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Abstract—The modern computer-aided screening systems re-
quire a large amount of well-annotated training data to produce
robust and consistent diagnostic performance. Furthermore, the
public datasets designed to evaluate automated spinal disorders
screening frameworks lack quantitative labels, which are marked
by expert radiologists and clinically validated by spinal surgeons.
This paper presents a dataset containing high-resolution (and
well-labeled) mid-sagittal views of lumbar spine magnetic reso-
nance imaging (MRI) scans. These scans also contain vertebral
body masks along with clinically significant spinal measurements,
including lumbar height, intervertebral body distances, vertebral
body sidewall dimensions, vertebral body superior and inferior
end-plates dimensions, lumbar lordotic angles, and lumbosacral
angles. The mid-sagittal view MRI scans within the proposed
dataset were first procured, and then they were manually marked
by the expert radiologists and validated by the expert spinal sur-
geons. Afterward, different spinal measurements were recorded,
which serves as a benchmark to evaluate the autonomous
frameworks for predicting spinal misalignments. In addition to
this, the proposed dataset is, to the best of our knowledge, the
first composite database that contains lumbar spine mid-sagittal
images along with spinal attributes and detailed markings of
radiologists duly verified by the spinal surgeons. The proposed
dataset, unlike its competitors, also introduces a quantitative vote
to the clinicians and researchers in the assessment process of
lumbar spine disorders. Apart from this, the dataset is publicly
available at https://data.mendeley.com/datasets/k3b363f3vz/2.

Index Terms—Lumbar Spine, Spinal Measurements, Lumbar
Lordotic Angle, Lumbar Height, Lumbosacral Angle, Vertebral
Body Dimensions
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I. INTRODUCTION

Spinal disorders are caused by a variety of degenerative
processes, where the compression of neural components and
spinal segments are the most common causes [1]. The spine
is a unique and complex structure that is made up of nerves
that runs from the base of the brain extends down to the back
[2]. The brain sends messages to the body through the spinal
cord. Inside the vertebrae, the spinal cord is located. Spinal
disorders may occur due to pathology, trauma, or aging,
and they can damage any of the four regions of the spinal
cord, which includes cervical (neck), lumbar (upper back
region), thoracic (lower back region), and sacral (pelvis).
Through openings in the vertebrae, spinal nerves link to
specific parts of the body. There are two nerve roots in spinal
nerves, i.e., motor and sensory roots. Motor root transmits
movement-stimulating signals from the spinal cord to the
muscles, whereas sensory roots transport information from
the body parts to the spinal cord, including experiences
like touch, pain, and temperature. Symptoms of the spinal
disorder include back pain, loss of sensation, changes in
reflexes, weakness or paralysis of limbs, and uncontrolled
muscle spasms. Spinal cord disorders may occur from either
the exterior or the inside of the spine. A bone fracture, spinal
degeneration, or anomalies such as a hematoma, tumor, or
herniated disc can all compress the spinal cord, resulting in
severe damage to the exterior of the chord. Moreover, several
illnesses, such as autoimmune diseases, multiple sclerosis,
vitamin deficiency, blockage of blood supply, fluid-filled
cavities, and syphilis, can cause affect the spinal cord.20
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Fig. 1. (a) A Mid-sagittal MRI Scan of Lumbar Spine, (b) Annotated
Vertebral Body

The intervertebral disc (IVD) is a significant part of the spine
because it absorbs stress and distributes axial loads while
providing flexibility [3]–[5]. As a result, IVD degeneration
could be one of the leading causes of low back discomfort.
Indeed, progressive deterioration usually causes a loss of water
and, as a result, a decrease in disc height. As a result, the
annulus fibrosus and ligaments are pre-tensioned, resulting in
a mechanical instability that may end in spinal degeneration.
The conventional steps involved in identifying such diseases
include thorough physical examination [6]–[8] and a detailed
review of the medical history [9]–[12]. Apart from this, there
are various modalities that the clinicians use for examining the
spinal abnormalities. X-ray imagery is one of those modalities,
which also has vast industrial [13]–[18] and medical [19]–[21]
applications. Moreover, X-ray imagery can also be utilized
to detect vision problems [22]–[25], heart growth [26], chest
disorders [27]–[29], and any fractures or malignancies within
the vertebral spine [5]. Similarly, to identify areas of pressure
on the spinal canal, a magnetic resonance imaging (MRI) or
a computed tomography (CT) scan is usually preferred. In
this paper, we have proposed a dataset highlighting the high-
resolution mid-sagittal of lumbar spine MRI scans. Further-
more, along with the dataset, we also release the detailed
clinical annotations, including the vertebral body masks along
with clinically significant spinal measurements, such as lumbar
height, intervertebral body distances, vertebral body sidewall
dimensions, vertebral body superior and inferior end-plates
dimensions, lumbar lordotic angles, and lumbosacral angles.
These annotations were thoroughly marked by the expert clin-
icians from Combined Military Hospital (CMH), Rawalpindi,
Pakistan. Moreover, the main contribution of this paper are
summarized below:

• This paper presents a composite dataset containing lumbar
spine mid-sagittal views and clinically relevant spinal mea-
surements to provide a quantitative assessment of the spinal
disorders.

• This dataset will empower the clinicians to develop consis-
tency in their diagnostics (related to spinal disorders) and
enable the medical imaging researchers to build more robust
applications by utilizing the dataset’s attributes.

• The current diagnostic systems lack automated spinal disor-
ders assessment. Thus, with the proposed dataset (containing
the detailed clinical markings), the assessment of these
frameworks can be significantly improved. Additionally, it
will also pave the way for developing new solutions to avoid
surgical intervention procedures based on the extracted
measurements.

• Mid-sagittal views MRI scans released in this paper present
the complete information of the spinal alignments, balance,
and curvature study that can be utilized in both angular and
distance-based spinal measurements.

• The composite dataset may improve the performance met-
rics in automated application developments by enabling
the researchers to draw a quantitative correlation between
predicted and actual results [30]–[34].

• With the considerable volumetric influx of medical imaging
data, manual image analysis invariably is a slow process. To
address this, we present a comprehensive dataset containing
highly annotated mid-sagittal views MRI scans and their
spinal measurements, which supports the spinal surgery
community by rendering confidence to their decision regard-
ing surgical intervention procedures.

The rest of the paper is organized as follows: Section II
presents the dataset details, and Section III discusses the
materials and procedures employed to procure the dataset.
Lastly, Section IV concludes the paper and enlists future
directions.

II. MATERIALS

This section presents a detailed description of the dataset
and the annotated labels which can be used to validate the
autonomous systems [35]–[38]. Moreover, the link to the
dataset and its detailed specifications are presented in Table I.

A. Mid-Sagittal MRI Scans

The MRI scans (extracted from the DICOM scans) showcase
sagittal views of the lumbar spine, as depicted in Figure 1
(a). Here, five lumbar spine vertebral bodies are represented
from L1 to L5, while S1 represents the fused sacrum bone’s
first vertebral body. T12 represents the last thoracic vertebral
body, which in our case is not included in the labeling part.
Figure 1 also showcases some ailments and clinically relevant
anatomical findings/ landmarks related to the lumbar spine,
such as the spinal cord, intervertebral discs (IVDs), vertebral
body (VB) endplates, cerebrospinal fluid (CSF).

B. Annotated Masks

The annotated masks, generated by the clinicians, showcases
lumbar VBs, and the first VB of fused sacrum bone is
marked as evident from Figure 1 (b). Here, different colors
represent each VB, whereas the background pixels are shown
in black. In total, seven classes are labeled in each scan where
red represents L1 VB; yellow represents L2, green depicts
L3, L4 is shown by cyan, blue represents L5, and S1 is
represented in purple. We also want to highlight that some
of the examples were crudely segmented by the clinicians,
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Fig. 2. RadiAnt DICOM Viewer - Sagittal View of Lumbar Spine.

such as this, during the rush hours. However, these cases are
very few in number, and they can still be used in accurately
evaluating the autonomous systems towards vertebral column
segmentation.

C. Spinal Measurements

The clinically significant spinal measurements are included
in the excel file along with the dataset, where the header of
the file represents the type of spinal measurement. Afterward,
the angular measurements are presented, such as lumbar
lordotic angle and lumbosacral angle. The distance-based
measurements, such as lumbar height using corner-points of
vertebral bodies, lumbar height using centroids. Moreover, the
length between adjacent vertebral bodies at both anterior and
posterior sides and vertebral body side-wall, inferior-superior
end-plates dimensions are also included in the excel file.

III. METHODS

This section describes the annotations labeling standards (and
protocols). As highlighted by Weese et al. [39], to make the
results of image analysis algorithms reliable and to ensure
reproducibility, the development of the dataset’s ground truth
is critical. Furthermore, Carballido et al. [40] showed that
the segmentation results deteriorate if the mid-sagittal slice
is not selected correctly. To annotate the vertebral body
mask depicted within the mid-sagittal view lumbar spine
MRI scans, the clinicians used MATLAB R2020a Image
Labeler Application. Furthermore, to visualize 2D slices
(of the volumetric MRIs), the RadiAnt DICOM Viewer
from Medixant was used [41]. We also want to point out
that we only labeled 514 out of 515 MRI scans. One scan
was discarded because the sagittal view was deemed to be
inadequate for evaluation purposes. The ground truth labeling
process consisted of four steps, as detailed below:

• The first step is to read the DICOM scans. For this purpose,
RadiAnt DICOM Viewer [41] was used in this study, as
shown in Figure 2. The expert radiologists then identify the
mid-sagittal slice to establish the ground truths. After that,

the recognized slice is exported and saved in a different
folder. Because the bone has the same contrast in T1 and
T2 images [42], any T1 or T2 scans can be used to create
this dataset [43]. In order to scale the dimensions and
measurements in later parts, appropriate pixel spacing details
are also kept while obtaining the image slices. This step is
performed to make the data dimensions consistent with the
measurements performed by clinicians.

• The extracted 514 mid-sagittal view scans from the
DICOM viewer [41] were then loaded into the MATLAB
2020a Image Labeler Application [44] to make the dataset
suitable for the semantic segmentation tasks (related to the
extraction of the vertebral body). Afterward, the radiologists
defined pixel-wise ROI labels for the six classes, namely,
L1, L2, L3, L4, L5, and S (since the sacrum bone is a
fused region). A smart polygon/ polygon tool is employed
to delineate the area around the vertebral body. Afterward,
fine-tuning was performed using a brush tool to fill in any
areas that were not covered by the polygon tools.

• Spinal surgeons were the final arbiters of whether or not
labeled scans were accurate. In addition, the radiologists
corrected any errors that the spinal surgeons had identified.

• The pixel-level ground truths (marked by the radiologists
and verified by the spinal surgeons) are shown in Figure 3.
Here, Figure 3 (a) shows the original scans, (b) showcases
the ground truth labels. The red denotes markings for L5,
yellow for L4, green to show L3, cyan for L2, blue for
L1, and magenta represents annotations for S1. The ground
truths are also overlaid on the original scans in Figure 3 (c).

IV. CONCLUSION

This paper presents a composite dataset of lumbar spine
MRI scans with high-resolution (and well-labeled) mid-sagittal
views. The proposed dataset provides a benchmark platform to
train and evaluate modern computer-aided diagnostic systems.
Furthermore, it incorporates lumbar spine mid-sagittal scans,
as well as spinal characteristics and detailed radiologists’
marks that have been verified by spinal surgeons. By exploiting
the dataset’s characteristics, clinicians and researchers will be
able to design more robust applications that can significantly
improve the prognosis of spinal cord disorders. In addition
to this, the dataset will be of valuable help for designing
the automated systems to grade spinal abnormalities, such as
displacement of disc, lordosis, and scoliosis.
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TABLE I
DATASET SPECIFICATIONS TABLE

Subject Medical Imaging – Lumbar Spine
Specific subject area Contains the scans of lumbar spine mid-sagittal views and ground truth labels with spinal measurements.

Type of data
Images
Ground Truth Annotations
Spinal Measurements/Attributes (Excel File)

How data were acquired

We obtained the mid-sagittal views of lumbar spine magnetic resonance imaging (MRI) scans within the
proposed dataset from a public repository [4] containing labels only for the axial scans, which are
clinically considered to be unsuitable for assessing the spinal disorders in the sagittal plane. We also
want to highlight here that we formally took permission from the dataset authors to publish and re-distribute
their mid-sagittal view MRI scans with our detailed clinical labels. These labels were marked by the
radiologists and duly verified by the spinal surgeons for evaluating the extent of spinal misalignments and
spinal disorders.

Data format

Raw Images (Original Images, Annotated Images, Pseudo-Coloured Images).

• Portable Network Graphics (.png) format.
• Dimension: 320 x 320
• Data Collected from September 2015 to July 2016.
• Nomenclature: T1 000X SY.png, where X represents the MRI reference as per the original dataset [4],
while Y represents the mid-sagittal view extracted for the annotation purposes.
• Clinically significant spinal measurements in Excel file (.xlsx)

Parameters for data collection Spinal measurements, pixel-level labels of vertebral bodies and assessment for lumbar lordosis in sagittal plane.
Acquisition Sequence T1 and T2 weighted sequences from mid sagittal view having 3 and 15-18 number of echoes and echo time

from 9.2-12.0, to 67.0-96.0 milliseconds, respectively.
Patient Statistics The data was collected from 575 patients having symptomatic back pains.

Description of data collection
The MRI scans are extracted from the DICOM scans. Subsequently, systematic manual labeling was performed
by the radiologists which are then verified by the spinal surgeons. Finally, spinal measurements are generated to
make the dataset suitable for the automated frameworks’ quantitative evaluation.

Data source location

The original DICOM images are shared online by Sudirman et al. [4].
Repository name: Mendeley Data
Data identification number: 10.17632/zbf6b4pttk.2
Direct URL to data: https://data.mendeley.com/datasets/zbf6b4pttk/2

Data accessibility
Repository name: Mendeley Data
Data identification number: 10.17632/k3b363f3vz.2
Direct URL to data: https://data.mendeley.com/datasets/k3b363f3vz/2

as well as the Abu Dhabi Department of Education and
Knowledge (ADEK), Ref: AARE19-156.
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Fig. 3. Visualization of marked vertebral body masks.

“Blockchain for deep learning: review and open challenges,” Cluster
Computing, 2022.
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