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Abstract
Structuralengineering is the engineering discipline that deals with a structure’s or building’s structural robustness. Structural 
engineering is a civil engineering specialisation that guarantees structures are secure, stable and do not collapse when loaded. 
The process of construction takes cost and time that has huge impact in the entire process of completing a certain project. 
Eminence of construction is assured with the optimized cost usage and minimal time consumption. Estimation or optimization 
of theses aspects is complicated, and it necessitated probabilistic approaches. Several researches developed cost estimation 
techniques, which are based on statistical and computational techniques. These approaches face certain issues namely opti-
mization and occurrence of error during the estimation process. To handle this, artificial neural network (ANN) is developed 
for optimization of cost and time whereas the incidence of error is also minimal in the proposed approach. The main intent 
of the proposed approach is to enhance the construction procedures and methodologies using deep learning technique. ANN 
outperforms the existing state-of-the-art techniques namely genetic algorithm (GA) and particle swarm optimization (PSO).

Keywords Construction · Neural network · Engineering · Optimization · Time estimation · Computational techniques · Bio-
inspired approach · Cost estimation

1 Introduction

Neural networks are a type of data processing technology 
based on biological nerve systems, such as the brain and 
process data. Because of its capacity to learn an input–output 
connection implicitly, neural networks have been employed 
in a variety of civil engineering applications [1]. Their main 
benefit is that they can address issues that are too difficult for 

traditional technologies to handle. Artificial neural networks 
are the most widely used of the many neural network 
paradigms because of their relatively straightforward 
mathematical justifications and high applicability [2].

Layers are utilised to arrange neural networks. Layers 
are made up of a series of interconnected nodes that each 
has their own ‘activation function’. The ‘input layer’ depicts 
patterns to the network, which exchange information with 
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one or more hidden layers, which do the real processing 
through a system with connection holding distinct weight 
[3]. The backward error and a forward activation flow 
of outputs occur with each epoch cycle, making ANN a 
supervised process. To ensure that the network has only 
learnt the required function, it is necessary to evaluate 
the network’s performance by testing it on a number of 
previously unknown or novel cases [4].

Construction projects and industries are critical to a 
developing country’s economy. Time and cost are two of the 
most important considerations in a construction project, and 
they are utilised to design the project [5]. In building pro-
jects, the importance of time and cost efficiency has grown. 
To complete the planning assignment, it is required to esti-
mate the cost and time of each construction. This allows the 
entire length and cost of the project to be established. Opti-
mization is a deliberate effort to increase profit margins and 
get the best results in a particular condition or setting [6].

The attainment of a true and permanent decrease in the 
unit cost of offered services without compromising their 
acceptability is referred to as cost optimization [7, 8]. For 
optimization, a variety of approaches and project manage-
ment tools are available. Despite this, many construction 
projects fall short of their cost and schedule targets. As a 
result, with the analysis of information available, it is neces-
sary to follow and execute the approaches at every level of 
the building process [9, 10].

The approach and type of building procedures utilised are 
also critical factors in a project’s success [11, 12]. To have a 
better understanding, the project completion time and cost 
must be calculated. Organizations may also profit from this 
study and learn from previous failures, allowing them to suc-
ceed in their undertakings. The time and cost estimation for 
building construction is achieved using ANN in this study 
work [13]. This article focuses on the optimization of cost 
and time with ANN.

The rest of the article is organized as follows: optimiza-
tion-based approaches in structural engineering is discussed 
in Sect. 2, estimation of cost and time using ANN is detailed 
in Sect. 3, acquired results from ANN for different project is 
illustrated in Sect. 4, and the article is concluded in Sect. 5.

2  Related works

Yu [14] investigated the importance of big data and deep 
learning techniques. Changes in teaching approaches are 
being driven by the arrival of the big data age. The study 
offered counsel on learning and living from the perspective 
of students and transmitted the summarised expertise to the 
students for their further reference.

Al Qurishee et al. [15] examined the dataset age drawing 
near and illuminated the viewpoint of examination. Various 

headways in different areas, including structural designing, 
are ignited by the state-of-the-art profound learning leap 
forwards. Notwithstanding, the absence of an openly 
accessible, free, quality-controlled, and human-explained 
enormous dataset that backs and drives structural designing 
profound learning exploration and applications on themes 
like associated vehicles, primary wellbeing observing, 
and span assessment is a major issue that the structural 
designing examination local area is as of now confronting. 
The production of a free dataset will take out a huge obstacle 
to profound learning research in structural designing.

Yao et al. [16] inspected the process of bughole identifica-
tion with the assistance of concrete image. Bugholes are sur-
face flaws that emerge as tiny pits and craters on the surface 
of concrete after it has been poured. In situ manual exami-
nation is used in conventional measuring methods, and the 
detection procedure is time-consuming and complex. The 
suggested DCNN performed well in terms of bughole detec-
tion, with a recognition accuracy of 96.43%. The suggested 
DCNN demonstrated high resilience when compared to the 
Laplacian of Gaussian (LoG) algorithm and the Otsu tech-
nique, allowing it to avoid interference from fractures, colour 
variations and non-uniform light on the concrete surface.

Chou and Thedja [17] have proposed another grouping 
framework that joins swarm and meta-heuristic knowledge, 
i.e. a shrewd firefly calculation and a least squares support 
vector machine. The brilliant firefly calculation’s exhibition 
improvement was approved utilizing benchmark capacities. 
The brilliant firefly calculation has a 100% achievement rate 
in observing the best incentive for most benchmark capaci-
ties, as per the information. To build a meta-heuristic ideal 
grouping model, the shrewd firefly technique was joined 
with the most un-square help vector machine.

Shrestha and Shrestha [18] have fostered an instrument 
that utilizes a numerical model to foresee the possibility 
cost of a street fix contract. A possibility cost is commonly 
remembered for a venture to cover change orders that might 
emerge during the structure stage for an assortment of 
reasons, including unforeseen conditions, plan blemishes 
and extension adjustments. The expense of progress requests 
will be sufficiently controlled all through the development 
stage assuming the possibility cost is unequivocally surveyed 
during the agreement’s acquisition stage.

Naik and Radhika [19] analyzed concerning time and cost 
included interstate street development project utilizing ANN. 
The vital information was assembled from two effectively 
finished parkway street projects, and the models were 
prepared, tried and approved utilizing MATLAB R2013a 
Software. For the developed models, the neural organization 
fitting instrument and neural organization device approaches 
were utilized, as well as measurable investigation. The 
discoveries uncovered that utilizing neural organizations 
to start a primer gauge may diminish the time and cost of 
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information handling, making it simpler for the project 
worker to settle on a decision.

Praščević and Praščević [20] have proposed that the opti-
mization of construction time and cost is connected to the 
cost of events and the cost of complete project realization. 
All the activities such as duration, direct and indirect cost, 
project realization time and relationship among the activities 
are taken into consideration. For solving this nonlinear prob-
lem, the PSO method is applied. With the help of suitable 
software along with the scope of a MATLAB programming 
system, enhanced methods are developed for optimization 
of time and cost.

Furthermore, earlier studies mostly determined the rel-
evance of various influencing factors by comparing the mean 
values of factors, ranking the elements in order of impor-
tance by presenting the higher mean value as the more sig-
nificant factor and developing a regression model [21–25]. 
However, the relationships between the factors such as dura-
tion, cost and percentage of construction material, and to 
understand it simply, meta-heuristic optimization model, 
can be used to estimate the optimum time and cost. For this 
purpose, the data have to be analyzed using ANN. Conse-
quently, it could be understood that when the relationships 
between the variables are nonlinear, ANN could be good 
substitute for linear regression method. Moreover, ANN has 
the ability to handle noisy, inaccurate, and corrupted data 
very well.

The existing approaches are influenced by the nature of 
the processing information, and the early convergence in 
bio-inspired approaches is not effective in certain cases. By 
considering these, robust deep learning–based approach is 
utilised in this research.

3  Probabilistic approaches and neural 
network

The data for this study came from information on the cost, 
time, and prefabricated content of finished residential, 
commercial, and institutional construction projects. When 
information for a specific building is missing or partial, the 
project manager for that building is contacted for the miss-
ing information. Another advantage to use the case study 
research approach is that it gives for the flexibility of obtain-
ing essential information from project records through direct 
observations and interviews with project stakeholders.

With the help of artificial neural network (ANN) with 
rectified linear unit (ReLu), which works as an activation 
function, the best characteristics recovered are employed in 
classification. ANN is divided into two stages: feature learn-
ing and classification. Convolution and pooling layers are 
present in ANN’s feature learning stage. The fully connected 
and softmax layers are used in ANN’s classification phase. 

The ANN supports the learning process of features gathered 
from tweets, and the classification procedure is straightfor-
ward, classifying features based on labels.

3.1  Convolution layer

A few channels skim over the info highlight in this layer, 
and the adding is done component by component utilizing 
the increase approach. The result worth of this layer is then 
approximated in light of the information data open rate. The 
weighted summation rate is utilized as an info component in 
the following layer’s tweets. The significant objective of this 
layer is to slide to fill the supplemental property estimations 
in the convolutional layer’s subsequent worth. Step, size of 
channel, and zero cushioning are the names of the techniques 
in the convolution layer.

Corrected linear unit (ReLU) is the actuation work in the 
ANN, and it speeds the assembly of the stochastic plunge 
slope. ReLU is a basic calculation that works by laying out 
limits to which the pace of enactment work esteem is moved 
to nothing. Assuming it gets a negative worth, it returns zero, 
and in the event that it gets a positive (pt) esteem, it brings t 
back. The ReLU (ACF ReLU) is portrayed as follows:

where the positive worth is signified as pt, and the enactment 
capacity of ANN is meant as ACF_ReLU.

The gradient approach in this layer stops learning pro-
cess when the AF_ReLU value extends to zero, and activa-
tion of ANN is accomplished in that scenario that is ReLU 
(AF_ReLU). The activation function in this layer l is equated 
follows:

where the predefined parameter is denoted as o, and it is 
initially assigned with the value of 0.01.

3.2  Pooling layer

The pooling layer reduces the dimension of the output infor-
mation of tweets from twitter and the most familiar max 
pooling approach is utilized, which denote the maximum 
pooling filter value. The max pooling is a most capable 
method, and it delivers notable down sampling size of input 
information. Max pooling approach is highly effective than 
averaging and summation approaches.

3.3  Fully connected layer

This layer learns the combination of non-linear information 
of the high range features, which is denoted by the output of 

(1)ACF_ReLU = max(0, pt)

(2)AF_ReLUl =

{

pt pt > 0

o × pt pt ≤ 0
, 0
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convolutional layer. The non-linear function and values in 
this space are learned by this layer.

3.4  Softmax layer

In softmax layer, the tweet classification is attained, and 
softmax function is employed in the output layer, which is 
included as a normalized value of exponent of output HIV-
based tweet of twitter data. This denotes the probability of 
output and softmax function is distinguished. Moreover, the 
exponential tweet rate proliferates the probability to highest 

level. The softmax function and their estimation is equated 
as

where output that is tweet of the softmax is denoted as optx 
for the number of output is x, zx is the considered as output x 
before the layer softmax, and whole count of the output layer 
is denoted as C. The class labels for the US image views are 
classified in the softmax layer (Fig. 1).

(3)Optx
ezx

∑C

x=1
ezx

Fig. 1  Model of artificial 
neuron

Fig. 2  Convergence graph
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4  Result and discussion

The results of the proposed work are achieved using the 
working platform of MATLAB 2014a, with the system 
configuration i5 processors with 4  GB RAM, and the 
estimation is done using ANN process. ANN has attained 
much consideration because of its capacity to solve both 
the quantitative and qualitative problems encountered in 

the construction industry. This work has been proposed to 
predict the cost performance (CP) and time performance 
(TP) of the construction process in the construction 
project by utilizing the ANN. Here, different percentages 
of construction material are added in the construction, and 
estimated duration, actual duration, estimated cost, and 
actual cost are used as the inputs in the ANN process.

Fig. 3  Performance of time for 
diverse optimization techniques
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Fig. 4  Estimation of cost for 
diverse optimization techniques
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4.1  Convergence graph

The convergence graph is drawn with the iteration 
symbolized in the X-axis and the fitness in the Y-axis. The 
convergence graph is created to illustrate the iterative nature 
of time performance and cost performance solutions during 
the process of training by which error near to zero attained 
by the iteration can be presented. Data collected from the 
project 1 to 30 are used as training dataset. Figure 2 shows 
the convergence graph of the construction technology 
performance parameters for the construction together with 
the fitness values.

The diagrams show the exhibition examination bounda-
ries of wellness charts in view of the cycle of the GA, PSO, 
and ANN by modifying the loads in the scope of − 500 to 
500. Consequently, the blunder is not entirely set in stone 
for the proposed ANN model. In a general sense, the chart 
handles the PSO interaction by offering the base wellness 
with most extreme emphasis.

The base mistake worth of the proposed technique is con-
trasted and the GA and ANN. The normal mistake distinc-
tion is 77.55%, and for the ANN method, it is 78.57%. The 
conduct of the assembly chart at starting cycle shows that the 
wellness worth will be high in view of the genuine capacity 
of the calculation, and afterward, the mistake esteems are 
continuously limited or decreased. Hence from the chart, it is 
observed that the results of the PSO procedure successfully 
outfit the ideal wellness esteems.

Table 1  Performance of time for diverse optimization techniques

Project Actual value GA PSO ANN

1 0.42 0.571007 0.500558 0.309953
2 0.45 0.302397 0.539207 0.573562
3 0.6 0.75915 0.659709 0.598295
4 0.65 0.553631 0.692597 0.660635
5 0.7 0.700708 0.70599 0.738268
6 0.71 0.855871 0.702578 0.7217
7 0.72 0.785165 0.720177 0.8017
8 0.72 0.569099 0.752318 0.871829
9 0.73 0.782659 0.723723 0.800629
10 0.74 0.611735 0.811913 0.898556
11 0.75 0.851663 0.889585 0.838753
12 0.75 0.915191 0.830638 0.868502
13 0.75 0.89751 0.828697 0.895653
14 0.76 0.882168 0.723068 0.807175
15 0.76 0.850901 0.852926 0.907095
16 0.76 0.853576 0.859339 0.906627
17 0.76 0.935525 0.755966 0.828799
18 0.78 0.89807 0.858525 0.859991
19 0.78 0.877566 0.858158 0.892919
20 0.79 0.950075 0.785159 0.861913

Table 2  Estimation of cost for diverse optimization techniques

Project Actual value GA PSO ANN

1 0.51 0.435861 0.425437 0.392447
2 0.53 0.632249 0.473418 0.221341
3 0.66 0.683889 0.596556 0.456132
4 0.69 1.123604 0.642451 0.524256
5 0.71 0.875692 0.672457 0.609281
6 0.72 0.614501 0.6799 0.701205
7 0.73 0.746786 0.765323 0.716856
8 0.74 1.0045643 0.756376 0.72555
9 0.71 0.908461 0.624518 0.771133
10 0.76 1.824459 0.726347 0.779465
11 0.88 2.14397 0.723543 0.711359
12 0.86 0.935638 0.775367 0.730963
13 0.89 0.93832 0.802469 0.878703
14 0.86 0.526507 0.762564 0.860857
15 0.89 0.942543 0.826345 0.816079
16 0.87 1.243563 0.784653 0.742088
17 0.76 0.835624 0.753246 0.287636
18 0.89 0.834558 0.808247 0.810667
19 0.87 1.076418 0.797536 0.865481
20 0.91 0.914331 0.8167448 0.713663

Table 3  Occurrence of error for 
time estimation

Iteration/
algo-
rithm

GA PSO ANN

20 0.654 0.623 0.543
40 0.678 0.643 0.576
60 0.698 0.654 0.589
80 0.745 0.684 0.623
100 0.723 0.712 0.643

Table 4  Occurrence of error for 
cost estimation

Iteration/
algorithm

GA PSO ANN

20 0.664 0.633 0.61
40 0.684 0.651 0.621
60 0.708 0.669 0.642
80 0.734 0.69 0.698
100 0.749 0.731 0.7



The International Journal of Advanced Manufacturing Technology 

1 3

4.2  Outcome of the predicted values

Neural organization processes the testing results and the first 
upsides of the time and the expense of various development 
substances. The time taken to process certain actions in 
construction is given in time consumption (Figs. 3 and 4). 
The actual predicted values and the different optimization 
technique result values of time and cost performances are 
also shown in Tables 1 and 2, respectively.

From the table and figure, it is found that the nearby val-
ues occur in PSO technique for the ANN with different opti-
mization technique results, and the actual results of time and 
cost performance are also noticed. Testing data output and 
the error value are calculated for certain input parameters to 

predict the time and cost performances of the construction 
technology.

The process of training data is highly influenced by 
the occurrence of error, and the minimal error shows the 
effectiveness of the algorithm. Minimal occurrence of error 
results in the effective accuracy. Tables 3 and 4 show the 
actual and the different optimization results of time and cost 
performances of error for same source data.

Figure 5 shows a blunder diagram for the time execution 
of the development innovation process by utilizing various 
calculations. Least blunder worth of the proposed technique 
with the underlying information is contrasted and the ANN. 
The blunder esteem is determined by utilizing the results, 
and the worth of the ANN interaction is likewise anticipated.

Fig. 5  Occurrence of error for 
time estimation
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Fig. 6  Occurrence of error for 
cost estimation
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Figure 6 shows the error graph for cost performance for 
different optimization techniques. In this testing error graph 
also, the minimum error value of the cost performance is 
attained in the ANN process for the different testing input 
data values.

4.3  Validation of result

Additionally, six new datasets have been kept aside for test-
ing the trained ANN model for its validity. Data collected 
from the project 21 to 26 are used as validating datasets 
through external data source. The five input data are per-
centage of prefabrication content, actual duration, estimated 
duration, actual cost and estimated cost. Tables 5 and 6 pre-
sent the actual values and the predicted results of time and 
cost performances of prefabrication technology, respectively, 
and they are used as validating dataset.

The input values can be changed, and the corresponding 
outputs can be evaluated for optimum criteria as a quantita-
tive confirmation for final decision. This is the reason why 
the model is presented in this research.

5  Conclusion

The main difficulties of ANN are the relatively great effort 
and time that must be invested, and the basic programming 
knowledge is indispensable for the development of the model. 
It should be developed further to simplify the entry of input 
parameters and to improve optimum results for the success 

of construction management. The results show that the 
outputs, by using the trained Ineural network for validation 
through same source data and external data source, are in 
good agreement with the actual predicted results. And hence, 
the train ANN is good for determining the time and cost of 
prefabrication construction. Therefore, the model is validated 
with assistance of different projects which are not already 
used for the purpose of training and testing processes of same 
source data. The main outcome of the research is enhancing 
the construction process by utilising computational algorithms.
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