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ABSTRACT 

 
Reliable prediction of construction duration at the planning phase is essential for project feasibility 

studies, budgeting decisions, project monitoring and performance evaluation. This research examined the 

performances of parametric models for the prediction of duration of highway construction projects. Three 
generalized linear regression models in the form of linear, semi log and log-log and a Back Propagation 

Neural Network (BP-NN) model were developed using a dataset of 57 successfully completed highway 
projects. 80% of the data were used for developing the models while the remaining 20% were used as test 

samples for validating the models. The results of the regression analysis revealed that the linear, semi-log 

and log-log models have R
2
 values of 0.546, 0.631 and 0.940 respectively indicating a good fit to the data 

in all cases. The training and testing results of thirty different BP-NN architectures using the sigmoid 

transfer function and the delta learning rule showed that the network with a single hidden layer having five 
hidden neurons is the best network with training and testing errors of 0.002 and 0.000 respectively. The 

evaluation results of the four models over a test samples indicated that the BP-NN outperformed the 

regression models with an average error of -2.76% and Mean Absolute Percent Error (MAPE) of 4.53%. 
The neural network model showed satisfactory performancetherefore it can be used by both clients and 

contractors for estimating highway construction duration at the planning phase. 

Keywords: Back propagation, Neural Network, Construction duration, Highway projects, Prediction, 

Regression 

 

1. INTRODUCTION 
 

An early estimate of project completion time is 

crucial for feasibility analysis and budgeting 

decisions which often become the basis for 

future estimates (Bowen et al., 2000; Chan and 

Chan, 2002; Skitmore and Ng, 2003 and 

Ogunsemi and Jagboro, 2006). It is also used as a 

benchmark for critical evaluation of performance 

which enables effective budgeting and 

forecasting.  Practitioners and investigators have 

long recognised the significance of time variable 

of construction for evaluating the success and 

viability of projects. Project duration has been a 

major concern to all stakeholders in the industry 

as delays in the construction process increases 

contractor’s costs thereby reducing profit margin 

and reputations. It is also used as a parameter for 

ascertaining contractors’ efficiency, 

professionalism and competence which reflects 

the ability of the contractor to organize and 

control site operations to appropriately allocate 

resources and to manage the flow of information 

to and from the design team and among all other 

project parties (CIDA, 1993; Waziri and Yusuf, 

2014). It is always the desire of project clients 

and contractors to obtain a reliable estimate of 

project schedules at the planning phase, but 

unfortunately, limited information coupled with 

the existence of complex correlation among 

myriad of factors affecting schedule such as poor 

cash flow, change in scope of project among 

others usually hinder this task (Koo et al., 2010). 

Hegazy and Ayed (1998) observed that the 

reliable prediction of highway construction 

duration represents a problem of continual 

concern to both state highways and contractors 

because parties tend to incur additional costs and 

lose potential revenue when completion periodis 

delayed.  
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The estimation of project time is a problem faced 

throughout the project management industry 

(Steven et al., 2007). Despite the significance of 

accurate estimate of highway construction 

duration at the planning phase, few tools and 

procedures are available for applications in the 

highway industry in that regards (Williams, 

2008). The building industry has explored this 

area and found results in statistical and artificial 

intelligence methods leading to understanding 

the components that influence construction 

duration and their relationships (Nkado 1992; 

Skitmore and Ng, 2001; Koo et al., 2010; Steven 

et al.,2007, Martin et al., 2006, Shr and Chen, 

2006). Steven et al. (2007) observed that various 

tools exist for estimating project time but the 

greatest single deterrent to reliable project time 

estimating is uncertainty. Attempts to remedy 

these problems are the results of development 

and implementation of robust techniques and 

tools using stochastic methods, Monte Carlo 

Simulation, artificial intelligence, supervised 

learning algorithms among others. 

In Nigeria, several studies have indicated that 

construction delay is a major problem 

bedevilling the industry because almost all 

projects are completed at durations much longer 

than their initially planned schedules (Mbachu 

and Olaoye, 1999Odusami and Olusanya; 2000 

and Ogunsemi and Jagboro, 2006). This is partly 

attributed to the inability and weaknesses of 

some of the methods and procedures used for 

estimation to capture the interplaying factors 

affecting the schedules. Therefore it is 

imperative to obtain a robust model that would 

be able to reflect the uncertainties and the 

interacting factors for predicting highway 

duration. Against this background this study 

developed a Back propagation neural network 

(BP-NN) model for predicting construction 

duration of highway projects in Nigeria at the 

planning phase with high degree of accuracy to 

enable practical estimation and feasibility study. 

 

2. LITERATURE REVIEW 

 

2.1 Factors Influencing Highway 

Construction Duration  

Time predictability of construction projects has 

been identified by Martin et al. (2006) as one of 

the key performance issues to be addressed in 

providing best value to construction clients. 

Various studies around the world had highlighted 

poor prediction of construction duration as a key 

problem for the construction sector. Martin et al. 

(2006) observed that the multiple factors 

affecting the time taken to construct a particular 

project includes; design, site access, site 

conditions, market conditions, complexity, 

availability of resources and availability of 

finance. Walker (1995) in his study identified 

four major factors affecting time performance of 

construction project as management 

effectiveness, the sophistication of the client’s 

representative in terms of creating and 

maintaining positive project team relationship 

and the design team effectiveness in 

communicating with client’s representative. The 

study further revealed that construction 

management team performance plays a key role 

in determining construction time performance. 

Nkado (1995) established ten (10) significant 

factors influencing construction project duration 

including; project complexity, project location, 

among others. Jiang and Wu (2007) established 

that the duration of highway construction 

depends on multiplicity of factors including 

project type, project size, and weather 

conditions.  

Sambasivan and Soon (2007) identified ten (10) 

important factors that causes delay in completion 

of construction project in Malaysia as contractors 

improper planning, poor site management, 

inadequate client’s finance and payment, 

problems with subcontractors, materials 

shortage, labour supply, equipment availability 

and failure, poor communication among project 

parties and errors during construction. 

Alaghbariet al. (2007) identified thirty one (31) 
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factors to include; financial difficulties, poor site 

management, lack of consultants’ experience, 

among others.  Kalibaet al. (2008) observed that 

the key factors responsible for schedule delays in 

road projects in Zambia are; delayed payment, 

poor coordination, changes in drawings, 

materials procurement, changes in specification 

and equipment unavailability El-Razeket al. 

(2008) in a survey to determine the causes of late 

completion of construction projects in Egypt 

confirmed that the top most factors are financial 

difficulties, delay in payment, partial payment 

during construction and non-utilization of 

professional construction management. Tumiet 

al (2009) summarised causes of delay in 

construction in Libya and reported  five most 

important factors as  improper planning, lack of 

effective, communication, material shortage, 

design errors and financial difficulties. . The 

study of Wong and Vominsatit (2012) further 

indicated that shortage in skills, financial 

difficulties, shortage of labour, unrealistic 

deadlines, unforeseen ground conditions, poor 

organization, poor communication, 

underestimation of completion time, low speed 

of decision and design errors as significant 

factors influencing highway construction 

duration in Australia. 

2.2 Highway Construction Duration Models 

Duration of construction projects are usually 

estimated either based on client’s time 

constraints or through a detailed analysis of work 

involved and resources available. Investigations 

into construction duration estimating methods 

and models have been a subject of several 

studies (Levinson and Karamalaput, 2003; Shr 

and Chen, 2006; Steven et al., 2007; Lai et al, 

2008; Koo et al., 2010; Chou and Tseng, 2011; 

Magrebhiet al., 2013; Waziri and Yusuf, 2014 

and Waziri et al., 2014).  

Harmeline (1995) developed a model for linear 

scheduling in construction with AUTOCAD 

based programme to control highway 

construction schedule. The work focused on 

providing computerization of linear scheduling 

and illustrated procedures to identify the 

controlling activity path in the schedule. 

Hussenein (2002) presented a model to plan 

schedule and control the construction of highway 

projects using GIS to automate data acquisition 

and analysis of spatial data. In the study, digital 

terrain models were developed to represent 

original ground topography and underlying soil 

strata. The model is capable of generating 

schedules to meet a specified budget and can 

select the optimum expediting technique to 

reduce project duration. The proposed model 

incorporates both typical and non-typical 

optimization procedure and also accounts for the 

impacts of practical factors such as transverse 

obstruction. Shr and Chen (2006) developed a 

time-cost relationship for highway projects using 

data from Florida Department of Transportation. 

In the study nine (9) regression models were 

established and the results indicated that the 

quadratic and cubic regression models were 

suitable for application having coefficients of 

determinations of R
2
 values of 0.751 and 0.753 

respectively. Tawiah (2006) developed a BTC 

model of the form T = 64C
0.134

 and other 

regression models for feeder road projects in 

Ghana. The study revealed that curve estimation 

regression models provided a much more useful 

equation for predicting duration of feeder road 

projects. Abdel-Aziz et al., (2007) presented 

tools for monitoring construction performance by 

improving time and cost prediction of highway 

projects in order to reduce time and cost 

overruns. Time and cost models were developed 

using multiple regression analysis, ridge 

regression analysis and non-linear least-square 

regression analysis using Washington State 

Department of Transportation (WSDOT) 

highway projects. The models used major 

pavement variables including project duration 

(working days), final contract values, grading, 

surfacing and number of highway miles. 

Pewdum (2009) presented an ANN model for 

forecasting final budget and duration of highway 

projects during the construction stage based on 

historical projects data from Thailand. The data 

used for the development and validation of the 

model reflected continual and seasonal cycle for 

better results. The results revealed that ANN 

model is more accurate and stable than methods 

based on earned value. It provides an early 
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warning over budget and project schedule delay 

and also a useful tool for highway construction 

managers to predict project budget and duration 

more accurately 

Pyeonet al. (2010) presented a simulation models 

to predict project time and Cost performance of 

Incentive/Disincentive (I/D) construction 

projects. Historical data from the Florida 

Department of Transportation were analysed 

using Monte Carlo simulation and a user friendly 

visual interface was developed to perform and 

report results using visual basic application 

programming. The model was validated using 30 

sample cases where more than 90% fell within 

the predictive range. Aasadullah (2010) 

attempted to develop highway duration 

forecasting models using stepwise regression and 

neural networks. The results of the study 

indicated that ANN showed higher accuracy. 

Ong et al. (2012) developed a hazard-based 

duration models for investigating the potential 

risk factors that could affect project development 

time from planning to letting. They used 35 years 

highway projects database from the state of 

Indiana to develop 3 forms of regression models 

(weibull, weibull with gamma heterogeneity and 

log-logistic) for three categories of road projects 

(pavement, bridge and road/interchange). The 

models were applied to demonstrate their ability 

to predict expected project development time for 

delivery thereby providing the agency with 

useful interpretation of associated delivery risk. 

Czarnigowska and Sobotka (2013) developed a 

multifactor model based on the BTC to predict 

construction duration in Poland using data of 100 

road projects initiated and completed between 

2003 and 2008. The study confirmed the 

statistical validity of BTC and the model based 

on statistical regression and regression tree. 

Khanzadiet al. (2013) proposed a Linear 

Scheduling Method (LSM) for scheduling the 

highway construction projects by considering the 

concept of activity productivity in the shape of 

an equation varying by independent variables 

changes. Waziri and Yusuf (2014) applied the 

BTC model to highway projects data in Nigeria 

for the prediction of highway duration. The 

model indicated a good fit to the data with an R
2
 

value of 0.542 but a weak prediction efficacy 

with MAPE of 19% over a test sample. The 

model was considered inadequate for application 

in practice. Waziri et al (2014) presented a 

functional duration models for the prediction of 

highway projects schedules in northern Nigeria 

in an attempt to improve the BTC model. The 

study utilized data set of completed projects 

initiated and completed between 2007 and 2014. 

Three generalized regression in form of linear, 

semi log and log-log were developed and tested 

over a sample projects. The results of the study 

revealed that the log-log model outperformed the 

other models with a MAPE of 6.95%. The log-

log model demonstrates suitability of application 

at the early project phase.  Mensah et al. (2016) 

developed a neural network model for estimating 

the duration of prefabricated steel bridge projects 

in Ghana. The model was based on dataset of 18 

completed feeder road projects. Principal 

component analysis PCA was employed to 

reduce the number of independent variables to 

span of the bridge and form work for the in situ 

bridge members. The results of the analysis 

revealed that the bridge span has a strong 

relationship with the duration of the project. The 

model has a R
2
 value of 0.998, MAPE of 4.05% 

and average accuracy of 95.95%. 

2.3 Back Propagation Neural Network (BP-

NN) 

Back propagation is a systematic method of 

training multilayer artificial neural network that 

has a mathematical foundation that is practical. It 

is a multilayer forward network using extended 

gradient descent based delta learning rule 

commonly known as back propagation (of 

errors) rule (Sivanandamet al., 2005). Back 

propagation provides a computationally efficient 

method for changing the weights in a feed 

forward networks with differential activation 

function units to learn a training set of input-

output examples. Being a gradient descent 

method, it minimises the total squared error of 

the output computed by the network. The aim of 

such network is to train the network to achieve a 

balance between the ability to respond correctly 

to the input patterns that are used for training and 
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the ability to provide good responses to the input 

that are similar. The back propagation algorithm 

is the most widely used method for determining 

the error derivative (Sivanandamet al., 2005).

 

3. MATERIALS AND METHOD 

 

3.1 Data Collection 

Data for analysis were obtained from the records 

of completed highway projects from Ministries 

of Works and Housing in Gombe and Bauchi 

states in North Eastern Nigeria. Dataset of 57 

successful highway projects (asphalt roads) 

initiated and completed between 2007 and 2014 

were considered to enable the collection of 

homogenous data in terms of time and cost. 80% 

(45 dataset) of the data were used for the 

construction of the models (appendix I), while 

the remaining 20% (12 dataset) were used for 

validation of the models (appendix II). 

Information obtained from the records of the 

projects include initial estimated cost, actual 

construction cost, initial estimated duration, 

actual completion duration, length of road 

stretch, width of road, thickness of road layers 

and number of culverts along the stretch (Yusuf, 

2013 and Jibrin, 2014).  

3.2 Regression Models 

Three generalised linear regression models in the 

form of linear, semi log and log-log as presented 

in equation 1, 2 and 3 respectively, incorporating 

four significant variables affecting construction 

duration (measured in calendar days) established 

by Jibrin (2014) were developed. The four input 

variables considered are;Road length (RL) (m), 

number of culverts along the highway stretch 

(NC), thickness of pavement materials (TH) 

(mm) and cost per unit length (CO) (₦/m) which 

are used to predict the duration in days. 

𝑦𝑖 = 𝛽0 + 𝛽1𝑅𝐿 + 𝛽2𝑁𝐶 + 𝛽3𝑇𝐻 + 𝛽4𝐶𝑂 ... (1) 

 

𝑙𝑛𝑦 = 𝛽0 + 𝛽1𝑅𝐿 + 𝛽2𝑁𝐶 + 𝛽3𝑇𝐻 + 𝛽4𝐶𝑂 … (2) 

𝑙𝑛𝑦 = 𝛽0 + 𝛽1𝑙𝑛𝑅𝐿 + 𝛽2𝑙𝑛𝑁𝐶 + 𝛽3𝑙𝑛𝑇𝐻 +

𝛽4𝑙𝑛𝐶𝑂 … (3) 

3.3 BP-NN Model 

The study further developed BP-NN model 

usingfour input variables and one output variable 

with the view to improving the performances of 

the regression models. The cascade correlation 

procedure was adopted to train thirty (30) 

different neural network architectures to select a 

network with minimum errors of training and 

testing. The cascade correlation procedure 

provides that the first architecture to be 

considered will have a network with a single 

hidden layer and a single neuron. The number of 

neurons in the hidden layer is gradually 

increased to form train different networks to 

obtain a network with minimum error. 

Parameters of BP-NN: The back-propagation 

algorithm requires specification of several 

parameters. The following values of each of the 

parameters for the Back propagation algorithm 

were chosen for training the networks. 

i.  Transfer Function - The transfer 

function is used to ensure that the sum of the 

weights times the activations of the connected 

neurons lies between 0 and 1. The sigmoid 

transfer function is a commonly used function in 

back-propagation applications. 

ii. Learning Rule -Initial experimentation 

with different learning rules showed that the 

Delta learning rule provided the most accurate 

networks. Thus, the Delta rule was selected as 

the learning rule. 

iii.  Learning Coefficient - The learning 

coefficient governs how quickly weights can be 

changed over time, reducing the possibility of 

weight oscillation during training. A learning 

coefficient of 0.4 was chosen which is 

commonly used for this type of problems. 

iv. Momentum - Momentum influences 

how network weights are changed in an effort to 

reduce the possibility of being caught in a local 

error minimum. A value of 0.9 is a common 

default value for momentum, and this value was 

used. 

v. Network Architecture - The cascade 

correlation algorithm was used to determine an 
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optimal architecture. In this algorithm, the first 

network begins with a single hidden processing 

element and adds new neurons while iterating 

through the training set until performance is no 

longer improved by adding new hidden units. 

3.4 Validation of Models 

The models were evaluated for prediction 

performances using 20% of the dataset i.e. 

twelve (12) project samples. The models were 

used to predict the actual construction duration 

of the project samples. The Mean Absolute 

Percent Errors (MAPE) for all models prediction 

were computed and used to assess the models for 

prediction performance. The MAPE is presented 

in equation 4. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ ⃒ 𝑎𝑐𝑡𝑢𝑎𝑙𝑖 − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑖

𝑛

𝑖=1

⃒

× 100 … (4) 

 

4. RESULTS AND DISCUSSION 

 

4.1 Regression Models 

Linear Model: The equation for the linear, 

regression is presented in equations 6 while the 

result of the analysis is presented in Table 1. The 

result indicates that for the linear model, the R
2
 

value of 0.546 indicates that 54.6% of the 

variability in highway construction duration is 

explained by the model indicating significant 

relationship between the dependent and the 

independent variables. Since the p-value is also 

less than 0.005 it indicates that there is a 

statistically significant relationship between the 

variables at the 95% confidence level. The 

coefficient of the model indicates an increase in 

2.83 units of the construction duration for any 

increase in one unit of the independent variable 

provided other variables are kept constant. 

 

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 2.83 + 0.056 𝑅𝐿 + 0.49𝑁𝐶

+ 0.375 𝑇𝐻 + 0.126𝐶𝑂 … (5) 

Semi-Log Regression: In the semi-log regression 

analysis, the dependent variable of the regression 

analysis was transformed to its logarithmic form 

in order to improve the performance of the 

model. The summary of the results is presented 

in Table 1 and the model is presented in equation 

7.The R
2
 value of 0.631 indicates that 63% of the 

variability in the data is accounted for by the 

model. The R value of 0.794 shows significant 

association between the dependent variable and 

the independent variables. The p value of <0.001 

suggests significant relationship between the 

variables at the 95% confidence level. The 

partial coefficient of the model indicates that for 

an increase in any of the independent variable 

while others are kept constant, the construction 

duration will increase by 2.2 units. 

 

𝐿𝑛 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 2.212 + 0.0015 𝑅𝐿 + 0.312 𝑁𝐶

+ 0.589 𝑇𝐻 + 0.016 𝐶𝑂 … (6) 

 

Log-Log Regression: In order to further test for 

possible improvement of the linear and semi-log 

models, both dependent and the independent 

variables were transformed to have the log-log 

regression model. The summary of the analysis 

is presented in Table 1 while the model is 

presented in equation 8. From the results, 94% of 

the variability in duration is explained by the 

model as indicated by the R
2
 value of 0.940. The 

adjusted R-squared statistics which is more 

suitable for comparing models with different 

numbers of independent variables is 93.4%. The 

standard error of the estimate shows the standard 

deviation of the residuals to be 0.272. This value 

can be used to construct prediction limits for new 

observations. The p value of <0.001 indicates 

that the relationship is significant at 99% 

confidence level. Durbin-Watson statistics of 

1.163 is use to test the residuals to determine if 

there is any significant correlation in which the 

data occur. Since the p value is less than 0.005, 

there is indication of serial autocorrelation in the 

residuals.  

 

𝐿𝑛 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 1.685 + 0.013𝐿𝑛𝑅𝐿

+ 0.028𝐿𝑛𝑁𝐶 + 0.965𝐿𝑛𝑇𝐻

+ 0.067𝑙𝑛𝐶𝑂  …   (7) 
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Table 1: Summary of Regression Results 

 

Model R R2 Adj R2 Std Error P Value 

Linear 0.739 0.546 0.497 128.47 0.000 

Semi-Log 0.794 0.631 0.591 0.676 0.000 

Log-Log 0.970 0.940 0.934 0.272 0.000 

 

4.2 BP-NN Architecture 

The results of training and testing of thirty (30) 

different architectures of the BP networks based 

on the cascade correlation approach are 

presented in Table 2. 

Table 2: BP-NN Architectures and Errors 

S/No. Architecture Training Testing 

SSE Relative 
Error 

SSE Relative 
Error 

1. 4-1-1 0.256 0.234 0.028 0.202 

2. 4-2-1 0.181 0.154 0.004 0.775 
3. 4-3-1 0.026 0.035 0.549 0.349 

4. 4-4-1 0.034 0.033 0.001 0.998 

5. 4-5-1 0.002 0.003 0.000 0.004 

6. 4-6-1 0.069 0.022 0.001 0.004 

7. 4-7-1 0.049 0.073 0.192 0.358 

8. 4-8-1 0.154 0.216 0.065 0.127 
9. 4-9-1 0.128 0.227 0.087 0.186 

10. 4-10-1 0.156 0.149 0.001 0.008 

11. 4-11-1 0.048 0.063 0.048 0.103 
12. 4-12-1 0.065 0.115 0.023 0.044 

13. 4-1-1-1 0.344 0.780 0.835 0.788 

14. 4-1-2-1 0.377 0.374 0.003 0.018 
15. 4-2-2-1 0.113 0.092 0.001 1.209 

16. 4-2-3-1 0.184 0.168 0.001 0.225 

17. 4-3-2-1 0.042 0.075 0.063 0.081 
18. 4-2-4-1 0.200 0.182 0.002 0.013 

19. 4-4-2-1 0.286 0.263 0.041 0.266 

20 4-2-5-1 0.172 0.143 0.005 0.689 
21 4-5-2-1 0.110 0.091 0.014 1.948 

22 4-2-6-1 0.525 0.478 0.100 0.411 

23 4-2-7-1 0.065 0.087 0.065 0.410 
24 4-2-8-1 0.055 0.076 0.043 0.102 

25 4-6-2-1 0.061 0.070 0.021 0.063 

26 4-3-4-1 0.103 0.136 0.052 0.103 
27 4-6-3-1 0.002 0.069 0.067 0.146 

28 4-3-3-1 0.070 0.066 0.022 0.132 

29 4-4-4-1 0.005 0.007 0.149 0.168 
30 4-5-7-1 0.644 0.059 0.058 0.117 

Networks were trained for 50,000 epochs of the 

training setwith a learning coefficient of 0.4 and 

sigmoid transfer function. The SSE of the 

training and testing revealed that the best 

performing network architecture has 4 input 

units, 1 hidden layer with 5 processing elements 

and 1 output unit. It demonstrates 0.003 and 

0.000 as training and testing errors respectively. 

The network diagram of the 4-5-1 network is 

presented in figure 1. 

 

Figure 1: Neural Network Architecture 

4.3 Model Validation 

i. Prediction Performance: The prediction 

performances of the regression models and the 

BP-NN models were established by comparing 

their predictions over a test sample. The sample 

consists of dataset of 12 successfully completed 

highway projects. The model equations were 

constructed using Microsoft excel solver and 

were used to predict the construction durations of 

the test sample. The prediction of models is 

presented in Table 3. The Mean absolute percent 

errors (MAPE), minimum, maximum and 

average errors were calculated based on the 

models’ predictions of the actual durations.  The 

result is presented in Table 4.  
 

Table 3: Prediction Errors over Test Sample 

S/No. Actual 
Duration 

(days) 

Prediction Errors (%) 

RM1 RM2 RM3 BP-NN 

1. 97 -69.12 -82.45 16.21 -8.42 

2. 60 -45.93 -75.83 -1.03 -8.34 

3. 56 -49.32 -74.14 -9.89 0.19 

4. 27 -96.26 -80.26 -10.29 12.43 

5. 76 -47.72 -76.19 -0.95 -7.24 

6. 30 146.19 -83.34 -5.79 0.21 

7. 75 73.35 -74.18 -5.32 7.28 

8. 36 -76.65 -75.23 -10.72 -0.98 

9. 56 26.23 -82.22 0.12 -7.54 

10. 37 8.92 -78.68 3.96 -8.23 

11. 68 25.85 -74.45 -9.02 -6.69 

12. 135 46.67 -74.14 -10.89 -5.78 
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Table 4: Summary of Prediction Performance 

Model Average 

Error 

(%) 

Min 

Error 

(%) 

Max 

Error 

(%) 

MAPE 

(%) 

Linear -7.38 -

96.95 

146.19 43.36 

Semi-log -63.24 -

83.34 

-74.40 57.23 

Logarithmic -3.64 -

10.29 

16.21 6.87 

BP-NN -2.76 -8.42 12.43 4.53 

 

The results of the evaluation shows that the 

linear, semi-log, log-log and the BP-NN models 

have average prediction errors of -7.38, -63.24, -

3.64 % and -2.76% respectively which suggests 

that the BP-NN model has the smallest average 

error over the test sample. The result also 

revealed that the BP-NN model has the smallest 

value of MAPE of 4.53% demonstrating a good 

performance over the other models. The Back 

propagation model therefore outperformed the 

generalised linear models in all the error terms.  

ii. Prediction Accuracy of BP-NN Model: 

The calculated output of the test samples by the 

best model (BP-NN) revealed that 58.32% of the 

test samples were underestimated while 41.68% 

were overestimated. The range of 

underestimating varies from -8.42% to -0.98% 

with an average value of -4.37%. The range of 

overestimating varies from 0.19% to 12.43% 

with an average value of 3.76%. On the overall, 

the BP-NN model has an average % error of -

2.76%, a maximum % error of 12.43% and a 

MAPE of 4.53%. The value of MAPE of 4.53% 

is within the acceptable range of  10 % 

specified by Ogunsemi and Jagboro (2006) and 

 25% for early estimates by Schexnayderet al. 

(2003) indicating a satisfactory performance.

 

5. CONCLUSION 

 

Time Predictability of construction projects have 

long been identified as one of the key 

performance issues to be addressed in order to 

provide best value to construction contractors 

and clients. It is evident from earlier studies that 

the early methods of schedule estimating based 

on traditional mathematical techniques are 

deficient in reflecting uncertainties inherent in 

project durations provided by myriad of 

interacting factors. In this study four relevant 

predictor variables namely; road length, road 

thickness, number of culverts and cost per unit 

length were used to develop parametric models 

based on regression and neural network 

techniques in an attempt to investigate the 

performances of the different approaches. 

The BP-NN prove to be a useful tool for 

predicting schedule of highway construction 

projects swiftly and accurately. The prediction 

performance in terms of goodness of fit and 

accuracy levels of the BP-NN turned out to be 

better than all the regression models with and 

average prediction error of -2.76% and MAPE of 

4.54%. This may be attributed to the outstanding 

learning and predictive ability of artificial neural 

network. The model is useful to both clients and 

contractors for early estimation of construction 

duration, since the information necessary as 

input variables can be extracted from scope 

designs and early estimates. Due to its simplicity, 

it can be implemented using Microsoft excel or a 

simple computer programme. The model is 

recommended for early stage duration estimating 
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Appendix I: Data for model construction 

 

S/No. Duration 

(Days) 

Length  

(M) 

No of 

Culverts 

Thickness 

(mm) 

Cost/ unit 

Length (₦) 

1 90 906 3 900 39575.18 

2 270 2860 9 1000 34446.62 

3 75 794 4 850 29525.91 

4 210 2254 8 860 24487.79 

5 135 1580 4 950 40206.57 

6 75 928 4 800 45421.46 

7 85 828 3 800 51652.05 

8 360 4374 8 1000 17765.16 

9 225 2480 6 950 34826.23 

10 255 2800 6 1200 49523.19 

11 180 2044 9 900 33940.61 

12 135 1556 4 1000 36489.29 

13 270 2942 10 1000 31243.12 

14 45 346 2 750 38079.57 

15 120 1394 8 750 53529.31 

16 75 756 6 700 47292.92 

17 45 196 4 700 470602.3 

18 600 6510 10 1000 30919.78 

19 45 240 4 700 18440.59 

20 210 296 3 900 98640.92 

21 60 2272 6 700 8856.79 

22 105 304 3 1300 52208.79 

23 90 1190 8 1000 35235.91 

24 75 938 7 1200 44702.28 

25 90 694 8 900 42535.13 

26 105 880 9 950 48612.12 

27 180 1126 9 1200 45305.48 

28 180 2048 10 900 37771.44 

29 1440 2114 12 1500 40238.77 

30 45 15620 2 950 11437.69 

31 75 280 3 800 35535.54 

32 90 848 7 700 48829.29 

33 270 926 6 1200 83875.47 

34 336 15000 8 1200 78052.17 

35 270 10600 12 1200 85490.60 

36 96 13000 12 700 21525.52 

37 159 1550 10 700 141166.2 

38 126 5000 9 950 45716.82 

39 45 2800 5 1200 138000.2 

40 56 3000 8 1200 17733.33 

41 80 3600 17 1500 27952.53 

42 120 3200 8 1500 20625.50 

43 45 196 4 700 470602.3 

44 56 6510 10 1000 30919.78 
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45 40 3600 7 1500 27952.55 

 

Appendix II: Data used for Validation 

 

S/No. Duration 

(Days) 

Length  

(M) 

No of 

Culverts 

Thickness 

(mm) 

Cost/ unit 

Length (₦) 

46 345 3200 4 1500 20625.80 

47 97 453 2 900 17.93 

48 60 397 1 850 11.72 

49 56 378 4 700 17.88 

50 27 7810 3 950 89.33 

51 76 140 4 800 4.97 

52 30 98 3 700 46.12 

53 75 469 6 1200 20.97 

54 36 397 4 850 11.72 

55 56 378 4 700 17.88 

56 37 397 4 850 11.72 

57 68 397 4 850 11.72 

 


