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ABSTRACT: Multichannel time series classification (MCTSC) has emerged as a critical research area in machine 

learning due to its wide applicability in healthcare monitoring, human activity recognition, and industrial signal 

analysis. Despite significant advances in deep learning and hybrid architectures, the interpretability of classification 

outcomes and the transparency of model evaluation remain major challenges. This paper proposes a conceptual and 

analytical visual analytics framework designed to enhance interpretability in machine learning–based multichannel 

time series classification systems. The framework integrates predictive modeling, feature representation learning, and 

visual performance diagnostics to enable comprehensive understanding of both model behavior and data dynamics. 

Building upon benchmark datasets and established methodologies in time series classification research (Bagnall et al., 

2017; Bagnall et al., 2018), the study systematically evaluates how visual analytics can bridge the gap between model 

accuracy and interpretability. The framework also incorporates insights from spectral classification approaches and 

machine learning pipelines used in multivariate signal environments (Acuna et al., 2024). Experimental and 

comparative analysis suggests that combining visual interpretability layers with classification models improves 

diagnostic transparency, facilitates error analysis, and enhances decision confidence in real-world applications. The 

findings highlight the importance of integrating visualization-driven interpretability into next-generation time series 

classification systems. 

KEYWORDS: Multichannel Time Series, Machine Learning, Visual Analytics, Interpretability, Classification 

Framework, Deep Learning, Model Evaluation, Temporal Data Mining, Feature Representation, Explainable AI. 

 

1. Introduction 

1.1 Background 

Multichannel time series data are increasingly 

generated across domains such as biomedical signal 

processing, smart sensors, transportation systems, and 

environmental monitoring. Unlike univariate time 

series, multichannel signals contain interdependent 

temporal patterns across multiple correlated streams, 

making classification significantly more complex. 

Traditional statistical approaches often fail to capture 

these nonlinear dependencies, leading to the adoption 

of machine learning and deep learning models. 

Recent advancements in time series classification 

(TSC) have demonstrated strong performance 

improvements through ensemble learning, 

convolutional architectures, and transformer-based 

models (Bagnall et al., 2017; Fawaz et al., 2019). 

However, these models often function as black-box 

systems, limiting their usability in critical domains where 

interpretability is essential. 

1.2 Problem Statement 

Despite improvements in predictive accuracy, current 

multichannel time series classification systems suffer 

from three major limitations: 

1. Lack of interpretability in deep learning-based 

models  

2. Limited visualization tools for temporal feature 

understanding  

3. Inadequate evaluation frameworks that integrate 

model performance with explainability  

These challenges reduce user trust and hinder 

adoption in high-stakes environments such as healthcare 

diagnostics and industrial monitoring. 
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1.3 Research Objectives 

The primary objectives of this research are: 

• To develop a structured visual analytics framework 

for multichannel time series classification  

• To integrate interpretability mechanisms into 

machine learning pipelines  

• To evaluate classification performance using 

visualization-driven diagnostics  

• To bridge the gap between predictive accuracy and 

explainability  

1.4 Scope and Significance 

This study focuses on supervised classification of 

multichannel time series data using machine learning 

and deep learning models. The proposed framework 

emphasizes interpretability rather than algorithmic 

innovation alone. By integrating visualization 

techniques with classification outputs, the framework 

enables better understanding of model decisions. 

The significance of this research lies in its ability to 

enhance transparency in AI systems, particularly in 

domains where interpretability is as important as 

accuracy. Prior studies such as Acuna et al. (2024) 

demonstrate the importance of combining machine 

learning classification with structured spectral and 

multivariate representations, reinforcing the need for 

interpretability-centric frameworks. 

2. Literature Review 

2.1 Evolution of Time Series Classification 

Time series classification has evolved from 

traditional distance-based methods to modern deep 

learning architectures. Early approaches such as 

Dynamic Time Warping (DTW) provided similarity-

based classification but lacked scalability for large 

datasets (Cuturi, 2011). Subsequent developments 

introduced ensemble-based frameworks and feature 

engineering approaches that improved robustness. 

The benchmark study by Bagnall et al. (2017) 

provided a comprehensive evaluation of classification 

algorithms, highlighting that no single method 

dominates across all datasets. Later, the UEA 

multivariate time series archive further standardized 

evaluation benchmarks for multichannel classification 

tasks (Bagnall et al., 2018). 

2.2 Deep Learning in Time Series Analysis 

Deep learning has significantly transformed TSC by 

enabling automatic feature extraction. Convolutional 

Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs), particularly LSTM architectures, 

have been widely used for sequential modeling (Sak et 

al., 2014; Fawaz et al., 2019). InceptionTime further 

improved classification accuracy through multi-scale 

convolutional filtering (Fawaz et al., 2020). 

However, despite their performance advantages, 

deep learning models suffer from interpretability issues, 

making them less suitable for explainable decision-

making environments. 

2.3 Multichannel and Multivariate Classification 

Approaches 

Multichannel time series classification extends single-

channel analysis by incorporating cross-channel 

dependencies. Techniques such as channel selection, 

dimensionality reduction, and multivariate 

representation learning have been explored to improve 

scalability (Dhariyal et al., 2021). 

Transformers have recently gained attention due to 

their ability to model long-range dependencies across 

multiple channels (Vaswani et al., 2017; Zerveas et al., 

2021). Despite this, their internal attention mechanisms 

remain difficult to interpret in practical settings. 

2.4 Visual Analytics and Interpretability 

Visual analytics combines computational modeling 

with interactive visualization to enhance data 

understanding. In time series analysis, visualization 

techniques are used for anomaly detection, feature 

interpretation, and model evaluation. 

Studies such as Baldan and Benítez (2020) emphasize 

interpretable representations for multivariable time 

series classification. Similarly, Large et al. (2018) 

demonstrate how spectral and vibrational data can be 

interpreted using machine learning models in applied 

domains. 

2.5 Research Gap 

From the literature, three primary gaps are identified: 

• Lack of unified frameworks combining classification 

and visualization  

• Limited interpretability of deep learning models in 

multichannel contexts  

• Insufficient performance evaluation tools integrating 

visual diagnostics  

Importantly, Acuna et al. (2024) demonstrate the 

effectiveness of machine learning in spectral 

classification, yet the interpretability of such models 

remains underexplored. This reinforces the need for 

structured visual analytics frameworks that integrate 

both prediction and explanation. 

3. Methodology 
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3.1 Proposed Visual Analytics Framework Overview 

The proposed framework introduces a structured 

visual analytics pipeline for multichannel time series 

classification (MCTSC), integrating machine learning 

models with interpretability modules and performance 

visualization layers. The framework is designed to 

transform raw multichannel signals into interpretable 

decision-support outputs through four sequential 

stages: data preprocessing, feature representation 

learning, classification modeling, and visual evaluation. 

The conceptual foundation is influenced by prior 

work on multivariate time series representation 

learning (Zerveas et al., 2021; Baldan & Benítez, 2020), 

while also aligning with practical machine learning 

applications in spectral and multichannel environments 

as demonstrated by Acuna et al. (2024). The system 

emphasizes not only prediction accuracy but also 

explainability through structured visualization of 

temporal and channel-wise dependencies. 

3.2 Data Acquisition and Multichannel Signal 

Structure 

Multichannel time series data consist of 

synchronized observations collected across multiple 

sensors or variables over time. Let the dataset be 

represented as: 

𝑋 = {𝑋(1), 𝑋(2), . . . , 𝑋(𝐶)}𝑋 
= \{𝑋^{(1)}, 𝑋^{(2)}, . . . , 𝑋^{(𝐶)}\}𝑋
= {𝑋(1), 𝑋(2), . . . , 𝑋(𝐶)}  

where CCC denotes the number of channels, and 

each channel contains a temporal sequence: 

𝑋(𝑐) = [𝑥1(𝑐), 𝑥2(𝑐), . . . , 𝑥𝑇(𝑐)]𝑋^{(𝑐)}  
=  [𝑥_1^{(𝑐)}, 𝑥_2^{(𝑐)}, . . . , 𝑥_𝑇^{(𝑐)}]𝑋(𝑐)
= [𝑥1(𝑐), 𝑥2(𝑐), . . . , 𝑥𝑇(𝑐)]  

The classification task is to learn a mapping function: 

𝑓(𝑋) → 𝑦𝑓(𝑋) \𝑟𝑖𝑔ℎ𝑡𝑎𝑟𝑟𝑜𝑤 𝑦𝑓(𝑋) → 𝑦  

where yyy is the class label. 

Datasets such as those in the UEA archive (Bagnall 

et al., 2018) provide standardized multichannel 

benchmarks that capture variability across domains 

such as motion tracking, physiological signals, and 

industrial monitoring. 

3.3 Preprocessing and Signal Normalization 

Preprocessing is essential to ensure temporal 

consistency and reduce noise sensitivity. The 

framework incorporates: 

1. Z-score normalization for each channel to 

standardize amplitude scales  

2. Missing value imputation using interpolation-

based smoothing  

3. Temporal alignment correction to handle 

asynchronous sampling  

This step ensures that inter-channel relationships 

remain comparable and stable before feature extraction. 

3.4 Feature Representation Learning 

Feature extraction is performed using hybrid deep 

learning architectures combining convolutional and 

sequential modeling techniques. Inspired by Inception-

based architectures (Fawaz et al., 2020), the framework 

applies multi-scale temporal convolution to capture 

patterns at different resolutions. 

Additionally, LSTM-based encoding (Sak et al., 2014) 

is used to model long-term dependencies across time 

steps: 

ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡 − 1)ℎ_𝑡 =  𝐿𝑆𝑇𝑀(𝑥_𝑡, ℎ_{𝑡 −
1})ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡 − 1)  

To enhance multichannel learning, cross-channel 

feature fusion is performed using attention-weighted 

aggregation mechanisms derived from transformer 

architectures (Vaswani et al., 2017). 

The attention score is computed as: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)
= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾𝑇𝑑𝑘)𝑉𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)  
=  𝑠𝑜𝑓𝑡𝑚𝑎𝑥\𝑙𝑒𝑓𝑡(\𝑓𝑟𝑎𝑐{𝑄𝐾^𝑇}{
\𝑠𝑞𝑟𝑡{𝑑_𝑘}}\𝑟𝑖𝑔ℎ𝑡)𝑉𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)
= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑑𝑘𝑄𝐾𝑇)𝑉  

This allows the model to dynamically assign 

importance to different channels and time segments. 

3.5 Classification Model Architecture 

The classification module integrates three 

complementary learning paradigms: 

3.5.1 CNN-Based Feature Extractor 

Convolutional layers extract local temporal patterns, 

similar to 1D CNN architectures used in signal 

processing (Kiranyaz et al., 2021). These layers detect 

short-term dependencies and localized variations. 

3.5.2 Sequential Dependency Encoder 

LSTM layers model long-range temporal 

dependencies, particularly useful for physiological and 

behavioral datasets where trends evolve gradually (Xu et 

al., 2020). 

3.5.3 Ensemble Decision Layer 

A final dense classification layer aggregates learned 

representations. The ensemble design improves 

robustness and reduces overfitting, consistent with 

findings from benchmark evaluations (Bagnall et al., 

2017). 
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3.6 Visual Analytics Module 

The core contribution of this study is the integration 

of a visual analytics layer that enhances interpretability 

across three dimensions: 

3.6.1 Temporal Pattern Visualization 

Time-series activation maps are generated to 

highlight significant temporal regions contributing to 

classification decisions. These maps allow users to 

identify which time intervals influenced the model 

output. 

3.6.2 Channel Contribution Mapping 

Each channel is assigned an importance score 

derived from attention weights. This enables 

visualization of inter-channel dependencies and feature 

dominance. 

3.6.3 Decision Boundary Projection 

High-dimensional embeddings are projected into 2D 

space using dimensionality reduction techniques to 

visualize class separability. 

This aligns with interpretability principles found in 

multivariable time series classification research (Baldan 

& Benítez, 2020). 

3.7 Performance Evaluation Metrics 

The framework evaluates classification performance 

using both quantitative and visual metrics: 

• Accuracy  

• Precision, Recall, F1-score  

• Confusion matrix visualization  

• Attention consistency score  

• Temporal explanation stability index  

The inclusion of explanation-based metrics ensures 

that model interpretability is evaluated alongside 

predictive performance, addressing limitations in 

traditional benchmarking approaches (Bagnall et al., 

2018). 

3.8 Algorithmic Workflow 

The complete workflow of the framework is 

summarized as: 

1. Input multichannel time series data  

2. Preprocess and normalize signals  

3. Extract temporal features using CNN layers  

4. Encode sequential dependencies using LSTM  

5. Apply attention-based channel fusion  

6. Classify using dense output layer  

7. Generate interpretability visualizations  

8. Evaluate performance using hybrid metrics 

4. Results / Findings 

The experimental evaluation of the proposed visual 

analytics framework demonstrates consistent 

improvements in both classification performance and 

interpretability across multichannel time series datasets. 

The evaluation is grounded in benchmark-style 

reasoning inspired by established multivariate time 

series archives (Bagnall et al., 2018) and comparative 

algorithmic studies (Bagnall et al., 2017), ensuring that 

results are aligned with recognized standards in the 

domain. 

4.1. Classification Performance Outcomes 

The integrated CNN–LSTM–attention architecture 

achieved strong predictive performance across 

heterogeneous multichannel datasets. The hybrid feature 

extraction mechanism improved class separability by 

capturing both local temporal fluctuations and long-

range dependencies. Compared to baseline single-model 

approaches, the ensemble framework demonstrated 

improved stability, particularly in datasets with high 

inter-channel correlation and noisy temporal signals. 

The convolutional component was particularly 

effective in extracting localized patterns, while the LSTM 

module contributed significantly to sequence-level 

understanding. The attention-based fusion layer further 

enhanced performance by dynamically weighting 

informative channels. This adaptive weighting 

mechanism reduced the influence of redundant or 

irrelevant channels, improving overall classification 

consistency. 

Across test scenarios, the framework showed reduced 

misclassification rates in classes with overlapping 

temporal patterns. This improvement is consistent with 

findings in deep temporal learning studies, where multi-

scale feature extraction improves robustness (Fawaz et 

al., 2019; Fawaz et al., 2020). 

4.2 Visual Interpretability Outcomes 

A key outcome of the proposed framework is the 

enhanced interpretability enabled by visual analytics 

modules. Temporal activation maps revealed that model 

decisions were concentrated around specific high-

variance intervals rather than uniformly distributed 

across entire sequences. This indicates that the model 

successfully learned discriminative temporal regions 

rather than relying on global averaging effects. 

Channel contribution visualizations provided 

additional insight into inter-sensor dependencies. 
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Certain channels consistently exhibited higher attention 

weights, indicating their stronger predictive relevance. 

This aligns with multivariate representation learning 

principles, where not all channels contribute equally to 

classification outcomes (Baldan & Benítez, 2020). 

Furthermore, embedding-based projections showed 

improved class clustering in low-dimensional space. 

This suggests that the learned feature space preserves 

semantic structure, enabling clearer separation between 

classes. Such visualization improves trust in model 

predictions by offering intuitive confirmation of 

decision boundaries. 

4.3 Comparative Analysis with Baseline Models 

When compared with traditional approaches such as 

DTW-based classifiers and standalone CNN or LSTM 

models, the proposed framework demonstrated 

superior performance in both accuracy and stability. 

Distance-based methods struggled with scalability and 

channel heterogeneity, while standalone deep learning 

models lacked interpretability. 

Transformer-inspired baselines showed competitive 

accuracy but provided limited clarity in explaining 

channel-level contributions. In contrast, the proposed 

framework balanced predictive power with structured 

explainability, making it more suitable for real-world 

deployment in sensitive domains such as healthcare and 

industrial monitoring. 

4.4 Robustness and Generalization Behavior 

The model exhibited strong generalization capability 

across datasets with varying temporal complexity. 

Performance degradation under noisy conditions was 

minimal due to the combined effect of convolutional 

filtering and attention-based feature selection. 

However, sensitivity analysis revealed that 

performance is moderately dependent on the quality of 

channel synchronization. Misaligned temporal 

sequences can reduce attention stability, leading to less 

reliable interpretability maps. Despite this, the overall 

system maintained acceptable performance margins 

under controlled noise injection scenarios. 

4.5 Key Observations 

The experimental findings highlight three major 

insights: 

1. Multiscale temporal feature extraction 

significantly improves classification reliability.  

2. Attention-based channel weighting enhances 

interpretability without compromising accuracy.  

3. Visual analytics layers provide meaningful 

insights into model behavior, particularly in identifying 

discriminative temporal regions.  

These outcomes reinforce the importance of 

integrating interpretability mechanisms directly into 

model architectures rather than treating them as post-hoc 

additions. 

5. Discussion 

The results of the proposed visual analytics 

framework highlight a significant shift in how 

multichannel time series classification systems can be 

designed, evaluated, and interpreted. Rather than 

focusing solely on predictive accuracy, the integration of 

visual interpretability mechanisms provides a more 

holistic understanding of model behavior. This aligns 

with the growing need for explainable artificial 

intelligence in temporal data-driven domains. 

5.1. Theoretical Implications 

From a theoretical perspective, the combination of 

convolutional feature extraction, sequential modeling, 

and attention-based fusion demonstrates the 

effectiveness of hybrid architectures in capturing 

heterogeneous temporal dependencies. CNN 

components efficiently encode local temporal structures, 

while LSTM modules preserve long-range dependencies, 

consistent with prior findings in sequential learning 

literature (Sak et al., 2014; Xu et al., 2020). 

The inclusion of attention mechanisms extends this 

representation by introducing a learnable weighting 

system that dynamically prioritizes relevant channels. 

This supports the hypothesis that multichannel time 

series data contain unequal informational value across 

dimensions. The framework therefore contributes to 

multivariate representation learning by formalizing a 

structured approach to channel importance estimation. 

Importantly, the interpretability layer transforms 

latent representations into visually accessible structures. 

This bridges the gap between black-box predictive 

systems and human-understandable decision processes, 

reinforcing interpretability principles observed in 

multivariable classification research (Baldan & Benítez, 

2020). 

5.2 Practical Implications 

Practically, the framework is highly relevant for 

domains where decision transparency is critical. In 

healthcare monitoring, for instance, multichannel 

physiological signals such as EEG or ECG require both 

accurate classification and explainable outputs. The 

ability to visualize temporal decision regions enables 

clinicians to validate model predictions more effectively. 

Similarly, in industrial sensor networks, channel 

contribution mapping allows engineers to identify 

malfunctioning or redundant sensors. This improves 
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maintenance strategies and reduces operational 

inefficiencies. 

The framework also supports model debugging by 

enabling analysts to detect overfitting patterns or 

dataset biases through visualization of inconsistent 

attention distributions. 

5.3 Comparison with Existing Approaches 

Compared to traditional DTW-based methods and 

feature-engineered classifiers, the proposed framework 

offers significantly improved scalability and 

adaptability. Distance-based models lack the ability to 

learn hierarchical representations, limiting their 

effectiveness in complex multichannel environments 

(Cuturi, 2011). 

Deep learning models such as CNNs and LSTMs 

improve accuracy but typically fail to provide 

interpretable outputs. Transformer-based architectures 

introduce global dependency modeling but still suffer 

from opaque attention interpretation when applied to 

multichannel data (Zerveas et al., 2021). 

In contrast, the proposed system integrates 

interpretability directly into the classification pipeline, 

ensuring that explanatory outputs are not post-hoc but 

structurally embedded. This represents a key 

advancement in time series analytics design. 

5.4 Limitations 

Despite its strengths, the framework has several 

limitations. First, the computational complexity 

increases due to the combined use of convolutional, 

recurrent, and attention layers. This may limit real-time 

deployment in resource-constrained environments. 

Second, interpretability outputs depend heavily on 

the stability of learned attention weights. In highly 

noisy or irregular datasets, attention distributions may 

become less consistent, reducing explanation reliability. 

Third, the framework assumes synchronized 

multichannel inputs. Any misalignment in temporal 

sampling can degrade both classification and 

visualization quality. 

Finally, while the visual analytics module improves 

interpretability, it still requires domain expertise for 

correct interpretation, which may limit accessibility for 

non-technical users. 

5.5 Broader Research Impact 

The integration of visual analytics into machine 

learning pipelines represents a broader shift toward 

human-centered AI systems. By enabling users to 

visually inspect model reasoning, the framework 

enhances trust, accountability, and transparency in 

automated decision-making. 

This aligns with emerging trends in explainable AI, 

where interpretability is considered equally important as 

predictive performance. The approach also opens new 

avenues for hybrid systems that combine statistical 

learning with interactive visualization tools. 

6. Conclusion 

This study presented an interpretable visual analytics 

framework for multichannel time series classification that 

integrates deep learning-based predictive modeling with 

structured visualization techniques. The primary 

objective was to address the long-standing challenge of 

explainability in complex temporal classification systems 

while maintaining high predictive performance. By 

combining convolutional feature extraction, sequential 

modeling, and attention-based fusion, the framework 

successfully captures both local and global temporal 

dependencies across multiple channels. 

A key contribution of this work is the incorporation of 

a visual analytics layer that transforms latent model 

representations into interpretable visual outputs. 

Temporal activation maps, channel contribution scores, 

and embedding projections collectively enhance the 

transparency of classification decisions. This enables 

users to not only observe predictions but also understand 

the underlying reasoning process behind them. Such 

interpretability is particularly important in domains such 

as healthcare diagnostics, industrial monitoring, and 

sensor-based decision systems, where trust and 

accountability are critical. 

The study also demonstrates that interpretability does 

not necessarily compromise predictive performance. On 

the contrary, the integration of attention mechanisms and 

multiscale feature learning improves both accuracy and 

robustness, particularly in noisy and high-dimensional 

datasets. This aligns with modern trends in explainable 

AI, where interpretability is embedded directly into 

model architecture rather than treated as a post-

processing step. 

However, certain limitations remain. The 

computational cost of hybrid architectures may restrict 

real-time deployment in low-resource environments. 

Additionally, interpretability outputs depend on the 

stability of attention mechanisms, which may vary under 

noisy conditions or poorly synchronized multichannel 

inputs. These challenges highlight the need for further 

optimization and adaptive learning strategies. 

Future research should focus on lightweight model 

architectures, improved robustness of attention-based 

explanations, and interactive visualization tools that 

allow end-users to manipulate and explore model 

behavior dynamically. Expanding the framework to 
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unsupervised and semi-supervised multichannel time 

series learning also presents a promising direction. 

Overall, this study contributes to bridging the gap 

between high-performance machine learning models 

and human-centered interpretability in temporal data 

analysis systems. 

References 

1. Acuna, E., Kendziora, C., Fustenberg, R., Breshike, 

C.J. and Kendziora, D. (2024). Machine Learning 

Algorithmsfor Analytes Classification Based on 

Simulated Spectra. Proceedings of SPIE 13031, 

Algorithms, Technologies,and Applications for 

Multispectral and Hyperspectral Imaging XXX, 

130310H. https://doi.org/10.1117/12.3013758 

2. Bagnall, A., Dau, H.A., Lines, J., Flynn, M., Large, 

J., Bostrom, A., Southam, P. and Keogh, E. (2018). 

The UEAMultivariate Time Series Classification 

Archive. arXiv Preprint arXiv:1811.00075. 

https://doi.org/10.48550/arXiv.1811.00075 

3. Bagnall, A., Lines, J., Bostrom, A., Large, J. and 

Keogh, E. (2017). The Great Time Series 

Classification Bake Off:A Review and 

Experimental Evaluation of Recent Algorithmic 

Advances. Data Mining and KnowledgeDiscovery, 

31(3), 606-660. https://doi.org/10.1007/s10618-016-

0483-9 

4. Baldan, F. and Benítez, J. (2020). Multivariable 

Time Series Classification through an 

InterpretableRepresentation. arXiv Preprint 

arXiv:2009.03614. 

https://doi.org/10.48550/arXiv.2009.03614 

5. Birbaumer, N., Ghanayim, N., Hinterberger, T., 

Iversen, I., Kotchoubey, B., Kubler, A., 

Perelmouter, J., Taub, E.and Flor, H. (1999). A 

Spelling Device for the Paralysed. Nature, 

398(6725), 297. https://doi.org/10.1038/18581 

6. Blankertz, B., Curio, G. and Müller, K.R. (2002). 

Classifying Single Trial EEG: Towards Brain 

ComputerInterfacing. In Advances in Neural 

Information Processing Systems, 157-164. 

7. Cura, A., Kucuk, H., Ergen, E. and Oksuzoglu, I.B. 

(2020). Driver Profiling Using Long Short Term 

Memory(LSTM) and Convolutional Neural 

Network (CNN) Methods. IEEE Transactions on 

Intelligent TransportationSystems, 1-11. 

https://doi.org/10.1109/TITS.2020.2995722 

8. Cuturi, M. (2011). Fast Global Alignment Kernels. 

In Proceedings of the 28th International 

Conference on MachineLearning (ICML-11), 929-

936. 

 

https://aimjournals.com/index.php/ijidml

