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Near-surface soil conditions can significantly alter the amplitude, duration, and frequency content 
of incoming ground motions – often with profound consequences for the built environment – and 
are thus important inputs to any ground-motion prediction. In current practice, the shear-wave 
velocity (Vs) time-averaged over the upper 30 m (Vs30) is widely used as a proxy for site effects, 
forming the basis of seismic site class and underpinning site-amplification factors in empirical 
ground-motion models (GMMs). Similarly, wave-propagation based GMMs rely on depth-
continuous models of Vs, at least to where hard rock is found. Consequently, earthquake 
simulations rely on knowledge of either Vs30 or Vs-versus-depth (referred to herein as a soil 
velocity model, SVM), depending on which type of GMM is adopted. In either case, the need for 
these inputs at regional scale presents a challenge, given the infeasibility of subsurface testing over 
vast areas. At present, a patchwork of Vs30 models exists in the U.S., with the USGS National 
“baseline” model being a regression equation based on one parameter – topographic slope. Several 
regional models attempt to improve upon this baseline, generally by incorporating mapped geology 
into similar regression equations. Likewise, a sparse collection of SVMs, commonly called 
“Community Velocity Models,” exists in the U.S. These generally: (i) are available only in select 
urban regions; (ii) provide predictions with low spatial resolution; and (iii) focus more on deep 
geologic structure and less on near-surface conditions, even though the latter could alter motions 
most significantly. Given the growth of community geophysical and geotechnical datasets, satellite 
remote sensing, and artificial intelligence, unified and more accurate solutions, commensurate with 
the sophistication of emergent ground-motion models, are conceivable. Accordingly, this research 
develops U.S. National Vs30 and SVM solutions using machine- and deep-learning (ML/DL) 
techniques, wherein geospatial variables are used to predict subsurface wave velocities. These 
velocities lack theoretical links to above-ground parameters, but correlate in complex, 
interconnected ways – a prime problem for ML/DL. The resulting, trained models are tested 
against existing models using unbiased tests and shown to provide efficient predictions that match 
or best existing models. Ultimately, the proposed approach could be expanded using additional 
training data and new predictor variables, which were each relatively modest in the present study.  
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Chapter 1. INTRODUCTION  

Subsurface seismic-wave velocities (e.g., shear-wave velocity, Vs), have a significant effect 

on ground-motion characteristics. Measurements or estimates of these velocities are thus needed 

to predict ground motions and, in-turn, coseismic phenomena such as liquefaction, landslides, 

infrastructure damage, economic loss, etc. Ideally, these velocities would be obtainable: (i) rapidly 

(i.e., in a relatively time- and cost-efficient manner); (ii) at high resolution (e.g., commensurate 

with the scale at which subsurface velocities change); and (iii) over the regional extents that 

experience strong ground-motion during earthquakes (e.g., those of cities and transportation 

networks). Problematically, state-of-practice methods for measuring Vs rely on either downhole, 

direct measurements (which are more accurate, but also more expensive) or non-invasive, indirect 

measurements via surface waves (which are less expensive, but also less accurate). Regardless of 

which is used, both collect 1D profiles and require considerable time and cost. As a result, it is 

simply infeasible to perform Vs measurements over vast areas, as would be required for regional 

earthquake simulations. Even in cases where Vs is needed at discrete sites for important purposes 

(e.g., at seismic-recording stations, to develop empirical ground motion models, or GMMs), it is 

often the case that Vs is estimated, rather than measured (e.g., Ahdi et al. 2017), due to the cost.   

Accordingly, efforts have been made to predict Vs profiles in the absence of direct 

measurement (e.g., Boore and Joyner, 1997; Holzer et al., 2005; Allen and Wald, 2007; Castellaro 

et al., 2008; Boore et al., 2011; Boore, 2016; Parker et al., 2017). These efforts have focused 

somewhat more on predicting the time-averaged VS in the upper 30 m (VS30), which: (i) is widely 

used as a proxy for site effects; (ii) forms the current basis of seismic site class; (iii) underpins site-

amplification functions (e.g., Stewart et al., 2017); and (iv) is a required input to empirical GMMs. 
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By comparison, efforts have focused somewhat less on explicitly predicting the variation of VS 

versus depth, which: (i) is a required input to ground-motion prediction methods based on wave 

propagation (e.g., Schnabel et al., 1972); (ii) is increasingly needed, given the growth and utility 

of physics-based simulations (e.g., among many, Ramirez-Guzman et al., 2015; Bradley et al., 

2017; Frankel et al., 2018; Wirth et al., 2018); and (iii) relative to VS30, is more difficult to predict. 

Collectively, Vs30 and Vs-versus-depth play important roles in: post-earthquake data products, 

such as those from the United States Geological Survey (USGS) (Worden et al., 2010); 

amplification functions; scenario-earthquake studies; seismic hazard analyses (e.g., Crowley et al., 

2019); and ultimately, the National Seismic Hazard Model (Petersen et al., 2019). 

1.1 PREDICTION OF VS30 

With respect to Vs30, a patchwork of models presently exists in the U.S., with the USGS 

National “baseline” model being a regression equation based on one parameter – topographic slope 

(Wald and Allen, 2007; Allen and Wald, 2009). The underlying, seminal concept – that flat ground 

tends to be soft and steep ground tends to be hard – is quite effective, but also unabashedly simple. 

Several regional models attempt to improve upon this baseline, generally by using higher-

resolution digital elevation models, more advanced statistical/interpolation schemes, and/or by 

binning the data and regression equations on mapped geologic units (e.g., Wills and Clahan, 2006; 

Thompson et al., 2014; Ahdi et al., 2017). At present, four U.S. regional Vs30 models are adopted 

by the USGS, covering all or part of five Western states, as shown in Figure 1.1. One or more other 

regional solutions exist but were not adopted because they were not digital and otherwise not easy 

to implement. While there is no mechanistic necessity for Vs30 models to be region-specific, the 

historical pace at which measurements are made, in combination with the tedium of regression 
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modelling, has led to the current patchwork of regional models overlaying a baseline. In some 

states, for example, there is, or at least formerly was, a complete paucity of Vs30 measurements. 

 

 
Figure 1.1 Mosaic Vs30 map of the continental United States. Boxes outline regional maps 

inserted over the topographic slope-based background map (as described in Heath et al., 2020). 

1.2 PREDICTION OF VS VERSUS DEPTH  

Similar to Vs30, a patchwork of Vs-versus-depth models, referred to herein as a “soil velocity 

model” (SVM), presently exists in the U.S. These are also commonly called “Community Velocity 

Models,” owing to their community scale (e.g., that of an urban region) and/or to pay homage to 

the community of individuals who collected the data used in the model. SVMs are necessary for 

physics-based simulations, which are especially useful in regions lacking historical records (e.g., 
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where the earthquake return-period exceeds the observation interval), examples of which include 

the Alpine Fault Zone of New Zealand (Bradley et al., 2017), the Central-Eastern U.S. (Ramirez-

Guzman et al., 2015), and the Cascadia Subduction Zone of North America (Frankel et al., 2018; 

Wirth et al., 2018). In addition to populating gaps in ground-motion datasets, physics-based 

simulations help to elucidate and quantify complex ground-motion phenomena (e.g., the effects of 

directivity, basins, and topography) via explicit modeling of kinematic fault rupture, wave 

propagation, and the subsurface velocity structure.  

With respect to the latter, U.S. SVMs include Magistrale et al. (2009) (Wasatch Valley, Utah), 

Small et al. (2017) (Southern California; among others in the state); Stephenson et al. (2017) 

(Oregon and Washington, west of the Cascade Range); and Cramer et al. (2016) (St. Louis), among 

a limited number of others. In general, these models are: (i) available only in select urban areas of 

the U.S.; (ii) have coarse spatial resolution; and (iii) are concerned more with predicting deep 

geologic structure, such as basin geometry, and less with near-surface conditions that can also 

significantly alter motions. The Stephenson et al. (2017) model of the Cascadia Subduction Zone, 

for example, has a minimum Vs of 600 m/s. Thus, while this model was utilized in recent 

simulations (Frankel et al. 2018, Wirth et al. 2018), it does not consider the presence and influence 

of surface conditions. A unified National SVM would serve as a “Baseline” à la the USGS Vs30 

product and allow ground-motion simulations to be performed nationally. 

Efforts to develop solutions that are more generalized and broadly applicable include Boore 

and Joyner (1997) (revisited by Boore, 2016), who proposed a Vs-versus-depth model for rock 

sites, applicable to the Western U.S. This model, shown in Figure 1.2, adopts a simple power-law 

form between Vs and depth, constrained such that Vs30 is that of a rock site. While this model has 
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been used in many applications, it does not tackle the more difficult problem of predicting the 

depth of rock or the Vs-profile of material overlaying rock.  

 
Figure 1.2 Vs as a function of depth as modeled by Boore and Joyner (1997) and revisited by 

Boore (2016). Figure after Boore (2016). 

 
 

More recently, Shi and Asimaki (2018) proposed a California SVM conditioned on VS30 and 

based on the functional form of Vrettos (1996). Provided a prediction of VS30, it predicts VS as a 

function of depth (z): 

 𝑉௦(𝑧) = ൝
𝑉ௌ଴              , 𝑧 < 2.5 m

𝑉ௌ଴൫1 + 𝑘(𝑧 − 2.5)൯
భ

೙, 𝑧 ≥ 2.5 m
                                          (1) 

where VS0, k, and n are fitting parameters that are predicted solely as a function of VS30, as defined 

in Shi and Asimaki (2018). This model: (i) provides depth-continuous predictions of near-surface 
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VS; (ii) can be implemented at relatively fine spatial resolution (i.e., the resolution of the input 

VS30); and (iii) was fit to a set of measured profiles from California. A depiction of the model’s fit 

to the training data compiled by Shi and Asimaki (2018) is shown in Figure 1.3. 

 

Figure 1.3 Vs as a function of depth as modeled by Shi and Asimaki (2018) for different bins 

of Vs30. Individual training profiles are in gray; the model prediction appears in red. Figure from 

Shi and Asimaki (2018). 
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While the Shi and Asimaki (2018) SVM represents a significant conceptual advance, it still 

suffers from several limitations. First, it was trained only on data from California, so it is not 

nationally applicable. Second, it relies on existing methods to predict VS30 (the only model input), 

which are themselves quite uncertain. Third, it assumes that all profiles of a given VS30 have the 

same velocity profile, which is to assume that VS30 is sufficient for capturing the VS-depth 

relationship. Fourth, and closely related to the preceding, it relies on a separate method to predict 

the depth and velocity of rock, given that its predictions imply the presence of soil to very large 

depths. That is, it must be supplanted by some other information, such as the predicted depth to a 

VS indicative of rock, such as 760 m/s, 1 km/s, or some other value, x (Z0.76, Z1.0 or Zx), which could 

be used to override the SVM at depth. This could be obtained from an existing community velocity 

model, although such models are sparse, or from an empirical VS30-Zx correlation (e.g., 

Abrahamson and Silva, 2008; Chiou and Youngs, 2008; Campbell and Bozorgnia, 2007), although 

such correlations are notoriously uncertain. This is because a deposit of soft soil can be thin or 

thick, independent of the underlaying rock, so there is little reason for VS30 and Zx to be closely 

related when VS30 is low. 

Considering these limitations, Marafi et al. (2021) studied the suitability of the Shi and 

Asimaki (2018) SVM in the Cascadia Region of Washington, Oregon, and California using 909 

VS profiles compiled by Ahdi et al. (2017). Figure 1.4 quantifies the accuracy of predictions in 

terms of the difference between the natural-log of the predicted VS (ln VS,SA18) and the natural-log 

of the measured VS (ln VS), termed the VS residual.  



 

 

8

 
Figure 1.4 Vs residuals (predictions from Shi and Asimaki, 2018) versus depth for 909 

profiles in Cascadia, for depths up to: (a) 200 m; and (b) 1000 m. After Marafi et al. (2018). 

 

As shown in Figure 1.4, the medians of VS residuals exhibit strong bias between depths of 50 

m and 600 m, reaching a peak value of +0.84 (~132% overprediction of VS). In particular, the Shi 

and Asimaki (2018) model tends to severely overpredict VS in deeper sedimentary basins, which 

are either not found in California or were poorly represented in the California training set. In 

addition, the variance of residuals indicates that even at depths where the median residual is zero, 

32% of VS profiles are either under- or overpredicted by at least 35%. It should be emphasized that 

this performance assumes VS30, the only model input, is perfectly predicted (i.e., the actual profile 

VS30 was used as the input). Hence, Figure 1.4 does not convey the true error that would occur in 

a forward prediction, wherein a VS30-model would be used to predict VS30. Consequently, if the Shi 

and Asimaki (2018) SVM was employed within a ground-motion simulation in Cascadia, the 

resulting predictions would, in many locations, be erroneous for a range of spectral periods.  

In summary, a unified National SVM to predict near-surface VS-versus-depth, which is needed 

for physics-based ground motion simulations, does not exist. A unified National VS30 model, which 

is used to develop and employ empirical GMMs, does exist but is a one-parameter equation.  

(a) (b) 
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1.3 A NEW APPROACH TO MODEL DEVELOPMENT 

Given the growth of community geophysical/geotechnical datasets, satellite remote sensing, 

and artificial intelligence, more advanced and accurate solutions could be achieved, commensurate 

with the sophistication of existing and emergent ground-motion models. Accordingly, this research 

develops U.S. National Vs30 and SVM solutions using machine- and deep-learning (ML/DL), 

wherein geospatial variables will be used to predict subsurface Vs, as trained on a new National 

dataset compiled herein. Examples of geospatial predictor variables, which are obtained from 

satellite remote-sensing and existing, mapped information, include surface slope, mineralogy, 

roughness, wetness, and reflectance; distance to and elevation above rivers, streams, and other 

water bodies; and various values describing geology, geomorphology, bedrock and water depth, 

hydrology, lithology, etc. While the basic concept of a geospatial Vs model is not new – the current 

National Vs30 model, with one parameter, might be described as such – neither algorithmic 

learning nor a larger number of predictor variables have previously been used. While accurate 

prediction of subsurface traits surely requires more than one variable, regression approaches 

require hypotheses of what is believed to matter and how, limiting the number of variables easily 

modelled. Because such beliefs are unnecessary with ML/DL, it can provide insights that are 

simply unlikely, if not altogether infeasible, with regression. The proposed approach thus allows 

for a very large body of geospatial information to be used, with greater potential for these 

variables/data to be exploited fully. This thesis results in: (i) a new dataset of 2737 Vs profiles in 

the United States compiled from numerous existing publications, with many profiles requiring 

digitization; (ii) a new National “baseline” VS30 model driven by ML/DL; and (iii) building off 

the VS30 solution, a new National “baseline” SVM to predict VS-versus-depth, wherein a 
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mechanistic backbone is used to ensure physically sensible behavior. Both models are tested 

against existing methods using unbiased test data and provided in Matlab format.  

1.4 RESEARCH OBJECTIVES AND OVERVIEW OF TASKS 

The objective of this project is to develop unified National “Baseline” models, informed by 

ML/DL, for predicting Vs30 and Vs-versus-depth.  The research tasks are: (1) compile all available 

Vs profiles in the U.S.; (2) compile an array of geospatial predictor variables at the site of each Vs 

measurement; (3) adopt an SVM functional form and fit VS profiles; (4) Use machine- and deep-

learning to develop models that predict VS30 and SVM parameters remotely, at any location, using 

only geospatial predictor variables (as part of this process, models for predicting the depth-of-

bedrock will also be developed); (5) Test the prediction efficiency of the final models against 

existing models using an unbiased test set; and (6) code implementation. A synopsis of the research 

plan is shown in Figure 1.5. 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 1.5 Synopsis of the research.  
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Chapter 2. DATA AND METHODOLOGY 

2.1 COMPILATION OF VS PROFILES 

A crucial element of this research was the compilation of a new database of measured Vs profiles 

in the United States, with the goal of achieving the greatest spatial distribution possible. At present, 

the largest such database known to the author is that of Kwak et al. (2021), which contains 915 

profiles, located predominantly in California. Building off the Kwak et al. (2021) database by 

aggregating profiles from across the literature, a new database of 2737 profiles was developed, as 

summarized in Table 2.1. and mapped in Figure 2.1. This database includes 909 Vs profiles 

compiled by Ahdi et al. from Oregon, Washington, and British Columbia (Canada) and 180 

profiles transformed from shear-wave time travel data in the USGS national CPT dataset, among 

other profiles from various sources. Several hundred profiles were digitized from hard copy as part 

of this process. 

 

Table 2.1  Sources of compiled Vs profile measurements. 

 

 

Reference Number of Profiles 

Kayen et al. (2011) 23 

Ahdi et al.(2017) 909 

USGS CPT Dataset 180 

Carlos et al. (2018) 3 

Kwak et al. (2021) 915 

Louie, John N. (2020) 515 

Pancha et al. (2011) 35 

Rosenblad (2006) 10 

Salomone et al. (2013) 34 

Stephenson et al. (2009) 6 

Stephenson et al. (2007) 17 

Thompson et al. (2014) 27 

Turner et al. (2012) 52 

U. S. Geological Survey. (2017) 11 

Total 2737 
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Figure 2.1 Map of compiled shear-wave velocity profiles. 

 
 

Given this dataset, histograms of Vs30, maximum Vs, and maximum depth values calculated 

or directly obtained from the profiles of each dataset are shown in Figures 2.2-2.4. The vast 

majority of sites have Vs30 between 100 and 500 m/s, maximum Vs between 100 and 700m/s, and 

maximum measured depth less than 60 m. Measurements are relatively scarce outside these ranges. 

 

 
Figure 2.2 Histogram of Vs30, as computed from the compiled dataset. 
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Figure 2.3 Histogram of maximum profile depth, as obtained from the compiled dataset. 

 

 

Figure 2.4  Histogram of maximum Vs, as obtained from the compiled dataset. 

 

While the compiled dataset represents a valuable product, not all data meet the requirements 

for further analysis. Accordingly, profiles were removed for the following reasons: (i) quality 

control (non-monotonic behavior); (ii) insufficient depth (many measurements are shallow); (iii) 

and insufficient predictor variables (to be discussed). This process resulted in 735 high-quality 

profiles having spatial distribution similar to the original, complete database. This filtered dataset 

was further divided by randomly selecting 20% for unbiased testing. The other 80% form the 
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training set. The training set will never be used for testing and the test set will never be used for 

training. This will provide an unbiased assessment of model performance. 

 

 

Figure 2.5  Map of filtered shear-wave velocity profiles. 

 

 

2.2 COMPILATION OF GEOSPATIAL DATA 

Using the proposed modelling approach, geospatial predictor variables readily obtained from 

satellite remote sensing or existing maps will be used to predict below ground conditions (Vs30, 

Vs versus depth, and depth to rock). Accordingly, 17 different geospatial predictors were next 

compiled from the coordinates of each measured Vs profile, as summarized in Table 2.2. 
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Table 2.2  Summary of geospatial predictor variables compiled for modelling. 

 
  

2.3 MACHINE AND DEEP LEARNING ALGORITHMS 

Various ML/DL techniques were explored as part of the modelling approach, including 

Gaussian process models, support vector machines, decision trees, model ensembles with bagging, 

gradient boosting, or random forests, and neural networks. Gaussian process regression is 

nonparametric (i.e., not limited by a functional form), so rather than calculating the probability 

distribution of parameters of a specific function, GPR calculates the probability distribution over 

all admissible functions that fit the data. Support-vector machines, also known as support-vector 

networks, are a set of related supervised learning methods used for classification and regression. 

Given a set of training examples, each marked as belonging to one of two categories, a support-

vector machines training algorithm builds a model that predicts whether a new example falls into 

one category or the other. Decision tree learning uses a decision tree as a predictive model to go 

from observations about an item (represented in the branches) to conclusions about the item's target 

value (represented in the leaves). Artificial neural networks (ANNs), or connectionist systems, are 

Parameter Name Type Reference
Topographic Position Index Numeric
Terrain Ruggedness Index Numeric
Roughness Numeric
Slope Numeric
Profile curvature Numeric
Tangential curvature Numeric
Vector Ruggedness Measure Numeric

Ground Water Table depth Numeric
Fan and Miguez-Macho 

(2013)
Distance to River Numeric Verdin (2017)
Compound Topographic Index Numeric Verdin (2017)
Distance to coast Numeric Nasa (2020)

Global Depth to Bedrock Prediction Numeric Shangguan et al. (2017)

Annual Precipitation Numeric WorldClim (2020)
Unconsolidated Material Binomial

UnconsolidatedCoarsedetrital_Sand Binomial

UnconsolidatedFinedetrital_Clay Binomial

UnconsolidatedFinedetrital_Silt Binomial

e.g., Amatulli, et al. (2018)

USUS National Geologic Map 
Compilation
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computing systems vaguely inspired by the biological neural networks that constitute animal 

brains. Such systems "learn" to perform tasks by considering examples, generally without being 

programmed with any task-specific rules.  

In general, modelling approaches that are easier to interpret tend to have lower predictive 

accuracy (e.g., single decision trees, support vector machines), while those with higher accuracy 

(e.g., neural networks, or ensembles of decision trees) are typically very complex to interpret. Each 

approach has numerous options and internal parameters (i.e., “hyperparameters”) (e.g., neural net 

optimization algorithm, activation function, layer quantity and size; regression tree leaf size; 

Gaussian basis and kernel functions; SVM kernel scale and box constraint). Once promising 

models were identified, hyperparameter optimization was employed, such that the hyperparameter 

values that minimized the model error were identified via an automated optimization scheme. 5-

fold cross validation was used to control overfitting, as is common in model development. 

Additionally, training and test performance metrics were compared for signs of overfitting (i.e., 

significantly better training performance than test performance). In general, models with slightly 

lower accuracy but little-to-no sign of overfitting were favored over models that achieved the 

highest training accuracy but with suspicion of overfitting. 

 

2.4 MODELLING APPROACH AND FUNCTIONAL FORMS 

Vs30 and depth-to-rock will be directly predicted via the aforementioned modelling 

approaches using all available geospatial variables: 

Vs30, Depth-to-rock = AI_Trained_Model (Geospatial Variables as predictors) 
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This will allow more predictor variables to be used, with greater potential for those variables to 

be exploited. Each trained model will be evaluated by the mean absolute error (MAE), calculated 

over all test profiles. The MAE is defined as:  

𝑀𝐴𝐸 =  
1

𝑁
෍ |𝑉௦ଷ଴.௣௥௘ௗ௜௖௧௘ௗ −  𝑉௦ଷ଴.ெ௘௔௦௨௥௘ௗ|

ே

௜ୀଵ

 

where i stands for number of each profile, N stands for number of all the profiles calculated. To 

predict the Vs-Depth profile, it is unfeasible to use the same approach as Vs30 and depth-to-rock, 

since the Vs-Depth relationship is too complex to be predicted directly (i.e., to independently 

predict the Vs at any and all depths of interest. Accordingly, a functional form will be fit to each 

Vs profile and the model coefficients producing the optimal fit will be recorded. Models will then 

be trained to predict each of the model coefficients independently. In forward prediction, 

prediction of the model coefficients will in turn produce a prediction of the full Vs profile.   

Toward the selection of a functional form, the Shi and Asimaki (2018) functional form was 

first considered:  

 

Because the entire function is multiplied by Vs0, the predictions are strongly tied to Vs0, which 

indicates the initial velocity. As a result, predicted Vs at small and large depths are strongly 

correlated, but real Vs profiles don’t always follow this trend. For example, soft soil could be 

shallow or deep, independent of the harder material that lays beneath. In addition, because the 3 

parameters in the function are highly correlated, non-unique solutions are readily produced, such 



 

 

18

that various values of Vs0, n, and k produce a similar profile. This presents a challenge during the 

optimization and modelling process. Accordingly, a modified functional from was adopted: 

𝑉௦ = ቐ

𝑉௦଴,   0 < 𝑧 < 2.5𝑚

𝑉௦଴ + (𝑘 − 𝑉௦଴) ൬
𝑧 − 2.5

15 − 2.5
൰

ଵ
௡

,  𝑧 ≥ 2.5𝑚
 

In this function, there are also three parameters to optimize (during training) and predict (in 

forward prediction): Vs0 controls the initial shear wave velocity; k controls the rate-of-change of 

Vs at small depth; and n controls the overall curvature of the profile and the rate-of-change of Vs 

at large depth. Each represents one aspect of the profile in a more independent manner, decreasing 

the chances of non-unique solutions.  

To fit each profile with the functional form, the Global-Search algorithm in MATLAB was b 

used to find optimal parameters Vs0, k and n by minimizing the error between the measured Vs 

and that predicted by the function, with error computed as: 

𝑒𝑟𝑟𝑜𝑟 =  
1

𝑁
෍ |𝑉௦.௣௥௘ௗ௜௖௧௘ௗ(𝑧௜) −  𝑉௦.ெ௘௔௦௨௥௘ௗ(𝑧௜)|

ே

௜ୀଵ

 

To carry out this equation, each profile was discretized into 1-m thick layers; zi is the depth from 

the surface to the midpoint of layer i, and N is the total number of layers for that profile. 
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Chapter 3.   RESULTS 

3.1 VS30 MODEL AND TESTING 

Following the aforementioned methodology and using 17 geospatial variables as predictors, a 

boosted tree ensemble model was ultimately adopted. This type of model combines many 

relatively weak learners into one relatively strong prediction model. Using the unbiased test set, 

the computed MAE of the newly proposed model is 61.11 m/s, whereas that of the USGS National 

baseline model is 183.05 m/s. The error of new model is thus 33% of the USGS model. The 

predictions made by the two models are contrasted in Figure 3.1(a), where the improved prediction 

efficiency of the new model is readily apparent. In addition, an index of error reduction, defined 

as the absolute error of the USGS model minus that of the new model, was computed and is shown 

in Figure 3.1(b). It can be seen that the new model tends to provide improved predictions at all 

values of Vs30, but that the improvement is most pronounces as Vs30 increases above 500 m/s.  

 

Figure 3.1 Vs30 prediction evaluation: (a) Vs30 as predicted by the newly proposed model 

vs. Vs30 as predicted by the USGS baselined model; (b) Error reduction (new model vs. USGS 

model) as a function of measured Vs30.  
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3.2 VS VERSUS DEPTH MODEL AND TESTING 

Using the newly developed Vs30 prediction as an input, in addition to the aforementioned 17 

geospatial variables, the following model types were ultimately adopted for each parameter in 

the function form: Coarse Gaussian support-vector machines (n prediction); Quadratic support-

vector machines (Vs0 prediction); and Robust Linear (k prediction). Using the unbiased test set, 

prediction residuals (i.e., Vs predicted – Vs measured) were computed using the Shi and Asimaki 

(2018) model as well as the newly developed model. These residuals are plotted in Figure 3.2. 

Averaging the prediction error across all depths and all profiles, the proposed model was found 

to have an MAE of 189.5 m/s, whereas that of Shi and Asimaki (2018) is 286.19. Thus, the 

newly proposed model provides a significant improvement.  

 

Figure 3.2 Prediction residuals: (a) Shi and Asimaki (2018) Vs-depth model; (b) newly proposed 

Vs-depth model. 
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As was done with Vs30, an index of error reduction, defined as the absolute error of the Shi 

and Asimaki (2018) model minus that of the new model, was computed and is shown in Figure 

3.3. It can be seen that the new model tends to provide improved predictions at all values of Vs30, 

but that the improvement is most pronounces as Vs30 increases above 500 m/s. This is similar to 

the finding shown in Figure 3.1(b), where it was shown that predictions of Vs30 similarly 

improved most when Vs30 exceeded 500 m/s. It would appear, then, that in locations where Vs30 

is predicted more accurately, the full Vs profile is predicted more accurately as well. To confirm, 

the two error reductions plotted in Figures 3.1(b) and 3.3 are plotted against one another in Figure 

3.4. It can be seen that the reductions in error are strongly correlated, meaning that improved 

prediction of Vs30 generally leads to an improved prediction of the full Vs profile, as could be 

expected. 

 

Figure 3.3  Error Reduction of new Vs-depth model compared to Shi and Asimaki (2018). 
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Figure 3.4 Error reduction of new Vs-depth model (as compared to Shi and Asimaki, 2018) 

versus error reduction of new Vs30 model (as compared to the USGS baseline model).  

 

3.2.1 Depth-to-Bedrock Model 

Because Vs-depth-models do not explicitly predict depth of rock (i.e., where a strong velocity 

contrast may be found), predicting depth-to-rock could improve the proposed model by defining 

the functional range of the soil velocity predictions. Traditionally, “rock” has been defined several 

ways from a wave-velocity standpoint. A velocity of 1000 km/s, for example, is widely used as a 

site term in empirical ground-motion prediction models (e.g., as an indication that a site is located 

in a sedimentary basin). A velocity of 760 m/s is also commonly used to define rock in international 

and U.S. building codes, given that this corresponds to the boundary between site class “B” (rock) 

and “C” (firm soil). Accordingly, models were separately developed to predict both the depth to a 

Vs of 1000 m/s (Z1.0) and the depth to a Vs of 760 m/s (Z0.760). 

Existing models for predicting Z1.0 include Abrahamson and Silva (2008) and Chiou and 

Youngs (2008), with both predicting Z1.0 as a function solely of Vs30. Abrahamson and Silva 

(2008) define Z1.0 using three exponential functions: 
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Chiou and Youngs (2008) model Z1.0 using a single exponential function: 

 

The author is unaware of any existing model for predicting Z0.760. Following the aforementioned 

modelling methodology, quadratic gaussian process regression models were ultimately adopted to 

predict s Z1.0 and Z0.760. Using the unbiased test set, the performance of the new Z1.0 model is 

shown in Figure 3.6 in terms of measured vs. predicted Z1.0. Across the test set, the new model has 

an MAE of 23.99 m. For comparison, the performance of the Abrahamson and Silva (2008) and 

Chiou and Youngs (2008) models are shown in Figures 3.6 and 3.7 respectively. These models 

had respective MAEs of 111.63 m and 85.87 m. Thus, the newly proposed model provides 

predictions that are significantly more accurate.  

 

Figure 3.5 Performance of new Z1.0 model. 
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Figure 3.6 Performance of the Abrahamson and Silva (2008) Z1.0 model. 

 
 
  

 

 

 

Figure 3.7 Performance of the Chiou and Youngs Z1.0 model. 
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Finally, following the same approach, the performance of the developed For Z0.760 model is 

shown in Figure 3.8. The model had a computed MAE of 24 m, very similar to that of the Z1.0 

model. 

 

 

Figure 3.8 Performance of the new Z0.760 model. 
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Chapter 4.   CONCLUSIONS 

This study presented a new Vs30 model, a new Vs-depth model, and a new depth-to-bedrock 

model. All three models provided more accurate predictions than existing solutions. Such models 

are critical to the evaluation of local amplification of ground motions at sites where detailed, site-

specific profiles are not available (e.g., regional-scale simulations). The new models improved on 

previous works by using machine learning algorithms instead of traditional regression, and by 

increasing the number of predictor variables from 1 to 17. These variables can be easily and freely 

obtained without a detailed soil investigation. Ultimately, the modelling approach demonstrated 

herein could be expanded to further improve seismic-wave modelling by using a larger training 

set, additional predictor variables, and new learning algorithms, all of which are continuously 

growing and improving.  
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