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Artificial Neural Networks (ANNs) are showing their potential as structural design tools. ANNs are applied to design a dry

precast concrete connection. They can be easily and effectively adapted to different connection parameters, being

possible to use them in both precast or cast in situ concrete connection design.
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1. Introduction

In different engineering fields, the use of Artificial Neural Networks (ANNs) is gaining a noticeable position in the material

design and selection stages. These computational models are powerful tools that allow for not only reducing computing

times, but also designing adequate shapes and reducing the amount of raw materials used. As a consequence, ANNs

have the potential to significantly reduce both economic cost and environmental impact.

Artificial Neural Networks (ANNs) are biologically inspired computational models that are based on the interconnection

mechanisms of the human brain’s neurons. These mathematical models are able to solve complex multivariable linear or

nonlinear problems and to obtain relationships between different patterns. ANNs have been traditionally applied to

different fields, such as financial analysis, image processing (e.g., target recognition and image completion), medical test

diagnosis, robot control, and speech recognition. In addition to performing complex computations, they allow for

recognizing patterns that can be applied in the learning computation process. ANNs are especially appropriate if the

problem has a difficult or non-defined solving procedure .

The main advantage of using neural networks is their ability to learn from experience, generalizing from previous

situations to new cases and differentiating essential information from that which is irrelevant. ANNs are able to represent

and learn both linear and non-linear relationships directly from the data .

Since 1986, the use of ANNs was spread due to the feasibility of developing an error back-propagation training algorithm,

which was based on a gradient-descent optimization technique . In addition, ANNs have gained a relevant position in

solving industrial design problems. It is worth mentioning that the identification of the optimum design within an industrial

process is not always possible due the size of the problem and lack of knowledge, as the design stage is essential .

However, ANNs are able to perform constraint checks, requiring less computing time to provide adequate results.

Focusing on civil engineering, it is worth mentioning that although ANNs were developed in the seventies , their

applications in civil and structural engineering date from 1989 . In 2001, Hojjat published a review on Neural Networks in

Civil Engineering , where the use of ANN from 1989 to 2001 in civil, structural, and building engineering fields was

analyzed. Gupta et al  analyzed the feasibility of using ANNs in structural analysis and building design from 1990 to

2011. Amezquita-Sanchez et al.  published a review paper analyzing the ANNs’ applications in civil infrastructures. That

research focused on structural system identification, structural health monitoring, structural vibration control, structural

design and optimization, prediction applications, construction engineering, and geotechnical engineering.

In civil engineering, ANNs have been successfully used in automation and optimization , in material formulation ,

and in system identification and monitoring . In structural analysis and design, the following applications could be

highlighted : structural analysis of systems with large degrees of freedom, size optimization of structural members,

joint location, shape optimization of structural types (e.g., truss geometry), topology optimization (based on deletion of

ineffective structural members), and maximum stress identification and location. Focusing on the application to specific

structural problems, Intelligent Finite Element Analysis (IFEA), which combines the Finite Element Method (FEM) together

with an ANN, has been used for simulating or predicting constitutive models . Waszczyszyn and Ziemianski 

applied a hybrid ANN to analyze elastoplastic beams together with the Finite Difference and Finite Element methods.

Neural Networks have been also applied in structural analysis pattern recognition . Regarding prediction applications
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of ANNs, Lee  and De-Cheng et al.  analyzed their use for predicting the concrete strength; Yan Cao et al. (2020)

analyzed their application in the behavior of beam-to-column connections; Van Dao et al.  applied these computational

models in the compressive strength prediction of concrete mixed with geopolymer; and Abambres et al.  predicted the

fatigue strength of concrete. Stoffel et al.  proposed an ANN to predict deformations in non-linear metal plates, while

Kamgar et al.  designed a feed-forward back-propagation neural network (FFBPNN) to be used to propose a new

formulation for predicting the compressive strength of fiber-reinforced polymer (FRP)-confined concrete cylinders, and

Komleh and Maghsoudi  applied an Adaptative Neuro-Fuzzy Inference System (ANFIS) and multiple regression

analysis in the prediction of the curvature ductility factor of FRP-strengthened reinforced high-strength concrete beams.

Focusing on the use of metaheuristic optimization algorithms to optimize structures, the works by Kaleh et al.  and by

Kaleh and Dadras  are remarkable. Focusing on economic issues, Kamgar et al.  proposed a fuzzy inference system

to evaluate the building design codes from an economic point of view.

It is worth noting that the use of ANNs in precast concrete elements or connections is an open research field. In fact,

neither the prediction of complex nonlinear structural stresses and deformations nor their use in the design stage has

been widely analyzed.

2. Apply ANNs in Material Design Stages

The use of ANNs for the efficient design of structural elements is an open research field where successful developments

have recently been achieved.

ANNs can be developed to be applied in material design stages and to predict the stress field in structural elements,

particularly in the design of dry precast concrete connections.

As ANN input, data from FEM analyses were used in the learning process (i.e., material parameters, nodal stresses, and

deformations). The ANNs were designed by means of different parameter combinations in order to enable an efficient

learning process. Once the learning process was finished, 10 parameter combinations were used to validate the ANN.

Four ANNs were designed. A multilayer perceptron and a backpropagation algorithm are implemented. Six inputs were

applied in the input layer. Two hidden layers with a variable number of neurons, up to 25, were necessary to reach

convergence; only one value was obtained in the output layer—the predicted stress.

When the FEM analysis results were compared to those provided by the ANNs, a maximum error of 9.16% was obtained

for the stresses, when concrete strength was close to the limit value. The average error value was less than 8.38% in the

worst validation scenario. When the concrete stress was less than 20 MPa, the maximum difference remained under 5%.

Due to the application of the Codes’ safety factors, such a difference is safe enough to design and calculate structural

connections.

The designed networks can solve complex numerical analyses, allowing for prediction of reliable results to be used as

decision tools in the early design stages of structural elements. It is also corroborated that the proposed networks reduce

the computing time when compared to common numerical methods (e.g., FEM analyses).

The proposed procedure is flexible and adaptable enough to be applied to different materials and configurations, including

new parameters, dimensions, shapes, and connections, by using ANNs for predicting stresses of elements. This

procedure is reliable enough to be used for optimal configuration of elements in the early design stage of structures.

3. Future Prospects

In future research, the proposed ANN could be combined with optimization algorithms (e.g., metaheuristic) to foster the

design of optimal, economical, and sustainable structural precast connections. In addition, the application of the proposed

ANN to the design and optimization of different precast elements could be applied and investigated. An especially

interesting field could be the application in precast concrete structure connections for industrial buildings, as well as in bus

or car canopy connections between beams and column.
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