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ABSTRACT
The Tuscaloosa Marine Shale (TMS) is an unconventional play in central Louisiana and southwestern Mississippi. Based
on studies of a limited number of cores from the TMS, other researchers have noted that the facies and the character of the
porosity (pores as opposed to fractures) exhibit changes over small depth intervals (<1 ft); however, the changes in facies and
porosity at that scale are often not discernible in the wireline logs. In this study, the continuous wavelet transform (CWT) technique was a means to identify small depth intervals over which abrupt changes in the response of geophysical well logs occurred
as a means to highlight small depth intervals with changes in the character of the porosity.
Based on geophysical wireline logs of resistivity and sonic slowness, our work determined the depth intervals over which
wavelet spectral power was high. These depth intervals correspond to depth intervals over which there are spikes (either positive or negative) in sonic slowness. Our interpretation is that the character of the porosity changes at these depth intervals;
however, it is not clear if that change in character is from pores (background) to fractures (spikes) or if the change in character
is due to the presence of thin sands (spikes) within the surrounding fractured shale (background). Nonetheless, our project
highlights the usefulness of wavelet transforms as a means to discern changes in geophysical well logs over short depth intervals. In addition, these results highlight the heterogeneous nature of the porosity within the TMS and might be useful in reservoir characterization and well development efforts.

that use core to highlight heterogeneity in the TMS. Based on
data from one core for the TMS, Lu et al. (2011) found heterogeneities in porosity and lithology at centimeter to decimeter scales.
Lithologic heterogeneities were linked to spatially variable concentrations of minerals. Illite, quartz, and kaolinite were present
in high concentrations. Calcite was associated with either localized coarse grained or fossil bearing sediments. Variation in the
relatively low porosity was observed and that variation was associated with pyrite framboids, organic matter, and intragranular
pores in quartz or calcite. However, acquiring core is not always
feasible and therefore there is a need for an alternative method
that can be used to discern changes in porosity (and other characteristics) over short depth intervals.
The potential of the TMS to serve as an economically viable
reservoir of oil is linked to our understanding its porosity, specifically identifying changes in character of the porosity over short
depth intervals. However, identifying such changes from detailed descriptions of cores is expensive and from wireline logs is
difficult. Thus, this work discusses a mathematical method, the
continuous wavelet transform, to identify changes in porosity
over short depth intervals from logs of sonic slowness (reciprocal
of sonic velocity and has units of microseconds per foot) and
resistivity in the TMS.

INTRODUCTION
The Tuscaloosa Marine Shale (TMS) is a proven oil reservoir in Louisiana and Southern Mississippi. The potential of the
TMS as an oil-bearing unit was first identified by Alfred C.
Moore in 1969 (as cited in John et al. [1997]) who analyzed over
50 wells in the region. John et al. (1997) identified a primary
zone of interest that was marked by high resistivity at the base of
the TMS. Barrell (2013) subdivided that high resistivity zone
into a basal sandy shale, a calcareous shale in the middle, and a
non-calcareous shale at the top.
Studies of the TMS have revealed interbedded layers (Singh
et al., 2009) over which the lithology, mineralogy, and porosity
vary. Core data becomes important as those data provides direct
visual evidence of varying characteristics that can be difficult to
discern in wireline logs. There are very few published studies
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Wavelet Transform
Wavelet analysis is a Fourier Transform windowing technique that uses variable sized windows. Mathematically, the
wavelet analysis is a convolution of a wavelet function, such as
the Morlet or Haas, with a spatial and/or temporal signal
(Addison, 2002). The wavelet function can be stretched (scaling)
and moved (translation) along the entire length and/or extent of
the original signal. The result is contours values of the wavelet
coefficients (Fugal, 2009) as a function of scale and translation.
If the values of the coefficient are high, then the wavelet matched
the signal. If the values of the coefficient are low, then the match
between the two is poor.
Wavelet transform has been used in previous geologic and
geophysical studies (Prokoph and Barthelmes, 1996; Chandrasekhar and Rao, 2012; Jansen and Kelkar, 1997; Prokoph and
Agterberg, 2000; Soliman et al., 2001; Rivera et al., 2002).
These studies demonstrated that the wavelet transform was an
effective mathematical tool that can be used to discern changes in
well log data. Using a wavelet analysis, Chandrasekhar and Rao
(2012) identified the tops of oil and/or gas formation pay zones
in the Bombay High oil fields. Rivera et al. (2002) used wavelet
analysis to support stratigraphic analysis and interpretation. Pan
et al. (2008) identified formation interfaces from well log data.
Based on data from extensive cores, Li and Loehle (1995) analyzed the spatial variability of permeability at a radioactive waste
disposal site. An analysis of well log data was used to identify
faults and unconformities and to evaluate spatio-temporal distribution and determine sediment accumulation rates of oil source
rocks (Prokoph and Agterberg, 2000). Jansen and Kelkar (1997)
analyzed well production data in order to estimate fluid flow
paths and existence of flow barriers within the reservoir rocks. In
addition, Sahimi and Hashemi (2001) used wavelet analysis to
identify fractures within a synthetic well log. The usefulness of a
wavelet analysis on wireline log data is clear—wavelet analysis
can be used to detect variations changes in the wireline log data
that are invisible to the human eye (Rivera et al., 2002; Chandrasekhar and Rao, 2012).

Study Objective
The objective of this study is to determine if continuous
wavelet transformations can be used to detect small-spatial-scale
changes in the porosity of the Middle Tuscaloosa Formation of
the Tuscaloosa Group (this is more commonly known as the
TMS; Puckett and Mancini, 2001).

METHODS
Study Area
The TMS is found in the subsurface as a linear belt across
central Louisiana and southwestern Mississippi (Fig. 1). The
TMS is the middle stratigraphic unit of the Tuscaloosa Group and
belongs to the Cretaceous Gulf Series (Figs. 2 and 3). The Tuscaloosa Group is underlain by the Washita Group and overlain by
the Eutaw Group. The Tuscaloosa Group is divided into Upper
Tuscaloosa, TMS, and the Lower Tuscaloosa. The sands and
shales of the Tuscaloosa Group are over 1000 ft thick and represent a complete depositional sequence consisting of a lowstand
system tract, transgressive system tract and a highstand system
tract (Barrel, 2013; John et al., 1997).

Data
Logs of resistivity and of sonic slowness from 12 wells in
Mississippi were used in this study (Table 1). Our study focused
primarily on sonic slowness. Formation tops for the TMS and for
the basal unit of the high resistivity portion (John et al., 1997)
interval were available from some of the wells (Berch, 2013;
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Allen, 2013). The methods described by Berch (2013) and by
Allen (2013) were used to pick the formation tops in the remaining wells.
Sonic slowness is a measure of a formation’s capacity to
transmit sound waves. The sonic response for any given formation is a function of its lithology and rock texture, particularly
porosity and fluid composition. High values indicate that the
sound waves take longer to travel through the medium and return
back to the detector, indicating a higher porosity; whereas, lower
values indicate that a lower porosity.
Resistivity measures the resistance to electrical current in a
formation due to both the nature of the porous media and associated fluids. In this study, logs of deep resistivity were used and
indicate the resistivity of the subsurface away from the well bore
(the uninvaded zone; Rider, 2002); although standard deep resistivity logs are technically influenced by the invaded zone, they
are widely used as a proxy for true formation resistivity. High
resistivity can be attributed to either the presence of hydrocarbons (hydrocarbons have a higher resistance to electrical current
than water does) or to low porosity; whereas, lower values of
resistivity indicate depths at which the porosity is high and pores
are filled with water of varying salinity.

Wavelet Analysis
In wavelet transformation, the signal to be analyzed is convolved with the mother wavelet (the unstretched wavelet) and the
transformation is computed by stretching and translating the
wavelet along the data (Graps, 1995). Following the method of
Sahimi and Hashemi (2001), we calculated the wavelet-power
spectrum using a procedure outlined in the online interactive tool
(http://atoc.colorado.edu/research/wavelets/) provided by Torrence and Compo (1998) with documentation provided by Research Systems, Inc. (2005). [We note that we have assumed that
noise in the logging data has been removed by the logging engineer at the wellsite and therefore all logging data were treated as
being noise-free.]

RESULTS AND DISCUSSION
Our results show high level of wavelet power which correspond to depth intervals at which sonic slowness spiked (either
increase or decreases). For instance, for the log from well Neyland Heirs 1–37 (API 230520501), there are three zones of high
spectral power that are clearly outside of the cone of influence
(due to edge effects, cross-hatched pattern) (Fig. 4). These three
zones correspond to an increase in sonic slowness, a decrease in
sonic slowness, and an increase in sonic slowness as you progress down the log. These spikes in sonic slowness are likely
visible without having performed a wavelet transformation.
For the log from well Longleaf Enterprises (Oryx) (API
2315721574), spikes in sonic slowness are not as readily apparent (Fig. 5); however, the power spectrum of the wavelet transform clearly highlights three spikes, an increase, a decrease, and
an increase as you progress down the log. Note that the depth
resolution of wavelet analysis is on the same vertical resolution
as that of the logging tool, which is about 2 ft for sonic slowness
and between 3–10 ft for resistivity (Rider, 2002). This means
that the depths identified using the wavelet analysis technique are
still much coarser than those identified by Lu et al. (2011) using
the core. Nonetheless, these small-scale changes in the features
which are easily overlooked in visual inspection of log data are
easily identified in wavelet power spectrum leading to a more
realistic interpretation of the heterogeneity of the character of the
porosity within the TMS.
There are corresponding changes in resistivity and sonic
slowness across the study area (Naseem, 2016) (Fig. 6). These
are interpreted as depths at which the character of the porosity is
different from that at adjacent depths. Although, correlation of
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Figure 1. (A) Map of Louisiana
and Mississippi showing the
extent of the Tuscaloosa Marine
Shale (TMS). (B) Inset map
showing the location of wells
and the along strike crosssection A−A’.

A

A’

these possible layers across the study area is difficult. Future
studies should incorporate more well data with complete logging
suites at finer depth resolution, if possible.

SUMMARY AND CONCLUSIONS
In agreement with Sahimi and Hashemi (2001), wavelet
transformation can be used to identify spikes in sonic slowness
and resistivity that are not discernable during visual inspection of
logs. Wavelet transformation, either discrete wavelet as carried
out by Sahima and Hashemi (2001) or continuous as used in this
study, distinguish types of data that have different distributions.
As the distribution of pores and of fractures are not the same,
wavelet transforms are able to see the differences and highlight
short depths intervals over which the distributions differ. This
allows us to see changes in sonic slowness, and by inference

porosity, in the geophysical well logs. In the TMS, depth intervals at which spikes in sonic slowness and resistivity occur show
a rough correspondence across the study area and might highlight
depth intervals of enhanced porosity that could be targeted for
exploration.
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Table 1. Basic data from the wells.
Well API

Well Name

Top of high resistivity zone (ft)

1702923056

M C Knapp 17

12024

Base TMS (ft)
12162

2300520326

Chamberlain

11470

11584

2300520467

Anderson “C” 1

11933

12076

2300520501

Neyland Heirs 1–37

11883

12027

2300520507

Piker A

12527

12678

2300520556

Chase Donald L.

12015

12184

2315721390

Foster Creek Corp 3

11822

11968

2315721566

Longleaf Enterprises (Seagull)

11867

11995

2315721574

Longleaf Enterprises (Oryx)

11916

12069

2315721588

Ark-Smith PJ Hrs

11734

11850

2315721602

Longmire

11737

11888

2315721659

CMR "A" 3

11540

11645

Figure 4. Upper figure is plot of
sonic slowness against depth
for well Neyland Heirs 1–37.
Vertical arrows highlight depths
of spikes (either positive or negative) in sonic slowness and the
corresponding high power.
Lower plot is wavelet power
spectrum that has been adjusted
for red noise and is relative to a
global wavelet power spectrum.
As Morlet wavelet was used, the
unit of the scale of the wavelet
can be considered in feet
(Torrence and Compo, 1998).
Cross-hatched pattern delineates the wavelet power spectrum into two regions: data likely to have been influenced by
edge effects (cross-hatched) and
are therefore not useful versus
data that are not likely to have
been impacted by edge effects.
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Figure 5. Similar to Figure 4, the
upper figure is a plot of sonic
slowness against depth for
Longleaf Enterprises (Oryx) well
and the lower figure is the wavelet power spectrum (corrected
for red noise and relative to the
global wavelet). Vertical arrows
point to depths of spikes in sonic slowness and corresponding
high values of power.
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Figure 6. Strike cross-secion A–A’ including the M C Knapp 17, Foster Creek Corp 3, Ark-Smith P J Hrs, and Chamberlain wells showing correspondence of high spectral
power across between sonic slowness and resistivity at individual wells and rough correspondence across regional scale.
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