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 The Shear Wave Velocity Profile Database (VSPDB) was developed in prior work 

to archive and disseminate data from sites with shear wave velocity (VS) profiles, including 

seismic velocities, soil stratigraphic information, and penetration resistances. The VSPDB 

is organized as a structure query language (SQL) relational database and is populated to 

date mainly with data from California. The first major component of this project was to 

augment the database with information from 30 bridge sites in California with 251 borehole 

logs and 88 VS profiles. The information was obtained from the California Department of 

Transportation (Caltrans) and translated into unified machine-readable formats via a 

computed program (UNIFY).  

 The second major component of this project was related to VS prediction models. A 

number of models were reviewed that are conditioned on penetration resistance, depth, and 
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soil type parameters. A major distinguishing characteristic of available models is whether 

they allow for different levels of VS and penetration resistance scaling with depth (or 

overburden stress). I selected a model by Brandenberg et al. (2010) for validation against 

VSPDB data, which includes differential scaling features. That SPT-based model was 

developed and recommended by Building Seismic Safety Council for VS prediction for 

California sites.  

 Querying of the VSPDB led to 2453 data pairs (1415 for sand, 641 for clay, and 

397 for silt) consisting of all predictor variables (penetration resistance, depth, soil type) 

and VS values. Plots of data trends relative to model predictions were examined, and 

residuals analyses were performed to investigate potential model biases and whether the 

data requires different levels of scaling with N60-values or overburden pressure. The results 

indicate that the model overpredicts VS for all three soil types (sand, clay, and silt) but 

mainly for clay. The scaling of VS with N60 is stronger from the data for sand but not the 

other soil types. No adjustments to overburden scaling were required. Adjusted model 

coefficients based on the data analyses are provided.  
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1 INTRODUCTION 

Shear wave velocity (VS) has been identified as a critical dynamic properties for soils 

evaluations. The average shear wave velocity in the upper 30 m (VS30) has also been 

adopted as an essential site classification parameter, which is divided into six categories as 

shown in Table 1.1. For engineering design, VS30 is widely used in the building code such 

as National Earthquake Hazard Reduction Program (NEHRP), American Society of Civil 

Engineers (ASCE), and the California Building Code (CBSC). Moreover, The Next 

Generation Attenuation (NGA) project utilizes VS30 as the primary indicator to develop the 

ground-motion prediction equations (GMPEs) in order to study the effect on ground 

motions. A direct method to determine the value of VS30 is using VS profiles, which are 

obtained by in-situ seismic measurements. However, when a measured VS profile is 

unavailable. They can be estimated using alternative data that iscommonly compiled in 

geotechnical site investigations. 



 2 

Table 1.1  NEHRP site classification in terms of the values of VS30 

 

VS profiles are valuable datasets for ground motion analysis. Researchers can 

synthesize geotechnical information such as VS profiles, soil characterizations, laboratory 

tests, and in-situ measurement results to develop ground motion models, investigate the 

reasons for ground failure, and evaluate site response. For this reason, databases  have  been 

developed to integrate large amounts of information such as VS profiles, site information 

and penetration resistance results. This thesis compared the differences and merits of 

geotechnical databases in the areas that are vulnerable to seismic risk (Taiwan, Japan, and 

California), and presented the process of database augmentation by using the software 

UNIFY to transform disparate information (from PDF or image files) into unified machine-

readable formats. Utilization of data from the Shear wave Velocity Profile Database 

(VSPDB) to validate VS prediction model by Brandenberg et al. (2010) is presented in this 

thesis. 

  

NEHRP Site Class Soil Profile Name V S30

A Hard Rock >1,500 m/s

B Rock 760 to 1,500 m/s

C Very Dense Soil and Soft Rock 360 to 760 m/s

D Stiff Soil 180 to 360 m/s

E Soft Soil <180 m/s

F Soil Requiring Site -



 3 

 

2 COMPARISON OF GEOTECHNICAL 
DATABASES 

Geotechnical investigations are necessary for construction projects for regulations and 

building code enforcement. These investigation results also become an important source 

for researchers to analyze the influence of soil characteristics. In-situ tests such as the 

Standard Penetration Test (SPT), Cone penetration Test (CPT) and Shear Wave Velocity 

(VS) measurements are conducted to investigate soil properties. SPTs are carried out in 

boreholes, which are a frequent component of geotechnical investigations. There are 

millions of boreholes in the world, in fact, in some sites, like in Bangkok, Thailand existed 

about 20,000 boreholes in 2001 (Suwanwiwattana et al., 2001).  

Various geotechnical survey data have been processed, and the results are often 

stored in different manners. Some of the existing geotechnical information was recorded 

and stored as hard copies prior to the 2000s. Even though parts of these documents have 

been scanned and transformed into images, it is a challenge to interpret poor quality data 

due to low resolution (Kunapo et al., 2005). Therefore, sometimes researchers need to 

gather disparate sources and unify the information in the same format. 

The purpose of this literature review is to study an information integrated method—

database. The differences and merits of databases will be discussed in the following four 
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sections. Some databases in seismic vulnerable regions like the Engineering Geotechnical 

Database for Taiwan Strong Motion Instrumentation Program (EGDT) in Taiwan (National 

Center for Research on Earthquake Engineering [NCREE]) and the K-NET/Kik-net in 

Japan (National Institute for Earth Science and Disaster Resilience [NIED]) focus not only 

on geotechnical information collection but also ground motion recordings after the 

occurrence of an earthquake. The Next-Generation Liquefaction (NGL) database 

(Brandenberg et al., 2020) in California compiles more detailed information regarding 

liquefaction case histories. The Shear wave Velocity Profile Database (VSPDB) developed 

by UCLA compiled thousands of VS profiles and location metadata in the United States. 

These accessible databases provide researchers data for acedemic research. 

2.1 ENGINEERING GEOTECHNICAL DATABASE FOR TSMIP (EGDT) 

In 1991, the Central Weather Bureau (CWB) initiated the Taiwan Strong Motion 

Instrumentation Program (TSMIP). In this program, more than 650 free-field stations were 

installed to collect ground-motion data for the purpose of seismic hazard analysis. In 

addition, for site effect evaluation, the CWB coordinated with the National Center for 

Research on Earthquake Engineering (NCREE) to conduct a geotechnical measurement, 

which includes a boring location, VS/VP profiles, SPT-N values, and soil stratigraphies 

(Figure 2.1). It is worth noting that the EGPT database provides photos, a brief description, 

a cross section in the site (Figure 2.2), and calculated VS30 values. The average top 30-meter 

shear wave velocity (VS30) plays an important role for site effect evaluation; hence, most 

of the recorded VS profiles in the database extend a depth at least 35 m. Despite the fact 
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that few limited VS profile data did not reach 30 m, Kuo et al. (2011) utilized an empirical 

equation and extrapolation to estimate VS and VS30 from only N-value recorded sites. This 

methodology provides an estimated VS30 to determine NEHRP (2015) site classification for 

each station (Figure 2.3) (Kuo et al., 2012). Recently site classification has widely been 

used for building codes. 

 

Fig. 2.1  Geotechnical information with SPT-N value and VS/VP profiles in EGDT 
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Fig. 2.2  The building photos, dimensions of the station and a brief description of 

geographical/topographical feature in EGDT 
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Fig. 2.3  The site classification and distribution of 439 stations in Taiwan 

Classifications are made according to the NEHRP (2015) site classes.  

2.2 K-NET AND KiK-net 

The National Research Institute for Earth Science and Disaster Prevention (NIED) 

implemented the K-NET (Kinoshita 1998) program to install about 1,000 strong motion 

stations in 1998. The stations are scattered in Japan, and the distance between each station 

is about 20 kilometers. In the K-NET database, VS profiles and SPT results are all recorded, 

and the boring depth of each station is not greater than 20 meters. It is a challenge to 

develop VS30 by direct calculation. For this reason, another program KiK-net (Aoi et al., 

2004) was proposed for earthquake hazard observation. In comparison with K-NET, KiK-
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net has total 699 stations with at least 100-meter depth boreholes and VS/VP profiles data. 

Additionally, the site condition of stations in the KiK-net are harder than those in K-NET. 

In terms of the number of sensors, unlike one sensor on the ground in K-Net, KiK-net 

stations install two sensors (high sensitivity/strong motion seismograph) at the bottom of a 

borehole. Hence, the program allows researchers to observe ground motion data 

(waveforms and PGA/PGV) after an earthquake occurrence. According to Regnier et al. 

(2013), they utilized the database and collected peak ground acceleration (PGA) data 

between 1996 and 2009 to analyze site response in Japan. These information are easily 

accessible to all researchers by visiting the database. Researchers can also search stations 

via a map and download geotechnical information required (Figure 2.4). 
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Fig. 2.4  Soil stratigraphy, depth VS/VP profiles collected from KiK-net and Hi- NET 

2.3 THE NEXT-GENERATION LIQUEFACTION DATABASE (NGL 

DATABASE) 

The NGL database is a worldwide, high-quality, and reliable database regarding 

liquefaction case histories. It was created as a platform for researchers to promote 

cooperation in the progress of developing a probabilistic liquefaction model (Stewart et al., 

2016). In order to facilitate the process of data collection and prevent inconsistencies from 
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data entry errors, the NGL database utilizes a relational database (RDB) to organize 

disparate information. Regular databases such as EGDT and K-NET compile specific 

information (site information) and store data in repositories that are essentially single data 

files with a web interface. The database is accessible for research application, and 

researchers can also study site effects for a specific region.  

The NGL database is organized differently, as a relational database (RDB). This 

was done for several reasons, one of which is the complexity of the database, which 

consists of information stored in 43 tables. The information recorded can be categorized 

into to four types: (1) general information, (2) site characterization, (3) field performance 

observations, and (4) earthquake events. The second major reason for the use of a relational 

database is to streamline data entry and thereby minimize data entry errors and data 

inconsistency. Consider for example an earthquake that produced multiple observations of 

ground performance (liquefaction). Rather than entering the data for the earthquake 

repeatedly for each instance of ground performance, it is entered once in a table where 

event information is stored. Multiple observations related to that event then refer to the 

event table for event-related information. The same argument applies for site information.  

Brandenberg et al. (2020) describe the organization of the information into a series 

of tables, which is referred to as a “schema.” The schema describes metadata included in 

tables and the relationships among tables. The RDB utilizes “keys” to identify the content 

of one table with other tables. Keys are of two types: primary keys and foreign keys. As an 

identifier, a primary key is unique and is recorded in terms of an integer. For example, in 

an event table, an earthquake would be identified with a primary key. A foreign key can be 
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seen as a bridge that connects tables to each other. For example, an observation of ground 

performance from an earthquake, which is stored in a different set of tables from the event 

table, would refer to the event number as a foreign key. The structure of general 

information and the relationship of each table are shown in Figure 2.5. 

 

Fig. 2.5  The schema of general information in the NGL database (Brandenberg et 

al., 2020) 

The collected geotechnical information is mainly focused on liquefaction events. 

Site information (borehole data, SPT resistance, CPT soundings) are only gathered for 

locations with observations of ground failure or lack of ground failure. Other data collected 

includes: (1) liquefaction events descriptions or pictures, (2) earthquake ground motion 

data, and (3) depositional history such as geology, age, and depositional environment. It is 

worth noting that the event information uploading is only accessible for Event Members. 
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The restriction is to prevent the information difference between the NGL database and 

sources (the NGA-West2 and NGA-Subduction).  

2.4 SHEAR WAVE VELOCITY PROFILE DATABASE (VSPDB) 

The VSPDB is a web-based database for promoting dissemination of site information from 

locations with shear wave velocity measurement (Ahdi et al., 2018). The VSPDB compiles 

multiple geotechnical information such as surface wave dispersion data, shear- and p-wave 

velocity profiles, in-situ test results, and spectral ratio data from sites. As with the NGL 

database, a relational database format was adopted, using structure query language (SQL) 

relational database software. The information is connected to each other by keys (see 

Chapter 2.3). The database uses similar web interface adopted by the NGL database, where 

users can download site information (in CSV files), visualize shear wave velocity profiles, 

and conduct data querying on the website. 

External to the database, data entry is facilitated by UNIFY software, where users can 

enter information, and the software produces JavaScript Object Notation (JSON) files. 

Those files consist of tabular data collected from distinct groups translate the information 

into unified machine-readable format (Sadiq et al., 2018). The process of data entering will 

be discussed in next chapter. The VSPDB facilitates the process of collecting geotechnical 

data for researchers. They can conduct site response analysis, evaluate soil liquefaction, 

and develop ground motion models using information from the publicly accessible 

repository.  
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Unlike the EGDT (Taiwan) and K-NET/KiK-net (Japan) data provided from 

governments, data sources in the VSPDB are comprehensively collected from (1) existing 

research, (2) government or academic organizations, and (3) companies or private data. To 

date, the VSPDB has compiled information for more than 3,600 sites with about 2,400 

VS/VP profiles worldwide. Despite the convenience of the database, some limitations exist. 

Disparate sources mean that the data quality is variable. Various seismic measurement 

methods are adopted in different sources. Brandenberg et al. (2010) note that 

methodologies implemented result in different VS resolutions. Seismic tests like suspension 

logging, cross-hole and spectral analysis of surface waves (SASW) show different VS 

resolutions at different depth in the same site.  

Not all available VS profile data was included in the VSPBD. Ahdi et al. (2018) also 

pointed out that seismic measurement methods such as controlled-source surface wave 

dispersion measurement (CXW) and Refraction Microtremor (ReMi) may introduce VS 

measurement bias. Data for sites where these measurements were performed were not 

prioritized for inclusion in the database.  

Where available, the database includes SPT/CPT test results and stratigraphic profiles. 

Using this data in combination with VS profiles, it is possible to develop VS estimation 

methods conditioned on the results of in-situ measurement data. This is an important issue 

for future research to combine existing VS estimation models and collected data in the 

database to develop reliable VS profiles and VS30 for further application. Literature related 

to this topic is presented in Chapter 4, and work to improve an existing model for California 

sites is presented in Chapter 5.  
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Employing a data integration method to deal with disparate data sources has been 

comprehensively discussed in different countries. Developing an online repository system 

to manage large amounts of information, like a database, has been proposed by researchers. 

In recent years, some publications have synthesized geotechnical information (like 

SPT/CPT data, VS profiles and soil characteristics) and geographic information 

(topographic and hydrographic map) to create a publicly available and easily accessible 

open-source database for research applications (Santos et al., 2018). In this study, 

geotechnical data collected from California Department of Transportation (Caltrans) is 

digitalized and entered into the VSPDB. This work is presented in the next chapter. 

Utilization of the data to validate an existing VS estimation model is presented in Chapter 

5.
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3 INCORPORATION OF CALTRANS 
BRIDGE SITE DATA INTO VSPDB  

3.1 INTRODUCTION 

As described in Chapter 2, the Shear Wave Velocity Profile Database (VSPDB) is a 

resource for archiving and accessing geotechnical and seismic velocity data from sites 

where shear wave velocity profiles have been measured (Ahdi et al. 2018). Prior work has 

incorporated information from many data sources, including U.S. Geological Survey 

(USGS) reports, geotechnical data from California hospital sites, investigation reports for 

strong motion sites by non-USGS entities (e.g., Kajima Corporation and Electrical Power 

Research Institute), individual consulting reports, and individual research studies for 

particular sites. One major data source that had not previously been integrated into the 

VSPDB is data from bridge sites by the California Department of Transportation (Caltrans) 

and its consultants. This data is high quality, typically involving standard penetration 

testing, detailed borehole logging, and seismic velocity profiling using suspension logging 

techniques. A major task undertaken in this research was to collect this data, digitize the 

data and record it using software that facilitates integration with the database (UNIFY), 

and to upload and integrate the information into the VSPDB. This chapter describes that 

process.   
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UNIFY is a software that can transform various data formats into a unified machine-

readable form. The software can transform entered information into Java Script Object 

Notation (JSON) files utilizing a nest structure to store data and metadata. The reports 

received from Caltrans are all scanned sheets in non-machine-readable PDF and image 

files.  

 

Fig. 3.1  Scanned plan sheet from the bridge site at I-15 Rancho Bernardo (provided 

by Caltrans). 
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3.2 INFORMATION CONTAINED IN CALTRANS’ DOCUMENTATION 

The geotechnical surveys received from Caltrans were provided on scanned plan sheets, an 

example of which is shown in Figure 3.1. The geotechnical investigations documented on 

these sheets were conducted between 1969 and 2006. The information needs to be human-

read and then translated to computer-readable format before being uploaded to the VSPDB. 

The large amount of data in the sheets was categorized into three classifications: (1) site 

information, (2) velocity profile data, and (3) data derived from boreholes (stratigraphy, 

penetration resistance). The third of these data types are mostly available from the 

descriptions or legends in the sheets, e.g., groundwater table (GWT), soil type, and SPT 

blow count. The site data is provided in a single spreadsheet for all sites. The shear wave 

velocity (VS) profiles and compression wave velocity (VP) profiles are sometimes provided 

in other spreadsheets. Some of the plan sheets include site plans, but this information was 

not uploaded to the VSPDB.  

Not all borings have velocity profiles. Geotechnical investigations carry out SPT for 

all boreholes, but seismic measurements are made in relatively few boreholes. Hence, it is 

possible that investigation results contain several SPT results but include one VS/VP profile 

at the same site. Borehole data from the Caltrans bridge sites without VS profiles are 

included in the database along with those where seismic velocities were measured.  

The aim of the database augmentation work described here is to organize and prepare 

the data from spreadsheets and non-machine-readable files for loading into UNIFY. The 

following subsections describe details of the three types of information compiled for each 

site. 
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3.2.1 Site Information 

A total of 30 bridge sites were considered in this work, for which there are 88 VS profiles 

and 251 borehole logs. For each site, site information consists of metadata such as geodetic 

coordinates and elevation, surface geology (Wills et al. 2015), surface gradient, 

geomorphic terrain class (Iwahashi and Pike, 2007), and citations for the data from the site. 

Topographic slope, elevation, geology unit, and terrain class are also included in this piece.  

The information on surface geology, gradient, and terrain class are used for proxy-

based VS30 estimation (Wills et al. 2015; Wald and Allen 2007; Yong 2016). Figure 3.2 

shows an example of this data as organized in UNIFY for the bridge NB 680/WB 780 

Connecter in Benicia, Solano, California. The geologic information is retrieved from 

digital map files provided as an appendix to Wills et al. (2015) using QGIS. The suface 

gradient and terrain class data are obtained from 30 arc-sec resolution (approximately 1 

km) digital elevation maps, which are interpreted in QGIS.  

Location data under site information was provided by Caltrans in the form of a 

spreadsheet as shown in Figure 3.3, which applies only to boreholes with velocity 

measurements. The locations in the spreadsheet are the specific coordinates of the borehole 

logs, and may not match the “site” location, which is a reference location for the bridge as 

a whole for mapping purposes. In Figure 3.4, the site's location is visualized on the mapping 

tool in the VSPDB after uploading the digital files; the window with site information is 

shown after clicking the gray box of the site. It is very straightforward for researchers to 

search for sites and access data within the VSPDB.  
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Fig. 3.2  Digital site information in Unify 

 

Fig. 3.3  Spreadsheet provided by Caltrans 
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Fig. 3.4  Digitalized site information in the VSPDB 

3.2.2 Velocity Profiles 

Velocity profiles contain shear and compressional wave velocity values with depth, VS30 

values, and metadata on the measurement methods. The speed of propagation of P and S 

waves varies depending on the material in the subsurface. Therefore, the variations of VP 

and VS values with depth is significant for earthquake engineering applications.  

Among the 88 VP and VS profiles considered in this work, all the profiles are from 

suspension logging (Nigbor and Imai, 1994). The measurement of VP and VS from 

suspension logging uses digital waveform plots as shown in Figure 3.5. Multiple recorded 

waveforms are analyzed and the travel time (∆𝑡) is evaluated from the offset in time of 

signals at different depths. If the distance between sensors is s, the interval velocity is 𝑠 ∆𝑡⁄  

in m/s, where s is either 0.5-m or 1-m. These velocity measurements can be directly entered 

into UNIFY without interpretation.  
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In Figure 3.6, shear wave velocity (VS) and compressional wave velocity (VP) are 

recorded in columns C and E in the unit of m/s. Sometimes the data has gaps, or depth 

intervals over which no interval velocities are provided. In Figure 3.6, this is indicated by 

the lack of data for depths from 0 to 4.0 meters and 6.0 to 10.0 meters in the VS profile. The 

VS values were entered as-is in accordance with the depth as shown in Figure 3.7.  In Figure 

3.8, the uploaded data, including the data gap, is visualized by the VSPDB plotting tool.  

 

Fig. 3.5  The example record of the digital signal in Antioch bridge survey               

by Caltrans 
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Fig. 3.6  Velocity profiles in SFOBB West Bay Suspension Span Cassions 
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Fig. 3.7  Entered VS profile in UNIFY for Boring 95-6  
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Fig. 3.8  The visualized VS profiles of the boring 98N-1 

3.2.3 Borehole-Derived Information 

The last set of information is derived from borehole logs, consisting of two parts: soil 

stratigraphy sets and Standard Penetration Test (SPT) data. Soil stratigraphy consists of a 

series of soil layers with defined depth intervals. Each layer has a color and description of 

soil type. Laboratory test results are not provided. Soil stratigraphy sets are an essential 

part of a site investigation for researchers to understand the depth-distribution of soil layers. 

Stratigraphy is indicated in the Caltrans documentation in plan sheets, such as shown in 

Figure 3.9.  
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Fig. 3.9  Example borehole log indicate site stratigraphy for boring 98N-1 at the 

NB680/WB 780 Connecter bridge site 
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A soil stratigraphic log may contain tens of soil layers. Soil type, geologic age, 

texture, and depth may vary from layer-to-layer. To digitalize the log, measurements of 

layer depths are necessary. Because the logs are in non-machine-readable PDF files or 

image files, identifying the specific depth of each layer boundary is challenging. To obtain 

the depths, it is necessary to measure distances between layer boundaries manually in 

pixels and use the scale bar in each file to convert this measurement to actual layer 

thickness. The depth of a given layer interface is the sum of the thicknesses of all overlying 

layers. In some surveys, scales were recorded differently (either in feet or meters).  

For this project, I utilized free software, Webplotdigitizer, to extract numerical data 

from the PDF and image files. One use of this software was to measure layer thicknesses, 

from which actual layer interface depths could be calculated. In Figure 3.10, the measured 

length is 99.51px for 10 feet in scale, while the length of the first layer is 5.28px. The depth 

of the first layer can then be computed as 5.28*(10/99.51) = 0.531 ft. By sequentially 

computing the depth of soil layers, depth data in stratigraphy sets can be recorded in 

UNIFY as shown in Figure 3.11. After identifying the boundaries of each layer, 

information on soil characteristics within each layer can be extracted. This information 

includes soil descriptions, soil classifications and colors, which were typed and entered 

into the stratigraphy set. However, the accuracy of the digitalization results was not defined 

for the poor resolution of provided documents, and the depth of each layer could only be 

measured carefully by visualazion. For this reason, errors might exist during the process of 

digitalization.  
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Information about groundwater table (GWT) depth is also sometimes plotted in 

stratigraphic logs, with the measurement date being recorded as shown in Figure 3.12 

(Bridge I-15 Rancho Bernardo DAR). GWT elevation is indicated as 171.77 m at boring 

B-18-02 where the measurement was made in August 23, 2002. The elevation of the ground 

surface at the borehole is 177.37 m; hence, the actual depth of the GWT is 177.37-171.77 

= 5.6 (m) in this case. However, not all geotechnical investigations received from Caltrans 

document GWT data. Figures 3.13 and 3.14 show examples of sites where GWT data are 

not available. Across all sites, only about 40% have boreholes in which GWT depth is 

indicated. Estimates of GWT depth based on VP profiles are discussed in the Section 3.3.2. 

 

 

Fig. 3.10  Extracting depths of the first layer by Webplotdigitizer  
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Fig. 3.11  Entered VS profile of boring 95-6 in Unify (the unit is meter in this case) 
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Fig. 3.12  The depth and measurement date of GWT in Boring B-18-02 
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Fig. 3.13  Groundwater table was not encountered during the investigation 

 

Fig. 3.14  Ground water table was not measured in this borehole 
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Next, I describe the interpretation of SPT results. SPT penetration resistance (N-

values) are widely used in geotechnical engineering, and the measurement procedure and 

equipment may vary from country to country. In the U.S., the SPT sampler consists of three 

15-cm intervals (45 cm in total) driven into the subsurface by strikes of a 63.5 kg hammer. 

The number of blows of the hammer on the rod above the sampler to penetrate the sampler 

15 cm from the base of the borehole (first interval) is recorded, which is then repeated for 

the next two 15 cm intervals. After the total penetration depth (45 cm) is achieved, the blow 

count number (N-value) is taken as the number of blows for the last two 15 cm intervals 

(1.0 ft). These N values are shown on the PDF or image files, as shown in Figure 3.15. The 

number on the left is the SPT-N value, and the other number is the size of the sampler. 

Meyerhoff (1956) revealed that SPT-N value indicates the relative density of cohesionless 

soil, as shown by the empirical geotechnical correlation shown in Table 3.1. Table 3.2 

shows other correlations between relative density (Dr) and overburden corrected blow 

count (N1)60.  

 

Fig. 3.15  Legend of the SPT-N value and sampler size in a borehole 

 

 



 32 

Table 3.1  Relationship between Relative Density, SPT-N, and Friction Angle    

(Meyerhoff 1956) 

State of Packing Relative Density 
Standard Penetration Resistance  

N 

Angle of Internal Friction 

φ 

  Blow per ft. Degree 

Very loose < 0.2 < 4 < 30 

loose 0.2 - 0.4 4 to 10 30 to 35 

compact 0.4 - 0.6 10 to 30 35 to 40 

Dense 0.6 - 0.8 30 to 50 40 to 45 

Very Dense 0.8 - 1.0 > 50 > 45 

        

 

Table 3.2  Correlations between energy-overburden corrected blow count (N1)60and 

relative density 

Relative Density (Dr): 𝑫𝒓 =  √
(𝑵𝟏)𝟔𝟎

𝑪𝒅
 References 

Cd ~ 41 Meyerhof (1957) 

Cd ~ 55(fine sand), ~ 65 (coarse sand) Skempton (1986) 

Cd ~ 26(silty sand), ~ 51 (clean sand) Cubrinovski and Ishihara (1999) 

Cd ~ 46 Boulanger and Idriss (2008) 

 

Figure 3.16 shows the entered SPT information for an example site in UNIFY. It is 

worth noting that sometimes SPT-N value is recorded with alphabetical characters. In 

Figure 3.17, “Ref” means “Refusal” which happens when the N-value exceeds 50, and the 

test is terminated in this situation; “P” means “Push” for the SPT sampler advancing 

without any impact when placing the drive weight; “E” means “Equivalent”, meaning that 

this SPT is conducted by non-standard equipment but is equivalent to the standard 

procedure; “65/0.27m” can be read as the SPT sampler had 65 blows to penetrate 0.27 m. 

This information is recorded in the comments of Standard Penetration Test in UNIFY; 
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however, the data are not accepted as data pairs utilizing for statistical regression analysis 

in Chapter 5 due to high uncertainty. SPT results can also provide reference information to 

evaluate soil liquefaction potential. As mentioned, the VSPDB provides a tool for 

researchers to visualize data of interest. In Figure 3.18, the SPT-N is plotted versus depth 

along with stratigraphic information in the created window from the VSPDB. 

 

Fig. 3.16  The recorded SPT-N of Boring 98N-1 

 

Fig. 3.17  Various recorded SPT-N values in legends 
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Fig. 3.18  The visualized boring information of boring 95-6 created by the VSPDB 

(overlapped description for multiple layers presented in small window) 

3.3 DATA LIMITATIONS 

For some sites, the plan sheets containing results of geotechnical surveys have insufficient 

information to prepare all data described in Section 3.2. The section describes how two 

specific problems of limited data were overcome – unrecorded boring locations and 

unrecorded groundwater table (GWT) depths.  
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3.3.1 Missing Boring Coordinates 

An investigation may consist of several boring logs in one site. Only the borings with 

seismic measurement have geodetic coordinate data in the received Excel spreadsheet. As 

a result, about 50% of boring logs lack geodetic coordinates. The geodetic coordinates are 

essential information for an uploaded site or borehole to present it on a map in the VSPDB. 

For this reason, Google Earth was utilized to identify the positions of borings by comparing 

borehole locations on site plans in the project documentation with locations having known 

coordinates (i.e., boreholes with velocity profiles) or visible locations of structural or 

geomorphic features visible in Google Earth. The error in Google Earth coordinates was 

estimated by repeating the process of locating boreholes with known coordinates and 

taking the standard deviations of the misfits. The results indicate that the errors in estimated 

coordinates are 0.00048 degree (52.8 m) for latitude and 0.00047 degree (51.7 m) for 

longitude. 

In Figure 3.19, the locations of borings in Willitis are shown from the project 

documentation. The provided map demonstrates the relative position of every boring. For 

example, in Figure 3.20, the geodetic coordinates of B-2 and B-12 are known; however, 

the positions of the other borings are unknown. Searching the locations (B-2 and B-12) on 

Google Earth for reference points is helpful to evaluate the positions of other borings. The 

information on relative positions is recorded in the plan sheets, as shown in Figure 3.21. 

The information notes that B-12 is at the location “75 m Lt Sta 167+27” on the “W line”, 

where “Sta” stands for a station which indicates a unit of 100 meters in this case. Thus, B-

12 is at station 167 + 27 meter along “W” line and is 75 meter left from the line. The 
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recorded geodetic coordinates can then be combined with relative position to determine 

other boring positions on Google Earth. The position of B-96 is located near B-12. B-96 is 

at “11 m Lt Sta 167+80”/”W” Line which indicates that the location of the boring is at 

167+80 meter along the “W” line, and the boring is at 11 meter left from the line. 

Comparing B-96 with B-12, the distance between the two borings is computed as 80-27=53 

meter on the “W” line at station 167, and B-96 is 64 meter left from the B-12 in Figure 

3.22.  These measurements are used to locate the boring with unknown coordinates on 

Google earth; the coordinates are then entered into UNIFY. The manner cannot provide 

precise coordinates for unrecorded borings, but still information such as geology unit, slope, 

and terrain class can be determined based on relative coordinates. When the location of a 

boring is known from the VS/VP spreadsheet, it is noted as “real location is known” in 

UNIFY as shown in Figure 3.23.  
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Fig. 3.19  The distribution of the boring logs from goetechnical survey of Willitis 

 

Fig. 3.20  Site information of Boring B-2 and B-12 
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Fig. 3.21  Relative position of Boring B-2 and B-12 

 

Fig. 3.22  The distance computed by relative position of B-12 and B-96 
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Fig. 3.23  The relative coordinates recorded in UNIFY 

3.3.2 Unrecorded Groundwater Table 

Groundwater table (GWT) is essential site information, due to its use in the calculation of 

effective vertical stress. However, not all boreholes include GWT depth measurements. 

For the cases where the GWT depths were not recorded, an estimate of GWT depth can be 

provided by examining the VP profile. VP is a pressure wave velocity that is sensitive to the 

compressibility of the fluids in the soil void space. When the pore fluid is entirely water 

(saturated conditions), VP increases to about 1500 m/s (5000 ft/s) for soil materials. Higher 

values are possible in very firm materials, such as rock, in which case VP is not controlled 
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by the pore fluid characteristics. Nagashima and Kawase (2021) utilized datasets from K-

NET and KiK-net to develop the relationship of VS and VP. They pointed out that the value 

of VP is around 1500 m/s for water-saturated soil in the layer. As a result, when GWT depth 

is not available from the boring log, it is estimated as the shallowest depth where VP value 

reach 1500 m/s in soil materials.  

3.4 RESULTS OF DATABASE AUGMENTATION 

As noted previously, data was added to the VSPDB for 30 Caltrans bridge sites. Those sites 

contain 88 VS/VP profiles and 251 boring logs, most with SPT values and stratigraphic logs. 

Table 3.3 lists the bridge sites that were considered and summarizes the amount of data 

(i.e., number of stratigraphy sets, SPT results, and VS profiles) for each. Figure 3.24 is a 

map of California that shows the locations of the sites for which data has been added. In 

addition, Figure 3.25 to 3.27 show the locations of bridges in San Francisco Bay, Los 

Angeles and Oroville area, respectively.  

All the data was entered into UNIFY and uploaded into the VSPDB. Within the 

VSPDB website, users can visualize the data or download information in Comma 

Separated Values (CSV) files.  
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Table 3.3 Information of the sites and expansion results in this study 

 
 

 

Bridge Name Bridge Number Latitude Longitude
Number of

Stratigraphy

Number of

SPT

Number of

Vs Profiles

5/14 Interchange HOV Conn/Sep/OC 53-2974E 34.33 -118.506 3 3 3

Big Rock Wash Bridge/RTE 138 53-2980 34.507 -117.843 1 1 1

Carmel Mountain Road UC (Widen) 57-0314 32.918 -117.234 2 2 1

Carquinez Bridge 28-0352 38.056 -122.226 23 20 12

I-15 Rancho Bernardo DAR 57-1107 33.02 -117.079 16 16 11

Ivanpah Ditch AIF Auto 54-1215 35.526 -115.431 1 1 1

Lake Britton Bridge Replacement 06-0052 41.017 -121.62 7 7 3

N149/S99 Connector Separation 12-0197G 39.62 -121.694 1 1 1

 N99/149 Separation 12-0198 39.622 -121.693 1 1 1

SE Connector, NB 215-WB 60 56-0802 33.994 -117.356 34 32 1

NB 680 / WB 780 Connector 23-0212 38.051 -122.13 2 2 1

New Crockett Interchange 28-0367L 38.054 -122.226 2 2 3

28-0368K 38.054 -122.228 3 3 3

28-0369S 38.052 -122.228 1 1 1

28-0370K 38.055 -122.23 3 3 2

53-2795F 34.336 -118.51 3 3 3

53-2796F 34.337 -118.508 10 8 2

53-2797F 34.337 -118.509 0 0 2

NB 805 NS Truck Connector 57-1069 32.903 -117.224 26 26 3

W70/S70 Connector Separation 12-0200 39.59 -121.639 2 2 2

S149/E70 Connector Separation 12-0199 39.583 -121.623 3 3 2

San Francisco Oakland Bay Bridge Approach Seismic Retrofit 34-118R/L 37.781 -122.398 3 3 1

SFOBB West Bay Approach Seismic Retrofit 34-0003 37.819 -122.348 2 2 4

 SFOBB West Bay Suspension Span Cassions 34-0003 37.789 -122.387 9 8 6

SFOBB West Bay Crossing Seismic Retrofit 34-0003 37.819 -122.348 11 11 2

SFOBB West Bay Crossing Seismic Retrofit Eastern Anchorage

at Yerba Buena Island
34-0003 37.786 -122.391 2 2 2

Sorrento Viaduct 57-0513L 32.931 -117.241 34 34 1

RTE 5/West Sylmar OC 53-1984 34.329 -118.505 1 1 1

Ten Mile River Bridge 10-0274 39.548 -123.763 1 1 1

Transbay Terminal Loop Seismic Retrofit 34-0119Y 37.78 -122.399 1 1 1

Warren-Brown O.C. 12-0201 39.596 -121.65 2 2 2

Willits RTE 101 Bypass Floodway Viaduct 10-0165 39.418 -123.34 24 23 2

Willits Bypass RTE 101 10-0171K 39.423 -123.344 7 7 1

San Francisco Oakland Bay Bridge Seismic Retrofit 33-0025 38.024 	-122.072 12 9 0

Antioch Bridge 28-0009 38.019 -121.751 10 10 5

RTE14/I5 Connectors
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Fig. 3.24  Locations of added sites in the VSPDB 
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Fig. 3.25  Locations of added sites in the Los Angeles area 
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Fig. 3.26  Locations of the added sites in San Francisco Bay Area 
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Fig. 3.27  Location of added sites in Oroville area
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4   VS PREDICTION MODELS 

Geotechnical site investigations typically characterize subsurface conditions in the form of 

penetration resistance profiles and logs of lithology based on the materials revealed in 

boreholes or from the interpretation of CPT data. While the measurement of shear wave 

velocity profiles is becoming more common in recent years, such data is still not recorded 

for some sites, particularly those for which seismic design follows prescriptive code 

procedures (i.e., not site-specific). Whether or not VS is measured, the time-averaged 

velocity over the upper 30 m of the site (VS30) is required for seismic hazard 

characterization. Accordingly, when a measured VS profile is not available, it is necessary 

to estimate one using other data that is more typically compiled in geotechnical site 

investigations.  

In this chapter, I first describe prediction models for VS from literature, emphasizing 

those that utilize penetration resistance from standard penetration testing (SPT) or cone 

penetration testing (CPT) as input variables. In addition to penetration resistance, most of 

the prediction models depend on soil type (sand, clay, and silt), depth or overburden stress, 

and geologic age. Moreover, prediction models can be formulated for “global” or “local” 

application, with global encompassing many regions and potentially having more data, and 

local models potentially better representing the geologic conditions in a particular region. 

After reviewing available models, I next utilize the VS data from the PDB in a validation 
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exercise for a popular, SPT-based model that was originally derived from California bridge 

site data, which is presented in Chapter 5.  

4.1 GLOBAL MODELS 

4.1.1 CPT-based models 

4.1.1.1 Hegazy & Mayne model 

A global model is based on large datasets compiled from different regions to derive a 

correlation relationship. Hegazy & Mayne (2006) collected VS and CPT data from a 

database to regress prediction models, where the database included 73 sites in cohesive and 

cohesionless soils. The VS data in the database are measured by different in-situ 

investigations, which include downhole VS data from seismic cone penetration tests (SCPT), 

downhole tests conducted in boreholes (DHT), crosshole test (CHT), and spectral analysis 

of surface wave (SASW). Moreover, the research also added 12 new sites (all by SCPT) 

from various countries, where 7 sites are from various states in the U.S.; 4 sites are from 

Japan; and 1 site is from Italy.  

 Hegazy & Mayne (2006) revealed that a trend exists between cone tip resistance (qc) 

and VS as shown in Figure 4.1a. , In addition, a correlation between sleeve friction (fS) and 

VS is observed (Figure 4.1b). Therefore, the authors suggested the correlation should 

combine penetration resistance (qc and fs) to predict VS.  
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Fig. 4.1  The correlations between qc, fs, and VS (Hegazy & Mayne, 2006) 

Robertson and Fear (1998) introduced soil behavior type index (Ic), which can be used 

in combination with normalized CPT tip resistance (qc1N) to classify soil type. The 

normalization of the tip resistance is to adjust for the effects of vertical effective stress 

(𝜎′
𝑣0) and to remove the units. Hegazy & Mayne (2006) utilized these variables to derive 

the following empirical equation from regression analysis: 

 𝑉𝑠 = 0.0831 ∗ 𝑞𝑐1𝑁 ∗ (
𝜎′

𝑣0

𝑃𝑎
)0.25 ∗ 𝑒(1.786∗𝐼𝑐)   (4.1) 

where the units of VS are in m/s, Ic is dimensionless, 𝑃𝑎 is the atmospheric pressure (101.3 

kPa), qc, fs, and 𝜎′
𝑣0 are all in kPa,.  

Equation 4.1 indicates that shear wave velocity can be predicted based on 

normalized cone tip resistance (qc1N), which accounts for density, 𝜎′
𝑣0, which represents 
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the effect of overburen pressure, and Ic, which represents soil type. The normalization of 

qc to qc1N depends on the value of Ic. If the value of Ic is less than 2.6, qc1N can be computed 

as shown in Equation 4.2, and when Ic is greater than 2.6, qc1N can be calculated as Equation 

4.3. The equation for Ic, as provided by Robertson and Fear (1998), is shown in Equation 

4.4.  

 𝑞c1N = (
𝑞𝑐

𝑃𝑎
)(

𝑃𝑎

𝜎′
𝑣0

)0.5   (4.2) 

 qc1N = (
qc

Pa
)(

Pa

σ'
v0

)0.75     (4.3)    

 𝐼𝐶   = [(3.47 − 𝑙𝑜𝑔 𝑞𝐶1𝑁)2 + (𝑙𝑜𝑔 𝐹 + 1.22)2]0.5 (4.4) 

   McGillivray and Mayne (2004) conducted seismic piezocone and seismic 

dilatometer tests in Venice, Italy to characterize the subsurface condition. The measured 

VS data and penetration resistance results are applied to validate the Hegazy & Mayne 

model. Figure 4.2 shows the comparison between VS predictions and measured VS. The 

small difference between the two indicated that the regression model successfully predicted 

VS. The values of predicted VS and measured VS  are in agreement if the shallow layer is 

neglected. Overall, the proposed model provides an alternative method for researchers to 

estimate VS when seismic investigation is unavailable.  
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Fig. 4.2  The comparison of measured VS and predicted VS in Italy (Hegazy & 

Mayne, 2006) 

4.1.1.2 Andrus et al. model 

Andrus et al. (2007) indicated that soil type and geologic age can significantly influence 

VS values, and they developed a CPT-based global model using regression analysis. The 

analysis in this research compiled VS data and CPT data from previous studies. In total, 229 

data pairs were compiled, where 223 data pairs were from the U.S (80 from California; 143 

from South Carolina), and 6 data pairs were from Japan. All the VS data were measured by 

SCPT and crosshole test. 
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 Measured VS data are compared with cone tip resistance as shown in Figure 4.3. The 

plot indicated that VS values have different trends based on soil geologic age. Thus, the 

authors emphasized the significant impact of soil type and geologic age on the values of 

measured VS. Except geologic age factors, the formulation of the model utilized the same 

variables as in the previous section. The model uses penetration resistance (qc and fs), depth, 

overburden pressure, soil behavior type index (Ic) as input variables.  

Andrus et al. (2007) performed regression analysis based on three kinds of geologic 

age (Holocene-age, Pleistocene-age, and Tertiary-Age Cooper Marl). They found that 

predicted VS values in the Pleistocene soils and the Tertiary-age Cooper Marl soils are 22-

26% and 129-137% higher than that in the Holocene soils respectively. The research 

suggested that the age scaling factor should be considered while using empirical equations 

to determine VS predictions. The age-dependent equations are provided in Table 4.1. 

Table 4.1  Correlations from regression analysis by Andrus et al. (2007) 

 

For the equations in Table 4.1, D stands for depth in meters, qt is cone tip resistance 

corrected for pore pressure effects in kPa, Ic is dimensionless, ASF is a scaling age factor 

used in Eq. 4.5 that uses 1.0 for Holocene-age soil and 1.22-1.25 for Pleistocene-age soil. 

SF is a scaling factor used in Eq. 4.6 that is 0.88-0.92 for Holocene-age soil or 1.11-1.12 

Equation Soil age Equation relationship 

𝑉𝑠 = 2.27𝑞𝑡
0.412𝐼𝑐

0.989𝐷0.033𝐴𝑆𝐹 

Holocene-age 

Pleistocene-age 
(4.5) 

𝑉𝑠 = 2.62𝑞𝑡
0.395

 𝐼𝑐
0.912𝐷0.124𝑆𝐹 

Holocene-age 

Pleistocene-age 
(4.6) 

𝑉𝑠 =  13. 0𝑞𝑡
0.382

 𝐷0.099
 Tertiary-Age Cooper Marl (4.7) 
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for the Pleistocene-age soil. Both correlations (Eq. 4.5 & 4.6) can estimate the VS values 

for Holocene-age soil and Pleistocene-age soil. The values of factor (ASF and SF) both 

indicate the discrepancy between the two soil ages, with VS predictions for Holocene-age 

soils being lower than Pleistocene-age soil. 

 

Fig. 4.3  The comparison between qt and VS in various geologic ages (Andrus et al., 

2007) 

4.1.1.3 Robertson model 

Even though Robertson (2012) indicates that VS measurements are preferred over VS 

prediction, the values of VS prediction can still be applied to low-risk projects without VS 

measurements data. Models based on CPT data were developed to estimate VS. The 

researcher proposed VS estimation equations that used over 100 data pairs measured by 
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SCPT downhole methods from 22 sites in California. The stress-corrected shear wave 

velocity (VS1 in m/s) is derived from an analysis, and the equation is shown as: 

  𝑉𝑆1  = (𝛼𝑣𝑠𝑄𝑡𝑛)0.5 (4.8) 

where Qtn is dimensionless normalized cone penetration; 𝛼𝑣𝑠 is related to the value of Ic as 

shown in Equation 4.9, and the unit of VS1 is m/s. 

 𝛼𝑣𝑠  = 10(10𝐼𝑐+1.68) (4.9) 

Figure 4.4 shows contours of VS1 based on normalized cone penetration (Qtn) and 

normalized friction ratio (Fr) as defined by Robertson (2009a). The contours can be used 

to estimate VS1 for uncemented sandy soils in Holocene-age and Pleistocene-age. In 

addition, The VS prediction equation can be extended to a non-depth normalized form as: 

 𝑉𝑆  = [𝛼𝑣𝑠(𝑄𝑡 − 𝜎𝑣)/𝑝𝑎)0.5] (4.10) 

where Qt and 𝜎𝑣  are in kPa but the terms will be dimensionless after divided by 𝑃𝑎 

(atmospheric pressure in kPa). 
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Fig. 4.4  The contours of VS1 based on Qtn and Fr (Roberson 2009a) 

4.1.2 SPT-based models 

Uncorrected SPT-N or depth factor can be used in much the same manner as CPT tip 

resistance to estimate soil density, and in turn, VS for a given depth and soil type. Dozens 

of empirical correlations have been proposed to predict VS from SPT-N values in the past 

decades. Key factors that distinguish the available models are (1) whether N values are 

normalized to a reference stress level (typically 𝜎𝑣
′ = 𝑝𝑎 ); (2) how depth effects are 
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accounted for (Option 1 is to relate N to VS, both without overburden normalization, which 

assumes that depth effects on VS and N are similar; Option 2 is to relate VS to N (with or 

without overburden-normalization) and to use separate terms for depth, which allow for 

different levels of depth-dependency for N and VS).  

Marto et al. (2013) compiled 60 empirical correlations worldwide and discussed the 

effects of soil indexes in the models. The authors revealed that most researchers have 

combined penetration resistance with soil indexes such as soil type, depth, overburden 

pressure, and geologic age to predict shear wave velocity. Dikem (2009) studied data from 

geotechnical surveys in Turkey, and pointed out that uncorrected blow count (SPT-N) is 

the primary variable that affects the values of VS. In this model, Dikem (2009) adopted the 

first option using uncorrected SPT-N to handle the effect of depth. Their analysis suggested 

that soil type has no significant influence on VS. Nonetheless, most researchers found that 

the influence of soil type is significant in VS estimation, where the values of VS prediction 

are different in cohesive soils and cohesionless soils. Kuo et al. (2011) concluded that soil 

type and geologic age are important soil indexes for VS estimation in Taipei, and they 

utilized SPT-N and depth to formulate empirical correlations in Taipei and Ilan. In contrast 

to Dikem model, Kuo et al. model adopted multivariable regression in their analysis. The 

effect of depth was also considered in regression equations, where the depth factor is 

related to effective overburden pressure. The option 2 assumption (relate VS to N with depth 

term) is adopted in Kuo et al. (2011); however, they observed that the variable of 

overburden corrected blow count (N1) returned worse regression results than uncorrected 

SPT-N based result. Other studies also showed similar results. Accordingly, Kuo et al. 
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adopted depth-uncorrected SPT-N as an input variable accompanied with a separate depth 

term to develop the model.  

After comparing with models worldwide, Marto et al. (2013) found that most SPT-

based models are limited to specific regions and should not be used outside of those regions. 

Universal equations were proposed after refining 60 published empirical correlations. The 

proposed global model adopted the option 1 approach that consider penetration resistance 

(uncorrected SPT-N) as the only variable and employed the most popular power-law 

relationship to increase the accuracy of correlation evaluation. The comparison with 

previous models is shown in Figure 4.5, and the derived empirical equations are noted in 

Table 4.2. Even though the model is the refined equations from proposed models, the 

negligence of the depth factor may introduce prediction bias. 

 

Fig. 4.5  The correlations for all soils with the mean ± standard deviation (Marto et 

al., 2013)  
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Table 4.2  Empirical correlations from analysis by Marto et al. (2013)  

 

Even though global models can be utilized to estimate VS profiles based on 

penetration resistance results, VS can vary for a particular set of these predictor variables 

between regions based on different soil type, geologic age, stress history, weather, and soil 

property. Hence, the application of global models carries greater uncertainty that does the 

application of local models (described next).  

4.2 LOCAL MODELS 

A local model is developed in the same manner as a global model, but it uses only the 

results of geotechnical surveys conducted within a specific region. It is generally 

anticipated that the accuracy of predicted VS values are improved when estimated using 

local vs. global models.  

4.2.1 CPT-based models 

4.2.1.1 McGann et al. model 

Mc Gann et al. (2015) developed a geotechnical database in Christchurch, New Zealand, 

which consists of 86 sites with subsurface investigations. Seismic piezocone (SCPTu) data 

Equation ( VS is in m/s) Soil types Equation relationship 

𝑉𝑠 = 77.13𝑁0.377
 All Soil Types (4.11) 

𝑉𝑠 = 91.87𝑁0.361
 Cohesive Soil Types (4.12) 

𝑉𝑠 = 75.05𝑁0.388
 Cohesionless Soil Types (4.13) 
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were measured in all the sites, where the results created 513 data pairs of measured VS and 

CPT data. Based on the data, Mc Gann et al. (2015) developed empirical correlations by 

regression analysis. The authors collected six proposed empirical correlations from other 

studies to capture essential variables for the development of an appropriate CPT-based 

model. They revealed that soil indexes such as penetration resistance, effective vertical 

stress (𝜎′
𝑣0), sleeve friction (fs), soil behavior type index (Ic), and depth (the symbol is z in 

this model) are primary variables to formulate models. Firstly, depth was used to develop 

the model instead of 𝜎′
𝑣0 , because 𝜎′

𝑣0  is calculated by estimation based on several 

assumptions (GWT and soil mass density). Therefore, the authors considered z to be 

preferable to 𝜎′
𝑣0. Moreover, fs, which is directly measured from tests, was preferred over 

Ic. As expressed in Equation 4.4, Ic is computed by normalized cone tip resistance (qc1N). 

The process of normalization for cone resistance considered the effect of 𝜎′
𝑣0. On top of 

that, the measured values fs were considered to be appropriate account for soil type in the 

model. The empirical correlation for non-gravel soils in the Christchurch area is: 

 𝑉𝑆  =18.4𝑞𝑐
0.144𝑓𝑠

0.0832𝑧0.278 (4.14) 

Where the units of qc and fs are kPa, the unit of the depth (z) is in meters, and VS is predicted 

shear wave velocity in m/s. A comparison of the model prediction to measurements for a 

single site (KAS46) is provided in Figure 4.6. 
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Fig. 4.6  The comparison of measured VS and predicted VS with the mean value ± 1 

standard deviation in site KAS46 (McGann et al., 2015)  

 

4.2.1.2 Madiai & Simoni model 

Madiai & Simoni (2004) developed an empirical relationship between measured VS and 

compiled CPT investigations in central Italy. The collected data were measured by 22 

downhole tests and 2 crosshole tests. They separated the compiled data into four groups 

based on soil type and geologic age, which are (1) Holocene fine-grained materials, (2) 

Holocene coarse-grained materials, (3) Pleistocene fine-grained materials, and (4) 

Pleistocene coarse-grained materials. The authors adopted three types of empirical 

correlations from other studies to develop an appropriate local CPT-based model. The first 

model employs qc as the only input variable, and the equation can be expressed as follow: 

 𝑉𝑆  =𝑎𝑞𝑐
𝑏 (4.15) 

Where VS is in m/s, qc is in MPa. The coefficients a and b were estimated by regression 

analysis. The next model combined both qc and fs as variables to develop a multivariable 

equation: 
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 𝑉𝑆  =𝑎𝑞𝑐
𝑏𝑓𝑠

𝑐
 (4.16) 

where VS is in m/s, and qc and fs are in MPa. The parameters a, b, and c are estimated by 

the regression analysis from data. The models in Eq. 4.15-4.16 utilize the Option 1. The 

last model (Option 2 type model) considers the effect of overburden pressure and 

normalizes VS values and cone resistance to develop the correlation as Equation 4.17. 

 𝑉𝑆1  =𝑎(𝑞𝑐1𝑁)𝑏 (4.17) 

where VS1 is normalized shear wave velocity in m/s, qc1N is normalized cone tip resistance. 

The process of normalization was discussed in section 4.1.1. The comparisons of VS 

predictions and measured VS in three kinds of correlations are shown in Figure 4.7. The 

best-matched equations based on soil type and geologic age are shown in Table 4.3. 

 

Fig. 4.7  The comparison of measured VS and VS predictions versus equations from 

other studies (Madiai & Simoni 2004)  
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Table 4.3  Correlations from regression analysis by Madiai & Simoni (2004)  

 

4.2.1.3 Wair et al. model 

Wair et al. (2012) studied various CPT-based models from previous studies and proposed 

a site-specific correlation equation for researchers to develop local models. Wair et al. 

revealed that the values of VS are affected by following soil indexes: penetration resistance 

(qc and fs), depth factor (D), soil type (Ic), void ratio (e), and effective stress (𝜎′
𝑣 ). 

Correlations can also be divided into different empirical equations from residual analysis 

based on soil type and geologic age. They suggested that the application of correlations 

should consider the difference in subsurface conditions. Therefore, an inappropriate 

estimation equation may introduce bias value predictions.  

The new site-specific equation is shown as Equation 4.22 for local model development: 

 𝑉𝑆  =𝑎𝑞𝑡
𝑏𝑓𝑠

𝑐𝜎′
𝑣

𝑑
 (4.22) 

where VS is in m/s, qt , fs, and 𝜎′
𝑣 are all in kPa. The parameters a, b, c, and d can be 

determined by residual analysis from datasets collected. This is an Option 2 type model.  

Equation  Soil Types with epoch Equation relationship 

𝑉𝑠 = 140𝑞𝐶
0.30𝑓𝑆

−0.13
 Holocene Fine-Grained Materials (4.18) 

𝑉𝑠 = 268𝑞𝐶
0.21𝑓𝑆

0.02
 Holocene Coarse-Grained Materials (4.19) 

𝑉𝑠 = 182𝑞𝐶
0.35𝑓𝑆

−0.05
 Pleistocene Fine-Grained Materials (4.20) 

𝑉𝑆1  =83(𝑞𝑐1𝑁)0.36 Pleistocene Coarse-Grained Materials (4.21) 
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4.2.2 SPT-based models 

4.2.2.1 Dikem model 

Dikem (2009) analyzed data from Eskişehir and proposed empirical formulas with respect 

to uncorrected SPT-N and VS based on the local database in Turkey's western central 

Anatolia region. The research collected 193 data pairs (SPT-N and VS) from 52 borehole 

investigations. Nine boreholes were carried out by various seismic investigation methods 

such as ReMi, MASW, and seismic refraction methods, where the other boreholes were all 

measured by the SCPT method. 

 Dikem (2009) revealed that most studies utilize the correlation between uncorrected 

SPT-N and VS based on all soils, sand, and clay. After evaluating proposed correlations 

from other studies, the prediction equation adopted uncorrected SPT-N as the input variable 

to develop the model. The soil-type dependent models proposed by Dikem (2009) are given 

in Table 4.4.  

 

Table 4.4  Empirical correlations from regression analysis  

Figure 4.8 shows that the proposed empirical correlations based on soil types compare 

well with the measured VS data from seismic investigation results. The author indicated 

Equation ( VS is in m/s) Soil types Equation relationship 

𝑉𝑠 = 58𝑁0.39
 All Soil  (4.23) 

𝑉𝑠 = 73𝑁0.33
 Sand Soil  (4.24) 

𝑉𝑠 = 60𝑁0.36
 Silt Soil (4.25) 

𝑉𝑠 = 44𝑁0.48 Clay Soil (4.26) 
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that soil type has slight effect on VS values, whereas the penetration resistance have major 

influence on VS in the models.  

 

Fig. 4.8  The comparison of measured VS and VS predictions in different soil types 

(Dikem 2009)  

 

In addition, the author used the normalized consistency ratio Cd to compare the 

predicted VS with measured VS based on uncorrected SPT-N. 

 𝐶𝑑  =(𝑉𝑆𝑀 − 𝑉𝑆𝐶) /𝑁 (4.27) 



 64 

where VSM is measured VS in m/s, VSC is predicted VS in m/s, and N is uncorrected SPT-N. 

In Figure 4.9, the comparison shows that the values of 𝐶𝑑 are close to 0 when SPT-N>15, 

which means the predictions match well with measured data. However, the 𝐶𝑑  values 

scattered randomly apart from 0 when SPT-N is less than 15. The result indicates bias exists 

in SPT-N<15, where the datasets are measured mainly in the depth from 4.5- m to 28-m. 

Therefore, the author excluded the depth factor from the formulation of model according 

to the analysis.  

 

 

Fig. 4.9  A comparison of VS prediction with measured VS in all soils (Dikem 2009)  

 

4.2.2.2 Kuo et al. model 

The Central Weather Bureau (CWB) initiated the Taiwan Strong Motion Instrumentation 

Program (TSMIP) to collect ground-motion data. Based on compiled datasets, National 

Center for Research on Earthquake Engineering (NCREE) and CWB established the 
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Engineering Geotechnical Database for TSMIP (EGDT) that records geotechnical 

information such as VS/VS profiles, SPT-N, and soil stratigraphy. Suspension PS logging 

method was carried out for VS measurements. Kuo et al. (2011) utilized 641 and 719 data 

pairs to independently derive empirical equations in Ilan and Taipei Basin. After examining 

13 existing models, uncorrected blow count (SPT-N) and depth factor were considered in 

their models (Option 2 model). The authors employed multivariable regression to analyze 

the data. The resulting models are given in Table 4.5, with Equation 4.28 applying for VS 

prediction in every soil type and geologic age in the Ilan area and Equations 4.29-4.30 

being soil-type dependent and applying only for Holocent soils in the Taipei basin. In Table 

4.5, D is depth in meters. 

 

Table 4.5  Empirical correlations in Ilan and Taipei area by Kuo et al. (2011) 

Equation ( VS is in m/s) Soil types Equation relationship 

𝑉𝑠 = 169.04+4.46N+0.59D All Soil  (4.28) 

𝑉𝑠 = 93.11𝑁0.242𝐷0.136 Sand Soil  (4.29) 

𝑉𝑠 = 114.55𝑁0.168𝐷0.143 Clay or Silt Soil (4.30) 

 

In the development of the models in Table 4.5. the authors proposed empirical 

equations based on the value of correlation coefficient (R), a numerical method to define 

the agreement between two variables. The value of R is an indicator for the agreement 

between two or more variables, where R is in the range from 0 (no agreement) to 1 (perfect 

agreement). For instance, in the Taipei Basin, Equation 4.29 and 4.30 in Table 4.5 for 
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Holocene-age sands and silts/clays have greater R values than Eq. 4.28 where both soil 

types are combined, and all ages are considered for datasets in the Ilan area. Moreover, if 

soils older than Holocene are included, R values decrease relative to Holocene-only case. 

Thus, the correlations are suggested to apply in Holocene-age soil if researchers utilize data 

from Taipei Basin. Figure 4.10 shows the comparison of estimated VS to measured VS in 

ILA005 and Tap019. 

Fig. 4.10  The comparison of measured VS and VS predictions (Kuo et al., 2011)  

4.2.2.3 Brandenberg et al. model 

The local model derived from Brandenberg et al. (2010) is suitable for predicting VS in 

California. In contrast to the CPT-based model in Robertson (2012), 875 data pairs 

(measured VS and SPT-N) were compiled from 21 sites distributed around California. The 

datasets were provided by the same source and measured by the same method. All the VS 

data were investigated by Caltrans and measured by downhole suspension logging method. 



 67 

Brandenberg et al. (2010) proposed to estimate shear wave velocity based on standard 

penetration resistance and vertical effective stress: 

 𝑙𝑛(𝑣�̅�)=β
0

+ β
1

𝑙n(𝑁60) + β
2

𝑙n(𝜎𝑣
′ ) + 𝜀𝜎𝑙𝑛𝑉𝑠  (4.31) 

where β
0
, β

1
 and β

2
 are the parameters depending on soil types,  stands for standard 

normal variate which has 0 mean and standard deviation of 1.0, and 𝜎𝑙𝑛𝑉𝑠 is the standard 

deviation for 𝑙𝑛(𝑣�̅�). 

Apart from existing power-law relationship that only used standard penetration 

resistance (N or N60) as variables, this research highlighted the different scaling of VS with 

vertical effective stress (𝜎𝑣
′) than with penetration resistance, which was not considered in 

previously SPT-based models other than Kuo et al., but is considered in the CPT-based 

models reviewed in Section 4.1.1. Omitting the impact of 𝜎𝑣
′  might lead to an inaccurate 

VS prediction due to bias and uncertainties. Figure 4.11 shows how the data compares to 

the model and the sensitivity of VS to 𝜎𝑣
′  and N. Different plots are shown for three kinds 

of soil materials (clay, silt, and sand).  
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Fig. 4.11  The regression results using Caltrans data based on three soil types 

(Brandenberg et al., 2010)  

 

As indicated above, Figure 4.11 shows plots indicating how VS measurements trend 

with N60 and 𝜎𝑣
′  for three soil types (sand, silt, and clay). In the left column, the independent 

variable on the x-axis is N60, and the regression lines are shown for mean values and ±1 

standard deviation of the independent variable not on the x-axis (𝜎𝑣
′  in this case). The right 

column is formatted similarly, but with the x-axis being 𝜎𝑣
′  and the model shown for 
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different statistical values of N60. The spaces between trend lines show how N60 and 𝜎𝑣
′  

affect the values of VS estimation. In short, larger distances between parallel trend lines 

indicate a more significant impact on predictions of VS.  

For sand (Figure 4.11a), the statistical results return values of 84, 179, and 381 kPa 

for -1 standard deviation, the mean, and +1 standard deviation for 𝜎𝑣
′ ; the corresponding 

values for N60 are 17, 39, and 87. It is worth noting that the spaces between the trend lines 

for σv
'  are much broader than for N60, which means that 𝜎𝑣

′  has more influence on VS than 

N60. Based on the analysis, for sand, 𝜎𝑣
′  plays an essential role in affecting the values of VS.  

For clay (Figure 4.11c), the statistical results return the values of 109, 217, and 431 

kPa for -1 standard deviation, the mean value, and +1 standard deviation for σv
' ; the 

corresponding values for N60 are 8, 19, and 48. Unlike with sand, the spaces between trend 

lines in N60 are much broader than 𝜎𝑣
′ , indicating a relatively strong influence of N60 for 

clay.  

For silt (Figure 4.11b), the results show similar levels of influence on VS for both 

σv
'  and N60. The statistical results return values 105, 206, and 407 kPa for -1 standard 

deviation, the mean value, and +1 standard deviation for 𝜎𝑣
′ , and 9, 23, 57 for N60. 
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5 VALIDATION AND MODIFICATION OF 
EXISTING Vs PREDICTION MODEL  

5.1 MODEL VALIDATION 

In Chapter 4, a number of models for predicting the mean shear wave velocity (VS) 

conditioned on soil penetration resistance and other properties (depth, overburden stress, 

soil type) were reviewed. In this chapter, Brandenberg et al. 2010 is selected for validation 

using the shear wave velocity profile database (VSPDB) described in Chapter 2. The 

Brandenberg et al. (2010) model was selected for two reasons: (1) it is based on data from 

California, which is compatible with the vast majority of sites in the VSPDB; (2) it is a 

model of practical importance, given its widespread use.  

The Brandenberg et al. (2010) model is recommended by the Building Seismic Safety 

Council (BSSC, 2020) in the Commentary portion of the The National Earthquake Hazards 

Reduction Program (NEHRP) Recommended Seismic Provisions for New Buildings and 

Other Structures (Commentary is Part 2). Chapter 20 of that document describes site 

classification. A change introduced in the 2020 NEHRP Provisions required that site 

classes be defined from VS30, which is computed using a VS profile (prior versions had 

allowed classification based on VS30 or similar parameters derived from SPT blow count or 

undrained shear strength). It is not required that a VS profile be measured at a site to perform 
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a site classification. Where no VS profile data is available, a VS profile can be estimated. 

Procedures for performing this estimation are provided in the NEHRP 2020 Commentary, 

which distinguishes between global and local models (as described also in Chapter 4). A 

local model recommended in the BSSC (2020) Chapter 20 Commentary for use in 

California is Brandenberg et al. (2010), which is conditioned on SPT blow count, effective 

stress, and soil type.  

This chapter presents a validation of the Brandenberg et al. (2010) model using the 

subset of VSPDB data for which SPT data and borehole logs are available. As described 

in Section 4.2.2.3, the model is based on data mainly located in the San Francisco Bay Area 

and Los Angeles area (Figure 5.1), whereas the VSPDB samples the State of California 

more generally. Moreover, the Brandenberg et al. model is based on 593 data pairs, of 

which only 178 and 104 are in clay and silt respectively. For this reason, model validation 

may be particularly important for non-sand soil types.  
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Fig. 5.1  The distribution of collected site in Brandenberg et al., 2010  

5.1.1 Data Selection 

The criteria of data selection in this thesis was developed according to the variables utilized 

in the Brandenberg et al. (2010) study. As described in Section 4.2.2.3, this model used 

energy-corrected blow count, 𝑁60, overburden pressure (𝜎𝑣
′), and soil type categorized into 

sand, clay, or silt. The VSPDB was querried to identify all sites in California for which VS, 
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𝑁60, and a stratigraphic log were available. Whereas the Brandenberg et al. (2010) study 

used 913 data pairs from 21 sites, in this study, I identified 2453 data pairs from 196 sites.  

Figure 5.2 shows the distribution of the sites selected for the present work along with the 

sites from the Brandenberg et al. (2010) study. Detailed site distributions in the Los 

Angeles Area and the San Francisco Area  are shown in Figures 5.3 and 5.4. 

VS data were measured by different methods such as uphole, ReMi, SCPT, crosshole, 

SASW, suspension PS logging, and downhole method, where the frequency of 

measurements is shown in Figure 5.5. About 60% and 32% of sites are respectively 

measured by downhole logging method and suspension PS logging method. It is worth 

noting that eight sites were measured by surface wave methods (ReMi and SASW), which 

were performed without drilling boreholes. For this reason, boreholes near the VS 

measurement location will be selected for data pair development. The criterion for borehole 

selection is by picking the borehole that has the shortest distance between measurement 

location. If recorded sites only provide one borehole data, the SPT blow counts in this 

borehole will be adopted for data pairs development. 

 The sites compiled in the thesis are mainly from two sources: geotechnical 

investigations for bridge sites and private industry geotechnical reports. The first source is 

from the California Department of Transportation (Caltrans), which has conducted field 

investigations for California bridges in which site geology and subsurface conditions are 

documented. VS measurements at Caltrans sites are mainly derived from suspension 

logging. Brandenberg et al. (2010) also utilized the data from Caltrans to create SPT-based 

model for VS prediction. The second source is mainly derived from logs in southern 
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California by Leroy Crandall and Associated (later renamed to Law/Crandall and Wood), 

which used downhole logging.  

Wills et al. (2015) utilized geologic information and surface slope to catagorize the 

diverse geologic units across California into 15 standardized geology units, which were 

mapped across California. Geology units were correlated to the values of VS30, since VS30 

is an important site parameter for site amplification assessment. This surface geology 

metadata is provided in the VSPDB. Figure 5.6 shows the number of each geology unit 

from the compiled sites in this thesis. However, the site Lost River Bridge can not be 

categorized into geology unit (recorded as N/A) due to the location. The bridge is located 

on the boundary between California and Oregon, and the geologic map does not have 

information for Oregon sites. 

 



 75 

 

Fig. 5.2  The distribution of selected sites from the VSPDB 
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Fig. 5.3  The distribution of selected sites in the Los Angeles Area 
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Fig. 5.4  The distribution of selected sites in the San Francisco Bay Area 

  

Fig. 5.5  The frequency of measurement types in the selected data 
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Fig. 5.6  The frequency of Wills et al. (2015) geology units among the selected sites 
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5.1.2 Development of Input Parameters 

As mentioned previously, 2453 data pairs were extracted from the VSPDB for the present 

study. For each pair, soil type was identified from soil descriptions in geotechnical boring 

logs. The investigation reports provided by Caltrans recorded detailed soil stratigraphic 

information and soil classifications according to the unified soil classification system, 

which allows for direct translation into sand, clay, silt. and gravel categories. Similar soil 

descriptions are available from the private industry logs. On this basis, soil type was 

assigned into the three categories of sand, silt and clay. The number of data pairs based on 

soil type is shown in Figure 5.7. There are 1,415 data pairs for sand, 641 for clay, and 397 

for silt.  

 

Fig. 5.7  The number of data pairs in three soil types 
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Due to the discordance between the depths of certain recorded VS values and 

penetration test results, the values of VS were interpolated at SPT depths using the weighted 

average methodology applied by Brandenberg et al. (2010).  

The approach to evaluate the mean 𝑉�̅� value at the depth of an SPT record that is not 

in accordance with the depths of VS measurement is based on interpolation. Measurements 

of VS are normally recorded at 0.5 m depth intervals in profiles, where as SPT N values are 

more widely spaced. A weighted mean 𝑉�̅�  value is evaluated using depth-dependent 

weights derived using a truncated normal distribution with the depth of N60 as central depth 

and a standard deviation of 1.0 m. The mean 𝑉�̅� value can be computed as: 

 𝑉�̅� =  ∑ 𝑤𝑖 × (𝑉𝑆)𝑖
𝑟𝑜𝑤𝑠 (𝑉𝑠)
𝑖=1  (5.1) 

where 𝑉�̅� is the calculated mean shear wave velocity in m/s; 𝑤𝑖 is the dimensionless weight 

(these weights follow a truncated normal distribution but are adjusted to sum to unity). An 

example application of the interpolation method to obtain an average 𝑉�̅� is shown in Figure 

5.8.  

 Overburden pressure was evaluated for each data pair. The calculation of 𝜎𝑣
′  is based 

on assumed unit weights of soils and the depth of the groundwater table. This thesis adopted 

the soil type-dependent unit weight assumptions of Brandenberg et al. (2010), which are 

shown in Table 5.1. When ground water depth is available from borehole logs, it is 

provided in the VSPDB and used in this study. However, as mentioned in Chapter 3, 

groundwater depth is not always available from source documents. When that is the case, 
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groundwater depths are assigned according to VP profiles, being taken as the shallowest 

depth where VP = 1.5 km/s in soil materials.   

 The compiled soil parameters (penetration resistance, 𝜎𝑣
′ , and soil type) can be used 

as input parameters to predict mean VS with the Brandenberg et al. (2010) model. These 

estimates can be compared to VS data, which comprises the validation undertaken in this 

study and described in subsequent sections.  

 

Fig. 5.8  The process of interpolation average 𝑽𝑺
̅̅ ̅ in Noyo River Bridge                        

by Brandenberg et al. (2010) 
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Table 5.1  Unit weight assumption for soil types in Brandenberg et al.(2010) 

 

 

5.2 EXISTING MODEL COMPARISONS 

In this section, the data compiled in the present study is compared to predictions from the 

existing Brandenberg et al. (2010) model. The model is not adjusted to fit the data, which 

is the subject of the next section.  

5.2.1 Plots of Data Relative to Existing Model 

For sand (Figure 5.9a), 1415 data pairs were collected and plotted on scatter plots with 

natural log scales for both x and y-axis. Trend lines from the Brandenberg et al. (2010) 

model are also plotted. The mean and mean ± one standard deviation values of 𝜎𝑣
′  and N60 

used for plotting the Brandenberg et al. (2010) model are  𝜎𝑣
′  = 81, 185, and 422 kPa and 

N60 = 11, 26, 59, respectively. The visual fit of data to model appears to be reasonably good 

in the VS-𝜎𝑣
′  plot, with the model and data slopes being similar. The fit is not as good for 

the VS-N60 plot, where the data has a steeper slope.  
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Fig. 5.9  Compiled data pairs with trend lines for existing Brandenberg et al. (2010) 

model for (a) sands, (b) silt, and (c) clay 

For clay (Figure 5.9c), 641 data pairs are plotted. The mean and mean ± one standard 

deviation values of 𝜎𝑣
′  and N60 used for plotting the Brandenberg et al. (2010) model are  
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are  𝜎𝑣
′  = 63, 157, and 390 kPa and N60 = 5, 13, and 35, respectively. The model plots below 

the data (underpredicts), although the slopes of the model and data with respect to both 𝜎𝑣
′   

and N60 appear to be consistent.  

For silt (Figure 5.9b), 397 data pairs are plotted. The mean and mean ± one standard 

deviation values of 𝜎𝑣
′  and N60 used for plotting the Brandenberg et al. (2010) model are 𝜎𝑣

′  

= 99, 205, and 426 kPa and N60 = 6, 17, and 51, respectively. The model appear to plot 

near the center of the data (visually unbiased) and the slopes of the model and data with 

respect to both 𝜎𝑣
′   and N60 appear to be consistent.  

5.2.2 Residuals 

The comparisons in Section 5.2.1 show that bias exists in at least two of the three soil types. 

Therefore, residual analyses was undertaken to better understand the disagreements 

between data pairs and the prediction models. According to Fernandez (1992), residual 

analysis is the methodology to validate the accuracy of the predicted model in statistical 

analysis. Each residual is the discrepancy between predicted values and measured data. 

Bias can be removed by modification of parameter in the model, which is the subject of 

Section 5.3. If a proposed model is valid, data points from the residual analysis should 

scatter randomly about zero after plotting. On the other hand, the model may be 

inappropriate for prediction when a residual plot shows bias or systematic distributions. 

For instance, the model may not be used when trends are moving systematically from the 

lower left to the upper right or when residuals are primarily positive or negative.  

Residuals are computed as shown in Equation 5.2: 
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 𝑅 =𝑙𝑛(𝑉𝑆) −  𝑙𝑛(𝑣�̅�) (5.2) 

where 𝑅 is the value of residual, VS is the measured shear wave velocity in a data pair, and 

𝑣�̅� is the mean estimate of VS using the independent variables from the data pair in the 

Brandenberg et al. (2010) model (Eq. 4.31 with 𝜀 = 0).  

Figure 5.10 shows residuals for all three soil types. Residuals are binned in equally-

spaced increments on the x-axis, and binned means and 95% confidence intervals are 

shown. The 95% confidence intervals illustrate the uncertainty of the binned means. The 

binned means (blue dots) with error bars for the x-axis ranges of 100 to 102 for N60 and 100 

to 103 for 𝜎𝑣
′ . Every log increment was separated equally into four pieces, and binned means 

were plotted at the location of the medians of data in intervals. 

For sand (Figure 5.10a), consistent with Figure 5.9(a), residuals increase with N60 but 

are relatively flat with respect to 𝜎𝑣
′ . Residuals are negative when N60 is below 5 and, the 

values gradually become positive as N60 reaches about 10. The trend line is also in the 

range of error bars (95% confidence interval) which indicates that the result is reliable. 

Therefore, the original model overpredicted VS when N60 is lower than 5, and gradually 

underpredicts VS when N60 increases. 
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Fig. 5.10  Residuals plotted against independent variables for (a) sand, (b) silt, and 

(c) clay 

For clay (Figure 5.10c), the residuals are flat but average above 0 (around 0.3), 

which means that the model under-estimates VS. It is likely that VS estimations are evenly 
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underestimated in terms of N60. The trendline in the plot of residuals vs. 𝜎𝑣
′  slopes 

downward (i.e., moves from the upper left to the lower right). The mean values on mainly 

> 0, and the confidence intervals for the first two dots are wide. The reason for the large 

uncertainty is due to the insufficient collected data pairs from the database. Thus, the 

uncertainty of the means is not negligible for 𝜎𝑣
′  below 20 kPa.  

For silt (Figure 5.10b), the confidence intervals for most binned means include zero, 

suggesting small bias. The trendline with N60 is flat but is sloped downward for 𝜎𝑣
′ , 

suggesting too-fast scaling with 𝜎𝑣
′ .  

5.3 MODEL CALIBRATION 

In this section, Brandenberg et al. (2010) model (Eq. 4.31) coefficients are adjusted to 

remove systematic bias and trends with independent variables. Overall bias can be removed 

by adjustment of 𝛽0 terms, and data trends with respect to N60 and 𝜎𝑣
′  are removed by 

adjusting 𝛽1 and 𝛽2, respectively.  

In Figure 5.10, the trend line is not flat in three soil types. But, the binned means over 

the stress range containing most of the data (50 kPa < 𝜎𝑣
′  < 500 kPa) are close to zero and 

lack a trend with slope. Accordingly, no changes in coefficient 𝛽2  are recommended. 

Similarly, for clay, no changes in 𝛽1 are recommended. On the other hand, bias is removed 

in all models by adjusting 𝛽0, and 𝛽1 is adjusted for sands and silts. For cases in which only 

bias is being removed, the change in 𝛽0 is computed as:  

 ∆𝛽0 = 𝑚𝑒𝑎𝑛(𝑅) (5.3) 
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where the residuals (R) values are for the appropriate soil type only (clay in this case). For 

cases in which bias and de-trending are required, the residuals are fit as:  

 𝑅 = ∆𝛽0 + ∆𝛽1 × 𝑙n(𝑁60) (5.4) 

Table 5.2 shows the resulting coefficients.  

Table 5.2. Coefficients recommended for modification of the Brandenberg et al. 

(2010) model with standard errors 

Soil ∆𝜷𝟎 ∆𝜷𝟏 ∆𝜷𝟐 

Sand -0.167±0.040 0.995±0.013 0 

Silt 0.066±0.047 0.034±0.017 0 

Clay 0.239±0.039 0 0 

 

Figure 5.11 shows the data plotted against the adjusted models, using the same 

format as in Figure 5.9 but with the model adjusted using the modified coefficients in Table 

5.2. The biases and trends that had been observed previously appear to have been removed. 

This is confirmed by updated residuals analyses, shown in Figure 5.12 (following same 

format as Figure 5.10).  
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Fig. 5.11  The compiled data pairs plotted against trend lines from adjusted models 

for (a) sands, (b) silt, and (c) clay 



 90 

 

Fig. 5.12  Residuals plotted against independent variables for adjusted models for 

(a) sands, (b) silt, and (c) clay 

Combining Eq. 4.31 with the modified coefficients in Table 5.3, the adjusted 

parameters and the standard deviations of residuals (𝜎𝜀) for the models in three soil types 

(sand, clay, and silt) are shown in Table 5.2. Compared to Brandenberg et al. (2010) model, 
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the sensitivity of the model to N60 has increased for sand and silts, but especially for sand, 

which produces larger distances between trend lines in Figure 5.9.  

Table 5.3  Parameters in the new model  

Soil type 𝛽0 𝛽1 𝛽2 𝜎𝜀  

Sand 3.8780±0.019  0.1955±0.006  0.2360±0.003  0.3782  

Clay 4.2350±0.047 0.2300±0.006  0.1640±0.009  0.3655  

Silt 3.8495±0.074  0.2124±0.007  0.2310±0.014  0.3557  

5.4 MODEL PERFORMANCE 

Figure 5.13-5.15 compare the trend lines of VS vs depth from the recommended new model 

for the three soil types (sand, clay, and silt). The plots are drawn for N60=10, 20, and 30, 

use the unit weights in Table 5.1 for below ground water conditions, and assume the ground 

water at the surface.  

The values of VS prediction in three soil types (sand, clay, and silt) are all higher than 

the ones in Brandenberg et al. (2010) model. The sensitivity to N60 is indicated by the 

spread between lines, and is wider for sand and essentially unchanged for silt and clay.  
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Fig. 5.13  The comparison between new recommended model and previous model in 

sand based on N60=10, 20, and 30 
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Fig. 5.14  The comparison between new recommended model and previous model in 

clay based on N60=10, 20, and 30 
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Fig. 5.15  The comparison between new recommended model and previous model   

in silt based on N60=10, 20, and 30
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6 CONCLUSIONS  

In this study, a total of 30 bridge sites and 251 borehole logs accompanied with 88 shear 

wave velocity (VS) profiles and compression wave velocity (VP) profiles were used for 

database augmentation. The geotechnical investigations are provided by the California 

Department of Transportation (Caltrans). The documentations are all in non-machine-

readable files (PDF or image files) that needs to be interpreted by human. The interpreted 

files can be entered into UNIFY for data integration. The software can integrate 

information in geotechnical surveys such as standard penetration test (SPT) results, VS/VP 

profiles and site information in terms of the Java Script Object Notation (JSON) files. All 

the files were uploaded into the Shear wave Velocity Database (VSPDB), where users can 

visualize data or download information in Comma Separated Values (CSV) files. 

 A development of the VSPDB facilitates the process of collecting data. In this study, 

I identified sites in California by querying the VSPDB to extract 2453 data pairs (1415 for 

sand, 641 for clay, and 397 for silt) for model validation that correlates VS values with SPT 

results. Brandenberg et al. (2010) proposed SPT-based model derived from sand, clay, and 

silt datasets, and the model was adopted by Building Seismic Safety Council (BSSC, 2020) 

for VS prediction. The model validation was undertaken by utilizing extracted data from 

the VSPDB.  
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The model selected energy corrected blow counts (N60) and vertical effective stress 

(𝜎′
𝑣) as independent variables to determine the values of VS prediction. They revealed that 

overburden pressure might introduce inaccurate VS prediction and pointed out that VS is 

more correlated to 𝜎′
𝑣  than N60 for sand. However, the validation results indicate that 

Brandenberg et al. (2010) model overpredicts the value of VS prediction in all three soil 

types (sand, clay, and silt). The sensitivity of VS to N60 is greater than the expectation for 

sand. On the other hand, the influences of N60 and 𝜎′
𝑣 show similar results for silt and clay, 

where the two variables present equally important effects in VS prediction. However, this 

thesis did not validate against the original data in Brandenberg et al. (2010). The significant 

shift of trend lines in models is most likely a result of the different datasets, although there 

is some chance that it is a result of slightly different methods of data interpretation.  

The recommended coefficient adjustment was presented in Table 5.3. The 

adjustment was based on residual analysis that analyzed 2453 data pairs to perform model 

calibration. The coefficients of the model were adjusted to remove bias that was observed 

in residual analysis. The adjusted local model is more reliable since datasets were collected 

from more general sites in the State of California. The new model can better assist 

researchers to determine time-averaged velocity over the upper 30 m of the site (VS30) when 

lacking VS profiles. However, uncertainties still exist in the model due to different geologic 

ages, soil characterizations and soil types. The values of VS measurements are still preferred 

over VS prediction since seismic measurements provide more accurate VS values than the 

predicted ones from the model.  



 96 

The validation presented in this thesis shows the convenience of the VSPDB which 

facilitates the process of data collection. The VSPDB stores various information such as 

penetration resistance test results, stratigraphic profiles, dispersion curve, laboratory tests 

and velocity profiles. The uses of the database to synthesize information can be applicable 

in different research. For instance, correlating cone penetration testing (CPT) data with VS 

profiles to develop CPT-based estimation model can be considered for further research. 

CPT data provides higher resolution in measurement results compared to SPT data. For 

this reason, it is suggested that researchers compile CPT data from the database to develop 

CPT-based model in California. Overall, development of the VSPDB facilitates integration 

of disparate information from various sources and provides high quality geotechnical 

information for applications in earthquake engineering. 
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