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Abstract

Traveltime-based tomography and source location are classical but important approaches to
revealing subsurface structures and understanding spatiotemporal distribution of seismicity ranging
from local to global scales. We develop an open-source, high-performance implementation of
eikonal equation solving and adjoint-state theory to perform traveltime computation, velocity
tomography, and source location in 2D/3D acoustic and elastic media. Specially, we develop
novel regularization schemes based on total generalized p-variation, structural similarity, and
multitask machine learning models to improve the fidelity and interpretability of inverted model and
source parameters. Additionally, our implementation encloses several notable features: its exploits
both absolute-difference or double-difference misfit of traveltime to achieve high-fidelity velocity
tomography, source location, and source origin time estimation; it enables flexible traveltime
computation, tomography, and location in both 2D/3D acoustic and elastic media by allowing
arbitrary source and receiver distribution; and we develop a perturbation-based optimal step size
computation method to reduce the computational cost. Leveraging both shared-memory and
distributed memory parallel programming models, our implementation provides a highly efficient
framework for traveltime-based computation, tomography, and source location. We demonstrate the

efficacy and efficiency of our method and implementation through several synthetic data examples.

1 Introduction

Traveltime-based tomography and source location are classical but also important approaches
to revealing subsurface structures and understanding seismicity ranging from local scale to global
scales. In an era of full-waveform-based imaging and inversion, traveltime-based methods still hold
their advantage especially in terms of computational efficiency in different applications.

Traveltime computation is the foundation for traveltime-based subsurface characterization.
Early works of traveltime computation were mostly based on ray tracing by solving an one-point
initial value problem or two-point boundary value problem (Pereyra et al., 1980; Grechka and
McMechan, 1996; Sadeghi et al., 1999; Meléndez et al., 2015). While ray-based methods are
efficient for sparse source-receiver geometry, the computational complexity is directly proportional
to the number of source-receiver pairs as well as the complexity of velocity model in an inversion.
Wavefront construction methods (Vinje et al., 1993; Lambaré et al., 1996; Gibson et al., 2005;
Chambers and Kendall, 2008) compute traveltime and amplitude by approximating wavefronts
and interpolating new rays on-the-fly, but is also more computationally demanding compared
with conventional ray-based approaches. Vidale (1988) developed the first eikonal-equation-based

approach to computing first-arrival traveltime. Later developments based on the eikonal equation

2



37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

include expanding wavefront methods (Podvin and Lecomte, 1991; Qin et al., 1992), fast marching
methods (Sethian and Popovici, 1999; Rawlinson and Sambridge, 2004; Zhang et al., 2006), fast
sweeping methods (Tsai et al., 2003; Zhao, 2004; Kao et al., 2004, 2005; Fomel et al., 2009; Luo and
Qian, 2011; Waheed et al., 2015b), etc. Recent developments of eikonal solving also include solvers
on triangular or unstructured mesh (e.g., Qian et al., 2007; Le Bouteiller et al., 2019), high-order and
non-oscillatory solvers (e.g., Kim and Cook, 1999; Kim, 2002; Zhang et al., 2006; Luo and Qian,
2011; Luo et al., 2012), solvers for anisotropic media (Qian and Symes, 2002; Wang et al., 2006;
Waheed et al., 2015a; Waheed and Alkhalifah, 2017), and so on. To solve the source singularity
issue, one of the major problems intrinsic to eikonal solving, Fomel et al. (2009) and a number of
subsequent works (e.g., Luo and Qian, 2011, 2012; Luo et al., 2012) decompose traveltime field
through addition or multiplication and achieve accurate traveltime computation for near-source
region and correspondingly higher accuracy in the far-field region.

Traveltime tomography is a classical inversion method to estimate subsurface medium properties
using traveltime information of seismic signals (e.g., Wu and Toksoz, 1987; Schuster and Quintus-
Bosz, 1993; Zelt and Barton, 1998; Zhang and Toks6z, 1998). In contrast to more recent full-
waveform inversion (FWI) (e.g. Tarantola, 1984; Mora, 1987; Virieux and Operto, 2009) that
uses both traveltime and the amplitude information for estimating medium parameters, traveltime
tomography uses only traveltime information, therefore leads to more convex objective function
but usually lower-resolution results. In addition, traveltime-based tomography usually enjoys a
sheer advantage of low computational cost compared with full-waveform methods, which require
solving full wave equations. Early traveltime tomography methods rely on seismic rays, and the
model update concentrates merely on ray paths. Studies show that it is also important to consider
the band-limited ray path effect and update the model parameters that are near the ray paths, or
even use the “full” traveltime information inherited in full seismic wavefields (e.g., Michelena and
Harris, 1991; Woodward, 1992; Yomogida, 1992; Schuster and Quintus-Bosz, 1993; Vasco et al.,
1995; Snieder and Lomax, 1996; Marquering et al., 1999; Spetzler and Snieder, 2004; Pyun et al.,
2005; Xu et al., 2006; Liu et al., 2009; Luo et al., 2016; Zelt and Chen, 2016). These approaches
take the finite-frequency effect into consideration, and lead to more accurate tomography results
compared with classical ray tomography, but usually require higher computational costs (Luo and
Schuster, 1991; Michelena and Harris, 1991; Woodward, 1992; Schuster and Quintus-Bosz, 1993;
Vasco et al., 1995; Liu et al., 2009; Luo et al., 2016).

Ray-based traveltime tomography is usually formulated in a large linear system and is solved
using iterative strategies, the computational cost of which is directly proportional to the number
of source-receiver pairs and the number of model parameters. For active-source applications, the
number of source-receiver pairs can be prohibitively large, therefore can result in high computational

cost. In addition, as ray computation can fail in complex heterogeneous media (e.g., Rawlinson
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et al., 2010), ray-based traveltime tomography may suffer from applicability and accuracy issue in
complex geological models. In observation of these issues, traveltime tomography was formulated
in a nonlinear inversion framework using the adjoint-state method (Sei and Symes, 1994; Leung
and Qian, 2006; Taillandier et al., 2009; Huang and Bellefleur, 2012), which was previously applied
to computing FWI gradients (Plessix, 2006; Fichtner et al., 2006; Liu and Tromp, 2006). The main
advantage of the adjoin-state traveltime tomography is that the problem dimension is independent
of the number of source-receiver pairs and is only determined by the number of sources and the
dimension of the discretized model. For each common-shot gather, the adjoint-state method only
requires solving an eikonal equation and an adjoint-state equation in a similar fashion with FWI
gradient computation. Because the traveltime fields in the adjoint-state traveltime methods are
computed for the whole space, the kernel in the adjoint-state traveltime naturally approximate the
band-limit effect in the sophisticated fat-ray or wave-path approaches (Taillandier et al., 2009;
Bretaudeau et al., 2014). In addition, one can use efficient eikonal solvers to obtain the traveltime
field and the adjoint-state field, e.g., the fast-sweeping method (Zhao, 2004) with a computational
complexity of O(N), where N is the number of grid points in the discretized model. Traveltime
tomography can also use reflection traveltime information (e.g., Zhang et al., 1998; Korenaga et al.,
2000; Huang and Bellefleur, 2012; Meléndez et al., 2015; Zhang et al., 2023) for deriving deep
subsurface structures when there is no sufficiently wide-aperture traveltime available.

Depending on the complexity of the target model, traveltime tomography may need proper
preconditioning and regularization schemes for improving the convergence. Regularized geophysical
inversion has a long history (Zhdanov, 2002), of which the Tikhonov regularization is frequently
used (Tikhonov et al., 1995; Asnaashari et al., 2013). Rudin et al. (1992) developed the methodology
of the total variation (TV) to reconstruct sharp edges of images in the context of image analysis
and processing. Anagaw (2011) applied this method to geophysical inverse problems to promote
sharp interfaces of models. In the context of FWI, Guitton (2012) developed a blocky regularization
scheme to promote interface reconstruction. Lin and Huang (2014) developed a modified TV (MTV)
regularization scheme to obtain clean and accurate TV regularization results with the split-Bregman
technique (Goldstein and Osher, 2009). Lin et al. (2015) applied this regularization to double-
difference traveltime tomography (Zhang and Thurber, 2003). Esser et al. (2016) developed an
asymmetric TV regularized FWI, in which they penalizes the model discontinuities only in the
vertical direction in an asymmetric way, resulting in high-quality reconstruction of deep regions and
large medium parameter contrasts. Gao and Huang (2019) developed a total generalized p-variation
regularization scheme that preserves both sharp interfaces and piecewise smooth medium property
variations. In the context of ground-penetrating radar imaging, Gao et al. (2022) developed a
machine-learning (ML) based regularizer to improve the resolution, structure coherence, and fault

delineation.
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Source location has been one of the most classical problems in seismology. Accurately locating
seismic event to their correct spatiotemporal locations is the key to understand the evolution of
earthquakes and their correlation with faults. Geiger’s method has been the classical principle of
source location, which computes the source location through the partial derivatives with respect to
location in a framework of linear traveltime equation based on Taylor series expansion. Initially
formulated within the framework of ray method (Thurber, 1983), the principle was later applied in
the context of wave equation and eikonal equation (Tong et al., 2016; Tong, 2021a) for determining
source location. In a departure from Geiger’s location method, Waldhauser and Ellsworth (2000)
leveraged the similarity between the ray paths of two close events, and attributed the time difference
of two events observed at a same station to the spatial separation of the two events through the
so-called double difference (DD). The method exploits both absolute traveltime and differential time,
and provides an effective way to remove the receiver-side structure uncertainties and obtain high-
resolution source location. The principle was later applied to joint velocity tomography and source
location (Zhang and Thurber, 2003, 2006) in the framework of seismic rays. The methodology of
DD, along with the open-source implementation (hypoDD and tomoDD), gained a wide variety of
applications ranging from earthquake seismology (e.g., Guo and Thurber, 2021; Zeng et al., 2016)
to CO, reservoir microseismicity monitoring (Dando et al., 2021), to list a few. Yuan et al. (2016)
applied DD to FWI. Tong et al. (2024) extended the methodology of DD or differential traveltime to
adjoint-state traveltime tomography and hypocenter location, allowing for complex velocity models.

In this work, we develop an open-source, high-performance implementation of traveltime
computation, tomography, and source location. Specially, we develop novel regularization schemes
for updating model and source parameters, aiming to improve the fidelity and interpretability of
inversion results. The motivation for us to develop this work is two-fold.

Firstly, current traveltime-based tomography and source location method do not present a
systematic approach to regularizing model and source parameters. The damping strategy used by
tomoDD (Zhang and Thurber, 2003, 2006) is for stabilizing the inversion by resolving the imbalance
between ray path density and grid spacing, but does not primarily regularize model parameters. The
MTYV regularization developed by Lin et al. (2015) is a more modern approach to model parameter
regularization, yet the work is developed in the framework of ray-based tomoDD. As to the source
parameter, we are unaware of any systematic method that regularizes source locations. For both
global to regional-scale earthquakes and local-scale microseismicity applications, the fundamental
observation is that seismicity is strongly correlated with faults or fractures, which is consistent with
well-established seismic moment source theory (Aki and Richards, 2002). In response to these
two issues, in this work, we develop a novel regularization scheme to model parameter update (for
both first-arrival traveltime tomography and joint tomography-location). The new regularization

scheme consists of a total generalized p-variation (TGpV) regularizer and a P-S wave velocity
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structure similarity regularizer. The first regularizer results in piecewise smooth updated velocity
models by penalizing both the first- and second-order total variations (Rudin et al., 1992; Goldstein
and Osher, 2009; Knoll et al., 2011; Gao and Huang, 2019), while second regularizer results in
structurally consistent v, and vy models by imposing v, /v, ratio limits and applying median and
Gaussian smoothing. Our test results show that such a joint regularizer results in elastic parameter
models of higher fidelity. Meanwhile, we develop a novel ML-based source parameter regularizer
for improving the spatial consistency between faults/fractures and inverted seismic locations. In
specific, we develop a supervised multitask ML model to infer faults from a source image, a
supervised multitask ML model to refine the inferred faults, and then use the inferred and refined
faults as a “guidance” to guide the update of source locations over iterations. Both regularization
schemes lead to better interpretability of inversion results.

Secondly, as of today, there have been numerous open-sources codes for traveltime computation
(e.g., de Kool et al., 2006; White et al., 2020; Chen et al., 2023). On the contrary, the available open-
source implementation of traveltime-based tomography and source location is limited (Rawlinson
et al., 2006; Fang et al., 2019) in addition to hypoDD (Waldhauser and Ellsworth, 2000) and
tomoDD (Zhang and Thurber, 2003), with different levels of convenience to use. When considering
eikonal-equation and adjoin-state-equation-based traveltime tomography and source location, we
know few available open-source, fully-functional codes, except for instance, RAJZEL (Koehn and
De Nil, 2022), ATT_Training (Tong, 2021b), both apply only to 2D acoustic media. Our work
therefore aims specifically to build an open-source, systematic, high-performance implementation
enclosing traveltime computation, first-arrival traveltime tomography, source location, as well as
joint tomography-location, based on the eikonal equation (Fomel et al., 2009) and the adjoint-state
equation (Leung and Qian, 2006; Taillandier et al., 2009) for both 2D/3D acoustic and elastic
media. In addition, we intend to include the novel model and source parameter regularization
schemes developed in this paper to this package, thus enhancing its capability in inverting complex
models and fault-related source locations. An additional intention is that we aim to provide a hybrid
shared- and distributed memory parallel implementation of both factorized eikonal equation and
adjoint-state equation, thus, to achieve high computational efficiency for large inversion problems
on modern high-performance computing platforms. We also design user-friendly parameter input
and result output in our implementation to enable convenient setup for inversions involving complex
model, observation geometry, data, and parameter tuning. To distinguish our work with existing
works, we name our open-source implementation as LATTE — Los Alamos Travel-Time package
based on Eikonal equation.

The rest of the paper is organized as follows. In the Methodology section, we detail the methods
and algorithms we use for traveltime computation, first-arrival traveltime tomography (FATT), and

source location, and joint tomography-location (TLOC). Specially, we describe the algorithms
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associated with optimal step size computation in FATT and TLOC based on a small-perturbation
approach and detail a TGpV- and v, — v, similarity-based model parameter regularization scheme
and an ML-based fault-constrained source parameter regularization scheme to improve the fidelity
and interpretability of inversion results. In the Numerical Results section, we use five examples to
validate the efficacy and accuracy of our methods and implementation. We summarize our work in

Conclusions.

2 Methodology

2.1 Traveltime computation

The eikonal equation in isotropic media is an infinitely high-frequency approximation to wave
equation:
Vi =1, (%) =0, (1)

where ¢ = t(x) is the traveltime field associated with a velocity model v = v(x) and a source
location x;. When there is a non-zero source initiation time fo, we add ¢y to 7(x) as T(x) + fo to
obtain its true arrival time.

A known issue associated with solving equation (1) is that the traveltime field curvature at
the source location is infinite, resulting in notable inaccuracy near the source location, which can
propagate outwards. In our LATTE implementation, we adopt the factorized eikonal equation

(Fomel et al., 2009) to mitigate the issue:

3

) ot Aty \*
v ; (loa—)Ci + B_xif) =1, 2)
1(x) = to(x)T(x) + 70, to(xs) =0, T(x) = 1, 3)

where x; with i = 1,2, 3 represent spatial coordinates, ¢y = #,(X) is a background traveltime field
computed by analytical expression for avoid source singularity, T = 7(x) is a multiplicative field,
which is also the field to be solved with through equation (2). In addition, 1y is a scalar value
representing the origin time of the source and is added to the computed traveltime field after ¢ is
obtained; x; represent the source location.

We generalize equation (2) to the scenario of simultaneous multiple point sources, where each
source may have a nonzero origin time. Achieving an ensemble source is trivial with non-factorized
eikonal equation, but the methodology is not straightforward for factorized eikonal equation. If

a source is an ensemble source consisting of multiple single-point sources {s;}, each point with
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different origin time {ny(s;)}, then the background traveltime field can be computed as
() = _min {to(xis;) + 7o(5:)} )

while the initial condition for t remains the same: 7(x;s;) = 1( = 1,2,---, M), where Mj is
the number of single point sources in the ensemble source. Constructing ¢y for an ensemble source
requires computing all 7o(X; s;) associated with the single-point sources. Therefore, we solve the

forward modeling problem using

3 2
ot 8[0
2
= 1
v § (zo o + ™ r) , (5)

i=1
1(x) = to(x)7(x), to(x) = min_ {fo(x:s;) + no(si)} . T(x;s;) = 1. (6)

=1, ,M;

To simplify notations, we denote equation (5) as a functional:

E,t:8,m0) = E(,t;{si}, {no(si)}) =0, (7)

where v = v(X) is the P- or S-wave velocity of a medium, and {-} represents an ensemble.

In elastic media, we solve two decoupled eikonal equations:
E(p.tpis,no) =0, E(vs. 158, 1m0) =0, (8)

where the P- and S-traveltime fields share the same source location and origin time.

For of the purpose of future extensibility, our LATTE also implements seismic reflection
traveltime computation, where we assume that a reflector can be represented as an ensemble of
points, say, I = {Xx1,X,,---,X;}, i.e., a collection of / spatial coordinates. Then we solve the
following eikonal equations to obtain the PP reflection (i.e., P incidence to P reflection) traveltime
associated with a reflector 1" (h = 1,2,--- , H):

E(p 1p38,M0) = 0, E(p, 1y 1", 1,(1")) =0, )

pp’

where the discrete traveltime 7, (/) is the spatially varying origin time associated with the reflector.
The equation can be extended to arbitrary number of reflectors, but the incident traveltime field ¢,
only needs to be computed once. Similarly, we identify the following eikonal equations to obtain
PS reflection (i.e., P incidence to S reflection) traveltime in elastic media:

E(p.tpis.m0) =0, E(s tp: 1", 1,(1") =0, (10)

ps’
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where in the second equation, the velocity is vy rather than v,. This can be straightforwardly
extended to the case of S-wave incidence and SS/SP reflections.

In LATTE, we accelerate the fast sweeping eikonal solving (and the adjoint-state equation
solving detailed below) by adopting and slightly modifying the parallel strategy developed by
Detrixhe et al. (2013). For completeness, we detail our parallel fast-sweeping algorithms in

Appendix A.

2.2 First-arrival traveltime tomography

Adjoint-state first-arrival traveltime tomography (FATT) based on eikonal equation was estab-
lished by Leung and Qian (2006) and Taillandier et al. (2009). For completeness, we first review
the fundamental definitions of FATT. The original FATT is developed based on minimizing L,-
norm absolute-difference (AD) misfit function between the observed and the synthetic first-arrival
traveltime (Taillandier et al., 2009), i.e.,

1 Ny N}
TWp) =5 3 Y [twpsiory) = Tisirp]” (11)

i=1j=1

where N is the number of sources, and N,i is the number of receivers associated with the i-th
source. AD-FATT is not immune to nonzero source origin time, i.e., if there is a nonzero origin
time ng associated with 7', it must be estimated before AD-FATT.

One can also formulate FATT using double-difference or differential time misfit function (Zhang
and Thurber, 2003; Tong et al., 2024)

Ny N} N

Tp) = 5 33 Y (501 — 1wy 5.700) — (Ty(si.1) — Tyfsir) P (12)

i=1j=1k=1

DD-FATT is immune to nonzero source origin time. Both misfit functions can be used for inverting
v, and v,. To simplify notations, we use a generalized symbol D(z, T'; s, r) to represent the misfit

associated with a source s;:

N]

D(t,T:s;,r) = Z [t(v,si,x;) — T(si, rj)]2 : (13)
j=1
N. Ni

D@t Tisir) =y [(t@.si.1) —t(v.8.10)) — (T(s;.1;) — T(si.ve)]. (1)
j=1k=1

where v is the velocity associated with 7, and a symbol A(¢, T';s,r) to represent the traveltime

9
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residual associated with a trace r;:

A, T;si,rj) =t(v,s;,rj) —T(si, 1)), (15)
N/

A, T;si,rj) = Z [(1(v,si.x;) —t(v,si,1%)) — (T(si, ;) — T(si,1%))] - (16)
k=1

Based on our arguments in Appendix B, for a source s;, the adjoint-state equation for AD- or

DD-FATT reads v

V- [A @ Vip(0.0)] = Y Al Tp. vp.5i.T7). (17)

j=1

The gradient of 7 (v,,) with respect to v, associated with all sources is

07 O Ap,i (X)
55®__Zbﬂ”’ (18)

where A, ; represents the adjoint-state variable associated with s;. The above equations can be
straightforwardly extended to elastic case where both P and S-arrival traveltimes are used.

We adopt a ray-density preconditioning scheme to the common-source gradients (Li et al.,
2017; Zhang et al., 2023) to improve traveltime field illumination and thus accelerate convergence.
Specifically, for each source, in addition to computing the adjoint field A, we also compute an

adjoint energy field A, using

N,
V- [Ae®)Vip(vp.x)] = > C(ry). (19)
ji=1

where C(r;) = 1, and compute the gradient as

0T o A
iy, T T L T eman () .

where we choose € = 1073 ~ 107 to avoid division of zero.

We implement three types of nonlinear inversion schemes in LATTE to perform FATT: steepest
decent (SD), nonlinear conjugate gradient (NCG), and limited-memory Broyden-Fletcher-Goldfarb-
Shanno (I-BFGS) schemes. The three schemes differ in the way of computing the search direction
based on the gradient. Detailed algorithms can be found in Nocedal and Wright (2006).

All the three schemes require determination of an optimal step size at each iteration for properly

updating the velocity model. In linear search or quadratic search method, an optimal step size is

10
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computed based on finding the root of quadratic equation. In such a case, usually the minimal
number of forward modeling to determine the optimal step size is M > 3. Inspired by an early
work for FWI (Gauthier et al., 1986), here we develop a perturbation-based method to compute the
optimal step size. Specifically, at each FATT iteration /, after obtaining the search direction Am®,

we compute the optimal step size as

Ny
WO — 2i=1lBil [l

m (21)
paninl I:Ak
The time residual vectors are
By (m) = A (1n"=D + eam®), 1 ): 51,15 ) (22)
yij(m) = A (T, t(mV);s;, r,-) : (23)

where the small perturbation trial coefficient € = 0.05, or equals to a small value that ensures
Mupin < MY + e AmD < mp., Where mpy, and My, are box bounding limits set as hyper-
parameters for the inversion, if necessary. In the above equations, Am represents the search
direction computed using steepest decent, NCG, or I-BFGS. Therefore, at each iteration, in addition
to solving the eikonal equation once and the adjoint-state equation once, we only need to solve
the eikonal equation for one additional time based on the perturbed model m=? + e Am® for
determining oz,(,i). After that, the updated model in the /-th FATT iteration is

m® =m0 4 oOAmD, (24)

Our strategy effectively reduces the total computational complexity of each tomography iteration
from O((M + 2) Ns) where M > 3 to O(3N;). It is worth noting that in some cases, the number of
required forward modeling can be M > 1, especially when the valley of loss is narrow and a large
step may cause “overshoot,” i.e., the resulting step size causes the misfit in the /-th iteration (this
iteration) to be higher than that at the (! — 1)-th iteration (previous iteration). In this case, given
an initial step size oz,(,i) computed from the perturbation-bases strategy, we reduce the step size by
half every time, and check if the resulting misfit is smaller than that of the last iteration. When it is
smaller than the misfit of the last iteration, we then choose the reduced oc,(,l,) as the optimal step size
for this iteration. At early iterations, this check is almost not necessary as a search direction can
always reduce the misfit. However, at later iterations where the inversion reaches a local minimum,
such a trial-and-error may become necessary, making the number of additional forward modeling

M > 1.

11
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For elastic FATT, we compute the optimal step size in the /-th iteration as

o i (B o)l - 1y wp)] + 1B: o)l - i)

N, ; . (25)
iy (1B: (wp) 12 + 11Bi (vs)12)
and update v, and v using this step size:
v =00 4 a@AyD, (26)
v =D 4 D AD, (27)

Note that the optimal step size computed with equation (25) is more like an “averaged” or
“balanced” optimal step size rather than a direct extension from equation (21) for multi-component

traveltime data, which can avoid unstable results for unbalanced data misfit during inversion.

2.3 Joint first-arrival traveltime tomography and source location

Our LATTE contains a functionality, TLOC, to perform joint tomography, hypocenter location,
and origin time inversion. The same functionality can also perform DD-based simultaneous
tomography and hypocenter location, mitigating the need of estimating an origin time for each
source.

The misfit function for joint tomography-location in elastic media reads

N.
1 A
J (Vp, vs,8,1M0) = 3 Z [D(tp + 10(si), Tp:si,x) + D(ts + no(si). Ts:si,v)]. (28)

i=1

which generalizes the cases of joint FATT and hypocenter based on AD or DD traveltime data
misfit D. Obtaining the gradients of 7 with respect to source location requires the determination
of Vi(s;). Because the traveltime field at the source location is a singularity, a direct computation
of V¢ ats; is not mathematically meaningful. Therefore in LATTE, we exchange the location of
source and receivers (s, r) to (I, ) during inversion and invert for the location of the virtual receiver

I instead:

N;
" 1 . A . A
TWpovs 8.80) = 5 3 [Dlty + Lo®). Tpi80.0) + Dte + L@, Tsi D] (29)
i=1
where o (F) is the virtual receiver’s base time, which varies from virtual receiver to virtual receiver,
but each virtual receiver’s ¢ is consistent over different virtual sources. Exchanging sources and

receivers requires an additional step prior to tomography; especially, one has to find all the unique
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virtual sources and virtual receivers and assign correspondingly the original traveltime to these
sources and receivers. In LATTE, we implement this step by leveraging message passing interface
(MPI) based distributed-memory parallelism to reduce computational time.

The AD misfit function applies to joint velocity tomography and source location in equation (28)
and equation (29). However, we remark that in this case, because the source and receivers are
exchanged, for a common-virtual-source gather, the virtual receiver base time o (r) (or real origin
time 7¢(s;)) differ from trace to trace. Therefore, in this case, {o(r) must be inverted, and the DD
misfit function can no longer eliminates the common origin time for common-virtual-receiver gather
as for common-real-source gather. The observation means that for joint tomography and source
location, if one uses AD misfit function and if in practice the actual ny(s) are unknown, one must
estimate 7y along with estimating source location.

To apply DD to source location meanwhile avoiding inverting for the unknown 7y, we define a
similar but different misfit function. Taking the acoustic case as an example, the DD misfit function

for joint tomography and location should read

N; N; N;
R 1 s r s R R R . R . . R 2
jDD(vp,r):EZZZ[(Zp(vp,si,rj)—tp(vp,sk,rj))—(Tp(si,rj)—Tp(sk,rj))] . (30)
i=1j=1k=1

Note that the innermost summation for each virtual receiver is defined to integrate all the virtual
sources. This contrasts with DD-FATT where the summation for each virtual receiver is defined
to integrate all the virtual receivers. In fact, it is no longer possible to invert for 1o with source-
receiver-exchanged DD-TLOC because 7y is not a part of the misfit function.

In this case, the residual for a virtual receiver r; is

N3
L@ T.8.1;) = Z [(tp(vp’gi’ £;) — 1p(Up, Sk. £;)) — (Tp (S, £) — Tp (S, f'j))] . €19
k=1

In the following, we distinguish the two cases with Jap and Jpp, respectively.
Leveraging the derivations in Tong (2021a) developed for acoustic media, we derive the gradients

of Jap with respect to the source parameters for elastic media as

0D
05y

N,\

0T . ~ [ ot A ot A .

@):ETW):EjkﬁA%+IwJ%$Jﬂ+5;Nh+QwJE%Wﬁ5@—WL
* i=1

(32)
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(s;) = A(j):

955

aJAD Al

9o

i=1

0D d
Moy = i =Y

[0

olp

dy

A(tp + ZOJ?T])’Sl’rI) +

D(5)) = 5o (6) = D [Ally + fu.

0t .
yA(ls + é'Oj’Ts’sl’rJ) S(X_rj)’

ot ot
apA(tp + Co.j» Tp; i, t)) ‘|‘

(33)

A(ts+§0,,Ts,s,,r,) S(x— 1),

(34)

The above equations indicate that in either acoustic or elastic media, the gradients of Jxp with

respect to each of the source parameters (sy, sy, Sz, 7o) for each virtual receiver (or true source) is a

scalar value summing from the contributions of all virtual sources (or true receivers).

In the case of DD-TLOC, the gradients of misfit function with respect to source location based

on both P- and S-arrival traveltime are given by

0 &7

e ) = @)
N _ 0Jop Y
W(Sj) = W("])
0 Jpp _ 0Jpp .\
E(Sj) = 8—@(rj)

~.

N‘
3 Il

i

zE

—

3

1L

[0t A ot
_a—;F(tp,Tp;s,-,rj) + =
[ 01,

ay

L(ty, Tp;8i, tj) +

0x

ot
F(ts’ Ts, Sl’rj)
dy

[0t A ot
a_;r(tpv Tp;sl’r]) + a_ZS

F(ts’ Ts;gi, f'])

F(IS’ Ts;glai\.])

S(x—1)), (36)

S(x—1)), (37)

S(x— 1)), (38)

with the DD misfit function A defined in equation (30). Again, the gradients of Jpp with respect

to each of the source location (sy, sy, §;) for each virtual receiver (or true source) is a scalar value

summing from the contributions of all virtual sources (or true receivers).

In LATTE, we invert for source parameters (including spatial location, and source origin time, if

necessary) in the same manner as for model parameters. Therefore, the inversion scheme developed

for model parameters seamlessly apply to source parameters inversion as well, resulting in a more

consistent inversion scheme. This is contrast to the hybrid local-global inversion scheme by Tong

(2021a). More importantly, such a consistent inversion scheme enables a more flexible way to

regularize an inversion using the model and source regularization schemes that will be detailed in

the next section.

It should be noted that in the joint tomography-location, we again compute the optimal step size
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a7 using the small-perturbation strategy. However, in this case, we misfit vectors are

Biim.s) = A (190 4+ eam® #70  AFD) 10D 0)8) . 39)
yis(m.s) = A (T 870):5,). (40)

as  where Af'](.l) represents the search direction of the virtual receiver (or real source) locations of the

ae  [-th iteration. Correspondingly, the update of the model and source parameters are

vl(,l) = vl(,l_l) + a(l)Avl(,l), (41)
vs(l) = vgl_l) + oz(l)Av§l), (42)
it = ¢ 4 gAY, (43)
J J J

350 Similarly, if one needs to solve for the origin time 79, then 8 and y should be computed

s by properly considering the perturbation of 7o under search direction Ao like £: #(m“~" +
~(I-1 ~( 1-1 l
352 EAWI(I), l'J(~ ) + Ar](' )’ r’g,j ) + AT)(()’)]-)-

s 2.4 Model and source parameter regularization

354 For both functionalities that involve model parameter update (i.e., FATT and TLOC), we develop
355 a novel model parameter regularization to improve the geological fidelity of the inversion results.
a6 The model parameter regularizer consists of a total generalized p-variation regularizer (Gao and
357 Huang, 2019) and a P/S wave velocity structure similarity regularizer. In addition, for TLOC, we
358 introduce a novel source parameter regularizer based on a end-to-end, supervised ML model to
359 improve the geological fidelity of inverted source locations.

360 Specifically, we define the regularized joint tomography-location as a hybrid optimization

st problem:

NY NS
j(vp, vSvsa 7’0) = ZD(IP’ Tp;sa 7’0) + ZD(tS5 TS; S? 770)

i=1 i=1
+ a)va(vp) + wy, T (vs) + Wy, [vg [1—S8(vp, vs)||2
+ w5 [| F(s)|1%, (44)

32 where for convenience, we drop the coefficient % associated with every misfit term.
363 The operator 7 is an £,-norm minimization problem defined as (Knoll et al., 2011; Gao and
s« Huang, 2019):

T(vp) = min {e1 [ Vv, — mllj + azlle(m)] ]} (45)
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with the norm 0 < p < 1, and «; and o, are weighting factors for the first- and second-order total

variations, respectively. In 3D, the gradient matrix e(m) for a vector field m = (my, m,, m;) reads

Vimy %(vxmy + vymx) %(mez + V.my)
e(m) = | 3(Vemy + Vym,) V,m, 2(Vymz + Vomy) | . (46)
%(mez + V,my) %(Vymz +V,m,) V,m,

The operator S measures the similarity between v, and vy, by which we intend to improve the
structural similarity between updated v, and v,. Although there are sophisticated structure similarity
operators, in LATTE, we impose the similarity simply through constraining and smoothing the ratio
between v, and vy, i.e., v, /.

We also impose a source regularization term through J, which is a misfit function that minimizes
the spatial spreading of source locations. In other words, we want the inverted seismicity locations
to be “focused” as much as possible. However, we do not want all the inverted seismicity converges
to a single spatial location by the regularizer F; otherwise, the solution will be of low seismological
fidelity. In LATTE, we focus on fault/fracture-related seismicity, and therefore intend to develop a
regularizer that improve the consistency between the inverted source locations with one or multiple
fault/fracture surfaces.

It is essentially difficult to compute the gradient 37 /dv, or a7 /dvs as T itself is defined
through an optimization problem rather than an analytical equation. The same challenge occurs
to computing d.F/ds, because F does not have an analytical expression. To solve the regularized

inversion problem, we convert regularized optimization in equation (44) to an alternating-direction

optimization:
N; N,
/ 1 1 .
vl() +1), U.s(‘ +1),s( +1) _ argmanD(lp + 1o, Tp) + ZD(ls + 10, Ty)
VUp,Vs,S i=1 =1
v 2
+ @, 1oy = mP 2 + oy, v, = mP? + @y, 0, |2 —r®
N
+ wslls — V|2, 47)
m§l+1) = argmin y,, 7 (m,) + va”vl(jﬂ) —m,|3, (48)
mp
(I+1) _ . I+ 5
my Y = argmin y, T (ms) + @y, |y T —mgl|5, (49)
mg
v(l+1) 2
rd*) = argminw,, )y, S ﬁ —rll . (50)
r US )

[
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The first optimization problem is simply first-arrival traveltime tomography (or joint tomography-
location) by adding v, — mg), Vg — mgl), ors — o to the gradients of model parameters or source
parameters in each iteration, respectively. This will gradually guide the model and source parameters
converge to ml(,l), mgl), and 0¥, respectively, which are solved via the following optimization
problems.

The second and third optimization problems are TGpV image denoising problems. We solve T
optimization (TGpV 2D and 3D image denoising) using the algorithm in Gao and Huang (2019),
with an open-source implementation we developed in Gao and Chen (2024). The input to the
optimization is the updated v, or vy model, while the output is “denoised” or “regularized” v, or v,
model.

The fourth optimization is not a strict minimization problem, but to impose a constraint S on v,
and vy so that they are structurally similar. There are many choices for this constraint. In LATTE, &
composes of three operations: box limiting, median filtering, and Gaussian smoothing. The box
limiting BZ constraints the ceiling and floor values for the ratio v, /vy, which mimics the fact that
in practice this value is generally not arbitrary but lies within a range [a, b]. While for different
geologies or materials this range can be different, in practice the approximate values of a and b are
not completely unknown. The other operations, including a median filtering M and a Gaussian
smoothing G, reduce abrupt spatial variations of v, /vy, making v, and v, closer in structures.
The standard deviation o is a hyper-parameter that can be chosen differently for different models
depending on a user’s preference. Alternatively, one can also use more sophisticated smoothing,
such as structure-oriented nonlinear anisotropic diffusion (Wu and Guo, 2018), to smooth the ratio.
In our code, we find the composite operation S = G, o M o BZ suffices the purpose of similarizing
v, and vy.

Similarly, the fifth optimization, i.e., the source parameter regularization problem F, is not a
strict optimization problem. The purpose of this optimization is to improve the spatial correlation
among the inverted seismicity locations. For geophysical applications, seismicity does not occur
randomly, and in general the locations of seismicity are strongly correlated with faults or fractures.
Therefore, we want the inverted source locations fall on one or multiple faults/fracture surfaces
as much as possible, effectively making F a fault geometry constraint for seismicity. For other
types of applications where sources do not essentially correlate with faults/fractures, and we can
conveniently ignore this fault geometry constraint by setting w; = 0.

The fault constraint is not trivial to solve. For instance, one can use automatically clustering
algorithms to cluster inverted seismicity locations, and then use some surface fitting algorithm to
move the clustered events to a plane or surface. However, it is very challenging to develop an
adaptive clustering algorithm that works generally well for different scenarios, especially when the

locations distribute irregularly with drastically different densities in space. Instead, we solve this
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fault constraint problem using a supervised machine learning model. At each iteration, we convert
the source locations s¢*1 to a 2D or 3D grid-based image using a maximum-limiting summation

of Gaussian functions:

Ix —si?
I(x) = —_ ], 52
= may o~ 2
where we omit the superscript (I + 1) for simplicity, || - || represents L, norm, and o represents

the standard deviation of the Gaussian function. In our code, we set 1/202 = 0.3, resulting in an
annihilating amplitude approximately eight or nine grid points away from the source location.

We develop an iterative, multitask ML model shown in Figure 32 of Appendix C to infer and
refine faults and fault attributes (including probability, dip, strike) from a source image. Specifically,
this ML models contains two neural networks (NN): a multitask inference NN and a multitask
refinement NN. The multitask inference ML model is an end-to-end model where the output has the
same dimensions as the input source image. The multitask refinement ML model is also an end-
to-end model, but the input to this refinement NN contains the source image and the inferred fault
attributes, which might be “noisy” or “broken” due to imbalanced source locations. By applying
the refinement NN several times based on the results obtained from a previous iteration, we obtain
cleaner, continuous, and thus more interpretable faults compared with the ones generated from
the multitask inference NN. Upon obtaining the fault attributes, we generate a fault-constrained
source image by moving every source s; to the nearest fault point in terms of Euclidean distance
and use the fault-constrained source locations to guide the iterative source location. Therefore,
over iterations, the source locations become more topologically meaningful in terms of correlation
with fault/fracture surfaces, resulting in better seismological or geological interpretability. The
two objects (source image and fault image) mutually improve each other through the ML model,
facilitating the update of source locations for TLOC.

In a qualitative manner, our ML-based source parameter regularization for the /-th iteration

could be represented as

updated source location s) - multitask inference

— multitask refinement — regularized location a®. (53)

repeat N times

The regularization procedure will generate o) that essentially falls on a fault/fracture surface, and
act as a guidance for updating s¢*1 in the next iteration. Eventually, s™) ~ o™ at the end of a
TLOC inversion.

18



446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

464

465

466

467

468

469

470

471

472

473

474

475

476

3 Numerical results

3.1 Traveltime computation

We first use a synthetic velocity model to validate the traveltime computation functionalities of
LATTE.

LATTE enables both first-arrival traveltime computation and reflection traveltime computation.
Figures la and b display the v, and vy models with low and high velocity anomalies, respectively.
Figure 1c displays two reflectors (represented by values 1 and 2, respectively).

Figures 2 displays the first P-arrival traveltime field for a source placed at the horizontal position
of 0.3 km. The gradient in the velocity model causes notable diving wave features in the traveltime
field. Figures 2b and c display the PP-arrival traveltime fields associated with the first and second
reflectors, respectively. Note that below each reflector, the computed traveltime field does not
represent reflection but transmission traveltime. Therefore, the traveltime field below each reflector
is the same with the first-arrival traveltime in Figure 2a. Figures 2d and e display the PS-arrival
traveltime fields associated with the first and second reflectors, respectively. In this case, the
traveltime field below each reflector represents PS transmission arrival traveltime, and they are not
the same with the PP transmission arrival traveltime displayed in Figure 2a.

Figure 3a displays the first-arrival traveltime field. Figures 3b and c display the SP reflection
traveltime fields, where the traveltime field below each reflector represents SP transmission arrival
traveltime field. Similarly, Figures 3d and e display the SS reflection traveltime fields, where the
traveltime field below each reflector represents SS transmission arrival traveltime, and is consistent
with the values displayed in Figure 3a.

Figures 4a and b display the traveltime recorded at the surface of the validation model. We
observe that in this case because v, /vy > 1 in the entire model, PP1 and PP2 (representing the
PP reflection traveltime from reflectors 1 and 2, respectively) arrivals are always earlier than PS
reflection traveltime (PS1 and PS2); at large offsets, the PP reflections may arrive earlier then the
first-arrival traveltime, which is essentially a mixture of direct wave at near offsets and diving wave
arrivals at large offsets.. By contrast, for SS source, the SP reflections arrive notably earlier than
both the “first-arrival” traveltime and the SS reflection traveltime field. The results indicate that for
elastic media characterization, picking first-arrival S traveltime can be very challenging depending
on the geometry. At large offsets, SP component may arrive much earlier than other components,

and the true “first-arrival” S-wave may be obscured in noisy waveforms.
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3.2 First-arrival traveltime tomography

We use a near-surface faulted model to demonstrate the efficacy of AD-FATT and DD-FATT
implementation in our LATTE.

Figure 5a displays a faulted velocity model with a horizontal span of 4 km and a maximum depth
of 500 m. We set a number of structural complexities of the layers including anticlines, inclines,
and faults. We also set a low velocity value (600 m/s) for the three faults. The model consists of
51 grid points in the depth direction, with a grid spacing of 10 m, and with 401 grid points in the
horizontal direction, with a grid spacing of 10 m. Figure 5b displays a smooth velocity model (1D
linear gradient) model as the initial model for both AD-FATT and DD-FATT. All the important
features of the ground-truth velocity model are invisible on this initial velocity model. We place a
total of 40 sources on the top surface of the model, starting from 50 m and with a uniform horizontal
spacing of 100 m. We place a total of 401 receivers on the top surface, with a uniform horizontal
spacing of 10 m. For both inversions, we apply energy preconditioning to the gradient and adopt
the NCG inversion scheme to obtain the search direction.

Figures 6a and b display the inverted v, models by AD-FATT and DD-FATT, respectively, both
after 100 iterations. Meanwhile, Figure 7 displays the normalized data misfit convergence curves of
AD-FATT and DD-FATT using blue and red curves, respectively. Both inversions correctly recover
the low-wavenumber features of the ground-truth model. However, both inversion results indicate
that it could be very challenging to accurately delineate high-resolution features based solely on
first-arrival traveltime, even though both AD-FATT and DD-FATT converge to a low data misfit.
For instance, both inversions miss the deep part of two low-velocity faults between 2 km to 3.5 km
at the horizontal position, although both correctly recover the shallow part of the faults.

Figure 8a displays a comparison between the ground-truth and synthetic traveltime in the initial
1D velocity model for the second source at 20 m. Figures 8b and ¢ show the ground-truth and
synthetic traveltime for the same source in the inverted velocity models obtained using AD-FATT
and DD-FATT, respectively. We observe that both inversions generate an accurate first-arrival
traveltime match after 100 iterations. We also display the distribution of traveltime misfit in the
inverted model for AD-FATT and DD-FATT in Figures 8d and e, respectively. Through the statistics,
we find that DD-FATT results in slightly more consistent traveltime for a total of 16,040 traveltime
measurement, even though it uses differential traveltime rather than absolute traveltime for residual
and misfit computation.

The results demonstrate the efficacy of AD-FATT and DD-FATT functionalities implemented in
LATTE.
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3.3 Source location and joint tomography-location

Next, we validate our method and implementation of traveltime-based source location, as well
as joint tomography-location, in LATTE. Same as in the last example, we validate both AD and DD
misfit functions, and we use AD-TLOC and DD-TLOC to denote these two cases. As we described
in the methodology, we exchange sources and receivers for source location, indicating that the
receivers ar not placed on the surface of the model. The tomography results displayed below will
therefore demonstrate the validity of our arguments on placing receivers at arbitrary positions of a
model as detailed in Appendix B.

We use an elastic checkerboard model and both P- and S-arrival traveltime in this test. Figure 9a
displays the ground-truth v, model, and the S-wave velocity model is set to vy = v,/ /3 for
simplicity. The dimension of the model is 3 km in the depth direction and 4 km in the horizontal
direction. The grid spacing is 10 m in both directions. We set a total of 300 randomly distributed
sources within the model, and a total of 50 receivers on the top surface, starting from 50 m and with
a uniform horizontal spacing of 100 m. In addition, we set random origin time 7, ranging from 0O to
100 s for the 300 sources. We generate traveltime using the parallel fast-sweeping elastic eikonal
solver implemented in LATTE.

In the first test for this checkerboard model, we use AD-TLOC to simultaneously invert for
the source location and origin time by assuming known velocity models. Figure 10a displays the
ground-truth location of the 300 sources in space. For validating AD-TLOC, we set the initial guess
of location of all sources at the center of the model as denoted by the red dot. We also set the initial
guess of origin time 7q to be the mean of all ground-truth ny which is approximately 50 s.

Figures 10b-c display the inverted source locations at the 5th, 10th, and 100th iterations,
respectively, where we use gray lines to connect the ground-truth and inverted source locations.
We observe that the inverted source locations gradually converge to their ground-truth positions.
Sources in the deep and boundary regions of the model appear to have slightly larger errors because
of the insufficient traveltime field coverage and stacking in these regions.

Figure 11a displays the comparison among the ground-truth origin time, the initial guess, and
the inverted origin time of the 300 sources. The inversion result indicates that AD-TLOC correctly
estimates the origin time given a trivial initial guess (a same value for all sources). Figure 11b
displays the comparison among the ground-truth 7, subtracting the ground-truth origin time (i.e.,

T, — no, blue curve), the synthetic 7, in the initial smooth velocity model (i.e., zISZZO)

and the synthetic 7, in the inverted velocity in the inverted model ((i.e., t1§l=100)

, green curve),
red curve), all
corresponding to the second virtual source. Similarly, Figure 11c displays the comparison for
S-arrival traveltime, where we observe a similar level of accuracy. Common-virtual-source gathers

at other locations show similar level of error with the ones displayed in Figures 11b and c. The
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consistency between the traveltime computed in the inverted model and the ground-truth traveltime
validates the efficacy and accuracy of AD-TLOC in LATTE.

In the second test for this checkerboard model, we perform DD-TLOC by again assuming know
velocity models. We set a trivial initial guess for the location of all sources — the center of the model.
In the test, we only invert for the source locations. As we described in the text, using DD-only
misfit functions, we cannot invert for the origin time as 7, is eliminated by the DD misfit function
for each real-source gather (or virtual-receiver gather).

Figure 12a displays the ground-truth and initial guess of the source locations, while Figures 12b-
d show the inverted source locations in the Sth, 10th, and 100th iterations, respectively. Comparing
with the AD-TLOC inversion results shown in Figures 10b-d, we find that by eliminating the
common origin time, DD-TLOC results in an more accurate estimation of source location for almost
all the sources. There are several sources in the deep part of the model that are not well located, but
these sources are also furthest away from the receivers. The differential traveltime misfits associated
with these sources are also the smallest, resulting a suboptimal update of these deep sources.

Figure 13a displays the comparison among the ground-truth ¢, — 1o, t,§l=0), and t£l=100). Even
though we use DD misfit function rather than AD misfit function, we observe a good consistency
between the observed and the synthetic traveltime. In fact, the traveltime misfits associated this
common-virtual-source gather is better than that in the AD-TLOC displayed in Figure 11b. The
consistency of S-arrival traveltime displayed in Figure 13b is at a similar level with the P-arrival
traveltime, and again is higher than that generated by AD-TLOC displayed in Figure 11c. The
results validate the efficacy and accuracy of DD-TLOC in LATTE, and demonstrate the advantage
of DD-TLOC over AD-TLOC in leveraging differential time to improve source location accuracy.

In the third test for this checkerboard model, we perform simultaneous velocity tomography
and source location using DD-TLOC. We assume homogeneous initial velocity models v,()lzo) =
2000 m/s and v'=% = 2000/+/3 m/s, and set the initial guess of source location to be (xo, zg) =
(1 (sx),2980) m where we use u(sy) to denote the average value of the horizontal positions of
all sources. Because seismic velocity and source location are strongly coupled in in terms of
traveltime, and in this test we only have surface receivers, we anticipate a poorer source location
result compared with those of the first two tests.

Figures 14a and b display the inverted v, and vy models by DD-TLOC, respectively. Compared
with the ground-truth model in Figure 9, we find that the central part of the model is relatively
better recovered than the regions in the deep and boundary regions. This is probably because
the background model is a homogeneous model for both v, and vy, therefore there is not diving
wave/traveltime field to leverage for updating the deep region.

Figure 15a compares the ground-truth and the initial source locations, while Figures 15b-c

compared the ground-truth and inverted source locations in the 5th, 10th, and 100th iterations,
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respectively. Comparing the inverted source locations with that in Figure 10d where the velocity
model is known, we observe that inaccurate velocity models introduce a notable challenge to source
location. In this case, the sources in the deep and boundary regions show notably higher level of
error than those in the known-velocity case. The inaccuracy is consistent with the low accuracy of
inverted velocity models displayed in Figure 15.

Figure 16 compares the ground-truth traveltimes 7, — 1o and ¢, — 1o with synthetic traveltimes
associated with the second virtual source. We observe visually higher standard deviations for both
P- and S-arrival traveltimes compared with those in the first two tests.

The above results indicate the limitation of DD-TLOC for joint tomography-location in an elastic
model with poor initial guesses of velocity models and source locations. Comparing the results
with those in the location-only tests, we find that velocity uncertainty can deteriorate the accuracy
of source location. Because velocity and source location are strongly coupled, the influence is
essentially mutual and cannot be straightforwardly decoupled.

In the last part of the Methodology section, we introduced model parameter regularization
consisting of TGpV and v, — v similarity regularizers to FATT and TLOC. For this model, because
the source locations are purely random, the ML-based source parameter regularization does not
apply — there is no fault that the sources can align to. In the fourth test, therefore, we validate the
efficacy of the model parameter regularization by setting w; = 0.

Figure 17 display the inverted v, and vy models in the 100th iterations using the regularized
DD-TLOC joint tomography-location functionality. Compared with those without model parameter
regularization displayed in Figure 14, we find that model parameter regularization notably reduces
random-noise-like artifacts in the inversion results. The pattern of checkerboard in this case becomes
clearer, more closely resembling the ground-truth model in Figure 9. Similar with the case without
model parameter regularization, the most well-recovered region is the central part of the model,
with less accurate recovery of velocity perturbation in the deep and boundary regions. We must
remind that the inaccuracy is not intrinsic to FATT or TLOC in LATTE. Any tomography methods
may encounter similar issue as the inaccuracy is essentially determined by the poor illumination of
these regions with a surface-only receiver distribution.

Figure 18 display the initial and inverted source locations using regularized DD-TLOC. Although
in this case the sources in the deep and boundary regions still cannot be well located, visually the
errors are smaller compared with those in Figure 15. Because we do not regularize source parameters
in this test, the improvement of location accuracy is essentially introduced by the better-resolved
velocity models.

Lastly, the traveltime comparison in Figure 19 further demonstrates the improvement in trav-
eltime consistency introduced by regularized DD-TLOC functionality compared with plain DD-
TLOC.
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3.4 Fault-constrained source location

In the fourth example, we demonstrate the efficacy of fault-constrained source location function-
ality in LATTE.

Figure 20a displays a 2D v, model of 3 km in the depth direction and 5 km in the horizontal
direction. The model consists of a smoothly varying upper part and faulted structures in the lower
part. Figure 20b displays a Gaussian-smoothed velocity model for locating the sources.

We set a total of 50 receivers on the surface, starting from 50 m and with a uniform interval of
100 m, and also set 30 receivers at the horizontal position of 2 km, starting from 100 m in depth, and
with a uniform interval of 60 m. The vertically distributed receivers mimic the scenario of receivers
placed in a well. We set a total of 1,200 sources along the faults in the lower half, mimicking the
scenario of fracturing-induced seismicity. Same with the previous tests, we assume a trivial initial
source location in the center of the lower half model at (x¢, z¢g) = (2500, 2500) m.

To improve reality, we assign random values ranging from 0 to 10 s as the origin time for these
1,200 sources and use DD-TLOC to invert for the source locations. In this test, we do not update the
velocity. However, we add smoothed random noise to the computed traveltime in the ground-truth
model to mimic imperfect traveltime picking in practice, as displayed in Figure 21. The maximum
value of the added noise in all common-source gathers is 20 ms. Translating to spatial distance
under this velocity model, the noise generates up to approximately 50-m random errors in space for
each source.

As we point out in the Methodology, one may want to avoid an “early kick-in” when the source
locations are still far away from the truth locations. In practice, one may need to use experience to
decide when to regularize source parameters. We start to regularize source location update using
the ML-based regularizer starting from the 16th iteration. Figures 22a and b display the initial
source location and the updated source locations in the 5th iteration. Figures 22¢ and d display the
inverted source locations by plain DD-TLOC and fault-constrained DD-TLOC, respectively. It is
visually evident that, without fault constraint for source location, the noise in the data can affect the
accuracy of location, even though both inversions can converge in terms of data misfit. In the deep
and boundary regions, located sources can smear into each other, making it difficult to correlate
the located sources with individual faults. By contrast, the fault-constrained DD-TLOC results in a
more interpretable source location result, where the located sources are mostly aligned with faults
and close to their ground-truth locations. In fact, in the fault-constrained location result, we only
observe few notable mislocated sources in the lower right corner, and two in the lower left corner.
Given better illumination of these regions, it is likely these errors can be further reduced.

Figures 23a and b display the source image and ML-inferred fault dip image in the 5th iteration.

At early iterations, the sources are not yet well located, and therefore the inferred faults do not
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resemble the ground-truth faults denoted by the red points. By contrast, Figures 22¢ and d display
the source image and corresponding ML-inferred fault dip image at the 50th iteration. We observed
a good consistency between the source image and the ground-truth source locations, as well as
a good consistency between the inferred faults and ground-truth source locations. The results
demonstrate that our ML-based source parameter regularization can gradually guide or constrain
updated source locations towards faults inferred from the source locations themselves, eventually

leading to higher fidelity and interpretability of located source locations.

3.5 Regularized joint tomography and source location

In the final example, we demonstrate the efficacy and accuracy of DD-TLOC joint tomography-
location with both model and source parameter regularization for a 3D elastic model.

Figure 24a displays a 3D v, model. The background variation of this model is a smooth model
displayed in Figure 24b with several intersecting faults. The range of background velocity is
[1000, 3000] m/s. We add a 3D checkerboard velocity perturbation with a range of [—300, 300] m/s
to the background velocity model and obtain the velocity model in Figure 24a. The model is 1 km
in depth, 2 km along the Y direction, and 3 km along the X direction. The vy model follows the
same background spatial variation pattern, yet with a different value range from [500, 2000] m/s; the
checkerboard perturbation added to the background vs model has a range of [—300, 300]/+/3 m/s.
Therefore, the resulting v, and v velocity models have nonuniform ratios in space. The background
velocity models also serve as the initial velocity model in the following tests.

We display four faults in the upper right corner of Figure 24a. We set a total of 1,200 sources
randomly distributed on the faults. We set a total of Ry x R, = 15 x 10 receivers on the surface of
the model. For this DD-TLOC test, we exchange the sources and receivers for simultaneous velocity
update and source location inversion, therefore there are effectively 150 common-virtual-source
gathers after reciprocity traveltime data rearrangement.

Similar with the previous example, to mimic practical noise caused by inaccurate phase picking,
we add smoothed random noise to the traveltime data simulated in the ground-truth models as
displayed in Figure 25. The difference is that for this test, we set a higher maximum amplitude for
the noise (50 ms), which intuitively may result in higher uncertainties to the inversions.

Figure 26 display the inverted v, and vy models without model or source parameter regular-
ization. We observe that the general heterogeneity pattern of the ground-truth velocity models are
revealed in both v, and v;. However, there are numerous random velocity perturbations in the
inverted models. These artifacts are possibly due to the uneven coverage of the sources and receivers,
as well as the random noise in data. By contrast, in Figure 27, we display the inverted models and

source locations with simultaneous model and source parameter regularization as described in the
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Methodology section. The inverted velocity models are notably cleaner than the ones without model
parameter regularization, where we observe almost no random artifacts.

We further compare horizontal slices at two depths among the ground-truth and the inverted
velocity perturbations without and with model regularization. Figure 28 display the comparison
of a horizontal slices at a depth of 100 m. The regularized DD-TLOC generates a horizontal
velocity perturbation with notably piecewise smooth velocity variations than those without model
regularization. Figure 29 display a similar comparison for the depth of 340 m, which shows similar
improvement by our TGpV model regularization.

We display the map view of the ground-truth source locations in Figure 30a and the initial guess
for both inversions in Figure 30. We define the horizontal and vertical errors of an inverted source

location as

Ep = \/(5: = 5000 + (55 — 53.0)2. (54)
, (55)

Ez = |SZ —8z,0

where (sy, 5y, 5;) represents the inverted source location and (s, Sy,0, Sz,0) represents the ground-
truth location. Figures 30c and d display the horizontal and vertical errors of the inverted source
locations without source parameter regularization. The results show that with only surface receivers,
the horizontal locations are more accurately estimated than the vertical locations. If well receivers
are available, in principle the vertical errors should reduce. Figures 30e and f display the horizontal
and vertical errors of the source locations inverted with DD-TLOC with our ML-based source
parameter regularization, which show an improved consistency with the faults compared with those
without source regularization, especially at the ends and intersection regions of the faults.

In Figures 31a and b, we compared the ground-truth source locations (blue balls) and the
inverted source locations (red balls) without and with ML-based source parameter regularization. It
is evident the ML-based source parameter regularization result in an improved location accuracy.
Meanwhile, Figures 31c and d display the inferred and refined faults generated by our multitask ML
model in the 50th iteration based on the inverted source locations. The consistency between the
ground-truth source locations and the estimated faults demonstrates the efficacy of our multitask
ML model in serving as an adaptive guide for source location.

The results for this example demonstrate the efficacy of our model and source parameter
regularization. We remark that the fault-constrained source parameter regularization does not apply
to scenarios where the sources do not correlate to faults or fault-like structures. In those scenarios,
it may be possible to develop other types of regularization to improve source location. Investigating

the feasibility of such regularization schemes is beyond the scope of this paper.
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4 Conclusions

We have developed an open-source, systematic, high-performance implementation of travel-
time computation, traveltime-based tomography, and traveltime-based source location based on
the eikonal equation and adjoint-state tomography theory for 2D/3D acoustic and elastic media.
Specially, to improve the fidelity and interpretability of inverted model parameters and source
parameters, we have developed a novel model parameter regularization scheme based on total gen-
eralized p-variation and P- and S-wave velocity structure similarity, as well as a source parameter
regularization scheme based on multitask machine learning models. We have demonstrated the
efficacy and accuracy of our methods and implementation using several synthetic data examples.
The results indicate that our implementation can serve as an adaptive computational framework for
traveltime computation, velocity tomography, and source location in 2D/3D acoustic and elastic

media.
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Appendix A: Parallel fast sweeping algorithms for the eikonal

and adjoint-state equations

We slightly modify the parallel fast sweeping algorithm presented in Detrixhe et al. (2013). For
the purpose of completeness, we detail our algorithms as below.
Fast sweeping relies on sweeping all possible orders of dimension directions. For 2D, the

possible ordering of directions are

I =1:Ny, K=1:N,, (56a)
I =1:Ny, K=N;:1, (56b)
I =N,:1, K=1:N,, (56¢)
I =N,:1, K=N;:1 (56d)

We denote each of the orderings as S(xy, X1, Zo, Z1), where we use subscripts 0 and 1 to represent
the starting and end elements, respectively. For example, for the second ordering, (x¢, X1, Zg, Z1) =
(1, Ny, N, 1).

Then we implement the parallel fast sweeping in 2D for a specific ordering S(xo, X1, Zo, Z1)
with Algorithm 1.
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Algorithm 1: Algorithm for 2D parallel fast sweeping adopted and modified from Detrixhe
et al. (2013) for LATTE.

Input: Velocity model, traveltime field ¢ or adjoint-state field A
Parameters : Ordering S(xo, X1, Zo, Z1), dimensions of the model N, and N, and grid
spacings d and d,

forl1 </ <N,+N;,—1do

Compute the starting and ending element indices for z dimension as:
o, Il <N
ja=17 . (57)
Jo+ (I — Ny) xc¢j, otherwise.
i [ —1 ., I <N
jbz{f."“ Pxen ! = (5%)
J1 otherwise,
where
. i jo < iy,
¢; = I jo _.J1 (59)
—1, otherwise.
for parallel j, < j < j, do
(1) Compute x index i from
i —iol + 1] — Jjol=1—1. (60)
(2) Update the multiplicative traveltime field 7; ; or the adjoint-state field A; ;.
end
end
Output: 7 or A
1020 For 3D, the possible ordering of directions are
I=1:Ny, J=1:N,, K=1:N;, (61a)
I =1:Ny, J=1:N,, K=N;:1, (61b)
I =1:Ny, J=N,:1, K=1:N,, (61c)
I =1:Ny, J=N,:1, K=N;:1, (61d)
I =N,:1, J=1:N,, K=1:N;, (6le)
I =Ny:1, J=1:N,, K=N;:1, (611)
I =Ny:1, J=N,:1, K=1:N,, (61g)
I =N,:1, J=N,:1, K=N,:1 (61h)
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We denote each of the orderings as S(xg, X1, Yo, Y1, Zo, Z1), Where we use subscripts 0 and 1

to represent the starting and end elements, respectively. For example, for the second ordering,
(X0, X1, Y0, Y1, 20, 21) = (1, Nx, 1, Ny, Nz, 1).

The algorithm for 3D parallel fast sweeping is not straightforwardly available from Detrixhe

et al. (2013). Therefore, here we provide a complete algorithm for achieving parallel fast sweeping

with an arbitrary number of threads for 3D eikonal and adjoint-state equations. We implement 3D

parallel fast sweeping for a specific ordering S(xo, X1, Yo, V1, Zo, z1) With Algorithm 2.

Then we go to the next ordering and repeat the procedure until all orderings are computed. We
repeat the entire procedure (fast sweeping of 4 orderings in 2D and 8 orderings in 3D) until the
threshold of field difference is reached. Here we ignore the outer loop algorithm as the details have
been described by a number of existing works (e.g., Zhao, 2004; Taillandier et al., 2009; Detrixhe
et al., 2013). The algorithm has the same computational complexity with serial fast sweeping yet

can be accelerated with OpenMP shared-memory parallelism.

Appendix B: The adjoint-state equation for arbitrary receiver

location

In the original works of adjoint-state FATT by Leung and Qian (2006) and later by Taillandier
et al. (2009), the authors developed the formulation for adjoint-state equation. However, in both
works, solving the adjoint-state equation requires the determination of the adjoint-state variable A

on the boundaries through
Ax,)VE(x,) -n(x,) = AT(X,), (69)

where n is the normal to the surface (or boundary) of the model, 0€2. This condition introduces
nontrivial restriction on the applicability of adjoint-state FATT to arbitrary source-receiver geometry
in a rigorous sense. For instance, rigorously, adjoint-state FATT does not apply to the scenario
where the receivers are placed in a well or below the ground surface.

We argue that such a restriction is not necessary. The emergence of this condition is in fact
caused by the assumption that the receivers are placed on the surface d€2. Rather than defining the
misfit function using the surface integral of the traveltime misfit on €2, we assume the following

constrained L,-norm optimization problem:
1
J(m) = minE/ [t(m,x) — TX)]*8(x —x,)dx, st m?|Vt|> =1, (70)
mn Q

where the receivers can be in arbitrary location in €2.
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Algorithm 2: Algorithm for 3D parallel fast sweeping adopted and modified from Detrixhe
et al. (2013) for LATTE.

Input: Velocity model, traveltime field ¢ or adjoint-state field A
Parameters : Ordering S(xo. X1, Yo. Y1 Zo, 1), dimensions of the model Ny, Ny, and N,
and grid spacings d, d,,, and d;

for]1 </ <Ny+N,+ N;—-2do

Compute the starting and ending element indices for z and y dimensions as:

ko, [l <N, + N
ko = {0 = e (62)
ko + (I — (Nx + Ny — 1)) x cx, otherwise.
k [ -1 , [ <N
kb:{oﬂ )% e 1SN )
ki, otherwise.
0 Il <N+ N
ja=1{"" = e (64)
Jjo+ (I —(Nx + Ny, —1)) xcj, otherwise.
) o+ (—1)xc;, I <N
jo = {’." )36 g (65)
Ji otherwise,
where
1, if kg < kq,
e = Ero = (66)
—1, otherwise,
1. if io < 7y,
¢ = T jo _.J1 67)
—1, otherwise.

for parallel k, <k <kp, j, <j < jpdo
(1) Compute x index i from
i —io|l + 1/ — Jjol + |k —ko| =1 —1. (68)

(2)Ifi < 1ori > Ny, then skip Step (3).
(3) Update the multiplicative traveltime field 7; ;x or the adjoint-state field A; ; k.

end
end

Output: 7 or A

1049 Defining the augmented Lagrangian,

L(im,t,A) = %/Q(t —T)?8(x —x,)dx + %[9/\ (|Vt|2 — %) dx, (71)
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the first-order optimality conditions (Nocedal and Wright, 2006) of which read

aL 0 A
7,

g Zdx =0, 72
dm  dm qm3 X (72)
0L

Tl 0, (73)
0L 1

= |Vt|2—ﬁ = 0. (74)

The second equation, d£/dt = 0, gives

L IVt
5= /Q(z — T)8(x — x,)dx + /Q (Vt : 7) Adx

d (01

= [ (t — T)8(x —x,)dx +/ Vit - VAdx. (75)
Q Q

If we assume A = 0 on 0€2, then we can add an arbitrary boundary integral term of A to
equation (75). By adding [, A(n- V)ds where n is the normal vector of 9€2 and using integration
by parts, we have

0L

=/(t—T)8(x—xr)dx+/ Vt-V)de—/ An-Vids,
ot Q Q 0

:/(t—T)S(X—X,)dX—/ V- (AVt)dx
Q Q

=0, (76)

which indicates that, for an arbitrary ¢ and traveltime difference (¢ — 7)§(x — Xx;), the following

adjoint-state equation must be satisfied:
V-(AVt) =t —T)6(x —x;). (77)

This is developed in the augmented Lagrangian functional framework as in Leung and Qian
(2006) and Taillandier et al. (2009), yet is consistent with the results obtained based on a perturbation
approach (Tong, 2021a).

In practice, X, can contain multiple nonzero values (multiple receivers). Therefore, writing in a
clearer way with more informative notations, we need to solve the adjoint-state equation in the form

of
N,

V-IA@)Vem,x)] = Y [1(m.x;) = T(r)], (78)

i=1
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where we use r; to indicate the spatial location of the i-th receiver. The traveltime field 7 (m, x) is the
traveltime corresponding to a model m in some inversion iteration, and is precomputed beforehand.

Equation (78) can be solved using exactly the same method as that described in Appendix A of
the work by Taillandier et al. (2009). However, the major difference is that an arbitrary number of
X, can be at any position of 2. The initial condition for equation (78) is the traveltime difference,
t(m,r;) — T(r;), at the position of each receiver. For double-difference misfit, it is not difficult to

obtain that the adjoint-state equation is

N, [ N,

V-R@Vim, 0l =Y | D[ r) —t0m,x) = (T@)=T@e)]|. (79

i=1 \j=1

It is straightforward to derive the adjoint-state equations for the elastic case where m = (v, vy).

For brevity, we omit the details here.

Appendix C: Multitask machine learning models for inferring

and refining fault attributes from a source image

We develop a multitask supervised ML method to infer and refine fault and fault attributes from
a source image. We display the architectures of the multitask inference and refinement NNs in
Figure 32. The input to the multitask inference NN is a source image computed using equation (52),
while the output from this NN includes the fault probability, fault dip, and fault strike (in 2D, fault
strike does not apply). In some cases, the fault surfaces estimated by this inference NN can be
“noisy” and contain “cheese holes” (Gao, 2024) because of insufficient source density. Using these
fault surfaces as a guidance for source relocation may not be optimal. Therefore, the inference
results are then transferred to the multitask refinement NN for refinement, and we use the refined
fault attributes in LATTE as a fault/fracture constraint for source location.

In both multitask inference and refinement NNs, we use a residual U-Net (ResUNet) as encoders
and decoders. We leverage the ResUNet architecture developed in Gao (2024) to achieve a large
inception field. The open-source codes associated with the multitask inference and refinement NNs
based on a source image, the training strategy, as well as the algorithms and codes for generating

training data and labels, are available in the repository of LATTE.
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Figure 1: (a) A P-wave velocity model, (b) an S-wave velocity model, and (c) two characteristic
reflectors for validating LATTE’s traveltime computation functions.
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Figure 2: Traveltime fields computed using LATTE eikonal solver for the model shown in Figure 1.
(a) First-arrival traveltime field #,, (b-c) PP-reflection traveltime fields ,, and ¢2, associated with
the first and second reflectors, respectively, and (d-e) PS-reflection traveltime fields tI}s and tpzs
associated with the first and the second reflectors, respectively.
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Figure 4: Traveltime computed using LATTE eikonal solver for (a) P incident wave, and (b) S
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55



Source Index
0 25 50 75 100 125 150 175 200 225

Traveltime (s)

—— Ground Truth —— Inverted Model
1 —— Initial Model «  Final Misfit

()

Source Index
0 25 50 75 100 125 150 175 200 225

z
()
£
T
>
o
[
-1{ —— Ground Truth —— Inverted Model
—— Initial Model «  Final Misfit
_2 E
(b)

Figure 13: (a) Comparisons among the ground-truth traveltime 7, — 1o (blue curve), the synthetic

traveltime in the initial model t1§l=o) (green curve), and the inverted model t£l=100) (red curve).
Panel (b) displays the S-arrival traveltime result. The gray dots in the panels represent absolute
differences between the synthetic and ground-truth values.

56



Horizontal Position (km)

2200
I
2100 £
£ 2
_g ®
< <
< 2000 £
Q 0.
a Z
1900 3
2

1800

Horizontal Position (km)

1250
P
1200 =
= g
E @
< <
£ 1150 £
o Q.
a &
1100 3
L

1050

(b)
Figure 14: Inverted (a) v, and (b) vy models by DD-TLOC.

57



Horizontal Position (m)

1000 3000

Horizontal Position (m)

2000 4000 5000 0 1000 2000 3000 4000 5000
0 - U A A AR S S A s et s aanasasasans)
1000 1000
E B
S S
@ 20001 220001
[a) [a)
3000 3000
e  Ground Truth o Initial Guess e  Ground Truth o Inverted
(a) (b)
Horizontal Position (m) Horizontal Position (m)
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
: . '. . %, f X > 'Y
,:z.o.. .go.‘.:. {'.2. ‘
o ° L] ° °%
1000 T e 1000 ] W
c//ee8 & cnt .‘ (X«
o/ %8 o‘o' R AT
B bl S B e oy e
=g LY o BCIE IR = 3¢ oot .
£ i‘-f_. s, £ ﬂn':"‘- % .
& 2000 QRN % © 2000 a8 o o
o }‘ S -. ¢ o a L) . % .‘.l.’
& $ %00 0; ¢ e B e L
ﬁ l..;~ oo |8 ‘( ooy, © 4“'
.. LR o-. F) 0’ _© oJe° 9
3000 { e ""c' e 3000 | v ot
e Ground Truth e Inverted e  Ground Truth * Inverted
(©)

(d)

Figure 15: (a) Initial source locations and (b-d) inverted source locations in the 5th, 10th, and 100th

iterations using DD-TLOC, respectively.
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Panel (b) displays the S-arrival traveltime result. The gray dots in the panels represent absolute
differences between the synthetic and ground-truth values.
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Figure 20: (a) A v, model overlain by sources and receivers, and (b) a v, model by smoothing the
model in Panel (a) with a Gaussian filter for validating TLOC.
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Figure 21: Two examples of clean and noisy data. For clarity, the origin time is subtracted from the
data. In both panels, the noise data are generated by adding smoothed random noise displayed as a

gray curve (consisting of 80 points) on the top. All the 1,200 common-source gathers are added
with similar noise as in this figure to mimic time picking error in practice.
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Figure 22: (a) Initial source locations, (b) inverted source locations using TLOC at the 5th iteration
(for both cases of with and without ML-based source regularization), (c) inverted source locations

using TLOC at the 50th iteration without ML-based source regularization, and (d) with ML-based
source regularization.
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Figure 23: (a-b) Source image and ML-inferred and refined fault dip image in the Sth iteration, and
(c-d) in the 50th iteration.
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Figure 24: (a) A 3D heterogeneous v, model with four intersecting faults designed for validating
LATTE’s DD-TLOC joint tomography-location. (b) The background smooth velocity model. The
3D plots at the top-right corner of both panels show the ground-truth fault surfaces and source
locations.

67



o
()]
A I

Traveltime (s)

15 — Clean
] — Noisy
1 — Added Noise
2 e T MMM IS IS I I I

0 20 40 60 80 100 120 140
Trace Number

(a)

o
1

]

o
()]
A I

Traveltime (s)

-
(&)}
PR R S R

—— Clean
] —— Noisy
1 —— Added Noise
2 e LN LN I IS I LR LI

0 20 40 60 80 100 120 140
Trace Number

(b)

Figure 25: Two examples of clean and noisy data. For clarity, the origin time is subtracted from the
data. In both panels, the noise data are generated by adding smoothed random noise displayed as a

gray curve (consisting of 150 points) on the top. All the 1,200 common-source gathers are added
with similar noise as in this figure to mimic time picking error in practice.
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Figure 26: Inverted (a) v, and (b) vy models using DD-TLOC without model or source parameter
regularization.
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Figure 27: Inverted (a) v, and (b) vy models using DD-TLOC with model and source parameter
regularization.
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Figure 28: (a-b) Ground-truth Av, and Av, at a depth of 100 m, (c-d) inverted Av, and Avg by
71

DD-TLOC without model parameter regularization, and (e-f) inverted Av, and Avg with model

parameter regularization.
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Figure 29: (a-b) Ground-truth Av, and Av, at a depth of 340 m, (c-d) inverted Av, and Avg by
DD-TLOC without model parameter regularization, and (e-f) inverted Av, and Avg with model
parameter regularization.
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Figure 30: Map views of (a) ground-truth source locations colored by their depth, (b) initial source
locations, (c-d) inverted source locations colored by horizontal/depth errors at the 50th iteration
without ML-based source parameter regularization, and (e-f) inverted source locations colored by
horizontal/depth errors with ML-based source parameter regularization.
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Figure 31: (a) A comparison between ground-truth source locations (blue balls) and DD-TLOC-
inverted source locations without source parameter regularization (red balls). (b) A similar compari-
son with that in Panel (a) but the red balls represent the source locations inverted by DD-TLOC
with source parameter regularization. (c-d) 3D views of the ground-truth source locations (blue
balls) and the faults inferred and refined using our multitask NN in the 50th iteration.
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Figure 32: Architecture of our multitask fault inference and refinement NNs for inferring/refining

fault attributes from a source image.
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