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Abstract. Immediately after a seismic crisis, engineers are demanded to provide rapid
post-earthquake damage evaluations to globally assess economic losses, residual overall
serviceability, and the general safety conditions of the hit existing heritage. Since 1997 and
subsequent amendments, in Italy, the inspectors must compile the AeDES forms. Composed
of nine sections, the form-filling provides about sixty categorical features to aid the inspector
to elaborate a categorical judgment of the rapid qualitative safeness of the structure. This
judgment is categorized into six damage classes denoted with capital letters from A to F
designating, respectively, fully usable buildings until condemned constructions. Despite the
AeDES forms’ features should help the inspector to elaborate a quite fair judgment, there
is still a certain level of subjectiveness, since there is not any strictly underlining model to
objectively convey these sixty categorial features unequivocally toward a specific judgment.
Therefore, in the current study, the authors analyzed the AeDES forms data coming from 878
public school buildings, thus exploring the possibility to aid the inspector with a multi-layer
perceptron (MLP) neural network model. Precisely, the AeDES forms under investigation
are referred to the L’Aquila city seismic event which hit the Abruzzi region of central Italy in
2009. Considering the sensitivity of the current multinomial classification performances in
the presence of limited data regarding the MLP architecture topology, the authors formalized
a multi-objective optimization problem to find an optimal architecture with the minimum
number of hidden neurons and simultaneously maximize the classification accuracy.
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1 Introduction

The Italian Rapid Post-Earthquake Damage evaluation forms, also denoted as AeDES forms
(Agibilitá e Danno nell’Emergenza Sismica) are composed of 9 sections that are filled out by
a structural engineering in charge of conducting the post-earthquake assessment of a building
[1,2]. An example of the AeDES forms is provided in Figure 1. The compiled matrix in
sections from 1 to 7 delivers 60 categorical features which are functional for the inspector to
elaborate a categorical judgment of the safeness in section 8 of the structure under study after
the seismic event. Specifically, the possible output judgments are six: class A means that the
building is accessible; class B denotes a temporarily unusable building; class C indicates a
partially unusable building; class D refers to a temporarily unusable building that should be
re-examined; class E is used for a unusable building; class F denotes an unusable building due
to external risk only. In the current study, the authors analyzed the AeDES forms data coming
from 878 public school buildings, thus exploring the possibility to aid the inspector with
a multi-layer perceptron (MLP) neural network model. Precisely, the AeDES forms under
investigation are referred to the L’Aquila city seismic event which hit the Abruzzi region of
central Italy in 2009. An overview of the current dataset is reported in Figure 2.

Considering the sensitivity of the current multinomial classification performances in the
presence of limited data regarding the MLP architecture topology, the authors formalized
a multi-objective optimization problem to find an optimal architecture with the minimum
number of hidden neurons and simultaneously maximize the classification accuracy. The
architecture of the artificial neural network (ANN) should be carefully evaluated, since
it strongly affects the model complexity, the classification accuracy rate, and the model’s
tendency to underfitting or overfitting issues [3,4]. Specifically, to minizime the likelihood
of overfitting issues, it is advisable to reduce at most the number of learnable parameters
compared to the number of limited data at disposal, however attempting to avoid underfitting
issues at the same time. In the literature, various attempts have been already provided to define
an optimal architecture for ANN as a single-objective optimization problem [4,5,6,7,8,9].
In [8] the objective function has been set as the squared error between the MLP output and
the desired output, and posing a regularization term to control the learnable weights during
training. Conversely, the constraints were formulated to guarantee the existence of at least
one hidden layer and also to ensure all neurons are fully-connected between two consecutive
layers. Evolutionary algorithms (EAs) have been extensively adopted in the existing literature
to optimize the ANN architecture, such as the particle swarm optimization [10], the ant
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(a)

(b)

Fig. 1. Italian AeDES form (06/2008).
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(c)

Fig. 1. Italian AeDES form (06/2008) (cont.).
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Fig. 2. AeDES forms dataset overview.

colony optimization [11], the simulated annealing in [12] among others. Nonetheless, the
most widely employed EA within this context is the genetic algorithm (GA) formulated by
Jonhn Holland in the ’70s [13]. GA has been adopted e.g. in [8,14]. Alternative approaches
to study the optimal architecture of a MLP were early proposed by Hassibi and Stork [15]
with optimal brain surgeon (OBS) strategy. Without any apparent restrictive assumption, the
OBS strategy leverages information from the second order derivative of the error function to
perform a network pruning in order to find the best architecture topology [16]. In [17] MLP
architecture information has been encoded with a directed graph modeling. Few efforts of
using a MLP architecture multi-objective optimization approach have been also provided e.g.
in [18].

The current document is organized as follows. Section 2 illustrates the applied method-
ology for the AeDES forms classification, whose major findings and results are reported in
section 3.

2 Methodology

In the current study, the authors analyzed the AeDES forms data coming from 878 public
school buildings, thus exploring the possibility to aid the inspector with a multi-layer per-
ceptron (MLP) neural network model. The authors selected only those output judgments that
actually represent a damage class, thus limiting the multi-class classification to four output
classes: A, B, C, and E. The authors analyzed the optimal MLP architecture according to
a multi-objective optimization strategy. Specifically, the design vector 𝒙 defined in the ad-
missible search space range Ω, encodes the architecture information. Precisely, the length
of the vector defines the number of hidden layers, whereas each vector’s components are
the number of neuron units existing in every hidden layer. After a preliminary evaluation,
the authors set the same hyperbolic tangent activation function to every hidden layer, while
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Fig. 3. NSGA-II algorithm workflow used to tackle the MLP optimal architecture multi-
objective optimization problem.

posing a softmax function to the output layer accounting for the multi-class classification task
under investigation. Furthermore, two contrasting objective functions were defined. On one
side, the architecture should be selected in order to provide the best classification accuracy
𝛼[%] , whereas, on the other side, it is desirable to diminish the number of hidden layers and
the number of units, i.e. the number of learnable weights, in order to reduce the model’s
complexity. Therefore, accounting for an integer-valued design vector 𝒙 whose components
varies between 0 and 100, and considering the classification error 𝜀 [%] as the complement to
the accuracy, the multi-objective optimization problem statement is defined as below:

min
𝒙∈Ω

𝒇 (𝒙) =
{

min𝒙 𝑓1 (𝒙) = 𝜀 [%] = 100 − 𝛼[%] (𝒙)
min𝒙 𝑓2 (𝒙) =

∑𝑘
𝑗=1 𝑥 𝑗

(1)

The above-mentioned double minimization problem has been processed with the ac-
knowledged non-dominated sorting genetic algorithm (NSGA-II) [19] using an existing
Python implementation [20]. Figure 3 illustrates the main workflow of the NSGA-II al-
gorithm. A 5-fold cross-validation approach has been implemented to guarantee sufficient
generalization of every candidate analyzed during the NSGA-II procedure. Thus, the accu-
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Fig. 4. Pareto front chart of the non-dominated solutions found by the NSGA-II algorithm
for the MLP architecture multi-objective optimization problem.

racy term 𝛼[%] in Eq.(1) is computed as the average accuracy among the 5 models trained
for the cross-validation method.

3 Results and discussions

At first, the authors analyzed the optimization problem considering an arbitrary number of
five possible hidden layers. However, the optimal solution does not remove any hidden layer,
but unexpectedly left some layers toward the output one with a single neuron. Using a hidden
layer with a single unit has been interpreted as a simple, but possibly useless, transformation
of the input hidden states to the subsequent one. Therefore, to better control the complexity
growth of the model, the authors manually imposed the number of hidden layers starting from
a single one. A Pareto front of non-dominated solutions has been found and it is depicted
by the piece-wise green line of Figure 4. The optimum has been assumed in the knee-point
of the curve, thus finding that a single hidden layer with 16 units represents the trade-off
optimum. In fact, the average classification error 𝜀 [%] is equal to 21.09%, so that the overall
average accuracy is equal to 78.91%.
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Fig. 5. Average confusion matrix of the optimal ANN architecture with a single hidden layer
and 16 hidden neurons.

Thereafter, to progressively increase the model complexity in a controlled way, the
authors analyzed an MLP with two hidden layers while imposing the first hidden layer on
the previously found optimum number of neurons equal to 16. A new Pareto front of non-
dominated solutions has been found and it is depicted by the piece-wise magenta line of
Figure 4. In this case, the optimal trade-off number of units for the second hidden layer is
equal to 7 at the knee point of the Pareto front. In this case, the average classification error
𝜀 [%] slightly decreased to 20.62% than before, thus delivering an overall average accuracy
of 79.38%.

It is worth noting that passing from one to two hidden layers a significant relative increase
of the model complexity has been recorded, although the overall accuracy increased modestly.
Therefore, further addition of hidden layers appears quite unreasonable, and therefore the best
MLP architecture with the lower complexity can be considered as composed of one single
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hidden layer with 16 units. Finally, the confusion matrix in Figure 5 illustrates the average
classification performances from the 𝑘 = 5 folds cross-validation procedure of the optimized
single hidden layer ANN model.

From a visual inspection of the confusion matrix, it is evident that the overall accuracy
stalls at about 80%. Furthermore, the MLP model seems to struggle particularly with class C.
The main reason may be due to the great unbalance of class C with respect to the others, as
demonstrated in Figure 2. Moreover, it is evident from the confusion matrix how class B tends
to be partially confused with class A. A feasible way to further improve the classification
accuracy may be proposing a binary classification only with class A on one side, and a
damage class on the other side, thus encapsulating classes B, C, and E.

4 Conclusions and future developments

In the current study, the authors analyzed the Italian post-earthquake rapid evaluation forms
data, i.e. the AeDES forms, coming from 878 public school buildings, thus exploring the
possibility to aid the inspector with a multi-layer perceptron (MLP) neural network model.
Precisely, the AeDES forms under investigation are referred to the L’Aquila city seismic event
which hit the Abruzzi region of central Italy in 2009. Despite six possible outputs are possible
from the AeDES forms, the authors selected only those output classes that actually represent
damage classes, thus limiting the multi-class classification to four output classes (A, B, C, and
E). The optimal MLP architecture problem has been solved through the meta-heuristic non-
dominated sorting genetic algorithm (NSGA-II). Finally, the best-found trade-off model with
an acceptable global classification accuracy of about 80% and a contained model complexity
has been located at the knee point of the Pareto front, thus composed of one single hidden
layer with 16 units. In conclusion, the confusion matrix in Figure 5 evidenced how class C was
the most unsettled for the classifier model, probably due to its significant intrinsic unbalance
compared to the other classes. Future studies may involve the dimensionality reduction of
the feature database, e.g. according to clustering techniques or manifold learning methods.
This may help new representations and probably more discriminative features to improve the
machine learning model’s classification ability.
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