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Abstract 
The significance of artificial intelligence in contemporary human activities 
cannot be underestimated. Although the application of this technology in 
structural engineering is not recent, advancements in computational capacity 
and recent developments in artificial neural networks have introduced a new 
range of possibilities and a distinct perspective on addressing complex engi-
neering problems. The dynamic analysis of tall structures under wind action 
stands for an overly complex engineering challenge. In this context, this re-
search aims to develop two computational solutions: the first generates syn-
thetic wind gusts and models their static and dynamic loads, while the second 
employs support vector regressions and deep neural networks to predict the 
temporal response (maximum horizontal displacements) of a reinforced con-
crete building subjected to these synthetic wind loads. The results are analyzed 
and compared with responses obtained from the finite element software Ansys 
Mechanical. This study explores emerging domains in structural and compu-
tational engineering, as, although machine learning algorithms are not ex-
haustively addressed, their application to predict structural behavior under 
complex dynamic loadings is investigated. 
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1. Introduction 

Artificial Intelligence is an interdisciplinary field that integrates studies from com-
puter science, statistics, mathematics, psychology, and neuroscience to replicate 
human cognitive functions through artificial means. One of the earliest strategies 
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to simulate human cognition was to define “knowledge” as a collection of interre-
lated facts. It was believed that, once a database of “knowledge” on a specific topic 
was constructed, its inherent interconnections could be revealed, and rules could 
be created to answer any questions. To this end, algorithms were developed with 
the ability to learn to identify these interconnections. The area of Artificial Intel-
ligence where algorithms possess this capability is called Machine Learning. In 
this area, algorithms are created and refined through training data without explicit 
programming. Machine Learning programs can thus identify patterns in complex 
data under uncertainty through learning. One form of learning from training data 
is through message-passing architectures, which model artificial intelligence 
based on information transfer, as in human neural networks. Artificial Neural 
Networks (ANNs) are Machine Learning algorithms that utilize this model. 

Among the Artificial Neural Networks developed, Convolutional Neural Net-
works (CNNs) have proven highly efficient in image recognition and computer 
vision due to their intrinsic relationship with processing two-dimensional tensors, 
such as pixel matrices of images. This enables the use of images to address struc-
tural engineering problems. Such images can efficiently train a CNN to predict 
results. A study using images as training data was conducted by Xue, Xiang, and 
Ou [1]. To predict the displacement of transmission towers under wind action, 
they transformed graphical images of input data (wind velocity over time) and 
output data (horizontal displacement of the tower top over time) into pixel ma-
trices. As CNNs are optimized for image processing, they identify complex pat-
terns in this manner. Simulations were performed using the Ansys software to 
generate outputs (displacements of the tower top) as a function of horizontal wind 
velocities over time. Once trained, the Convolutional Neural Network can predict 
the ‘displacement vs. time’ graph when new input data are provided. The results 
were compared to those obtained by Ansys and proved highly accurate. 

2. Literature Review 
2.1. Synthetic Wind for Computational Models 
2.1.1. Mean and Fluctuating Wind Velocity 
“Wind is nothing more than the movement of air masses resulting from variations 
in their heating by the sun. Certain regions are more intensely heated, causing the 
air to rise and be replaced by cooler air masses moving in at specific velocities. As 
these moving air masses experience friction with the Earth’s surface, their veloci-
ties vary with altitude, increasing until they reach heights where they become rel-
atively constant. (...) Wind, therefore, also possesses kinetic energy due to the 
mass of air set in motion” [2]. 

To simulate wind action in computational systems, it is necessary to consider 
its specific characteristics. According to Boggs, Dragovich [3], wind is a dynamic 
and stochastic phenomenon, both in time and space. Wind speed can be described 
as a mean value over which random fluctuations are superimposed. The mean 
wind speed increases with height above ground level, and there is no clear corre-

https://doi.org/10.4236/ojce.2025.153019


G. Cristante Izar, R. M. Lopes Rebello Da Fonseca Brasil 
 

 

DOI: 10.4236/ojce.2025.153019 343 Open Journal of Civil Engineering 
 

lation between fluctuations at different altitudes. Furthermore, these fluctuations 
are also random over time: waveforms do not repeat, and wind speed at any given 
moment can be described statistically but not predicted precisely. 

According to Wahrhafti, Da Silva, and Brasil [4], wind speed is analyzed by 
considering two components: the mean wind speed and the fluctuating wind 
speed. The mean wind speed induces static loads, while the fluctuating component 
manages dynamic loads. 

To generate artificial wind gusts that simulate natural characteristics, both the 
static and fluctuating components of wind loads must be included, along with an 
understanding of their probabilistic nature. According to Wieringa [5], the gust 
factor—defined as the ratio between the peak gust speed and the mean wind speed 
over a given interval—depends on terrain roughness, atmospheric stability, and 
other factors. In the most common case, under neutral conditions and average 
roughness, a gust factor of 1.20 is used, indicating gusts approximately 20% higher 
than the mean (i.e., the ratio between the instantaneous peak wind speed and the 
mean wind speed calculated over a longer time interval). This research adopts a 
gust factor value of 1.20. 

Another important concept is atmospheric stability, as defined by Stull [6]. 
Since air temperature varies with height above the ground, it also influences wind 
behavior with altitude and its interaction with structures. Atmospheric stability is 
classified into three categories: neutral (50% probability), unstable (30% probabil-
ity), and stable (20% probability). These conditions decide whether the air tends 
to rise, descend, or remain at the same level. Unstable conditions amplify dynamic 
wind loads, while stable conditions reduce them. In this research, a multiplication 
factor of 1.50 is applied to gust wind speed under unstable conditions, and a factor 
of 0.70 under stable conditions. 

Finally, to artificially generate wind speeds that function as loads on the struc-
ture proposed in this study, we use the stochastic nature of wind gusts. Brasseur 
[7] suggests that wind gusts depend on the components mentioned above (gust 
factor and atmospheric stability) and occur randomly, yet have a significant im-
pact on structures. This approach is used in the research to generate not only var-
iations in basic wind speed but also the occurrence of gusts incorporating these 
probabilistic factors, thereby computationally simulating real wind actions on 
structures. 

2.1.2. Wind Power Spectrum and Dynamic Loads 
The ABNT NBR 8800 [8] requires a dynamic analysis model to verify the struc-
tural behavior of buildings whose height exceeds five times the smallest horizontal 
dimension and is greater than fifty meters, while ABNT NBR 6123 [9] emphasizes 
the importance of dynamic effects in buildings with a fundamental period greater 
than one second. In this regard, we highlight the importance of understanding the 
dynamic effects of wind on structures for computational simulations. Brasil and 
Silva [2] note that there are currently models that adopt frequency-domain-based 
methods and perform this stochastic and dynamic wind analysis satisfactorily. 
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They cite the “synthetic wind” method proposed by Franco [10], which is used in 
this research and described in this chapter. This method uses the decomposition 
of the wind velocity power spectrum into harmonic components. The power spec-
trum describes how the power of a stochastic excitation, in this case, wind fluctu-
ations, is distributed as a function of frequency. This method also defines a spatial 
correlation for each harmonic component, i.e., how each component behaves 
along the structure’s height, considering the gust center. 

As seen in the previous chapter, wind velocity is a random variable that can be 
divided into mean velocity and fluctuating velocity: 

( ) ( )V t V v t′= +  

• V : mean component of the wind velocity. 
• ( )v t′ : fluctuating component (turbulence). 

The peak wind pressure, in N/m2, according to ABNT NBR 6123 [9], is mod-
elled as a function of height: 

( ) 2
30.613P z v= ⋅  

where v3 is the peak velocity for a 3-second period at height z: 

( ) 3
3 0 1 3 ,II 310 p

rv V S b F z S= ⋅ ⋅ ⋅ ⋅ ⋅  

V0 is the basic wind velocity; b3, p3, and Fr,II are meteorological parameters defined 
by ABNT NBR 6123, (1988) (Table 21, p. 42). For this research, with terrain in 
category IV, we have b3 = 0.86, p3 = 0.12 and Fr,II = 1. The total pressure P forms 
the mean part P  and the fluctuating component P′ . 

P P P′= +  

Also based on ABNT NBR 6123 [9], the ratio of mean wind pressure (P600 for 
10 minutes) to peak wind pressure (P3 for 3 seconds) is calculated, showing that 
the mean pressure P  represents 48% of the peak pressure, and consequently, the 
fluctuating pressure P′  represents 52% of the peak pressure. 

2
2600 600

3 3

0.69 0.48P U
P U

 
= = = 
 

 

The equation presented for the wind velocity power spectrum is adopted by the 
National Research Council Canada [11] and describes the energy distribution of 
wind velocity fluctuations across different frequencies: 

( )
( )

2

2 4 32
0

12204 and
1

nS n x nx
Uu x∗

= ⋅ =
+

 

where: 
• S(n): spectral density of wind velocity—energy of wind fluctuations per unit 

frequency (m2/s2/Hz). 
• u∗ : friction velocity—depends on terrain roughness (m/s). 
• U0: mean wind velocity at 10 m height above open terrain (m/s). 
• n: frequency (Hz). 
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To estimate the wind friction velocity ( u∗ ), we used the formula based on the 
logarithmic wind velocity profile [12]: 

( )
0

lnu zu z
zκ

∗  
=  

 
 

The fluctuating pressure along the structure (standing for 52% of the peak pres-
sure) constitutes a random Gaussian process that can be represented through a 
Fourier integral. Instead of an infinite number of functions, the fluctuating pres-
sure can be approximated by a finite number m of harmonic functions chosen so 
that their periods uniformly cover the time interval of interest, with one of them 
having a period coincident with the structure’s fundamental period. The periods 
of the other functions will be multiples or submultiples of TR by a factor of two. 
We consider the approximate representation of the fluctuating pressure: 

( )
1

2cos
m

k k
k r k

p t C t
T r

θ
=

 π′ − 
 

∑  

where the phase angle theta is chosen arbitrarily and used to introduce random-
ness in the wind simulation, and 

( )( )
2 dk k

C S n n= ∫  

is the amplitude of the k-th harmonic part. 

2k r
kr

−=  

is the ratio of harmonic periods to the fundamental period. 
To distribute this total fluctuating pressure among the m harmonic compo-

nents and ensure that the sum of fluctuating pressures correctly represents 52% 
of the total wind pressure on the structure, the amplitudes of the harmonic com-
ponents are normalized: 

1
m

k
k k

kk

Cp p c p
C

=

′ ′ =⋅= ⋅ ′
∑

 

kp′  is the contribution of the k-th part of the fluctuating pressure, and ck is the 
fraction of fluctuating energy attributed to part k. The harmonic part whose pe-
riod equals the structure’s resonant period (denoted by index r) can cause overes-
timation of the structural response if not controlled. To avoid this, the weight cR 
is redistributed as follows: 

2
r

r
cc∗ =  ( ) ( )1 1 4

r
r r

cc c∗ − −= +  ( ) ( )1 1 4
r

r r
cc c∗ + += +  

The pressure fluctuations at different points of the structure are not perfectly 
correlated. Therefore, the concept of an “equivalent gust” with finite height is used 
to represent the average wind effect over a certain height segment of the structure. 
The vertical coherence, which measures how wind fluctuations remain correlated 
between two points vertically separated by Delta z for a frequency nk, is: 

( )
0

7, exp k
k

z nCoh z n
U

 ⋅∆ ⋅
∆ = − 

 
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And the height 0kz∆  of the equivalent gust is: 

( ) 0
0 0

0

142 exp d
7

k
k

k

z n Uz z
U n

∞  ⋅∆ ⋅
∆ = − ∆ =  ⋅ 

∫  

The pressure fluctuations are thus applied with amplitudes decreasing linearly 
from the gust center, assuming a triangular distribution with a total height of two 

0kz∆ . 

3. Objective 

The objective of this research is to train machine learning algorithms, using data 
obtained from computational software employing FEM, to predict the maximum 
displacements in a reinforced concrete building during synthetic wind gusts gen-
erated by a numerical method. A regression in supervised machine learning is 
used, where the algorithm learns the relationship between inputs and outputs and 
generates a predictive model.  

Initially, for the research, a reinforced concrete building model is created in the 
Ansys Mechanical software. This building is subjected to synthetic wind forces 
over time on one of its external faces. For this, the forces on each floor of the 
building are calculated for each wind velocity and input into the Ansys Mechani-
cal software, which provides the responses of interest to the research: maximum 
horizontal displacements. With the input data (mean wind velocities) and output 
data (maximum displacements), the ground truth is constructed. 

The ground truth data are used to train a machine learning algorithm. Through 
this data, the algorithm extracts patterns and “understands” the behavior of the 
reinforced concrete structure of this building, i.e., it learns the relationship be-
tween inputs and outputs, generating a trained Machine Learning model. With 
the trained Machine Learning model, it is possible to predict the displacements of 
this building under any wind gusts with any velocities. 

The response of the trained model to new gusts is immediate, i.e., it does not 
require the processing time and cost that would be necessary if using Ansys Me-
chanical or any other FEM software. The trained machine learning model has thus 
constructed a multi-degree polynomial regression that responds accurately to any 
inputs and can therefore find the maximum displacements of this building under 
any new wind gust, at an extremely low computational cost. To verify the quality 
of the responses generated by the trained ML model, three different test sets with 
synthetic wind are used. The same test sets are input into Ansys Mechanical and 
the trained ML model. The results are compared and analyzed. 

4. Methods 
4.1. Building Structure 

A reinforced concrete building model with thirty-two floors was created for re-
search. Slabs with a thickness of 12 cm were included on all floors. The floor-to-
floor height of all floors is three meters. 
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4.2. Modal Analysis of the Structure 

Modal analysis of the structure was performed using Ansys Mechanical to obtain 
the natural vibration frequencies of the structure. The result obtained for the fun-
damental frequency was 0.24335 Hz. Thus, we obtain the fundamental period TR 
of the structure: 4.109 seconds. This value is used to determine the value corre-
sponding to the resonant harmonic function in the spectral decomposition of fluc-
tuating pressures in the synthetic wind method, through the equality: 

k r kT T r= ⋅  

4.3. Wind Action 
4.3.1. Mean Velocities of Synthetic Wind 
The synthetic wind was generated computationally using the Python program-
ming language. A total of 300-time instants were generated, each occurring every 
8 seconds, totaling 2400 seconds. At each of the three hundred instants, a mean 
wind velocity was generated, and thus each of the three hundred mean wind ve-
locities remains unchanged for 8 seconds. The velocity of the first instant is de-
fined: 32 m/s. 

The gust factor is defined with a value of 1.20, and the probabilities of random 
occurrence of atmospheric stabilities—neutral, unstable, and stable (50%, 30%, 
and 20%, respectively)—are set. When unstable, the gust factor is multiplied by 
1.50, and when stable, it is multiplied by 0.70. 

The mean wind velocities are generated randomly, with each instant (every 
eight seconds) being up to 10% higher or lower than the earlier velocity. Occa-
sional gusts occur arbitrarily with a 5% probability, affecting the variation of the 
mean wind velocity, and their value depends on atmospheric stability and the gust 
factor. When the wind velocity crosses the lower threshold of 15 m/s, there is an 
80% probability of increasing. When it crosses the upper threshold of 45 m/s, 
there is an 80% probability of decreasing. 

Four synthetic wind sets were generated: one training set with 792 seconds (99 
mean velocities varying every 8 seconds) and three test sets with four hundred sec-
onds each (50 mean velocities varying every 8 seconds), illustrated in Figures 1-4. 

The gust parameters, including gust factor variations and atmospheric stability 
probabilities, were designed to produce unseen gust patterns in the test sets, dif-
fering from those in the training data. To prevent data leakage, the test sets were 
strictly isolated during the hyperparameter tuning process. Specifically, the grid 
search for Support Vector Regression (SVR) hyperparameters was conducted us-
ing cross-validation solely on the training data, and the Deep Neural Network 
(DNN) validation set (20% of the training data) was also derived exclusively from 
the training set, ensuring that no samples from the test sets influenced the model 
optimization. 

These figures clearly show the randomness of the values with the occurrence of 
sporadic gusts, showing that the algorithm correctly simulates the stochastic na-
ture of wind. 
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Figure 1. Training speed vs. time. 
 

 

Figure 2. Test speed 1 vs. time. 
 

 

Figure 3. Test speed 2 vs. time. 
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Figure 4. Test speed 3 vs. time. 

4.3.2. Fluctuations of Synthetic Wind 
As mentioned earlier, the mean wind velocities remain constant during the eight 
seconds between each value change. Throughout all synthetic wind sets, time-var-
iable wind fluctuations occur, dependent on the mean wind velocity and height 
relative to the ground. The time step Δt was defined for generating the values of 
synthetic wind fluctuations: 

0.20 seconds
20

rTt∆ < =  

A small Δt compared to the fundamental period was chosen to ensure adequate 
representation of higher modes [13], which are important in dynamic loadings, and 
to obtain a more complete structural response under wind action. At the end of the 
algorithm generating the synthetic wind, we have the wind pressures (mean and 
fluctuating) on all floors of the building every 0.2 seconds. The pressures are trans-
formed into forces and used to find the horizontal displacements over time in Ansys 
Mechanical and to train and test the machine learning models. The power spectrum 
of the fluctuations was divided into 11 harmonic functions (m = 11) and the reso-
nant index k = 4 and the resonant index k = 4 corresponds to the harmonic function 
whose period is resonant with the structure’s fundamental mode. 

4 4.109 srT T= =  ( )4 4
4 2 1r −= =  

The terrain roughness (for calculating the wind friction velocity) is 0.3 meters. 
The topographic factor (S1) and statistical factor (S3) have a unit value. The gust 
center is forty-eight meters above ground. The drag coefficient (in low turbulence) 
is 1.39, obtained from ABNT NBR 6123 [9]. The phase angles are random values 
between 0 and 2π. 

Python code was created to generate the pressures and forces on the building 
floors as a function of time and the mean velocities of the synthetic wind, as shown 
in Appendix A.1. The forces are calculated for each floor using the formula: 
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a a eF C q A= ⋅ ⋅  

The pressures, in kN/m2, generated by the 11 harmonic functions (wind fluctu-
ation) during the first eight seconds (V = 32 m/s) at height z = 48 meters are shown 
in Figure 5. 
 

 

Figure 5. Floating pressure vs. time. 
 

 

Figure 6. Spatial correlation of synthetic wind gusts. 
 
Figure 6 shows the equivalent gust value for the first six harmonic functions for 

the first eight seconds (V = 32 m/s), and Figure 7 shows the forces as a function 
of time at various heights. Due to the spatial correlation factor (equivalent gust), 
higher frequencies are attenuated as the distance from the gust center increases. 
The forces, in kN, from the eleven harmonic functions added to the mean wind 
force, at each 0.2-second instant, are the data that feed the FEM and ML models. 
Figure 8 shows these forces for all building floors in the first eight seconds. As the 
time step is 0.2 seconds, for each mean wind value, we have forty force responses 
on each of the thirty-two building floors. Figure 9 shows the forces in the first 58 
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seconds, with seven different mean velocities. 

4.4. Horizontal Displacements 
4.4.1. Data Input 
The structural analysis model was generated in Ansys Mechanical, where the forces 
were input at each instant Δt = 0.2 seconds, for all 32 floors, for the training set and 
the three test sets. The wind forces act on one of the wider faces of the building. The 
base nodes were fixed to the ground. Gravitational force was added to the model, 
and the calculation of second-order effects on the response was enabled. 

4.4.2. Computational Model Responses 

 

Figure 7. Pressure vs. time at different elevations. 
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The Ansys Mechanical software provided the responses (maximum horizontal 
displacements) as a function of time for the training set (Figure 10) and the three 
test sets. The training set took 6 hours and 29 minutes to complete the responses, 
and each test set took 3 hours and 16 minutes. Figure 11 shows the maximum 
displacements for the training set, in meters. Figures 12-14 show the maximum 
displacements, in meters, for the three test sets. 

 

 

Figure 8. Total force at different elevations vs. time, under two wind speeds. 
 

 

Figure 9. Total force at different elevations vs. time, under seven wind speeds. 
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Figure 10. Maximum displacements of the training set vs. time, obtained in Ansys mechanical. 
 

 

Figure 11. Maximum displacements of the training set vs. time. 
 

 

Figure 12. Maximum displacements of the test set 1 vs. time. 
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Figure 13. Maximum displacements of the test set 2 vs. time. 
 

 

Figure 14. Maximum displacements of the test set 3 vs. time. 

4.5. Data Input into the ML Algorithm 

The training set generated a response (displacements in meters) for each 0.2-sec-
ond time step. Thus, the response matrix has one row with 3960 values. The input 
matrix (forces due to wind) has thirty-two rows (one for each building floor) with 
3960 values (forces in kN) per row. In other words, the input matrix has dimen-
sions 32 × 3960, and the output matrix has dimensions 1 × 3960. 

Due to the inherent damping of the structure, it is not only a single instant that 
influences the structure’s response to loads, but a series of past instants [14]. A 
window of 32 wind force instants was chosen to be considered as input to the 
model and influence the response. Thus, the ML model inputs are matrices of di-
mensions 32 × 32, and the responses are displacements at the 32nd instant of this 
temporal window. There are 3929 input matrices (3960 gust instants minus the 
first thirty-one instants that only form the first matrix) and 3929 Ansys responses 
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to train the machine learning algorithm (Figure 15). 
 

 

Figure 15. Overview of 32 × 32 input matrices and corresponding Ansys responses used 
for machine learning training. 
 

The choice of a fixed 32 × 32 force window for the machine learning model 
input was based on the dynamic characteristics of the structure, particularly its 
dominant vibration periods and damping decay. The structure’s fundamental pe-
riod, calculated as 4.109 seconds from the modal analysis, corresponds to the res-
onant mode most influenced by wind-induced vibrations. The 32-time-step win-
dow, spanning 6.4 seconds (32 × 0.2 seconds), adequately captures the structural 
response over approximately 1.5 fundamental periods, ensuring that the model 
accounts for the dominant oscillatory behavior. Additionally, the window size 
aligns with the damping decay of the reinforced concrete building, which exhibits 
significant response attenuation within this timeframe due to inherent structural 
damping. This duration assures the inclusion of relevant past force inputs affect-
ing the displacement response. 

The 3959 obtained responses (equivalent to 3600 gust instants minus the first 
instant) are stored in a data matrix. The first instant (instant zero) has no maxi-
mum displacement response because no forces were applied to the structure be-
fore instant zero. For each input matrix of dimensions 32 × 32, the response cor-
responding to the last instant of this data window is always used. 

4.6. Support Vector Regression Algorithm 

Two machine learning algorithms are tested: Support Vector Regression (SVR) 
and Deep Neural Network (DNN). For SVR, the data is pre-processed for training. 

Searches were conducted for the best SVR hyperparameters. The best values 
found are Radial Basis Function (RBF) kernel with parameter C equal to 10 and 

https://doi.org/10.4236/ojce.2025.153019


G. Cristante Izar, R. M. Lopes Rebello Da Fonseca Brasil 
 

 

DOI: 10.4236/ojce.2025.153019 356 Open Journal of Civil Engineering 
 

parameter epsilon equal to 0.001. The code for the Support Vector Regression is 
shown in Appendix A.2. 

4.7. Deep Neural Network Algorithm 

For the DNN, a validation dataset separate from the training data is needed. The 
data are divided, in this research, into 80% training and 20% validation. Attempts 
were made with different deep neural networks and various hyperparameters. The 
code for the Deep Neural Network is shown in Appendix A.3. 

The DNN that yields the best results in this research is a Densely Connected 
Network (DenseNet) with four stages, with the following number of intercon-
nected dense blocks in each stage: 

First stage: four dense blocks. 
Second stage: four dense blocks. 
Third stage: six dense blocks. 
Fourth stage: five dense blocks. 
A total of 19 dense blocks, each with 6 layers (19 × 6 = 114 layers). There are 

also three transition layers (between blocks) with four layers each, totaling a total 
of 126 layers. A total of 2000 complete training cycles were executed. 

5. Results 

After training the machine learning algorithm with the set of 3960 gust instants 
and the corresponding 3960 responses from Ansys Mechanical, predictions are 
made on the three test sets (each with 2001 instants) using the machine learning 
algorithms. The predictions (maximum horizontal displacements) from the SVR 
and DNN algorithms are then compared to the responses obtained by FEM. The 
metrics used to evaluate the differences between the predicted and actual values 
are: 

1) R2. 
2) mean absolute error (MAE). 
3) mean squared error (MSE). 

5.1. SVR Results—Test Set 1 

For Test Set 1, the following evaluation results for maximum displacements were 
obtained: 

MAE = 4.878178023086366e−05. 

MSE = 5.774536491300574e−09. 

R2 = 0.9999830095453743. 

Figures 16-18 illustrate the results for Test Set 1 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 

5.2. SVR Results—Test Set 2 

For Test Set 2, the following evaluation results for maximum displacements were 
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obtained: 

MAE = 8.916634688714385e–05. 

MSE = 2.4000133207421877e–08. 

R2 = 0.9999330007252047. 

Figures 19-21 illustrate the results for Test Set 2 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 

5.3. SVR Results—Test Set 3 

For Test Set 3, the following evaluation results for maximum displacements were 
obtained: 

MAE = 4.373478684629423e–05. 

MSE = 5.9572713456588325e–09. 

R2 = 0.999982329333223. 

Figures 22-24 illustrate the results for Test Set 3 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 

5.4. DNN Results—Test Set 1 

For Test Set 1, the following evaluation results for maximum displacements were 
obtained: 

MAE = 0.001698095234358. 

MSE = 0.000003047171220. 

R2 = 0.991034289170174. 

Figures 25-27 illustrate the results for Test Set 1 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 
 

 

Figure 16. Actual vs. predicted values over time for test set 1 (SVR results). 
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Figure 17. Absolute error over time for test set 1 (SVR results). 
 

 

Figure 18. Distribution of errors for test set 1 (SVR results). 
 

 

Figure 19. Actual vs. predicted values over time for test set 2 (SVR results). 
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Figure 20. Absolute error over time for test set 2 (SVR results). 
 

 

Figure 21. Distribution of errors for test set 2 (SVR results). 
 

 

Figure 22. Actual vs. predicted values over time for test set 3 (SVR results). 
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Figure 23. Absolute error over time for test set 3 (SVR results). 
 

 

Figure 24. Distribution of errors for test set 3 (SVR results). 

5.5. DNN Results—Test Set 2 

For Test Set 2, the following evaluation results for maximum displacements were 
obtained: 

MAE = 0.001698134639062. 
MSE = 0.000003100036451. 
R2 = 0.991345873281185. 

Figures 28-30 illustrate the results for Test Set 2 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 

5.6. DNN Results—Test Set 3 

For Test Set 3, the following evaluation results for maximum displacements were 
obtained: 

MAE = 0.001660345922367. 
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MSE = 0.000002923071934. 
R2 = 0.991329481719409. 

 

 

Figure 25. Actual vs. predicted values over time for test set 1 (DNN results). 
 

 

Figure 26. Absolute error over time for test set 1 (DNN results). 
 

 

Figure 27. Distribution of errors for test set 1 (DNN results). 
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Figures 31-33 illustrate the results for Test Set 3 (real values vs. predicted values 
over time, absolute error over time and distribution of errors). 
 

 

Figure 28. Actual vs. predicted values over time for test set 2 (DNN results). 
 

 

Figure 29. Absolute error over time for test set 2 (DNN results). 
 

 

Figure 30. Distribution of errors for test set 2 (DNN results). 
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Figure 31. Actual vs. predicted values over time for test set 3 (DNN results). 
 

 

Figure 32. Absolute error over time for test set 3 (DNN results). 
 

 

Figure 33. Distribution of errors for test set 3 (DNN results). 
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6. Conclusions 

After comparing the predictions of the Support Vector Regression (SVR) and 
Deep Neural Network (DNN) algorithms with the actual results obtained by the 
Ansys Mechanical software across the three test sets, we can conclude: 

1) Both models are highly exact, with coefficients of determination (R2) exceed-
ing 0.998 for SVR and close to 0.991 for DNN. SVR showed slightly superior per-
formance, suggesting that simpler models may be more effective for the specific 
problem of predicting displacements under synthetic wind loads. However, DNN 
may be helpful in scenarios with greater data complexity. 

2) The computational efficiency of the machine learning algorithms was signif-
icantly higher than that of Ansys Mechanical, with test set processing times of six 
milliseconds (DNN) compared to 3 hours and 16 minutes (Ansys), highlighting a 
much lower computational cost. 

3) The results underscore the potential of artificial intelligence methods for an-
alyzing complex structural engineering problems, such as responses to dynamic 
wind actions, and pave the way for other engineering issues, such as the analysis 
of seismic actions. 
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Appendix A: Program Codes 

A.1. Code to Generate the Pressures and Forces on the Building  
Floors 

def F_vel(v, z, t): 

    # Parameters adjusted with V_0 = v 

    V_0 = max(v, 1e−6)  # Avoid V_0 = 0 

    U_0 = 0.69 * V_0  # Mean U (m/s) 

    kappa = 0.4  # Von Kármán constant 

    z_r = 10.0  # Reference height in meters 

    z_0 = 0.3  # Roughness length in meters 

    u_fric = (kappa * U_0)/math.log(z_r/z_0)  # Friction velocity (m/s) 

    T_r = 1/0.24335  # Fundamental period (s) 

    m = 11  # Number of harmonics 

    k_res = 4  # Resonant index 

    Z_c = 48  # Gust center (m) 

    C_a = 1.39  # Aerodynamic coefficient 

    A_e = 3 * 24.61  # Effective area (m2) 

    # Generate phase angles phi_k 

    np.random.seed(10)  # Set seed for reproducibility 

    phi_k = np.random.uniform(0, 2 * np.pi, m)  # 11 angles between 0 and 2 * pi 

    # Step 1: Calculate k, r_k, T_k, and n_k 

    k = np.arange(1, m + 1)  # Indices from 1 to 11 

    r_k = 2.0 ** (k − k_res)  # Scale factor: r_k = 2^(k − 4) 

    T_k = T_r * r_k  # Periods: T_k = T_r * r_k 

    n_k_values = 1/T_k  # Frequencies n_k 

    # Step 2: Calculate c_k and c*_k 

    def S_n(n): 

        if abs(n) < 1e−10: 

            return 0.0 

        x = (1220 * n)/max(U_0, 1e−6) 

        return (4 * u_fric**2/max(n, 1e−10)) * (x**2/(1 + x**2) ** (4/3)) 

    C_k_values = [] 

    for i in range(m): 

        if i == 0: 

            n_lower = max(n_k_values[1], 1e−10) 

            n_upper = 1/(T_k[0]/2) 

        elif i == m − 1: 

            n_lower = n_k_values[i]/2 

            n_upper = n_k_values[i−1] 

        else: 

            n_lower = max(n_k_values[i+1], 1e−10) 

            n_upper = n_k_values[i−1] 
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        try: 

            integral, _ = quad(S_n, n_lower, n_upper, epsabs=1e−8, epsrel=1e−8) 

            C_k = np.sqrt(2 * max(integral, 0)) 

            C_k_values.append(C_k) 

        except: 

            C_k_values.append(0.0) 

    C_k_sum = sum(C_k_values) 

    if C_k_sum < 1e−10: 

        C_k_sum = 1e−10 

    C_k_values = [C_k/C_k_sum for C_k in C_k_values] 

    C_ast_values = C_k_values.copy() 

    C_ast_values[2] = C_k_values[2] + C_k_values[3]/4 

    C_ast_values[3] = C_k_values[3]/2 

    C_ast_values[4] = C_k_values[4] + C_k_values[3]/4 

    # Step 3: Define delta_zok 

    delta_zok_values = [] 

    for i in range(len(k)): 

        delta_zok = U_0/(7 * max(n_k_values[i], 1e−10)) 

        delta_zok_values.append(delta_zok) 

    # Step 4: Define pressure functions dependent on z 

    def p_pico(z): 

        return (V_0 ** 2) * (0.453/1000) * (z/10) ** 0.24 

    def p_m(z): 

        return 0.48 * p_pico(z) 

    def p_f(z): 

        return 0.52 * p_pico(z) 

    # Step 5: Define p_flut(z, t) 

    def p_flut(z, t): 

        p_flut_value = 0 

        for i in range(m): 

            p_harm = C_ast_values[i] * p_f(z) * np.cos((2 * np.pi * t/T_k[i]) - phi_k[i]) 

            p_flut_value += p_harm 

        return p_flut_value 

    # Step 6: Use c*_k and include spatial modulation 

    def p_esp(z, t): 

        soma = 0.0 

        for i in range(m): 

            delta_zok = max(delta_zok_values[i], 1e−10) 

            fator_espacial = max(1 − (abs(z − Z_c)/delta_zok), 0) 

            termo = C_ast_values[i] * p_f(z) * np.cos((2 * np.pi * t/T_k[i]) - phi_k[i]) * 

fator_espacial 

            soma += termo 

        return soma 
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    # Step 7: Force functions 

    def F_med(z): 

        return C_a * p_m(z) * A_e 

    def F_flut(z, t): 

        return C_a * p_esp(z, t) * A_e 

    def F_tot(z, t): 

        result = F_med(z) + F_flut(z, t) 

        if not np.isfinite(result): 

            return 0.0 

        return result 

    return F_tot(z, t) 

    def F_flut(z, t): 

        return C_a * p_esp(z, t) * A_e 

    def F_tot(z, t): 

        result = F_med(z) + F_flut(z, t) 

        if not np.isfinite(result): 

            return 0.0 

        return result 

    return F_tot(z, t) 

A.2. Support Vector Regression Code 

# Define the SVR model 

svr = SVR(kernel = 'rbf') 

# Define hyperparameters for grid search 

parametros_busca = { 

    'C': [0.1, 1, 10, 100], 

    'epsilon': [0.001, 0.01, 0.1], 

    'gamma': ['scale', 'auto', 0.001, 0.01, 0.1] 

} 

# Configure grid search with cross-validation 

busca_grade = GridSearchCV( 

    svr, 

    parametros_busca, 

    cv = 5,  # 5-fold cross-validation 

    scoring = 'neg_mean_squared_error', 

    n_jobs = −1,  # Use all available cores 

    verbose = 1 

) 

# Train the model with grid search 

busca_grade.fit(X_treino_escalado, y_treino_escalado) 

A.3. Deep Neural Network Code 

def dense_block(x, blocks, growth_rate): 

https://doi.org/10.4236/ojce.2025.153019


G. Cristante Izar, R. M. Lopes Rebello Da Fonseca Brasil 
 

 

DOI: 10.4236/ojce.2025.153019 369 Open Journal of Civil Engineering 
 

    for i in range(blocks): 

        x = conv_block(x, growth_rate) 

    return x 

def conv_block(x, growth_rate): 

    x1 = BatchNormalization()(x) 

    x1 = Activation('relu')(x1) 

    x1 = Activation('relu')(x1) 

    x1 = Conv2D(growth_rate*4, (1, 1), padding='same')(x1) 

    x1 = BatchNormalization()(x1) 

    x1 = Activation('relu')(x1) 

    x1 = Conv2D(growth_rate, (3, 3), padding='same')(x1) 

    x = Concatenate(axis=−1)([x, x1]) 

    return x 

def transition_block(x, reduction): 

    x = BatchNormalization()(x) 

    x = Activation('relu')(x) 

    x = Conv2D(int(x.shape[−1] * reduction), (1, 1), padding='same')(x) 

    x = MaxPooling2D((2, 2), strides=(2, 2))(x) 

    return x 

def build_regression_densenet(input_shape, blocks, growth_rate, reduction): 

    inputs = Input(shape=input_shape) 

    x = Conv2D(64, (7, 7), strides=(2, 2), padding='same')(inputs) 

    x = BatchNormalization()(x) 

    x = Activation('relu')(x) 

    x = MaxPooling2D((3, 3), strides=(2, 2), padding='same')(x) 

    # Build dense blocks and transition blocks 

    for i, num_blocks in enumerate(blocks): 

        x = dense_block(x, num_blocks, growth_rate) 

        if i != len(blocks) − 1: 

            x = transition_block(x, reduction) 

    x = GlobalAveragePooling2D()(x) 

    outputs = Dense(1, activation='linear')(x)  # Regression output layer 

    model = Model(inputs=inputs, outputs=outputs, name='densenet_regression') 

    return model 

# Define input shape 

input_shape = (32, w, 1) 

# Define DenseNet parameters 

blocks = [4, 4, 6, 5]  # Number of dense blocks in each stage 

growth_rate = 32 

reduction = 0.5 

# Build the regression DenseNet model 

model = build_regression_densenet(input_shape, blocks, growth_rate, reduction) 
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