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Abstract. This paper presents an algorithm and associated software implementing a comprehensive computa-
tional pipeline based on the YOLOv8n-seg model (Ultralytics) for automated analysis of human lumbar spine
CT images, including localization of anatomical regions, segmentation and quantitative measurements of verteb-
rae, and 3D visualization. Geometric parameters (total lumbar spine height and segmental angles) are calculated
directly from segmentation masks and converted into physical units using the image resolution. This generates
an STL file that can be exported to third-party software (e.g., 3D Slicer) for 3D surface reconstruction. A critical
aspect of the developed approach is its emphasis on quantitative accuracy and reproducibility of results, rather than
solely on visualization: measurements obtained from masks translate the model output into clinically interpretable
metrics. This opens up opportunities for subsequent applications such as screening, patient stratification, and lon-
gitudinal studies.
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AJITOPUTM UHTEJUIEKTYAJIbHOT'O AHAJIN3A KT-U30BPAKEHUI
JJIs1 HIOCTPOEHUA 3D-MOJAEJIN

K. C. KYPOUKA, CKOOMDBI BAHI, XYAHXAW PEH

Tomenvcruii eocyoapcmeennviil mexnuueckutl ynusepcumem umeru I1. O. Cyxozo
(I'omenw, Pecnyonuxa Benapycy)

AHHoTanusi. B cTarbe mpencTaBieHbl alrOPUTM M COOTBETCTBYIOLIME MPOrPAMMHBIC CPEACTBA, PECATU3YIOLIHNE
KOMILUICKCHBIN BBIYHUCIUTEIbHBIN KOHBEHep Ha ocHoBe moxenu YOLOv8n-seg (kommanus Ultralytics) mis aBro-
Maru3upoBaHHoro aHanuza KT-u300pakeHuil MosCHUYHOTO OT/IeNa TO3BOHOYHHKA YEI0BEKa, BKII0Yask JIOKaIH3a-
M0 aHATOMHYECKHUX 00JIACTel, CErMEHTAIMIO U KOJIMUECTBEHHbBIE N3MEPEHUSI II03BOHKOB, a TAK)KE TPEXMEPHYIO
BU3yanu3aluio. [Ipu 3TOM reoMeTpryeckie napaMeTpbl (00Ias BhICOTa MOSICHUYHOTO OTIeNa H CErMEHTapHBIC
YIJIbI) BBIYMCIISIIOTCSI HEMOCPEICTBEHHO HA OCHOBE CErMEHTAIIMOHHBIX MAaCOK M KOHBEPTHPYIOTCSl B pHU3NYECKUe
SIMHAIBI I3MEPEHHMS C UCTIONB30BaHUEM pa3pelieHus n3oopaxenus. B pesynsrare renepupyercs STL-daiin, ko-
TOPBI MOXET OBbITh IKCIIOPTUPOBAH B CTOPOHHEE IporpamMMHoe obecneuenue (Harmpumep, 3D Slicer) ms pe-
KOHCTPYKLMH TPEXMEPHOH MOBEPXHOCTH. KpUTHYECKH Ba)KHBIM aCIEKTOM pPa3pabOTaHHOIO MOAXOIa SBISETCS
AKICHT Ha KOJIMYECTBEHHON TOYHOCTH M BOCIPOM3BOAMMOCTH PE3YJIbTATOB, @ HE UCKIIIOUMTENIBLHO HAa BU3yajn3a-
LMK U3MEPEHUS, TOTydaeMble Ha OCHOBE MacOK, TPAHCIHPYIOT BBIXOIHbIC TAHHBIC MOJICITH B KIIMHUYECKH HHTEP-
NpeTHPyeMbIe MTOKa3aTeIn. ITO OTKPHIBACT BO3MOKHOCTH JUIS TIOCJIETYIOLIMX MPUIIOKEHHH, TAKUX KaK CKPUHHUHT,
cTpaTu(UKaLKs MALIUCHTOB U JOHTHTIOAHOE UCCIICIOBAHHUE.

KuroueBrble ciioBa: komnbrotepHas ToMorpadus, YOLOVS, noscHUYHBIN 0T/Je T03BOHOYHHKA, TITyOoKoe 00yye-
HHUE, CETMEHTALMsI, TEOMETPUIECKNI aHAIN3, TPEXMEpPHAs BU3yalu3anusl.

Kondaukt uHTEpecoB. ABTOPHI 3asBIISIOT 00 OTCYTCTBUHU KOH(IMKTAa HHTEPECOB.

Jas nurupoBanus. Kypouka, K. C. Anroputm uHTEIIeKTyansHoro ananmnza KT-m300pakeHuil s OCTPOSHHUs
3D-monenu / K. C. Kypouka, Croamait Banr, Xyanxaii Pen // [Joknanst BI'YUP. 2026. T. 24, Ne 3. C. 77-84. http:/
dx.doi.org/10.35596/1729-7648-2026-24-3-77-84.
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Introduction

Degenerative conditions of the lumbar spine, such as herniated discs, lumbar spinal stenosis, and ver-
tebral compression fractures (VCFs), are leading causes of lower back pain and functional impairment
worldwide, placing a heavy clinical burden on healthcare systems [1, 2]. The diagnosis, treatment plan-
ning, and prognostic assessment of these conditions rely heavily on the accurate interpretation of medi-
cal images such as computed tomography (CT) or magnetic resonance imaging (MRI) [3].

In clinical practice, the geometrical parameters of the spine, particularly lumbar lordosis (LL), ver-
tebral height, and segmental angles, are crucial for maintaining sagittal balance [4—6]. Studies have
shown that loss of LL angle is significantly associated with functional impairment and increased pain,
and is a key indicator for assessing spinal health and the effectiveness of surgical correction [7, 8].
Similarly, accurate measurement of vertebral body height is crucial for the diagnosis and classification
of VCFs, especially in patients with spinal trauma [8, 9]. However, traditional imaging assessment
methods rely on radiologists or orthopaedic surgeons manually measuring these parameters on two-
dimensional slices. This process is not only labor-intensive and time-consuming, but also suffers from
significant between- and within-observer variability due to differences in operator experience and sub-
jective judgment, thus affecting diagnostic consistency and the accuracy of surgical planning [3]. There-
fore, developing an automated, repeatable, and efficient quantitative analysis tool is of significant clini-
cal value for improving the diagnosis and treatment of spinal diseases.

To overcome the limitations of manual measurements, initial research explored automated methods
based on classical computer vision, including threshold-based segmentation, watershed algorithms,
and active contour models. While these approaches achieved some success under constrained condi-
tions, they are generally sensitive to image noise and lack the robustness to accommodate the spine’s
complex anatomy, significant inter-individual morphological variation, and prevalent artifacts
in CT imaging. Consequently, their generalization capability remains limited.

In recent years, deep learning (DL), particularly convolutional neural networks (CNN5s), has driven
revolutionary progress in medical image analysis [10]. Unlike traditional methods that rely on hand-
crafted features, DL models can autonomously learn hierarchical, task-relevant features directly from
large-scale data. This has led to superior performance in key tasks such as image segmentation, clas-
sification, and object detection [11]. Within spinal image analysis, DL has been extensively applied
across imaging modalities — including CT, MRI, and X-ray — achieving diagnostic accuracy that matches
or even surpasses that of human experts in specific domains [1].

In medical image semantic segmentation, U-Net and its derivative networks (Attention U-Net,
3D U-Net, etc.) have long been considered benchmark methods, mainly due to their encoder-decoder
structure and skip connections, which can simultaneously preserve high-resolution details and deep
semantics, thus achieving stable and precise segmentation results on tasks with fine anatomical boun-
daries, such as the spine [1]. In contrast, instance segmentation models like Mask R-CNN are geared
towards “multiple targets of the same type” scenarios, capable of distinguishing different vertebrae
such as L1, L2, and L3 within the same image. They are more suitable for tasks requiring vertebral-by-
vertebra measurement, ratio calculation, or lesion localization. In recent years, the two-stage stra-
tegy of “detection first, segmentation later” has been widely adopted in medical imaging. Its core idea
is to first use an efficient detector to lock the region of interest (ROI), and then run a more computatio-
nally intensive segmentation network within a smaller area to simultaneously reduce background inter-
ference and computational overhead. Within this framework, YOLOvVS8, with its high speed, anchor-free
architecture, and native support for segmentation branches, has become a suitable choice for building
lightweight, locally reproducible automated spinal CT analysis workflows.

This study focuses on the design and validation of an ROI-guided lumbar CT analysis pipeline
(LCAP) for lumbar spine CT analysis. The proposed LCAP integrates four linked stages: lumbar re-
gion localization, ROI-constrained vertebral segmentation, mask-derived geometric measurement,
and 3D reconstruction. In contrast to studies that primarily emphasize algorithm benchmarking, the pre-
sent work concentrates on process integration and practical translation, showing how routine CT data
can be transformed into structured quantitative indicators and visually interpretable 3D outputs within
a reproducible workflow. The main contribution of this study lies in the construction of a lightweight
and transparent analytical pathway based on publicly available data and open-source tools. By combi-
ning YOLOv8-based localization, mask-based morphometric analysis, and 3D visualization in a single
framework, the study provides a methodological template for lumbar CT quantification that is acces-
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sible, modular, and extensible. This design is intended not only to support proof-of-concept validation,
but also to facilitate future expansion toward larger cohorts, more advanced architectures, and clinically
oriented validation studies.

Research methods

The data for this study came from the publicly available training dataset of the VerSe 2019 Challenge,
a multi-center, multi-scanner benchmark dataset for vertebral segmentation and labelling. This dataset
was established to provide a standardized platform for evaluating and comparing spinal image analy-
sis algorithms. It contains multi-scanner CT (MDCT) scan images and segmentation masks for each
vertebra accurate to the voxel level, generated by a “human—machine” hybrid algorithm, providing
a high-quality gold standard for supervised learning. To validate this workflow, we randomly selected
CT scan data from 30 patients from the VerSe 2019 training set as the research cohort. This sample size
was considered sufficient for an exploratory study aiming to demonstrate the feasibility of the frame-
work and conduct preliminary comparisons of models.

All raw data were in 3D DICOM or NIfTI format. In the preprocessing stage, we converted
the 3D CT volume data of each patient into a series of 2D sagittal slices. To enhance the visibility of ske-
letal structures, intensity values of all images were normalized to the bone window through window
width/window level adjustments (e. g., window width 1500 HU, window level 300 HU). The frame-
work shown in Fig. 1 provides a schematic overview of the proposed ROI-guided LCAP. It summa-
rizes the main stages of the workflow, including CT preprocessing, YOLOv8-based lumbar localization,
vertebral segmentation within the detected ROI, and downstream quantitative and visualization tasks.

CT/DICOM Vertebra detection Segmentation
lumbar spine (YOLOV8) (U-Net / Mask R-CNN)

Geometric
measurements

(3D Slicer)

3D visualization}

Fig. 1. Flow chart of lumbar spine through-the-body CT analysis

In the actual implementation, geometric measurements and 3D visualization are both derived from
the segmentation masks obtained within the ROI. The role of YOLOVS is therefore to provide robust
anatomical localization and reduce irrelevant background before fine-grained analysis. This design im-
proves processing efficiency and supports a practical 2D slice-based workflow that can be reproduced
with open-source tools and extended in future studies.

In the first stage, the lumbar spine was examined using YOLOvS. Target detection is the initial
step in this process, aiming to quickly locate the lumbar spine region on the entire CT slice. We used
yolov8n-seg.pt provided by Ultralytics as the detection backbone. This model is small and fast, con-
sistent with our research’s vision of building a lightweight framework that can run locally. We fine-
tuned the model for approximately 100 epochs to output single-class detection results sufficient to cover
L1-L5 on sagittal lumbar spine slices. Considering that the model may generate multiple adjacent small
boxes on individual slices, we merged all detection boxes in the same slice, calculated their minimum
bounding rectangle as the final lumbar spine ROI, and then passed this ROI to the subsequent segmenta-
tion stage for fine vertebral delineation. The visualization of the results of the YOLOVS detection stage
is presented in Fig. 2.

In the second stage, segmentation of the vertebrae within the lumbar ROI was performed. Within
the lumbar ROI identified by YOLOVS, vertebral segmentation was performed to obtain masks suitable
for subsequent quantitative analysis and visualization. At this stage, two representative segmentation
paradigms were considered: semantic segmentation and instance segmentation. Representative results
of vertebral segmentation within the detected ROI are shown in Fig. 3.

U-Net was adopted as a representative semantic segmentation architecture. Owing to its encoder-
decoder design with skip connections, it effectively combines high-level semantic information with
low-level spatial details, thereby producing continuous and well-defined foreground regions in medical
images. In the present study, U-Net was trained as a binary segmentation model, in which all vertebral
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YOLOv8-seg prediction
+ postprocessed lumbar ROI

CT slice (z = 29) Reference mask (VerSe)

Fig. 2. Visualization of YOLOvVS detection phase results: a — original sagittal CT slice;
b — reference segmentation mask provided by the VerSe dataset; ¢ — initial detection bounding box (small green
rectangle) predicted by the YOLOvV8 model and the final lumbar ROI (large green rectangle)
generated by post-processing

YOLOvV8 + mask U-Net Mask R-CNN
Mask R—CNN /

a b c
Fig. 3. Results of vertebral segmentation within the detected ROI:
a —YOLOV8 detection bounding box superimposed on the reference mask; b — semantic segmentation creating
a continuous mask of vertebrae; ¢ — segmentation of individual vertebral instances

pixels within the ROI were labelled as foreground to generate coherent masks for subsequent geometric
analysis. Mask R-CNN was employed as a representative instance segmentation architecture. By ex-
tending the Faster R-CNN framework with an additional mask prediction branch, it enables pixel-level
delineation of individual vertebral targets within the ROI. In the present workflow, this model provided
vertebra-specific masks that were used for qualitative illustration and segmentation evaluation (Fig. 3).

In the third stage, after obtaining a two-dimensional segmentation mask of the lumbar spine, the seg-
mentation results were transformed into a set of clinically significant quantitative indicators for an ob-
jective description of the spine morphology and potential pathological changes. Previous studies have
shown that geometric parameters extracted based on automated segmentation can effectively reduce
inter-observer variability and provide stable quantitative evidence for issues such as spinal degeneration
and sagittal imbalance. This study first extracted vertebral body height: the vertical distance between
the upper edge pixels of the mask for the uppermost lumbar vertebra (usually L1) and the lower edge
pixels of the mask for the lowermost lumbar vertebra (usually L5) was considered an approximation
of the overall height of the lumbar spine on the sagittal slice [10]. Furthermore, the vertical distances
to the anterior, mid-high, and posterior edges of each vertebra within the mask of a single vertebra
were measured to obtain three indicators — anterior/mid/posterior edge height, — used to identify comp-
ressive or wedge-shaped deformities, consistent with clinical quantitative fracture assessment practi-
ces [9]. At the implementation level, we first identify the top and bottom lumbar spine masks within
the same slice, calculate their respective centroids, and connect them to form a lumbar spine principal

80



Jokaansr BI'YUP Dokrapy BGUIR
T. 24, Ne 3 (2026) V.24, No 3 (2026)

axis. The length of this principal axis in the pixel coordinate system is denoted as H,,,.. Combined with
the image’s pixel spacing S (mm/px), it can be converted to the actual scale

H,,=H,S. (1)

Furthermore, to characterize the posture of the lumbar vertebrae in the sagittal plane, we select
a representative anatomical boundary (such as the posterior margin of the superior vertebral body) near
the principal axis, construct its direction vector v,, and calculate the angle between it and the lumbar
vertebral principal axis direction v, to obtain the approximate segmental lordosis angle of this section:

0= arccos[&]. 2)

[villlv.

The above-mentioned automated extraction method can not only meet the clinical need for overall
height and local edge height measurement, but also directly convert the segmentation results into struc-
tured features that can be used for subsequent classification or follow-up analysis. The total lumbar spine
height H and the approximate LL angle were automatically calculated and marked on the segmentation
mask. An example of automated extraction of geometric parameters is shown in Fig. 4.

ic on lumbar slice

H = 157px
= 235.5 mm

Fig. 4. Example of automated extraction of geometric parameters

In the fourth step, a 3D model of the lumbar spine surface was created by reconstructing the 2D seg-
mented mask using 3D Slicer software, where different colors represent different vertebrae. To intuiti-
vely evaluate the segmentation quality and observe the overall 3D morphology of the lumbar spine,
we reconstructed the 2D segmentation results into a 3D model. The process proceeds through the follo-
wing steps: first, the 2D segmentation masks from all sagittal slices of a patient are sequentially stacked
along the Z-axis to reconstruct a three-dimensional (3D) label volume. This volume is subsequently im-
ported into 3D Slicer, an open-source and widely adopted platform for medical image computing. Leve-
raging the platform’s dedicated “Segmentations” and “Model maker” modules, the 3D label data is con-
verted into a surface mesh model (e. g., in STL format). The final output is an interactive, three-dimen-
sional reconstruction of the lumbar spine, suitable for visualization and quantitative analysis (Fig. 5).

Fig. 5. 3D visualization results

This study primarily aimed at process validation; therefore, both qualitative visualization and typical
segmentation metrics were employed in the evaluation phase. Qualitatively, by comparing the original
CT slices, VerSe reference segmentation, and the lumbar spine ROI obtained through YOLOVS post-
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processing, the consistency of model localization and segmentation across different cases and vertebral
levels could be visually assessed (Fig. 2—4).

Quantitatively, we used the intersection over union (IoU) and Dice similarity coefficient (DSC),
commonly used in medical image segmentation, to measure the degree of overlap between the predicted
mask and the reference mask. IoU, also known as the Jaccard index, is a metric that measures the degree
of overlap between the predicted and ground truth regions and is widely used to evaluate the perfor-
mance of object detection and image segmentation. Its calculation formula is as follows:

|anB TP
|4UB| TP+FP+FN’

IoU(4,B) 3)

where 4 is the predicted region (boundary box or mask); B is the ground truth region; TP (true positives)
is the number of correctly predicted pixels; FP (false positives) is the number of incorrectly predicted
pixels; FN (false negatives) is the number of pixels that were not predicted.

DSC is the most commonly used evaluation metric in medical image segmentation. It also mea-
sures the overlap between the predicted and ground truth masks, but the weight for overlapping regions
is twice that of loU, making it more sensitive to the accuracy of segmentation boundaries. Its calculation
formula is as follows:

2-|AnB| 2TP
|4+|B]  2TP+FP+FN’

DSC(4,B)= “)

This study primarily aims to validate the feasibility of the proposed LCAP rather than to establish
state-of-the-art segmentation performance on a full 3D benchmark. Accordingly, IoU and DSC are re-
ported here as reference indicators for process-level effectiveness within a lightweight exploratory set-
ting based on sagittal lumbar slices from VerSe. In future work, when the framework is extended to lar-
ger datasets and more diverse imaging conditions, evaluation can be expanded to include finer-grained
metrics such as mean surface distance, 95 % Hausdorff distance, and agreement analysis against expert
manual measurements.

Research results and their discussion

The proposed ROI-guided LCAP demonstrated stable qualitative performance across the major sta-
ges of lumbar CT analysis. Accurate localization of the lumbar region of interest was achieved on sagittal
CT slices (Fig. 2), followed by vertebral segmentation within the detected ROI (Fig. 3). On the basis
of these segmentation results, the framework automatically extracted clinically relevant geometric pa-
rameters, including lumbar height and segmental angular information (Fig. 4), and further supported
three-dimensional surface reconstruction in 3D Slicer for intuitive visualization of lumbar morpho-
logy (Fig. 5). Overall, the qualitative results confirm the technical feasibility of the integrated work-
flow summarized in Fig. 1. The main strength of the proposed LCAP lies not only in the performance
of individual stages, but also in its ability to connect localization, segmentation, quantitative analysis,
and visualization within one reproducible analytical process.

To objectively evaluate the performance of each stage of the system’s operation, a quantitative
analysis was conducted, the results of which are summarized in Tab. 1, which presents the results
of YOLOV&’s operation at the first stage of the lumbar spine ROI detection task.

Table 1. YOLOVS detection efficiency

Index Accuracy Recall mAP@0.5 mAP@0.5:0.95
Values 0.975 0.982 0.981 0.886

The results in Tab. 1 show that the model that the model performs excellently in locating the lumbar
spine region, with both precision and recall exceeding 0.97, indicating that the model can accurately
identify the target region with very few false negatives or missed detections. The mAP@0.5 (mean ave-
rage precision at an IoU threshold of 0.5) reached 0.981, further confirming the model’s high reliability
in localization accuracy. These data strongly support the effectiveness of using YOLOvVS as a robust
initial localization tool in this process.
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Tab. 2 summarizes the segmentation performance obtained with two representative implementations
used within the ROI segmentation stage (SD — standard deviation).

Table 2. Comparison of segmentation model performance

Model DSC +SD IoU + SD
U-Net 0.905 +0.05 0.826 + 0.06
Mask R-CNN 0.923 +£0.04 0.857 +£0.05

Both approaches achieved high overlap with the reference masks. Mask R-CNN yielded slightly
higher mean DSC and IoU values, whereas U-Net also demonstrated stable and satisfactory segmen-
tation performance. In the context of the present study, these results are reported primarily to support
the feasibility of the segmentation stage within the proposed LCAP rather than to establish an extensive
benchmark comparison.

The present study demonstrates the feasibility of an ROI-guided LCAP for automated lumbar spine
analysis based on open-source tools and public data. A key finding is that YOLOv8-based localization
can reliably identify the lumbar region in sagittal CT slices, thereby restricting subsequent analysis
to a focused anatomical area. This design reduces irrelevant background information and creates a more
efficient basis for segmentation, quantitative measurement, and visualization. A second important result
is that the proposed workflow does not stop at segmentation output. Instead, the segmentation masks
are further converted into clinically meaningful geometric indicators, such as lumbar height and seg-
mental angular measures, and then translated into 3D surface models. This step is methodologically
important because it moves the analysis from image-level prediction toward structured quantitative
description, which is more relevant to clinical interpretation and follow-up applications. Taken toge-
ther, these findings suggest that the LCAP is not simply a visualization workflow, but a reproducible
framework for lumbar CT quantification. Its value lies in connecting image processing, measurement,
and 3D representation within one coherent analytical pathway, which may support future applications
in screening, longitudinal monitoring, and computer-assisted diagnostic research.

The framework proposed in this study is consistent with current developments in DL-based spinal
image analysis. Previous studies have demonstrated that modern segmentation methods can achieve
high overlap with reference annotations, often with DSC values above 0.90. The results obtained
in the present study fall within this range and therefore support the practical feasibility of the proposed
workflow. Compared with studies based on fully three-dimensional CNN architectures, the present
slice-wise 2D strategy combined with ROI-guided analysis offers a more lightweight and accessible
implementation. Although full 3D models may better exploit inter-slice context, they usually require
greater computational resources and more complex training procedures. In contrast, the present work-
flow emphasizes reproducibility, practical deployment, and the integration of localization, segmenta-
tion, quantitative analysis, and 3D visualization within one coherent process.

Several limitations of this study should be noted. First, the sample size remains relatively small
and does not fully represent the anatomical variability, pathological complexity, and imaging hetero-
geneity encountered in routine clinical practice. Second, the present workflow is based on slice-wise
2D analysis and therefore does not explicitly exploit full 3D spatial continuity. As a result, segmentation
consistency may still vary at superior and inferior vertebral margins or in anatomically complex regions.
Third, although the extracted geometric parameters are clinically meaningful in principle, they have
not yet been systematically validated against manual measurements performed by radiologists or spine
surgeons.

Future work should therefore proceed in three directions. The first is data expansion, including va-
lidation on the full VerSe dataset and on additional multi-center CT cohorts. The second is methodologi-
cal extension toward 2.5D or 3D architectures that can better capture inter-slice context while preserving
the workflow logic of the current LCAP. The third is formal clinical validation, including agreement
analysis between automated and expert-derived measurements and assessment of the framework in spe-
cific disease settings such as VCFs, lumbar spinal stenosis, or sagittal imbalance.

Conclusion

1. This study developed an ROI-guided lumbar computed tomography analysis pipeline for auto-
mated analysis of lumbar spine computed tomography images. Built on YOLOv8-based localization,
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ROI-constrained segmentation, mask-derived geometric measurement, and 3D reconstruction, the pro-
posed framework establishes a coherent workflow that transforms routine image data into structured
quantitative and visual outputs.

2. The main significance of the study lies in workflow integration rather than in broad algorithm benchmar-
king. By linking localization, segmentation, morphometric extraction, and 3D visualization within a reproducible
open-source framework, the lumbar computed tomography analysis pipeline demonstrates a practical route from
pixel-level prediction to clinically interpretable information. This makes the framework suitable as a methodologi-
cal basis for future expansion toward larger datasets, advanced architectures, and clinically validated decision-sup-
port applications.
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