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Summary

We present a procedure for producing a Bayesian fbHI
low frequency passive seismic (LFPS) data. Thecagh
utilizes two LFPS attributes to classify and detieerthe
likelihood of hydrocarbon existence in the substefalhe
attributes are based on strength and variabilitythef
empirically observed hydrocarbon tremor. An impidyve
more robust tremor energy measure based on theotamp
characteristics of the signal is presented and. Baygksian
classification is employed both to accommodate
uncertainties in the data and to provide a riskrege.

The process was tested over four fields with knewrface
projection of the oil-water contact (OWC). Predbcti
results correlate well with reservoir locations.ccérracy
and significance of results will be discussed alavith
possible extensions. The approach provides a tigoro
method for producing hydrocarbon probabilities lblase
LFPS data.

Introduction

Ambient seismic noise recordings made with broadban
seismometers over hydrocarbon-bearing structuree ha
been observed to exhibit spectral anomalies in the
frequency range of about 1 to 6 Hz, most notablyhia
vertical displacement (Dangel et al., 2003; van thigisand
Al-Dulaijan, 2008; Saenger et al., 2009; Lambertakt
2009). Although these anomalies have been founteto
associated with hydrocarbons, there is no accejieory
for the generating mechanism. A preliminary thesates
that the anomaly is a microtremor associated wite t
presence of a multiphase fluid: brine and hydrozasb
(Saenger et al., 2009). The tremor is visible alireeted
spectral energy over the seismic background.

The microtremor strength was shown to be indicatife
hydrocarbon (HC) presence in the subsurface (Saetge
al., 2009; Lambert et al., 2008). Both short-tereng(
transient car noise) and long-term (e.g. daytime
anthropogenic activities) interferences in the LBnd
require a careful editing of the time intervals owhich

the recording is analyzed. Using the quietest tivirelows

the tremor energy is calculated by summing thetdimoe
power spectral densities (PSDs). The energy is ased
low frequency (LF) attribute plotted on a map opnofile.
Even when using minimum noise-affected data, the LF
attributes often exhibit unexpected variability aride
resulting maps are difficult to interpret. This likely a
consequence of using a sum of PSDs of a non-stagion
signal.
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Figure 1: Spectral energy in the frequency rangéH- of ¢
100hour broadband recording was sampled using a sag
window size of 4Gec. The resulting distribution in time is sh¢
on top. When using a 3-hour sampling windouezes the
distributionin at the bottom resultsThe overall characteristics
the distributions arevery similar for both sampling windc
lengths.

Description of the new prediction process

Empirical evidence and forward modeling experiments
suggest that tremor variability can also be indieabof HC
presence (van Mastrigt and Al-Dulaijan, 2008; Larhiet
al., 2009). The statistical process presented foereFPS
data employs two attributes: tremor strength arrchiadity.
Both attributes are based on the tremor energyitaision
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in time. We will show that distribution based daitries are
more robust compared with the previously used
methodology.

A Bayesian HC probability is then computed basedvem
groups of HC and no HC exemplar receivers. These
exemplars are chosen based on the characteristiteio
microtremor signature and, if available, prior imfmtion
about the field (e.g. logs from nearby wells).

The resulting probability maps can be readily ufsedisk
assessment. Furthermore, they are also more aeaunn
compared to a conventional single-attribute, deirastic
classification process. The details of the pro@essgiven
in the following three sections.

Calculation of strength and variability

Tremor energy is calculated by selecting a timedewm (a
sample) in a recording, computing its power spéctra
density (PSD), and then integrating it over thedand of
interest. The time evolution of this energy was
systematically studied on passive data both ovéraavay
from HC. Figure 1 shows the distribution in time toke
energy for a long recording receiver with 100 hafrquiet
recording time. Two sample window sizes were used:
40 seconds (top) and 3 hours (bottom). We see ttiat
underlying distribution is lognormal and that its
characteristics are largely invariant to the sanvaledow
size.

We conclude that at least part of the variabilitf o
conventional tremor energy maps is due to chanamgser
brought about by using just one large window onoa-n
stationary ambient background signal. Note that ymain
the 3 hour samples in Figure 1 (bottom) would have
overestimated the likely tremor energy. Statistisiacall
this thesampling error We therefore sampled the tremor
energy with small time windows to resolve its disition
characteristicsThe medianm of the distribution is then
used as a robust energy measure. Also, the sataplgasd
deviation ¢ can be calculated as a measure of tremor
variability during the considered time windows.

The above observations largely hold as well forepth
energy attributes as used by Saenger et al. (2009).

HC discrimination in m-a space

Figure 2 shows histograms of LF energy medianand
standard deviationr from 87 receivers from a field in West
Texas (carbonate oil reservoir at a depth of ~2hp0
These spatial distributions are also of lognornalre, an
observation supported by our research over a suimta
number of other fields. In Figure 3, the 87 valta@sn and
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Figure 2: Distribution of tremor mediam (left) and standa
deviationo (right) over a field in West Texgsormalized value
used). Both distributions are approximately lognakm

o are plotted against each other. Each axis wasdc
that the mean of its values equals 1. The knowfaser
projection of the OWC was used to mark the cireledHiC
(filled circle) or no HC (open circles). Note tithe OWC
information in Figure 3Figure 1 isot part of the process
but merely used to motivate the use of ther space for
HC discrimination. It is apparent that in this spabe
receivers separate to a high degree into two grdugesed
on whether the recording was made over hydrocarbons
not.

The separation is, however, not perfect. Most jikeluses
for this include:

« Noise sources near a receiver which alter its L&rgn
(Nguyen et al., 2009). Time windowing cannot emfire
exclude this.

« Site effects on the LF wave field caused by the
overburden (Bard 1999; Okada 2003).

 Interference among tremors from distributed HC Ipegc
in the subsurface and between surface noises (hmbe
et al., 2009).

Furthermore, different reservoirs might exhibit felient
tremor signatures as these are likely to vary dejpenon
fluid type and rock properties.

Bayes probability calculation

The above mentioned uncertainties in the data naake
empirical Bayesian methodology a natural choicedata
classification. First, its outputs are probabitie- a
prerequisite for uncertainty-aware risk analysisca@d, its
empirical element allows an interpreter to incluator
information into the prediction process. This imf@tion
can be, e.g. log data from nearby wells, or pdytiahown
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reservoir data (exploitation). Figure 4 shows thsutting
m-o space after two groups of receivers were markei: r
circles are receivers chosen as HC exemplars amée bl
circles are no HC exemplar receivers. The proceas w
tested in a blind fashion, i.enky tremor signature and no
prior information was considered for selecting epéan
receivers

To calculate hydrocarbon probabilities using thedssan
methodology, so-called class-conditional probapilit
density functions (pdf's), oexemplar pdf's are required
(see e.g. Carlin, 2000). These exemplar distribstiwill
now be estimated using the selected exemplar datgps.
Since both strength and variability are seen tadaghly
lognormally distributed (Figure 2), a parametrigriormal
model was selected for the exemplar pdf's. Model
parameters are calculated from tfe, o) values of the
exemplar receivers by use of Maximum Likelihood
estimation. The red and blue contour lines in Fégdr
indicate the lognormal HC and no HC exemplar pdf's
based on the marked data points.

A useful feature of the Bayes approach is the qainoé
prior probabilities. For an HC classification timgeans that
assumed general prospectivity can readily be Iniit the

analysis. In a blind case (such as the one pratéme) a
so calleduninformative prior probability distributionis

used for all receiver® (HC) = P(NHC) = 0.5.

Comparing the(m, o) values of a receiver against the
HC/no HC exemplar pdf's will then yield an HC
probability for the receiver location. This is dofa the
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Figure 3: For 87 receivers, microtremanergy distributio
medianm and standard deviation were plotted against ee
other. Solid circles and open circlesark receivers above &
away from HC, respectivelyn ando were scaled to have mea
1. The two groups separate reasonably well.

West Texas dataset and the resulting HC probalilép is
discussed in the next section.

Results

Figure 5 shows the kriged HC probability map coreput
for the West Texas field. The black contour linpresents
the oil-water contact boundary. The eastern pattefield
is sealed off from the reservoir by a fault andnin-
prospective — a feature that was well representedhb
prediction process. Hydrocarbons are accumulatevin
anticlines to the north and south of the narrowknefcthe
OWC. The process mapped the northern part welfdiled
to recognize the southern part. Possible reasonshfs
include: site effects, destructive tremor interfiere due to
spatial distribution of HC patches, or change isereoir
properties affecting the tremor generation mecmanis

The process is blindly tested on four fields. Adceivers
with a HC probability ofP(HC) > 0.5 are considered HC
predictions. Knowledge about surface projected HC
locations was used after that to capture the acgwhthe
predictions using these measures:

HC prediction accuraciiye = nHC/NHC :

NHC prediction accuracfiyyc = nNHC/NNHC :

wherenyc andnyyc are the numbers of correct HC/no HC
predictions andVyc and Nyyc are the numbers of receivers
actually above/away from HC. Table 1 shows those
accuracies for the four fields. Because the perémge was
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Figure 4: Them-o space already shown in Figure 3ased o
observed tremor signatuned groups of receivers were markec
an interpreter as HC (red circles) and NHC (blueles) The
contours represent the lognormal exemplar distobstestimate
from the markedHC/NHC receivers. The dashed line indicate:
locus of equal probability of HC/NHC (decision baiamy).
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established on a relatively small number of locatiper
field, the significance of the accuracy must beifiget.
Therefore, accuracies were computed above which the
predictor can be assumed to be non-random with a
confidence of >90%. These lower accuracy threshatds
given in Table 1 as well. If a process has accesagreater
than these thresholds it can be considered signifi¢c non-
random. The Bayes HC and no HC classificationsait f
are greater than these thresholds in most of tkescand

we conclude that the process is non-random.

The accuracies of the classification process wenepared
against accuracies from a deterministic classificathat
uses natural breaks (using Jenks optimization) ha t
median values only (Jenks, 1971). Inspection ofl@db
shows that the two-attribute Bayes predictor odgpers
the one-attribute predictor in most cases, espgd@ HC
predictions. The process can thus be considereetisapo
the deterministic one-attribute predictor.

Conclusions

A two-attribute Bayesian DHI process based on gtien
and variability of the empirically observed hydrdman
microtremor has been designed. The process utilizes
median and standard deviation of the distributiotime of

an LF energy attribute. It was shown that the itigtion
median offers a more robust energy measure compared
previous techniques that estimated energy basednen
large time period. The process gives quantitative H
probability maps that are easy to interpret andlmmnised

for risk analysis.

The process was tested on four fields with knowrfiase-
projected HC locations. It was established that the
prediction accuracy is significantly (>90%) non-dlam in
most cases. Also, the multi-attribute predictiongasss was
shown to be superior to a deterministic predictasdud on
tremor energy alone.

Ground noise and subsurface effects can deteridhate
accuracy of the results. Possibilities to improeeunacy
include increasing the dimension of the attribupace
through more LF attributes (other LF attributes éndneen
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Figure 5: Kriged hydrocarbon probability map frone presente
process. The legend indicates HC probability irceet. The blacl
contour line is the surface projected oil-watertaah (OWC) of
the reservoir.

suggested by Saenger et al., 2009, and Lambdrt2£09),

or noise filtering in time and space-time (Nguyenak,
2009). Forward modeling can also help understara th
influence of site effects caused by the overburden.
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#HC #NHC Ayc Aync Ayc Annc min Agc ~ Min Axgc

rec. rec. Jenks Jenks Bayes Bayes random random
Field 1 (shown) 43 44 56 % 80 % 70 % 91 % 62 % 59 %
Field 2 24 9 67 % 100 % 63 % 89 % 88 % 47 %
Field 3 9 22 67 % 73 % 100 % 77 % 52 % 85 %
Field 4 14 14 29 % 71 % 64 % 79 % 70 % 69 %

Table 1: Accuracies for both HC and NHC predictane given for the one-attribute deterministic pcédn (“Jenks”) and the two-attribute

Bayes DHI (“Bayes”). A process is significantly %) non-random if its accuracy is greater tharvtilee given in the last two columns.




