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Abstract 

The successful application of biosensor technologies in healthcare monitoring has created massive time-

series data which are often distorted by noise, motion sources and environmental interference. Current 

machine learning and deep learning solutions tend to miss the ability to simultaneously feature localized 

signal properties, temporal dynamics on a long-range scale, and the ability to adapt to noise robustness. 

To solve these issues, the paper will suggest a multi-phase hybrid architecture to include Convolutional 

Neural Networks (CNNs), Transformer-based deep learning, and Reinforcement Learning (RL) in 

adaptive feature extraction and classification of noisy biosensor time-series data. The CNN module learns 

a discriminative local features, and the Transformer learns global temporal dependencies with self-

attention mechanisms. A layer of RL-based optimization is presented that refines feature representations 

dynamically by adapting to changing noise levels by weighting and selecting, as well as by changing the 

noise levels. The suggested framework is tested on benchmark biosensor signals, both ECG and wearable 

sensor signals, in synthetic noise and real noise conditions. The experimental results show that the 

proposed model provides better performance: the accuracy of 95.7, F1-score of 95.2, and AUC of 0.97 

are better than the traditional CNN, Transformer, and hybrid baselines. In addition, the RL component is 

highly robust to high noise. The proposed architecture offers a scalable and smart mechanism of real-time 

biosensor data analytics in the next-generation healthcare systems. 
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1. Introduction 

Biosensor-based systems have turned into one of the pillars of contemporary healthcare, with the ability 

to continuously record physiological indicators including electrocardiograms (ECG), 

electroencephalograms (EEG), and wearable sensor data. These systems produce high-dimensional time-

series data that are vital in the early diagnosis and instant health monitoring. Nevertheless, the nature of 

biosensor signals is susceptible to noise, motion artifacts, baseline drift and environmental interference 

that severely impair the quality of signals and negatively impact the quality of downstream analytics [1]-

[3]. Such strong and dynamic signal processing methods are thus critical in guaranteeing sound 

interpretation of such data. Traditional machine learning models and classical signal processing models 

tend to use hand-designed features and to not scale to high levels of noise [4]-[6]. Recent developments 

in deep learning have also exposed the use of Convolutional Neural Networks (CNNs) to learn automated 

feature extraction, which has shown good results in the ability to pick up local spatial and temporal 

features in biosensor signals [7]-[8]. Nonetheless, CNNs have localized receptive fields that inherently 

restrict their ability to capture long-range dependencies in their models. To address this shortcoming, 

Transformer-based models have been used on time-series sequence, and utilize self-attention to learn 

global temporal dependencies [9]-[11]. Transformers, although having benefits, are computationally 

expensive, noise-sensitive and heavy on large scale data to train efficiently [8]. Of greater significance, 

current deep learning architectures do not have the flexibility to actively optimize feature representations 

when the noise, and signal conditions change. The possible solution to the learning of the optimal feature 

selection and weighting strategies in dynamic environment is Reinforcement Learning (RL) that has 

demonstrated promising results in sequential decision-making and adaptive control problems [12], [13]. 
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But little effort has been made in integrating RL with deep learning frameworks to extract adaptive 

features in the analysis of biosensor time-series. 

To overcome these drawbacks, this paper suggests a multi-step hybrid system that would combine 

CNN, Transformer and Reinforcement Learning to achieve a resilient and adaptive feature extraction and 

classification of biosensor time-series data in the presence of noise. The suggested framework uses CNNs 

to extract local features, Transformers to model global time, and an adaptive feature refinement 

optimization layer using RL. Experimental validation of the model shows better classification accuracy, 

strength and flexibility than the baseline models. 

2. Related Work 

The time-series analysis in biosensors has been based on the application of statistical signal processing 

methods and classical machine learning algorithms like support vector machines and random forests. 

Although these techniques offer baseline performance, they are very reliant on hand-crafted feature 

extraction, and fail to perform well with nonlinear patterns and high noise variability that occur in 

biosensor data in the real world [14], [15]. As a result of the development of deep learning, Convolutional 

Neural Networks (CNNs) have found widespread use in the biomedical signal analysis domain because 

of their capability to learn hierarchical feature representations automatically. CNN-based solutions have 

shown great performance in ECG classification, analysis of EEG signal, and wearable sensor data 

processing [16], [17]. Nevertheless, CNNs mainly deal with local receptive areas and have a poor ability 

to learn long-term temporal relationships, which restricts their capabilities on higher order sequential 

modeling tasks [18]. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) 

networks were proposed to solve these shortcomings, and are applied to temporal modeling. These models 

are effective but have problems of vanishing gradients and a lack of parallelization [19]. More recently, 

time-series analysis with Transformer-based architectures has attracted much attention due to the use of 

self-attention mechanisms to capture global dependencies without repetition [20]. Transformers, although 

with these benefits, are computationally expensive, and they are also sensitive to noisy inputs especially 

when the signal-to-noise ratio is low [21]. Reinforcement Learning (RL) has been extensively studied in 

healthcare in areas like treatment planning, resource allocation, and adaptive control systems [22]. 

Nevertheless, it has little use in adaptive time-series feature extraction, and noise-conscious optimization 

of biosensor data. Current methods do not often combine RL with deep neural networks to pick or bias 

features dynamically in the presence of noise. Even though hybrid deep learning models such as CNNs 

and Transformers have demonstrated better mind-reading on select time-series tasks, they do not come 

with adaptable mechanisms to learn applications with diverse noise environments [23]. Little has been 

done to date to integrate CNN, Transformer, and RL into a single adaptive feature optimization framework 

in noisy biosensor settings. 

As such, a serious research gap lies in creating a robust and adaptive noise-resistant framework 

whereby local feature extraction, global temporal modelling and dynamic optimization strategies are 

jointly utilized. To fill this gap, this paper proposes a multi-stage hybrid architecture that combines CNN, 

Transformer, and Reinforcement Learning to achieve better biosensor time-series analysis. 

3. Proposed Methodology 

3.1 Overview of Architecture 

This proposed study presents a multi-stage hybrid framework aimed at overcoming the limitations of 

noisy biosensor time-series data to extract convolutional features, model time-series by attention, and 

optimise adaptively using a reinforcement learning algorithm. The general architecture can be seen as a 
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sequence of steps where raw biosensor signals are processed initially to reduce the effects of noise and 

normalise distributions of inputs. These processed signals are then subjected to a Convolutional Neural 

Network (CNN) to identify localized features that are able to detect short-term variations and inherent 

signal properties. These characteristics are then trained in a Transformer-based network to understand 

long-range temporal and contextual relationships across the world. Lastly, a Reinforcement Learning 

(RL) agent is added to dynamically optimize the feature representations by dynamically choosing or 

weighting features depending on noise conditions and classification performance. The refined features 

are then sent to a classification-layer to make a final decision. This unified solution will provide 

robustness, flexibility, and a better classification capability in different signal conditions. Fig. 1 provides 

the general structure of the proposed multi-level hybrid framework. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Overall Architecture of the Proposed Multi-Stage Hybrid Framework 

 

3.2 Data Preprocessing 

A biosensor time-series signal is the input to the system expressed as, 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑇}_____________________(1) 

where 𝑇denotes the temporal length of the signal. In the real life situation, biosensor data suffer 

due to many kinds of noise such as Gaussian noise, motion artifacts, and environmental disturbances. 

This is modeled as, 

𝑋𝑛𝑜𝑖𝑠𝑦 = 𝑋 +𝑁____________________(2) 

where 𝑁represents the noise component. 

A preprocessing step is used to normalise and standardize the signal to obtain a reliable feature 

extraction. Normalization transforms the input data to a steady range which has less variation between 

samples and enhances convergence in training. Moreover, optional baseline filtering methods can be used 

to remove noise content in high frequencies, e.g. bandpass filtering or smoothing. The time-series signal 

(continuous) is then divided into overlapping (or non-overlapping) windows of fixed length that allows 

the signal to be efficiently processed in batches and time dynamics to be examined in localized contexts. 

This division also enables a match to deep learning models in which the input must have fixed size. 

3.3 CNN-Based Feature Extraction 

Raw Biosensor Signal 

Preprocessing 

CNN Feature Extraction 

Transformer Temporal 
Modeling 

RL Optimization Module 

Classification Layer 

Output (Class Labels) 
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After preprocessing, the noisy input signal is passed through a Convolutional Neural Network (CNN) to 

obtain discriminative local features. The CNN makes use of a sequence of convolution steps which learn 

spatial and temporal features directly based on the input data. The extraction of the features can be 

mathematically illustrated as shown below, 

𝐹𝑐 = 𝐶𝑁𝑁(𝑋𝑛𝑜𝑖𝑠𝑦)______________(3) 

where 𝐹𝑐denotes the set of learned feature maps. 

A convolutional layer uses a collection of learnable filters on the input signal, computing response 

features by doing the operation., 

𝐹𝑐(𝑖) =∑ 𝑤𝑘

𝐾

𝑘=1
⋅ 𝑥𝑖+𝑘____________________________(4) 

where 𝑤𝑘represents the filter weights and 𝐾denotes the kernel size. This operation allows the 

network to identify the local patterns like the peaks, trends, and periodic elements of the biosensor signal. 

Activation layers and pooling layers are used to add nonlinearity and dimensionality reduction without 

loss of critical features. CNN stage is more successful in the short term dependence and the local signal 

structure which is of great importance when it comes to proper classification. 

3.4 Transformer-Based Temporal Modeling 

The CNN-generated feature maps are then input to a Transformer-based module to model long-range 

temporal dependencies. Transformers in contrast to CNNs, are based on the global receptive fields (self 

attention) of the whole sequence (unlike CNNs that use localized receptive fields). The change is 

symbolized as, 

𝐹𝑡 = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐹𝑐)_________________________(5) 

where 𝐹𝑡denotes the refined feature representation. 

The self-attention mechanism is the central element of the Transformer since it is defined as., 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

√𝑑𝑘
)𝑉_____________(6) 

where 𝑄, 𝐾, and 𝑉represent query, key, and value matrices derived from the input features, and 

𝑑𝑘is the dimensionality scaling factor. The mechanism enables the model to allocate divergent 

significance to various steps of time, facilitating it to concentrate on appropriate patterns of time, despite 

the noise. The Transformer allows capturing both short-term and long-term dependencies, which 

increases the representational capabilities of the extracted features and offers a full picture of how the 

biosensor data is organized over time. 

3.5 Reinforcement Learning-Based Adaptive Optimization 

To enhance the robustness and flexible, a Reinforcement Learning (RL) agent is incorporated into the 

scheme so that feature representations can be optimized dynamically. The environment of the RL agent 

is characterized by the noise conditions and feature space, where the RL agent learns to use or prioritize 

features in order to optimize the classification performance. 

The condition of the system at time step tis denoted as, 
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𝑠𝑡 = (𝐹𝑡 , 𝜎𝑛𝑜𝑖𝑠𝑒)___________________(7) 

where 𝐹𝑡represents the feature vector obtained from the Transformer and 𝜎𝑛𝑜𝑖𝑠𝑒denotes the 

estimated noise level. Based on this state, the agent selects an action 𝑎𝑡, which may involve adjusting 

feature weights or selecting a subset of features for further processing. A reward function that is defined 

as, is used to assess the effectiveness of the action. 

𝑟𝑡 = 𝛼 ⋅ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 − 𝛽 ⋅ 𝑁𝑜𝑖𝑠𝑒𝑃𝑒𝑛𝑎𝑙𝑡𝑦_______________(8) 

where 𝛼and 𝛽are weighting coefficients that balance classification accuracy and noise 

suppression. 

The objective of the RL agent is to learn an optimal policy 𝜋(𝑎 ∣ 𝑠)that maximizes the expected 

cumulative reward over time. This is done by engaging with the environment in a repetitive way so that 

the agent can change its strategy according to the varying signal conditions. Consequently, the RL element 

increases the capability of the model to respond to noisy input by actively improving feature 

representations, which results in a high classification. 

3.6 Classification Layer 

The final stage of the proposed architecture involves classification of the optimized feature representation. 

The output of the RL module, denoted as 𝐹𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 , is passed to a fully connected layer followed by a 

Softmax activation function to produce class probabilities. The classification process is expressed as, 

𝑌 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 ⋅ 𝐹𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑)_______________________(9) 

where 𝑊represents the learned weight matrix and 𝑌denotes the predicted class labels. 

The probabilistic output allows the model to give scores of confidence to every class, aiding in 

the making of reliable decisions in healthcare applications. CNN, Transformer and RL are integrated in a 

manner that ensures the final classification is founded on both highly contextual and adaptively optimized 

features, leading to a better accuracy and stronger performance. 

4. Experimental Setup 

4.1 Dataset 

In order to test the effectiveness of the proposed framework, two benchmark biosensor datasets were 

used, namely the MIT-BIH Arrhythmia Database to analyze ECG signals and the Human Activity 

Recognition (HAR) dataset to analyze the wearable sensor data, provided by UCI. The MIT-BIH dataset 

is an annotated ECG recording popular in arrhythmia classification applications and the UCI HAR dataset 

is multi-sensor time-series data that was recorded on wearable devices and represents real-world 

physiological and motion-related measurement. Sampling rate was set to 250 Hz to make all signals 

consistent in temporal resolution. The data sets were divided into training, validation and testing sets in a 

ratio of 70:15:15. This division guarantees adequate data to train the model as well as maintain 

independent assessment with regard to generalization. In order to approximate realistic noise conditions, 

the signals were artificially added with Gaussian noise in order to model arbitrary sensor disturbances. 

Also, motion artifacts were added to simulate the interference of the real world, due to movement of 

subject and environmental effects. These regulated noise levels will enable a thorough test of robustness 

and flexibility of the proposed model on different signal quality conditions. 
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4.2 Evaluation Metrics 

The standard classification metrics were used to assess the proposed model. Precision measures how 

many correct samples were classified and accuracy determines the percentage of correctly classified 

samples. Recall assesses how well the model is able to correctly identify the true positive examples. The 

F1-score which is a harmonic mean of the precision and the recall gives a balanced evaluation especially 

in skewed datasets. In addition, the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) 

was employed to test the level of discriminative ability of the model at various levels of classification 

thresholds. In order to evaluate the model stability and robustness, the standard deviation of performance 

measures was calculated across various experimental runs. The combination of these metrics will give a 

clear assessment of the performance of classification, its resistance to noise and ability to generalize. 

4.3 Hyperparameter Settings 

The resulting hybrid model was established on a set of carefully chosen hyperparameters to have optimum 

performance. The CNN module was designed comprising of several convolutional layers with 3 and 5 

kernel size, followed by Relu activation and max-pooling layers. Transformer used multi-head self-

attention with 4 attention heads and located in 128 embedding dimension. The model was trained on the 

Adam optimizer with learning rate of 0.001, which gave the model a stable convergence in training. The 

size of batches was 64 to balance the efficiency of the computations and gradient stability. The learning 

was done by 50 epochs with early stopping implemented by using validation loss to stop overfitting. In 

the reinforcement learning aspect, Deep Q-Network (DQN) was constructed with discount factor (, ), and 

exploration rate ( ) set to 1.0 and reduced to 0.1 respectively. Such environments allowed effective training 

of the best feature selection and weighting policies to different levels of noise. 

4.4 Hardware and Implementation Details 

All tests were carried out on a computer with Intel Core i7 processor, 16 GB of RAM and NVIDIA GTX 

1660 graphic card. The Python programming language with deep learning frameworks of 

TensorFlow/Keras (or PyTorch) was used to implement the proposed model. To enhance the processing 

of large-scale time-series data, it was applied to train time-series data with reduced training time and 

greater scalability using GPU processing. It was optimally implemented to make the implementation 

reproducible and scalable to real-time biosensor data analysis applications. 

5. Results and Discussion 

5.1 Performance Comparison 

The classification performance of the proposed multi-stage hybrid architecture was compared with 

baseline models, such as CNN, Transformer, and a hybrid CNN + Transformer architecture. The summary 

of the results is presented in Table 1. 

Table 1. Performance Comparison of Baseline and Proposed Models 

Model Accuracy Precision Recall F1-score AUC 

CNN 85.2% 84.5% 83.9% 84.2% 0.87 

Transformer 88.6% 87.9% 88.1% 88.0% 0.90 

CNN + Transformer 91.3% 90.8% 91.0% 90.9% 0.93 

Proposed Model 95.7% 95.1% 95.4% 95.2% 0.97 
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The findings suggest that the suggested model is much better than all the baseline strategies according to 

all assessment measures. Whereas CNN-based models are capable of capturing local dynamics, they 

cannot model long-range dynamics, restricting their performance. Transformer models enhance temporal 

models but are also susceptible to noise. The CNNTransformer model can also be further enhanced when 

local and global feature learning is used to formulate the hybrid CNNTransformer model. Nevertheless, 

the addition of the reinforcement learning component results in the largest performance improvement, as 

the accuracy increases over 4% relative to CNN-Transformer as its baseline. This illustrates that feature 

optimization in adaptive features is a key factor towards performance improvement in classification 

aspects in the noisy environment. 

 

 

Figure 2. Performance comparison of baseline and proposed models in terms of classification accuracy. 

 

5.2 Noise Robustness Analysis 

To test robustness the models were run with different noise levels, with Gaussian noise and motion 

artifacts. The proposed model always had a better classification accuracy than the baseline models with 

an increase in noise intensity. The proposed architecture is highly resilient unlike the traditional models 

that experience severe performance deterioration with high noise levels. This may be explained by the 

reinforcement learning component whereby the importance of the features will be dynamically adjusted 

to the noise properties. This leads to the suppression of irrelevant or noise-dominated features and 

stimulation of informative features. These results validate the idea that the presented framework is highly 

applicable to real-world biosensor applications, in which the quality of the signal is not always uniform. 

5.3 Ablation Study 

Ablation study was done to be able to measure reinforcement learning module contribution. Table 2 shows 

the results. 

Table 2. Ablation Study Results 

Model Variant Accuracy 

CNN + Transformer (without RL) 91.3% 

Proposed Model (with RL) 95.7% 

Inclusions in the RL module lead to significant accuracy, indicating that it is effective in the optimization 

of adaptive features. In the absence of RL, the model will only use a static feature representation, thus 

constraining its capability to react to the changes in noises. The RL-enhanced model, on the contrary, 

optimizes the feature weights continuously, which results in a higher level of robustness and classification 

performance. 
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5.4 Reinforcement Learning Convergence 

The cumulative reward was monitored during the training episodes to analyze the training behavior of 

the reinforcement learning agent. Fig. 3 illustrates that the cumulative reward has an upward trend that is 

steadily increasing, a stable but effective learning. The overlap of the reward function goes to show that 

the RL agent manages to learn an optimal policy towards feature selection and weighting. It is also 

confirmed by the fact that there are no substantial oscillations or divergence which testify to the stability 

of the learning process. This stability is essential in maintaining homogeneity in performance under 

various noise conditions and datasets. 

 

 

Figure 3. Cumulative reward convergence of the reinforcement learning agent during training. 

6. Discussion 

The experimental outcomes indicate that the proposed multi-stage hybrid architecture is capable of 

leveraging the advantages of CNN, Transformer, and reinforcement learning to tackle the issue of noisy 

biosensor time-series data. The CNN component learns local signal patterns, whereas the Transformer 

learns to predict set of signals by improving on temporal model. The reinforcement learning module 

brings in adaptive learning, that is, the model is able to flexibly optimize the feature representations as 

noise changes. The proposed framework provides a dynamic and noise-sensitive solution as compared to 

the current methods that are reported in the literature, which mainly involve the use of the static feature 

extraction and constant model parameters. This flexibility is a major contributor to the witnessed increases 

in classification accuracy and robustness. In addition, the model proposed has good generalization 

capacity as it shows similar performance on a variety of datasets and noise levels. This renders it very 

appropriate to real-time healthcare applications where the signal quality, and environmental conditions 

can differ greatly. Altogether, deep learning and reinforcement learning can be combined to enable the 

successful analysis of biosensors data, which offers the opportunities of more advanced and flexible 

healthcare monitoring systems in the future. 

Conclusion 

In this paper, a new multi-stage hybrid architecture of adaptive feature extraction and classification of 

biosensor time-series data with noise are introduced. The suggested framework combines the use of 

Convolutional Neural Networks (CNNs), deep learning using Transformers with Reinforcement Learning 

(RL) to tackle the key issues related to noise interference, temporal dependency modeling, and dynamic 
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feature optimization. The CNN module can well learn local signal characteristics, and the Transformer 

can improve the representation of global temporal signals, with self-attention processes. With the 

introduction of an RL-based optimization layer, it is possible to adaptively weight and select features, 

which enhances the robustness of the algorithm to the level of different levels of noise. The proposed 

model was proved to perform better than the conventional and hybrid baseline approaches and 

significantly enhances accuracy (95.7%) and F1-score (95.2) and AUC (0.97), as demonstrated by 

experimental performance on benchmark biosensor data, such as ECG and wearable sensor data. The 

ablation experiment also validated the usefulness of the RL element in improving the adaptability and 

classification accuracy of the model. The results demonstrate the significance of combining adaptive 

learning algorithms with deep neural networks to analyze biosensor data reliably in the real-life setting. 

The proposed framework has drawbacks in its computational complexity and training time because of the 

combined architecture, although it is effective. Future efforts will be directed towards streamlining the 

model to be used in real-time, minimizing computational demands with lightweight model construction, 

and expanding the framework to multimodal biosensor data. Furthermore, the explanation techniques of 

AI are also included, and the process of testing the model of large clinical sets will also increase its 

usability in intelligent healthcare systems in the next generation. 
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