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SUMMARY 

Low back pain can be caused by lumbar disc disorders; however, correct segmentation of the structures 

of the vertebrae and the disc disorders using MRI is crucial for clinical evaluation. In this case, previous 

deep-learning segmentation approaches have mainly concentrated on the segmentation of anatomical 

structures and lacked pathology-aware disc segmentation ability. Therefore, a modified attention                          

U-denseNet model for concurrent lumbar anatomical structure segmentation and pathology-aware disc 

segmentation is proposed in this work using MRI. The approach uses multiscale feature extraction, a 

channel-spatial attention mechanism, and semantic context gating to increase the performance of the 

network in discriminating between healthy and abnormal parts of the discs. In this research, a 13-class 

segmentation task is formulated using 264 sagittal lumbar MRI images. Training, validation and testing 

were conducted by separating the data based on the subject-wise partitioning strategy to avoid data 

leakage. Experimentation revealed that the developed model performed with a macro dice of 0.8440, a 

macro IoU of 0.7985, a boundary F1-score of 0.8693, and a Hausdorff distance of 10.5245 pixels. The 

performance of the proposed model was better compared to that of the MANet baseline, which yielded a 
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macro dice of 0.7754 and disc condition segmentation with 0.486 dice. The results obtained reveal that 

semantic context modelling can improve the pathologic awareness of segmentation and help radiologists 

to make decisions. The proposed framework provides an effective computer-aided segmentation 

approach; however, further validation using larger multi-centre datasets and three-dimensional MRI 

analysis is required. 

Key words: lumbar MRI, medical image segmentation, attention u-DenseNet, disc pathology, deep 

learning, computer-aided diagnosis. 

INTRODUCTION 

The condition of low back pain caused by lumbar disc pathologies is among the most common 

musculoskeletal ailments globally, where some of the major causes include disc pathologies, such as 

hernia, bulging and disc height loss as determined by imaging studies [1]. Magnetic Resonance Imaging 

(MRI) has been adopted as the gold standard modality for the imaging of the lumbar spine owing to its 

superior ability to visualize soft tissues and offer pathological details of the lumbar spine without 

exposing the patient to ionizing radiation [2]. In addition to aiding in clinical diagnosis, MRI is also 

useful in quantitative analysis, including the automatic quantification of structural elements, such as the 

dural sac area, as well as modelling of the multi-tissue lumbar spine for biomechanics studies [3][4]. 

However, manual interpretation and annotation of lumbar MRI images require significant expertise and 

time, creating a need for automated and reliable segmentation methods to assist clinicians. 

Deep learning methods for segmentation, especially encoder-decoder models like U-Net, have been 

shown to perform well in medical image analysis through contextual feature extraction in the encoder 

and spatial feature recovery in the decoder [5]. Convolutional neural network (CNN)-based approaches 

have more recently contributed to the improvement of segmentation performance for various medical 

imaging modalities through better feature extraction and representation learning [6][10]. However, 

multi-class lumbar spine segmentation has proven to be difficult for several reasons, which include the 

variation in the size of the anatomical structure, poor contrast of adjacent tissue, narrow disc boundaries, 

and partial-volume effects. Furthermore, the clinically significant disc diseases occupy only small 

portions of the MRI image, leading to the overestimation of performance metrics based on overlap for 

the significant pathological portion. 

The above problems can be addressed using recent research that has considered dense connectivity, 

attention mechanisms, and multi-scale feature extraction approaches. Using dense connectivity will 

enhance reuse of features and gradient flow because each layer has access to information from all 

preceding feature maps, and this approach will help in retaining fine anatomical details during feature 

learning [11]. While foundation models like Segment Anything Model (SAM) and Medical SAM 

(MedSAM) have exhibited the potential of use for medical image segmentation, specialized models 

perform better in the tasks of lumbar MRI segmentation, especially in boundary-sensitive evaluation 

[12][23]. Nonetheless, current lumbar spine segmentation techniques mainly consider the anatomical 

structures such as vertebrae and discs as individual entities but neglect the intervertebral disc’s condition. 

The absence of pathology-aware segmentation poses an essential problem, as pathology detection is also 

essential besides the localization of anatomical structures for clinical decision-making. In addition, down 

sampling causes loss of information in conventional encoder-decoder architectures, which decreases 

their capacity for capturing the fine boundary details of small and low-contrast disc areas.  

Attention-based and multi-scale approaches have been successful at improving feature representation; 

however, they do not make full use of feature reuse and context integration of network layers [13]. An 

efficient architecture is needed that would allow the simultaneous segmentation of vertebral structures 

and disc conditions while improving boundary preservation and pathology detection. 

In this study, an attention U-DenseNet model is proposed for 13-class sagittal lumbar spine MRI 

segmentation [21][22]. While the previous studies on anatomical segmentation have focused solely on 

the segmentation of the anatomical structures, the proposed algorithm performs anatomical segmentation 

as well as segmentation of four relevant disc conditions (normal, bulging, herniation, and thinning). The 

main contributions of this study are summarized as follows: 
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1. A new 13-class MRI segmentation problem for lumbar spinal regions is proposed, which 

combines anatomical structures with disc pathology conditions in one unified pixel-level 

segmentation paradigm with publicly annotated data.  

2. An enhanced attention U-DenseNet model is designed through a novel multi-branch and multi-

scale attention block that incorporates dense feature extraction, channel-spatial attention, and 

contextual semantic gating to boost feature learning and preserve boundaries.  

3. A complete evaluation approach is discussed based on class-wise segmentation measures, 

boundary-based evaluation methods, and ablation studies for assessing the role of each building 

block of the proposed model.  

The rest of this paper is structured as follows. Section 2 reviews the existing studies on lumbar spine 

segmentation and attention-based deep learning techniques. Section 3 introduces the methodology 

proposed, which covers data set preparation, preprocessing, network design, and training parameters. 

Section 4 shows the experimental results and comparative analysis. Section 5 provides the discussions, 

limitations, and clinical significance. Section 6 concludes this paper and presents some future work. 

Finally, Section 7 conclude this paper. 

RELATED WORK 

Many current medical image analysis applications rely on convolutional networks, ranging from general 

reviews of the field to disease classification applications in various imaging modalities [1][2]. Similar 

deep learning algorithms are employed for solving different problems such as medical image fusion and 

pathology recognition [3][4]. Variants of U-Net also demonstrate application in various dense prediction 

tasks, including segmentation of brain tumors from MRI images [5]. Most lumbar and spinal image 

segmentation tasks involve anatomical structures. Previous works have achieved high image 

segmentation accuracy of more than 0.93 Dice scores on the spine dataset [6]. Several other studies have 

looked into segmentation methods using nnU-Net for spine segmentation [7][23]. Studies have looked 

into hybrid architectures using U-Net and BiSeNet to use the complementary representation of features 

for spine MRI segmentation, achieving a good level of segmentation accuracy, as well as segmentation 

techniques based on 2-D U-Net for spine lesion segmentation [8][9][25]. Analogous anatomical pipeline 

processes have also been discussed for lumbar MRI, which include a combination of ResNet-50 and  

U-Net, joint vertebrae and discs for disability assessment, a dedicated lumbar segmentation network, 

and spinal stenosis segmentation models [10][11][12][13]. These studies show that the spine and 

vertebrae can be segmented with a high degree of accuracy, but they consider the disc as an individual 

anatomical structure without considering its disease state. 

The second path for research involves attention and multi-scale feature fusion in encoder-decoder-based 

models. There are attention-based U-Net models that have incorporated multi-scale feature fusion along 

with residual blocks that have been successfully used for lumbar MRI segmentation with excellent Dice 

results [14]. Further, there are U-Net++ models, which have been modified using modified skip 

connections and multi-scale feature fusion at the decoder part, which have helped in better segmentation 

of spinal MRI images [15]. The multi-scale attention-based dual-branch model has been successfully 

implemented in U-shaped models with multi-scale feature extraction and channel-spatial attention [16]. 

Another method of increasing the receptive field using fully convolutional models has enhanced                  

multi-scale feature learning, and channel/edge information has been beneficial for the segmentation of 

spine images [17][18]. 

Both residual learning and the transformers have been contributing to this trend through the advancement 

in the feature representation and context modelling for dense prediction. Such approaches are beneficial 

in enhancing the structural learning but do not fully take advantage of the feature reuse over the entire 

model depths and have been evaluated in the context of anatomical segmentation only. The foundation 

models, like SAM and MedSAM, are some recent methods which have been utilized for lumbar spine 

segmentation. The comparative study has indicated that such models offer the flexibility in zero-shot 

segmentation but outperform the task-specific supervised networks in lumbar MRI segmentation in 

terms of overlap and boundary evaluation [19]. Moreover, such models lack disc-condition 

classification. 
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The evaluation strategy has an impact on how segmentation is interpreted. The current benchmark for 

lumbar segmentations uses overlap-based metrics and boundary- and/or distance-based metrics [20]. 

Large background areas and anatomical structure make it possible to increase overall scores and mask 

poor performance in small regions related to pathology. Hence, boundary-sensitive evaluation and                  

per-class reporting are necessary to assess the segmentation performance. Previously, disc degeneration 

classification/grading after segmentation has been considered; however, pixel-level segmentation of 

multiple disc conditions is not provided. A problem common to all of the previously considered methods 

is that most methods concentrate on segmentation of anatomical structures and not pathology of discs; 

moreover, the use of average performance metrics masks issues that arise from the small classes. Table 

1 summarizes the previous work based on modality, anatomical structure of interest, the number of 

classes used, and labelling of disc pathologies. This paper attempts to fill the gap by proposing a 

segmentation method with 13 classes, including four-disc pathologies. 

Table 1. Recent works, showing the modality, anatomical target, number of classes, and whether disc pathology is 

labelled. The last column is empty for all prior work 

Ref. Model/Study Modality Anatomical Target Classes 
Disc Pathology 

Labelled 

[6] 
U-Net + 3-D 

recognition 
CT 

Vertebrae, Whole 

Spine 
Multi No 

[7] nnU-Net CT Cervical/Full Spine Multi No 

[8] U-Net + BiSeNet MRI Spine Structures Multi No 

[9] 2-D U-Net MRI Bone Metastases 2 No 

[14] Improved Attention MRI Lumbar Discs, Caudal Multi No 

[15] U-Net/U-Net++ MRI 
Vertebrae, Discs, 

Vertebral Bodies 
Multi No 

[17] Improved FCN 
Natural 

images 
General Scene Multi No 

[19] 
SAM/MedSAM vs. 

nnU-Net 
MRI 

Discs, Vertebral 

Bodies 
2 No 

This 

work 

Attention U-

DenseNet 
MRI 

Vertebrae, Canal, Disc 

Conditions 
13 Yes 

 

METHODOLOGY 

The proposed approach includes four key components, which are the dataset along with 13-class 

labeling, preprocessing, modified attention U-DenseNet, and finally the training and testing process. 

Detailed information on each of the components has been provided so that replication and further 

implementations can be done easily. 

Dataset 

Dataset Source 

Segmentation was conducted by using the publicly available Lumbar Spine MRI Dataset by Sudirman 

et al., [1]. In this dataset, 264 sagittal images of lumbar MRIs were selected, with a single representative 

image chosen from each patient. For each individual, the selected image was taken by the radiologist, 

where a representative slice of the sagittal view which shows the lumbar vertebrae, intervertebral discs, 

sacral regions, and spinal canal was chosen for characterization. This was done prior to pixel-level 

characterization and pathology classification and not based on an automatic anatomical marker or 

distortion of the slice. Annotations were made on a pixel level for 13 classes (See table 2), namely the 

background class, seven labels for vertebral and sacral segments (namely L1-L5, S1, and S2), the spinal 

canal (in this study referred to as the spinal cord), and four intervertebral disc conditions, namely the 

normal disc condition, bulging, herniation, and thinning of the disc. The labelling of intervertebral disc 

conditions sets apart the proposed annotation schema from the existing anatomy-only datasets. The 

entire set of 13-class annotations is deposited on Zenodo (DOI: 10.5281/zenodo.20634127). Although 

this dataset allows for pathology-aware annotations, there is a limitation in the number of cases available. 
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Ground-Truth Annotation 

The ground truth annotations were created by a multidisciplinary team comprising biomedical imaging 

researchers and diagnostic radiologists. The process of annotating involved experts with expertise in 

biomedical engineering, medical image analysis, and radiological assessment. The segmentation of the 

lumbar structures was done using 3D Slicer, whereas the pathological condition of each intervertebral 

disc was assigned collaboratively with the radiology experts. Only the mid-sagittal lumbar spine MRI 

PNG images present in the dataset were used in the annotation phase without the use of any other MRI 

slice, volume study, or clinical report. The review of all cases was done collaboratively, and the ground 

truth annotation for each disc was achieved by consensus among the experts. The criteria used for 

labelling the disc conditions are discussed in the next section of the Annotation Protocol. To ensure that 

there is agreement in the annotation, the radiologists reviewed the labels assigned to the disc pathology 

after completing the annotation of all 264 images. This review resulted in the discovery of ten images 

with wrong pathology labels, which were then labelled accordingly. 

Annotation Reliability Analysis 

The inter-observer agreement among the involved radiologists was conducted to assess the quantitative 

consistency of the expert annotations. The reliability of the disc condition classification was determined 

through Cohen's Kappa coefficient (𝜅), which is a measure of categorical agreement adjusted for the 

chance of agreement. 

The kappa coefficient can be determined through equation (1): 

κ =
Po − Pe

1 − Pe
                                                                                          (1) 

Where 𝑃𝑜 represents the observed agreement between experts and 𝑃𝑒 represents the expected agreement 

by chance. A higher 𝜅 value indicates stronger agreement between annotators and confirms the reliability 

of the generated ground-truth labels. 

The reliability of annotation analysis helps to ensure the creation of segmentations and labeling with 

enough consistency among experts, thus increasing the level of trust in the results of model behavior 

that are associated with its learning ability rather than the inconsistencies in the manual process of 

annotations. 

Annotation Protocol 

Each intervertebral disc was given a single unique pathology category label out of the four categories 

defined as normal, bulging, herniation, and thinning. No multiple pathology category labels were 

allowed for each intervertebral disc. If an intervertebral disc exhibited features of two different 

pathologies (thinning and herniation), then the final category label was decided based on the dominant 

pathology found using a radiologist's expertise. After the category label decision, the whole segmented 

disc was labelled with the pathology category instead of just the abnormal part of the disc. The borderline 

cases were discussed with medical experts. In the case of suspicion of a single disc, the case was 

categorised based on the radiologist's expertise and knowledge. In the case of multiple discs’ suspicion, 

the sample was ignored for categorisation. 
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Figure 1. Data augmentation applied to lumbar spine MRI images. (A): Augmented original image. (B): augmented 

mask 
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Table 2. Class labels and their corresponding meanings in the dataset 

Class ID Label Meaning 

0 BG Background (non-anatomical). 

1 CN Intervertebral disc region: normal. 

2 CB Intervertebral disc region: bulging. 

3 L5 L5 vertebra. 

4 S1 S1 segment. 

5 L4 L4 vertebra. 

6 L2 L2 vertebra. 

7 L1 L1 vertebra. 

8 L3 L3 vertebra. 

9 S2 S2 segment. 

10 CH Intervertebral disc region: herniation. 

11 SC Spinal canal neural structure (labelled as spinal cord in this work). 

12 CT Intervertebral disc region: thinning (disc height loss / degeneration proxy). 

Preprocessing 

Data Preparation 

Each image in the dataset is related to one mid-sagittal MRI slice of the lumbar spine belonging to one 

particular patient [1]. The dataset includes 264 MRI images with the original size of 384 × 384 pixels, 

having the aspect ratio of 1:1. The pixel spacing in the dataset varied from 0.6771 to 0.8750 mm/pixel, 

with 0.7292 mm/pixel being the most frequent. During preprocessing, all the images and masks were 

uniformly downsampled to the size of 256 × 256 pixels to fit into the input layer of the network. Neither 

cropping nor padding was performed, thus preserving the initial aspect ratio due to equal scaling of both 

dimensions. The subjects in the dataset were allocated in such a way that there are 211 training subjects, 

26 validation subjects, and 27 testing subjects, making sure that a subject does not belong to more than 

one subset and avoiding any kind of data leakage. The model was tuned and selected based on the 

performance achieved by the validation dataset alone. While the test set was completely unseen at the 

time of evaluating the model performance. But the small sample size of 27 test subjects may not yield 

statistically significant performance measures; therefore, the future work should include bigger and 

multi-centered datasets. 

Data Augmentation 

Augmentation was performed exclusively on the training data set after patient-wise splitting to ensure 

that there were no augmented images in the validation and test data sets. 

Each training image was augmented through random rotation (±10°), zoom (±10%), and horizontal 

flipping, resulting in six new images from each training image and yielding seven samples in total (Table 

3). 

The augmentation was designed to provide slight changes in patient position and lumbar MRI acquisition 

in the clinical scenario without affecting anatomical consistency. 

The larger rotation or zoom values might result in unrealistic changes in the shape and location of the 

vertebrae within the image. Thus, the moderate augmentation values were used for diversity training 

purposes. Figure 1. (A) and (B) illustrates an example of a sample image and its segmentation mask after 

augmentation. 
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Table 3. Augmentation techniques used in image preprocessing 

Augmentation Type Parameters Image Count 

Rotation ±10° 2 

Zoom ±10% (1.1, 0.9) 2 

Flip Horizontal Flip, Vertical Flip 2 

3.2.3 Image Resizing 

All images were resized to 256 × 256 pixels to match the network input requirement. The resizing 

operation maps the original image dimensions (𝐻, 𝑊) into the required network input size equation (2): 

Iresized = R(Ioriginal, 256, 256)                                             (2) 

Where 𝑅(. ) represents the interpolation operator. The MRI images were resized using bilinear 

interpolation, whereas the corresponding segmentation masks were resized using nearest-neighbour 

interpolation to preserve discrete class labels. 

3.2.4 Normalization 

Pixel intensities were normalized into the range [0,1] to improve optimization stability and accelerate 

convergence. The normalization operation is defined as equation (3): 

Inorm =
I − Imin

Imax − Imin
                                                            (3) 

Where 𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥 represent the minimum and maximum pixel intensity values, respectively. In the 

case of MRI 8-bit images employed in this study, the values translate to 0 and 255 respectively. 

Normalizing minimizes intensity variance and gives a uniform distribution of inputs to train the new 

Modified Attention U-DenseNet. 

Proposed Architecture 

Overall Network Architecture 

Figure 2 depicts the proposed model architecture, which uses an encoder-decoder (U-shaped) 

architecture but uses the proposed multi-branch multi-scale attention block instead of a conventional 

convolutional block. This architecture describes the complete architecture of the Modified Attention  

U-DenseNet framework, which includes the input MRI image, encoder path, bottleneck representation, 

decoder reconstruction path, skip connections, feature refinement using attention, and the output  

\13-class segmentation. The proposed network takes as input a preprocessed sagittal lumbar MRI image 

of size 256 x 256 pixels. In the proposed network, the encoder path is composed of four stages to extract 

hierarchical spatial and semantic features, where the proposed attention mechanism is applied before 

spatial down sampling in each stage. The multi-branch multi-scale attention block refines the feature 

representation by using multi-scale dense feature extraction, axial attention, enhanced channel-spatial 

attention, and class-aware semantic gating. The bottleneck layer extracts high-level contextual 

information, and the decoder path restores the spatial resolution via up sampling and skip connections. 

Finally, the output of the model produces probability maps for each of the 13 lumbar spine segmentation 

classes through a 1x1 convolution and softmax activation layer. 
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Figure 2. Modified attention U-densenet architecture 

The architecture includes four encoder blocks, one bottleneck block, and four symmetrically arranged 

decoder blocks. The number of feature channels is successively increased from 64, 128, 256, and 512 in 

the encoder path up to 1024 in the bottleneck layer and decreased again symmetrically from 512, 256, 

128, and 64 in the decoder path. Such hierarchy allows for efficient extraction of features necessary for 

precise segmentation of both low-level boundaries and high-level semantic information of lumbar 

structures and disc conditions. Skip connections between corresponding encoder and decoder blocks 

provide for preservation of anatomic details during the process of reconstruction. All convolutional 

layers use a stride equal to 1 and the same padding. Spatial downscaling is provided only by max pooling. 

The reconstruction in the decoder part is performed using UpSampling2D(size=(2,2)), nearest-neighbor 

interpolation. Attention blocks can be applied independently at encoder, bottleneck, and decoder blocks 

without parameter sharing between various levels. The multi-scale multi-branch attention mechanism is 

described in detail in Section 3.3. 2. The basic elements of the modified attention U-DenseNet 

architecture are shown in figure 3 and figure 4. 

Encoder Path 

The encoder generates the hierarchical feature representations while continuously decreasing the spatial 

resolution. At every stage, the feature maps are improved via the introduced attention block before being 

down-sampled, thereby maintaining significant anatomical and boundary information. 

The equation for the first encoder layer is given by equation (4): 

x0 = ReLU (BN(Conv(X)))                                                       (4) 
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Where 𝑋 represents the input MRI image, 𝐶𝑜𝑛𝑣(. ) denotes convolution operation, 𝐵𝑁(. ) represents 

batch normalization, and 𝑥0 is the feature map generated from the first encoder stage. 

The feature transformation between encoder stages is formulated as equation (5): 

xi+1 = MaxPool(A(xi))                                                                    (5) 

Where 𝑥𝑖 represents the input feature map at the 𝑖𝑡ℎencoder stage, 𝐴(. ) denotes the proposed attention 

block, and 𝑥𝑖+1 represents the feature map transferred to the next encoder stage. 

Bottleneck 

This bottleneck connects the encoding path and decoding path by learning high-level semantics in the 

feature compression step, while retaining context using the attention refinement equation (6). 

xb = A(xn)                                                                                              (6) 

Where 𝑛 represents the number of encoder stages, 𝑥𝑛denotes the final encoder feature map, 𝐴(. ) 

represents the attention block, and 𝑥𝑏 is the bottleneck feature representation. 

Decoder Path 

Spatial resolution is restored and the segmentation boundaries are fine-tuned through upsampling and 

skip connections. Decoder features that have been upsampled are combined with encoder features in 

order to restore the spatial information (Equation 7). 

xdec = A(Concat(U, p(xdec)xenc))                                                   (7) 

Where 𝑈𝑝(. ) represents the 2 × 2 upsampling operation, 𝑥𝑒𝑛𝑐 denotes the encoder feature map, 

𝐶𝑜𝑛𝑐𝑎𝑡(. ) indicates channel-wise concatenation, and 𝐴(. ) represents the attention block. 

Output Layer 

The final feature representation is converted into pixel-wise segmentation probabilities using a 1 × 1 

convolution followed by softmax activation Equation (8): 

Y = Softmax(Conv(xfinal))                                                              (8) 

Where 𝑌 represents the final segmentation probability map for the 13 lumbar spine classes. 
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Figure 3. Architecture of the proposed multi-branch multi-scale attention block 

 

Figure 4. Basic modified attention U-DenseNet MODULE 

Training Setup 

Training of the suggested model occurred using a consistent optimization setup. ReLU activations were 

used in all convolutional layers with Glorot Uniform initialization of network weights. The momentum 

parameter was set to 0.99 for batch normalization layers and ϵ=1×10⁻³. Dropout or L1/L2 regularizations 

were not used. 

The optimization process was performed using the Adam optimizer with an initial learning rate of 

1×10⁻⁴. Callbacks ModelCheckpoint, ReduceLROnPlateau, and EarlyStopping were utilized to achieve 

more stable training. Learning rate reduction by a factor of 0.5 was done after 3 epochs without 

improvement on the validation dataset, and a minimal learning rate was set to 1×10⁻⁶. An EarlyStopping 

callback with a patience of 5 epochs and restoration of the best model weights was employed. 
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The training data was shuffled before each epoch, and a batch size of 4 was used owing to computation 

limitations. Though the maximum training time was limited to 100 epochs, the model converged after 

epoch 40 according to the stopping criteria. The implementation of the framework has been done with 

TensorFlow version 2.20.0 and Keras version 3.13.2 run on Google Colab with an NVIDIA T4 GPU 

(with 16GB memory). The input size used in this experiment was 256 × 256 pixels with 13 output 

segmentation classes, four encoder layers, four decoder layers, and 1024 channels at the bottleneck layer. 

The convolutional layers used 3 × 3 kernels with the same padding, whereas the decoder reconstruction 

has been done using the 2 × 2 UpSampling2D operation. The segmentation map was created by applying 

1 × 1 convolution and Softmax activation on top of that. The random seed value is fixed to 0, and the 

training time taken is approximately 1 hour and 49 minutes. These settings provide a reproducible and 

stable training procedure for the proposed Modified Attention U-DenseNet model. 

Evaluation Metrics 

Performance of the Modified Attention U-DenseNet model has been analyzed based on region-level and 

boundary-level metrics. The Dice Coefficient and IoU have been calculated per class per test image 

individually and then the mean has been found out across all the test images. Test images not containing 

a certain class have been ignored to avoid undefined metric results. 

Loss Function 

Equation (9) the model was trained on the Sparse Categorical Cross-Entropy loss function which 

calculates the difference between predicted probability and the truth labels. 

L = −
1

N
∑ l

N

i=1

og(pi,yi
)                                                          (9) 

Where 𝑁 represents the number of pixels and 𝑝𝑖,𝑦𝑖
 denotes the predicted probability of the true class. 

3.5.2 Accuracy 

Accuracy measures the percentage of correctly classified pixels equation (10): 

Accuracy =
TP + TN

TP + TN + FP + FN
                                    (10) 

Where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 represent true positives, true negatives, false positives, and false negatives, 

respectively. 

3.5.3 Dice and IoU 

The Dice coefficient measures segmentation overlap equation (11): 

Dice =
2TP

2TP + FP + FN
                                                            (11) 

IoU evaluates the intersection between predicted and ground-truth regions equation (12): 

IoU =
TP

TP + FP + FN
                                                                  (12) 

3.5.4 Boundary-Based Metrics 

The boundary accuracy was determined through the Mean Surface Distance (MSD), Average Surface 

Distance (ASD), Boundary F1-score (BF1), and Hausdorff Distance (HD). The MSD and ASD measure 
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average boundary distance while the BF1 determines the boundary precision and recall. The HD 

computes the maximum boundary difference between the prediction and reference region. 

Let 𝜕𝑃 and 𝜕𝐺 represent the sets of boundary points for the predicted region 𝑃 and the ground-truth 

region 𝐺, respectively. The minimum Euclidean distance from a point 𝑝 ∈ 𝜕𝑃 to the boundary 𝜕𝐺 is 

defined as 𝑑(𝑝, 𝜕𝐺) = min
𝑔∈𝜕𝐺

‖ 𝑝 − 𝑔‖2. The boundary-based metrics are formulated in equations  

(13–16): 

MSD =
1

∣ ∂P ∣
∑ d

p∈∂P

(p, ∂G)                                                   (13) 

ASD =
∑ dp∈∂P (p, ∂G) + ∑ dg∈∂G (g, ∂P)

∣ ∂P ∣ +∣ ∂G ∣
                       (14) 

BF1 =
2PbRb

Pb + Rb
                                                                      (15) 

HD = max (s, upp∈∂Pd(p, ∂G)supg∈∂Gd(g, ∂P))          (16) 

Where |𝜕𝑃| and |𝜕𝐺| denote the total number of boundary pixels in the predicted and ground-truth sets, 

while 𝑃𝑏 and 𝑅𝑏 represent boundary precision and boundary recall within a specified distance threshold, 

respectively.  

The combination of measures related to overlapping (Dice coefficient and Intersection over Union) and 

measures related to boundaries (MSD, ASD, BF1, and HD) will provide a complete assessment of 

segmentation accuracy. This model can be seen as an intelligent system for decision support in the 

analysis of the condition of lumbar structures and discs, but not as a replacement for the clinical expertise 

of radiologists. Final decisions should incorporate radiologist interpretation and patient-specific clinical 

information. 

Algorithm 1: Modified Attention U-DenseNet Segmentation Pipeline 

Input: MRI images X, masks Y, learning rate η = 1e-4, batch size B = 4 

Output: Trained weights Θ*, predicted segmentation map Y_hat 

1 Preprocess (X, Y): Resize to 256x256, scale intensities to [0, 1]. 

2 Partition data subject-wise into D_train (211), D_val (26), D_test (27). 

3 Augment D_train via random rotation (±10°), zoom (±10%), and flips. 

4 Initialize Θ using Glorot Uniform; configure Adam optimizer (η = 1e-4). 

5 For epoch = 1 to 100 do: 

6 Shuffle D_train and partition into mini-batches (X_b, Y_b). 

7 Forward Pass: Extract dense features; apply channel-spatial attention  

       and semantic context gating; compute Y_pred = Softmax (1x1 Conv). 

8 Compute Sparse Categorical Cross-Entropy loss and update Θ. 

9   Evaluate Val_Loss: Reduce η by 0.5 if stagnant; update Θ* if improved. 
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10 If Val_Loss fails to improve for 5 consecutive epochs, Break. 

11 Inference: Y_hat = Argmax (ForwardPass(X_test, Θ*), axis = -1). 

12 Return Y_hat 

Algorithm 1 outlines the complete execution flow of the proposed Modified Attention U-DenseNet 

framework. The pipeline standardizes sagittal lumbar MRI slices and 13-class masks to a resolution of 

256 × 256 pixels with normalized intensities. Data is partitioned subject-wise before data augmentation 

to prevent leakage. During training, the network learns multi-scale dense features, channel-spatial 

attention, and semantic context gating, updating parameters using sparse categorical cross-entropy loss 

alongside adaptive learning rates and early stopping.  

RESULTS 

The proposed modified attention U-denseNet resulted in a macro-Dice value of 0.844, a macro IoU of 

0.799, a macro-HD of 10.52 pixels, and a macro BF1 of 0.869 for 13 segmentation classes in the test set 

containing 27 patients. As background is known to affect the average performance measures, the class-

wise results for disc-condition classes have been taken into consideration for further analysis. Pixel 

accuracy (0.9991) and validation accuracy (0.9949) have been provided in Table 6 for the sake of 

completeness, whereas figure 5 (a) and (b) provides stable training and validation curves without any 

sign of overfitting. The MANet has been used as a baseline and retrained on the proposed 13-class 

dataset for fair comparison [24]. The proposed system extends the MANet by incorporating an additional 

branch for the semantic context gating. Table 4 provides three configurations of the MANet baseline, 

the two-branch attention model, and the proposed multi-branch attention model on the basis of Dice, 

IoU, HD, and BF1 measures. 

 

Figure 5. Training and (a) Loss curves and (b) Validation accuracy of the proposed modified attention U-DenseNet 

model 
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Figure 6. Qualitative segmentation results of the proposed Modified Attention U-DenseNet model on test images 

Ablation Analysis and Class-Wise Performance Evaluation 

Table 4. Per-class ablation comparison of MANet baseline, two-branch attention model, and proposed modified 

attention U-densenet using dice, IoU, hausdorff distance (HD), and boundary F1-score (BF1) 

Class Baseline Two-Branch Proposed  
Dice IoU HD BF1 Dice IoU HD BF1 Dice IoU HD BF1 

B_G 0.9916 0.9833 8.21 0.9875 0.9914 0.9829 7.63 0.9868 0.9971 0.9942 5.95 0.9980 

C_N (normal) 0.5431 0.3728 79.73 0.6392 0.4623 0.3006 71.52 0.5869 0.7308 0.5758 12.13 0.7781 

C_B (bulging) 0.4313 0.2749 37.06 0.5061 0.4368 0.2794 42.19 0.4868 0.6591 0.4915 12.05 0.7489 

L5 0.8846 0.7931 6.60 0.9330 0.8835 0.7913 8.85 0.9447 0.8994 0.8172 8.35 0.9304 

S1 0.9318 0.8723 3.58 0.9885 0.9055 0.8273 3.97 0.9516 0.8994 0.8172 9.28 0.9402 

L4 0.8692 0.7687 6.34 0.9093 0.8798 0.7854 7.35 0.9197 0.9495 0.9039 8.35 0.9179 

L2 0.8965 0.8124 11.10 0.9490 0.8790 0.7841 15.05 0.9013 0.9494 0.9037 15.71 0.9370 

L1 0.9110 0.8365 5.99 0.9700 0.8349 0.7166 12.72 0.8823 0.8876 0.7979 10.12 0.9704 

L3 0.8958 0.8113 10.02 0.9266 0.8744 0.7768 8.04 0.9239 0.9382 0.8836 6.98 0.9223 

S2 0.8559 0.7481 4.49 0.9606 0.8325 0.7131 4.15 0.9595 0.8879 0.7984 12.62 0.9048 

C_H (herniation) 0.6442 0.4751 28.18 0.6923 0.7145 0.5558 26.13 0.6906 0.7341 0.5799 13.96 0.7090 

S_C (canal) 0.8975 0.8141 7.01 0.9769 0.9025 0.8223 7.98 0.9764 0.8878 0.7982 6.49 0.9408 

C_T (thinning) 0.3273 0.1957 76.51 0.2062 0.2233 0.1257 71.31 0.2098 0.5523 0.3815 14.82 0.6026 

Macro 0.7754 0.6332 21.91 0.8189 0.7554 0.6069 22.07 0.8016 0.8440 0.7301 10.52 0.8693 

According to table 4, the proposed architecture shows superior results for segmentation over baseline 

and two-branch versions. The macro-Dice value rises from 0.7754 to 0.8440, and the macro-HD falls 

from 21.91 pixels to 10.52 pixels. Thus, the boundary localization becomes better in this case. The 

greatest results are achieved in the disc-condition classes; the Dice values are 0.7308, 0.6591, 0.7341, 

and 0.5523 for normal, bulging, herniation, and thinning, respectively. This demonstrates that the 

semantic context gating branch improves discrimination of challenging pathological disc regions. 

Group-Level Performance Analysis 

As seen in table 5, it is evident that the suggested approach is able to significantly boost the results of 

disc-condition segmentation. For vertebrae and canal structures, the average Dice value rises from 0.893 
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to 0.912, while for the disc-condition category, it boosts considerably from 0.486 to 0.669. This confirms 

that the proposed attention mechanism is effective for small and low-contrast pathological regions. 

Table 5. Group-wise mean dice comparison across MANet baseline, two-branch model, and proposed model 

Group (Classes) MANet (Baseline) Two-Branch Proposed 

Background (1) 0.992 0.991 0.997 

Vertebrae + Canal (8) 0.893 0.874 0.912 

Disc Conditions (4) 0.486 0.459 0.669 

Macro (13) 0.775 0.755 0.844 

Auxiliary Metric Analysis 

Table 6. Auxiliary performance metrics of the proposed modified attention U-DenseNet model 

Metric Value 

Pixel Accuracy (Macro) 0.9991 

Validation Accuracy 0.9949 

The model under consideration provides an accuracy of 0.9991 at the pixel level and a validation 

accuracy of 0.9949. These accuracies have been mentioned just for the sake of completeness, as the 

presence of background class affects the pixel-wise accuracy. Thus, Dice, IoU, HD, and BF1 are the 

primary metrics table 6. 

Segmentation Comparisons for Disc Condition Qualitatively, they are illustrated in figure 7 for the 

models analysed. The new model achieves better segmentation of disc-condition areas, especially 

difficult disc boundaries, without compromising the segmentation accuracy of vertebrae and canal 

regions. 

 

Figure 7. Visual comparison of segmentation results for different models on the 13-class dataset 
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Figure 8. Comparison of segmentation performance metrics for different models on the 13-class dataset 

accuracy (a), dice score (b), IoU (c), HD (d), MSD (e), ASD (f), pixel accuracy (g), boundary F1 Score (h) 

In figure 8, one can see the comparisons between metrics, when the proposed model demonstrates better 

() Dice, IoU, boundary F1, and distance-wise results. Accuracy is shown in figure 8 (a), Dice score in 
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figure 8 (b), IoU in figure 8 (c), HD in figure 8 (d), MSD in figure 8 (e), ASD in figure 8 (f), Pixel 

Accuracy in figure 8 (g), and Boundary F1 Score in figure 8 (h). Together, these plots demonstrate 

differences in overall segmentation accuracy, region overlap, pixel-level prediction, and boundary 

delineation performance among the compared models. From the clinical perspective, the found                        

disc-condition Dice values denote that the model will be able to provide only the decision-support 

function, but not the full automated detection system. Normal condition and herniation have Dice values 

approximately equal to 0.73, which means that the model will be able to help detect and assess. But 

thinning (0.552) and bulging (0.659) prove to be more difficult because of their small size and visual 

proximity to other surrounding objects. So, the suggested model should assist radiologists during 

automatic segmentation, prioritisation of reviewing areas, and annotation work. Clinical                           

decision-making will depend on the radiologist's analysis alongside patient history and other clinical 

factors. 

Error Analysis 

These segmentation errors were mostly encountered with disc-condition classes owing to their small 

size, low contrast, and similar visual appearance among the different pathologies. Error analysis was 

done based on the class-wise Dice performance of the proposed approach. The value of segmentation 

error was defined as 1-"Dice", where larger values imply harder segmentations. 

From these results, it can be seen that the largest segmentation errors occur with thinned disc due to poor 

representation and minute differences in disc heights, followed by bulging and herniated classes. Smaller 

segmentation errors were encountered with normal and herniation classes owing to clear boundaries. 

This shows that rare pathological classes are still hard for segmentation. 

 

Figure 9: Error analysis of disc-condition segmentation performance 

Figure 9 shows that the graph demonstrates the difference in segmentation errors of the classes of discs. 

This graph helps to explain the results of quantification analysis and also confirms that further research 

should be done on minority class improvement, optimization by boundaries, and multi-centre validation. 

Qualitative and Ablation Discussion 

Based on the above findings from the experiments, can deduce that the main enhancement lies in the 

incorporation of the additional semantic context gating branch. The two-branch model has no significant 

improvements over the baseline, but the complete model has better disc-condition segmentation 

accuracy. Most of the errors found are related to the thinning and herniation disc conditions, as they have 

smaller sizes compared to other disc conditions, which makes them visually similar to neighbouring disc 

conditions. As shown in figure 6, there are no mistakes in the segmentation of vertebra and canal 

structures, while disc boundaries have been identified as the source of error. The developed framework 

serves as a computer-aided diagnosis tool, which will help radiologists make better decisions. 



Rana Riyadh Saeed. et al: Modified attention ……  Archives for Technical Sciences 2026, 36(2), 674-694 

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII – N 0 36           692 

DISCUSSION 

The findings from the class-wise evaluation have more significance compared to the macro average 

because the primary contribution of this work is the segmentation of disc conditions in addition to 

anatomical structures. This proposed model achieves a better mean Dice on disc condition from 0.486 

(MANet) to 0.669 without compromising segmentation of vertebral and canal structures. This shows 

that proposed attention mechanism has an impact on small regions and pathology-specific structures. 

From the findings in the ablation experiments, it is clear that the improvement is related to the semantic 

context gating branch. It was observed that the multi-scale attention branch and the channel-spatial 

attention branch do not contribute to better segmentation of disc conditions, while the additional global 

semantic modulation helps to discriminate between visually similar disc classes. 

LIMITATIONS AND FUTURE WORK 

There are some considerations regarding the presented results that need to be mentioned. First, the used 

data set is quite small and comes from one source, which might have an impact on the ability of the 

model to generalize to other scanners and protocols, as well as different types of population. Moreover, 

the size of the independent test set is only 27 subjects. It may result in possible uncertainty in 

performance estimation of each class because of the low number of patients with certain disc diseases. 

Second, each patient provides only one sagittal MRI slice that can affect three-dimensional context and 

decrease its influence on disc segmentation. Herniation and thinning classes continue to be difficult due 

to the insufficient number of samples and low visual distinctness. 

Future research directions will involve working on imbalance-aware and boundary-aware loss functions, 

including weighted and focal loss function strategies, for rare class segmentation. Another important 

research task will be conducting an exhaustive component-wise ablation study to separately analyze the 

impact of each attention branch. Future work should also include model verification through  

cross-validation, confidence interval analysis, and statistical significance analysis along with utilizing  

multi-center datasets. Other future research directions would be working on a lightweight architecture, 

full 3D analysis based on MRI data, and using transformer models. Ultimately, the goal is to build a 

reliable CAD system that assists radiologists, while expert clinical judgment remains the final diagnostic 

authority. 

CONCLUSION 

The study presented the use of a modified attention U-DenseNet approach for the automatic 

segmentation of the 13 different classes of lumbar spine MRIs by incorporating multi-scale feature 

learning, channel and spatial attention, and semantic context gating methods. In contrast to other 

traditional techniques of segmenting the lumbar spine that consider only the anatomy of the vertebrae, 

the new framework not only segments the vertebrae regions but also the spinal canal and discs with 

different clinically important conditions such as normal, bulging, herniation, and thinning. The new 

approach was tested on 264 sagittal lumbar MRI scans, of which 211 were used for training, 26 for 

validation, and 27 for testing the model based on the split of subjects. The proposed network has 

achieved a macro-Dice score of 0.8440, a macro IoU of 0.7985, a macro–Boundary F1-score of 0.8693, 

and a macro Hausdorff distance of 10.5245 pixels. The maximum improvement was noticed in  

disc-condition segmentation, wherein the mean Dice coefficient increased from 0.486 to 0.669. In 

particular, there were improvements in terms of the Dice scores for normal discs (0.5431 to 0.7308), 

bulging discs (0.4313 to 0.6591), herniation (0.6442 to 0.7341) and thinning (0.3273 to 0.5523). The 

results of the ablation studies confirmed the contribution of the semantic context gating branch in 

improving pathology-aware segmentation. Yet, there were certain limitations, like the relatively small 

size of the single-source dataset, lack of validation outside this data source, one-slice analysis, 

incomplete component-wise ablation, and lack of statistical significance testing. For future research, it 

is planned to work on multi-centre validation, analysis based on 3D MRIs, optimisation for imbalanced 

and boundary-aware learning, full attention-module ablation, lightweight models and combining with 

transformer-based segmentation approaches. The framework presented in this study may be used as a 
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computer-aided decision-making system to assist radiologists in segmentation and region detection 

while leaving diagnosis and treatment to clinicians' expertise. 
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