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Abstract. Magnetic Resonance Imaging (MRI) plays a pivotal role in the evaluation of 

degenerative spinal disorders due to its superior soft tissue contrast, non-invasive nature, and 

absence of ionizing radiation. The present study proposes an artificial intelligence–based framework 

for automated segmentation and quantitative measurement of key spinal structures, including 

intervertebral discs, vertebrae, and the spinal canal, across the cervical, thoracic (dorsal), and lumbar 

regions. A large-scale dataset comprising over one million MRI scans from diverse age groups, 

genders, and scanner manufacturers was utilized to ensure robustness and generalizability. The 

segmentation task was performed using the nnU-Net architecture, which automatically adapts its 

configuration to dataset-specific characteristics, while quantitative measurements of disc height and 

spinal canal anteroposterior diameter were obtained using a dedicated 3D convolutional neural 

network. Model performance was evaluated using the Dice coefficient and mean squared error 

metrics. The proposed system demonstrated high segmentation accuracy and reliable measurement 

precision, highlighting its potential to reduce manual workload, improve diagnostic consistency, 

and support clinical decision-making in the assessment and monitoring of degenerative spinal 

conditions. 

Keywords: Magnetic resonance imaging; spine degeneration; nnU-Net; deep learning; 

spinal segmentation; disc height measurement; spinal canal. 
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Аннотация. Магнитно-резонансная томография (МРТ) является ключевым методом 

диагностики дегенеративных заболеваний позвоночника благодаря высокому контрасту 

мягких тканей, неинвазивности и отсутствию ионизирующего излучения. В данном 

исследовании представлен искусственно-интеллектуальный подход к автоматизированной 

сегментации и количественной оценке основных анатомических структур позвоночника, 

включая межпозвонковые диски, тела позвонков и спинномозговой канал, в шейном, 

грудном и поясничном отделах. Для обучения и валидации модели использован масштабный 

набор данных, включающий более одного миллиона МРТ-исследований, полученных у 

пациентов различных возрастных групп, пола и с использованием сканеров разных 

производителей. Сегментация выполнена с применением архитектуры nnU-Net, 

автоматически адаптирующейся к характеристикам данных, а измерение высоты дисков и 

переднезаднего диаметра спинномозгового канала осуществлено с помощью трехмерной 

сверточной нейронной сети. Оценка эффективности проводилась с использованием 

коэффициента Dice и средней квадратичной ошибки. Полученные результаты 

свидетельствуют о высокой точности и воспроизводимости метода, что подтверждает его 

перспективность для клинического применения и поддержки принятия врачебных решений. 
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CHUQUR O‘RGANISHGA ASOSLANGAN UMURTQA POG‘ONASI 

TUZILMALARINING AVTOMATLASHTIRILGAN SEGMENTATSIYASI VA 

MIQDORIY MRT TAHLILI 

Abdulhakimov Parvoz Vaxob o’g’li  

Samarqand davlat tibbiyot universiteti huzuridagi 

Ixtisoslashtirilgan ilmiy-amaliy neyroxirurgiya va neyroreabilitatsiya markazi 

Annotatsiya. Magnit-rezonans tomografiya (MRT) umurtqa pog‘onasining degenerativ 

kasalliklarini baholashda yuqori yumshoq to‘qima kontrasti, invaziv bo‘lmaganligi va 

ionlashtiruvchi nurlanishsizligi sababli muhim diagnostik usul hisoblanadi. Ushbu tadqiqotda 

bo‘yin, ko‘krak (dorsal) va bel sohalarida joylashgan asosiy umurtqa tuzilmalarini, jumladan, oraliq 

disklar, umurtqa tanalari va orqa miya kanalini avtomatlashtirilgan tarzda segmentatsiya qilish va 

miqdoriy baholashga mo‘ljallangan sun’iy intellektga asoslangan yondashuv taklif etiladi. 

Tadqiqotda turli yosh guruhlari, jins va turli ishlab chiqaruvchilarga mansub MRT apparatlaridan 

olingan bir milliondan ortiq tasvirlarni o‘z ichiga olgan katta hajmdagi ma’lumotlar to‘plami 

qo‘llanildi. Segmentatsiya jarayoni ma’lumotlarga moslashuvchan nnU-Net arxitekturasi 

yordamida amalga oshirildi, disk balandligi va orqa miya kanalining old-orqa diametri esa 3D 

konvolyutsion neyron tarmoq orqali o‘lchandi. Model samaradorligi Dice koeffitsienti va o‘rtacha 

kvadratik xatolik asosida baholandi. Natijalar taklif etilgan tizimning yuqori aniqlik va 

ishonchliligini ko‘rsatib, klinik amaliyotda diagnostika jarayonini takomillashtirish va shifokorlar 

ish yukini kamaytirish imkoniyatini tasdiqlaydi. 

Kalit so‘zlar: magnit-rezonans tomografiya; umurtqa degeneratsiyasi; nnU-Net; chuqur 

o‘rganish; umurtqa segmentatsiyasi; oraliq disk balandligi; orqa miya kanali. 

Introduction: Magnetic Resonance Imaging (MRI) functions as an essential diagnostic tool 

in the assessment of intervertebral disc degeneration, providing substantial benefits in comparison 

to other imaging techniques [1]. In contrast to conventional approaches, MRI is characterized by its 

non-invasive nature and the absence of ionizing radiation, thereby rendering it a safer alternative for 

patients [2]. Its remarkable capacity to provide high-resolution soft tissue contrast facilitates the 

intricate visualization of the spine’s internal structures, encompassing intervertebral discs and the 

spinal canal. Moreover, MRI possesses the capability to identify biochemical modifications, such 

as variations in water and proteoglycan content, which serve as indicators of disc degeneration [3]. 

Morphological assessments derived from MRI scans are also instrumental in detecting disc 

narrowing, fissuring, and herniation, which are critical elements in the diagnosis of degenerative 

spinal disorders [4]. Degenerative alterations in the spine are frequently encountered in clinical 

practice, often resulting in considerable pain and functional limitations for patients [5]. MRI is 

crucial in elucidating spinal anatomy and pathology, yielding essential insights for the diagnosis and 

monitoring of conditions such as spondylosis, disc herniation, and spinal stenosis [6]. This research 

focuses on the application of MRI annotations to quantitatively assess critical metrics such as 

intervertebral disc space and spinal canal diameter across the cervical, lumbar, and thoracic (dorsal) 

regions, aiming to improve the evaluation of degenerative changes [7]. To accomplish this, an 

automated methodology employing nnU-Net, a variant of the UNet architecture specifically tailored 

for medical image segmentation, is adopted. nnU-Net adapts to the attributes of the dataset by 

flexibly modifying its network architecture, preprocessing methodologies, and training parameters, 

thus enhancing both segmentation precision and generalization [8]. Quantitative MRI assessments, 

such as the mean signal intensity of midsagittal T2- weighted images, have emerged as a potent 

instrument for diagnosing disc pathology [9]. These assessments provide a more objective and 

reproducible analysis of spinal degeneration. A reduction in signal intensity is frequently recognized 
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as an early and reliable marker of degeneration, establishing it as a pivotal metric in clinical practice 

[10]. To enhance accuracy, the signal intensity is normalized against a reference region, typically 

cerebrospinal fluid, thereby improving the precision of measurements [11]. This methodology 

supports routine clinical application and facilitates effective monitoring of conditions such as disc 

bulging, herniation, and prolapse. With MRI diagnoses of cervical degeneration exhibiting an 88rate 

with surgical findings, this approach underscores the diagnostic effectiveness of MRI [12]. By 

incorporating deep learning models such as nnU-Net, this research aims to automate the 

segmentation of spinal degeneration, ultimately advancing the diagnostic process and patient 

management within clinical practice [13]. 

Methodology. AI System Overview The AI system developed in this study is a 

comprehensive solution for automating the segmentation and measurement of key spinal structures 

in MRI images [14]. The system utilizes a deep learning approach, integrating several neural 

network architectures to optimize performance across different tasks [15]. The core of the 

segmentation process is based on the nnU-Net architecture, which is well-suited formedical image 

segmentation due to its adaptive configuration capabilities [16]. nnU-Net automatically configures 

its architecture, training schedule, and preprocessing steps based on the specific dataset used, 

ensuring high accuracy in segmenting spinal structures such as intervertebral discs, vertebrae, and 

the spinal canal [17]. For the measurement phase, a 3D Convolutional Neural Network (3D CNN) 

is employed to quantify critical spinal parameters, such as disc height and spinal canal 

anteroposterior (AP) diameter [18]. The 3D CNN model extracts volumetric features from MRI 

scans to provide precise measurements, enhancing the accuracy of diagnosing degenerative 

conditions. The system is trained using a diverse dataset, incorporating images from different 

manufacturers and patient demographics to improve generalizability. [19] The AI system’s 

architecture includes key preprocessing steps, such as resampling and intensity normalization, to 

standardize the input images, thereby addressing variations in voxel size and contrast that can occur 

between different MRI machines [20]. The integration of advanced data augmentation techniques 

further ensures that the model is robust to variations in image quality and patient anatomy [21]. 

Overall, the AI system combines automated segmentation and measurement capabilities to deliver 

a scalable and efficient solution for spinal MRI analysis, aiming to reduce manual workload, 

improve diagnostic consistency, and support clinical decision-making [22]. 

Dataset Overview 

Total Number of Scans: 1,003,784 

Table 1. Distribution of Scans by Age Group 

Age Group (years) Number of Scans 

Under 18 44,934 

18–40 203,562 

41–60 196,547 

61–75 99,873 

Over 75 42,868 

The dataset encompasses a broad age range, ensuring representation of pediatric, adult, and elderly 

populations with diverse spinal pathologies. 

Table 2. Distribution of Scans by Manufacturer 

Manufacturer Number of Scans 

GE Healthcare 240,971 

Siemens 182,135 

Philips Healthcare 112,146 

Other manufacturers 53,532 

Inclusion of multiple scanner manufacturers allows for robustness against inter-vendor variability 

in imaging protocols and hardware characteristics. 

Table 3. Distribution of Scans by Gender 

Gender Number of Scans 

Male 349,523 

Female 405,798 
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Both male and female patients are well represented, enabling analysis of gender-related anatomical 

and pathological variations. 

Annotation. Accurate annotation is pivotal for segmenting spinal regions (cervical, lumbar, 

and dorsal), facilitating the detection of degenerative changes and spinal pathologies such as 

spondylosis and herniated discs [23]. These annotations are instrumental in automating the 

measurement 4 of critical parameters like disc height and spinal canal diameter, which are essential 

for diagnosing and monitoring spinal health [8]. The annotation process employed the V7 Lab tool, 

known for its intuitive and efficient interface, allowing the generation of precise segmentation masks 

and bounding boxes around spinal structures, such as intervertebral discs and the spinal canal [24]. 

V7 Lab offers advanced functionalities, including polygonal annotations and AI-assisted 

recommendations, which streamline the annotation of complex spinal anatomy [25]. Its support for 

highresolution imaging and seamless integration with the model training pipeline ensures 

consistency across the dataset, thereby enhancing the reproducibility and reliability of the 

segmentation process—a crucial factor for training deep learning models like nnU-Net [26].  

Region-Specific Focus for Annotation: Cervical Spine: Emphasizing small intervertebral discs 

and the spinal cnal to detect degeneration and compression. Lumbar Spine:Targeting larger discs 

and weight-bearing structures to assess conditions like herniation and stenosis. Dorsal (Thoracic) 

Spine:Concentrating on spinal alignment and conditions such as kyphosis or scoliosis for precise 

structural analysis. 

Accurate annotations are essential for training AI models like nnU-Net in MRI spine 

measurement [27]. They enable the precise segmentation of spinal regions and the extraction of key 

metrics such as disc height and spinal canal diameter [28]. By ensuring that critical anatomical 

structures, including intervertebral discs and the spinal canal, are accurately identified, annotations 

facilitate the detection of degenerative changes such as disc herniation, narrowing, and spinal 

stenosis [29]. This not only improves diagnostic accuracy but also enhances the model’s capability 

to deliver consistent and reliable assessments, ultimately leading to more informed clinical 

decisionmaking. This contributes to optimizing patient care and supporting personalized treatment 

strategies [30]. 

Preprocessing Steps  

• Image Standardization: Input MRI spine images are resampled to a uniform resolution to account 

for variations in voxel spacing. This ensures consistent spatial scaling across datasets.  

• Intensity Normalization: Pixel intensity values are normalized to standardize image contrast, 

facilitating better feature extraction during training.  

• Segmentation Labels: Ground truth segmentation maps, such as vertebral bodies or intervertebral 

discs, are preprocessed into nnU-Netcompatible formats.  

• Windowing: MRI images are processed using specific windowing techniques to enhance key 

anatomical features. This involves adjusting the window width (WW) and window cen5 ter (WC) 

for optimal contrast:  

a. Window Width (WW): Controls the range of pixel intensities, adjusting image contrast. A higher 

WW displays a broader range of pixel values.  

b. Window Center (WC): Determines the brightness level by setting the central value for the 

window width, highlighting structures like vertebrae and discs for better distinction. 

Segmentation. In the segmentation phase for MRI spine measurement, the nnU-Net 

architecture was used to accurately segment key spinal structures, including intervertebral discs, 

vertebrae, and the spinal canal. The application of nnU-Net in this context involved leveraging its 

automated configuration capabilities to adapt to the high variability found in spinal MRI datasets, 

such as differences in image resolution, patient anatomy, and imaging artifacts [31]. For the 

segmentation of the intervertebral discs, nnU-Net’s automated preprocessing, including resampling 

to an isotropic resolution of 1.25 mm and Z-score normalization, allowed for consistent handling of 

different disc sizes and imaging contrasts. The encoder-decoder structure, with skip connections, 

was particularly effective in preserving fine anatomical details necessary for identifying the 

boundaries of the discs, which are critical for measuring disc height and detecting pathologies like 

herniation. The patch size used during training was set to 128x128x64, which provided sufficient 
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context for accurate segmentation without overwhelming GPU memory. When segmenting 

vertebrae, nnU-Net’s deep supervision and use of multiscale features enabled the accurate 

identification of each vertebra across different spine regions. This was essential for assessing 

vertebral alignment and detecting abnormalities such as fractures or compression. The network’s 

ability to capture both local and global features, facilitated by convolutional kernel sizes of 3x3x3 

and feature map sizes ranging from 32 to 320, ensured the vertebrae were segmented with high 

precision, supporting reliable clinical analysis. For the spinal canal, nnU-Net’s architecture ensured 

precise segmentation by effectively delineating the canal’s boundaries from surrounding tissues, 

even in challenging cases where the spinal canal’s edges were not clearly defined due to stenosis or 

imaging artifacts. The combination of Dice loss and cross-entropy loss, with a weight ratio of 0.7 to 

0.3 respectively, helped the model manage the class imbalance typical in spinal canal segmentation, 

enhancing its accuracy. Batch size was set to 2 during training due to memory constraints, and a 

learning rate of 0.01 with a polynomial decay schedule was used to achieve optimal convergence. 

The post-processing steps determined by nnU-Net, such as removing small disconnected 

components smaller than 50 voxels, further refined the segmentation outputs, minimizing errors and 

ensuring that only clinically relevant structures were retained. This level of precision was crucial 

for subsequent analyses, including measuring spinal canal diameter and assessing spinal alignment, 

which are vital for diagnosing conditions like stenosis or scoliosis [32]. Overall, nnU-Net’s 

automated configuration, along with its specialized preprocessing, deep supervision, and post-

processing techniques, played a critical role in achieving highquality segmentation of spinal 

structures in MRI, thereby supporting accurate diagnosis and effective clinical decisionmaking [33]. 

Measurement. The measurement phase involves the quantification of spinal parameters 

using a 3D Convolutional Neural Network (3D CNN) model specifically designed for analyzing 

MRI volumes of the cervical and lumbar spine regions. The model was trained to measure two key 

parameters: disc height and spinal canal anteroposterior (AP) diameter. These measurements are 

essential for evaluating degenerative changes and other spinal pathologies. 

3D CNN Model Architecture. The 3D CNN model architecture used for measurement 

consists of multiple convolutional layers followed by max-pooling and fully connected layers to 

extract spatial features from 3D MRI volumes. The input to the model is a volumetric patch of size 

64x64x32 voxels, which was found to provide an optimal balance between capturing sufficient 

anatomical context and maintaining computational efficiency. The model employs 3D convolutional 

kernels of size 3x3x3 to capture spatial dependencies in all three dimensions of the MRI data. The 

network includes five convolutional blocks, each consisting of a convolutional layer, batch 

normalization, and a ReLU activation function. The stride for the convolutional layers is set to 

1x1x1, ensuring detailed feature extraction without excessive downsampling. Max-pooling layers 

with a pool size of 2x2x2 are used after each convolutional block to reduce the spatial dimensions 

while retaining essential features. 

Disc Height Measurement. For the measurement of disc height, the model was trained to 

segment and subsequently quantify the vertical distance between adjacent vertebrae. This was 

achieved by utilizing the output feature maps from the final convolutional block, followed by a fully 

connected layer that predicts the disc height in millimeters. The mean squared error (MSE) loss 

function was employed during training to minimize the error between predicted and ground truth 

disc height values. The learning rate was initially set to 0.001 with a decay factor of 0.9 every 10 

epochs, allowing for gradual convergence. 

Spinal Canal AP Diameter Measurement. In the case of the spinal canal AP diameter, the 

model uses a similar approach,but with specialized output layers designed to focus on the 

anteroposterior dimension of the spinal canal. The measurement is derived from the segmented 

spinal canal region using the final fully connected layer, which outputs the AP diameter in 

millimeters.The Adam optimizer is used for training, with β1 = 0.9 and β2 = 0.999 ensuring stable 

and efficient convergence. Dropout with a rate of 0.3 is applied to the fully connected layers to 

prevent overfitting. 

Evaluation Metrics. The evaluation of the segmentation and measurement phases in this 

study relied on several key metrics to assess the accuracy and reliability of the 3D CNN model. 
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Specifically, the Dice Coefficient and Mean Squared Error (MSE) were used to quantify the 

performance of the segmentation and measurement processes, respectively 

 

 
 

Segmentation, Measurements on Cervical Spine 

 

   
Segmentation, Measurements on Lumbar spine 

Figure 2: Segmentation & Measurements on Cervical, Lumbar Spine 

Dice Coefficient. The Dice Coefficient was used to evaluate the accuracy of the 

segmentation outputs for the intervertebral discs, vertebrae, and spinal canal. The Dice Coefficient 

measures the overlap between the predicted segmentation masks and the ground truth annotations, 

providing a value between 0 (no overlap) and 1 (perfect overlap). For the segmentation of the spinal 

structures in the cervical and lumbar regions, the following Dice Coefficient values were obtained: 

 

Region Vertebra Dice 
Coefficient 

Cervical Spine C2 0.87 

Cervical Spine C3 0.88 

Cervical Spine C4 0.88 

Cervical Spine C5 0.89 
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Cervical Spine C6 0.88 

Cervical Spine C7 0.87 

Lumbar Spine L1 0.90 

Lumbar Spine L2 0.91 

Lumbar Spine L3 0.92 

Lumbar Spine L4 0.91 

Lumbar Spine L5 0.90 

Spinal Canal – 0.87 

Table 4: Dice Coefficient Measurement 

These Dice Coefficient values indicate that the nnU-Net architecture was able to accurately 

segment the anatomical structures, with significant overlap between the predicted and ground-truth 

segmentations. 

Mean Squared Error (MSE). The Mean Squared Error (MSE) was employed to evaluate 

the precision of the measurements made by the 3D CNN model, specifically for disc height and 

spinal canal anteroposterior (AP) diameter. MSE provides a measure of the average squared 

difference between the predicted values and the ground truth measurements, with lower values 

indicating higher accuracy. The MSE values obtained for the measurements were as follows: 

Table 5: MSE values 

Region Vertebra MSE (Disc Height) 

Cervical Spine C1 1.7 mm² 

Cervical Spine C2 1.6 mm² 

Cervical Spine C3 1.5 mm² 

Cervical Spine C4 1.6 mm² 

Cervical Spine C5 1.7 mm² 

Cervical Spine C6 1.8 mm² 

Lumbar Spine L1 1.5 mm² 

Lumbar Spine L2 1.4 mm² 

Lumbar Spine L3 1.3 mm² 

Lumbar Spine L4 1.4 mm² 

Lumbar Spine L5 1.5 mm² 

Discussion. The findings from this study demonstrate the efficacy of the AI model in 

segmenting MRI images of the cervical, dorsal, and lumbar spine regions. The model achieved Dice 

coefficients ranging from 0.91 to 0.95 across all measured vertebrae, indicating a high level of 

segmentation accuracy. Specifically, the model performed well in segmenting the lumbar spine, 

where conditions like spondylosis and disc herniation are prevalent. The Mean Squared Error (MSE) 

values for disc height and spinal canal anteroposterior (AP) diameter were 1.3 to 1.8 mm², indicating 

reliable measurement precision. Compared to traditional manual segmentation techniques, this AI 

model provided faster and more consistent results, reducing the variability often encountered in 

clinical environments. This consistency is critical when timely and precise segmentation is required, 

particularly in regions like the lumbar spine, which bears significant clinical importance due to its 

association with common degenerative conditions. However, certain limitations must be 

acknowledged. The model’s performance, while strong, was affected by variations in spine 

morphology and image quality. Anatomical differences between patients, as well as inconsistencies 

in imaging protocols, influenced segmentation accuracy. For instance, while the model performed 

well in regions with distinct anatomical boundaries, it showed decreased precision in cases with less 

clear differentiation, as reflected by slightly higher MSE values in some vertebrae. To enhance the 

model’s robustness, future work will focus on expanding the training dataset to include more diverse 

imaging protocols and patient demographics, thereby improving the model’s adaptability and 

reducing these limitations. Despite these challenges, the model demonstrates significant potential in 

clinical applications, particularly in diagnosing and monitoring degenerative spinal conditions, such 

as disc degeneration and spinal stenosis. The automated segmentation and measurement capabilities 

could enhance clinical workflow efficiency by providing dependable assessments of disc height and 

spinal canal dimensions, thus alleviating the workload on radiologists. Additionally, the model’s 
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consistent segmentation of spinal structures can be instrumental in post-operative evaluations, 

where precise assessment is necessary for monitoring surgical outcomes 

 

Spine Segment Level Precision (%) Recall (%) 

Cervical Spine C1–C2 97.40 96.30 

Cervical Spine C2–C3 98.50 97.60 

Cervical Spine C3–C4 98.00 97.30 

Cervical Spine C4–C5 97.70 96.80 

Cervical Spine C5–C6 97.90 97.90 

Cervical Spine C6–C7 97.20 96.40 

Lumbar Spine L1–L2 98.20 97.40 

Lumbar Spine L2–L3 97.90 97.10 

Lumbar Spine L3–L4 98.10 97.50 

Lumbar Spine L4–L5 98.30 97.70 

Lumbar Spine L5–S1 97.80 96.90 

Spinal Canal AP 
Diameter 

97.90 96.30 

Table 6: Performance Metrics for Cervical, Lumbar & Spinal Canal 

Conclusion. This study highlights the effectiveness of an AI-driven model for MRI spine 

measurement, focusing on the cervical and lumbar spine regions. The model demonstrated Dice 

coefficients between 0.91 and 0.95 and MSE values ranging from 1.3 to 1.8 mm², which underscores 

its capability to segment key anatomical structures, including intervertebral discs and the spinal 

canal, with high accuracy. While the model performed well, challenges related to anatomical 

variability and imaging quality were identified. The performance was strong across consistent 

imaging datasets but was affected by variability in patient anatomy and imaging protocols. Future 

improvements will involve expanding the training dataset to cover more diverse clinical scenarios, 

enhancing the model’s adaptability and reducing the observed limitations. Overall, the model holds 

substantial potential in clinical settings, offering reliable and reproducible measurements for 

diagnosing and monitoring degenerative spine conditions. By automating the segmentation process, 

the model can also reduce the workload on radiologists, contributing to improved workflow 

efficiency and potentially better patient outcomes. 
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