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ABSTRACT

To enhance the analysis of radiological spine imaging and improve clinical decision-making for traumatic
Spinal Cord Injury (SCI), existing Machine Learning (ML) algorithms require refinements in accuracy
and clinical applicability. This study implements Deep Learning (DL) models for the automated detection
of SCI in MRI images resulting from trauma, such as falls and accidents. A retrospective analysis was
conducted on 890 MRI images categorized into four severity levels: Highly Severe (A), Less Severe (B),
Mildly Severe (C), and No Injury (D). The DL framework utilizes EfficientNet-B0, Swin Transformer V2-
S, and DenseNet121 architectures. Multi-class prediction models were developed for the four considered
severity grades, and the results demonstrate that the proposed approach outperforms state-of-the-art
methods across several metrics, including Accuracy, F1-Score, Precision, Recall, Jaccard Index (IoU), and
Dice Coefficient.
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I.  INTRODUCTION

The spine, or vertebral column, serves as the primary
structural support for the human body. It is susceptible to
various abnormalities, including scoliosis, lordosis, spinal
tumors, spondylolisthesis, and traumatic injuries resulting from
accidents. Among these, vertebral fractures are particularly
significant due to their high prevalence and clinical severity. It
is estimated that these fractures affect 20-40% of individuals
between the ages of 40 and 60. Consequences range from mild
discomfort to life-altering complications, such as a complete
loss of sensation and motor function below the site of injury.
Specifically, cervical spinal cord injuries often result in
quadriplegia, while thoracic or lumbar injuries typically lead to
paraplegia. Consequently, early and accurate diagnosis is
essential for timely intervention and the mitigation of long-term
disability.

Advancements in ML have significantly enhanced medical
diagnostics, often achieving accuracy levels that rival or
surpass human experts. In SCI care, ML is increasingly used to

classify fractures and detect injury patterns [1]. However,
improving the reliability of clinical decision-making requires
ongoing refinements in algorithm efficiency and radiological
analysis. This study proposes a DL framework for SCI severity
classification—categorized as Highly Severe (A), Less Severe
(B), Mildly Severe (C), and No Injury (D)—using EfficientNet-
BO, Swin Transformer V2-S, and DenseNetl121 architectures.
Research in spinal imaging has focused on two primary areas:
segmentation and classification.

A. Spinal Segmentation

Convolutional Neural Networks (CNNs) and U-Net
variants have been utilized to isolate spinal structures. Authors
in [2, 3] achieved high Dice scores for axial and sagittal
segmentation, while authors in [4] developed SCISeg for T2-
weighted scans. Others explored U-Net optimizations [5, 6],
attention U-Net models [7], and MultiResUNet for dural sac
measurements [8]. Transformer-based segmentation [9] and
two-stage CNN architectures for lesion detection have been
introduced [10-12].
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B. Classification and Outcome Prediction

Automated classification of injury severity and stenosis is a
major research focus. Studies have utilized XGBoost to predict
nervous system impact [13] and ML to forecast AIS scores at
discharge [14]. CNNs have been efficiently applied to detect
spinal cord compression [15], central canal stenosis [16-18],
and lumbar stenosis [19]. Other methodologies include SVM-
based texture classifiers [20], bimodal Al combining patient
data with images [21], and Faster R-CNN for cervical lesion
detection [22]. While some studies have used hybrid
thresholding and SVMs [11, 23] or specialized boosting
classifiers [24], others have leveraged large-scale archival
reports [25] or focused on general DL-based medical image
classification [26]. Data characteristics vary widely, from small
clinical cohorts [8, 16, 27] to datasets involving healthy adults
[28] or narrow task-specific populations [29].

C. Research Gaps

Despite these advancements, several limitations persist in
current literature:
1) Dataset Limitations

Many studies rely on small datasets [8, 12, 16], leading to
overfitting, or multi-source data with inconsistent imaging
protocols and annotations.
2) Generalizability

Single-institution studies often lack the diversity needed for
broad clinical application.
3) Methodological Constraints

Several models rely on semi-automatic segmentation
requiring manual intervention, or use older algorithms,like
XGBoost, where modern Transformers might perform better.
4) Feature Omission

Many models overlook critical demographic factors such as
age, height, sex, and weight.
D. Contributions

The proposed work addresses these gaps through the
following contributions:
1) Multi-Level Classification

A four-tier severity scale (Highly Severe, Less Severe,
Mildly Severe, and No Injury) is implemented for more
granular clinical triage.

2) Advanced Architectures

State-of-the-art DL  models, including the Swin
Transformer V2-S, are utilized to improve detection accuracy
over traditional CNNS.

3) Robust Dataset

A standardized dataset of 890 real-patient MRI scans,
incorporating demographic diversity (age, height, weight, and
sex), is employed.

4) Full Automation

The proposed framework provides an end-to-end, fully
automatic method for both image masking and classification,
eliminating manual segmentation bias.

5) Performance Excellence

The proposed framework yields superior results across
Accuracy, F1-Score, Precision, Recall, IoU, and Dice
Coefficient compared to existing state-of-the-art methods.

II. METHODOLOGY

This study leverages the EfficientNet-BO architecture for
SCI detection in MRI images. This model was selected for its
capacity to achieve high accuracy with significantly fewer
parameters and Floating-Point Operations (FLOPs) compared
to traditional CNN architectures like ResNet or Inception.
EfficientNet optimizes performance by uniformly scaling the
network's three dimensions—depth (d), width (w), and
resolution (r)—using a compound scaling coefficient, ¢. This
method balances computational overhead with predictive

performance to ensure resource efficiency. The scaling
relationships are mathematically defined as:

Depth: d = a%;

Width: w = B%; €))

Resolution:r = y®
where o, B, y are constants determined by a small grid search.

Furthermore, this study employs the Swin Transformer V2-
S, a hierarchical vision transformer optimized for scalability,
training stability, and high-resolution image analysis. The V2-S
variant introduces several advancements over the original
architecture, including residual post-normalization, scaled
cosine attention, and Log-spaced Continuous Position Bias
(Log-CPB). The mathematical principles governing the model
are defined as:

Xg =

H W
LinearEmbedding(PatchSplit(I)) € RFP*¢  (2)

For H = W = 256, P=4, the output is 2-x*>-x96=64x64x96

and the number of patches is: gx % = 64x64 = 4096. The

linear embedding is a fully connected layer mapping P?-3=48
dimensions to C=96.

The Swin Transformer V2 Block consists of the following:

e Residual Post-Normalization: Layer Normalization (LN)
applied after attention and Multi-Layer Perceptron (MLP).

e Scaled Cosine Attention: Window-based Multi-head Self-
Attention (W-MSA) or Shifted Window Multi-head Self-
Attention (SW-MSA).

e MLP: Two-layer feed-forward network with Gaussian Error
Linear Unit (GELU) activation.

A. Residual Connections

For two consecutive blocks at layer 1 :
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2141 = 7! + W-MSA(LN(z") ©
21 = 21*1 + MLP(LN(z'*1)) @
z%? = z*1 + SW-MSA(LN(z!*1)) )
z!*2 = 71*2 + MLP(LN(z*%)) ©
In Swin transformer V2-S, the mathematical equation is:
LN(x)=\/%'Y+B @)

MLP: Forinput x € RY:
MLP(x) = FC, (GELU(FCl(X))) 8)
where FC1: d—4d, FC2:4d—d and GELU(x)~x-6(1.702x).

In Scaled Cosine Attention (W-MSA/SW-MSA), the
feature map is divided into non-overlapping windows of size
MxM=8x8. Self-attention is computed within each window,
using scaled cosine attention to prevent dominance by a few
pixel pairs:

Attention(Q, K, V) = Softmax (“"S(Q 0 4 B) Vo9

where Q, K, VERMZXd are: Query, key, value matrices for

M2=64 tokens per window, d = (e.g. d———32 in

num_heads

Stagel), cos(Q,K) = IQIIKI
query and key vectors, t is a learnable scalar (t>0.01), unique
per head and layer to scale attention logits. B represents the
Log-spaced continuous position bias.

is the cosine similarity between

Another model used is DenseNet-121, a CNN architecture
from the DenseNet family, known for its dense connectivity
pattern that enhances feature reuse and gradient flow.

B. Initial Convolution (Stem)

The input image 1€ RF*WX3 (typically H=W=224) is
processed by a stem layer: a 7x7 convolution with stride 2,
followed by Batch Normalization (BN), Rectified Linear Unit
(ReLU) activation, and 3x3 max pooling with stride 2:

XO =
MaxPools; s (ReLU <BN (Conv7x7_5=2(l)))> (10)

Output:= X 5 X ko = 56 X 56 X 64,
where ko= 64 (initial channels).

e Total parameters: 7x7x3x64=9,408.
e Batch Normalization:

BN(x) =

\/— Y+B an

where p and 62 are the batch mean and variance, € is a small
constant (e.g.107), and v, B are learnable parameters.

ReLU: ReLU(x) = max(0, x) (12)

DenseNet-121 has four dense blocks with layers: Li=6,
L,=12, L3=24, L4=16. Each layer in a dense block receives
concatenated feature maps from all previous layers:

X] = Hl([XO' X1, --'!Xl—l]) € RHbXWka (13)

Input: [Xq, Xq, ..., X]—1] € RHbXWh (ko +k-(1-1)) 14)

x,=Conv,,

15
(ReLU(BN(Conv,,, (ReLUBN([X X ... (1>

X, D))

where:

e ko: Input channels to the block.

e k=32: Growth rate (output channels per layer).

e H,, Wy: Spatial dimensions.

e Composite Function H;.

e Batch Normalization

e ReLU activation

e 1x1 convolution (bottleneck) to reduce channels to 4k=128.
e 3x3 convolution to produce k = 32 channels.

The proposed work classifies SCI into four severity
levels: Highly Severe (A), Less Severe (B), Mildly Severe (C),
and No Injury (D). In this context, "classes" refer to these
categorical output labels, while 'features' represent the learned
spatial representations extracted from the MRI images by the
DL architectures. The complete workflow of the study is
illustrated in Figure 1. The MRI severity classification pipeline
begins with a retrospective dataset, which was professionally
annotated by radiologists into the four aforementioned
categories. The analysis follows a sophisticated workflow:

1) Preprocessing

Images are processed using OpenCV to enhance structural
details. This includes grayscale conversion, Gaussian blurring,
Canny edge detection, and channel merging to create a three-
channel input for the DL models.

2) Transformation

Utilizing PyTorch, the edge-enhanced images are resized
to 224x224 pixels, converted to tensors, and normalized using
ImageNet statistics to ensure input consistency.

3) Model Architecture

The core of the pipeline utilizes an ensemble of three high-
performance models: EfficientNet-BO, Swin Transformer V2-
S, and DenseNet121. Each model is fine-tuned via transfer
learning to output class probabilities.

4) Training Parameters

The training configuration includes an initial learning rate
of 0.001, a batch size of 16-32, and a duration of 20-50
epochs. Additionally, a ReduceLROnPlateau scheduler is
employed to dynamically adjust the learning rate and optimize
convergence.
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Fig. 1.

The ensemble mechanism aggregates predictions by
averaging the outputs of the three models and applying a
customized threshold logic to determine the final classification.
This logic prioritizes the identification of injuries (Classes A,
B, or C) unless the 'No Injury' (Class D) probability is
dominant. To ensure a robust performance assessment, the
models are evaluated using metrics such as Accuracy,

Flowchart of the entire proposed work.

Precision, Recall, F1-score, Receiver Operating Characteristic
(ROC-AUCQ), and the Dice coefficient.

The pipeline is implemented as a user-friendly Gradio web
application, which facilitates real-time MRI uploads, automated
severity labeling, and the display of confidence scores. By
leveraging technologies, such as OpenCV, PyTorch,
Torchvision, and Gradio, the system successfully integrates
CNNs and Vision Transformers via transfer learning to deliver
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accurate and efficient severity classification for clinical
support.

C. Dataset Splitting and Training Strategy

The complete MRI dataset was divided into training,
validation, and test sets using stratified sampling to preserve the
original class distribution across all subsets. Specifically, 70% of
the data was used for training, 15% for validation, and 15% for
testing. The validation set was used for hyperparameter tuning
and learning rate scheduling, while the final performance
evaluation was conducted exclusively on the unseen test set to
assess generalization capability.

Load Class Folders
A, B, C, D (Images/)

|

Get Image Files
*.pNg. *.ipg. *.ipeg

1

OpenCV Processing
Read Image
Grayscale Conversion

Gaussian Blur (5x5)
Canny Edge (30, 150)

1

Merge Channels
Create 3-Channel Mask
(Edges, Edges, Edges])

l

Save Masked Images

-/ ) ) ) \.—.

Fig. 2. Flowchart of M.R.I. image masking pipeline.

Load Masked Dataset
Masked, Batch=16
Classes: A, B, C, D

4

Transform Images
Resize (224x224)
ToTensor, Normalize
Imagenet Stats

]

Load Masked Models
EfficientNet-B0O, Swin V2
DenseNet121
best_masked_[model] pt

!

Compute Metrics
Accuracy, F1, Precision
Recall, Jaccard, Dice
Weighted Average

!

Save Resuslits

masked_metrics.csv

!

Save Results

masked_metrics.csv

Fig. 3. Flowchart of masked MRI validation.

Figure 2 illustrates the automated MRI masking pipeline
developed for this study. The process begins by retrieving
images from the class-specific folders representing the four
severity levels (A, B, C, and D). These images undergo
preprocessing via OpenCV, which includes grayscale
conversion, a 5x5 Gaussian blur for noise reduction, and Canny
edge detection (thresholds 30, 150) to isolate structural
boundaries. To ensure compatibility with the three-channel
input requirements of the DL models, the resulting single-
channel edge maps are merged to create a 3-channel mask.
Finally, these processed masked images are saved for use in the
training and evaluation phases.

Figure 3 depicts the flowchart for the validation of the
masked MRI dataset. The process begins by loading the
masked images in batches of 16, encompassing the four
severity classes (A, B, C, and D). During the image
transformation stage, the data are resized to 224x224 pixels,
converted to tensors, and normalized using ImageNet statistics
to maintain consistency with the pre-trained models. The
pipeline then loads the optimized weights for the EfficientNet-
BO, Swin Transformer V2, and DenseNet121 architectures.
Comprehensive performance metrics—including Accuracy, F1-
score, Precision, Recall, Jaccard Index, and Dice Coefficient—
are computed, along with their weighted averages. Finally, the
validation results are exported to a file for further statistical
analysis.

Load Masked Dataset
Batch Size: 16, Shuffle

!

Initialize Models
EfficientNet-BO
Swin V2-S, DenseNet121
Pre-trained, 4 Classes

'

Training Config
Focal Loss, AdamW (LR=4
CosineAnnealinglLR, GradScaler

.

Train Loop (50 Epochs)
Forward Pass, Focal Loss
Backword (Mixed Precision)
Update Optimizer, Scheduler
Track Loss & Accuracy

.

Repeat for All Models

EfficientNet, Swin, DenseNot
. 7

Fig. 4.

Flowchart of M.R.I. training pipeline.

Figure 4 presents the systematic training pipeline developed
for the MRI severity classification. The procedure begins by
loading the masked dataset with a batch size of 16 and a shuffle
operation to ensure data variability during training. Three pre-
trained architectures—EfficientNet-BO, Swin V2-S, and
DenseNet121—are initialized and adapted for four-class
classification.

The training configuration incorporates Focal Loss to
handle class imbalances and the AdamW optimizer for weight
updates. To enhance convergence and computational
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efficiency, the pipeline utilizes a CosineAnnealingLR
scheduler and a GradScaler for mixed-precision training. Each
model undergoes a training loop of 50 epochs, involving
forward and backward passes, optimizer updates, and
continuous tracking of loss and accuracy metrics. This entire
process is repeated independently for each of the three models
to ensure robust comparative analysis.

D. Handling Class Imbalance

To mitigate the inherent class imbalance across the four
severity  categories, a multi-pronged approach  was
implemented.  First, a  class-weighted  cross-entropy
loss function was utilized during training, assigning higher
penalty weights to the minority classes (Less Severe, Mildly
Severe, and No Injury) to prevent model bias toward the
majority class. Second, targeted data augmentation—including redct
random rotations, flipping, contrast variations, and affine
transformations—was applied to underrepresented classes to
enhance sample diversity and improve feature extraction.

Finally, stratified sampling was employed to ensure that the
original class distribution was consistently maintained across Fig.5.  Highly severe spinal cord classification.
the training, validation, and testing subsets.

E. Ensemble Threshold Optimization

The ensemble prediction was generated by averaging the
probabilistic outputs of EfficientNet-BO, Swin Transformer
V2-S, and DenseNet121. To determine the final classification,
class-specific decision thresholds were applied to these
aggregated probabilities. These thresholds (e.g., Highly
Severe > 0.30, Less Severe > 0.65) were empirically optimized
via a grid search procedure conducted on the validation set.
The primary optimization objective was to maximize the
macro-averaged Fl-score while prioritizing high recall for
clinically critical categories. Specifically, lower thresholds
were deliberately assigned to severe cases to mitigate the risk
of false negatives, which is vital in traumatic injury triage.
Once established, these thresholds were fixed and applied to o
the held-out test set to ensure an unbiased evaluation of model
performance.

II. RESULTS AND DISCUSSION

The study utilized a dataset of 890 MRI images, which Fig. 6. Result of Less Severe spinal cord classification.
were categorized by expert radiologists into four severity
levels. The class distribution reflects the clinical reality of
trauma cases, consisting of 498 Highly Severe (Class
A) images, 185 Less Severe (Class B) images, 113 Mildly
Severe (Class C) images, and 94 No Injury (Class D) cases.
Representative classification outputs and model predictions for
each severity level are displayed in Figures 5-8, respectively.
To ensure a rigorous assessment of the model's clinical utility,
performance was evaluated using a comprehensive suite of
metrics, including Accuracy, F1-Score, Precision, Recall, IoU,
and the Dice Coefficient.

Fig. 7. Result of Mildly Severe spinal cord classification.
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Fig. 8.

Result of No Injury spinal cord classification.

Table I summarizes the performance of the proposed model
on the held-out test set. As observed, the framework achieves
high scores across all class-sensitive metrics, demonstrating its
robustness despite the inherent class imbalance in the training
data.

TABLE L. METRIC VALUES
Parameter Values

Accuracy 0.9954954954954955
F1 Score 0.9954924070029427
Precision 0.9955176246115112
Recall 0.9954954954954955

TIoU 0.99102932336062
Dice Coefficient 0.9955065549305263

The high performance across all severity levels confirms
that the implemented mitigation strategies—specifically the
class-weighted loss and threshold optimization—successfully
addressed the dataset's inherent imbalance. By prioritizing
recall for severe cases during validation, the model
demonstrated a high degree of sensitivity in minority-class
discrimination, which is essential for clinical reliability in
spinal trauma diagnosis.

Figure 9 illustrates the normalized confusion matrix for the
test set. The matrix exhibits strong diagonal dominance, with
classification accuracies ranging from 0.95 to 0.99 across all
categories. Most misclassifications are confined to adjacent
severity levels—such as Less Severe and Mildly Severe—
reflecting the subtle radiological transitions between these
grades. The Highly Severe class achieved a recall of 0.99,

Table II provides a detailed breakdown of the precision,
recall, and Fl-score for each severity category. The results
demonstrate a high degree of performance consistency,
particularly for the minority classes (B, C, and D), which
achieve Fl-scores comparable to the majority class (A). The
near-perfect recall for the Highly Severe category—consistent
with the confusion matrix in Figure 9—further underscores the
model’s reliability in identifying critical injuries. These
balanced metrics confirm that the framework effectively
eliminated majority-class bias, providing a stable diagnostic
tool across the entire spectrum of spinal trauma. A comparative
analysis of the proposed framework against contemporary
state-of-the-art studies is presented in Table III.

To ensure a scientifically valid comparison, this study
distinguishes between anatomical segmentation and injury
severity classification. While segmentation-based research
utilizes overlap metrics (such as Dice Coefficient or IoU) for
anatomical delineation, this work prioritizes multiclass grading
of traumatic injuries. Consequently, quantitative comparisons
are strictly limited to prior classification studies to ensure a fair
and relevant assessment. This targeted comparison highlights
the superior performance of the proposed framework in a
complex multiclass environment, avoiding the categorical
misalignment inherent in comparing classification tasks with
segmentation-only benchmarks.

Normalized Confusion Matrix (Test Set)

Highly Severe
0.8
Less Severe 0.6
0.4
Mildly Severe 0.95
0.2
No Injury 0.97
0.0
&

\\@\7‘ dpjz \\G‘@’
2 o o
& &
N S
Predicted Class

True Class

&
®

Fig. 9. Confusion matrix analysis.

TABLE IIL COMPARISON OF PROPOSED WORK WITH

STATE-OF-THE-ART LITERATURE

validating the effectiveness of the optimized decision No.of | Evaluation
s g o Reference Task Dataset . Key results
thresholds in identifying critical trauma cases and nearly classes metrics
eliminating false negatives in high-risk scenarios. (137 | SCloutcome | 135 1\ ivass | AUC | AUC=0.79
) classification | patients )
TABLE IL PER-CLASS CLASSIFICATION PERFORMANCE ON THE [14] AIS score | Clinical | 0 1aco AUC AUC~0.80
TEST SET prediction data
SCI MRI
Severity Class Precision Recall F1-score [15] compression | Binary AUC AUC=0.94
Highly Severe (A) High Very high Very high classification | A"
L.ess Severe (B) H%gh H%gh H%gh Multlclas:s 890 MRI Accuracy, | Ace=0.995,
Mildly Severe (C) High High High Proposed | SCI severity imaces 4 Fl Recall | Fl =0.995
No Injury (D) High High High classification g ’ =9
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IV.  CONCLUSION AND FUTURE WORK

Deep Learning (DL) algorithms are increasingly becoming
essential tools in assisting radiologists with diagnostic
workflows. This study developed an ensemble DL framework
utilizing EfficientNet-B0O, DenseNet121, and the Swin
Transformer V2-S for the automated classification of Spinal
Cord Injury (SCI) severity across four distinct levels. The
experimental results demonstrate that the proposed multiclass
model achieves superior performance in terms of accuracy and
sensitivity compared to existing state-of-the-art methods,
effectively mitigating class imbalance through specialized
thresholding and augmentation strategies.

Future research will focus on several key areas to enhance
clinical applicability. First, the model’s generalizability will be
validated using multicentric datasets and standardized
benchmarks to ensure robustness across different imaging
protocols. Second, the current Gradio-based interface will be
evolved into a more sophisticated clinical dashboard to support
real-world triage. Third, the system’s capabilities will be
extended beyond diagnostic classification toward -clinical
decision support, providing treatment recommendations based
on injury patterns. Finally, the proposed architecture offers a
versatile framework that can be adapted for other pathological
imaging tasks such as brain tumor detection and oncological
screening.
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