Regionalization of a California-wide seismic tomography model
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Overview Clustering Solutions Geological Implications
The continental crust is composed of lithotectonic blocs with distinct properties. We considered several clustering algorithms - Density-based algorithms. In many cases, the seismic clusters correspond to geomorphologic provinces.
Geological reconstructions help constrain where these blocks are but provide lim- - Distance based algorithms = DBSCAN: Each cluster is a gaussian blob The Sierra Nevada stands out consistently with a low velocity at 27 and 35 km
ited information at depth. Seismic tomography, on the other hand gives a = K-means: Points are assigned to the clos- with a high density core and a expending depths. The Great valley is split in the East-West direction between the two clus-
smoothed view of heterogeneities and isn’t linked with unique rock types. Follow- est cluster centroid, which are redefined region. Some points are defined as noise ters that have the greatest velocity gradients near the surface. The fuzzy cluster
ing the pioneering work of Eymold & Jordan (2019), we define distinct blocks in a iteratively. The number of cluster must be but are not associated with any cluster. solution shows that this transition is gradual. The Coastal ranges and Peninsular
regional tomographic model using clustering algorithms and discuss their corre- specified a priori. We repeated K-means The solution depends on the minimum Ranges define the remaining clusters.
spondence with geological divisions. with 5 PCs and all 8 PCs. number of points required to form a dense
= Fuzzy K-means (FCM): Like K-means but region and eps, the local radius for ex-

each point is partitioned to every reach panding clusters. I I

cluster based on the distance to the cen- = HDBSCAN: Similar to DBSCAN but with a = Wereee

troid. hierarchical structure of clusters merging I i o e

Mojave Desert . Mojave Desert.

Seismic topography dataset = Agglomerative clustering (Ward measure). into other clusters.
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Principal Component

The analysis is conducted on the principal components of the seismic velocity profiles.
PCA shows that 5 principal components are needed to capture 90% of the data vari-
ance. Unless specified, we ignore the remaining 3 principal components as they may
represent noise.
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Agglomerative (5 Clusters)
- S-cluster solution obtained by Agglomerative Clustering (Ward method) and average Vp pro- Doing so confirms that the entire Sierra Nevada is associated to a specific cluster and
file in each cluster. that the Peninsular ranges differ from the coastal ranges. The Basin-and-Range province

and the Mojave desert appear similar to one another.
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