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Abstract
Ultradeep resistivity logging-while-drilling (LWD) is now a routine service for real-time well
landing,geosteering, and reservoir and fluid contact evaluation. Progressing beyond layered earth inversions
to three-dimensional (3D) inversions helps improve real-time decisions to deliver better well placement,
completion, and production. To this end, the first real-time 3D inversion of ultradeep resistivity LWD data
is realized by exploiting the fact that the sensitive volume of a given transmitter-receiver pair is far smaller
than the total logging volume. This implies that the global mesh can be decoupled into multiple independent,
localized inversion and modeling meshes that are tractable for the efficient solution of the forward and
inverse problems in real time using moderate computer resources. The authors' implementation is based
on a 3D finite-volume method discretized on locally refined octree meshes. It uses the regularized Gauss-
Newton method for minimizing the objective function for data subsets on local inversion meshes, which
iteratively update the global mesh. Nonlinear Kalman filtering is applied using prior information on each
local inversion mesh from the updated global mesh to introduce new observations optimally. A model study
and a case study of trilateral well placement in a mature reservoir in the Norwegian Continental Shelf
demonstrate the efficacy of the method. Run times on modest computer resources enable the first real-time
3D inversion of ultradeep resistivity LWD data.

Introduction
Well placement and reservoir characterization using real-time geosteering from LWD can significantly help
improve drilling and completion metrics by accurately landing and maintaining optimal reservoir contact.
For more than four decades, resistivity LWD tools have been single-collar, relative-amplitude, and phase
induction sensors operating at relatively high frequencies (100 to 200 MHz), affording limited transmitter-
receiver offsets, and depths of investigation varying from feet to tens of feet (Rodney and Wisler 1986; Bittar
et al. 2007, 2011). More recently, multicollar, absolute amplitude, and phase induction sensors operating at
relatively low frequencies (1 to 100 kHz) enable multicomponent induction transmitters and receivers to be
interspersed within the bottomhole assembly (BHA) between other LWD tools or spacer subs, resulting in
depths of investigation from the wellbore varying anywhere from 2 to 60 m (Sviridov et al. 2014; Seydoux
et al. 2014; Dupuis and Denichou 2015; Wu et al. 2018).
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For the ultradeep resistivity LWD tool considered in this paper (Wu et al. 2018), the transmitter sub is
comprised of one tilted and one coaxial coil antenna, and each axially offset receiver sub is comprised of
three tilted coil antennae oriented at 120° azimuths (Fig. 1).

Figure 1—Ultradeep resistivity LWD tool with the transmitter sub in blue and the axially offset
receiver subs in red. Transmitter and receiver spacing is configurable between 5 and 50 m.

The system operates at frequencies of 1, 2, 4, 8, 16, and 32 kHz. Each coil antenna consists of multiple
turns overlaying soft magnetic materials to yield high dipole moments that, when combined with low-
noise electronics, yield extremely high signal-to-noise mutual impedance data. Calibrations and temperature
compensation help further improve measurement accuracy. Because of the multicollar design, additional
corrections are necessary to compensate for azimuthal and axial transmitter-receiver misalignments. By
stacking and processing data from multiple azimuths for each frequency and transmitter-receiver pair and
normalizing by the transmitter and receiver dipole moments, the complex mutual impedance tensor  for
a given transmitter-receiver can be generated as

(1)

where each Zij is the magnetic flux density measured by the i-oriented unit magnetic dipole receiver because
of the j-oriented unit magnetic dipole transmitter for given angular frequency ω.

During drilling operations, all or a subset of the ultradeep resistivity LWD data is telemetered from the
BHA to the surface using mud pulse or wired pipe telemetry. In practice, an impedance dataset for a given
logging depth can be received approximately every 5 minutes. For typical rates of penetration, this equates
to an impedance data set every 1 to 5 m along the well trajectory, yielding high fold relative to the ultradeep
resistivity LWD tool's transmitter-receiver offsets between 5 to 50 m. In state-of-the-art workflows, these
impedance data are input to a layered earth inversion (Sviridov et al. 2014; Bakr et al. 2017; Thiel et al.
2018), yielding one-dimensional (1D) resistivity models.

The 1D resistivity models from multiple logging depths are typically placed at the midpoints of the
respective transmitter-receiver pairs. Regardless whether these models are spatially independent or driven
with some measure of spatial coherency (e.g., using a sliding window), these 1D models are stitched together
to form a 2D resistivity model that is interpreted to influence real-time well placement decisions. While
localized 1D approximations might be valid for single-collar resistivity LWD tools where the formation
resistivity is quasi-1D or slowly varying within the tool's sensitive volume, it is an invalid assumption
for much larger distances from the wellbore, particularly for mature reservoirs. In such cases, formation
heterogeneity manifests ambiguously as artifacts or distortions in 2D resistivity images.

Recent progression to 2.5D inversion (Thiel and Omeragic 2018), which affords 2D resistivity models
with infinite strike, reduces ambiguity at significant post-acquisition computational expense and still lacks
the capability to fully account for 3D resistivity models necessary for complex reservoirs where ultradeep
resistivity LWD services are actually being deployed. Progressing to a standard 3D inversion workflow
without exploiting obvious efficiencies afforded by the dynamic nature of ultradeep resistivity LWD
(Puzyrev et al. 2018) does not present a practical solution. To achieve real-time 3D inversion of resistivity
LWD data, the fact that the sensitive volume of a given transmitter-receiver pair is far smaller than the total
logging volume can be exploited—the global mesh can be decoupled to a large number of localized and
independent modeling meshes tractable and efficient to solve in real time on moderate computer resources.
While this might appear obvious as stated, it has not been experienced to date by practitioners of borehole
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geophysics who have leveraged legacy 2.5D or 3D inversion practices. Further, by using principles of
nonlinear Kalman filtering, the inversion prior information can be continually updated using results from
previous local inversions with additional measured data.

Modeling and Inversion Methodology
Formation resistivity variations reflecting formation complexities are typically at scale lengths in the order
of meters. Ultradeep resistivity LWD tools can have sensitive volumes up to 30 m (Rabinovich et al. 2012;
Dupuis and Denichou 2015) or 60 m (Wu et al. 2018) around the wellbore, necessitating fine (sub-meter) cell
discretization near the wellbore to capture formation complexity. During operations, the measured depths
along deviated wellbores could be longer than 2 km. For modeling with staggered-grid, finite-difference
methods that do not use local grid refinement (Newman and Alumbaugh 2002; Davydycheva et al. 2003;
Hou et al. 2006; Abubakar et al. 2008), the earth model is discretized with a mesh containing many millions
of cells, resulting in an extremely large system of equations that are demanding to solve, even with large-
cluster computing resources. This numerical complexity is avoided by parsing the earth model with three
levels of decoupled grids:

• A global mesh, which includes local refinement with fine cells surrounding the entire drilling
trajectory, used to store the resulting conductivity model along the well. Fig. 2a shows that the
number of cells in this mesh is approximately 1,000,000 cells. The same global mesh without local
refinement would contain approximately 10,000,000 cells.

• A local inversion mesh generated for each subset of data used in the inversion. This mesh is
discretized in such a manner as to reflect the limited sensitive volume for each data subset populated
with conductivities from the global mesh.

• A local modeling mesh generated for each transmitter-frequency pair. This mesh is discretized in
such a manner as to honor appropriate boundary conditions populated with conductivities from
the global mesh. Figs. 2b and 2c show that the number of cells in each local modeling mesh is
approximately 30,000—a significant reduction from the number of cells in the global mesh while
still preserving numerical accuracy.

Semistructured, adaptive octree meshes, upon which the electromagnetic fields are simulated using
a staggered-grid, finite-volume discretization (Yang et al. 2013; Haber and Schwazbach 2014), enable
local mesh refinement and mapping between the different meshes. These meshes have the advantage
of an underlying regular structure that enables addition of fine cells only where necessary (e.g., in the
proximity of the wellbore) while avoiding the many complications associated with fully unstructured
tetrahedral or hexahedral grids necessary for finite elements. Additionally, unlike a fully unstructured grid,
the interpolation of models and fields from one octree mesh to another is a trivial operation. Upscaling from
global to local meshes is enabled using a mimetic multiscale method (Wilhelms et al. 2018) that optimizes
the homogenization from smaller to larger cell sizes while honoring the response of the ultradeep resistivity
LWD system (and the downscaling vice versa).
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Figure 2—(a) Vertical cross section of global mesh containing 1,000,290 cells for a deviated wellbore; (b)
vertical cross section of forward-modeling mesh containing 34,087 cells for the same deviated wellbore;

(c) vertical cross section of forward-modeling mesh containing 33,009 cells for the same deviated wellbore.

Ultradeep resistivity LWD is dynamic because new data are incrementally acquired while the well is
drilled. Continually updating a model while data are added is a classic control and data-assimilation problem;
here, an extension of nonlinear Kalman filtering described by Fohring and Haber (2016) is used. A global
mesh is created and populated a priori with resistivities. For a given local inversion mesh, mutual impedance
data from, for example, the 20 most recent logging depths are used, where each logging depth further
decouples to an independent local modeling mesh. The number of logging points is arbitrary—it could be
selected by the user or optimally selected from formation resistivity. The inversion terminates when the
predetermined criterion is met, and then the global mesh is updated. While data from the "next" or "new"
logging depth are added, data from the "last" or "oldest" logging depth are dropped, and the inversion
process is reiterated on the "new" local inversion mesh. Each local inversion uses the final inversion result of
the previous local inversion as the initial and reference model for that particular local inversion. Following
each local inversion, the resistivity model on the global mesh is updated to reflect information added by
new observations.

For each local inversion mesh, the inversion estimates the 3D conductivity model σ by minimizing the
functional ϕ:
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(2)

such that σmini ≤ σ ≤ σmax where ϕd and ϕm are data and model functionals that evaluate the model's goodness
of fit and "desirability," respectively; β is the regularization parameter to balance (or bias) data and model
functionals and is functionally decreased while the inversion converges; and σmini and σmax are the minimum
and maximum bound (constraint) sets for each cell in the model. Note that without any loss of generality, the
conductivity is not limited to being an isotropic scalar quantity but might be a uniaxial or biaxial anisotropic
tensor. For this paper, examples are for isotropic conductivity.

There are various methods of defining data functional. The most common is an L2 measure:

(3)

where A(σ) is the nonlinear forward modeling operator,d is the observed data subset, and Wd is a data
weighting matrix with diagonal elements equal to the inverse of data uncertainties for the observed data
subset ϵ:

(4)

The nonuniqueness of the inverse problem requires regularization so that a unique solution can be
obtained by designing a model functional whose value is minimized for models exhibiting desirable
characteristics. There are different methods of defining model functional; it is defined to bias smoothly
varying models with minimal deviation from the initial conductivity model σ0 for that particular local
inversion mesh:

(5)

where Gx, Gy, and Gz are discrete approximations of the first derivative operators in the x, y, and z directions,
respectively, mapping from cell centers to cell faces; Ws is a diagonal weighting matrix that determines the
importance of being proximal to the initial conductivity model in each cell; Wx, Wy, and Wz are diagonal
weighting matrices that determine the importance of decreasing the gradient of the model across each cell
face; and the α's are scalars that balance the relative importance of producing small or smooth conductivity
distributions in each direction. Collectively, these various weighting matrices form the data weighting matrix
Wd.

The constrained optimization (Eq. 2) can be solved using an iterative Gauss-Newton algorithm, whereby
the search direction δσ is solved from

(6)

where J is the sensitivity (or Jacobian or Fréchet) matrix of each datum to a perturbation in the conductivity
in each cell, and g is the gradient direction:

(7)

Each inversion iterates until one of multiple predetermined stop criteria becomes satisfied (e.g., a target
misfit achieved, maximum number of iterations, etc.). To simulate the electromagnetic fields and their
sensitivities to the local inversion mesh, the frequency-domain Maxwell's equations on the decoupled local
modeling meshes are solved:

(8)

(9)

where E is the electric field, B is the magnetic flux density, Js is the extraneous (source) current density, μ
is the magnetic permeability, and  is the electrical conductivity tensor. By OcTree discretization of these
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equations on the local modeling mesh and by applying homogeneous Dirichlet boundary conditions, the
discrete system of equations yields

(10)

(11)

where C is a discrete approximation of the curl operator; the electric fields and current densities have been
discretized onto cell edges; the magnetic flux densities have been discretized onto cell faces; and ,
and Me are mass matrices containing details of the physical property distributions. Eliminating B from Eqs.
10 and 11 yields

(12)

which can be solved for the electric fields. The curl operator C possesses a nontrivial null space, resulting in
highly ill-conditioned linear systems that negatively affect iterative solvers. However, given the relatively
small number of cells in the local modeling mesh (typically between 30,000 and 50,000 cells), sparse direct
solvers, such as MUltifrontal Massively Parallel sparse direct Solver (MUMPS) (Amestroy et al. 2001), can
be efficiently applied on a moderate workstation.

Model Study
For this section, the technique is demonstrated on a synthetic example of a complex 3D reservoir model,
including varying dip, strike, faults, and folding, with formation resistivity varying between 1 and 50 Ωm.
Fig. 3 shows a 2D cross section of the resistivity model in the plane of the wellbore, with well trajectory
represented by the dashed white line. The layers are horizontal in the north-south direction at x = 1600 m,
but the dip gradually increases to 30° to the north (into the page) at x= 1800 m and then slowly changes to
30° to the south (out of the page) at x = 2200 m.

Figure 3—Vertical cross section of the synthetic resistivity model; simulated well path is represented by the dashed white line.

Ultradeep resistivity LWD data were simulated for three transmitter-receiver spacings (25, 50, and 100
ft) at five frequencies between 1 and 16 kHz and logging depths every 3 m (approximately 10 ft) along the
well trajectory. Gaussian noise with a standard deviation of 5% of channel value plus 10-8 V/A was added
to all simulated responses. During 3D inversion, data from 15 logging depths were inverted simultaneously,
the global mesh was discretized with a total of 576,550 cells, and local modeling meshes were discretized
as 0.5-m cubes close to the transmitters and receivers, increasing in size with distance from the wellbore.
The global model began as a homogeneous 10-Ωm whole space. No additional a priori information was
included in the model objective function.
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Fig. 4 presents orthogonal slices through the inversion model at different stages of simulated drilling. For
this case, visualization of the inversion model was clipped to a 50-ft radius around the wellbore. Evolution
of the inversion model can be easily observed, with recovery of the formation resistivity and structure
improving as additional data are acquired. Moreover, the image in Fig. 4 suggests look-ahead (of the
ultradeep resistivity LWD sensors) sensitivity to the fault geometry. In terms of computational performance,
the inversion was run on a single cluster node with 24 cores and 512 GB of memory. The inversion required
13.9 hr to run, with an average inversion runtime of 226 sec per logging depth. Even with the increased
model complexity, this is still well within the expectation of 300 sec (5 min) for additional data typical of
mud pulse telemetry.

Figure 4—(a) Vertical cross section of the synthetic inversion results at three different drilling locations parallel
to the drilling direction; transmitter locations used for the current inversion results are represented by the
heavy white points; (b) vertical cross section of synthetic inversion results in the y-z plane (perpendicular

to the drilling direction). The dashed black lines represent the true, cross-well dip of the resistive layer.

Case Study
This case study concentrates on three branches of a multilateral well from the Norwegian continental
shelf. The target reservoir has a complex geometry consisting of heterolithic sands, with the potential
for significant lateral resistivity variations along the well because of the dynamic nature of production
and aquifer behavior, resulting in potentially complex fluid contacts. The uncertainty associated with
formation and fluid distributions led to the deployment of an ultradeep resistivity LWD service to better
define reservoir boundaries and fluid contacts. Suspected lateral variations in formation and fluid positions
made this an ideal candidate for evaluating a post-drilling 3D inversion to provide a clearer picture of the
subsurface geology.

Real-time LWD resistivity data was transmitted to surface using wired drillpipe. Enhanced data rates
available using wired pipe enabled high-spatial-density 1D inversions to be performed in real time. These
1D inversions were stitched together for a 2D resistivity image, which provided a clear representation of the
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subsurface geology along the well path (Fig. 5). Representing the geology in this manner enabled accurate
well placement despite complex oil-water contacts and the expected heterolithic nature of the reservoir.

Figure 5—fluid interpretation along the wellbore based on a real-time quasi-2D resistivity model with 23-m
depth of investigation recovered from stitched 1D inversions of 16 and 32-kHz data from the receiver spaced
7.3 m behind the transmitter and 8 and 16-kHz data from the receiver spaced 13.7 m behind the transmitter.

The 2D resistivity image is a simplification of the complex subsurface structure because variation in the
positions of formation and fluid boundaries to the sides of the wellbore are not apparent in the 1D inversion.
In addition to impedance data inverted to produce the 2D resistivity image, azimuthal resistivity images
were available from both the deep and ultradeep resistivity tools run in this well. These images provide
azimuthal measurements of the apparent resistivity around the wellbore and can detect and map lateral
variations in formation and fluid positions (Clegg et al. 2018). The azimuthal resistivity images exhibited
significant differences in resistivity measurements from one side of the well to the other, indicating that
resistivity is laterally variable (Fig. 6). This clearly demonstrates that 2D resistivity images are not adequate
to fully capture the subsurface complexity, regardless of whether the 2D resistivity image is generated by
1D or 2.5D inversions.
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Figure 6—(a) 2-kHz phase resistivity image from the receiver spaced 13.7 m behind the transmitter; (b) 8-kHz phase
resistivity image from the receiver spaced 13.7 m behind the transmitter; (c) real-time quasi-2D resistivity model
with 23-m depth of investigation recovered from stitched 1D inversions of 16 and 32-kHz data from the receiver

spaced 7.3 m behind the transmitter and 8 and 16 kHz data from the receiver spaced 13.7 m behind the transmitter.

Differences between the two azimuthal resistivity images are because of the different depths of
investigation of the two spacing and frequency combinations. The 2-kHz phase image has a deeper depth of
investigation than the 8-kHz image. For the first half of the well, both azimuthal resistivity images exhibit
higher resistivity values above and to the left of the well, indicating that the reservoir top dips up toward the
left-hand side of the well. Although this information adds further understanding of the reservoir, it is still
a simplification of the subsurface complexity. The depth of investigation of azimuthal resistivity images is
dependent on formation resistivity, the transmitter-to-receiver spacing, and the frequency of the transmitted
signal. Even with an understanding of azimuthal resistivity image interpretation, it is difficult to quantify
what is actually occurring within a complex reservoir.

For these complex environments, a 3D inversion using multiple spacings and frequencies presents a
quantitative interpretation. Using the techniques described, 3D inversion of the ultradeep resistivity LWD
data was run for the three multilateral branches. The 3D inversions began with a 10-Ωm isotropic
whole-space resistivity model. No a priori geological information or offset resistivity logs were used to
constrain each of the 3D inversions corresponding to each lateral section. The complex morphology of the
top reservoir surface demonstrates the potential for lateral variation in the well, marked in places by the
erosive nature of the top reservoir surface (Fig. 7). The 1D inversions capture the vertical variability above
and below the wellbore but lack the smoothness expected of a sedimentary environment. To this end, the
3D inversion truly captures the subsurface complexity with variations typical of geological scale lengths.
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Figure 7—ultradeep resistivity inversions from three multilateral well sections visualized
in 3D space and clipped to show only high resistivity volumes greater than 15 Ωm. Initial
geological interpretations for channels defining top of the reservoir were superimposed.

The first sections of the three laterals were in the thickest portions of the reservoir, with significant
variation in the position of the top reservoir caused by erosive channels. These erosive features can be
mapped across the 3D inversion data between the three laterals (Fig. 7) and are evident in both the 1D
and 3D inversion results. However, the true value of the information provided by the 3D inversion is more
evident on closer inspection of some of the detailed features. In many places within the primary wellbore,
the reservoir exhibits greater thickness on the left-hand side of the wellbore. This is not evident on the 2D
resistivity images (Fig. 5) but is visible in the 3D results (Fig. 8) and is supported by the azimuthal resistivity
images (Fig. 6) that exhibit higher resistivity to the left side of the borehole, verifying the 3D results.

Figure 8—ultradeep resistivity inversions from a single well section visualized in 3D space and clipped to show
only high resistivity volumes greater than 15 Ωm, exhibiting high resistivity to the left side of the wellbore.

The final parts of the wells exhibit a distinct change in character—the reservoir becomes much thinner
and sporadic (Fig. 9). The character of these units is better defined with the 3D inversion, which has been
interpreted as meandering channel elements.



SPE-196141-MS 11

Figure 9—ultradeep resistivity inversions from a single well section visualized in 3D space and clipped to
show only high resistivity volumes greater than 15 Ωm. The high resistivity units above the wellbore are

interpreted as sand units and appear to represent dispersed turbidite channel elements or possibly injectites.

The spatial distribution of resistivity, as quantitatively defined by the 3D inversion, matches the
qualitative variation in the position of high resistivity units from the azimuthal resistivity images (Fig.
10), verifying the results. The 3D inversion provides an excellent representation of the reservoir, which
can be qualified by interpreting azimuthal resistivity images from multiple depths of investigation. This
enables an accurate, quantitative understanding of the formation and fluid boundaries for extremely complex
environments, otherwise unavailable from 1D or 2.5D inversions. In terms of computational performance,
all 3D inversions ran on a single cluster node with 24 cores and 512 GB of memory. The inversions were
able to update with incremental data within 300 sec (5 min), which is typical of new data delivery using mud
pulse telemetry. As such, the algorithm described can be applied to real-time ultradeep resistivity LWD data.

Figure 10—Position and morphology of the sand units interpreted from the 3D inversion correspond
to changes around the wellbore qualitatively interpreted from the azimuthal resistivity images.



12 SPE-196141-MS

Conclusions
A method has been developed for real-time 3D inversion of ultradeep resistivity LWD data that uses
mesh decoupling to reduce the burden of the modeling and inversion computations. Mimetic multiscaling
enables accurate mapping between global and local inversion and modeling meshes. In addition, a nonlinear
Kalman filter is incorporated into the regularized inversion to aid in further computational reductions
while incremental data are logged. Computational resources and performance are sufficient to be deployed
within the field during drilling operations, with the capability to update models within the mud pulse
telemetry window of the next data being received. Case studies of realistic complexity and a trilateral well
placement case study from the Norwegian continental shelf demonstrate the validity of the method. The 3D
inversion provided improved reservoir understanding for subsequent completion designs. For future real-
time applications, the models from 3D inversion will be used to calibrate seismic interpretations and reduce
potential risk for sidetracked wells.
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