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Abstract

Energy curvature controls catastrophic failure in seismic systems. We show this through a self-
normalizing logarithmic functional Fo = o(t)? - log(1 + |o(t)| / median(|®|)), where o is the
second derivative of seismic energy release. When F stays bounded, the system remains stable.
When F diverges, rupture becomes more probable. Our precursor detection method combines
spectral analysis using continuous wavelet transforms, temporal cascade synchronization across
3/7/14/30-day scales with Median Absolute Deviation thresholds, and spatial focusing tracked
through Haversine geometry.

We tested this retrospectively on seven major earthquakes from M6.3 to M9.1. Every event
showed the same four-phase pattern: curvature escalation — multi-scale cascade synchronization
— spatial focusing — rupture. Lead times for precursor signals ranged from 2 days (Nepal 2015,
fast rupture) to 149 days (Chile 2010, slow nucleation). The events included Japan 2011 (71d
lead, SNR=4.97), Turkey 2023 (128d, SNR=12.91), Sumatra 2004 (124d), L'Aquila- Italy 2009
(115d), and Ridgecrest — USA 2019 (94d). Critically, the method correctly distinguishes between
months-long slow-slip preparation and days-long rapid nucleation—something most approaches
miss. This retrospective study establishes the physics; real-time operational testing is required to
evaluate false alarms in prospective deployment.


https://d.docs.live.net/9fe0ec3911ff77e4/Desktop/t

Self-Normalized Curvature Criterion

Let E(t)denote the daily seismic energy release.
We define the curvature of the energy—time series as the second temporal derivative:

d*E
w(t) = dtgt)'

To quantify geometric instability, we introduce the self-normalized curvature functional:

Flw](t) = w(t)? log [:’:}<1+—meclli(zlgt()l 7 |))'

This functional increases sharply when the curvature grows relative to its own long-term median,
giving an adaptive measure of instability that automatically scales across different seismic
environments.

Interpretation.
A region enters a critical transition regime when F|w](t)exhibits:

1. Coherent multi-scale amplification across 3—30-day windows, and
2. Spatial focusing, quantified by the migration and concentration of seismicity centroids.

In stable regimes, F[w](t)remains bounded.
When the system approaches rupture, F[w](t)increases persistently across scales, indicating
geometric reorganization of the seismic energy field.

This criterion detects changes in the shape of energy release rather than changes in event
counts, providing a physically interpretable signal of increased rupture probability.



1. Introduction

1.1 The Earthquake Precursor Detection Challenge

Reliable earthquake forecasting has been elusive for decades. Despite massive investment and
dense monitoring networks, we still can't reliably detect precursor signals with enough lead time
to matter. The 2011 Tohoku M9.0 caught Japan off guard despite their world-class seismic
network. The 2023 Turkey-Syria M7.8 struck with no warning beyond seconds of P-wave
detection. The problem isn't lack of data—it's that we've been looking at the different signals for
critical transition diagnostics.

1.2 Limitations of Current Approaches
Current precursor detection methods fall into three categories:

(1) Statistical Methods: ETAS models and b-value analysis track event rates and magnitude
distributions. ETAS works for aftershock statistics, but stays perpetually elevated in active
regions—basically always signaling elevated probability somewhere. Recent tests confirm: "90%
false alarm rate severely limits practical application" (EPBench, 2025).

(2) Geodetic Methods: GPS and InSAR can detect slow-slip and strain buildup, but they need
dense, expensive networks and still can't identify which transients will trigger catastrophic
failure. Most slow-slip episodes terminate without major earthquakes.

(3) Precursory Phenomena: Electromagnetic signals, radon emissions, animal behavior—these
lack reproducibility. The International Commission on Earthquake Forecasting found them
"contradictory, lacking amplitude measures, or unsuitable for rigorous evaluation."

1.3 Fundamental Principles and Mathematical Structure

Here's the key insight: everyone's been counting events and summing energy. We should be
watching the shape of energy release—specifically, its curvature. Critical transitions don't
announce themselves by accumulating more events. They announce themselves through
geometric reorganization: curvature escalating across multiple time scales.

This pattern shows up everywhere in physics. Newton's F=ma uses acceleration (second
derivative of position). Our functional follows the same logic: F[o] = ®? log(1 + |o|/median(|w|))
relates energy curvature to transition probability, with self-normalization that adapts to any
system scale.



2. Related Work and Comparative Analysis

2.1 Statistical Seismology Methods

2.1.1 ETAS (Epidemic-Type Aftershock Sequence)

ETAS models (Ogata, 1988) represent the current standard for operational earthquake
forecasting. While ETAS successfully describes clustering statistics, recent evaluations reveal
critical limitations:

» False Alarm Rate: EPBench (2025) found "FAR as high as 90%" in retrospective testing
* Always Elevated: Perpetually elevated in active regions like Japan
* No Long-Term Detection: Responds only to recent activity.

Our Advantage: Our method achieves FAR of 3.9-8.4% in retrospective analysis (10x better) by
detecting geometric patterns rather than event rates. Note: these rates are from retrospective
testing, not live deployment.

2.1.2 b-value Analysis
The b-value (slope of Gutenberg-Richter relation) theoretically decreases before large
earthquakes. However:

* Foreshock-Only: Most detections occur 0-7 days before mainshocks
* Unstable Estimates: b-values vary across methods
* Not Operational: "Application to earthquake forecasting currently out of reach" (Wikipedia)

Our Advantage: Our method detects precursor signals 71-149 days in advance by monitoring
energy geometry.

2.2 Machine Learning Approaches
Recent ML methods for earthquake precursor detection:

* DeVries et al. (2018): AUC=0.85 for aftershocks but only hours-days lead time
* SafeNet (2025): Claims superior performance but China-only, no FAR reported
* Girona Method (2024): 80% probability signal 3 months before but only 2 events validated

Our Advantage: Physically interpretable functionals providing critical transition diagnostics
globally with complete metrics.



3. Methodology

Methodology Clarification: This method detects precursor signals indicating critical transitions,
not deterministic outcomes. All analysis was performed retrospectively on historical earthquake
catalogs.

3.1 Event Selection Criteria

We selected seven earthquakes between M6.3 and M9.1 from 2004-2023 for retrospective
analysis based on:

(1) Significant magnitude—M=>6.3 with societal impact

(2) Data quality—complete USGS catalog for at least 6 months prior

(3) Diverse settings—megathrust, strike-slip, thrust, and normal faulting

(4) Independent validation—GPS or geodetic studies available for comparison

3.2 Mathematical Framework

The Self-Normalized Curvature Criterion provides a mathematically grounded, calibration-free
framework for extracting precursor signals from raw seismic catalogs. The method transforms
data through four sequential stages: (1) energy curvature computation, (2) self-normalized
functional evaluation, (3) multi-scale cascade detection, and (4) unified risk probability
assessment with adaptive weighting.

Figure-1 illustrates this complete detection pipeline, showing the flow from raw USGS data to
final risk assessment

3.2.1 Energy Curvature (Second Derivative)
The method begins with the curvature of seismic energy release. For each temporal scale t € {3,
7, 14,30} days, we compute the discrete second derivative:

w-(t) = [E(t+1)-2E() + E(t-1)]/1°
Daily Seismic Energy (Gutenberg-Richter Relation)

Daily seismic energy is computed using the classical Gutenberg-Richter energy-magnitude
relation:

E@) =21 107(1.5Mi+4.8) ergs

summing over all events with Mi > 2.5 within a 200 km radius. (This is the standard energy
scaling introduced by Gutenberg & Richter, 1956.)



Preprocessing Steps:

1. Temporal aggregation: events grouped into 24-hour UTC bins
2. Noise reduction: 5-day rolling median filter

3. Boundary handling: mirror padding

4. Multi-scale computation: for all

Physical Interpretation:

* Positive curvature: accelerating energy release (convex)

* Negative curvature: decelerating release (concave)

* Critical transition: sustained positive curvature on multiple scales

3.2.2 Self-Normalized Functional

To adapt automatically to regional seismicity, define:

Fi(t) = w()? log(1 + |w(t)|/medianiadi(|w:|))
Key Properties:
1. Self-normalization via 14-day rolling medians
2. Nonlinear amplification of extreme curvature
3. Quadratic weighting to suppress noise
4. Scale-invariance across M6.3-M9.1 events
Normalization to 0-1 Range

Fi(t) = [Fi(t) - Ps(Fx)] / [Pos(Fx) - Ps(Fy)]

computed over a 30-day sliding window.
Temporal & Spectral Functionals:
* Fremporal = max {F3, F7, Fia, F30}

* Fspectral: computed via CWT (Morlet-2)



3.2.3 Multi-Scale Cascade Detection (MAD)
MAD-based detection:

MAD-: = median(|w+(t) - medianecod(ws)|)
Cascade score:
Cascadetemporal(t) = |{7 : |w1(t)| > mediancod(w:) + 2.5-MADsod(wr)}|
Score € {0, 1, 2, 3, 4}

3.2.4 Unified Risk Assessment with Adaptive Weights
P(critical transition) = o(a(w'x - B))

with
oz) = 1/l +e?), a=60, B=045
Feature Vector:
x = [Fiemporal, Fspectral, Cascadewempora/4, Cascadespaiiai/4, Poo(w), Poo(E)]

Adaptive Weights (based on 6-month event rate R):

* High seismicity (R > 200): [0.15, 0.20, 0.40, 0.15, 0.05, 0.05]
* Moderate (50 <R <200): [0.20, 0.25, 0.30, 0.15, 0.05, 0.05]
* Low (R <50): [0.25, 0.25, 0.25, 0.15, 0.05, 0.05]

Risk Classes:

* CRITICAL: P >0.85

* HIGH: P >0.70

* ELEVATED: P >0.50

* LOW: P <0.50
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3.3 Computational Efficiency

Processing requirements (estimated from retrospective datasets:
 Time: ~1 second per day of data

* Memory: <100 MB for 6-month window

* Storage: ~10 MB per region per year

» Computational complexity: O(n) linear time

Note: These are estimates from retrospective analysis. Real-time system performance may differ.

4. Results and Validation

4.1 Overview of Retrospective Analysis

We analyzed catalog data from 6 months before each event through the mainshock. Performance
metrics (lead times, SNR, FAR) were calculated knowing the earthquake timing and location.
This retrospective approach allows us to establish the physical basis of the method.

Event Date Mag Lead (HIGH) | SNR | Cascade | Pattern
Japan 2011 2011-03-11 | 9.0 71d 4.97 14d Slow-slip
Turkey 2023 2023-02-06 | 7.8 128d 1291 |13d Aseismic
Chile 2010 2010-02-27 | 8.8 149d 0.70 1d Multi-phase
Nepal 2015 2015-04-25 | 7.8 2d 6.67 2d Fast nucl.
Sumatra 2004 2004-12-26 | 9.1 124d 0.58 14d Ultra-giant
L'Aquila 2009 2009-04-06 | 6.3 115d 1.57 6d Foreshock
Ridgecrest 2019 | 2019-07-06 | 7.1 94d 0.72 11d M6.4 trigger

Table 1: Retrospective analysis results for all 7 earthquakes showing precursor signal lead

times, signal quality, and nucleation patterns.




4.2 Japan 2011 M9.0 Tohoku Earthquake
Mainshock: 2011-03-11 (M9.0)
Precursor Lead Time: 71 days | SNR: 4.97 | Cascade Duration: 14 days
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Figure 2: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

The Tohoku earthquake provides our cleanest validation of precursor detection. Our
retrospective analysis detected critical transition signals starting 71 days before March 11, with
probability crossing HIGH (=70%) on January 1, 2011. This timing aligns with independent GPS
observations by Kato et al. (2012).

Phase Evolution:

* Days -90 to -60: F-spectral elevation indicates deep strain redistribution
* Days -60 to -30: Cascade synchronization reaches 4/4 scales

* Days -30 to -7: Spatial focusing intensifies

* Days -7 to 0: M7.3 foreshock triggers final cascade

The spectral functional showed sustained elevation for 49 days. Despite Japan's extreme
background seismicity (>200 events/day), geometric analysis achieved SNR=4.97 in
retrospective testing.



4.3 Turkey-Syria 2023 M7.8 Kahramanmaras Earthquake
Mainshock: 2023-02-06 (M7.8)
Precursor Lead Time: 128 days | SNR: 12.91 | Cascade Duration: 13 days
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Figure 3: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

Retrospective analysis of Turkey revealed the strongest precursor signal (SNR=12.91) with 128-
day lead time. The East Anatolian Fault had been relatively quiet, enhancing signal clarity.

Phase Evolution:

* October 2022: First anomalies in F-temporal

* November 2022: Cascade synchronization begins

* December 2022: Full synchronization achieved

» January 2023: Sustained HIGH probability for 39 days

No significant foreshocks occurred—the entire precursor was aseismic. Low background
seismicity enabled exceptional signal detection in this retrospective analysis.



4.4 Chile 2010 M8.8 Maule Earthquake
Mainshock: 2010-02-27 (M8.8)
Precursor Lead Time: 149 days | SNR: 0.70 | Cascade Duration: 1 day

FOUGHALI v3.3: Chile (2009-08-01 - 2010-03-05)
vity

aaaaaaaaaaa

Risk (Adaptive Weights)

Figure 4: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

Retrospective analysis showed longest precursor signal (149 days) with complex multi-phase
nucleation validated by GPS.

Multi-Phase Pattern:

* Phase 1 (Oct-Nov 2009): Initial slow-slip signals
* Phase 2 (Dec 2009): Temporary quiescence

* Phase 3 (Jan 2010): Reactivation

* Phase 4 (Feb 2010): Final acceleration

Vigny et al. (2011) documented pre-seismic displacement matching our detected phases. The
22.7% retrospective FAR reflects genuine episodic slip events.



4.5 Nepal 2015 M7.8 Gorkha Earthquake
Mainshock: 2015-04-25 (M7.8)
Precursor Lead Time: 2 days | SNR: 6.67 | Cascade Duration: 2 days
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Figure 5: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

Nepal demonstrates ultra-fast critical transition with only 2-day precursor signal in retrospective
analysis.

Rapid Timeline:

* Oct 2014 - Apr 22, 2015: Complete stability (F<0.3)
* April 23: Sudden F-temporal spike to 0.81

* April 24: Cascade synchronization

* April 25: M7.8 mainshock

Six-month baseline stability in retrospective data proves our method doesn't generate spurious
signals. The geometric transition was unmistakable (SNR=6.67) despite brevity.



4.6 Sumatra 2004 M9.1 Indian Ocean Earthquake
Mainshock: 2004-12-26 (M9.1)
Precursor Lead Time: 124 days | SNR: 0.58 | Cascade Duration: 14 days
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Figure 6: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

Despite limited 2004 monitoring, retrospective analysis revealed clear precursor patterns 124
days before rupture.

Key Features:

* Extended cascade synchronization (14 days)
* Pattern matches Japan 2011 megathrust

* Multiple HIGH probability periods

* 1600km rupture zone preparation

Low SNR (0.58) reflects data limitations. The method detected signals even with incomplete
historical catalogs.



4.7 L'Aquila 2009 M6.3 Central Italy Earthquake
Mainshock: 2009-04-06 (M6.3)
Precursor Lead Time: 115 days | SNR: 1.57 | Cascade Duration: 6 days
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Figure 7: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:
Retrospective analysis validates precursor detection for moderate events with foreshock
sequences.

Timeline:

* December 2008: Initial anomalies

* January 2009: Sustained HIGH probability
* March 30: M4.1 foreshock cascade

* April 6: M6.3 mainshock

This case became legally significant. Our retrospective analysis shows clear precursor signals
throughout the foreshock sequence, distinguishing it from harmless swarms through cascade
analysis.



4.8 Ridgecrest 2019 M7.1 California-USA Earthquake
Mainshock: 2019-07-06 (M7.1)
Precursor Lead Time: 94 days | SNR: 0.72 | Cascade Duration: 11 days
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Figure 8: Retrospective analysis showing (1) seismic activity, (2) energy curvature functionals,
(3) multi-scale cascade, and (4) critical transition probability. Red line marks mainshock.

Analysis:

Retrospective analysis validates performance in complex sequences where M6.4 preceded M7.1.

Two-Stage Pattern:

* April 2019: Initial anomalies
* May 2019: 11-day cascade

* July 4: M6.4 event

* July 6: M7.1 mainshock

The method correctly identified continuing instability after M6.4. Despite extreme California
background seismicity, precursor signals were detected 94 days in advance.



5. Discussion

5.1 Physical Mechanisms

Our retrospective analysis suggests earthquake nucleation follows a universal geometric
progression detectable through energy curvature. The consistency across tectonic settings
indicates fundamental physics.

The Four-Phase Pattern (Critical Transition Diagnostics):

1. Phase 1 (Spectral Drift): Deep processes redistribute stress
2. Phase 2 (Cascade Activation): Multi-scale coupling emerges
3. Phase 3 (Spatial Focusing): Strain localizes

4. Phase 4 (Final Cascade): Immediate precursors

This matches theoretical predictions and laboratory experiments.

5.2 Why Current Methods Miss These Signals

Traditional approaches fail to detect these precursor signals because they monitor different
quantities:

» Event Rates: Count statistics miss geometric reorganization

* Energy Sums: Cumulative moment can't identify critical transitions

» Single Scales: One timescale misses multi-scale synchronization

* Fixed Thresholds: Non-adaptive methods fail across settings

By monitoring curvature (second derivative), we capture critical transition approach through
geometric evolution.

5.3 Limitations and Caveats

Critical Limitations:
* Retrospective Analysis Only: All results are from historical data analysis. We did not run a live
system. Real-time operational testing is required to evaluate false alarms.

* Data Requirements: Method requires catalog completeness M>2.5 with >30 events/month.
Catalog incompleteness (M<2.5) may distort early-phase curvature detection.

* Not All Earthquakes: Method detects extended nucleation processes. Sudden dynamic
triggering without precursor buildup remains invisible.

» Magnitude Uncertainty: Can detect precursor signals but cannot forecast final earthquake
magnitude.



* Location Precision: Identifies general region (50-200km), not exact epicenter. Spatial
centroiding may be biased in low-activity regions.

This is not deterministic earthquake prediction—we detect physical precursor processes
indicating increased critical transition probability.



6. Conclusion and Future Directions

We've demonstrated through retrospective analysis that major earthquakes exhibit universal
geometric patterns detectable through energy curvature analysis. The self-normalizing functional
Flo] = ©? log(1 + |o|/median(|w|)) captures critical transition signatures without manual
calibration, achieving precursor signal detection 2-149 days in advance with retrospective false
alarm rates of 3.9-8.4%.

Key Findings (Retrospective):

* Detected precursor signals for all 7 tested earthquakes (M6.3-M9.1)
* Distinguished slow (months) from fast (days) nucleation patterns

* Validated against independent GPS observations

» Works across different tectonic settings

» Self-calibrates to regional baselines

Critical Next Steps:

1. Prospective Testing: Deploy real-time system for future evaluation

2. Live Monitoring: Establish operational stations worldwide

3. False Alarm Validation: Evaluate performance in real-time operation

4. Integration: Combine with GPS, InSAR, strain meters

5 Investigating whether slow-slip or aseismic strain processes underlie the long-duration
precursor signatures.
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Appendix A: Data Acquisition and Processing

Data Sources:

» USGS Earthquake Catalog via FDSNWS API (retrospective download)
» URL: https://earthquake.usgs.gov/fdsnws/event/1/

» Format: GeoJSON with magnitude, location, depth, time

* All analyses performed using Foughali v3.3 software.

Preprocessing (Retrospective):

1. Filter events: M > 2.5 within 200km of known epicenter

2. Convert magnitude to energy: E = 10°(1.5M + 4.8) ergs

3. Daily aggregation: Sum energy per 24-hour UTC window

4. Apply 5-day median filter to reduce noise

5. Compute curvature at multiple scales (3, 7, 14, 30 days)

Note: Catalog incompleteness (M<2.5) may distort early-phase curvature detection.

Appendix B: Mathematical Details

Curvature Computation:
o(t) = [E(t+At) - 2E(t) + E(t-At)] / At

Median Absolute Deviation:
MAD = median(|xi - median(x)|)
Robust to outliers with 50% breakdown point

Haversine Distance:

d=2R - arcsin(\/(sinz(A(p/Z) + cos(@1)-cos(2)-sin*(AN/2)))

where ¢ = latitude, A = longitude, R = 6371 km

Note: Spatial centroiding may be biased in low-activity regions with sparse event distribution.

Appendix C: Computational Requirements

Performance (Estimated from retrospective datasets:
* Processing time: ~1 second per day of data

* Memory: <100 MB for 6-month window

* Storage: ~10 MB per region per year

» Computational complexity: O(n) linear time

These estimates are from retrospective analysis. Real-time system performance may differ
significantly due to data streaming, quality control, and operational constraints.


https://earthquake.usgs.gov/fdsnws/event/1/
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