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Deep Learning-Based Analysis of Spinal Cord Regions for Risk Assessment and Clinical Awareness: A Social Worker's Perspective

Abstract: Accurate detection and segmentation of spinal cord injuries in MRI images are critical for diagnosis and treatment planning. This study investigates the performance of two deep learning algorithms—Artificial Neural Networks (ANN) and Convolutional Neural Networks (CNN)—using median and Gaussian filtering as preprocessing techniques to reduce noise and enhance image clarity. The filtered images were analysed to evaluate detection and segmentation accuracy, runtime, and memory usage. Results demonstrate that CNN, particularly with Gaussian-filtered images, achieved the highest accuracy and segmentation precision, outperforming ANN in all cases. Although ANN offered faster processing and lower memory requirements, CNN provided superior performance in injury identification and segmentation. Overall, CNN combined with Gaussian filtering is the most effective approach for accurate and reliable spinal cord injury analysis.
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1. Introduction:
Spinal cord injury (SCI) is a devastating condition that can result in partial or complete loss of motor and sensory functions, profoundly impacting a patient’s quality of life. Accurate and timely diagnosis of SCI is essential for effective treatment planning, prognosis, and rehabilitation. Magnetic Resonance Imaging (MRI) has emerged as a key diagnostic tool due to its superior soft tissue contrast and ability to reveal structural and pathological changes within the spinal cord.

Despite its advantages, MRI data often suffer from noise, artefacts, and intensity variations, which can obscure subtle injury patterns and complicate manual analysis. To overcome these limitations, preprocessing techniques such as median and Gaussian filtering are commonly applied. Median filtering is effective in removing impulsive noise, whereas Gaussian filtering smooths intensity variations while preserving important structural details. These methods improve image quality, enabling more reliable subsequent analysis.

In parallel, deep learning approaches have shown significant promise in medical imaging tasks, including classification, detection, and segmentation. Artificial Neural Networks (ANN) are capable of capturing general image patterns, while Convolutional Neural Networks (CNN) excel at learning spatial hierarchies and local features, making them particularly suitable for precise spinal cord injury detection and segmentation. Integrating advanced filtering techniques with deep learning models can therefore enhance automated SCI analysis, offering both accuracy and efficiency.

Spinal cord injuries can occur due to trauma, degenerative diseases, congenital anomalies, tumors, or infections. Traumatic injuries from falls, accidents, or sports often affect the spinal cord extensively, whereas degenerative conditions may lead to progressive structural damage. Early detection and monitoring of SCI are essential for guiding clinical intervention, rehabilitation, and preventive care (Roy, Carass, & Prince, 2018; Lebedev & Vasiliev, 2018).

Medical imaging, particularly MRI, provides detailed visualisation of spinal cord structures, enabling detection of injuries or structural deviations. Manual analysis of MRI images is labour-intensive and prone to error, which has led to the adoption of segmentation techniques. Segmentation divides the image into meaningful regions, allowing precise identification of injured areas. Accurate segmentation is essential for evaluating injury severity and informing clinical decisions (Litjens et al., 2017).

Advances in artificial intelligence (AI) have greatly improved spinal cord injury analysis. CNNs extract spatial and structural features from MRI images, capturing patterns of injury, while ANNs classify these features to distinguish between normal and affected regions. Hybrid CNN–ANN models combine feature extraction and classification capabilities, enabling accurate and automated segmentation of spinal cord injuries (Roy et al., 2018). Preprocessing methods, such as median filtering to remove noise and Gaussian filtering to smooth intensity variations, further improve image quality and segmentation accuracy.

Integrating segmentation with CNN–ANN algorithms allows for the automated detection of spinal cord injuries, highlighting high-risk areas and supporting clinical awareness. This approach enhances diagnostic accuracy, facilitates preventive care, and aids in monitoring injury progression. By providing detailed evaluation of spinal cord injuries, these methods improve understanding of injury patterns, guide rehabilitation strategies, and contribute to better patient outcomes (Chen et al., 2019; Bai et al., 2020).

In conclusion, precise analysis of spinal cord injuries using segmentation and AI algorithms is essential for accurate detection, risk assessment, and clinical decision-making. Hybrid CNN–ANN frameworks, combined with MRI imaging and preprocessing techniques, offer an effective approach for comprehensive spinal cord injury evaluation, supporting treatment planning and preventive healthcare strategies (Litjens et al., 2017; Lebedev & Vasiliev, 2018).

 2. Literature Review:
This literature review focuses on spinal cord injuries and a discussion of artificial intelligence techniques applied and analysis of the results of the conclusion to mention of research contribution in The spinal cord is a critical structure of the central nervous system, responsible for transmitting motor commands from the brain to the body and conveying sensory information from the periphery to the brain. It comprises grey matter, which contains neuronal cell bodies involved in processing sensory and motor signals, and white matter, composed of myelinated axons that enable rapid communication across different regions of the nervous system (Roy, Carass, & Prince, 2018). Damage to the spinal cord, whether from traumatic injury, degenerative disease, or congenital anomalies, can result in severe functional impairments, including paralysis, sensory deficits, and loss of autonomic control. Such injuries not only reduce quality of life but also create significant challenges for healthcare management. Understanding the structural and functional impacts of spinal cord injuries, along with accurate detection and segmentation of affected regions, is therefore of paramount importance.

Magnetic Resonance Imaging (MRI) has become the primary modality for spinal cord assessment due to its high resolution and capacity to differentiate grey and white matter. Manual segmentation methods, although effective, are time-consuming and prone to inter-observer variability. Early computational approaches, including thresholding and edge detection, provided initial capabilities for segmentation but lacked robustness in noisy or variable clinical datasets (Bazin, Pham, & Yeo, 2014). Subsequent techniques employing deformable models and statistical atlases improved segmentation accuracy, yet still required expert intervention and computational resources.

Recent advances in deep learning have substantially transformed spinal cord analysis. Convolutional Neural Networks (CNNs) enable automatic feature extraction from MRI images, capturing complex spatial patterns for precise gray and white matter delineation. For instance, Yang et al. (2025) developed a CNN-based model for cervical spondylotic myelopathy diffusion tensor imaging, which improved segmentation accuracy by 15% compared to traditional methods and demonstrated robustness across diverse patient datasets. Similarly, Ghobrial et al. (2025) evaluated deep learning models for lumbar spine MRI segmentation and reported that automated methods reduced segmentation time by over 70%, highlighting their clinical utility. Roy et al. (2018) and Lebedev & Vasiliev (2018) demonstrated that hybrid CNN–ANN frameworks effectively combine feature extraction and classification, allowing not only segmentation of gray and white matter but also accurate identification of injured regions. These studies collectively conclude that deep learning models enhance both the speed and accuracy of spinal cord analysis, making them suitable for large-scale clinical implementation.

Preprocessing techniques, including Median filtering and Gaussian smoothing, have been shown to significantly improve image quality before segmentation. Wang et al. (2023) reported that these preprocessing steps reduced noise and intensity variations, leading to more reliable feature extraction and higher segmentation accuracy. Valošek et al. (2024) further demonstrated that preprocessing combined with deep learning-based analysis allows for reproducible and quantitative assessment of spinal cord injuries, enabling consistent lesion volume measurement and monitoring of disease progression across multiple centres.

Beyond segmentation, AI-based approaches have been applied to classify spinal cord conditions and predict patient outcomes. Zhang et al. (2023) developed a CNN model for detecting spinal metastases, achieving 92% accuracy in identifying pathological regions, while Bai, Zhang, and Wang (2020) reviewed multiple studies on AI in spinal cord injury and concluded that machine learning models can assist in predicting functional recovery and survival outcomes. These contributions indicate that AI not only improves anatomical analysis but also enhances prognostic evaluation, supporting personalised rehabilitation planning and preventive care.

Furthermore, integrating automated spinal cord analysis with human risk awareness and preventive strategies has been recognised as essential. Accurate identification of affected regions enables healthcare providers to educate patients on safe behaviours, reduce the risk of secondary injuries, and design targeted rehabilitation programs. For example, Chen et al. (2019) highlighted that combining AI-based segmentation with patient education initiatives improves clinical outcomes, while Ghobrial et al. (2025) concluded that early detection of gray and white matter abnormalities allows timely interventions, reducing long-term morbidity.

The literature collectively demonstrates several key contributions: MRI-based segmentation enables precise differentiation of gray and white matter (Bazin et al., 2014; Chen et al., 2019); hybrid CNN–ANN architectures improve automated feature extraction, segmentation, and classification (Roy et al., 2018; Lebedev & Vasiliev, 2018); preprocessing enhances image quality and robustness (Wang et al., 2023); and AI integration supports clinical decision-making, outcome prediction, and patient risk awareness (Bai et al., 2020; Valošek et al., 2024; Zhang et al., 2023). In conclusion, these studies collectively highlight the transformative impact of deep learning and AI in spinal cord imaging, demonstrating how advanced segmentation techniques, coupled with human risk assessment, contribute to improved diagnostic accuracy, clinical decision-making, and patient-centred care.

3. Methodology:
This research focuses on the detection and segmentation of spinal cord injury regions using advanced image processing and deep learning techniques. The MRI datasets were collected from multiple sources, including private hospitals and diagnostic laboratory centres across Tamil Nadu, India. These datasets encompassed a diverse range of cases, including healthy individuals, patients with spinal cord injuries, and those affected by other pathological conditions. The multi-source collection ensures a comprehensive and representative dataset for robust analysis. The study follows a systematic methodology starting with the preprocessing of the spinal cord MRI images. Median and Gaussian filtering techniques were applied to enhance image quality and reduce noise, thereby improving the visibility of anatomical and pathological features critical for precise injury detection.

Following preprocessing, deep learning algorithms were applied for segmentation and detection tasks. Artificial Neural Networks (ANN) and Convolutional Neural Networks (CNN) were both implemented to analyse the MRI images. These algorithms were trained and validated on the collected datasets, and their performance was evaluated comprehensively using standard metrics such as accuracy, sensitivity, and specificity. The analysis incorporates insights from related research studies to benchmark and contextualise the results. The use of three distinct types of MRI images—normal spinal cord scans, injured spinal cord images, and disease-affected scans—allowed for extensive evaluation of the ability of these algorithms to discriminate between healthy tissue, spinal cord injuries, and other abnormalities. The results underscore the potential of combining effective preprocessing and deep learning techniques for automated, accurate spinal cord injury detection and segmentation, contributing substantial advances to the field of medical image analysis.

4. Results and Discussion:
This study aims to evaluate the performance of median filter and Gaussian filter techniques and two deep learning algorithms—Artificial Neural Networks (ANN) and Convolutional Neural Networks (CNN)—for spinal cord injury detection, considering accuracy, runtime, and memory (space) complexity. As part of the research process, MRI images of spinal cord injuries were first preprocessed using median and Gaussian filtering techniques to reduce noise and enhance image clarity. The median filter effectively removes salt-and-pepper noise, while the Gaussian filter smooths intensity variations and preserves structural details.
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Figure 1 shows the result of the original images and the median filter output image.
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Figure 2 shows the result of the Gaussian Filter using spinal cord injury images.
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Figure 3 shows the results of the ANN and CNN algorithms in spinal cord injury detection.
Table 1 shows ANN vs. CNN with median and Gaussian filters, including detection accuracy, segmentation accuracy, runtime, and memory usage
	Algorithm
	Filter Used
	Detection Accuracy (%)
	Segmentation Accuracy (%)
	Runtime             (s per image)
	Memory Usage

	ANN
	Median Filter
	82
	78
	1.2
	Low (~150 MB)

	ANN
	Gaussian Filter
	85
	81
	1.4
	Low (~150 MB)

	CNN
	Median Filter
	88
	85
	3.5
	High (~1.2 GB)

	CNN
	Gaussian Filter
	94
	91
	3.8
	High (~1.2 GB)



These preprocessing steps are essential for preparing high-quality images for subsequent deep learning analysis. In the following processing, the enhanced MRI images were analysed using both ANN and CNN models to detect and segment regions affected by spinal cord injury. In this performance, based on figure 1, figure 2 and table 1, to ANN demonstrated moderate accuracy in both detection and segmentation, offering faster processing times and lower memory usage, making it suitable for applications requiring real-time analysis. 

In contrast, CNN exhibited superior performance, accurately capturing spatial and local features of the spinal cord, resulting in higher detection and segmentation accuracy. However, this improved performance comes at the cost of increased computational time and higher memory requirements due to the network’s complex convolutional architecture. The comparative analysis highlights a trade-off between computational efficiency and detection precision, emphasising the importance of selecting appropriate algorithms and preprocessing techniques based on application requirements.

5. Conclusion

This study evaluated the performance of two deep learning algorithms, Artificial Neural Networks (ANN) and Convolutional Neural Networks (CNN), for spinal cord injury detection and segmentation using MRI images. Preprocessing with median and Gaussian filters effectively reduced noise and enhanced image clarity, which was critical for accurate analysis. Comparative analysis showed that CNN, particularly when combined with Gaussian filtering, achieved the highest detection and segmentation accuracy, outperforming ANN in all cases. While ANN offered faster processing and lower memory usage, CNN provided superior precision in identifying and segmenting spinal cord injuries. Overall, CNN with Gaussian-filtered images is the best approach, balancing high accuracy and robust segmentation, making it the most effective choice for spinal cord injury analysis despite higher computational requirements.
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