
1 INTRODUCTION  

A down hole seismographic (vertical) array is a 
sequence of instruments installed at various depths 
in the ground to record the ground motion (generally 
in terms of velocity or acceleration) at multiple 
depths during an earthquake. As the author and 
others (e.g. Elgamal et al. 1996, Steidl et al. 1996) 
have pointed out over the years, vertical array data 
provides a direct way to quantify the accuracy of 
ground motion predictions, the models used to make 
such predictions, and the applicability of our 
estimates of in situ soil properties.  

Downhole recordings of ground motion give us a 
glimpse of how waves are traveling near the surface 
of the earth.  By comparing multiple downhole 
recordings and a related surface recording, one can 
observe how the waves change as they progress 
through the ground, encountering the materials in 
the soil profile. Part of the reason for placing the 
instruments below the surface is to reduce the effect 
of surface noise caused by cars, wind, and people.  
Another benefit of placing the instruments 
underground is to record the ground motion at 
additional points along the path of propagation. 
These arrays are changing the way we understand 
seismic ground motion by allowing the 3-D 
evaluation of seismic wave propagation (Baise and 

Glaser 2000; Stidham et al. 1999; Elgamal et al. 
1996; Abrahamson et al. 1991).   

We have developed several methods to interpret 
and understand data from vertical arrays (Glaser 
1995; Ching and Glaser 2003a, 2003b, 2001).  They 
range from linear to nonlinear to rapidly changing 
nonlinear models.  We have found that all three ap-
proaches model the same data excellently.  In this 
paper will very briefly look at the linear and nonlin-
ear (Bayesian inference) approaches, and then dis-
cuss the seeming contradiction of both being “cor-
rect.”  In order to study the issues further we need 
more vertical arrays with finer granularity, which 
leads us to propose a new, inexpensive, and easy to 
install vertical array based on MEMS sensors and 
local microcontrollers.  

2 SYSTEM IDENTIFICATION OF VERTICAL 
ARRAY DATA 

2.1 System Parameter Modeling 
It has been widely accepted that during small earth-
quakes the process between two points in a down-
hole-uphole array is roughly equivalent to a linear 
filter (e.g. Schnabel et al 1976; Ching and Glaser 
2001).  This concept manifests itself by the Fourier-
type analyses (e.g. Fourier spectral ratio, cross spec-
trum, etc.) used in the context of nonparametric 
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modeling (e.g. Schnabel et al. 1972), and by an infi-
nite impulse response (IIR) filter (e.g. Glaser 1995) 
in the context of parametric modeling.  The two ap-
proaches seem very different but their goals are 
identical: to identify dynamic soil properties by es-
timating the linear filter that maps one signal to the 
other signal. 

Our technique falls into the category of site 
response estimation but differs significantly from the 
standard spectral ratio methods. The empirical 
Green’s functions we derive from an inversion of 
input-output ground motion data sets have predictive 
value in that they can directly be used to predict 
future surface ground motions given an input ground 
motion.  Given input and output data from a 
borehole, the system parameter estimation of an 
empirical Green’s function is attempting to capture 
the same quantity as a spectral ratio of the two 
records - a mapping of velocity time histories 
between two points in the soil profile. SI estimates 
the mapping directly as weights of an IIR filter. 
Spectral-based methods directly estimate the 
weights and phase-shifts for a given trigonometric 
infinite series, the transfer function estimate is a 
secondary step. When using spectral ratios, the 
recommended procedure is to average spectra from 
multiple events at the same site, and window and 
smooth the data (in both time and frequency 
domains) to reduce the noise and uncertainties, and 
identify the correct spectra. 

In our approach, we can make use of single 
earthquake events, and essentially take an extended 
Weiner approach (the minimum-phase constraint is 
given up, at the cost of possible instability of the 
recursive function). The relative advantages (and 
disadvantages) of the Weiner-based methods 
compared to spectral ratios have been extensively 
discussed in the signal processing and control theory 
literature (e.g. Weiner 1964; Berg 1975; Jurkevics 
and Ulrych 1978; Cakmak and Sherif 1984). The 
result is a linearly-scaled time series, and is 
compared to actual results. We also chose the 
system parameter method for the ease of formulating 
a prediction model.  

System parameter modeling involves inversion of 
input and output data for a statistical, parametric 
model of a predetermined form. A simple model for 
characterizing a system is a polynomial mapping 
between system input and output. One such model, 
referred to as an autoregressive-moving average 
model with exogenous noise, characterizes the 
system as a weighted polynomial of past outputs 
(AR) and past and present inputs (MA) (e.g. 
Kanasewich 1981): 

where y is the actual output data sequence, x is the 
input sequence, a's and b's are the AR and MA 
parameters, respectively, e is the noise term and the 
subscript is the time step counter. The output is seen 
as a combination of the input history acted upon by 
the “b” coefficients and the past outputs acted upon 
by the “a” coefficients. The input series, involving 
the “b” coefficients, is a causal moving average 
(MA) feed-through process (convolutional). The 
series involving weighted past output values (“a” 
coefficients) is a noncausal autoregressive (AR) 
process. The input and output time histories both 
contain all motions at their respective locations 
including reflections (downgoing and upgoing 
waveforms). The reflections (stratigraphy) are a site 
property and are inherently accounted for by the 
inverse model. In fact, it has been shown by several 
authors (Goupillaud 1961; Claerbout 1968; 
Robinson and Treital, 1978) that seismic 
transmission through a layered system (e.g. 
stratigraphic column) is an autoregressive process. 

Extensive analysis of vertical array data from 
more than a half dozen sites has shown that the lin-
ear IIR approach works extremely well as a predic-
tive tool.  As an example is the results for Port Is-
land array for the 1995 Hyogo-ken Nanbu 
Earthquake (Baise et al 2001).  Using the methodol-
ogy discussed, EGFs were determined for intervals 
A, B, and C for the 28 June 1994 foreshock (MJMA 
=4.6; PGA=0.007g).  The filter for the 32 m to 16 m 
interval (interval B) was then applied to the main-
shock data entering at 32 m (MJMA =7.2; 
PGA=0.54g).  As shown in Fig. 1, the predicted re-
sult matched well, with a normalized error of 0.09. 

Figure 1.  Comparison of IIR blind prediction and actual 
Hyogo-ken Nanbu event, 32 m to 16 m.  The filter was 
generated from small forshock. 

2.2 Nonlinear Analysis Using Bayesian Inference 
The Fourier-type spectral estimation for a single 

waveform is notorious for the associated uncertain-
ties (Marple and Lawrence 1987).  In order to re-
duce the uncertainties, regularization, including 
smoothing and windowing in time/frequency do-
main, is inevitable.  This regularization reduces un-
certainties by introducing bias into the estimates.  It 
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is well known (Marple and Lawrence 1987) that for 
a short noisy signal, the IIR filter modeling is supe-
rior to the Fourier-type analysis for the purpose of 
spectral estimation in the sense that (1) many fewer 
parameters are required and (2) the uncertainties as-
sociated with the estimates are smaller.  Therefore 
we adapted the IIR filter approach into a Bayesian 
inference scheme to model relatively slow changing 
nonlinearities in the soil system (Ching and Glaser 
2003a).  

One way of modeling nonlinear soil behaviors is 
to allow the filter coefficients (a’s and b’s in Eqn. 1) 
to change with time, i.e. 

or simply 

where Ct is the data vector [yt-1 yt-2 … xt xt-1 xt-2 …], 
and Φt is the parameter vector [a1(t) a2(t) … b0(t) 
b1(t) b2(t) …]T.  We can then model the entire proc-
ess taking place between the string of accelerome-
ters as a set of stochastic state-space equations,  

 
where {w} and {v} are noise terms with variance 
{Q} and {R} respectively.  Here {w} denotes {wt; 
t=1,2,…T}, and similar for {v}, {Q}, and {R}.  The 
first equation governs the fluctuation of system pa-
rameters through time.  The degrees of freedom of 
fluctuation at time t are specified by the size of Qt.  
The second equation is the IIR filter equation with 
additive noise vt.  The uncertainties that cannot be 
captured by the IIR filter equation at time t are 
lumped into vt.  The uncertainties can include meas-
urement noises, the modeling errors of Eqn. 2, and 
numerical errors. 

We assume {w} and {v} to be independent 
(within and between) jointly Gaussian for two rea-
sons: (1) independent normal distributions maximize 
the differential entropy (Cover and Thomas 1991), 
hence minimize the constraints imposed on the data 
by our model and (2) if we also assume Φ0 normally 
distributed and {C} deterministic, {Φ} will be 
jointly Gaussian because {w} and {v} are jointly 
Gaussian.  This makes the problem computationally 
feasible. 

3 EXAMPLE RESULTS FROM THE LOTUNG 
VERTICAL ARRAY, TAIWAN 

The Lotung site is located at north-eastern Taiwan.  
Two downhole arrays, DHA and DHB were in 

 
 
stalled in 1985 (Tang 1987).    The NS components 
of theDHB acceleration records are analyzed in this 
paper.  From September 1985 to November 1986, 
eighteen earthquakes ranging from Richter magni-
tude 4.5 to 7.0 were recorded, fifteen of them are 
analyzed.  An example of the predictive ability of 
the linear IIR model is shown in Fig. 2.  This is for 
the six meter to surface interval for DHB in the 
north-south direction. 

This event was also analyzed by the nonlinear 
Bayesian inference technique.  With this model the 
material properties are allowed to change though 
time, and therefore with strain.  We found that all 
strong events show substantial soil degradation.  As 
an example, Fig. 3 shows the interval’s shear veloc-
ity (hence stiffness) time history of event LSST16, 
six m to surface interval, and Fig. 4 shows the evolu-
tion of viscous damping.  Our method allows us to 
estimate a modulus degradation curve from the vari-
ety of strains in a given temblor.  An example of this 
for the same event 16 is presented in Fig. 4.  It is 
clear that the inferred soil stiffness decreases with 
the intensity of ground motion.  The soil degradation 
curves from all strong events recorded at Lotung is 
shown in Fig 4.  The evolution of inferred natural 
frequency of the 6m-0m interval determined by 
Chang et al. (1996) is sketched (the thick red bars) 
in Fig. 4 for comparison.  It is interesting to notice 
that the inferred natural frequencies do not return to 
their initial values near the end of the event. 

Figure 3.  Evolution of inferred shear wave velocity Lotung 
event 16, six m to surface, estimated by Bayesian inference 
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Figure 2.  Comparison of the linear estimation and actual 
ground motion for Lotung event 16, 6 m to surface.



Figure 4.  Evolution of the viscous damping ratio for Lotung 
event 16, six m to surface, estimated by Bayesian inference. 

 

Figure 5.  Complete modulus degradation curve estimated from 
Lotung even 16, 6 m to surface. 

4 TERRA-SCOPE SYSTEM 

Vertical arrays have traditionally been very 
expensive to install and maintain (Steidl and Nigbor 
2001; Steidl 2005), being much like traditional 
structural seismic instrumentation. They suffer from 
a limited functionality, high cost of instrumentation 
and size. Some vertical arrays utilize a separate 
borehole for each instrument, others install multiple 
instruments into one hole, but require more complex 
ancillary systems, which increase the total cost 
tremendously. Also, for these systems, the data 
collection and management is inconvenient. The 
data are collected locally in the field, so it is 
inconvenient to expand the network, and the data 
can not be made available to the public as the events 
occur. 

We envision a field-deployable vertical seismic 
array that can be installed in a variety of manners. 
Initially the arrays will be installed into uncased (or 
cased) boreholes. By the end of the project, the ar-
rays will be inserted into the ground by ubiquitous 
cone penetrometer equipment. The Terra-Scope sys-
tem is comprised of several interacting parts.  The 

array itself is composed of a number of independent 
sensor Pods dispersed in a borehole, and linked by 
thin wire to a base station.  The base station, while 
systemically independent form the local gateway, is 
housed within the same enclosure as the gateway. 

The “Pod” is the active independent down-hole 
measuring device that is the heart of Terra-Scope. 
Each Pod is an independent, microprocessor-
controlled agent with four or more Mb of non-
volatile memory. The system is designed to 
implement the following  

• Integration of advanced technology 
accelerometers (75 ngrms/√Hz noise floor, 24-
bit direct digital); second set of accelerometers 
extends dynamic range to 1.7g; 

• Tilt (pitch and roll) with 0.003 degree 
repeatability; 

• Azimuth ~ 0.1 degree repeatability; 
• Real-time clock to within 0.5 ms; 
• Parametric measurands include temperature, 

pH, pore water pressure, etc.; 
• Recording all of dynamic variables at a 

digitization rate of 100 Hz for at least one 
minute before trigger and two minutes after; 

• Fully dynamic networking, real-time 
reprogramming, and peer-to-peer sensor 
fusion.  

5 DISCUSSION AND CONCLUSIONS 

The question emerges as to how both a linear and 
nonlinear mapping identifies soil behavior.  In actu-
ality the problem is not well constrained – we have 
only acceleration data at a few points in the profile, 
and many models can fit the data through them.  The 
ones chosen here are satisfying because the models 
are parsimonious and the parameters have a physical 
link to vertical wave propagation in a layered me-
dium.  One way to increase constraints is by more 
densely instrumenting sites, with several acceler-
ometer stations in each strata.  To do this in an af-
fordable fashion requires a new type of downhole ar-
ray – Terra-Scope. 
 We have presented two basically different 
schemes to model the site response using data from 
vertical seismic arrays.  One method is to use a 
linear infinite impulse response filter, while the 
other is a nonlinear Bayesian inference method.  
Both methods do an excellent job in blind prediction 
of site response to a known input signal.  This begs 
the question as to whether the soil system responds 
“linearly” or “nonlinearly.”  It is conjectured that 
many different models can match a set of data, 
especially if there is a paucity of physical constraints 
such as we have.  A possible solution to this lack of 
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enough information is to install much denser vertical 
arrays, with multiple accelerometers in each stratum.   

A current limitation to doing so is the enormous 
cost of traditional vertical arrays.  We present Terra-
Scope as a solution to this problem.  Terra-Scope is 
an inexpensive but extremely accurate vertical array 
system based on MEMS sensors and local 
microprocessing power.  It is expected that each Pod 
will measure from75 ngrms/√Hz to 1.7 g full scale 
with direct digital accelerometers, and cost about 
$6000.  In addition each pod will measure tilt, 
azimuth, and other parametric data such as pore 
water pressure. 

Figure 6  Compilation of degradation curves estimated by 
Bayesian inference for the 6m - surface interval of the Lotung 
array for five strong events.  The solid line is the Chang et al. 
(1996) estimate for increasing strain, the dashed for the coda. 

6 REFERENCES 

Abrahamson, N.A., J.F. Schneider, , and J.C. Stepp, 1991. 
Empirical Spatial Coherency Functions for Application to 
Soil Structure Interaction Analyses, Earthquake Spectra 
7(1), 1-27. 

Baise, L.G., and S. D. Glaser, 2000. Consistency of Site Re-
sponse Estimates Made Using System Identification, Bulle-
tin, Seismological Society of America 90(4), 993-1009. 

Baise, L.G., S.D. Glaser, and T. Sugano, 2001, Consistency of 
Dynamic Site Response at Port Island, Earthquake Engi-
neering and Structural Dynamics 30(6), 803-818. 

Berg, J. P. (1975).  Maximum entropy spectral analysis, Ph.D. 
thesis, Stanford University. 

Cakmak, A. S., & Sherif, R. I. (1984). Parametric time series 
models for earthquake strong motions and their relationship 
to site parameters. Proceedingsof the 8th World Conference 
on Earthquake Engineering II, 581-588. 

Chang, C.-Y., C.M. Mok, and H.T. Tang, 1996. Inference of 
dynamic shear modulus from Lotung downhole data, Jour-
nal of geotechnical engineering 122(8), 657-665. 

Ching, J.-Y., and S.D. Glaser, 2003a, Identification of Soil 
Degradation During Earthquake Excitations by Bayesian 
Inference, Earthquake Engineering and Structural Dynam-
ics 32, 845–869. 
 

Ching, J.-Y., and Glaser, S.D. 2003b, Tracking Rapidly 
Changing Dynamical Systems Using a Semi-Parametric 
Statistical Method Based on Wavelets, Earthquake Engi-
neering and Structural Dynamics, 32, pp. 2377–2406. 

Ching, J.-Y., and S.D. Glaser, 2001. Time Domain Solution of 
1-D Shear Wave Propagation in Layered Media, ASCE J. 
Geotechnical Engineering 127(1), 36-47. 

Claerbout, J.F., 1968.  Synthesis of a layered medium from its 
acoustic transmission response,  Geophysics 33, 264-269. 

Cover, T.M., and J.A. Thomas, 1991. Elements of information 
theory. John Wiley and Sons, Inc. 

Elgamal, A.-W., M. Zeghal, E. Parra, R. Gunturi, H.T. Tang, 
and J.C. Stepp, 1996. Identification and modeling of earth-
quake ground response – I.  Site amplification.  Soil Dy-
nam. Earthquake Engineering 15, 499-522. 

Glaser, S.D., and L.G. Baise, 2000. System Identification Es-
timation of Soil Properties at the Lotung Site, Soil Dynam-
ics and Earthquake Engineering 19(6), 521-531. 

Glaser, S. D., 1995, System Identification and its Application 
to Estimating Soil Properties, ASCE Journal of Geotechni-
cal Engineering 121(7) 553-560. 

Goupillaud, P.L., 1961.  An approach to inverse filtering of 
near-surface layer effects from seismic records, Geophysics 
26(6), 754-760. 

Jurkevics, A., & Ulrych, T. J. (1978). Representing and simu-
lating strong ground motion, Bulletin of the Seismological 
Society of America 68(3), 781-801. 

Kanasewich, E., 1981. Time Sequence Analysis in Geophysics.  
Edmonton, Alberta: U. Alberta Press. 

Marple, L. Jr., and S. Lawrence, 1987.  Digital spectral analy-
sis with applications. Englewood Cliffs: Prentice-Hall. 

Robinson E, and S. Treital, 1978.  The Fine Structure of the 
Normal Incidence Synthetic Seismogram. Geophysic Jour-
nal of the Royal Astronomical Society 53, 289-309. 

Schnabel, P. B., J. Lysmer, and H.B. Seed, 1972.  SHAKE, A 
computer program for earthquake response analysis of 
horizontally layered sites. Berkeley, CA: Earthquake Engi-
neering Research Center report No. 72-12. 

Stidham, C., M. Antolik, D. Dreger, S. Larsen, and B. Ro-
manowicz, 1999. Three-dimensional structure influences 
on the strong-motion wavefield of the Loma Prieta earth-
quake, Bulletin, Seismological Society of America 89(5), 
1184-1202. 

Steidl, J., A.G. Tumarkin, A.G., and R. Archuleta, 1996. What 
is a reference site, Bulletin, Seismological Society of Amer-
ica 86, 1733-1748. 

Steidl, J. and R. Nigbor, 2000. SCEC/ROSRINE Workshop on 
Borehole Array Data Utilization, Palm Springs, CA, 16 
Dec. 

Steidl, J., 2005, Personal communication. 
Tang, H.T., Y.K. Tang, J.C. Stepp, I.B. Wall, E. Lin, S.C. 

Cheng, S.K. Lee, and H.M. Hsiau, 1989. EPRI/TPC large-
scale seismic experiment at Lotung, Taiwan, Proceedings: 
EPRI/ NRC/TPC workshop on seismic soil-structure inter-
action analysis techniques using data from Lotung, Tai-
wan, Report NP-6154, Palo Alto: EPRI. 

Wiener, N., 1964. Extrapolation, interpolation and smoothing 
of stationary time series. M.I.T. press. 

 
 

10-4 10-3 10-2 10-1 100 101
0

0.2

0.4

0.6

0.8

1

6m-0m

Strain level (%)

G
/G

m
ax

LSST04
LSST07
LSST12
LSST16
LSST17


