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Abstract 

Forecasting earthquakes and delivering timely warnings continues to present significant challenges. These 

natural events are complex and exhibit considerable variability, making the identification of precursory signals 

difficult. This study introduces a novel approach that combines deep learning techniques with statistical analysis 

to improve earthquake forecasting and early warning systems. The proposed methodology utilizes a deep 

learning model that analyzes temporal changes in various indicators by integrating data from multiple sources. 

Complementing this, statistical methods are employed to interpret the data, which includes calculating 

probabilities, leveraging historical data, and establishing alert thresholds. This dual approach yields two key 

outcomes: short-term risk assessments and real-time alerts regarding ground movement. Analysis of extensive 

seismic data over the years demonstrates that this integrated approach enhances predictive accuracy by 14 to 

18% compared to methods that rely solely on statistical techniques. Furthermore, it reduces false alarms by 

approximately 21% when compared to systems that depend exclusively on deep learning, all while maintaining 

consistent warning parameters. In its early warning mode, the system can issue alerts 3 to 6 seconds in advance, 

ensuring reliable detection. This capability is particularly advantageous for triggering automatic safety protocols 

and informing the public. 

In conclusion, the combination of deep learning and statistical methods significantly improves the effectiveness 

of real-time earthquake monitoring and alert systems, thereby enhancing public safety and preparedness. 
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I. INTRODUCTION 

Earthquakes perpetually endanger individuals and significant infrastructures. Providing timely warnings, even 

moments in advance, can significantly mitigate damage through automated measures and prompt responses. 

Earthquake Early Warning (EEW) systems endeavor to rapidly detect the onset of a seismic event and forecast 

the anticipated intensity of shaking prior to the arrival of significant tremors. Typically, warnings are issued 

several seconds to over a minute in advance, contingent upon your distance and the configuration of the sensor 

network, as stated by Richard Allen. Contemporary Earthquake Early Warning (EEW) has evolved into an 

effective method for risk mitigation. It is utilized in numerous locations and depends on rapid data transmission, 

multiple sensors, and effective event detection systems. Recent studies indicate the progress made and the 
remaining issues that must be addressed to enhance the reliability and speed of the systems, particularly in the 

context of complex, loud earthquakes or those with numerous aftershocks. ScienceDirect Plus One A crucial 

aspect to monitor is achieving an optimal equilibrium between detecting all earthquakes and minimizing false 

alerts. Overly sensitive systems may erode user trust, whilst excessively cautious systems may fail to provide 

adequate warning time. 

Current ways of finding earthquakes and figuring out how big they are usually depend on things like when the 

first waves arrive, how strong the waves are, and some math based on past info. Systems such as ElarmS show 

that we can quickly find earthquakes, figure out where they are, and assess the danger in real-time. It acts as a 

base for a lot of working systems. Other methods concentrate on areas close to where the quake starts. Quickly 

figuring out the first waves can help give alerts before systems can fully locate the quake. But methods that are 

only math-based or follow simple rules might have problems working in different situations. These situations 
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includes when there's a lot of background noise, when different sensors are being used, and when the usual 

earthquake activity changes. 

Deep learning is also doing well with seismic phase picking, detection, and association. For example, PhaseNet 

learns phase-picking straight from waveform data, cutting down the need for manual feature engineering. 

Attention-based setups like the Earthquake Transformer do a better job at joint detection and phase picking 

using waveform context and learned attention. Deep-learning tools, such as PhaseLink, also help with phase 

association to improve event building when there's a lot of activity. Even with these improvements, deep models 

can be touchy when the data changes, need careful setup for probability-based alerts, and can be trickier to 

understand when making decisions. 

This research presents a hybrid system to address the issues. It integrates deep learning for identifying nonlinear 

patterns with statistical methods for precise outcomes, clarity, and dependable alerts. The objective is to 

integrate the advantages of both approaches: (1) deep learning models can identify subtle patterns in temporal 

data and waveforms, and (2) statistical methods provide explicit uncertainty management, constraints, and 

standardized warning protocols that align with Earthquake Early Warning (EEW) requirements. The system is 

expandable and compatible with multiple sensors, such as cellphones, for rapid alerting and PGA/PGV 

monitoring. Our work offers:  

1. A unified system for both short-term forecasting (risk evaluation) and real-time earthquake early 

warning notifications.  

2. An assessment prioritizing reliability, emphasizing precision, false positives, and lead time.  

3. Evidence demonstrating that this hybrid methodology is more dependable than employing solely deep 

learning or solely statistical methods, under identical warning configurations. 

II RELATED WORK 

Research on earthquake prediction and early warning systems (EEW) has progressed in three primary 

avenues: the practical use of seismology, the utilization of deep learning for seismic data analysis, and the 

integration of methodologies to achieve both precise detection and dependable functionality.  

A. The Functionality of Earthquake Early Warning Systems :  

Earthquake early warning systems focus on the rapid detection and characterization of seismic occurrences 

immediately upon their initiation. Allen et al. [1] examine earthquake early warning (EEW) systems globally, 

addressing issues such as system latency, earthquake magnitude estimation, alert level determination, and public 

acceptance of the system. Allen and Melgar [2] assert that EEW systems must reconcile warning time and 

dependability while operating under stringent real-time constraints. Cremen and Galasso [3] examine the recent 

advancements in EEW algorithms and the configuration of the systems. They indicate that conventional 

methodologies, such as thresholds and regression analysis, remain effective; nevertheless, they may encounter 

difficulties with complex disruptions and significant seismic activity. Network systems, such as ElarmS, utilize 

a network of seismic stations to detect and assess hazards in real time, demonstrating efficacy across various 

regions [4]. Conversely, on-site warning systems predict ground shaking based on local P-wave characteristics, 

enabling rapid notifications to be disseminated near the earthquake's epicenter [5]. 

B. Deep Learning for Seismic Signal Processing 

Recent seismological research has experienced a notable transition towards the application of machine learning 

techniques for the analysis of seismic data. Significant contributions encompass the creation of PhaseNet by 

Zhu and Beroza, which utilizes deep neural networks to detect seismic phases with enhanced precision 

compared to conventional techniques by directly extracting features from raw waveforms [6]. Mousavi and 

colleagues developed the Earthquake Transformer, which employs attention mechanisms to concurrently 

identify seismic events and choose wave arrivals, exhibiting enhanced performance in processing data with 

elevated noise levels [7].  

In addition to detection and phase selecting, researchers have tackled the difficulty of correlating seismic arrivals 

recorded at various stations with their source events. Ross and colleagues created PhaseLink, utilizing deep 

learning methodologies to enhance the precision of phase connection, especially in real-time monitoring 
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scenarios [8]. Although these methodologies have significantly enhanced the automation capabilities and 

detection sensitivity of seismic analysis systems, a prevalent limitation is their inadequate handling of 

uncertainty quantification and false alarm reduction—essential factors for the implementation of these systems 

in operational Earthquake Early Warning networks. 

C. Alternative Sensing and Large-Scale Warning 

Initiatives to expand monitoring capacities have led to inquiries into alternate sensor technologies apart from 

traditional seismometer networks. A significant approach entails integrating early warning information with 

structural control systems, as evidenced by Cheng and associates, who proved that structures with responsive 

mechanisms might mitigate damage when given prior earthquake alarms [9]. A novel technique employs 

personal mobile devices as distributed sensors for detecting ground motion. Crowdsourced networks have 

distinct benefits in geographically underserved regions where conventional seismic instrumentation is scarce, 

facilitating local event detection and first assessment of shaking intensity [10]. 

D. Motivation for Hybrid Modeling 

While machine learning methodologies have achieved considerable success in seismic analysis, models relying 

exclusively on learned representations exhibit vulnerability to several operational challenges, including 

variations in deployment conditions, instrumentation artifacts, and infrequently occurring high-magnitude 

events. By contrast, physics-informed and statistical approaches provide transparent decision-making processes 

and adopt cautious thresholding strategies, yet these methods often prove inadequate when confronting the 

intricate temporal dependencies inherent in seismic waveforms. Recent scholarship has begun advocating for 

integrated architectures that merge the pattern recognition capabilities of neural networks with the theoretical 

foundations of statistical seismology, arguing that such synthesis can enhance system reliability, minimize 

spurious warnings, and better satisfy the practical constraints of operational early warning infrastructure 

[1][2][3]. 

III. METHODOLOGY  

Our study introduces a framework for forecasting earthquake events and alarm systems. It integrates neural 

networks for pattern recognition across time with probabilistic models derived from seismology. The three 

objectives are rapid processing, consistent performance across various conditions, and dependability for real-

time monitoring applications.  

 

The procedure commences with the influx of seismic data into the system. Ground motion records from sensors 

undergo preliminary processing. This encompasses eliminating noise, normalizing amplitudes for comparison, 

and segmenting the data into temporal windows for analysis. This pre-processing mitigates interference and 

establishes uniform data for subsequent stages. 
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Fig 1: System Architecture 

The preprocessed information is managed concurrently. The Deep Temporal Learning 

component, akin to LSTM, identifies subtle nonlinear patterns in seismic signals and generates a risk probability 

P_DL through deep learning methodologies. The Statistical Seismic Modeling component extracts 

comprehensible earthquake indicators through techniques such as autoregressive modeling, Gutenberg–Richter 

magnitude distribution, and earthquake rate estimation, resulting in a probabilistic risk score P_Stat.  

             Both outcomes are processed at the Hybrid Decision Fusion layer, where a weighted approach 

amalgamates them into a singular risk probability P_Hybrid. This combination effectively combines sensitivity 

and stability, leveraging the strengths of data-driven learning while minimizing false alarms through statistical 

thresholds.  

When the cumulative risk exceeds a certain threshold, the Early Warning Trigger activates, 

disseminating notifications and estimating the warning time prior to the arrival of significant seismic waves. 

Finally, the Performance Output section evaluates the system's efficacy through metrics such as accuracy, lead 

time, and the frequency of false alarm rates (FAR).  

This configuration provides accurate, reliable, and timely earthquake early warnings. It is designed for 

expansion and can integrate with existing earthquake monitoring systems, with potential enhancements like 

as uncertainty-aware fusion and spatial modeling in the future. 

The proposed Hybrid Deep Learning and Statistical Modeling Framework is designed to improve both 

short-term earthquake prediction and real-time early warning by jointly exploiting nonlinear temporal learning 

and probabilistic seismic analysis. The methodology integrates data preprocessing, deep temporal modeling, 

statistical inference, and a fusion-based decision mechanism under a low-latency pipeline. 

3.1 Seismic Data Modeling and Preprocessing 

Let the continuous seismic waveform recorded by a sensor be represented as a discrete time-series: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑇} 

 

where 𝑥𝑡 ∈ ℝ𝑑denotes the multi-channel seismic signal at time 𝑡. 

To ensure signal stability and noise reduction, the raw data undergoes band-pass filtering and normalization: 
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𝑥̃𝑡 =
𝑥𝑡 − 𝜇

𝜎
 

 

where 𝜇and 𝜎denote the mean and standard deviation of the signal window. 

The normalized sequence is segmented into overlapping windows of length 𝑤: 

X𝑖 = {𝑥̃𝑖 , 𝑥̃𝑖+1, … , 𝑥̃𝑖+𝑤−1} 

 

These windows form the input samples for both deep learning and statistical modules. 

3.2 Deep Temporal Learning Module 

To capture long-term temporal dependencies in seismic signals, a Long Short-Term Memory (LSTM) network 

is employed. 

Given an input sequence X𝑖, the LSTM updates its internal states as: 

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) 

𝑐̃𝑡 = tanh⁡(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐̃𝑡 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh⁡(𝑐𝑡) 

 

where 𝑓𝑡, 𝑖𝑡, 𝑜𝑡represent forget, input, and output gates respectively. 

The final hidden state ℎ𝑇is passed through a sigmoid activation to estimate the deep learning risk probability: 

𝑃𝐷𝐿 = 𝜎(𝑊𝑑ℎ𝑇 + 𝑏𝑑) 

 

3.3 Statistical Seismic Modeling 

In parallel, statistical features are derived to preserve interpretability and probabilistic reliability. 

3.3.1 Autoregressive Modeling 

Short-term seismic trends are modeled using an autoregressive (AR) process: 

𝑦𝑡 =∑𝜙𝑘

𝑝

𝑘=1

𝑦𝑡−𝑘 + 𝜖𝑡 

 

where 𝜙𝑘are AR coefficients and 𝜖𝑡is white noise. 

3.3.2 Gutenberg–Richter Law 

The earthquake magnitude distribution is estimated using the Gutenberg–Richter relationship: 

log⁡10𝑁(𝑀) = 𝑎 − 𝑏𝑀 

 

where: 

 𝑁(𝑀)is the number of earthquakes with magnitude ≥ 𝑀, 

 𝑎, 𝑏are seismicity parameters. 
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3.3.3 Statistical Risk Probability 

The statistical probability of an imminent event is computed as: 

𝑃𝑆𝑡𝑎𝑡 = 1 − exp⁡(−𝜆Δ𝑡) 
 

where 𝜆denotes the estimated seismic rate over a time window Δ𝑡. 

3.4 Hybrid Decision Fusion 

To combine complementary insights from both models, a weighted fusion strategy is applied: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑 = 𝛼𝑃𝐷𝐿 + (1 − 𝛼)𝑃𝑆𝑡𝑎𝑡 

 

where 𝛼 ∈ [0,1]is tuned using validation data to minimize false alarms. 

3.5 Early Warning Trigger Mechanism 

An early warning alert is issued if the hybrid probability exceeds a predefined threshold: 

𝐴𝑙𝑒𝑟𝑡 = {
1, if 𝑃𝐻𝑦𝑏𝑟𝑖𝑑 ≥ 𝜃

0, otherwise
 

 

3.6 Lead Time Estimation 

The warning lead time is computed as: 

𝐿 = 𝑡𝑆 − 𝑡𝐴𝑙𝑒𝑟𝑡 

 

where: 

 𝑡𝐴𝑙𝑒𝑟𝑡is the alert generation time, 

 𝑡𝑆is the arrival time of destructive S-waves. 

3.7 Model Optimization 

The deep learning module is optimized using a composite loss function: 

ℒ = ℒ𝐵𝐶𝐸(𝑦, 𝑃𝐷𝐿) + 𝜆ℒ𝑀𝑆𝐸(𝑀, 𝑀̂) 

 

where: 

 ℒ𝐵𝐶𝐸is binary cross-entropy loss, 

 ℒ𝑀𝑆𝐸is mean squared error for magnitude estimation, 

 𝜆is a regularization coefficient. 

Algorithm 1 Hybrid Earthquake Prediction and Early Warning 

Input: Continuous waveform stream X(t), earthquake catalog C, 

       window length w, step size s, fusion weight α, threshold θ 

Output: Alert(t), predicted risk PHybrid(t), (optional) magnitude M̂(t)Function:  

Algorithm 1 Hybrid Earthquake Prediction and Early Warning 

Input: Continuous waveform stream X(t), earthquake catalog C, 

       window length w, step size s, fusion weight α, threshold θ 
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Output: Alert(t), predicted risk PHybrid(t), (optional) magnitude M̂(t) 

 Initialize deep model fDL(·) (e.g., LSTM) with trained parameters 

 Initialize statistical model fStat(·) (AR/PSHA-based) with parameters 

  while stream is active do 

     Acquire new samples x(t) from sensors 

      Preprocess: band-pass filter, normalize → x̃(t) 

      Buffer x̃(t) into sliding window Xi = {x̃(t−w+1), …, x̃(t)} 

      if Xi is full then 

          // Deep Learning Inference 

         PDL(t) ← fDL(Xi)          ▷ DL-based event probability / risk 

         (Optional) M̂(t) ← gDL(Xi) ▷ magnitude regression head 

          // Statistical Inference 

         Φ(t) ← ExtractStatFeatures(Xi, C) 

         PStat(t) ← fStat(Φ(t))     ▷ probabilistic seismic risk 

          // Hybrid Fusion 

        PHybrid(t) ← α·PDL(t) + (1−α)·PStat(t) 

 

         // Decision Rule 

         if PHybrid(t) ≥ θ then 

             Alert(t) ← 1 

           TriggerEarlyWarning(PHybrid(t), M̂(t), location estimates) 

else 

Alert(t) ← 0 

end if 

end if 

Advance window by step s 

end while 

ExtractStatFeatures(𝑋𝑖, 𝐶) can include AR coefficients, b-value, seismic rate 𝜆, energy proxies, and P-wave 

onset features. 

Mathematical Proof of Fusion Stability 

Lemma 1 (Boundedness of Hybrid Probability) 

Assume: 

𝑃𝐷𝐿(𝑡) ∈ [0,1], 𝑃𝑆𝑡𝑎𝑡(𝑡) ∈ [0,1], 𝛼 ∈ [0,1] 

 

Define the fusion: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑡) = 𝛼𝑃𝐷𝐿(𝑡) + (1 − 𝛼)𝑃𝑆𝑡𝑎𝑡(𝑡) 
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Then: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑡) ∈ [0,1] 

 

Proof: 

Since 𝑃𝐷𝐿(𝑡) ≥ 0and 𝑃𝑆𝑡𝑎𝑡(𝑡) ≥ 0, and 𝛼, (1 − 𝛼) ≥ 0, we get: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑡) ≥ 0 

 

For the upper bound, since 𝑃𝐷𝐿(𝑡) ≤ 1and 𝑃𝑆𝑡𝑎𝑡(𝑡) ≤ 1: 

𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑡) ≤ 𝛼 ⋅ 1 + (1 − 𝛼) ⋅ 1 = 1 

 

Hence 𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑡) ∈ [0,1]. ∎ 

Lemma 2 (Lipschitz Stability of Fusion) 

Let 𝑃𝐷𝐿(𝑡)and 𝑃𝑆𝑡𝑎𝑡(𝑡)be functions of input window 𝑋. 

Assume they are Lipschitz continuous: 

∣ 𝑃𝐷𝐿(𝑋) − 𝑃𝐷𝐿(𝑌) ∣≤ 𝐿𝐷𝐿 ∥ 𝑋 − 𝑌 ∥ 

∣ 𝑃𝑆𝑡𝑎𝑡(𝑋) − 𝑃𝑆𝑡𝑎𝑡(𝑌) ∣≤ 𝐿𝑆𝑡𝑎𝑡 ∥ 𝑋 − 𝑌 ∥ 

 

Then 𝑃𝐻𝑦𝑏𝑟𝑖𝑑is also Lipschitz continuous with constant: 

𝐿𝐻𝑦𝑏𝑟𝑖𝑑 ≤ 𝛼𝐿𝐷𝐿 + (1 − 𝛼)𝐿𝑆𝑡𝑎𝑡 

 

Proof: 

∣ 𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑋) − 𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑌) ∣ =∣ 𝛼(𝑃𝐷𝐿(𝑋) − 𝑃𝐷𝐿(𝑌))

+(1 − 𝛼)(𝑃𝑆𝑡𝑎𝑡(𝑋) − 𝑃𝑆𝑡𝑎𝑡(𝑌)) ∣
 

 

By triangle inequality: 

≤ 𝛼 ∣ 𝑃𝐷𝐿(𝑋) − 𝑃𝐷𝐿(𝑌) ∣ +(1 − 𝛼) ∣ 𝑃𝑆𝑡𝑎𝑡(𝑋) − 𝑃𝑆𝑡𝑎𝑡(𝑌) ∣ 

 

Apply Lipschitz bounds: 

≤ [𝛼𝐿𝐷𝐿 + (1 − 𝛼)𝐿𝑆𝑡𝑎𝑡] ∥ 𝑋 − 𝑌 ∥ 

 

Thus fusion reduces sensitivity compared to the worst-case module when 𝛼is balanced. ∎ 

Corollary (Noise-Robust Fusion) 

If input contains noise 𝜂such that 𝑋′ = 𝑋 + 𝜂, then: 

∣ 𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑋
′) − 𝑃𝐻𝑦𝑏𝑟𝑖𝑑(𝑋) ∣≤ 𝐿𝐻𝑦𝑏𝑟𝑖𝑑 ∥ 𝜂 ∥ 

 

Hence, with a suitable 𝛼, the hybrid decision is stable under small perturbations and can be tuned to minimize 

false alarms. 
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Complexity Analysis 

Let: 

 𝑇= number of time samples processed 

 𝑤= window length 

 𝑠= step size (stride) 

 𝑁𝑤 ≈
𝑇

𝑠
= number of windows 

 Deep model: LSTM with hidden size ℎ, layers 𝑙, input dimension 𝑑 

 Statistical features count = 𝑚 

1) Preprocessing Complexity 

Filtering + normalization per sample is linear: 

𝒪(𝑇) 

 

Window buffering adds negligible overhead using a circular buffer. 

2) Deep Learning Inference 

For an LSTM, per time step cost is roughly: 

𝒪(ℎ(𝑑 + ℎ)) 

 

Per window of length 𝑤and 𝑙layers: 

𝒪(𝑙 ⋅ 𝑤 ⋅ ℎ(𝑑 + ℎ)) 

 

Across all windows: 

𝒪(𝑁𝑤 ⋅ 𝑙 ⋅ 𝑤 ⋅ ℎ(𝑑 + ℎ)) 

 

3) Statistical Module 

Feature extraction per window: 

𝒪(𝑤 +𝑚) 

 

AR fitting (order 𝑝) using fast methods is approximately: 

𝒪(𝑝2)(small p, constant in practice) 

 

Total across windows: 

𝒪(𝑁𝑤(𝑤 +𝑚)) 

 

 

 

 

 

http://www.ijrti.org/


                © 2026 IJRTI | Volume 11, Issue 1 January 2026 | ISSN: 2456-3315 

IJRTI2601027 International Journal for Research Trends and Innovation (www.ijrti.org) a198 
 

4) Fusion + Decision 

Constant time: 

𝒪(𝑁𝑤) 
 

Overall Time Complexity 

Dominated by LSTM inference: 

𝒪(𝑁𝑤 ⋅ 𝑙 ⋅ 𝑤 ⋅ ℎ(𝑑 + ℎ))  

 

Space Complexity 

 Window buffer: 𝒪(𝑤 ⋅ 𝑑) 

 LSTM parameters: 𝒪(𝑙 ⋅ ℎ(𝑑 + ℎ)) 

 Statistical state: 𝒪(𝑚) 

𝒪(𝑤𝑑 + 𝑙 ⋅ ℎ(𝑑 + ℎ) + 𝑚)  

 

I V. EXPERIMENTAL SETUP AND DATASET DESCRIPTION 

4.1 Dataset Description 

The proposed hybrid earthquake prediction framework was evaluated using multi-year regional seismic datasets 

obtained from publicly available seismic monitoring networks. The dataset includes both continuous waveform 

recordings and catalog-based seismic metadata, enabling joint evaluation of temporal signal learning and 

statistical seismic modeling. 

The dataset consists of: 

 Three-component seismic waveform signals sampled at 50–100 Hz 

 Earthquake catalog attributes including magnitude, depth, epicenter, and timestamp 

 Ground motion indicators such as Peak Ground Acceleration (PGA) and Peak Ground Velocity (PGV) 

The diversity of the dataset, covering background seismic activity, moderate earthquakes, and aftershock 

sequences, ensures robust evaluation across varying seismic conditions. 

4.2 Data Splitting Strategy 

To simulate real-time deployment and avoid temporal data leakage, the dataset was partitioned 

chronologically: 

Dataset Split Percentage 

Training Set 70% 

Validation Set 15% 

Test Set 15% 

Only historical data were used for training, while the most recent seismic events were reserved for testing. 
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4.3 Comparative Performance Using Bar Graphs 

4.3.1 Classification Performance Comparison 

A bar graph was constructed to compare Accuracy, Precision, Recall, and F1-score across three models: 

1. Statistical Model 

2. Deep Learning Model (LSTM) 

3. Proposed Hybrid Framework 

Each metric is represented as a grouped bar, allowing direct visual comparison. 

 

Fig 2: Classification Performance Comparison Across Models 

The hybrid framework consistently outperforms both baseline models across all classification metrics. The most 

notable improvements are observed in recall and F1-score, indicating enhanced event detection capability 

without compromising precision. 

Classification Performance Comparison 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Statistical Model 71.2 69.5 68.1 68.8 

Deep Learning Model (LSTM) 81.7 79.8 82.3 81.0 

Proposed Hybrid Framework 89.4 88.1 90.6 89.3 

Table 1: Classification Performance Comparison 

 

4.3.2 Early Warning Performance Comparison 

A second bar graph compares Average Lead Time and False Alarm Rate (FAR) for all three models. 

 Lead time bars show a clear increase from statistical to deep learning to hybrid models. 
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 FAR bars decrease correspondingly, demonstrating improved alert reliability. 

 
Fig 3: Early Warning Performance Comparison 

The hybrid model achieves the highest average lead time while maintaining the lowest false alarm 

rate, validating the effectiveness of fusion-based decision making. 

4.3.3  Quantitative Results Table 

Overall Performance Comparison 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Lead Time 

(s) 

FAR 

(%) 

Statistical Model 71.2 69.5 68.1 68.8 2.1 14.6 

Deep Learning (LSTM) 81.7 79.8 82.3 81.0 4.2 11.3 

Proposed Hybrid 

Framework 
89.4 88.1 90.6 89.3 6.3 8.9 
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Fig 4: Overall Performance Comparison Across Models 

V  CONCLUSION & FUTURE SCOPE 

Our work presented a hybrid deep learning and statistical modeling framework for earthquake prediction and 

early warning that effectively addresses the limitations of standalone data-driven and traditional seismological 

approaches. By integrating deep temporal learning with probabilistic seismic modeling, the proposed system 

achieves higher classification accuracy, improved recall and F1-score, extended warning lead time, and a 

reduced false alarm rate, thereby offering a reliable and operationally viable solution for real-time earthquake 

early warning. The experimental results demonstrate that fusion-based decision making enhances both detection 

sensitivity and alert reliability, which are critical for public safety and infrastructure protection. As future scope, 

the framework can be extended by incorporating uncertainty-aware Bayesian deep learning, adaptive fusion 

weights, and graph-based spatial modeling to capture inter-station correlations, as well as continual learning 

mechanisms to adapt to evolving seismic patterns. These enhancements are expected to further improve 

robustness, scalability, and real-world deployment effectiveness of earthquake early warning systems. 
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