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Abstract: Multiple Sclerosis (MS) is a severe neurological disease and requires a fast and precise 

diagnosis for the optimal treatment outcome. This paper proposes a novel model that combines the 

hybrid multi-scale feature extraction with an adaptive attention mechanism to achieve ultra-low 

latency feature learning for MS detection in medical imaging. The proposed deep learning models 

have significantly improved the detection accuracy and reduced the latency. It reached 95% 

detection accuracy within 50 ms latency which means a 15% increase over the conventional ones. 

The adaptive attention mechanisms pay particular attention to key features which further increases 

the classification accuracy. This advanced detection model can be used in real-time monitoring and 

interventions which can effectively improve Multiple Sclerosis management. 
Keywords— Multiple Sclerosis (MS); Ultra-Low Latency; Feature Learning; Hybrid Multi-Scale Feature 

Extraction; Adaptive Attention; Medical Imaging; Real-Time Detection; Machine Learning; Neural Networks. 

 

 

1. INTRODUCTION  

 Multiple sclerosis (MS) is a degenerative 
neurological disorder that impairs the lives of 

millions of people. MS is defined by myelin-sheath 

damage of nerve fibers, and it affects the pathways 

through which the brain communicates with the rest 

of the body. It leads to a range of symptoms, 

including fatigue, loss of mobility, and cognitive 

dysfunction. Accurate and timely diagnosis is key 

because early interventions have been proven to 

improve patient outcomes and delay the progression 

of the disease [1]. Despite advancements in modern 

medicine, conventional diagnosis still largely relies 

on magnetic resonance imaging (MRI) and clinical 
assessments, both of which are time-consuming and 

subjective. [2] [3] By leveraging advances in 

machine learning (ML) and artificial intelligence 

(AI), it is possible to quickly and objectively analyze 

data from medical imaging and improve diagnostic 

processes. In particular, automatic analysis can 

correct human biases that influence diagnostic 

decisions, but many existing ML models suffer from 

high latency, rendering their use impractical for 

clinical applications in real time [4] [5]. Reducing 

latency in feature learning has become an important 

priority for physicians, especially when it comes to 
diseases such as MS, where outcomes can be greatly 

improved through early diagnosis and intervention 

[6]. These challenges can be addressed by a novel 

hybrid multi-scale feature extraction framework with 

an adaptive attention mechanism, which is designed 

to reduce the latency, improve the detection accuracy 

and efficiency of the MS, and make use of multi-

scale features for modeling unobserved and 

unmeasured covariates. This approach will 

theoretically lead to a more complete set of patterns 

based on imaging data by utilizing multi-scale 

features, thus improving the model’s discriminative 
power for identifying abnormalities related to MS [7] 

[8]. Moreover, the adaptive attention mechanism will 

allow the model to pay more attention to the 

informative features, thus leading to better 

classification performance and computational 

efficiency [9] [10]. Experimental results have 

demonstrated that the proposed framework achieves a 

classification accuracy of 95% and a latency of less 

than 50 ms, a 15% improvement over the traditional 

approach. Our reduced latency not only addresses the 
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short time for diagnosis but also leads to the option of 

real-time monitoring and intervention for patients 

with MS. Finally, this paper contributes to the 

modern research areas of medical imaging by the 

way of exhibiting the efficiency of the proposed 
hybrid multi-scale feature extraction and adaptive 

attention in the diagnosis of MS disease. In addition, 

the study aims to address the key challenge of latency 

and accuracy simultaneously to develop fast and right 

diagnosis development tools for the treatment of 

patients early. 

 

2.Materials and Methods 

 

1. Data Collection 

 

The study was implemented using the open data of 
multichannel MRI images of the brain with Multiple 

Sclerosis (MS) patients diagnosis. The open data 

includes the set of labelled images of MS lesions on 

different stages and MS types. Each image was 

preprocessed to normalize it in terms of the input size 

and intensity values. The data augmentation was 

performed via the methods of rotation, flipping and 

scaling to increase the robustness of the model and 

avoid the problem of the overfitting. The dataset was 

split into three sets: the training, validation and 

testing sets. The training set was used for learning, 
the validation set was used for the learning rate 

control, and the tests set were used to evaluate the 

model’s ability to detect MS subclinical lesions in the 

image. 

 

2.2 Hybrid Multi-Scale Feature Extraction 

 

The proposed feature extraction method combines a 

hybrid multi-scale approach to take into account both 

the fine and coarse details of the MRI images. Thus, 

the feature extraction technique can be 

mathematically expressed as follows: 
 

F(x)=∑ αi ⋅ fi(x)𝑁
𝑖=1 ….(1) 

 

In this equation, F(x) represents the summed feature 

representation at different scales, 𝛼𝑖 is a weight given 

to the 𝑖 scale, and (𝑥) is features extracted at the 𝑖 
scale. This setup helps the model to identify lesions 

in the MS images by allowing it to capture the spatial 

hierarchy of the data. The multi-scale feature 

extractions allow the model to recognize different 

features from the data, enabling it to perform better in 
detecting different MS lesion characteristics. This 

setup helps in increasing the accuracy of diagnosis 

when the model is applied in clinical diagnoses and 

minimizing the false positive and negative results that 

often occur. 

 

2.3 Adaptive Attention Mechanism 

 

To optimize the model's focus on relevant features, 

an adaptive attention mechanism was integrated into 
the framework. The attention weights are calculated 

using the equation: 

 

A(x)=
exp(f(x))

∑ exp(fj(x))
𝑀
𝑗=1

….(2) 

 

In this formula, A(x) is the attention weight for the 

feature x, and f(x) is a scoring function that 

represents the importance of each feature, and the 

number of features is denoted as 𝑀. This adaptive 
attention mechanism allows the model to focus on 

features that are more representative of MS lesions, 

which improves classification performance. That is, it 

makes the model more sensitive to salient features 

and could potentially reduce the computational 

burden needed for diagnosis. 

2.4 Model Training and Evaluation 

 

The model was trained using a combination of 

supervised learning techniques, employing a loss 

function defined as follows: 

 

Loss=−
1

𝑁
∑ [yilog(ŷi) + (1 − yi)log(1 −𝑁
𝐼=1

ŷi)]…..(3) 

 

The equation above where N is the number of 

samples, 𝑦𝑖 is the true label for the sample i, and is 

the prediction for that sample.𝑦𝑖̂ is the estimated 

probability for the sample 𝑖. The model was trained 

using an adaptive learning rate algorithm. The model 
performance was evaluated by the following metrics: 

accuracy, precision, recall, and F1-score, which were 

combined for a holistic assessment of the overall 

model’s performance to identify MS lesions. To 

avoid overfitting and ensure the model’s robustness 

in clinical applications, the data was split into 

training and validation sets for tuning 

hyperparameters and model assessment. 
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Figure 1: Methodology for Multiple Sclerosis 

Detection Using Ultra-Low Latency Feature 

Learning 

 

Figure 1 depicts a detailed procedure of detecting 

Multiple Sclerosis using the ultra-low latency feature 

learning methodology. It displays the entire process 

from collecting MRI data, hybrid multi-scale feature 

extraction and measuring the performance of the 

model, to facilitate the diagnostic process. 

 

2.5 Implementation 

The proposed model was written in Python 
programming language with TensorFlow and Keras 

libraries, as both are fully developed frameworks for 

building and training deep learning models. To 

ensure high accuracy and ultra-low latency when 

extracting and classifying features, the model was 

trained and tested on a high-performance computing 

platform with GPUs. The architecture of the model 

has been built with both a convolution layer to extract 

the features and an attention mechanism that gives a 

layer-by-layer interpretation of the results. All 

features were chosen to be interpretable for real-time 

tracking of MS patients and provide reliable 
information to doctors and medical professionals for 

patient care. 

 

3.Results  

 

3.1 Classification Accuracy 

 

The proposed hybrid multi-scale feature extraction 

method with adaptive attention was tested for the 

classification of MS MRI images. As a result, the 

proposed model showed the best performance, 
scoring 95% classification accuracy compared to the 

score between 80-85 % usually produced by the 

state-of-the-art methods. This clearly showed the 

effectiveness of the proposed method in combining 

the multi-scale features and adaptive attention 

mechanism for improving the model’s discriminative 

ability. 
 

 

Figure 2 : Classification Accuracy Comparison 

Figure 2 shows the comparation of two methods, the 

traditional methods and the proposed model, in term 

of classification accuracy in detecting Multiple 

Sclerosis . The proposed model has 95% of 
classification accuracy, which is better than 82% of 

traditional method because of the proposed model has 

the ability of precise detection of lesions of MS . 

 

3.2 Latency Measurement 

 

The latency of the proposed model was also analysed 

to evaluate the precision of the approach and its 

future applications for real-time appropriations. Our 

findings demonstrated that the proposed model is 

capable to provide less than 50 ms of latency even for 
massive datasets, which is a crucial issue for real-

time medical appropriations for intervening in 

clinical interventions periodically. Most of the state-

of-the-art models are unable to show less than 100 ms 

latency for the same appropriations. This significant 

reduction in latency affirms the reliability and precise 

applicability of our proposed approach for real-time 

monitoring and diagnosis of Multiple Sclerosis. 
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Figure 3: Latency Comparison 

 

Figure 3 shows the two waves compare with the 

traditional and the proposed times of the detection of 

Multiple Sclerosis. The proposed model becomes 

almost 38 ms, significantly lower than 120 ms that is 

the traditional time. It's clear that the proposed model 

is more efficient. 

 

3.3 Feature Importance Analysis 

 

This adaptive attention mechanism helped to identify 

the features most relevant for MS detection. The 
analysis of attention weights demonstrated that the 

model consistently focused on features related to the 

visual appearance of lesions in MRI scans. This 

analysis leads not only to better interpretability but 

also to insights into what is most critical about the 

data that leads to the desired decision. 

 

 

Figure 4: Feature Importance 

Figure 4 illustrates the signifigant of each particular 

feature used in multiple sclerosis detection. 

Accordingly, "Lesion Size" is the highest factor at 

35%, revealing that tissues specific imaging features 

are crucial for the correct determination of MS 

abnormalities. 

3.4 Comparative Analysis 

We also conducted a detailed comparison of our 

method to these existing methods of feature 

extraction, and our findings proved that the proposed 

hybrid model outperformed them in all aspects. The 

proposed model had a 15% improvement in 

classification accuracy and a 30% reduction in 

latency. The adaptation ability of the model towards 

focussing on relevant features is an added advantage, 

and it can therefore prove to be a useful tool for the 

diagnosis and management of MS. 

 

Figure 5 Comparative Analysis 

 

Figure 5 outlines the comparison of Accuracy and 

latency of multiple sclerosis detection using 

traditional methods and the proposed model. The 

proposed model clearly outperforms the traditional 

methods by achieving an accuracy of 95% with 

minimum latency of 50 ms, which is far less in 

comparison to latency of traditional approaches. 

 

4.CONCLUSION 
The proposed approach with ultra-low latency feature 

learning, hybrid multi-scale feature extraction with an 

adaptive attention mechanism in deep learning shows 

best experimental results for MRI diagnosis for 

Multiple Sclerosis with a classification accuracy of 

95%, compared to traditional methods with an 

average of 82%, and with latency as low as 50 ms, 

compared to at least 120 ms for existing approaches, 

which is crucial for real-time computer-aided 

monitoring and diagnosis. The adaptive attention 

mechanism helped discover essential features and 

prioritise them for smart diagnosis and increased 
performance of the proposed model while 

maintaining its computational efficiency. In this 

research, the proposed deep learning model that 

utilises a unique approach for ultra-low latency 

feature learning, hybrid multi-scale feature extraction 

with an adaptive attention mechanism, will help to 

detect the Multiple Sclerosis with early diagnosis that 

is crucial for clinical workflows and the disease 

outcomes.     
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