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Abstract

The increased cost of production is one of the challenges to green building development. The pur-
pose of this study was to develop a cost-predictive model to enhance decision-making for green build-
ing development among stakeholders in South-Western Nigeria. Tertiary Education Trust Fund (TET-
Fund) projects executed from 2011 to 2018 constitute the study population. Secondary data, on design 
parameters and elemental cost details, were collected for the cost-predictive model using the Artificial 
Neural Network (ANN). The results showed that the ANN model predicts the cost of a green building 
project with 99% accuracy. The study concludes that the Artificial Neural Network model is a verita-
ble tool to effectively manage the cost of the TETFund green building project’s development with up 
to 99% accuracy. The study recommends the ANN model for cost prediction in making an informed 
decision for green building development. The institutions should use the ANN model to forecast pro-
posed green building costs. ANN is useful for benchmarking approvals by the TETFund for green TEIs.
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Introduction 
Globally, the construction of green buildings is ham-
pered by the presumption that they are more expen-
sive than conventional structures. The availability of 
an appropriate cost  prediction tool at the early stage

of the design process can improve the construction of 
green buildings. This is because the client's decision 
to build or not is influenced by the expected initial 
capital outlay [1,2]. A chance to predict the cost of 
the anticipated project could help Nigeria and other
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countries expand their green construction industries.

Cost prediction is the process of determining the 
likely cost of a proposed project before the intend-
ed client begins the project. It is most beneficial at 
the start of the building project when a significant 
portion of the design decisions are made. Therefore, 
the ability to estimate the cost of green building de-
velopment using cost prediction models may impact 
the adoption of green building practices and proce-
dures positively. The cost of building projects can 
be estimated using a variety of forecasting models 
and methods [3-8]. However, these models were not 
for green building cost prediction. Earlier research 
on the cost of green building development estab-
lished the difference between conventional build-
ing and green building costs explored the cost and 
benefits of sustainable construction [9-11]. How-
ever, few empirical studies exist with outcomes or 
findings to help would-be developers determine the 
likely cost of green building projects right from in-
ception.  Hence, this study explores the use of ANN 
as a predictive model for estimating the cost of green 
educational institutional buildings in South-Western 
Nigeria, educational facilities can be either public or 
private.  

Materials and Methods
Green Building Cost
Costs for green buildings typically vary in direct 
proportion to the client’s demands. One of the ob-
stacles to the adoption and implementation of green 
building practices is the perception that green build-
ings are more expensive. However, this belief is 
gradually fading as cost information on green build-
ings becomes more widely known and accessible 
[4,10,12,13-15]. The literature on the price of con-
structing green demonstrates that the marginal cost 
of building green is not as assumed according to 
[9,10,15]. The diversity in green building costs de-
pends on various sizes and design complexities just 
like the conventional buildings. However, advised 
determining the cost of sustainable building designs 
using cost prediction models before making any fi-
nancial decisions [9].

Cost Prediction
Construction projects are unique; no two building 
projects will ever be the same in terms of design, 

location, workmanship, environment, site condition, 
labor, or even the economics under which they are 
carried out. Cost projections can be made at various 
phases of the building project. The unit approach, 
the square meter method (Cost/m2), approximate 
amounts, elemental cost planning, cubic meter, and 
the storey enclosure method are a few techniques for 
preparing a cost estimate. Each of these approaches 
has its strengths and applications. The square meter 
method—also known as the cost/m2 g.f.a. is more 
widely used due to its simplicity of use and the fact 
that the majority of published cost data is in this for-
mat. The degree to which the predicted cost closely 
approximates the actual construction cost is referred 
to as accuracy. This denotes the likelihood that the 
cost will be the same as the estimate while prediction 
is the capacity of the estimated cost to represent the 
real cost. According to [16,17], traditional estimat-
ing methodologies are criticized for their high rate of 
failure in estimating the actual cost. With the intro-
duction of computer-aided estimating methods, it is 
possible to create cost estimates that are quite precise. 
These are referred to as parametric cost estimate tech-
niques-based cost models. The parametric estimation 
method uses cost-relevant parameters (such as floor 
area, cubic volume, electricity generating capacity, 
steel production capacity, etc.) to determine a cost 
function in the conceptual estimate for new projects 
[18].

Cost Estimation for Green Building Development
Cost is one of the fundamental factors used to evaluate 
a project's success. Time, quality, and user satisfaction 
are a few more. For a project to succeed, it must be 
possible to estimate costs with a reasonable degree of 
certainty during the design phase. The high level of 
uncertainty associated with construction projects has 
been shown in research to make traditional estimating 
methods ineffective. In light of this, it is essential to 
adopt contemporary cost modeling techniques [16-
19,20]. Because developers prioritize upfront costs 
while green building development is more of a life-
long endeavor (what will happen in the future), it has 
been difficult to estimate the cost implications of green 
building development. The purpose of cost estimating 
at the conceptual stage of the project is to establish the 
target cost consequently, giving a guiding tool for the 
designer in consideration of the client's budget. The in-
tegrative design process necessary for green building



J.of Sci Eng Advances Vol:1,3  Pg:3

Research Article Open Access

development functions on this assumption.

Cost Predictive Models
Predictive models are used directly to estimate a re-
sponse (output) given a specific set of characteristics 
(input) or indirectly to influence the decision-making 
process. Getting the data can take up to 80% of the 
time needed to create the model, making it one of 
the most frequently disregarded problems with pre-
dictive modeling. There are various algorithms for 
predictive modeling, including decision trees, time 
series analysis, and logistic regression. According 
to, the choice of the prediction model is based on 
its speed, accuracy, familiarity, convenience of use, 
and availability of data [8,16-21]. The accuracy of 
the cost estimate (prediction) depends on the volume 
and quality of data available and the technique used 
[22]. Research has demonstrated that the NN can 
replicate the human brain through learning. With its 
record-breaking high performance, the NN offers a 
practical instrument for estimating the cost of green 
buildings from the very beginning of conceptual de-
sign. This is just one benefit the ANN has over other 
cost modeling methods. A NN is a predictive mod-
el that examines huge amounts of labeled data in-
dependently for correlations between different data 
points. It can detect even miniature relationships 
that only become apparent after analyzing millions 
of data points. Today’s Artificial Intelligence (AI), 
including Image Recognition, Smart Assistants, and 
Natural Language Generation (NLG), are all based 
on neural networks. This application has significant-
ly improved cost estimating compared to regression 
methods. It can handle non-linear issues and carry 
out tasks utilizing incomplete data sets, insufficient 
information, and extremely difficult problems by 
replicating the learning function of the human brain 
[23]. Due to its high level of accuracy in comparison 
to other predictive models and its use in construction 
cost estimation, this is frequently referred to as an 
Artificial Neural Network (ANN). The difficulty of 
having little data at the design stage for the creation 
of green buildings makes the ANN more suitable for 
model development. This is a result of its capacity 
to simulate and learn information while identifying 
subtle patterns and producing predictions, or the out-
put [24].

Artificial Neural Network (ANN) Model
The ANN architecture follows a network representing 
the relationship between variables and their connec-
tion [20-25,26]. The ANN technique was also used 
by to create a model for the cost premium of 74 cer-
tified green buildings in the USA [5]. The study by 
Tatari and Kucukvar is the only one that specifical-
ly addresses the development of green buildings out 
of the several applications of ANN to cost prediction 
models. Research has also shown that the ANN is bet-
ter suited for cost prediction models hence, the ANN 
was applied for this study. also created an ANN model 
to predict the cost of hypothetical building projects in 
the Gaza Strip [23]. The ANN employed nine build-
ing functional element categories to classify costs: the 
area of the ground, the number of storeys, the stairs 
and lifts, the external walls, the number of windows, 
the external doors, the floor height, the internal doors, 
the slabs, and the number and length of the columns 
in between. The neural network model was created 
using a total of 169 projects. The model had a Mean 
Absolute Percentage Error (MAPE) of 10% within the 
acceptable range of accuracy for ANN models.

Methods
The population covers 47 TETFund projects com-
pleted in the Federal Universities and Polytechnics in 
South-Western Nigeria from 2011 to 2018 under the 
Federal government policy on public procurement 
[27]. These were academic buildings such as class-
rooms, computer laboratories, libraries, and faculty 
office buildings. Since the population was managea-
ble, the study adopted a census survey. Only 16 of the 
TEIBs achieved the minimum 40 points of the LEED 
v4 project checklist for New Construction and Major 
Renovation. The 16 buildings constituted the purpo-
sive sample used for the predictive model.  

The individual assessment was carried out on the 
TEIBs in the study area to determine the LEED score. 
According to the LEED v4 rating system, green build-
ings are categorized based on the level of certifica-
tion required or attained.  Secondary data of the 16 
projects were collected using a proforma. Building 
construction details such as the type of building, age, 
total cost (per m²g.f. a), and size of the project were 
available for only 12 out of the 16 projects. Others 
included the elemental cost breakdown of the projects 
per m²gfa using the contract Bill of Quantities (BOQ) 
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and architectural drawings to indicate the design pa-
rameters of the building. 

The choice of variables was based on the building 
design variables at the conceptual stage. The con-
ceptual design stage is the most critical for decision 
making according to [17]. All other building ele-
ments depend on these variables. The choice of the 
building elements (quantity and quality) resultantly 
determines the greenness of the building and conse-
quently the elemental cost. Hence, data on the design 
variables, such as Gross Floor Area, Storey Height, 
Number of Floors, and Site Area, were collated for 
developing the prediction model. This influences the 
elemental impact, energy, and life cycle cost-related 
impacts. At the same time, it affects the thermal per-
formance of the building envelope, daylighting and 
shading, natural ventilation, renewable energy sys-
tems, and water resources. All these are important 
for green building development [28]. 

Data Analysis
The elemental cost data (per m²gfa) of the various 
buildings, with LEED score of 40 and above, were 
used viz; Substructure, Superstructure, Internal fin-
ishes, Fittings, Services, and External works. The 
cost data were used as training cases for the Artificial 
Neural Network (ANN). The process involved in the 
development of ANN includes Data collection, data 
processing, building a network, training network, 
and testing the network. These processes are dis-
cussed as follows;

Data Collection
The minimum number of points for certification us-
ing the LEED scoring system is 40 [29]. Hence, the 
data for twelve (12) TEIBs with Gb-CI of 40 was 
collected for the development of the cost model us-
ing the ANN. Although the ANN performs better 
with a large amount of data, its ability to learn makes 
it suitable for cost prediction with not too large data 
samples. It, therefore, has the advantage to be able 
to perform tasks with incomplete data sets usually 
associated with the design stage of building projects 
[24-30]. The data collated for the projects included 
elemental cost numbering (6), giving 72 data sam-
ples from 12 minimum certified projects for the 
model development. At the early design stage (Con-
ceptual design) where 70% of the decision for green

building happens, the little information available is 
about the building shape, area of construction, and 
building height which directly impacts the building 
volume [17]. The elemental cost breakdown per m² 
gross floor area (Gb-C/m²g.f.a.) is calculated for the 
individual building project. This is used as the weight 
in the regression equation. Therefore, the green build-
ing cost is predicted per square meter gross floor area 
of the intended green building project.

Data Processing 
The model consists of six input variables including 
factors that will influence the impact of the building 
construction on the physical environment. The input 
variables are Storey height (m), Gross floor area (m2) 
Gross floor Area, Number of Floors (Nr), Site Area 
(m2), Building Volume (m3), and Building Foot Print 
(m2). These are the independent variables as shown 
in Table 1. The cost (GB-cost/m²gfa) which is a sum 
of the elemental costs of External work, Services, Fit-
tings and Furnishings, Internal finishing, Superstruc-
ture, and Substructure is the dependent variable for 
the ANN model (Table 2). 

Data is generally normalized for confidentiality and 
effective training of the model where the input data 
must be normalized between an upper and lower bound 
[26]. The different methods to scale the data include 
the z-normalization, min-max scale, etc. The min-max 
method was used to scale the data in the interval [0, 
1] because scaling in the intervals [0, 1] tends to give 
better results. This is recognized to improve the per-
formance of trained networks [24]. 

Building the Network k 
Although there are various training algorithms, the 
NN models are usually trained with standard Back-
propagation with Stochastic Gradient descent (SGD). 
However, with the need to speed up convergence by 
increasing the training speed, several algorithms have 
been developed, one of which is Resilient propagation 
(Rprop) [31]. The ANN model was developed using 
the Rprop for the Learning algorithm. The Rprop was 
introduced as a learning algorithm for the training of 
Neural Networks by Riedmiller and Braun[32]. The 
Rprop performs direct weight adjustment in multi-lay-
er feed-forward networks for backpropagation. 



J.of Sci Eng Advances Vol:1,3  Pg:5

Research Article Open Access

Backpropagation is an algorithm widely used for supervised learning using the SGD. Although similar to 
regular backpropagation, it has two main advantages over regular backpropagation. First, it trains the network 
faster than the back-propagation method.  Second, the backpropagation uses the SGD to train the network.

Table 1: Independent Variables
S/N Gross Floor 

Area (m2)
Number of 
Floors (nr)

Storey 
Height (m)

Site area 
(m2)

Building 
Volume (m3)

Building footprint 
(m3)

1 2,400 2 9 1,800 21,600 1,348
2 3,616 3 14 1,685 50,624 1,637
3 3,219 2 12 2,136 38,628 2,026
4 2,999 2 11 1,597 32,989 1,500
5 913 1 9 1,940 8,217 1,800
6 12,500 2 9 7,280 1,12,500 7,020
7 2,146 1 8 3,200 17,168 2,845
8 1,807 1 8 5,645 14,456 5,465
9 5,134 2 9 2,673 47,826 2,567
10 1,147 1 5 1,790 5,735 1,650
11 2,908 2 10 1,981 29,080 1,454
12 7,200 3 11 3,000 79,200 2,600

As the depth and complexity of an artificial neural network increases, the gradient propagated backward by 
the standard SGD becomes increasingly smaller known as the “vanishing gradients” problem. It leads to negli-
gible weight updates, thus, slowing down the training process considerably (Chen & Su, 2010). This challenge 
is resolved with Rprop. According to, the Rprop trains four times faster than backpropagation [31]. Using 
Rprop does not require the specification of any values as opposed to the backpropagation for the learning rate 
and the momentum factor [31-33]. 

Data was assigned to the training and test sets using random sampling. The R programming language (R 
code), was used in preparing the ANN. Eighty percent of the dataset was used for training and 20% for model 
testing. A training set finds the relationship between dependent and independent variables while the test set 
assesses the model performance.
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Table 2: Dependent Variables (N’000)
S/N Substruc-

ture
Super 
Structure

Internal 
Finishes

Fitting and 
Furnish-
ings

Services External 
Work

Total Cost

1 8,153.75 80,977.04 7,699.22 1,112.50 10,205.84 2,642.21 1,10,790.56
2 14,532.25 49,406.31 21,582.15 4,162.33 8,218.58 7,273.86 1,05,175.48
3 13,428.02 49,806.91 25,301.50 1,988.87 13,772.53 2,358.93 1,06,656.76
4 3,474.06 41,264.34 12,137.93 4,162.33 6,526.03 293.41 67,858.10
5 12,347.26 19,561.00 10,996.76 4,162.33 10,483.94 2,358.93 59,910.22
6 924 14,052.00 7,705.00 1,600.00 112 214 24,607.30
7 10,841.00 37,768.28 10,139.00 6,769.00 12,355.00 2,962.00 80,834.28
8 4,259.77 53,288.36 22,251.76 4,162.33 7,240.99 265.64 91,468.85
9 16,283.34 12,209.93 14,253.00 12,865.85 7,191.54 4,704.17 67,507.83
10 10,490.00 15,406.70 9,720.30 4,162.33 12,504.53 2,358.93 54,642.79
11 31,310.82 47,438.88 14,996.36 637.76 15,775.73 515.82 1,10,675.37
12 8,958.25 32,039.66 14,253.00 4,162.33 21,945.32 2,358.93 83,717.48

Waziri (2010) reported that output with a 10% mean standard error is considered acceptable for the ANN mod-
el, while  Elbeltagi (2017) discussing the level of accuracy of different types of estimate noted that the expect-
ed percentage error for conceptual cost estimate is ± 10-20 %. Since there are no specific means to establish 
the network configuration, trial and error were used to determine the architecture with minimal error (Heaton, 
2018). Three, out of the developed, configurations were compared for best performance. The NN performance 
is assessed based on five factors: coefficient of correlation (r), coefficient of determination (R2), the value of 
the standard error of estimates, (Sy,x), and the Mean square error (MSE), and the mean absolute percentage 
error (MAPE). The MAPE shows the percentage level of accuracy. Thus, the network configuration with the 
least MAPE was chosen in developing the model.

The network configuration that has the best fit with minimum MAPE with a high R² value is 6:5:1 for the ANN. 
The number of epochs used for the ANN Architecture was 263 at which point the network shows convergence 
with a 0.005554 error rate. The network architecture for the ANN, therefore, consisted of an input layer with six 
input variables (elements), hidden layer(s) of five neurons, and an output layer with one output; the predicted 
cost of the green development (Cost/m²gfa). The network architecture for the DNN was 6:10:8:6. 

The hyperbolic tangent activation function was used for the neurons in both the hidden and the output neu-
rons. The hyperbolic tangent activation function had a better output compared with Networks trained with the 
Sigmoid Logistic function. Hence, each neuron’s output was calculated while the output of the output neuron 
was calculated using equations iii and iv respectively. 
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where Xi is the input variable value, wij is the connection weight between the input neuron i and hidden neuron 
j. WJ,k is the connection weight between the hidden neuron j and output neuron k. θi,j and θj,k is the bias terms 
for the respective neurons, and i, j, and k are the number of neurons for the input, hidden, and output layers, 
respectively. Once the network is built, the ANN model is trained by exemplars that include an individual set 
of input/ output data. 

As ANN models are processing elements and connections with adjustable strengths, it learns by adjusting the 
connection weights between neurons iteratively. The Rprop algorithm does not require supervised learning 
since the learning rates use a fixed update value δij. This is increased or decreased multiplicatively at each 
iteration by an asymmetric factor η+ and η− respectively, depending on whether the gradient concerning wij 
has changed sign between two iterations or not [30]. The mean square error between the target output and the 
model output was minimized overall the training data by adjusting the connection weights within the model 
using the equation: 

 
Given;

 

Where Gb-C = Green building cost, Q = design variable quantity,  = sum of elemental cost and i = the 
particular design variable while j = the particular elemental cost.

Gb-C/m² is the dependent variable,
Q and X = the independent variables (constraints)
Q  Storey height (sh, m), Gross floor area (gf, m2), Number of Floors (nf, Nr), Site Area (sa, m2), Building 
Volume (bv, m3), Building Foot Print (bf, m2).
i = the treatment that is subject to variation (design variable)
J1; substructure, J2; superstructure, J3; internal finishes, J4; fittings, J5; services and J6; external works.

The Artificial Neural Network model is validated with the test dataset. After the training process, test data was 
used for validation and generalization of the trained network. If the network can generalize the output for this 
testing data, it means that the neural network can predict the cost correctly for new data. Hence, the network 
is validated [23]. The findings were benchmarked with the traditional statistical approach using the Linear 
Regression model. After obtaining the prediction results of the ANN model for both training and testing data, 
the results were compared with the regression model for validation. Multiple regression analysis conducted on 
the training data set of the neural network model test the effect of input variables on the dependent variable, 
Gb-Cost. Multiple regressions generate a linear equation that best describes the relationship between several 
independent variables and a dependent scale variable. 

Results 
The Artificial Neural Network (ANN) model used 80% of the dataset for training. Six neurons used in the input 
layer include Gross Floor Area, Number of Floor, Storey Height, Site Area, Building Volume, and Building
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Foot Print while Gb-cost/m2g.f.a. was the output neuron with five hidden neurons. The assignment of the 
data to the training and test set was randomly done. Trial and error were used to reduce the error by varying 
the number of neurons in the hidden layer and the number of epochs. The minimum error achieved with five 
hidden neurons and 263 number epochs is 0.005554 using the Resilient-backpropagation (Rprop) method. The 
graphical representation of the ANN model with the weights on each connection (Figure 1).

Table 3:  The different configurations for the ANN model
Model Architecture Error Epoch
m1 06:04:01 0.002207 416
m2 06:05:01 0.005554 263
m3 06:09:01 0.000903 93

Table 4: Data for Three different ANN configurations
Model  Training Testing  Training Testing
m1 r 0.9997 0.99 R2 0.9994 0.99
m2 r 0.9943 0.9876 R2 0.9887 0.9753
m3 r 0.999 0.9034 R2 0.9979 0.8161
m1 Sy,x 828.071 30627.2 MSE 533323 312675190
m2 Sy,x 3433.24 11691.4 MSE 9167768 45563234
m3 Sy,x 1384.23 26175.1 MSE 1490288 228378651
m1 MAPE 0.6867 20.5497    
m2 MAPE 2.4885 6.6654    
m3 MAPE 1.1357 11.3865    

Table 4 shows the prediction power of the developed neural network model. The correlation coefficient, r, 
was 0.9943 for training data, the corresponding coefficient of determination, R2, was 0.9887. The coefficient 
of determination is much higher than 0.7, a generally accepted R2 value [5]. It shows that the prediction rate 
is significantly high for the developed ANN model. The neural network model for the testing data set is also 
good with a correlation coefficient, r, as 0.9876 and the corresponding coefficient of determination, R2, as 
0.9753. Again, the coefficient of determination shows that the prediction rate is significantly high for testing 
data. Although the data set was relatively small, the figures showed a very close approximation between the 
actual green certified project values/m2g.f.a. and the neural network output. The mean percentage error of the 
prediction model (MAPE) is 6.6654 meaning ±7% approximately.
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Figure 1: Artificial Neural Network to predict the Gb cost/m2g.f.a.

Table 5: ANN result for the Training and Testing Datasets
Comparison Factor ANN Training ANN Testing
r 0.9943 0.9876
R2 0.9887 0.9753
Sy,x 3433.2391 11691.4372
MSE 9167768.448 45563234.48
RMSE 3027.8323 6750.0544
MAPE 2.4885 6.6654
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Discussion 
The results of the model’s development demonstrate 
that the ANN is capable of making cost predictions 
for green building development at a rate greater than 
the industry norm of 0.7. For both the training set 
and the testing set, the ANN model’s coefficient of 
determination is 0.9943. This demonstrates that the 
ANN model has excellent performance in estimat-
ing the expenses of green buildings.  This supports 
earlier statements that the ANN outperformed other 
predictive models when used to estimate costs for 
various building construction features. The model 
outperforms earlier models for cost premium predic-
tion of green buildings, with R2 values for training 
and testing of 0.9835 and 0.9617, respectively [5].

Despite the ANN’s success in forecasting develop-
ment costs for green buildings, its application to cost 
prediction in Nigeria has not been thoroughly inves-
tigated. The small size of the data set is caused by 
the institutions’ lack of green building development 
practises and their low compliance with adopting 
green building principles. As a result, the TEIs that 
offer quantity surveying courses must teach their stu-
dents how to use ANNs to estimate costs. Addition-
ally, it has enormous promise as a real cost forecast 
tool for the country’s quantity surveyors, particularly 
for the construction of green buildings. The difficul-
ties of early cost evaluation for green TEIBs are re-
duced by the TEIs’ use of the ANN.

The goal of the study was to create a model to help 
stakeholders in Nigeria make better decisions on the 
development of green buildings. With an R2 val-
ue of 0.9980, the created ANN model can forecast 
the price of green construction with 99% accuracy. 
The study suggests using ANN to estimate the cost 
of green building projects. This will help intending 
stakeholders make wise choices when putting into 
practise green building regulations.
The authors report there are no competing interests 
to declare.
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