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Abstract. The Hardanger bridge is a long span suspension bridge located in western Norway
and it is subjected to wind-induced-vibrations (WIV). Since the existing methods for WIV sim-
ulation demand high computational effort, it is appealing to use Machine Learning models to
perform faster analyses. Therefore, this study applies Artificial Neural Network (ANN) and
Support Vector Regression (SVR) algorithms to the analytical buffeting response predictions of
the Hardanger bridge. The aim is to develop a strategy for training Machine Learning models
that can be extended to real datasets. The samples of WIV features were analyzed with three
different models: the single hidden layer perceptron, the multilayer perceptron and the support
vector regression. Using the Normalized Root Mean Square Error as the performance metric,
it was possible to obtain similar results with the different models.

1 INTRODUCTION

The Hardanger bridge is by now the longest suspension in Norway and among the slenderest
bridges in the world. It has been the subject to several research campaigns focusing on wind-
induced-vibrations (WIV), on which high computational effort in analytical predictions was a
constant [1] [2] [3] [4]. Thus, the deployment of a surrogate model for faster WIV assessment
in real datasets is required to extend the experience gained with the Hardanger bridge not only
for structural health monitoring applications, but also, for design of structures with similar char-
acteristics. Nevertheless, the application of Machine Learning to datasets of WIV on long span
bridges has not been well documented yet, and the comparable studies do not cover the specific
category of structure and/or dynamic effect [5] [6]. Therefore, this document presents the appli-
cation of Machine Learning algorithms, specifically Artificial Neural Network (ANN) and Sup-
port Vector Regression (SVR), to the Hardanger Bridge WIV simulations with the purpose of
developing a training strategy that could be extended to real datasets. This development in-
volved the construction of a training dataset with simulated WIV of the Hardanger bridge which
was fed into a group of Machine Learning models. Successively, the models’ predictions were
tested using a new dataset. The quality of the predictions was verified and compared using the
Normalized Root Mean Squared Error (NRMSE). Finally, the training and testing procedure
were repeated for different noise conditions added to the structural response fields.
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2 MATERIALS & METHODS

2.1 Artificial neural network

An ANN is an assembly of connected and layered sets of units, where: the unit (also known
as neuron or node) is an operational entity that stores and distributes information, the layers are
the set of neurons, and the connections are the arrays governing the transformation rule between
nodes in the contiguous layers. The neurons in a generic layer are stimulated by numeric values
or signals coming from those of the previous layer. Then, a neuron is said to be activated or
“fired” whenever the algebraic sum of the incoming signals overcomes a certain threshold [8].
To generalize the concept of the linear discriminant involved in the algebraic sum [9], a non-
linear activation function, f(m) , is applied to the result as shown in Equation (1).

The type of neural network used in this study was the so-called Multilayer Perceptron, sche-
matically shown in Figure 1. This type of model overcomes the limitations of the single layered
network by allowing the representation of higher complexity functions with their consecutive
transformations of the input signals [9]. Nevertheless, to avoid feedback loops, they must be
restricted to a feed-forward information flow only.

Equation (1) shows the output of a j-th node in the arbitrary k-th layer of a Multilayer Per-
ceptron (MLP), where y}‘ is related to an activation threshold, 19]-" and with, Wil’(]-_l are the con-

nection weight and x{‘_l is the incoming stimulus from the i-th node of the previous layer.
Subsequently, Equation (2) presents the operations in matrix notation. Combining these opera-
tions until the M-th layer corresponding to the model physical output, it is possible to obtain an
estimation of the of the same ¥ as shown in Equation (3).This process is known as feed-forward

mapping.

N (1)
yi=f Z il T+ O
i=1,j=j
yk — f{(Wk_l)T x k1 +l9k} (2)
FEH = FLMDT AT X1+ 9M) 5

In the training step of the analysis, the actual output of the network is known. Therefore, a
measure in the accuracy of the network can be obtained as shown in Equation (4).

€ :L(yerj) (4)

Where ¢ denotes the actual error and L( m) denotes the “loss” or “cost” function.

Hiclden Layers

Input Qutput

Figure 1: Architecture of ANN

The learning process consists of minimizing the loss function. For multilayered models, this
is achieved by transmitting the error through all the layers within the network resulting in an
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iterative optimization procedure which is known as backpropagation [10]. It is worth noting
that the backpropagation procedure refers only to the error feeding and it is independent of the
optimization algorithm used. Since the initial input signal, or origin, is fixed to the dataset, the
only parameters to be updated in each iteration are the network weights and the neuron thresh-
olds. Thus, the optimization problem can be written as Equation (5).

find (Wy & 6)) = L( $;,¥;) = min (&) (5)

2.2 Supporting vector regression

Supporting vector regression is a machine learning tool developed by Vapnik et al. and its
historical background can be found in [11]. It is the application of the supporting vector ap-
proximation to a regression problem using a e-insensitive loss function [12]. Given a dataset
with corresponding input and output features {x;, y;| ... |X,, ¥} , the idea is to find a function
f (x) that approximates y; with a certain tolerance €. The regression estimation can be obtained
with the linear function shown in Equation (6).

f(xX)=x'w+9 ©6)

Introducing the e-insensitive loss function L(m) equal to zero when the difference of the
estimation f(x) and the target is less than g, the constraint shown Equation (7) is added.
0 iflyi— fx,w)| <e
L(v: — = 7
i = fGow) {lyi — f(x,w)| otherwise ™
The best estimation minimizes the loss function and thus, the problem can be written as a
convex optimization problem shown in Equation (8).

1 2
minimize 2 llwll
with constraints: y; — f(x,w) <e f(x,w)—y;<¢ (8)

To make the solution more feasible, the tolerance margin is softened by adding a set of slack
variables &;, ;. The optimization then becomes as shown in Equation (9), where C is the so-
called box constraint, a positive valued parameter that balances the accuracy of the model by
imposing the penalty of the estimations outside the e-margin.

minimize l||W||2 + CZ &+ &
2 = )
—flx,w) <e+é
with constraints: <{f(x,w)—y; <e+ ¢
fir€; =0

Solving the posted optmization problem with inequality constraints is equivalient to finding
the saddle pomt in the Lagrange functional of Equatlon (10).

L@ =5 zzml o) (@ - a)xlx]+52(al+a)+zyl(a Ly 0O

i=1j= i=1
Where a,, and a,, are the Lagrange multipliers with following constralnts.
N

z(a;;—an)zo;os(xnsc&os(x;sc (11)

n=1
The w-parameters may be found by:
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N
¥ (12)
w = (a; — aj)x;
2

Finally, the estimate is found by the expansion of the supporting vectors:

N
- (13)
f) =) (& —a)(x'x) +9
2

The parameters ¥ can be obtanied by exploiting the Karush Kun Tuker (KKT) conditions [13]

[14], which state that the product between dual variables and constraints vanishes at the optimal

solution. Thus, the constraints shown in Equation (14) are added to the problem.
ai(e+é&—yi+xiw+9)=0

(14)
a"(e+& +y,—xiw—=9)=0
§i(C—a)=0
§i(C—a")=0

To extend the formulation to nonlinear regression problems, it is required to replace the dot
product (x;x) with a nonlinear mapping function, known as the kernel function K (x;x)
N

f(x) = Z(Oli —a)K(x' x)+9 (15)
i=1

In this study, a polynomial kernel function of degree d is chosen as shown in Equation (16).
K(x;'x) = (14 x;'x)? (16)

2.3 Dataset simulations

The simulations of the structural response were carried out using the multimode theory in
the frequency domain, more details in [15].The along-wind turbulent spectrum (S,) on the
bridge girder was obtained from a Kaimal-type spectrum [16] given in Equation (17), where
the frequency axis is represented by f, the wind field is characterized by its mean and standard
deviation V and o, respectively. The subscript u indicates the along-wind turbulent compo-
nents and the term A represents the spectral quantity related to the turbulence length scale at a
reference height z.

Suf Aufy _zf
g2  (1+ 1.5Aufz)5/3'fz % an

The inputs for the dataset were the first two statistical moments of the random wind field.
Therefore, several realizations of the couples (V, 0,,) were generated and introduced in Equa-
tion (17) to obtain the wind turbulence spectra. Further, the CPSD of the structure’s response
for each generation was computed. Finally, by numerical integration, the output features,
namely the standard deviation of the lateral, vertical and torsional responses at the midspan
(0y, 04, 09) were obtained.

According to the observations of the Hardanger bridge measurement campaign reported in
[1] (Figure 2), most of the data points lay in a central region. This uneven spread of the samples
over the variable-space leads to a strong challenge for training the machine learning models.
Therefore, the couples of input features in the training dataset were generated from a uniform
linearly spaced function (Figure 3) which evenly distribute the samples. On the other hand,
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those of the testing set were random numbers generated from two independent normalized func-
tions (Figure 4) which represent a behavior closer to the real observations. The parameters for

the numeric generation are reported in Table 1.
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Figure 3: Training dataset
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Figure 4: Validation dataset
Set Function Mean velocity Turbulence Intensity Size

Training set Uniform Linear Spaced [4: A=3.44:35]. [0.05: A=0.27:0.3]. 100
Testing set Rnd. Normal u=200=5 pu=0.150=0.05 200

Table 1: Dataset input generation.

2.4 Noise addition

With the aim of reproducing the challenges found on the measurement campaign, the train-
ing procedure was modified by adding a white noise to the output. The mean noise levels were
of 2, 15 and 20% added to the structural responses. Nevertheless, since a decrease in the pre-
diction’s accuracy is expected with the addition of noise, a strategy for increasing the dataset
size was adopted. First, several sets of random numbers were generated from a uniform
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distribution according to Equation(18). Then, the different N-terms were added independently
to the original output and stacked together to create a new larger dataset, Equation(19). The
original dataset input was stacked N-times to match the size of the noise-output.

seed; = Rand{magnitude: [-0.5 + 0.5]|size: OutputSet, igina: }

Noise level
25
Noise level = mean(outputyyise — OUtPULyriginatl)
where @ stands for point wise multiplication

outputy,ise (seed;) = OutputSetyriginar & [1 + seedi]

(18)

InputSe torig inal| Outputsetorig inal T OUtPUL ;e (Seedl)

DataSet,,,, = Inputse:toriginal Outputsetoriginal +: OUtPULypise (Seedz)

(19)

InputSetoriginar|OUtputSet originar + 0UtPUL, ise (S€Edy)

2.5 Models

Two ANN models were trained and validated: A Single Hidden Layer (SHL) and a Multi-
layer Perceptron (MLP). The MLP model is as introduced before and the SHL perceptron model
is obtained when the maximum layer index, k, in Equation (1) is equal to 2. The main challenge
facing ANN training is the so-called hyperparameter setting. Equation (5) can only find the
optimal weights and thresholds (parameters of the problem) as functions of the given network
settings. Therefore, the size of the networks, the number of nodes, the learning rate and the
selection of the networks functions (activation and loss) were tuned in advance and reported in
Table 2.

Setting SHL MLP

Activation function Sigmoid Relu

Cost function Mean Squared error Mean Squared error
Optimization Bayesian Bayesian-Adaptative moment
Layers 1 2

Size 64 32-32

Learning rate - Min=1e-7

Number of cycles - 1000

Table 2: Networks settings.

The main challenge for training SVR models is that Equation (15) must be solved sepa-
rately for each output feature. Therefore, three different models, one for each component of
the structural response, were trained with the settings presented in Table 3. The numerical val-
ues reported correspond to the hyperparameter optimization result.

Setting SVR-g,, SVR-o, SVR-oy
Box constrained 0.1689 0.5511 1.1781
Epsilon 0.0010 0.0016 0.0013
Kernel Function Polynomial degree:4 scale:2.1438
Solver Sequential Minimal Optimization SMO

Table 3: SVR settings.
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3 RESULTS

For each sample point in the testing set, a prediction was obtained. A comparison plot of the
standard deviation of the lateral response component o,, is shown in Figure 5 where the stars
represent the model predictions while the dots show the simulated data. The global performance
of the models in terms of their NRMSE are as reported in Table 4. The results indicate that the
SVR and MLP models showed better performance than the SHL model.

Error Oy Oz 0y

SVR 4,528e-05 4,101e-05 8,682¢-04
SHL 5,686e-05 4,487¢-05 2,738e-04
MLP 6,481e-06 1,235e-05 2,035e-04

Table 4: NRMSE.

MLP predictions R SVR predictions R SHL predictions
9 9r 9
O Data set
81 #  Prediction 81 8r
7 & 7 & 7 ]
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B Se B Se
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e 2
4 ° L% © 4
o

Vm/s

Figure 5: Prediction Scatter plot for o,

The performance comparison was extended to the experiment with the noise addition. The
dataset creation followed Equation (19). Table 5 reports the Mean Average Percentual Error
(MAPE) for the g,, response component estimated with SVR and MLP models and with noise
levels ranging from 2 to 20%. Further, Figure 6 shows a graphical comparison of the target and
the estimation of the quantities for noise levels of (a) 2% and (b) 20 %. The MAPE was used
for the accuracy metrics because it has comparable units with the added noise level.

Noise SVR MLP
2 1,02 1,12
15 10,95 6,86
20 26,97 6,91

Table 5: g, MAPE for different noise levels.
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The 27% error reported for a noise level of 20% in the case of the SVR model is particularly
high. Nevertheless, after applying the dataset size-increasing strategy (Figure 7) the accuracy
improves significantly. Table 6 reports the evolution of the MAPE-g,, for the different noise

levels as the dataset size is increased.
MAPE -+ NoiselLevel:20
Yy
30 T T T T T
—#— MLP

SN —&—SVR
25 N control |

20 L ‘\\\\ i

MAPE [%]
&
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Seed Terms
Figure 7: 0, MAPE evolution with data size increase for 20% noise level

Random Dataset | Noise Level 2% | Noise Level 15% | Noise Level 20%
Terms Size SVR MLP SVR MLP SVR MLP

1 100 {1.0246 1.1211;10.9553 6.8677{26.9745 6.9103
4 400 {0.7315 1.6877{ 8.4082 3.5602}17.8352 5.4231
7 700 12.4348 1.7832 3.6389 3.8424 8.6487 4.9967

11 1100 {3.2335 0.8224; 3.4141 6.2085| 3.1915 2.4334
13 1300 {0.7284 1.5060; 3.4606 9.8955| 1.3829 4.9280

Table 6: g, MAPE evolution for different Random terms.
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4 DISCUSION

The scatter plots from Figure 5 show that the methods can describe the behavior of the struc-
tural response in the testing set with reasonable accuracy. This is supported by the NRMSE
reports in Table 4. The predictions of the Multilayer perceptron model gave the lowest error for
all three response components; however, the other two methods also described the behavior
reasonably well.

With the addition of noise to the response, an increase in the MAPE of the predictions were
observed. In particular Table 5 reported that for a 20% noise level the error in the SVR model
was 27% while that of the MLP model was around 7%. Therefore, the MLP model seems to be
more resilient to noise addition than SVR. However, by increasing the size of the dataset the
SVR model performance becomes better than the MLP model. According to Table 6, after add-
ing 13 random terms to the dataset with 20% noise level the SVR model showed 25% reduction
in the MAPE compared to almost 1% for the MLP. It is also remarkable that for the low noise
level i.e. 2%, no appreciable improvement was obtained by increasing the data size. Addition-
ally, the MAPE was almost half of magnitude of the added noise. It is worth noting that the
MAPE does not necessarily descreases with increasing data size. For the MLP model an in-
crease in the error was observed for all the noise levels. This behavior implies overtraining
phenomena in this type of model.

5 CONCLUSION

The paper showed that it is possible to train machine learning models with the simulated
wind induced vibrations of the Hardanger bridge dataset and obtain accurate results. The testing
procedure showed a good match between the predictions and the simulations, confirmed by the
low NRMSE values. The Multilayer perceptron algorithm implemented in the study gave better
results mainly because of the tuning of the hyper parameters. However, to apply the methods
to real datasets further analysis must be performed by adding noise to the training samples and
checking the accuracy of the predictions.

The MLP model is more resistant to noise for reduced data sizes. Nevertheless, the SVR
model improves with increasing data size. Additionally, the MLP model shows a tendency to
overtraining as the data size increases. Therefore, extending this experience to the measurement
campaigns, it is recommended to use ANN models, specifically MLP, for small datasets with
high noise level and SVR models for larger datasets.
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