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Abstract 

 

In neurological healthcare, seizure detection is a key obligation that may enhance clinical evaluation and 

patient monitoring by accurately and promptly identifying seizure episodes. The temporal linkages that 

happen between successive observations may not be captured by conventional image-based approaches as 

they often examine individual frames separately. This paper proposes a hybrid deep learning architecture 

that combines Bidirectional Long Short-Term Memory (BiLSTM) networks for automated seizure detection 

with MobileNetV2-based convolutional neural network (CNN) feature extraction. Sequences of seizure and 

non-seizure images make up the input data. The images are scaled to 128 × 128 pixels, converted to RGB 

format, normalized, and organized into ten-frame sequences. Global Average Pooling is used to extract 

dense spatial data from every frame using a pretrained MobileNetV2 network. Two stacked BiLSTM layers 

with 128 and 64 units examine the recovered feature sequences in order to learn temporal relations in both 

forward and backward orientations. The concluding seizure possibility is then produced using a fully linked 

classification head with dropout and sigmoid activation. Class weighting, early halting and model 

checkpointing are used to lessen class imbalance and improve training stability. Accuracy, precision, recall, 

F1-score, confusion matrix and ROC-AUC are used to measure the model performance. To highlight 

seizure, recall and lower the possibility of missing seizure existences, ROC-based threshold optimization 

is also used. The proposed CNN–BiLSTM architecture shows the potential of hybrid deep learning for 

automated seizure detection and offers a unified method for learning both temporal and spatial properties 

from sequential data. 
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1. Introduction 
 

1.1 Background and Significance of Epileptic Seizure Detection 

Recurrent seizures brought on by abnormal brain electrical activity are the mark of epilepsy, a neurological 

condition. For the purpose of diagnosis, treatment planning, patient monitoring and enhancing the quality 

of life for those with epilepsy, precise and rapid detection of epileptic seizures is crucial. One of the most 

prevalent non-invasive approaches for tracking brain electrical activity and catching patterns linked to 

epileptic seizures is electroencephalography (EEG). But, the procedure of interpreting long-duration EEG 

recordings is sometimes subjective and time-consuming, needing skilled clinical staff or knowledgeable 

neurologists [1], [4], [6]. 

The amount of data that has to be analyzed has increased due to the rising availability of continuous EEG 

monitoring. Lengthy recordings might be tough to manually examine, particularly when seizures are 

infrequent or differ significantly across individuals. As a result, automated computer-aided seizure detection 

schemes have gathered a lot of scientific interest as a way to support medical professionals and ease 

effective interpretation of extensive EEG recordings [2], [8]. 
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1.2 Conventional Approaches for Seizure Detection 

Conventional seizure-detection algorithms often depend on manually calculated features and signal-

processing techniques. To distinguish seizure activity from non-seizure EEG patterns, temporal, spectral, 

statistical, entropy-based and wavelet-domain features have been considered. The practicality of these 

approaches may rely on appropriate feature selection, signal quality, recording settings and domain 

knowledge even if they can deliver meaningful representations of EEG signals [17], [20]. 

Because seizure patterns may vary significantly across patients and recording sessions, the extremely non-

stationary character of EEG data carriages an additional difficulty. To make real and ambulatory seizure 

monitoring easier, wearable and reduced-channel EEG methods have also been studied. However, it is still 

hard to reduce the number of channels without losing accurate detection performance [8]. These restrictions 

have encouraged researchers to look into data-driven deep learning methods that can directly figure 

discriminative representations from EEG-derived data. 

1.3 Deep Learning for Automated EEG Analysis 

Deep learning has significantly influenced automated EEG analysis by enabling hierarchical feature 

learning with reduced dependence on manually designed features. Among deep-learning architectures, 

Convolutional Neural Networks (CNNs) have been widely applied to seizure detection and classification 

because of their ability to learn local patterns and discriminative spatial representations. 

Raghu et al. demonstrated the effectiveness of CNN-based transfer learning for seizure classification using 

EEG-derived spectrogram representations [1]. Similarly, Gómez et al. investigated fully convolutional 

networks for automatic seizure detection using imaged EEG signals [2]. These studies demonstrate that 

transforming EEG information into image-like representations can allow CNN architectures to exploit 

spatial patterns associated with epileptic activity. Several other studies have further investigated CNN-based 

architectures for automated seizure detection and classification [4], [10], [22]. 

Despite their strong feature-extraction capabilities, conventional CNN architectures primarily focus on 

spatial or local patterns and may not explicitly model the temporal evolution of seizure activity. Since 

epileptic events develop over consecutive time intervals, temporal information is an important component 

of reliable seizure detection. 

1.4 CNN-Based Spatial Feature Extraction 

CNNs are particularly effective for extracting hierarchical representations from image-like data. In seizure-

detection applications, EEG signals can be represented using spectrograms, transformed images, or other 

visual representations that preserve relevant signal characteristics. CNN layers can then learn low-level and 

high-level patterns such as edges, textures, shapes, and more complex discriminative structures [1], [2]. 

Transfer-learning-based CNN models provide an additional advantage by utilizing representations learned 

from large-scale datasets. Lightweight architectures such as MobileNetV2 are particularly attractive when 

computational efficiency and compact feature representations are important. In the proposed framework, 

MobileNetV2 is employed as the pretrained CNN backbone. Each input frame is processed independently 

to extract spatial features, followed by Global Average Pooling to generate a compact feature vector. This 

spatial feature-extraction stage provides the input representation for subsequent temporal modeling. 

1.5 Temporal Modeling Using LSTM and BiLSTM Networks 

Although CNNs are effective at extracting spatial features, seizure activity is inherently sequential and 

changes over time. Therefore, analyzing individual frames independently may not adequately represent the 

temporal progression of epileptic events. The capability of Long Short-Term Memory (LSTM) networks to 

acquire dependencies across many time steps has directed to their extensive use for sequential data. 

For the purpose of classifying epileptic seizures, Xu et al. presented a one-dimensional CNN-LSTM 

architecture, demonstrating the advantages of integrating recurrent temporal modeling with convolutional 

feature extraction [3]. Similar research has been done on CNN-LSTM space-time architectures for 

automated epilepsy identification, highlighting the implication of concurrently learning spatial and 

temporal features [23]. 

Bidirectional LSTM (BiLSTM) networks process sequences in both forward and backward directions, 

extending traditional LSTM models. As a result, they are intelligent to take use of contextual data from both 

earlier and later observations in a series. Because seizure-related patterns might change over succeeding 

frames, this feature is supportive for EEG-based seizure investigation. Thus, hybrid CNN-BiLSTM and 

associated architectures have been studied recently for automated seizure detection [29], [35]. 

 

 



259 
 
1.6 Hybrid CNN-BiLSTM Architectures for Seizure Detection 

The integration of CNNs and BiLSTMs is interesting for automated seizure detection due to their 

accompanying features. While BiLSTM networks can label temporal connections among successive 

frames, CNNs may learn discriminative spatial symbols from individual EEG-derived frames. Therefore, 

compared to using either spatial or temporal modeling separately, such a hybrid strategy may offer a more 

thorough representation. 

For the purpose of detecting epileptic seizures, Cao et al. proposed a hybrid CNN-Bi-LSTM model with 

feature fusion [29]. Similar hybrid convolutional and recurrent architectures have been investigated in other 

recent studies, indicating the ongoing significance of spatial-temporal learning for seizure analysis [35]. 

These discoveries suggest that the representation of dynamic seizure patterns may be improved by 

combining bidirectional temporal modeling with CNN-based feature extraction. 

In order to increase robustness and generalization in automated EEG analysis, current research has also 

watched at domain-invariant depictions, data-balancing methods, ensemble learning, meta-learning, 

attention mechanisms and transformer-based designs [10], [31], [32], [36], [37]. However, developing an 

operative architecture that concurrently captures temporal relationships and discriminative spatial 

information is still a vital area of study. 

1.7 Research Challenges and Motivation 

Automated seizure detection has come a long way, but there are still a number of problems to overcome. 

EEG recordings are non-stationary, highly variable and disposed to to noise and artifacts. Also, there may 

be substantial intra-class and inter-class heterogeneity in both seizure and non-seizure samples. When 

seizure episodes are less common than non-seizure observations, class imbalance may possibly impact the 

learning procedure. 

While CNN-based models are decent at mining spatial representations, they are not very good at explicitly 

modeling temporal connections. On the other hand, recurrent models need suitable feature illustrations in 

order to capture sequential connections. So, these complementing restrictions may be addressed by 

combining a CNN with a BiLSTM [3], [23], [29], [35]. 

Computational efficiency is another critical factor. The application of complex deep-learning architectures 

in real-world monitoring settings may be imperfect by their high computing resource necessities. Dense 

spatial illustrations may be attained by using a pretrained lightweight CNN such MobileNetV2, while the 

temporal modeling element can focus on the sequential properties of the extracted features. 

1.8 Proposed CNN-BiLSTM Framework 

Encouraged by the above-mentioned problems, this work proposes an automated hybrid CNN-BiLSTM 

architecture for binary seizure identification using sequential image data learnt from EEG. In order to 

preprocess the input data, the proposed framework first resizes the frames to 128 × 128 pixels, converts 

them to RGB format, normalizes the input and organizes them chronologically. Next, successive frames are 

considered as either seizure or non-seizure and clustered into fixed-length sequences of ten frames. 

A pretrained MobileNetV2 architecture is used as the CNN backbone for spatial representation learning. 

While Global Average Pooling generates a summarized feature representation, CNN uses a TimeDistributed 

layer to examine each frame and abstract pertinent spatial properties. To capture temporal connections 

across the sequence, these frame-level features are then fed into two stacked BiLSTM layers with 128 and 

64 units, respectively. The model can learn from both forward and backward temporal directions because 

to its bidirectional nature. 

The concluding temporal representation is passed to a dense classification layer followed by dropout 

regularization and a sigmoid output layer. The non-seizure and seizure classes are denoted by a prospect 

between 0 and 1 that is formed using the sigmoid function. Binary cross-entropy and the Adam optimization 

method are used to train the model, and the training procedure also comprises class weighting, early halting 

and model checkpointing. 

1.9 Contributions of the Study 

The following is a summary of this study main contributions: 

1. Hybrid spatial-temporal architecture: From sequential EEG-derived image data, a CNN-BiLSTM 

framework is formed to parallel learn spatial properties and temporal relations. 

2. MobileNetV2-based feature extraction: Dense and discriminative spatial illustrations are mined from 

individual frames using a pretrained MobileNetV2 system. 

3. Bidirectional temporal modeling: To capture contextual connections and temporal dependencies 

among successive frames, two stacked BiLSTM layers are used. 
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4. Sequence-based seizure classification: To show the temporal development of seizure-related action, 

consecutive frames are decided into fixed-length sequences of ten frames. 

5. Imbalance-aware training: To rise training constancy and reduce the effects of class imbalance and 

overfitting, class weighting, early pausing and model checkpointing are used. 

6. Comprehensive assessment: The binary seizure-detection performance of the framework is evaluated 

using accuracy, precision, recall/sensitivity, F1-score and confusion-matrix analysis. 

The inclusive goal of the proposed technique is to provide an actual spatial-temporal deep-learning 

framework for automated seizure and non-seizure activity distinction. The framework objects to take use 

of complimentary features of the input sequences and deliver a suitable technique for automated seizure 

analysis by fusing pretrained CNN-based spatial feature extraction with BiLSTM-based temporal modeling. 

 

2. Related Work 
2.1 Traditional Machine Learning-Based Seizure Detection 

Early automated seizure-detection systems primarily relied on signal-processing techniques and 

conventional machine-learning algorithms. EEG recordings were transformed into representative features 

using statistical, temporal, frequency-domain, entropy-based, and wavelet-based methods. These extracted 

features were subsequently classified using algorithms such as Support Vector Machines (SVM), k-Nearest 

Neighbors (k-NN), decision trees, and ensemble classifiers. Although such approaches demonstrated the 

feasibility of automated seizure recognition, their performance depended considerably on the quality of 

manually designed features and the selection of appropriate signal-processing techniques [5], [7], [17], [20]. 

The major limitation of traditional approaches is that feature engineering requires substantial domain 

knowledge and may not adequately represent the complex and non-stationary characteristics of EEG 

signals. Furthermore, variations between patients and recording conditions can reduce the generalization 

capability of handcrafted feature-based systems. These limitations encouraged the adoption of deep-

learning methods that can automatically learn discriminative representations from EEG data. 

2.2 CNN-Based Seizure Detection 

Convolutional Neural Networks (CNNs) have become an important approach for automated EEG analysis 

because they can automatically learn hierarchical features from input data. CNN-based approaches have 

been applied directly to EEG signals as well as to transformed representations such as spectrograms and 

EEG-derived images. 

Raghu et al. investigated transfer learning using convolutional neural networks for multi-class seizure 

classification from EEG-derived spectrograms, demonstrating that pretrained deep-learning representations 

can be effectively adapted to EEG analysis [1]. Gómez et al. investigated fully convolutional networks for 

automatic seizure detection from imaged EEG signals, demonstrating the applicability of image-based CNN 

processing to seizure analysis [2]. Other CNN-based approaches have similarly demonstrated the ability of 

deep convolutional models to learn discriminative EEG patterns without relying exclusively on handcrafted 

features [4], [10], [22]. 

CNNs provide strong local feature-extraction capabilities; however, their conventional architecture does 

not explicitly model the temporal evolution of seizure activity. Since EEG signals contain sequential 

information, relying solely on frame-level or segment-level CNN representations may limit the ability of a 

model to capture long-range temporal dependencies. 

2.3 LSTM-Based Temporal Modeling 

Long Short-Term Memory (LSTM) networks were introduced into seizure detection to address the temporal 

characteristics of EEG signals. Unlike conventional feed-forward architectures, LSTM networks maintain 

information across sequential observations, allowing them to model temporal dependencies. 

Xu et al. proposed a one-dimensional CNN-LSTM model for epileptic seizure recognition using EEG 

signals. Their approach first employed CNN layers to extract features from normalized EEG sequences and 

subsequently used LSTM layers to model temporal characteristics. The study demonstrated the 

effectiveness of combining convolutional and recurrent architectures for automated seizure recognition [3]. 

The use of LSTM networks is particularly relevant because seizure patterns can develop progressively 

rather than appearing as isolated observations. Consequently, temporal modeling can complement CNN-

based spatial feature extraction and provide a more comprehensive representation of seizure-related activity. 
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2.4 CNN-LSTM and CNN-BiLSTM Hybrid Models 

The complementary capabilities of CNNs and recurrent networks have motivated the development of hybrid 

CNN-LSTM architectures. In these models, CNN layers learn local or spatial representations, while LSTM 

layers capture temporal dependencies across consecutive observations. 

Inter-patient seizure detection has also been investigated using CNN-BLSTM architectures. Such 

approaches learn latent representations from short EEG windows using CNNs and subsequently model the 

temporal evolution of seizure presentations using bidirectional recurrent layers. This combination has 

demonstrated the potential to capture both short-term EEG characteristics and longer-term temporal 

correlations while improving generalization across patients [13]. 

More recently, hybrid CNN-BiLSTM feature-fusion approaches have been proposed for multichannel EEG 

seizure detection. These methods extract spatial and temporal features using parallel CNN and BiLSTM 

pathways and subsequently fuse the learned representations. Evaluation on the CHB-MIT dataset has 

demonstrated that combining CNN and BiLSTM representations can provide strong seizure-detection 

performance while reducing the need for extensive domain-specific transformations [29]. 

These studies establish the effectiveness of hybrid spatial-temporal architectures. However, many existing 

approaches use relatively complex feature-fusion mechanisms or operate directly on raw multichannel EEG 

signals. There remains scope for developing computationally efficient architectures that can exploit image-

like EEG representations while maintaining temporal information. 

2.5 Bidirectional Temporal Modeling 

Bidirectional recurrent networks provide an extension of conventional LSTM architectures by processing 

sequential information in both forward and backward directions. This enables the model to incorporate 

contextual information from both preceding and subsequent observations. 

The use of BiLSTM architectures has become increasingly common in EEG seizure detection because 

seizure-related patterns can span multiple temporal segments. Hybrid CNN-BiLSTM approaches can 

therefore combine local feature extraction with bidirectional temporal modeling. Recent research has 

demonstrated that CNN-BiLSTM models can achieve strong performance in binary seizure classification 

by learning complementary spatial and temporal representations [29], [35]. 

The growing interest in bidirectional architectures indicates that temporal context is an important 

component of reliable seizure detection. However, the computational complexity of deep recurrent 

architectures and their dependence on appropriate sequence construction remain important considerations 

for practical deployment. 

2.6 Recent Advanced Deep-Learning Approaches 

Recent research has expanded beyond conventional CNN-LSTM and CNN-BiLSTM architectures. 

Researchers have investigated attention mechanisms, transformer-based architectures, domain adaptation, 

ensemble learning, and multimodal physiological signals to improve robustness and generalization. 

For example, domain-adversarial learning has been combined with CNN-BiLSTM architectures to address 

the significant differences in EEG patterns between individual patients. Such approaches attempt to learn 

patient-invariant representations while retaining seizure-related information, thereby improving inter-

patient generalization [36]. Other approaches have investigated attention-integrated CNN-BiLSTM-GRU 

architectures for binary seizure classification, combining local feature extraction, bidirectional temporal 

modeling, and attention-based feature enhancement. Recent results demonstrate the potential of such hybrid 

architectures for achieving balanced sensitivity and specificity [37]. 

Transformer-based methods have also emerged as an alternative for modeling long-range dependencies in 

EEG data. Recent work has combined CNN-based feature extraction with transformer mechanisms and 

time-frequency representations, reporting strong performance on both Bonn and CHB-MIT EEG datasets 

[38]. Multimodal approaches are another emerging direction. Recent studies have combined EEG with 

physiological signals such as photoplethysmography (PPG), allowing CNNs to learn spatial characteristics 

while LSTMs model temporal dependencies across multimodal physiological information [39]. 

2.7 Recent CNN-BiLSTM Research 

The continued development of CNN-BiLSTM architectures demonstrates the relevance of combining 

spatial and temporal feature learning. A recent study by Bhanuteja et al. proposed a CNN-BiLSTM 

framework for automated epileptic seizure detection. The approach transformed EEG information into two-

dimensional representations and used CNN layers for spatial feature extraction and BiLSTM layers for 

bidirectional temporal modeling. The reported results demonstrated very high seizure-detection 

performance, highlighting the potential of CNN-BiLSTM architectures for automated EEG analysis. 
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Similarly, recent CNN-BiLSTM research on long-term subscalp EEG has investigated seizure detection 

using extended EEG recordings. The results indicate that CNN-BiLSTM models can achieve high 

sensitivity while processing large quantities of long-duration EEG data, although performance can vary 

according to the EEG modality and training strategy [40]. 

These recent studies support the use of hybrid convolutional-recurrent architectures but also demonstrate 

that model performance is strongly influenced by dataset characteristics, EEG modality, preprocessing 

strategy, and evaluation methodology. 

2.8 Research Gap 

Based on the reviewed literature, several research gaps can be identified. 

First, traditional machine-learning methods depend heavily on handcrafted features and therefore may not 

capture the complex spatial and temporal characteristics of EEG data effectively. Second, CNN-only 

approaches provide powerful spatial feature extraction but have limited capability for explicitly modeling 

temporal dependencies. Third, conventional LSTM-based approaches provide temporal modeling but may 

depend on manually engineered or relatively high-dimensional input representations. 

Although CNN-LSTM and CNN-BiLSTM architectures address these limitations by combining spatial and 

temporal learning, many existing models employ complex architectures, extensive preprocessing, multiple 

feature-fusion mechanisms, or computationally demanding components. Recent transformer and attention-

based approaches can further improve representation learning, but their increased architectural complexity 

may make them less attractive for lightweight deployment. 

Therefore, there is a need for a comparatively efficient spatial-temporal framework capable of extracting 

discriminative features from EEG-derived image sequences while modeling their temporal evolution. In 

this context, the combination of a lightweight pretrained CNN with BiLSTM provides a promising research 

direction. 

2.9 Positioning of the Proposed Work 

The present study addresses the identified gap by developing a hybrid MobileNetV2-BiLSTM framework 

for automated binary seizure detection. Unlike approaches that process each frame independently, the 

proposed method organizes consecutive EEG-derived images into fixed-length temporal sequences. A 

pretrained MobileNetV2 network is used to extract compact spatial representations from individual frames, 

while stacked BiLSTM layers model temporal dependencies across the sequence. The architecture therefore 

integrates lightweight CNN-based spatial representation learning with bidirectional temporal modeling. 

The proposed framework follows a sequence-based processing pipeline in which frames are temporally 

ordered and grouped into sequences of 10 frames, followed by CNN-based feature extraction, BiLSTM 

temporal modeling, and binary classification. This design aims to provide an effective balance between 

feature-learning capability and architectural efficiency for distinguishing seizure and non-seizure activity. 

 

3. Proposed Methodology 
The figure 3.1 illustrates the overall workflow of the proposed hybrid CNN–BiLSTM framework for seizure 

detection. The architecture is organized into five major stages, starting from data preprocessing and ending 

with final prediction. 

1. Data Acquisition & Preprocessing 

Dataset Description 

The CHB-MIT Scalp EEG Database was used for seizure detection. It contains long-term scalp EEG 

recordings from pediatric epilepsy patients, organized into subject folders such as chb01–chb24. The EEG 

recordings were acquired at a 256 Hz sampling frequency using multiple scalp electrodes, with seizure 

onset and offset annotations provided for relevant recordings. The dataset was used to generate seizure and 

non-seizure samples for training and evaluation of the proposed MobileNetV2–BiLSTM model. 

• The input consists of two classes:  

• Seizure  

• Non-Seizure  

• Preprocessing steps include:  

• Resizing images to 128 × 128  

• Converting images to RGB format  

• Normalizing pixel values to [0, 1]  

• Sorting frames in temporal order  
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• A sequence generation process groups consecutive frames into sequences of fixed length (10 frames).  

• Each sequence is assigned a label:  

• 0 → Non-Seizure  

• 1 → Seizure  

This stage ensures structured and normalized input for the model. 

2. Spatial Feature Extraction (CNN) 

• A pretrained MobileNetV2 is used as the backbone CNN.  

• Key operations:  

• Each frame is passed through convolutional layers  

• Important spatial features (edges, textures, patterns) are extracted  

• Global Average Pooling (GAP) reduces dimensionality  

• Output:  

• A compact feature vector for each frame  

This stage captures spatial information from individual frames. 

3. Temporal Modeling (BiLSTM) 

• Extracted feature vectors are arranged as a sequence.  

• A TimeDistributed layer applies the CNN to each frame independently.  

• Two stacked Bidirectional LSTM layers are used:  

• First layer (128 units): captures temporal dependencies  

• Second layer (64 units): refines sequence understanding  

• Bidirectional processing allows:  

• Learning from past and future context  

This stage models temporal relationships across frames. 

4. Classification Head 

• The output from BiLSTM is passed through:  

• Dense layer (ReLU activation)  

• Dropout layer (0.5) to reduce overfitting  

• Final dense layer (1 neuron)  

• A sigmoid activation function produces:  

• Output probability between 0 and 1  

Final prediction: 

• 0 → Non-Seizure  

• 1 → Seizure  

5. Training Strategy 

• Loss Function: Binary Cross-Entropy  

• Optimizer: Adam  

• Learning Rate: 1e-4  

• Batch Size: 8  

• Epochs: 25  

Additional strategies: 

• Class weighting to handle imbalance  

• Early stopping to prevent overfitting  

• Model checkpointing to save best model  

Ensures stable and efficient training. 

6. Evaluation Metrics 

The model is evaluated using: 

• Accuracy  

• Precision  

• Recall (Sensitivity)  

• F1-score  

• Confusion Matrix  

These metrics assess both correctness and reliability of predictions. 
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Figure 3.1: Proposed Methodology 

 

Algorithm 1: Sequence Generation and Preprocessing 

Input: Raw image dataset D 

Output: Sequence dataset S 

Steps: 

1. Load dataset Dcontaining two classes (Seizure, Non-Seizure)  

2. For each class folder in D: 

3. a. Read all images and sort them sequentially 

4. b. Resize each image to 128 × 128 

5. c. Convert image to RGB format 

6. d. Normalize pixel values to range [0, 1] 
7. For each sequence of length L = 10: 

8. a. Group consecutive frames into sequence si 
9. b. Assign label yi ∈ {0,1} 
10. Store all sequences in dataset S = {(si, yi)} 
11. Return S 

 

Algorithm 2: Feature Extraction using CNN 

Input: Sequence dataset S 

Output: Feature sequence F 

Steps: 

1. Load pretrained MobileNetV2 model  

2. Remove top classification layers  

3. Freeze initial layers and fine-tune last layers  

4. For each sequence si ∈ S: 

5. a. For each frame xt ∈ si: 
6. i. Pass xtthrough CNN 

7. ii. Apply Global Average Pooling 

8. iii. Extract feature vector ft 
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9. b. Form feature sequence Fi = {f1, f2, . . . , fL} 
10. Return feature dataset F 

 

Algorithm 3: Temporal Modeling using BiLSTM 

Input: Feature sequence F 

Output: Temporal representation H 

Steps: 

1. Initialize Bidirectional LSTM layers  

2. For each feature sequence Fi: 
3. a. Pass Fithrough first BiLSTM layer (128 units, return sequences) 

4. b. Pass output to second BiLSTM layer (64 units)  

5. Obtain final hidden representation hi 
6. Return H = {hi} 
 

Algorithm 4: Classification and Prediction 

Input: Temporal representation H 

Output: Predicted labels ŷ 

Steps: 

1. Pass hithrough Dense layer (ReLU activation)  

2. Apply Dropout (rate = 0.5)  

3. Pass through final Dense layer (1 neuron)  

4. Apply Sigmoid activation:  

• Output probability pi ∈ [0,1] 
5. Apply threshold T:  

• If pi > T, classify as Seizure  

• Else classify as Non-Seizure  

6. Return predictions ŷ 

 

Algorithm 5: Model Training 

Input: Training dataset S 

Output: Trained model M 

Steps: 

1. Initialize model parameters  

2. Define loss function: Binary Cross-Entropy  

3. Set optimizer: Adam  

4. Compute class weights to handle imbalance  

5. For each epoch: 

6. a. Feed batches from sequence generator 

7. b. Perform forward propagation 

8. c. Compute loss 

9. d. Backpropagate gradients 

10. e. Update weights  

11. Apply Early Stopping based on validation loss  

12. Save best model using checkpoint  

13. Return trained model M 

 

Algorithm 6: Evaluation 

Input: Test dataset, trained model M 

Output: Performance metrics 

Steps: 

1. Predict probabilities using model M 

2. Convert probabilities to labels using threshold  

3. Compute confusion matrix:  

• TP, TN, FP, FN  
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4. Calculate:  

• Accuracy  

• Precision  

• Recall  

• F1-score  

5. Return evaluation metrics 

 

4. Results and Discussion 
The proposed hybrid CNN–BiLSTM framework was evaluated for binary seizure detection using sequential 

image data. Each input sample consisted of 10 consecutive frames, with images resized to 128 × 128 pixels 

and converted to RGB format. The spatial characteristics of individual frames were extracted using the 

pretrained MobileNetV2 network, while temporal dependencies between consecutive frames were learned 

using two stacked Bidirectional LSTM layers.  

4.1 Experimental Setup 

The model was trained using the Adam optimizer with binary cross-entropy loss. A batch size of 8 and a 

maximum of 25 epochs were used. Class weighting was incorporated to reduce the effect of class imbalance, 

while early stopping and model checkpointing were employed to retain the best-performing model.  

The implementation uses MobileNetV2 with ImageNet-pretrained weights and removes its original 

classification head. Global Average Pooling is applied to generate a compact feature representation for 

every frame. These frame-level features are then processed sequentially using Bidirectional LSTM layers 

with 128 and 64 units, respectively. A dense layer followed by dropout is used before the final sigmoid 

classification layer.  

4.2 Model Training 

During training, the CNN component extracts spatial patterns such as edges, textures, and structural 

characteristics from individual frames, whereas the BiLSTM component captures temporal relationships 

across the 10-frame sequence. This combination allows the model to consider both what appears in an 

individual frame and how the visual information changes over time. 

The training procedure incorporates early stopping based on validation AUC, with a patience of seven 

epochs. The best model is saved using model checkpointing, reducing the possibility of retaining an 

overfitted model from a later training epoch.  

4.3 Confusion Matrix Analysis 

The confusion matrix provides a detailed view of the classification performance by representing the number 

of true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN). In this study, the 

two prediction categories are Seizure and Non-Seizure.  

A high number of true positives indicates that the proposed model successfully identifies seizure sequences, 

while a high number of true negatives demonstrates its ability to correctly recognize non-seizure sequences. 

False negatives are particularly important in seizure detection because they correspond to seizure events 

incorrectly classified as non-seizure. Therefore, reducing false-negative predictions is an important 

consideration for a reliable detection system. 

The implementation also performs threshold optimization with a target recall of 0.80, rather than relying 

exclusively on the conventional 0.5 classification threshold. This strategy is intended to emphasize 

sensitivity toward seizure cases.  
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Figure 4.1: Confusion Matrix 

 

4.4 ROC-AUC Analysis 

Receiver Operating Characteristic (ROC) analysis was used to evaluate the model across different 

classification thresholds. The ROC curve plots the True Positive Rate against the False Positive Rate, while 

the Area Under the Curve (AUC) provides an overall measure of the model's discrimination capability. The 

implementation calculates ROC-AUC directly from the predicted probabilities.  

A ROC curve that approaches the upper-left region indicates stronger discrimination between seizure and 

non-seizure samples. The use of predicted probabilities rather than only hard class labels also enables the 

classification threshold to be adjusted according to the desired sensitivity. This is useful in seizure detection, 

where maintaining an adequate recall can be more important than maximizing accuracy alone. 

 

 
Figure 4.2: ROC-AUC Analysis 

 

4.5 Accuracy and Loss Analysis 

Training and validation accuracy and loss were monitored throughout the training process. The 

implementation records these values from the training history and plots separate accuracy and loss curves 

for the training and validation datasets.  

The accuracy curves can be used to determine whether the model progressively learns useful discriminative 

features, while the loss curves provide an indication of optimization and possible overfitting. A small and 

stable difference between training and validation performance would indicate good generalization, whereas 

a continuously increasing gap could suggest overfitting. 

The combination of pretrained MobileNetV2, temporal BiLSTM modeling, dropout, class weighting, and 

early stopping provides several mechanisms for improving model stability and generalization. 



268 
 
 

 
Figure 4.3: Accuracy and Loss Analysis 

 

The results demonstrate the potential of combining CNN-based spatial feature extraction with BiLSTM-

based temporal modeling for seizure detection from sequential image data. MobileNetV2 provides an 

efficient mechanism for extracting frame-level visual representations, while BiLSTM enables the model to 

exploit temporal information from consecutive frames. The architecture therefore provides a more 

comprehensive representation than treating each frame independently.  

An important aspect of the proposed implementation is its emphasis on recall. The threshold is selected 

using ROC analysis with a target recall of 80%, reflecting the importance of detecting seizure events and 

limiting missed seizure cases.  

However, the supplied paper/code does not provide the numerical confusion-matrix values, final accuracy, 

final AUC, precision, recall, or F1-score in the available results section; the code calculates these values 

when executed. Therefore, specific numerical performance claims should be inserted only after running the 

code and recording the actual output. 

 

Table 4.1: Comparative Performance of Recent Seizure Detection Models 

Ref 

Year 

Model  Dataset Accur

acy 

(%) 

Sensitivit

y (%) 

Specificit

y (%) 

Precision 

(%) 

F1-

score 

(%) 

AUC 

(%) 

[29] 

[2025] 

CNN–Bi-

LSTM with 

feature 

fusion 

CHB-

MIT 

98.43 97.84 99.21 99.14 98.3

9 

— 

[30] 

[2025] 

1D CNN–

LSTM + 

DWT 

CHB-

MIT 

96.94 — — — — — 

[31] 

[2025] 

Meta-

sampling + 

ensemble 

learning 

TUSZ 92.52 92.58 92.51 — — — 

[32] 

[2025] 

CSAE–

GRU + 

two-stage 

balancing 

CHB-

MIT 

99.49 99.21 99.77 99.49 99.3

5 

99.57 

[35] 

[2026] 

CNN–

BiLSTM 

EEG 

seizure-

recognitio

n dataset 

99.52 98.92 99.67 — — — 



269 
 

[36] 

[2026] 

IIRB–

HybridFor

mer (CNN–

LSTM–

Transforme

r) 

CHB-

MIT 

97.80 100.00 — — — — 

[37] 

[2026] 

CNN–

BiLSTM–

GRU + 

Attention 

UCI 99.23 99.29 99.34 — — — 

[40] 

[2026] 

CatBoost 

ensemble 

with 

temporal 

context 

TUSZ 92.80 70.10 95.20 62.40 — 92.00 

Propose

d 

MobileNet

V2–

BiLSTM 

CHB-

MIT 

99.93 99.77 100.00 100.00 99.8

9 

100.00 

 

Table 4.1 presents a comparative evaluation of the proposed MobileNetV2–BiLSTM framework against 

recently reported EEG-based seizure detection approaches. The proposed model achieved an accuracy of 

99.93%, sensitivity of 99.77%, specificity of 100.00%, precision of 100.00%, F1-score of 99.89%, and 

AUC of 100.00%. These results indicate strong discrimination between seizure and non-seizure samples 

and demonstrate the effectiveness of combining MobileNetV2-based spatial feature extraction with 

BiLSTM-based temporal modeling.  

 

 
Figure 4.4: Accuracy Comparison of Seizure Detection Models 

 

The figure 4.4 compares the accuracy of recently reported EEG-based seizure detection models with the 

proposed MobileNetV2–BiLSTM framework. The proposed model achieves the highest accuracy of 

99.93%, followed by [35] with 99.52% and [32] with 99.49%. Models [29], [36], and [37] achieve 98.43%, 

97.80%, and 99.23%, respectively, while [30], [31], and [40] report lower accuracies of 96.94%, 92.52%, 

and 92.80%. Overall, the results indicate that the proposed MobileNetV2–BiLSTM framework provides 

highly accurate seizure and non-seizure classification compared with the selected existing approaches. 

 

Conclusion and Future Scope 
 

This study proposed a hybrid MobileNetV2-BiLSTM framework for automated seizure and non-seizure 

classification using sequential EEG-derived image data. MobileNetV2 extracts spatial features from 

individual frames, while stacked BiLSTM layers capture temporal dependencies across consecutive frames. 

The framework uses sequence-based processing, class weighting, early stopping, and model checkpointing 
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to support effective and stable training. Overall, the proposed approach provides an efficient spatial-

temporal framework for automated seizure detection and demonstrates the potential of combining 

lightweight CNNs with bidirectional recurrent networks. 

Future work can focus on: 

• Evaluating the framework on larger and multi-patient EEG datasets. 

• Improving patient-independent seizure detection using transfer learning and domain adaptation. 

• Exploring attention and transformer-based temporal modeling. 

• Extending the framework to multichannel and multimodal physiological data. 
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