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Abstract: The main objective of this study is to assess and contrast the efficacy of distinct spatial
prediction methods in a simulation aimed at optimizing the embodied energy during the construction
of prestressed slab bridge decks. A literature review and cross-sectional analysis have identified
crucial design parameters that directly affect the design and construction of bridge decks. This
analysis determines the critical design variables to improve the deck’s energy efficiency, providing
practical guidance for engineers and professionals in the field. The methods analyzed in this study
are ordinary Kriging and a multilayer perceptron neural network. The methodology involves
analyzing the predictive performance of both models through error analysis and assessing their
ability to identify local optima on the response surface. The results show that both models generally
overestimate the observed values. The Kriging model with second-order polynomials yields a 4%
relative error at the local optimum, while the neural network achieves lower root mean square errors
(RMSEs). Neither the Kriging model nor the neural network provides precise predictions but point
to promising solution regions. Optimizing the response surface to find a local minimum is crucial.
High slenderness ratios (around 1/28) and 40 MPa concrete grade are recommended to improve
energy efficiency.

Keywords: bridges; embodied energy; optimization; prestressed concrete; artificial neural network;
surrogate model; Kriging; sustainability

1. Introduction

Construction accounts for 25% to 40% of global energy consumption [1]. The amount
of energy used in constructing a structure and the associated greenhouse gas emissions
are considered key indicators of its sustainability [2,3]. Therefore, interest in optimizing
environmental sustainability in the construction industry has increased significantly in
recent years [4,5].

Prestressed concrete offers many advantages, including longer spans that increase
floor space, thinner slabs for high-rise buildings, fewer joints, and reduced maintenance
costs. It offers excellent durability, crack resistance, and improved structural performance
with less deformation. In addition, prestressed concrete allows for faster construction
with better quality control and is ideal for repetitive structures. However, it requires high-
strength materials, specialized equipment, and skilled labor, making initial construction
costs higher than traditional reinforced concrete structures. Despite these disadvantages,
the long-term benefits often outweigh the initial cost. Leonhart [6] provides an overview of
the prestressing advantages of this technique. Warner et al. [7] offer a detailed discussion
of the potential challenges of prestressed concrete.
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Selecting appropriate materials and optimizing them enhances the sustainability
of structures. Some studies have used energy as a critical target in this process [8,9].
Cabeza et al. [10] conducted a comprehensive review of the literature, utilizing keyword
analysis to present an overview of embodied carbon and energy values. Miller et al. [11]
have shown that post-tensioned concrete slabs consume less embodied energy than their
reinforced concrete counterparts. However, solely reducing the structure’s weight does not
guarantee a reduction in energy consumption [12].

Nevertheless, research on optimizing embodied energy in bridges still needs to be
explored. Alcalá et al. [13] found that the least-cost solution only required a 5.3% increase
in embodied energy consumption. In another study, Martí et al. [14] achieved energy
savings of 24% for a 30 m precast bridge. Minunno et al. [15] offer a regression model and
procedural guidelines for practitioners aiming to minimize the environmental impact of
buildings. Furthermore, Penadés-Plà et al. [16] presented a Kriging-based optimization
method for a three-span pedestrian bridge with lengths of 40-50-40 m. However, it is
essential to acknowledge that research addressing energy optimization in concrete slab
bridges is still scarce, indicating a clear need for more exploration.

The heuristic optimization of structures is often computationally expensive, which
has led to the development of metamodels to address this challenging problem. Among
the most effective methods is the Kriging predictor. This approach replaces a simulation
model and provides optimal interpolation based on regression against a set of observed
values from neighboring points [17]. While Kriging has yet to be widely used in the design
of real structures, there are interesting examples of its application. Martínez-Frutos and
Martí [18] used it to optimize the robust design of structures. They effectively decoupled
the uncertainty evaluation from the optimization process. More recently, it has been
employed in the optimization of structural dynamics [19], in the design of residential
building typology [20], and post-tensioned bridges [21,22]. In a related study, Zhang
and Wu [23] employed Kriging to establish structural vulnerability curves for RC bridges.
Wu et al. [24] further applied this model to optimize finite element models of bridge
structures. Cheng and Low [25] provide a new metamodel for offshore structures.

Another type of metamodel is the artificial neural network (ANN). Its structure,
resembling the human brain, is formed by a network of nodes (or neurons) and connections.
Thanks to their flexibility and ease of use, these networks find application in various
problems, from pattern recognition to function approximation. ANNs, which are a method
of machine learning, learn from training examples and provide an answer or output by
the approximation of the nonlinear functions of their inputs. ANNs have been applied to
predict structural behavior [26] or to support multiobjective bridge optimization [27].

2. Lightened Slab Bridge Deck Description

Hyperstatic post-tensioned concrete slabs are common on bridges ranging from 10 m
to 45 m in length. With a main span of more than 50 m, this structure is not competitive and
gives way to box girders. In common practice, designers typically maintain a depth/span
ratio of approximately 1/25 when designing roadway slabs with three or more spans. This
significant ratio ensures the slab’s structural integrity and load-bearing capacity. This solu-
tion competes with precast girders due to its structural advantages, which include higher
bending and torsional stiffness, greater durability, and safety attributed to hyperstatic
behavior. Nevertheless, what sets it apart is its adaptability to complex construction shapes.
This unique feature simplifies the formwork and concrete pouring processes, making the
design more efficient. In addition, there is no need for joints and there is greater flexibility
in pile placement for improved aesthetics.

This study aims to improve the design of a prestressed, lightened slab with a specific
configuration of spans: 24-34-28 m. This configuration is a standard in overpasses crossing
dual-lane, dual-track highways, making the study’s findings directly applicable to real-
world bridge construction. As shown in Figure 1, the slab has a constant depth and
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rectilinear configuration. The platform is 8.30 m wide, allowing for two lanes of 3.50 m
each, 0.65 m parapets on each side, and a concrete base (see Figure 2).
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Figure 2. Cross-sectional view of the lightweight PC slab bridge deck [21,22].

This overpass is situated at kilometer 441 of the A-7 highway in Cocentaina, in the
province of Alicante. Figure 3 displays an aerial image of the overpass. The bridge was
designed with a depth of 1.35 m, a lower base of 4.00 m, and a span of 1.75 m, with the
following dimensions: a = 0.20 m, b = 0.10 m, and d = 0.40 m. The interior lighting consisted
of four circular sections with a diameter of 0.60 m. These measurements result in an internal
lighting of 0.14 m3/m2 and an external lighting of 0.51 m3/m2.
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Image: Google Maps.

Limit state theory verifies structural resistance using partial safety factors. Each
design situation ensures that no ultimate and serviceability limit states are exceeded. The
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present study used CSiBridge v.21.0.0 software to create a three-dimensional deck model,
which was subsequently analyzed and dimensioned. The assessment thoroughly examined
various alternatives to identify the acting and resisting loads represented by sectional forces.
These detailed force calculations align with those presented in the work of Yepes-Bellver
et al. [21,22].

3. Methodology

The construction of each slab deck consumes energy. Comparing different designs
involves considering various factors, such as the concrete grade, the amount of incorporated
steel, the formwork surface, and the energy required for lighting. Table 1 presents the costs
for different objectives, such as cost, emissions, and energy consumption [21,22].

Table 1. Energy cost of the deck [16].

Material kWh/kg kWh/m3 kWh/m2

Y-1860-S7 steel 5.64
B-500-St steel 3.03

Lighting 604.42
Slab formwork 2.24

C-30 concrete 227.01
C-35 concrete 263.96
C-40 concrete 298.57
C-45 concrete 330.25
C-50 concrete 358.97

Lighting 604.42
Slab formwork 2.24

The materials analyzed include Y-1860-S7 steel, known for its high strength and dura-
bility in structural reinforcements, and B-500-St steel, which offers good ductility and tensile
strength for concrete reinforcement. Concrete types range from C-30, a medium-strength
option, to C-50, an ultra-high-strength concrete. Additionally, lighting reduces structural
weight to improve efficiency and cost-effectiveness, while slab formwork supports and
shapes the concrete, impacting surface quality and construction speed.

Our research uses two types of predictive metamodels: Kriging and neural networks.
These models are applied to 42 data points that were previously used to optimize the
proposed slab bridge [21,22]. These data points, detailed in Table 2, serve a specific purpose
in our research. The diversification phase uses the first 30 data points to optimize the
Kriging response surface. The intensification phase uses the following 10 data points. Data
number 41 represents the local optimum of the diversification phase, while number 42 is
the local optimum corresponding to the intensification phase.

Table 2. Values of design variables obtained within the specified ranges [22].

Deck Deck Depth (m) Base
Width (m)

Concrete
Grade (MPa)

Energy Cost
(MW·h)

1 1.65 3.65 35 1149.88
2 1.70 3.80 45 1182.89
3 1.20 3.85 40 1065.87
4 1.55 3.60 45 1140.79
5 1.20 4.85 50 1170.72
6 1.15 4.50 50 1199.59
7 1.35 3.95 30 1103.18
8 1.30 4.45 30 1180.31
9 1.35 4.25 45 1132.71
10 1.50 4.55 30 1138.00



Sustainability 2024, 16, 8450 5 of 14

Table 2. Cont.

Deck Deck Depth (m) Base
Width (m)

Concrete
Grade (MPa)

Energy Cost
(MW·h)

11 1.60 4.20 40 1267.85
12 1.25 4.70 40 1191.65
13 1.50 4.05 45 1183.17
14 1.45 4.35 35 1119.17
15 1.65 3.45 45 1145.07
16 1.55 4.10 35 1162.92
17 1.25 3.50 45 1073.75
18 1.40 3.30 40 1152.33
19 1.45 3.90 45 1145.21
20 1.35 3.60 35 1094.86
21 1.50 3.35 45 1134.93
22 1.50 4.50 45 1189.53
23 1.55 3.20 30 1103.41
24 1.25 3.00 50 1101.04
25 1.40 3.45 45 1201.73
26 1.50 3.55 35 1105.44
27 1.70 3.85 45 1165.47
28 1.20 3.60 40 1083.41
29 1.30 4.90 40 1215.82
30 1.45 4.75 35 1163.59
31 1.20 3.40 40 1059.87
32 1.15 3.90 35 1129.22
33 1.05 3.50 35 1237.89
34 1.10 3.80 45 1178.72
35 1.15 3.35 45 1074.77
36 1.25 3.60 45 1078.71
37 1.10 3.45 40 1124.21
38 1.20 3.35 45 1065.44
39 1.25 3.40 45 1084.92
40 1.15 3.60 45 1104.77
41 1.15 3.35 40 1051.00
42 1.15 3.70 40 1038.28

Once a response surface is fitted to a surrogate model, the prediction error can be
measured using the root mean square error (RMSE), which will have the same units as the
output values of the predictive model.

RMSE =

√√√√ n

∑
i=1

(ŷi − yi)
2

n
(1)

where ŷi is the estimated values, yi is the observed values, and n is the number of observations.

3.1. Kriging Metamodel

The approach involves a two-phase optimization process employing a response sur-
face generated by a Kriging metamodel [21,22]. Latin hypercube sampling (LHS) selects
uniformly distributed random numbers to analyze energy in alternatives. A Kriging model
then creates and optimizes a response surface for the optimization input.

Kriging estimates an attribute’s value at a point u from a set of n values of z (Figure 4).
In this context, the variable of interest is the energy required to run the board. The points
from LHS sampling represent solutions. This approach predicts responses without detailed
structural analysis. The “MATLAB Kriging Toolbox” Version 2.0 (DACE) is used to build a
Kriging surrogate model from data pairs of inputs and responses from a computational
experiment [28]. The models are deterministic, producing consistent responses for the same
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inputs without random error. Kriging models can be built with polynomial regressions of
orders 0, 1, and 2, known as Kriging 1, Kriging 2, and Kriging 3.
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Latin hypercube sampling (LHS) is a technique that selects uniformly distributed
random numbers. In contrast to a simple random sample, the method offers a lower
variance of the sample mean [29]. This technique entails selecting a sample at random
from each interval for each variable, with the mathematical model then running repeatedly
to that of the number of intervals within the probability distribution split. This process
ensures the selection of initial values from each data range. LHS offers an enhanced grasp
of the design space compared to that afforded by simple random sampling. It is particularly
suitable for computational tests that aim to minimize systematic errors while maintaining
a uniform random sample. LHS is sufficiently flexible to adapt the number of samples
according to the specific requirements of the experiment. In addition, it is highly efficient in
generating results within a reasonable period, thus making it a practical choice for a wide
range of applications.

3.2. Artificial Neural Network

An artificial neural network (ANN) consists of neurons organized in layers (input, hid-
den, output) that detect complex relationships between variables. The input layer receives
data, the hidden layer processes it, and the model is trained by adjusting weights iteratively.
Errors are propagated backward to improve accuracy. LeCun et al. [30] thoroughly review
the fundamental concepts, advancements, and applications of ANNs. Zhang et al. [31]
provide an in-depth examination of how ANNs are applied to forecasting, detailing their
effectiveness and methodologies in this domain.

A multilayer forward-fed network comprises a hidden layer of sigmoid neurons and
an output layer of linear neurons. The neurons in the hidden layer connect to both input
and output layers (Figure 5). The number of neurons in the input and output layers is
proportional to the number of input and output parameters. The input variables, denoted
by xi, are multiplied by the weighting coefficients, wi,j, and then combined linearly with an
independent bias term, bj. The equation governing the behavior of each hidden neuron
may be expressed as ∑xi · wi,j + bj. Subsequently, each neuron in the hidden layer generates
an output by employing a sigmoid tangent function to the linear combination. The output
layer employs a linear function.
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The multilayer perceptron (MLP) network is a widely used model that approximates
any function, even with a single hidden layer [30]. Its effectiveness stems from the backprop-
agation algorithm [32–34], which has various enhancements. This algorithm is essential
for MLP’s application in classification and regression problems, particularly when training
data with known target values are available.

In a forward-feeding neural network, the connections are unidirectional, moving from
the input to the output layer, and the learning is supervised with data that have known
responses. The data set is divided into three groups to evaluate overfitting: training data to
adjust network parameters, validation data to detect overlearning during training, and test
data used only at the end to assess performance. An “early stopping” technique prevents
overfitting by dividing data into training and validation sets. During iterative optimization,
the training and validation errors are compared. If the training error decreases while the
validation error increases, the adjustment process is terminated to prevent overfitting.

The neural network used 42 data sets: 34 for training, 4 for validation, and 4 for testing,
all chosen randomly. The network employed a five-neuron hidden layer. Performance is
assessed through simulation, where data—either from training or new data for predictions—
are input to examine the output.

The first step is cross-validation, comparing training output data with the neural
network’s simulated output. This process is key to evaluating the network’s accuracy
and detecting overfitting, where the model becomes too specialized to the training data
and performs poorly on new data. Cross-validation can be applied to training, validation,
testing, or all data to assess overfitting (Figure 6).
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Figure 7 represents a network setting for the case studied, with cross-validation of
training, validation, test, and total data. It must be noted that, on each occasion that the
network is run, the data used for validation are chosen randomly, and the settings change
each time. An analysis of the plots in Figure 7 shows that training the neural network on a
random data set allows for a high correlation, which drops when the network is applied to
new test data. This effect can also be seen when the network is applied to the entire data
set used, where the R coefficient is high but lower in the training phase.
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4. Results and Discussion
4.1. Visualization of Observed Data

Before applying the metamodels, the observed data can be plotted on a response
surface to observe the abruptness of the response surface. Minitab v17 was used for
this purpose. Figures 4 and 8 plot the 42 observed data points (Table 2), with energy
consumption represented as the response variable. Figure 8 depicts the contour plot
corresponding to the observed data, revealing multiple local optima. Traditional linear
regression models are inadequate, and even nonlinear models may overly smooth the
response due to the surface’s abrupt nature. This complexity underscores the need for
advanced predictive and optimization models to identify the optimal solution within
this space.
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Figure 8. Response surface of the 42 observed slab bridge deck data (Table 2).

4.2. Comparison of Predictive Models

Table 3 shows the observed values, the three Kriging models used, and the average
of 16 neural network runs for the local optima obtained in the diversification (bridge #41)
and intensification (bridge #42) phases of the response surface optimization. It is noted
that Kriging predictive models are deterministic, while neural networks are not, because
each time they are run, the data used for learning and validation are chosen randomly.
Therefore, the neural network has been run 16 times to stabilize the standard deviation of
the mean values (which is divided by 4).

Table 3. Observed value and prediction for local optima in diversification (#41) and intensification
phase (#42), as well as their absolute and relative errors.

#41 #42 Absolute
Error #41

Relative
Error #41

Absolute
Error #42

Relative
Error #42

Observed 1051.00 1038.28 0.00 0.00% 0.00 0.00%
Kriging 1 1130.68 1091.95 79.68 7.58% 53.67 5.17%
Kriging 2 1073.98 1085.84 22.98 2.19% 47.56 4.58%
Kriging 3 1060.58 1079.81 9.58 0.91% 41.53 4.00%

ANN average 1073.06 1091.85 22.06 2.10% 53.57 5.16%

4.3. Error Analysis

The predictive models show values above the observed data. The Kriging 3 model,
which uses a regression polynomial of order 2, provides the lowest error. However, the
average values predicted by 16 neural network runs give an error similar to the Kriging 2
model, which uses a regression polynomial of order 1.

However, the errors measured as mean square error (MSE) and root mean square error
(RMSE) are lower for the neural network case (Table 4). The error values for the Kriging
models’ case have been obtained for the prediction of values #31 to #42, while in the case of
the neural network, they have been obtained using all 42 cases. Therefore, this supposed
advantage of the neural networks is not homologous.
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Table 4. MSE and RMSE errors of the predictive models used.

Predictive Models MSE RMSE

Kriging 1 2212.98 47.04
Kriging 2 3923.49 62.64
Kriging 3 4976.80 70.55

ANN average 1037.22 30.95

The subsequent step comprehensively examines the neural network’s capability to
identify the optimal values. To accomplish this, we present the average values of the
predictions made, as illustrated in Figures 7–9 below.

Sustainability 2024, 16, x FOR PEER REVIEW  10  of  14 
 

4.3. Error Analysis 

The predictive models show values above the observed data. The Kriging 3 model, 

which uses a regression polynomial of order 2, provides the lowest error. However, the 

average values predicted by 16 neural network runs give an error similar to the Kriging 2 

model, which uses a regression polynomial of order 1. 

However,  the errors measured as mean square error  (MSE) and root mean square 

error  (RMSE) are  lower  for  the neural network case  (Table 4). The error values  for  the 

Kriging models’ case have been obtained for the prediction of values #31 to #42, while in 

the case of the neural network, they have been obtained using all 42 cases. Therefore, this 

supposed advantage of the neural networks is not homologous. 

Table 4. MSE and RMSE errors of the predictive models used. 

Predictive Models  MSE  RMSE 

Kriging 1  2212.98  47.04 

Kriging 2  3923.49  62.64 

Kriging 3  4976.80  70.55 

ANN average  1037.22  30.95 

The subsequent step comprehensively examines the neural network’s capability to 

identify the optimal values. To accomplish this, we present the average values of the pre-

dictions made, as illustrated in Figures 7–9 below. 

 

Figure 9. Contour plot of the 42 observed slab data (Table 2). 

Figure 10 illustrates the neural network’s accurate prediction of the deck depth’s min-

imum value, considering a 3.70 m base and 40 MPa concrete grade. Remarkably, a distinct 

minimum appears at a depth of 1.20 m, which notably aligns with the optimum obtained 

by Kriging. 

Figure 9. Contour plot of the 42 observed slab data (Table 2).

Figure 10 illustrates the neural network’s accurate prediction of the deck depth’s
minimum value, considering a 3.70 m base and 40 MPa concrete grade. Remarkably, a
distinct minimum appears at a depth of 1.20 m, which notably aligns with the optimum
obtained by Kriging.
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When the depth of the deck remains at 1.20 m and the concrete grade is 40 MPa, the
neural network indicates (Figure 11) that the minimum energy cost barely changes, with
values ranging between 3.00 m and 3.50 m, and 3.35 m being the lowest.
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and 40 MPa concrete grade.

Suppose a depth of the deck of 1.20 m and a base of 3.35 m are set. According to
Figure 12, the neural network indicates that the value of the characteristic resistance offering
the lowest energy cost is 41 MPa, which is close to the standardized value of 40 MPa used
for constructing the structure.
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4.4. Practical Recommendations

The Dirección General de Carreteras (DGC) [35] suggests a slenderness ratio between
1/22 and 1/30, while the SETRA [36] recommends a ratio of 1/28 for three-span slab
decks with wide cantilevers. The outcomes of the neural network, which align with the
conclusions of Yepes-Bellver et al. [22], provide practical recommendations for reducing
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emissions in a prestressed slab bridge comprising three spans with a main span of 34 m.
These recommendations include a slenderness of about 1/28, a concrete content of between
0.55 m3/m2 and 0.60 m3/m2 for the deck, and a passive reinforcement content of between
100 kg/m3 and 130 kg/m3, with active reinforcement around 17 kg/m2 of the deck. The
characteristic compressive strength of concrete should be at least 40 MPa, the internal
lighting should not exceed 0.18 m3/m2 of the deck area, and the external lighting should
be between 0.45 m3/m2 and 0.55 m3/m2 of the deck area.

Thus, the neural network can identify the local optimum, which is close to the value
obtained after optimizing the response surface of the Kriging surrogate model. However,
the Kriging models or neural networks must accurately determine the energy prediction.
Therefore, while the surrogate models can provide a response surface, optimizing the
response surface to find a local minimum is critical. However, these models allow for
improved design results and help to narrow the optimal design ranges for critical variables.
This proposed approach is a significant aid for structural engineers who refrain from
routinely using heuristic optimization algorithms, resulting in missed opportunities to
reduce economic and environmental costs.

5. Conclusions

This paper compares the performance of Kriging and a multilayer perceptron neural
network for optimizing energy in prestressed lightweight slab bridges. Using 42 solutions
from a real road overpass, the energy consumption required for its construction was eval-
uated using Kriging and neural network models. Verification revealed that the response
surface assessing energy consumption is complex and steep, displaying numerous local
optima, highlighting the problem’s complexity. Both Kriging models and neural networks
tend to predict values above the observed ones. Specifically, the Kriging model, which uses
polynomials of order 2, offers a relative error of 4% in the local optimum, which is lower
than that of the neural network. However, the neural network demonstrates lower root
mean square errors (RMSEs). Unlike deterministic Kriging models, neural networks require
multiple runs to stabilize their responses and determine mean values. Furthermore, verifica-
tion of this structural problem indicates that the neural network identifies the location of the
local optimum, which closely resembles the value obtained from optimizing the Kriging
response surface. However, neither the Kriging model nor the neural network achieves
accurate predictions of the objective function; instead, they guide toward promising areas
within the solution space. Therefore, while surrogate models establish a response surface,
optimizing this surface to find a local minimum remains essential.
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