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Abstract

The main aim of the structural design of reinforced concrete buildings is to determine the optimal sizes of their
structural members and rebar percentages, ensuring the structure has sufficient strength and stiffness to resist
failure and maintain serviceability. Usually, finite element method (FEM) based software such as ETABS is used
for designing. However, a well-structured preliminary design is necessary for efficiency. This study attempted to
use an artificial neural network (ANN) to predict preliminary design parameters for RC moment frame buildings
easily. For training purposes, 128 buildings were designed using ETABS as per BNBC(2020). The trained ANN
model predicts the output parameters from numerous input parameters, such as material properties, span lengths,
number of stories, gravity loads, and lateral loads. R? value and mean absolute percentage error(MAPE) for the
trained model were 0.315 and 11.44%, respectively. Similarly, linear regression was used for predicting the same
parameters, and predicted results were compared to predictions made by artificial neural networks. R? value and
mean absolute percentage error (MAPE) for linear regression were 0.658 and 8.87% respectively. A graphical
user interface was developed so that users can readily predict preliminary design parameters using a few input
parameters.
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1 Introduction

For familiarity with construction methods, fire resistance, and availability of required materials, almost all the
buildings in Bangladesh are reinforced concrete buildings. It is important that the building is designed to have
adequate strength to resist forces of nature, imposed loads due to usage, and self-weight. It also should have
adequate stiffness to be serviceable. Adequate stiffness and strength are achieved by providing structural
components with adequate geometric properties and percentages of reinforcement. Typically, FEM based
software such as SAP and ETABS is used to obtain exact design parameters following BNBC (2020) provisions.
However, the dimensions of the components should be economical as well. Finding economical sections may
require an iterative approach. This makes preliminary design an important part of the design process.

There are provisions for minimum thickness of slab and beam depth, which is often adequate from both strength
and serviceability aspects. But finding adequate column dimensions while keeping the rebar percentage between
one and four percent is often found challenging. An expert structural engineer may make a good prediction based
on years of experience. But all the professionals associated with the design process may not have the same level
of expertise. To make it easy and accessible for everyone, development of an ANN program can be a solution.

Artificial neural network (ANN) can capture complex relationships between different input and output
parameters. It can learn patterns through weighted connections and activation functions. For this reason, ANN
can be used to predict preliminary design parameters for reinforced concrete moment frame buildings.

2 Related Work

Artificial intelligence (Al) is a very flexible and promising technology. It allows users in to solve problems
without developing an algorithmic approach. One of the most well-known applications of Al is artificial neural
network (ANN). It has become increasingly accepted and credible in a wide range of professional domains.

In case of structural engineering, prediction of behavior and performance evaluation of the complete structure
can be done using artificial neural networks. A fast seismic assessment method for urban areas using a
feedforward neural network was introduced in (de-Miguel-Rodriguez et al., 2022). In (Stefanini et al., 2022),
using neural networks for the rapid seismic assessment of existing moment-frame RC buildings were
investigated. Similarly, different characteristics and behavior of structural components were successfully
predicted using an artificial neural network. For example, ANN was used to successfully predict short- and long-
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term deflections of two-way edge-supported reinforced concrete slabs (Hossain et al., 2007) and reinforced
concrete flat plates (Hossain et al., 2019). ANN-based surrogate model can be used for predicting the lateral load
capacity of RC shear walls (Solorzano & Plevris, 2022). Similarly, the capacity of beams and columns can be
predicted using ANN after being trained on data obtained from experimental studies (Ahmad et al., 2021). ANN
technique predicted the load carrying capacity of RC beam closer to experimental values compared to values
obtained using design codes and compressive force path method (Ahmad et al., 2021). ANN can also be used for
initial design of concrete beams from simple inputs like span, imposed load and material quality (Mukherjee and
Deshpande, 1995). ANN can also be used to determine the preliminary size of the column when the factored
axial load and moment are known (Haque, 2002). But minimum reinforcement ratios according to different
codes can be very low compared to the necessary ratio, especially in large structures in earthquake-prone
areas(Ko¢ & Emiroglu, 2017). Preliminary design can be done by following simple rules, that have been
developed based on assumptions and experience(Ersoy, 2013). But the sections may not be the most economical.
So, ANN can be used to optimize design of concrete frames leading to optimization of cost (Aga and Adam,
2015). ANN can also be used to both optimize and estimate total cost RC structure (Ugur and Sagaz, 2020).

So, in this study, an ANN model was developed that can predict both size and reinforcement ratio from basic
parameters of an RC building, such as the number of stories, span lengths, and material properties. The model
was trained using data obtained from building models analyzed by ETABS following BNBC 2020. Later, a
graphical user interface was added to make it easier to use.

3 Methodology

To use ANN for predicting outcomes, it needs to be developed and trained based on available data. After
training, the performance and the accuracy are evaluated. Steps followed for developing the dataset and training
process are presented in the following sections.

3.1 Database development

A total of 128 buildings were designed as intermediate moment resisting frames (IMRF) according to BNBC
2020. Each building has four spans in each direction. The spans in one direction are equal in length. The
buildings were considered to be located in Dhaka, site class C. The wind exposure category was “B” and
“Seismic Zone 1I” with z = 0.20. All the buildings were of the “residential” category. Some other parameters,
such as “Live Load,” “Floor finish,” “Yield strength of rebar steel, Fy,” and typical story height, were constants
for all the buildings as shown in Table 1.

Table 1. List of fixed input parameters

Name Symbol Unit Values
Typical story-height H m 3.048
Width of beam bw cm 30.48
Floor Finish FF kPa 1.197
Live Load LL kPa 1.915

Yield strength of steel Fy MPa 413.685

Variables like bottom story height, span lengths, concrete strength fc’, and partition wall load (PW) were varied
between some fixed values and chosen randomly from those values to make new building models. A summary of
the input parameters is shown in Table 2. For simplicity, column and beam dimensions were kept the same for
the entire building. Columns are square in shape. Minimum slab thickness and beam depth were provided.

Through analysis, the column dimension was selected so that it had adequate capacity. At the same time, the
rebar percentage of columns at the ground floor level was kept between 1% to 4%. Maximum rebar percentages
of columns at the corner, interior, and exterior columns, and maximum rebar percentages at the top and bottom
of both exterior and interior beams of the ground floor level were recorded. The column size and the
reinforcement ratios are the preliminary design parameters to be predicted using the ANN model.

Table 2. List of variable input parameters

Name Symbol Unit Values
Number of stories Nistory story 6,7,8,9
Bottom story height Hp m 3.048, 3.658
Span length (X direction) Spanx m 4.572,5.486, 6.401, 7.620
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Span length (Y direction) Spany m 4,572, 5.486, 6.401, 7.620
Depth of beam by cm 38.1,45.72,53.34
Thickness of slab St cm 12.7,15.24,17.18
Partition wall load PW kPa 3.830, 5.746, 7.182
Strength of concrete F¢’ MPa 20.684, 24.132, 27.579

3.2 Development of Artificial Neural Network program

An artificial neural network (ANN) model was built using the “TensorFlow Keras” library. A feedforward neural
network (FNN) type of neural network was used for modeling. In FNN, information flows from input to output
only, without loops or cycles. The backpropagation algorithm was used to train the FNN, which adjusts weights
based on the error between actual and predicted outputs. It consists of multiple fully connected (dense) layers. It
uses “ReLU” activation functions in all layers, including the output layer. It was trained using the “Adam
optimizer” and mean squared error (MSE) loss, which is common for regression tasks. A basic structure of an
artificial neural network is shown in Figure 1.

HIDDEN OUTPUT

Figure 1. Basic structure of artificial neural network

3.3 Training
The dataset was split into two parts, one part to train and the other part to test. The number of hidden layers and
the number of neurons per hidden layer were determined by trial and error. The combination for which the error
was the lowest was selected. The best number of hidden layers was found to be three. The neural network used
consists of the input layer, three hidden layers, and the output layer. There are 128 neurons in each layer of the
hidden layer.

3.4 Development and training of linear regression model

Linear regression is a statistical technique. It predicts outcomes by fitting a straight line through the data. The
coefficients of the equation of line represent the impact of each independent variable. This model is simple,
interpretable, and widely used for trend analysis. But it assumes a linear relationship thus may not perform well
with complex or non-linear data. "LinearRegression™ from "sklearn.linear_model" library was used to develop a
linear regression model and trained with the same dataset.

3.5 Using column size as an input parameter

In this study, another scenario is considered where architectural drawing is available, that is, the dimension of the
column is known. Then column dimension can be used as an input parameter as well. After the necessary
modification of the dataset, the training process has been repeated for both artificial neural network and linear
regression.

4 Results

After the completion of training, a graphical user interface (GUI) was developed for both models. To test the
trained model, a worked-out example is shown in this section. The results obtained using the ANN model and
linear regression are shown in Figure 2. The GUI shows the fixed parameters considered for modeling along with
performance metrics. This additional information helps the user to interpret and use the results obtained.
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Figure 2. (a) Results predicted by ANN and (b) Results predicted by Linear Regression

Similarly, GUIs were developed and used for finding preliminary reinforcement ratios for known column size.
Another worked-out example is shown in Figure 3.
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Figure 3. (a) Results predicted by ANN and (b) Results predicted by Linear Regression

5 Discussion

To check the accuracy of the trained models, a building with the same characteristics as the worked-out example
is modeled and designed following BNBC 2020. The design parameters obtained from ETABS are shown in
Table 3 and compared with the results obtained using ANN and linear regression. The results obtained using
ANN are very close to the results obtained from ETABS, except for “Rebar % of Exterior column” and “Bottom
rebar % of Exterior beam”. As for linear regression, column size and reinforcement ratios of beams are close to
the results obtained from ETABS. However, the reinforcement ratios for different columns deviated largely.
According to ACI 318-19, the longitudinal reinforcement ratio for columns should be within 1% and 8%. So, the
reinforcement ratios are within the acceptable range. According to BNBC 2020, for this example with Fc¢’ =
20.684 MPa and Fy = 413.685 MPa, the minimum flexural reinforcement ratio for beams was found to be
0.34%. All the flexural reinforcement ratios obtained from the models are greater than the minimum ratio.
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Table 3. Comparison between design parameters obtained from ETABS, ANN and Linear Regression

Parameters ETABS ANN % Error(ANN) Linear Regression % Error(Linear regression)
Column size(cm) 7112 71.09 0.04 73.00 2.60
0,

Rebar % of corner 227 2.26 0.44 1.92 154

column

AP

Rebar % of interior 3.95 3.97 0.51 3.20 19.0

column

o .

Rebar % of exterior 303 212 30.03 2.42 20.1

column

0
Toprebar%of g g g 0.64 153 1.90

interior beam
0,
Bottom rebar % of 0.72 0.72 0.00 0.71 1.40
interior beam

0

Top rebar % of 107 107 0.00 1.01 5.60
exterior beam
0,

Bottom rebar % of 0.62 057 8.06 0.57 8.10

exterior beam

One worked-out example isn’t adequate to check the reliability of the models. So, it is important to evaluate
different performance matrices for the models. This gives the user an idea about the reliability of the models and
the error associated with the predictions. A comparison between the performance evaluation matrices of the two
models is given in Table 4.

Table 4. Comparison between Performance Evaluation Matrices of ANN and Linear Regression

Abbreviation Description ANN Linear Regression
R? R squared 0.315 0.658
MSE Mean Squared Error 3.758 0.938
RMSE Root Mean Squared Error 1.939 0.968
MAE Mean Absolute Error 0.533 0.385
MAPE Mean Absolute Percentage Error  11.44% 8.87%

In case of linear regression, the R? (R-squared) value was found 0.658, which is higher than the R2 (R-squared)
value of ANN(0.315). This shows a stronger correlation between the input features and the predicted outputs,
which were achieved by linear regression. However, since R? is not 1, there is still some unexplained variability.
This could be due to missing factors, noise in the data, or limitations of the linear regression model. All the error
scores for linear regression were lower than those of ANN. This means that the linear regression model has better
accuracy. The mean absolute percentage error was 8.87% for linear regression, which means that, on average, the
model's predictions are 8.87% off from the actual values.

Performance evaluation matrices were also computed when column size was used as an input. The summary is
given in Table 5.

Table 5. Comparison between Performance Evaluation Matrices of ANN and Linear Regression

Abbreviation Description ANN Linear Regression
R? R squared 0.423 0.894
MSE Mean Squared Error 0.076 0.016
RMSE Root Mean Squared Error 0.275 0.126
MAE Mean Absolute Error 0.113 0.071
MAPE Mean Absolute Percentage Error  10.24% 4.41%

Similarly, in this case, the R? (R-squared) value for linear regression was higher than that of the ANN model, and
the error scores are lower. So, linear regression performed better than ANN in both cases. However, an increase
in the number of input and output parameters and total number of data points used for training may favor
artificial neural networks. It is also observed that being able to use column size as an input increases correlation
and reduces error for both models.
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6 Conclusion

In this study, both artificial neural network and linear regression were successfully used for predicting
preliminary design parameters of reinforced concrete moment frame buildings. The performance of both ANN
and linear regression models improved when the dimensions of all the structural components were known. In
both cases, linear regression performed better than artificial neural network. Using these predictors, a user should
be able to find most economic sections with the least number of trials. Due to associated inaccuracies, this is not
an alternative to the finite element method and should only be used for preliminary design.
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