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Abstract 8 

Rainfall-induced landslides pose severe geohazards in monsoon-dominated mountain regions. This study 9 

presents a coupled rainfall–acoustic emission (AE) monitoring system deployed at a landslide-prone slope 10 

near Narendra Nagar, Uttarakhand, India (Lesser Himalaya). AE signals were recorded from active 11 

hollow aluminium waveguides installed through mapped shear zones, synchronized with sub-minute 12 

rainfall data from an Automatic Weather Station. Analysis of 4,884 one-minute windows over the 2025 13 

monsoon season revealed: (i) a site-specific critical rainfall intensity threshold of 2 mm/min (r = 0.70, p < 14 

0.001); (ii) a non-monotonic AE energy response with an energy minimum attributed to capillary suction 15 

strengthening under partial saturation, the first field-scale documentation of this phenomenon; (iii) an 16 

actionable early warning window of 12–35 minutes; (iv) an adaptive windowing algorithm showing 17 

intensity-dependent optimal accumulation windows (1 min at >4 mm/min, 60 min at <1 mm/min); and (v) 18 

a dual-criterion (rainfall + AE) warning system that reduces false alarms by a factor of three compared to 19 

rain-only thresholds. A site-specific intensity–duration threshold (I = 0.088D^0.36) was derived from 51 20 

AE-confirmed rainfall events. These results demonstrate the feasibility of physics-based, multi-criterion 21 

AE-driven landslide early warning in complex Himalayan terrain. 22 

Keywords: 23 

Acoustic emission, active waveguide, rainfall-induced landslide, intensity–duration threshold, early 24 

warning system, Himalaya. 25 

1. Introduction 26 

Rainfall-induced landslides are among the most destructive geohazards globally. Between 2004 and 2016, 27 

an estimated 55,997 fatalities were attributed to 4,862 non-seismically triggered landslide events 28 

worldwide (Froude & Petley, 2018), with the Indian subcontinent recording the highest national fatality 29 



count (Petley et al., 2005). Under projected climate change scenarios, the frequency and intensity of 30 

extreme precipitation events are expected to increase, further amplifying landslide susceptibility in 31 

already-vulnerable mountain regions (Gariano & Guzzetti, 2016). In tectonically active orogenic belts 32 

such as the Lesser Himalayas, the convergence of intense monsoon rainfall, steep topography (β = 35°–33 

55°), deeply weathered residual soils, and anthropogenic slope modifications like road widening, 34 

deforestation, and drainage disruption that creates conditions highly susceptible to shallow translational 35 

and rotational failures (Chae et al., 2017; Dai et al., 2002; Hungr et al., 2014). The catastrophic 2013 36 

Kedarnath disaster in Uttarakhand, which claimed over 5,000 lives, underscores the urgent need for 37 

reliable, physics-based early warning systems in this region. 38 

The mechanics of rainfall-triggered slope failure are governed by the interaction between infiltration and 39 

effective stress. Conventional stability analyses employ the infinite-slope model, where the factor of 40 

safety against sliding is expressed as: 41 𝐹𝑆 = [ܿ′ ߛ) + · ݖ · − ߚ2ݏ݋ܿ (ݑ  · tan ߛ)[′߮ · ݖ · sin ߚ · cos  42 (1) (ߚ

here ܿ′ is the effective cohesion, ߛ the unit weight of soil, ݖ the depth to the shear plane, ߚ the slope 43 

angle, ߮′ the effective friction angle, and u the pore water pressure. During intense rainfall, infiltration 44 

raises pore water pressure ݑ toward the hydrostatic value, reducing FS below unity and triggering failure 45 

(Iverson, 2000; Terzaghi, 1943). The governing relationship between total stress ߪ, pore pressure ݑ, and 46 

effective stress ߪ′ is described by Terzaghi's principle: 47  ߪ′ = − ߪ   48 (2)  ݑ 

The hydrological pathway from surface rainfall to subsurface pore pressure build-up is controlled by the 49 

saturated hydraulic conductivity, antecedent moisture state, and slope geometry (Bogaard & Greco, 50 

2016). Understanding this pathway is essential for predicting the time lag between rainfall onset and slope 51 

instability. 52 

Traditional slope monitoring technologies like inclinometers, extensometers, GPS receivers, and total-53 

station surveys detect only relatively large, macroscopic deformations and are prone to catastrophic 54 

failure during major slope events when casings shear or benchmarks are lost (Chae et al., 2017; Smith et 55 

al., 2014). Furthermore, these instruments provide sparse spatial coverage and typically require manual 56 

data retrieval, rendering them unsuitable for real-time early warning in remote mountain terrains (Intrieri 57 

et al., 2013; Piciullo et al., 2018). (Stähli et al., 2015) reviewed multi-sensor early warning systems for 58 

rapid mass movements and concluded that integration of direct mechanical measurements with 59 

meteorological data remains a critical unmet need for operational slope monitoring. 60 



Acoustic Emission (AE) monitoring offers a fundamentally different and complementary approach to 61 

slope deformation detection. Deforming soil and rock masses generate transient elastic waves through 62 

micro-crack initiation, inter-particle friction, grain-scale slip, and stress redistribution, spanning a 63 

frequency range of 1–500 kHz (Michlmayr et al., 2012). These waves propagate to the surface and can be 64 

detected by piezoelectric sensors before any visible deformation occurs. (Koerner et al., 1978) first 65 

demonstrated that deforming soil masses generate detectable AE signals whose characteristics like event 66 

rate, amplitude, and energy are linked to stress changes and impending instability. Building upon this 67 

foundation, (Dixon et al., 2003) introduced the active waveguide concept: a hollow aluminium rod 68 

surrounded by granular backfill installed through anticipated shear zones. When the slope deforms, 69 

shearing of the backfill produces AE whose ring-down count rate scales with displacement rate v 70 

according to the power-law relationship:  71 Ṙ஺ா = · ܥ  ఈݒ     (3) 72 

where ܥ  is a system-dependent coefficient incorporating waveguide geometry, backfill gradation, and 73 

sensor coupling, and α is an empirical exponent typically in the range 0.8–1.2 for granular soils  (Dixon et 74 

al., 2003; Kumar et al., 2024, 2025; Smith & Dixon, 2015; Vashista et al., 2024). Subsequent field 75 

deployments have validated the active-waveguide approach across a range of slope types: (Dixon & 76 

Spriggs, 2007) quantified displacement rates at a reactivated landslide, (Smith et al., 2017) demonstrated 77 

early detection of first-time slope failures in large-scale physical models, (Dixon et al., 2015) tracked 78 

reactivated landslide behaviour, and(Berg et al., 2018) correlated AE patterns with extremely slow 79 

deformation at Peace River, Canada. Most recently, (Deng et al., 2021b) combined AE monitoring with 80 

rainfall data and machine learning to predict landslide deformation behaviour, demonstrating the potential 81 

of data-driven approaches to augment physics-based AE interpretation. 82 

Parallel advances in rainfall threshold research have established empirical intensity–duration (I–D) 83 

relationships as the primary operational tool for landslide early warning. The seminal work of (Caine, 84 

1980) proposed a global power-law I–D threshold of the form I = ܦߙఉ, which has since been refined 85 

through regional and global compilations (Brunetti et al., 2010; Guzzetti et al., 2007, 2008). (Segoni et 86 

al., 2018) reviewed over 100 studies and identified persistent challenges: high false alarm rates, 87 

sensitivity to antecedent moisture, and limited physical basis for purely empirical thresholds. In the Indian 88 

Himalayan context, (Dikshit et al., 2020) derived site-specific thresholds for Sikkim and (Dahal & 89 

Hasegawa, 2008) for the Nepal Himalaya, both reporting thresholds substantially below global averages 90 

consistent with the high susceptibility of weathered metamorphic terrains in this region. Despite these 91 

advances, conventional rainfall threshold systems lack direct mechanical confirmation of subsurface 92 



deformation, leading to unacceptably high false positive rates in operational deployment (Piciullo et al., 93 

2018). 94 

A critical but largely unexplored dimension of the rainfall–AE relationship concerns the role of soil 95 

moisture state. Under unsaturated conditions, the effective stress is modified by Bishop's generalized 96 

effective stress equation (Bishop, 1959): 97 ߪ′ = (௔ݑ − ߪ)  +  ߯ · ௔ݑ) −  ௪)   (4) 98ݑ 

where ݑ௔ is the pore air pressure, ݑ௪ the pore water pressure, and χ is the effective stress parameter (0 ≤99  ߯ ≤  1, increasing with degree of saturation) (Fredlund & Rahardjo, 1993). The suction stress framework 100 

developed by (Lu & Likos, 2006) provides a unified treatment of these interactions. As moisture increases 101 

from dry to partially saturated states, the matric suction (ݑ௔ − ௪ݑ  ) provides apparent cohesion that 102 

strengthens the soil matrix and initially suppresses micro-crack activity and AE generation. Only once 103 

saturation approaches a critical level and matric suction collapses do AE event rates and energies rise 104 

sharply. Effect of water saturation on damage mechanisms by (Liu et al., 2025), AE counts and crack 105 

signals get reduced. However, this phenomenon has not been documented at field scale in the context of 106 

landslide monitoring, a significant gap given its implications for false alarm reduction during moderate 107 

rainfall on initially dry slopes. 108 

This study addresses this gap by deploying coupled AE and meteorological monitoring instrumentation at 109 

a landslide-prone slope in the Indian Himalayas. The quantitative correlation between rainfall intensity 110 

and AE response is characterized using the Pearson correlation coefficient: 111 ݎ = − ᵢݔ)ᵢߑ − ᵢݕ)(ݔ̄   ȳ)ߑᵢ(ݔᵢ − 2(ݔ̄  · − ᵢݕ)ᵢߑ   ȳ)2  (5) 112 

where ݔᵢ ܽ݊݀ ݕᵢ represent paired rainfall and AE energy observations. The specific objectives of this 113 

study are, (1) to quantify the spatiotemporal correlation between high-resolution (1-minute) rainfall 114 

intensity and subsurface AE activity using synchronized time series over a full monsoon season, (2) to 115 

identify site-specific rainfall intensity thresholds for landslide initiation through systematic sensitivity 116 

analysis and to evaluate a dual-criterion (rainfall + AE) early warning approach, (3) to provide the first 117 

field-scale documentation of the non-monotonic moisture-dependent AE response predicted by 118 

unsaturated soil mechanics theory, and (4) to develop an adaptive windowing framework that dynamically 119 

optimizes the rainfall accumulation period based on intensity regime. Research based on IoT, (Vashista et 120 

al., 2025) details the intruder detection system on indigenously developed AE data acquisition hardware. 121 



2. Study Area: Narendra Nagar 122 

Field measurements were conducted at the Landslide Observatory, located near Narendra Nagar, Tehri 123 

Garhwal district, Uttarakhand, India (30.15°N, 78.29°E; elevation 900–1100 m a.s.l.) as depicted in 124 

Figure 1. The observatory is situated within the tectonically active Lesser Himalaya, proximal to the 125 

Main Boundary Thrust (MBT), monitoring an active road-cut slope adjacent to the Narendra Nagar–126 

Dehradun bypass road. The slope angles range between 38° and 52°, and the lithology is dominated by 127 

highly weathered phyllites and colluvial deposits of the Chandpur Formation overlying fractured bedrock. 128 

Geomorphologically, the site is characterised by shallow translational failures and episodic debris flows 129 

along road-cut scarps, typical of the Lesser Himalayan terrain where anthropogenic modifications like 130 

road widening, drainage disruption, and deforestation have significantly increased landslide susceptibility 131 

(Dai et al., 2002). 132 

 133 

Figure 1. Deployment of DAQ system and Landslide observatory at Narendra Nagar field site. 134 

The region is heavily influenced by the Indian Summer Monsoon, receiving approximately 1000–1200 135 

mm of rainfall annually (India Meteorological Department, 2023), predominantly concentrated between 136 



June and September. Short-duration convective storms associated with orographic lifting can deliver 137 

rainfall intensities exceeding 5–6 mm/min (Chae et al., 2017; Dahal & Hasegawa, 2008). 138 

Historical records and field observations indicate frequent shallow debris flows and episodic deeper 139 

translational failures along this corridor, making it an ideal natural laboratory for studying rainfall-140 

triggered slope kinematics. The 2013 Kedarnath disaster (~60 km northeast of the site), which resulted in 141 

over 5,000 fatalities, underscores the catastrophic potential of rainfall-induced mass movements in this 142 

region. 143 

 144 

Figure 2. Process flow of rainfall-induced landslide and AE detection 145 

Table 1. Geotechnical and Climatic Characteristics 146 

Parameter  Typical Value / Description 

Slope angle 38-52° (road cut and natural slope) 

Lithology Weathered phyllite and colluvium over bedrock 

Typical failure mode Shallow debris slides, planar translational failures 

Annual rainfall ~1050 mm, monsoon-dominated 

Peak observed intensity Up to 6.5 mm/min during peak monsoon (15 August - 15 September) 

Table 1 summarises key geotechnical and climatic characteristics of the site. The combination of steep 147 

slopes (β = 38°–52°), weak weathered materials (effective cohesion c' ≈ 5–15 kPa, friction angle φ' ≈ 22°–148 

28°), intense monsoon rainfall, and anthropogenic modification creates conditions highly susceptible to 149 



rainfall-induced instability. Parameters were obtained from field investigations and published values for 150 

weathered phyllites in the Lesser Himalaya (Dahal & Hasegawa, 2008; Dikshit et al., 2020). 151 

3. Methodology 152 

3.1 Instrumentation 153 

The monitoring system comprises two synchronised subsystems. The first is a cloud-connected Automatic 154 

Weather Station (AWS) recording rainfall at 1-minute intervals via a tipping-bucket rain gauge 155 

(resolution 0.1 mm), subsequently aggregated to 1-minute windows for analysis. The second is an 156 

indigenously developed low-power AE data acquisition (DAQ) system based on broadband piezoelectric 157 

sensors (operating range 20–80 kHz) coupled to active hollow aluminum waveguides. Each waveguide is 158 

a 50 mm outer diameter, 3 mm wall thickness aluminium tube installed into boreholes at 10.0 m and 16.0 159 

m depth, surrounded by standardised angular sand backfill (particle size 2–5 mm) to ensure consistent AE 160 

generation during shearing. The DAQ system samples at 1 MSPS (mega-samples per second), extracts 161 

AE parameters like hit count, energy (pJ), peak amplitude (dB), and peak frequency (kHz) in real time 162 

using a 40 dB threshold, and transmits data wirelessly to the observatory via LoRaWAN. Power 163 

consumption is less than 6 W per channel, enabling continuous solar-powered field operation. 164 

3.2 Data Processing and Windowing 165 

Both rainfall and AE data streams are resampled into synchronised 1-minute windows. Within each 166 

window, rainfall is aggregated by summation (total mm accumulated), AE energy and counts by 167 

summation, peak amplitude by maximum, and peak frequency by arithmetic mean. This yields a merged 168 

time series of n paired observations for subsequent correlation analysis. 169 

3.3 Correlation and Sensitivity Analysis 170 

To identify the optimal rainfall threshold for landslide early warning, a systematic sensitivity analysis is 171 

performed. The dataset is progressively filtered by applying a rainfall threshold τ in increments of Δτ = 172 

0.1 mm/min. For each threshold, only windows satisfying the criterion are retained, and the Pearson 173 

correlation coefficient r (Equation 5) between rainfall and AE energy is computed. Additionally, physical 174 

metrics like average AE energy, cumulative AE counts, and mean peak frequency are tabulated as 175 

functions of τ. This analysis enables identification of the threshold τ* that maximises the correlation, 176 

representing the optimal rainfall-AE coupling, and any non-monotonic features in the energy–threshold 177 

curve indicative of moisture-dependent mechanical behaviour per Equation 4. 178 



3.4 Statistical Validation 179 

The statistical significance of correlations is assessed using two-tailed t-tests with the null hypothesis H₀: 180 

ρ = 0 (no linear association). The test statistic is: 181 ݐ = · ݎ   √݊ −  2√1 − 2ݎ    (6) 182 

where n is the number of data points. Performance of the threshold-based warning system is evaluated 183 

using standard binary classification metrics: sensitivity (true positive rate), specificity (true negative rate), 184 

positive predictive value (PPV), and area under the receiver operating characteristic curve (AUC). 185 

3.5 Adaptive Windowing Algorithm 186 

The adaptive windowing methodology extends conventional fixed-window correlation analysis by 187 

dynamically selecting the optimal rainfall accumulation window based on the prevailing rainfall intensity 188 

regime (Guzzetti et al., 2008; Segoni et al., 2018). The dataset is partitioned into five intensity regimes: 189 

<0.5, 0.5–1.0, 1.0–2.0, 2.0–4.0, and >4.0 mm/min. For each regime, a systematic scan over accumulation 190 

windows ranging from 1 to 180 minutes is performed, and the window that maximises the Pearson 191 

correlation coefficient between accumulated rainfall and AE energy is selected. This approach captures 192 

the physically expected behaviour: at high rainfall intensities, the AE response is rapid and best captured 193 

by short windows, while at low intensities, the delayed infiltration and pore pressure build-up requires 194 

longer accumulation windows to reveal the correlation(Iverson, 2000). 195 

3.6 Intensity–Duration Threshold Analysis 196 

Rainfall events are identified as contiguous sequences of 1-minute windows with non-zero rainfall 197 

(minimum duration = 2 minutes). For each event, the mean intensity I (mm/min) and duration D (min) are 198 

computed. Events are classified as "triggering" if the peak AE energy during the event exceeds the 90th 199 

percentile of the full monitoring record. A power-law I–D threshold is fitted to the triggering events in 200 

log–log space following the established form (Caine, 1980): ܫ =  ఉ, where α and β are site-specific 201ܦߙ 

empirical constants. This threshold defines the minimum rainfall intensity–duration combination above 202 

which debris flow initiation is expected based on the AE-confirmed ground response. The approach 203 

follows the methodology established (Guzzetti et al., 2007, 2008) and applied to the Indian Himalaya by 204 

researchers (Dikshit et al., 2020). 205 

3.7 Dual-Criterion Warning System 206 

A dual-criterion warning system is proposed that combines rainfall threshold exceedance with AE energy 207 

confirmation. Criterion A (rain-only) triggers a warning when rainfall intensity exceeds the site-specific 208 

threshold (τ = 2 mm/min). Criterion B (dual) requires both rainfall threshold exceedance AND a 5-minute 209 

rolling mean AE energy exceeding 50% of the 90th percentile threshold. The rationale for the dual 210 



criterion is that rainfall alone may trigger false alarms during events where partial-saturation 211 

strengthening ((Bishop, 1959); Figure 5) prevents actual slope deformation. The AE component provides 212 

direct mechanical confirmation of subsurface shearing, addressing the key limitation of rain-only 213 

threshold systems identified by (Piciullo et al., 2018). Warning system performance is evaluated using 214 

ROC analysis and confusion matrices. 215 

3.8 Antecedent Precipitation Index 216 

The antecedent precipitation index (API) captures the memory effect of prior rainfall on soil moisture 217 

state (Crozier, 1999): ܫܲܣ௧ = ௜݇)ߑ   ×  ܴ{௧−௜}) for i = 0 to N, where k is the exponential decay factor 218 

(0 <  ݇ <  1), ܴ{௧−௜} is the rainfall at time lag i, and N is the lookback period (1440 minutes = 24 hours). 219 

The optimal decay factor is determined by scanning k from 0.80 to 0.98 and selecting the value that 220 

maximises the Pearson r² between API and AE energy. 221 

4. Results 222 

4.1 Time-Series Response 223 

Figure 3 presents the synchronised 1-hour aggregated time series of rainfall and AE energy over the 224 

monitoring period. A total of 4,884 valid 1-minute windows were recorded across the overlapping period. 225 

Visual inspection reveals that AE energy bursts consistently lag behind high-intensity rainfall events by 226 

1.5–4 minutes (mean lag 3.1 ± 1.2 min), indicating rapid pore pressure propagation to the shear plane 227 

(Iverson, 2000). The overall Pearson correlation across all data is r = 0.038 (p = 0.0086), reflecting the 228 

dominance of low-intensity, non-triggering rainfall windows in the dataset. 229 

 230 

Figure 3. Synchronised time series of hourly rainfall (blue bars, left axis) and cumulative AE energy (red 231 

line, right axis) at the Narendra Nagar site. 232 



4.2 Sensitivity Analysis and Threshold Identification 233 

Figure 4 shows the Pearson correlation coefficient as a function of rainfall threshold. The correlation 234 

exhibits a clear optimum at τ* = 4.8 mm/min (r = 0.89), confirming that restricting analysis to high-235 

intensity rainfall events significantly strengthens the linear rainfall–AE coupling. At the operationally 236 

significant threshold of 2 mm/min, the correlation is r = 0.74 (p = 0.0015). The system achieved 70% 237 

sensitivity (true positive rate) with only 8.3% false positive rate and 99.4% specificity at the 2 mm/min 238 

threshold, suitable for operational early warning. 239 

 240 

Figure 4. Pearson correlation coefficient (r) between rainfall and AE energy as a function of minimum 241 

rainfall threshold. Dashed red line indicates optimal threshold. 242 

4.3 Non-Monotonic Energy Response 243 

Figure 5 reveals a pronounced non-monotonic relationship between average AE energy and rainfall 244 

threshold, with a distinct energy minimum at approximately 1.5 mm/min. This finding provides the first 245 

field-scale documentation of the partial-saturation strengthening phase predicted by Bishop's effective 246 

stress framework (Equation 4; (Bishop, 1959); (Lu & Likos, 2006)). At low rainfall intensities (below the 247 

energy minimum), infiltrating water increases matric suction and apparent cohesion, thereby suppressing 248 

micro-crack activity and AE generation. As rainfall intensity exceeds the critical level, suction collapses, 249 

pore water pressure rises rapidly along the shear plane, effective stress drops per Equation 2, and AE 250 

energy surges by nearly an order of magnitude. This non-monotonic behaviour is consistent and water-251 

saturated damage mechanisms (Xu et al., 2024), but has not previously been documented at field scale. 252 



 253 

Figure 5. Average AE energy (pJ/min) versus rainfall threshold, showing non-monotonic behaviour with 254 

a distinct minimum attributed to capillary suction strengthening. 255 

4.4 Scatter Analysis 256 

Figure 6, shows the scatter distribution of AE energy versus rainfall for all windows with non-zero 257 

rainfall (n = 457). The ordinary least-squares (OLS) regression yields r² = 0.009, confirming that a simple 258 

linear model is inadequate to describe the rainfall–AE relationship. This low coefficient of determination 259 

is consistent with the non-linear, threshold-dependent nature of the AE response documented in Section 260 

4.2: below the critical rainfall intensity of 2 mm/min, partial-saturation strengthening suppresses AE 261 

activity (Figure 5), while above this threshold, AE energy surges non-linearly. The pronounced 262 

heteroscedasticity at higher rainfall values reflects variability in antecedent soil moisture, spatial 263 

heterogeneity in shear zone hydraulic properties, and transient waveguide–soil coupling variations(Marin 264 

& Velásquez, 2020). These results underscore the necessity of a threshold-based rather than continuous 265 

linear approach for operational early warning. 266 

Table 2. Selected Rainfall Events and AE Response 267 

Date  Peak Intensity 

(mm/min) 

AE Energy Peak 

(× baseline) 

Lag (min) Field Observation 

15 June 9.9 ~8× 7 Small debris slip near toe 

09 Aug 13.8 ~12× 3 Cracking along mid-slope tension line 

22 Aug 15.1 ~15× 4 Shallow translational slide 

14 Sept 16.4 ~16× 1-2 Major slope failure affecting road 

30 Sept 1.4 ~0.5× - No visible failure 



 268 

Figure 6. Scatter plot of AE energy versus rainfall with OLS regression line (r² = 0.009). 269 

4.5 Adaptive Window Selection 270 

The adaptive windowing analysis reveals a clear intensity-dependent pattern in the optimal accumulation 271 

window (Figure 7). At the highest intensity regime (>4 mm/min), the optimal window is 1 minute with r² 272 

= 0.604, confirming that AE responds instantaneously to extreme rainfall. For the moderate regime (2–4 273 

mm/min), a 15-minute window yields the best correlation (r² = 0.094). At lower intensities (0.5–1 274 

mm/min), longer windows of 60 minutes are required (r² = 0.017). This monotonically decreasing 275 

relationship between intensity and optimal window size is consistent with the physics of infiltration: at 276 

high intensities, the wetting front reaches the shear zone rapidly, while at low intensities, cumulative 277 

infiltration over a longer period is required to build sufficient pore pressure for detectable shearing 278 

(Bogaard & Greco, 2016; Iverson, 2000). 279 

4.6 Intensity–Duration Threshold 280 

The I–D analysis identified 51 discrete rainfall events during the monitoring period, of which 34 (67%) 281 

were classified as triggering based on AE energy response. The fitted threshold I = 0.0880.36ܦ (r² = 282 

0.345, p < 0.001) lies substantially below the(Caine, 1980) global threshold (I = 14.820.39−ܦ), indicating 283 

that the Narendra Nagar site is more susceptible to rainfall-triggered debris flows than the global average. 284 

This is consistent with the site's steep slopes (38–52°), weak weathered phyllites, and disrupted drainage 285 

from road construction (Dahal & Hasegawa, 2008; Dikshit et al., 2020). The positive exponent (β = 0.36) 286 

differs from the typically negative exponents reported for global datasets ((Caine, 1980): β = −0.39; 287 

(Guzzetti et al., 2008): β = −0.55), likely reflecting the dominance of short-duration convective storms at 288 

this Himalayan site. 289 



 290 

Figure 7. Scatter plot of AE energy versus rainfall intensity(mm/min) with duration(min). 291 

4.7 Dual-Criterion Warning Performance 292 

The ROC analysis demonstrates that the dual-criterion (Rain+AE) system achieves AUC = 0.586 293 

compared to AUC = 0.582 for rain-only prediction. While the improvement in overall AUC is modest, the 294 

dual criterion substantially improves the positive predictive value from 0.067 to 0.200, a three-fold 295 

reduction in false alarms. This is operationally significant: in community-scale early warning systems, 296 

excessive false alarms lead to alarm fatigue and non-compliance (Dixon et al., 2018). The AE component 297 

provides direct mechanical confirmation of subsurface deformation, filtering out rainfall events where 298 

partial-saturation strengthening prevents actual slope failure. 299 

 300 

Figure 8. ROC Curve for Rain only vs AE dual criterion warning. 301 



4.8 Antecedent Precipitation Index 302 

The optimal API decay factor k = 0.94 corresponds to a characteristic memory time of approximately 16 303 

minutes (ݐ{1೐} =  − 1ln(௞) = 16.2݉݅݊), consistent with the rapid drainage characteristics of the colluvial 304 

material at the site (݇௦௔௧ ≈ 10⁻⁵ m/s). The relatively low r² = 0.006 between API and AE energy suggests 305 

that at this site, antecedent moisture plays a secondary role compared to instantaneous rainfall intensity in 306 

triggering AE response, consistent with the dominance of short-duration convective storms during the 307 

Indian monsoon. 308 

Discussion 309 

5.1 Comparison with Published Rainfall Thresholds 310 

The site-specific rainfall intensity threshold of 2 mm/min identified in this study lies substantially below 311 

the (Caine, 1980) global threshold and below the updated global compilations of (Guzzetti et al., 2007, 312 

2008). This is consistent with the high susceptibility of weathered metamorphic terrains in the Lesser 313 

Himalaya, where (Dikshit et al., 2020) reported similarly low thresholds for Sikkim (I = 2.490.25−ܦ) and 314 

(Dahal & Hasegawa, 2008) for the Nepal Himalaya. The site-specific I–D threshold (I = 0.0880.36ܦ, r² = 315 

0.345) derived from 51 AE-confirmed rainfall events provides a physically validated alternative to purely 316 

empirical thresholds that lack direct mechanical confirmation of ground response. The positive exponent 317 

(β = 0.36) contrasts with the negative exponents typically reported in global datasets and likely reflects 318 

the dominance of short-duration, high-intensity convective storms characteristic of the Indian monsoon, 319 

where even brief intense rainfall can trigger shallow failures in the weathered phyllitic substrate. 320 

5.2 Non-Monotonic AE Response: Field Validation of Suction Theory 321 

The non-monotonic relationship between AE energy and rainfall intensity (Figure 5), with a distinct 322 

energy minimum near 1.5 mm/min, constitutes the first field-scale documentation of the partial-saturation 323 

strengthening phenomenon predicted by Bishop AW (Bishop, 1959) effective stress framework for 324 

unsaturated soils. The suction stress framework of (Lu & Likos, 2006) provides the theoretical basis: as 325 

infiltration increases from dry conditions, matric suction (ݑ௔ −  ௪) initially increases apparent cohesion, 326ݑ 

suppressing micro-crack propagation and AE generation. Only when saturation exceeds a critical 327 

threshold does suction collapse, effective stress drops, and AE energy surges. This field observation is 328 

consistent with laboratory findings but extends these results to field-scale slope monitoring. The practical 329 

implication is significant: moderate rainfall on dry slopes may stabilize the shallow subsurface through 330 

suction strengthening, and AE-based warning systems should account for this non-monotonic response to 331 

avoid unnecessary false alarms during early-monsoon wetting events. 332 



5.3 Comparison with Existing AE Monitoring Systems 333 

The indigenous low-power AE monitoring system deployed in this study offers a cost-effective 334 

alternative to the established Loughborough University Slope ALARMS system (Dixon et al., 2003, 335 

2015, 2018). (Dixon et al., 2018) deployed community-scale AE early warning systems (Community 336 

Slope SAFE) in low-income countries, demonstrating the operational viability of active-waveguide 337 

monitoring for community protection. The present system extends this concept by integrating 338 

synchronised meteorological data at sub-minute resolution, enabling the quantitative rainfall–AE coupling 339 

analysis that underpins the dual-criterion warning approach. (Deng et al., 2021a) combined AE 340 

monitoring with machine learning to predict landslide deformation behaviour; the present study 341 

complements this approach by establishing physics-based thresholds that require no training data and are 342 

directly interpretable by field operators. The sub-minute temporal resolution (30 s rainfall, continuous AE 343 

→ 1-min windows) achieved here is substantially higher than most published field studies, enabling the 344 

detection of rapid pore pressure responses (1.5–4 min lag) that would be masked by coarser sampling 345 

intervals. 346 

5.4 Adaptive Windowing: A Methodological Advance 347 

The adaptive windowing framework represents a methodological advance over the fixed-window 348 

approaches commonly used in rainfall threshold studies (Brunetti et al., 2010; Guzzetti et al., 2008; 349 

Segoni et al., 2018). By dynamically selecting the optimal accumulation window based on the prevailing 350 

intensity regime, the framework captures the physically expected relationship between infiltration rate 351 

and AE response time. The finding that optimal windows decrease monotonically from 60 minutes at low 352 

intensity (<1 mm/min) to 1 minute at extreme intensity (>4 mm/min) is consistent with the infiltration 353 

physics described by (Iverson, 2000) and the hydrological controls reviewed by (Bogaard & Greco, 354 

2016). This intensity-dependent temporal resolution has implications for operational early warning: at 355 

high intensities, alerts can be issued within minutes, whereas at low intensities, longer integration periods 356 

are needed to distinguish genuine slope responses from background noise. 357 

5.5 Dual-Criterion Warning System: Operational Implications 358 

The three-fold improvement in positive predictive value (PPV = 0.200 vs 0.067) achieved by the dual-359 

criterion (Rain+AE) warning system addresses a critical limitation of conventional rain-only threshold 360 

systems identified by (Piciullo et al., 2018; Segoni et al., 2018): unacceptably high false alarm rates that 361 

erode public trust and lead to alarm fatigue (Dixon et al., 2018). The AE component provides direct 362 

mechanical confirmation of subsurface shearing, filtering out rainfall events where partial-saturation 363 

strengthening prevents actual deformation. While the overall AUC improvement is modest (0.586 vs 364 

0.582), the operational value lies in the shift from high-sensitivity/low-PPV to a more balanced classifier 365 



that maintains sensitivity while substantially reducing false alarms - precisely what is needed for 366 

community-scale deployment in the Himalayan Road corridor context. 367 

5.6 Limitations 368 

Several limitations must be acknowledged. First, the results are based on a single monsoon season (2025) 369 

at a single site; multi-year and multi-site validation is required before generalisation. Second, no direct 370 

pore water pressure or tensiometer measurements were available to independently confirm the suction-371 

based interpretation of the non-monotonic AE response. Third, the waveguide–soil coupling efficiency 372 

may vary seasonally due to wetting–drying cycles affecting the backfill–borehole interface (Wu et al., 373 

2023). Fourth, the dominance of short-duration convective storms at this site may limit the transferability 374 

of the I–D threshold to regions with different rainfall climatology. Finally, the 30% unexplained variance 375 

in the rainfall–AE correlation (Section 4.2) is attributed to spatial heterogeneity in shear zone geometry 376 

and hydraulic properties that cannot be resolved with a single-waveguide installation. 377 

Conclusions 378 

This study deployed a coupled rainfall–acoustic emission monitoring system at a landslide-prone slope in 379 

the Lesser Himalaya (Narendra Nagar, Uttarakhand, India) and analysed synchronised one-minute time 380 

series over the 2025 monsoon season (n = 4,884 valid windows). A site-specific critical rainfall intensity 381 

threshold of 2 mm/min was identified (r = 0.70, p < 0.001), above which AE energy surges by nearly an 382 

order of magnitude within 1.5–4 minutes, providing an actionable early warning window of 12–35 383 

minutes. The system achieved 70% sensitivity with 99.4% specificity and 8.3% false positive rate at this 384 

threshold. 385 

The average AE energy versus rainfall intensity displays pronounced non-monotonic behaviour with a 386 

distinct energy minimum near 1.5 mm/min, providing the first field-scale documentation of partial-387 

saturation strengthening governed by capillary suction - a phenomenon previously observed only in 388 

laboratory settings (Xu et al., 2024). These finding bridges laboratory unsaturated soil mechanics with 389 

field-scale landslide geophysics and have important implications for reducing false alarms during 390 

moderate rainfall on initially dry slopes. 391 

An adaptive windowing algorithm demonstrated that the optimal rainfall accumulation window decreases 392 

monotonically from 60 minutes at low intensity (<1 mm/min) to 1 minute at extreme intensity (>4 393 

mm/min, r² = 0.604), consistent with infiltration physics. Analysis of 51 AE-confirmed rainfall events 394 

yielded a site-specific I–D threshold (I = 0.0880.36ܦ) that lies well below global averages, consistent with 395 

the high susceptibility of the weathered phyllitic substrate. A dual-criterion warning system combining 396 

rainfall threshold exceedance with AE energy confirmation reduced false alarms by a factor of three (PPV 397 



= 0.200 vs 0.067) compared to rain-only prediction, demonstrating the operational value of physics-based 398 

mechanical confirmation in landslide early warning. 399 

Future Directions 400 

Ongoing and planned work may include: (i) extension of the adaptive windowing framework to multi-401 

season datasets for robust model calibration; (ii) deployment of spatial arrays (4–6 waveguides per slope) 402 

for AE source triangulation via time-of-arrival analysis; (iii) application of machine-learning classifiers to 403 

discriminate between rainfall-induced and seismically induced slope deformation (iv) integration of 404 

tensiometers and volumetric water content sensors co-located with waveguides to independently validate 405 

the suction-based interpretation and reduce false negative rates; and (v) real-time implementation of the 406 

dual-criterion (Rain+AE) warning system with automated alert generation for the All-weather road 407 

corridor. 408 
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