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Abstract—Osteoporotic  vertebral compression fractures
(OVCFs) are prevalent among elderly patients, with X-ray
imaging serving as the primary diagnostic tool. However,
challenges such as organ obstruction and poor contrast after
vertebroplasty procedures complicate vertebral segmentation in
spinal X-rays.

This research introduces an innovative generative AI frame-
work for vertebral segmentation in spinal X-ray images, com-
bining YOLO-based detection with prompt-driven segmentation
inspired by the Segment Anything Model (SAM). The system gen-
erates bounding boxes around vertebrae as segmentation prompts
and employs an interpolation strategy to address potentially
missed compressed vertebrae. By incorporating domain-specific
knowledge of vertebral anatomy via the interpolation strategy, the
framework enables accurate delineation of vertebral structures
in cases of compression fractures.

The model achieves impressive performance metrics, including
a Dice coefficient of 0.9389 + 0.0026, an IoU of 0.8854 + 0.0045,
and a sensitivity of 0.9436 + 0.0062. Validation was conducted
using data from 305 patients and 813 spinal X-ray images sourced
from Taipei Medical Hospital (2014-2024), with training based
on 164 patients (531 images, 2014-2019) and validation on 141
patients (282 images, 2020-2024). This generative AI application
effectively addresses clinical challenges in vertebral segmentation
for OVCF patients, potentially enhancing the accuracy of diag-
noses and treatment planning.

Index Terms—Osteoporotic Vertebral Compression Fracture
(OVCF), Generative Al, Medical Image Segmentation, Prompt-
based Augmentation, Vertebral Segmentation.

I. INTRODUCTION

X-ray imaging has become the gold standard for the di-
agnosis and follow-up of osteoporotic vertebral compression
fractures (OVCFs). However, several challenges arise when
dealing with X-ray images of poor quality. First, anatomical
obstructions and vertebroplasty (VP) procedures often result
in reduced image contrast, making interpretation more diffi-
cult. Second, OVCF patients typically have low bone mineral
density, and following VP treatment, the affected vertebrae are
more prone to deformation. These factors make it challenging
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for clinicians to accurately assess vertebral body height and
identify secondary compression fractures.

Moreover, patient variability and the lack of large-scale
datasets further complicate research in this area. Most publicly
available datasets are based on CT or MRI, with limited X-ray
data specific to OVCF cases. Due to Institutional Review Board
(IRB) constraints and data privacy concerns, many researchers
are unwilling or unable to share their datasets, leading to a lack
of domain-specific benchmarks and open leaderboards. This
limits the generalizability and reproducibility of models, espe-
cially for OVCEF patients who have undergone VP procedures,
where clinical presentation and imaging can vary significantly
between individuals.

II. RELATED WORK

Kim et al. [1] presented an early deep learning approach
using heatmap-based PoseNet to identify lumbar vertebrae
(L1-L5) and M-Net for segmentation, but suffered from false-
positive keypoints and poor L5 localization. Cheng et al. [2]
adopted a two-stage method with YOLOv4 [3] detection
followed by ResU-Net segmentation and random forest clas-
sification [4].

Most OVCF studies focus on classification tasks rather
than segmentation [5]-[7]. Precise postoperative vertebrae
segmentation remains underexplored despite its importance
for treatment monitoring. Among the limited research ad-
dressing postoperative scenarios, Kénya et al. [8] specifically
investigated segmentation challenges in patients with surgical
implants, including cages, screws, and other hardware. Their
comparative analysis of semantic versus instance segmentation
approaches demonstrated that instance segmentation achieved
better recognition performance in complex postoperative en-
vironments, where metallic artifacts and anatomical distortion
pose significant challenges for automated analysis.

Most segmentation studies focus on traditional overlap met-
rics such as dice coefficient scores [9] [1], though few explore
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clinically meaningful evaluation approaches. Several studies
demonstrate the clinical utility through segmentation-derived
metrics. For instance, Kim et al. [10] used segmentation to
calculate the Vertebral Compression Ratio (VCR) with strong
physician agreement, Horng et al. [11] applied a region-of-
interest-based method with Residual U-Net [12] for Cobb an-
gle estimation in scoliosis patients, and Lin et al. [13] proposed
a multitask framework (MRNet) for joint segmentation and key
spinal parameters prediction.

Despite these advances, no standardized metric adequately
captures the inherent complexity of OVCF datasets, which vary
significantly in patient demographics, fracture severity, and
surgical implants. This heterogeneity challenges existing ap-
proaches, highlighting the need for robust algorithms capable
of handling diverse clinical presentations.

Some studies address vertebral separation through postpro-
cessing. Shi et al. [14] proposed AGNet with morphological
operations, but it relies on fixed parameters that may not gen-
eralize across datasets with varying pixel spacing. And, rule-
based morphological methods can potentially distort vertebral
anatomical integrity. Zhang et al. [15] combined Transformer-
based Segmentation with adaptive postprocessing to tackle
vertebral block adhesion through geometric analysis of length-
to-width ratios and boundary angles. While effective on the
AASCE 2019 dataset, this approach still relies on hand-crafted
geometric rules and careful threshold tuning. With over-
aggressive postprocessing, it potentially compromises clinical
interpretability.

A persistent limitation across many studies is inadequate
handling of fused or overlapping vertebrae from congenital
anomalies, degenerative changes, or surgical fusion. Current
approaches use implicit learning rather than explicit strate-
gies for these challenging scenarios. BiLuNet [9] improves
boundary delineation via a multi-path decoder, while itera-
tive segmentation frameworks refine vertebrae individually,
but both remain vulnerable to anatomical abnormalities [16].
Peng et al. [17] leveraged instance segmentation to reduce
postprocessing reliance, while Du et al. [18] proposed MFENet
with multi-scale convolutional modules and channel attention
for low-contrast scenarios, but lack specific overlap evaluation.

No consensus exists for detecting fused or overlapping verte-
brae. Most approaches require postprocessing, which can com-
promise performance. Therefore, we pursue precise vertebral
identification without extensive postprocessing interventions.

III. METHOD

Inspired by prior work demonstrating the superiority of
instance segmentation over semantic segmentation in distin-
guishing overlapping vertebrae [8], the workflow of our pro-
posed framework is illustrated in Fig 1. There are two stages,
including Stage 1: Detection and Localization, and Stage 2:
Precise Segmentation. YOLOv8 plays as the backbone for
vertebral bounding box detection, facilitating the extraction of
individual vertebral regions through bounding boxes. However,
certain vertebrae are occasionally missed in challenging cases.

To address this limitation, and taking into account the contin-
uous and structured nature of the spinal curvature, we propose
a missing vertebrae candidate generation strategy to recover
missing vertebral detections by leveraging spatial regularity
along the spine.

In the second stage, we utilize prompts to perform precise
segmentation. Unlike other models that rely on cropping
techniques, our approach benefits from the full contextual
information of the entire image, allowing the model to capture
a more comprehensive understanding of global structures.
After generating the image embedding from the original X-ray
image with ViT-B, the previously obtained bounding boxes are
used as prompts, which are iteratively fed into the SAM-like
model to generate vertebral segmentation masks. This iterative
mechanism enables precise and controllable segmentation,
making it particularly suitable for vertebral-level processing
in OVCF patients.

A. Missing Vertebrae Candidate Generation Strategy

The strategy used to interpolate missing vertebral bounding
boxes is based on analyzing the vertical distribution of the
detected boxes and filling in the gaps when a box is likely
missing. To determine a missing vertebra candidate, the height
of each bounding box and the vertical spacing (gap) between
each pair of consecutive bounding boxes are calculated. If the
box-gap exceeds a threshold, defined as 0.5 times the median
box height in this work, the vertebra is likely missing in that
region.

To estimate the missing bounding box, an interpolated
position is calculated based on the coordinates of the two con-
secutive boxes (B; and B, 1) along the vertical axis with each
bounding box defined as B; = (Zicst, Yiop, Trights Ybottom )-
At this stage, our goal is to generate a coarse prompt to
compensate for missing detections. Although the interpolated
box may not precisely align with the actual vertebra, we
assume it provides sufficient guidance for the subsequent
vertebral segmentation task.

The pseudocode for the interpolation algorithm is shown in
Algorithm 1.

B. Loss Function

The total training loss combines cross-entropy and Dice
losses to balance pixel-wise classification accuracy and overlap
quality:

»Ctotal = ACCE(ya y) + ‘CDice (Qv y) (1)

where ¢ and y represent the predicted and groundtruth seg-
mentation masks, respectively.

IV. EXPERIMENTAL RESULT
A. Dataset Description

The dataset was retrospectively collected from Taipei Med-
ical University Hospital over a 10-year period (2014-2024)
and categorized into two phases according to imaging format
and hospital system differences. A summary is presented in
Table 1.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 2360



Stage One : Detection and Localization

Messing Vertebrae
Candidate Generation [ |

Image Embedding

&LH%
=2

Fig. 1.

Algorithm 1 Missing Vertebra Candidate Generation Strategy

Sorted list of bounding

bottom, i.e., By, .. B,

B; = (x;eft’ yiliop’ xiight’ ylZ)ottOm)'

Output: List of original + interpolated bounding boxes.

for each pair of consecutive boxes B; and B;;; do
Compute the vertical gap

from
where

boxes
Bit1

Input:
top to
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Add interpolated box:
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end if
end for

For image segmentation, we used LabelMe for polygon-
based labeling with each structure annotated as either ”Spine”
or “Vertebroplasty”, with an average of 20 points per polygon
for higher precision. For vertebral height measurement, experi-
enced medical doctors performed annotations using a dedicated
web-based platform developed to address information security
concerns. This platform records only measurement data while
keeping images on local machines without online upload or
storage.

For each vertebra, the doctor used six anatomical landmarks
to measure body height (see Fig 2): upper left, lower left, bot-
tom center, lower right, upper right, and top center, forming a
hexagonal shape. The system automatically recorded data upon
completion of each vertebra’s annotation, with measurements

Overview of the proposed iterative vertebrae segmentation pipeline.
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Fig. 2. Developed annotation tool and sample annotation interface.

saved in standardized JSON format and compressed into ZIP
files for direct comparison with model predictions.

Phase I: Training Set

Phase I consisted of 531 BMP-format radiographic images
collected from 164 patients (2014-2019), covering various clin-
ical stages. All images were manually annotated for vertebral
segmentation and used exclusively for model training.

Phase 1I: Testing Set

Phase II consisted of 282 DICOM-format radiographic im-
ages from 141 OVCF patients who underwent vertebroplasty
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TABLE I
SUMMARY OF DATASET COMPOSITION

Phase No. of Images  Annotated Vertebrae Vertebroplasty (VP)
Training (Phase I) 531 4,759 651
Testing (Phase II) 282 2,537 342
Morphometric Subset 30 236 35

(2019-2024). These real-world clinical cases present higher
complexity due to surgical artifacts, varying postures, and
anatomical alterations. From 491 initial patients, images were
selected based on: (1) DICOM data availability, (2) exclu-
sion of complex surgical histories (hemilaminectomy, HIVD,
ULBD, etc.), (3) postoperative imaging within 7 days, and (4)
follow-up imaging within 6 months.

Morphometric Subset

A random subset of 30 patients from Phase II was se-
lected for detailed morphometric analysis. Expert clinicians
manually annotated 236 vertebrae to extract Anterior Body
Height (ABH), Middle Body Height (MBH), and Posterior
Body Height (PBH).

The complete dataset comprises 813 images and 7,296
vertebrae, with 993 vertebrae having undergone vertebroplasty
( I). Phase I provides annotated training data with both normal
and VP-treated vertebrae, Phase II includes complex post-
vertebroplasty testing cases, and the morphometric subset
enables quantitative shape analysis.

B. Evaluation Metrics and Clinical Correlation

Traditional metrics such as Dice score and Intersection over
Union (IoU) often fail to evaluate a model’s capability to
accurately delineate individual vertebrae. To address this, we
propose a modified Detection Rate metric inspired by object
detection benchmarks [19]. A vertebra is considered "detected”
if its IoU with groundtruth exceeds the threshold 7:

N : pred 1,GT

Detection Rate(7) = 1 Z {1’ if IOU(.VZ' Vi) >

N 10, otherwise

2

where V" and VST denote the predicted and groundtruth

segmentation masks of the i-th vertebra, respectively. This

threshold accounts for cohesion issues where multiple verte-

brae are incorrectly segmented as connected regions, causing

reduced IoU with individual vertebrae and detection failure.

This metric provides automatic, instance-based evaluation,

particularly valuable for clinical applications where partial
segmentation is insufficient.

For clinical validation, we conducted correlation analysis
between automated measurements and physician assessments
across ABH, MBH, and PBH using Mean Absolute Error
(MAE), Intraclass Correlation Coefficient (ICC), Concordance
Correlation Coefficient (CCC), and Pearson correlation coeffi-
cient.

C. One-Stage Segmentation Performance

We also compare our method against traditional one-
stage segmentation approaches. Table II presents performance
comparisons of various methods, including U-Net variants,
DeepLabv3+, and YOLOVS.

Our method significantly outperforms traditional approaches
across all metrics except sensitivity, where YOLOVS achieves
the highest score. The substantial improvement in detection
rate (99.01% vs. 67.89-88.56% for other methods) demon-
strates the superiority of our approach in accurately identifying
and segmenting individual vertebrae.

D. Comparison with Two-Stage Segmentation Approaches

We evaluate our method against conventional two-stage
pipelines combining object detection and segmentation. Fol-
lowing Cheng et al.’s methodology [2], we replace YOLOv4
with YOLOvVS8 for improved stability and fair comparison
using the same detection backbone. After cropping bounding
boxes, segmentation networks (U-Net [20], ResU-Net [4],
DeepLabv3+ [21]) perform fine-grained segmentation within
detected regions.

This pipeline helps segmentation models focus on relevant
anatomical structures, reducing background noise and improv-
ing localization. Table III presents comprehensive comparisons
across multiple evaluation metrics.

The results in Table III demonstrate that our proposed
method achieves superior performance across most evaluation
metrics. Specifically, our method attains the highest DICE
score (0.9389 + 0.0026), IoU (0.8854 + 0.0045), accuracy
(0.9901 £ 0.0004), sensitivity (0.9436 + 0.0062), lowest aver-
age surface distance (0.8522 + 0.0344), and highest detection
rate (99.01 £ 0.24%).

E. Clinical Height Measurement Evaluation

To assess clinical applicability, we evaluated vertebral height
measurements against physician expert assessments. Table IV
presents correlation analysis between automated measurements
from various two-stage models and expert groundtruth mea-
surements.

The clinical evaluation results in Table IV clearly demon-
strate the superior performance of our method compared to
traditional U-Net-based approaches. Our method achieves the
lowest Mean Absolute Error (MAE) and highest correlation
coefficients across all three height measurements (ABH, MBH,
PBH), indicating better agreement with physician assessments.

FE. Qualitative Analysis

Fig. 3 provides a visual comparison of segmentation results
from different two-stage methods. The qualitative analysis re-
veals that our method produces more accurate vertebral bound-
aries and better preserves anatomical structures compared to
other approaches. The visualization demonstrates superior edge
definition and reduced segmentation artifacts, which directly
contribute to more accurate clinical measurements.
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TABLE II
PERFORMANCE COMPARISON OF ONE-STAGE SEGMENTATION.

Method

DICE (1)

ToU (1)

ACC (1)

SEN (1)

SPE (1)

ASD (1)

DTR (1)

U-Net [20]
Res U-Net [4]
DeepLabv3+ [21]
YOLO v8 [22]
Our method

0.9113 + 0.0027
0.9054 + 0.0036
0.8969 + 0.0014
0.9025 + 0.0018
0.9389 + 0.0026

0.8390 + 0.0044
0.8286 + 0.0060
0.8150 + 0.0022
0.8232 + 0.0030
0.8854 + 0.0045

0.9860 + 0.0004
0.9846 + 0.0007
0.9831 + 0.0003
0.9831 + 0.0004
0.9901 + 0.0004

0.9004 £ 0.0090
0.9205 + 0.0060
0.9195 + 0.0047
0.9675 + 0.0022
0.9436 + 0.0062

0.9935 + 0.0009
0.9902 + 0.0012
0.9887 + 0.0006
0.9845 + 0.0006
0.9942 + 0.0007

1.3704 £ 0.0455
1.5007 + 0.0657
1.6056 + 0.0171
1.5342 + 0.1493
0.8522 + 0.0344

88.5561 + 0.8449
84.8930 + 3.1287
67.8922 + 5.6217
86.9786 + 2.5476
99.01 + 0.24

Ours

U-Net DeepLabV3+ Res U-Net

Fig. 3. Visual comparison of two-stage segmentation results for vertebral
segmentation.

V. CONCLUSION

This study presents a novel generative Al framework for
vertebral segmentation in OVCF X-ray images that addresses
critical challenges in clinical spinal imaging. Our approach
combines YOLO-based detection with prompt-driven segmen-
tation inspired by the Segment Anything Model, enhanced by
domain-specific adaptations. The framework achieves superior
performance with a Dice coefficient of 0.9389 + 0.0026, IoU
of 0.8854 + 0.0045, and detection rate of 99.01 + 0.24%,
outperforming both traditional and two-stage pipelines models.
Importantly, our method demonstrates strong clinical validity
through comprehensive correlation analysis with physician
measurements across vertebral height parameters (ABH, MBH,
PBH), with Pearson correlation coefficients ranging from
0.8111 to 0.9090. The key innovations for missing vertebrae
candidate detection enable accurate segmentation even in chal-
lenging post-vertebroplasty cases where traditional methods
often fail. The high detection rate and precise boundary delin-
eation make this framework particularly suitable for monitor-
ing compression fracture progression and treatment response in
clinical workflows. This work represents a significant advance-
ment in integrating foundation model concepts into medical
image analysis, providing a pathway for developing robust,
generalizable solutions for OVCF management. Future work
should focus on prospective clinical validation and extension
to other spinal pathologies.
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