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SYSTEMS AND METHODS FOR ESTIMATING TIME OF FLIGHT FOR AN ACOUSTIC WAVE

CROSS-REFERENCE TO RELATED APPLICATIONS
This application claivms priority to United States Provisional Patent Application Serial No.

62/025,479, which was filed bn July 16, 2014, and is incorporated heréin by reference.

BACKGROUND
In order to get as much information as posSibIe about the properties of a formation
surrounding a borehole, modern sonic-logging technology has developed over the last few decadeé.
For éxample, an acoustic source or a transmitter, e.g., a monopole, dipole, guadrupole, etc. source,
emits an acoustic wave inside the borehole. The resulting acoustic wave is then recorded with an
acoustic array after it ha\s reached the borehole walls and traveled through the formation via elastic

waves. Data analysis on the recorded waveforms provides useful information about the geophysical

properties of the borehole. Such information is composed pf the slowness of the different types of

waves traveling through the formation, as well as the dispersion curves when the slowness is
frequency dependent. ' |

Sonic tools have been designed in order to.operate simyltaneously with the drilling of the
borehole. Such tools are called logging-while-drilling (“LWD") tools and are linked to a bit within a
bottom hole assembly (”BHA”). Processing sonic data obtained from LWD is a challenging task
because the recorded waveforms experience a low signél to noise ratio (“SNR”) due to the drilling
noise, for example, any noisé generated by the driII'ingfbpération such as the sound of the bit grinding
the rock and/or any shocks of the BHA against the borehole'w_alls. The noisy data aéquired by LWD

sonic logging requires robust techniques to extract useful information.

SUMMARY
Described herein are robust automated techniques to estimate first-arrival times of
compressional waves (“P-waves”) on Drilling and Measurement (“D&M”) acoustic monopole data.

Estimating first-arrival times can be a challenging task because D&M data experience a very low signal

~ to noise ratio, making the conventional first-motion detection algorithms unreliable. Hence several

signal processing tools are described for use together in order to build a robust algorithm. First, after

using a first-motion detection algorithm, outliers are detected and discarded. The remaining outputs
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allow for windowing of the signal around the P-wave arrivals, and then calculating the time delays
bretween the wa\;eforms. These time delrays are useful information for two reasons. First, the time
delays can be used to greatly reduce the error on the first-arrival estimations. Secondly, the time
delays can provide an approximate value of the P-slowness. Knowing the P-slowness, the data can be
filtered, for example, using either two-dimensional (“2-D") Fouriér transform or the Radon transform
of all the waveforms at once, reducing efficiently the noise. Then, repeating this three steps scheme
for few iterations provides reliable estimations of first-arrival times. Two example applications for the
first-arrival time estimates are also described. First, the P-slowness deduced-from these techniques is
very close to the P-slowness calculated by Slowness Time Coherence (“STC”) on both wireline and
D&M data. Another application may be the borehole diameter and/or mua slowness estimations.

An example method for estimating a time of flight (“TOF”) for an acoustic wave generated by
an acoustic source for-each of a plurality of acoustic receivers in an array can include recording data
corresponding to the acoustic wave received at each of the acoustic receivers, estimating a respective
TOF for the acoustic wave folr each of the acoustic re;eivers, and discarding one or more of the
respéctive estimated TOFs. Each of the discarded TOFs can be a statistical outlier. The method can
also include calculating a plurality of time delays for the acqustic wave using a plurality of non-
discarded estimated TOFs, and updating the respective estimated TOFs for the acoustic wave for eéch
of the acoustic receivers using the calculated time delays. Each of the time delays can be a difference
between reSpective estimated TOFs for the acous'gic wave for at least two of the acoustiE receivers.

Additionally, the method can optionally further include determining a compressional wave (“P-
wave”) slowness value based on t‘he calculated time delays, filtering the recorded data using a two-
dimeqsional filtering transform based on the P-wéve slowness value, and re-performing, using the
filfered recorded data, the steps of estimating the respective TOF for the acoustic \wave for each of
the acoustic receivers, discarding one or more of the respective estimated TOFs, caIcUIating the
plurality of time delays and updating the respective estimated TOFS using the calculated time delays.

Optionally, the two-dimensional filtering transform can be an F-K transform or a Radon:

‘transform, wavelet transform, curvelet, or any other transformation allowing to represent the data in’

two dimensions. Alternatively or additionally, the TOF for the acoustic wave for each of the acoustic
receivers can optionally be estimated using a first-arrival time detection algorithm. For example, the
first-arrival time detection algorithm can be an entropy algorithm, a threshold based algorithm, or a

statistical algorithm based. Alternatively or additionally, a plurality of time delays for the acoustic
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wave can optionally be calculated using a high-order statistical algorithm. For example, the high-
order statistical algorithm can be a bicoherence correlation algorithm, a coherence-correlation
alg;)rithm, a cross-correlation algorithm, bispectral-algorithm. ‘

Additionally, one or more of the respective estimated TOFs can be discarded by performing a
least-squares regression on the estimated TOFs, calculating a standard deviation of differences
between the estimated TOFs and respective values of the least-squares regression for the acoustic
wave for each of the acoustic receivers, and if an absolute value of a difference between an estimated
TOF for the acoustic ane for a given acoustic receiver and a value of the least-squares regression for
the acoustic wave for the given acoustic receiver is greater than the standard deviation, discarding
the eétiméted TOF for the acoustic wave for the given recéiver.

Optionally, the method can further inélude, upon discarding one or more of the respective
estimated TOFs, windowing respective portions of the recorded data corresponding to the acoustic
wave for each of the acoustic receivers around each 6f the non-discarded estimated TOFfs and »
disregarding data outside each of the respective windowed portions. For example, disregarding data
outside each of the respective windowed portions can include, but is not limited to, setting the data
outside each of the ‘respective windowed portions tozeroora flag value. Accordingly, the data
outside each of the respective windowed portions can be identified and not used (e.g., ignored,
disregarded, etc.)’ in the remaining calculations.

Alternatively or additionally, the method can include determining a P-wave slowness value

based on the updated TOFs for the acoustic wave for each of the acoustic receivers. For example,

determining the P-wave slowness value for each of the acoustic receivers can include performing a
Ieast—sduares regression on the updated TOFs, and calculating a slope of a bést-fitting line obtained by
thé least-squares regression}

Optionally, the acoustic source and the array can be located in a borehole. Additionally, the
method can further include inVerting a diameter of the borehole and/or a mud slowness value based
on the updated TOFs for the acoustic wave for each of the acoustic receivers.

An example systen:\ for estimating a TOF for an acoustic wave can include an acoustic tooI_ and
a control unit. The acoustic tool can include at least one acoustic source configured to generate an
acoustic wave and an array including a plurality of acoustic receivers. The control unit can include at
least one processor and a memory. In addition, the control unit can be configured to record data

corresponding to the acoustic wave received at each of the acoustic receivers, estimate a respective
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TOF for the acoustic w‘ave fc;r each of the acoustic receivers, ahd discard one or more of the
respective estimated TOFs. Each of the discarded TOFs can be a statistical ou‘tlier.l The control unit
can also be configured to calculate a plurality of time delays for the acoustic wave using a plurality of
non-discarded estimated TOFs, and update the respective estimated TOFs for the acoustic wave for
each of the acoustic receivers using the calculatéd time delays. Each of the time delays can be a
difference between respective estimated TOFs for the acoustic wave for at least two of the acoustic
receivers.‘

Additionally, thé control unit can be further configured to determine a P-wave slpwness value

based on the calculated time delays, filter the recorded data using a two-dimensional filtering

~ transform based on the P-wave slowness value, and re-perform, using the filtered recorded data, the

s,/teps of éstimating the respective TOF for the acoustic wave for each of the acoustic receivers,
discarding one or more of the estimated TOFs, calculating the plurality of time delays and updbating
the estimated TOFS using the calculated time delays.

Optionally, the two-dimensional filtering transform can be an F-K transform or a Radon
transform. Alternatively or additionally, the TOF for the acoustic wave for each of the acoustic
receivers can optionally be estimated using a first-arrival time detection algoribthm. Iéor example, the
first-arrival time detection 'algorithvm can be an entropy algorithm an entropy algorithm. Alternatively
or additionally, a plurality of time delays for the acoustic wave can optionally be calculated using a
high-order statistical algorithm. For example, the high-order statistical algorithm can be a
bicoherence correlation algorithm. |

Additionélly, one or more of the respective estimated TOFs can be discarded by performing a
Ieast-squarés régressibn on the estimated TOFs, calculating a standard deviation of differences
between the eétimated TOFs and respective values of the least-squares regression for the acoustic
wave for each of the acoustic receivers, énd if an absolute value of a difference between an estimated
TOF for the acoustic wave for a given acoustic receiver and a value of the least-squares regression for
the acoustic wave for the given acoustic receiver is greater than the standard deviation, discarding
the estimated TOF for the acoustic wave for the given réceiver. ,

Optionally, the control unit can be further configured to, upon discarding one or more of the

_respective estimated TOFs, window respective portions of the recorded data corresponding to the

acoustic wave for each of the acoustic receivers around each of the non-discarded estimated TOFs

and disregard data outside each of the respective windowed portions. For example, disregarding data -

N
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outside each of the respective windowed portions can include, but is not limited to, setting the data
outside each of the respective windowed portions to zero or a flag value. Accordingly, the data

outside each of the respective windowed portions can be identified and not used (e.g., ignored,

-disregarded, etc.) in the remaining calculations.

Alternatively or additionally, the control unit can be configured to determine a P-wave
slowness value based on the updated TOFs for the acoustic wave for each of the acoustic receivers.
For example, determining the P-wave slowness value for eéch of the acoustic receivers can include
performing a least-squares regression on the updated TOFs, and calculating a slopé of a best-fitting
line obtained by the least-squares regression.

Optionally, the acoustic source and the array can be located in a borehole. Additionallry, the
contro! unit can be further configured to invert a diameter of the borehole and/or a mud slowness
value based on the updated TOFs for the acoustic wave for each of the acoustic receivers.

it should be understood that the above-described subject matter can be implemented asa
computer-controlled apparatus, a computer process, a computing system, or an article of
manufacture, such as a computer-readable storage medium.

Other systems, methods, features and/or advantages will be or may become apparent to one
with skill in the art upon examination of the following drawings and detailed description. It is
intended that all such additional systems, methods, features and/or advéntages be included within

this description and be protected by the accompanying claims.
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BRIEF DESCRIPTION OF THE DRAWINGS
The components in the drawings are not necessarily to scale relative to each other. Like
reference numerals designate corresponding parts throughout the several views.

FIGURE 1 is a diagram illustrating a sonic logging tool located in a borehole.

FIGURE 2A is a diagram illustrating particle motion induced by a compressional wave. FIGURE

2B is a diagram illustrating particle motion induced by a shear wave polarized vertically.
FIGURE 3 isa diagram illustrating the reflected and refracted waves rhrough the fluid-
formation interface using ray tracing. | |
FIGURE 4 is a diagram illustrating-the création of P-head Waves and S-h\ead waves.
FIGURE 5 is a graph jIIustrating the first-arrival time and TOF on a recorded waveform.
FIGURE 6 is a graph illustrating an example waveform set obtained in a LWD ex.periment.

FIGURES 7A-7C are graphs iIIustrating an example recorded waveform and entropy function.

~ FIGURES 8A-8C are graphs illustrating an example recarded waveform and entropy function. -

FIGURE 9 is a graph illustrating TOF estimations of D&M data.
FIGURE 10is a graph illustrating the uncorrupted waveform.

FIGURE 11 is a graph illustrating an example of the spatlaIIy and temporally correlated noises

FIGURE 12 is a graph illustrating the uncorrupted waveforms (N=1, 2, ...8) with the respective

stationary noises (nl"""”N) ~ added thereto.

FIGURE 13 is a graph illustrating the mean time delays relative to the first waveform (i.e.,
waveform N=1) for SNR =9 dB,,.. |

FIGURE i4 is a graph illustrating the mean time delays relative to the first waveform (i.e.,
waveform N=1) for SNR = 7 dB. “ | |

FIGURE 15 is a graph illustrating the mean time delays relative to the flrst waveform (i.e.,
waveform N=1) for SNR = 3 dB.

FIGURE 16 is a graph illustrating the mean time dvelays relative to the first waveform (i.e.,

“waveform N=1) for SNR = 7 dB with standard deviation error bars.

FIGURE 17 is a graph illustrating the mean time delays relative to the first waveform (i.e.,
waveform N=1) for SNR = 7 dB for a window=[50:150].
FIGURE 18 is a graph illustrating the mean time delays relative to the first waveform (i.e.,

waveform N=1) for SNR = 7 dB for a window=[70:135].
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FIGURE 19 is a graph illustrating the estimations of P-wave first-arrivals (i.e., TOF) with and
without accounting for the time delays. ’

FIGURE 20 is a diagram illustrating F-K slowness filtering zone seléction

FIGURE 21is a graph illustrating example waveforms after F-K filtering. -

FIGURE 22 is a graph illustrating exambple waveforms afte;r Radon filtering.

FIGURES 23A-23B are flow diagrams illustrating éxample operations for estimating a TOF for
an acoustic wave generated by an acoustic source for each of a plurality of acoustic receivers in an
acoustic array. |

FIGURE 24 is a graph illustrating P-wave slowness estimations using a Slowness Time

- Coherence al’gorithm (“STC”) on wireline-data (solid), the STC algorithm on D&M dafa (dashed), and

the techniques described herein on the D&M data (dotted). »

| FIGURE 25Ais a éraph illustrating the borehole diameter estimation using the Bayesian
method with synthetic times of flight. FIGURE 25B is a graph illustrating the mud élowness estimation
using the Bayesian method with synthetic times of flight. - .

FIGURE 26 is a graph illustrating borehole diameter estimations using the Bayesian technique
described herein (soiid) compared to borehole diameter estimations using a density tool
(dotted/dashed). |

vFIG‘URE 27 is a graph illustrating the absolute error in percent between borehole diameter
estimations using the Bayesian techn'ique described herein and borehole diameter estimations using
the density tool. | | -

FIGURE 28 is a graph illustrating borehole diameter estimations using the Bayesian technique ’
described herein compared to a mechanical wireline calipér obtained after thé well was drilled.

FIGURE 29 is a graph illustrating the absolute error in percent between borehole diameter

estimations using the Bayesian technique described herein and the mechanical wireline caliper.
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DETAILED DESCRIPTION
Unless defined otherwise, all technical and scientific terms used herein have the same
meanmg as commonly understood by one of ordinary skill in the art. Methods and materials similar
or equwalent to those described herein can be used in the practice or.testing of the present
disclosure. As used in the specification, and in the appended claims, the smgular forms “a,” ”an,”
“the” include plural referents ;Jnless the context clearly dictates otherwise. Thé term “comprising”
and variations thereof as used heréin is used synonymously with the term “including” and variations

I n

thereof and are open, non-limiting terms. The terms “optional” or “optionally” used herein mean
that the subsequently described feature, event or circ.umstance may or may not occur, and that the -
descriptio[i includes instances where said feature, event or circumstance occurs and instances where
it does not. While implementations will be described for estimating a TOF for an acoustic wave for
each of a plurality of acoustic receivers in an array located in a borehole, it will become evident to
those skilled in the art that the implementations are not limited thereto,‘ but are applicable for
estimating a TOF for an acoustic wave for each of a plurality of acoustic receivers in an array located

in other environments such as land surface, marine streamer, horizontal and vertical wells, cased and

open hole .

Borehole Sonic Logging

Example Enwronment

Referring now to FIG. 1, a diagram of a sonic Iogglng tool inside a borehole (or wellbore) 102 in
a formation 110 is shown. The formation 110 can contain a desirable f|UId such as oil or gas. As
shown in FIG. 1, the borehole 102 is a vertical wellbore drilled in the formation 110. The borehole
102 can be used to extract the desirable fluid. Optionally, the borehole 102 can be a fluid-filled
wellbore, e.g., filled with a drilling fluid 101 (e.g., a liquid or gas). The borehole 102 can have an
acou;c,ti‘c tool arranged therein. An écoustic tool (or Iogging‘,tool, sonic tool, etc.) can include at least
one:acoustic source (e.g., acoustic source 106) and an array of acoustic receivers 108. The acoustié

source 106 and the arréy of acoustic receivers 108 can be part of an acoustic logging tool of any type,

incIiuding‘ but not limited to, a wire line logging tool, a logging while drilling (“LWD") tool ora

measurement while drilling (”MWD") tool. Logging tools are well known in the art and are therefore

not discussed in further detail below.
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The acoustic source 106 can be configured to excite a monopo|é waveform, for example, a
spherical acoustic wave where energy is.emitted equally in alvl directions and the wavefront is »
perpendicular to the direction of wave propagation. Although monopole wavefdrhs are described in
the examples below, this disclosure c'ontemplates‘that the acoustic source 106 can be configured to
excite other types of waveforms, including but not limited to dipole or quadrupole waveforms. It
should be understood that the acoustic source 106 is configured to transmit energy (e.g., acoustic
waves) into the formation 110. The energy can be characterized by its frequency and wavelength.
Optionally, the ac_qustic source 106 can transmit broadband energy at frequencies bétween 0.5 and
20kHz, for example. The transmitted energy can excite compressional, shear, Stoneley, flexural
al:{d/or quadrupole waves in the formation 110. Additionally, the array of acoustic receivers 108 is
configured to detect the compressional, shear, Stoneley, flexural or quadrupole waves travelling in
the drilling fluid 101, for example. It shodld be understood that the energy transmitted by the
acoustic source 106 can be reflected énd/or refracted from the quid—formatibn interface. The arfay of
acoustic' receivers 108 can optionally include a plurality of acoustic receivers (e.g., receivers 108A). In
addition, the acoustic receivers can bé equally spaced along the borehole axis. The waveform emitted
by the acoustic source 106 can be recorded at each of the acoustic receivers of the array of acoustic
receivers 108. By arran‘ging acoustic receivers in an afray with different spacing from the acoustic
source 106, it is possible to improve signal quality and extract various borehole signals over a broad
frequency band. In addition, it should be understood that the borehole 102, as well as the acoustic
source 106 and the array of acoustic receiveré 108, are provided only as examples and are not
intended to be limiting.

| The acoustic tool (e.,g.,. the acoustic source 106 and the array of acouétic receivers 108) can be
operably connectéd with a control unit 120. It should be understood that the control unit 120 can
optionally be located above, on and/or below theisurface of the formation 110. Alfernatively or
additionally, the control unit 120 can be integrated with the acoustic tool and arranged in the
borehole 102. The control unit 120 can optionally be configured to control the acoustic source 106

and/or the array of acoustic receivers 108, as well as receive, process and store sonic data (e.g., the

‘acoustic data detected, collect, recorded, etc. by the acoustic receivers 108). In its most basic

configuration, the control unit 120 typically includes at least one processing unit and system memory.
Depending on the exact configuration and type of control unit 120, syst'em' memory may be volatile

(such as random access memory (RAMY}), non-volatile (such as read-only memory (ROM), flash
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memory, etc.), or some combination of the two. The processing unit can be a standard

programmable processor that performs arithmetié and logic operations necessary for operation of the
control unit 120.

For example, the processing unit can be configured to execu.te program code encoded in
tangible, computer-readable media. Computer-readable media refers to any media that is capable of
providing data thaf causes the control unit 120 (i.e., a machine) to operate in a particular fashion.
Various computer-readable media may be utilized to provide instructions to the processing unit for
execution. Example tangible, computer-readable recordiﬁg media include, but are not limited to, an
integrated circuit (e.g., field-programmable gate array 6r applicatiqn-specific IC), a hard disk, an

optical disk, a magneto-optical disk, a floppy disk, a magnetic tape, a holographic storage medium, a

~ solid-state device, RAM, ROM, electrically erasable program read-only memory (EEPROM), flash

memory or other memory technology, CD-ROM, di.gital versatile disks (DVD) or other optical storage,
magnetic‘cassettes, magnetic tape, magnetic digk storage or other magnetic storage devices. |

Ih addition, the control unit 120 can have additional features/functionality. For example, the
control unit 120 may include additional storage such as removable storage and non-removable
storage including, but not limited to, magnetic or pptical disks or tapes. The control unit 120 may also
contain network connection(s) that aIIoW the device to communicate with other devices. The control
unit 120 may also have input device(s) such as a keyboard, mouse, touch screen, etc. Output
deVice(s) such as a display, speakers, printer, etc. may also be included. The additional devi'.ces may
be connected to the bus in order to facilitate communication of data among the components of the
control unit 120. All these devices are well knowh in the art and need not be discussed at length here.

Wave Equations

For an homogeneous medium, Newton’s second law of motion is shown by Egn. (1).

%u;
P = i+ o
(1)

where g is the mass density, u is the particle displacement, t is the stress tensor, andfi is the
sum of the external body forces. In the absence of body forces, the homogeneous momentum

equation is shown by Eqn. (2). -

62’&@'
P 52

= (()jTij.

10
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The displacements induced by seismic waves are very small. Assuming that the medlum is
lsotrop|c then the Imear stress-strain relationship shown in Egn. (3) is used.
Ty = )\5@“{7 U -+ 2u-e,,;j,
(3)

where A and . are the Lame parameters. The strain tensor is shown by Eqn. (4).

5 - - (4)
By substituting Eqn. (3) into Eqn. (2), Egn. (5) is obtained.

‘;t = (V- w)VA + Vo (Vut (Vu)T) + (0420 V(V ) — 4V A (VA ). '
T : g . _ | (5)

In Eqn. (5), the right hand side involves the gradients of the Lame parameters. These gradients
| are nonzero as long as the medium is inhomogeneous. However, by solving Eqn. (5) on several layers,
10 each of them being inhomogeneous, it is possible to ignore these térms. Then, the solution in the
whole medium is cal'culated using transmission and reflection coefficients. Another reason for
discarding the_se‘ terms is that their modulus will tend to iero at high frequencies. Within this

approximation, Egn. (5) becomes Eqn. (6).

9%u _ . _
5 = (A+2)V(V 1) — k¥ A (V Au).
| | (6)
15 ‘ Eqgn. (6) is referred to as the seismic wave equation. |

Now, taking the divergence of Eqn. (6), the wave equation corresponding to the compressional

waves, or P-waves, shown in Egn. (7) is o_bt'ained,

1 84V -u)
—

ViV -u) — 5 = 0,
o (7)

where a, which is shown in Eqn. (8), is the Wave speed.

A+ 2u

20 h - ' | (8)

The particle motion induced by P-waves is pafallel to the wave propagation direction, as it is

for acoustic waves in fluids or gas. For example, the particle motion induced by P-waves is shown in

11
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" FIG. 2A. Now taki'ng the rotational of Eqn."('6), another wave equation, corresponding to shear waves,

or S-waves, which is shown by Eqn. (9) is obtained.

_1_52(\7 Au) _’FO

(9)

where B, which is shown in Egn. (10) is the S-wave speed.

5 ‘ P ' (10)

The particle motion induced By S-wéves is perpendicular to the propagation direction. For
example, the particle motion induced by S-waves is shown in FIG. 2B. This motion is due to the
tangential stress in the medium. Hence, such waves cannot propagate in fluid or gas whel;e there are
no tangential forces. The divergence of the displa_tément is null, V-u=0, which means that the volume

10  of any element of the medium does not change. Like other transverse waves such as electromagnetic
waves, they exhibit pro\perties' as polarization.

Ray Tracing and Snell’s Law

Vm is the acoustic wave speed in the borehole mud, VP is the P-wave speed and VS is the S-

wave speed. it should be understood that VP>VS' and hence, P-waves are always detected first at
15  acoustic receivers. Generally, V5>Vm, and particular media where Vm>VS are called slow formations.

To investigate the path followed by acoustic waves through both the mud and the fofmation, it is
helpful to use fay tracing. This technique provideé good approximation of the real wave propagation ‘
' péth when the wavefronts can be approximated as planes, or when the wavelength is'much smaller
than the borehole diameter. A ray is a line which is parallel to the wave propagation direction and
20  which represents the fastest path between two points. At the interface between the borehole mud
and formation, Snell’s law, which is shown by Egn. (11), determines the propagation direction of the

refracted P- ahd S-waves.

1 1 1 ‘

- gin §7 = o~ 8infy = = sin By,
. (11)

FIG. 3 is a diagram illuétrating the reflected and refracted waves through the fluid-formation

25 interface using ray tracing. The incident P-wave arrives at the interface with incidence 04.1n the
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borehole, the reflected P-wéve has incidence =04.1In the formation, the incidence of the refracted P-
wave (dotted line) and refracted S-wave (dashed line) are determined by the Snell’s law.

When the refraction angle is equal to 90°, the refracted waves propagate parallel to the mud-
formation interface. According to Huygens principle, every point of the interface, when excited by a P-
or S-wave, acts asa secondary source for P- and S-waves, in both the borehole and the formation. The

resulting waves are called head-waves. FIG. 4 is a diagram illustrating the creation of P-head waves

404 and S-head waves 406. For example, FIG. 4 shows the wavefronts generated by a monopole

source 402 at the center of the borehole. In the formationv, the dotted lines correspond to the
wavefront of the transmitted P-wave and the dashéd lines corre"spond‘to the wavefront of the
transmitted S-wave. When the angle between the incident acoustic wave 403 and the formation
reaches a particular value deterhﬁined by the Snell’s law, a head wave fs generated. The S head wave

406 occurs later than the P head wave 404 since VS<VP' If VS<Vm' e.g., in a slow formation, no S head

wave is generated according to the Snell’s law. The compressional head wave, wHich is generated by

the P-wave propagating along the formation-mud interface 401, is the first to arrive at the receivers.

The last arrival generated by a monopole source and detected by the recei’vers_ are acoustic
waves which are generated by t.he St.oneley waves traveling through the formatio.n. Stoneley waves
are surface waves that propagate along the mud-formation interface, and whose amplitude decreases
exponentially‘ away from the interface (evanescence property)..This decay is frequency-dependent,
high frequencies decay faster than low frequencies. Also, whereas P- and S- waves in isotropic media
are non-dispersive, Stoneley waves are slightly dispersive, which means that their veIocfty depends on
the frequency. Amplitude and speed of low-frequency Stoneley waves are sensitive to the
permeability of the formations and to thé fractu"res. Hence, the study of these waves brovides

information about these two properties of the formation in the neighborhood of the interface.

First Arrival Time-Picking
‘ Provided below are techniques for automatic éstimation of first-arrival times on the
waveforms recorded by the sonic tools (e.g., the sonic tool described with regard to FIG. 1). These
techniques are sometimes referred to herein as first-arrival time detection algorithms. There are
many terms in the field of seismic data processing that all refer to the 5ame time point, the most used
being first-arrival, first-motion, or first-break. The first-arrival time corresponds to the time at which a

‘wave, generated by an acoustic source (e.g., the acoustic source 106 shown in FIG. 1), arrives to the
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receiver (e.g. each receiver in the array of acoustic receivers 108 shown in FIG. 1), while the time of

flight (“TOF”) corresponds to the amount of time elapsed between the emission of the wave by the

- acoustic source, and the first-arrival time. FIG. 5 is a graph illustrating the first-arrival time and TOF on

a recorded waveform. In the followiné examples, TOF and first-arrival are equal since the time t=0 is -
set at the start of the acdustic source signal emission. Focusing on the borehole sonic case, the first-
arrival time will refer to the time at Which the compressional P-wave afrives at each receiver in the
array of acoustic receivers (e.g. the array of acoustic receivers 108 shown in FIG. 1); since they have
the highest velocity in the formation. More precisely, it is the time at which the wavefront of the
head-wave generated by the travel pf the P-wave through the borehole fluid-formation interface
arrives at an acoustic receiver. »

When the signal to noise ratio (“SNR”} is high, as it may be the case in wireline sonic logging,
estimating tirﬁes of flight by visual inﬁpection may be an easy task and may provide highly accurate
estimations. As well, many automated algorithms have been put forward during the [ast decades, in
order to avoid intervention of any human operator, hence processing rapidly t}hé thousands of |

waveforms recorded. These automated algorithms can provide as well highly accurate times.of flight

_estimations, as long as the SNR remains high. However, the robustness of these algorithms decreases

‘heavily in the presence of high amplitude noise, or when the waveforms are corrupted with arrivals of
undesired waves, e.g., under low SNR conditions such és when data is recorded duripg LWD
ope(ations. v |

Accordingly, the examples below focus on the data recorded by sonic tools during alwD
operation. The waveforms recordedtin such a situation experience a very low SNR. The drilling noise
may have an amplitude nearly equal to the P-wave amplitude, and some high amplitude tube waves
(similar to Stoneley waves) can be generated by some shocks experienced by the sonic tool against
the borehole walls. Another undesired wave {s the one generated by the transmitter and which
travels directly through the colI‘ar until the receiver array. Hence, it has a high véloc_:ity and-arrives
before the P-wave, interfering with it and making accurate TOF estimations a difficult task. FIG. 6 is a
graph illustrating an example waveform' set obtained in LWD experiment. By examining FIG. 6, it
should be understood how challenging finding‘ accurate first-arrival times can be, for ekample, even

an expert in acoustics may have trouble estimating first-arrival times with reasonable accuracy. In

particular, conventional techniques for picking automatically first-arrivals may be far away from

having the desired robustness desired in D&M data processing. Hence, the techniques described

14
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herein for automatically estimating first arrivals and/or TOF can improve the reliability of the results
‘as compared to the conventional techniques.
Conventional First-Arrival Time Detection Algorithms
The most widely used techniques to pick upbfirst-arrival times usebthe ratio of energy of the
5  signal within two di'sfinct windows. For example, it is possible to take, at any time, "che ratio between

the energy of the §ignal a forward window and a backward window as shown in Eqn. (12).

(12)

where x;are the signal samples and n,,is the length of the window. The maximum of the
energy ratio provides an estimation of the first-arrival time. This technique captures well the first
10  arrival time as long as the SNR is high. However, for low SNR, it may provide biased estimation of
arrival times. Hence, several other methods using energy calculations have been put forward. -
For example, the short time average, long time average (“STA/LTA”} algorithm computes the

ratio of the energy between a short time window and a long time window as shown in Eqgns. (13) and

(14).
i -
y _ s
STA= 3
Femteryy :
15 o , | (13)
‘ T
A= - &
ITA= ) af, .
Fei—ny | . (1)

‘where ng and njare the sizes of the short and long time windows. Then, as shown in Eqn. (15),

a ratio between the STA and LTA is defined.

= ST'A
LT T
| LTA (15)
20 Finally, the numerical derivative of r is calculated as shown by Eqn. (16).
d; = Tipl = T
(16)

The index for which d is maximum prbvides an estimation of the first arrival time. This method

is one of the most widely used among the seismic processing community.
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A modified energy ratio technique is now provided. After calculating the energy ratio between

a forward and backward window, a modified energy ratio is calculated as shown by Eqn. (17).

7 = (lzi] - 13)°, (17)

and the peak is closed to the first arrival time. ‘

Another class of algorithms uses autoregressive representations of the signal in order to
determine the arrival time. First, a‘set of data points(x; --- x5) which contains the onset of the noise
free signal is needed. Then, this sequence is divided in two intervals, one preceding and one including

the onset. In each interval, the data is fit with an autoregressive representation of order M as shown

in-Egn. (18).
' Mo 5
. Tp = Z"ag{"xt——nz + 77151’)5 .

with t=1,..., M, for interval 1, and t=N-M+1,...,N, for interval 2. The process n is assumed to be

' i 2 .
white Gaussian, with E((ni))2)=oi . An arbitrary‘integer K such that M+1<K<N-M-1 is then chosen.

Since it is assumed that n is white Gaussian, the maximum likelihood function using data from

intervals [M+1,K] and [K+1,N-M] can be expressed as shown in Eqn. (19).

EEl mi==l

) L 2 A TRNCYE ‘ 1 & M ) 2\’
skt 1 () o (- 5 (5~ S3tten) )]
. : ot o TR =i ) fJ

(19)

(gD @ 2y . | )
where S =1(aj",...,a37,07)  5ng 1n=M+1lp,=K+1q=kq=N-Mn =K-

M,n,=N-M-—K. Maxih’uizing the log-likelihood is shown in Egn. (20).

o0 , (20)
The solution is then shown in Eqn. (21).
1 i M \ 2
2 » ; ;
=23 (2= S dlnn)
§ ’L,.j_—;pi m:l - (21)

Going back to Eqn. (19) and substituting these values, the following formula for the log

likelihood as a function of K is obtained, which is shown in Egn. (22). )
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log(L{z; K, M4, Q) = %(K’ — MYlog(e?) — %(N‘ ~ M ~ K)log(o3) + C, 22)

where Cis a constant. The value of K for which the log likelihood function (Egn. (19)) is
maximized provides an estimation of the first-érrival time.

A similar technique first provides an approximate estimation of the first-break. It has been
shown to perform very well on high quality data. There are several drawbacks however. First, it needs
to provide arbitrary order for the AR, i.e., autoregressive process, processes modeling within the two

windows. Second, this algorithm requires the estimations of all the AR parameters, which can be

- accurately calculated only if enough samples within the window of interest are available. This will not

be the case with sonic logging field data, which contain 256 samples on the fU»II signal length.
An entropy method may be used for picking first-arrivals. In the entropy method, the entropy
of the signal x, given a time window of length n, is defined by Eqgn. (23).

1

1 . ‘

Hi_ = log]. —_— E o EI,,_“‘:Ei_ﬂ
Ny - &

J=U T

(23)

The entropy will be rapidly varying when the time window moves from a noise only partto a
signal"plus noise part. vAs a resulf, it is expected the first-break should occur nearly the maximum of
the entropy function derivative. In order to prevent high variability of the entropy, while it preserves
enough information about the noise free signal, the size of the time window should be equal to few.

periods of the signal.

- Edge Preserving Smoothing Method v
The edge preserving smoothihg (”EPS”) method is a powerful tool in order to better estimate

the maxima of a numerical derivative, which is needed in both the STA/LTA and entropy methods.
Indeed, because of the noise and the irregularity of the signals, the derivatives of either entropy or
STA/LTA iratio afe highly variable, leading to maxima which do not necessarily correspond to any
arrivals. FIGS. 7A-7C illustrate an example récorded waveform and entropy function. FIG. 7A is the
reéorded waveform. FIG. 7B is the entropy function. AintionaIIy, the numerical derivative of the
entropy function, which is shown in FIG. 7C, appears to have numerous peaks, which can lead to é

biased estimation of the first arrival. The variability of the entropy function is therefore shown in FIGS.

- 7A-7C, where it is difficult to distinguish the peak corresponding to the first arrival. The EPS method is
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designed to solve this problem, by reducing the noise on the function we are taking the derivative,
while preserving the most noticeable changes.

Consider the EPS algorithm applied to the signal (y;)._ . The only parameter to set is
‘ ) ii=1,,N

the length of the window, n,, At each point i, consider the Ny

windows as shown by Eqn. (24).

window (1); = (Vicng,+j» ---'}’i+j—1)rv J=1..,n,
(24) -

The value EPS(i) is then chosen as the mean of the window which standard deviation is the

smallest as shown by Eqn. (25).

i+k-1
Yizivk-ny, Y1

EPS‘(i) = with k = argmin; (st d(window(i)j))
- (25)
The'result of the edge preserving smoothing procedure on the entropy function, together with
its numerical derivative and the signal, is éhown in FIGS. 8A-8C. FIGS. 8A-8C illustrate an example
recorded waveform and entropy function. FiG. 8A is the recorded waveform. FIG. 8B is the entrop'y

function. Additionally, the numerical derivative of the entropy function is shown in FIG. 8C. As shown

in FIG. 8C, the resolution on the peak of the numerical derivative is well improved.

Example Application to Field Data
First-arrival time detection algorithms are applied on the signals recorded at an acoustic

receiver array of a sonic tool such as the sonic tool described with regard to FIG. 1, for example. Itis

desirable to choose the most appropriate gmong the automated first-arrival time detection

algorithms described above for appliéatidn to the field data. AS described above, the field data is
obtained by LWD operations; andv‘the drilling operations may badly affect the quality of the acoustic v
signals recorded, (esulting in a very low SNR. After applying different algorithms on the waveforms
recorded at various depth inside a borehole, it appeared that the algorithm providing the most robust

first-break estimations was the entropy method. However, it should be understood that this

_disclosure should not be limited to using the entropy method and that other known first-arrival time

detection methods can be used. This is not surprising since the amplitude of the noise is almost equal
to the amplitude of the compressional waves, making methods based on ratio in energy within
different types of windows extremely unreliable. On the other hand, the entropy method is more able

to detect variations in the nature of the recorded signal, as its spectrum
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One of the difficulties shared by all the automated first-arrival time detection algorithms is to
properly pick up the first break without mistaking with eventual later arrivals. Indeed, in borehole
sonic logging, not only are P-arrivals recorded, but also S and Stoneley arrivals. Because S-waves and
Stoneley waves are most of the time much strohger than P-waves, first-break algorithms may
sometimes output these arrivals instead of the low amplitude P-wave onset. It is possible to reduce or
eliminate this problem by dividing the energy ratio,> or the entropy function and STA/LTA derivatives,

by the energy of the signal within a window of size 2-‘--ne around each point. Actually, given the noisy

field data, the best results were obtained by dividing by the power 1/4 of the energy. Given for

example the entropy function (Hi)' the first-arrival time estimations can be obtained as shown by Eqgn.

(26).
, Hipq — H;
t = argmax V7
2
Z T;
Gt

(26)

Among the numerous tests performed on the field data, the entropy method exhibits good
ability in picking approximately the arrival times corresponding to the P-waves arrivals rather than
some random high amplitude noise. Hence, using the entropy method algorithm is a first step toward
more robust and accurate times of flight estimations. FIG. 9 is a graph illustrating TOF estimations of
D&M data, for example, using a first-arrival time d’etectioh algorithm such as the entropy method.
While some estimates seem to be reasonably good, some other estimates are obviously missing the

P-wave arrivals.

Finding and Discarding Outliers

After estimating TOFs, the next step is to find and discard one or more of the TOF estimates
that are missing P-wave arrivals, e.g., either.detecting some noise before or missing it due to the low
amplitude of compressional waves. ‘At each depth, the sonic tool is composed of an array of equally-
spaced acoustic réceivers, for example, and hence the'sonic tool is cabable of recording a plurality of
waveforms at each of the acoustic receivers. Since the spacing between each receiver is constant, ii is

expected that the time of flight of the P-wave between the acoustic source and each acoustic receiver

should be linear with the index of the acoustic receiver, as long as the hypothesis that the borehole

formation has a uniform P-wave velocity along the array length is approximately true, Given this a
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priori knowledge, the following steps can be taken in order to discard the time of flight estimates that
have missed P-wave arrivals. | ‘ |

First, the first-break (first-arrival time, TOF, etc.) ét each acoustic receiver Can be calculated,
for example, using the entropy method algorithm, where the numerical derivative of the entropy
function is divided by the energy of the signal as expressed in Egn. (26). Then, a least-square '
regression of the first break estimations as a function of the acoustic receiver index can be performed.
This regression fits the best line to the entropy algorithm output. ‘ .

~ Next, the standard deviation of the difference between thé algorithm output and the linear
regression can be calculated. For each acoustic receiver, j, if the absolute value of the difference
between the esti‘m‘ated first break and the value of the least-Squares regression ih i is greater tHan the
standard deviatidn, the corresponding first-arrival éstimation is discarded. Then, a new linear ‘
regression is performed using the remaining (e.g., non-disca.rded) first-break estimations.

Next, the entropy algorithm is again performed; with two modificatiohs. First, the entropy.
calculations are windowed within a window around the values given by the least-squares regression.
The window must be small enough to avoid any later arrivals (e.g., S-wave and Stoneley arrivals).
Ad‘dit’ionally, the numerical derivative of the entropy is not divided by the energy since the risk of
estimating a later high amplftude arrival has been‘reduc.ed. Then, a new linear regression is
performed on the results.

Next, the standard deviation of the difference between the new entropy algorithm output and

the linear regression can be calculated. For each acoustic receiver, i, if the absolute value of the

difference between the estimated first break and the value of the least-squares regression in i is
greater than the standard deviation, the corresponding first-arrival estimation is discarded. Then, a
new linear regréssion is performed using the remaining (e.g., non-discarded) first-break éstima_tions'.
THe final result is given either by the remaining values of the entropy method output, or by the linear
regression for the waveforms for tho;e TOF estimations were found to be irrelevant along the
procedure.

Accordingly, using an outlier detection technique after having performed first-arrival time

estimations, e.g., using any known first-arrival time detection algbrithm, helps to improve the

. reliability of the results. 'By discarding outliers, it is possible to exclude some values which do not

‘correspond to the P-wave arrivals. Then, additional techniques can be applied to the recorded data to

achieve better accuracy on the first-arrival time estimations. As described in detail below, one
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technique is to estimate time delays between the signals recorded at two or more of the acousﬁc
receivers. Since time.delay estimation methods may be more robust to the presence of noise, it is
possible to improve the accuracy on the times of flight estimafions.

Time Delay Estimations '

Let xl(t) and xz(t) be the measurement of a signal at two spatially separated sensors such as

acoustic receivers, for example. Mathematically, these signals can be represented by Eqn. (27).

(=0 - hat) * s(t) +malt),
Zo(t) = ho (t) *s(t — D) +na(t),

(27)

wherebs(t) is a stationary unknown signal and nl(t) and nz(t) are stationary noises at each
sensor. s(t) is assumed t‘o‘be uncorrelated with nl(t) and nz(t), but no assumption is made on the
correlation between nl(t) and nz(t). ,hl(t) and hz(t) represent the impulse res}pohse functions of the

medium. D is the time delay between the signals at the two sensors. As described above, estimating
the time delay D is the objectivé.AAssuming that the medium properties are the same, which is

generally the case for seismic and sonic data, Eqn. (27) can be simplified to Eqn. (28).

za(t) = s(t—D)+mna(f),

(28)
Cross-Correlation and Generalized Cross-Correlation
An example technique in order to estimate the time delay D is to compute the cross-
co‘rre|ation function, for example, as defined by Eqn. (29).
R,z (1) = E(m1(8)z2(t 4 7)) (2)

where E denotes the expectation. Since it is assumed that s, ny, and ny are stationary, the

cross-corre'latioln function R, __does not depend on the time t.

1X2
Practically, assuming that the processes Xq and xz,'are ergodic, an expectation can be

calculated by taking the time average along a single path.as shown by Eqn. (30).

o 1 T

1

.Z‘l(t).'L'g (t+ 7)dt.
' (30)
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“RX is only an estimation of R since the time average is realized over a finite time window on
1%2 S XX ,

which the signals are considered stationary. In practice, signals which are defined for integer valued

times t=0,...,N are dealt with, and the estimation of the cross-correlation function becomes,

! RN, N=7) :
Ry (r) = W 4 Z \ z1(4)za(i + 7)
i=maz(0;—T) (31)
5 The cross-correlation function can also be calculated using Fourier analysis. Indeed, from the

Wiener-Khintchine theorem,

BRaya (T) = E(xl(t-)‘r?(t +'T)> = F (lewz(w)) (32)
where Py xs 1S the cross-spectrum, defined as,

» 1%2

Pris(®) = B(X;(@)X3()), Xi(@)=Flar), Xa(w) = Flaz), o3

10 with F the Fourier transform operator, F(f)(w) = f_:o f(t)e widt.

| Using the signal model described in Egn. (27), the cross-tspe»ctrum;can be decomposed in order
to see how it is affected by the different terms involved in Eqn. (27), '

Pryg(w) = E(X{(w)Xalw)) = Hi (w)H(w) Pss(w) ?TWD,'”% Pnnz (w)
media - source delay noise
(34)

15 It can be seen that the estimation of the time delay is colored by the propagation media, the
source as well as the correlation of the noise. This latter term may lead to a biased estimation of the
time delay, while the two first affect the resolution on the maximum of the cross-correlation function.
The effect of the correlation of the noises can also be seen directly on the time domain in the case of

identical impulse response functions (equation (29)), since, -

Raiay(7) = E(z1 ()22t +7)) = Beo(r = DY+ Biyna(7);

20 (35)

where it can be seen that, although RSS(I—D) reaches its maximum in 1=D, the last term
Rnlnz(t), which is genérally unknown, may generate a different value of t for the cross-correlation
function to reach its maximum.

Improving the resolution of the maximum
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In order to improve the accuracy on the peak of the cross-correlation function, it is desirable

to first filter the signals xl(t) and xz(t) prior the integration, with some filtering function Gl(w) and
‘ Gz(w). The functions obtained after filtering, Y1 and Yy lead to the calculation of the generalized

cross-correlation funcﬁon Ry1y2' As described above,

Ryyay(7) = FH(B(X] (W) Xo(w))) |
, J (36) -

5
and then it is pvossible to write the generalized cross-correlation function in terms of Gl(w) and
Y : —1 o ® \ d
Rng-(‘T) =F" (E(Gl (w) X7 (w)GQ (w)_X2 (w)))
. (37)
The function, '
‘ 1/ w: HE (w) Ho(w): :
10 (@) = Hi( ) (@) | (38)
denotes the general frequency weighting. Several frequency weightings are known in the art
and a few are described in detail below. It should be understood that the frequency weighting's
described below are provided only as examples and that other known frequency weightings can be
used with the techniques described herein. ‘ ‘
15 The smoothed coherence transform (SCOT)
The SCOT method uses the following weighting function,
1
Y(w) = — - ,
\,/me; (W)szxz(“’) (39)
Hence, '
. - - Py (W) ‘
'Rylyz(T) =F! (\/P = IE:}P (w)) )
/ T ToLy) (40)
20 The cdmplex coherence function-vxlxz, can be decom‘posed,
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) = Pue®)
ﬂ,':cl';z:g(w) - Jpxl’x1 (wépmz:cg(wj .
— Hl(“’)/HQ(w) ’ U(u)) e—wiwD + Pﬂ-ﬂw (w) s
jlfi(w)\/rﬂz(w)tmm &\/ P:z;m@i)P@wg.(&))J
medin ’ notse

(41)

where the function U{w) depends on the signal-to-noise ratios le(w) and sz(u)),

Uw) = - !

\/(“ o) (ram) - 42)

The inverse Fourier transform of the complex coherence function VX1X2' the generalized cross-

5  correlation Rylyz' is called the coherence correlation. There are few advantages using the latter

rather than the conventional cross-correlation. First, the amplitude effects of the propagation media
are normalized, and secondly Vxlxz depends on the signal-to-noise ratio rather than on the signal
- spectrum P When the noises become negligible, the function U(w) tends to unity irrespective to the

. ' _ ‘ ,
source spectrum. However, although normalized, the noise correlation term still affects the

10 coherence correlation, leading to a biased estimate of the time delay when the noises ny and n, are

" correlated.
The Roth processor

The general frequency weighting is now defined by,

1
. Pgig,(w) o ' (43)
15 The phase transform (PHAT) |

The PHAT method uses the weighting,

1
lpizl?cz'(w)! )

The Eckart Filer

U(w) =
| (44)

The Eckart method uses the weighting,
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Pés(w)
Pmﬂl (w)l)n2”? (w)

Y(w)=

(45)
The HT processor

The HT processor was shown to be a Maximum Likelihood estimator for the time delay.

_ 1 [¥12 (@)]?
l}’(a)) T Praxz (@) (1-ly12(@)I?) (46)

where,

~ (W) - EBTK.LTJ'Q':(M)F
" Py (W) Pryey (W)

(47)

While all these weighting functions lead to a better resolution of the peak of the égnefalized
cross-correlation function, it is not clear whether they make this peak less or more sensitive to noise.

Higher-order Statistics | |

An alternative approach in order to avoid a biased estimation of the time delay due to the
correlation of the noises is to use higher order statistics. These methods are based on the calculation”
of higher order cumulants. The definition of the‘joint cumulant function corresponding to a set of

random variables XqpXy TS shown by Eqgn. (48),

(& .- &) = log (Er (e-ﬂ?p (ZQXZ'))) ;
, | Vi1 2 _ (48)

~and its Taylor expansion, using Einstein’s summation convention,
g(&) = g(0) + D'g(0)¢; + 57 DY g(0)&:&; + 5DV g(0)€ik 8k + ...
- A | (49)
The cumulants are then defined by the coefficients of the Taylor expansion,

"

o(X:) = Dig(0),
’ C(Xi,.ij) = DUQ(O):
(X, X3, Xi) = .D¥g(0),

N

(50)

Calculating analytically the coefficients of the Taylor expansion provides,
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0. ST ¢y '“Z ((;m — i(-nH-1 T E(HX))

Sell &8
' (51)

where I describes ali the possible partitions of the set (1,....k), and || is the cardinal of (1.

- Now, the cumulants functions of a stationary random process (x(t))tER are defined by,

o =cfz(®)),
J G =ce,ate ),
C% (7—1: '7'2) :"C(z(t)im(i o+ ’ij),»f.’B(t + 7-25a
5 . ) ’ ‘ . | : (52)

As shown by Eqgn. {52), cumulants are linked to the moments of a random process. The n-th

order moment of a stationary random proceSs x(t), kER is defined by,

| X (1, 7oy 0 i Taet) = B2 ()2t + 1) . 2t + 1)) (53) ’

For a zero-mean process, the following equations defining the cumulants of order 2, 3 and 4

10 are obtained.

&(r) =mg(r)
() = mi(r, 7o)
clre m2,m3) = mf(m, 72, 73) ~ mE(r)mElry 1) - mF(raym (73 11) - mE(ra)mE(m1. - 1) G4

Going to the Fourier domain, the definitions of the power spectrurh, the bispectrum, and the

trispectrum are shown by Eqn. (55).

. 00"
Sw) = Y. GlreT,

T 00

Glnun) = > S i, mye-iCartonm)

‘rlm~oo "zmwoo

Cf(wy, we,w3) = E E Z ¢ (1, 7z, )Tt w2

TJ_—«—OO Tg——OCT*gw—OO (55)

15 The power spectrum, the bispectrum and the trispectrum can also be expressed in terms of

the Fourier transform of the random process x, X(w)=F(x)(w);
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C’m(w) = E(X(w)X*(w)),
Cg (w1;w2) = B(X (w1)X (w2) X * (w1 +w2))
614 (“’1% u)z,_wg) = ID(X (w1)X(wz)X (0.)3)_2(*((421 “+ Wy +‘w3}){.

(56)
An important function, the bicoherence, which is the normalized bispectrum, is defined by
Eqn. (57).
App
Be{w,wy) = - C’ (wr,w2) .
' Ci{w1)CF(w Cz Wy + w '
s \/ F(w1) 2)CF (w1 + wz) (57)

When dealing with two or three different random processes, useful functions are the cross-

~

spectrum, the cross-bispectrum and the cross-bicoherence. Let x, y and z be three stationary random

processes, these functions are defined (in the same order as mentioned) by Eqn. (58).

oy (71, 72) -‘c(x(@ vkt ), 2+,

e ‘
A - . g (G Ty g T
Cmyz(folsWZ) - E E Cwy,». Tl:TZ GO 2)

Ti=—00 7200
Czyz(wla LVB)

\/Cz (w1) Cy(wg)Cz(w1+w2)

Bf':cyb(wl, 0«'2)

(58)

10 The main advantage of using higher order statistics is that cumulants of order higher than 2
are equal to zero when the random process has a symmetric probability density function. Hence,
dealing for example with the important case of Gaussian noise, the use of higher order statistics
greater than 2 may allow to avoid the biased delay estimation due to the correlated noise.

‘Time delay estimation with third order bicoherence-correlation |

15 It is possible to deal with the problem of time delay estimation between two signals Xq and Xy.

For example, it is possible to being with the definition of the cross-bicoherence, which is the

normalized cross-bispectrum, as shown by Eqn. (59).
Cmyz (wl 3 'w?)w

Vs Chn) Gl +wa)

Begys(wi,wz) =
' (59)
The method for estimating the time delay using this function is known in the art. First, the

20  bicoherence ratio I'X X Xl(wl,wz) is evaluated as shown by Eqgn. (60)
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(60)

Then an integration is performed along the real axis in the second variable, as shown by Eqgn.

(61).

—0OC

A»"«‘zsxz (wl) = / rm;mzm (wi :w2>d"‘“2>

Then, the inverse Fourier transform is applied to obtain the bicoherence correlation t

which is shown by Egn. (62).

Y0 A (7))

(61)

X1X3'

(62)

The time delay estimation is then provided by the time at which the bicoherence correlation

_reaches its maximum, as shown by Egn. (63).

D = argmax; Ty 4, (1)

(63)

As done previously for the cross-spectrum function and the complex coherence function, it is

possible to decompose the bicoherence ratio, as shown by Eqn. (64).

Hy(w1)/Ha(wi) oD
]-.7,1:1:23:1 2) = J@s
222 = [ ) )] S
NR ay
medm
where,
L 1+ 1/Us, (w1)
D / e ‘ S ukg

(64)

(65)

As for the complex coherence function, the effect of the media are normalized. Moreover, if

the two measurements are performed in similar noise environments, then U(w1)=1, and the

resolution of the peak will be acceptable. Thus, using higher order statistics, the term corresponding

to the correlation of the noises has vanished.

Parametric bispectrum method

Described below is another interesting method, which uses third order statistics but without

the need to combute the bispectra.

From Eqn. (28),
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s(n—D)=z(n—- D) -ni(n - D), (66)
“and tH,en, |
z2(n) = z1(n — D) —mi(n — D) +ny(n), (67)
which can be written in a more general form,
za(n) = i_ a;z1(n = i) —ny(n.— D) +ny C’Tt), E
: i=—P : __ (68)

where P is an integer which is greater than D. Multiplying Eqn. (68) by xl(n) and xl(n+g)vand
taking expectation, Eqns. (69) or (70) is obtained.

Banm+inm+ o) = DL_paE@am—itr)nm+ )

=Elzynyn(n 41 - D)z (n + p)) + E(il(n)’ng{ﬂ. + .:r)zl(n + ) (69)

or, N
P -
RZ;.’E;%[ (T'P) = Z a1R$12:1$1 (T - ?:-P) —— Ra.;nlirl (T - D! p) + R‘Elnﬁzx (Tlp>’
fom—P ) i : (70)

. Assuming that the signal s and the noises nq and n, are independent, and since the noises are

Gaussian, the functions Rxlnlxl(t—D,g) | and Rxlnle(T'Q) are equal to 0. Her\ce, Eqn. (70)
becomes,
P .
Reizom (T,p) = Z 2iRe12:2,(T —1, ).
=P | | (71)

Writing Eqn. (71) for several values of g and 1, a linear over-determined system as shown by

Eqn. (72) is obtained.

Rayizoz, = Rxwm-A; '

. (72)
and the least squares solution of this linear system is,
T. o 1.7
A=(Rye 1 xiRegxgrg | Rxpxaxs Regxoxy (73)

Then, the time delay D can be chosen as the value of j for which |0,-| is maximum.

Time Delay Estimations Between N Signals
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Now, N different signals, which are delayed versions of a source signal s plus an additive noise
which is uncorrelated with s, are given by Eqn. (74).

() = 8(?) +mni(t),

zo(t) = s(t— D1) +na(t)

X :C;\r(t) =38{(t —Dxn-1) +f7ZiN7(i§), o
' (74)

The goal is to find the time delays between the signals x2,..;,xN and the reference signal Xq-
Accordingly, the goal is to find the time difference between the reference signal x4 and at least two of
the other signals. In other words, the goal is, to find the N-1 delays (Dl""'DN—l)

- Basic Technique
The most straightforward way to achieve this challenge is to estimate the delays between two
consecutive signals using one of the technigues described above. Hence, as soon as the delays

d1=delay(x1,x2),...,dN_1=deIay(xN_1,xN) are obtained, it is easy to deduce the values "

(Dl,...,DN_l)' . Indeed, trivially,

10 .. 0 |

p={1 ™~ ™ ilg | (75)
N A :
1 .01 1

Beamforming v
- A different approach from the ones described above is to use a technique called beamforming.

This technique includes applying a set of time shifts to the waveforms array then summing the

waveforms. The time shifts which lead to the sum which Has the‘higheSt 12 norm provides an

\) ‘l
estimations of the times delays (Dl'“"DN—i) . Indeed, the % normiis maximum when the

waveforms are aligned. Beamforming has been shown to be an optimum procedure when the noises

which are added to the delayed source signal are white Gaussian.

Referring to { (Aro @), ..., ATN(B)), 6 € A, A c N} as the set of time shifts that apply to the

.waveforms array, with Atl(e)=0, then the desired value of @ is obtained by Eqn. (76).
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= arg;meax Z{ Z a{t — AT;(@)}Q.
i }t‘ t | ’ / (76)
Then(Dy, ..., Dy) = (A‘L’Z(@), i ATN(é)), is obtained. By expanding the inner sum, it may be

interpreted as varying the parameters @ to shift and sum the cross-correlation bétween all possible

pairs of waveforms,

: | f = arg r‘ngix;m,j (An(8) — ATi(0))
5 - ! (77)

where r,j is the cross-correlation between waveforms / and j,
I .

r(r) = m(t)z;(t +7).
, 3 (78)
There are two disadvantages to the beamforming technique. First, it is computationally

expensive, since the set A in which the parameter © belongs to may be very large. For example, if, for’

10 each waveform, it is desired to try integer shifts varying in [‘—K,K],bthen card(A)=(K+1)N_1, which

means that the program has (K+1)N_1 12 norms to calculate. Secondly, this technique may lead to
biased delay estimations when the noises are not white Gaussian.
. Linear Regression '

This technique consists in first calculating the delays between all the pbssible pairs of
15 waveforms. Hence, for an array of N waveforms, (I;,) delays'ar_e calculated. If &jj is the delay befween

the ith and jth waveforms, this.delay is calculated by finding the maximum of the cross-correlation
fUnction_,
&;; = drg max ry; (7).
T ©(79)
From this estimation of the pairwise delays é‘ij' an estimation of the parameters At

20 corrésponding to the problem is desired, e.g., as shown ‘by Eqgn. (80). -

zi(t) = s(t— An) + (), I=1,....N. 30)

As deséribed above, DI—I;TI A DOEO) was defined. The linear relationship between the

parameters eji and Aty can be determined as shown by Eqgn. (81).
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Writing the vector e=(812'el3""'eiN'e23""EZN""'e(N—l)N) , and the vector-

At=(At1,...,AtN) , the following linear equation is obtained.

e=AAr, _ ‘ - (82)

where,

Ac M.(‘z)g"«’(ﬁos 1]])1 A(Zf], k) = 03k — ik (83)

An estimation of vector At is obtained by solving this over-determined system by the least

squares method,
ar=(ATa) 1ae. | (84)
Linear regression is much faster than beamforming all the waveforms. However, an erroron a

delay estimation between a pair of waveforms will propagate, which leads to biased estimation of all

the delays (At,,...,ATy)) . Pairwise time delay estimation via maximization of the cross-correlation
1 N aelay ,

function is efficient when the noises are uncorrelated.. Nevérthe!ess, when noises appear to be
correlated, it is better to use high order statistics, as described above. Hence, instead of calculating

cross-correlations, the estimations éij are obtained by finding the maximum of the bicohérence—

correlation function defined by Eqn. (85).

6y = arg e T (7). 5)

Computing the bicoherence-correlation function is longer than computing the cross-
correlation function, but it leads to better estimation of delays as long as the noises are symmetrically

distribute.d.

Basic Technique Versus Linear Regression
The time delay estimations of a set containing N waveforms were considered as a random
experiment. Hence, the error of each method was calculated by calculating the variance of the time

delay estimations. Calling X the random variable which gives the result of a pairwise time delay

estimator, without consideration of the method, it is possible to use either cross-correlation or

bicoherence-correlation. Assume that the variance of X, Var(X), is independent of the true time delay

which is equal to E(X).
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The goal is to estimate the variance of each component of the time delays vector

D=(D1,,DN_1) . The basic method uses the simple linear relationship,

1 0 .. 0 ,
p={! ~ ™~ ilg | (86)
R ¢
1 . 11
where, from the assumption, Var(dl-)=Var(X), Vi . Hence, it is possible to calculate,

Var(D;). = Var (5: djc_)

k=1
= Z Var(dy)
k=1
= k- Var(X). .
5 (87)
The above method may not be acceptable since the uncertainty on the time deiays with
respect to the reference waveform is proportional to the waveform index. Accordingly, for

comparison, the variance of the vector D is calculated with the linear regression method described

above. |
Ver(D) = E ((D - E(D))- (D— E(D))T)
= B [((ATA)'ATe - E((ATA)'ATe)) - ((ATA)ATe - E((ATA)1ATe))T]
- BIATAIAT (o~ (o) (e @) ((ATA)ATYT]
= (ATA)ATE((e ~ E(e)) - (e ~ E(e)T)A((ATA)™)T
= (ATA) AT Var(X)d ) - A(ATA)HT
= Var(X)(ATA) TATA((ATA) 1T ‘ ,
10 = Var(X)(ATA))". _ | | (88)

In order to calculate the variance of each component, Var(Dk), k=1,..,.N-1 _ ~ the

diégonal terms of the matrix (ATA)_1 are calculated. Careful calculation provides,
- T ‘ m'} 2 . :
(A*A)Y e = K k=1... ,N-1. , _

Hence,

Var(Dy) = Var(D)u = -Var(X).

15 (96)
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With the linear regression method, the uncertainty on each component of D is independent of
the waveform number k. Additionally, this uncertainty is much smaller as compared to the basic
method. Thus, the linear regression method can optionally be preferred when trying to estimates the

N-1 delays relative to the first waveform.

Hybrid Regression-Beamforming

As described above, the linear regression method is computationally faster than beamforming
all the waveforms. However, any biased estimations in the pairwise correlations may propagate |
leading to biased estimations of the delays At. In order td get better robustness with results which are
less sensitive to such errors at the first step of the algorithm, it may be desirable to use more time
delay estimations between waveforms before invérting the over-determined system. Thus, instead of
considering the time delays between all pairs of waveforms, the delays of all subset of waveforms of
size P can be calculated. To calculate the delays of each of the (11\,') subsets of waveforms, the
beamforming technigue déscribed above can be used. Accordingly, this method is referred to as
"Hybrid regression-beamforming". ‘

Let k€(1,...,NP), beamforming each subset of size P provides us the delays

| k k o :
Atp={(A'[(1 ),...,(IAT; )),kE[[l,NP]]} , and then, an over-determined system can be‘solved

where the matrix Ap has known entries,

Arp=ApAT, Ap €My py([0.1]),
| £/ 5 (91)

Ar = (ALAp) AT AT, 2

The larger the subsets are, the more robust is the method, while increasing the computational
complexity. Hence, a hierarchy of algorithms is possible. A way to achieve a proper time delay
estimation is then to start with the simplest procedure, the linear regression with cross-correlation

calculations, and evaluate the model error.

Performance Analysis Using Synthetic Data
In order to analyze the performance of the different techniques described above, Monte-Carlo

simulations were performed on synthetic data. For each run, the uncorrupted delayed signal at eight

-
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acoustic receivers remains constant, while the noise is generéted randomly; but always with the same
correlation properties. / v
The uncorr’dpted waveform
First, an array of 8 identical waveforms (e.g., waveforms N=i, 2...8) was created, where each
5 df the waveforms was composed of 256 samples. The reference waveform is a Ricker wavelet

convolved with a FIR filter. The Ricker wavelet is defined by,

- 2
rit)=(1-2(nft)2)e"V1)°, | -~ (93)
FIG. 10 is a graph illustrating the uncorrupted waveform. Then, the waveforms, e.g.,
waveforms i=2,...,8 were shifted with delays DI:(i—l)-S relative to the first waveform, e.g., waveform -
10 =1
| Generation of spatially and temporally correlated noise

N stationary noises ("1"“'”N) are then generated in order to add them to the initial

waveform described above. The computation is performed as follows.
First,.the two following‘ vectors were created,
15 a=(1,-07,04,0.1), : (94)
b=(by,b5,b3,b4.b5), | (95)
where the elements bi are random variables, independent and Gaussian with zero mean and

unity variance. The correlated noise is then generated via an auto-regressive-moving-average

(“ARMA") process,

’

a1 () + aa W (n - 1) + asvO(n = 2+ agw® (- 3) =

by s () +.b§s(1)(n ~ 1) # by ("' — )+ by (n— 3) & by (n.—4),

20 (96)

“where the prdcess (S(n))ﬁEN is a white Gaussian noise. It is clear that the process v est iero-
mean since there is no deterministic component on the right ha‘nd side of the equation. Moreover,
the roots of the polynomial P()0=d1+aZX+a3X2+a4X3 are
(r1,r2,r3)=(—5.6, O..8+1.1i, 0.8-1.1j) which the modulus are all strictly bigger

25  than1, |ri|>1. It follows that the process v is stationary.

Then, a set of three other identical ARMA processes using vectors are generated,

¢=(1,-1.75, 1.4,~0.6), (97)
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d=(d1,...,d10), ‘ . (98)
where the elements di are random variables, independent and Gaussian with zero mean and

unity variance.

(m1 )(73) +.0+ (417i )(n 3) =disi(n) +...+dgsi{n—9),.
¢ 1772 (n} 4+ F 047;} )(n 3) =dyss(n) +. .. +dysy{n — 9),
[SE )(TL) + ... L4I’}§ (Tl 3) """ d}_éé( ) e dygsa(n — 9); (99)
v (1) (1)

5 where ) and sy are independent white Gaussian noises. Again, the processes nl Ny )

L , :
and ng ) are clearly zero-mean. Moreover, the roots of the polynomial P(X)=c1+c2X+c3X2+c4X3 are
(rq.r9:r3)=(1.1, 0.6+1.1/, 0.6-1.1i) which the modulus are all strictly bigger than 1, .
lrl-|>1. It follows that these processes are stationary. Finally, the first noise process is obtained by

“Egn. (100).
s Ly (1) (iy (n
o () = 5" (m) +nf ) + 2 ) + 1O ) - (100)

A linear combination of stationary processes is also stationary, which means that nyis

stationary.

To get the other noises ny, 1=2,..,.N by calculating v(l),

awd (n) + azu(l)f(_gw-l) + agptd (n—2) +anBn-3) =

bis® ()4 bos@(n — 1) + b3s@(n — 2) + bas®(n — 3) + bss@(n — 4y, (101)

(0 (/) (-1 (1) (1)

15 andny’, ny,n3 fromn; ,ny “ng

097 -3) =n"n),

067 (n—6) =ny V(n),
0 o\ (=15,

99 (n~11) = ’

0 7) ( : ) ‘ 3 (n)7 (102)

then, n,is calculated from,

my(n) = ( Om) + n”(n) + ) + vO(m).
(103)
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Again, it is clear that all the processes ny I=2,...,Nl are all stationary. FIG. 11is a
graph illustrating an example of the spatially and temporally correlated noises Nqyeeerl)

Results v
FIG. 12 is a graph illustrating the uncorrupted waveforms (N=1, 2, ...8) with the resvpective

stationary noises (nl"“'"N) added thereto. The time delays were then.calculated with the following

techniques,

1. " Basic method using cross-correlations (i.e., “correlation” in FIGS. 13-18),

2 Bésic method using bicoherence correlation (i.e., “bicoherence” in FIGS. 13-18),

3 Linear regression with cross-correlation (i.e., “linear with correlation” in FIGS. 13-18),
4. Linear regression with bicoherence(i.e., “linear with bicoherence” in FIGS. 13-18),

5 Hybrid regressio'n-beamforming with P=2 (i.e., “linear with beamforming’f in FIGS. 13-

18).

In particular, 500 Monte-Carlo simulations Wére run in order to calculate the mean and the
standard deviation of the time delays estimations. The experiments were performed for SNR=3, 7 and
9dB. FIG. 13 is a graph illustrating the mean time delays relative to the first waveform (i.e., waveform
N=1) for SNR = 9 dB. FIG. 14 is a graph illustrating the mean time delays relative to th.e first waveform
(i.e., waveform N=1) for SNR =7 dB. FIG. 15 is a graph'illustrating the mean time delays relative to the
first waveform (i.e., waveform N=1) for SNR = 3 dB.

In the case SNR=9dB, very acceptable time delays estimations were obtained using techniques

1 to 4 above. As shown in FIG. 13, only technique 5, i.e., using hybrid-regression beamforming as an

estimator of the '(1;,) pairwise delays failed to provide consistent results. The reason is due to the

spatial correlation of the noises which entails that the L2 norms calculated in Egn. (76) do not reach

" their maximum when the waveforms are shifted by their exact time delays. In the case SNR=7dB,

acceptable results are also obtained, as the relative error for techniques 1 to 4 remain below 0.3.
Again, similar to FIGt 13, the hybrid-regression beamforming technique generates wrong time delays
estimations as shown in FIG. 14. As shown‘iﬁ FIG. 15, in the case SNR=3dB, whiqh means that the
signal is completely covered by the noisé (i.e., the amplitude of the original Ricker signal is nearly
equal. to the variance 6f the noise), the limits of the above techniques can be observed in highly noisyi

environments, since none of the techniques provides consistent time delays estimations.
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Moreover, the techniques using higher order statistics {e.g., basic with bicoherence (techniqvue
2 above) and linear regression with bicoherence (technique 4 above)) performv better than techniques
l,;sing cross-correlation (basic with cross-correlation (technique 1 above) and linear regression with
cross-correlation (technique 3 abbve)), as it was expected from the theoretical studies which showed
that cross-correlations based techniques are sensitive to the spatially correlated noises, while high
order statistics based techniques are not.

From the plots of the mean time delays estimations, it is not clear whether the techniques

using linear regression perform better than basic methods which just add the pairwise delays

between two adjacent waveforms. Indeed the means of linear regressions are approximately equals

to the means of basic methods. To ihvestigate deeper the performance of each method, the standard
deviation of the results obtained with the different techniques can be plotted. For example, FIG. 16 is
a graph illustrating the mean time delays relative to the first waveform (i.e., waveform N=1) for SNR =
7 dB with standard deviation errbr bars. As shown in FIG. 16, the results obtained with the linear
regression methods (techniques 3 and 4) are less spread and more confined around their mean value
than the results obtained by their corresponding‘ basic methods (techniquesvl and 2). In fact, the

variance grows.with the number of the waveforms for both the basic methods (cross-correlation and

- bicoherence). Besides, it can be seen that the variance of each time delay using the linear regression

techniques also seems to grow with the waveform number, but much Vmore slowly. Although this
variance should be constant, this result is due to the fact that the noise of the last waveforms are
more correlated than the noises of the first waveforms. Optionally, based on the above experiments,
the preferred technique when aiming at getting the most accurate results is tvhe linear regression with
bicoherence technique (technique 4 above).

In order to improve the accuracy of the results, it is desirable to reduce the size of the bart of
the signal on which the above techniques are applied. Once the window size and position are made,
the values of the waveforms which are outside the window caii be set to zero or flag value.
Accordingly, the data of the waveforms which aré outside the window can be disregarded, ignored, or
otherwise not considered in the calculations. F.or example, FIG. 17 is a graph illustrating the mean
time delays relative to the first waveform (i.e., waveform N=1) for SNR = 7 dB for a window=[50:150].

FIG. 18 is a graph iIIustréting the mean time delays relative to the first waveform (i.e., waveform N=1)

v for SNR = 7 dB for a window=[70:135]. Aé expected, the shorter the time window is, the mdre

38



10

15

20

25

WO 2016/009266 PCT/IB2015/001195

accurate the estimations are. Further, in the case of the shortest time window, even the hybrid linear

beamforming technique (technique 5 above) manages to provide consistent results.

Delays Between P-waves

The following description focuses on the waveforms recorded during borehole sonic logging as
opposed to synthetic data. As described above, each acoustic receiver in an array may highlight
several arrivals. In a fast formation, it may be possible to distinguish most of the time P-wave, S-wave,
an‘d Stoneley wave arrivals. Since different types of waves have different speeds in the formation,

they all have different delays at the acoustic receivers. However, the time delay techniques described

herein are only capable to estimate a single delay between two respective waveforms. It is therefore

desirable to find some time windows where the signal at each receiver is mainly combosed of a single
type of wave. The automated arrival-time detection algorithms described above provide én
approximate P-wave arrival times. Hence, choosing‘ a time window around P-wave arrival times
ensures that the waveform within that window corresponds to the P-waves. Prattically, the time

length of the entire waveform can be preserved, but data outside the window is set to zero or a flag

value, similar as discussed above. Once the waveform at each acoustic receiver is properly windowed,

it is possible to apply any of the techniques providing time delay estimations between N signals. As

described above, the linear regression with bicoherence-correlation is optionally preferred due to its

better accuracy in presence of correlated noise.

Improvmg TOF estimations Using Time Delays
"~ Time delays and times of flight are linked by the fact that the delay between P-waves at two
receivers is equal to the difference of the first-arrival times at th»ese receivers. Hence, this link can
help us in improving the accuracy on times of flight estimations, all the-more that time delay
estimations are more robust fo noise than any arrival-time detection techhique. |

As used herein, TQF=(TOF1,,TOFN) are the true times of flight at acoustic receivers 1,,N, and

"TOF=’(TOF1,“,TOFN) are the times of flight (TOF) calculated by the first-arrival time detection »

élgorithms described above. Also, D=(Dl"DN-'1) are the actual time delays between the reference

signal (or waveform) at acoustic receiver 1 and the signals (or waveforms) recorded at the receivers

39



WO 2016/009266 PCT/IB2015/001195

i=2,,N, and‘D=(Dl,“,DN_1) are the time delays calculated using the beamforming algorithm described
above. Thus, ‘D,—fTOFH_l—TOFl, =1, N-1 -, which can bé written in a matricial form,
D=A-TOF. (104)
\ : The estimated times of fIight“TQF and delays'D verify the following equations,
{ D= A TOF +¢&,
TOF —

TOF+& » (105)

where El and 8,2 are the errors on the algorithm estimations. As previously encountered when

estimating N delays from all the possible pairwise delays, an over-détérmined system is encountered,
e.g., with more equations than unknowns. The difference is that the accuracy on each equation is not
uniforh since time delay methods are more accurate than first-arrival time detection algorithms. This
10  over-determined .system can bé solved by finding the most probable solution given some distribution

on the error terms.

The joint a posteriori probability distribution of the times of flight TOF, knowing the algorithms
: outputs‘TOF and D, is given by,

P(D|TOF, TOF)P(TOF|TOF)

P(TOF|TOF,D) =

P(D|TOF)
: , (106)
15 Since the function P{D]TOF) is independent of TOF,
P(TOF|TOF,D) « P(D|TOF, TOF)P(TOF|TOF),
‘ ' (107)

Assuming that the error Ei is a vector of N-1 independent identicallly distributed Gaussian
random variables, with zero mean and variance oy, itis possible to calculate the first term of the

product in the right hand side of Eqn. (107) as shown by Eqn. (108).

PDIFOR; TOF) = P(DITOF)

o =

(2r) =

1

Ay
o Hs Y
' = i XD | s ST (B TOFyq 4 TOF)? :
20 (37‘*}{“""1--”“”%\ l» (mf\m £§) ;}T i 41 1 ) (108)
Making the same assumption for the error §,, i.e. it is a vector of independent identically
_ 2

distributed Gaussian random variables, with zero mean and variance Oy, it is possible to calculate the

second term of the product as shown by Eqn. (109).
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- A\ 2
IRTOHTOF)za_:;%;ﬁam( HTOgH?OFH>
LAE 2

1 1 & \
................................ exp (n,m (TOF,; — TO Fy) )
o™

T @en¥iey 205" &
- (109)
Then, maximizing the function as shown by Eqn. (110)
FITOR) = POOITOF, TORIFITORITOR
’ ) 1 Lo D~ A TOF(? TOF - TOF[?
{2’!{‘(‘ AT “r‘)“\ 1{)”}\ i ‘\. ¥ ‘ 9 1’{\ 1} 205.\‘ (110)

will provide the best estimation of the times of flight TOF, given the output of both the first
5 arrival time-detection algorithm and the time delay algorithm. Finding the maximum of fis equivalent

to find the minimum of,

Hﬁ~gqmmﬁ+wmm TomP
ng‘(:\fwz\) 302‘\

h(TOF) =
' (111)

The optimal times of flight TOF must satisfy the first derivative necessary condition of local

minimum,’
8 L ,
10 K . ‘ ‘ (112)
which is,
Oh i OBy b SO (D— 2Oy 2T + = (POF '
FTOF ) "ng::““{, X;x ; (IR OFY) (101 § = POEY)
Ak P o s - . .
ATOE — Dy e TOEY o i (FOF: - TOF N = T RS
TEOE (TOF) §(TO¥; — Dt ~TOF) + af (OF ~TO =0, i=2.. N (113)
This is a linear system which can be solved analytically, -
:.1 2(‘ Nool,
TOF; =g [ (621 4 BTOF, 1 o3 S (TOFi1 — D)) |,
) af(nwj) + No2¥ (( 1 ) ,Z: 41 )
A 1 N g . AN-ThA o .
: o7 03 | (114)
15 Hence, the solution to the first derivative necessary conditions is unique, providing a unique

candidate as a global minimum. Since the function h is coercive, it is possible to deduce that this is

indeed the global minimum. The two unknown parameters 6, and o, can be assessed by evaluating

_the variance of the results of the first arrival time-detection and time delay algorithmson a

sufficiently large set of field data.
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From the tests, it appeared that the time delay algorithm is much more robust than the first-
break algorithm. Hence, in order to highlight the improvement on times of flight estimations thanks

to the time delays, it is possible to consider the simpler problerh where D=D,

I

[ D= A -TOF

 TOF = TOF +¢
: (115)

where £ is a vector of independent identically distributed Gaussian variables with zero mean

and variance o. It is desirable to maximize,

A : I‘ITQFmTf)FHZ :
P(TOF!TOF) = W;exp (—- 20"%"\7 v
(116)
under the constraint‘D,=TOFI-+1—-TOF1, i=1,..,N-1 . Substituting the constraint in

Eqgn. (116), Eqn. (117) is obtained.

o 1 o P A
P{TOF|TOF, D) = G e (— oo¥ ({IOF; ~TOF + (Dioy + TOF; ~ Toﬂ)?))
wETte A f2 , .

: . 1 1 2 2
P(TOF|'TOED)= exp| - (TOF*TOF )%+ ¥ (D; +TOF°TOFy?||
( )= 2rN/2Z N PL ZG%N[: 1°TOF)™+ 2, (Dy.1+TOFTOFy)

i=2
(117) .
Maximizing P(TOF]TOF,D) as a function of the single vari‘abl.e TOFy provides,

, N \
- 1 ~ s N
TOF; =+ (TOFi + > (TOF; - _Diw»i))'
‘ t=x2 :

(118)

This expression is very natural since TOF1 is calculated as a mean over all the estimated time

of flights delayed by the true delays, so that all the random va‘riables“ TOF, and

“TOFii'Di_l, i=2,,N, have t/he same mean, the true time of flight TOFl, and the same

variance. Accordingly, it is possible to deduce that the variance of the estimator"TOFi is reduced by a

factor N compared to the first arrival time-detection algorithm. It is also possible to find this

expression by sétting 0,=0in the right'hand side of Eqn. (114). FIG. 19 is a graph illustrating the

estimations of P-wave first-arrivals (i.e., TOF) with and without accounting for the time delays. The
dotted lines in FIG. 19 correspond to the window appiied to the waveforms set in order to calculate

the time delays.
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Two-Dimensional {2-D) Filtering

Optionally, the waveforms recorded by the array of acoustic receivers (e.g., the array of
acoustic receivers 108 shown in FIG. 1) caﬁ be filtered before performing TOF eéfimations. A common
procedure to clean the waveforms and increase the signél to noise ratio is to perform a band-pass
frequency filtering on each waveform, centering the filter around the P-waves strongest frequencies.
However, this method suffers from several limitations, and is inefficient in improving our ability to
;estimate times of flight with better ease. First, in order to preserve the concept of first-arrivél, it is
desirable to restrict to causal filters. Indeed, a frequency filter is pérformed by doing a convolution in
the time domain. If the filter is non-causal, the filtered signal at any time will involve original data at
some forward times, making the concept of first-arrival time irrelevant. Secondly, band-pass
frequency filtering may reduce the amplitude of the P-wave, since some frequency co‘mponents of the
P-wave will be attenuated. Thirdly, drill noise has a very large spectrum, which overlaps P-waves
spectrum, making separation between them in the frequency domain impossible. As well, P-wave and
collar wave Spectrum have similar spectra since they are both generated by the acoustic source. Their
overlap in both time‘and frequency do‘mains makes then frequency filtering un‘able to discard the
undesirable collar wave. v

For all these reasons, filtering each waveform with a band-pass frequency filter is not the best
solution for helping in capturing times of flight. Although it may enable to increase the signal to noise
ratio, it is however inefficient in improving the ability of either a human operator or an existing
algorithm to estimate accurately first-arrival times. Hence, we need to find é better way to filer the
waveforms, which can better‘discriminate\P-waves from drilling noise and other unwanted waves. As
described ébove, one of the difference between P-Waves ana other waves (e.g., collar waves, S-
waves, random tube waves, etc.) is their slowness. Hence, a filter which could be able to perform a
band-pass filtering on the~sloWness rather than on the frequencies may be much more efficient than
the basic frequency filtering. But conSidering the waveforms one by one does not provide any
information about the slowness of the recorded waves. However, by using the whole set of

waveforms provided by the array of acoustic receivers, it is possible to obtain information about their

‘slowness. Accordingly, a more efficient filtering based on slowness can be to consider a set of .

waveforms as a two dimensional (“2-D”) time-space data array. In order to perform such a two-

dimensional filtering, two éxample methods based on some 2-D dimensional transformations and
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their inverse are presented. However, it should be understood that this disclosure should not be
limited to using F-K filtering or the Radon transform and that other known 2-D filtering algorithms can
be used.
F-K filtering
5 The classic frequency decomposition for a plane progressive wave is the following,

' o0 B f
Pto) = [ A
Jooo | (119)

where A is the amplitude of each frequency component, w is the pulsation (w=2nf), and kis
the wave-number. Substituting such an expression in the wave eqUation provides a relation between
the pulsation and the wave-number,
10 (120)

where Ve is called the phase speed of the wave. Defining the slowness as the inverse of the

phase speed,

slowness = —. .
w (121)

A common 2-D transformation where this particular relationship between wave-number and
15  pulsation is the two-dimensional Fourier transform, also called the F-K transform, which can be '

defined aS the following,

Pla, k) = / P(t;x)e H“t=k) dldy

B0 L0

. (122)
and the corresponding inverse 2-D Fourier transform,
' - oo phoo
P(t,z) =. / [ Plw,k)e“ ) dkdw |
o0 e (123)
20 Identification- between the 2-D inverse Fourier transform and the progressive wave frequency
decomposition.provides,
Plw, k) = A(w)é(k — sw
(w, k) = AW)S(k — sw), 20
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where s is the slowness of the wave. Hence, on the F-K plane, each different type of wave will
be located on the curve k=sw. If the waves are non-dispersive, then their slowness is independent of

w, and the non-zero Fourier coefficients are located on straight lines which slope is equal to the

“waves’ slowness. All these remarks are valid for either the collar-wave, P-wave, S-wave or any tube

wave generated by some shock of the tool against the borehole walls. However, considering drilling
noise as a random process without other assumptions, it may be spread on the entire F-K plane. It is

then possible to perform an efficient filtering by first zone around the line k=Spw. Itis then possible

to set to zero all the Fourier coefficients outside this predefined zone. it is then poséib|e to perform an‘
inverse 2-D Fourier transform in order to go back to the time-space domain and get the filfered
waveform set. This procedure should discard all the undesirable waves while preserving all the
information about the P-wave, as well as it may remove kmost part of the drilling noise: |

There are, however, a few limitations which m“ake 2-D filtering less efficient thah what‘the

above theory was predicting. The first limitations are due to the fact that the waveforms are finite

length, sampled signals, rather than some signals defined continuously on the entire R? plane. Hence., .
what is computed using the 2-D fast Fourier transform is an apbroximation to the 2-D Fourier
transform of such an ideal signal. Hence, there may be some aliasing in the wave—numberédom'ain due
to the spacing of the acoustic receivers which is not small enough. Additionally, the finite length
nature of the recorded waveform entails that each wave in the F-K planeis not located exactly on the
straight lines k=sw, but rather in a certain zone around such lines. Indeed, multiplying a signal defined
for all times by a time window makes its Fourier transform convolved by the Fourier transform of the
windoW.- Hence, choosing the width of the filtering zone in the F-K plane is a matter of balance
between keeping most of P-wave information while discarding other waves and drilling noise. FIG. 20

is a diégram illustrating F-K slowness filtering zone selection. FIG. 21 is a graph illustrating example

‘waveforms after F-K filtering. As shown in FIG..21, an increase in the signal to noise ratio is shown

after F-Kfil’tering. More important, it is now possible to distinguish more easily each of the first-arrival
time. Defining the first-arrivals as the zero-crossing occurring just before the first P-wave small
amplitude peak seems to be a very good approximation to the true time of flight. |

Radon Filtering ‘

Another two dimensional transform which is also widely used in seismic processing as well as
image processing, is called the Radon transform. In the specific case of sebismic processing, it is

sometimes referred to the tau-p transform. It is defined as the following,
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O
V{r,p) = P(t =7+ hp,z)dz

of 00

(125)
As its mathematical definition shows, the Radon transform is the calculation of the sum of the
lsignal amplitude along lines which slopes are equal to h. Since a waveform with a specific slowness at
each acoustic re;éiver will be approximately equal to the waveform recorded at the first receiver
shifted from a time length proportional to the space between the acoustic receivers, it should be

understood that the Radon transform'is an appropriate 2-D transform to highlight the presence of

‘non-dispersive waves by looking at the amplitude of the Radon coefficients. Moreover, since there

exists an inverse Radon transform, it is also possible to perform the same kind of slowness filtering as
was performed using the F-K transform. Again, similar to F-K transfor.m, the computation ié perfornﬁed
on finite length sampled signals, which is an approximation 6f the Radon transform, called thg
Discrete Radon Transform,. As weII; since the Radon coefficients are calculated for a finite range of
slopes h, it is only possible‘to compute an approximation to the inverse Radon transform. |

The filtering process is similar to the F-K fiIter‘ing. First, the Radon transform of the whole

waveform set is computed. Hence, a rectangular zone defined by hE[SP—a,SP+a] is defined and all

the Radon coefficients outside this predefined zone are set to zero or a flag value. Then, an inverse

Radon transform is performed to get the filtered waveforms set. FIG. 22 is a graph illustrating

_example waveforms after Radon filtering.

P-wave Slowness Determination

Either F-K filtering or Radon filtering need to define a zone where most of the P-Wave
information is located in the F-K or Radon domains, respectively. As described above, these locations
are related to the P-wave s]owness. Hence, to perform these 2-D filtering technigues, the
approximate P-wave slowness should be known/determined. P-wave slowness can be determined

from the time delays calculated using the techniques described above. For example, the time delays

‘relative to the waveform recorded at the first receiver are linked to the P-slowness by,

D(;r)mSp.-;z;:,

(126), where x is the position of each acoustic receiver in the acoustic array.
Hence, from the time delay estimat'ions, it is possible to deduce an approximate P-slowness by
performing a least-square regression on the time delay estimations and then calculating the slope of

the linear fit.
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Example Operations

Rererring now to FIGS. 23A-23B, flow diagrams illusfrating example operations for estimating
a TOF for an acoustic wave generated by an acoustic source (e.g., the acoustic source 106 shown in
FI'G. 1) for each of a plurality of acoustic receivers in an acoustic array (e.g., the acoustic array 108
shown in FIG. 1) are shown. These example operations can provide accurate TOF estim‘atiorls, even
on data experiencing low SNR {e.g., data collected during LWD operations). It should be appreciated
that the logical operations described herein wrth respect to the various figures may be implemerited
(1) as a sequence of computer implemented acts or program modules (i.e., software) runn'ing ona
computing device, (2) as interconnected machine logic circuits or circuit modules (i.e., hardware)
within the computihg device and/or (3) a combination of software and hardware of the computing
device. 'Thus, the logical operations discussed herein are not limited fo any specific combination of :
hardware and software. The lmplementatlon is a matter of choice dependent on the performance
and other requirements of the computlng device. Accordingly, the logical operatlons described
herein are referred to variously as operations, structural devices, acts, or modules. These operations, '
structural devices,' acts and modu|e§ may be implemented in software, in firmware, in special purpose |
digital logic, and any combination thereof. It should also be‘appreciated that more or fewer
operations mey be performed than shown in the figures and described herein. These operations may
also be performed in a different order than those described herein. '

Referring now to FIG. 23A, a flow dlagram illustrating example operations 2300A for

_estimating a TOF for an acoustic wave generated by an acoustic source for eac_h of a plurality of

acoustic receivers in an array is shown. At 2302, data correeponding to an acoustic wave recorded at
each of a plurality of ecouStic receivers of an acoustic array is received. For example, the acoustic .
wave can be generated by the acoustic source 106 and recorded by the array of acoustic receivers
108 shown in FIG. 1. This data can be received by the control unit 120 shown in FIG. 1. At 2304, a
respective TOF for the avcoustic wave ét each of the acoustic receivers in the acoustic array can be
estimared, for example using a first-arrival time detection algorithm such as the entropy algorithm
described above. Then, at 2306, the respective 'estimated TOFs that are statistical outliers are
discarded. For example, a least-squares regression of the estimated TOFs for the acoustic wave at
each of the acoustic receivers in the acoustic array can be performed, and a standard deviation of

differences between each of the estimated TOFs and respective values of the regreSsion'can be
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calculated. If a difference between a given TOF and the value of the regression exceeds the sténdard
deviation, it can be discarded. By discarding tHe TOFs that are statistical outliers, it is possible to keep
only estimated TOFs that have approximately detected P-wave arrivals.

o At 2308, a plurality of time delays for the acoustic wave can be calculated using the non-
distarded_ estimated TOFs, for example, using a high-order statistical algorithm such as a bicoherence
correlation algorithm described above. As described above, the time delays are delays between P-
wave arrivals at each of the acoustic reéeivers in the acoustic array relative to‘thé first acoustic
receiver in the acoustic-array. Optionally, the high-order statistical algorithm can be applied after
windowing the recorded data around each of the ﬁon-discarded estimated TOF#. By windowing the
recorded data, it is possible to ignore data corresponding to S- and Stoneley wave arrivals, for
example. Then, the estimated TOFs for the acoustic wave af each of the acoustic receivers in the
acoustic array can be updated based on the calculated time delays. This can be accorﬁplished, fér
example, by sol\/ihg Eqgn. (114) described above. In addition, it is possible to determine P-wave
slowness based on the updated TOFs for the acoustic wave at each of the acoustic receivers in the
acoustic array. This can be accomplished by performing a Ieasf-squares regr'essibn on the updated
TOFs and calculating a slope of a brest'—fitting line as described above. At 2310, a determination is
made as to whether an absolute value of the difference between the P-wave slowness value for a
current iteration (i.e., Sp(i + 1) in FIG. 23A) and the P-wave slowness valde for a previous ifération
(i.e., Sp(i) in FIG. 23A) is less than a predetermined threshold. This disclosure c'or?te'mplates‘that the
predetermined threshold can be any user-defined value, e.g., the predetermined threshold may be

set based on an analysis of the above-noted. calculations. If YES, 'thie updated TOF for the acoustic

. wave can be used as the final values. If NO, at 2312, two-dimensional filtering transform, for

example, an F-K tra.nsform or ‘a Radon transform can be applied to the recorded data. As described’
above, P-wave slowness is taken into account when performing two-dimensional filtering. The
process can then return to step 2304, where a TOF for the acoustic wave at each of the acoustic
receivers in the acoustic array can be estimated.

Referring now to FIG. 23B, a flow diagram illustrating example operations 2300B for estimating
a TOF for an acoustic wave generated by an acoustic source for each of a plurality of acoustic
receivers in an‘array is sh’own. At 2322, dafa correéponding toan acoustié wave reco'rd_ed ateachof a
plurality of acoustic receivers of an acoustic array is received. For example, the acoustic wave can be

generated by the acoustic source 106 and recorded by the array of,acouétit receivers 108 shown in
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" FIG. 1. This datarcan be received by the control unit 120 shown in FIG. 1. At 2324, a respective TOF

for the acoustic wave at each of the acoustic receivers in the acoustic array can be estimated, for
example using a first-arrival time detection algorithm such as the entropy algorithm described above.

Then, at 2326, the respecti\)e estimated TOFs that are statistical outliers are discarded. For example, )

- a least-squares regression of the estimated. TOFs for the acoustic wave at each of the acoustic

receivers in the acoustic array can be performed, and a standard deviation of differences between "
each of the estimated TOFs a»nd respective values of the regression can be calculated. If a difference
between a given TOF and the value of the regression exceeds the standard deviation, it can be
discarded. By discarding the TOFs that are statistical outliers, it is possible to keep only estimated
TOFs that have approximately detécted P-wave arrivals. At 2328, a plurality of time delays for the
acoustic wave can be calculated using the non-discarded estimated TOFs, for example, using a high-.
order statistical algorithm such as a bicoherence correlatfon algorithm described above. The time
delays are delays between P-wave arrivals at each of the acoustic receivers in the acoustic array
relative to tvhe first acoustic receiver in the acoustic array. Optionally, the high-order statistical
alg-orithm can be applied after windowing the recorded data around each of the non-discarded
estimated TOFs. By windowing fhe recordéd data, it is possible to ignore data corresponding to S-
and Stoneley wave arrivals._ Then, at 2330, the estimated TOFs for the acoustic wave at each of the
acoustic receiveré in the acoustic array can be updated based on the calculated time delays. This can
be accomplished, for example, by soIvin‘g Eqn. (114) described above.

Appiication of the TOF Estimates

Two examble applications for the times of flight estimations are »described below. The first one
is the dretermination of the P-wave slowness, and the second one is the estimation of tHe borehole

diameter.

P-wave Slowness Estimation
As described above, the times of flight are linear as a function of each receiver position,

TOF(x)=TOF(0)+S p-x. (127)

Hence, from the times of flight estimations provided by the algorithm outlet, it is possible to
deduce the P-wave slowness by performing a least-square regression and calculating the slope of the

linear fit.
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For example, this technique was applied on example D&M data from a well in Australia. FIG.
24 is a graph illustrating P-wave slowness estimations using a STC on wireline data (solid), the STC
algorithm on D&M data (dashed), and the algorithm described herein on the D&M data (dotted).
FIG. 24 shows that thé P-slowness estimation according to the techniques described herein is reliable
5  since it manages to follow the trend of both wireline and D&M STC estimations. The difference
between the D&M STC output and our algorithm output remains most of the time below 2us / feet,
which is a reasonable accuracy. Stating which log provides thé most accurate P-slowness éstimations

is out the scope of this report however.

10 * Mud Slowness and Borehole Diameter Estimations
Times of flight estimations (e.g., according to the techniques described herein) can be used in
order to determine the borehole diameter. An example technique is described below. Consider a

borehqle of diameter d filled with a fluid in which acoustic waves propagate with the slowness Sf The

borehole is surrounded by few cylindrical layers, each layer i having a thicklness H; andA a P-wave |
15 slowness S; Using the ray tracing theory described above, it is possible to calculate the minimum

transmitter-receiver spacing x; for a P-wave to be able to reach the receiver after having traveled into

the formation until the layer H;.

:cz-_:2

2

(128)
where s is the standoff, Which is the distance between the sonic tool and the borehole walls. It

20  islinked to the bdrehole diameter d by,

§ == fwimadtggl
| 2 (129)

Hence, at a receiver located in X such that X; <X <X

i1 i P-wave arrivals will be recorded, each

having a time of flight,

TOF, = 255y (1 - -—é—)
i

, . 1/2 | ’
62 X~y
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The first arrival time TOF récorded at this receiver corresponds to the P head wave which has

the shortest time of flight, TOF=mih(TOFI,I=1,,i) . Radial profiling can provide estimations of
the layer thickness H; and the corresponding velocities V.. Noting m=(sf,d) and TOF=(TOF1,,TOFN) )

then consider the times of flight as a function of these only two variables, TOF=G(h). An equation
which involves both the times of flight estimations and the borehole diameter can be found. Actually,

this is a set of equations which are all linked. However, a second unknown, the mud velocity Sp makes

this system unsolvable if no further information involving the borehole diameter or the mud slowness
is known. For fhe’ mud slowness, an approximate value provi‘ded by the mud supplier can be used. As

well, the borehole diameter should be approximately equal to the bit-size. The ray tracing equation, _
together with the mathematical‘transcriptior‘l of the last statement, can be summarized in a nbn-

linear system of three equations for two unknowns.

TOF = G(sz;d)+ &ror
sp =38p+¢&s,
d =d+&;

(131) |
where §fis the mud slowness provided by the supplier and Esfthe uncertainty on it, and'd is
the bit size and E’d the uncertainty of the borehole diameter compared to the bit size.

Accordingly, there are three independent equations for only two parameters. There are also
uncertainties on all the estimated parameters involved. in each equation. In order to get the solution

to this inverse problem, (sf,d), which fits the best with all the known data, i.e., the bit size, the mud
approximate mud slowness §fand-the-estimated time of flights at each receivers TOF, it is possible to
solve this problem by maximizing the joint a posteriori distribution of the model (sf,d), to fit with the

available data. This statistical optimization problem is similar to the one solved above to improve the

accuracy on times of flight estimations using the estimated delays by solving an over-determined

" system. For example,
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_ P(TOF|s;,d, &5, d)P(s;,d|dy, d)
P(TOF|3;,d)

P(s;,d|d, §;, TOF)

_ P(TOFs j,.d)P(sfgfgf),P(d\é)
B P(TOF|3;, d) |

bR

(132)
where independence between some variables is taken into account. The objective is to

maximize this function in the variables sfand d. Since-the denominator does not depend on these two

parameters, the object is to maximize,
f(sy,d) = P(TOF|sy,d)P(sy[3;) P(d|d). e
' i o (133)
The calculation of the three terms in the right hand side of Eqn. (133) is described below.
_ Expfession of the likelihood function ,v

The first term P(TOFIsf,d) can be calculated in assuming that the error vector on the

estimation TOF is composed of independent identically distributed Gaussian variables, with zero

10 mean and variance a. Hence, similarly as described above,

P(TOF!Sf,d) = 2 ----------------------------------------- exp (- “ 202}\? Vi )“ )

, (134)
Expression of the mud slowness probability distribution

A log-normal distribution was suggested for the mud slowness probability distribution,

0 = oan ( T2, (135)

15 The parameters p and A can be found from the mean and the variance of the mud slowness

o 2 » '
distribution, respectively equal to §f and csf by the following relationships,

) 5
) v . F O
po=ln(3) - aln(l + = ) ;

8
2
[
2 — T o .Sf
: £

Expression of the diameter probability distribution

(136)
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A Gaussian distribution was suggested for the diameter probability distribution.

(dld) = m}m\w‘w ey .v_.w(f‘i«— J)g
Plaid) = L p( - )

Such a distribution may seem to be inappropriate since the borehole diameter cannot be

(137) -

smaller than the bit siz€ d. The easiest way for avoiding this pakadox is to simply maximize the
5  function f on the constrained set d2d

Maximization of the function fis equivalent to look for the maximum of,

1 ITOF — G(s;, )| (n(sy) —w)*> (d—d)?
Mo d) = 5T (_ 202N - 20} 202 )

(138)

Finding the suitable couple {s;d) cannot be performed analytically, since the function his not a
: f

simple quadratic function. However, many algorithms are known to solve such a constrained (d2d)

10 opfimization problem.

Validation
First, it is desirable to verify whether the techniques for estimating borehole diameter and
mud slowness described above‘ are valid. Particularly, it is-desirable to verify if the solution to the
15  optimization problem deécribed above fesults in relevant estimations of the borehole diameter or

mud slowness Sf Hence, the problem can be solved using synthetic times of flights, which are
" calculated by ray tracing with the formula shown by Egn. (130). For the mud slowness, the mean §fis

éhosen, whereas fqr the borehole diameter, the mean value provided by the two calipers used during
wireline logging of the well is chosen. |

20 ~ Solutions to the optimization problem for a given range of depth are §hown in FIGS. 25A-258B.
In particular, FIG. 25A is a graph illustrating the borehole diameter estimatioh using the Bayesian
metHod with synthetic times of flight, and FIG. 25Bis a gréph iflustrating the mud slowness
estimations using the Bayesian method with synthetic times of flight. FIG."25A shows that borehdle
diameter estimation is extremely close to the caliper values. Therefore, the technique accurately

25  estimates the borehole diameter. FIG. 25B shows that mud slowness estima‘tion variations are exactly
the same as the borehole diameter. This could be surprising at a first, but thinking about the way this

problem is solved, it should be understood that this is the price to pay for estimating two unknowns
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from only one equation. Indeed, the main term in the ray tracing equation, Zs-sfis symmetric in the

borehole diameter and the mud slowness, resulting in that for maximizing the function f, the

variation§sf—§fand'didare proportional.

Application to Field Data

Described below are comparisons between the borehole esti.mations according to the
technique described above and other kn.own techniques for estimating the borehole diameter. FIG. 26
is a graph illUsfrating borehole diameter estimations using the Bayesian technique described above
(solid) compared to borehole diaméter estimations using a density tool (bdotted/dashed). FIG. 26
shows that acoustic caliper is close to the one estimated from the drilling density tool. FIG. 27 is a
graph illustrating thc‘.= absolute error in percent between borehole diameter estimations using the
Bayesian technique described above and borehole diameter estimations using the density tool. As
shown in FIG. 27, the error is overall less than 2 percent except at one position where the error is
higher. This can be understood by looking at the mud estimate which is estimated with a high error.
Correction of the mud error using mean and standard deviation would help identifyihg such large
error hence improving cali'per estimates. However, it is worth noticing that obtained errors are still
very good in view of the challenging environment while drilling.

FIG. 28 is a graph illustrating borehole diameter estimations using the B'ayésian technique
described above compared to a mechanical wireline caliper obtained after the well was drilled. FIG.
29 is a graph illustrating the.absolute error in percent bétween borehole diameter estimations using
the Bayesian technique described above and the mechanical wireline caliper. FIG. 29 shéws that
difference is overall less than 2 percent except at one position where the error is higher. This can be
understood by looking at the mud estimate which is estimated with a high error. Correction of the
mud error using mean and standard deviation would help identifying such large error hence
iniproving caliper estimates. However, it is worth noticing that obtained errors are still very good in

view of the challenging environment while drilling.
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Conclusion

The techniques described herein managed to achiévé high accuraey and robustness in
estimating times of flight on D&M acoustic monopole data experiencing a very low signal to noise
ratio. This have been possible due to some procedures such as the outliers detection, as well as more
complex signal processing tools such as the bicoherence-correlation function. As described above, ‘
each step of the technique may be requirement for the following step of the technique to process the
data. Outlier detection enables the ability to discard the first-arrival esti‘matior'ls which missed P-wave
arrivals, which is aids in properly windowing the waveforms and be sure to process only P-waves and
then calculate the rélevant delays. While delays are useful to improve times of flight estimations

thanks to'the robustness to correlated noise of the bicoherence-correlation, the delays also provide

‘an estimation of the P-wave slowness. This value can be used to perform a two dimensional slowness

filtering by the use of either Fourier or Radon transform. This type of filtering can be very useful, as it
increases greatly the signal to noise ratio and makes highly accurate times of flight detection possible.

Deducing corr;pressional slowness from times of flight is straightforward, and the techniques
described above managed to provide a log very close to ones obtain using the standard Sldwness
Time Coherence algorithm. This highlights the reliability of the techniques since such.accurate
slowness estimations could not be performed if the first-arrival times were not calculated with high
accuracy. ‘ \ ‘ | |

Example applications for the estimated TOFs according to the techniques described herein,
e.g., the borehole diameter and mud slowness determinations, are also possible. Borehole diameter
and mud slowness estimations were conducted on real data, which derﬁonstrated thatthe
combination of the accurate and robust first motion detection techniques described herein coupled
with a Bayesian inversion allows to provide a reliable estimate of the borehole diameter as well as
mud slowness. Applicétion to real data and comparison with other tools used to estimate hole
diameter illustrated the efficiency and robustness as described above.

Although the subject matter has been described in language specific to structural features

“and/or methodological acts, it is to be understood that the subject matter defined in the appended

claims is not necessarily limited to the specific features or acts described above. Rather, the specific

features and acts described above are disclosed as example forms of implementing the claims.
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WHAT IS CLAIMED:

1. A method for estimating a time of flight (TOF) for an acoustic wave generated by an

acoustic source for each of a plurality of acoustic receivers in an array, the method comprising:

a. | recording data corresponding to the acoustic wave received at each of the acoustic
’ reéeivers;
b. estimating a respective TOF for the acoustic wave for each of the acoustic receivers;
C. - discarding one or moré of thé respective estimated TOFs, whérein each of the

discarded TOFs is a statistical outlier;
d. calculating a plurality of time delays for the acoustic wave using a plurality of non-

discarded estimated TOFs, wherein each of fhe time delays is a difference between respective:

' estimated TOFs for the acoustic wave for at least two of the acoustic receivers; and

e. updating the respective estimated TOFs for the acoustic wave for each of the acoustic

receivers using the calculated time delays.

2. The method of claim 1, further comprising:

f. determining a compressional wave {P-wave) slowness value based on the calculated
time delays; ' _ _ | |

‘. filtefihg the recorded data using a two-dimensional filtering transform based on tﬂf‘ie P_;

wave slowness value; and

h. re-performing steps (b)-(e) using the filtered recorded data.

3. The method of claim 2, wherein the two-dimensional filtering transform is at least one

of an F-K transform and a Radon transform.

4, ' The method of claim 1, wherein estimating a TOF for the acoustic wave for each of the

acoustic receivers further comprises using a first-arrival time detection algorithm.

5. The method of claim 1, wherein calculating a plurality of time deiays for the acoustic

wave further comprises using a high-order statistical algorithm.
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6. The method of claim 1, wherein discarding one or more of the respective estimated
TOFs further comprisés: |

cl. performing a least-squares regresrsion on the respective estimated TOFs;

c2. calculating a standard deviation of differences between thé réspective estimated TOFs

and respective vaIu>es of the least-squares regression for the atbusﬁc wave for each of the acoustic
receivers; and

c3. if an absolute value of a difference between an estimated TOF for the acoustic wave
for a given acoustic receiver and a value of the Ieast-squarés regression for the acoustic wave for the
given acoustic receiver is greater than.the standard deviaﬁon, idiscarding the estimated TOF for the

acoustic wave for the given receiver.

7. The method of claim 1, further comprising, upon discarding one or more of the
respective estimated TOFs, windowing respective portions of the recorded data corresponding to the
acoustic wave for each of the acoustic receivers around each of the non-discarded estimated TOFs

and disregarding data outside each of the respective windowed portions.

8. The method of claim 1, further comprising determining a compressional wave (P-wave)

slowness value based on the updated TOFs for the acoustic wave for each of the acoustic receivers. .

9. The rhethod of claim 8, wherein determining a compressional wave (P-wavé) slowness
\'/aluie based on the updated TOFs for the acoustic wave for each of the acoustic receivers furtkher
comprises:

performing a Ieasf-squares regression on the updated TOFs; and-

calculating a slope of a best-fitting line obtained by the least-squares regression.

10. The method of claim 9, f_urther comprising inverting for at least one of a diameter of
the borehole or a mud slowness value based on the updated TOFs for the acoustic wave for each of

the acoustic receivers.

11. A syst‘em‘for estimating a time of flight (TOF) for an acoustic wave, comprising:
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an acoustic tool including at least one acoustic source configured to generate an acoustic
wave and an array including a plurality of acoustic receivers; and

a control unit comprising at least one processor and a memory, wherein the control unit is

“configured to:

a. receivé data corresponding to the acoustic wave recorded at each of the acoustic
‘receivers; |

b. estimate a respective TOF for the acoustic wave for each of the acoustic receivers;

c. . discard one or more of the respective estimated TOFs, wherein each of the discarded

TOFs is\a statistical outlier;

d. h calculate a plurality of time delays for the acoustic wave using a plurality of non-
discarded estimated TOFs, wherein each of the time delays is a diffefence between respective
estimated TOFs for the »}acousti»c wave for at least two of the acoustic receivers; and

e. update the respective estimated TOFs for the acoustic wave for each of the acoustic

receivers using the calculated time delays.

12. . The system of claim 11, wherein the control unit is further configured to: _

i determine a compressional wave (P-wave) slowness value based on the calculated time
delays;

J. filter the received data Lising a two-dimensiona) filtering transform based on the P-
wave slowness value; and | |

k. re-perform steps (b)-(e) using the filtered recorded data.

13. © The system of claim 12, wherein the two-dimensional filtering transform is at least one

of an F-K transform and a Radon transform.

- 14, The system of claim 11, wherein estimating a TOF for the acoustic wave for each of the

acoustic receivers further comprises using a first-arrival time detection algorithm.

15. The system of claim 11, wherein calculating a plurality of time delays for the acoustic

wave further compriées using a high-order statistical algorithm. v
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16. The system of claim 11, wherein discarding one or more of the respective estimated
TOFs further comprises: |

cl. performing a least-squares regression on the respective estimated TOFs;

c2. calculating a standard deviation of differences between the respective estimated TOFs
and respective values of the Ieast-squ’ares regression for the acoustic wave for each of the acoustic
receivers; and | ‘

c3. if an absolute value of a difference between an estimated TOF for the acoustic wave
for a given acoustic receiver and a value of the least-squares regression fo_r the acoustic wave for the

given acoustic receiver is greater than the standard deviation, discarding the estimated TOF for the

. acoustic wave for the given receiver.

17. The system of claim 11, wherein the control unit is further configured to, upon
discarding one or more of the respective estimated TOFs, window respective portions of the recorded
data corresponding to the acoustic wave for each of the acoustic receivers around each of the non-

discarded estimated TOFs and disregarding data outside each of the respective windowed portions. »

18. The system of claim 11, wherein the control unit is further configured to determine a
compressional wave (P-wave) slowness value based on the updated TOFs for the acoustic wave for

each of the acoustic receivers.

19. The system of claim 18, wherein determining a compressional wave (P-wave) slowness
value based on the updated TOFs for the acoustic wave for each of the acoustic receivers further
comprises:

performing a least-squares regression on the updated TOFs; and

calculating a slope of a best-fitting line obtained by the least-squares regression.
20. The system of claim 19, wherein the control unit is further configured to invert for at

least one of a diameter of the borehole or a mud slowness value based on the updated TOFs for the

acoustic wave for each of the acoustic receivers.
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