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Abstract 5 

The microtremor H/V technique is extensively used to both assess the seismic amplification potential of soils, 6 

and, often in combination with other surface wave-based techniques, to reconstruct the near surface seismic 7 

stratigraphy. The H/V peak frequencies are traditionally interpreted in terms of soil resonances, and, in this 8 

case, they are assigned a ‘stratigraphic origin’. However, not all H/V peaks mark subsoils resonances and 9 

some of them has ‘anthropic’ or ‘artefactual’ origin. Recognizing the nature of H/V peaks should be 10 

mandatory before any stratigraphic interpretation. Nonetheless, this problem is not given the attention it 11 

deserves. As this classification is not easy to achieve by means of standard statistical techniques, we decided 12 

to train two supervised neural networks: a traditional Artificial Neural Network using a set of input values 13 

extracted from the individual (horizontal and vertical) microtremor spectra, and a Convolutional Neural 14 

Network, working on images of the microtremor spectra. The nets were trained on an Italian dataset and 15 

tested on a US dataset, collected by different operators and with different instruments. Both nets achieved 16 

a classification accuracy of approximately 90%; however, the convolutional one showed a greater 17 

generalization capability compared to the traditional one. Such machine learning algorithms can be useful 18 

tools to discriminate the origin of H/V peaks, complementing the traditional SESAME guidelines, which do 19 

not go into much detail on this topic. 20 

Key-words: H/V, artefactual H/V peaks, artificial neural network, convolutional neural network 21 

 22 

Introduction 23 

Artificial neural networks, introduced for the first time in 1943 by Warren McCulloch and Walter Pitts, landed 24 

in applied geophysics in the late 1980s. Recent applications of artificial neural networks in geophysics include, 25 

e.g., the prediction of site amplification response (Bergamo et al., 2021; Boudghene Stambouli et al., 2017; 26 

Salameh et al., 2017) and seismic site classification related issues (Zhao, 2006; Ghasemi et al., 2009; 27 

Yaghmaei-Sabegh & Tsang, 2011; Ji et al., 2022; Díaz et al., 2022; Vantassel et al., 2023). 28 

In this paper we focus on microtremor H/V curves. The identification of significant peaks therein is 29 

traditionally assessed by means of the SESAME (2004) criteria, which, however, cannot discriminate between 30 

the stratigraphic and non-stratigraphic (anthropogenic or artefactual) nature of them. SESAME (2004), states 31 

that ‘’if the microtremor spectra components exhibit a sharp peak (often on the 3 components together), at 32 
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a particular frequency, there is a 95% chance that this is anthropic "forced" ambient vibration and it should 33 

not be considered in the interpretation’’. However, the SESAME (2004) criteria do not provide specific rules 34 

to reject these artefacts.   35 

Recently, Wang et al. (2023) proposed an identification protocol for H/V  peaks based on a regression tree 36 

algorithm. This algorithm, however, does not even consider that H/V peaks can have stratigraphic or non-37 

stratigraphic origins and that their shape is very different in the two cases. 38 

Non-stratigraphic spectral peaks are typically caused by machineries acting in the proximity of the recording 39 

station (e.g. wind-mills, industrial machines; Dreossi et al., 2018) or result as an effect of vibrations induced 40 

from large nearby structures (tall buildings and bridges or viaducts; Castellaro & Mulargia, 2010; Castellaro 41 

et al., 2022). Low frequency (i.e., large wavelength) artefacts can perturb the noise wavefield up to very large 42 

distances from the source. They have been documented up to even a few km distance from their source 43 

(Bokelmann & Baisch, 1999; Cornou et al., 2004, Dreossi et al., 2018).  44 

The frequency of anthropogenic peaks can also potentially coincide with the frequency of stratigraphic peaks.  45 

H/V curves are not infrequently affected by artefactual peaks, and it is mandatory to discriminate them, 46 

before attempting any interpretation of the H/V curves themselves. This is a relevant issue if one considers 47 

the worldwide extended use of the H/V technique in seismic microzonation, in seismic soil classification 48 

(where it is commonly combined with surface wave multichannel methods to get Vs profiles) and in the 49 

classification of soils around seismic stations, which influence the signal recorded by them. 50 

The H/V curves produced by automatic processing of 3C-microtremor recordings from permanent seismic 51 

stations would also require automatic algorithms for real-time or off-line identification of non-stratigraphic 52 

peaks.  53 

Given the limited capability of standard statistical techniques in this type of signal classification, due to the 54 

strong variability of the geometries of non-stratigraphic H/V peaks, we decided to explore the performance 55 

of different artificial neural networks in discriminating between stratigraphic and non-stratigraphic features 56 

in microtremor signals. 57 

In the following sections, we first present the features distinguishing stratigraphic from non-stratigraphic H/V 58 

peaks, then we illustrate the two types of neural networks trained to this aim, the performance of both and 59 

their limitations.  60 

 61 

Stratigraphic vs. non-stratigraphic H/V peaks 62 

Microtremor H/V peaks can be due to the presence of local maxima (peaks) in the horizontal spectral 63 

components of motion, to the presence of local minima (troughs) in the vertical component of motion or to 64 

the occurrence of both conditions, with different amplitudes.   65 
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Peaks in the horizontal components of motion (Figure 1a, b) are typically associated with body wave 66 

resonances  (e.g., Nakamura, 1989; Van Der Baan, 2009; Castellaro, 2016; Oubaiche et al., 2016; Molnar et 67 

al., 2018; Sgattoni & Castellaro, 2020; Molnar et al., 2022; Castellaro & Musinu, 2023). Troughs in the vertical 68 

spectral component motion (Figure 1c, d), occurring at or close to the resonance frequency of SH waves, 𝑓0, 69 

are instead typical of surface wave trapping phenomena (Fäh et al., 2001; Bonnefoy-Claudet et al., 2008; 70 

Castellaro & Mulargia, 2009a; Endrun, 2011; Tuan et al., 2011; Castellaro, 2016; Molnar et al., 2022). 71 

A local maximum in the vertical spectral component follows at about twice the frequency of the trough 72 

(Konno & Ohmachi, 1998; Fäh et al., 2001; Tuan et al., 2011; Castellaro, 2016). 73 

Thus, the H/V curves typically exhibit a peak at the frequency of the vertical trough 𝑓0  and the H/V ratio 74 

returns to its non-amplified value (H/V ∼  1) at about 2𝑓0 (Figure 1, Tuan et al., 2011; Castellaro, 2016). 75 

Another distinctive feature of H/V curves acquired in 1D conditions is that the horizontal components are 76 

statistically identical through the whole frequency spectrum as clear in Figure 1. Outside the H/V peak 77 

frequency interval, the horizontal and vertical spectra are again statistically identical in amplitude (thus, 78 

H/V∼1).   79 

For the meaning of H/V < 1 in wide frequency intervals and for more examples, see, e.g., Castellaro & 80 

Mulargia (2009b). 81 

H/V peaks with marked troughs in the vertical component dominate in 1D conditions and in low aspect ratio 82 

basins  while H/V peaks dominated by local maxima in the horizontal components of motion are typical in 83 

markedly 2-3D conditions, like large aspect ratio basins (Bard & Bouchon, 1980a; Roten et al., 2006; Le Roux 84 

et al., 2012;  Ermert et al., 2014; Sgattoni & Castellaro, 2020; Lattanzi et al., 2023; Sgattoni et al., 2023).  85 

 86 

 87 
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 88 

Figure 1. H/V peaks of stratigraphic origin: a, c) H/V curves and b, d) corresponding individual spectra of motion in velocity. 89 
Stratigraphic peaks occurring at 𝑓0  typically ‘close’ around 2𝑓0 (with a variability depending on the Poisson’s ratio, Tuan et al., 2011). 90 
Here the H/V peaks are observed at 𝑓0 = 0.65 𝐻𝑧 (a) and 𝑓0 = 1 𝐻𝑧 (b) and the H/V curve turns back to H/V ∼ 1 at ∼ 2𝑓0 = 1.3 Hz 91 
and 2 Hz, respectively. The stratigraphic origin is marked by a local minimum in the vertical spectral component (more evident in panel 92 
d) and/or local maxima in the horizontal spectral component (more evident in panel b).  93 

 94 

The SESAME (2004) guidelines introduced quantitative criteria to assess the reliability and clarity of peaks in 95 

H/V curves. These criteria were mostly based on the statistical analysis of the frequency and amplitude peak 96 

stability over time and on the expected geometrical shape for H/V peaks. No other rules were present in the 97 

SESAME criteria to discriminate between stratigraphic and non-stratigraphic peaks, beyond the general 98 

comment presented in the introduction. 99 

Non-stratigraphic H/V peaks are typically generated by narrow spikes (almost Dirac’s deltas, when non-100 

smoothed) visible, with different amplitudes, on all spectral components (Figure 2). Comparing the smoothed 101 

(Figure 2b) and non-smoothed (Figure 2c) spectra makes the acknowledgement of artefactual peaks 102 

generally straightforward (Castellaro & Mulargia, 2010).  103 

A non-stratigraphic H/V peak at frequency 𝑓0  does not return to H/V ∼ 1 at 2𝑓0 but well before this value. 104 
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 105 
Figure 2. Non-stratigraphic H/V peaks (at 12 Hz, 24 Hz, 34 Hz, 46 Hz) induced by industrial machineries (marble sawmills) at a few 106 
hundred meters distance: a) H/V curve and b) corresponding amplitude spectra of the three components of motion with a 10% (of the 107 
central frequency) smoothing. c) is as b) but non-smoothed. The spectral peaks are very sharp in this case and have different 108 
amplitudes in the different components. This produces artefactual peaks and troughs in the H/V curve, where the distance between 109 
the H/V peaks and the return to H/V ∼1 is much smaller than  [𝑓0, 2𝑓0] in all cases. 110 

 111 

Other types of non-stratigraphic H/V peaks are those induced by the vibration of large nearby structures or 112 

infrastructures (e.g., bridges). They have the same features already discussed for Figure 2, but they typically 113 

occur at different frequencies along different axes, depending on the shape of the vibrating structures. These 114 

can be detected also by means of azimuthal processing (see e.g., Matsushima et al., 2014; Cheng et al., 2020). 115 

An example is given in Figure 3. 116 
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 117 

Figure 3. Non-stratigraphic H/V peaks induced by a viaduct with 30 m heigh pillars at approximately 80 m distance: a) H/V curve and 118 
b) corresponding amplitude spectra of the three components of motion with a 10% (of the central frequency) smoothing. c) is as b) 119 
but non-smoothed. The narrow spikes, occurring at different frequencies and with different amplitudes along different directions, 120 
have a clear non-stratigraphic origin.   121 

 122 

In Table 1 we summarize the main features distinguishing stratigraphic from non-stratigraphic H/V peaks.  123 

Table 1. Main differences between stratigraphic and non-stratigraphic H/V peaks. 124 

STRATRIGRAPHIC H/V PEAKS  
(1D CONDITION) 

STRATRIGRAPHIC H/V PEAKS 
(non-1D CONDITION) 

NON- STRATIGRAPHIC H/V PEAKS 

- Statistically coincident horizontal 
spectral components 
 

- H/V peak at frequency 𝑓0, H/V 
trough at approx. 2𝑓0 

 

- the horizontal components can be 
flat at 𝑓0 or show a local maximum 

 

- local minimum in the vertical 
component at 𝑓0, local maximum at 
approx. 2𝑓0 

 

- H/V peaks are thus broad 
 

- H/V ∼ 1 beyond the peak frequency 
range 

- Horizontal components show peaks 
at different frequencies 
 

- As a consequence, the H/V peaks 
appear even broader than in the 1D 
case 

- Narrow peaks with different 
spectral amplitudes and/or 
frequencies on different spectral 
components 
 

- better detectable in non-smoothed 
spectra or by using azimuthal 
processing 

 

- the corresponding H/V peaks (or 
troughs) appear much narrower 
than in the stratigraphic cases 
 

 125 
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In some other cases the spectral pattern behind H/V peaks is not fully clear: sometimes due to installation 126 

instabilities of the sensor. An example is given in Figure 4, where the H/V peak passes the SESAME criteria, 127 

the average NS component is larger than the others in the whole frequency domain and the other spectral 128 

components show patterns that cannot be fully reconducted to the cases described in Table 1. We will classify 129 

these cases as “other”. 130 

 131 
Figure 4. H/V peaks of unclear origin. The NS spectral component is amplified compared to the EW component in a wide frequency 132 
interval and no clear spectral pattern as those summarized in Table 1 can be acknowledged. 133 
The H/V curve was obtained by averaging the H/V obtained from several 30 s windows; the 𝑁𝑆𝑎𝑣𝑔, 𝐸𝑊𝑎𝑣𝑔, 𝑍𝑎𝑣𝑔  spectra were 134 
obtained by averaging the spectra from the same 30 s windows. The H/V curve in the upper panel is therefore not the result of the 135 

division of the  
√𝑁𝑆𝑎𝑣𝑔 ∗ 𝐸𝑊𝑎𝑣𝑔

𝑍𝑎𝑣𝑔
  spectra shown below. 136 

 137 

ANN and CNN approaches 138 

Distinguishing stratigraphic from non-stratigraphic H/V peaks for a human eye is often, though not always, a 139 

feasible task, following the indication listed in Table 1. This makes it possible for a human expert to prepare 140 

a dataset of stratigraphic, non-stratigraphic and ambiguous cases and provide such dataset to a supervised 141 

neural net for training. 142 

To this aim, we trained both an Artificial Neural Network (ANN) and a Convolutional Neural Network (CNN).  143 

ANN are inspired by the structure of the human brain and consist of interconnected layers of ‘neurons’ 144 

(nodes). Each node of a layer is connected to all the nodes of the successive layer and these connections are 145 

represented by a weight and biases (Bishop, 2006). In order to achieve the capability to perform automatic 146 

classification, a supervised neural network must be trained. During the training phase, a number of examples 147 
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are presented to the net, together with the desired output and the weights associated to each link change 148 

to achieve the desired output. Once the network has been trained, the weights do not change anymore, and 149 

new input can be presented to the net to be classified accordingly. 150 

The CNN architecture, originally inspired by the functioning of the animal visual cortex (Hubel & Wiesel, 1968; 151 

Fukushima, 1980; Yann,  1990), proved to be suitable to image classification tasks. Typically, a CNN consists 152 

of three main types of layers: convolutional, pooling, and fully connected layers. The convolutional and 153 

pooling layers are responsible for extracting relevant features from the input image, while the fully connected 154 

layer maps these features to the final output, that provides the classification. 155 

A crucial step in the training of both these networks is thus the selection of the significant parameters to be 156 

extracted to form the training dataset. These are described in the following paragraphs. 157 

 158 

ANN and CNN dataset preparation 159 

The extraction of the parameters from the training database that will constitute the input for the neural 160 

network has to be based on the features that make the H/V peak classification possible. From Table 1 and 161 

Figure 1, Figure 2, Figure 3 it is clear that the individual spectral components are more informative about the 162 

nature of the H/V peaks, compared to the H/V curves themselves. For this reason, we will use as input the 163 

individual spectra and not their ratio. H/V is used in practice to compensate for the amplitude variations of 164 

the individual spectra (i.e., to compensate for the source effect) but here we will use a different form of 165 

compensation, not to lose information about significant differences between the horizontal components. 166 

Our training database consists of 261 H/V peaks – passing the SESAME criteria – extracted from 184 167 

microtremor recordings, all of duration larger than 20 min, collected at several different sites in Italy and 168 

classified by us as stratigraphic, artefactual or unknown/other. The H/V peak frequency distribution for the 169 

selected examples is illustrated in Figure S1 in the electronic supplement. This provides some information 170 

about the bedrock-like layer depth at the selected sites. We see that the most part of the selected examples 171 

was characterized by bedrocks at mid-to-large- depths (frequencies below 6 Hz). 172 

Each of the 184 recordings available was divided into 70 s non-overlapping windows, detrended, tapered, 173 

fast Fourier–transformed, and smoothed with a triangular window with width equal to 10% of the central 174 

frequency. We tested different smoothing functions (triangular and cosinusoidal with variable width from 1 175 

to 10% the central frequency) because non-stratigraphic peaks are more easily identifiable on poorly 176 

smoothed spectra (Figure 2 and Figure 3). However, we observed that the performance of the neural nets 177 

was not significantly affected by the smoothing percentage. Therefore, we used 10% smoothing as a final 178 

choice. Outlier windows showing spectra beyond two standard deviations from the mean were removed 179 
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from the analysis in order to analyze only average H/V curves with narrow standard deviation. This is an 180 

important processing step, as we discuss in the Appendix. 181 

At the end of the processing, we thus had 3 spectra (NS, EW, Z) and a H/V curve, where the H/V ratio is given 182 

by the geometric mean of the horizontal components divided by the vertical one 
√𝑁𝑆 ∗ 𝐸𝑊

𝑍
.  183 

From each H/V curve that we wanted to classify, we extracted the main peaks according to their prominence. 184 

Form each peak, a virtual horizontal line was traced to the left and right, until it crossed the H/V curve 185 

because of the presence of another peak (or because the H/V curve ended). The minimum of the signal was 186 

searched in the two frequency intervals just defined to the right and to the left of the H/V peak. This point 187 

will either be a trough or the curve endpoint. The larger of the two interval minima becomes the reference 188 

level and the height above this level is here called ‘prominence’ (Figure S2 in the electronic supplement). We 189 

classified the H/V peaks according to their prominence and selected for classification up to a maximum of 3 190 

peaks for each H/V curve.  191 

Once the prominent peaks have been identified, occurring at frequency 𝑓0, a window centred at 𝑓0 and with 192 

a total aperture of Δ𝑓 = [
𝑓0

2
, 2𝑓0] is considered. Within this window, we resampled each individual spectrum 193 

with 30 points and this set of 30 values for each NS, EW, Z component (90 values) was the input provided to 194 

the neural net. We tested different number of samples (from 15 to 90) per training example and found that 195 

30 was the smallest number capable to not reduce the neural network performance significantly. The 196 

aperture Δ𝑓 = [
𝑓0

2
, 2𝑓0]  for each training example appeared sufficient to include the [𝑓0, 2𝑓0] interval, 197 

diagnostic of the nature of the H/V peaks (Table 2a,  Figure 5, Figure 6). 198 

Since a huge variability in terms of spectral amplitude can exist in this Δ𝑓 = [
𝑓0

2
, 2𝑓0] range, depending on 199 

the local ambient noise level, on whether the data are in counts of physical units, etc., in order to simplify 200 

the artificial neural net training, we scaled the spectra by dividing each of them by the minimum value of the 201 

vertical component. 202 
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 203 

 204 

Figure 5. a) H/V curve and b) individual amplitude spectra (in velocity). The red frame centered around the H/V peak at  𝑓0  = 6.5 Hz 205 
has a width 𝛥𝑓 = [

𝑓0

2
, 2𝑓0] and spans the [3.25, 13] Hz frequency interval. The spectra in this window range from amplitude 4 mm/s 206 

to 20 mm/s. The spectra within the red frame, scaled dividing them by their minimum vertical value, and resampled with 30 samples 207 
per component (panel c) constitute one input example for the ANN. Scaling the amplitude is important to compensate for the 208 
variability of the source and make the ANN work simpler. Frequencies are also normalized (1 stands for 

𝑓0

2
; 2 stands for 𝑓0; 4  stands 209 

for 2𝑓0). The spectral shape is thus preserved, and the input values remain restricted into homogeneous intervals.  210 

 211 
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 212 

 213 

Figure 6. a) In this example two prominent peaks are identified at 𝑓0 = 0.9 and 𝑓1 = 6 Hz in the H/V curve. b, c) The corresponding 214 
spectra to be used as input for the ANN and CNN are thus extracted in the 𝛥𝑓0 = [0.45, 1.8] Hz and 𝛥𝑓1 = [3, 12] Hz intervals. The 215 
normalization and resampling procedures are the same described for Figure 5. 216 

 217 

ANN architecture 218 

Once the input examples and data have been defined, the ANN can be trained, which consists in adjusting 219 

the weights of the neuron connections to achieve the maximum output value at the expected class 220 

(stratigraphic, artefactual, other). 221 

The input dataset was thus split into a training (70%) and a validation (30%) set.  222 

The performance of the ANN in terms of mean square error (MSE) between predicted and expected output 223 

was then evaluated. Before reaching the final configuration, we tested different network architectures (i.e., 224 

different number of hidden layers (from 1 to 7) and of neurons (from 5 to 90), different activation functions 225 

(sigmoid, linear), different training algorithms (scaled conjugate gradient backpropagation, conjugate 226 

gradient backpropagation with Polak-Ribiére updates) and different training/validation subsets. We obtained 227 

the best performance (MSE = 0.0032) with an architecture of 7 hidden layers, each with [5, 10, 10, 10, 10, 10, 228 
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5] neurons respectively, activated by a hyperbolic tangent activation function and softmax (Bishop, 2006) 229 

activation function applied to the output layer only.    230 

The best performing training algorithm for this type of classification was the Levenberg-Marquardt 231 

backpropagation (Marquardt, 1963; Hagan & Menhaj, 1994).  232 

The performance of the finally selected classification model is shown in the confusion matrix of Table 2a. The 233 

precision rate is calculated as the ratio between the number of correct predictions to the total number of 234 

predictions. The recall rate measures the sensitivity of the model, and it is the ratio of correct predictions for 235 

a specific target to the total number of cases in which it occurs. The overall accuracy represents the total 236 

number of correct predictions among all the examples presented for the classification and was about 92% in 237 

the validation dataset. The elements outside the diagonal represent the misclassifications. 238 

 239 

CNN  240 

The input of convolutional neural nets are typically images. This does not require extracting points from the 241 

spectra but requires some scaling in the input images, so that they are all presented in the same way and the 242 

CNN goals can be easier to achieve. 243 

We used a pretrained supervised SqueezeNet model (Iandola et al., 2016) and the same set of  261 H/V peaks 244 

used for the ANN, for the training phase. The SqueezeNet we used was trained on more than one million 245 

images from the ImageNet database (Russakovsky et al., 2015) and is made available by Matlab (Mathworks 246 

Inc., 2022). The entire network is composed of 68 layers and 75 connections. The requested image input size 247 

is 227 x 227 pixels and can be a RGB image. We note that such a matrix of values is much larger than the 90 248 

input values used in the ANN and we could reasonably achieve the same results with smaller matrices.  249 

However, processing H/V images is certainly an option (for example when one does not have the data but 250 

only the H/V + spectra figure) and we believed that exploring the performance of a network pre-trained on 251 

image pattern recognition was interesting, too. 252 

In a pre-trained network like SqueezeNet, when a new convolutional layer is added at the end of the network, 253 

the previously learned feature maps is still used. These feature maps were learned during the pre-training 254 

process on a large dataset and were already optimized for identifying general patterns in the input data. By 255 

utilizing the learned feature maps, a neural network can quickly adapt to a new task by fine-tuning the 256 

weights of a newly added layer on a smaller, task-specific dataset. This process is known as transfer learning 257 

(Pratt, 1993) and has shown to be effective, particularly when the new dataset is relatively small. 258 

However, when fine-tuning the network, it is necessary to adjust a range of parameters that control the 259 

model, as well as hyperparameters that control the training process, to let the network learn the relevant 260 

features of the new dataset. 261 
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It was thus necessary to modify the last layers (last convolution 2D Layer and classification output layer) 262 

without resetting the weights obtained for the first layers and retrain the network on our database. The 263 

feature of this neural network is that, unlike some other NNs, its final layer is a convolutional layer instead 264 

of a fully connected layer. In fully connected layers, each neuron is connected to all neurons in the previous 265 

layer. This is typical in ANN. Differently, in this CNN, the final layer is another convolutional layer, where 266 

neurons perform convolution operations on the input data. This allows to preserve the spatial information 267 

of the image and perform a more precise classification. The function used to train the network is a stochastic 268 

gradient descent with momentum and the loss function is the cross-entropy loss. 269 

The hyperparameters of the neural network were tuned as follows: the initial learning rate was set to 0.0001, 270 

which controls the rate of weight updates during the gradient descent algorithm used to minimize the 271 

network loss function. The maximum number of epochs was set to 8, which limits the duration of the training 272 

process and prevents overfitting. The batch size was set to 11, which is the number of training examples used 273 

in each iteration of the training process. Each epoch involved iterating through all the batches of the dataset 274 

to update the weights of the network. This allowed the network to learn from the entire dataset without 275 

requiring all the data to be loaded into memory at once. 276 

As per the ANN, the dataset was divided into a training and a validation subset, with 70% and 30% examples 277 

respectively, extracted from the prepared database. 278 

We obtained an overall accuracy (percentage of examples classified correctly out of the total number of 279 

examples) on the validation set of about 95%, as shown in Table 2b.  280 

The final ANN and CNN architectures are summarized in Figure 7. 281 

 282 

Table 2. a) Performance of the trained ANN. Precision is the number of correct predictions to the total number of predictions. Recall 283 
rate is the number of correct predictions for a specific target to the total number of cases where the target occurs. The overall 284 
accuracy is the total number of correct predictions among all the examples presented for the classification. b) Performance of the 285 
trained CNN. Precision is the number of correct predictions to the total number of predictions. Recall rate is the number of correct 286 
predictions for a specific target to the total number of cases where the target occurs. The overall accuracy is the total number of 287 
correct predictions among all the presented examples to classify. 288 

a)                                                                 Real target 

Predicted target Stratigraphic 
 

Artefactual  Other   Precision 

 Stratigraphic 27 1 0 96.4% 

 Artefactual 1 24 3 85.7% 

Other 1 0 21 95.4% 

Recall 93.1% 96.0% 87.5%  

Overall Accuracy        92.3% 
 

 289 
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 290 

 291 

 292 

 293 

 294 

 295 

 296 

 297 

b)                                                                   Real target 

Prediction target Stratigraphic Artefactual Other Precision 

Stratigraphic 29 2 1 90.6% 

Artefactual 0 22 1 95.6% 

Other 0 0 23 100.0% 

Recall 100% 91.7% 92.0 %  
Overall Accuracy      94.8% 
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Figure 7. Schematic architecture of the Artificial Neural Network (left) and of the Convolutional Neural Network (right) used in this 298 
study. The input of the ANN is a matrix of 30 (scaled spectral amplitude, normalized frequency) values per component (90 values per 299 
example); the input of the CNN is a 227 x 227 RGB pixel image of the same normalized spectra. In detail, 'Conv' represents a 300 
convolutional layer with a corresponding ReLU (activation function). 'Fire' is a convolutional block with 1x1 and 3x3 convolutions 301 
designed to extract information. 'Max Pooling' is employed for dimension reduction by selecting the maximum value in a window. 302 
'Global Average Pooling' is utilized for dimension reduction by calculating the average of the output. Lastly, 'Softmax' assigns 303 
probabilities to classes (for more detail see Iandola et al., 2016). 304 

Comparison of the ANN and CNN performances on a fully independent dataset 305 

We tested the trained ANN and CNN on an independent dataset from the ARRA-funded (American Recovery 306 

and Reinvestment Act, 2009) site characterization project. Within this project, 184 Californian strong-motion 307 

stations sites were characterized by means of geophysical surveys (including microtremor H/V), as well as 4 308 

stations in the Central-Eastern United Sates (CEUS) (Yong et al., 2013). All data were collected for one hour 309 

at 200 samples per second and three to six recordings were collected at each investigated site.  310 

All these data were reprocessed and resampled by us, in the same way used to prepare the training set.  311 

From a total amount of about 600, we retained 168 ambient noise recordings and a total amount of 220 312 

peaks to be classified. Those excluded did not contain peaks (seismic stations are often installed on 313 

outcropping rock) or had a too large standard deviation, which made them statistically unreliable. 314 

Each prominent peak was both classified by a human operator (us) and classified from the ANN and CNN into 315 

the three available classes. The human operator classified the possible output with a binary code [0,0,1] for 316 

‘stratigraphic’; [0,1,0] for ‘artefactual’ and [1,0,0] for ‘other’ peak. The NN output is a number in the range [0 317 

1] that indicates the probability assigned to each class.  From Table 3a we see that the test dataset contains, 318 

according to the human operator, 89% stratigraphic, 5.5% artefactual and 5.5% other peaks. 319 

We now discuss the performance of our nets in the classification of stratigraphic and non-stratigraphic 320 

(anthropic, other) peaks from this dataset.  321 

From the preliminary confusion matrix, we see that peaks classified as stratigraphic by humans, are also 322 

classified as such from CNN and ANN in 92.3% and 80.6% of cases, respectively.  323 

The overall accuracy (percentage of examples classified correctly out of the total number of examples) on 324 

this fully independent dataset is 91.4% and 79.5% for ANN and CNN, respectively. 325 

We note that a different classification between the nets and human output does not necessarily imply an 326 

error on either side. When the network suggests a different class compared to human experience, a closer 327 

examination of the corresponding H/V curve and spectra should be performed, as they may reveal patterns 328 

not immediately understood by the human eye or vice-versa. 329 

To present a more visual comparison, in Figure 8a, we show the probability of attribution to the stratigraphic 330 

class for each input example, where the blue bars indicate when the network attribution coincides with the 331 

human classification, and the orange bars indicate when it diverges. The height of each bar represents the 332 
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confidence of the attribution of the specific example to the corresponding class in the range [0, 1] given by 333 

the neural nets. 334 

For the ‘stratigraphic class’, CNN provides a different classification compared to human classification in 15 335 

cases out of 196, while ANN in 38 cases. Figure 8b and Figure 8c shows the same results for the non-336 

stratigraphic and other class, respectively. The CNN achieved 100% precision (12 correctly classified cases 337 

out of 12) for the ‘artefactual class’, while the ANN gave 5 apparently incorrect cases out of 12. On the other 338 

hand, for the ‘other class’, the CNN achieved a precision of 66% with 4 out of 12 cases apparently 339 

misclassified, while the ANN achieved 83% precision with only 2 apparently misclassified cases. 340 

At this point it is important and interesting to study the reasons for these classification differences. We will 341 

thus analyse the cases where either one or both networks disagree with human classification. 342 



17 
 

 343 

Figure 8. a) Confidence of attribution of each example to the stratigraphic class according to the CNN (top half) and ANN (bottom 344 
half) networks. For these examples the expected output is the ‘stratigraphic’ class. Blue bars mark the examples for which also the 345 
neural nets provided a classification as stratigraphic. Orange bars mark the examples classified into a different class by the nets. b) 346 
Confidence of attribution of each example to the artefactual class according to the CNN (top half) and ANN (bottom half) networks. 347 
For these examples the expected output is the ‘artefactual’ class. Blue bars mark the example for which also the neural nets provided 348 
a classification as artefactual. Orange bars mark the examples classified into a different class by the nets. c) Confidence of attribution 349 
of each example to the other class according to the CNN (top half) and ANN (bottom half) networks. For these examples the expected 350 
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output is the ‘other’ class. Blue bars mark the example for with also the neural nets provided a classification as ‘other’. Orange bars 351 
mark the examples classified into a different class by the nets. 352 

 353 

Discussion 354 

The cases in which the networks disagree with human classification can be categorized, with reference to the 355 

stratigraphic class, into two types: i) presence of stratigraphic H/V peaks with superimposed artefacts; ii) 356 

multiple H/V peaks at close distance. 357 

As an example of the first case, let us consider Figure 9. This example shows a clear stratigraphic H/V peak at 358 

1.5 Hz, disturbed by a number of artefacts, the most prominent of which occur at 1.4 and 1.8 Hz (panel a, b). 359 

When these are removed by filtering the recording, the stratigraphic nature of the H/V peak is even more 360 

evident (panel c, d).  361 

This example was classified as stratigraphic by the human operators because in training the net it was not 362 

possible to provide two possible outputs for the same input. However, CNN and ANN respectively assign a 363 

probability of 30% and 4% to the stratigraphic class; of 70% and 93% to the artefactual class, correctly 364 

acknowledging the simultaneous presence of artefacts. These cases cannot therefore be considered as 365 

misclassified. This pattern occurred 3 times in our dataset and the the preliminary confusion matrix (Table 366 

3a) changes to what is shown in Table 3b. The network rate of success increases to 92.7% and 80.9%, 367 

respectively.368 

 369 

Figure 9. Example of H/V curve with stratigraphic peaks at 1.5 and 5 Hz, with superimposed artefacts: (a, b) original H/V curve and 370 
corresponding amplitude spectra of the three components of motion; (c, d) H/V curve and corresponding spectra after a notch-filter 371 
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application to reduce the main artefactual disturbances. The stratigraphic origin of the 1.5 and 5 Hz peaks is clearly suggested by 372 
the local minima in the vertical spectral component of motion. 373 

Table 3. a) Preliminary confusion matrix for CNN (left) and ANN (right). The sample test contained 220 examples (196 classified by 374 
human operators as stratigraphic, 12 as artefactual and 12 as other). b) Final confusion matrix for CNN (left) and ANN (right). The 375 
sample test contained 220 examples (196 classified by human operators as stratigraphic, 12 as artefactual and 12 as other).  376 
 377 

 378 

 379 

The second group of misclassifications arises when in the Δ𝑓 = [
𝑓0

2
, 2f0] 𝑓0 window selected around the 380 

prominent H/V peak, a second H/V peak (or part of it) is present. In other words, when two H/V peaks occur 381 

in a narrow frequency interval. An example is provided in Figure 10 (a,b), where the Δ𝑓 = [
𝑓0

2
, 2f0] window 382 

around the prominent peak includes part of another apparent peak on the left side. In this case, both 383 

networks classify (with 99% and 96% confidence, respectively) the 3 Hz peak as an artifact. This pattern 384 

occurred 5 time in our dataset. 385 

So far, we have discussed the divergence between the NNs and human classification, however, there are also 386 

cases where the CNN and ANN classifications diverge on the same examples. CNN seems to have more 387 

problems in identifying as stratigraphic peaks spectra those with weak local maxima in the horizontal 388 

components and less pronounced local minima in the vertical component compared to ANN. In these cases 389 

the CNN finds it hard to produce a unique answer and assigns large probabilities to all classes (e.g., 46% 390 

artefactual, 36% stratigraphic, 18% other for the 4.8 Hz peak in Figure 10 c,d).  391 

a) CNN     ANN 

 Actual target Actual target 

Predicted target Other Artefactual Stratigraphic  Other Artefactual Stratigraphic  

Other 8 0 4  10 5 21  

Artefactual 1 12 11  2 7 17  

Stratigraphic 3 0 181  0 0 158  

Recall  66.7% 100.0% 92.3% 
 

83.3% 58.3% 80.6%   

Overall Accuracy      91.4%       79.5%   

b) CNN     ANN 

 Actual target Actual target 

Predicted target Other Artefactual Stratigraphic  Other Artefactual Stratigraphic  

Other 8 0 4  10 5 21  

Artefactual 1 12 8  2 7 14  

Stratigraphic 3 0 184  0 0 161  

Recall  66.7% 100.0% 93.8% 
 

83.3% 58.3% 82.1%   

Overall Accuracy      92.7%               80.9%   
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In general, by also observing Figure 8a and Figure 8b, ANN seems to be less precise in this task compared to 392 

the CNN. This discrepancy can be attributed, beyond the specific differences between the two types of nets 393 

and input size, also to criteria that we had to apply to extract the input parameters from the spectra to train 394 

the ANN and that we did not have to make explicit for CNN. 395 

 396 

Figure 10. a) H/V curve of stratigraphic peak at 3.1 Hz and b) corresponding individual spectra of motion in velocity. The dashed blue 397 
lines indicate 𝛥𝑓 = [

𝑓0

2
, 2𝑓0] window used to identify the prominent peak and it is evident that the window includes, on the left side, 398 

part of another peak.  c) H/V curve with a stratigraphic peak at 4.8 Hz and d) corresponding individual spectra of motion in velocity. 399 
The dashed blue frame indicates the  𝛥𝑓 = [

𝑓0

2
, 2𝑓0]  window used to identify the prominent peak. This example was classified by CNN 400 

as 46% artefactual, 36% stratigraphic, 18% other and this is understandable for several reasons: the horizontal components are not 401 
statistically identical and there is more than one local maxima in each horizontal component within the selected frequency interval. 402 

 403 

Conclusions 404 

Seismic networks, seismic microzonation surveys and seismic exploration of the subsoil provide thousands 405 

and thousands of microtremor recordings all around the globe. When processed in terms of H/V spectral 406 

ratios, these can unveil useful stratigraphic features about the subsoil. However, it is mandatory to 407 

distinguish stratigraphic from non-stratigraphic features before any interpretation. In this paper we first 408 

review what makes a H/V peak stratigraphic or not. Then, we train two types of supervised neural nets to 409 

classify H/V peaks automatically, or at least to support human decisions by means of an extended knowledge 410 

base. 411 
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We trained an ANN that uses as input a set of sorted values extracted from the individual microtremor 412 

spectra. Then, we trained a CNN working directly on images of the microtremor spectra. In both cases the 413 

data were scaled to span a common range of size and values, to make the nets work easier. The nets were 414 

trained on an Italian dataset of H/V curves and tested on an independent dataset of Californian curves, 415 

collected by different instruments but processed in the same way. On a fully independent database 416 

compared to the training one, the two nets respectively showed 81 and 93% accuracy in classifying the 417 

presented input, compared to the human choices.  418 

In this specific task, using a CNN is more convenient than ANN. The former does not require the extraction 419 

of specific input values from the individual spectra (and all the problems connected to the choice of the most 420 

suitable number of input data, for example) but allows to achieve a classification directly from an image. It 421 

must be noted, however, that this is the case because we used a pre-trained CNN where the optimization of 422 

the parameter extraction from the images was already implemented. However, the CNN still seems to have 423 

a slightly larger generalization capability in this case. 424 

Some of the independent examples presented to the networks did not fall in single output class but showed 425 

both artefacts and stratigraphic peaks in the same example. Our training dataset did not include such 426 

phenomenology, but the nets still managed to classify them as belonging with equal probability to two 427 

classes.     428 

These results were obtained on relatively small training databases, composed of approximately 200 examples 429 

and with a large unbalance in number of examples for the three output categories. Such an unbalance 430 

somehow reflects the real-world distribution but can be a limitation in the NN training. 431 

Discriminating artefactual from stratigraphic peaks in microtremor recordings is compulsory before any use 432 

of the data but this is a quite neglected step. It is quite impressive that the H/V curves are still very rarely 433 

analysed together with the individual components of motion, which is where the origin of the peaks can 434 

better be assessed. The proposed approach can support the operators and the automatic processing systems 435 

in their decisions, as well as complement the SESAME criteria. 436 

 437 

Data and Resources 438 

The data used to train the networks come from SC’s personal archive. The data used to test the networks 439 

come are publicly accessible and come from https://pubs.usgs.gov/of/2013/1102/ (last accessed August 440 

2022). The electronic supplement includes two figures  quoted in the text (Figure S1-S2) and information 441 

about the H/V curves used to train the neural nets. 442 

 443 
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Appendix 450 

The SESAME (2004) guidelines recommend ensuring the statistical significance of the H/V peaks before 451 

interpreting them. The H/V curves are generated by splitting the recorded signals into windows and by 452 

computing the spectral ratio on each. The final H/V curve is their average.  Sometimes, isolated disturbed 453 

windows (typically those where the operators stand too close to the seismometer) significantly alter the 454 

spectral ratios. Let us consider the average H/V curve and the corresponding spectra obtained by splitting a 455 

microtremor recording into 70 s windows (Figure A1). The spectrogram (Figure A1e) clearly shows that a few 456 

of these windows significantly differ from the others. Once these transients have been removed (see 457 

Castellaro and Mulargia, 2009 for the procedure followed to remove them), the standard deviation around 458 

the individual spectra and the H/V ratio becomes acceptable and the spectral pattern turns back to its typical 459 

feature (eye-shape around f0) described in Figure 1. 460 

If we present to the networks the uncleaned data (Figure A1a, c) these would be wrongly classified as 461 

stratigraphic while presenting to the networks the cleaned data (Figure A1b, d) turns into a correct 462 

classification. 463 

If we look at the positive side, misclassifications from the neural nets could sometimes mark poorly cleaned 464 

recordings (i.e. recordings where transients were not sufficiently removed).  465 
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  466 

Figure A1. Average H/V curves and their standard deviations recorded at the same site before (a) and after (b) transient removal. 467 
Corresponding individual spectra of motion in velocity and standard deviation for individual components before (c) and after (d) 468 
transient removal. e) Time stability of the H/V curve during the measurement (H/V amplitude in color, time on the x-axis, frequency 469 
on the y-axis) and d) remaining time windows after transient removal.  470 

 471 

 472 
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