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7 [1] We present the second part of our approach to high-resolution imaging of deep Earth’s
8 interfaces with large volumes of broadband, three-component seismograms.
9 We focus on the lowermost mantle, also referred to as D00 region, but the methodology can
10 be applied more generally. The first part describes the generalized radon transform
11 (GRT) of broadband ScS data (comprising main arrival, precursors, and coda).
12 The GRT produces ‘‘image gathers,’’ which represent multiple images of medium
13 contrasts at the same image point near the base of the mantle. With a method for statistical
14 inference we use this redundancy (1) to enhance the GRT images through improved
15 recovery of weak contrasts and through suppression of spurious oscillations in the GRT
16 image gathers and (2) to provide uncertainty estimates that can be used to identify the
17 robust features in the images. Using the image gathers from paper 1 as input, we use
18 mixed effects statistical modeling to produce the best estimates of reflectivity along with
19 their uncertainty. In this framework, random noise in the signal is separated into white and
20 coherent components using the geometry of the (GRT) imaging operators and a
21 generalized cross-validation method. With synthetic data we show that conventional GRT
22 images deteriorate substantially, in some cases to the point at which weak reflectors
23 can no longer be detected, due to effects of uneven sampling, wave phenomena that are
24 not accounted for in the underlying single scattering approximation, or errors in the
25 assumed background wave speed model. We demonstrate that even in these
26 circumstances, statistical analysis can yield adequate estimates of the true model. GRT
27 imaging produces robust images of the core-mantle boundary (CMB) beneath Central
28 American and suggests the presence of several structures in the D00 region, in particular
29 between 100 and 200 and between 270 and 320 km above the CMB proper. Most of these
30 structures are significant at the 1s (that is, 68%) level, but at 2s (95%) confidence the
31 images show, at various depths above the CMB, intermittent instead of laterally
32 contiguous features.

33 Citation: Ma, P., P. Wang, L. Tenorio, M. V. de Hoop, and R. D. van der Hilst (2007), Imaging of structure at and near the core-

34 mantle boundary using a generalized radon transform: 2. Statistical inference of singularities, J. Geophys. Res., 112, XXXXXX,

35 doi:10.1029/2006JB004513.

37 1. Introduction

38 [2] The remote sensing of deep mantle discontinuities, for
39 instance the core-mantle boundary (CMB), is a challenge in
40 part because the seismic waves used to probe it propagate
41 (at least twice) through Earth’s heterogeneous mantle before

42they are observed and in part because the diagnostic
43seismological signals are often too small for direct obser-
44vation and (forward) waveform modeling. Since the pio-
45neering work by Lay and Helmberger [1983], many
46seismologists have tried to image the so-called D00 region
47of enhanced heterogeneity in the bottom 300 km or so of the
48mantle (see Garnero [2000] and Helmberger et al. [2005]
49for extensive reviews). Recently, mineral physicists pre-
50sented compelling evidence for a phase transition in the
51mantle silicate (Mg, Fe)SiO3, from perovskite (pv) to the so-
52called postperovskite (ppv) phase, at pressures that roughly
53coincide with the changes in elastic parameters inferred
54from seismic imaging [Murakami et al., 2004; Oganov and
55Ono, 2004; Shim et al., 2004]. The presence of a phase
56transition is consistent with earlier seismological observa-
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57 tions and geodynamical arguments [Sidorin et al., 1999; van
58 der Hilst et al., 2006].
59 [3] These are exciting developments for studies of Earth’s
60 deep interior. However, much uncertainty remains. On the
61 one hand, estimates from theoretical and experimental
62 mineral physics of the pressure at which the transition
63 occurs show a large uncertainty, and the temperature and
64 composition dependencies are not yet precisely known
65 [Shim, 2005]. Consequently, the depth at which the pv-
66 ppv transition occurs has an uncertainty of several 100 km.
67 On the other hand, the seismological detection and charac-
68 terization of such subtle and remote changes in elasticity
69 faces formidable observational and theoretical (and compu-
70 tational) challenges. Various types of noise and scatter from
71 three-dimensional (3-D) heterogeneity can mask weak sig-
72 nals in seismic data. Along with the massive size of modern
73 data sets, this poses severe limitations on forward (wave-
74 form) modeling. The increasing availability of large vol-
75 umes of densely sampled broadband data has begun to
76 allow application of subsurface imaging methods based on
77 inverse scattering, which exploits more efficiently the rich
78 information contained in seismic waveforms.
79 [4] To meet the challenge of imaging and characterizing
80 structure at and near remote interfaces and boundary layers,
81 we are developing techniques for the automated identifica-
82 tion, extraction, and interpretation of structural signal per-
83 tinent to subtle medium contrasts. Our approach differs in
84 several important ways from forward modeling: First, we
85 exploit the redundancy in large data volumes. Second, we
86 make only a few restrictive a priori assumptions about the
87 structures of interest. Third, we use data from a wide range
88 of incidence angles. A simple analysis of reflections at an
89 interface that marks a wave speed increase shows that the
90 reflection coefficient is very small for near vertical inci-
91 dence and increases dramatically toward critical incidence.
92 For this reason, waveform modeling is usually restricted to
93 observations made near (and beyond) the critical incidence,
94 that is, large epicentral distances. In addition to the obvious
95 reduction in target regions that can be studied, and the need
96 to deal with triplicated waveforms, one should also realize
97 that the radial resolution to interface depth degrades mark-
98 edly with decreasing vertical slowness. Indeed, the wide-
99 angle reflections considered in forward modeling have, in
100 general, rather poor sensitivity to the depth of the contrasts
101 being studied. Narrow angle data provide better resolution
102 of discontinuity depth, but because of their small amplitudes
103 they are rarely used in forward modeling. A further differ-
104 ence is that we can estimate formal uncertainties on the
105 estimates of interface properties.
106 [5] We combine concepts from inverse scattering and
107 modern statistics into a two-step strategy. As the first step,
108 Wang et al. [2006] (hereinafter referred to as paper 1)
109 developed a generalized radon transform (GRT) of global
110 seismic network data in heterogeneous, anisotropic elastic
111 media to map tens of thousands of seismograms to a set of
112 multiple images of the same target structure. These ‘‘com-
113 mon image point gathers’’ reveal multiscale variations in
114 elastic properties. For a detailed discussion and a historical
115 perspective we refer readers to paper 1.
116 [6] In the second step, which is the focus of this paper, we
117 obtain estimates of variations in Earth’s deep interior from
118 the image gathers using a statistical approach, in which the

119image gathers are modeled nonparametrically using mixed
120effects statistical models. In this framework, the random
121noise in the signal is allowed to have white and coherent
122components, and the latter are estimated from the data
123through prediction error minimization (also known as gen-
124eralized cross validation). This methodology, a flexible type
125of Tikhonov regularization, can be used with different types
126of correlated noise and with the typically sparsely and
127unevenly sampled image gathers owing to the geographic
128distribution of sources and receivers.
129[7] The mixed effects estimate of the reflectivity profile
130replaces the linear stack in the conventional GRT. This
131achieves three specific goals: first, it enhances signal-to-
132noise in the image gathers; second, it adapts to and mitigates
133effects of error in the background wave speed model, and
134third, it provides quantitative uncertainty estimates, which
135are more satisfactory than the ones from ubiquitous boot-
136strapping of slowness stacks. Of key importance is the
137‘‘prestack’’ aspect of the analysis: the common image point
138gathers (and not the 2-D image profiles) are subjected to
139statistical analysis, and the optimal gathers are combined
140into the stack for that image point. This allows us to exploit
141the additional information contained in the dependence on
142scatter angle and to identify and remove poorly constrained
143gathers as well as artifacts due to, for instance, incorrect
144back ground velocities and presence of signal that cannot be
145modeled with single scattering.
146[8] In section 2 we briefly summarize the (geometrical)
147aspects of the GRT that we need for the statistical analysis.
148In particular, we mention how three-component broadband
149global network data can be transformed to so-called com-
150mon image point gathers. In section 3, we explain the
151concept of mixed effects statistical models and describe
152how we transform the image gathers to statistical estimates
153of discontinuities. Technical aspects of parameter estimation
154in mixed effects models are presented in Appendix A. In
155section 4 we test the effectiveness of the methodology on
156synthetic data against the presence of various types of noise,
157the imprint of source-receiver geometry, and imperfections
158of the mantle (wave speed) model. Finally, in section 5, we
159apply the method to the ScS wavefield (containing �80,000
160broadband records) for the purpose of imaging the CMB
161and overlying D00 region beneath Central America. In
162addition to a laterally continuous image of the core-mantle
163boundary, the resulting 2-D image profile reveals intriguing
164structure, including multiple interfaces, in the few hundred
165kilometers above the CMB.

1662. Common Image Point Gathers

167[9] For a detailed discussion of the construction of the
168GRT we refer the readers to paper 1, but for completeness
169sake we mention here the aspects that are relevant for the
170development of the statistical methods. In essence, The
171GRT enables the automated transformation of a large
172number of seismic waveform data into a set of multiple
173images of the same structure in the vicinity of a target
174region. In order to do so, one has to account for variations in
175volumetric wave speed or, in general, density normalized
176stiffness (in case of an anisotropic model) and such geo-
177metrical aspects as the focal depth and radiation patterns of
178the earthquakes considered, the various move outs due to
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