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Abstract. Avalanches have been experimentally investigated in a wide range of physical systems from granular

physics to friction. Here, we measure and detect avalanches in a 2D granular stick-slip experiment. We discuss

the conventional way of signal processing for avalanche extraction and how statistics depend on several param-

eters that are chosen in the analysis process. Then, we introduce another way of detecting avalanches using

wavelet transformations that can be applied in many other systems. We show that by using this method and

measuring Lipschitz exponents, we can intelligently detect noise in a signal, which leads to a better avalanche

extraction and more reliable avalanche statistics.

1 Introduction

Many systems, under slow loading, exhibit intermittent

and discrete events of broad sizes, known as crackling

noise [1, 2]. This behavior has been experimentally in-

vestigated in a wide range of physical systems [3–5] from

earthquakes in seismic activities to Barkhausen noise in

ferromagnets [6, 7]. Slowly sheared granular media are ex-

amples of these systems. They respond to shear stress with

discrete slip avalanches, also called stick-slip events [8–

11]. The avalanches statistics of these systems and their

universal and non-universal quantities are key properties

of these systems. In this paper, we introduce a method

for avalanche detection based on wavelet transformation

to extract more reliable statistics. This method can be used

for many other systems for a better avalanche detection.

As shown in figure 1, to observe the physics of stick-

slip for slowly sheared granular materials, we have de-

veloped a novel apparatus, which is capable of detecting

avalanches both at the global and local scales. In our ex-

periments, a constant speed stage pulls a frictional slider of

length 25 cm which rests on a vertical bed of bi-disperse

cylindrical photo-elastic particles with diameteres of 0.4

cm and 0.5 cm (number ratio of 2.7) in a 2D granular sys-

tem. The verticle walls are low frictional to reduce the

efect of boundary friction. The slider is designed to have

very high friction with the top layer of granular media. The

stage is connected to the slider by a spring, the stiffness of

which can be tuned. We measure the force on the spring by

a force sensor attached to it, which provides a global mea-

sure of shear stress. As we want to fix the system stiffness

and pressure at a certain chosen value; it is not possible to

modify the device to force the slider to remain horizontal.
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However, to make sure the slider always stay in the same

inclination; we have calibrated its wait and initial angle

so that it may tilt only few degrees. That may add some

noise to the system; however, we think is not significant.

The photo-elastic response also provides us a measure of

local stress; however, in this paper, we focus on the global

response of the system.

Figure 1. Side view of apparatus. A bi-disperse photo-elastic

granular media is sheared by a slider that is moved by the force

gauge connected to a spring. The slider exhibits a stick and slip

dynamics. The force on the slider is recorded via a force gauge

and the internal structure and stress is imaged via high speed

cameras (not treated in this paper).

For a given pulling stage speed v, spring stiffness k,

and granular bed height l, the evolution of the force F, ap-

plied to the slider is measured with a frequency of 100Hz
in our experiment. To quantify the global avalanche statis-

tics based on F(t), we use specific signal processing. In

experimental data, noise is unavoidable, but the way noise

is detected or reduced can be crucial to quantitative re-
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Figure 2. a) A typical force gauge signal F(t) from the exper-

iment with spring stiffness of k = 70N/m and stage speed of

v = 1mm/s acquired at 100Hz. b) Point to point derivative of

force signal. The signal-to-noise ratio decreases dramatically

when differentiated. c) The smoothed derivative of force signal.

Smoothing is applied by a convolution of part b with a Gaussian

function of standard deviation σ = 0.05s. The threshold τ (red

line) determines the beginnings and endings of avalanches.

sults. Conventionally, these noise spikes are removed us-

ing Fourier transform domain filters, including averag-

ing over many data points. The latter is a low-pass fil-

ter in Fourier transform domain and increases the signal-

to-noise ratio. However, the trade-off is loosing the edge

information. Moreover, if the duration of an event in a

signal is of the order of the duration of a noise spike, the

event may break into several events and make them hardly

distinguishable; or some noise spikes may be detected as

events. These flaws can be reduced by applying a wavelet

transform domain filter that selectively distinguishes noise

spikes from events.

In the first part of this paper, we summarize a conven-

tional way of avalanche detection in a typical signal of our

experiment. We discuss how several chosen parameters in

the signal analysis process can affect the statistics. Then,

we introduce a wavelet transform domain filter and how

to selectively detect noise spikes locally using Lipschitz

exponents [12], without loosing other signal information.

This method may provide a tool for a better avalanche ex-

traction in many other experimental systems.

2 Conventional method

The slow shearing of a granular materials leads to intermit-

tent slow loading and fast unloading of the medium that

is called an avalanche. Figure 2a shows a typical signal

F(t) from the force gauge. The fast drops in F (like at

time t = 13s) correspond to slip avalanches of the slider

and similar behavior in observables have been detected in

many physical systems [5, 8, 13, 14]. Hence, to detect an

avalanche, we need to find where the slope of the force is

negative. However, if we use point to point derivatives,

as shown in figure 2b, the presence of noise may make it

impossible to find the avalanches. To overcome this prob-

lem conventionally, as depicted in figure 2c, the signal

is smoothed and then a threshold τ is chosen for finding

where it crosses the smoothed data. This defines the be-

ginnings and endings of avalanches. To smooth the signal

from our data, we applied a convolution as presented in

equation 1, in which h is the derivative of the force sig-

nal F and g is a normalized discrete Gaussian function.

This method requires two variables, the standard deviation

of the smoothing function, σ, and the threshold, τ. The

statistics of avalanches vary by changing these two vari-

ables.

(h ∗ g)[m] =

n∑

t=1

f [t]g[m − t] (1)

g[t] =
1

σ
√

2π
exp (− t2

2σ2
) (2)

Figure 3 shows the probability density function of slip

sizes for different values of the threshold τ and standard

deviationσ ( as in fig.2c). The slip size is the displacement

of the slider during an avalanche, which is calculated using

the force signal Δx = ΔF/k, in which k is the stiffness of

the spring. As shown in the figure, the probability density

function (PDF) is affected by τ and σ. Indeed, both the

exponent and the non-universal quantities such as lower

cut-offs and prefactors depend on these two parameters.

As large avalanches are easier to detect and less affected

by low-pass filters, the statistics of them do not change

dramatically by changing these two variables. However,

small avalanches statistics are more affected by these pa-

rameters as they contain more high frequency information.

This variation can also be seen in other avalanche proper-

ties such as the average shape of avalanches (not shown

here).

3 Wavelet transformation method

Wavelet transforms have been widely used in signal pro-

cessing in computer science for detection of different types

of singularities in a signal [12]. A wavelet transformation

of a signal is simply its convolution with a function g as

in equation 1. The convoluting wavelet that we use here is

proportional to the first derivative of a Gaussian function,

as in equation 3, which is a widely used wavelet for edge

detection problems [12].

g[t] =
t

σ2
√

2π
exp (− t2

2σ2
) (3)

Each local maximum in the signal wavelet transforma-

tion cooresponds to a "singularity". The dependence of the

local maxima on σ determines the type of the singularity

[12]. Typical noise is associated with a back and forth
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Figure 3. Probability density functions (PDF) of slip sizes dur-

ing avalanches for: a) Several different values of threshold τ (for

fixed σ = 0.05) and b) Several different values of standard de-

viation σ (for fixed τ = 0.1) . These two parameters affect the

statistical measurements of the force signal.
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Figure 4. Wavelet transformation of the force signal F of fig-

ure 2a with the wavelet given in equation 3 as a function of σ.

One of local maxima is marked by red circles. We track the po-

sition of such local maxima to detect whether it corresponds to

an avalanche or not. The avalanche detection is based on the

evolution of the maxima position vs σ.
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Figure 5. Position of the local maxima (as in fig.4) values as

a function of σ for a typical force signal F. Maxima that are

detected to belong to avalanches are marked blue. See text for

more details.

peak which resembles a Dirac delta function, whereas,

avalanches are sharp unique variations (slow loading and

rapid unloading), which resemble step function. This dif-

ference can be captured by well chosen wavelets. Figure

4 depicts the wavelet transformation of the force signal F
(of fig 2a) as a function of σ. We track each local maxi-

mum, one of which is marked red in figure, vs. σ to detect

the singularity type.

The evolution of local maxima vs. σ for the figure

2a is shown in figure 5. Each line in figure 5 belongs

to a local maximum. The slope of each line is called a

Lipschitz exponent of the singularity cooresponding with

the maximum of the signal derivative. This exponent is

non-negative for an edge function and negative for a Dirac

delta function [12]. Hence, it is also non-negative for a

singularity corresponding to avalanche events in our case,

and negative for those of noise. Moreover, to detect the

avalanches more precisely,we need to have non-negative

Lipschitz exponent and a clear exponential decaying tail.

By using the Lipschitz exponent and detecting the decay-

ing tail, we can extract the maxima that correspond to the

avalanches, which are marked blue in figure 5.

This wavelet transformation method can improve on

avalanche detection over the conventional methods, with-

out losing high frequency information. It also provides a

better detection of small avalanches. Figure 6 shows the

detected avalanches in a force signal F. The avalanches

are marked as blue and each avalanche is a connected set

of blue points in the figure. Using this method, we can then

calculate the probability density function of avalanche

sizes and other avalanche statistics. Figure 7 shows the

PDF of avalanche slip size for instance. This figure is

calculated using several thousand detected avalanches for

a spring stiffness of k = 70N/m and stage speed of

v = 1mm/s. The distribution obeys a power-law for about

two decades with a clear lower cut-off and an exponen-
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Figure 6. The detected avalanches in a force signal sample us-

ing the wavelet transformation method. Avalanches are marked

blue. This method has the advantage of better detection of

small avalanches and ignoring the noise spikes occurring dur-

ing avalanches. These noise spikes can break the avalanches into

several ones in the conventional method.
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Figure 7. Probability density functions (PDF) of slip sizes during

avalanches, detected by the wavelet transformation method. The

PDF obeys a power-law for more number of decades compared

to conventional method (fig 3), as a result of avalanche detection

using wavelets.

tial upper cut-off at slip size 2 × 10−5m and 2 × 10−3m re-

spectively. Because of better detection of avalanches, the

wavelet transformations method provides a smaller lower

cut-off and larger number of power-law decades, com-

pared to the conventional method (fig 3). This local noise

detection and removal provides a more reliable exponent

calculation in the PDF of avalanche sizes over the conven-

tional method, which usually uses global smoothing of the

data.

4 Conclusion

Our experimental apparatus enables us to study the

avalanches in a granular stick-slip experiment. The slow

shear of granular system is followed by intermittent fast

unloading of shear stress that is measured by a force

signal. This force signal is conventionally smoothed

(low-pass filter) to increase the signal-to-noise ratio for

avalanche detection. However, this conventional method
changes the statistics of avalanches as it removes all low

frequency information. We introduced a smarter way

of avalanche extraction from measured quantities using

wavelet transformation. Similar methods have been tested

in many other problems and here it provides a better

avalanche detection and consequently more reliable statis-

tics, by detecting the noise locally in the signal. The

method introduced here can be applied in many other sys-

tems for a more precise avalanche extraction.
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