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Abstract
Mousavi, Seyed Mostafa. PhD. The University of Memphis. August, 2017.
“Microseismic Monitoring and Denoising”. Major Professor: Prof. Charles A. Langston.
Microseismic data recorded by surface arrays are often strongly contaminated by unwanted
noise. This background noise makes the detection and location of small magnitude events
difficult. The focus of this dissertation is to develop methods for improving the detection and
location of microseismic events through multidisciplinary approaches. A method for automatic
discrimination of microseismic events based on their source depths using machine learning
techniques is presented. We also introduce four different methods for automatic denoising of
seismic data. These methods are based on the time-frequency thresholding approach. We have
improved the efficiency and performance of the thresholding-based method for seismic data that
can improve detection of small events and arrival time picking resulting in increased location
accuracy. All of these methods are automatic and data driven and are applied to single channel
data analysis; they do not require large arrays of seismometers or coherency of arrivals across an
array. Hence, these methods can be applied to every type of seismic data and they can be
combined with other array based methods. Results from application of this algorithm to
synthetic and real seismic data show that it holds a great promise for improving microseismic
event detection.
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Introduction
Microseismic events are very small earthquakes of moment magnitude typically between
M−3 and M0. These events correspond to brittle failure mainly attributed to the reduction in
effective stress. Passive microseismic monitoring has been used in the mining industry for more
than a hundred years, in the exploration of water reservoir induced seismicity for at least five
decades, and in the geothermal industry, but its application in the oil and gas industry is
relatively new. It helps in constraining the geotechnical model and addressing environmental
concerns associated with hydraulic fracturing as in identification of induced seismic events.
Microseismic data have allowed the development of useful tools for the characterization of
different types of reservoirs or tectonic structures. However, there are many varieties of possible
applications. Microseismic monitoring can be used for studying naturally occurring earthquakes
in fault zones or in the possible prediction of landslides in geologically unstable areas. Recently,
there has been a rapid growth in microseismic technology and interest from the scientific
community in this field. Generally these microearthquakes are not of concern in earthquake
seismology, as they are far too small to be observed at multiple stations for most seismic
networks. However, they effectively illuminate the subsurface, allowing us to monitor fracture
growth and identify previously hidden faults. Precise seismic measurement on these microquakes
is key. Detection and location of microseismic events that are masked by the noise level are the
most challenging problems.
In the first chapter, we develop an automated strategy for discriminating deep
microseismic events from shallow ones on the basis of the waveforms recorded on a limited
number of surface receivers. Machine-learning techniques are employed to explore the
relationship between event hypocenters and seismic features of the recorded signals in time,
frequency, and time-frequency domains. We applied the technique to 440 microearthquakes
1

-1.7<Mw<1.29, induced by an underground cavern collapse in the Napoleonville Salt Dome in
Bayou Corne, Louisiana. Forty different seismic attributes of whole seismograms including
degree of polarization and spectral attributes were measured. A selected set of features was then
used to train the system to discriminate between deep and shallow events based on the
knowledge gained from existing patterns. The cross validation test showed that events with depth
shallower than 250 m can be discriminated from events with hypocentral depth between 1000 to
2000 m with 88% and 90.7 % accuracy using logistic regression (LR) and artificial neural
network (ANN) models, respectively. Similar results were obtained using single station
seismograms. The results show that the spectral features have the highest correlation to source
depth. Spectral centroids and 2D cross correlations in the time-frequency domain are two new
seismic features used in this study that showed to be promising measures for seismic event
classification. These results suggest that machine learning techniques have useful applications
for efficient automatic classification of low energy signals recorded at one or more seismic
stations.
In the second chapter, we introduce a non-diagonal seismic denoising method based
on the continuous wavelet transform with hybrid block thresholding. Parameters for the
block thresholding step are adaptively adjusted to the inferred signal property by
minimizing Stein’s (1980) unbiased risk estimate. The efficiency of the denoising for
seismic data has been improved by adopting wavelet thresholding and adding a preprocessing step based on a higher order statistical analysis and a post-processing step
based on Weiner filtering. Application of the proposed method on synthetic and real
seismic data shows the effectiveness of the method for denoising and improving the signalto-noise ratio of local microseismic, regional, and ocean bottom seismic data.

2

In the third chapter, a noise level estimation and noise reduction algorithm is presented
for microseismic data analysis based upon minimally controlled recursive averaging and
neighborhood shrinkage estimators. The method has somewhat lower performance compared
with more sophisticated and computationally expensive denoising algorithms in terms of
preserving detailed features of seismic signal. However, it is fast and data-driven and can be
applied in real-time processing of continuous data for event detection purposes. Results from
application of this algorithm to synthetic and real seismic data show that it holds a great promise
for improving microseismic event detection.
In the fourth chapter, an alternative approach for SNR improvement and simultaneous
detection of microseismic events is presented. The proposed method is based upon the
synchrosqueezed wavelet transform and custom thresholding of single channel data. The
synchrosqueezed wavelet transform allows for the adaptive filtering of time and frequency
varying noise as well as offering an improvement in resolution over the conventional wavelet
transform. Simultaneously, the algorithm incorporates a detection procedure that utilizes the
thresholded wavelet coefficients and detects an arrival as a local maxima in a characteristic
function. The algorithm was tested using a synthetic signal and field microseismic data and
results have been compared to conventional denoising and detection methods. This technique can
remove a large part of the noise from small amplitude signals and detect events as well as
estimate onset time.
In the fifth chapter, an automatic noise attenuation method for single-channel seismic
data is presented, based upon high-resolution time-frequency analysis. Synchrosqueezing is a
time-frequency reassignment method aimed at sharpening a time–frequency picture. Noise can
be distinguished from the signal and attenuated more easily in this reassigned domain. The

3

threshold level is estimated using a general cross validation approach that does not rely on any
prior knowledge about the noise level. Efficiency of thresholding has been improved by adding a
pre-processing step based on Kurtosis measurement and a post-processing step based on adaptive
hard-thresholding. The proposed algorithm can either attenuate the noise (either white or
colored) keeping the signal or remove the signal keeping the noise. Hence, it can be used in
either normal denoising applications or pre-processing in ambient noise studies. We test the
performance of the proposed method on synthetic, microseismic, and earthquake seismograms.

4

Chapter 1
Ssismic Features and Automatic Discrimination of Deep and Shallow Induced
Microearthquakes Using Neural Network and Logistic Regression
1.1 Introduction
Microseismic tremors are low-amplitude events, attributed to reduction in effective stress.
These typically negative-magnitude events provide useful information for understanding slowslip earthquakes, incipient volcanic activity, fluid transport properties in geothermal reservoirs,
potential ground control safety hazards in mining operations, and induced seismicity from
hydraulic fracturing for extraction of unconventional oil and gas resources.
Hypocenter information is the core product of microseismic monitoring. Locations of
microearthquakes are inverted from seismic signals recorded by sensors either distributed at the
surface or in monitoring boreholes. While surface monitoring usually suffers from low signal-tonoise ratio (SNR), the ability to place receivers in multiple azimuths and offsets allows for
precise horizontal event location. On the other hand, downhole monitoring provides robust
detection due to a higher signal-to-noise ratio if an event is sufficiently close to the monitoring
borehole. Another advantage of downhole monitoring over surface monitoring is the ability to
estimate the depth based on arrival time moveout and wave polarization observed by the array.
This allows a rough estimate of an event’s depth without inversion and detailed velocity models.
The primary goal of this study is to develop a high performance strategy for automatic
clustering of microearthquakes recorded on a limited number of surface receivers based on their
source depths.
Template matching is a common practice in observational seismology which has the
advantage of combining the detection and classification. However, in some cases -such as the
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case study of this paper- waveforms may be highly incoherent due to complex wave propagation
reducing the efficiency of the waveform cross correlation for some sensitive classification tasks.
Hence, in this study we try to understand signal characteristics of deep and shallow
microearthquakes and cluster them based on these characteristics using machine-learning
techniques.
In data mining using machine-learning systems, an algorithm can learn patterns from a
sample data set and then determine the class of new data based on this previous knowledge. The
advantage of machine learning techniques is that they adopt data-driven learning schemes to find
the solution to the problem. These techniques are capable of learning the input/output
relationship directly from the data being modeled. Therefore, no prior knowledge of the
statistical distribution of features is necessary to obtain a solution, even if these features are
redundant or noisy. Machine learning techniques, such as Artificial Neural Networks (ANNs)
have been extensively applied to seismic data primarily for the automatic classification of
seismic events (e.g., Cercone and Martin 1994; Falsaperla et al., 1996; Scarpetta et al., 2005;
Esposito et al., 2006; Langer et al., 2006; Hammer et al., 2012; Hammer et al., 2013; AitLaasri
et al., 2013; Esposito et al., 2013; Vallejos and McKinnon, 2013; Riggelsen and Ohrnberger,
2014), the discrimination of artificial explosions from natural earthquakes (e.g., Dowla et al.,
1990; Dowla 1995; Shimshoni and Intrator, 1996; Amidan and Hagedom, 1998; Tarvainen,
1999; Fedorenko et al., 1999), discrimination of earthquakes from chemical explosions (e.g.,
Dysart and Pulli, 1990; Benbrahim et al., 2005), discrimination of quarry blasts from
microearthquakes (e.g., Musil and Plesinger, 1996; Ursino et al., 2001; Kuyuk et al., 2011 ),
discriminating earthquakes from oil prospecting explosions (e.g., Abu-Elsoud et al., 2004),
discrimination of earthquakes and underwater explosions (e.g., Del Pezzo et al., 2003), seismic
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event detection and automatic onset-time determination (e.g., Dai and MacBeth, 1995, 1997;
Wang and Teng, 1995; Gravirov et al., 1996; Mousset et al., 1996; Tiira 1999; Zhao and
Takano, 1999; Glinsky et al., 2001; Gentili and Michelini, 2006; Beyreuther et al., 2012; Kong
et al., 2016), model driven seismic interpretative processing (e.g., Maurer et al., 1992; Enescu
1996), automated seismic facies mapping (e.g., Baaske et al., 2007; Yuan et al., 2010),
classification of seismic windows for full wave inversion (Diersen et al., 2011), and earthquake
early warning (Bose et al., 2008; Zazzaro et al., 2012).
Most of the applications above belong to a class of problems referred to as pattern
matching. In most of these cases carful analysis of waveforms by an experienced seismologist
can reveal the pattern and provide enough information for a robust detection/classification.
However, the goal is to automate these time-consuming processes by training an algorithm to
search for these patterns in large datasets. However, machine learning can be used for seismic
event characterization problems beyond just pattern-matching (Perry and Baumgardt, 1991).
Some examples of these type of applications are: earthquake prediction (Katz and Aki, 1992;
Sharma and Arora, 2005), imaging and interpretation of temporal patterns in seismic array data
(Köhler et al., 2009, 2010), denoising of seismic signals (Essenreiter, 1999; Djarfour et al.,
2008), estimation of peak ground accelerations (Garcia et al., 2006), and velocity model
inversion (Moya and Irikura, 2010).
Machine learning techniques have been little utilized for characterization of seismicsource information such as event depth. Dowla (1995) used wavelet decomposition of regional
events followed by a radial basis network and reported success in the depth estimation. However,
details about the method and results of his study are not available. Perry and Baumgardt (1991)
used ANNs to characterize event depth for regional earthquakes. They implemented a technique,
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called matched field processing (Bucker, 1976; Baggeroer et al., 1988), to compute the spectral
matrix of the Lg wave, and compare it to the Lg wave spectral matrix for master events at
different depths. Using this method on synthetic data, they were able to distinguish deep regional
events from shallow ones with 69.4% precision.
In this study we use machine-learning techniques such as correlation-based feature
selection (CFS), Artificial Neural Networks (ANNs), Logistic Regression (LR) and X-mean as
research tools to explore the relationship between different seismic features of microearthquakes
and their source depth and categorize events based on these features. Here the proposed method
is used for classifying pre-detected events. We successfully applied the method on real data for a
sequence of microearthquakes observed at very close distance. Results of this study can have
applications in the automatic classification of induced seismicity especially when signals are
recorded by local networks with a limited number of sensors. In these cases, low energy signals
recorded by single stations may be important manifestations of ongoing induced seismic activity,
and their classification on the sole basis of the seismogram characteristics might be a way to
discriminate between different types of induced microearthquakes.
1.2 Data
In June and again in early July 2012, two widely felt events strongly shook the residents
of a small community next to the Napoleonville salt dome in south Louisiana (Fig. 1.1). Around
June 14, the USGS and CERI installed 6 stations in the area and observed ~ 14 shallow
microearthquakes per day. The rate increased to several hundred events/per day. On August 3rd,
a sinkhole was found to have opened up near the earthquakes through August 2nd at which time
they ceased. It later turned out to be due to an underground collapse of a cavern that fractured to
surface and formed the sinkhole. Seismic monitoring of the sinkhole continues at this time
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although the surface network was reformed in a denser shape in January 2013 and a downhole
string array of geophones was installed down to the depth of 915 m on top of the collapsed
cavern in October 2013. Higher quality of recorded waveforms by the downhole array revealed
that many deeper events are occurring in the salt body in addition to the shallow
microearthquakes previously observed. Some of these deep events are observable on the surface
network, but since they are usually noisy and recorded on just one or two stations, they cannot be
located using conventional methods.

Figure 1.1. Location of Napoleonvill salt dome (NSD) in Louisiana, USA. Contours show the
top of the salt dome in feet below sea-level.
In this study we develop a model for deep and shallow events based on the high-quality
data recorded after October 2013. This model can be later applied on the data set recorded prior
to the sinkhole formation for automatic discrimination of deep events (microearthquakes in salt
body) from shallow ones (microseismic events in the cap rock). To develop the model, we used
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the catalog of events located by downhole array and selected 4712 events located at depths
between 1.0 km and 2 km (deep), and 4498 events with hypocenter depths ranging between 40 to
400 m (shallow) for the initial processing. Out of these numbers, only a small set could be
identified on the surface data and pass the criteria of having a minimum number of three stations
(nine seismograms) and signal-to-noise ratio of at least 2.0. More shallow events meet these
criteria for the surface sensors while only the bigger deep events meet these criteria (Fig. 1.2).
Therefore, 143 events, located at depths between 1.0 km and 2 km (deep), and 297 events, with
hypocenter depths ranging between 40 to 400 m (shallow) were ultimately selected for this
study. Hypocenters for these events are shown in Fig 1.3. MW magnitudes range from -1.7 to
1.29.

Figure 1.2. Magnitude (Mw) distribution of deep and shallow events.
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Figure 1.3. Location of microearthquake events and seismic stations used in this study.
The surface network consists of 8 broadband three-component instruments at the surface
and 3 short period (2 Hz) geophones in shallow boreholes at distances up to 3 km from the
collapsed cavern. Data were continuously recorded with a sampling rate of 200 Hz. For the
selected events, all traces were highpass filtered above 2 Hz, and they were cut from 2 seconds
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before to 10 seconds after the event origin time.
A simple and common method for seismic event classification is to use cross-correlation
between each event and template events. To test the feasibility of this method we used the
Hierarchical clustering method and clustered all the selected events based on their pair crosscorrelation values (Fig. 1.4). In Hierarchical clustering, each event starts out as its own cluster
with similar clusters being iteratively combined until only a single cluster remains. The cluster
dendrogram for our selected events is shown in Fig. 1.4, with rectangles corresponding to cluster
membership. Deep and shallow events spread out across different clusters. This is because
waveforms associated with each type of event are not very coherent due to complex wave
propagation at the region. Relatively low coherency of the waveforms can be seen in the plot of
stacked waveforms for events with highest correlation (Fig. 1.5).
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Figure 1.4. Hierarchical cluster tree generated based on inter-cluster correlation for vertical
components of selected events. Showing different clusters of events based on their pair cross
correlations.

Figure 1.5. The stack of highly correlated events in each cluster showing a wide dispersion in
their waveform shapes.
13

1.3. Methodology
The aim of pattern recognition is the classification of objects into a finite number of
categories. In a pattern recognition system an object and a set of categories are given as input and
the system decides to which category the object belongs. In general, it works in two stages. In the
first stage, feature extraction (also known as the preprocessing or parameterization stage), a set
of measures is extracted from the input object (seismogram). In the second stage, classification,
the object is associated with one of the categories based on these features.
In common pattern recognition problems associated with seismic studies usually the
parameters associated with each group (class) of data are known beforehand. But for the
classification purpose of this study, waveform features associated with event source depths are
not completely known in advance. However, one advantage of using machine learning
algorithms is that the machine is able to discern patterns in the solution space that are difficult
even for human experts.
1.3.1. Feature Selection
Feature extraction is basically a transformation stage from data space into a feature space
to extract robust information from the waveform in a compressed form. This step is critical for
the success of the classification task.
Each datum, here 3-component seismograms associated with one event, is represented by
a feature vector which is used to train and test machine learning models. It is important to select
features that are informative and predictive of the individual datum properties. Furthermore, the
size of the feature set and types of features (e.g., nominal, numeric, etc.) define the size of the
learning problem. In other words, the larger the feature space, the more possible combinations of
features need to be examined and learned by the machine learning algorithm. In this study many
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different attributes of the seismic signals have been extracted from the data in time, frequency
and time-frequency domains. We then test which features best represent the characteristics of the
signal and limit the classification step to those features.
Fig. 1.6 shows a selected set of seismograms and their continuous wavelet transform
(CWT) spectrograms. Shallow earthquakes are characterized by surface waves with the dominant
energy concentrated around scale 4 and longer periods. Deep events radiate relatively higher
frequency energy (Fig. 1.6) with no prominent surface waves.

Figure 1.6. Seismograms for six events presented both in the time and time-frequency
(continuous wavelet transform (CWT)) domains. Left column, deep, and the right column, show
shallow events. Signals associated with deep events exhibit a limited frequency content mostly
concentrated around scale 4 and spread out at the higher frequencies. Shallow events have a
relatively broader spectrum with the concentration of the energy in lower frequencies (scales
above 4).
Based partly on these observations, we implemented a broad range of parameterization
methods including spectral analysis and polarization analysis. Table 1.1 gives an overview of the
40 features initially used in this study. Details of the mathematical definitions of features can be
15

found in appendix A. There are 12 frequency-based measurements, 11 time-based measurements,
and 17 time-frequency-based measurements. For every earthquake, the 3-component waveforms
are parameterized into a 40-element feature vector automatically by averaging measured
attributes from all stations. Spectral features are measured on all three components and averaged
for each station. In this study we have incorporated the cross-correlation between waveforms and
one shallow and one deep events (template matching) into the method as two features. In
addition to the cross-correlating waveforms in the time domain, we have also measured cross
correlations in the time-frequency domain.
The 40-element feature vector provides a broad characterization of the waveforms.
However, the exact relationship between each feature and event depth is not known yet.
Moreover, some features may be irrelevant or redundant. It has been shown that whenever
superfluous features are detected and removed using a feature selection technique before the
classification step, the accuracy of the model will be improved and also time and effort will be
saved (e.g., Karegowda et al., 2010; Samei et al., 2014). Removing redundant and/or irrelevant
attributes can prevent the overfitting problem. Hence, we next assess the extracted features to
find the best subset of features relative to the classification problem of our study. This was done
by applying a correlation-based feature selection (CFS) method (Hall, 1998). This algorithm
evaluates the worth of a subset of features by considering the individual predictive ability of each
feature along with the degree of redundancy between them. Subsets of features that are highly
correlated with the classes while having low inter-correlation are preferred (Hall, 1998).
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Table 1.1 Seismic parameters derived from waveforms used in this study.

The merit of a feature subset Z containing k features is defined by (Ghiselli, 1964):
!"#$%& =

()*+
(,(((./))++

(1.1)

where, #12 is the average feature-class correlation, and #22 is the average feature-feature
intercorrelation. Correlations, #, in this formula are standard Pearson’s correlations. The
numerator in this equation can be thought of as an indicator that how predictive a group of
features are and the denominator shows how much redundant they are. The Genetic algorithm is
used as a search method with CFS as the subset evaluation mechanism. The Genetic algorithm is
a stochastic, general search method, capable of effectively exploring large search spaces, which
is usually required in the case of attribute selection (Goldberg 1989).
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In the Generic search algorithm (Goldberg, 1989), CFS values (merits in eq. 1.1) are
calculated for 20 different combinations of features (subsets) and this process is repeated 40
times and at the end the combination with highest merit is selected. We ran a cross validation for
this procedure to evaluate features. The average merit is calculated for each feature based on the
number of times that the feature is selected over the cross validation.
Based on initial feature evaluation one new feature was designed to combine the power of
two other worthy features. Maximum power of frequency amplitude and the dominant frequency
were combined to produce a new feature defined as
34567_79 =
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(1.2)

At the end 30 features (a subset with highest merit) were selected for the classification
step.
1.3.2. Classification
In machine learning research, models that predict an outcome from a set of categories
(e.g., deep and shallow) are often referred to as classifiers and the task of predicting an outcome
from a datum (i.e., feature vector) is called classification. Several learning algorithms can be
applied to deduce the classification models. Algorithms are designed to learn either from a set of
labeled data (i.e., supervised) or unlabeled or partially labeled data (unsupervised and semisupervised, respectively). We applied the supervised learning approach. Labeled training data
with known class-membership (i.e., deep or shallow events) are used to introduce the patterns to
be recognized by the algorithm. This training data set is then employed to predict classmemberships of the unseen data. The goal is to minimize the misclassification rate and the
amount of false alarms.
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Logistic Regression (LR) and Artificial Neural Networks (ANNs) learning algorithms
were applied to train a model that predicts shallow vs. deep hypocenters based on selected
features. Each of these algorithms has certain properties that take into account different
characteristics of data. The reason for the comparative application of both techniques was to
increase the reliability of discrimination.
1.3.2.1. Logistic Regression
Logistic regression (LR) (Cox, 1958) is a popular, powerful and easily understood
statistical method to model and analyze multivariate problems (Press and Wilson, 1978;
Kleinbaum and Klein, 2010). In LR the probability that a category is related to a set of
explanatory variables (i.e., features) and the relationship between variables and a response
variable is explored (Hosmer and Lemeshow, 1989).
Suppose that there are M classes with N measured seismic attributes. The probability for
a particular class m with the exception of the last class is (LeCessie and van Houwelingen,
1992):
6 3|N =
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The last class has probability of
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where 6 3|N is the categorical response of variables xi, that represents the probability
of a particular outcome, m. N is a measure of the contribution of observed predictor variables xi,
in the category m, computed from a logistic model. The logistic model is a weighted summation
of a set of explanatory variables, which is defined as
N=
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V> 5> +VW ,

(1.5)

where VW is a constant (intercept), V> are the predictor variable coefficients (the
regression coefficients) which are estimated by maximum likelihood procedure.
In our case, the outcome variables are the event depth categories, deep or shallow, and
6 3|N is the probability of having a deep event based on the contribution of the observed
features xi. Coefficients are estimated using an iterative computation procedure. Logistic
regression can be viewed as tossing a coin with “deep” and “shallow” sides, where the
probability of having a deep event is a function of V> 5> . An event with seismic attribute
measurements xi could be classified as a deep event if P(deep | Z) > P(shallow | Z) (Amidan and
Hagedorn, 1998).
1.3.2.2. Artificial Neural Networks
Artificial neural networks (ANNs) are powerful mathematical models for organizing
information relevant to the phenomena under study and representing complex relationships
between inputs and outputs.
A neural network is made up of large numbers of simple, highly interconnected
processing elements called neurons (nodes). Each node takes one or more inputs from other
nodes and produces an output by applying an activation function over the weighted sum of its
inputs. Nodes interact using weighted connections and are arranged in layers. A common type of
ANN is a multilayer perceptron (MLP) which consists of an input layer, hidden layer(s), and an
output layer (Duda et al., 2000). MLPs are capable of modeling complex nonlinear functions.
Assuming an MLP with one hidden layer, the sigmoid activation function is given by:
[ 5 =

/
/,D \]

.

Therefore, given N features in the input layer, the output for the hidden node j, is
calculated as
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(1.6)
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where `_> is the weight of the connection from the ith node in the input layer to the node
j, the xi are outputs of the input layer (features) and q_ is a variable bias for the node j. In the
output layer, the contribution ZN from the NH hidden nodes on category m is given by
NY =

Ya
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+ q?W

,

(1.8)

where `?_ is the weight from hidden node j to the output category m. The probability for
each category is calculated using (1.3) and (1.4). The data are entered into the input layer. The
neurons then process the input data, with the values resulting from each sigmoid progressing
through the network towards the output layer. Once the values reach the output layer, the output
computed by the network is compared with the desired output, and any error is employed as the
basis for adjustment of all the connection weights, w using backward propagation. The weights
associated with each connection are adjusted to strengthen connections that produce correct
answers and weaken those that produce incorrect answers. This is done by iterative minimization
of the errors using steepest descents in the backward propagation process. The direction of
steepest descent is determined by the partial derivatives of the error with respect to the weights
and bias in the network. This back propagation process is repeated until the network has learned
the relationship between inputs and desired outputs. With no hidden layer, the ANN is equivalent
to the LR.
1.3.3. Model Evaluation
To assess the quality of the classification model, the whole training data set is divided
into k unique subsets (folds) with roughly equal size. Then k-1 folds are used for training the
network, and the remaining fold is used for testing the learned model. This process is repeated so
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that each fold is used for testing exactly once. Therefore, a k-fold cross-validation process builds
k models and the results are averages over all k test sets.
In binary classification problems, like the subject of this study, an attempt is made to
categorize the outcome of an event into one of two categories, either true (1) or false (0). This
process can result in one of four possible outcomes that are defined as follows:
True Positive (TP): Evaluated and actual results are 1 (Valid Detection)
False Positive (FP): Evaluated result is 1, but actual result is 0 (False Alarm)
False Negative (FN): Evaluated result is 0, but actual result is 1 (Missed Detection)
True Negative (TN): Evaluated and actual results are 0 (Valid Non-detection)
This information is displayed in a two-by-two “confusion” matrix describing the
performance of the resulting model on the test data. Each column of the matrix represents the
instances in a predicted class while each row represents the instances in an actual class. For
identifying deep and shallow events with LR and ANN there is only one case which corresponds
with the probability of having a deep event P(deep | Z) > t. After selecting a decision threshold
value (t) several parameters for evaluating the performance of the model can be calculated such
as true positive rate (TPR) and the false positive rate (FPR), which are both functions of the
decision (detection) threshold, t:
TPR(t) =
FPR(t) =

fg(h)
fg(h),ij(h)
ig(h)

fj(h),ig(h)

= Sensitivity

= 1 − Specificity

(1.9)
(1.10)

Accuracy of the model is calculated based on the percentage of correctly classified
instances. “Precision” is defined as the fraction of predictions that are accurate. “Recall” is
defined as the fraction of instances that are accurately predicted. “F-measure” is another measure
of a test’s accuracy computed as a weighted average of the precision and recall:
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Accuracy =
Precision =
Recall =
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The accuracy and precision of the algorithm represents a measure of its ability to
consistently estimate the true outcome of an event. For a perfect classifier TPR=Accuracy=1,
and FPR=0.
The plot of TPR as a function of FPR for a range of decision thresholds is known as a
“receive operating characteristic” (ROC) curve. The area under the ROC curve (AUC), is an
absolute measure of the performance of the model (Fawcett, 2006). The AUC takes values
between 0.5 to 1.0. The predictive power of the classifier increases as the AUC approaches 1.0
and decreases as the AUC approaches 0.5. The objective of any classifier is to maximize the
AUC.
1.4. Results
Selecting an optimum architecture for the neural network is an important task. The
topology of the network impacts the network performance, its generalization skills and its
training duration.
In a classification problem, the number of neurons in the input layer is equal to the
number of features (30 in our case) and the number of output nodes is determined by the number
of classes (2 for deep and shallow classes). However, the appropriate number of hidden layers
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and the number of neurons in each hidden layer needs to be defined in a way that improves the
classifiers performance.
We tested 10 topologies with one hidden layer and 8 topologies with two layers. The
number of hidden neurons was selected considering the number of features, samples and classes.
Most of these topologies had very similar performance. However, the topology with one hidden
layer and five nodes had the best performance in terms of the average mean squared error over
all folds, AUC, and accuracy.
We applied the above learning algorithms for classification and evaluated their
performance using a 10-fold cross-validation. Our training data set consisted of 440 samples so
that each fold had 44 samples. Thus the algorithm had 10 unique runs where each run started
with a different set of random link weights, a slightly different example set and a unique test set.
After calculation of regression coefficients for the model, the remaining fold was used for testing
the learned model and making a prediction. The predictions were then compared to the actual
outcomes, and the percent of correct and erroneous predictions were calculated. This process was
repeated 10 times until the model was tested on all the 10 folds. The overall performance was
reported. We used WEKA (Hall et al., 2009), a machine learning toolkit, to create and evaluate
our models.
Next we examined the ROC curves (or threshold curves) for the LR and ANN (Fig. 1.7).
ROC curves are cost-sensitive measures to evaluate the performance of classifiers and obtained
by applying the classifier for various threshold levels. They illustrate the tradeoff between the
sensitivity and specificity. The closer the curve follows the left-hand border and then the top
border of the ROC space (bending in the curve towards the upper left corner of the chart), the
more accurate the test. Optimum detection thresholds are associated with points on the ROC
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curve that are closest to the point of perfect classification (0,1), which represents the highest TPR
and the lowest FRP.

Figure 1.7. ROC curves (left) and precision-recall curves (right) for the LR (a) and ANN (b).
The closer the curve follows the left-hand border and then the top border (bending in the curve
towards the upper left corner of the chart), the more accurate the test.
The area under the ROC curve is a measure of accuracy of the classification. Based on
the AUC, the LR and ANN models present a very good discrimination of deep and shallow
events within the seismic records for both the training and testing datasets. Another important
visualization tool for evaluating a classifier’s quality is the precision-recall curve. The goal is to

25

observe whether your precision-recall curve is located towards the upper right corner of the
chart. Final results of model evaluations are presented in Table 1.2.
Table 1.2. Performance of Classifiers.

As seen in Table 1.2, ANN achieves the best results while LR is relatively close in terms
of performance. Both algorithms show a balance in precision and recall. Overall, these results
suggest that ANN is a proper classifier in our case, however, Logistic Regression also performed
well. Confusion matrices for ANN and LR are presented in Table 1.3 and Table 1.4, respectively.
Both tables indicate relatively higher miss-classification of deep events. This was expected since
our data set consists of surface recording and hence more constrains for shallower events.
Table 1.3. Confusion matrix for LR

Table 1.4. Confusion Matrix for ANN

We repeated this process using a different subset of the data consisting of 492 singlestation three-component seismograms (218 associated with deep and 274 with shallow events).
Similar results were obtained using single station data in that ANN achieved 87% accuracy and
LR achieved 85% accuracy.
Background noise level is an important factor in performance of a seismic classifier
(Riggelsen and Ohrnberger, 2014). To check sensitivity of the classifier to the signal-to-noise
ratio and magnitude we divided the data set into four groups with Mw ≥ −0.5, -0.5 > Mw ≥
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−0.9, -0.9 > Mw ≥ −1.2, and -1.2 > Mw ≥ −1.7 and repeated the classification using the
ANN. Obtained accuracies are 94.54%, 87.07%, 88.09%, and 69.23% respectively. This suggests
as events get smaller (as a result lower signal-to-noise ratio), the accuracy of the classifier
deteriorates.
1.5. Discussion
We have demonstrated that it is possible to separate deep and shallow microearthquakes
based on waveform features. However, it is not only important to be able to separate two data
sets, but also to determine which variables are most relevant for achieving this separation.
To evaluate this, we refer to the CFS results. In Table 1.5, the selected features were
ranked based on CFS results after 10 fold cross validation. In general, we can conclude that
frequency and polarization attributes, respectively, have the highest sensitivity for determining
event source depth.
To test how a classifier based on waveform cross correlation or 2D-wavelet cross
correlation perform in comparison to logistic regression/ANNs, we classified events solely based
on ccnAb2D and ccD values. Classification accuracies for ccD (waveform) and ccnAb2D (2DCWT) cross correlations are 0.68 and 0.74 respectively. Confusion matrices are presented in
Table 1.6 and 1.7.
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Table 1.5.Ranking of selected features based on the CFS evaluation.

Table 1.6.Confusion matrix for Waveform Cross-Correlation

Table 1.7.Confusion Matrix for 2D-CWT Cross-Correlation
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To take a closer look at the seismic features and their correlations, we applied the Xmeans method on the first 17 features with highest merits presented in Table 1.5. X-mean is an
unsupervised clustering method (Duda and Hart, 1973; Bishop, 1995) similar to the K-means
method. In K means clustering a parameter K is preset to the number of clusters and is based on
the assumption that we know how many clusters exist. However, in the X-mean approach the
number of clusters is unknown and the algorithm starts with assigning each instance to a new
cluster and then merges the clusters based on their distance (in our case we used Euclidian
distance) until it converges. X-mean discovered 4 clusters of features based on the correlation of
each feature with other features.
Cluster 2 in Table 1.8 mainly consists of spectral attributes measured in the frequency
domain. Cluster 3 mostly consists of time-frequency features with 2d CWT cross correlation as
the centroid feature. Polarization features dominate in cluster 4 while features in the first cluster
are more diverse in types. We have tested feasibility of the classification using just 4 centroid
features of X-mean clusters, however, performance of the classifier deteriorated. This can be due
to high correlation between different features in each cluster with small portion of one class of
outputs.
Table 1.8. Feature clusters based on X-mean clustering.
The centroid of each cluster is shown by the asterisk (*).
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We can see that deep events have relatively higher centroid values from examination of
the distribution of spectral centroid values (Fig. 1.8a). This is in agreement with the observation
that deeper events have higher frequency content than shallow events seen in the raw data (Fig.
1.6).

Figure 1.8. Relative distribution of spectral centroid, dip angle and degree of rectilinearity for
deep (blue) and shallow (red) events.
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In Fig. 1.9 we have plotted the mean normalized power spectra for all 440 events used in
the classification. It can be seen that deeper events are slightly richer in the higher frequencies.
Fagan et al. (2013) also reported a similar observation of higher spectral energy at higher
frequencies for events farther from the receiver. We suspect that in our case the phenomenon is
caused mainly by large surface waves contributing to the waveforms of shallow events and
associated with the structure of low-velocity unconsolidated subsurface sediments. Essentially,
low-frequency energy is amplified by surface wave excitation with the near-surface sediments
also absorbing higher frequency body wave radiation. However, the specific geometry of the salt
and underground caverns also can cause complex wave propagation that may contribute to
differing frequency content for these two groups of events.
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Figure 1.9. Mean normalized power spectra for the 440 events used in the classification.
Plots of the spectral centroid and maximum frequency amplitude values for 1033 single
seismograms are shown in Fig. 1.10. Relatively higher frequency values for both measures
occur for deep events compared to shallow. However, one can verify that the spectral centroid
does a better job representing the higher frequency content of deep events. This is in agreement
with the X-mean and CFS results.
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Figure 1.10. Spectral centroid (a) and the maximum power spectra (b) measured for 1033 single
vertical components. The data have been ordered into deep (blue) and shallow (red) events.
Spectral centroid (also known as the barycenter or first order momentum of the
magnitudes of the spectrum of frequencies) is a spectral measure usually used in audio signal
processing. Although it is not a common measure in seismic practice our results indicate its
potential to be used in seismic analyses. These results show that spectral characteristics of
waveforms generally have tighter correlations to source parameters of small microearthquakes
compared to other measures such as waveform correlation.
The second group of features that show high correlation to source depth are polarization
features. We see that shallower events have relatively higher values of dip angle and
rectilinearity (Fig. 1.8b and 1.c). This is because deep events in our study area are more
horizontally dispersed and they can be located farther from receivers, while shallower events are
clustered under the seismic network (Fig. 1.3). The high correlation between polarization
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attributes and event depth is due to the special geometry and hypocenter distribution of data used
in this study so that it might not be a good idea to draw a general conclusion. However, it is
interesting that spectral and polarization features can be ranked above the cross-correlation
features, which are currently the most popular measures, used by seismologists for clustering
purposes.
Another interesting result of this study is the slightly better performance of 2D crosscorrelation of data in the time-frequency domain compared to the waveform cross-correlation
strictly in the time domain. Our results show that 2D wavelet cross-correlation between timefrequency representations (TFR) of template signals (one shallow and one deep) has better
performance for classification (Tables 1.5, 1.6, and 1.7). This result can be generalized for
applications in other seismic studies. TFRs are powerful representations of the signal that have
been shown to contain useful information for study of micro earthquakes induced by hydraulic
fracturing (Pettitt et al., 2009; Das and Zoback, 2011; Tary and van der Baan, 2012; Tray et al.,
2013). They localize information in time and frequency simultaneously and describe the energy
distribution in the signal segment as a function of time and frequency. Hence, they combine
time-domain and frequency-domain analyses to yield a potentially more revealing picture of the
temporal localization of a signal's spectral components. Hence, by 2D cross-correlation of TFRs
the similarity of the spectral content of two TFRs and their variation over time can be estimated.
This performance can be improved for noisy traces by utilizing time-frequency denoising
algorithms (e.g., Mousavi et al., 2016; Mousavi and Langston, 2016a, 2016b) prior to feature
measurement. This can assemble the spectral content of the seismic signal more precisely. Thus,
as we saw from higher correlation of spectral features and source depth, it seems reasonable that
time-frequency comparisons give us a better measure than just waveform comparison alone.
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The better performance of the 2D cross correlation in the CWT compared to the DWT,
may be due to the higher resolution of the CWT. It also can be seen that the Euclidean distance
does not seem to be a good measure of correlation for event spectra. Other attributes defined for
measuring spectral similarity, such as spectral skewness, and spectral semblance show lower
correlation to event depth.
However, we should not forget that the data used in this study have been collected over a
very local scale and that differences between event depths, referred to here as deep or shallow,
are less than 800 meters. Successful discrimination of event depth using waveform information
with weak amplitude indicates the potential of the method and definition of seismic attributes
proposed in this study for a variety of other seismic studies. One possible application of such
methods can be in characterizing regional earthquakes and seismic hazard studies (e.g.,
McNamara et al., 2012; Mousavi et al., 2011, 2014). The relationship between these seismic
attributes of the signal and other parameters of microseismic events is an interesting topic and
can be studied further using other clustering and unsupervised techniques such as self organizing
maps (SOM) (e.g., Musil and Pleginger, 1996; Köhler et al., 2009, 2010; Esposito et al., 2013).
1.6. Conclusion
In this study the possibility of discrimination of an event’s source depth was tested using
the logistic regression (LR) and artificial neural network (ANN). The cross validation test
showed that these models were able to correctly predict the depth category of small events in a
very local scale with 90.7 % of accuracy. ANN had a better performance compared to the LR.
The applicability of the method for single-station data was tested with 87% accuracy obtained.
Seismic features based on the spectral measurements and polarization analysis had better
correlation to the source depth. The spectral centroid had a better performance in representing
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the spectral contents of signals compared to other spectral parameters. Euclidian distance as a
measure of spectral distance did not have good performance compared to other spectral
attributes. 2D cross correlation of time-frequency representations showed an acceptable
performance compared to the common waveform cross correlation and seems to be a promising
tool for analyses of signal similarities.
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1.8 Appendix
1.8.1 Spectral Centroid
The spectral centroid indicates the "center of mass" of the spectrum and is measured as
the weighted mean of the frequencies present in the signal, determined using a Fourier transform,
with their magnitudes as the weights, divided by the sum of magnitudes (Tzanetakis et al., 2001).
[ë"í%#4ì î"ï%#ñ$ó =
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where mi is the magnitude of bin number i, fi represents the center frequency of that bin,
and M is the number of bins. We measured mean spectral centroid values.
1.8.2 Energy Density
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The spectral energy density of signal x(t) is
õ=

/ ú
Y .ú

5(%) } ó%

,

(1.A2)

where N is the number of samples.
1.8.3 Polarization Analysis
The polarization of a wave depends on wave type, wave propagation, and sensor
orientation. Here we use the covariance matrix of three-component seismograms for the
polarization analysis (Vidale, 1986). A covariance matrix, ù is calculated using an M-sample
sliding window over three orthogonal ground-motion recordings corresponding to the east, north,
and vertical components (respectively noted X, Y, and Z):
îñû(ü, ü)
ù = îñû(†, ü)
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The covariance between any two components X and Y is defined as
îñû ü, † =

/
;

;
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We compute the covariance matrix of the pre-processed seismograms for a 0.25 s (50
sample) sliding window. Then corresponding eigenvalues (λ3 ≥ λ2 ≥ λ1) and eigenvector matrix
u = (u1, u2, u3) of σ are used to estimate the degree of rectilinearity (i.e., a measure of the strength
of polarization in the signal (Jurkevics, 1988)), for each window as
¢"í = 1 −

£}, £/)
£§

(1.A5)

The degree of linear polarization, Rec is approximately equal to 1.0 when there is only
one nonzero eigenvalue, as for pure body waves. Hence, we use the window with the closet
value to 1.0 to extract the characteristics of the ground motion based on attributes computed from
the principal axes (λiUi).
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The azimuth of propagation can be estimated from the horizontal orientation of rectilinear
motion, given by the eigenvector u1 corresponding to the largest eigenvalue (Jurkevics 1988):
6_4•$3¶%ℎ = %4ï./
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where uj3 j=1…3 are the three direction cosines of eigenvector u3. The sign function is
introduced to resolve 180 degree ambiguities by taking the positive vertical component of u3.
The apparent vertical incidence angle of rectilinear motion, ϕ, is obtained from the
vertical direction cosine of u3:
ϕ = íñ¨ ./ ≠§§

.

(1.A7)

The dip of the direction of maximum polarization, is defined as
Ø®®

Æ$ë = %4ï./
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Possible values for dip angle range from −90 ° to +90 °, where 0 ° dip represents a vector
which points horizontally in the direction back to the epicenter.
1.8.4. Waveform Cross Correlation
The waveform cross correlation is a standard method of estimating the degree to which
two time series are similar. Consider two series x(i) and y(i) where i=0,1,2...N-1. The cross
correlation C at delay d is defined as
C(d) =

ò
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Where mx and my are the means of the corresponding series (e.g., Gibbons and Ringdal,
2006).
1.8.5 Dominant Period in CWT

44

For a given mother wavelet ψ , the continuous wavelet transform (CWT) of x(t) at scale

a and time shift τ is given by (Daubechies, 1992).
î≥¥= 4, µ =
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where the * is the complex conjugate, and î≥¥= is the coefficient representing finite
energy of the signal x(t) in a concentrated time-frequency picture. The maximum scale
corresponds to the minimum frequency.
1.8.6 2D Wavelet Cross Correlation
The 2D-CWT cross-correlation of an M-by-N matrix X and a P-by-Q matrix Y is a
matrix C of size M+P–1 by N+Q–1 given by (Haralick, 1992):
î ∏, ì =
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where the * denotes complex conjugation. And
− 6−1 ≤∏ ≤!−1
− ∫−1 ≤ì ≤ª−1

(1.A12)

The time-frequency representations of waveforms (CWT coefficients) are used for the 2D
cross correlation between wavelet representations of each event and master events (one shallow
and one deep template).
1.8.7 The Spectral Coherency
The spectral (wavelet) coherency is a measure of the similarity of wavelet representations
of two signals and provides the ability to account for temporal (or spatial) variability in spectral
character. The cross-wavelet transform (Torrence and Compo, 1998), is defined as
î≥¥/,} = î≥¥/ ×î≥¥}∗

(1.A13)

and is a complex quantity having an amplitude (the cross-wavelet power) given by
A = |CWT1,2|
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(1.A14)

and local phase º,
º = %4ï./ (Ω3æ(î≥¥/,} )/¢"ì(î≥¥/,} ))

.

(1.A15)

Wavelet coherency is a measure of phase correlation between two wavelet
representations and can be calculated by (Cooper and Cowan, 2008)
[í`% = íñ¨ F (º)

(1.A16)

where, n is an odd integer greater than zero. [í`% values range from 1 (inversely
correlated) through zero (uncorrelated) to +1 (correlated). Combining the phase information of
[í`% with the amplitude information of A, another measure of coherency of wavelet
representations can be defined as:
Æí`% = íñ¨ F º |î≥¥/ ×î≥¥}∗ |

(1.A17)

1.8.8 The Spectral Semblance
Semblance filtering compares two datasets based on correlations between their phase
angles, as a function of frequency. When the Fourier transforms of two time series x1 and x2 are
calculated, the difference in their phase angles at each frequency can be computed simply from
(von Frese et al., 1997; Christensen, 2003)
[ = íñ¨º ¿ =
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where, Ri( f ) and Ii( f ) are the real and imaginary components of the Fourier transform of
xi, expressed as a function of frequency f . The semblance S can take on values from 1 to +1. A
value of +1 implies perfect phase correlation, 0 implies no correlation, and -1 implies perfect
anticorrelation.
1.8.9. The Envelope Similarity
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Envelope similarity is a measure of the similarity between the signal shape of each event
e and the reference template (master event) em. The envelope similarity Es is measured using the
Manhattan distance:
õÄ =
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where,
" $ =
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(1.A20)

X is the vertical component seismogram, and H indicates the Hilbert Transform.
1.8.10 The Spectral Distance
We used the squared Euclidean distance between the normalized spectral powers to
measure the similarities of events in the frequency domain (Fagan et al., 2013). All waveforms
start 2 sec before the origin time and have 12 sec duration and length of 2000 samples. The
autocovariance for lag k of event {x(t): t=1,2,…,n} with zero mean is defined as:
9í ∏ =
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The spectrum is the discrete Fourier transform of Ac and has the form of :
7 » = 9í 0 + 2

F./
(Q/ 9í
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(1.A22)

where Ac(0) is the variance of x and » = 2… /ï for positive integer < ï/2. The first
500 Fourier frequencies are then used for the correlation. The squared spectral distance for event
e and master event em is
ó } ", "? = [7D » − 7D¬ » ]Ã [7D » − 7D¬ » ]
1.8.12 The Spectral Skewness
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(1.A23)

Skewness is used here to characterize the degree of symmetry or asymmetry of the
amplitude spectrum of an event signal around its dominant frequency. Sk for a roughly
symmetrical function is near zero and is given by:
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where, N is the Nyquest frequency and » is mean frequency in the window around the
dominant frequency of the signal.
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Chapter 2
Hybrid Seismic Denoising Using Higher Order Statistics and Improved Wavelet Block
Thresholding
2.1 Introduction
Over the last decade, the use of ambient seismic noise to deduce earth structure has
changed the credibility and sensibility of the traditional definition of seismic noise as “unwanted
energy “ (e.g., Kumar and Ahmed, 2014). However, in many conventional seismic methods, it is
still the case that the reliability of the seismic data and accuracy of parameter extraction such as
onset time, polarity, and amplitude, are directly affected by the noise level. As a result, the
accuracy of event location and other attributes derived from seismic traces are also influenced by
the noise content. Therefore, there is still a great need for developing suitable procedures that
improve signal-to-noise ratios (SNR's) allowing robust seismic processing. The development of
methods for seismic noise attenuation continues to be a challenging problem in seismology
because of the superposed nature of seismic signals. Good examples where SNR's are relatively
small include marine experiments incorporating oceanic bottom seismometers (OBS's),
seismological experiments in urban areas, and surface monitoring of microseismic events
induced by hydraulic fracturing. One approach to improve the SNR in a seismic experiment is
through the use of signal processing techniques.
Spectral filtering is a common practice in many seismic processing workflows. It
attenuates some high-frequency and/or low-frequency components to improve the SNR.
However, filtering is not always effective since the signal and noise often share some frequency
bands; part of the signal may be filtered out with the noise, while the noise might not be fully
attenuated. Moreover, bandpass filtering inevitably distorts the signal. Although filtering might
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improve the SNR, it will not necessarily make phase onsets or polarities easier to observe
(Douglas, 1997). Spectral filtering can also generate artifacts prior to impulsive arrivals that can
be confused with seismic signal (Scherbaum, 1996).
Effective seismic denoising can be achieved through more complicated techniques such
as: principal component analysis (Hagen, 1982), f_x deconvolution (Canales, 1984), eigen image
(Canales, 1984; Gulunay, 1986), singular value decomposition (Ursin and Zheng, 1985),
Karhunen-Loève transform (Jones and Levy, 1987; Al-Yahya, 1991), time varying bandpass
filters (Yilmaz, 1987), t_x prediction filtering (Abma and Claerbout, 1995), Optimum (Wiener)
filters (Douglas, 1997), band-pass, f_k, and kx_ky filtering (Yilmaz, 2001), artificial neural
networks (Djarfour et al., 2008), Cadzow filtering (Trickett, 2008), matched filters (Gibbons and
Ringdal, 2006; Eisner et al., 2008), fuzzy methods (Hashemi et al., 2008), singular spectrum
analysis (Oropeza and Sacchi, 2011), non-local means (NLM) algorithm (Bonar and Sacchi,
2012), empirical mode decompositions (Bekara and van der Baan, 2009; Han and van der Baan,
2015), band-variable filtering (Ditommaso et al., 2012), S-transform (Pinnegar and Eaton, 2003;
Schimmel and Gallart, 2007; Askari and Siahkoohi, 2008; Parolai, 2009; Ditommaso et al.,
2010; Tselentis et al., 2012), 3C group sparsity constrained time-frequency transform (Vera
Rodriguez et al., 2012), time-frequency reassignment (Han et al., 2014), the wave packet
transform (Galiana-Merino et al., 2003; Shuchong and Xun, 2014), and methods based on the
wavelet transform (Anestis and Oppenheim, 1995; Pazos et al., 2006; Sobolev and Lyubushin,
2006; Chik et al., 2009; To et al., 2009; Ansari et al., 2010; Beenamol et al., 2012).
In this paper we introduce an adaptive algorithm for automatic noise reduction based on
the continuous wavelet transform (CWT) incorporating higher-order statistics (HOS) and block
thresholding (BT). Block thresholding is an adaptive, non-diagonal estimator introduced in
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mathematical statistics by Cai (1999a) to obtain minimax signal estimators for nonparametric
regression that uses information from neighboring time-frequency coefficients in the
thresholding step.
In the following we first introduce the theoretical background of CWT and wavelet
denoising. Next, the proposed seismic denoising method will be described and the effectiveness
of the method will be explored by applying it to synthetic and different types of real seismic data.
Denoised results will be compared against results using standard spectral filtering and timefrequency thresholdings. The proposed method shows promise for increasing the SNR of seismic
records of microseismic data, regional earthquake waveforms, and OBS data.
2.2 Theoretical Background
2.2.1 Time-Frequency Representation
Seismic signals are oscillatory signals with nonlinear and non-stationary patterns. In the
time domain, a seismic signal f(t) can be modeled as superposition of individual time-varying
harmonic components fk(t)
K

f ( t ) = ∑ fk (t) ,

(2.1)

k=1

where K is the maximum number of components in the signal. The observed time series,
y(t), will be contaminated by additive noise due to measurement errors and other processes, Œ(t),
so that

y(t) = f (t) + ε ( t ) .

(2.2)

The noise is often modeled as a zero-mean Gaussian process independent of the signal.
Each component of the seismic signal can be modeled by harmonic signals of the form

fk (t) = Ak (t)cos(θ k (t)) ,
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(2.3)

where Ak(t) and ºk(t) are the instantaneous amplitude and phase of the kth signal
component, respectively, found using the real part of the analytic signal. The analytic signal,
S(t), of a real time series, s(t), is given by

S ( t ) = s ( t ) − iH ⎡⎣ s ( t ) ⎤⎦ ,

(2.4)

where H[ ] is the Hilbert transform. The instantaneous frequency,wk(t), of the kth
component is derived from the instantaneous phase by

ω k (t ) =

∂θ k ( t )
.
∂t

(2.5)

This implies that components of the seismic signal, fk(t), can appear at different arrival
times with different amplitudes and instantaneous frequencies. Hence, an analysis in the time or
frequency domain alone may not provide adequate information. Time-frequency analysis of
multilayered signals can give insights into the structure of the signal by localizing frequency so
that noise can be distinguished from the signal more efficiently.
The continuous wavelet transform (CWT) (Daubechies, 1992) is a popular timefrequency transform. It produces a time–frequency representation with better resolution
compared to the short time Fourier transform (Tary et al., 2014), since the signal is analyzed
under different resolutions (or scales) at different frequencies. The idea behind the CWT is to
apply a prototype analyzing function known as the "mother wavelet" over the time series. For a
given mother wavelet º, the CWT of y(t) in relation (2.2) at scale a and time shift µ is given by
(Daubechies, 1992)
Wy(a, τ ) = y,ψ a,τ =

+∞

∫ y(t)a

−∞
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ψ *(

−1/2

t −τ
)dt ,
a

(2.6)

where the * is the complex conjugate, y,ψ a,τ is the inner product in L2(R), and Wy is
the wavelet coefficient representing the observed signal y(t) at scale a. Assuming a wavelet y,
with a Fourier transform that satisfies the admissibility condition (Farge, 1992; Daubechies,
1992)

Cψ = ∫

+∞

−∞

ω

−1

ψˆ (ω ) dω < ∞ .
2

(2.7)

The inversion of the CWT can be expressed as

y(t) =

1
Cψ

da

∫ ∫ Wy(a,τ )dτ a

2

.

(2.8)

a τ

The CWT can be thought as cross – correlation of y(t) with a number of wavelets that are
a stretched (or compressed) and shifted version of the original mother wavelet ψ . Depending on
what signal features are of interest, a wavelet can be selected to facilitate detection of that
feature. The advantage of using CWT for denoising over orthogonal wavelet transforms such as
discrete wavelet transform or wavelet packet transform is in its translation-invariant nature. Nonsubsampled or redundant wavelet transforms like CWT can reduce pseudo-Gibbs artifacts
(Coifman and Donoho, 1995) in the denoised signal (Elad and Aharon, 2006).
2.2.2 Wavelet Estimation
The problem of seismic denoising can be restated as a nonparametric regression problem
for a noisy, sampled version of y(t):

yi = fi + σε i , i = 1,2,...,n ,

(2.9)

where, σ is the known noise level and the ε i’s are independent standard random variates.
The goal is to estimate the underlying regression function, f, the seismic signal in equation (2.1),
from the noisy data yi without assuming any particular parametric structure for f. The estimated
signal will be denoted by f̂ .
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In signal processing, this nonparametric estimation process has long remained mostly
Bayesian and linear (Mallat, 1999; Matz and Hlawatsch, 2000). Linear methods are not designed
to handle spatially inhomogeneous functions with low regularity. For such functions, nonlinear
methods are needed. Donoho and Johnston (Johnstone, 1992; Donoho and Johnstone, 1994,
1995; Donoho, 1995) in their influential works proved that a simple thresholding for sparse
representations can yield near-optimal nonlinear estimates in terms of the root mean square error.
The representation of a signal in a basis is termed "sparse" when the signal strength is
concentrated in a few of the coefficients of the basis. The notion of sparsity of the signal
representation is fundamental in wavelet estimation; wavelet bases provide such sparsity. A
wavelet transform can compact the energy of a normal function into very few large magnitude
wavelet coefficients (DeVore et al., 1992; Meyer, 1992).
Wavelet denoising methods are based on the use of the wavelet transform as a standard
device for transforming a function estimation problem into a normal mean problem of estimating
the wavelet coefficients in the sequence domain (e.g., Donoho and Johnston, 1994; Cai, 1999).
They generally consist of three steps. First, a noisy signal is decomposed into time-frequency
"atoms" (e.g., equation (2.6)) and then the time-frequency structure of the signal is discriminated
from the noise. The time-frequency coefficients are then modified by a thresholding process in
order to attenuate the noise and find an estimate of the signal as similar to f as possible. At the
end, the estimated signal is reconstructed from modified coefficients using the inverse transform,
equation (2.8).
The advantage of denoising in the time-frequency domain over traditional spectral
filtering is that it allows for noise in the same passband as the signal to be excluded from the
signal so long as it is temporally separated from the arrivals. The major problems are in choice of
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a suitable thresholding value and a thresholding function for attenuating the wavelet coefficients
associated with the inferred noise.
Thresholding uses the data itself to decide which coefficients are significant. Donoho and
Johnston (1994) showed that for the Gaussian white noise of variance ù2, universal threshold is

λ = σ 2 log e n for a signal with length n. The main assumption behind the universal threshold
method of Donoho and Johnston (1994) is that the small wavelet coefficients are mostly due to
the noise, while the signal is stored mainly in a few large coefficients. So, wavelet coefficients
can be set to zero if their magnitudes are less than the predetermined threshold œ. This keep-orkill rule is called "hard thresholding". Another popular scheme is known as "soft thresholding"
(shrink-or-kill rule) where larger coefficients are smoothly reduced by the threshold value. Other
methods like the customized thresholding of Yoon and Vaidyanathan (2009), or Shuchong and
Xun (2014) have a behavior between hard and soft thresholding.
Although these algorithms give improved performance compared to previous methods,
these approaches remain "diagonal" estimators, i.e., the wavelet coefficients of the function are
estimated based solely on their individual magnitudes and are kept or killed term-by-term. Termby-term thresholding achieves a degree of trade-off between variance and bias contribution to the
mean squared error but is not optimal. The resulting estimator is biased and has a sub-optimal L2
-risk convergence rate (Antoniadis et al., 2001). Moreover, in this scheme, isolated timefrequency coefficients can produce strong artifacts similar to highly annoying harmonic noise in
audio signals (Mallat, 1999). This kind of noise can be removed by non-diagonal estimation
schemes like block thresholding that regularize the geometry of the estimated signal and avoid
leaving isolated points (Ephraim and Malah, 1984).
Hall et al. (1998, 1999a), and Cai (1999) studied local block thresholding rules for
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function estimation using wavelet transforms to increase estimation precision. These methods
group coefficients into non-overlapping blocks and threshold them in groups rather than as
individuals. The aim is to increase estimation accuracy by utilizing information about
neighboring coefficients and improve convergence rates. The basic motivation of block
thresholding is that if neighboring coefficients contain some of the signal’s energy, then it is
likely that the current coefficients also do, and so a lower threshold should be used, essentially
yielding a different local trade off between signal and noise. It has been shown that wavelet
block thresholding estimators have excellent mean squared error performances relative to
wavelet term-by-term thresholding estimators in finite sample situations (Antoniadis et al.,
2001). Moreover, block thresholding estimators automatically adapt to the sparsity of the
underlying wavelet coefficients and, hence, are completely data-driven.
Hence, block thresholding may be regarded as an automatic signal model selection
procedure, which selects a set of important variables (wavelet coefficients) by omitting
insignificant ones and fits to the data a model consisting of only the important variables. Nondiagonal estimators such as block thresholding (e.g., Hall et al., 1999b; Cai, 1999; Cai and
Silverman, 2001; Cai and Zhou, 2005) enjoy a number of advantages over the conventional,
term-by-term thresholding methods. They increase estimation precision by utilizing information
about neighboring wavelet coefficients and enjoy a high degree of adaptivity. Non-uniform or
adaptive thresholding depends on the relationship between the energy distribution of the
observed signal and that of the noise.
The use of different thresholds for wavelet coefficients seems reasonable since adaptive
thresholding accounts for variation of the local statistics of wavelet coefficients. The degree of
the adaptability, however, depends on the choice of the block size and threshold level, which
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influence the performance of the estimator. It has been shown that non-diagonal estimators
clearly outperform diagonal estimators (e.g., Cai, 1999; Cai and Silverman, 2001; Cai and Zhou,
2005) and reduce the estimation risk (Ephraim and Malah, 1984; Kim and Chang, 2000; Wolf
and Godsill, 2001; Cohen, 2002, 2005).
2.3. Hybrid Seismic Denoising
Our hybrid method of seismic denoising consists of a pre-processing step using higher
order statistics criteria, a wavelet denoising based on the block thresholding and a postprocessing step based on the Wiener filtering. First, we decompose the signal into its timefrequency structure using CWT. Let us define coefficients of the wavelet expansion of the noisy
observations, yi in equation (2.9) by:

Wyi = Wfi + σ W ε i , i=1,2,…,n ,

(2.10)

where, Wy = y,ψ a,τ , Wf = f ,ψ a,τ , and W ε = ε ,ψ a,τ .
2.3.1 Pre-Processing
In wavelet denoising, it is assumed that the coefficients at the finest decomposition level
(highest frequencies) are associated with pure noise. This assumption is usually used for the
noise level estimation in wavelet thresholding. Frequency contents of seismic signals are
concentrated in limited frequencies bands that occur at middle decomposition levels in the
wavelet domain. In addition to the highest frequencies (smallest scales or finest decomposition
levels) most of the coefficients in the longer period section (largest scales) will also be mainly
associated with noise. High-power noises outside of frequency range of seismic signal can
decrease efficiency of wavelet thresholding. Therefore, in our hybrid scheme of denoising, after
the decomposition of the signal into its functional elements using CWT, we detect and remove
elements that are mainly due to noise. This is done using the higher order statistics (HOS) to
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detect and remove any decomposition level with a Gaussian distribution from the time-frequency
picture. Higher order statistics is referred to statistical descriptors of orders greater than two.
HOS methods were used in several studies for denoising (Ravier and Amblard, 2001; Zhang and
Zhao, 2001; Tsolis and Xenos, 2011). Computing the Kurtosis is a good choice for the
Gaussianity measurement using HOS (DeCarlo, 1997). It is defined as the standardized fourth
moment about the mean. When considering a numerical signal of N samples, yn = {y1, y2, . . ., yN
}, such as in real seismograms, the kurtosis, kurt, is defined as: (Bickel and Doksum, 1977)
N

kurt y =

∑ (y

n

n=1

− µ y )4

N(σ y4 )

−3

,

(2.11)

where µ y is the mean, and the σ y is the estimated standard deviation of the signal y.
Kurtosis can be used to classify signals as Gaussian or not. This is because the Kurtosis of
Gaussian signals is equal to zero, which is not the case for non-Gaussian distributions. The bias
and variance of the Kurtosis is estimated by B(kurt y ) = −6 / N and Var(kurt y ) = 24 / N
respectively (Tsolis and Xenos, 2011). A Kurtosis estimator can take values as follows:

kurt y ≤

24 / N
1− a

,

(2.12)

where a is the level of confidence, with a numerically estimated optimum equal to 90%,
(Ravier and Amblard, 2001). In the pre-processing step the kurtosis is calculated for each
decomposition level. The HOS criterion is applied to detect the scales capturing only Gaussian
noise and removing them from the time-frequency picture. This step acts similar to an automatic
band-pass filtering and keeps just scales that are composed of coefficients associated with noisy
signal. Due to mode mixing with the signal’s components, the noise coefficients in remaining
scales cannot be detected using HOS.

58

2.3.2 Block Thresholding
To attenuate the remaining noise at other scales we use wavelet thresholding. According
to the data compression and localization properties of wavelets (Daubechies, 1992), it is
reasonable to think of Wf as a high-dimensional, sparse, normal mean vector (Cai, 1999). Hence,
the mean Wfi is approximately the true wavelet coefficients of f .
Our approach of wavelet thresholding is block thresholding. Let L ≥ 1 be the possible
length of each block, and m = n / L be the number of blocks in each scale. We partition the
wavelet coefficients at each resolution level into m non-overlapping blocks of size L (length of L
samples and width of 1 sample) (Fig. 2.1). Let Wyb = (Wy(b−1)L+1 ,...,WybL ) ,

Wfb = (Wf(b−1)L+1,...,WfbL ) , and W ε b = (W ε (b−1)L+1,...,W ε bL ) represent coefficients of observations,
signal, and noise in block b, respectively. The L2-energy of the noisy signal in block b is denoted
by the sum of squared wavelet coefficients in the block:

Sb2 = ∑ Wyi2 for b=1,2,…,m.

(2.13)

i∈b

The goal is to estimate Wf = (Wf1 ,...,Wfn ) , based on the observations

Wy = (Wy1 ,...,Wyn ) under the average mean squared error:
R(Wf! ,Wf ) =

1 n
E(Wf!i − Wfi )2 .
∑
n i=1

(2.14)

Cai (1999) considered a class of block-wise James-Stein estimators based on the JamesStein shrinkage rule (James and Stein, 1961) to estimate signal’s coefficients on each block:

Wf!b (λ , L) = (

Sb2 − λ Lσ N2
)+ Wyb , for i ∈b
Sb2

where λ ≥ 0 is the threshold level and σ N is the noise level. A block, b, is deemed
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(2.15)

important if Sb2 is larger than the threshold œ so that all the coefficients in the block are retained,
otherwise the block is considered negligible and all the observed coefficients of Wyb in the block
are shrunk to estimate the true wavelet coefficients, Wf!b at each scale.

Figure 2.1. (a) Noisy signal and (b) a schematic representation of functional elements of the
signal decomposed into different scales using CWT. Here, just the real part of the wavelet
coefficients is plotted. Lower and higher frequencies (larger and smaller scales respectively) are
mainly due to the noise and are detected and removed in the pre-processing step. The middle
scales of the CWT contain both noise and signal energy. Block length L is selected for each scale
by minimizing the SURE statistic (see text).
The true noise level is unknown and needs to be estimated. We use the robust median
estimator of Donoho (1995) given by σ N = median(W ε − median(W ε ) ) / 0.6745 where the
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normalizing factor 0.6745 is the mean absolute deviation (MAD) of a Gaussian distribution.
However, our estimate is not based on the finest resolution level. The noise level is estimated on
each decomposition level from coefficients of the observations prior to the approximate arrival
of the signal. This is based on the assumption that the seismic data wavelet coefficients prior to
the high-energy arrivals are only associated with the noise. This level-dependent noise estimation
and thresholding scheme improves denoising even when the added noise is no longer white
noise, for example colored Gaussian noise (Johnstone and Silverman, 1997).
The choice of block size, L, and threshold level, λ largely determines the performance of
the resulting estimator. Optimal block size and threshold are empirically derived by minimizing
Stein’s unbiased risk estimator "SURE" (Stein, 1980). If we write an estimator of signal
L
coefficients as Wf! = Wy + g(Wy) , where g is a function from ! L to ! , based on Stein’s

theorem, when g is weakly differentiable, then the risk of estimator can be estimated by:

{

E Wf!b (λ , L) − Wfb

2
2

} = E {Lσ
2

where E{} is the expected value and

2

2

}

+ g(Wy) 2 + 2σ 2∇g(Wy) ,
2

(2.16)

is L2 norm. Similarly for the block thresholding

we can write:

Wf!b (λ , L) = (

Sb2 − λ Lσ 2
)+ Wyb = Wyb + g(Wyb ) .
Sb2

(2.17)

And

g(Wyb ) = (1−

λ Lσ 2
)+ Wyb − Wyb
Sb2

,

(2.18)

converges to the same answer if taken in the limit from both sides, hence, it is weakly
differentiable. Simple calculation shows that
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EWf!b Wf!b (λ , L) − Wfb

2
2

= EWf!b (SURE(Wyb , λ , L,σ ))

,

(2.19)

where
⎛
⎞
⎜
λ 2 L2 − 2 λ L(L − 2) Sb2
Sb2
Sb2
⎟
SURE(Wyb , λ , L,σ ) = σ ⎜ L +
I ( 2 > λ L) + ( 2 − 2L)I ( 2 ≤ λ L)⎟
Sb2
σ
σ
σ
⎜
⎟
⎝
⎠
σ2
2

.

(2.20)

This implies that the total risk is

EWf! Wf! (λ , L) − Wf

2
2

= EWf! (SURE(Wy, λ , L,σ )) ,

(2.21)

where,
m

SURE(Wy, λ , L,σ ) = ∑ SURE(Wyb , λ , L,σ ) ,

(2.22)

b=1

is an unbiased estimate of the risk. Stein’s unbiased risk estimator serves a guide for
choosing level-dependent block size and threshold levels. At each scale, we choose the block
size Ls and threshold level λ s to minimize SURE(Wy, λ , L,σ ) :

(λ S , LS ) = arg max{L−2,0}≤λ ≤λ F , 1≤L≤nυ min SURE(Wy, λ , L,σ ) ,

(2.23)

where υ (0 ≤ υ < 1) and λ F = 2L log e n are additional restrictions on the search range
proposed by Cai and Zhou (2005). Optimal block size and threshold level, L and λ s ,
s

respectively, are estimated using a fast grid search.
The estimator of Wf is then given by a hybrid scheme (Cai and Zhou, 2005) to overcome
the drawbacks of block thresholding in situations of extreme sparsity of wavelet coefficients as:

⎧
λ S LSσ N2
)+
⎪ Wf!b = Wyb (1−
Sb2
⎪
⎨
⎪ Wf! = Wy (1− 2 log n )
i
i
+
⎪
Wyi2
⎩
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for i ∈b if Tn > γ n
,

if Tn ≤ γ n

(2.24)

where Tn = n −1 ∑ (Wyi2 − 1) , and γ n = n −1/2 log 23/2 n . When Tn ≤ γ n the estimator is a
degenerate block James-Stein estimator with block size Ls=1. In this case, the estimator is also
called the non-negative "garrote" estimator.
2.3.3 Post-Processing
It is known that wavelet denoising can be improved via Wiener filtering (Ghael et al.,
1997; Yu et al., 2008; Siedenburg, 2012). Similarly, we use the initial estimate of the signal
coefficients, Wf! from block thresholding to design a wavelet-domain Wiener filter and apply it
to the noisy coefficients as the final step for maximum suppression of noise: (Yu et al., 2008)
2
⎧
Wf!b
⎪ Wf̂ = Wy (
)
b
b
⎪
! 2 + LSσ 2
W
f
b
⎪
⎨
2
⎪
Wf!i
)
⎪ Wf̂i = Wyi (
2
Wf!i + LSσ 2
⎪
⎩

for Tn > γ n
(2.25)

for Tn ≤ γ n

By applying this Wiener filtering in the post-processing step a second estimate of the
signal’s coefficients, Wf̂ will be obtained.
We now return to the nonparametric function estimation problem of (2.9). We have
estimated the coordinates of the mean vector of wavelet coefficients in a level-dependent
manner. Parameters are adjusted based on the nature of the recorded signal. Now, the estimate of
regression function in (2.9), denoted by f̂ , is obtained by applying the inverse transform over
Wf̂ coefficients.

2.3.4 Summary of the Denoising Algorithm
Our algorithm is a new approach in signal denoising primarily in its application to
seismic data where noise and signal can often be examined separately in time. The outline of the
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proposed seismic denoising procedure can be summarized as follows:
I. Transform the time series data into the time-frequency domain through the CWT,
equation (6).
II. The HOS analysis is done for each scale of the wavelet representation of the
signal using equation (2.11) and equation (2.12). The coefficients of scales with Gaussian
distributions are removed and those with non-Gaussian distributions are kept.
s
s
III. The optimal block size L and threshold level λ for coefficients of each scale are

estimated by minimizing Stein’s unbiased risk estimate, equation (2.23).
IV. Wavelet coefficients are attenuated using the hybrid block thresholding scheme,
equation (24) and an initial estimate of signal coefficients is made.
V. The attenuated coefficients are used in a post-denoising step to build a Weiner
filter and obtain final time-frequency coefficients of the estimated signal (i.e., equation
(2.25)).
VI. The final denoised signal is obtained via the inverse CWT of attenuated wavelet
coefficients, equation (2.8).
2.4 Results
We first apply the algorithm to synthetic seismic signals. In this way, the shape of the
whole output signal and the onset time of the first pulse can be compared to the ideal signal.
Afterwards, the denoising algorithm will be applied to a real induced microseismic signal, a
regional earthquake seismogram, and then OBS data.
In our implementation of CWT, we use a Bump wavelet (Thakur et al., 2013) as the
mother wavelet with 100 scales. The noise-level, σ N is estimated from the first 200 wavelet
coefficients in each scale. In other words, we define the first 200 samples of data prior to the
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signal’s arrival as the noise. However, this can be more precisely determined using any
automatic procedure for onset picking or combining the denoising algorithm with an automatic
onset picker in the wavelet domain such as those proposed by Karamzadeh et al. (2013), or
Bogiatzis and Ishii (2015).
2.4.1 Synthetic data
A synthetic seismogram is calculated using the frequency wavenumber method (Zhu and
Rivera, 2002) for the crustal model shown in Table 2.1. A point source was located at a depth of
12 km, and three component seismograms were computed for a receiver located on the surface at
an epicentral distance of 80 km. Real seismic noise recorded by the New Madrid Cooperative
Seismic Network was added to the synthetic seismogram in a way to yield to SNR of 2.5 for the
resulting seismogram (Fig. 2.2).
Table 2.1.
Velocity model used for computing the synthetic seismogram
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Figure 2.2. The synthetic signal and its CWT representation (left) and contaminated signal with
real seismic noise (right).
To check the sensitivity of our method to the number of decomposition levels we tested
different numbers of scales for the wavelet transform. The denoising results were very similar.
However, smaller scale numbers will speed up the denoising process. Optimal selection of the
mother wavelet to produce the maximum number of wavelet coefficients close to zero while not
reducing useful information is a crucial factor in wavelet thresholding. Different applications
require different optimal wavelets. Luo and Zhang (2012) pointed out that the proper number of
vanishing moments, size of support, regularity, and wavelet families are important parameters in
selecting the optimal wavelet. Hence, we tried several mother wavelets for our hybrid denoising.
However, selecting the optimal wavelet is a difficult task. For example, selecting the “Shannon”
wavelet increases the SNR and improves the RMSE but the amplitude of cross correlation
coefficients (CC) decrease. Using the “Morlet” wavelet attenuates more P-wave coda but
improved RMSE and CC. However, other wavelets, like the “Mexican hat wavelet” substantially
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degrades denoising performance. We achieved the best performance (Fig. 2.3) in terms of
preserving the phase arrival shapes and highest SNR and CC with the “Bump” wavelet. Another
parameter that we found important for the denoising is the length of pre-signal noise. The arrival
time can be approximated but with longer pre-signal noise a more accurate noise level estimation
can be made, and as a result, a more efficient denoising occurs.

Figure 2.3. Waveforms (a), CWT spectrums (b) and zoomed windows around the first arrival
(c). The top row shows time series and the CWT for the synthetic signal without noise to
compare with results from different denoising methods in the rows below. The method is
annotated in the left panels. The right panel shows a zoomed time window of the first arrival
within the box in the left panel for each row of figures.
The superior performance of the hybrid method compared to other methods is clearly
shown in Fig. 2.3. Although it was successful in estimating the P and S time-frequency
coefficients and removing the noise energy, it also removed part of coda energy after the P and S
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waves. A detailed look at the first arriving pulse (Fig. 2.3c) clearly illustrates the good
performance of filtering based on the adaptive BT method, particularly when compared to
spectral filtering and hard and soft thresholding. However, the first cycle of the very small and
emergent arrival has been slightly flattened although, in general, the polarity of arrival has been
preserved (Fig. 2.3c). Bandpass filtering removes noise with frequencies higher and lower than
the signal’s frequency range but noise within the frequency range of the signal is untouched (Fig.
2.3b). Soft and hard thresholding preserved the structure of the signal, however, they were much
less effective in noise removal. The qualitative assessment of good performance of our denoising
method can be confirmed by comparing the root mean square errors (RMSE), the value of the
SNR after denoising, and cross correlation results between the denoised and original waveforms
presented in Table 2.2. In this table performance of the hybrid block thresholding method
(including the pre- and post-processing) on the synthetic signal is compared to the bandpass
filtering and hard- and soft-thresholding (whithout pre- and post-processing).
Table 2.2.
Root-mean-square error (RMSE), signal-to-noise
ratio (SNR), and maximum correlation coefficients
between denoised and original signal (CC) from the
synthetic test using different thresholding methods.

We compare the time-frequency structure of the denoised and original data by performing
a cross wavelet transform (XWT). The XWT is constructed from the wavelet coefficients of the
original signal (CWTo) and the denoised signal (CWTd) and will expose their common power
and relative phase in time-frequency space. The XWT measures the similarity of the wavelet
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representations of two signals and provides the ability to account for temporal (or spatial)
variability in spectral character. Following Torrence and Compo (1998), the cross-wavelet
transform is defined as:
XWTo,d = CWTo × CWTd∗

(2.26)

where, * denotes complex conjugation. The cross-wavelet power is defined as |XWTa,d|,
and the complex argument arg(XWTa,d) can be interpreted as the local relative phase between
denoised and original seismograms (Grinsted et al., 2004).
High power areas in Fig. 2.4 indicate the correlation of high magnitude coefficients in the
denoised and original CWT spectrums. Concentrated energies in 30 and 40 seconds are
associated with P and S respectfully. The XWT shows that the two waveforms are in-phase in all
the sectors with significant common power (Fig. 2.4). Outside the area with significant power the
phase relationship is complicated but mostly anti-phase. This shows that a strong link exists
between the denoised and original data and that the denoising method preserves the timefrequency structure of P and S energy without affecting the phase information of the original
data.
To check the effect of the denoising method on the polarization of the seismic data we
construct the hodogram of the P-wave and S-wave windows of three component data. The
particle motions of P and S windows before and after the denoising are presented in Fig. 5. These
results show the overall polarization remained unchanged after the denoising.
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Figure 2.4. The cross wavelet transform (XWT) of the original and denoised data. The phase
arrows show the relative phasing of the two time series. Arrows pointing right: in-phase, left: antiphase, down: original phase leading the denoised phase by 90°, and up: denoised phase leading
original phase by 90°.
2.4.2 Real seismic data
We have applied the denoising method to real seismic data including a microseismic
event induced during waste water injection in Arkansas recorded by a broadband seismometer at
the surface, a regional earthquake (Mw = 3.9) in eastern Canada, and a M4.3 earthquake
recorded on an OBS from the Cascadia experiment (Table 2.3). Applying the hybrid BT
algorithm shows a significant improvement in the SNR in the order of several magnitudes for all
cases (Fig. 2.6).
Table 2.3
Information for events used in this study.
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Figure 2.6. a) Induced microearthquake, b) local earthquake recorded by OBS, and c) regional
earthquake. Event data are listed in Table 3 and vertical components of motion displayed. Each
major panel (a through c) shows the original time series data in the upper left panel and its CWT
to the right. Below are the denoised seismogram and its CWT for comparison.
In the case of the microearthquake (Fig. 2.6a), noises with higher and lower frequency
contents, compared to the signal frequency, were attenuated from time-frequency representation
of data. High-energy noise components at 19-, and 27-Hz (Fig. 2.7a) can be associated with
strong electronic noise. Removing these high magnitude noises from the spectra indicates that
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proposed method is not just limited to random noise. Single channel application of the method
makes it possible to detect and remove this type of noise that might not be coherent across an
array. SNR was increased from 2.25 to 60.67. This can improve the detection of small events,
which is a challenging problem in surface monitoring of microseismic events (Eisner et al.,
2010), using single channel data. On the other hand, in addition to preserving main feature of the
seismic signal such as the wave form and polarity of the surface wave, a more clear P and S
waves provided after the denoising makes phase arrival time estimations more robust. Moreover,
some small amplitude features such the emergent arrival at 3.5 second (denoised waveform in
Fig. 2.6a) that can be associated to a head wave, were totally buried under the background noise
before the denoising. This can facilitate picking of the first arrival times and their polarity which
has special importance for the source location and fracture imaging. Thus, denoising
microearthquakes can help improving the detection, location, and understanding the wave
propagation, which are crucial steps in microseismic processing.
In OBS data (Fig. 2.6b), noise was mainly coherent, long-period, and high amplitude
(ground-roll noise). This high-power noise (Fig. 2.7b) at the higher scales is not attenuated using
traditional wavelet thresholding. On the other hand, if we use a simple high-pass filter for
removing this noise, it is not easy to choose the corner frequency because higher corners will
damage some important features of the signal, whereas selecting a lower corner frequency will
fail to remove enough noise. However, proposed hybrid scheme was successful in attenuating
these high-power noises in addition to the finer high-frequency noises that have overlap with the
frequencies of the seismic event and increasing the SNR from 1.1 to 345.92.
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Figure 2.7. Single side amplitude spectra for microearthquake (a), OBS data (b), and regional
earthquake (c) for raw data (left) and after denoising using proposed method (right). There are
high power bursts at 19- and 27- Hz in the spectra of raw microseismic data associated with
electronic noise. The proposed method removed these noises. Proposed method was also
successful in removing high-power low-frequency noises in OBS data and high-power highfrequency noises in the regional data.
High-energy spikes have been removed form spectra after the denoising (Fig. 2.7 c). A
more clear P and S wave arrivals were obtained after the denoising of regional waveform (Fig.
2.6c) and SNR was increased from 1.7 to 19.9. A relatively low-frequency band of noise can be
identified from spectrum of original data. This noise gradually merges into the time-frequency
structure of signal (spectrum in Fig. 2.6c). Denoising algorithm identified and remove this noise
from the data. This can assemble the spectral content of dominant energy in the signal (between
250 second and 300 second, associated with Lg) which has special importance for regional
attenuation studies.
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2.5 Discussion
Development and application of the denoising technique as proposed here will ultimately
improve signal detection, seismogram composition studies, and source discrimination for small
local/regional seismic sources. Denoising the signal in this manner will significantly lower
detection thresholds and allow small seismic events to be detected more easily either through
conventional detection algorithms such as STA/LTA or more advance schemes in the timefrequency domain.
It has been well-known that the typical background seismic noise level is much higher at
the seafloor than on land, especially at frequencies below 1 Hz (e.g., Sutton and Barstow, 1990;
Webb et al., 1996; Romanwicz et al., 1998). Efforts have been concentrated on attenuating some
specific types of noises that have dominant effects on the SNR of data in seafloor seismic
measurements. Some examples include the proposed method of Crawford and Webb (2000) for
identifying and removing tilt noises with frequencies less than 0.1 Hz from vertical data or
Proposed method of Chen et al. (2015) for attenuating of ground-roll noise. The effectiveness of
our hybrid algorithm for denoising of OBS data have been shown in the previous section.
However, the proposed method of this study is not limited to any specific type of noise and
effectively can identify and remove noises from data.
Another application of the proposed method can be in local or regional attenuation
studies. Denoising the signal can assemble the spectral content of the phase of interest more
precisely and decrease the uncertainties in Q estimation (McNamara et al., 2012; Mousavi et al.,
2014), improving the ability of models to match observed amplitudes. In ambient noise studies
earthquake signal energy needs to be taken out of the noise in a pre-processing step. However,
this can be done using a similar thresholding method in a reverse manner to kill the buried
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signals and keep the noise. And after ambient noise cross correlation our denoising approach
again can be used to further improve the SNR of obtained Green’s functions. An interesting
extension of this technique could be in application to phased seismic array data. Data from
regional seismic array stations add an important dimension to wave analysis since wave apparent
velocity can theoretically be determined, helping in phase identification. Our denoising
technique can be used directly on each element of an array and may significantly improve
normal beam forming. However, wave apparent velocity (or slowness) represents an additional
transform (into the slowness domain) that can be added to the time-frequency formulation.
2.6 Conclusions
We have introduced a powerful, adaptive seismic denoising method based on the CWT,
higher order statistics, block thresholding, and Wiener filtering. Our approach of seismic
denoising is a hybrid method that integrates the power of these techniques to effectively suppress
noise in the signal and increase the output SNR. Our approach takes advantage of a preprocessing step based on the higher order statistics. Kurtosis operates as a Gaussianity estimator
and the signal’s Gaussian components are detected and removed. This step improves
performance of wavelet thresholding by removing high-power noise components. BT improves
the efficiency of wavelet thresholding by considering information of neighboring coefficients on
the time-frequency plane. These steps make the thresholding scheme an adaptive, data-driven
approach in the sense that all the filter parameters for denoising are dynamically adjusted to the
characteristics of the signal. This denoising method is adaptive and robust to signal type
variations and can improve the SNR. In a post-processing step a Weiner filter is designed based
on the thresholded coefficients and applied to the time-frequency coefficients to improve
denoising efficiency. Our seismic denoising method has been applied to both synthetic and real
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seismic data. Results show that the new method outperforms spectral filtering and classical
wavelet thresholding methods and considerably improves the SNR of the waveforms without
affecting the phase or polarization information of the signal.
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Chapter 3
Adoptive Noise Estimation and Suppression for Improving Microseismic Event Detection
3.1. Introduction
There has been a rapid growth in the application of microseismic monitoring using
surface arrays primarily in monitoring of hydraulic fracturing and identification of induced
seismic events (Maxwell, 2005). However, one of the major challenges in surface monitoring is
distinguishing the noise from signal (Eisner et al., 2010). The signal-to-noise-ratio (SNR) of
seismic data directly affects the reliability of the data and accuracy of source parameter
estimation. Bandpass filtering is widely used in routine processing of the microseismic data to
attenuate noise. Frequency filters are effective in attenuating noise outside of user-defined cutoff frequencies. However, filters are not usually effective for full attenuation of the noise without
distortion of the original signal.
There are a number of more complicated denoising techniques that may be applied to the
seismic data. These include principal component analysis (Hagen, 1982), f_x deconvolution
(Canales, 1984), eigen image (Gulunay, 1986), Karhunen-Loève transform (Jones and Levy,
1987), time varying bandpass filters (Yilmaz, 1987), t_x prediction filtering (Abma and
Claerbout, 1995), Optimum (Wiener) filters (Douglas, 1997), band-pass, f_k, and kx_ky filtering
(Yilmaz, 2001), artificial neural networks (Djarfour et al., 2008), Cadzow filtering (Trickett,
2008), S-transform (Askari and Siahkoohi, 2008), Fuzzy methods (Hashemi et al., 2008),
singular spectrum analysis (Oropeza and Sacchi, 2011), sparse transform based denoising (Chen
et al., 2016), mathematical morphology based denoising approach (Li et al., 2016), damped
multichannel singular spectrum analysis (Huang et al., 2016), and the non-local means (NLM)
algorithm (Bonar and Sacchi, 2012). More effective approaches to enhance the signal are using
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array processing techniques such as f-k analysis (e.g., Naghizadeh, 2011) or f-x filtering (Bekara
and van der Baan, 2009; Naghizadeh and Sacchi, 2012; Chen and Ma, 2014). However, these
methods require sufficient coherency in the arrival across the array. The other filter typically
used are match filters (Eisner et al., 2008) which require an a-priori event with high SNR to act
as a “master” or template event for the cross correlation with the continuous waveform. Recently
Han and van der Baan (2015) used ensemble empirical mode decomposition and adaptive
thresholding for the microseismic denoising. However, their method is not fully automated and
has some parameters that need to be manually adjusted.
Seismic time series are nonstationary signals and, as a result, analysis in the time or
frequency domains alone may not provide adequate information. Hence, time-frequency methods
that analyze frequency components and their amplitudes occurring as a function of time
significantly increases the information that can be utilized in understanding a signal. Timefrequency transforms have been the basis of seismic denoising procedures used by GalianaMerino et al. (2003), Pinnegar and Eaton (2003), Sobolev and Lyubushin (2006), Parolai (2009),
Tselentis et al. (2012), and Shuchong and Xun (2014).
This paper introduces an adaptive noise-estimation and denoising algorithm for seismic
data based on the short time Fourier transform (STFT), an improved, minimally controlled
recursive averaging estimator (Cohen, 2003), and neighboring thresholding in the STFT domain
(Cai and Silverman, 2001).
In the following section, we first describe the theory behind time-frequency denoising
methods. Next, the noise-estimation and denoising approaches used in this study will be
presented. At the end, the denoising algorithm will be tested by synthetic and real data examples.
3.2. Theoretical Background
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Denoising methods for removing Gaussian random noise emerged after the pioneering
works of Donoho and Johnstone (1994, 1995) who introduced nonlinear wavelet estimators.
They showed that a simple thresholding in the wavelet domain results in nearly minimax error.
Their well-known “VisuShrink” algorithm (Donoho and Johnston, 1994) thresholds wavelet
coefficients one-by-one based on the universal threshold œØ =

2ù } ln (ª) , in which σ is the

noise standard deviation and N is the length of the noisy signal). Time-frequency coefficients can
be thresholded either by hard-thresholding or soft-shrinkage rules. In the hard-thresholding
scheme, coefficients smaller than the threshold value œØ are set to zero, while, in the softthresholding (or shrinkage) scheme larger coefficients are also shrunk toward zero.
In “SureShrink” of Donoho and Johnstone (1995) the same rules are used but threshold
values are estimated for each level of decomposition through minimization of Stein’s estimate of
risk (Stein, 1981). Although improving performance compared to the previous denoising
algorithms, these methods remained diagonal since threshold coefficients were solely based on
their individual magnitudes. This can leave some isolated noise untouched. Cai (1999) studied
non-diagonal estimators by proposing the “BlockJS” algorithm. In this method coefficients are
divided into disjoint blocks and are thresholded group-by-group based on values of all
coefficients in each block to increase the estimation precision by utilizing information about
neighboring coefficients. The performance of denoising in this manner was improved by
“NeighCoef” algorithm of Cai and Silverman (2001) where wavelet coefficients are shrunk oneby-one by an amount that depends on the coefficient and its neighboring coefficients inside
overlapping blocks. However, block size and threshold level are kept constant in these
algorithms. Block size and threshold level play important roles in the performance of a block
thresholding estimator. Thus, Cai and Zhou (2009) proposed a data-driven approach to
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empirically select both the block size and threshold level in the “SureBlock” procedure by
minimizing Stein’s unbiased risk estimator (SURE) (Stein, 1981).
Application of denoising methods based on block-thresholding on audio signals (Yu and
Mallet, 2008), image denoising (Dengwen and Wengang, 2008), and seismic signals (Mousavi
and Langston, 2016) show promising results for improving the SNR.
In our previous study (Mousavi and Langston, 2016) we showed that an improved
wavelet block-thresholding in a hybrid scheme removes random noise from seismic data while
retaining the main features of the seismic signal. However, the proposed method relies on an
estimation of signal arrival and is relatively slow for real- time applications. In this paper a noise
suppression algorithm is developed based on automatic noise level estimation and neighboring
block thresholding in the short time Fourier transform (STFT) domain. The proposed method is
faster and can adaptively estimate the noise level in STFT domain. The optimal threshold and
block size are automatically adjusted by minimizing the SURE.
3.3 Method
The seismic signal s, contaminated by independent random noise d, can be modeled by:
° $ = ¨ $ + ùó $ , $ = 1, … , ª,

(3.1)

where, y is the recorded signal and σ is the noise level. STFT decomposes the signal y,
into time-frequency atoms Y [ℓ, k] where ℓ and k are the time and frequency localization indices:
N

Ykℓ = ∑ y[i]w[i − ℓu]exp(i2π kn / K ) .

(3.2)

i=1

`[$] is a time window of support size K, which is shifted with a step u ≤ K . ℓ and k are,
respectively, the time and frequency indices with 0 ≤ ℓ ≤ N / u and 0 ≤ k ≤ K . In this study we
use the Hanning window with u = K / 2 .
The denoised signal is obtained by applying a time-frequency attenuation factor akℓ , over
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time-frequency atoms of the noisy signal Y [ℓ, k] to obtain an estimate of the Fourier coefficients
of the seismic signal S!kℓ that are as similar as possible to the Skℓ :

S!kℓ = akℓYkℓ .

(3.3)

Once the estimate of S!kℓ for each Fourier coefficient has been obtained, the time domain
signal can be recovered using the inverse short time Fourier transform.
3.3.1. Noise-Level Estimation
The estimate is usually done under the assumption that the noise-level is known.
However, the noise-level is generally unknown in real cases and needs to be estimated from the
observed data y. Noise level can be estimated based on the principle of minimum statistics
(Martin, 2001). This approach assumes that the signal is stronger than the noise, thus, if we track
the minima of a noisy power spectrum with a sliding window we will have an estimate
proportional to the background noise power. Following this assumption the variance σ 2 , of
Fourier coefficients of the noise coefficients Dkℓ , can be estimated by averaging past spectral
power values of noisy measurements using a smoothing parameter in the recursive averaging
approach (Cohen, 2001):
2
σ! d2 (k,ℓ + 1) = α dσ! d2 (k,ℓ − 1) + (1− α d ) D(k,ℓ) ,

(3.4)

where, the σ! d2 (k,ℓ − 1) corresponds to the estimation of the noise variance for the previous
frame and –J (0 < –J < 1) is the smoothing parameter.
In the minima controlled recursive averaging of Cohen (2001) the recursive averaging is
done using a time-varying frequency-dependent smoothing parameter that is adjusted by the
probability of signal presence. To develop this, define two hypotheses H 0 (k,ℓ) and H 1 (k,ℓ) that
indicate, respectively, signal absence and presence in the kth frequency bin of the ℓ th frame. In
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this technique, past spectral power values of noisy measurements during a period of signal
absence are recursively averaged and the estimate is continued during signal presence:

⎧ α σ! 2 (k,ℓ) + (1− α ) Y (k,ℓ) 2
d
⎪ d d
σ! (k,ℓ + 1) = ⎨
2
σ! d (k,ℓ)
⎪
⎩
2
d

if

H 0 is true

if

H 1 is true

.

(3.5)

Considering the probabilities of the two hypotheses 6 ^W †) and 6 ^/ †) = 1 −
6 ^W †), it is possible to join the two estimates into one single average estimator as: (Cohen,
2003)
2
σ! d (k,ℓ + 1) = P(H 0 (k,ℓ) | Y (k,ℓ))(α dσ! 2d (k,ℓ) + (1− α d ) Y (k,ℓ) ) + P(H 1 (k,ℓ) | Y (k,ℓ))(σ! 2d (k,ℓ)) . (3.6)

Equivalently, recursive averaging can be obtained by using:
2
σ! 2d (k,ℓ) = α̂ d (k,ℓ)σ! 2d (k,ℓ) + (1− α̂ d (k,ℓ)) Y (k,ℓ)

,

(3.7)

where α̂ d (k,ℓ) is a time-varying frequency-dependent smoothing parameter that is
adjusted by the probability of the signal presence estimated on noisy measurements. It is given
by:
α̂ d (k,ℓ) = α d + (1− α d ) p(k,ℓ) ,

(3.8)

where, p(k,ℓ) = P(H 1 (k,ℓ) | Y (k,ℓ)) is the conditional probability of the signal presence
that is calculated using a posteriori and a priori SNRs by applying Baye’s rule: (Cohen, 2003)

⎛
⎞
q(k,ℓ)
p(k,ℓ) = ⎜ 1+
(1+ ξ (k,ℓ))exp(−υ (k,ℓ))⎟
⎝ 1− q(k,ℓ)
⎠

−1

,

(3.9)

and where

υ=

γξ
,
(1+ ξ )

(3.10)

and the a posteriori SNR γ (k,ℓ) , and a priori SNR ξ (k,ℓ) are given respectively by:
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2

Y (k,ℓ)
γ (k,ℓ) = 2
σ d (k,ℓ)

.

σ s2 (k,ℓ)
ξ (k,ℓ) = 2
.
σ d (k,ℓ)

(3.11)

(3.12)

The “decision–directed” approach of Ephraim and Malah (1984) is used to estimate the a
priori SNR:

ξ! (k,ℓ) = α GH2 1 (k,ℓ − 1)γ (k,ℓ − 1) + (1− α )max {γ (k,ℓ),0} ,

(3.13)

where, α is a weighting factor that controls the tradeoff between noise reduction and
signal distortion (Ephraim and Malah, 1984). GH1 is the spectral gain factor (Ephraim and Malah,
1985).
q(k,ℓ) = P(H 0 (k,ℓ) | Y (k,ℓ)) is the a priori probability for signal absence which has

values ranging from 0 to 1 and can be estimated by the minima controlled estimation procedure
proposed by Cohen (2003). This procedure basically consists of two iterations of smoothing and
minimum tracking. In the first iteration a rough estimate of signal presence in each frequency
band is made. Then, in the second iteration, the smoothing excludes relatively stronger signal
components.
After noise estimation we normalize time-frequency coefficients using this estimation.
The time–frequency plane is then segmented into disjoint rectangular macroblocks Mj, of length
Lm in time and width Wm in frequency.
3.3.2. Time-Frequency Denoising
Each Fourier coefficient is shrunk using an attenuation factor, akℓ , calculated based on
the magnitudes of the neighboring coefficients in a square block Bi, with size Lb × Lb centered
on the coefficient (Fig. 3.1), where Lb is a positive odd number.
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λ2
akℓ = (1− 2 )+ .
S

λ ≥ 0 is the threshold level and S 2 =

∑Y

2
kℓ

(3.14)

is the L2-energy of the noisy coefficients in

k,ℓ∈Bi

the neighboring block Bi. (g)+ is defined as: (g)+ = max(g,0) .

Fig. 3.1. Schematic representation of partitioning time-frequency coefficients shown by open
circles into macro blocks and neighboring blocks. Macro blocks are shown with the dashed lines
where Lm and Wm are length and width of macroblocks respectively. Gray solid lines are
representing blocks of neighboring coefficients with size Lb × Lb used for calculation of the
attenuation factor for the central coefficients shown by solid circles.
Optimal block size L*b and threshold level λ * , inside each macroblock are chosen by
minimizing the mean squared error or expected risk R = E{ s − s! } . However, risk cannot be
2
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calculated since, in reality, s is not known. So, following Cai and Zhou (2009) we estimate the
risk by Stein’s unbiased risk estimate (SURE) using the observed data.
Stein (1981) showed that given a multivariate normal observation y ∼ N( µ, I ) , µ ∈! P ,
and a nearly arbitrary estimator µ! = y + h(y) with h : ! p → ! p being weakly differentiable and
L

∇h = ∑ (
i=1

⎧L ∂
⎫
∂
)hi (y) . If E ⎨∑ ( )hi (y) ⎬ < ∞ , then the risk of estimator µ for normalized
∂yi
⎪⎩ i=1 ∂yi
⎭⎪

coefficients by noise level ( σ 2 = 1 ) can be estimated by:
2
R! = L + h(y) 2 + 2∇h(y) .

(3.15)

Similarly over the block Bi, the estimate of the signal coefficients, S! , can be written as:

!
S(k,ℓ)
= a(k,ℓ)Y (k,ℓ) = Y (k,ℓ) + h(Y (k,ℓ)) .

(3.16)

According to (3.14) for the nth coefficient Yn, we have:

⎧ λ2
⎪ − Y
hn (Yn ) = S!n − Yn = ⎨ S 2 n
⎪ −Y
n
⎩

(Sn > λ )

.

(3.17)

∂hn
,
n=1 Yn

(3.18)

(Sn ≤ λ )

Then the risk within one block can be estimated by:
L2

L2

SURE(Y , λ , L ) = L + ∑ hn (Yn ) 2 + 2∑
2

2

2

n=1

where

⎧ λ4
⎪⎪ 4 Yn2
2
hn (Yn ) 2 = ⎨ Sn
⎪ Y2
n
⎪⎩
and
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(Sn > λ )
(Sn ≤ λ )

,

(3.19)

2
2
⎧
2 S − 2Yn
Yn2
∂hn ⎪ − λ
Sn4
=⎨
∂Yn ⎪
−1
⎩

(Sn > λ )

.

(3.20)

(Sn ≤ λ )

The optimal block size L2* and threshold level λ* then can be selected by:

(λ , L2* ) = arg min SURE(Y , λ , L2 ) .

(3.21)

3.3.3. Summary of the algorithm
The outline of the algorithm can be summarized as follows:
I.

Transform the time-series data into the time–frequency atoms through the

STFT (equation 3.2).
II.

Estimate the noise level from STFT coefficients signal using recursive

averaging (equations 3.7).
III.

The optimal block size L* and threshold level λ* for coefficients are

estimated by minimizing Stein’s unbiased risk estimate (equation 3.21).
IV.

Time-Frequency coefficients inside each block are modified using

calculated attenuation factor (equation 3.14).
V.

The final denoised signal is obtained via the inverse STFT of modified

coefficients.
3.4. Results
We first apply the algorithm to noise-contaminated version of a synthetic seismic signal
used in Mousavi and Langston (2016). In this way, the shape of the denoised signal and the onset
time of the first pulse can be compared to the synthetic signal and results of the two denoising
methods can be compared. Afterwards, the denoising algorithm will be applied to field seismic
data.
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3.4.1. Synthetic Test
A local synthetic seismogram (Fig. 3.2) and its contaminated version with random noise
are used for a synthetic test. Result of the denoising algorithm and the comparison of its
performance with other methods is shown in Fig.3.3 and Table 3.1 respectively. Performance of
denoising algorithm improves as SNR of the input increases. In Table 3.1 performance of the
proposed method on the synthetic signal for the worst case (SNR=1.3) is compared to the
bandpass filtering, hard- and soft-thresholding, and hybrid block thresholding (Mousavi and
Langston, 2016). Proposed method does not achieve the performance of soft and hybrid block
thresholdings. However, its performance is quite close to hard thresholding and superior to the
bandpass filtering. Comparing results with the hybrid approach in Mousavi and Langston,
(2016), the accuracy of denoising in terms of preserving waveform shape and polarity of
emergent arrivals, is lower. The root-mean-square-error (RMSE) between the denoised and
synthetic signal is 0.06 and maximum cross-correlation coefficient is only 0.7. However, this
method is an order of magnitude faster to implement and can be used for real time processing
without knowing any pre-information about events such as arrival times and noise level.

Fig. 3.2. a) The synthetic seismogram and its associated STFT. Details on calculation of the
synthetic signal are given in Mousavi and Langston (2015).
The algorithm is successful in removing the background noise and improving the SNR
significantly. However, the signal-leakage energy is relatively high. Data around the maximum
amplitude are mostly preserved but the P and S coda parts are strongly attenuated. The polarity
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of the S phase is preserved (Fig. 3.3). Compared to the noise estimation in the wavelet domain
(Donoho and Johnston, 1994), recursive averaging’s estimate is biased toward higher values. The
overestimation of noise level can cause some part of the signal energy to be attenuated as well as
the noise. However, this might not be a problem in some applications such as event detection
where the focus of the denoising is more on improving the SNR. Moreover, the signal leakage
can be moderated by either improving the automatic noise estimation to attenuate less signal
energy or using approaches such as signal-and-noise orthogonalization (Chen and Fomel, 2015)
to predict the attenuated signal energy and retrieve it back.
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Fig. 3.3. Left, synthetic signal plus random noise. Right, result of denoising algorithm and
zoomed windows around P and S. Signal to noise ration of input data increases from top to
bottom.
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Sensitivity of the denoising algorithm to noise level has been presented in Fig. 3.4.
Performance of the method is very good (RMSE < 0.02) when SNR of input is greater than 5.
Increase in denoising error is more severe for SNR of lower than 1.5. We found that the window
size for the time-frequency transform and recursive averaging was very important in applying the
algorithm. It is better to select a window size long enough to contain both signal and noise
samples.
Table 3.1.
Root-mean-square error (RMSE), signal-to-noise ratio (SNR), and maximum
correlation coefficients between denoised and original signal (CC) from the
synthetic test using bandpass filtering between 5 and 20 Hz, Hard and Soft
Thresholding (Donoho and Johnston, 1994), and Hybrid Block Thresholding
(Mousavi and Langston, 2016)

Fig. 3.4. Sensitivity test of the proposed method to SNR of input.
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3.4.2. Field Seismic Data
Background noise is a challenging problem encountered in surface monitoring of
microseismic events. We have applied the algorithm to two data sets. The first data set consists
of a two-hour length of vertical record containing microseismic events induced during
wastewater injection in central Arkansas (Fig. 3.5). This seismogram was recorded by a
broadband seismometer (Station CH2 at 35.3341N, -92.2982W) at the surface in 2011.
Hypocentral distances are between 1.7 to 2.5 km and event sizes range between 0.32 to 0.78 Mw.
The second data set includes borehole, near-surface, and surface records of microearthquakes
associated with an underground collapse of a cavern in Bayou Corne, Louisiana, in 2013.
In the case of microearthquakes induced by wastewater injection (Fig. 3.5), noise with
higher and lower frequency content, compared to the signal frequency, was attenuated from the
time-frequency representation of the data and SNR was increased. In addition to wide spread
random noise, strong coherent noises exist at around 18, 27, and 52 Hz. These continuous noises
are present in almost entire time span and removal of these concentrated noises after denoising
indicates that the proposed algorithm is capable of removing colored noises as well. Seven
microseismic events are marked in denoised trace. Zoomed windows around each event before
and after the denoising are presented in Fig. 3.6. As you can see there coda energy was removed
from seismograms after the denoising. There are some changes in the amplitudes after the
denoising due to the superposition of noise and seismic signal and effects of the denoising by
modifying time-frequency coefficients. However, overall waveform shapes and polarity
remained the same.
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Fig. 3.5. Denoising real seismic data. The left column shows presumably induced microseismic
events due to wastewater injection in central Arkansas in 2010 recorded by a broadband
seismometer at the surface. The right column shows the same trace and its STFT after denoising.
Second data set consists of record of microseismic events recorded by three receivers
installed at the bottom, and middle of a single borehole located at 30.0134° N, 91.1439° W and
one broadband instrument at the surface near the borehole (located at 30.0087° N, 91.1398° W
almost 1 km south east of the borehole) at Bayou Corne, Louisiana. In this study, we have just
used 7.5 minutes long vertical component seismograms recorded by each instrument on 1
November 2013 to verify performance of the proposed algorithm (Fig. 3.7). As we go from
bottom of the borehole to the surface (Fig. 7a-1 to c-1) noise level is increased. Seven events
associated with the underground collapse of a cavern near the borehole are clearly observable on
recorded seismogram by a 2-Hz geophone at the bottom (~287 m deep) of the borehole (Fig.
3.7a-1). However, these events are not clear on the data recorded by 3C broadband sensors in the
same borehole near the surface (at ~ 190 m deep) (Fig. 3.7b-1) and at the surface (1 km south
east of the borehole) (Fig. 3.7c-1). SNR for the near surface data improved after band-pass
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filtering between 2 and 20 Hz (Fig. 3.7b-2). This is because most of the noise in near surface has
lower-frequency compared to microseismic events. Hence, spectral filtering helps to reveal most
of the events that were covered by background noise. However, filtering does not improve SNR
of surface data (Fig. 3.7c-2) because of the presence of some high-frequency noise within the
frequency range of the seismic events. In the right panel data are presented after denoising by our
proposed method. Denoising is successful in removing the noise and significantly improving the
SNR in both near surface and surface data (Fig. 3.7b-3 and c-3). However, two small events at
150 and 300 seconds are missing in the surface data after denoising. One reason for this is that
the surface sensor is located further from two other sensors and possibly the source of these two
events. The one kilometer distance between this surface sensor and the borehole sensors can be
enough to attenuated the energy of these smaller events. However, revealing microearthquakes
that were buried under background noise has special importance for microseismic detection,
which is a challenging problem in surface monitoring of microseismic events.
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Fig. 3.6. Zoomed windows around seven events marked on the Fig. 3 before (top plot in each
panel) and after (bottom) the denoising.
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Fig. 3.7. 7.5 minutes long vertical seismograms passively recorded (with 200 samples per
second) in November 1st 2013 at Bayou Corne, Louisiana. a) A three-component 2-Hz geophone
(LA17.01) at the bottom of a borehole (~287 m deep) located at 30.0134° N, 91.1439° W. b) A
three-component broadband sensor (Trillium-compact) (LA17.02) at the top of the same
borehole (~ 190 m deep). c) A three-component broadband sensor (Trillium-compact) (LA14) at
the surface located at 30.0087° N, 91.1398° W (1 km south east of LA17). The left panel are raw
data recorded in these stations and their short time Fourier transform (STFT). 7
microearthquakes induced by underground collapse of the cavern in the area are observable on
the borehole data, while near-surface and surface data are much noisier. Middle panel are the
same traces after band-pass filtering between 2 and 20 Hz. As most of the noises in near-surface
data (b) have lower-frequencies compared to microseismic events, spectral filtering helps
revealing most of the events that were covered under background noise. However, filtering does
not improve SNR at the surface data because of presence of some high-frequency noises within
the frequency range of seismic events. In the right panel data are presented after denoing by
proposed method of this study. Denoising is successful in removing the noise and significant
improvement of the SNR.
3.5 Discussion and conclusion
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Typical microseismic data are characterized by low signal-to-noise ratios (SNR) and
highly non-stationary noise and typically rely on array or cross-correlation based approaches to
enhance the SNR prior to processing. In this article, we have provided an alternative approach of
increasing the SNR of the microseismic data recorded on a single channel by filtering the data.
The proposed algorithm is based on neighboring thresholding in the short time Fourier transform
domain. An automatic noise level estimation based on minimum controlled recursive averaging
is embedded in the algorithm. Using the short time Fourier transform and automatic noise
estimation method makes the method fast and data-driven. The performance of proposed
algorithm was tested on synthetic and real seismic data.
Denoising microseismic data using the proposed method does not need coherent arrivals
in an array, a master event with high SNR, or parameters that need to be tuned manually. It is
adaptive to data type and can effectively attenuate the background noise in an automatic
procedure. The proposed method is a powerful denoising approach well suited for real time
applications and can significantly improve SNR. Denoising the recorded data as proposed here
will significantly lower the detection threshold and allow small seismic events to be detected
more easily. Time-frequency denoising can be combined with detection and phase picker
algorithms in the time-frequency domain such as those proposed by Karamzadeh et al. (2013),
Bogiatzis and Ishii (2015) or Mousavi et al. (2016). This will be of interest particularly to the
denoising of microseismic data acquired using surface arrays that can show strong spatial noise
variability and to seismic hazard studies which are typically acquired using 10's or fewer
seismometers. However, the proposed method can have other applications, such as attenuation
estimations or seismic hazard studies. Denoising the signal can assemble the spectral content
more precisely and decrease the uncertainties in Q estimation (McNamara et al., 2012; Mousavi
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et al., 2014), improving the ability of models to match observations. This method has potential to
be used in seismic hazard studies in urban areas where strong spatial noise variability exists (e.g.,
Mousavi et al., 2011).
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Chapter 4
AUTOMATIC MICROSEISMIC DENOISING AND DETECTION USING THE
SYNCHROSQUEEZED-CONTINUOUS WAVELET TRANSFORM

4.1. INTRODUCTION
Microseismic tremors are low amplitude events with negative earthquake magnitude,
typically between -3.0 and 0.0, that correspond to brittle failure mainly attributed to the reduction
in effective stress (Maxwell, 2005). Passive microseismic monitoring has been used in the
mining industry for assessing safety from rockbursts and the state of stress within a mine for
more than a hundred years (Mendecki, 1993), in the exploration of water reservoir induced
seismicity for at least five decades (Simpson et al., 1988) and in the geothermal industry (e.g.,
Pearson, 1981), but its application in the oil and gas industry is relatively new. However, there
has been rapid growth in the application of monitoring of microseismic events induced by
hydraulic fracturing and mining during the last 30 years (Maxwell, 2005; Duncan and Eisner,
2010; Shemeta and Anderson, 2010; Rosca and Maisons, 2012).
In the mining and hydrocarbon setting, microseismic signals are recorded by sensors
either distributed at the surface or in monitoring borehole(s). The accuracy and precision of the
inverted locations in passive monitoring depends on both the signal-to-noise ratios of recorded
data and the spatial distribution of the receivers. Usually downhole monitoring provides better
detection due to a higher signal-to-noise ratio, however, precise location of events might be
difficult, especially in the case of a single monitoring well (Eisner et al., 2009). Unlike the
accurate depth estimation, epicentral errors for microseismic events located using downhole
arrays, increase as a function of distance from monitoring well. On the other hand, although

108

surface monitoring often suffers from low signal-to-noise ratio, epicentral solutions are more
precise due to the feasibility of placing receivers at multiple azimuths and offsets. However, one
of the major challenges in surface monitoring remains in distinguishing noise from the signal
(Eisner et al., 2010).
Accurate and reliable automatic detection and onset-time estimation is a crucial step in
the processing of passive microseismic data, which is influenced by the signal-to-noise ratio of
data and can affect other attributes such as source location determination, source mechanism
determination, and hazard assessment (Maxwell, 2008). Hence, in the last three decades,
numerous algorithms have been developed for automatic detection (including simultaneous
detection and onset picking) based on energy analyses and characteristic functions (CF) (e.g.,
Panagiotakis et al., 2008; Saari, 1991; Ruud and Husebye, 1992; Earle and Shearer, 1994), the
ratio of short-term average to long-term average (STA/LTA) (e.g., Allen, 1978; Berand and
Kradolfer, 1997), polarization analyses (e.g., Vidale, 1986; Jurkevic, 1988; Magotra et al.,
1987,1989; Anderson and Nehorai, 1996; Amoroso et al., 2012), artificial neural networks (e.g.,
Dai and MacBeth, 1995 , 1997; Wang and Teng, 1995; Mousset et al., 1996; Zhao and Takano,
1999; Gentili and Michelini, 2006), fuzzy logic theory (e.g., Chu and Mendel, 1994 ), the timedelay technique and graph theory (e.g., Taylor et al., 2011), autoregressive techniques (e.g.,
Maeda, 1985; Leonard and Kennett, 1999; Sleeman and van Eck, 1999 ; Leonard, 2000 ; Zhang
et al., 2003), maximum likelihood methods (e.g., Christoffersson et al., 1988; Robert et al.,
1989), empirical subspace detector (e.g., Barrett and Beroza, 2014), the wavelet transform (WT)
(e.g., Anant and Dowla, 1997; Botella et al., 2003; Simons et al., 2006; Karamzadeh et al., 2013;
Bogiatzis and Ishii, 2015), PageRank (e.g., Aguiar and Beroza, 2014), higher-order statistics
(HOS) (e.g., Yung and Ikelle, 1997; Poletto, 2000; Saragiotis et al., 2002, 2004; Küperkoch et
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al., 2010; Lois et al., 2013), hybrid HOS and time-frequency analyses (e.g., Saragiotis et al.,
1999; Galiana-Merino et al., 2008; Tselentis et al., 2012), and hybrid HOS and polarization
analysis (e.g., Nippress et al., 2010; Baillard et al., 2014; Ross and Ben-Zion, 2014). However,
the presence of the seismic noise can overly affect performance of these methods. Hence, the
development of robust and accurate automatic algorithms that perform satisfactorily for general
situations, that account for differences in source type, distance, noise level, and instrument
response, remains a nontrivial, active field of research (Withers et al., 1998).
The automatic detection of small events can be improved through signal enhancement.
Microseismic filtering is typically performed by frequency filters, which are inadequate due to
the overlap in frequency content of the signal and noise. Another approach in microseismic
monitoring using surface arrays is to enhance the signal using array processing techniques such
as f-k analysis (e.g., Naghizadeh 2011) or f-x filtering (Bekara and van der Baan, 2009;
Naghizadeh and Sacchi, 2012; Chen and Ma, 2014). However, these methods require sufficient
coherency in the arrival across the array. The other filter typically used are match filters
(Gibbons and Ringdal, 2006; Eisner et al., 2008) which require an a-priori event with high SNR
to act as a “master” or template event for the cross correlation with the continuous waveform.
Seismic signal and noise often have non-stationary frequency content and vary over time
(e.g., MacNamara and Buland, 2004). These time varying characteristics of the frequency
content have been shown to contain useful information for the study of micro earthquakes
induced by hydraulic fracturing (Pettitt et al., 2009; Das and Zoback, 2011; Tary and van der
Baan, 2012; Tary et al., 2013). Time-frequency representations (TFR) can give an insight into
the complex structure of a signal consisting of several components by displaying the frequency
components and their amplitudes for a given time. The advantage of using a time-frequency
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transforms (TFT) for the filtering, in contrast to the more traditional spectral filtering, is that it
allows for noise in the same passband as the signal to be identified and excluded from the signal
so long as it is temporally separated from signal arrivals.
Two examples of seismic denoising using time-frequency transforms include utilizing the
wavelet transform with a thresholding criterion by Sobolev and Lyubushin (2006) for the
analysis of earthquake precursors, and an application of the S-transform and the customized
thresholding for optimal denoising by Parolai (2009). Galiana-Merino et al. (2003), showed that
using the wavepacket transform in standard thresholding of seismic waveforms can result in
fewer artifacts in estimating the arrival time of the denoised signal compared to traditional
discrete wavelet thresholding methods. In a more recent study Han and van der Baan (2015) used
ensemble empirical mode decomposition and adaptive thresholding for the microseismic
denoising. However, these methods are either not very effective for removing high-amplitude
noise of surface microseimic data without distorting emergent arrivals of the signals (e.g.,
Galiana-Merino et al., 2003; Parolai, 2009) or they are not fully automated and have parameters
that need to be tuned manually (e.g., Han and van der Baan, 2015).
This paper introduces an automatic and adaptive algorithm for simultaneous noise
reduction and detection of microseismic events based on the so-called synchrosqueezed continuous wavelet transform (SS-CWT) and customized thresholding (CT) algorithm.
Synchrosqueezing is a special case of reassignment methods that aim to provide a sharpened
continuous wavelet representation by applying a post-processing reallocation of the original
representation (Daubechies and Maes, 1996; Daubechies et al., 2011). It was originally
developed for the continuous wavelet transform in audio signal processing (Daubechies et al.,
2011) and shown to be a powerful and promising tool for precise identification and extraction of
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constituent components of multicomponent signals with time-varying frequency and amplitude
(Wu et al., 2011; Li and Liang, 2012; Thakur et al., 2013; Yang, 2015). Compared to
conventional transforms and classical reassignment methods, Synchrosqueezing is visually more
informative and adaptable to a wide variety of signals (Thakur et al., 2013). Hence, it has been
successfully applied to time-frequency analysis of vibration monitoring (Li and Liang, 2012),
paleoclimate time series (Thakur et al., 2013), and seismic data (Herrera et al., 2014; Tary et al.,
2014; Herrera et al., 2015).
In the following sections a brief theoretical introduction to the SS-CWT transform and
wavelet denoising will be presented, as well as details of the proposed method. The algorithm
will be tested on a synthetic signal contaminated with field seismic noise to study the robustness
of the proposed method for the denoising. It will also be applied to a continuous record of
microseismic events, where results are compared to standard thresholding and detection
methods. The comparison shows that our proposed method yields higher SNR as well as being
more reliable for detection and onset time picking.
4.2. THEORETICAL BACKGROUND
4.2.1. SynchroSqueezing-continuous wavelet transform (SS-CWT)
The main assumption behind synchrosqueezing is that smearing in the time-frequency
representation mainly occurs in the scale frequency axis, and is negligible along the time axis.
Hence, concentrating the time-frequency map into the most representative instantaneous
frequencies will decrease the smearing while still allowing reconstruction of the signal.
SS-CWT is performed in three steps. First, we assume that the signal s(t) is a
superposition of nonstationary components that can be efficiently decomposed to time–scale
“atoms” using the CWT (Herrera et al., 2014):
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K

s(t) = ∑ fk (t) + ε (t)

,

(4.1)

k=1

where s(t) is the recorded time series, fk (t) represent various seismic signals corrupted
by additive Gaussian noise, ε ~ N(0,σ 2 ) , and K is the number of components in the signal.
The idea behind the CWT is to apply a prototype analyzing function known as the
"mother wavelet" as a band-pass filter over the time series. For a given mother wavelet ψ , the
CWT of s(t) at scale a and time shift τ is given by (Grossman and Morlet, 1984; Daubechies,
1988,1992; Heil and Walnut, 1989; Farge, 1992)

Ws (a, τ ) = s,ψ a,τ = ∫ s(t)a −1/2ψ * (

t −τ
)dt ,
a

(4.2)

where the * is the complex conjugate, y,ψ a,τ is the inner product in L2(R), and Ws is the
coefficient representing energy of the observed signal s(t) at scale a. The mother wavelet must
satisfy the admissibility condition, that is, if ψ is integrable, it has zero mean, or
∞

∫ ψ (t)dt = 0

(4.3)

−∞

If the function s(t) is discrete, then equation (4.2) becomes a summation of the signal
with the scale and normalized wavelet kernel.
2
The CWT is an inner product in L (R) (Mallat, 1999), and can be described as a series

of cross-correlation operations between the signal s(t) and a number of wavelets that are scaled
and translated versions of the original mother waveletψ . The variable length of the mother
wavelet leads to a more flexible trade-off between time and frequency localization compared to
the short-time-Fourier transform (STFT) but still, the energy is spread out in the time-scale
plane, which results in a blurred time-frequency representation.
113

The instantaneous frequencies are ridges in the time-frequency representation (Auger et
al., 2013). The CWT representation is improved by a reassignment step, squeezing the energy
around the ridges (condensing the CWT coefficients at each time point along the scale axis).
Hence, in the second step, an initial estimation of the instantaneous frequency ω s (a, τ ) is
calculated from Ws using:

ω s (a, τ ) =

−i
∂Ws (a, τ )
, for Ws (a, τ ) ≠ 0 .
2π Ws (a, τ )
∂τ

(4.4)

The information from the time-scale plane is transferred to the time–frequency plane,

(a, τ ) → ω s (a, τ ), τ = s(ω ,t) ; this operation is called synchrosqueezing (Daubechies et al.,
2011). The frequency variable ω and the scale variable a are binned, i.e., Ws (a, τ ) is computed
only at discrete values ak , with ak − ak−1 = (Δa)k , and its synchrosqueezed transform Ts (ω , τ ) is
1
1
likewise determined only at the centers ω ℓ of the successive bins [ω ℓ − Δω , ω ℓ + Δω ] , with
2
2

ω ℓ − ω ℓ−1 = Δω , by summing different contributions:
Ts (ω ℓ , τ ) = (Δω )−1

∑

ak :|ω (ak ,τ )−ω ℓ |≤Δω /2

Ws (ak , τ )ak−3/2 (Δa)k ,

(4.5)

In this way synchrosqueezing provides a concentrated representation of multicomponent
signals in the time-frequency plane that allows for separating and demodulating different wave
modes. The discretized version of Ts (ω ℓ , τ ) in equation (5) can be represented by T!s! (ω ℓ ,t m ) ,
where tm is the discrete time tm = t0 + mΔt with Δt the sampling interval, m = 0, ... , n – 1; n is the
total number of samples in the discrete signal s!m (Thakur et al, 2013).
Real parts of individual components sk can be reconstructed from the real part of the
discrete synchrosqueezed transform T!s! using the inverse CWT over a narrow frequency band
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ℓ ∈Lk (t m ) around the kth component (Herrera et al., 2014):

sk (t m ) = 2Cψ−1ℜe(

∑

T!s! (ω ℓ ,t m ))

,

(4.6)

ℓ∈Lk (t m )

where Cψ is a constant which is given in Thakur et al. (2013) depending on the mother
wavelet. Figure 4.1d shows sharpened time-frequency representation of SS-CWT compared with
STFT (Figure 4.1b) and CWT (Figure 4.1c).

Figure 4.1. a) Vertical component low-frequency microearthquake recorded during an
underground collapse of a cavern in the Napoleonville salt dome, Louisiana. Event is located 400
m from a surface station. Sampling rate is 200 samples per second. b) Short time Fourier
transform (STFT), c) continuous wavelet transform (CWT), and d) synchrosqueezed continuous
wavelet transform (SS-CWT) of the time series.
4.2.2. WAVELET DENOISING
In a wavelet denoising procedure, the goal is to estimate the signal f (t) (dropping the k
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index) in equation (4.1) from observations, s(t) , in a way that minimizes the mean squared error

f − f!

2

1 N −1
" ∑ f (t) − f! (t)
N t=0

2

,

(4.7)

where f! is the estimated signal. Let W be the wavelet transformation. Then the wavelet
transform of the noisy signal in equation (4.1) can be written as

Ws = W f + Wε ,

(4.8)

where Ws are the wavelet coefficients of the observed signal, Wf are the wavelet
coefficients of the seismic signal, and Wε representing the wavelet coefficients of the noise. Now
let Thr(.) be a wavelet thresholding function. Then, wavelet thresholding based denoising
schemes can be expressed as follow

f! = W −1 (Thr(Ws ))

,

(4.9)

where W −1 is the inverse wavelet transform.
The most common choices for Thr(.) are "hard" or "soft" thresholding functions. The
hard-thresholding function chooses all wavelet coefficients that are greater than a given threshold

λ and sets the others to zero.
⎧⎪ W
ηλhrd (Ws ) = ⎨ s
⎪⎩ 0

if Ws ≥ λ
otherwise

,

(4.10)

where λ ≥ 0 is the threshold level. Donoho and Johnston (1994) showed that for
Gaussian noise of variance σ 2 , an optimal threshold can be λ = σ 2 log e n , which is also
known as the universal threshold, for a signal with n samples. Donoho (1995) gives

σ = median(Ws − median(Ws ) ) / 0.6745 as the estimates level of noise from coefficients of the
observed signal. If a wavelet coefficient is greater than λ , we assume that it is significant and
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attribute it to the original signal. Otherwise, we consider it to be due to the additive noise and
discard the value.
The other popular scheme is called soft-thresholding (also known as "shrinkage"), where
wavelet coefficients are shrunk by λ toward zero.

⎧ Ws − λ if ,Ws ≥ λ
⎪⎪
ηλsft (Ws ) = ⎨
0
if , Ws < λ
⎪ W + λ if ,W ≤ − λ
s
⎪⎩ s

(4.11)

Hard-thresholding is known to yield abrupt artifacts in the denoised signal (Chang et al.,
2000). On the other hand, it is known that soft thresholding produces smaller errors, but often
results in over smoothing the denoised signal. Another option with more moderate behavior is
customized thresholding (CT) proposed by (Yoon and Vaidyanathan, 2004), as:

ηλctm,γ ,α

⎧
Ws − sgn(Ws )(1− α )λ
if , Ws ≥ λ
⎪
=⎪
0
if , Ws ≤ γ
⎨
Ws − γ 2
Ws − γ
⎪
⎪ αλ ( λ − γ ) {(α − 3)( λ − γ ) + 4 − α } otherwise
⎩

,

(4.12)

where 0 < γ < λ and 0 ≤ α ≤ 1 . γ is the cut-off value, below which the wavelet
coefficients are set to the zero, and α is a parameter that determines the shape of the thresholding
function. This thresholding function is similar to hard-thresholding but with a smooth transition
around the threshold value. Hence, it can be viewed as a linear combination of hard and soft
thresholding and is shown to outperform both (Yoon and Vaidyanathan, 2004).
4.3. METHOD
The denoising method consists of the following steps: first, time series are transformed
into the time-frequency domain through the CWT (equation 4.2). Next, after the time-frequency
transformation, the existence of high-power, long-duration features outside of the frequency

117

band of microseismic events in the time-frequency representation is checked and if true, the
time-frequency map is decomposed into two segments and each segment is treated differently for
the denoising. Otherwise, the whole time-frequency representation is denoised similarly (using
the process defined for the high-frequency segment). In this study, low-frequency features are
thresholded by the soft thresholding scheme of Donoho and Johnston (1994) (equation 4.11)
because of its smoothing characteristics. For high-frequency features, high-energy arrival times
(associated with arrivals of seismic events) will be estimated using a characteristic function.
Next, both segments are Synchrosqueezed. In the SS-CWT domain characteristics of the noise
are determined from the pre-signal section of the high-frequency segment (based on estimated
arrivals of seismic signals in previous step) and SS-CWT coefficients are normalized to attenuate
dominant noise energy present in the frequency range of microseismic events. Next, the
normalized coefficients of the high-frequency section and soft-thresholded coefficients of the
low-frequency section are put together to form the denoised time-frequency spectrum and
inverse transformed into the time domain to obtain the primary denoised signal. The denoised
signal is further improved by a post-denoising step. To do so, the denoised data are transferred
into CWT domain again and coefficients are thresholded using customized thresholding scheme
(i.e., equation 4.12). Next, attenuated CWT coefficients are processed into the SS-CWT domain
and microseismic events are detected and onset-times estimated more accurately by the same
characteristic function using the cleaned spectrum.
In the following, the proposed procedure will be explained in more detail and
demonstrated through application to an example of microseismic data recorded during a
wastewater injection episode in central Arkansas, 2011.
4.3.1. Time-Frequency Segmentation
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Time-frequency denoising is based on the assumption that a signal’s energy is
concentrated in a few high-power time-frequency coefficients in a time-frequency representation,
while noise is represented by a larger number of coefficients with small values (sparcity). In the
time-frequency representation of microseismic data, where events span a short period of time and
are associated with relatively lower-power energy (compared to larger local or regional
earthquakes), existence of other high-power features (noise or long period signals) in the timefrequency map can affect the performance of time-frequency denoising and decrease efficiency.
Hence, one strategy would be to distinguish and eliminate effects of these features to increase
sparcity and, as a result, increasing denoising efficiency.
To do so, after transforming the data into the time-frequency domain, we separate the
major features of the time-frequency map. The CWT is designed to give good time resolution
and poor frequency resolution at high frequencies, and good frequency resolution and poor time
resolution at low frequencies. A common observation seen in the continuous wavelet
representation of passive microseismic records is that high power features span the entire length
of data within some limited frequency bands. Some of these features relate to dominant noise in
relatively narrow frequency bands within the frequency range of the microearthquake events.
Others occur in relatively lower-frequency bands (higher scales) outside of the dominantfrequency range of microseismic events. On the other hand, high-frequency (low scale) and timelocalizing features (low scales) that correspond to the seismic events do not last for the entire
duration of the time series and appear from time to time as short bursts (Figure 4.2c). We use this
characteristic to separate high-power low-frequency features out of the frequency range of
microseismic events. To do this, a characteristic function of the stacked amplitude of CWT
coefficients is calculated using all scales
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n

CF(τ ) = ∑ Ws (a, τ ) for a = 1,...,na ,

(4.13)

τ =1

where na is the number of scales. CF gives the distribution of coefficient magnitudes
along the scale axis. The existence of low-frequency features causes this function to have two
distinct peaks (Figure 4.2b). We check this by distinguishing between unimodality and
bimodality of a smoothed version of this function using Akaike’s information criterion difference
(AICdiff) (Akaike, 1974) (appendix 4.A).
Once high-power low-frequency features are found from the bimodality of the CF, then
the low-frequency and high-frequency components of the waveform are separated by finding an
optimum threshold scale factor a*, using Otsu’s method (Otsu, 1979) (appendix B). This optimal
value can separate wavelet coefficients into two clusters (Figure 4.2b). Using a*, wavelet
coefficients are divided into two segments with the upper segment containing coefficients
associated with lower-frequency components (Figure 4.2d) and the lower segment with
coefficients of the higher frequency components (Figure 4.2e).
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Figure 4.2. a) Two minute vertical component recording of microseismic events induced by
waste water injection in central Arkansas. Events are recorded by a broad band sensor, station
CH2 at 35.3341N, -92.2982W, at the surface in 2011. Hypocentral distances range between 1.7
to 2.5 km and event size ranges between -0.5 to 0.38 Mw. b) Histogram of the stacked function
CF. The smoothed function used for the Gaussian fit is shown by the green line. The optimal
scale value for separating long period and high frequency coefficients selected by Otsu’s method
is shown with the horizontal magenta line. c) The continuous wavelet scalogram of data. d) The
scalogram of the low-frequency segment. e) The scalogram of the high-frequency segment and
pre-signal noise section. f) The function DF (Eqn. 4.15) showing the cumulative energy
distribution. Black lines define the arrival of high energy signals.
4.3.2. Thresholding
Low-frequency features can be removed by high-frequency filtering for event detection
and onset time estimation purposes. The segmentation procedure proposed in the previous
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section can be interpreted as an automatic process for checking the existence of low-frequency,
long-duration features and finding the optimal corner frequency for high-pass filtering. However,
for more general denoising purposes, the low-frequency segment can be thresholded to preserve
non-noise features in this frequency band. For example, non-noise features can be long-period,
long-duration (LPLD) signals observed in the some hydraulic fracturing experiments (e.g.,
Zoback et al., 2012; Eaton et al., 2013) or very-long-period (VLP) signals observed in some
mining induced cases (e.g., Mousavi et al., 2015). Due to the smooth characteristics of lowfrequency features, this segment is thresholded separately using the soft-thresholding scheme of
(4.11) (Figure 4.3a and 4.3c).
Dominant noise within the microseismic-frequency band are distinguished and attenuated
within the high-frequency segment. To do so, data are transferred into the SS-CWT domain
(Figure 4.3b). Dominant frequency-bands of the noise within the signal’s frequency range are
determined from the high-resolution structure of noise coefficients in a time window from the
beginning of the time series to the first high-energy arrival. High-energy arrival times (Figure
4.2f) are estimated using a characteristic function, DF, which will be explained in the next
section.
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Figure 4.3. a) SS-CWT spectrogram of low-frequency segment. b) SS-CWT of high-frequency
segment. It is obvious from the spectrogram that most of the noise energy is concentrated in two
narrow frequency bands. c) SS-CWT spectrogram of low-frequency segment after softthresholding. d) SS-CWT spectrogram of high-frequency segment after normalization. e) The
zoomed window of pre-signal noise section (shown in Figure 2e with the yellow box) and the
stacked characteristic function CF and picked narrow bands around its major peaks. Purple
horizontal lines show frequency bands where the dominant energy of noise exists. f) Zoomed
window around SS-CWT spectrogram of an event in the after normalization.
Using the pre-signal noise, dominant coefficients are first highlighted by hardthresholding (equation 4.10) to keep the stronger noise coefficients. Then the characteristic
function CF (equation 4.13) is used to determine frequency bands with highest noise energy
(Figure 4.3e). In this way, the coefficients representing the dominant components of the noise are
detected and then normalized in each frequency band by:

⎧
T − M max )
⎪ Tr = Tr × ( r
Tr
⎪
⎪
⎨
Tr = 0
⎪
T
⎪
Tr = r
⎪
λn
⎩
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If , Tr > M max
If , λn < Tr ≤ M max
If , λn > Tr

,

(4.14)

where M max = mean(max Tn ) , Tr and Tn are the SS-CWT coefficients within each
narrow frequency band, respectively. With this normalization step we basically attenuate the
high-power coefficients associated with noise and increase the sparcity of the time-frequency
representation (Figure 4.3d and 4.3f).
In the next step, the normalized coefficients for the high-frequency section and
thresholded coefficients of the low-frequency section are put together and inverse SS-CWT
transformed to obtain the initial estimation of the signal, f! . This initial estimation will be
improved by a post-processing step to obtain the final denoised signal. This is done by
transforming again into the CWT domain and applying the customized thresholding (CT) of
(equation 4.12). For CT, the optimal threshold values are chosen at each scale based on the
wavelet coefficients of pre-signal noise and the coefficients are thresholded scale by scale.
Thresholded coefficients are then processed in the SS-CWT domain to detect events and to
estimate onset times using the procedure explained in the next section. The final denoised signal
is obtained by inverse transforming the denoised coefficients into the time-domain (Figure 4.4).
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Figure 4.4. a) Original seismogram of a number of microseismic events induced by waste fluid
injection in central Arkansas. b) The SS-CWT spectrum of the original data, c) denoised
seismogram and d) associated spectrogram respectively, e) zoomed windows of the original and
f) denoised signal around one event respectively. g) and h) SS-CWT representations of the same
event as e and f. X and XX indicate the zoomed boxes g) and h), respectively.
4.3.3. Arrival Time Detection
The most precise time localization of wave arrivals based on the CWT coefficients is
obtained at smaller scales. This characteristic of the CWT is very useful for detecting abrupt
changes in a continuous record associated with seismic signal arrivals. Abrupt changes in a
seismic record produce relatively large wavelet coefficients (in absolute value) centered around
the discontinuity. The following characteristic functions are defined to capture these abrupt
changes in energy distribution in the time-frequency representation and to estimate arrival times
of microseismic events.
First, the function DF is calculated by stacking of multi-scale envelopes of the timefrequency coefficients (Figure 4.5b):
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na

DF(a) = ∑ E(a, τ ) for τ = 1,...,n

,

(4.15)

a=1

where na is number of scales. E(a, τ ) is the envelope function of CWT coefficients for
scale a (Kanasewich, 1981) and is defined as
n

E(a) = ∑ Ws (a, τ )2 + Ws (a, τ )2 ,

(4.16)

τ =1

where Ws is the Hilbert transform of the time-frequency coefficients. Then, the running
energy ratio is calculated using DF:

∑
ER (τ ) =
∑
1

τ +L
i=τ
τ −L
i=τ

DF(i)
DF(i)

,

(4.17)

where, L is the length of the energy collection window preceding and following the test
point at τ . The final arrival-time estimate of the high-energy seismic signal is obtained by
computing:

ER2 (τ ) = ER1 (τ ) DF(a)

.

(4.18)

and finding the local maxima of ER2 which pass a given threshold value (Figure 4.5c).
The threshold value is set to be a fraction of the maximum peak value and defines the sensitivity
of detection.
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Figure 4.5. a) The denoised signal and detected events indicated by open circles. In addition a
zoomed window gives a closer view of one detected event. b) The envelope characteristic
function DF, and onset detections (purple vertical lines). c) Modified energy ratio ER2. Circles
are indication of detected events where local maxima of ER2 pass the threshold value). Purple
vertical lines indicate onset times of seismic events and are associated with the time when value
of DF start to rise (positive slope) and coincide with the local maxima of ER2.
4.4. RESULTS
4.4.1. Synthetic Tests
The denoising algorithm is applied to a known synthetic signal, which is contaminated
with the field seismic noise. We generated a simple pulse signal (similar to Galiana-Marino,
2003) as the synthetic with a dominant frequency of 7 Hz using a sampling frequency of 200 Hz
and damping factor of -6 (Figure 4.6a). This signal was designed to model low-frequency
microearthquakes recorded at the surface. Moreover, our goal was to observe the effects of the
denoising process on the polarity, time shift and smoothing of very-small emergent arrivals at the
very beginning of the signal buried under the background noise and track the changes on other
parts more easily. This signal was then contaminated with field seismic noise recorded by a
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surface broadband station during microseismic monitoring at Bayou Corne, Louisiana, and
additional random noise for a resulting SNR of 3 (Figure 4.6b). In our implementation of the SSCWT, we use a Morlet wavelet as the mother wavelet with 64 voices per octave. This was based
on cross correlation results of a small-window around the maximum amplitude of the synthetic
pulse and several different wavelets. Moreover, in testing different wavelets, we observed that
the Morlet, Shannon, and Hshannon wavelets tends to emphasize the noise structure as well as
discontinuities in a signal, such as the one associated with the first seismic arrival. Other
wavelets such as Mexican hat wavelet had the opposite effect. Selection of wavelet type based on
the seismic signal can be automated and be more adaptive to the signal nature using methods
suggested by Bogiatzis and Ishii (2015).
The result of our denoising approach was compared to frequency filtering and traditional
thresholding methods using other time-frequency representations.

128

Figure 4.6. a) The synthetic signal (a-1) and its SS-CWT (a-2). b) The synthetic signal
contaminated with field seismic noise and its transform. c) The denoised signal using the
proposed method and its transform, d) The denoised signal using the standard soft thresholding
method and its transform, and e) the denoised signal using the standard hard thresholding method
and its transform. f) Bandpass filtered data between 2 and 10 Hz.
Custom thresholding was done automatically for 54 different combinations of γ
(equation 4.12) (varying between 0.1 and 0.9 with a 0.1 increment) and α (varying between 0
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and 1 with a 0.2 increment) and the denoised result with the minimum root mean squared
difference (RMS) to the original signal was selected as the denoised signal.
The original signal, the noise-contaminated one, and the denoised signals using the
proposed method, soft-thresholding, hard-thresholding, and band-pass filtering are presented
along with their SS-CWT representations in the Figure 4.6. Figure 4.6b-2 shows that the entire
time-frequency plane exhibits signals of different amplitude but with more dispersed frequency
components and continuity in time indicating the presence of noise.
As can be seen from Figure 4.6, the best result in terms of removing most of the noise
within different frequency bands was obtained by our proposed method (Figure 4.6c-1 and 4.6c2). The highest cross-correlation (0.945), signal-to-noise ratio (178.8), and lowest root mean
squared error (0.035) were obtained (Table 4.1). However, this method was computationally
much expensive (39.97 second). Comparing performance of soft and hard thresholding, softthresholding achieved a relatively better results. In both soft and hard thresholding, some highfrequency and low-frequency noises were left (Figure 4.6d-2 and 4.6e-2). On the other hand,
band-pass filtering left the noises with the same frequency band as the signal untouched (Figure
4.6f-2). The most similar spectral structure to the original structure of the signal was obtained by
the custom procedure proposed in this study by removing most of the noise (compare Figure
4.6a-2 and Figure 4.6c-2). The common features between denoised signals are small oscillations
at the end of the signal and smoothing of the emergent arrival (Figure 4.6c-1, 4.6d-1, 4.6e-1, and
4.6f-1). Galiana-Marino (2003) also observed these kinds of oscillations in wavelet-based
denoising methods and suggested that it can be reduced by better selection of the maximum
decomposition level. If we compare the results based on preserving small-amplitude emergent
arrivals around 4.5 second, spectral filtering (Figure 4.6f-1) was not successful in revealing these
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small features. Many small amplitude and similar features associated with the noise remained in
the waveform. Our customized denoising process did a better job in preserving small amplitude
features of the signal after 4.5 sec.

Compared to soft and hard thresholding, customized thresholding changed the amplitude
of the signal, which is expected due to the normalization step on the SS-CWT coefficients, but
the polarization remains unchanged and the overall shape of the signal is better retained. The
emergent arrival of the reconstructed signal is clearer than on the noise-contaminated one (Figure
6b-1), indicating that phase picking would be better performed using the denoised signal.
4.4.2. Field Seismic Data
We applied the method to passively recorded, high noise microseismic data in order to
test the efficiency of the method in denoising, automatic detection, and first-arrival time
estimation. Data were recorded by a broadband seismometer located at the surface in Bayou
Corne, Louisiana, during microseismic monitoring of the area in 2013. Microseismic events were
associated with the underground collapse of a cavern within the Napoleonville salt dome. Events
are located within the caprock and salt body, 400 to 1200 m from the receiver and their moment
magnitudes range from Mw-1.7 to 0.59. The root-mean-square amplitude of the signal of the
selected event in figure 4.7 to the preceding noise (SNR) is 1.1, which is insufficient to
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determine a precise arrival time. Band-pass filtering within the band of 1-10 Hz increases the
SNR to 4.13. We applied our denoising method to 2.5 hours of vertical component data. The
proposed method removed most of the noise and increased the SNR of the selected event to
12.63 (Figure 4.7b).
Testing both the proposed method and a standard STA/LTA algorithm on the data gives
close results in terms of the detection rate; denoising-based method of this study yielded a
detection of 16 events out of 18 events presented in the time series and, STA/LTA detected 14
events. However, it seems denoising-based method is more sensitive to the detection of small
and close events in time (compare the two extra events detected by this method presented in
magnified windows in Figure 4.7 and two sample events detected by STA/LTA in Figure 4.8).
Moreover in proposed method the characteristic function triggers very close to the time of first
arrivals, while STA/LTA does not yield an accurate onset detection.
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Figure 4.7. Field microseismic data after the denoising and detection using the proposed method.
a) Vertical ground-motion showing microseismic events recorded at station LA14 at Bayou
Corne, Louisiana, in October 2013 and a zoomed window (Z1) around a selected event. b) The
denoised seismogram using the proposed method and a zoomed window (Z2) showing a closer
view of the event after denoising onset pick. Vertical purple lines indicate onset time estimations
associated with local maxima and triggering points on the energy ratio function. Two magnified
window on top show extra events detected by this method compared with the STA/LTA. c) The
characteristic function DF, calculated from the energy envelope. d) Blue solid line is the ER2
function, light gray area shows the threshold limit (% 15 of max) for the detection triggering and
yellow circles indicate local maxima in the ER2, which pass the threshold limit. The zoomed
window (Z4) shows the function associated to one detected event.
We compare the detected onsets for some events obtained with the two methods (Figure
9). This clearly illustrates the good performance of the proposed method by improving both the
SNR, and accuracy of the onset detection. We can see clearly that thresholding times for the
denoised-based method appear to be very close to the onset time while the STA/LTA does not
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have this capability.

Figure 4.8. Field microseismic data after bandpass filtering and detection using the STA/LTA
method. a) Vertical ground-motion record of microseismic events. Same scheme as Figure 7. b)
The data have been bandpass filtered between 1 to 10 Hz and a zoomed window associated with
the same event as in Figure 7 is shown (Z2). Vertical purple lines indicate triggering points on
STA/LTA function. Two magnified windows on top show two examples of detected events. A
delay between the onset time and triggering point can be seen fro these small windows. c) The
STA (red) and LTA (blue) functions. d) The STA/LTA function. Light gray area represents the
threshold limit and yellow circles indicate where the STA/LTA ratio passes the threshold limit.
In Figure 9a, STA/LTA was triggered with two cycles delay compared to the onset time,
while the proposed method was very sensitive to a very emergent pulse before the first impulsive
arrival. Although denoised and filtered waveforms look slightly different, but form bandpass
filtered data (on right) it can be seen that the picked onset time (on left) occurred at the same
time as the upward impulsive arrival. More or less the same pattern (earlier picks by the
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proposed method compared to the STA/LTA) is observed at Figures 4.9b, 4.9d, 4.9e, 4.9f, and
4.9h where picked onset times using both methods are close (within one to three cycles and less
than one second) but with more accurate onset times for emergent arrivals for the proposed
method of this study. However, in Figure 9c there is more than 3.5 second time delay for the
arrival time picked by the STA/LTA while the onset time picked by the time-frequency method
of this study is very close to the actual first arrival time. This implies more consistent results for
the proposed method. Although, in Figure 4.9g the onset time picked by the proposed method
looks relatively early. However, this is less than 0.5 second and coincides with a very very
emergent pulse prior to the impulsive arrival.

Figure 4.9. Zoomed windows around the beginning of eight events detected by both methods. In
each panel, the left column shows denoised seismograms and triggering points (vertical purple
lines and circles) associated to the maxima of defined characteristic function (ER2) and right
columns are band-pass filtered seismograms and triggering points (vertical purple lines) based on
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STA/LTA function. A delay between onset time and triggering points is observed on events
detected by STA/LTA. While, triggering points on the denoised seismograms occurred right
before very emergent arrivals at the beginning of the signals.
4.5. DISCUSSION
In this study we have proposed a new denoising and automatic onset detection algorithm
based on the synchrosqueezed-continuous wavelet transform (SS-CWT) and customized
thresholding (CT). We have compared the proposed method with conventional denoising
methods of soft and hard thresholding and the well-known STA/LTA method for event detection.
The proposed method has been applied to both synthetic and field seismic data. The denoising
method presented in this paper dynamically adapts to the characteristics of the signal. Results
show that the new method considerably improves signal-to-noise ratios and onset detection
compared to conventional methods.
The main advantage of the SS-CWT transform is its high resolution and decomposition
properties that makes the identification of the spectral structure of the noise possible and
improves the efficiency of thresholding by increasing the sparsity of the time-frequency
representation through a normalization step.
Simultaneous denoising and detection is shown to increase the accuracy of onset
detection improving the efficiency of event detection. Because of the inherent crosscorrelation
characteristic of the CWT, the proposed method can be compared with the denoising method of
Eisner et al. (2008). In match filtering (also known as the master-slave method) one event with
high SNR is selected as the master event, a very narrow window around the peak amplitude is
zero-lag crosscorrelated with the continuous waveform, and then the crosscorrelation coefficient
traces from different stations are stacked to increase the SNR. The success of this method is
based on the inherent ability of the crosscorrelation in matching similar events and automatic
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removal of the move outs between the resulting coefficient traces. However, the selection of one
master event is the limiting factor in the process, which limits the efficiency of the method to
similar events with close hypocenters and similar mechanisms. In the CWT-based method
discussed in this paper, a mother wavelet with high correlation with the maximum energy of one
event (equivalent to the master event) is selected, and is used in the cross correlation with the
continuous record. The flexibility of the method is increased by the scaling procedure of the
mother wavelet. The characteristic function (equation 18) can be interpreted as stacking the
envelopes of hundreds of traces of cross correlation values where each trace is the result of the
cross correlation with a different scaled mother wavelet. This flexibility can be further improved
by a more complicated automatic selection of the appropriate mother wavelet based on the nature
of the dataset or using part of a master event’s signal as the mother wavelet. This can simulate
the use of secondary master events, or cousin events, in cross-correlation-based detection
methods. Opposite to the efficiency-based objective of match filtering, the objective of the
proposed method is to clear up the signal and provide clearer phase arrivals with minimum
distortion and loss of information rather than just increasing the SNR. The only drawback to this
approach is that it is computationally more expensive.
The suggested approach brings together the advantages of time-frequency methods,
crosscorrelation methods, and windowed-energy-ratio methods to increase both the efficiency
and the reliability of microseismic processing.
4.6. APPENDIX A
The AIC is a goodness-of-fit measure for an estimated statistical model, with lower AIC
values indicating a better fit. To assess the modality of a distribution, one can fit the observed
data using a one-component (i.e., unimodal) and two-component (i.e., bimodal) Gaussian
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distribution model to determine which of the two models minimizes the AIC (McLachlan and
Peel, 2000). If the one-component model minimizes the AIC, the distribution is better described
as unimodal, and if the two-component model minimizes the AIC, the distribution is better
described as a bimodal. A proportional difference score (AICdiff) for the two models (onecomponent, AIC1; two-component, AIC2) can be calculated as (Wagenmakers and Farrell, 2004)
AICdiff = (AIC1 – AIC2)/max(AIC1, AIC2),

(4.6.1)

AICdiff values range from −1 to 1, with positive values suggesting the bimodality, and
negative values suggesting unimodality.
4.7. APPENDIX B
A histogram is constructed using the elements of CF and is normalized with regard to the
following probability distribution after Otsu (1979):
a
⎛ CF ⎞
⎛ CF ⎞
Oω (a) = ∑ ⎜
, Oµ (a) = ∑ i ⎜
⎟
⎟ , and OµT = Oµ (na ),
i=1 ⎝ max(CF) ⎠ i
i=1 ⎝ max(CF) ⎠ i
a

(4.7.1)

The threshold that minimizes the weighted within-class variance is calculated by.
⎡OµT Oω (a) − Oµ (a) ⎤⎦
σ (a) = ⎣
Oω (a)[1− Oω (a)]

2

2
B

(4.7.2)

and the optimal threshold a* is

σ B2 (a* ) = max σ B2 (a)
1≤a<na

(4.7.3)
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Chapter 5
AUTOMATIC NOISE-REMOVAL/SIGNAL-REMOVAL BASED ON GENERALCROSS-VALIDATION THRESHOLDING IN SYNCHROSQUEEZED DOMAINS, AND
ITS APPLICATION ON EARTHQUAKE DATA
5.1. INTRODUCTION
During the acquisition process, seismic data are often corrupted by noise. Seismic
denoising aims at increasing the signal-to-noise ratio (SNR) by eliminating this additive noise
through some signal processing steps, while preserving important features of the seismic signal.
Spectral filtering, as a common approach for improving the SNR, is not effective for suppressing
noise that has the same frequency content as the signal. Moreover, it can distort the signal
(Douglas, 1997) and/or generate artifacts prior to impulsive arrivals (Scherbaum, 2001).
A more effective noise suppression can be achieved through thresholding methods in
time-frequency domains; such as using the S-transform (Pinnegar and Eaton, 2003; Schimmel
and Gallart, 2007; Parolai, 2009; Ditommaso et al., 2010, 2012; Tselentis et al., 2012), randon
transform (Sabbione et al., 2013, 2015; Zhang et al., 2015), the wave packet transform (GalianaMerino et al., 2003; Shuchong and Xun, 2014), f-x or f-k filtering (Bekara and van der Baan,
2009; Naghizadeh, 2011; Naghizadeh and Sacchi, 2012; Chen and Ma, 2014), singular spectrum
analysis (Oropeza and Sacchi, 2011), sparse transform based denoising (Chen et al., 2016), a
mathematical morphology based denoising approach (Li et al., 2016), reduced-rank filtering
(Velis et al., 2015), damped multichannel singular spectrum analysis (Huang et al., 2016), the
non-local means (NLM) algorithm (Bonar and Sacchi, 2012) or the continuous wavelet
transform (Pazos et al., 2003; Sobolev and Lyubushin, 2006; Mousavi and Langston, 2016a,
2016c).
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Bekara and van der Baan (2009), Han and Van Der Baan (2015), Gomez and Velis
(2016) showed that seismic noise can be removed effectively using empirical mode
decomposition (EMD). EMD (Huang et al., 1998) is a data driven time-frequency analysis
technique that adaptively decomposes a signal into a set of localized, modulated oscillations
termed intrinsic mode functions (IMFs).
Recently, a new reassignment technique termed synchrosqueezing (SS) was introduced as
a powerful alternative to EMD (Daubechies et al., 2011). SS produces a sharpened timefrequency representation (TFR) of the signal that highly localizes modulated oscillations. It has
better mathematical support, and adaptability properties compared to EMD (Thakur et al., 2013;
Herrera et al., 2014; Herrera et al., 2015).
Meignen et al. (2012) and Ahrabian and Mandic (2015) have introduced denoising
techniques based on synchrosqueezing for univariate and multivariate signals respectively. These
methods are based on identifying common modulated oscillations in elements of data. They
outperformed wavelet and EMD based methods. Mousavi et al. (2016a) showed that a simple
normalization step in the synchrosqueezed domain can improve the SNR of microseismic events.
Here we introduce an adaptive and fast algorithm for automatic noise or signal removal
based on the synchrosqueezed-continuous wavelet transform (SS-CWT), incorporating higherorder statistics (HOS), general cross validation (GCV), and wavelet hard-thresholding (WHT)
for seismic data. The proposed method takes advantage of the mode decomposition property of
the SS-CWT. Major components present in recorded data is thresholded separately based on data
characteristics. Synthetic and real simulations show that the proposed method is effective for
accurate denoising and increasing the SNR of microseismic and OBS data, as well as filtering
out the seismic signal in the case of noise studies.
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5.2. THEORETICAL BACKGROUND
5.2.1. Time-Frequency Representation (TFR)
We assume that real signals can be modeled by time-varying oscillatory components
defined as (Herrera et al., 2014):
¨ % = 9(%)íñ¨(2…—(%)) ,

(5.1)

where —(%) and A(t) are the instantaneous phase and amplitude of a time series s(t)
respectively. The derivative of the instantaneous phase is referred to as instantaneous frequency
¿ = 1/2…(

J“(I)
JI

). In order to identify the associated A(t) and —(%) for a given signal y(t), the

Hilbert transform can be used to generate the analytic signal (Gabor, 1946).
°,< % = ° % − $^ °(%) ,

(5.2)

where H[ ] is the Hilbert transform. The analytic signal is complex and can be used to
find the A(t) and —(%).
However, real-world signals like seismic traces usually consist of many components and
generally contaminated with noise. Hence, the recorded signal can be represented as a
combination of components plus some additive noise Œ(%):
° % =

”
(Q/ [(

% + ùŒ % =

”
(Q/ 9(

% cos 2…—( %

+ ùŒ(%) ,

(5.3)

where, K is the number of components in the recorded signal and σ is the noise level.
Therefore the analytic signal represents a mixture of the amplitudes and phases of individual
components of the observed seismic traces. Time-frequency transforms (TFT) aim to localize
individual oscillatory components of the recorded signals. The non-stationary nature of seismic
signals indicates that instead of considering a signal in the frequency or time domain (one
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dimensional), it is often more informative to study their TFR. The two dimensional evolution of
the spectral content of the seismic data can be tracked in a TFR.
The advantage of denoising in a time-frequency domain over traditional spectral filtering
is that it allows for separating the noise from the signal even in the same pass band as long as
they are temporally separated.
Many TFTs exist for this purpose such as short time Fourier transform (STFT) and
continuous wavelet transform (CWT). A comprehensive review and comparison of application of
different TFTs on seismic data can be found in Tary et al. (2014). Here, we just give a short
description of STFT, and CWT to briefly address resolution problems and the enhancement
achieved by the synchrosqueezing step.
5.2.2. Short Time Fourier Transform (STFT)
The Fourier transform decomposes a signal into sine and cosine basis functions. The most
common TFT used for time–frequency analysis is the STFT (also known as the windowed
Fourier transform) (Gabor, 1946; Allen and Rabiner, 1977). Indeed, the STFT is the Fourier
transform of successive windows of the signal:
7G µ, ‘ =

ú
°(%)’(%
.ú

− µ)exp (−$‘%)ó% ,

(5.4)

where, t is the time, ‘ is angular frequency, µ is time delay, and G(t) is a chosen window
function which is usually either a Gaussian or Hann function. The sliding window is held
constant during the analysis irrespective of investigated frequencies. Thus, both time and
frequency resolutions are kept constant and depend directly on the window size (Reine et al.,
2009). Tary et al. (2014) define time and frequency resolutions as the ability to distinguish two
wavefronts and two spectral peaks respectively. However, these resolutions are always limited
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by the Heisenberg/Gabor uncertainty principle (Gabor, 1946; Mallat, 1999) i.e., ∆I ∆2 ≥ 4…
where ∆I represents the time resolution and ∆2 stands for the frequency resolution.
TFR resolution obtained from any transform depends on both intrinsic characteristics of
the analyzed signal and on specific properties of the chosen transform, hence the TFT should be
viewed as a measurement device (Auger et al., 2013).
This time-frequency trade off and the fixed resolution of the STFT imply that one will
lose time resolution (accurate timing of frequency changes) if one wants to accurately identify
spectral peaks (high-frequency resolution) (Tary et al., 2014).
5.2.3. Continuous Wavelet Transform (CWT)
Multi-resolution transforms such as the CWT (Daubechies 1992) can obtain a better TFR
for signals with both low and high frequency content, since the signal is analyzed under different
resolutions (or scales) at different frequencies. CWT is accomplished through a prototype
analyzing function known as the mother wavelet ψ , which can be interpreted as a bandpass. The
CWT of y in equation (5.3) at scale a and time shift τ is given by: (Daubechies 1992; Mallat,
1999)
≥G 4, µ = °, ∂<,∑ =

ö
,ú
I.∑
.
™∂∗(
°(%)4
) ó%
.ú
<

,

(5.5)

in which, * denotes the complex conjugate, °, ∂ is the inner product, and Wy is the
coefficient representing finite energy of the signal y in a concentrated time–frequency picture.
The mother wavelet ∂, should be a square integrable function in which its Fourier transform
∂ ‘ , should vanish at zero frequency:
∂ 0 =
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∂ % ó% = 0

.

(5.6)

This is called the admissibility condition (Farge, 1992; Daubechies, 1992). According to
Plancherel’s theorem, equation (5.5) can be written in the frequency domain as: (Daubechies et
al., 2011; Herrera et al., 2014)
≥G 4, µ =

ú
°
}ÿ .ú
/

ö

‘ 4.™ ∂ ∗ (4‘)exp ($‘µ)ó‘ ,

(5.7)

where, ŷ(ξ ) is the Fourier transform of the signal. The inversion of the CWT can be
expressed as:
° % =

/
Ÿ⁄
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,

(5.8)

where, the constant î¤ is given by: (Thakur et al., 2013)
î¤ =

ú ./ ∗
‘ ∂
W

(‘)ó‘

.

(5.9)

The CWT can be thought of as the cross–correlation of y with stretched (or compressed)
and shifted mother wavelets, to capture oscillatory features of the signal at different frequencies.
The variable length of ψ leads to a flexible trade-off between frequency and time-localization
compared to the STFT (Tary et al., 2014). However, it still displays spectral smearing due to the
finite size of the operator (Hall, 2006).
5.2.4. Synchrosqueezing
Synchrosqueezing (SS) is a relatively new technique introduced by Daubechies and Maes
(1996) and Daubechies et al. (2011) as a powerful tool for precisely decomposing and analyzing
a signal. It can be classified as a time-frequency reassignment method aiming at a sharpened
TFR by applying a post-processing reallocation on the original time-frequency representation.
However, unlike classical reassignment methods (e.g., Auger and Flandrin, 1995; ChassandeMottin et al., 1997), SS is adaptive to different types of data, visually informative, and enjoys a
simple and efficient reconstruction formula (Yang, 2015).
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At each time or space location, the SS process reassigns values of the TFR based on their
local oscillation. The idea behind SS is that concentrating a spectrogram’s energy around
instantaneous frequencies will decrease spectral smearing, and thus sharpening the TFR, while
still allowing its reconstruction. SS can be used to enhance many classical TFRs e.g., the
synchrosqueezed continuous wavelet transform (SS-CWT) as in (Daubechies et al., 2011;
Thakur et al., 2013; Iatsenko et al., 2015), the synchrosqueezed short time Fourier transform
(SS-STFT) as in (Thakur and Wu, 2011; Iatsenko et al., 2015), the synchrosqueezed wave packet
transform (SS-WPT) as in (Yang, 2015), the synchrosqueezed curvelet transform (SS-CT) as in
(Yang and Ying, 2014), and the synchrosqueezed S-transform (SS-ST) as in (Huang et al.,
2015).
It has been shown that compared to the STFT and CWT, the SS-CWT has superior
frequency resolution and for distinguishing oscillatory components of complicated signals
(Thakur et al., 2013). Rigorous analysis has proven the stability and robustness of
synchrosqueezing for analyzing 1D signals corrupted by noise or perturbations in the signal (Hou
et. al., 2012; Thakur et, al., 2013).
Following Daubechies et al. (2011) the SS-CWT is performed in three steps. First,
wavelet coefficients ≥G (4, µ), of the recorded signal y, are calculated i.e., using (5.5) or (5.7). In
the next step, a candidate instantaneous frequency »G 4, µ can be computed for wavelet
coefficients of y at any point 4, µ as:
»G 4, µ = −

>

ﬁ‹› (<,∑)

}ÿ‹› (<,∑)

ﬁ∑

, for ≥G 4, µ ≠ 0.

(5.10)

The instantaneous frequencies are known as ridges in the TFR (Auger et al., 2013). In
practice the very small wavelet coefficients ≥G (4, µ) need to be removed to make the division
operator numerically stable. SS squeezes the energy around these ridges (condensing the CWT

153

coefficients at each time point along the scale axis) to decrease the smearing. To do this, in the
last step, the information from the time-scale plane is transformed to the time-frequency plane,
(4, µ) → »G 4, µ , µ . This operation is called synchrosqueezing and has been shown to improve
the concentration of energy and, as a result, readability of the TFR (Daubechies et al., 2011). If
the number of scales used in the CWT and the sampling frequency are N and sf respectively,
frequencies on the SS-CWT would be ω ℓ = ℓsf N , ℓ ∈[1, N ] because Wy (a, τ ) is calculated at
discrete values ak . The CWT coefficients within the frequency range Δω = ω ℓ − ω ℓ−1 = sf N ,
will be added up to the center frequency ω ℓ to construct each instantaneous frequency. Hence,
the synchrosqueezed transform is defined as:

Ty (ω ℓ , τ ) = Δω −1

∑

ak ω (ak ,τ )−ω ℓ ≤Δω 2

Wy (ak , τ )ak−3/2 Δak ,

(5.11)

where ω ℓ is the ℓ th discrete frequency, 4( is the k th scale, and ∆4 = 4( − 4(./ . We can
recover individual component °( , from the ¥G by integrating the coefficients over frequencies ω ℓ
, that correspond to the kth component. Following (Thakur et al., 2013) let the ì ∈ ‚( (%) a small
frequency band around the ridge of kth component in the SS-CWT. This band can be estimated
using a standard least-square ridge extraction method (e.g., Carmona et al., 1997) or defined
manually. Because yk is real, then we will have:

yk (t) = 2Cψ−1ℜe(

∑ T (ω ,t)) .
y

ℓ

(5.12)

l∈Lk (t )

Doing so, one can decompose a signal into its constituent components. It is clear that the
highly structured TFR provided by synchrosqueezing (Figure 5.1) can be exploited for classical
signal processing applications such as the denoising (Auger et al., 2013).
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Figure 5.1. The top panel shows a high SNR vertical component accelerogram for a M3.5 event
recorded at station HALT, TN, in the New Madrid Cooperative Seismic Network. The next
panels downward show the STFT, CWT, and SS-CWT, respectively, representing TFRs of the
same signal. The variable length of ψ leads to a relatively higher time-frequency resolution of
CWT (c) compared to the STFT (b). However, it still displays spectral smearing due to the finite
size of the operator. Note the sharpened TFR obtained by the SS-CWT (d).
5.2.5. Time-Frequency Denoising
Recalling the model in (5.3) for the recorded data (observation) y, the goal of denoising is
to remove as much of the additive noise ε as possible, while preserving the main features of the
signal of interest s where, for arguments sake, we have dropped the subscript k. Hence, the
denoising problem can be viewed as a nonparametric regression problem and any denoising
algorithm can be thought of as an operator D that maps the noisy data y onto an estimate of the
signal of interest ¨ = Æ(°). The precision of the estimate is measured by the expected squared
error:
155

¢ ¨−¨ =õ ¨−¨

}
}

,

(5.13)

Donoho and Johnstone (1994, 1995) in their pioneering work showed that nonlinear
thresholding estimators operating in the wavelet domain achieve nearly minimax risk over a
large class of functions that cannot be improved upon over an order of magnitude by any other
estimator (Johnstone and Silverman, 1997). This is based on the energy compaction or the
sparsity property of the wavelet transform, which can concentrate the signal’s energy into a few
large magnitude coefficients, while the small coefficients are more likely to be associated with
the noise. Hence, noise power can be suppressed by selecting a suitable threshold level œ, and
thresholding rule „. The simplest but still most popular thresholding rules are hard and soft
thresholding, respectively, given by:
„‰Â ≥G = ≥G . Ω( ≥G > œ) ,

(5.14)

„‰Ä ≥G = ¨æï(≥G ). ( ≥G − œ) , ,

(5.15)

and

where sgn(.) is the sign function and Wy are the wavelet coefficients of observation y.
5.3. THE PROPOSED METHOD
In our previous study (Mousavi and Langston, 2016a), we showed that the efficiency of
denoising for seismic data can be significantly improved by hybrid approaches that incorporate
pre-processing, thresholding and post-processing steps. Following this strategy our denoising
approach in the SS-CWT domain is proposed as follows.
5.3.1. Pre-Processing
In this step, after transforming the observed data y, into the CWT domain, scales, which
purely consist of coefficients associated to the Gaussian noise, are detected and removed from
the TFR using the HOS and Kurtosis criteria, leaving the scales with a combination of noise and
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signal. The kurtosis, kurt, of N observed coefficients Wy, is calculated by: (Bickel and Doksum,
1977)
∏¶#%G =

√ (‹
Í
›Á \ Ë È › )
Áƒö
Í
YÎÈ
›

−3,

(5.16)

where ù‹› and Ï‹› are, respectively, the estimated standard deviation and mean of
wavelet coefficients Wy. The HOS criterion for distinguishing a Gaussian distribution from a
non-Gaussian distribution then is defined by:
∏¶#%G ≤

}Ì/Y
/.Ó

,

(5.17)

where a is the level of confidence. Ravier and Amblard, (2001) numerically estimated an
optimum value for a, as 90%. This process acts as the equivalent of an automatic band-pass filter
and removes noise with lower and higher frequency content compared to the frequency range of
seismic signals. This step improves wavelet thresholding results by removing high-power
coherent noise (usually associated with colored noise), outside of the frequency range of the
seismic signal, from the time-frequency representation of data.
5.3.2. General Cross Validation Thresholding
The pre-processed coefficients then are processed to obtain SS-CWT coefficients Ty
using (5.11). Major oscillatory components of the signal represented by coefficients in a narrow
frequency band along the ridges are then thresholded using Donoho’s hard-thresholding scheme,
(5.14). This is based on the widely accepted idea that noise is best characterized across the
instantaneous frequencies (Ahrabian and Mandic, 2015). The optimal threshold level œW is
automatically determined using the general cross validation (GCV) approach, proposed and
developed by Nason (1994), and Weyrich and Warhola (1995), for each component (ridge).
General cross validation (GCV) is used in the statistics as an automatic procedure for selecting
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optimal smoothing parameters. In the GCV procedure, a data point is systematically excluded
from the construction of an estimate, and then the value of excluded data point is predicted and
compared with the true value. Following Jansen et al. (1997) the GCV function is defined as:
’îÔ œ =

/ Ã› .Ã
Y

√Ò ™
√

™

,

(5.18)

where, the ¥‰ are thresholded coefficients using a threshold value of œ, and ªW is the
number of coefficients that would be zeroed using the threshold value œ . This function mimics
the errors between the estimation and true signal hence its minimum can be used to select an
optimal threshold value. The equation (5.18) is only a function of œ, and does not rely on any
noise level estimation, which is not a trivial task in the synchrosqueezed domain. Jansen et al.
(1997) showed that threshold values determined by finding the minimum of the GCV, are
asymptotically optimal and minimize the mean square error R. A grid search or minimization
procedure such as Fibonacci search then can be used to find the optimal threshold œW producing a
minimum GCV. Thresholding major components of the signal in this manner provides a fast and
effective method for increasing the localization of the TFR and obtains an initial estimate of the
signal using the inverse transform in (5.12).
5.3.3. Post-Processing
Similar to (Ghael et al., 1997) signal estimation is improved with a post-processing step
by applying a simple level-dependent, wavelet threshold on the signal obtained from the previous
step. For this, the initial estimate of the seismic signal is CWT transformed again and
coefficients at all scales are thresholded using the hard-thresholding rule, scale-by-scale. In this
step the threshold value is estimated using the universal threshold of (Donoho and Johnstone
1994):
œ = ùF 2ìïª ,
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(5.19)

where the variance of the noise, ùF} , is estimated in each scale from the median of wavelet
coefficients prior to the signal’s arrival ùF = 3"ó$4ï( ≥G )/0.6745. The final estimate of the
denoised seismic signal, ¨, is obtained by applying the inverse CWT transform, i.e., (5.8), over
the thresholded coefficients.
Using the hard thresholding scheme makes it easy to implement the method in a reverse
manner to remove the signal’s energy and keep the noise.
„‰ÂÅ ≥G = œ. Ω( ≥G ≤ œ) .

(5.20)

The latter will have application in the ambient noise studies.
5.4. RESULTS
The algorithm is applied to one synthetic and three field seismograms. In our
implementation of the CWT and SS-CWT, we use a Morlet wavelet as the mother wavelet with
100 scales. Approximate arrival times are determined manually. However this can be automated
using any automatic onset picker in the wavelet domain such as those proposed by Karamzadeh
et al. (2013), Bogiatzis and Ishii (2015) or Mousavi et al. (2016a). SNR is measured as the root
mean square amplitude in a time window around the signal to a same length window of
preceding noise.
5.4.1. Synthetic Data
A local synthetic seismogram and its contaminated versions with random and real seismic
noise (Figure 5.2) with a SNR of 2.5 are used for the synthetic test. The synthetic seismogram is
calculated using the frequency wavenumber method (Zhu and Rivera, 2002). A point source was
located at a depth of 12 km, and three component seismograms were computed for a receiver
located on the surface at an epicentral distance of 80 km. Real seismic noise recorded by the
New Madrid Cooperative Seismic Network was added to the synthetic seismogram in a way to
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yield to SNR of 2.5 for the resulting seismogram (Figure 5.2).

Figure 5.2. This figure illustrates the process of adding noise to the synthetic seismogram. Each
panel shows the annotated time series with its associated SS-CWT. The resulting noisy
seismogram contains both long-period and broadband stochastic noise signals.
Effects of each step on the noisy trace are presented in Figure 5.3. The pre-processing
step removes those decomposition levels that are purely consisted of the noise. Hence, it acts like
an automatic band pass filtering (Figure 5.3a). In the GCV thresholding step noisy coefficients
are attenuated and a more distinct representation of noise and signal is provided (Figure 5.3b). In
the post-processing step, the isolated noisy coefficients remaining after the previous steps are
cleaned up (Figure 5.3c). The denoised and original signals are presented in Figure 5.4.
The method was successful in removing the random noise and improving the SNR. The
denoised and synthetic signals match very well over the entire waveform (Figure 5.4a) except at
the very beginning of the P arrival and end of the P coda. Polarity and amplitude of the first two
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cycles of the P arrival are preserved very well, however, a very small time shift (less than one
sample interval) exists between the denoised and synthetic signals (Figure 5.4a). The P wave
arrival which was buried under the noise became clear after the denoising. This can improve
arrival time picking and as a result the source location estimation. However, P coda is smoothed
at the very end. The algorithm is also very successful in removing the seismic energy from the
waveform (Figure 5.4b). Comparing scalograms in figures 5.4a and 5.4b, the seismic energy
between 30 to 50 s has been removed from the data without changing the time-frequency
structure of the background noise in the surrounding areas.

Figure 5.3. This figure illustrates the noisy synthetic after the pre-processing (a), GCVthresholding (b), and post-processing (c) steps.
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Figure 5.4. a) Denoised seismogram and its associated SS-CWT. b) Extracted noise and its SSCWT found by removing the signal using a reverse approach.
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Wavelet power spectra for the denoised (CWTd) and original data (CWTo) are shown in
Figure 5.5. To compare the time-frequency structure of these two spectra we construct a crosswavelet spectrum (XWT), which highlights regions in time-frequency space where the two
spectra have high common power and represents their local relative phase (Figure 5.6a). To find
regions where the two spectra co-vary (but do not necessarily have high power) we used wavelet
squared coherency (WSC) (Figure 5.6b). WSC is equivalent to localized correlation in timefrequency space. The equations for XWT and WSC are given in appendix A and B, respectively.

Figure 5.5. a) Wavelet spectrogram of synthetic data before adding noise (CWTo). b) The same
for denoised data (CWTd).
High power areas in Figure 5.6a indicate the correlation of high magnitude coefficients in
the denoised and original CWT spectrums. High-power regions within CWTo and CWTd
coincide for arrival times between 30 and 40s, indicating preservation of P and S energy after
denoising. The two waveforms are in-phase for all sectors with significant common power
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(Figure 5.6a) but the phase relationship becomes mostly anti-phase outside the common power
areas. The cross-wavelet power indicates a strong link between the two spectra.

Figure 5.6. a) Cross-wavelet spectrum (XWT). The XWT finds regions in time frequency space
where two wavelet representations (CWTo and CWTd) show high common power. b) Wavelet
squared coherency (WSC). The WTC finds regions in time frequency space where the two
representations co-vary (but does not necessarily have high power).
The WSC of denoised and original data is presented in Figure 5.6b. Compared with the
XWT in addition to the high-power region in lower periods, a relatively large high-power section
is present at higher period. An in-phase relationship exists in high-power areas. Low-power
regions coincide with low wavelet powers in the original and denoised scalograms.
To investigate denoising effects on wave polarization, we perform hodogram analyses of
the P-wave and S-wave windows using three component data before and after the denoising
(Figure 5.7). The particle motions cannot be exactly the same since the amplitude of the denoised
and synthetic signals do not remain the same after modification of CWT coefficients during the
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thresholding. However, the overall direction of motions shown by dashed lines, which represent
the average of relative directions of motion for P and S, are quite similar. The relative motions
(angles between dashed lines) remained approximately the same after the denoising.

Figure 5.7. Hodogram analysis of a) original signal and b) denoised one. The P-wave (red) and
S-wave (green) particle motions are displayed (radial component, R vs transvers, T vs vertical,
Z). Dashed lines show the average particle motions as computed using principle component
analysis. The P-wave, S-wave polarization azimuths, and the angle between P-wave and S-wave
particle motions for the seismogram before the denoising are measured 0, -79, and 94
respectively and changes to 359, -90, and 88 for the denoised seismograms.
The proposed algorithm has a better performance compared to band-pass filtering, hardthresholding, soft-thresholding, and hybrid block-thresholding (Figure 5.8). Bandpass filtering
removes noise with frequencies higher and lower than the signal’s frequency range but noise
within the same frequency range of the signal remains untouched (Figure 5.8b). Poor performance
of soft and hard thresholding (Figure 5.8c and d) is due to the presence of high-power features at
high scales. These high-power features can be due to either ground-roll (e.g., Chen et al., 2015),
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tilt (e.g., Crawford and Webb, 2000) noises in marine experiments, strong electrical noises (e.g.,
Castellano and van der Baan, 2013), long-period-long-duration (LPLD) signals (e.g., Zoback et
al., 2012; Caffagni et al., 2015; Zecevic et al., 2016) in microseismic monitoring, very-longperiod (VLP) signals in mining-induced microearthquakes (e.g., Mousavi et al., 2015) or volcano
seismology. These types of features cannot be affected by either a global or level-dependent
thresholding. However, their existence can affect severely the performance of denoising in
removing high-frequency components of the noise. This is because that assumption of sparsity is
the key point in wavelet thresholding, since the threshold level is set to separate small magnitude
coefficients, which are assumed to be due to the noise, from high-power coefficients, which are
assumed to be due to the signal. Thresholding uses the data itself to decide which coefficients are
significant and which are not. Best results were obtained by hybrid block-thresholding (Figure
5.8e) and the GCV-thresholding method of this study (Figure 5.8f). In both methods, high-power
long-period features have been removed from TFR by implementing the pre-processing step.
However, GCV-thresholding obtains much higher SNR (136.17) compared to hybrid blockthresholding (42.83) in addition to higher cross correlation with the original data (0.945), lower
root mean squared error (0.025), and reduced computational time (3.38 second). Moreover, less
coda were attenuated in the GCV-thresholding compared to the block-thresholding method.
Quantified comparisons of the proposed algorithm with other methods are presented in Table 5.1.
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Figure 5.8. a) Waveforms and CWT spectrogram of synthetic data. b) Waveforms and CWT
spectrogram after band-pass filtering between 20 and 40 Hz. C) Waveforms and CWT
spectrogram of data after Hard-thresholding. d) Waveforms and CWT spectrogram of data after
Soft-thresholding. e) Waveforms and CWT spectrogram of data after hybrid block-thresholding.
f) Waveforms and CWT spectrogram of data after denoising using the GCV-thresholding of this
study.
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Table 5.1. Root-mean-square error (RMSE), signal-to-noise ratio (SNR), and maximum
correlation coefficients between denoised and original signal (CC) from the synthetic test
using bandpass filtering between 5 and 20 Hz, Hard and Soft Thresholding (Donoho and
Johnston, 1994), Neighboring Thresholding (Mousavi and Langston, 2016b) and Hybrid
Block-Thresholding (Mousavi and Langston, 2016a).
Method
Bandpass Filtering
Hard Thresholding
Soft Thresholding
Neighboring Thresholding
Hybrid Block-Thresholding
CGV Thresholding

RMSE

SNR

CC

Time (s)

TFT

0.063
0.061
0.048
0.060
0.027
0.025

5.441
2.864
3.457
750.5
42.831
136.174

0.683
0.796
0.833
0.721
0.935
0.945

0.19
0.50
0.51
0.87
9.23
3.38

CWT
CWT
STFT
CWT
SS_CWT

5.4.2. Field Seismic Data
Background noise is a challenging problem encountered in surface monitoring of
microseismic events. We have applied the algorithm to real seismic data including two
microseismic data sets induced during wastewater injection in central Arkansas (Horton, 2012),
an underground collapse of a cavern in Bayou Corne, Louisiana (Mousavi et al., 2016b). Another
group of seismic experiments typically known to have high background seismic-noise levels
concerns seismic measurements made at the seafloor. Seismic noise at the seafloor is usually
long period with frequencies below 1 Hz. Hence, we have also tested the algorithm on one M4.3
earthquake on the west coast recorded on an OBS during the Cascadia initiative experiment
(Toomey et al., 2014). The selected station for OBS data (7D.FS15B) is the shallowest OBS
deployed during the Cascadia initiative experiment, hence, resembling the worst-case scenario
(personal comment: Andrew Barclay and Spahr Webb).
In addition to high-magnitude noise at very low frequency, some high-frequency noise
components are present around scale 40 in the OBS data (Figure 5.9). This high-frequency noise
is stronger on horizontal components. The proposed hybrid scheme was successful in attenuating
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coherent and high-power noise at the higher and lower scales and increasing the SNR from 2.7 to
165.5. Moreover, our method was able to automatically remove noise within the same frequency
band as the signal and significantly improve the SNR for all three components. We note that the
P, S, and surface waves are preserved. However, some coda are removed from S and surface
waves.
In the case of the microearthquakes induced by wastewater injection (Figure 5.10), noise
with higher and lower frequency content compared to the signal frequency was attenuated from
the time-frequency representation of data with the SNR increasing from 1.3 to 303.7 (Figure
5.10a) and from 5.1 to 28.19 (Figure 5.10b). For the first event, high-energy noise components at
19, 27, 30, 33, 38, and 43 Hz were attenuated from the spectra in addition to some low frequency
components. In the second example (Figure 5.10b), the dominant energy of the noise is
concentrated between 34 and 40 Hz. The denoising algorithm improves the SNR by removing
the dominant noise energy and modifying the spectral content of the signal. P and S arrivals are
much clearer after denoising. This can help phase arrival time picking and improve source
location estimates.
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Figure 5.9. Denoising OBS data of M 4.3 earthquake occurring offshore of Petrolia, CA, in May
2013 recorded by an OBS (7D.FS15B) from the Cascadia initiative experiment (Toomey et al.,
2014). From left to right each column shows the original time series data and associated CWT of
raw data, denoised data using proposed method, and zoomed windows around the event on
denoised data respectively. a) Is the vertical and b) and c) are horizontal components of motion.
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Figure 5.10. Denoising of two microseismic events induced by wastewater injection in central
Arkansas (in 2010). For each event (a and b) time series and associated CWT representation and
a single side amplitude spectra are presented on the left and denoised results are shown on the
right. There are high power bursts at 19, 27, 30, 34, 38, and 44 Hz in the spectra of raw
microseismic data that could be associated with electronic noise. The proposed method removed
these noises.
Our fourth example concerns a case of mining-induced microseismic events where a 7.5
minute long vertical component data trace, recorded on 1 November 2013 at Bayou Corne,
Louisiana. Seven events associated with an underground collapse of a cavern can be observed on
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the top seismograms recorded by a three-component, 2-Hz geophone (LA17.01) at the bottom of
a borehole (~287 m deep) located at 30.0134° N, 91.1439° W (Figure 11). However, these events
are not clear on other raw data (left column) recorded by two other sensors, one is a 3C
broadband sensor in the same borehole near the surface (LA17.2 at ~ 190 m deep) and another a
3C broadband sensor at the surface (LA14) located at 30.0087° N, 91.1398° W (1 km south east
of LA17). From the left panel in Figure 5.10 we can see that the noise level increases as sensors
become closer to the surface. In addition to coherent and strong long period noise, some highfrequency noise exists within the surface data. SNR for the near surface data was improved after
band-pass filtering between 2 and 15 Hz (middle panel in Figure 5.11). This is because most of
the noise recorded by LA17.02 has lower-frequency compared to the microseismic events.
Hence, simple spectral filtering helps to reveal most of the events that were covered by
background noise. However, filtering does not improve the SNR of LA14 data because of the
presence of some high-frequency noise within the same frequency band as the seismic events. In
the right panel (Figure 5.11) the data are presented after denoising using our method. Significant
improvement of the SNR occurs in all three cases indicating that our proposed method is not just
limited to random noise, but is effective for removing colored noise. By applying the method on
single channel data, noise that is not coherent across an array can be detected and attenuated.
This SNR enhancement has special importance for microseismic detection, which is a
challenging problem in surface monitoring of microseismic events. However, some isolated
noise was left even after processing. Such noise can be removed by block-thresholding. Zoomed
windows around each event are presented in Figure 5.12. Revealing the P wave arrival that was
buried under background noise can facilitate the picking of first arrival times that will improve
source location estimates and fracture imaging.
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Figure 5.11. 7.5 minutes long vertical seismograms passively recorded in November 1st 2013 at
Bayou Corne, Louisiana. a) A three-component 2-Hz geophone (LA17.01) at the bottom of a
borehole (~287 m deep) located at 30.0134° N, 91.1439° W. b) A three-component broadband
sensor (Trillium-compact) (LA17.02) at the top of the same borehole (~ 190 m deep). c) A
three-component broadband sensor (Trillium-compact) (LA14) at the surface located at 30.0087°
N, 91.1398° W (1 km south east of LA17). The left panel are raw data recorded in these stations
and their continuous wavelet transforms (CWT). 7 microearthquakes induced by underground
collapse of the cavern in the area are observable on the borehole data (LA17.01), while near
surface (LA17.02) and surface (LA14) data are much noisier. Middle panel are the same traces
after band-pass filtering between 2 and 15 Hz. As most of the noise in LA17.02 (b) has lowerfrequencies compared to microseismic events, spectral filtering helps reveal most of the events
that were covered under background noise. However, filtering does not improve SNR at the
LA14 because of presence of some high-frequency noises within the frequency range of seismic
events. In the right panel data are presented after denoing by proposed method of this study.
Denoising is successful in removing the noise and significant improvement of the SNR in b and
c. However, some isolated noises were left in b. Zoomed windows around each events are
presented in Figure 5.12.
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Figure 5.12. Zoomed windows around each microseismic events presented in continues record of
Figure 5.11. In each panel from top to bottom are raw data recorded on LA17.01 (bottom of the
borehole), denoised data recorded on LA17.02 (same location, near the surface), and denoised
data recorded on LA14 (at the surface one kilometer south-east of the LA17).
In Figure 5.13 we present results of applying the algorithm in the reverse manner using
the OBS and Arkansas microearthquake data to remove the signal’s energy and preserve the
noise. As one can see from Figure (5.13) the algorithm is successful in removing the signal even
when it is completely buried under the background noise (Figure 5.13a-3).
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Figure 5.13. OBS (a) and microearthquake (b) data as presented in Figures 5.9 and 5.10. Left
column shows raw data and the right column are data after removing the signal’s energy (designaling) from traces. As you can see the algorithm is successful in removing the signal from
waveform event in the case that signal is completely buried under the background noise (Figure
5.13a-3) and it is hard to identify the presence of the signal and removing it using the commonly
used time normalizations in ambient noise studies.
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5.5. DISCUSSION
It is well-known that the typical background seismic noise level is much higher at the
seafloor than on land, especially for frequencies below 1 Hz (e.g., Sutton and Barstow, 1990;
Webb et al., 1994; Romanowicz et al., 1998). Efforts have concentrated on attenuating some
specific types of noise that have strong effects on the SNR of data in seafloor seismic
measurements. Some examples include the proposed method of Crawford and Webb (2000) for
identifying and removing tilt noises with frequencies less than 0.1 Hz from vertical data, the
proposed method of Webb (1998) for removing compliance noise from OBS data, or the
proposed method of Chen et al. (2015) for attenuating ground-roll noise. The effectiveness of our
hybrid algorithm for denoising OBS data has been shown in the previous section. Our proposed
method is not limited to any specific type of noise but can effectively identify and then remove
noise from data.
Comparing our denoising method with common methods used for microseismic
denoising, the proposed method does not need coherent arrivals in an array, a master event with
high SNR, or parameters that need to be tuned manually. It is adaptive to data type and can
effectively attenuate the background noise through an automatic procedure. This method can be
applied to single channel data more appropriately for noise that is not coherent within an array
and consequently improve source detection and location, which are crucial goals in microseismic
monitoring. Moreover, also the analyses performed in this study were limited to the
microearthquake and earthquake seismograms but this method can be applied on the typical
reflection data. The single channel approach of this method makes it possible to combine it with
other array-based denoising techniques.
In ambient noise studies, broad-band ambient noise needs to be accentuated by
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attenuating or removing earthquake signals that tend to dominate. This is usually done by bandpass filtering the raw data followed by a temporal normalization to reduce the effect of crosscorrelating earthquakes. Time normalization is one of the most important steps in data
preparation and can be done by one-bit normalization, clipping, automatic event detection and
removing, running-absolute-mean normalization, or water level normalization (Bensen et al.,
2007). The first three methods are based on simplified assumptions and remove a large amount
of information from the waveform. The last two methods are known to be more effective but
they rely on more parameters that need to be tuned for optimal performance (Bensen et al.,
2007). However, the signal removal approach proposed in this paper can be an effective
procedure. The data can be processed automatically with high flexibility and adaptability. It can
find buried signals and remove them from the waveform without affecting the time-frequency
structure of the original data. Moreover, after cross-correlation the denoising scheme can be also
used to improve the SNR of recovered Green's functions. In ambient cross-correlation, the input
time series are often very long. This makes it hard to recover high-fidelity signals. Baig et al.
(2009) showed that time-frequency denoising of correlograms can alleviate this problem. Hence,
the proposed method can be used again in a straightforward way (removing the noise from
correlation results) to improve the SNR of Green's functions and making it possible to
constructed high-fidelity Green’s functions from shorter time series. This will be the subject of a
future study.
This method has many different applications. For instance, in the attenuation estimation,
it can assemble the spectral content of the phase of interest more precisely and decrease the
uncertainties (McNamara et al., 2012; Mousavi et al., 2014; Tary et al., 2016).
5.6. CONCLUSION
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We have proposed a new and fast algorithm for accurate noise-removal/signal-removal
based on higher order statistics (HOS), general cross validation (GCV), and wavelet hard
thresholding (WHT) in the synchrosqueezed domains. Performance of the proposed algorithm
was tested using synthetic and real seismic data and showed improvements over our previous
method. The denoising procedure proposed here is a powerful, data driven method that can
significantly improve SNR and lower the detection threshold for small seismic events. This
automatic algorithm can remove both high and low frequency seismic noise and retrieve the
seismic signal with full features such as dominant phases, polarity and spectral content. The
method can be used for single component data and is applicable to land and ocean bottom data
processing.
5.7. APPENDIX
The XWT is constructed from the wavelet coefficients of the original signal (CWTo) and
the denoised signal (CWTd) and will expose their common power and relative phase in timefrequency space. The XWT measures the similarity of the wavelet representations of two signals
and provides the ability to account for temporal (or spatial) variability in spectral character.
Following (Torrence and Compo, 1998) the cross-wavelet transform is defined as:

XWTo,d = CWTo × CWTd∗

(5.7.1)

where * denotes complex conjugation. The cross-wavelet power is defined as |XWTa,d|,
and the complex argument arg(XWTa,d) can be interpreted as the local relative phase between
denoised and original seismograms (Grinsted et al., 2004).
5.8 APPENDIX B
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The coherency between two CWTs can be measured by wavelet coherency. The wavelet
squared coherency is defined as the absolute value squared of the smoothed cross-wavelet
spectrum, normalized by the smoothed wavelet power spectra: (Torrence and Webster 1999)
R 2 (a) =

a −1 XWT (a)
a −1 CWTo (a)

2

2

a −1 CWTd (a)

,

2

(5.8.1)

where . indicates smoothing in both time and scale. The factor a −1 is used to convert to
an energy density. The wavelet-coherency phase difference is given by:
⎛ ℑ{ a −1 XWT } ⎞
φ = tan ⎜
⎟
−1
⎝ ℜ{ a XWT } ⎠
−1

,

(5.8.2)

where ℑ is smoothed imaginary part and ℜ is smoothed real part of cross-wavelet
coefficients. The smoothing is done using a weighted running average (or convolution) in both
the scale and time. The time smoothing uses a filter given by the absolute value of wavelet
coefficient at each scale, normalized to have a total weight of unity. For the Morlet mother
wavelet this is just a Gaussian exp(−t 2 / (2a 2 )) . For scale smoothing of the Morlet wavelet a
boxcar filter of width δ j0 = 0.60 (from Torrence and Webster, 1999) was used.
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Conclusions
The possibility of event discrimination based on source depth was tested successfully
using the machine learning techniques. Seismic features based on spectral measurements and
polarization analysis had better correlation to the source depth. We introduced several new
features for seismic waveform measurments such as the spectral centroid and 2-D crosscorrelation of time–frequency representations.
The proposed method of seismic denoising based on the CWT, HOS, BT, and Wiener
filtering can improve time-frequency denoising for seismic data. Our approach of seismic
denoising is a hybrid method that integrates the power of these techniques to effectively suppress noise. The block thresholding scheme improves the accuracy of the denoising and makes
the method an adaptive and data-driven approach in the sense that all the filter parameters for
denoising are dynamically adjusted to the characteristics of the signal. However, this method is
relatively slow for real time processing; hence we came up with an appropriate second method.
In the second method, we perform the thresholding in one step and use the short time
Fourier transform instead of the CWT to improve the efficiency of the denoising. However, we
adopt a more complex noise level estimation method based on minimum recursive averaging.
Another difference is that the coefficients are thresholded one-by-one but based on a threshold
level estimated from neighbouring coefficients. This method is 10 times faster than the previous
method but results in more signal leakage. However, it is useful for real time applications, like
phase detection, where the goal is to increase the SNR rather than preserving the details of the
seismogram.
In the third denoising approach (chapter four) we follow a different strategy for
improving denoising. In this method we detect major features in the time-frequency
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representation of the data and threshold each feature differently. In this approach we also
simultaneously detect the microseismic events in the time-frequency domain. This method is the
slowest method compared to our other denoising approaches.
In the fourth method we perform thresholding in the synchrosqueezed domain. We do the
thresholding in a three-step scheme; however, the main thresholding is done using a general
cross validation approach that does not require the noise level estimation. Hence this method is
faster than methods one and three but not as fast as the second method. However, this method is
the most accuarate in terms of preserving the details of the seismogram and seismic phases.
Moreover, it is possible to perform this method in a reverse manner to preserve the noise and
remove the signal’s energy for ambient noise studies.
Our seismic denoising methods have been applied to both synthetic and real seismic data.
Results show that the new methods outperform spectral filtering and classical thresholding
methods and considerably improve the SNR of the waveforms without affecting the phase or
polarization information of the signal.
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