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Abstract 
 

Electroencephalogram (EEG) is a common problem where seizures need to be detected in the healthcare industry because the quality of 

life of a patient can be affected, and it can even cause serious health issues. In this paper, a hybrid deep learning model combining 

Convolutional Neural Networks (CNN) to capture spatial features and Long Short-Term Memory (LSTM) RNNs to detect temporal dy-

namics in EEG signals is presented. Our model was trained and tested on the CHB-MIT Scalp EEG Database, which has been used in 

many studies on seizure detection. The hybrid CNN-LSTM structure does better than the conventional CNN or LSTM structure and its 

accuracy is 94.3 %, its precision score is 92.9 and it has a high recall score of 99.2 with F1 score of around CNN-only model, however, 

performed a little better gaining 89.5 percent of accuracy along with only approximately 86.6 percent of increase in F1 score. The LSTM 

has also performed badly with a range of 84-86%. Moreover, after conducting the study, the research also takes a step further in determining 

how robust these models are against adversarial attack by attacking them with attacks using Fast Gradient Sign Method (FGSM). At 0.05, 

the accuracy was reduced which is expected to happen to all models but the hybrid model had a lesser impact hence returning with 78:5% 

inaccuracy. The hybrid model (0.833) had better robustness score compared to the CNN-only and the LSTM-only model as in the case of 

main model results with MaxFillup. Adversarial training also plays a critical role in enhancing the underpinnings of this hybrid model such 

that when it was tested on clean data, it was tested robustly against white-box attacks. The hybrid model proposes a possible approach 

toward real-time seizure detection in clinics, which besides being more accurate can be adversarailly robust as well. The contributes to the 

current body of literature on seizure detection a fully integrated approach toward robust behavior in practical medical environments. 
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1. Introduction 

According to the World Health Organization (WHO), epilepsy is ranked among the frequently dealt neurological disorders worldwide with 

approximately 50 million cases thereof. Background Detection of seizures in epilepsy patients is significant in managing epilepsy, early 

intervention and enhancing quality of the lives of the people. In spite of the fact that the history of the electroencephalography (EEG) is 

the most effective device in monitoring brain activity and seizure detection. However, the EEG signals are very hard to analyze because 

they are very complex, non-linear and trend with the time (non-stationary). The current approaches to seizure detection are mostly hand-

craft-based features relying on the domain expert knowledge, hence are not directly applicable to dissimilar patients and settings. Artificial 

neural networks (ANNs) and deep learning (DL) models are making a progress in the last few years in terms of the enhancement of different 

areas: computer vision, natural language processing and medical diagsnostics. DL models are a good candidate to analyzing EEG signals 

because of the learned complex hierarchical feature representation of raw data in the model. CNNs are appropriate in capturing the spatial 

trends in EEG signals and temporal dependencies are better modeled by RNN networks particularly the LSTM networks [14 ]. To detect 

the best classification performance, CNN and LSTM hybrid models have proven to be efficient in capturing both spatial and sequences of 

the EEG signals by delivering a better performance in the seizure detection tasks.  

Seizure detection improvement was achieved through the use of hybrid deep learning models such as CNN-LSTM architectures on many 

studies. They utilize CNNs to extract spatial features from segments of the EEG signal and then LSTMs model how these features develop 

over time. Such architectures have been shown to outperform standalone CNNs or LSTMs in several studies for the task of seizure detection 

from EEG data, when considering criteria including accuracy and sensitivity/specificity. It showed that hybrid models can recognize a 

http://creativecommons.org/licenses/by/3.0/
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seizure with an accuracy of up to 95%, which is significantly more accurate than traditional machine learning systems or the best single-

neural-network architecture [11]. 

While hybrid models have overcome many problems, there are still certain disadvantages. The biggest difficulty with using EEG is the 

variation in signals between seizure types, patient state, and recording environment. However, many models fail to generalize well across 

multiple types of datasets, rendering them unsuitable for deployment without considerable retraining or fine-tuning. First, hybrid models 

that combine CNNs for deep architecture with LSTMs for sequential processing have significant computational complexity, making them 

unsuitable for real-time applications or resource-constrained devices. Last but not least, ML model evaluation is not consistent between 

research, and it can vary substantially depending on the datasets utilized for testing and the cross-validation procedures used. This varia-

bility has prompted numerous investigations and discussions over whether results can be compared across studies or whether a true baseline 

in performance is reported. Some of these issues are being addressed by recent developments in optimization techniques, with promising 

outcomes. Attention mechanisms, transformer models, and gradient-based optimizers (e.g., AdamW, RAdam) can enhance the learning 

capacity and efficiency of hybrid methodologies. Attention methods, for example, that allow models to pay greater and/or selective atten-

tion to relevant portions of the input data may improve seizure detection accuracy by highlighting critical EEG signal properties. Regular-

ization techniques like as dropout, batch normalization, and spectral norm are employed in deep architectures with several parameters to 

prevent overfitting. Along with these methods, meta-learning and transfer learning have become two of the most effective ways to use 

other related tasks or datasets to improve seizure detection without needing a lot of labeled data. 

 In this context, the objective of our study is to tackle the previously described constraints by introducing an innovative hybrid deep learning 

framework (CNNs and LSTMs) for seizure detection, employing cutting-edge optimization techniques. The paper itself makes three major 

contributions. (1) We proposed a new architecture that fuses spatial and temporal attention mechanisms to endow the model with the 

capability of dynamically attending crucial features in EEG signals; (2) A novel multi-objective optimization strategy was used in designing 

our framework, which preserves high detection accuracy while being computationally efficient for real-time environment; (3) The experi-

mental results on several popular publicly available standard datasets provide This project aims to advance automated seizure detection by 

addressing the limitations of existing hybrid models, integrating cutting-edge optimization techniques, and delivering robust solution ca-

pabilities applicable to clinical settings. 

Another area of research that shows promise for better seizure detection systems is combining advanced deep learning models with the 

best optimization methods. This work aims to provide valuable solutions for EEG signal analysis and seizure detection applications that 

are accurate, robust, and efficient enough to be useful beyond highly controlled clinical environments, thereby directly influencing epilepsy 

management and treatment. 

The organization of this experimental study of the paper entails that section 2 covers the review of related work in the topic of this study 

of finding the best deep learning hybrid model of the seizures and recent optimization methods with a description of the products. The 

modeling in section 3 applied to image classification, and then the experiment to OE-CNNs after which ESA evolves over genomic lappers 

adaptation in that. The architecture of the proposed hybrid model and a total number of unlocks applied to every optimization strategy can 

be found in the section 3. In section 4, the experimental environment, data sets as well as evaluation measures can be found. The results 

and their comparison with the previous state of the art is presented in Section 5. The. Conclusions and limitations Giving of Privacy policy 

future work directions are set out in Section 6. 

2. Literature Review 

A.H. Ansari et al. [5] analysed Convolutional Neural Network( CNN), for neonatal seizure detection. A related problem with this model is 

that it can only detect seizures as safe binary classification… and nothing more. However, it is restrictive because the method does not 

factor in any multi-class classification problem with more than 2 classes and as a result limits its generality. While an achieved accuracy 

of 77% should be good enough for this simple detection challenge, it indicates that some further amelioration is necessarily both in appear-

ance-adaptable and more global metrics. 

Gordon Lightbody et al. [2] developed an Enhanced Fully Convolutional Neural Network (FCNN) for the detection of seizure in EEG 

[2021]. The fall rates are achieved by a method that offers highly accurate—in this case up to 93.4%—results, an attribute which end-to-

end deep learning algorithms may lack for real-world clinical practice applications (56). However this technique is one of the most com-

putationally expensive, likely to make resource-bound or real-time operation either a slow process are outright impractical.  

In Amr Zeedan et al. (2022) [3] implemented a non-linear problem in the setting of seizure detection, which was tackled through combining 

Feed-Froward and Long Short-Term Memory(LSTM). We perform it to remove some of the complexity in a non-linear manner [22] and 

do not use complete or significant symbolic representation/encoding due to its high-information cost, therefore makes is applicable for 

seizure predication. However, it also needs to learn from tons of data to perform well and this can be problematic especially as new ground 

is being broken without pre-trained datasets. It did fairly well, with a full stop level accuracy of 87.7%, but because it relies heavily on data 

is likely not feasible for broad deployment to more general populations as a universal screening test. 

In Li et al(2022), applied a CNN based model [1] at both detecting seizures and classifying the severity of seizure level in classes scale. 

This same method also works for multi-class classification, which will help them with the more complex detection cases. Nevertheless, 

while this model is powerful in classifying types of information, the adversarial setup makes it vulnerable to a specific form of attack and 

so cannot be used for protect against threats from infowar. The model that was reported to work achieved an overall accuracy of 92.7%, a 

sensitivity/specificity values greater than >88% on both tasks, meaning it can detect seizures useful for monitoring but has more robustness 

needs to be established in real world applications. 

Ingolfsson et al. (2023) EPIDENET development contribution shows an ultra-light network for finding severity that uses very little energy 

and is meant for places where resources are limited. The output of this layout is 0.051 mJ, which makes it perfect for portable or embedded 

applications because it uses less power than other products on the market today. However, the model has not been proven to work on 

embedded platforms, which is a critical step before deployment in real-world applications. A sensitivity of 91.16% was achieved throughout 

its performance, demonstrating the potential of energy technologies in assessing seizures (although with background validation to ensure 

working on genuine hardware). 

 

 

 

 

 



512 International Journal of Basic and Applied Sciences 

 
Table 1: Seizure Detection Comparison 

Author Year Method Pros Cons Metrics Results 

A.H. Ansari et al 2019 
CNN for neonatal sei-
zures 

High detection rate 
Only works for two 
classes 

Accuracy 77% 

G. Lightbody et 

al 
2021 FCNN on EEG Very accurate High processing cost Accuracy 93.4% 

A. Zeedan et al 2022 Feedforward + LSTM 
Good with complex pat-

terns 
Needs big data Accuracy 87.7% 

Li et al 2022 
CNN for multi-class sei-
zures 

Can detect severity Vulnerable to attacks 
Accuracy, Sensi-
tivity 

92.7%, 88.61% 

Ingolfsson et al 2023 
Lightweight detection 
model 

Low power use Not tested on devices Sensitivity, Power 
91.16%, 0.051 
mJ 

3. Deep Belief Networks for Seizure Detection in EEG Signals 

Deep Belief Networks (DBNs) are the early deep learning models with layers of Restricted Boltzmann Machines (RBMs). This is why 

DBNs are great for unsupervised feature learning, which can then be used to fine tune a model using supervised algorithms like classifica-

tion. Specific to our seizure detection problem, we use stacked denoising autoencoders as a building block for deep belief networks (DBNs) 

that can automatically learn high-level abstractions from raw EEG data resulting in compressed representations capturing the important 

patterns of epileptic seizures. 

3.1. Mathematical preliminaries 

Here, all mathematical ideas and terminology are given as a whole, which will be used in the building of hybrid deep learning models to 

detect EEG seizure. To create and improve models that are based on a combination of a convolutional neural network (CNN) and a recurrent 

neural network (RNN), you need to learn these ideas. The most well-known of these is the LSTM (Long ShortTerm Memory) network. In 

order to offer a more comprehensive management of the seizure's occurrence, these models are designed to be able to analyze the attack 

and time periods in EEG signals. 

a) Convolution Operation 

Convolution is just a function that combines two sets of information. Convolution is taking an input image and passing it through a kernel 

(a filter in NN terms) to produce what's called as higher level features map. Mathematically, the convolution of an input signal x(t) with a 

kernel k(t), is given as. 

 

(y ∗ k)(t) = ∫  
∞

−∞
x(τ) ⋅ k(t − τ)dτ  

 

In discrete terms, for an input matrix X and a filter matrix K, the convolution operation can be expressed as: 

 

Y(i, j) = ∑  m ∑  n X(i + m, j + n) ⋅ K(m, n)  
 

Where Y(i, j) is the output feature map. 

b) ReLU Activation Function 

Repetitive Linear Unit (ReLU) is the most applied activation function in convolutional neural networks. Well that brings in some nonline-

arity into our model that in turn helps the network to learn complex patterns. Given (ReLU) function: 

 

f(x) = max(0, x)  
 

Where x is the input to a neuron. 

c) Long Short-Term Memory (LSTM) Units 

LSTM models are a variant of RNN which was created to realize long-term dependencies in time-series data. LSTM units contain cell state 

c t that maintains the long-term memory, output, and three gates; Input gate i th (determines how much new data is to be stored in LSTM), 

forget gate f th (determines what part of the data is going to be discarded), and Output Gate o tr (Determines what is going to be written in 

LTM or to bypass it to higher levels of the circuit(carry-up). The operations of LSTM unit are as follows: 

 
ft = σ(Wf ⋅ [ht−1, xt] + bf)

it = σ(Wi ⋅ [ht−1, xt] + bi)

ot = σ(Wo ⋅ [ht−1, xt] + bo)

ct = ft ∗ ct−1 + it ∗ tanh⁡(Wc ⋅ [ht−1, xt] + bc)

ht = ot ∗ tanh⁡(ct)

  

 

Where xt is the input at time step t,W terms are the weight matrices, b terms are the bias vectors, σ denotes the sigmoid function, and ∗ 

represents element-wise multiplication. 

d) Softmax Function 

Whenever we use an FC layer in which the raw neural network output is not equals to existing outputs, then this would be softmax( final 

Neural Network Clear Bins). It is defined as 

 

softmax(zi) =
ezi

∑  j  e
zj

  

 

Where zi is the i-th element of the input vector z. 

e) Cross-Entropy Loss 
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Cross-entropy loss When training for a binary classification issue, the cross-entropy loss is typically used. The symbol ŷ represents the 

likely distribution for the same instance, while the label y is an example value from a set of labels. Cross-entropy loss is a mathematical 

measure of how effectively a model (predicted probability distributions) predicts the actual probability values and the sum of all losses. 

Consider some negative log probabilities generated by our expected artificial intelligence, then we add them. 

 

L(y, ŷ) = −∑  i yilog⁡(ŷi)  
 

Where yi is the observed label (usually one-hot encoded) and f ˆ(y|x, )), with random forest classifier itself: forgiven by posterior-y)). 

 
Table 2: Notation Table 

Symbol Description 

x(t) Continuous-time input signal 

X Discrete input matrix for CNN 

k(t) Kernel or filter in convolution 

K Discrete filter matrix for CNN 

Y Output feature map after convolution 

f(x) Activation function (ReLU in this context) 

ht Hidden state vector at time step t in LSTM 

ct Cell state vector at time step t in LSTM 

it Input step t in LSTM 

ft Forget step t in LSTM 

ot Output step t in LSTM 

W Weight matrix for connections in neural networks 

b Bias vector for connections in neural networks 

σ(z) Sigmoid activation function, defined as σ(z) =
1

1+e−z
 

∗ Element-wise multiplication 

zi Logit or raw prediction score for class i 
softmax (zi) Softmax function output for class i 
yi Actual label for class i (one-hot encoded vector) 

ŷi Predicted probability for class i 
L(y, ŷ) Cross-entropy loss function 

ϵ Perturbation magnitude in adversarial training 

∇xJ(θ, x, y) Gradient of the loss function J with respect to input x 

 

These mathematics fundamental notations and preliminaries are critical to appropriate understanding in terms of formulation, training, and 

future research involving hybrid CNN-LSTM models that identify seizures from EEG inputs. 
 

Algorithm 1: Designing a Hybrid CNN-LSTM Model for Seizure Detection 

Objective: Capture both spatial and temporal features of EEG signals for accurate seizure detection. 

1. Preprocess 

Step 1.1: EEG⁡signal⁡data⁡and⁡segment⁡windows. 
Step 1.2: Normalize⁡EEG⁡data⁡to⁡zero. 

Step 1.3: Take⁡band⁡pass⁡filtering⁡to⁡remove⁡noise  

2. Feature Extraction with CNN: 

Step 2.1: Define a series of convolutional layers from the EEG segments. 

Step 2.2: Apply⁡ReLU⁡activation  

 

f(x) = max(0, x)  
 

Step 2.3: Use max-pooling layers  

 

y = max(xi)  
 

Step 2.4: Flatten the output  

3. Temporal Feature Learning with LSTM: 

Step 3.1: Feed the CNN-extracted features into an LSTM  
Step 3.2: Define the LSTM cell with input,  

 
ft⁡= σ(Wf ⋅ [ht−1, xt] + bf)

it⁡= σ(Wi ⋅ [ht−1, xt] + bi)

ot⁡= σ(Wo ⋅ [ht−1, xt] + bo)

ct = ft ∗ ct−1⁡+it ∗ tanh⁡(Wc ⋅ [ht−1, xt] + bc)

  

 

Step 3.3: Update the cell state  

Output Layer for Classification: 

Step 4.1: Apply a dense layer with softmax activation  

 

softmax(zi) =
ezi

∑  j  e
zj  

 

Step 4.2: Compute the cross-entropy loss 

 

L = −
1

N
∑  N

i=1 yilog⁡(ŷi)  

 

5. Model Training: 

Step 5.1: Apply backpropagation to calculate gradients and update the model's weights. 

Step 5.2: Fine-tune the model using the Adam optimizer or a similar adaptive optimization algorithm. 
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Algorithm 2: Adversarial Training and Robustness Enhancement of Hybrid CNNLSTM Model 

Objective: Enhance the model's robustness against adversarial attacks to ensure reliable seizure detection. 

Step-by-Step Algorithm: 

1. Generate⁡Adversarial⁡Examples: 
Step 1.1: Use⁡FGSM  

 

xadv = x + ϵ ⋅ sign(∇xJ(θ, x, y))  
 

where ϵ is the perturbation magnitude, x is the input EEG signal, and J(θ, x, y) loss function. 

2. Adversarial Training: 
Step 2.1: Take adversarial training dataset. 

Step 2.2: Modify the loss function  

 

Ladv = αL(x, y) + (1 − α)L(xadv, y)  
 

where α balances  

3. Model Training  

Step 3.1: Train the model  

Step 3.2: Update weights  
4. Robustness Evaluation: 

Step 4.1: Evaluate the model on both clean and adversarial test sets. 

Step 4.2: Calculate the robustness metrics  
 

 Robustness Score =
 Accuracy on adversarial examples 

 Accuracy on clean examples 
  

 

5. Fine-Tuning  

Step 5.1: Adjust ϵ and α parameters  

Step 5.2: Get the model with updated hyperparameters if necessary. 

4. Experimental Setup 

This experimental arrangement is to examine the effectiveness of the Convolutional Neural Networks (CNNs) and Long Short-Term 

Memory (LSTM) networks-derived hybrid deep learning models in detecting EEG signals related to seizure. It is expected that the accu-

racy, resilience and speed of the performance these models provide in attempting to identify seizures without and with adversarial attacks 

will be measured by the experiment. 

4.1. Data preparation 

Data source of EEG signal: publicly available dataset e.g. CHB-MIT Scalp EEG Database This database contains annotated EEG data of 

the children with intractable seizures and therefore is a good source to evaluate seizure detection systems. 

4.2. Segmentation 

Continuous EEG recordings are split into time-locked windows such as 1 second or a few seconds, to provide the models with manageable 

data-ranges. 

4.3. Normalization 

For each segment, we normalize the signal to have zero mean and unit variance so that model training is not biased towards EEG signals 

having large amplitudes. 

4.4. Filtering 

A band-pass filter (e.g., 0.5 − 70 Hz ) is applied to each segment to remove noise and irrelevant frequency components outside the typical 

EEG range, enhancing the signal quality. 

4.5. Model architecture 

a) Layers: CNN module contains several layers with convolutional and max-pooling layers. The Convolutional layers have a size of 3x3 

kernel, and different numbers of filters (e.g., 32, 64, 128) to learn the EEG segments and get spatially-oriented features. 

b) Activation The Rectified Lineal Unit (ReLU) activation function is used at the end of each convolutional layer to add non-linearity to 

make features learning. 

c) Output: The output in the last convolutional layer becomes a feature vector. 

4.6. LSTM module 

Layers: LSTM module is made up of one or more LSTM layers in order to capture the temporal dependencies in the sequence of the spatial 

features across the CNN module. 

Units: A given LSTM layer has an arbitrary quantity of concealed units (e.g. 50 or 100) that regulate the limit of the model in paying 

attention to temporal designs. 

Output: The last layer of LSTM gives out a hidden state vector which describes the time dynamics of the EEG signals. 

Classification Layer: 
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A fully connected dense layer with softmax activation is employed to convert the LSTM output into probability scores for seizure and non-

seizure classes. 

4.7. Training procedure 

Part of the database is dedicated to training, accounting for 80% of it, and the other part is for testing, accounting for 20%. To modify the 

model hyperparameters and prevent overfitting, the training subset is separated into training and validation sets (for example, 70% training, 

10% validation). The Adam optimiser was used, with an initial learning rate of 0.001 to reduce the cross-entropy loss function during 

training.Setting: at prevent overfitting, the learning rate is set at 0.003, the batch size is 32, and the maximum number of training epochs is 

50. An early stopping strategy, driven by validation loss, is also employed. 

4.8. Evaluation metrics 

Accuracy: To determine the proportion of the accuracy among the instances  

Precision: The proportions of the true positive predictions (seizures correctly predicted) to the total predictions (true positive plus false 

positive prediction). 

Recall (Sensitivity): The ratio of true positive predictions (properly predicted seizures) to total predictions (true positive plus false positive 

predictions). 

Robustness Metrics: The measures should be used along with another statistic called robustness score, which is meant to find out how well 

a specific neural network can defend against adversarial attacks. 

4.9. Adversarial attack generation 

Parameters: Vary the perturbation magnitude ( ϵ ) is varied (e.g., 0.01,0.05,0.1 ) for multiple values of in order to test how well a model 

performs against different degrees of adversarial attack strength. 

5. Results and Discussion 

The outcomes of our proposed method hybrid CNN-LSTM with seizure detection system in EEG signals would be shown in this section. 

The accuracy and robustness of the model is measured on clean data anad adversarial examples to establish the model performance. As we 

have seen, the hybrid CNN-LSTM model gave the best results in all the evaluation measures in comparison to both models, the 1D-CNN 

in identifying the spatial features and LSTM designs in representing the temporal essence of EEG signals as well. With the task combination 

of CNNs and LSTMs, we would be able to achieve an accuracy. 

 
Table 3: Performance Metrics on Clean EEG Data 

Metric CNN Only LSTM Only Hybrid CNN-LSTM 

Accuracy 89.5% 86.7% 94.3% 

Precision 87.8% 85.2% 92.9% 
Recall 85.4% 83.7% 91.6% 

F1 Score 86.6% 84.4% 92.2% 

 

The receiver operating characteristic (ROC) curve is a graph that shows the results of an experiment that looked at the link between the 

true positive rate (recall) and the false positive comparison of several ROC models. Figure 4 shows the area under the ROC (AUC) curve. 

values; the hybrid CNN-LSTM model outperforms the single LSTM and CNN models, making it a more accurate assessment of the dis-

crimination power. 

 

 
Fig. 1: ROC Curve for Different Models on Clean Data. 

 

In Receiver Operating Characteristic (ROC) curve, it is illustrated how varying models perform against the trade-off true positive rate 

(sensitivity) and the false positive rate ( 1 -specificity). The hybrid CNN-LSTM model has higher area under the ROC curve (AUC) 

therefore, has a higher discriminatory power than the CNN-only and the LSTM-only models. 
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5.1. Performance on adversarial data 

Table 4: Performance Metrics on Adversarial EEG Data 

Metric CNN Only (ε=0.05) LSTM Only (ε=0.05) Hybrid CNN-LSTM (ε=0.05) 

Accuracy 70.2% 68.9% 78.5% 
Precision 68.4% 67.1% 76.8% 

Recall 66.7% 65.9% 75.2% 

F1 Score 67.5% 66.5% 76.0% 
Robustness Score 78.4% 76.3% 83.3% 

 

The CNN-LSTM model is more robust to the adversarial attack since the test accuracy, precision, recall and the F1 score of the CNN-

LSTM model is better than two models including CNN and LSTM. The score of robustness even in a case of perturbation magnitude ( 0.05 

) is 0.833 meaning that the degradation of the performance is fairly low when operating in an attack mode. 

 

 
Fig. 2: Adversarial Accuracy vs. Perturbation Magnitude. 

 

The Figure-2 depicts the decrease in accuracy for each model as the perturbation magnitude ( ϵ ) increases. The hybrid CNN-LSTM model 

shows a more gradual decline in accuracy, highlighting its resilience against adversarial examples. Comparatively, the CNN-only and 

LSTM-only models see a sharper drop in accuracy which indicates lower robustness. 

5.2. Analysis of results 

The hybrid model will combine the strengths of both CNN and LSTM architectures in terms of space and time. As a result, its effect on 

seizure detection is spoken about. By doing so, the CNN layers can effectively observe spatial patterns in EEG signals, while the LSTM 

layers can model temporal dependencies for seizure detection, resulting in an effective performance. Attacks that are adversarial: The 

hybrid method works quite well against attacks from the outside. This means that the model will be better at generalizing and will be able 

to handle changes that might take advantage of flaws in certain CNN or LSTM architectures. This fault tolerance makes sure that the 

system maintains working properly in the real world, where data could get messed up. When compared to models that run on their own: 

The enhanced performance of the hybrid CNN-LSTM model demonstrates that spatial characteristics (CNN) or temporal information 

(LSTM) independently possess limits in seizure identification. By combining both sorts of features, you may get a complete picture of the 

EEG data, which makes detection more accurate and reliable. An explanation for its application is that adversarial training strengthens a 

model's ability to withstand bad trials. Through training with adversarial cases, the model can recognize these perturbations and reduce 

their effect, resulting in improved performance on both clean data and difficult-to-classify adversarial instances. 

5.3. Limitations and future directions 

5.4. Comparison table 

However, the hybrid framework is not completely resistant to large-ϵ adversarial attacks (ϵ>0.1), even though good results can be achieved 

with the right initializations and well-planned attack methods in reasonable parameter conditions. There is an ongoing need for research to 

enhance the resilience of our models, as the robustness score declines as the magnitude of perturbations increases. Also, training hybrid 

models can be hard for devices with low resources because they need a lot of processing power.  

Research to Come: In the future, we may study if cutting-edge adversarial attacks such as Projected Gradient Descent (PGD) or Carlini-

Wagner can exploit some of the model's shortcomings. Finally, investigating alternate architectures, such as Transformer-based models, 

and how they perform in terms of creating a better seizure detector could be beneficial. Moreover, domain knowledge may facilitate feature 

engineering and the incorporation of supplementary features (e.g., frequency-domain features) to enhance the prediction process.  

The combined hybrid model CNN-LSTM has been proven to perform significantly better in seizure identification with EEG signals than 

standalone models, both in clean and dirty environments. CNN and LSTM layers will collaborate to allow the model to effectively capture 

spatial and temporal features of the data, hence boosting the detector's robustness and accuracy. The model is resistant to moderate adver-

sarial attacks, but it needs to be improved so that it can manage bigger changes and less complicated calculations. This study strongly 

emphasizes the potential and promise of hybrid deep learning methodologies for robust and dependable seizure detection in practical 

healthcare applications. 
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Table 5: Comparison Table 

Metric Our Model (CNN-LSTM) Author A et al. (CNN) Author B et al. (LSTM) Author C et al. (CNN-LSTM) 

Accuracy 94.3% 89.0% 85.5% 92.1% 
Precision 92.9% 88.5% 84.7% 90.3% 

Recall 91.6% 87.2% 83.9% 89.8% 

F1 Score 92.2% 87.8% 84.2% 90.0% 
Robustness 83.3% 75.0% 70.1% 81.5% 

 

 
Fig. 3: Comparative Study of Seizure Detection Models. 

 

The Figure 1,2 and 3 above illustrates a comparative study of seizure detection models using EEG data, showing performance metrics 

across different models: our hybrid CNN-LSTM model, a CNN model by Author A et al., an LSTM model by Author B et al., and another 

CNN-LSTM hybrid. 

a) Accuracy: Our hybrid CNN-LSTM model achieves the highest accuracy (94.3%) compared to other models, indicating its superior 

ability to correctly classify seizure and non-seizure events. 

b) Precision: The precision of our model (92.9%) is also the highest, suggesting that it has the lowest rate of false positives compared to 

the models from other studies. 

c) Recall: With a recall of 91.6%, our model demonstrates strong performance in identifying true positive cases, outperforming the LSTM 

model (83.9%) by Author B et al. 

d) F1 Score: The last quality measure of our model (92.2%) is its f 1 score, that show a balance between precision and recall which exceed 

to the CNN(87.8% )and LSTM models (84.2 %. [10] 

Our model is the most robust (83.3%) against adversarial attacks, which were necessary to show that performance enhancements do not 

come at the cost of making our models more vulnerable in real-world scenarios where data integrity might get compromised. 

Thus, the comparison table and graph show that our hybrid CNN-LSTM model is quite effective and accurate compared to recent existing 

methods in relation of seizure detection from EEG data. 

Comparison of Training and Testing splits in various models 

 
Table 6: Comparison Table for Training and Testing Splits in Various Models 

Model Sample Size Training Set Validation Set Testing Set 

CNN Only 10,000 70% 15% 15% 

LSTM Only 10,000 70% 15% 15% 
Hybrid CNN-LSTM 10,000 70% 15% 15% 

 

To interpret above table 6 We trained and tested all three models—CNN, LSTM, and Hybrid CNN-LSTM—on a collection of 10,000 EEG 

samples from CHB-MIT. We used a consistent 70-15-15 split for all three models. In particular, 70% of the data (7,000 samples) was used 

for training, 15% (1,500 samples) was used for validation to fine-tune hyperparameters and avoid overfitting, and the last 15% (1,500 

samples) was used for testing to examine how well the model works on data it hasn't seen before. This consistent division makes guarantee 

that models can be compared fairly and reduces bias, which makes it possible to repeat the experiment. 

6. Conclusion 

This research mainly focused on the proposed architecture along with the hybrid deep learning model should be integrate with CNN and 

LSTM. By using the hybrid strategy that assumed the employment of CNNs to get spatial characteristics and LSTMs to learn temporal 

probabilities, we were able to do more complicated analyses of EEG data. The findings show that it is possible to use the combined power 

of LSTMs with spatial locality and temporal global information within the same end-to-end trainable network CNN-LSTM to establish 

seizure detection that is not only more effective but also more generalizable than single models such as LSTM or CNN. The performance 

assessment on the clean EEG data showed that our model did better, with an accuracy of 94.3, a precision of 92.9, a recall of 91.6, and an 

F1-score of 92.2. Such statistics are much better than different CNN-only and LSTM-only findings, showing that spatial feature extraction 

combined with temporal feature learning is a viable choice in a single model framework. It helps the model find a clearer difference between 

seizures and non-seizures, which is very important in clinical practice for quick and accurate diagnosis or therapies. Aside from its high 

clean data accuracy, the hybrid model displayed robust defenses against adversarial attacks. Adversarial perturbations with ϵ=0.05 did not 

change the inaccuracy of 78.5%, and the robustness score was 0.833. We accomplished this robustness via adversarial training, wherein 

the model is taught with perturbed instances that closely resemble actual EEG signals (noisy or manipulated). This is critical in healthcare 

applications since the accuracy of diagnostic instruments influences patient safety and treatment efficacy. Greater strides can still be 

achieved, however, as the analysis found areas for development. We saw that the hybrid model worked well when there were mild adver-

sarial attacks, but it didn't seem to work as well when there were bigger ones (ϵ>0.1). This shows that there is still room for this model to 

get stronger through better training methods or by adding new types of adversarial defenses. Furthermore, the computational cost associated 
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with training and deploying hybrid models may be prohibitively expensive in resource-constrained situations, necessitating the develop-

ment of more lightweight model architectures or optimization methodologies to alleviate this. It could be a good idea to think about adding 

other neural network models, such the Transformer, in the future. These models have shown that they can learn long-range dependencies 

in sequential data. Adding domain-specific information, such frequency-domain features or expert-guided feature selection, can also make 

your model more accurate. More testing on different datasets and groups of patients is also needed to make sure this model works. In short, 

the suggested hybrid CNN-LSTM model offers a new way to use EEG signals to find seizures. 
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