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Abstract: Debris flows often occur as intermittent surges in succession; a single event may 11 

comprise tens to hundreds of separate surges. While previous studies have focused primarily on 12 

isolated surge dynamics, the temporal evolution and statistical properties of the surge sequences as 13 

an entirety remain poorly understood. Here, we present a comprehensive analysis of global debris 14 

flow datasets, including velocity, discharge, sediment volume, and inter-surge intervals. We 15 

quantitatively characterize the surge sequences by the statistic features of the key parameters, 16 

revealing 1) a general decay trend in fluctuating discharge, 2) universal distributions for flow 17 

velocity (Weibull), discharge/sediment volume (exponentially-modified power-law), and inter-18 

surge intervals (exponential), and 3) self-similar structure in sequence organization. These findings 19 

motivate the development of a novel stochastic modeling framework that conceptualizes surge 20 

sequences through three key components: 1) The cascading thinning of mass sequences originating 21 

from Poisson processes of source failures and inter-processes of bank and bed erosions driven by 22 

hydrologic process, 2) a selection coefficient generated through Gaussian process to integrate the 23 

effective contributions of mass from multi-sources, 3) model parameter calibration using local 24 

monitoring data and experimental validation. Numerical simulations demonstrate the model's ability 25 

to accurately replicate observed surge sequences. Notably, the framework spontaneously generates 26 

a unified distribution of discharge and sediment volume in the form of a truncated power-law with 27 

an exponential cutoff. This provides a novel magnitude–frequency relationship for mass movements 28 

https://doi.org/10.5194/egusphere-2026-3226
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



2 

 

and can also be applied to large-scale sediment transport studies.  29 

 30 

Key words: debris flow; surge sequence; probability distribution; stochastic model; temporal 31 

variation 32 

    33 

1. Introduction 34 

Sediment transport in river basins operates as a hierarchical cascade (Fryirs et al., 2013), with 35 

debris flows representing a typical manifestation of this process (Iverson, 1997a; Takahashi, 2007). 36 

Debris flows often propagate as surge waves, with many events consisting of multiple successive 37 

surges that exhibit significant variability in magnitude and dynamics (Arai et al., 2013; Arattano, 38 

1999; Forterre & Pouliquen, 2003). To date, monitoring systems have systematically captured the 39 

characteristics of debris flow surges across various conditions and watersheds worldwide 40 

(Hürlimann et al., 2019). Debris flows originate primarily through two distinct mechanisms: the 41 

mobilization of landslides (often referred to as landslide-initiated debris flows) (Iverson et al., 1997), 42 

and the progressive erosion and bulking of channel bed and banks by surface runoff (runoff-43 

generated debris flows) (Coe et al., 2008; Simoni et al., 2020). During propagation, sediment 44 

entrainment and hydraulic erosion can further amplify the flow mass (Hungr et al., 2014; Pudasaini, 45 

2012; Takahashi, 2007). The emergence of successive surges is governed by two mechanisms: the 46 

roll wave kinetics from flow instability (Forterre and Pouliquen, 2003), as observed in both natural 47 

phenomena and laboratory studies; and discontinuous supplies of mass from spatially distributed 48 

sources, such as punctual bank erosion, slope failures, and dam-failure cycles in streams (Coe et al., 49 

2008; Davies, 1992; Gregoretti and Fontana, 2008; Kean et al., 2011, 2013; Zanuttigh & Lamberti, 50 

2004, 2007). Consequently, research has mainly focused on individual surges, particularly their 51 

formation mechanisms, dynamic characteristics, frontal geometry, longitudinal flow variations, 52 

peak discharge amplification, and sediment erosion-transport-deposition processes (e.g., Hungr, 53 

2014; Nagl et al., 2024; Pudasaini, 2012; Takahashi, 2007; Trujillo-Vela et al., 2022). However, 54 

understanding individual surges does not necessarily facilitate the identification of successive surge 55 

occurrences. This limitation stems from the scarcity of long surge series at routinely monitored sites, 56 
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where >83% of instrumented catchments record events with <20 surges (Hürlimann et al., 2019) 57 

—  despite exceptional cases like Jiangjia Gully (JJG), China, exhibiting tens to hundreds of 58 

surges—which renders sequential patterns statistically insignificant for robust analysis (Cui et al., 59 

2005; Davies, 1992; Iverson, 1997a; Liu et al., 2009; Takahashi, 2007; Yang et al., 2019). 60 

Typical surge sequences demonstrate remarkable diversity in flow regimes, spanning from 61 

laminar to turbulent states, and are accompanied by noteworthy variability in key parameters such 62 

as bulk density (1.4-2.4 g/cm3), discharge (10-103 m3/s), and sediment volume (102-105 m3) (Liu et 63 

al., 2009; Yang et al., 2019). Despite these observable features, a comprehensive quantitative 64 

explanation remains elusive. For instance, the number of surges per event, the reasons behind the 65 

magnitude variations spanning multiple orders of magnitude, and the probabilistic distributions of 66 

key variables (e.g., discharge and velocity) remain unclear. We propose that surge sequences act as 67 

integrated systems encoding the full evolving processes from source materials to channelized flow. 68 

Particularly, the variations in surge features reflect underlying generation mechanisms: fluctuations 69 

in density correspond to heterogeneity in source materials, while variability in discharge arises from 70 

interactions between processes operating across multiple scales. Notably, despite their diverse 71 

origins, surge sequences exhibit universal statistical patterns, including magnitude decay trends, 72 

Weibull-distributed velocities, and exponentially distributed discharges and inter-surge intervals 73 

(Liu et al., 2009; Yong et al., 2012, 2013). These consistent features strongly suggest the existence 74 

of overarching physical principles governing surge generation, thus highlighting the need of a 75 

unified modeling framework. 76 

Surge phenomena pose a fundamental challenge in debris flow prediction due to their 77 

inherently discontinuous nature. Current dynamic models generally assume continuous mass 78 

movement using hydrological and hydrodynamic models under prescribed rainfall and soil 79 

saturation conditions. They simulate debris flows as a single continuous process and predict a single 80 

flow of certain magnitude; but they do not predict discrete surges with highly fluctuating peak 81 

discharges and variation patterns in sequences. This limitation arises because the underlying 82 

structure of many dynamical models, often conceptualized as a cascade of hydrological, entrainment, 83 

and hydraulic components, struggles to fully represent the diverse and discontinuous initiation 84 
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mechanisms and supply processes of debris flows observed in nature (Baggio et al., 2021; Gregoretti 85 

et al., 2019; Hungr et al., 2014; Iverson, 2014; Liu et al., 2020).  86 

This study aims to develop a universal stochastic framework to model the formation and 87 

evolution of debris flow surges and generate the surge sequences, with three primary objectives: (1) 88 

to statistically characterize surge sequences, (2) to predict the forming and developing of successive 89 

surges, and (3) to uncover the underlying physical mechanisms of mass transport in watershed. To 90 

achieve these objectives, we propose a methodology that integrates three key components: (i) a 91 

comprehensive analysis of temporal characteristics of surge sequences using monitoring dataset in 92 

JJG; (ii) the development of a stochastic framework incorporating Poisson process of slope failures 93 

in source areas, and (iii) cross-watershed validation through comparative analysis of surge 94 

sequences from diverse geological settings. The manuscript is organized as follows. First, in the 95 

section on data synthesis and statistical characterization, we compile a global dataset of surge events, 96 

provide detailed parameterization for the JJG case, and identify the probability distributions of key 97 

variables. Next, we present the model formulation, which involves the development of a stochastic 98 

surge generator that couples slope failures in the source area with sediment transport through a 99 

hierarchical watershed structure. This is followed by model evaluation, where we quantitatively 100 

assess the model performance using JJG benchmarks and demonstrate its applicability to other 101 

contrasting watersheds over the world. Finally, we discuss the broader implications of the proposed 102 

framework for debris flow forecasting and its potential utility in debris flow dynamics and general 103 

sediment transport processes. 104 

 105 

2. Data Sources, Measurements, and Statistical Methods  106 

2.1 Data Source from Global Watersheds 107 

This study utilizes two primary debris-flow datasets: (1) a dataset from JJG, employed for the 108 

statistical analysis of surge sequences (Section 2.3), model development (Section 3.1 and 3.2) and 109 

subsequent verification (Section 4); and (2) a dataset from multiple global watersheds, used for 110 

model validation (Section 4.2.1 and 4.2.2).  111 

JJG (detailed description is provided in Test S1 of the Supporting Information) typically exhibit 112 
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multi-surge characteristics, with event sequences consisting of tens to hundreds of surges. The JJG 113 

dataset comprises more than 400 debris flow events, including nearly 10,000 individual surges; and 114 

for each surge, the following parameters are documented: flow depth (h, m, typically representing 115 

surge front height), velocity (v, m/s), discharge (Q, m3/s), flow density (ρ, kg/m3), volumetric solid 116 

concentration (Cs), sediment delivery (S, m3), and the time interval (τ, s) between successive surge 117 

fronts (Hong et al., 2015; Hu et al., 2011; Li et al., 2015). This dataset is publicly available through 118 

the Dongchuan Debris Flow Observation and Research Station of the Chinese Academy of Sciences 119 

(DDFORS, https://doi.org/10.12380/Debri.msdc.000027).  120 

To evaluate the universality of the statistical characteristics of debris-flow parameters and to 121 

verify the reliability of the proposed model, additional datasets from 12 representative global 122 

watersheds were analyzed. These include Kamikamihorizawa Creek (Japan), Sleeping Child Creek 123 

(USA), Chalk Cliffs (USA), and Gadria Creek (Switzerland) (Figure 1b). Detailed topographic 124 

characteristics and monitoring periods for each watershed are provided in Text S2 of the Supporting 125 

Information.  126 

2.2 Field Measurements in JJG 127 

Individual surges are characterized by a turbulent front enriched with coarse grains, followed 128 

by a high-concentration flow body and a shallow tail composed predominantly of fine-grained slurry 129 

(Figure 1b-4, 5). Measurements were conducted on surge fronts using the following procedures, 130 

incorporating strict quality control protocols (e.g., sensor calibration, standardized sampling, 131 

multiple independent observers for timing to reduce error):  132 

(1) Flow depth (h): Continuously recorded at 10 Hz using an ultrasonic sensor (± 0.1% 133 

accuracy) suspended 6.0 m above the channel centerline (Du et al., 2023). 134 

(2) Velocity (v): Calculated as v=L/t, where L is the fixed distance (200 m) between two 135 

monitoring cross-sections (Fig. 1b-7), measured using electronic distance measurement (accuracy: 136 

0.6 mm + 1 ppm). The travel time t for the surge front between sections was recorded using high-137 

precision stopwatches (resolution: 5 μs; accuracy: ±1 ppm). 138 

(3) Discharge (Q): Calculated as Q = vWh, where W is the channel width at the measurement 139 

section, determined using a measuring tape (Hong et al., 2015). 140 

https://doi.org/10.5194/egusphere-2026-3226
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



6 

 

  141 

 142 

Figure 1. Data sources of worldwide debris flow catchments in this study. (a) Debris flow 143 

observations in Jiangjia Gully, China. (a-1) Overview of JJG and source areas, including rainfall 144 

gauges: YJA (I), BYS (II), LJY(III), LJYK (IV), MYP (V), WFZ and CJLZ (VI); (a-2) Morphology 145 

of a representative source area; (a-3) Source slopes and a tributary; (a-4) Successive surges in the 146 

mainstream channel; (a-5) Turbulent surge front; (a-6) Deposits in a tributary outlet; (a-7) JJG 147 

observation station with monitoring cross-sections (Ⅰ and Ⅱ) used for determining surge velocity and 148 

arrival time, enabling calculation of inter-surge intervals; (a-8, a-9) UAV-derived Digital Elevation 149 

Models (DEM) of the two major tributaries. (b) Locations of debris flow sites across 12 catchments. 150 

(b-1) Illgraben, Switzerland (Bolliger et al., 2024); (b-2) Arroyo Seco, USA (Cannon, 2003; Kean 151 
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et al., 2011); (b-3) Sleeping Child Creek, USA (McCoy et al., 2012); (b-4, b-5) Lattenbach, Austria 152 

and Dorfbach, Switzerland (Mitchell et al, 2022).  153 

 154 

(4) Flow density (ρ) and solid concentration (Cs): Slurry samples were collected from the 155 

flow body using a sampling pole and cylindrical containers. Flow density ρ was computed from the 156 

mass-to-volume ratio. Multiple samples (typically 3-5) were taken per major surge, and the reported 157 

values for ρ and Cs represent per-surge averages. Volumetric solid concentration was calculated as 158 

Cs=(ρ− ρw)/(ρs− ρw), where water density ρw = 1,000 kg/m3 and solid grain density ρs = 2,650 kg/m3 159 

(Du et al., 2023). 160 

(5) Sediment delivery (S): Volume of solid material per surge. It was estimated using S = 161 

(ρCsQavg)T, where ρ, Cs, and Qavg are the per-surge average flow density, volumetric solid 162 

concentration, and discharge, respectively. Qavg was calculated as the arithmetic mean of 163 

instantaneous Q over the surge duration T, both derived from the continuous flow depth record 164 

(Takahashi, 1991). 165 

(6) Time interval (τ): The time interval is defined as the time difference between two 166 

successive surge fronts passing the observing cross-section, which is recorded using redundant 167 

chronometer to ensure accuracy and reliability (Wei et al., 2025).  168 

For the present purpose of understanding the sequential features of the surges, we consider the 169 

key properties: v, Q, S, and τ, representing the velocity, flow rate, total volume (hence the duration), 170 

and intermittency of the surges. Multiple sequences with complete data of the measured properties 171 

were utilized to analyze sequential patterns and statistical characteristics. The dataset spans from 172 

the 1980s to the present and covers a wide range of flow regimes, making it representative of typical 173 

surge behavior in JJG. It thus provides a sound physical basis for model development, while data 174 

from other watersheds are employed for model verification and generalization.   175 

 176 

2.3 Methods for Data Analysis 177 

As the objective is to capture the properties of the surge sequence, we consider the statistical 178 

features of the measured data, i.e., the temporal pattern of the sequence and the probability 179 

distribution of the variables. For this, the following methods are employed. 180 
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(1) Moving Average of Discharge and Sediment Delivery  181 

We define the moving average of quantity X as 182 

             Xn = (x1 + x2 + … + xn)/n,     n =1, 2, ..., N                   (1) 183 

to feature the overall trend of the significant fluctuations. Here we consider X as the discharge Q 184 

and sediment volume S,  represents the averaging operator, and n is the number of surges included 185 

in the average. This defines a temporal function Xn = f(n) to describe the average fluctuation of the 186 

surges, noting that the progressing 𝑛 can be substituted by the corresponding time of the surge. It 187 

proves that the surge sequences appear to have a decaying f(n), varying in power-law form with the 188 

process: f(n) ~ n−q.  189 

(2) Probability Distributions  190 

Probability distributions characterize the frequency of occurrence of a variable within a 191 

sequence. The measured quantities (v, Q, S, τ) are found to follow specific probability distributions. 192 

v Distribution: The distribution of flow velocity is observed to follow a Weibull distribution 193 

(Yong et al., 2012): 194 

𝑝(𝑣) = (𝑘/𝜂)(𝑣/𝜂)𝑘−1 exp( − (𝑣/𝜂)𝑘)                    (2) 195 

where the scale parameter  is estimated by the sample mean, and the shape parameter k is estimated 196 

using Maximum Likelihood Estimation (MLE) (Stone et al., 2007). Alternatively, one may use the 197 

distribution function, P(<v)= 1− exp(−(v/)k), showing the percentage of surges exceeding velocity 198 

v. For comparing different events, we may rescale v*= v2/v and obtain a unique curve P(v*). 199 

Q and S Distribution: Surge magnitude is represented by discharge and sediment volume, Q 200 

and S. We’ll find that both satisfy a power-law distribution modified by an exponential function:  201 

P(M)=CM−exp(−M/Mc)                         (3) 202 

where P(M) is the exceedance percentage, and C, , and Mc are fitting parameters. Since C is a 203 

normalization constant, the distribution reduces to the parameters  and Mc. Furthermore, it can be 204 

reduced to an exponential function 205 

P*(M)=exp(−M*)                          (4) 206 

when M is rescaled by M/Mc, and P(M) is rescaled by P*(M)=PM μ
/C. This means that the 207 
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distributions for various events must collapse upon a unique exponential curve.   208 

τ Distribution: The distribution of time intervals between successive surges is found to follow 209 

an exponential distribution: 210 

      P() = (1/)exp(−)                           (5) 211 

where P() is the exceedance percentage of τ, and  is the exponent defining the characteristic time 212 

c =1/. This distribution is actually the necessary and sufficient condition for identifying the surge 213 

sequence as a Poisson process. Again, it can be further rescaled as 214 

P*(τ) =exp(−*)                           (6) 215 

where τ*=τ/τ and P*(τ) = P(τ)/λ. 216 

The converge of distributions for different events provides an intuitive confirmation to the 217 

distributions, and this further indicates that these diverse sequences share identical statistical 218 

characteristics. 219 

 220 

3 Model Formulation Based on Statistical Characteristics of Surge Sequences 221 

3.1 Fluctuation and Variability of Surge Sequences in JJG 222 

Debris flow surges in JJG exhibit a highly unsteady nature, which reflects the universal 223 

characteristics of surge sequences observed globally. Field measurements of (𝑣, 𝑄, 𝑆, 𝜏) reveal 224 

significant fluctuations: v(0.2, 14.4), Q(0.4, 2262), S(12.6, 3280), and (10, 1000) (in the 225 

units mentioned above). Figure 2 presents the fluctuations for the sequences of two events, E910709 226 

and E000704, which occurred on July 9, 1991, and July 4, 2000, respectively. These represent the 227 

long-duration (427 surges) and short-duration (75 surges) events.  228 

Among these quantities, the variation in flow density holds special significance regarding the 229 

origin of surges, due to its correlation with the grain size distribution (GSD) of the sediment. 230 

Specifically, ρ increases with P(>2mm), the proportion of coarse grains, while decreases with 231 

P(<0.05mm), the proportion of fine grains (Fig. 2c). Here, the boundary sizes distinguishing coarse 232 

and fine grains are chosen somewhat arbitrarily; however, other boundary sizes also work 233 

effectively in this context. Generally, one finds power-law ρ-GSD relationships for debris flows 234 

https://doi.org/10.5194/egusphere-2026-3226
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



10 

 

(Wang et al., 2018; Yang et al., 2019), which suggests that the surge flow has dynamically regulated 235 

the GSD of the sediment materials. This is further reflected by the fact that high-ρ surges (up to 2.30 236 

g/cm³) are characterized by high-Q, high-v (v > 5 m/s), and high-frequency or short-τ ( ≈ 100s); 237 

while low-ρ surges (down to 1.4 g/cm³) are characterized by low-Q, low-v (v < 4 m/s), and low-238 

frequency or long-τ ( > 1000 s).  239 

Accordingly, ρ-variation serves both as an indicator of source material heterogeneity and as a 240 

dynamic proxy for underlying flow evolution mechanisms. Furthermore, the covariation patterns of 241 

the observables provide essential constraints for the modeling of surge dynamics. This forms the 242 

basis of our model framework. 243 

 244 

 245 

Figure 2. Fluctuations of surge sequences for two debris-flow events (E910709 and E000704). (a) 246 

and (b): Fluctuations of the observed properties (𝑄, 𝑆, 𝑣, 𝜏); (c) Cumulative GSD curves (P(>D)%) 247 

for surges with different densities (ρ). (d) Variation of ρ with GSD, showing decrease with fine 248 

content P (< 0.05mm) and increase with coarse content P(> 2mm).  249 

 250 

3.2 Universal Statistical Characteristics of Surge Sequences 251 
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Applying the methods outlined in Section 2.3, we can quantify both the overall fluctuation 252 

trends and the probability distributions of the observed variables. The features of surge sequences 253 

across different events are consistent, including the decay trend of discharge (Fig. 3a-2), the 254 

probability distributions of Q, S, v, and τ (Fig. 3a-3,4,5), and the similarity between surge groups 255 

within a single event (Fig. 3b). 256 

(1) General decaying trend of discharge  257 

The surge sequences exhibit a general decaying trend, characterized by the moving average 258 

<Q>n ~ n− q, with q ranging from 0.24 to 0.98. The turning point, Nt, appears randomly within the 259 

sequence (Fig. 3a-2). This behavior contrasts markedly with white noise sequences, which 260 

inherently converge toward a steady-state condition characterized by q = 0. For instance, we find 261 

that in many hydrographic processes in great rivers (e.g., the Yellow River), the fluctuation of flood 262 

discharge presents like a white noise series (H ~ 0), with decaying exponent q ~ 0. Therefore, the 263 

observed power-law decaying indicates significant inter-surge correlations between surges, 264 

consistent with the Hurst exponent (H ≈ 0.90) reported for most sequences (e.g., Zhang et al., 2021). 265 

In other words, such a decaying trend reflects the auto-correlation of the surge sequences. In fact, 266 

data in JJG shows that the sequences are long-rang correlation in that the auto-correlation coefficient 267 

obeys a power-law decay, Cauto(n) ~ n−β, with exponent β between (0.35, 0.69), and the correlated 268 

range n varies from 0.10 to 0.70N, N being the total number of surges.  269 

(2) Modified power-law distribution of magnitude 270 

The surge magnitude is characterized by discharge (Q) and sediment volume (S), both of which 271 

follow a unified distribution expressed as a power-law distribution modified by an exponential 272 

function (Eq. 3). The rescaled curve P*(M) = exp(−M*) fits the events perfectly (Fig. 4a-3), 273 

demonstrating the robustness and consistency of the distribution.  274 

While power-law distributions are common in natural phenomena such as landslides, floods, 275 

and earthquakes (Bowers et al., 2012; Graber et al., 2022; Hergarten, 2002), the exponential 276 

modification suggests distinct underlying mechanism for its emergence. This hybrid distribution 277 

represents a novel pattern in geophysical flows that demands new physical interpretation. 278 

(3) Weibull distribution of velocity 279 
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The Weibull distribution of surge velocity (Eq. 2) shows a constant scale parameter  (6.41 on 280 

average) and shape parameter α that varies depending on events. This yields an average velocity of 281 

v=Γ(1+1/α) ~ 0.90, and a probability for characteristic velocity (i.e., v=), P(>) = e−1  0.37. 282 

Consequently, more than 63% of surges exhibit velocities below the mean value, which is consistent 283 

with our observed proportion of approximately 60%.  284 

Related to the velocity is the Froude number, Fr=v/(gh)1/2, which quantifies the relative 285 

influence of gravity and inertia, thereby determining the flow state. Here h is the flow depth (average 286 

of the measurements) and g the gravitation acceleration (9.81 m/s2). We consider Fr in the context 287 

because of its correlation to the potential mechanism of surge emergence. Most surges in JJG are 288 

found to be in supercritical state (i.e., Fr > 1.0) (Du et al., 2023), implying that they are dominated 289 

by inertia due to high concentration of sediment (Cs). When surge is considered as roll waves, Fr 290 

serves as a critical indicator of flow instability (Arai et al., 2013; Ng & Mei, 1994). However, the 291 

high Cs may significantly modify the critical Fr for onset of roll wave (or flow instability), 292 

particularly in the gentle channel of slope less than several degrees (<5 in the mainstream channel 293 

of JJG). Additionally, the substantial variation in Cs and sediment composition suggest that surges 294 

do not originate from a single common source flow.  295 

(4) Exponential distribution of inter-surge time interval 296 

The exponential distribution of inter-surge time interval (Eq. 6, Fig. 3a-5) is particularly 297 

significant because it serves as both the necessary and sufficient condition for identifying the 298 

Poisson process (Krishnan, 2015; Lari et al., 2014). Our results therefore indicate that surges 299 

constitute a Poisson process, representing the most fundamental class of stochastic point processes. 300 

As observed above (Fig. 2a and 2b), high-ρ surges tend to occur in clustered groups with 301 

relatively short intervening intervals. This pattern manifests as large λ values, indicating intense 302 

surge activity where major events occur in rapid succession. The parameter λ thus provides a 303 

characteristic measure that simultaneously captures two key aspects of the debris flow process: the 304 

inherent discontinuity between individual surges and the persistent nature of the overall process. 305 

(5) Self-similarity of surge sequence 306 

A long surge-sequence event typically consists of multiple sub-events. For example, the 307 
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E910709 sequence with 427 surges appears to comprise of four distinct surge groups, labeled A, B, 308 

C, and D (Fig. 3b-1). Each group is identified by the surges with discharge dropping to near zero. 309 

These surges might result from the discontinuity of mass supplies or erosion-deposition waves 310 

(Edwards et al., 2021; Viroulet et al., 2019). Data analysis confirms that each group behaves as an 311 

independent event exhibiting similar characteristics: the consistent decaying trends (Fig. 3b-2) and 312 

the similarity in probability distributions for surge magnitude (Fig. 3b-3), velocity (Fig. 3b-4), and 313 

inter-surge time intervals (Fig. 3b-5). 314 

  315 
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 316 

Figure 3. Statistical characteristics of surge sequences in JJG (a) and a single event consisting of 317 

several sub-sequences (E910709) (b). (a-1) Q-fluctuation of surge sequences for nine events; (a-2) 318 

Overall decay trend of discharge with a power-law tail, Qn ~ n-q; (a-3) Unified scaling distribution 319 

for Q and S (denoted by M in the plot); (a-4) Weibull distribution of flow velocity; (a-5) Exponential 320 

distribution of inter-surge time intervals. (b-1) Q-fluctuation of surges in four groups, with each 321 

group (sub-sequence) exhibiting consistency in (b-2) Overall trend of Q with power-law tail; (b-3) 322 

Scaling distribution for Q and S (M); (b-4) Weibull distribution of velocity; and (b-5) Exponential 323 

https://doi.org/10.5194/egusphere-2026-3226
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



15 

 

distribution of inter-surge time interval.  324 

 325 

In summary, the statistical features of surge sequences provide valuable insights into their 326 

emergence, especially the following key characteristics:   327 

(1) Multi-source origins and complex confluence 328 

The wide range of observed fluctuations in flow density and discharge suggests the multi-329 

source origins of the surges. The complex flow composition that is more consistent with the 330 

incorporation of materials and flow interactions during transport than with simple roll wave 331 

instability (Iverson et al., 2005). The relationship between ρ and textural fraction of sediment 332 

highlights the dynamic sorting and segregation processes within the surge flow, which govern the 333 

distinct characteristics of high- and low-magnitude surges (Zhou et al., 2019).  334 

(2) Limited mass supplies and sediment entrainment 335 

The consistent decay trend in moving average discharge (Qn) is consistent with the fact that 336 

sediment supplies from slope failures in source areas and bank erosions are intermittent and limited 337 

during the event even with ongoing rainfall (Guo et al., 2021); additionally, this indicates that the 338 

flow has a restricted capacity to transport sediment. In a single surge, the flow assimilates sediments 339 

concentrated on the front while leaving a progressively finer and muddy tail (Iverson et al., 2005; 340 

Zhou et al., 2019). 341 

(3) Stochastic timing 342 

Debris-flow events lack a definitive start or end time. Mass supplies are randomly distributed 343 

in both space and time, and individual surges have no identifiable source. The only observable 344 

temporal aspects of a surge are its arrival time at a specific location and the intervals between 345 

consecutive surges. The exponential distribution of these inter-surge intervals indicates that surges 346 

can be modeled as a Poisson process (Krishnan, 2015). 347 

(4) Scale-invariant magnitude distribution 348 

The modified power-law distribution of discharge (Q) and sediment volume (S) (Eq. 2 and 3) 349 

establishes a novel magnitude-frequency relationship with scale-invariance. Comparing with the 350 

power-law distribution that describes the heavy tail with a roll over in small events, as in the case 351 
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of earthquakes and landslides, the new distribution fits the data perfectly over the entire range, as 352 

illustrated by the curves (Fig. 3, 6, 7, 8). Power laws have been associated with self-organized 353 

criticality (Marković & Gros, 2014), whereas this modified distribution calls for a new interpretation, 354 

especially in the context of debris flows.  355 

(5) Self-similar structure of sequence 356 

The self-similarity observed within a surge sequence implies a common developmental pattern 357 

in individual surges, characterized by the superposition of materials derived from multiple sources. 358 

Importantly, this similarity between subsequences and the overall sequence also indicates that 359 

properties identified in longer sequences are applicable to shorter sequences, which often lack 360 

sufficient data for robust statistical analysis.  361 

A comprehensive debris flow model should be capable of accounting for all of these features. 362 

Our observations collectively indicate that spatial and temporal variations in rainfall patterns, 363 

distributed source areas, diverse transport pathways (including tributaries and channel connections), 364 

and episodic erosion and sediment incorporation processes interact to initiate scattered processes of 365 

mass supplies and thereby surges. These discontinuous materials subsequently result in 366 

heterogeneous mass movements that produce the observed fluctuating surge sequences, driven by 367 

the spatial and temporal clustering of slope failures, differing sediment mobilization rates, and 368 

complex channel transport dynamics. Although many models have been developed to describe 369 

debris flow initiation and motion, none have yet captured their sequential characteristics. In the 370 

following, we propose a conceptual framework to address this gap. 371 

 372 

3.3 Conceptual Framework of Stochastic Model of Surge Generation  373 

The sequential characteristics outlined above motivate the proposal of a stochastic framework 374 

to model intermittent surges that originate from source areas and propagate into the main channel 375 

within a watershed. We propose that the diversity of surge sequences primarily originates from the 376 

spatiotemporal heterogeneity of sources and discontinuous mass processes (e.g., slope failures, bank 377 

erosion, sediment assimilation, bed entrainment, and damming-breaching cycles). Field evidence 378 

from multiple watersheds definitively demonstrates that slope failures constitute the dominant 379 
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initiation mechanism, rather than flow instabilities. This cognition is supported by several factors: 380 

(1) consistent spatiotemporal correlation between initial surge arrivals and slope failure events 381 

detected by seismic monitoring networks (Lai et al., 2018); (2) volume calculations demonstrating 382 

that 85-90 % of surge material derives directly from source-area collapses rather than in-channel 383 

erosion (Hungr et al., 2014); and (3) numerical simulations confirming that pure flow instability 384 

models cannot reproduce observed surge magnitude distributions without substantial initial mass 385 

input from slope failures (Iverson et al., 2016; Pudasaini, 2012). While flow instabilities (e.g., roll 386 

waves) may modulate subsequent surge propagation dynamics (Zanuttigh & Lamberti, 2007), they 387 

play a secondary role in the initial surge generation process.  388 

The inherent spatiotemporal variability in soil conditions, failure timing, and sediment 389 

transport processes motivates our formulation of this system as a stochastic framework. The 390 

framework integrates three key components (Fig. 4): (1) Source processes include local rainfall (Rᵢ) 391 

and slope failures in the source area (Aᵢ). These failures occur when Rᵢ exceeds critical thresholds. 392 

(2) Inter-processes involve bank and bed erosions and channel processes (Eᵢ). These processes 393 

depend on the hydrologic conditions and soil-water interactions. In particular, they include: (i) soil 394 

liquefaction as the core mechanism for initiation and mobility (Iverson, 1997); (ii) channel erosion 395 

as the primary driver of mass amplification (Iverson, 2012); and (iii) granular interactions and phase 396 

separation that reorganize internal structure and rheology (Gray & Thornton, 2005). (3) The 397 

confluence process links mass supplies from slope failures and inter-processes to the development 398 

of surges. This process involves cascading progression from source areas through tributaries to the 399 

main channel. These components interact such that tributary flows generate surges only when 400 

synchronized with main channel flow. Main channel surges, in turn, require the spatiotemporal 401 

alignment of multiple point processes, and the watershed-scale surge sequence emerges from these 402 

distributed local contributions. This approach captures the essential randomness while preserving 403 

the mechanistic relationships between local-scale processes and emergent surge characteristics. 404 

 405 
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 406 

Figure 4. Schematic illustration of surge evolution from source areas to the main channel. Local 407 

rainfalls (Ri) initiate slope failures in source areas (Ai), which are further influenced by interrelated 408 

erosion processes (Ei), such as bank and streambed erosion, and contribute to hydrograph 409 

development (Qw(t)). These processes ultimately converge to form surges in the main channel (Si). 410 

 411 

3.4 Mathematical Formulation 412 

The model comprises three components (Fig. 4): source processes, inter-processes, and 413 

confluence. Together, these form the complete scenario of surge evolution, a hierarchical 414 

progression from scattered source failures to channeled surges. Mathematically, these include a 415 

power-law-based approach to simulate slope failures in the source areas, a Gaussian-distribution 416 

selection effect for inter-processes of sediment supplies, and random selective summing to simulate 417 

the convergence of multiple sources.  418 

(1) Failures in sources areas 419 

Slope failures in source area Ai induced by rainfall Ri can be formally modeled as a point 420 
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process occurring at time ti and location ri:  421 

                 ρ(m; r, t) ~ f(m)(r − ri) ( t − ti)                    (7) 422 

where δ(x) is the Dirac delta function, and f(m) represents the probability density distribution of 423 

failure mass m. Field observations and experiments in JJG indicate that the failure mass follows a 424 

power-law distribution: f(m) ~ m-, while the failure time-interval follows the exponential 425 

distribution (i.e., Eq. 5, 6), with the distribution parameters varying with local rainfall intensity 426 

under the given soil conditions (Guo et al., 2023). Consequently, the occurrence of failures is 427 

described as Poisson process, and the failure sequence {S0} is characterized by a power-law 428 

distribution of mass and an exponential distribution of interval (T(i)): 429 

{𝑆0} = {𝑆𝑇(𝑖)|𝑇(𝑖)~ exp( − 𝜆𝜏); 𝑆𝑖~(𝑚/𝑚0)−𝜉}               (8) 430 

where the power-law distribution is normalized using the Pareto distribution (Newman et al., 2005), 431 

incorporating a size cutoff m0 to prevent divergence in the integral. Surge formation can thus be 432 

conceptualized as a stochastic selection from the failure sequence {S0}, where the mass of each 433 

surge originates from slope failures and, by extension, from intermediate erosional processes such 434 

as bank and bed scouring occurring during the surge’s formation period.  435 

The estimation of total mass contributions from slope failures is supported by the application 436 

of power-law distributions, a well-established methodology in landslide inventory analysis 437 

(Guzzetti et al., 2002). Field investigations in specific settings, particularly the long observations of 438 

debris flow in JJG, have indicated that about 30% of materials from the sources are effectively 439 

contributed to the surges. This is consistent to the observations in other regions, e.g., the Oregon 440 

Coast Range, where a portion of approximately 20-40% of the initial failure mass contributes to the 441 

surge fronts (Iverson et al., 2011). This effective ratio is strongly governed by local terrain 442 

conditions, material properties, soil-water interactions, and hydrographic processes, a dependency 443 

that has been systematically analyzed in foundational debris-flow studies (Hungr, 2000; Takahashi, 444 

2007). For the present it serves merely as an overall estimation for the magnitude of the potential 445 

debris flows, but not as a model parameter.  446 

The power-law failure features a heavy tail, and its variance can be infinite. In such distributions, 447 

extreme events occur much more frequently than in Gaussian distributions, and when combined, 448 
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they easily generate fluctuations across multiple time scales. This forms the basis for the observed 449 

fluctuations in surge sequences. Additionally, intermittent failures, acting as on/off processes, are 450 

the primary cause of self-similarity when a large number of these sources are aggregated into surges 451 

(Cox, 1984; Embrechts & Maejima, 2002; Willinger et al., 1997).  452 

(2) Inter-processes and hydrographs 453 

The inter-processes linking slope failures to surges involve bank and bed erosion, as well as 454 

sediment entrainment within the main channel and its tributaries. These geomorphic processes are 455 

primarily governed by hydrological factors, leading to the common assumption that debris-flow 456 

discharge equals water discharge multiplied by a constant coefficient, i.e., Qf = Qw. However, 457 

observations in JJG show that hydrographic processes do not synchronize with the sediment 458 

processes; and the linear coefficient  = (ρs−ρw)/(ρs−ρ) is simply describing the material mixture of 459 

a flow, which can only be calculated for specific flows and is not a physical metric for measuring 460 

the transport capacity of water.  461 

This issue can be further explored through typical events observed in JJG. The surges of two 462 

debris flow events (080705 and 130607) do not consistently align temporally with either the 463 

recorded rainfall or the hydrographs (Fig. 5). This contrasts with runoff-induced debris flows, where 464 

water flow discharge serves as the primary driver for sediment initiation (e.g., Gregoretti et al., 465 

2019). 466 

 467 

 468 

Figure 5. The temporal asynchrony and spatial disparity between sediment surge and hydrograph. 469 

(a) rainfall records of different gauges, surge fluctuation, and simulated hydrograph for Event 470 

080705 in JJG; (b) for Event 130607. Hydrographs were simulated by the SCS-CN method using 471 

https://doi.org/10.5194/egusphere-2026-3226
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



21 

 

CN=80 and 90, as usually the case in the watershed (SCS, 1985; Singh & Frevert, 2002).  472 

 473 

On the other hand, surges in JJG primarily stem from active source failures — such as those 474 

triggered by Coulomb failures — rather than being passively transported by water. As a result, 475 

sediment cannot be determined by the hydrographs. Mass movements in sources are discrete, 476 

randomly distributed, and follow varied routes (i.e., tributary links), so they as discrete pulse-like 477 

supplies to the flow, and the flow discharge can be theoretically expressed as  478 

f w( ) ( ) ( ) ( )
i

i

t t

Q t Q t M t t t


= + −                                 (9) 479 

in which the mass supplies M(t) is determined by the processes of Eq.7 and 8. As the hydrograph 480 

Qw(t) is unavailable as a temporal process in synch with M(t), we choose to integrate the Q-M mixing 481 

as a random process.  482 

Given that  varies dramatically with surges within a sequence and satisfies the Normal 483 

distribution, we reduce the role of hydrograph to a Gaussian process, N(σ, ε), with σ, ε being the 484 

mean and variance, respectively, which can be further normalized as a standard distribution N(0, 1), 485 

without altering its physical meaning. This formulation integrates the net effect of key hydrological 486 

drivers on sediment mobilization: (1) runoff generation, which determines the water discharge (Qw) 487 

available for sediment transport and bed erosion (Gregoretti et al., 2019; Kean et al., 2013); (2) 488 

pore-pressure diffusion and soil saturation processes, which reduce the effective stress and critical 489 

shear stress of channel-bed and bank materials, thereby facilitating sediment entrainment (McCoy 490 

et al., 2012); and (3) the spatial and temporal variability of these processes across the watershed 491 

(Guo et al., 2023). The assumption of a Gaussian distribution is further supported by the fact that 492 

all inter-processes are statistically symmetric — meaning there is no inherent preference for any 493 

specific process — and additive in magnitude, with each process contributing to the surge discharge. 494 

Consequently, the inter-processes add an extra random component to the failure sequence (Eq. 8), 495 

acting as mass supplies, {M}={S0}{SR}, where  denotes the stochastic summation of 496 

contributions from multiple sources and processes. 497 

(3) Confluence into surges 498 
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Confluence is a cascading process that moves from sources to tributaries and then to the main 499 

stream, incorporating both intra-watershed failures and sediment contributions as simplified in the 500 

inter-processes. In confluence, hydrological processes play a crucial role in integrating and directing 501 

mass supplies from multiple sources. Since failures in source areas and inter-processes occur 502 

randomly in space and time, and we focus solely on the final process outcomes — specifically, 503 

surge sequences — we simplify these stochastic elements by integrating them with the background 504 

hydrograph into a unique aggregating mechanism of mass supplies. This synthesis reduces to a 505 

probabilistic selection process representing mass contributions to the surges. Then the hydrological 506 

forcing (e.g., runoff scouring capacity, infiltration-induced weakening) on whether and how much 507 

a given mass supply (from slope failures or in-channel storage) joins a surge, is integrated into a 508 

selection coefficient ζ, which can be simulated by a Gaussian process, based on the Normal 509 

distribution of ratio . This approach reduces the complex hydrograph-sediment dynamics to a 510 

practical random selecting regime. 511 

From sources down to mainstream, the mass supplies will experience cascading selections, i.e., 512 

from source sites to tributaries of increasing orders, till the main channel. Formally the cascading 513 

processes can be expressed as  514 

𝑺𝐹(𝑗) = ∑ . . . ∑ . . . ∑ 𝜁(𝜏)𝑴(𝜏(𝑗))𝛥𝑇0(𝑗)𝛥𝑇𝑖(𝑗)𝛥𝑇𝐹(𝑗)                 (10) 515 

where M is the mass from {S0}, the successive ΔTi (j) represents the j-th interval in the sequence of 516 

the i-th order intermediate processes, and TF denotes the final interval between surges in the main 517 

channel. This cascading operation represents the evolution of mass supply {M} from sources into 518 

the main channel, involving a series of selection coefficients. This allows one to trace the cascading 519 

processes in orders within the framework for the dynamics of water-sediment interactions and the 520 

developing of individual surges. However, detailed selection for each step is impractical due to the 521 

randomness of inter-processes. Nevertheless, it is ready to be simplified when we solely account for 522 

the ultimate surge sequence as entirety. Note that, as mentioned above, both the surges and source 523 

failures are identified as Poisson process (PP), the surge developing on watershed scale is simply a 524 

transition from PP on sources to PP in channel. Mathematically, this can be reduced to a thinning 525 
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from {S0} to {SF}, i.e.,  526 

F 0

( )

( ) ( ) ( ( ))
T j

S j j S j 


=                      (11)                                                      527 

where the symbols are the same as in Eq.10. Currently, we consider solely the surge from sources 528 

while skipping all the inter-processes. In the selecting summing, the time interval between surges, 529 

T(j) (j=1, 2, …), is generated by exponential distribution as suggested by the Poisson-process 530 

nature of surges (Eq. 5). the distribution has typical parameter λs ~ 1/τ, with τ the average of 531 

interval which is typically on the order of 102 seconds.  532 

In this simplification, we employ one single selection coefficient to integrate the cascading 533 

collection of mass sources, where the mass supplies occurring within time interval T(j) are 534 

supposed to contribute to the j-th surge, with a selecting factor ζ(j) at the period, which is generated 535 

by a Gaussian process N(0, 1). This assumption is supported by the Central Limit Theorem, which 536 

posits that the cumulative effects of multiple independent sub-processes tend to converge toward a 537 

normal distribution. Furthermore, this approach prioritizes operational feasibility over detailed 538 

mechanistic understanding, a common trade-off in modeling complex systems. 539 

Equation 11 implies that the coefficient not only selects the mass from the source failure 540 

sequence but also represents the contribution from inter-process materials, which is accounted as a 541 

proportion. Then the mass from source areas and inter-processes are sequentially assembled into 542 

successive surges whose magnitudes follow a specific distribution. Equations (7) through (11) 543 

collectively describe the mathematical formulation of this mechanism. 544 

 545 

3.5 Model Parameters 546 

The framework model outlined above involves the following critical parameters: 547 

Poisson Intensity (λ): The failures over the source areas are characterized by the Poisson 548 

intensity (AS) = (Ai/AE)E, where AS = Ai represents the total source area, and λE is the test 549 

intensity of failure to be determined by experiment on a site with area AE, under a given rainfall 550 

intensity. This integrated intensity (AS) is mathematically guaranteed by the additivity of the 551 

Poisson process (Kingman, 1993). For a source area (Ai) subjected to local rainfall (Ri) with intensity 552 
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IR, experiments indicate that the failures in this area are subjected to the Poisson intensity λE ~ 553 

exp(kTIR) (Guo et al., 2021), where kT is an empirical coefficient representing the sensitivity of 554 

failure rate to rainfall intensity. Then the failures determined by the local Ri-Ai coupling, is 555 

extrapolated to the source areas over the watershed.  556 

Pareto Scaling (m₀, ξ): The magnitude cut-off m₀ retains constant for a given rainfall intensity, 557 

while the exponent ξ exhibits rainfall sensitivity, following  ~ exp (−kPIR), with kP an empirical 558 

coefficient, as supported by experimental findings (Guo et al., 2021).  559 

Selection coefficient (ζ): The selection coefficient ζ is not a conditional factor but rather a 560 

functional component modeled as a standard normal variate, ζ ~ N(0,1), which encapsulates the 561 

aggregate influence of unobservable inter-process interactions. By using a normally distributed 562 

factor, we integrate the effects of multiple random processes, thereby avoiding the difficulties of 563 

explicitly defining the spatiotemporal dynamics of cross-process interactions within the watershed 564 

system. 565 

While the processes involved in debris flow formation and evolution are complex and depend 566 

on dynamical properties of soils, our framework has minimized the required input data to a core set: 567 

(λ, m₀, ξ, ζ). These simplified parameters have distinct physical significance: λ represents the 568 

rainfall-source (Ri-Ai) coupling, which depends on the spatial and temporal distribution of rainfall 569 

and source areas; m₀ and ξ reflect the intensity and quantity of failures in source areas, respectively. 570 

Although both depend on local conditions of rainfall and soils, they possess a certain intrinsic 571 

generality and are relatively insensitive to specific event conditions. Finally, ζ integrates the effects 572 

of hydrographic processes.  573 

 574 

3.6 Model Test 575 

As a stochastic model, it produces a surge sequence rather than individual surges. To validate 576 

the simulation results, we employ the Kolmogorov-Smirnov (KS) test, which evaluates the 577 

distributional similarity between simulated and observed data. It quantifies the maximum 578 

divergence between the empirical cumulative distribution function (ECDF) of the observed data and 579 

the theoretical (or reference) cumulative distribution function (CDF) by a distance   580 
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m omax ( ) ( )D S t S t= −                            (12) 581 

where Sm(t) and So(t) are the simulated and observed distribution function, respectively. A smaller 582 

D value indicates closer agreement between the observed and simulated distributions.  583 

The critical threshold of D depends on the significant level , defined as 𝐷𝛼~ 𝑐(𝛼) √𝑛⁄ , e.g., 584 

c(0.01) = 1.63 corresponds to a stringent significance level of α = 0.01. This conservative threshold 585 

is selected to minimize false negatives, ensuring a robust validation of distributional similarity. The 586 

significance of the observed D values was assessed using corresponding p-values, which account 587 

for both the sample size and the test statistic (Berger et al., 2014; Zhang et al., 2025). Specifically, 588 

p > 0.05 indicates that the null hypothesis— that the two samples originate from the same 589 

distribution—cannot be rejected at the 5% significance level. Therefore, when this condition is met, 590 

the simulation is considered to adequately capture the statistical characteristics of surge sequence. 591 

The use of a conservative significance level (α = 0.01) ensures high confidence in applications where 592 

undetected differences in distribution could have serious implications.  593 

 594 

4. Model Operation, Validation, and Application 595 

4.1 Model Realization and Verification in JJG 596 

Now we put the model into operation and use several events with rainfall records as target 597 

events to validate the model. The required simulation parameter set, (λ, m₀, ξ, ζ), is listed in Table 1, 598 

where the coupling between source area (Ai) and rainfall intensity (Ri) has been estimated using 599 

local rainfall intensity (IR) recorded by each gauge across the area through GIS-based analysis. 600 

Given the rainfall-dependent parameters, the failure sequence (Eq. 8) can be simulated, and then the 601 

thinning procedure (Eq. 11) can be applied using a set of random selection coefficients (ζ). The 602 

resulting mass sequence, SF, which preserves the characteristics of the Poisson process, can be 603 

compared to the observed surge sequence.  604 

 605 

Table 1 Parameters determining source failures under different rainfalls for events 606 

Events R-A coupling Poisson intensity Pareto exponent 
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IR-VI, A IR-II, A IR-III, A IR-V, A IR-IV, A λ0 ξ 

E080705 - 19.3,12.2 0 19.4, 28.6 18.8, 10.9 195.5 2.00 

E990818 6.4, 112.2 12.7, 4.7 - - 19.5, 80.8 774 2.06 

E990716 47, 35.8 2.4, 56.0 - - 24.7, 63.4 555 2.63 

E000704 32, 22.9 21.6,20.9 - - 37.8, 14.7 245.4 1.57 

E080701 - 37.9,16.2 0 25.6, 11.0 37.9, 8.6 178.5 1.86 

E030605 32.5, 14.8 22.3, 8.8 - - 57.8, 12.1 189.9 1.65 

 607 

The reliability of the proposed model in predicting debris-flow surge sequences was evaluated 608 

by examining its capability to replicate key statistical features of observed events—including surge 609 

timing, magnitude fluctuations, overall decay trend, and probability distributions. As the model 610 

inherently integrates hydrological processes, the assessment focused specifically on comparing 611 

simulated and observed sequences of sediment mass (SF) rather than fluid discharge (Qf). 612 

Simulations were conducted in MATLAB (Zhang et al., 2025), with model performance assessed 613 

against three criteria: correspondence in (1) the overall decaying tendency, (2) the timing of decay 614 

onset, and (3) the resulting probability distribution P(S) (Eq. 3).  615 

The results demonstrate that the model robustly reproduces the observed surge sequences. For 616 

event E030605, the simulated SF sequence closely aligns with observations, exhibiting a consistent 617 

decay trend—initiating at the 31st surge in simulation and the 26th surge in observation (Fig. 6a-618 

2)—and conforming to the same probability distribution (Fig. 6a-3). A similarly close agreement 619 

across all criteria was observed for event E080705 (Figures 6b-1 to 6b-3), confirming the model’s 620 

effectiveness. Additional results are provided in Figure S3 of the Supporting Information.    621 

The simulations confirm that the sequence features can be reproduced by the cascading random 622 

processes (Fig. 4). The thinning operation (Eq. 11) effectively transforms the original power-law 623 

distribution of mass supplies from failures into Q and S distribution modified by an exponential 624 

function (Eq. 3). Additionally, the thinning operation extends the time intervals from order of 10-3 s 625 

to 102 s, shedding light on the cross-timescale characteristics inherent in debris flow development.  626 

Assessing the validity and accuracy of simulated time series requires a combination of 627 

statistical tests, visual inspections, and domain-specific evaluations. Since simulated data rarely 628 

align exactly with observed data point by point, and because the model is stochastic in nature, the 629 
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focus is on whether the model can reproduce the key statistical properties of the real processes. First, 630 

we observe that the predicted magnitude agrees well with the real events (Fig. 6c-1). Next, we 631 

compare fundamental descriptive statistics — including the mean, median, standard deviation, range, 632 

skewness (3rd moment), and kurtosis (4th moment) — to evaluate central tendency, dispersion, and 633 

tail behavior. These metrics provide a baseline assessment of how effectively the simulation reflects 634 

the empirical distribution. All metrics are comparable between the simulated and observed data for 635 

the representative events (Fig. 6c-2).  636 

Furthermore, the KS test indicates that D  D0.01 across all cases, confirming a strong agreement 637 

between observed and simulated distributions. This threshold at  = 0.01 was chosen to ensure a 638 

conservative evaluation and minimize the risk of false negatives. Additionally, the corresponding p-639 

values substantially exceed 0.05, providing no statistical basis for rejecting the null hypothesis of 640 

distributional similarity (Table S2 in the Supporting Information). 641 

 642 

 643 

Figure 6. Comparison between simulated and observed surge sequences for two events, E030605 644 

(panel a) and E080705 (panel b) in JJG, along with statistical evaluation of the simulation results 645 

(panel c). (a-1) and (b-1) show the sediment fluctuation in the observed and simulated sequences; 646 
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(a-2) and (b-2) illustrate the decay trend of Sn in the observed and simulated sequences; (a-3) and 647 

(b-3) present the scaling distribution of sediment volume for the observed and simulated sequences. 648 

(c-1) compares sediment volumes between simulated (Ssim) and observed (Sobs) events. (c-2) 649 

compares key statistical parameters: Mean, Median, Standard Deviation (SD), Range, Skewness, 650 

and Kurtosis between the simulated (Msim) and observed (Mobs) sequences.  651 

 652 

4.2 Verification and Generalization of the Model 653 

4.2.1 Statistical Characteristics of Surge Sequences in Global Watershed 654 

The simplification of the model, which ignores the complexities of surge dynamics, allows it 655 

to effectively capture the overall statistical characteristics of surge sequences and demonstrates 656 

robust applicability across diverse watershed conditions. To assess its generalizability, we conducted 657 

comparative analyses with surges in two well-documented sites: Chalk Cliffs (CC) in the United 658 

States and Gadria Creek (GC) in Italy (Cavagnaro et al., 2024; Schöffl et al, 2023).  659 

These events have relatively short sequences, containing 10 to 50 surges, yet their statistical 660 

properties align closely with those observed in JJG (Figure 7). Notably, Qₙ for these short 661 

sequences approaches a near-linear trend rather than a power-law decay (Fig. 6a-1). This suggests 662 

the sequence acts as white noise, having strong temporal stochasticity, where the surges are 663 

independent and arise from discrete, random inputs (e.g., localized bank or bed erosion) rather than 664 

from failures governed by R-A coupling. In this sense, the overall decaying trend Qₙ ~ n−q provides 665 

an indicator for the forming mechanism of surges.  666 

Since most events involve only a few surges, and some even a single surge, the applicability 667 

of sequence-based characteristics appears limited. To enhance generalizability, it is natural to 668 

question whether the model applies to single-surge events. For this, we define an “event sequence” 669 

as a collection of historical events within a watershed. This event-level sequence spans extended 670 

time periods, with intervals ranging from days to months or years. Several event sequences are 671 

constructed from debris flows (Fig. 7b, see also Text S1 of the Supporting Information for watershed 672 

description and data sources). Notably, these event sequences display the same statistical 673 

characteristics as the surge sequences (Fig. 7a-3 & 7b-3). 674 
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  675 

Figure 7. Observed and simulated debris flow surge sequences across global watersheds, 676 

demonstrating the same statistical features as the surge sequences. (a) Debris flow events from 677 

Chalk Cliffs (CC) and Gadria Creek (GC), with event occurrence times indicated (e.g., 090915 678 

refers to an event on September 15, 2009). (b) Debris flow events from various locations: Illgraben 679 

(Illg), Gila National Forest (GNF), Nevada (Nev), Arroyo Seco (AS), Sleeping Child Creek (SCC), 680 

Réal Torrent (RT), Moscardo Torrent Basin (Mos), Ergou (Erg), Lattenbach (Lat), Dorfbach (Dor), 681 

Chalk Cliffs (CC), and Gadria Creek (GC). (a-1) and (b-1) Q fluctuation; (a-2) and (b-2) general 682 

trend of <Q>n; (a-3) and (b-3) Q-distribution; (a-4) and (b-4) v-distribution. 683 

 684 
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4.2.2 Realization and Verification of Simulation for Global Watersheds 685 

We apply the model to simulate surge sequences for CC and GC using parameters reported in 686 

the literature (see Table S5 in the Supporting Information). The simulated sequences (S-CC 170711 687 

and S-GC200810) closely align with the events (E-CC 170711 and E-GC200810), with the same 688 

decaying trend of moving average discharge, probability distribution of sediment volume, total 689 

sediment volume, and statistical parameters (Fig. 8; see also Fig. S5).  690 

 691 

 692 

Figure 8. Comparison between simulated and observed surge sequences for two events, CC170711 693 

(panel a) and GC200810 (panel b) in Chalk Cliffs and Gadria Creek, along with statistical evaluation 694 

of simulation results for the debris flow sequences (panel c). (a-1) and (b-1) show the sediment 695 

fluctuation in the observed and simulated sequences. (a-2) and (b-2) illustrate the Sn decay trend 696 

of the observed (dark colors) and simulated (light colors) sequences. (a-3) and (b-3) present the 697 

scaling distribution of sediment for the observed (dark colors) and simulated (light colors) sequences. 698 

(c-1) compares sediment volume S between the simulated (Ssim) and observed (Sobs) sequences. (c-699 

2) compares key statistical parameters (the same as Figure 6c-2) between the simulated (Msim) and 700 

observed (Mobs) sequences. 701 

 702 

Similar to the case of JJG (Fig. 6c, Table S2), we conduct statistical tests on the simulations of 703 
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CC and GC, as shown in Figure 8c. The KS results confirm the model’s reliability, with all events 704 

exhibiting D<D₀.₀₁ values and corresponding p> 0.05 (Table S3 in the Supporting Information).  705 

Therefore, the model framework has the capacity to produce the surge sequences only through 706 

the information of local rainfall intensity and the coupled source areas in the watershed, without any 707 

specific details of the hydrological processes. Practically important is that it may yield the accurate 708 

sediment quantity and replicate the probability distributions.  709 

 710 

5. Discussions 711 

This study proposes a stochastic framework for modeling the formation and evolution of 712 

debris-flow surges, effectively reproducing the statistical characteristics observed in surge 713 

sequences. Capturing the characteristics of mass movement from source to mainstream, the model 714 

also offers a novel approach for understanding general transport processes in watershed. Several 715 

key points warrant further discussion, as they are crucial for enhancing our understanding of debris-716 

flow dynamics and have significant implications for hazard prediction and evaluation.  717 

5.1 Generic Implications of Surge Sequences 718 

The surge sequences exhibit four key characteristics: the high-magnitude fluctuations, an 719 

overall decaying trend, a unified probability distribution, and the self-similarity structure. These 720 

features provide critical insights into the origins and evolution of debris flows. Notably, the 721 

fluctuations of up to three orders of magnitude in Q and S, coupled with the variability in material 722 

composition reflected by changes in ρ, cannot be attributed to a single source. While the surge front 723 

typically exhibits a high Froude number (Fr>1) and thus exists in a supercritical state (Du et al., 724 

2023; Wei et al., 2025), the flow body — especially its watery tails and low-magnitude surges — is 725 

subcritical. This dichotomy suggests that the observed diversity of surges is unlikely to stem from 726 

flow instability in the form of roll waves (Arai et al., 2013; Berti et al., 1999; Godt & Coe, 2007; 727 

Ng & Mei, 1994; Wang et al., 2003). These observations support the hypothesis of multi-source 728 

surge generation, wherein the overall decaying trend of Q reflects finite sediment supply — for 729 

example, slope failures that stabilize even as rainfall continues. This interpretation is reinforced by 730 

the ρ-GSD relationship (Wang et al., 2018; Yang et al., 2019), which distinguishes high-ρ surge 731 
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processes— occurring only when flows entrain sufficient coarse material, thereby enhancing 732 

sediment transport capacity—from low-ρ surge processes characterized by small-scale finer-grained 733 

transport. 734 

The intermittent behavior further highlights discontinuities in sediment supplies form slope 735 

failures and bank and bed erosion/assimilation. As both failures and surges are Poisson processes as 736 

characterized by exponential distribution of time intervals, the developing of surge is conceptualized 737 

as a Poisson transition from point sources to the channel network. This linkage is mathematically 738 

represented through a cascading thinning process in our framework (Eq. 10 and 11). 739 

5.2 Essence of the Model 740 

The essence of the model relies in its quantitatively linking local point processes in source 741 

areas to the surges on watershed scale. It conceptualizes surges as a thinning of a Poisson process 742 

of source failures. This approach abstracts from the complex dynamics of debris flow mobilization 743 

and movement, including transitions from landslides (Gabet and Mudd, 2006; Iverson et al., 1997b), 744 

channel-bed failures (Gregoretti, 2000), and sediment initiation via the firehose effect (Coe et al., 745 

2008). Within this framework, failures in source areas form a Poisson process, with an intensity 746 

correlated to the local rainfall intensity (IR), while the failure size follows a power-law distribution 747 

with exponent . The intermediate erosion and transport processes, coupled to hydrological 748 

dynamics, are integrated through a Gaussian selection factor . In essence, the coupling between 749 

local rainfall and source area governs the spatial distribution, quantity, mass, and duration of source 750 

failures. Thinning the failure sequence represents the randomly aggregation of the mass, thereby 751 

regulating the number and timing of surges. The cascading nature of the thinning process, exhibiting 752 

both spatial and temporal regularities, inherently supports the self-similarity in surge sequences. 753 

Additionally, clustering and fluctuations arise naturally from the underlying stochastic point process.  754 

As a practical model, the parameters have been reduced to the minimum, i.e., (λ, m₀, ξ) 755 

(disregarding the selection coefficient  generated by Gaussian process). The Poisson intensity (λ) 756 

depends on local rainfall and source areas, which are the fundamental data for debris flow surveys 757 

and studies (e.g., Gregoretti et al., 2008, 2019); while m₀, ξ, although depending on local 758 
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experiments, are following the power-law distribution and fall in a certain range of value and 759 

insensitive to predict the statistical features of surge sequences.  760 

A pivotal result of the model is that the thinning operation spontaneously leads to a unified 761 

distribution of Q and S (Eq. 3), which transforms the original power-law distribution of failures by 762 

multiplying an exponential function as a scaling factor. Consequently, this model reveals a new type 763 

of magnitude-frequency correlation emerges, distinct from the power-law distributions commonly 764 

observed in natural events such as landslides, floods, and earthquakes (e.g., Bowers et al., 2012; 765 

Chang et al., 2020; Croke et al., 2015; Graber et al., 2022; Hergarten, 2002; Marković et al., 2014; 766 

Turcotte, 1997). The proposed thinning operation of Poisson process provides the fundamental 767 

mechanism underlying the emergence of this novel distribution.  768 

5.3 Insights into Rainfall Thresholds of Debris Flows 769 

The surge phenomena motivates us to revisit the concept of the rainfall thresholds on 770 

watershed-level, which currently faces the following difficulties: 1) within a single rainfall event, 771 

the intensity, amount, and spatial distribution exhibit substantial variability, it is unrealistic to 772 

precisely identify the specific source areas triggered by localized rainfall or to synchronize discrete 773 

sediment inputs with a continuous hydrograph; 2) the failures and sediment avalanches as mass 774 

supplies are randomly distributed in source areas and channels, making it impossible to use one 775 

unique threshold to determine their initiation an on/off; 3) the surge magnitude is usually several 776 

orders greater than water discharge, unlikely a linear amplification of the hydrographic process.  777 

To overcome these difficulties, our model addresses the locality of debris flow origins and 778 

implicitly uses local critical conditions (via probability) rather than the traditional “rainfall threshold” 779 

(e.g., critical discharge or intensity-duration correlation) over a watershed (Gregoretti & Fontana, 780 

2008; Guzzetti et al., 2008; McGuire et al., 2020; Nikolopoulos et al., 2014; Ponziani et al., 2023). 781 

Consequently, the model involves critical thresholds at distinct stages: Source failures are governed 782 

by parameters (λ and ξ) that depend on local rainfall intensity (IR); inter-process interactions (e.g., 783 

mass movement sustainability) are modeled through stochastic sediment selection governed by ζ; 784 

and the surge magnitude is determined by the power-law distribution of failures and the selection 785 

coefficient (ζ). This approach acknowledges that debris flow initiation and propagation are governed 786 
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by interacting thresholds, requiring simultaneous consideration of rainfall intensity, sediment 787 

availability, and hydrological connectivity. By decoupling the deterministic “threshold” concept into 788 

stage-dependent criteria, as it proves, the model does not predict the occurrences but also account 789 

for the spatial and temporal variability of surge sequences.  790 

5.4 Application in Hazard Prediction and Assessment 791 

The model framework provides a probabilistic viewpoint of evaluating debris flows, without 792 

requiring data specific to the event details. The involved probability distributions of key parameters 793 

(e.g., v, Q, S) (Eq. 2, 3, 4) enable universal tools for hazard evaluation. Notably, the distributions 794 

allow direct estimation of flow velocity and individual surge magnitudes. Analysis of data from 795 

global events in our study reveals that the distribution parameters for velocity (k, ) and magnitude 796 

(, Mc) exhibit consistency across diverse watersheds (Fig. 9a, b). Specifically: over 60% of surge 797 

velocity fall below 4 ~ 6 m/s (η ≈ 5.2 ± 0.8), providing statistically robust estimates superior to 798 

locally calibrated empirical formulas. Moreover, the clustering of (, Mc) near  = 0 indicates that 799 

large-magnitude surges follow exponential distribution, departing from power-law scaling typically 800 

employed for describing the magnitude distribution of various disastrous events, such as earthquake, 801 

landslide, and flood (e.g., Hergarten, 2002; Turcotte, 1997). Concurrently, surges of small size 802 

exhibit large  values, suggesting that this exponent serves as a meaningful indicator of surge 803 

magnitude. The velocity indicator () combining with the magnitude indicator () provide the 804 

fundamental parameters for hazards assessment and engineering design. 805 

 806 

 807 
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Figure 9. Range of probability distribution parameters for debris-flow surges across global events. 808 

(a) Normalized parameters for magnitude (Q or S, and M indicates mixed datasets). (b) Parameters 809 

for surge flow velocity. 810 

 811 

5.5 Limitations and Perspectives 812 

While the proposed framework effectively captures the macroscopic statistical signatures of 813 

surge sequences, its practical application highlights several limitations that warrant further 814 

investigation. The first one relies in its specific purpose of capturing the overall statistical features 815 

of the surge sequences, which forces ignoring the complex physical processes such as sediment-816 

water interactions, grain-size evolution during transport, and rheological transitions. Its reducing 817 

hydrologic action to a Gaussian process integrating the inter-processes might destroy the inherent 818 

autocorrelation or long-range correlation between surges; and simplification of the inter-processes 819 

further limits its applicability to general cases, such as the debris flows initiated by flood discharges 820 

(e.g., Gregoretti et al., 2019). Additionally, the complex inter-processes and the sub-basin 821 

morphology, make it hard to determine the cascading selection coefficients, which in turn impedes 822 

tracing the GSD evolution in the dynamical processes (Li et al., 2015; Yang et al., 2025; Zhou et al., 823 

2019).  824 

As the limitations arise mainly from the simplification of hydrological processes, the promising 825 

perspectives of the model would open when the hydrology-sediment processes are well coupled as 826 

to achieve the synchronization at second-timescale (Eq. 9). Then our framework is ready to embrace 827 

the dynamical components when the conceptually integrated processes (e.g., the source failures, 828 

sediment initiation, and bank erosion) can be timely combined with the hydrographs. Consequently, 829 

one would be able to grasp the temporal evolution of soil-water mixture, Q(t) and trace the GSD 830 

evolution, as reflected by the ρ-GSD relationship observed in surges (Wang et al., 2018; Yang et al., 831 

2019), as well as the granular effects on the rheology (Yang et a., 2025).  832 

Importantly, the model’s ability to trace surges back to their potential sources enables it to 833 

predict both how and when such surges will occur. This capability distinguishes it from the 834 

traditional dynamical models, which predefine flow properties and rheology based on anticipated 835 

conditions without verifying if those conditions actually materialize. Additionally, the ρ-GSD 836 
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relationship and the rheology variations dependent on GSD, provide crucial insights into granular 837 

effects within flows (Yang et al., 2025), such as the dynamical segregation and sorting of fine and 838 

coarse grains. Additionally, hydrological processes as the key line connecting the continuous water 839 

flow and the intermittent sediment supplies, as expressed by Eq. 9, may impose inherent temporal 840 

coherence between the surges, as characterized by the high Hurst exponent (H > 0.90) of the surge 841 

sequences (Zhang et al., 2021).  842 

 843 

6. Conclusions 844 

The sequential evolution of debris-flow surges encapsulates critical information about the 845 

origin and dynamics. However, previous studies on isolated individual surges are focused on the 846 

dynamical aspects while ignoring the collective behaviors of sequence as an entirety, such as their 847 

fluctuation and general decay trend, the probability distribution of key properties (e.g., velocity, 848 

discharge, sediment delivery, and time interval), and the self-similar structures. To fill the gap, we 849 

propose a novel conceptual framework to simulate the generation of surge sequences with the 850 

observed statistical features, based on a systematical investigation of surge sequences in global 851 

watersheds. The following conclusions can be drawn from the model simulations:  852 

(1) A Poisson process is identified for both source-area failures and mainstream surges. The 853 

surges are conceptualized as a cascading thinning of the mass sequence originating from failures 854 

and intermediate erosional processes. This structure captures the hierarchical evolution across 855 

spatial scales, progressing from localized source areas to the main channel.  856 

(2) A Gaussian process is appropriate for the inter-processes of intermittent surge development, 857 

which integrates the bank and bed erosions, sediment entrainment, and various soil-water mixing 858 

by hydrological processes into a random selection coefficient as a normal variable. This integration 859 

reflects the randomness inherent in the processes across scales in watershed. 860 

(3) Site-specific parameters for the model can be easily extrapolated to watershed scale based 861 

on local rainfall-related data and the general power-law distribution of source failures. This 862 

calibration process enables the model to be effectively applied to any watersheds.  863 

(4) Numerical simulations demonstrate the model’s capacity to replicate observed surge 864 
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sequences with remarkable fidelity. A particularly significant outcome is the emergence of a unified 865 

probability distribution for discharge and sediment yield, P(x) = f(μ)x−μexp(−x/xc), which represents 866 

a paradigm shift from conventional power-law-based magnitude-frequency relationships, offering a 867 

more nuanced statistical descriptor for debris-flow systems. 868 

Furthermore, this work bridges theoretical stochastic modeling and applied geomorphology, 869 

offering a foundational tool for studying earth surface systems characterized by collective event 870 

behaviors (Hürlimann et al., 2019; Thouret et al., 2020; Trujillo-Vela et al., 2022). When supported 871 

by adequate site-specific data (e.g., rainfall, topography), the framework can significantly enhance 872 

hazard prediction through sequence-level modeling, extend to sediment transport in large river 873 

basins, and contribute to the planning of preventive engineering measures (Berenguer et al., 2015; 874 

Chen et al., 2015).  875 

 876 

Appendix A. Notation Symbol Definition 877 

v velocity of debris flow surge 

τ time interval between successive surges or failures 

ρ flow density of surge 

Cs volumetric solid concentration 

Q debris-flow discharge 

Qn moving average of discharge 

q exponent of decaying 

Nt turning point for decaying  

S surge sediment volume  

{S0} source failure sequence 

Sn moving average of sediment volume  

H Hurst exponent for surge sequence 

Mc characteristic magnitude of surge 

 scale parameter of Weibull distribution 

k shape parameter of Weibull distribution 

Fr Froude number 

λ intensity parameter of Poisson process 

Rᵢ local rainfall 

IR rainfall intensity 
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Aᵢ source area of failures 

Eᵢ channel erosion processes 

 exponent of failure power-law distribution  

ζ selection coefficient as a Gaussian variate 

(n) discharge ratio of surge to water  

TF time interval of the final sequence 

D critical distance in the KS test 

α significance level of KS test 
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