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Abstract 

Ground response is an integral part of the dynamic response of the overlying infrastructure. 

When a large number of ground response analyses is needed, for instance in the case of seismic 

hazard analysis on a large geographical scale or, when assessing uncertainty in seismic struc-

tural response due to site effects, computational efficiency is critical. Machine-learning (ML) 

models can predict response at a very low cost and require fewer parameters. An ML procedure 

is proposed here to model the ground response using artificial neural networks (ANNs) and 

deep-learning methods. Ground response is affected by various parameters, including the me-

chanical properties of the underlying soil strata and their geometry. In the current study, soil 

response is assumed elastic while seismic excitation is modelled through harmonic waves with 

unit amplitude and various frequencies in a given range of interest. The physical soil model is 

approximated with a recurrent neural network (RNN), which is combined with long short-term 

memory (LSTM) units to handle time-series data. The RNN model receives as input the har-

monic waves and gives as output the estimated ground acceleration responses. The latter are 

compared against the target output signals derived from conventional ground response anal-

yses to evaluate the accuracy of the model. To train the RNN, the ADAptive Moment estimation 

(ADAM) optimisation algorithm is applied, given its suitability for treating large datasets. To 

increase the computation efficiency of the RNN algorithm, the full-length input signal is split in 

several batches of fixed length. To tune the ML parameters and assess their influence, analyses 

are conducted for two loss metrics, three activation functions, and three batch lengths. It is 

shown that the computational demands of traditional analytical methods could be overcome by 

ML techniques that can efficiently process complex and large datasets of ground responses.  

Keywords: Ground response, Machine Learning, Recurrent Neural Networks, ADAM algo-
rithm. 
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1 INTRODUCTION 

The application of Artificial Neural Networks (ANNs) has become a powerful tool in the 
field of civil engineering as a reliable approach that efficiently treats the trade-off between high 
accuracy and fast numerical procedures e.g. [1], [2]. These computational models compiled 
from neurons are inspired by the human brain's neural networks and are capable of identifying 
complex patterns and relationships within data.  

The key step to develop a reliable model is the compilation of large datasets either experi-
mentally e.g. [3], [4] or analytically e.g. [5], [6]. Then, ANNs can learn from the data and once 
validated, can replace traditional analytical methods, which would require substantial compu-
tational time for modeling nonlinear and complex behaviour [7]. While training a reliable model 
(e.g. the dynamic response of a complex structure) requires extensive computations, once the 
model trained, its application to predict structural response would be very fast. Therefore, the 
use of ANNs in civil engineering has been gradually extended to cover several aspects from the 
prediction of failure modes of structural members [3] to heating energy demand of buildings [8] 
and reliability analysis [9]. 

In the context of dynamics, ANNs have been used to predict how structures respond to var-
ious dynamic loads such as earthquakes [10], wind [11], [12], and traffic-induced vibrations 
[13]. A detailed reference of ANN application in dynamics can be found in [14] updated here 
with some recent and relevant to the context of this study papers. The use of ANNs in this 
domain offers several advantages: ANNs can provide rapid predictions [15], [16], which is cru-
cial for real-time monitoring [10] and control [17], [18] applications, minimising data require-
ments [19]. Additionally, ANNs can be employed to identify damage [20] or changes in 
structural behavior over time [21], enhancing the capability for structural health monitoring. 
Data-driven [22] and physics-informed [23], [24] training of the ANN have been carried out 
with merits and drawbacks. 

Dynamic response of soil includes several complexities and uncertainties, while there is of-
ten lack of sufficiently available data on soil properties, such as the shear wave velocity [25], 
which is critical for estimating seismic wave amplification. Machine learning (ML) models 
offer the possibility to estimate critical soil parameters [25] and run multiple analyses for vari-
ous soil property combinations with minimal computational cost [26]. ANNs have been applied 
to estimate soil amplification considering time-dependent and time-independent multiple layer 
perceptrons to train the ANN model with response spectra, real and synthetic ground motions 
[26]. 

In terms of applied methods, the recurrent neural networks (RNNs) are commonly used, e.g. 
[11], [26], [27], as they offer the ability to handle better sequential data. RNNs have been im-
plemented in several applications, either in the frequency domain e.g. [10], [26] or in the time 
domain [26], [28], [29]. Other options can be convolutional neural networks (CNNs) [30], [31] 
or graphical neural networks (GNNs) [32].  

The advantage of RNNs is that the input for every neural unit (cell) includes time-delayed 
parts (history) of the input and output signals (recursive process), together with a hidden layer 
that is combined with a dense layer form the structure of RNNs. RNNs fused with long short-
term memory (LSTM) [33] can be used effectively in long time series data. The LSTM layer is 
an improved version of RNN recursive process for dealing with long time-series data through 
a selective memory process. The LSTM cell is designed with an architecture that allows to 
maintain and update information over long durations. This is done through interacting layers 
and memory gates without vanishing or exploding the gradients of the loss function during 
training of the network. In every cell, apart from the input and output gates, two additional gates 
exist, which retain recent memory (‘update gate’) and discard the old one (‘forget gate’). These 
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gates control the gradients of the loss function by not allowing them to vanish or explode and 
to keep the relevant long-term information.  

The LSTM ability to control memory through this gate structure makes it highly effective 
for dynamic response and time-series prediction [34], where the effect of long-term dependen-
cies is highly evident. The RNN weights and biases are obtained through a training process, 
which is based on an optimisation process that minimises a selected loss function, such as the 
mean square error (MSE). ADAM [35] has been found to be an adequate optimisation algorithm 
for RNN training [12], [30]. 

In this study, RNNs are used to estimate soil response in the time domain. The performance 
of this ML algorithm is evaluated in terms of its capacity to capture the response of an elastic 
soil profile subjected to harmonic wave excitations at the bedrock, considering a range of exci-
tation frequencies. The presented research work forms a first step towards considering non-
linear soil dynamics under real seismic records at bedrock.  

2 PHYSICAL SOIL MODEL AND GROUND RESPONSE ANALYSIS 

2.1 Soil profile 

For the numerical evaluation of the proposed method, a soil profile is assumed with a depth 
of 66 m above bedrock. The considered soil profile comprises three soil layers with the proper-
ties reported in Table 1. As shown in Fig. 3, the shear wave velocity, Vs, is assumed to increase 
with depth, taking values in the range of [150, 550] m/s (see also Table 1). A constant mass 
density at ρ=2200 kg/m3 and a constant damping ratio at 2% are assumed across the entire soil 
profile. The assumed properties of the bedrock are Vs=1100 m/s and ρ=2396 kg/m3, and the 
interface between the bedrock and Layer 3 is considered the reference elevation level. 

Layer Depth Thickness  Shear wave velocity (Vs)  Shear Modulus (G) 
[m] [m] [m/s] [MPa] 

1 0.0 51 150 49.55 
2 -51.0 6 450 445.91 
3 -57.0 9 550 666.11 

Bedrock   -66.0 - 1100 2899.16 
Table 1: Soil properties. 

Figure 1: The soil profile. 

231



LAS. Kouris, K. Gkoktsi, KI. Gkatzogias, DA. Pohoryles, G. Tsionis and E. Krausmann 

The last column of Table 1 gives the shear modulus, G, of the soil layers and bedrock, esti-
mated from the shear velocity, Vs, and the mass density, ρ, according to Eq. (1).  

𝐺 = 𝜌 ∙ 𝑉𝑠
2 (1) 

2.2 Soil response 

To simulate the soil, an elastic 1D model is developed using the SeismoPy code [36], [37] 
in Python considering the elastic properties of the soil presented in Table 1. Linear ground 
response analyses are performed for a series of 100 harmonic waves, 𝑥(𝑡), applied to bedrock, 
according to the expression 

𝑥(𝑡) = 𝐴 ∙ sin⁡(2𝜋𝑓𝑡) (2) 
In Eq. (2), A is the acceleration amplitude equal to 1g, with g=9.81 m/s2 being the accelera-

tion of gravity, f is the excitation frequency ranging from 0.05 to 5 Hz, and t is the time-vector 
with a duration of 20s, sampled at dt = 0.01s, and pertaining to 2000 sample points. The accel-
eration response signals at the ground surface are obtained from the 1D ground response anal-
yses results (i.e., the “target” signals for the ML algorithm). Fig. 2 plots together the input 
(excitation) and output (ground response) signals for six excitation frequencies and a duration 
of 0.3s.. From this figure, the input/output differences in terms of amplitude and phase are read-
ily observed. Fig. 2 also indicates the resonance phenomenon, which occurs at excitation fre-
quencies closer to the natural frequencies of the soil profile. This phenomenon is manifested 
with the increase of the ground response amplitude relatively to the amplitude of the excitation 
signal at bedrock. 

Figure 2: Bedrock excitation overlaid with ground acceleration response for six excitation frequencies (for the 
first 1.5s). 
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To better capture the resonance phenomenon, the transfer function of the soil profile is com-
puted from the ratio of the output acceleration response signals on the ground surface over the 
input signals at the bedrock in the frequency domain and plotted in Fig. 3. The transfer function 
carries the information of the natural frequencies of the soil profile, which are retrieved from 
the location of the peaks in the left panel of Fig. 3. Table 2 presents the estimated natural fre-
quencies, fn, at the first five modes of vibration of the considered soil profile, which are between 
0.70 Hz and 6.30 Hz. The latter justifies the selected frequency range, f= [0.5, 5] Hz, for the 
excitation signals at bedrock. For the input/output signals shown in Fig. 2, the highest signal 
amplification is observed at f=3.55 Hz, which is close to the natural frequency of the soil profile, 
fn=3.50 Hz, at its 3rd mode of vibration.  

Figure 3: Transfer function of the soil profile; amplitude (left) and phase (right). 

Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 
fn (Hz) 0.70 2.10 3.50 4.90 6.30 

Table 2: Natural frequencies of the considered soil profile at the first five modes of vibration. 

3 RECURRENT NEURAL NETWORK (RNN) WITH LONG SHORT-TERM 

MEMORY (LSTM) 

3.1 Architecture 

An ANN typically comprises an input layer, one or more hidden layers and an output layer. 
RNN offers the ability of a feedback mechanism to convey memory in sequence data (Fig. 4a) 
between time steps. To achieve this, the hidden layer consists of a recursive procedure where 
memory loops after each time step connected with a dense layer. Therefore, the key character-
istic of RNN is that it feeds an input layer to the next moment neuron to establish its output 
layer.  

Training of an ANN involves the update of the weights of the neurons. A single forward pass 
through the network, followed by backpropagation through time (BPTT) are performed to train 
the RNN network [38]. 

Fig. 4b presents the LSTM architecture, emphasising the flow of information within the 
LSTM cell, i.e., the incoming information from the previous state and the outgoing information 
that feeds the next step. The cell state memory retains the long-term memory of the network, 
allowing information to persist over time.  

LSTMs use gates to control the flow of information and determine the cell state (Fig. 4b). 
The forget gate determines what information to discard from the previous hidden state using an 
activation function. The hidden state is the output of the LSTM cell at each time-step and serves 
as input to the next cell in the time-sequence. It encapsulates the current output information of 
the cell. The input gate decides which new information to add to the cell state. The update gate 
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adjusts the information in the LSTM unit, with the new cell state consisting of two components: 
one selectively forgets information based on previous cell state, and the other is derived by 
multiplying it with the candidate cell state from input gate.       

The new cell state is updated by combining the previous cell state that is scaled by the forget 
gate, and the update gate that is scaled by the input gate. The output gate determines the next 
hidden state by combining data from current and previous states. It controls the information to 
be outputted from the cell state, using a combination of a sigmoid function of the updated cell 
state. At any time, the inputs to the LSTM cell are the previous hidden states and the current 
input vector.  

 

 

 

(a) (b) 

Figure 4: (a) Schematic representation of the RNN structure that includes the input (IN), the LSTM, the dense 
(DL), and the output (OUT) layers. (b) The LSTM unit structure to handle information between time steps and 
determine current state (CS) and hidden state (HS) with four gates included: the forget gate (FG), the input gate 

(IG), the update gate (UG) and the output gate (OG). 

3.2 Recurrent neural network (RNN) with long short-term memory (LSTM) and dense 

layer 

The model is simulated in Python using the Keras library. The input is ‘sliced’ in a given 
number of batches, B, of fixed length, L, to reduce the computational cost of processing an 
entire harmonic wave of N=2000 sample points in one step (i.e., B analysis steps are performed, 
pertaining to B time-sequences of length L, with N=B×L). This approach improves the ability 
of the model to capture patterns and relationships among the batches [39]. To this end, the input 
layer receives the excitation input at bedrock as a 3D array whose first dimension is equal to 
the time-domain support of the full-length signal (i.e. N), the second dimension is equal to the 
length of the batches (i.e. L), and the third one is equal to the number of features (e.g. soil 
profiles). In the numerical example herein, the third dimension is equal to one given that a single 
soil profile is considered. 

Three LSTM and two dense layers are applied: 
 LSTM layer 1with 128 units. This layer processes the input sequence and outputs a se-

quence of values with matrix dimensions (N × L × 128). 

 LSTM layer 2 with 96 units. This layer processes the output of the first LSTM layer and 
outputs a sequence of values with matrix dimensions (N × L × 96). 

IN DL OUT

LSTM

FEED
IN

G
 N

EX
T LSTM

 C
ELLP

R
EV

IO
U

S 
LS

TM
 C

EL
L

FG IG UG

CS

IN

OUT

HS

CS

HSOG

product

sum

sigmoid

234



LAS. Kouris, K. Gkoktsi, KI. Gkatzogias, DA. Pohoryles, G. Tsionis and E. Krausmann 

 LSTM layer 3 with 64 units. This layer outputs only a single value for each sample in the
batch. It processes the output of the LSTM layer 2 and outputs a value with shape (L × 64).

 Dense layer 1 with 32 units and an activation function. This layer processes the output of
the third LSTM layer and outputs a value with shape (L × 32).

 Dense layer 2 with one unit and no activation function. This layer processes the output of
the first dense layer and outputs a single value, i.e. the response of the ground at the surface.
Its shape has dimensions (N × 1).

The two dense layers in the model are used to transform the output of the LSTM layer into 
the final predicted sequence. The dense layer 1 is used to introduce non-linearity into the model 
and to reduce the dimensionality of the output from the LSTM layer. The dense layer 2 is used 
to produce the final predicted sequence. The number of units in this layer is equal to the number 
of features in the input data, which means that the model is predicting one sequence of output. 

Using two dense layers instead of one is beneficial for several reasons, i.e.: 
 Improved feature extraction: The first dense layer can help to extract more complex fea-

tures from the output of the LSTM layer, which can improve the accuracy of the model. 

 Better handling of non-linear relationships: The ReLU activation function in the first dense
layer can help handle non-linear relationships between the input data and the output data.

 More flexible output: The second dense layer can produce a more flexible output, which
can be beneficial for sequence-to-sequence problems where the output time-sequence can
have a different length or structure than the input time-sequence.

However, using two dense layers also increases the complexity of the model and can lead to 
overfitting if the model is not regularised properly. In general, the choice of the number and 
type of dense layers depends on the specific problem and the characteristics of the data. 

4 TUNING THE RECURRENT NEURAL NETWORK (RNN) WITH LONG 

SHORT-TERM MEMORY (LSTM) PARAMETERS 

4.1 Loss metric 

The choice of the loss metric influences the performance of the optimisation algorithm that 
minimises the loss function. Two loss metrics have been assessed in this study, i.e.: (i) the mean 
square error (MSE), and (ii) the mean absolute error (MAE), which are computed for the pre-
dicted/estimated ground response signals with respect to the pertinent target signals derived 
from the 1D ground response analyses.  

For the two considered loss metrics, the performance of the RNN network and the ADAM 
optimisation algorithm is compared in Fig. 5a in terms of validation loss versus epochs. Fig. 5a 
shows that the loss curves coincide for the two loss metrics, confirming that the RNN network 
using the ADAM algorithm has the same performance for both loss metrics. 

4.2 Activation function 

The Rectified Linear Unit (ReLU) activation function is commonly used in deep learning 
models because it is computationally efficient and helps to avoid the vanishing gradient prob-
lem. ReLU maps all negative values to 0 and all positive values to the same value.  

ReLU(x) = max(0, x) (3) 

235



LAS. Kouris, K. Gkoktsi, KI. Gkatzogias, DA. Pohoryles, G. Tsionis and E. Krausmann 

(a) (b) (c) 

Figure 5: Loss vs. epochs: (a) for two loss metrics MSE and MAE, (b) for three activation functions (ReLu, sig-
moid, tanh), and (c) three batches length with L1=20 (Seq_20), L2=50 (Seq_50) and L3=100 (Seq_100) samples. 

ReLU activation function has been applied to all hidden layers. However, a number of dif-
ferent activation functions could be applied for Dense Layer 1. In this study, the performance 
of the RNN algorithm has been assessed with two additional activation functions, i.e.: (i) the 
sigmoid, and (ii) the hyperbolic tangent given in Eq. (4) and Eq. (5), respectively  

𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) =
1

1+𝑒−𝑥
(4) 

tanh(𝑥) =
𝑒2𝑥−1

𝑒2𝑥+1
(5) 

For the three activation functions, the obtained results from the RNN analyses are compared 
in Fig. 5b in terms of validation loss versus epochs. Fig. 5b confirms the better performance of 
the linear activation function that yields significantly lower loss values compared to the sigmoid 
and the hyperbolic tangent activation function. This better performance is consistently observed 
for all examined epochs. 

4.3 Batch length 

To increase the computation efficiency of the ML algorithm, the input signal to the RNN 
model is split in B batches of length L (see also sub-section 3.2). The length of the batch plays 
an important role in the model as the longer the batch is (i.e. higher L value), the more complex 
patterns in data can be captured. This comes at the cost of increased computational time per 
batch, although fewer analysis steps are required) to process the entire input signal of length N. 
The number of batches, B, governs the number of analysis steps. However, there is the possi-
bility of data overfitting as the batch length increases. On the other hand, a shorter-length batch 
can lead to a faster convergence despite that the number of analysis steps are increasing, but 
complex patterns in data may not be adequately captured. To evaluate the trade-off between 
computational efficiency of the RNN algorithm versus accuracy in data pattern identification, 
a parametric analysis was carried out using three different pairs of number of batches and asso-
ciated length: (i) B1=100 batches, L1=20 samples, (ii) B2=40 batches, L2=50 samples, and (iii) 
B3=20 batches, L3=100 samples. Fig. 5c compares the derived error plots in terms of loss versus 
epoch. This figure proves that the most accurate analysis for the longer batch with L3=100 sam-
ples yields the same loss value with the other cases after three epochs at a reasonable analysis 
duration. 
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5 ML-BASED SOIL MODEL AND APPROXIMATION OF GROUND RESPONSE 

ANALYSIS 

The dataset, consisting of 100 input and output signals (i.e. bedrock harmonic waves and 
ground acceleration responses), each with 2000 samples, was divided into training andvalida-
tion sets. Each signal was split with a ratio of 80% for training and 20% for validation. Initially, 
the model is trained on the first input/output dataset at one excitation frequency and subse-
quently updated for the remaining input/output datasets at the other frequencies. 

The analysis resulted in very good estimates as can be observed in the predicted signals 
presented in Fig. 6 versus the target ground response signals derived from the 1D ground re-
sponse analyses. To assess the accuracy of the ML-based soil response, the MSE and the MAE 
are computed between the predicted and the target output signal for each excitation frequency. 
The obtained MSE and MAE results are presented in Fig. 7 with respect to the vector of exci-
tation frequencies. As the MSE yields lower values compared to the MAE, thus it is selected as 
the preferred loss metric thereafter. The MSE is well below 0.1 g2 in almost all excitation fre-
quencies except those around the natural frequencies of the soil profile due to the resonance 
phenomenon and the amplification of the soil responses (see also section 2.2 and Table 2). For 
the first natural frequency at fn=0.70 Hz, the MSE reaches 0.5 g2, while for the second one at 
fn=2.10 Hz the MSE is below 0.1 g2. As the ground responses were not scaled, small differences 
are expected between the actual and estimated response in highly amplified signals, resulting 
in higher MSE values. Similar observations hold for the MAE versus the excitation frequencies 
in Fig. 7, attaining its maximum value around the resonant frequencies of the soil profile. 

Figure 6: Comparison of the numerical and RNN prediction responses. 
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Figure 7: Error in terms of MSE and MAE versus the excitation frequencies of the input signals. 

6 VERIFICATION TEST 

A verification test is carried out using unknown harmonic signals to the RNN model, per-
taining to five different frequencies (see Eq. 2) from those used to train and validate the model. 
The frequencies of the verification signals are listed in Table 3. 

Excitation 1 2 3 4 5 
f (Hz) 0.062  0.169 0.275 0.381 0.487 

Table 3: Frequencies of the verification signals. 

Fig. 8 plots together the ground response predictions and the target output, while the associ-
ated MSE is given at the bottom right side of the figure. The computed MSE is of the same 
order as in the training/validation datasets, not exceeding the value of 0.005 g2. 

Figure 8: Verification test of the model. 
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7 CONCLUSIONS  

In this paper, RNNs with LSTM units have been used to simulate the dynamic soil ampli-
fication and predict the ground acceleration responses due to  excitations at bedrock. The 
architecture of the employed RNN network comprises three LSTM units and two dense layers. 
For the numerical evaluation of the ML-based approach, a 66-meter-thick soil profile with 
three soil layers above bedrock isassumed. Using the SeismoPy code in Python, 1D linear 
ground response analyses are conducted to derive the target ground acceleration responses. 
For the execution of those analyses, harmonic excitation signals are applied at the bedrock, 
considering 100 excitation frequencies around the first five modes of vibration of selected 
soil profile. A verification test showed the efficiency of the model in terms of both accuracy 
and time. From the training and validation of the RNN algorithm, the following concluding 
remarks are drawn:   

 The RNN with the LSTM units can effectively capture the response of the soil with a rel-
atively small number of epochs. 

 The RNN algorithm is efficient when the model is trained with batches of 100 samples of 
the excitations, given that the required computation time is acceptable. 

 The linear activation function is proved more efficient compared to the sigmoid and the 
hyperbolic tangent functions. 

 The MSE and MAE metrics to estimate loss function presented no difference. 
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