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ABSTRACT: This study assesses the practical limitations of using the multichannel analysis of surface waves (MASW)
method for detecting subsurface anomalies. The sensitivity of MASW dispersion data to the presence of subsurface
anomalies is examined through various two-dimensional (plane-strain) finite-difference elastic wave-propagation
simulations. These simulations were performed on models with anomalies of varying size, stiffness, and depth. The misfit
between the dispersion data from a model with an anomaly (treatment model) and the same model without an anomaly
(control model) were compared as a quantitative means of discerning if the anomaly was reliably detectable (i.e., outside
the bounds of common dispersion data uncertainty). The ability of MASW to detect an anomaly of a given size, stiffness,
and depth is summarized in normalized figures, which are intended as a feasability tool for those seeking to use MASW
for anomaly detection.
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1. Introduction
In order to perform geotechnical design, it is necessary
to obtain accurate information regarding the characteristics of the subsurface, which include the subsurface material’s physical properties and spatial variability. Unfortunately, obtaining extensive information with the
current state-of-practice remains highly impractical. This
is especially true when using invasive methods, such as
drilling boreholes, due to the time and cost involved. As
a result of the need for more complete information in recent years, non-invasive methods, especially those capable of producing two- and three-dimensional subsurface
images, have seen a marked increase in their popularity.
These methods include refraction tomography, reflection
tomography, electrical resistivity imaging (ERI), fullwaveform inversion (FWI), and the multichannel analysis of surface waves (MASW) method [1-4]. This study
will focus on the MASW method due to its wide-spread
use.
The MASW method [5] was developed as a relatively
inexpensive and efficient non-invasive test which uses
the propagation of surface waves to evaluate subsurface
stiffness. MASW involves recording actively generated
surface waves as they travel down a linear array of receivers. These recordings are then processed to obtain
surface wave dispersion data using one of several twodimensional (i.e., time and space) transformations [6, 7].
This estimate of the site’s surface wave dispersion characteristics (i.e., the variation of surface wave velocity as
a function of frequency or wavelength) is often referred
to as the experimental dispersion curve. This measurement of the site’s dispersion is generally not the end goal,
but rather is inverted to produce an estimate of the site’s
one-dimensional shear-wave velocity (Vs) profile. This
profile is generally believed to be representative of the
soil beneath the center of the array [8]. Multiple 1D Vs

profiles may then be combined and interpolated to form
a pseudo-2D image of the subsurface.
This process for using MASW to develop a pseudo2D subsurface image has shown varying degrees of success in literature, particularly regarding the detection of
subsurface irregularities. For example, when comparing
the MASW method to seismic refraction and ERI,
Groves et al. [9] found that MASW testing was the most
successful at detecting three distinct soil layers at the
near-surface (i.e., the top 4 m) and that it was able to detect an increase in stiffness due to a large till layer located
approximately 4.6 to 10.7 m deep across the site, but provided an inaccurate estimate of the depth to that layer. In
contrast, ERI was shown to provide the most accurate estimate to the soil-till interface. Alternatively, Ismail et al.
[10] found that the MASW method was not able to provide high vertical or lateral resolution of soil layers compared to the shear-wave reflection method but provided
relatively better Vs measurements at a lower time and
cost. Mahvelati and Coe [11] found that using MASW
testing to detect the geometry of unknown bridge foundations could produce mixed results. Specifically, the lateral extent of the bridge’s foundation was relatively accurate while the depth and thickness were smaller than
expected based on prior knowledge regarding the foundation’s design. Nolan et al. [12] used a shallow, manmade void to illustrate the accuracy of MASW testing.
They found that it was possible to detect a subsurface
anomaly using MASW, although there was limited resolution in both the vertical and lateral geometry of the
void. Pan et al. [13] analyzed the ability of MASW testing to detect lateral heterogeneity by creating a synthetic
model containing a checkerboard pattern of stiff and soft
soil. They discovered that MASW had poor resolution
and the checkerboard model could not be recovered,
whereas using the same model analyzed with FWI allowed for much higher resolution.

Given the mixed conclusions regarding the MASW
method’s ability to detect and accurately resolve underground irregularities, this paper seeks to evaluate the possibility of detecting subsurface anomalies by using a variety of synthetic models and the MASW method. In this
study, MASW-style testing is performed numerically on
a control model without an anomaly and a number of
treatment models containing anomalies of varying size,
location, and stiffness. Each model contains a simulated
array of receivers and multiple source locations based on
testing parameters commonly found in literature. As a
simplification each anomaly was rectangular in shape,
homogenous, and centered underneath the array. The 2D
finite-difference code DENISE was used to simulate the
MASW wavefield [14]. The experimental waveforms
were then processed using standard MASW techniques
to estimate an experimental dispersion curve. The misfit
between the experimental dispersion curves from each
treatment and control model pair was then calculated.
The misfit values were then summarized in figures for
use as a guide to quantify the feasibility of detecting a
subsurface anomaly.

2. Methodology
2.1. MASW method
The MASW method relies upon the propagation of
surface waves (Rayleigh or Love) to evaluate subsurface
soil stiffness. The velocity (v) of the waves as they travel
through the subsurface is dependent not only on the properties of the material through which they propagate, but
also on their frequency (f). This dependence of the
waves’ phase velocities on frequency is called dispersion.
The dispersive nature of surface waves is useful for site
characterization because the depth of penetration into the
ground may be thought of as a function of a wave’s measured wavelength (λ = v/f). A rough estimate of the depth
to which the wave can “see” (i.e., dmax) is generally approximated to be about half its wavelength (λ/2). Therefore, given that frequency and wavelength have an inverse relationship, it follows that a low 𝑓 corresponds to
a longer λ and vice versa. Consequently, higher frequencies will propagate at velocities corresponding to shallower layers, while lower frequencies will propagate at
velocities that are influenced by both the shallow and
deeper layers, as illustrated schematically in Fig. 1.
To perform MASW testing, a seismic source is operated in-line with the axis of the array of receivers to generate surface waves, which are then recorded by the array
of receivers. The array of receivers can vary in number
(generally between 12 and 96) and spacing (generally between 0.5 and 5 m). Because it is believed the length of
the receiver array governs the data’s horizontal resolution, care should be taken when determining appropriate
parameters to use while testing [16]. Furthermore, the
length of the array should also be chosen based on the
desired depth of investigation. It is typical to choose an
array length that is at least twice the investigation depth,
or equal to the maximum desired wavelength [17]. Additionally, a seismic source with appropriate frequency
bandwidth should be chosen based on desired testing

depths due to the relationship between depth of penetration and the surface wave frequency. Multiple shot offsets (i.e., the distance from the source to the nearest receiver in the array) may be used to improve gathered data
[17]. It is also important to choose proper shot offsets for
the mitigation of near-field effects.

dmax

Figure 1. The relationship between surface wave vertical particle motion, wavelength, and frequency are shown. Note that shorter
wavelengths correspond to higher frequencies, whereas longer
wavelengths correspond to lower frequencies. Fig. 1b shows one
wavelength, while Fig. 1c shows dmax, or λ/2, which is the “visible” depth [modified from 15].

The recorded time histories gathered by the array can
then be analyzed to obtain measurements of the site’s dispersion characteristics. This is completed by using any
number of various two-dimension wavefield transformations, with the simplest being a two-dimensional Fourier transform to the frequency-wavenumber (i.e., f-k)
domain [6]. The points of maximum power of this twodimensional transformation represent a measurement of
the surface waves’ dispersion, and these measurements
are typically represented by plotting phase velocity as a
function of frequency. Ultimately, these measurements of
phase velocity are inverted to obtain a 1D Vs profile. If
multiple MASW arrays were set up in close proximity to
one another, their resulting 1D Vs profiles can be contoured to produce a pseudo-2D and, in certain cases, a
pseudo-3D image. The purpose of this work is to
primarily assess the first stage of this process (i.e., the
ability to detect an anomaly at the dispersion stage).
However, it should be noted that detecting an anomaly at
the dispersion stage does not imply that it can be
accurately resolved during the inversion phase.
Accurately resolving the depth, size, and stiffness of an
anomally via inversion is a much more complicted
problem due to the non-unique nature of inverse
problems.

2.2. Model development
To simulate MASW testing, DENISE, a 2D planestrain finite-difference program, was used [14]. This
program simulates wave propagation by solving the 2D
wave equation for an elastic medium. Each model was
256 m in length and 64 m in depth and discretized into
square 0.25 m elements. The order of the finite-difference
operator was eight, and PML boundary conditions were
applied to the bottom and side faces of each model. In
particular, the width of the absorbing frame was 25
gridpoints, and the frequency within the PML was 10 Hz.

The damping velocity was set to 1,500 m/s, and the
degree of the damping function was 2. The remaining
inputs for each model included user-defined receiver
spacing, array length, source type, and sampling
parameters, which are detailed in Section 2.3.
Each control model (i.e., with no anomaly present)
was generated to contain a uniform body of soil (i.e., a
half-space) with a constant density (ρ), Poisson’s ratio
(ν), and Vs. Two control models were considered, where
one had Vs equal to 150 m/s and the other 300 m/s, while
ρ and ν were held constant at 2,000 kg/m3 and 0.33,
respectively.
Various anomalies were then placed into each halfspace to create the treatment models. These anomalies
were selected to be noticeably softer/stiffer than the
surrounding material. Specifically, impedance contrasts,
defined as the ratio of the anomaly Vs to the half-space
Vs, of 1.5, 2.0, and 5.0 were used for models containing a
stiff anomaly, whereas values of 0.20, 0.50, and 0.67
were used for soft anomalies. This means for a half-space
Vs of 150 m/s, stiff anomalies had Vs equal to 225, 300,
and 750 m/s, while soft anomalies were created with Vs
equal to 30, 75, and 100 m/s. Similarly, for a half-space
Vs of 300 m/s, stiff anomalies had Vs equal to 450, 600,
and 1,500 m/s, while soft anomalies were created to have
values of Vs equal to 60, 150, and 200 m/s.
Each anomaly was centered under the array to
represent a single snapshot in space representative of a
traditional 2D MASW survey. An anomaly directly under
the center of the array should yield the best opportunity
to accurately detect and resolve it. To examine the
sensitivity of MASW to the width of an anomaly, various
lateral extents between 1 and 36 m were used. To test the
vertical resolution of MASW, anomalies were placed at
top depths increasing from 2 to 20 m. Anomaly
thicknesses of 1, 2, and 4 m were also considered to
assess the detectibility of various irregularities that may
be present in soil. Fig. 2 is a schematic of a typical
treatment model with the previously mentioned variables
listed for ease of understanding.

Figure 2. A general schematic for each treatment model is shown.
The half-space and anomaly shear-wave velocities were varied to
create a range of impedance contrasts, while the top depth, thickness, and lateral extent of each anomaly were varied to represent
a set of possibilities that may be encountered during field testing.
Roughly 300 models were created for each unique impedance
contrast and half-space Vs pairing, such that over 3,000 models in
total were created for all impedance contrasts.

Additionally, to more easily reference models, each
model was assigned a unique identification code. Each
code consists of a string of letters and numbers, which are
representative of each variable and its value, as shown in
Table 1. For example, given an anomaly that is 36 m
wide, 4 m thick, at a depth of 20 m, and with an
impedance contrast of 0.67 placed in a half-space with Vs
equal to 150 m/s, the model may be identified as
I0.67-H150-T4-D20-L36. Because over 3,000 unique
models were generated for this study, this naming
convention was adopted so that each model has a
descriptive identifier that may be quickly referenced.
Table 1. Summary of model variables with associated values
Variable

Acronym

Impedance Contrast

I

Values
0.67, 0.2, 0.5; 1.5, 2.0,
5.0

Half-space Vs (m/s)

H

150, 300

Anomaly Thickness (m)

T

1, 2, 4

Top Depth (m)

D

2 – 20

Lateral Extent (m)

L

1, 4, 6, 10, 14, 19, 25,
30, 36

2.3. Model testing parameters
To ensure the 2D MASW testing was being performed
in conformance with the standard of practice, a literature
review was performed to summarize a “typical” test configuration. The literature review examined parameters
such as array lengths, receiver spacings, and source frequency content. When analyzing various case studies, it
was determined that 24 receivers spaced at approximately 1 m [4, 11, 18-20] were used to form an array. A
minority of studies used 24 receivers with a receiver
spacing greater than 1 m, though this was done explicitly
in the hope of obtaining longer wavelengths and therefore
deeper testing depths [3, 21-22]. Others chose to use a
constant 1 m receiver spacing but utilized more than 24
receivers to similarly create longer array lengths [9, 12,
23]. Therefore, to be consistent with the majority of case
histories, each simulation used 24 receivers spaced at 1
m for a total array length of 23 m.
In field tests, the cheapest and most commonly used
seismic source is the sledgehammer. Sledgehammers
weighing at least 5 kg can be used to obtain data across a
relatively large frequency band, and many case studies
have utilized sledgehammers with varying degrees of
success [3-4, 11, 18-19, 21]. However, this source typically does not provide much energy at lower frequencies
(less than 8 Hz), which means more powerful sources,
such as an accelerated weight drop or vertically operated
shaker, should be used if lower frequencies are desired
[17]. Ultimately, it was decided that the simulations
should be conducted under very favorable source conditions in order to provide the best chance at detecting
anomalies, such that frequencies from 5 Hz – 100 Hz
were considered for all models. Multiple sources were
tested until data were obtained within this bandwidth, and
it was determined that the desired source bandwidth was
acquired using a fifth-order Butterworth filtered spike

wavelet. A timestep of 0.02 ms was used for a total record time of 3 s, and the output waveforms were then
downsampled to 400 Hz.
After determining the array length and bandwidth of
the seismic source, various shot locations were analyzed
to determine which location(s) would provide the highest
quality dispersion data. Near-field effects, which occur
when surface waves have not yet fully developed before
being recorded by a receiver, are caused by having a
small offset between the array and the source. To avoid
near-field effects, it is recommended that a source offset
of at least three to five times the receiver spacing should
be used [17]. In this study, an offset of ten times the receiver spacing, or -10 m, was used for the closest shot
location. This was due to a shot location of -5 m yielding
clear near-field data when compared to further offsets. It
was determined that shot offsets of -10, -15, -20,
and -25 m provided acceptable data without obvious
near- or far-field effects for the majority of the models.
Given that the models were known to be symmetric, shots
were only required off one side of the array. A summary
of testing parameters used in this study are included in
Table 2.
Table 2. Summary of model testing parameters
No. of receivers

24

Receiver spacing

1m

Array length

23 m

Type of source

Spike wavelet, 0-15 Hz

Sampling frequency

400 Hz

Record length

3s

Nominal offset

-10 m

Source spacing

5m

3. Data analysis
3.1. Processing dispersion data
After running the control and treatment models, the
simulated waveforms were transformed in the frequency
domain using the frequency domain beam former
(FDBF) method [7]. The FDBF used an inverse-amplitude weighting scheme with a cylindrical steering vector.
All calculations were performed over a frequency bandwidth of 1 – 200 Hz. After the transformation, the maximum spectral peak for each frequency was automatically
chosen and plotted to form dispersion curves. The dispersion curves for multiple offsets were then plotted together
and statistically combined to form a mean dispersion
curve with uncertainty following the recommendations of
[24]. Fig. 3a-b show examples of a dispersion image for
a -10 m offset for models composed of a half-space with
Vs equal to 300 m/s and an anomaly that is 2 m thick,
36 m wide, at a top depth of 5 m, and with a Vs of 60 m/s
and 1,500 m/s (models I0.20-H300-T2-D5-L36 and
I5.00-H300-T2-D5-L36), respectively. The hollow white
circles identify the peak energy at each frequency.
Fig. 3c-d show the combined dispersion data for all shot
offsets for each model. It should be noted that the dispersion curves in Fig. 3c-d have not yet been processed to

remove data points from higher modes, outliers, and data
beyond the 5 Hz – 100 Hz frequency bandwidth.
Prior to binning dispersion data and calculating phase
velocity statistics (mean and standard deviation), clear
outliers were removed from each data set, as is standard
for MASW. This was completed by visually determining
which data significantly deviated from the mean of the
dispersion data for a given frequency. Data below 5 Hz
and above 100 Hz were omitted to provide a consistent,
but optimistic, frequency bandwidth for all models. To
ensure the dispersion data from all models were provided
at the same frequencies, each set of dispersion data was
logarithmically resampled between 5 and 100 Hz with
100 points.
When viewing the dispersion curves, higher mode
trends were sometimes visible in addition to the fundamental mode. Although the fundamental mode alone is
typically identified for use in inversions during 2D
MASW processing, higher mode data can also provide
useful information regarding the soil stratigraphy. In this
study, not all models exhibited the presence of higher
mode data. Therefore, an effort was made to consistently
process the dispersion data in an attempt to recover a dispersive trend as close to the fundamental mode as possible. Although, in some cases, this required including dispersion data points along a trend of superposed higher
modes. To illustrate this, Fig. 3e-f show the dispersion
data from Fig. 3c-d after trimming and calculating statistics. Fig. 3e-f show the trimmed dispersion curve with the
lower-bound trend that is presumably close to the fundamental mode, but should more accurately be termed a superposition of modes.

3.2. Calculating relative misfits
Once the dispersion curves were processed for all
models, relative misfits between the control models (i.e.,
the half-space models) and their associated treatment
models were calculated using the L1 norm of dispersion
residuals. Although the L2 norm is more commonly used,
various studies have found that using the L1 norm is
equally applicable. Specifically, [25] found that using an
L1 norm with FWI provides more accurate 2D Vs maps
relative to the L2 norm, while [26] found that inverting
electrical resistivity tomography data with L1 norm implementations allowed for better resolution when analyzing sharp boundaries between materials with high resistivity contrasts. Additionally, the L1 norm has an
established low sensitivity to outliers when compared to
the L2 norm. Therefore, the L1 norm misfit was deemed
to be more suitable for this study. The equation is as follows:
nf

L1 misfit = ∑
i =1

|xci - xti|
σcinf

(1)

where xci is the Rayleigh wave phase velocity of the control model at frequency fi, xti is the Rayleigh wave phase
velocity of a treatment model at fi, σci is the standard deviation of the control model’s dispersion data at fi, and nf
is the number of frequency samples being considered.
From Eq. (1), it can be deduced that a misfit of one would
correspond to a treatment dispersion curve that is on

Figure 3. Dispersion data for two models containing an anomaly that is 2 m thick, 36 m wide, and at a top depth of 5 m. The shear-wave velocity of
the surrounding soil is 300 m/s while the anomaly’s shear-wave velocity is 60 m/s (left column) or 1,500 m/s (right column). Specifically, the
model shown in the left column is model I0.20-H300-T2-D5-L36, while the right column is model I5.00-H300-T2-D5-L36. (a-b) show the corresponding dispersion images for the closest shot offset with peak energies identified as white hollow circles at each frequency. (c-d) show the
raw dispersion data before trimming and calculating statistics. In both (c) and (d), the presence of higher modes is clearly visible. (e-f) show the
same dispersion data from (c-d) after trimming and calculating statistics to obtain a lower-bound “fundamental mode” from the superposed
higher modes. The solid black line in (c-f) represents the theoretical phase velocity of the half-space, while the dashed lines represent an assumed 5% coefficient of variation on phase velocity.

average one standard deviation away from the mean of a
control dispersion curve. Therefore, a misfit less than one
indicates a treatment model’s dispersion curve is on average within the bounds of uncertainty of the control
model’s dispersion curve and not easily distinguishable
from the control model. Note that a constant 5% COV
was used to estimate the control models’ dispersion uncertainty. Several blind studies have shown that experimental dispersion data can typically be resolved within

5% - 10% COV [27-28]. The lower COV value was chosen to again provide more favorable circumstances for
detecting the anomalies in the models.

4. Results and discussion
Using Eq. (1), relative misfits were calculated between
each treatment model and its corresponding control
model. An example of a set of three treatment models
compared to a control model is shown in Fig. 4. In this

case, the control model consists of a half-space with Vs
equal to 150 m/s. Three different treatment models containing anomalies that are 1 m thick, 36 m wide, and with
a Vs of 30 m/s were chosen. These models were selected
so that a comparison between three different top depths
could be made (specifically, models I0.20-H150-T1-D2L36, I0.20-H150-T1-D6-L36, and I0.20-H150-T1-D14L36 were chosen). For an anomaly placed at a depth of
2 m, 6 m, and 14 m, misfit values were measured as 4.4,
1.4, and 0.5, respectively. Fig. 4 visually demonstrates
that increasing misfit values correspond directly to larger
deviations between the control model and treatment models. A treatment model with a shallow anomaly and a misfit value of 4.4 is easily detectable; however, a treatment
model with a deeper anomaly and a misfit of 0.5 is not
easily detectable outside the bounds of typical dispersion
data uncertainty. Additionally, these dispersion curves
were plotted with respect to wavelength rather than frequency to better illustrate the effects the depth of the
anomaly has on misfit values. The correspondence between wavelength and depth is apparent in Fig. 4 as the
presence of a shallow anomaly (i.e., 2 m) causes the treatment model’s dispersion curve to deviate from that of the
control model at smaller wavelengths. However, for this
same shallow anomaly the dispersion data begins to return to the half-space velocity at long wavelengths as
they “see” through the anomaly and into the half-space
beneath. Note that the misfit of each model is highly nonlinear with depth. In particular, the difference in the misfit when the anomaly is at 2 m is significantly (by almost
a factor of 3 times) larger than when it is at 6 m with the
same being true for the 6 and 14 m depths. This non-linear relationship between depth and misfit (i.e., whether
or not the anomaly is detectable) is discussed further
when analyzing the trends in misfit values for all models.
After processing over 3,000 unique models, figures
were created to summarize the trends observed in the
misfit values (refer to Fig. 5-10). In these figures, the lateral dimension of each anomaly was normalized with respect to the length of the array used in the simulated tests.
To summarize the results succinctly, plots were created
for each unique combination of impedance contrast and
half-space Vs as no acceptable form of velocity normalization could be found to combine all results. This was
due in part to the observation that with all other parameters held constant (i.e., depth, thickness, and impedance
contrast), absolute Vs of the half-space and anomaly are
important and result in vastly different misfit values.
These differences in misfit are believed to stem from nonequal wavelengths across models. Since wavelength is a
function of velocity and frequency, it follows that higher
velocities will result in larger wavelengths for similar frequencies and thus the potential to detect an anomaly with
depth will vary depending on the velocities present at a
site. To illustrate these differences, the overall maximum
and minimum wavelengths (λmax and λmin, respectively)
have been shown for each figure. Each figure was further
separated by anomaly thickness and half-space (HS) velocity for ease of viewing. For plotting purposes, misfit
values over 3.0 were all assigned the same color scale, as
values of 3.0 and higher represent clearly detectable
anomalies. Additionally, Table 3 has been provided,
which summarizes the key findings of each set of figures.

Figure 4. Comparison of dispersion data for models containing an
anomaly that is 1 m thick and 36 m wide at varying top depths
(2 m, 6 m, and 14 m). The shear wave velocity of the anomalies
is 30 m/s while the surrounding soil has a shear wave velocity of
150 m/s. Note that as the top depth of the anomaly increases, the
relative misfit values (indicated inside the legend in brackets [])
for the respective dispersion curves decrease. The phase velocities are presented as a function of wavelength such that the trend
regarding depth is more easily seen.

Each figure presents misfit values for a fixed impedance contrast as a function of the anomaly’s top depth
(vertical axis), normalized lateral extent (horizontal axis),
HS velocity, and anomaly thickness. A clear boundary at
a misfit value of 1.0 was included in order to indicate the
zone above which an anomaly will most confidently be
detected. Specifically, the colors above the boundary line
(the gradient from green to red) indicate that an anomaly
within this zone is likely to be detectable, while the colors
below the boundary line (the gradient of blue colors) indicate anomalies within this zone will be more difficult
to detect. This is not to say that the blue zone represents
that an anomaly is impossible to detect; rather, the blue
zone represents that an anomaly cannot be detected with
a high degree of confidence.
Fig. 5 shows the results for an impedance contrast of
0.67. Fig. 5a-c are for models generated with a half-space
Vs of 150 m/s while Fig. 5d-f are for a half-space Vs of
300 m/s. Both rows are listed in order of increasing
anomaly thickness, such that Fig. 5a-c and Fig. 5d-f are
for anomalies that are 1, 2, and 4 m thick, respectively.
From these figures, as expected, it is clear that an increase
in anomaly thickness directly corresponds to an increase
in the chance to detect it. The same is true with increasing
lateral extent of the anomaly relative to the length of the
array. However, despite the expected trends showing an
increase in detectability for larger anomalies, the results
for this impedance contrast indicate it may be more difficult than anticipated to easily detect anomalies. For example, a 1 m-thick anomaly must be longer than at least
three-quarters of the array length to have a high chance
of being detected, while a 4 m-thick anomaly must be

Figure 5. Summary plots of misfit values for an impedance contrast of 0.67. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. From these figures, it can be deduced that as an anomaly increases in thickness, the likelihood of detecting it increases (as indicated by higher misfit values with warmer colors). Additionally, the maximum depth at which an anomaly may be detected increases as the thickness increases. For higher half-space Vs values (d-f), longer wavelengths may be measured relative to lower Vs values (a-c), resulting in a higher chance of detecting anomalies at depth.

Figure 6. Summary plots of misfit values for an impedance contrast of 0.50. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. These figures show a marked difference from Fig. 5 in that across all models, anomalies in general are more likely to be detected given a higher impedance contrast between an
anomaly and surrounding soil. In particular, the top depth at which a 1 m-thick anomaly may be detected has nearly doubled, and the likelihood
of detecting 2 m- and 4 m-thick anomalies has significantly increased for similar depths.

Figure 7. Summary plots of misfit values for an impedance contrast of 0.20. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. Note that these figures vary significantly compared to Fig. 5 and Fig 6. Specifically, (d-f) show that for an anomaly that is roughly the same length or longer than an array, the
likelihood of detecting it is still possible even at relatively large depths. This is likely due to the high impedance contrast providing data for treatment models that are easily distinguishable from that of the control models as many dispersion curves exhibited higher modes.

Figure 8. Summary plots of misfit values for an impedance contrast of 1.5. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. These models are similar to those
presented in Fig. 5; however, these models contain anomalies that are stiffer than the surrounding material. Although it is difficult to detect 1 mthick anomalies, the possibility of detection increases as the thickness of the anomaly increases, similar to previously discussed trends. Additionally, when compared to Fig. 5, stiffer anomalies are shown to be more difficult to detect than softer anomalies.

Figure 9. Summary plots of misfit values for an impedance contrast of 2.0. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. Additionally, these models contain
anomalies that are stiffer than the surrounding material. Compared to an impedance contrast of 1.5, these plots show that a larger impedance
contrast results in higher detection of anomalies. As thickness increases, the lower bound of detectability also increases, similar to Fig. 6.

Figure 10. Summary plots of misfit values for an impedance contrast of 5.0. While all figures represent the same impedance contrast, (a-c) are for
models containing a half-space with Vs equal to 150 m/s while (d-f) are for a half-space Vs of 300 m/s. Each row is listed in order of increasing
anomaly thickness, such that (a-c) and (d-f) are for anomalies that are 1 m, 2 m, and 4 m thick, respectively. Additionally, these models contain
an anomaly that is stiffer than the surrounding material. It should be noted that these models provided erratic data at higher depths. Particularly,
models containing a 4 m-thick anomaly in soil with a Vs of 300 m/s exhibited dispersion data that cannot “see” through an anomaly, which resulted in higher misfits than otherwise expected. Therefore, results below roughly 10 to 12 m are not considered to be trustworthy.

Table 3. Summary of results for all models
Imp.

Half-space Vs

Anomaly

Max. Likely

Min. Likely Detectable

Min. Likely Detectable

Contrast

(m/s)

Thickness (m)

Detectable Depth (m)

Size Relative to Array

Lateral Extent (m)

1

3

0.70

16

2

4

0.40

9

4

5.5

0.25

6

1

2.5

0.80

18

2

4.5

0.40

9

4

6

0.25

6

1

5

0.35

8

2

6

0.23

5

4

7

0.15

3.5

1

5.5

0.35

8

2

7

0.21

5

4

9.5

0.15

3.5

1

71

0.15

3.5

2

71

0.13

3

4

7.51

0.08

2

1

+202

0.15

3.5

2

+202

0.12

3

4

+202

0.08

2

150
0.67
300

150
0.50
300

150
0.20
300

150
1.5
300

150
2.0
300

150
5.0
300

1.
2.

3.

1

-

-

-

2

3.5

0.55

12.5

4

4.5

0.35

8

1

-

-

-

2

3.5

0.55

12.5

4

6

0.35

8

1

3

0.60

14

2

5

0.35

8

4

6

0.25

6

1

3

0.63

14.5

2

5.5

0.35

8

4

7

0.23

5

1

5.5

0.30

7

2

7.5

0.20

4.5

4

9

0.18

4

1

6

0.30

7

2

8

0.20

4.5

4

103

0.15

3.5

Although it was expected that increases in thickness would result in increases in maximum detectable depth, these data showed unusual
trends. Specifically, measured wavelengths were shown to decrease with changes in thickness, as further described in Sec. 4.
The depths of detection for these models extended beyond the maximum depth of 20 m used in this study. This was due to the presence of
significant higher modes, which resulted in large misfit values for each set of models that resulted in no visible lower bound for a misfit of
1.0.
It was expected that a 4 m-thick anomaly would show an increase in maximum detectable depth for this impedance contrast and half-space
Vs pairing. However, the dispersion trends showed that as the depth to the anomaly increased, the chance to “see” through the anomaly
decreased, which led to increases in misfit as further described in Sec. 4.

longer than at least a quarter of the array length. Further,
1 m-thick anomalies can only be confidently detected up
to 3 m deep, while 4 m-thick anomalies can only be confidently detected up to about 6 m deep. When comparing
the change in half-space Vs between respective sets of
models, it is shown that an increase in half-space Vs also
corresponds to an increase in general detectability. This
is believed to be related to the increase in the overall maximum wavelength present for each set of models. As previously mentioned, higher velocities will result in longer
wavelengths for a given frequency, which is shown in
Fig. 5d-f where the maximum wavelength present for
each set of models is nearly double the maximum wavelength for the corresponding sets in Fig. 5a-c. Due to this,
it is understandable that an increase in overall velocity at
a given impedance contrast results in an increase in the
possibility of deeper anomaly detection. These results are
further tabulated in Table 3, such that trends in the maximum likely detectable depth as well as the minimum
likely detectable size of an anomaly may be more easily
visualized. It should be noted that the results listed in Table 3 are approximate values and represent the boundaries of likely detection.
Fig. 6 presents similar misfit summary plots for models
with an impedance contrast of 0.50. These results show
that for a larger impedance contrast, the ability to detect
anomalies increases. In particular, the depth at which a
1 m-thick anomaly can be detected has nearly doubled,
which can be seen when comparing Fig. 5a and Fig 5d
with Fig. 6a and Fig. 6d, respectively. Additionally, the
size of a detectable anomaly is smaller. Like Fig. 5, the
maximum wavelengths present in the high velocity models (Fig. 6d-f) are more than double the wavelengths present in similar sets of models with lower velocities (Fig.
6a-c), and as such, the maximum depth at which anomalies can be confidently detected is greater when higher
velocities are present. This trend further supports the assertion that the wavelengths present for each set of models are directly related to the chance of detecting anomalies at increasing depths.
Fig. 7 presents the misfit values for an impedance contrast of 0.20. These figures are notably distinct from those
shown previously in that Fig. 7a-c show almost no
change in the maximum depth at which an anomaly can
be reasonably detected despite increases in thickness.
Likewise, Fig. 7d-f show that increases in anomaly thickness do not show visible effects on the maximum depth
of detectability, although this is at least partially due to
the misfit boundary of 1.0 extending beyond the depths
used in this study. Regarding Fig. 7d-f, the absence of a
maximum depth of detection is likely due to the data provided by high impedance contrasts. Although the maximum wavelengths measured for each set of models reveal
that it is possible to detect anomalies at relatively large
depths, the dispersion data obtained for each of these
models was quite complicated with significant higher
modes. This meant that, despite using a lower-bound dispersion trend from superposed modes, the dispersion
curves for various treatment models were still significantly distinguishable from that of the control model.
Therefore, it was found that for models containing higher
velocities and an impedance contrast as significant as
0.20, the chance of detecting anomalies in general is more

probable than compared to models containing lower velocities. Based on Fig. 7d-f, it was assumed that Fig. 7a-c
would also show an increase in misfit as thickness increases. However, the maximum depth for the misfit
boundary of 1.0 is shown to remain relatively constant
for each thickness. This is likely due to the maximum
wavelengths shown in Fig. 7b and Fig. 7c as they reveal
that the depth of detection should be roughly 7 and 6 m,
respectively, if using an estimate of λ/2. Therefore, for
these two sets of models, it is reasonable that the maximum depth of detection does not significantly increase
with changes to anomaly thickness as the anomaly, regardless of its thickness, is already nearly undetectable at
this depth.
Fig. 8-10 present the misfit values for models containing an anomaly that is stiffer than the surrounding halfspace. When comparing each set of models, it is clear that
overall, it is more difficult to detect a stiff inclusion as
opposed to a soft one. In particular, Fig. 8 shows that it is
difficult to detect a 1 m-thick anomaly regardless of the
half-space Vs. Both the 2 m- and 4 m-thick anomalies are
shown to be detectable, but when compared to Fig. 5b-c,
the boundary at which a misfit of 1.0 is present is shallower for models containing a stiff anomaly. In terms of
an anomaly’s lateral extent, the minimum size required
for an anomaly to be detectable does not significantly
change depending on whether the anomaly is soft or stiff
relative to the surrounding soil (compare for example
Fig. 5 and Fig. 8). Fig. 9 presents misfit values for models
with an impedance contrast of 2.0, again illustrating that
stiff anomalies are overall more difficult to detect than
soft anomalies when compared with Fig. 6.
When examining Fig. 10, which represents models
with an impedance contrast of 5.0, it is clear that the results for models generated with a half-space Vs of 300 m/s
differ significantly at deeper depths compared to those
generated with a Vs of 150 m/s. In particular, models containing a 4 m-thick anomaly (Fig. 10f) show that the potential to detect an anomaly actually increases for depths
below 16 m. This unexpected change in misfit can be explained with careful consideration of the dispersion data.
For an anomaly placed at various depths, with all other
variables held constant, there are four stages of note.
First, the anomaly is near the surface and can easily be
detected (i.e., has a high misfit). Second, the anomaly
moves deeper and although it is still being “seen” by the
surface wave, its velocity is being averaged with the material above and below it and is therefore less easily detected (i.e., has a relatively lower misfit). Third, the
anomaly approaches the bottom-most range that the surface wave can “see”, and since it is in effect no longer
being averaged with a material of a different velocity below it, the anomaly appears to be easier to detect (i.e.,
misfit begins to increase). Fourth, the top of the anomaly
is below the maximum detectable depth and therefore
cannot be detected (i.e., misfit is approximately 0). This
trend is illustrated in Fig. 11 using anomalies represented
in Fig. 10f for a lateral extent of 36 m with increasing top
depths of 2, 14, and 20 m. Specifically, the first three
stages are shown. When the depth of the anomaly increases from 2 to 14 m, the misfit value is shown to decrease significantly from 12.6 to 1.0. However, when the
depth of the anomaly increases to 20 m, the misfit slightly

increases to 1.6. The fourth stage in which the anomaly
is no longer detected, i.e., when the misfit approaches
zero, is not shown as this stage extended beyond the
depths used in this study. For each of the conditions considered, all four stages may or may not be clearly present,
although this lends a physical explanation of the data in
regard to the contour plots presented herein.

Figure 11. Three stages of detectability are shown for an anomaly that
is 4 m-thick, 36 m wide, and with increasing top depths of 2, 14,
and 20 m, which are indicative of the trends shown in Fig. 10f.
Stage 1 shows that the anomaly is easily detectable, as indicated
by the high misfit of 12.6. As the anomaly is placed deeper
(stage 2), its velocity begins to be averaged with the surrounding
soil, leading to a lower misfit of 1.0. Once the anomaly is placed
at relatively larger depths (stage 3), surfaces waves can no longer
“see” through the anomaly and the dispersion data do not return
to the theoretical half-space velocity as expected, which leads to
higher misfits. Stage 4, in which this anomaly should no longer
be detectable, is not shown as this stage occurs beyond 20 m,
which was the maximum depth used in this study.

5. Conclusion
To address the limited literature available regarding
the quantitative ability of the MASW method to detect
subsurface anomalies, typical testing procedures were
simulated using synthetic control (i.e., without an anomaly) and treatment (i.e., with an anomaly) models. The
misfit between the dispersion data of the control and
treatment models were summarized quantitatively and
used to illustrate whether a particular anomaly could or
could not likely be detected. To allow for practical usage
of this study, the quantitative misfit values were used to
create example feasibility plots such that the likelihood
of detecting an anomaly of a given geometry can be assessed prior to performing the field acquisition.
In short, the results presented in Fig. 5-10 and Table 3
reveal that the ability to detect an anomaly is largely dependent on its impedance contrast with the surrounding
material and to a lesser extent on its size. In particular,
lower impedance contrasts (soft anomalies) allow for
greater chances of detection when compared to higher
impedance contrasts (stiffer anomalies). Furthermore, a
site with higher velocities leads to greater chances for detection of anomalies at depth compared to a site containing soils with low velocities due to an increase in the

measured wavelengths, provided the frequency range
measured at both sites is consistent. At impedance contrasts greater than 1.0, an anomaly must be roughly half
the length of the array used during testing to likely be detected, whereas at an impedance contrast less than 1.0,
the anomaly may be as small as a quarter of the array
length. As expected, the results show that as the thickness
of an anomaly increases, the potential to detect it increases, while an increase in depth to the top of the same
anomaly results in a decrease in its detectability. It should
be noted again that while a misfit of 1.0 was used as a
general guideline for the boundary of easy/likely detection in this study, misfits below 1.0 do not strictly indicate that an anomaly will not be detected; rather, the authors have interpreted a misfit below 1.0 to indicate that
these anomalies will be more difficult, or in general less
likely, to be detected given typical levels of experimental
dispersion data uncertainty.
Although this study emphasized the importance of detecting anomalies when performing site characterization,
the ability to accurately resolve irregular velocity profiles
through inversion is similarly significant. The authors
acknowledge that detecting an anomaly is present does
not necessarily mean that the anomaly may be resolved
in terms of its shape and velocity. Although we hope this
work may be useful to others planning site characterization studies using 2D MASW for anomaly detection, further work is needed to determine the potential for resolving an anomaly’s shape, stiffness, and location given that
it can likely be detected based on its dispersion signature.
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