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S U M M A R Y
Extracting accurate empirical Green’s functions from the ambient seismic noise field requires
the noise to be fully diffuse and that different frequency components are not correlated.
Calculating a matrix of correlation coefficients of power spectral samples can be used to
estimate deviations from a fully diffuse random noise field in the analysed frequency range.
A fully diffuse field has correlations only in a narrow region around the diagonal of the
matrix, with frequency resolution inversely proportional to length of the used time window.
Analysis of low-frequency data (0.005–0.6 Hz) recorded by three broad-band stations of the
southern California seismic network reveals three common types of correlations, manifested
in the correlation coefficient matrix as square, diagonal halo and correlated stripes. Synthetic
calculations show that these types of signatures in the correlation coefficient matrix can result
from certain combinations of cross-frequency correlated random components and diffuse field.
The analysis of observed data indicates that the secondary microseismic peak around 0.15 Hz
is correlated with its neighbouring frequencies, while the primary peak around 0.06 Hz is
more diffuse. This suggests that the primary and secondary peaks may be associated with
somewhat different physical origins. In addition, significant correlation of frequencies below
that of the primary microseismic peak suggests that the very low frequencies noise is less
scattered during propagation. The power spectra recorded by a station close to the edge of the
Los Angeles basin is higher compared to data recorded by stations outside the basin perhaps
because of enhanced basin reverberations and/or closer proximity to the ocean. This and other
regional variations should be tested further using data from many more stations.

Key words: Time-series analysis; Interferometry; Site effects; Seismic tomography; Wave
scattering and diffraction; Wave propagation.

1 I N T RO D U C T I O N

Cross-correlations of the ambient seismic noise field can be used
to derive the Green’s function between pairs of recording stations
(e.g. Lobkis & Weaver 2001; Snieder 2004; Wapenaar 2004). This
allowed many studies to obtain information from the ambient noise
field on seismic velocities at local, regional and global scales (e.g.
Sabra 2005; Shapiro et al. 2005; Lin et al. 2008; Boué et al. 2014;
Zigone et al. 2015). Some studies also attempted to retrieve at-
tenuation coefficients from amplitude information of noise cross-
correlations (e.g. Prieto et al. 2009; Weaver 2013; Liu et al. 2015).
Accurate retrieval of the Green’s function and related wave prop-
erties (arrival times and attenuations) from noise cross-correlations
require the wavefield to be fully diffuse (e.g. Weaver & Lobkis 2004;
Campillo 2006). It is therefore important to develop techniques to
estimate the degree to which the ambient noise field is diffuse.

A fully diffuse wavefield is stationary and wave components
with different frequencies are not correlated (e.g. Weaver 1982;

Sánchez-Sesma et al. 2008; Snieder et al. 2009). In addition, the
wavefield is equipartitioned among all possible modes, implying
that waves propagate with equal energy in all directions and that the
ratio of P to S wave energy has a certain limit value that depends
on the velocity structure (e.g. Weaver 1982; Hennino et al. 2001;
Margerin et al. 2009). These properties can be used to assess the
regime of a wavefield but they are not easy to estimate. Separating
the P and S waves requires, for example, calculating the divergence
and curl of three-component seismograms recorded by arrays of
sensors (e.g. Margerin et al. 2009). Testing that waves propagate
with equal energy in all directions may be done with beamforming
analysis (Sens-Schönfelder et al. 2015), which again requires array
data. The spectral ratio of horizontal-to-vertical seismic data is
related to the ratio of P to S wave energy and can also be used to
estimate if a wavefield is diffuse (e.g. Kawase et al. 2015), but this
involves additional simplifying assumptions.

In this paper, we propose a simple method for analysing devi-
ations from fully diffuse seismic noise from correlations between
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different frequency components of the ambient noise field. The
technique is based on calculating a matrix of correlation coeffi-
cients of power spectra at different frequencies. This can be easily
computed from evenly spaced time windows of single-component
data recorded by individual stations. Observed correlations between
different frequency components indicate that the wavefield
is not fully diffuse and provide additional information on
the noise sources and propagation regime at that frequency
range.

In the following sections, we first provide basic theoretical results
on the method and data processing. We evaluate the resolution and
other properties of the technique by applying it to different types
(fully diffuse and partially correlated) of synthetic wavefields. The
method is then applied to data recorded by three broad-band stations
of the southern California seismic networks. The observations at all
three stations show clear correlations of neighbouring frequencies
of the secondary microseismic peak around 0.15 Hz, as well as
frequencies below the primary peak around 0.06 Hz. The power
spectra recorded by a station near the edge of Los Angeles basin
is higher compared to data recorded by stations outside the basin.
This holds both in an absolute sense and the level of frequencies
higher than 0.2 Hz relative to the level of the primary microseism
peak. As discussed in the final section of the paper, these results have
important information on the physical origins of the ambient seismic
noise in different frequency ranges and propagation properties of
the data.

2 T H E O RY

A diffuse wavefield can be expressed analytically with normal mode
expansion as (Weaver & Lobkis 2004),

ψ (r, t) =
∑

n

anu(n) (r) exp [iωnt] (1)

where u(n)(r) are normal mode eigenfunctions, an are random com-
plex modal amplitudes, r is location vector, t is time and ωn is
angular frequency corresponding to the nth mode. In a fully diffuse
wavefield, different modal amplitudes are not correlated. Under
these assumptions, the mean value, pseudo-covariance and covari-
ance of the modal amplitudes are (Weaver & Lobkis 2004), respec-
tively,

E [an] = 0

E [anam] = 0

E
[
ana∗

m

] = F (ωn) δnm (2)

where E[] denotes expectation, δnm is the Kronecker delta function
and superscript ∗ denotes complex conjugate. The Kronecker delta
in the covariance function indicates that the modal amplitudes at
neighbouring frequencies are delta-correlated.

In this paper, we adopt first two expressions of the equations set
(2), but assume that the modal amplitudes at neighbouring frequen-
cies can be correlated. Specifically, we assume that the covariance
of modal amplitudes is given by

E
[
ana∗

m

] = g (ωn, ωm) (3)

where the function g(ωn, ωm) is generally complex and the modal
amplitudes are assumed complex Gaussian random variables. Tak-
ing the covariance between the absolute squares of the complex

modal amplitudes we get,

Cov
[|an |2, |am |2] = E

[|an|2|am |2] − E
[|an |2

]
E

[|am |2]
= E

[
ana∗

m

]
E

[
a∗

n am

] + E
[|an|2

]
E

[|am |2] − E
[|an|2

]
E

[|am |2]
= |g (ωn, ωm)|2 . (4)

The absolute square of the covariance function in (4) is related
to the correlation matrix of power spectral values studied in the
following data processing section.

The correlation of the random wavefield at two different locations
and different times (field–field correlation) can be derived base on
eqs (1) and (3) in a similar fashion as in Weaver and Lobkis (2004).
The result is,

R
(
r, r′, t, t ′) = ReE

[
ψ (r, t) ψ∗ (

r′, t ′)]
=

∑
n

∑
m

g (ωn, ωm) u(n) (r) u(m)
(
r′)

× cos
[
ωnt − ωmt ′] (5)

where Re denotes the real part. Eq. (5) is different from eq. (6)
of Weaver and Lobkis (2004) by depending not only on the time
difference t − t ′, but on both t and t′ for non-zero covariance of
random modal amplitudes between neighbouring frequencies. In
other words, the random noise field with correlated neighbouring
frequencies is not necessarily stationary. However, if the covariance
function g(ωn, ωm) is close to a constant times the Kronecker delta
δnm, the partial time derivative of the correlation with respect to
t − t ′ can still approximate the Green’s function between r and r′.

The above derivations are based on ‘global’ normal modes for
the entire system. For local random noise field in an open system
(e.g. Snieder 2004; Weaver & Lobkis 2004), if the neighbouring
frequencies are not delta-correlated or the noise data are not sta-
tionary, the field is not fully diffuse. Therefore, in the following
sections we will not compute eigenmodes, but instead correlations
among power spectral samples at different frequencies.

3 DATA P RO C E S S I N G A N D R E S U LT S

Before data processing, it is important to address limitations of con-
tinuous noise recordings at seismic stations. Observed seismograms
are recorded with a finite-sampling frequency over a finite-time in-
terval and data analyses are performed on windowed time segments.
Assuming a rectangle window of length T, the truncated (windowed)
noise recording in frequency domain is,

ψtr (r, ω) = F
{
ψ (r, t) rect

(
t
/

T
)}

=
∑

n

anu(n) (r) T sinc
[
(ω − ωn) T

/
2π

]
. (6)

Power spectra are used for correlations between neighbouring
frequencies to avoid computing complex correlation coefficients.
For actual noise data, we use ordinary frequency f instead of angu-
lar frequency ω. Because the autocorrelation of the windowed noise
has a length of 2T, the frequency interval is df = 1/2T. Based on
eq. (6), each spectrum sample contributes to the main and side lobes
of the sinc functions around neighbouring frequencies. Therefore,
the frequency resolution is determined by two neighbouring fre-
quency samples separated at the first zero-crossings of each other’s
sinc functions with spacing dfR = 1/T, such that the main lobes of
two sinc functions of the two samples do not overlap. The sam-
pling rate of the noise data should be at least twice as the highest
frequency analysed.

 at U
niv of Southern C

alifornia on June 17, 2016
http://gji.oxfordjournals.org/

D
ow

nloaded from
 

http://gji.oxfordjournals.org/


Correlations of neighbouring frequencies 1067

Figure 1. Correlation coefficient matrices of power spectra computed from one-month synthetic stationary diffuse noise using (a) 500 s and (b) 100 s time
windows. The correlation matrix results are diagonal within the resolution limits. The stationary noise is simulated using the model of Peterson (1993).

There are two limit situations when comparing the frequency res-
olution dfR with the interval between neighbouring eigenfrequencies
d fn = (ωn − ωn−1)/2π . If the frequency resolution is much finer
than the eigenfrequency interval (dfR << dfn), different random
modal amplitude terms can be resolved and separated. In contrast,
if the frequency resolution interval is much larger than the eigenfre-
quency interval (dfR >> dfn), each frequency sample of the random
wavefield data contains contributions from several nearby modes,
due to the sum of the sinc functions in eq. (6), and the random
wavefield spectra can be treated as continuous. The former case is
relevant only for global normal modes when the window length T
is sufficiently long. The latter case is more common and adopted
in this study because of the frequency ranges of interest and the
limitation of employed window lengths.

The covariance of neighbouring random modal amplitudes in
eq. (3) cannot be directly derived from data. However, the cor-
relation coefficient between random wavefield power spectral
samples at different frequencies can be derived from the data
using,

Corr
[∣∣ψtr

(
r, ωp

)∣∣2
,
∣∣ψtr

(
r, ωq

)∣∣2
]

=
Cov

[∣∣ψtr

(
r, ωp

)∣∣2
,
∣∣ψtr

(
r, ωq

)∣∣2
]

√
Var

[∣∣ψtr

(
r, ωp

)∣∣2
]

Var
[∣∣ψtr

(
r, ωq

)∣∣2
]

=
∣∣E [

ψtr

(
r, ωp

)
ψ∗

tr

(
r, ωq

)]∣∣2

E
[∣∣ψtr

(
r, ωp

)∣∣2
]

E
[∣∣ψtr

(
r, ωq

)∣∣2
] (7)

where ωp and ωq are two different frequency samples in the spectra
of the truncated (windowed) data ψtr. If the frequency resolution is
much finer than the eigenfrequency interval (dfR << dfn), eq. (7) can
be related to eq. (4) when the covariance in eq. (4) is normalized
to the correlation coefficient between two modal amplitudes. If
the resolution is poorer than the eigenfrequency interval (dfR >>

dfn), the correlation coefficient in eq. (7) reflects the correlation
between two groups of modal amplitudes, with each group centred
at a different frequency. Using correlation between power spectrum
samples has the advantage that time-shift does not have any effect
on the result of correlation coefficient:

Corr
[∣∣exp

(−iωpτ
)
ψtr

(
r, ωp

)∣∣2
,
∣∣exp

(−iωqτ
)
ψtr

(
r, ωq

)∣∣2
]

= Corr
[∣∣ψtr

(
r, ωp

)∣∣2
,
∣∣ψtr

(
r, ωq

)∣∣2
]

(8)

where τ is any arbitrary time-shift applied to the windowed noise.
If the power spectrum of noise data follows a certain probability

distribution, the power spectrum distribution at each frequency can
be computed from numerous non-overlapping windows that divide
that data into segments of length Ts. Assuming that each window
represents an observation of the random noise spectra, the correla-
tion coefficient of two power spectral values at different frequencies
can be conveniently computed based on eq. (7).

3.1 Correlation matrix estimation from stationary
synthetic data using different window length

To obtain basic guidelines for estimating correlation coefficient
among neighbouring frequencies based on eqs (6) and (7), we per-
form synthetic tests on stationary noise data. We first generate fully
diffuse stationary synthetic noise data using the noise model of
Peterson (1993) for a total duration of one month. Then experiments
are done using two different window lengths, 500 and 100 s, from
the synthetic noise data. For each window length T, evenly spaced
windows with gaps of 10 per cent T are selected from the continuous
synthetic noise. The power spectrum for each window is computed
using the fast Fourier transform (FFT). Since the autocorrelation of
each windowed noise segment has a length of 2T (to avoid cyclicity),
the windowed segments are zero-padded to a length of 2T before
using the FFT. Then power spectrum values from many windows
are combined to estimate correlation coefficient matrix based on
eq. (7).

Figs 1(a) and (b) show the correlation coefficient matrices of
500 and 100 s window lengths estimated from the stationary syn-
thetic data. The diagonal elements have correlation coefficient val-
ues of one. They are surrounded by regions, with width inversely
proportional to the window length, having appreciable coefficient
values due to the resolution limit of window length discussed below
eq. (6). All the other elements show correlation values very close to
zero (below 0.03). These two examples suggest that the correlation
matrix should be diagonal at its resolution limit if the ambient noise
time-series is fully diffuse and stationary.

3.2 Correlations among neighbouring frequencies
between 0.03 and 0.3 Hz with T = 500 s

In this section, we study the correlation of neighbouring frequen-
cies in data recorded by three broad-band stations of the southern
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Figure 2. Locations of three broad-band stations of the southern California seismic network used in this work.

California network (Fig. 2). These stations are selected because
they have high-quality continuous data and can be used to show
both common features as well as differences at different locations.
Station CHF is located in the San Gabriel mountains, station LMR2
is in the Mojave desert and station OLI is close to the ocean between
the Los Angeles basin and Palos Verdes. Continuous waveform data
recorded by the vertical component (BHZ) of these stations between
days 50 and 300 of the year 2014 are analysed. The waveforms are
first decimated to 4 Hz and then high-pass filtered at 0.01 Hz and
clipped at four times the standard deviation within each four-hour
long segment to reduce effects of small earthquakes. Segments with
larger earthquakes are simply removed.

This data analysis is centred around the primary (0.06 Hz) and
secondary (0.15 Hz) ocean microseismic peaks in the frequency
band 0.03–0.3 Hz. The window length T is set to 500 s and the
gap between two windows is 50 s. Autocorrelation of length 2T is
computed in the frequency domain for each noise window, and the
power spectral values of all windows are stored for each analysed
frequency. Outlier values for each frequency are identified using the
distribution of power spectra. Windows with more than 5 per cent
outliers in their frequency content are excluded from further analysis
to minimize effects of small earthquakes and other transient noise
sources on neighbouring frequency correlations and the stacked

power spectrum. The remaining windows are used for subsequent
analyses discussed below.

Fig. 3(a) presents the stacked power spectra (top) and correla-
tion coefficient matrix of neighbouring frequency (bottom) for sta-
tion CHF. The correlation coefficient matrix is computed based on
eq. (6) using power spectral values from numerous windows as done
for the synthetic test. The results show several features not present
in the basic synthetic results of Fig. 1. The first notable feature is
that the secondary ocean microseismic peak around 0.15 Hz (top
plot) corresponds well with a significant correlated (∼0.36) halo be-
tween 0.1 and 0.2 Hz in the correlation coefficient matrix (bottom
plot). The primary microseism peak near 0.06 Hz does not produce
a similar halo. However, the two troughs around the primary peak
in the power spectrum are associated with two correlated frequency
bands at 0.03–0.05 Hz and 0.07–0.09 Hz that produce a square-type
shape in the bottom correlation plot. Additional notable features
are the stripes in the bottom plot associated with correlations over
relatively wide frequency range (perhaps between the primary and
secondary ocean microseismic bands). Similar patterns are seen in
Fig. 3(b) for station LMR2 with slightly different spectral power
and correlation coefficients.

The results for station OLI contain these and other features
(Fig. 4). The power spectrum for OLI (top plot) is amplified
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Figure 3. Power spectra over 0.03–0.3 Hz and neighbouring frequency correlation matrices obtained for days 50–300 of year 2014 with window length of 500 s
and frequency resolution of 0.002 Hz. (a) Results for station CHF: top panel: stacked power spectra (red line) and number of power spectrum measurements with
a given value in each power bin (grey scale) of each discrete frequency value. The primary microseismic peak is around 0.06 Hz and secondary microseismic
peak is near 0.15 Hz. Bottom panel: correlation coefficient matrix of the power spectra. Three groups of correlated frequency features are observed: square
(0.07–0.09 Hz), diagonal halo (0.1–0.2 Hz) and stripes of correlated frequencies. (b) Corresponding results for station LMR2.

Figure 4. Similar to Fig. 3 for station OLI with stacked power spectra and
distribution of power spectrum measurements at each frequency (top) and
correlation coefficient matrix (bottom). The correlation matrix for the data
at OLI shows additional correlated features above 0.25 Hz compared to
Fig. 3.

compared to those of CHF and LMR2, especially for the range
above 0.15 Hz. The correlation matrix of OLI indicates another
frequency band of notable correlation (∼0.3) among neighbour-
ing frequencies above 0.25 Hz (bottom plot). These differences

are seen more clearly in results for higher frequencies presented
later.

4 S Y N T H E T I C S I M U L AT I O N S
O F C O R R E L AT I O N F E AT U R E S

To clarify the origin of the features seen in the correlation plots of
the observed data (Figs 3 and 4), we perform additional synthetic
tests. For N discrete frequency values, we simulate the noise spectra
vector dN×1 of correlated frequency samples from fully uncorrelated
random vector m(N+1)×1 of zero-mean standard complex Gaussian
random variables,⎡
⎢⎢⎢⎣

d (ω1)
d (ω2)

...
d (ωN )

⎤
⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎣

[
s2 (ω1) + 1

]− 1
2 0 · · · 0

0
[
s2 (ω2) + 1

]− 1
2 ...

...
. . . 0

0 · · · 0
[
s2 (ωN ) + 1

]− 1
2

⎤
⎥⎥⎥⎥⎥⎥⎦

×

⎡
⎢⎢⎢⎢⎢⎢⎣

s (ω1) 1 0 · · · 0

s (ω2) 0 1
...

...
... 0

s (ωN ) 0 · · · . . . 1

⎤
⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎣

m0

m1

...
mN

⎤
⎥⎥⎥⎦ (9a)

or equivalently

dN×1 = CN×N G N×(N+1)m(N+1)×1 = CN×N [sN×1|IN×N ]m(N+1)×1,

(9b)
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Figure 5. Synthetic results for non-stationary noise with a simple cross-frequency component vector. (a) Cross-frequency component with values of 1.22
between 0.07 and 0.09 Hz and zero elsewhere. (b) Correlation coefficient matrix of power spectra computed from 2000 realizations of random noise vectors
simulated using the boxcar cross-frequency component vector in (a). (c) A realization of simulated noise using the cross-frequency component vector in (a).

where the real vector sN×1 represents the cross-frequency compo-
nent contributing to each frequency sample, IN×N is an identity
matrix and CN×N rescales the variance of each resulting random
spectrum sample d(ωi) to unity. The matrix GN×(N+1) transforms an
uncorrelated random vector to a correlated random vector. More im-
portantly, it adds cross-frequency random component to the uncor-
related standard complex Gaussian random vector (corresponding
to a fully diffuse wavefield) with predictable statistics and correla-
tion of the resulting wavefield.

The correlation matrix can be computed from ensemble average
of product of random spectra vectors,

RN×N = E
[
dN×1dT ∗

N×1

] = CN×N G N×(N+1)

[
CN×N G N×(N+1)

]T

= CN×N

[
sN×1sT

N×1 + IN×N

]
CN×N (10)

which shows as expected that the diagonal entries of the matrix
RN×N are equal to 1. The correlation matrix of observed data is
computed from correlations of power spectral samples based on
eq. (7). Therefore, each element of the power spectra correlation
matrix is actually the absolute square of the corresponding element
in RN×N.

In the next two subsections, we first define one or multiple cross-
frequency component vectors and then compute the corresponding
correlated noise spectra from uncorrelated random vectors. Us-
ing the synthetic results, we produce correlation matrix plots with
features of similar shapes (square, halo and stripes) seen in the
correlation results of the observed data.

4.1 Single cross-frequency random component
with square/Gaussian shape

If there is only one cross-frequency component vector sN×1, the
noise data simulation takes exactly the same form as eq. (9). Dif-
ferent forms of the vector sN×1 produce different correlation ma-
trix features. As a first example, we consider a case with a cross-
frequency component vector defined by a simple boxcar function
that equals 1.22 between 0.07 and 0.09 Hz and zero elsewhere
(Fig. 5a). Straightforward calculation based on eqs (9) and (10)
show that all frequencies within 0.07–0.09 Hz are correlated with
each other with a coefficient of 0.6 (except the diagonal and sur-
rounding small neighbourhood that have higher values). The cor-
relation coefficient matrix of power spectra computed from 2000
random realizations has off-diagonal peak value of 0.36 (the square
of 0.6) in a square bounded between 0.07 and 0.09 Hz (Fig. 5b). A
simulated noise of a single random realization has significant non-
stationary features around t = 0 s (Fig. 5c). The random noise can
be time-shifted arbitrarily and still preserve the same correlation
matrix of power spectrum samples according to eq. (8).

In the second example, the cross-frequency component vector
(Fig. 6a) consists of the boxcar function as before augmented by a
Gaussian function (same peak value 1.22 centred at 0.15 Hz and
standard deviation is 0.17 Hz). Because the boxcar and the Gaussian
function are on the same cross-component vector with the same
peak value, they are correlated with each other with peak correlation
coefficient of 0.6. The correlation matrix of power spectrum samples
(Fig. 6b) has three different features with peak value of 0.36: (1) the
square that is the same as in previous example; (2) a 2-D Gaussian
centred at 0.15 Hz and (3) vertical and horizontal stripes produced
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Figure 6. Similar to Fig. 5 with a cross-frequency component vector shown in (a) consisting of a boxcar between 0.07 and 0.09 Hz and a Gaussian function
centred at 0.15 Hz elsewhere. The maximum amplitudes are 1.22. (b) Correlation coefficient matrix of power spectra computed from 2000 realizations of
random noise vectors simulated using the cross-frequency component vector in (a). The Gaussian and boxcar are correlated on the correlation matrix because
they are both affected by the same random variable m0 in eq. (9a). (c) A realization of simulated noise using the cross-frequency component vector in (a).

by the correlation between the square and the Gaussian functions.
A simulated noise of one realization based on this cross-frequency
component vector has again a non-stationary feature (anomalous
high amplitude) around t = 0 s (Fig. 6c).

4.2 Multiple cross-frequency random
components (vectors)

The analysis of observed data in Section 3.2 yields (Figs 3 and 4), in
addition to box and stripe patterns, extended halo around the diago-
nal. This suggests that multiple cross-frequency random component
vectors may affect the data. To simulate random noise with mul-
tiple cross-frequency components and corresponding power spec-
tra correlation matrix, eq. (9) can be generalized by replacing the
vector sN×1 with a matrix sN×K, where K is the number of indepen-
dent cross-frequency component vectors. The length of uncorrelated
complex Gaussian random vector m(N+K)×1 is N+K. The diagonal
elements of the rescaling matrix CN×N in eq. (9) also needs to be
modified to include squares of all the cross-frequency components
at same frequency.

As an example, we assume 20 independent cross-frequency com-
ponent vectors (Fig. 7a), each with a boxcar equal to 0.25 between
0.07 and 0.09 Hz and a Gaussian function with peak value of 0.82,
variable variance and shifting centre between 0.1 and 0.2 Hz. The
correlation matrix of power spectrum samples (Fig. 7b) shows a
square between 0.07 and 0.09 Hz with correlation coefficient of
0.3, an elongated halo between 0.1 and 0.2 Hz with peak corre-
lation of ∼0.36 (square of 0.6) and variable width from the diag-

onal, and stripes with peak correlation of 0.08 due to the corre-
lation between the boxcar and Gaussian functions of the multiple
cross-frequency components. A simulated noise of one realization
based on the multiple cross-frequency component vectors produces
as in the previous examples non-stationary high amplitude around
t = 0 s (Fig. 7c).

The similarity of the features in Fig. 7b to those seen
in the correlation plots of the observed data in Figs 3 and
4 suggests that the ocean microseismic noise wavefield is
associated with multiple sources at somewhat different frequencies
(or non-linear scattering involving frequency shifts), that produce
correlated rather than fully diffuse field. A quantitative compari-
son between the correlated neighbouring frequency features at the
synthetics and observed data are not presented here but may be per-
formed in a future work involving inversion of the cross-frequency
components.

5 DATA A NA LY S I S U S I N G T W O
A D D I T I O NA L F R E Q U E N C Y B A N D S

To explore further non-diffuse characteristics of data recorded by
the same three stations of the CI network (Fig. 2), we use two
additional window lengths, 100 and 1000 s. The 100 s window
length corresponds to a resolution limit of 0.01 Hz and it can
be used to study frequencies between 0.05 and 0.6 Hz. On the
other hand, the 1000 s window length is suitable for much lower
frequencies between 0.002 and 0.1 Hz with a resolution limit of
0.001 Hz.

 at U
niv of Southern C

alifornia on June 17, 2016
http://gji.oxfordjournals.org/

D
ow

nloaded from
 

http://gji.oxfordjournals.org/


1072 X. Liu and Y. Ben-Zion

Figure 7. Synthetic results for non-stationary noise with 20 cross-frequency component vectors. (a) Assumed 20 cross-frequency component vectors, each
with a boxcar between 0.07 and 0.09 Hz and a Gaussian function shifted at different centre frequency with a variable variance. The maximum amplitudes
are indicated by the colour bar (0.25 for boxcar and 0.82 for Gaussian function). (b) Correlation coefficient matrix of power spectra computed from 2000
realizations of random noise vectors simulated using the cross-frequency component vector in (a). The Gaussian and boxcar are correlated on the correlation
matrix because they are both affected by the same random variable m0 in eq. (9a). (c) A realization of the simulated noise using the cross-frequency component
vector in (a).

5.1 Correlations with T = 100 s and
higher frequency range

In this section, we use a shorter time window to analyse slightly
higher frequencies between 0.05 and 0.6 Hz, using the same pre-
processed data as in Section 3.2. The window length is set to
100 s and the gap between consecutive windows is 10 s. As in
Section 3.2, the power spectral values of all windows are calculated
and stored for each frequency within the used band. Outlier win-
dows are again removed to minimize effects of small earthquakes
and episodic noise sources on the results.

Figs 8a and b show stacked power spectra (top) and correlation
matrix plots (bottom) for stations CHF and LMR2, with broader
frequency range and lower frequency resolution compared to the
results of Figs 3a and b. The neighbouring frequency correlations
near the secondary ocean microseism peak at 0.15 Hz (halos) and
the correlated frequency band between 0.07 and 0.09 Hz (box)
are similar to those shown earlier for the low-frequency range. The
power spectrum at 0.08 Hz also correlates with the secondary ocean
microseismic peak at 0.15 Hz (stripes). The frequency content above
0.3 Hz not examined in Section 3.2 shows a broad zone of weak
correlations (between 0.1 and 0.18).

Station OLI again exhibits higher power spectra than observed
at stations CHF and LMR2 and additional features in the corre-
lation matrix (Fig. 9). There is a broad frequency range (up to
the analysed 0.6 Hz) with higher power than the primary micro-
seismic peak around 0.06 Hz. The correlation coefficient matrix
shows clearly a band of correlated neighbouring frequencies be-

tween 0.25 and 0.6 Hz, in addition to the lower frequency obser-
vations that are seen better in Fig. 4. This high-frequency band
corresponds to anomalously high power relative to the primary
microseismic peak compared with the power spectra of CHF and
LMR2.

5.2 Correlations with T = 1000 s and
lower frequency range

Finally, we use a longer time window to analyse lower frequen-
cies between 0.002 and 0.1 Hz. Here, the waveforms are high-pass
filtered at 0.001 Hz and the same pre-processing steps as in Sec-
tion 3.2 are applied to suppress or remove earthquake signals. The
window length is set to 1000 s and the gap between windows is
100 s. As before, power spectral values are calculated and outliers
are removed from subsequent analysis.

Fig. 10 shows the stacked power spectra and correlation matrix
for station CHF. The finer frequency resolution produces evidently
stronger correlations (∼0.6) among neighbouring frequencies be-
tween 0.005 and 0.05 Hz compared to the lower resolution re-
sults of Sections 3.2 and 5.1. The square type correlations between
0.07 and 0.09 Hz are also shown more clearly. The primary micro-
seismic peak at ∼0.06 Hz again corresponds to a less correlated
frequency range, suggesting more diffuse wavefield compared to
those associated with lower frequency range 0.005–0.05 Hz, and the
higher frequencies associated with the secondary microseismic peak
(Fig. 3a).
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Figure 8. Power spectra over 0.05–0.6 Hz and neighbouring frequency correlation matrix obtained for days 50–300 of year 2014 with window length of 100 s
and frequency resolution of 0.01 Hz. (a) Stacked power spectra with distribution of power spectrum measurements at each frequency (top) and correlation
coefficient matrix (bottom) for station CHF. The three correlated frequency features in Fig. 3 are visible but with lower resolution. (b) Corresponding results
for station LMR2 with similar correlated frequency features.

The correlation matrix of station OLI (Fig. 11) shows stronger
correlations compared to the results at station CHF. The correlated
frequencies between 0.005 and 0.05 Hz have correlation coefficient
of ∼0.7 and the shape of the correlated zone approaches a square.
This range is also more strongly correlated with another square at
0.07–0.09 Hz. The overall power spectral amplitude is similar to
that of station CHF. The primary microseismic peak at ∼0.06 Hz
is also less correlated with its neighbouring frequencies as in
station CHF.

6 D I S C U S S I O N

We propose a method to detect deviations in given frequency ranges
of the ambient seismic noise field from a fully diffuse regime, using
a correlation matrix of power spectral samples. The method is easy
to use and specific signatures in the correlation matrix provide in-
formation on the forms of correlations between different frequency
components of the ambient noise field. The existence of correlation
in a given frequency bandwidth may produce a bias in the empiri-
cal Green’s function computed from noise cross-correlation in that
band. Variations of correlation matrix characteristics in different
frequency ranges observed at different stations imply differences in
the noise source mechanisms and/or general propagation/scattering
aspects in these frequency ranges. Observed variations at different
stations provide additional information on propagation/scattering
properties specific to different sites.

Weaver and Lobkis (2004) showed that diffuse wavefield im-
plies delta correlation between different frequency components of
(normal mode expansion of) the wavefield. With this assumption,
they arrived at the conclusion that the time derivative of field–field
correlation is the imaginary part of the Green’s function. In our
derivation (Section 2), we relax the delta-correlation condition and

assume a covariance function for neighbouring modal amplitudes
at different frequencies. We then derive the correlation of random
noise field at two different locations in a similar way as Weaver and
Lobkis (2004), but our result implies non-stationary random noise
due to cross terms in neighbouring frequencies. The correlation of
random field between two locations produces limitations to the abil-
ity of approximating the Green’s function from cross-correlations
of the noise field at these locations.

The correlation coefficient matrix of power spectral samples is
estimated in this work from evenly spaced, non-overlapping win-
dows of same length. Simple rectangle window is used on the noise
time-series and the frequency resolution of the corresponding ran-
dom spectra is determined from the first zero-crossing of the sinc
function. To verify the underlying idea of the method, we apply
it to one-month fully diffuse and stationary synthetic noise data
simulated using Peterson (1993) noise power spectral model. Syn-
thetic results with 500 and 100 s window lengths show diagonal
correlation matrices of power spectrum values within the resolu-
tion limits. These results demonstrate what should be obtained if
the delta-correlated condition of different frequency components is
satisfied and the wavefield is fully diffuse.

Applying the technique to data recorded by three stations of the
southern California seismic network, we estimate the correlations
of neighbouring frequencies using different time window lengths
(100–1000 s) to study the properties of the ambient noise field in
different frequency ranges. The correlation matrix results for the
three stations show significant common deviations from the diag-
onal pattern expected for a fully diffuse field, along with some
differences in the data recorded by the different stations. Results
for analysis with a time window length of 500 s, focusing on the
frequency range 0.05–0.3 Hz, show elevated correlations in a square
between 0.07 and 0.09 Hz, a halo around the diagonal in the range
0.1–0.2 Hz around the secondary microseismic peak (0.15 Hz) and
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Figure 9. Similar to Fig. 8 for station for OLI. Stacked power spectra and
distribution of power spectrum measurements at each frequency (top) and
correlation coefficient matrix (bottom). There is an additional correlated
feature between 0.25 and 0.6 Hz compared to Fig. 8, which may reflects
basin effects.

correlation stripes between the square and halo at all three stations.
To probe the possible causes of these types of correlated features, we
simulate synthetic noise data where cross-frequency random com-
ponents are added to an uncorrelated (fully diffuse) noise spectral
vector. The cross-frequency components may represent correlation
of noise sources in given frequency ranges and a wavefield that is not
sufficiently scattered during propagation from sources to receivers.

The synthetic simulations indicate that the square and stripes
can be reproduced with one cross-frequency component, while the
halo pattern requires multiple cross-frequency components. The
correlation coefficients are controlled by the ratio of variances of
cross-frequency components and the uncorrelated noise (eqs 9 and
10). Moreover, the simulated noise for each realization is non-
stationary and the peak amplitude at t = 0 s is higher than at different
times. This suggests that the correlated frequency features may
significantly increase the noise amplitude variations with time, since
time-shift does not change the correlation of power spectral values.
Eq. (9) may be applied in a future study to form an inversion of the
observed correlation coefficient matrix to determine the number and
form of independent cross-frequency components needed to match
the off-diagonal energy. Such results derived from data at many
stations can provide insights on the mechanisms (source, structural
or combined) producing the cross-frequency components.

Results with a shorter time window of 100 s for the frequency
range 0.05–0.6 Hz show again similar correlated neighbouring fre-
quency features at 0.1–0.2 Hz (around the secondary microseismic
peak) and 0.07–0.09 Hz on all three stations, with lower resolution
than in the case using 500 s windows. In addition, the correlation
matrix of station OLI has significant correlations of neighbouring
frequencies between 0.25 and 0.6 Hz. The frequency range at that

Figure 10. Power spectra over 0.002–0.1 Hz and neighbouring frequency
correlation matrix obtained for days 50–300 of year 2014 with window
length of 1000 s and frequency resolution of 0.001 Hz. Stacked power
spectra and distribution of power spectrum measurements at each frequency
(top) and correlation coefficient matrix (bottom) for station CHF.

station above 0.2 Hz also has higher power than the primary micro-
seismic peak. The elevated power and correlations at this frequency
band recorded by station OLI may be related to reverberations at
the edge of the Los Angeles basin or near-coast propagation effects.
This and additional possible effects of different geological settings
and proximity to the coast should be tested in a future study with
data at many more stations.

Analysis of lower frequencies in the range 0.002–0.1 Hz based on
a window length of 1000 s for stations CHF and OLI shows stronger
correlations between 0.005 and 0.05 Hz than the correlated features
at higher frequencies (0.07–0.09 Hz and 0.1–0.2 Hz). These re-
sults indicate that the ambient noise at such very low frequency
is much less diffuse (or less equipartitioned, e.g. Sens-Schönfelder
et al. 2015). The frequency band 0.005–0.05 Hz partly overlaps with
the range of the earth hum (e.g. Tanimoto 2005; Webb 2008) re-
lated to global normal modes. In contrast, the primary microseismic
peak (∼0.06 Hz) corresponds to a more diffuse noise field among
neighbouring frequencies. These differences suggest that the pri-
mary and secondary microseismic peaks may have some different
source mechanisms and/or propagation properties.

Finally, we note that this study does not take into account seasonal
effects of the ambient noise field, which has been observed on wide
ranges of frequencies (e.g. Landès et al. 2010; Hillers & Ben-Zion
2011; Traer et al. 2012), and the three used stations reveal features of
the ambient noise in a relatively small region. Future studies should
perform similar analyses over broader frequency range using more
stations in different regions and data covering multiple years.
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Figure 11. Similar to Fig. 10 for station for OLI. The correlated frequency
feature below 0.05 Hz is stronger and broader compared with the results for
station CHF in Fig. 10.
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