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ABSTRACT Investigations made to evaluate the site-effect characteristics and to develop a reliable site
classification scheme have received paramount importance for the urban areas planning and reliable site-
specific seismic hazard assessment. This paper presents a novel non-objective and data-driven approach
for preliminary seismic site-specific classification maps using machine learning (ML) based on affinity
propagation (AP) along with a selected set of representative horizontal to vertical spectral ratio (HVSR)
curves inside King Saud University (KSU) campus, which is among the main areas in Saudi Arabia. Besides,
the proposed model aims to overcome the clustering error due to the dependency of the interpreter’s
experience. Measurements of the ambient vibrations were performed to cover the entire campus area by
about 307 stations. Recording at each station lasted for 20 minute length and a sample rate of 128 Hz for
each station to satisfy the criteria for reliable and unambiguous HVSR results. Frequency and amplification
values were used for subsequent site classification by passing messages between data points. The obtained
results illustrate that themicrotremor spectral ratio can be a remarkably robust tool in determining site effects.
Accordingly, the proposed methodology can assist the decision-makers to set the priorities of managing
land uses, estimating the earthquake losses, conducting programs for reducing the vulnerability of existing
structures, enforcing building codes, planning for emergency response and long-term recovery, and designing
and implementing phases of new constructions.

INDEX TERMS Machine learning, seismic site classification, HVSR, clustering, affinity propagation.

I. INTRODUCTION
Effects of near-surface soil conditions on ground motion
and the consequent seismic response of the structures are
common phenomena and produce huge effects on the char-
acteristics of ground shaking during earthquakes [1], [2]. The
site-effect analysis is an indispensable part of the present and
any urban area planning. It is associated with the surface
geology and geotechnical characteristics of soil deposits and
has paramount importance on seismic ground motion [3].

The associate editor coordinating the review of this manuscript and

approving it for publication was Wentao Fan .

Generally, site-effects include the modification of the char-
acteristics (in terms of amplification, frequency content, and
duration) are controlled by anomalies in the mechanical
properties of the shallowest layers of subsoil, when it con-
sists of soft sediments, or by the shape of surfaces layer
discontinuity close to or coincident with the topographic
surface [1], [4], [5].

Local site response can be estimated by theoretical and
empirical approaches. Explanations of various procedures
to estimate the local site effects based on the geology and
topography properties of the studied area are given in many
research efforts [3], [6], [7]. The evaluation of the site-effects
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by using microtremor records as a tool has gained widespread
popularity in the recent researches [8]. Microtremor studies
were initially proposed by [9], which is strongly empha-
sized by [10], for inferring the dynamic site characteristics
and associated subsurface soil structure at an observation
point. Analysis of microtremor measurements can give useful
information on dynamic properties of the site such as the
predominant frequency and amplification. Microtremor
observations are easy to perform, inexpensive, and can be
applied to regions with low seismicity as well; hence, pre-
dominant frequency and amplification measurements can
be used conveniently for performing a preliminary seismic
micro-zonation as studied in [1].

It is worth pointing out that, after [1], numerous authors
around the world tested the validity of the technique exper-
imentally and theoretically [11]–[16]. They proved that it
is successful for estimating the site response of surface
deposits using ambient noise as a source. Applying the hor-
izontal to the vertical spectral ratio (HVSR), for instance,
[17], [18], obtained thicknesses map of soft sediments and
estimate the frequency of the fundamental resonant mode
and correctly predict the amplification level [10]. In [19], the
authors obtained classification based on the HVSR method
and validate the application for site-dominant frequency esti-
mation and site classification. In spite of its limitations in
determining true site amplification values, many researchers
have proved that HVSR method is a robust technique and
a preliminary step toward site characteristics estimation
[20]–[22] and micro-zonation in the areas of interest [17],
[18], [23]–[29].

Seismic site classification is the most widely accepted
practical method in the design of seismic resistant infras-
tructure [30], [31]. The most elementary technique for site
classification is the availability of borehole data. These soil
classes are based on the average shear wave velocity at the
upper 30 meters of the subsurface successive materials, and
the dominant period. Both parameters also affect the normal-
ized elastic response spectra [30]–[32]. In the recent studies
on site characterization, the HVSR technique is one of the
successfully used methods as it gives an accurate reading of
the site’s predominant frequency [1], [5], [31].

The conventional method employed in identifying seis-
mic site-effect is intuitive and simple, but its corresponding
interpretation and classification are very subjective due to
personal experience bias. Given the complexity of the prob-
lem, one of themost promising approaches is to develop alter-
native techniques for the automatic identification of seismic
site classification schemes. Therefore, it is necessary to seek
a clustering method [33], [34], with rapid convergence, good
global search capability, simple, and convenient implementa-
tion for engineering applications.

Nowadays, the utilization of machine learning (ML) tech-
niques has become increasingly widespread in seismology,
with applications ranging from identifying unseen signals
and patterns to extracting features that might improve our

geological understanding. A good survey for theMLmethods
is given in [35].

Finding groups in data is an important step in many fields
of computer science analysis, and there exist algorithms to
solve such problems [36]. Clustering, as an unsupervised
data mining technique, deals with the problem of dividing
a given set of entities into meaningful subsets [37], [38].
A survey for the clustering methods is presented in [39].
Usually, clustering methods satisfy the constraint that a user
has to specify the initial number of clusters, and is very
sensitive to that parameter [38], [40]. One solution to this
problem is the popular AP clustering algorithm proposed by
[41], [42]. The AP algorithm has been successfully employed
in applications including face recognition, gene discovery,
text mining, and image segmentation [43]–[46]. It uses a
message-passing model between data points to form a col-
lection of exemplars and respective clusters. It tries to solve
the problem without needing to know the number of clusters
beforehand, by only supplying a similarity criterion. It has
the advantage of identifying clusters faster and with lower
errors than other methods [47]. Besides, AP is a power-
ful clustering technique that sends affinity signals between
paired points in a factor graph. Unlike standard techniques,
the AP methodology may employ nonmetric similarities as
input data, making data analysis exploration appropriate for
atypical similaritymetrics. Comparedwith conventional clus-
tering methods such as K-means, this method is insensitive
to initial cluster centers and is able to achieve a global opti-
mum. Fortunately, ML and deep learning approaches offer
great promise not only in seismological research as means
for integrating numerous data into personalized indices of
diagnostic and prognostic value [35], [48]–[51]. Table 1 lists
a comparison of the complexity and corresponding tradeoff
of the involved clustering algorithms in this study [52], [53].

The motivation beyond the proposed study is that the King
Saud University (KSU) is considered one of the leading
universities founded in 1957 in Saudi Arabia and has massive
in future, which aims to serve the well-being of citizens,
through an educational and new engineering construction
projects such as residential suites, hotels and research centers
in the study area. This available development site of interest
included approximately 2,224 acres (9km2) area. The rapid
growth of these projects has heightened the importance of
evaluation of site response study for detailed site investiga-
tion. The present study would be the first indispensable step
for designing and implementing phases of new constructions
inside the study area.

In this study, an alternative approach is proposed to
characterize sites inside KSU campus by integrating unsuper-
vised ML for clustering relying on adaptive affinity propaga-
tion (AAP) technique and the HVSR technique for analyzing
ambient noise data. The proposed approach could be applied
to quantify site-effects in the estimation of seismic site classes
associated with seismic hazards [29], [54]. More particularly,
for better site-specific characterization of the KSU region
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TABLE 1. Comparison of clustering algorithms complexity and corresponding trade-off.

an AAP-based unsupervised ML model for clustering was
implemented based on the obtained frequencies. AP cluster-
ing attempts to divide datasets intomany clusters, with related
data points remaining in the same group and dissimilar data
points remaining in distinct groups. Due to the outperforming
features of AP, we rely on an AAP data clustering for iden-
tifying important underlying patterns in data, with statistical
distributions followed by different classes into which the data
can be classified. To adopt a reasonable exhibiting of the
proposed approach, K-mean is utilized as a bench mark due
to the high uncertainty in determining the optimal number of
clusters. Besides, the K-mean is a very popular bench mark
used in the literature for clustering.

The contributions of this research work are five folds:
• We developed an AAP-based clustering is based on
real measurements of more than 300 measured points
in KSU, which is one of the main important areas in
Saudi Arabia. Then, we have developed AAP-basedML
site-specific classificationmap as an entirely data-driven
map, which is independent of the interpreter’s experi-
ence. The proposed AAP-clustering approach has been
utilized as a proof-of-concept about the effectiveness of
AP for such vulnerable application. To the best of our
knowledge, this study would be the first indispensable
step, which will provide insights into the seismic site
response of the KSU campus for designing and imple-
menting phases of new and development expansions.

• We integrate HVSR predominant frequency with an
AAP algorithm [41] to develop a quantitative site-
specific classification scheme. Moreover, we develop
a more efficient vectorized version of the classical AP
algorithm called AAP. The performance of this algo-
rithm is compared to that of the K-means clustering [55],
and discuss some advantages and disadvantages.

• The study performs a pilot site effects study on the
KSU campus area by using the HVSR in conjunction

FIGURE 1. Location map of the study area. (i) Location of Riyadh, Capital
of Saudi Arabia; (ii) General location of King Saud University (KSU)
boundaries inside Riyadh City; (iii) General outline of the KSU campus.

with available geological information to estimate site-
specific predominant frequency and amplification.

• We present a vital paradigm to deeply understand the
seismic properties of the site. More particularly, the
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obtained results of the quantitative site-specific classi-
fication are used to prepare a preliminary seismic site
classification map of the KSU campus.

• The present study can be highly significant to estimate
the fundamental frequency and a measure of the site
amplification, and hence, can estimate the earthquake
losses and related scenarios such as for designing and
implementing phases of new constructions inside the
study area.

The rest of this paper is organized as follows. The adopted
materials and methods in the proposed study are discussed
in Section II. The framework of the experimental setup and
obtained results are illustrated in Section III. Then, the discus-
sion is presented in Section IV. Finally, Section V concludes
the paper.

II. MATERIALS AND METHODS
A. GEOLOGICAL SETTING
The present area of study is the campus of KSU, which is
located at the northwest of Riyadh city, Saudi Arabia. Riyadh
city is the most important political, economic, and densely
populated region in the Kingdom of Saudi Arabia with a
population of 7.6 million people (Figure 1). The Riyadh
region is positioned at an elevation around 600 meters above
mean sea level, and it covers almost 1,913 km2 area in the
central part of the Najd Plateau (Figure 1). More particu-
larly, the campus area to witness accelerated construction
expansion and new engineering construction projects. These
activities intensified the need for site response evaluation.
Many researchers utilized the microtremor measurements in
many parts of Saudi Arabia for estimating the site response,
in terms of the predominant frequency and concluded that
the technique is very promising particularly for the densely
populated areas like the new urban planning and reducing
the vulnerability on the existing civil constructions [25], [26].
Hence, this study would be the first indispensable step, which
will provide insights into the seismic site response of the
KSU campus for designing and implementing phases of new
and development expansions. The utilized parameters and
notations are summarized in Table 2.
Geographically, the plateau extends from the Awanid scarp

on the northern edge, to the Kharj rise on its southern edge,
and from the Dahna sand belt on its eastern edge, to the
Tuwaiq Mountains on its western edge [56]. It is largely
Jurassic to Quaternary sediments, mostly composed of sandy
limestone, siltstones, and shales [57]. The Najd Plateau has
a great thickness of continental and shallow marine lime-
stone deposits. In [58], the authors studied the geological
setting of Riyadh and stated that the sedimentary section
of the region can be characterized into a surface geological
system composed of a mixture of Aeolian clay, silt, sand,
and gravel deposits whereas subsurface geology is composed
of the great thickness of shallow marine limestone with
shale and clay intercalations. The local geologic section of
the study site (Figure 2) has a main stratigraphical succes-
sion of Upper Jurassic Arab Formation comprises two main

TABLE 2. Notations of parameters and variables.

FIGURE 2. General geological setting of the Riyadh region [58]. Small red
square indicates the location of KSU campus area. Adopted and modified
from [60].

members: Arab-D member to the western side and a mixture
of Arab (C and D members) to the eastern side [59].

B. MICROTREMOR HVSR METHOD
Microtremor is introduced by [9] and later enhanced by
[1], [12]. It is defined as a low amplification ambient vibration
of the ground caused by man-made or atmospheric distur-
bances, like the wind, sea, or ocean waves, and vehicle vibra-
tions that can describe the geological conditions of an area.
In [1], the authors utilized a simple HVSR measurement in
three orthogonal directions (two horizontal and one vertical).
It is based on the assumption that the ratio of the horizontal
spectrum and vertical surface vibration is a function displace-
ment [12], [15]. According to the method proposed by [1],
the dominant vibration frequency of a site (or engineering
structure) can be determined from microtremor record. The
record is composed of a triple component: a time domain
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FIGURE 3. Visualized message-passing procedure showing the likelihood of a point being an exemplar, and its exemplar-relation to other points.
A directed edge represents the likelihood for a point to choose another point as its exemplar. Adopted and modified from [41].

component, the transformed to spectral-domain component,
and the ratio of horizontal and vertical components utilizing
the following definition:

HVSR(f ) =
√
SNS (f )× SEW (f )

SZ (f )
(1)

where HVSR(f ) is the horizontal to vertical spectrum ratio,
SNS (f ), SEW (f ) and SZ (f ) are the Fourier amplification spec-
tra in the North-South, East-West and Vertical directions,
respectively [12].

1) AFFINITY PROPAGATION CLUSTERING APPROACH
AP creates clusters by sending messages between pairs of
samples until convergence. A dataset is then described using
a small number of exemplars, which are identified as those
most representative of other samples. The messages sent
between pairs represent the suitability for one sample to
be the exemplar of the other, which is updated in response
to the values from other pairs (Figure 3). This updating
happens iteratively until convergence, at which point the
final exemplars are chosen, and hence the final clustering
is given [41], [47]. Algorithm 1 denotes the adopted AP
algorithm [41].

AP can be interesting as it chooses the number of clusters
based on the data provided. For this purpose, the two impor-
tant parameters are the preference, which controls how many
exemplars are used, the damping factor, which damps the

responsibility and availability messages to avoid numerical
oscillations when updating these messages [47].

It is worth mentioning that speed, wide application, and
suitability for a large number of clusters are some of the
benefits of the AP. There are some challenges to AP: it is dif-
ficult to determine what value of the parameter ‘‘preferred’’
would give optimal clustering solutions, and oscillations can-
not be automatically removed if they occur. Accordingly,
we develop an adaptive AP (AAP) model, which is illustrated
in Algorithm 2, to enhance the traditional AP in the fol-
lowing areas: adaptive damping factor modification to mini-
mize oscillations (also known as adaptive damping), adaptive
escape oscillations, and adaptive exploring the space of pref-
erence parameter to identify the best clustering solution for a
data set (called adaptive preference scanning). The employed
AAP can beat the AP method in terms of clustering quality
and oscillation removal. Besides, this developed model uses
Silhouette indices to identify optimal clustering solutions.
In other words, the model is employed to tackle two intrinsic
challenges. First, it finds an optimal ‘‘preference’’ parameter
for AP. Second, it eliminates the oscillations in the conver-
gence behavior in the classical AP.

Clustering starts by estimating the Euclidean distance as a
measure of the similarity matrix. In the similarity matrix, the
similarity s(i, k) (for two distinct points, indexed as i and k)
indicates how well the data points with index k is suited to
be the exemplar (i.e., point that serves as a cluster centre) for
data point i. It is calculated using negative squared Euclidean
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Algorithm 1: The Affinity Propagation Algorithm

1 Input X , s ;
2 while r(i, k) and a(i, k) have no updates do
3 if (i, k) ∈ X 2 then
4 Compute r(i, k) by Eq. 2 ;
5 else
6 Break;
7 end
8 if (i, k) ∈ X 2 then
9 Compute a(i, k) by Eq. 3 ;

10 else
11 Break;
12 end
13 Compute c(i, k)
14 end
15 Output Optimal number of clusters (C∗), ∀ (i, k) ∈ X ;

distance in our implementation: s(i, k) = −||X [i] − X [k]||2

for a data set X . For the similarity of a point to itself, i.e., the
‘‘self-preference’’ for being an exemplar, we provide two
options in our algorithm: setting all equal to the minimum
s(i, k) or to the median s(i, k)∀i, k with i 6= k . This is
followed by evaluating the responsibility matrix r(i, k) to
quantify how well-suited k is to serve as the exemplar for i,
relative to other candidates. To begin with, the availabilities
are initialized to be zero. In later iterations, as a data point
is assigned to an exemplar, the availability drops below zero
and reduce the effect of similarity [41].

r(i, k)← s(i, k)− max
k ′ S.t. k ′ 6=k

{
a(i, k ′)+ s(i, k ′)

}
(2)

For points on the diagonal, r(k, k) is calculated as the
input preference that point k is chosen as an exemplar s(k, k),
minus the largest similarity between the point and all other
candidate exemplars. The availability matrix a(i, k) is used
to represents how appropriate it is for i to pick k as its
exemplar, taking into account other points’ preference for k
as an exemplar.

a(i, k)← min
{
0, r(k, k)+

∑
i′ 6={i,k}

max
{
0, r(i′, k)

}}
(3)

For points on the diagonal, the following equation is used.

a(k, k)←
∑

i′ S.t. i′ 6=k

max
{
0, r(i, k ′)

}
(4)

Quality of the estimated clusters is determined using the
sum of the responsibility matrix and the availability matrix
c(i, k) ← r(i, k) + a(i, k) which is known as the criterion
matrix c(i, k).

2) FEATURES ENGINEERING
In order to generate outputs, all ML algorithms require some
input data. The features in this input data are normally in

Algorithm 2: Adaptive Damping and Escape
Exploration for AAP

16 Input λ = 0.5, w = 40, MI = 0, ps = 0.05;
17 while MI < 50000 do
18 MI = MI + 1;
19 Eset (MI ) = E ;
20 if MI > E then
21 Calculate

mean(E(MI )) = mean(Eset (MI − w/8) ∀MI );
22 else
23 break;
24 end
25 if mean(E(MI ))new − mean(E(MI ))old < 0 then
26 Ed = 1, E is decreased;
27 else
28 E is not decreased;
29 end
30 if Eset (MI )new − Eset (MI )old == 0 then
31 Ec = 1, E is changed;
32 else
33 E is not changed;
34 end
35 if Ed == 0||Ec == 0 then
36 Eb = 1, No Oscillation occurred;
37 else
38 if

∑
Eb < 2

3w then
39 λ = λ+ ps;
40 if λ > 0.85 then
41 p = p+ ps;
42 end
43 end
44 end
45 end
46 Output Exemplars (E) are obtained ∀s(i, k) ;

the form of hierarchical columns. To function properly, algo-
rithms need features with a special characteristic. The need
for feature engineering emerges in this situation. When using
MLormathematical modeling to build a predictive algorithm,
feature engineering refers to the method of choosing and
transforming variables. The procedure entails a mixture of
data interpretation, rule-of-thumb application, and judgment.
For such big amount of data, the data optimization, feature
enhancement, random weights can affect the model perfor-
mance [61]–[64]. In this section, all the performed features
engineering steps are outlined for creating a suitable input
dataset that meets the specifications of the AP-based ML
algorithm. For clustering both amplification and frequency,
data is considered and normalized to have the same scale.
HVSR measurements from ambient noise recordings imply
both reliability of the results and rapidity of data collection.
In order to initiate the HVSR technique, microtremor mea-
surements were carried in a total of 307 points covering the
KSU campus as represented by the red circles in Figure 4.
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FIGURE 4. KSU campus map showing the location of microtremor sites
surveyed.

HVSR measurements have been performed, quite uni-
formly distributedwith amean spacing of about 200 to 500m.
The utilized equipment for the free-field single-station
microtremor data collection is a highly portable three-
component seismic station called Tromino 3G ENGY [65],
equipped with three velocity transducers. For each conducted
measurement point, twenty minutes of ambient noise were
recorded at the sampling rate of 128 Hz. The non-stationary
portion of the recorded noise was excluded, thus considering
only the low-amplification part of the signal, for the computa-
tion of the average HVSR function. Seismic station localities
were carefully chosen to evade the impact of trees, sources of
monochromatic noise, and strong topographic landscapes.

To prevent data from industrial sources, the measurements
were taken from late night to early morning hours along
the study area. Examples of the collected data are given
in Figure 5. The whole measurements were achieved in
accordance with the internationally accepted Site Effects
Assessment using Ambient Excitation (SESAME) Project
guidelines and precautions [66], [67]. For experimental
aspects, all the site conditions and parameters were recorded
at each station (e.g., recording parameters, recording dura-
tion, measurement spacing, in-situ soil-sensor coupling, arti-
ficial soil-sensor coupling, sensor setting, nearby structures,
weather conditions, and the available geological informa-
tion). The collected Tromino data were checked for abnormal
noise levels and then processed and interpreted. The quality of
the obtained microtremor records in our study is categorized
into four main categories, high, intermediate, low, and worse
quality raw signals of microtremor recording. In the current
study, the SESAME guidelines and precautions [66], [67]
were fulfilled in 273 sites. Thirty-four sites did not fulfill the
standard criteria and were rejected. Rejections were mainly
due to the presence of artificial noise or non-clear HVSR peak
as the amplification of the peak is too small. An example of
each category is given in Figure 5.

The data processing to get the HVSR curves at each indi-
vidual site was implemented to determine the peak frequency
of the soft sedimentary layer above a harder layer, providing
a strong impedance contrast, and from that, the peak ampli-
fication of that signal was estimated [1]. The origin of the
identified peaks of the predominant frequency has been tested
first to check whether it is industrial or natural, and then, only
natural peaks were considered for the unsupervised AP-based
ML clustering. Prior to conducting the HVSR analysis, the
GEOPSY damping toolbox [68] is adopted to detect the
presence of any data originating from an industrial source uti-
lizing a random decrement technique [69], [70]. An industrial
origin is concluded if the damping is much lower than 3%
and the frequency is sustained. This detection is important to
justify the validity of the recorded ambient noise data used
in the HVSR analysis and later in the clustering process. For
each microtremor waveform in the database, HVSR is calcu-
lated using the geometric mean of the 5% damped velocity
waveform of the two horizontal components divided by the
corresponding spectral ordinates of the vertical component.
Until dividing the horizontal spectra by the vertical one,
in [71], logarithmic window (w) smoothing function was
used to approximate and smooth the Fourier amplification
spectra. The frequency corresponding to the largest peak of
the HVSR curve represents the site predominant frequency.
Complete HVSR analysis was performed using GEOPSY
software developed within the framework of the SESAME
project.

III. EXPERIMENTAL RESULTS
Microtremor data collected for the present study suggests
that [1] method of using H/V spectral ratios can be remark-
ably robust tool in determining site effects. Nevertheless,
it is suggested that the microtremor technique be used in
conjunction to other geotechnical and geophysical studies.
To the best of our knowledge, no site effect analyses have
been carried out in the study area. Based on the proposed
study, there is a great confidence that the obtained outcome
can be highly significant to be used for estimating the earth-
quake losses and designing and implementing phases of new
constructions.

HVSR data were processed to extract the frequency and
amplification of peaks. The result of this analysis is a natural
frequency and an amplification of the local site. Figure 6
shows 12 examples of the estimated HVSR values at differ-
ent sites. Graphs show sites amplifications as a function of
frequencies. More particularly, the effect of surface geology
and topography were noticed on microtremor measurements.
Based on the obtained frequencies, the area was classified
into three classes named as standard grounds, soft rocks and
stiff rocks.

In the current study, a visual inspection was used to
pick both the frequency and the corresponding amplification,
as we noticed that the utilized software in most of the cases
could not pick the correct peak. So we did not rely on the
plotted (gray) line, which indicates the peak selected by the
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FIGURE 5. Example of high and intermediate quality (top panel) raw signal of microtremor recording at site KSU257 and KSU193. Another example of low
and bad quality (bottom panel) raw signal of microtremor recording at site KSU054 and KSU306.

TABLE 3. The estimated HVSR results and presented using median and
25th to 75th percentiles.

software. Table 3 indicates the general descriptive statistics
of the estimated HVSR data.

A bi-variate distribution of frequency and amplification
variables is shown in Figure 7. This multi-panel figure shows
both the bi-variate (or joint) relationship between the fre-
quency and amplification variables along with the univariate
(or marginal) distribution of each on separate axes. The fre-
quency variable shows larger fluctuations than the amplifica-
tion variable, which fits in well with the geological settings
of the region.

After the identification of the peaks of the HVSR curves
attributable to resonance effects, it is essential to delineate
regions of similar features characteristics. Non-objective and
data-driven decisions based on the approximate frequency

and amplification values should be used to define those areas.
As it is possible to identify on the HVSR curves, different
peaks associable with different resonance frequencies of the
investigated site, data-driven procedures are used [72], [73]
based on the results of the AP clustering approach. Hence, for
the KSU campus, and to group peaks to be attributed to the
same origin (e.g., stratigraphic, topographic, anthropogenic,
or other sources), a multi-parametric clustering procedure
utilizing the AP clustering method [41] has been adopted
for better quantitative data-driven site-specific classification.
In [74], the error of the presented clustering algorithm was
much smaller than that of other algorithms such as K-means
as it does not require the number of clusters to be determined
or estimated before running the algorithm.

During the implementation of the AP module from the
scikit-learn library, it was noted that the likelihood of any
HVSR data sample (an exemplar) is strongly influenced by
an input parameter known as preference or p [75]. During the
iterative procedure utilized to choose the optimal value of p,
information is spread among the frequency and amplification
points. These data points are handled as a network in which

155304 VOLUME 9, 2021



S. S. R. Moustafa et al.: Quantitative Site-Specific Classification Approach Based on AP Clustering

FIGURE 6. Examples of the estimated HVSR frequency and amplification values at different sites in the study area. Graphs show sites amplifications as a
function of frequencies. Several peaks some of which are related to local geology of the KSU campus and others are artificial peaks from engineering
constructions inside the site. Peaks are labeled based on the results of clustering.

messages are sent back and forth between pairs of frequency
and amplification samples (see Figure 3). The algorithm was
very sensitive to the input parameters and did not produce a
unique number of exemplars. In this case, the AP algorithm
is unable to cluster the data points into optimal clusters, and
a systematic way to determine the correct optimal number of
clusters is needed.

To address the above problem, a modified version of the
AP module was coded in this paper along with the global
Silhouette coefficient [76] as a validity index to overcome the
above problem. It is calculated as an average of all samples
in clustering and is given by:

Silhouetee =
b− a

max(a, b)
, (5)

where a is the mean intra-cluster distance, and b is the dis-
tance between a point and the nearest cluster.

The variation of the Silhouette score with the AP various
parameters is depicted in Figure 8. Two hundred iterations
are performed to calculate the Silhouette score utilizing the
Squared Euclidean distance between two HVSR data points.
Each iteration of AP is consisted of updating all responsibili-
ties given the availabilities, and finally, combining availabil-
ities and responsibilities to monitor the exemplar decisions
and terminate the algorithm when these decisions do not
change for 15 iterations. When the AP algorithm fails to
converge, the damping factor λ is increased to avoid numer-
ical oscillations. The λ close to one has a greater capabil-
ity to guarantee computational stability but larger time is
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FIGURE 7. Bivariate distribution of HVSR frequency and amplification.

taken [75]. In our experiment, λ = 0.95was used to guarantee
the stability of the AP algorithm. The peak or maximum value
of the Silhouette score for the entire clustering near the center
of the distribution indicates the optimal parameter value as
shown in Figure 8. Using the optimal λ and p as suggested by
the Silhouette score peak values, the AP clustering procedure
has created three clusters from the total estimated observa-
tions. More concretely, Figure 8 is performed to show the pre-
liminary step to select the optimum parameters (preferences
and damping) for successful AP clustering and compare it
to the K-means as a bench mark utilizing maximum value
Selhotti coefficient as a stopping criteria of the optimization
process.

Before we start interpreting the results of the AP clus-
tering algorithm, we benchmark and calibrate the algo-
rithm deduced the number of clusters results by comparing
the AP clustering with the optimal number of clusters for
HVSR data obtained from the K-means clustering algorithm
results. This step is a critical step that will help us in dis-
criminating between observed peaks clusters, which may
be caused by source effects and those due to site effects
[73], [77], [78].

The K-means clustering algorithm creates clusters by sep-
arating data points into the number of clusters or groups k .
The value of k is needed to be inputted into the algorithm.
The clusters are determined by minimizing the inertia, or the
within-cluster sum-of-squares. The inertia is a measure of
how coherent the clusters are. By minimizing the inertia, the
algorithm tries to minimize the difference between the mean
value of a cluster and the values of points in the cluster. The
inertia is not normalized, but lower values are better and zero
is the optimum value.

For KSU data, to find the optimal number of clusters C∗,
the elbow method is firstly utilized. In Figure 8 we can see
that the total within-cluster sum of squares has been plotted
against the number of clusters C . The bend (elbow) in the
graph is detected where the value of C is three. Therefore, for
KSU data, the elbowmethod suggests three-cluster solutions.
Secondly, the Silhouette score plot as a method of interpre-
tation and validation of consistency within clusters of data
also suggests that three clusters are an optimal number of
clusters for HVSR data as can be seen in Figure 8. The final
AP suggested clusters which represent groups of observations
with similar frequency and amplification characteristics are
shown in Figure 9.

IV. DISCUSSION
It should be noted that the study area has an explicit increase
of urban expansion and new construction projects such as
research centers, residential suites, and hotels. Accordingly,
the evaluation of site-specific classification strictly needs to a
more reliable and intellectual solution for detailed site inves-
tigation. To achieve these objectives, a pilot free-field site-
response study of the King Saud University Area (KSUA) is
undertaken by using the HVSR in conjunction with available
geological information to estimate dynamic soil properties
and soil amplification ratio (Figure 4). However, the task
becomes particularly difficult to identify different peaks of
the HVSR curves associable with different resonance fre-
quencies (Figures 5 and 6). To overcome the aforementioned
problems, an automatic procedure based on cluster analysis
was implemented to create a site-specific classification map
for the area.

AP was implemented for a non-objective and data-driven
site-specific characterization scheme. HVSR frequency and
corresponding amplification values (Figure 7) were used as
input data for clustering. The optimum number of clusters
was found by estimating the silhouette score. In this method,
a graphical validation (Figure 8) was used for evaluating the
number of clusters and comparing different scenarios [76].
In Figure 8, Silhouette score plot shows that HVSR data can
be optimally divided into three clusters. This was validated
by comparing Silhouette score plots of both AP and a well
know K-means clustering algorithm (Figure 8). Distributions
of each cluster are shown in Figures 9 and 10, while the
histogram analysis of the outlined three clusters is shown in
Figure 11.
The frequencies of the observed HVSR peaks are dis-

tributed in the wide range of 1.37 to 23 Hz (Figures 9 and 11),
but 50% of them is in the range 1.37 to 7 Hz, 32.32% are
below 13 Hz and 17.68% above 13 Hz. The majority of
HVSR spectral ratios calculated has the first peak with the
lowest fundamental frequency f0 corresponding to the overall
limestone thick deposits covering the area. The amplification
of the HVRS peaks is distributed in a range of 0.5 to 4.5 for
the delineated clusters. The observed amplification peaks are
related to the impedance contrast between the surface layer
and the underlying bedrock, to the lateral heterogeneities,
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FIGURE 8. Variation of Silhouette score with various AP hyperparameters.

to the material damping of sediments, and to the characteris-
tics of the incident wave-field [79]. The spatial distribution of
the observed frequency and the corresponding amplification
revealed that the subsurface column below the recording
stations consist of three layers. The first layer (shallow layer)
is overburden and rock fragments. The second layer is con-
sidered compact alluvium and/or fractured limestone rocks.
The third is the hard and massive limestone bedrock (deep
layer), which is mapped below this layer.

Based on the results of the clustering analysis and the
collected geological information, it is quite clear that the first
and second classes are mainly due to site-specific effects
while the third may be due to the very thin soil layer brought
to the area for agricultural purposes. The first peak (first
cluster) with the lowest frequency was interpreted to be the
deepest compacted limestone layer while the other peaks cor-
respond to the highly weathered limestone and the superficial
layers (see Figures 6 and 10). The second frequency peak
(second cluster) in the HVSR plot was observed at many sites.
Identifying a second frequency peak is significant because the
amplification of groundmotion may also occur at frequencies
higher than the fundamental mode even when thick sedi-
ments are present [80]. There are two possible explanations
for the second frequency peak. The first explanation is that

it could be the first higher harmonics of the fundamental
frequency of the site. This higher-mode frequency would be
expected to be at about three times the fundamental frequency
[29], [80], which is what was observed (see Figures6 and 10).
The second explanation is that the second frequency peak
could be a resonance of a soft soil layer over a shallow stiffer
layer [81].

To judge how well the implemented ML models performs,
several evaluation metrics were calculated [82] as given in
Table 4. Here, clusters are evaluated based on some similarity
or dissimilarity measure such as the distance between cluster
points cluster analysis for developing site-specific frequency
and amplification three and four clusters to demonstrate the
efficacy of the proposed approach.

Internal cluster validation indices, which represent the
compactness, connectivity, and separability of the clusters,
are used to evaluate clustering effectiveness. The connectivity
index was estimated to measure to what extent frequency and
amplification values are placed in the same cluster as their
nearest neighbors in the observations space. For the current
clustering experiment, the lower connectivity index which
indicates better clustering was estimated for three clusters
produced from implementing the AP algorithm. Table 4 sum-
marizes the results of the validation indexes used, with the
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TABLE 4. Effectiveness evaluation of clustering methods for the KSU site-specific classification.

FIGURE 9. Three color-coded exemplars identified by AP clustering
algorithm of HVSR data. Optimal clustering parameters are given.

FIGURE 10. Three color-coded spatial distribution of clusters as identified
by the AP clustering algorithm of HVSR frequency and amplification data.

best overall results in bold. On three indices (Connectivity,
Dunn, Caliński-Harabasz, Davies-Bouldin, and Silhouette)
AP has the best results, indicating that it is the best clustering

algorithm for the site-specific classification of the KSU
campus.

The second index used is called the Dunn index. This
index aims to identify sets of clusters that are compact and
well-separated. That is, when the diameter of the clusters
is expected to be small and the distance between clusters
to be large. For the current benchmarking, the higher Dunn
index which indicates better clustering was obtained from
the K-means clustering that has four clusters as given in
Table 4. The third Caliński-Harabasz index which considered
a variance-ratio criterion (the variance of all cluster centroids
from the centroid of the observations) to evaluate the clus-
ter validity was estimated. Higher Caliński-Harabasz index
values estimated when implementing the AP algorithm with
only three clusters indicate better clustering, for the current
clustering configuration. The final cluster validation index
implemented is known as the Davies-Bouldin index. This is
an internal evaluation scheme, where the validation of how
well the clustering has been done is made using quantities and
features inherent to the dataset. Higher Davies-Bouldin index
values estimated when implementing the AP algorithm with
only three clusters indicate better clustering, for the current
clustering configuration as given in Table 4.

It is commonly recognized from different studies that the
frequency of the HVSR peak replicates the predominant
frequency of overburden sedimentary rocks. Its spectral
amplification mainly depends on the impedance contrast
with deep-seated bedrock and cannot be used as a quan-
tify of amplification of the mapped site. However, the
comparison with the standard reference site spectral ratio
procedures results has revealed that the maximum amplifi-
cation of HVSR underestimates the actual site amplification
[66], [67]. Hence, we depend mainly on fundamental fre-
quency rather than amplification in our characterization of
the KSU campus.

As a final step to developing a non-objective and data-
driven map for site classification, the results of the AP
clustering procedure were used to draw a map of HVSR
average curves classes related to different sites, and to iden-
tify areas characterized by site effects probably caused by
the same buried structure. Considering the parameters of
such peaks as a sampling of spatial trends that are con-
tinuous on the KSU campus, it is possible to estimate the
expected peak amplification and frequency at each point of
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FIGURE 11. (a) Histogram distribution of observed frequency and corresponding amplification of HVSR curves; (b) Low class; (c) Medium class;
and (d) High class of observed frequency and corresponding amplification inside KSU campus.

the area by two-dimensional interpolation techniques. The
choice of the interpolation method depends on the analy-
sis of the variability scale and the parameter to be stud-
ied. In our case, the context is relatively simple, where the
geological variations are relatively mild and do not present
a strong discontinuity. The natural neighbor interpolation
method is used for spatial analysis of resonance frequen-
cies distribution and to build the frequency map shown in
Figure 12.

The newly developed fundamental soil frequency map for
the KSU campus shown in Figure 12, provides valuable
information for assessing soil-structure resonance using the
relationship between fundamental building frequency and the
height of RC (Reinforced Concrete) structures. To investi-
gate the validity of seismic site response characteristics map
estimated from microtremors with the help of unsupervised
AAP-basedML shown in Figure 12a was compared with [79]
classification, where more than 270 research works have
relied on, shown in Figure 12b. Both maps show quite well
correlation of classes. The area is clearly could be classified
into three classes: standard grounds, soft rocks, and stiff
rocks. From ground classifications based on observed fre-
quencies, it can be noted that the KSU region has mainly
soft and stiff limestone rocks and along with few sites, the
standard ground is observed.

Another validation of our results is performed by com-
paring ML ground classifications with the nearby King
Abdulaziz City for Science and Technology (KACST) and
Almalqa area studies. There are almost in good agreement.
On closer comparing of the KACST study, the first peak
varies from 7.85 Hz to 8.72 Hz which clarifies the impedance
contrast between the uppermost soil surface and the underly-
ing completely weathered limestone, while the second peak
ranges between 1.41 Hz and 1.46 Hz that corresponds to
the impedance contrast between the completely weathered
limestone and the underlying hard limestone rocks. Whereas,
based on the frequency of the HVSR peak, the present study
area has the first peak with the lowest fundamental frequency
for ranging from 3.0 Hz to 8.25 Hz while the second peak
f1 and the third peak f2 varies from 9.5 Hz to 13.0 Hz and
from 13.0 Hz to 20 Hz, respectively. As within the study area,
the majority of HVSR calculated has two peaks (f0 and f1)
data which indicating agreement with the nearby KACST
microtremor studies. The same comparison for the other
nearby Almalqa area microtremor studies yielded results as:
three zones of different frequencies, zone-1 up to 1.7 Hz,
zone-2 from 1.7 Hz to 3.5 Hz, and the lastly zone-3 from
3.5 Hz to 10 Hz. These results suggest that the microtremor
HVSR spectrum is a reliable tool to estimate the fundamental
frequency.
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FIGURE 12. (a) Map of the fundamental HVSR soil frequencies obtained
for the KSU campus. Circles indicate microtremor measurements;
(b) Ground classifications based on observed frequencies and the
proposed method in [79].

V. CONCLUSION
Although, the effect of surface geology and topography were
noticed on the measured microtremor data sets, there is no
previous site effect analyses have been carried out on the
KSU campus. Besides, the majority of HVSR spectral ratios
calculated in the study area have two peaks (f0 and f1). Based

on the obtained frequencies, the area was classified into
three classes named as standard grounds, soft rocks, and stiff
rocks. To automatically determine the number of clusters and
the corresponding cluster centers, we adopted AP clustering
which is one of the unsupervised ML techniques. Moreover,
a successive clustering procedure has been used to group the
mainHVSR clusters of peaks and categorized themwith areas
characterized by site effects reasonably caused by the same
lithological features. Assuming that the three main identified
clusters contain peaks produced by resonance effects of layers
with varying thickness, the possible trend of the top of the
seismic bedrock was reconstructed by inversion of the HVSR
curves constrained with geological and lithological informa-
tion and considering the minimum lateral variability of the
physical and geometrical parameters. It is concluded that the
cluster center generates the strongest interference compared
to other cluster members.

Results of the current microtremor studies are consistent
with previous work in the nearby KACST and Almalqa areas
and suggest that the HVSR method is useful in evaluating
seismic ground response. Besides, it is worth emphasizing
that the site-effect analysis can assist the decision-makers
to set the priorities in managing land uses, estimating the
earthquake losses, conducting programs for reducing the vul-
nerability of existing structures, enforcing building codes,
planning an emergency response and long-term recovery, and
designing and implementing phases of new constructions.
Furthermore, the site response variations are significant over
very short distances. Accordingly, it is strongly recommended
that the estimation of any future earthquake loss scenarios
for the KSU or Riyadh city should be based on the site-
response functions obtained over a relatively dense grid of
measurement points. In the future work, we plan to extend the
proposed AP-based clustering scheme to other urban areas
using the microtremors data and site response functions.
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