. Furthermore, we aim to explore an instance
egmentation framework capable of handling a variable number of

fragment labels. This approach could provide a more detailed and
precise representation of fracture cases. In order to further enhance
he computational efficiency and ensure seamless adoption and uti-

ization in surgical settings, we plan to develop a deep learning-based
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Fig. 13. Challenges faced by the segmentation algorithm in separating fragments from specific fractures that are not completely separated but have undergone significant distortion.
D

E

G

H

ingle-bone fracture reduction module to expedite the planning process,
urrently constrained by traditional statistical shape modeling methods.
n addition, we plan to integrate the proposed planning solution with
urgical robot systems to achieve automatic closed reduction of pelvic
ractures (Ge et al., 2022; Liu et al., 2024b).
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