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Abstract. In this work we propose an automated system for detecting osteopo-

rotic changes in vertebral bodies from computed tomography (CT) data. The sys-

tem includes spine region localisation, a deep‑learning‑based segmentation mod-

ule (Dense U‑Net) for extracting vertebral bodies, texture feature extraction (254 

features including histogram, Haralick, gradient, and run‑length matrix features), 

and machine learning classifiers for binary classification (osteoporosis vs. nor-

mal). Experimental results show that the combination of Haralick features (spa-

tial relation 3,‑3) with an SVM classifier achieves an accuracy of 0.93 on 2D 

spine images and 0.875 on 3D reconstructions. The software enables correction 

of intermediate results, supports both 2D and 3D images, and provides quantita-

tive estimates of vertebral volume and density, assisting radiologists in early di-

agnosis and treatment monitoring. 

Keywords: osteoporosis, CT imaging, vertebra segmentation, Dense U‑Net, 

texture analysis, Haralick features, support vector machine. 

1 Introduction 

Osteoporosis is a systemic skeletal disease characterised by reduced bone mineral 

density (BMD) and microarchitectural deterioration, leading to an increased risk of 

fracture [1-3]. The disease represents a major public health problem worldwide. Verte-

bral compression fractures are often underdiagnosed on standard radiography - up to 

47% of cases are missed [4] and only 65% are detected [5]. Figure 1 shows CT images 

of the lumbar spine with and without osteoporotic changes; the differences in bone tex-

ture and density are visually noticeable, yet subtle enough that even experienced radi-

ologists may overlook early signs. With 200 million people affected worldwide and an 

expected 2.4‑fold increase over the coming decades [6], early and accurate diagnosis is 

critical. Moreover, osteoporotic vertebral fractures can lead to chronic back pain, ky-

phosis, reduced quality of life, and increased mortality. 

The WHO‑recommended method, dual‑energy X‑ray absorptiometry (DXA), has 

high sensitivity but low specificity [7]. DXA also requires dedicated equipment and 
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trained personnel, limiting its availability in many clinics. In contrast, CT is routinely 

performed for other indications (e.g., chest, abdominal, or trauma scans) and offers an 

opportunity for opportunistic osteoporosis screening without additional radiation expo-

sure [8-10]. Recent advances in artificial intelligence and deep learning have enabled 

automated analysis of medical images [11-13]. Several studies have applied convolu-

tional neural networks to segment vertebrae and predict BMD from CT [10,14,15], 

while texture analysis has proven effective for characterising bone structure, which re-

flects trabecular microarchitecture [16-18]. 

Despite these advances, most existing methods focus either on segmentation or on 

classification, but rarely combine both in an end‑to‑end workflow suitable for routine 

clinical use. Furthermore, many approaches require high‑resolution 3D data, whereas 

lateral CT slices are more widely available. The aim of this work is to develop and 

evaluate a software system that automatically segments vertebral bodies from CT im-

ages (both 2D lateral slices and full 3D volumes) and classifies them as osteoporotic or 

healthy using texture analysis and machine learning. The system provides a personal-

ised approach to osteoporosis diagnosis, reduces human error, and facilitates monitor-

ing of disease progression over time. 

 

Figure 1 - CT scans of the spine with and without signs of osteoporosis 

2 Technology of Vertebral Body Segmentation 

Segmentation is the first and most critical step for isolating the region of interest (the 

spine) from surrounding tissues, such as muscles, ribs, and other organs. The workflow 

consists of three main stages: (1) image preprocessing to reduce noise and remove ir-

relevant background, (2) data augmentation to increase the effective training set, and 

(3) deep‑learning‑based segmentation using a convolutional neural network [19,20]. 

Each stage is described in detail below. 



2.1 Dataset and Preprocessing 

A total of 200 lateral CT slices from 14 patients were provided by a medical special-

ist (Tyumen Medical City Centre). The data were equally divided into osteoporotic and 

healthy groups based on subjective expert assessment using clinical criteria. Each im-

age had a corresponding ground‑truth mask created by the specialist, where white pixels 

denote vertebral bodies and black pixels represent all other structures. Figure 2 shows 

an example of an original lateral CT slice - note the presence of ribs, soft tissues, and 

varying contrast - and the corresponding manual mask, where the vertebral contours 

are precisely outlined. 

All images were resized to 256×256 pixels to reduce computational load while pre-

serving relevant anatomical details. Pixel intensities were normalised using the min-

max method to the [0,1] range for stable neural network training. The dataset was split 

into training (80%), validation (10%), and test (10%) sets, with no patient overlap be-

tween splits. To suppress background and focus on the spinal column, each image was 

first cropped to remove the left and right margins, then a median filter with a 5×5 kernel 

was applied to reduce salt‑and‑pepper noise. Finally, a global binarisation step removed 

residual background pixels while preserving the spine region. Figure 3 displays the 

same image after preprocessing (cropping, filtering, and binarisation), where the spine 

area is clearly separated from most of the background. 

 

Figure 2 - Patient's lateral CT scan and its manual labeling 

2.2 Neural Network Architectures 

Three convolutional neural network architectures were compared, all implemented 

in Keras/TensorFlow [21,22]. The first is the standard U‑Net [23], which consists of a 

contracting path (encoder) and an expansive path (decoder) with skip connections that 

preserve spatial information. The second is Attention U‑Net [24], which adds attention 

gates to the decoder; these gates learn to suppress irrelevant regions and focus on salient 

features such as vertebral edges. The third is Dense U‑Net [25], which replaces con-

ventional convolutional blocks with dense blocks. In a dense block, each layer receives 
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concatenated feature maps from all preceding layers, improving gradient flow, encour-

aging feature reuse, and reducing the number of parameters. 

 

Figure 3 - Processed image 

All models used the Adam optimiser with an initial learning rate of 0.001 and L2 

regularisation (1e‑5) to prevent overfitting. The loss function was a combination of bi-

nary cross‑entropy and Dice loss (BCE Dice Loss) [26,27], which handles class imbal-

ance well (vertebrae occupy only a small fraction of each image). Training was moni-

tored with early stopping (patience = 20 epochs), ReduceLROnPlateau (reduces learn-

ing rate by a factor of 0.5 if the validation loss plateaus), and ModelCheckpoint (saves 

the best model based on the validation Dice coefficient). Figure 4 illustrates the archi-

tecture of Dense U‑Net, which performed best in our experiments. 

 

Figure 4 - Dense U-Net Network Architecture 

 



2.3 Segmentation Results 

To evaluate the quality of vertebral body segmentation we used the Dice coefficient, 

the standard metric for medical image segmentation. It is defined as: 

𝐷𝑖𝑐𝑒_𝑐𝑜𝑒𝑓(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) =
2 × ∑ 𝑦𝑡𝑟𝑢𝑒  ×  𝑦𝑝𝑟𝑒𝑑

∑ 𝑦𝑡𝑟𝑢𝑒 + ∑ 𝑦𝑝𝑟𝑒𝑑

, 

where 𝑦𝑝𝑟𝑒𝑑  - predictions obtained by the model, 𝑦𝑡𝑟𝑢𝑒 - the true values corresponding 

to these predictions. 

As a loss function, we employed a combined BCE Dice Loss, which merges binary 

cross‑entropy (BCE) and Dice loss: 

𝐷𝑖𝑐𝑒 𝐿𝑜𝑠𝑠(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) = 1 − 𝐷𝑖𝑐𝑒_𝑐𝑜𝑒𝑓(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑), 

𝐵𝐶𝐸(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) = −
1

𝑁
∑ (𝑦𝑡𝑟𝑢𝑒𝑖

log(𝑦𝑝𝑟𝑒𝑑 𝑖
) +(1 − 𝑦𝑡𝑟𝑢𝑒 𝑖

) log(1 − 𝑦𝑝𝑟𝑒𝑑 𝑖
))

𝑁

𝑖=1

, 

𝐵𝐶𝐸 𝐷𝑖𝑐𝑒 𝐿𝑜𝑠𝑠(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) = 𝐷𝑖𝑐𝑒 𝐿𝑜𝑠𝑠(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) + 𝐵𝐶𝐸(𝑦𝑡𝑟𝑢𝑒 , 𝑦𝑝𝑟𝑒𝑑) 

This combination ensures stable training (BCE provides pixel‑wise gradients) while 

focusing on the overall overlap (Dice Loss handles class imbalance well, as vertebrae 

occupy only a small fraction of each image). 

We trained three neural network architectures (U‑Net, Attention U‑Net, and Dense 

U‑Net) on the same dataset. Table 1 summarises the Dice coefficients and BCE Dice 

Loss values on the training, validation, and test sets. 

Table 1 - Segmentation performance of the three CNN architectures 

Model Dataset BCE Dice Loss Dice coefficient 

U-Net 

Train 0.06 0.91 

Validation 0.11 0.91 

Test 0.11 0.90 

Attention U-Net 

Train 0.06 0.93 

Validation 0.11 0.92 

Test 0.12 0.92 

Dense U-Net 

Train 0.05 0.96 

Validation 0.10 0.93 

Test 0.10 0.92 

 

The Dense U‑Net achieved a Dice coefficient of 0.92 on the test set, outperforming 

U‑Net (0.90) and matching Attention U‑Net (0.92), while attaining the lowest BCE 

Dice Loss (0.10). Figure 5 presents the evolution of the Dice coefficient on the training 

set during training. 
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Figure 5 - BCE Dice Loss on the training data during network training 

Figure 6 provides a visual comparison between a manual mask (ground truth) and 

the mask generated by the trained Dense U‑Net. Although the automatically generated 

mask is not pixel‑perfect - some small gaps and over‑segmented areas appear - it closely 

follows the manual annotation, with a Dice score above 0.92. This level of accuracy is 

sufficient for subsequent texture analysis because the overall shape and internal struc-

ture of the vertebrae are preserved. Dense U‑Net was therefore selected as the final 

segmentation module. 

              
Figure 6 - Image labelled by a doctor and image labelled by the neural network 
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3 Technology of Texture Analysis and Classification for 

Osteoporosis Detection 

Once the vertebral bodies are segmented, we extract a rich set of texture features that 

capture bone microarchitecture. Osteoporosis leads to thinning of trabeculae and in-

creased porosity, which manifest as changes in texture patterns on CT images [16-

18,28]. Unlike simple density measurements (Hounsfield units), texture features reflect 

the spatial arrangement of pixel intensities, making them more sensitive to early osteo-

porotic changes. 

3.1 Feature Space Formation 

For each segmented vertebra (or the whole spine region), 254 texture features were 

computed using custom Python code inspired by the well‑known MaZda software [29]. 

The features are grouped into four categories [30-32]: 

 Histogram features (15 features): mean, variance, skewness, kurtosis, 1st, 

5th, 10th, 25th, 50th, 75th, 90th, 95th, 99th percentiles, and intensity range. 

These features describe the global distribution of grey levels without con-

sidering spatial relationships. 

 Haralick features (220 features): based on grey‑level co‑occurrence matri-

ces (GLCM) computed for 20 spatial relations (distances 1-5 pixels and 

angles 0°, 45°, 90°, 135°). For each GLCM, 11 Haralick parameters are 

calculated: angular second moment, contrast, correlation, variance, inverse 

difference moment, sum average, sum variance, sum entropy, entropy, dif-

ference variance, and difference entropy. These features quantify the local 

spatial organisation of bone texture. 

 Gradient features (11 features): computed from the absolute gradient image 

(Sobel operator). The absolute gradient magnitude is thresholded, and sta-

tistical measures (mean, variance, skewness, kurtosis, percentiles, etc.) are 

extracted. These features highlight edges and sharp intensity transitions, 

which are altered in osteoporotic bone. 

 Run length matrix features (8 features): short run emphasis, long run em-

phasis, grey‑level non‑uniformity, run‑length non‑uniformity, run percent-

age, low grey‑level run emphasis, high grey‑level run emphasis, and 

run‑length variance. These features capture the coarseness or fineness of 

bone texture. 

For 3D images, the formulas were extended to the third dimension (voxel neighbour-

hood in 3D), and GLCMs were computed over 3D directions. 

3.2 Machine Learning Classifiers 

Five supervised classifiers were trained and tuned using GridSearchCV with 3‑fold 

cross‑validation [33-37]: 

 Random Forest (RF) [33]: an ensemble of decision trees that provides fea-

ture importance estimates and handles non‑linear relationships well. 
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 Support Vector Machine (SVM) [34]: a kernel‑based method that finds the 

optimal hyperplane separating classes; an RBF kernel was used. 

 Logistic Regression (LR) [37] a linear model that estimates class probabil-

ities; useful as a baseline. 

 k Nearest Neighbours (kNN) [36]: a non‑parametric method that classifies 

based on the majority vote of the k nearest samples. 

 Gradient Boosting (GB) [35]: an ensemble that builds trees sequentially, 

each correcting errors of the previous one. 

Hyperparameter grids were defined for each classifier, and the best combination was 

selected based on cross‑validation accuracy. Evaluation metrics included Accuracy, 

Precision (positive predictive value), Recall (sensitivity), and F1‑score (harmonic mean 

of precision and recall). 

3.3 Experimental Results 

First, classification was performed on individual segmented vertebrae (1759 im-

ages). Figure 7 shows an example of a single segmented vertebra after cropping to the 

bounding box. The best feature group for this experiment was Haralick_1_1 (distance 

1, angle 0°). However, overall accuracy was low (maximum 0.82 for RF and GB). The 

main reasons are the small size of individual vertebrae (only about 50×150 pixels), 

limiting the number of pixels available for stable texture estimation, and the relatively 

low resolution of the original images. 

 

Figure 7 - Example image of a segmented vertebra 

Next, classification was performed on the whole extracted spine region (200 im-

ages). Figure 8 presents an example of the whole segmented spine (posterior‑anterior 

view) after applying the Dense U‑Net mask to the original image. The spine region 

contains multiple vertebrae and intervertebral spaces, providing a much larger area for 

texture analysis. The best feature group for this task was Haralick_3_-3 (offset 3 pixels 

in the row direction and -3 in the column direction). Results on the test set are shown 

in Table 2. 

 

Figure 8 - Input image of segmented spine region 

 



Table 2 -  Performance of classifiers on whole-spine 2D CT images (best feature group: 

Haralick_3_-3). 

Classifier Accuracy Class 0 (healthy) F1 Class 1 (osteoporotic) F1 

SVM 0.93 0.94 0.92 

RF 0.92 0.94 0.92 

GB 0.90 0.90 0.87 

LR 0.86 0.90 0.87 

kNN 0.85 0.87 0.91 

 

The SVM classifier with RBF kernel (C = 10, gamma = ‘scale’) achieved the highest 

accuracy (0.93) and balanced F1‑scores. This indicates that the texture features ex-

tracted from the whole spine region are highly discriminative for osteoporosis, and the 

SVM model generalises well to unseen data. 

3.4 3D Image Analysis 

For 8 patients, full 3D CT volumes in DICOM format were available, each compris-

ing 150-250 axial slices with a slice thickness between 1.0 and 1.5 mm. After recon-

structing the 3D volume, the totalsegmentator library [38] was used to segment indi-

vidual vertebrae automatically. This library is based on an nnU‑Net and can label 104 

anatomical structures, including all cervical, thoracic, and lumbar vertebrae. Figure 9 

illustrates a full 3D reconstruction of a patient’s CT scan with volume rendering and 

the extracted 3D spine model after segmentation, where each vertebra is colour‑coded. 

 

Figure 9 - Example of a 3D patient image and the 3D segmented spine 
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For each vertebra, 3D texture features were computed by extending the 2D formulas 

to three dimensions (e.g., GLCMs were computed over 13 spatial directions in 3D). 

The best feature group from the 2D experiments (Haralick_3_-3) was adapted to 3D 

(offset (3,‑3,0) in the axial plane). Classification accuracy on 3D vertebrae reached 

0.875 for both SVM and RF. The slightly lower accuracy compared to 2D whole‑spine 

classification is likely due to the smaller number of 3D samples (only 8 patients, leading 

to fewer vertebrae). A longitudinal study of one patient who underwent CT in 2022 and 

2024 showed that texture features changed inversely with volume and density: as oste-

oporosis progressed, volume decreased by 5-12% and density by 8-15%, while several 

texture features (e.g., variance, skewness) increased. This confirms that texture features 

capture pathological changes consistent with bone loss. 

4 Computer‑Aided System for Osteoporosis Diagnosis 

The developed technology was implemented as a Python‑based software system 

with a graphical user interface (GUI) using PySide6 (Qt for Python). Figure 10 presents 

a block diagram of the entire technology, showing the main data flow from the input 

CT image (2D or DICOM series) to the final classification and analysis results. The 

system is logically divided into four core modules: 

 Segmentation module (Dense U Net) for 2D spine extraction. 

 Texture feature calculation module (254 features). 

 Classification module. 

 3D reconstruction and analysis module (totalsegmentator for vertebra la-

belling). 

 

Figure 10 - Block diagram of the technology for analyzing vertebral bodies in osteoporosis 

4.1 Example of Operation (2D Mode) 

After launching the application, the user loads a lateral CT slice (PNG, BMP, or 

JPEG). The system automatically performs preprocessing (cropping, median filtering, 



binarisation), then applies the trained Dense U‑Net to generate a binary mask of the 

spine. Figure 11 illustrates the four main steps in sequence: (a) original image, (b) pre-

processed image, (c) predicted mask (white = spine), and (d) final spine region ex-

tracted by overlaying the mask onto the original image. All intermediate results are 

shown in the interface, and the user can manually correct the mask if needed - a feature 

that ensures safety and flexibility in clinical use. 

Once the spine region is extracted, the user clicks the “Calculate Features” button. 

The system computes all 254 texture features in less than two seconds (thanks to Numba 

acceleration). The features are presented in a scrollable table on the right side of the 

main window, grouped by category. The user can export the table as a CSV file for 

further analysis. 

To classify the image, the user clicks the “Classifier” button. The system loads the 

pre‑trained SVM model (trained on the best feature group, Haralick_3_-3) and applies 

it to the feature vector of the current image. A pop‑up message displays the decision: 

“Osteoporotic changes detected” or “Normal”. The system also shows the probability 

of belonging to the osteoporotic class (e.g., 0.873), which can help the radiologist gauge 

confidence. 

 

Figure 11 - Steps of spine region extraction from the original image 

4.2 Example of Operation (3D Mode) 

For 3D analysis, the user selects a folder containing a DICOM series of a CT scan. 

The system reads all DICOM files, sorts them by slice position, and reconstructs a 3D 

volume using the voxel dimensions from the DICOM metadata. The volume is then 

passed to the totalsegmentator library, which performs multi‑label segmentation of the 

vertebrae. The segmented 3D spine model is displayed in an interactive window pow-

ered by the vedo library. Figure 12 shows this window with two panels: the full patient 

body (left, semi‑transparent to reveal internal structures) and the isolated spine (right). 

Both models can be rotated, panned, and zoomed using mouse controls. 
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For each labelled vertebra (e.g., L1, L2, L3, L4, L5), the system computes the vol-

ume in voxels and converts it to millilitres using the voxel spacing. It also calculates 

the average Hounsfield unit (HU) value within the vertebra as a proxy for bone density. 

The system also allows inspection of individual axial slices. The user selects a slice 

number, and a new window opens showing three images: the original slice, the overlaid 

segmentation mask, and a composite view. The user can adjust the window/level (HU 

range) to enhance visualisation of bone structures. This feature helps radiologists verify 

the segmentation quality and manually correct any errors on a slice‑by‑slice basis if 

necessary. 

 

Figure 12 - Example of spine highlighting in a 3D patient image 

5 Conclusions 

We have developed and validated an automated technology for detecting osteopo-

rotic changes in vertebral bodies from CT images. The key contributions of this work 

are as follows. 

First, a segmentation method based on Dense U‑Net was designed that achieves a 

Dice coefficient of 0.92 on lateral CT slices, outperforming standard U‑Net and match-

ing Attention U‑Net while showing the lowest loss. The segmentation module runs in 

real time and can be manually corrected, making it suitable for clinical integration. 

Second, a comprehensive texture feature set comprising 254 features from four fam-

ilies (histogram, Haralick, gradient, run‑length) was built. By evaluating five machine 

learning classifiers, we found that an SVM classifier using Haralick features with spa-

tial offset (3,-3) reaches an accuracy of 0.93 on 2D whole‑spine images and 0.875 on 

3D vertebrae. This demonstrates that texture analysis of whole spine regions is a viable 

approach for opportunistic osteoporosis screening. 



Third, a software system supporting both 2D and 3D analysis modes was imple-

mented. The system provides volume and density measurements in an intuitive graph-

ical interface. The modular architecture allows corrections at any stage, ensuring safe 

and flexible operation. 

The system can be used for opportunistic osteoporosis screening on routine chest or 

abdominal CT scans, for monitoring treatment response over time, and for reducing 

missed diagnoses. Future work includes expanding the dataset to hundreds of patients, 

integrating BMD prediction models (regression instead of classification), and validat-

ing the system in a multi‑centre prospective clinical study. 
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