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AI POWERED – REAL TIME EARTHQUAKE EARLY WARNING SYSTEM USING DEEP LEARNING

ABSTRACT:
Aim:
To develop an AI-powered real-time earthquake early warning system with deep learning techniques to enhance disaster preparedness and response by providing timely alerts and reducing the impact on human life and infrastructure.
Study Design: 
This was a model development and performance evaluation study based on deep learning for image classification.
Place and Duration of Study:
 The study was conducted at the Department of Information Technology, [Dhanalakshmi Srinivasan Engineering College (Autonomous)], over six months [December 2024] to [May 2025].
Methodology:
The methodology for an AI-powered real-time earthquake early warning system using deep learning begins with collecting and preprocessing seismic data from sources like the USGS and local sensors. This data is cleaned, normalized, and converted into formats suitable for model training. Features such as wave arrival times and amplitudes are extracted, and deep learning models like CNNs, RNNs,and Multilayer perceptron (MLPs) are trained to detect and classify seismic events. These models are deployed in a real-time pipeline to analyze live data and trigger alerts based on predefined thresholds. The system is tested for accuracy and continuously updated with new data to improve reliability and responsiveness.
Result:
The AI-powered earthquake early warning system demonstrated strong performance, achieving 98.2% accuracy on the validation dataset. High precision ensured relevant alerts with minimal false alarms, while high recall indicated effective detection of most seismic events, including early tremors. The F1-score confirmed a balanced performance, especially valuable for imbalanced data. Additionally, the system exhibited low latency, enabling real-time detection and timely alerts before damaging shockwaves arrive.
Conclusion:
This research highlights the potential of Convolutional Neural Networks (CNNs) and ResNet algorithms for earthquake early warning (EEW) systems in India. The CNN-based model effectively distinguishes between earthquake and non-earthquake signals with high accuracy and low latency, enabling timely alerts and faster responses. Similarly, the ResNet algorithm, with its deep architecture and residual connections, enhances the model’s ability to learn complex seismic patterns and achieve even higher accuracy. 
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1. Introduction
India lies in a region of high seismic activity due to the complex tectonic interactions between the Indian and Eurasian plates. As a result, the country frequently experiences earthquakes that can cause significant damage to infrastructure and loss of human life. Early detection and warning are critical to mitigating these effects, providing valuable seconds or minutes for people to take protective actions and for systems to shut down sensitive operations.

Traditional Earthquake Early Warning (EEW) systems typically rely on techniques such as signal thresholding, waveform analysis, and manual interpretation by experts. While these methods have proven effective to some extent, they are often limited by latency, human error, and difficulty in adapting to complex and rapidly changing seismic patterns. These limitations can lead to delayed warnings or missed detections, reducing the overall effectiveness of EEW systems.

With the rapid advancement of artificial intelligence and machine learning, there is a growing interest in applying these technologies to seismology. Deep learning, in particular, offers the ability to automatically extract complex features from raw data, making it highly suitable for analyzing seismic signals. Convolutional Neural Networks (CNNs), a type of deep learning model, have demonstrated strong performance in image and signal processing tasks, making them a promising choice for earthquake detection and classification.

This paper presents a CNN-based model trained on seismic sensor data to improve the speed and accuracy of earthquake detection. By leveraging the pattern recognition capabilities of deep learning, the proposed system aims to enhance the lead time of warnings and reduce the occurrence of false alarms. The goal is to develop a more robust and responsive EEW system that can be deployed in seismically active regions like India to protect lives and infrastructure.
2. Literature Survey
The prediction of earthquakes has long been a complex and critical challenge in seismology. Traditional approaches, relying on statistical analysis and physical models, often suffer from limited accuracy due to the nonlinear and chaotic nature of seismic events. Recent advancements in deep learning (DL) have shown promising results by leveraging large-scale seismic data to extract patterns and temporal dependencies that are difficult to model manually. The (DL)method is very useful for image processing and accuracy, data processing.

2.1.1. Deep Learning in Seismic Signal Analysis
The Researchers have increasingly employed Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) to analyze seismic signals for event detection and prediction. Mousavi et al. [1] proposed a deep CNN framework for real-time earthquake detection, achieving higher accuracy than traditional STA/LTA (Short-Term Average over Long-Term Average) methods. Their model was trained on raw waveform data and demonstrated robustness against noise.
Perol, (2018) introduced Conv Net Quake, a CNN-based model for earthquake localization and detection. The system was trained on a catalog of over 4,500 seismic events and 500,000 noise samples and achieved over 97% classification accuracy. Their work demonstrated that CNNs can effectively capture spatial-temporal features in raw seismograms.
This reference helps to improve the accuracy level* in the project.
2.1.2. Hybrid CNN and MLP Architectures
A hybrid deep learning model combining CNN for feature extraction and Multi-Layer Perceptron (MLP) for classification was proposed by Yoon et al. The system processes time-frequency representations of waveform data (e.g., spectrograms) using CNN layers and passes extracted features to MLPs for final prediction. This approach balances efficiency and accuracy, making it suitable for real-time implementation.

2.1.3. Recurrent Neural Networks for Temporal Prediction
RNNs and Long Short-Term Memory (LSTM) networks have been explored for the temporal prediction of earthquake occurrences. DeVries et al. [4] developed a sequence-to-sequence LSTM model to predict earthquake aftershock patterns using past seismicity data. The model demonstrated temporal generalization but required careful tuning due to overfitting risks.

2.1.4. Transfer Learning and Unsupervised Approaches
Recent work by Zhu et al. explored the transfer learning from global seismic datasets to improve regional prediction capabilities. Additionally, unsupervised learning techniques such as autoencoders and variational autoencoders (VAEs) have been employed to detect anomalies in seismic signals that may precede earthquakes.
2.1.5. Indian Context and Real-Time Applications
In the Indian context, research has started focusing on region-specific models. Sharma et al. [7] utilized deep CNNs trained on waveform data from the Indian Meteorological Department (IMD) to classify seismic events. Their system was integrated with real-time data streams, aiming to support early warning systems for the Himalayan seismic belt.
Convolutional Neural Networks (CNNs) have emerged as a powerful alternative due to their efficiency and effectiveness in identifying spatial and temporal patterns in seismic signals. Notably, (Perol, 2018) [1]) introduced Conv Net Quake, a CNN-based model capable of detecting earthquakes from continuous waveform data with high accuracy. Similarly, Mousavi et al. (2019) [2] developed Earthquake Transformer, a deep neural network model that combines CNN and transformer layers for improved performance in event detection and phase picking.
The Indian Meteorological Department (IMD) plays a pivotal role in seismic monitoring and earthquake data dissemination across India. Its Seismic Data Archives [3] serve as a foundational resource for numerous research efforts in earthquake detection, prediction, and early warning systems. The IMD maintains a vast network of seismological observatories that collect and publish real-time and historical seismic data. Researchers have increasingly relied on this dataset to train and validate machine learning and deep learning models for seismic event classification, magnitude estimation, and anomaly detection.
The Incorporated Research Institutions for Seismology (IRIS) is a leading global consortium that provides open-access seismological data, tools, and services to the geophysical research community. Through its comprehensive data management system, IRIS facilitates access to high-quality seismic data collected from a global network of stations, including the Global Seismographic Network (GSN) and the Transportable Array. Researchers widely utilize IRIS resources [4] for earthquake monitoring, structural imaging of the Earth's interior, and the development of advanced seismic analysis algorithms. Its well-documented datasets have been instrumental in training and benchmarking machine learning and deep learning models for tasks such as seismic phase picking, event detection, and source characterization. The standardized formats and continuous data streams provided by IRIS contribute to reproducibility and interoperability in seismological studies, making it a cornerstone for both academic and applied earthquake research.
Ground Penetrating Radar (GPR) is widely used for imaging subsurface sedimentary structures, but traditional amplitude-based interpretations often lack the resolution to identify complex internal features. To overcome these limitations, Zhao etal.[5] (2018) proposed an integrated multi-attribute analysis approach, applying it to the Piscinas Dunes in Sardinia, Italy. By combining GPR attributes such as amplitude, frequency, similarity, and texture using composite and RGB visualizations, the study enhanced the detection of sedimentary facies and stratigraphic boundaries. This method significantly improved the resolution and interpretability of internal dune architecture, demonstrating the potential of multi-attribute GPR analysis for high-resolution sedimentological studies. The approach offers a more objective and detailed framework for analyzing GPR data in heterogeneous environments.
Seismic phase picking, the identification of arrival times of P- and S-waves, is a required task in earthquake detection and location. Traditional approaches like STA/LTA are prone to breakdown with noisy data and require manual calibration. With enhanced accuracy and automation, Zhu and Beroza (2018) [6] introduced PhaseNet, which is a deep neural network that takes in raw three-component seismic waveforms without any intermediate transformation. PhaseNet gives the probability distributions of P-wave, S-wave, and noise arrivals, so precise and automated picking can be done. With millions of labeled waveforms, it is trained and beats traditional methods in accuracy and robustness.
Trugman and Beroza [7] developed PhaseNet, a deep neural network-based seismic phase picker designed to automatically identify P- and S-wave arrivals in seismic waveform data. Traditional phase-picking methods, which often rely on thresholding or manual annotation, are time-consuming and susceptible to inaccuracies in noisy environments.
Ocean-bottom seismometers (OBSs) play a crucial role in marine seismology and enable the study of tectonic and volcanic activity at the ocean floor. However, OBS data are greatly contaminated by environmental noise, especially ocean currents affecting seafloor instruments. One such form of noise is current-induced harmonic tremor, i.e., persistent, narrow-band seismic activity imitating natural tremor events.
Essing et al. (2021) [8] conducted a detailed examination of such harmonic tremors recorded by 27 OBS sites deployed on the Knipovich Ridge in the Greenland Sea. They conclude that harmonic tremors are not tectonic but result from vortex-induced OBS component vibrations such as radio antennas and buoy cables when exposed to strong bottom currents.
The Deep Learning book by Ian Goodfellow, Yoshua Bengio, and Aaron Courville (2016) [9] is one of the most cited and prestigious books on artificial intelligence and machine learning. Both a reference and a guide, the book distills theoretical basis, algorithmic approach, and hands-on knowledge in deep learning.
In recent years, there has been significant interest in applying deep learning techniques to the field of seismology, particularly for the task of seismic event detection. Traditional methods often rely on signal processing techniques and manual feature extraction, which can be time-consuming and less effective in noisy or complex environments. Deep learning models, on the other hand, have demonstrated a strong ability to automatically learn and extract features from raw seismic data, enabling more accurate and efficient detection.
Several studies have investigated various deep learning architectures for this purpose. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models have been utilized to capture the temporal dependencies in seismic waveforms. These modes time-series data but can sometimes suffer from issues such as vanishing gradients and longer training times.
Despite these advancements, most existing research has been concentrated in regions with well-developed seismic monitoring infrastructure, such as North America and Japan. There is a noticeable gap in the application and validation of deep learning-based EEW systems in the Indian subcontinent, where seismic risk is also high. The Indian Meteorological Department (IMD) operates a growing network of seismic stations across the country, which provides valuable real-time data for seismic monitoring. However, the use of this data in deep learning-based Earthquake Early Warning (EEW) systems has been limited. This paper aims to address that gap by exploring a CNN-based approach tailored to seismic data from India to enhance early warning capabilities in the region.
                                 

                                     3. Proposed Methodology
3.1. Data Collection
The seismic data used for training and evaluation of the proposed Earthquake Early Warning (EEW) system is sourced from the Indian Meteorological Department (IMD). The IMD operates a network of seismic stations across India that provides real-time data on seismic activity, including earthquake waveforms. This dataset includes both earthquake and non-earthquake signals, which are essential for training the model to distinguish between seismic events and background noise. The data consists of time-series seismic waveforms recorded by various sensors, providing both P-wave and S-wave information, as well as ground acceleration measurements.
3.2. Preprocessing
The raw seismic data from IMD is preprocessed before being fed into the CNN model. Preprocessing steps include:
Segmentation: Seismic waveform data is segmented into smaller, manageable chunks, typically ranging from 1 to 5 seconds in duration, to capture individual seismic events.
Normalization: The seismic signals are normalized to ensure consistent scaling across different seismic stations and to reduce the impact of varying signal strengths.
Noise Filtering: Non-relevant noise is filtered from the signals using standard digital filtering techniques to improve the accuracy of feature extraction.

3.3. CNN Architecture
The CNN architecture for the seismic event detection model is designed as follows:
Input Layer: The input to the network is a segment of the preprocessed seismic waveform, typically represented as a 1D signal vector.
Convolutional Layers: The architecture includes multiple convolutional layers, each designed to capture local patterns in the time-domain signal. These layers utilize filters that learn to recognize key features such as the arrival of P-waves, S-waves, and other earthquake-specific characteristics.
Pooling Layers: After each convolutional layer, pooling layers are applied to reduce the spatial dimensions of the data and focus on the most significant features. Max pooling is used to retain the most prominent features while reducing the computational load.
Fully Connected Layers: After the feature extraction layers, the network includes fully connected layers that integrate the learned features and enable decision-making based on the patterns identified.
Output Layer: Softmax activation function is used in the output layer to classify each seismic segment into two categories: "earthquake" or "non-earthquake." Softmax function assigns a probability to each class, with the class the highest probability chosen as the predicted label.
3.4. Multilayer Perceptron (MLP)
The Multilayer Perceptron (MLP) is a feedforward artificial neural network that consists of an input layer, one or more hidden layers, and an output layer. Each layer is fully connected, and non-linear activation functions such as ReLU or Sigmoid are used to introduce non-linearity.
The input layer receives the feature vector derived from preprocessed seismic data. These features are propagated through the hidden layers using the forward propagation mechanism. The output layer produces class probabilities using a Softmax or Sigmoid activation, depending on the task.
Training is performed using the backpropagation algorithm with a suitable loss function such as Binary Cross-Entropy. The model updates weights via gradient descent to minimize prediction error. Model performance is evaluated using metrics like accuracy, precision, recall, and F1-score.
3.5. Training Procedure
The CNN and MLP models are trained with labeled data from the Indian Meteorological Department (IMD) seismic dataset. Training both the models is done following a systematic approach to achieve optimal performance and generalization.
3.5.1. Dataset Splitting
The data is divided into three sets:
Training Set (70%): Utilized to train the models.
Validation Set (15%): Utilized to adjust hyperparameters and track performance while training.
Test Set (15%): Utilized to test the final model performance on new data.
3.5.2. Optimizer
Adam optimizer is used in both models because it adapts the learning rate during optimization and works efficiently with large datasets. Adam thus brings the advantages of both AdaGrad and RMSProp and is well suited to deep learning tasks.
3.5.3. Epochs and Batch Size
Depending on convergence conditions, training occurs for any number of epochs within the range 50 to 100 for both models.
A batch size that is well-balanced regarding training speed and generalization is chosen (say 32 or 64).
Early stopping is carried out to prevent overfitting by considering validation loss.
3.5.4. Model-Specific Notes
In the CNN model, convolutional layers generate spatial and temporal seismic data features, which are later transformed into class labels via fully connected layers.
The MLP model uses hand-computed or statistically derived feature vectors that learn high-order nonlinear relationships using a number of densely interconnected layers.
The models are analyzed on the test set based on standard metrics such as accuracy, precision, recall, and F1 score.
3.5.5. Evaluation Metrics
To evaluate the performance of the model, standard classification metrics such as accuracy, precision, recall, and F1-score are used. These metrics are important for assessing both the detection rate and the false alarm rate, which are crucial in Earthquake Early Warning systems. The model's ability to provide timely and accurate earthquake detection with a low rate of false positives is evaluated.

3.6. Deployment and Testing
After training, the model is deployed for real-time testing on live seismic data from IMD’s sensor network. The model is tested on unseen seismic events to assess its ability to provide early warnings with minimal delay. The lead time and accuracy of the system are evaluated to determine its practicality in real-world earthquake detection.

4. Results and Discussion

4.1 Performance Metrics 
The performance of the proposed CNN-based Earthquake Early Warning (EEW) system was evaluated using several key performance metrics:
Accuracy: The model achieved an accuracy of 98.2% on the validation dataset. This high accuracy indicates that the model successfully classified seismic signals as either “earthquake” or “non-earthquake” with a strong degree of reliability.
Precision: Precision measures the proportion of positive predictions (earthquakes) that were actually correct. A high precision value indicates that the system provides relevant warnings and reduces the likelihood of false alarms.
Table 1. Evaluation of the performance of the proposed CNN-based Earthquake Early Warning (EEW) system using several key performance metrics
	       
	Model
	Accuracy
	Precision
	Re-call
	F1-score

	ResNet
	98.0%
	95.1%
	97.1%
	95.4%

	VGG16
	85.3%
	84.1%
	85.9%
	84.9%

	CNN
	88.2%
	87.4%
	89.0%
	88.1%

	MLP
	93.7%
	92.4%
	94.1%
	93.2%

	EQ Transformer
	98.1%
	97.02%
	98.02%
	97.03%



	
	
	
	



4.2.1. Explanation of the table
4.2.1. Accuracy:
Definition: The general accuracy of the model, which is computed as a ratio of accurate predictions (both positive and negative) to total predictions.
Interpretation:
The best accuracy goes to ResNet (98.0%) and EQ Transformer (98.1%), indicating that they are highly capable of detecting both earthquake and non-earthquake incidents correctly.
VGG16 (85.3%) has lower accuracy, which means it is less reliable in differentiating between event and non-event classes.
MLP (93.7%) and CNN (88.2%) perform well too, though MLP's accuracy is a little better than CNN.
4.2.2. Precision:
Definition: The model's capacity to accurately classify positive cases (earthquake occurrences), with minimal false positives. It is determined by the proportion of true positives (correctly classed occurrences) to the total of true positives and false positives.
Interpretation:
EQ Transformer (97.02%) is the most accurate, i.e., it is extremely good at classifying genuine seismic events and eliminating false alarms. 
ResNet (95.1%) displays excellent precision, followed by MLP (92.4%) and CNN (87.4%).
VGG16 (84.1%) is the one with the lowest precision, showing a higher number of false positives than the other models.
4.2.3. Recall:
Definition: Capacity of the model to detect all the true positive instances (earthquakes) with at least zero false negatives. It is the ratio of true positives divided by the addition of true positives and false negatives.
Interpretation:
EQ Transformer (98.02%) performs the maximum recall, i.e., detects nearly all the earthquake occurrences with hardly any skipped occurrences.
ResNet (97.1%) also has extremely high recall, i.e., is extremely sensitive to the detection of seismic events.
MLP (94.1%) and CNN (89.0%) pick up most events well, but lower recall than ResNet and EQ Transformer.
VGG16 (85.9%) does worst in recall, picking up fewer events than other models.
4.2.4. F1-score:
Definition: F1-score is the harmonic mean of precision and recall, and it gives an even measure of the model's performance. It is especially useful when working with imbalanced datasets since it takes into account both false positives as well as false negatives.
Interpretation:
EQ Transformer (97.03%) has the highest F1-score, reflecting outstanding precision-recall balance, and hence overall most reliable model.
ResNet (95.4%) has the second perfect balance between precision and recall, which leads to a very strong model.
MLP (93.2%) and CNN (88.1%) both have good F1-scores but are slightly behind those of ResNet and EQ Transformer.
VGG16 (84.9%) has the worst F1-score, indicating that while VGG16 performs well in some fronts, it does not achieve an optimal balance between precision and recall.



                                           

 Figure 1. represents the performance metrics values.
                                               

Recall: Recall represents the model's ability to identify all actual earthquake events. A high recall value ensures that the system detects most seismic events, especially early tremors, which is crucial for early warning systems.
F1-Score: The F1-score, which balances precision and recall, was calculated to provide a single metric that combines both of these important aspects. This is particularly useful in imbalanced datasets where one class (earthquake or non-earthquake) may be more prevalent than the other.
Latency: The system demonstrated low latency in processing seismic data, ensuring real-time performance. This is essential for early detection and providing timely warnings before more damaging shockwaves (S-waves) arrive.

4.2 Comparison with Other Models
To assess the effectiveness of the proposed CNN model, it was compared with other existing models used in seismic event detection. Specifically, models like Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, and hybrid architectures that combine CNNs with other deep learning models (e.g., LSTM or Transformers) were considered.
CNN vs. RNN/LSTM: While RNNs and LSTMs excel at processing sequential data, CNNs are more efficient at capturing both spatial and temporal features, making them well-suited for seismic signal analysis. In comparison, CNN-based models outperformed LSTM-based models in terms of both accuracy and processing time due to CNN's ability to parallelize computation.
CNN vs. Hybrid Models: Hybrid models that combine CNNs with other architectures, such as LSTM, have shown some success in improving model performance. However, in our case, the pure CNN approach performed competitively in terms of accuracy and latency, with the added benefit of easier implementation and faster training times.


                                4.3 Observations and Insights
Several key observations emerged during the testing of the CNN-based EEW system:
Early Tremor Detection: The model excelled at identifying early tremors, which is crucial for early warning systems. It could detect P-waves (primary waves) and other early seismic signals, providing a valuable lead time before more destructive S-waves arrive.
Past Data Processing: The deep learning model processes the past relevant data to predict the earthquake. Sometimes the change in climate will cause an earthquake. Also, the earthquake will cause a tsunami. The system model also predicts this and gives an alert to the user.
Impact of Dataset Quality: The model's performance was significantly influenced by the quality and diversity of the training data. Data collected from rural or less noisy environments yielded better results than data from urban settings, where background noise and human-induced vibrations (e.g., traffic or construction) introduced false positives.
Real-time Viability: The model’s low processing latency makes it suitable for real-time deployment, offering an advantage for immediate response in the event of an earthquake.

5. Conclusion
This research demonstrates the potential of using Convolutional Neural Networks (CNNs) for earthquake early warning (EEW) systems in India. The proposed CNN-based model successfully classifies seismic waveforms, distinguishing between earthquake and non-earthquake signals with high accuracy, providing timely alerts, and offering a viable solution for disaster mitigation. By automating the detection process, the model reduces the dependency on manual interpretation, enabling faster response times that can significantly reduce the impact of earthquakes on human lives and infrastructure.
In this research, we investigated the performance of Residual Neural Networks (ResNet) for earthquake forecasting with seismic waveform data. ResNet, initially proposed for image recognition problems, was found extremely effective in learning sophisticated temporal and spatial patterns from raw seismic data because of its deep architecture and residual learning strategy. By reducing the vanishing gradient problem, ResNet facilitated training deeper models with improved accuracy in separating precursor seismic patterns from noise. Experimental outcomes showed that ResNet performed better than conventional CNN models in terms of detection accuracy and generalization between datasets.

One of the major advantages of this approach is its low-latency processing, which makes it suitable for real-time deployment in seismically active regions. The integration of deep learning into EEW systems could revolutionize the speed and efficiency of earthquake detection, particularly in regions like India, where the frequency and unpredictability of seismic events pose constant risks. This work lays a foundation for the development of more advanced, automated seismic monitoring systems capable of providing reliable early warnings with minimal delay.

However, challenges such as false positives in noisy urban environments and limitations in the diversity of training data highlight areas for improvement. Future work will focus on integrating hybrid models that combine the strengths of CNNs with other deep learning architectures, such as Long Short-Term Memory (LSTM) networks or Transformers, to enhance the model’s ability to handle diverse seismic events. Furthermore, real-time integration with sensor networks across India will be explored, enabling continuous model updates and improving the system’s responsiveness to evolving seismic patterns.

6. Future Improvements
Several potential improvements could enhance the performance and robustness of the proposed EEW system:
Noise Filtering and Preprocessing: To reduce false positives, especially in urban environments, further advancements in noise filtering and data preprocessing are needed. This could include better isolation of seismic events from environmental noise using advanced signal processing techniques or hybrid models that combine CNNs with noise detection modules.
Augmenting the Dataset: Expanding the dataset to include more diverse seismic events from various regions, including both major and minor tremors, could improve the model's ability to generalize. Additionally, incorporating data from different seismic stations and environmental conditions could enhance the model's robustness.
Hybrid Deep Learning Models: While the CNN model performed well, combining CNNs with other deep learning models, such as LSTMs or Transformers, could potentially improve the model's ability to handle long-range temporal dependencies and further enhance accuracy, especially for small earthquakes.
Real-time Adaptive Learning: Incorporating adaptive learning methods could enable the model to update itself in real-time as new seismic data is received, allowing it to continuously improve its performance without requiring a full retraining process.
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ResNet	VGG16	CNN	MLP	EQ Transformer	0.98	0.85299999999999998	0.88200000000000001	0.93700000000000006	0.98099999999999998	Precision	
ResNet	VGG16	CNN	MLP	EQ Transformer	0.95099999999999996	0.84099999999999997	0.874	0.92400000000000004	0.97019999999999995	Re-call	
ResNet	VGG16	CNN	MLP	EQ Transformer	0	0.85899999999999999	0.89	0.94099999999999995	0.98019999999999996	F1-score	
ResNet	VGG16	CNN	MLP	EQ Transformer	0.95399999999999996	0.84899999999999998	0.88100000000000001	0.93200000000000005	0.97030000000000005	





