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Abstract: There are various modeling techniques adopted for predicting the labor productivity that
incorporate the influence of various factors, but neural networks are found to have strong pattern
recognition and higher accuracy to get reliable estimates. To develop a construction labor
productivity (CLP) model for concreting activities, data were collected through a questionnaire. The
most critical influencing parameters were ranked according to their relative importance index (RII).
Then the strength of the relationship between CLP and influencing parameters was analyzed using
correlation coefficient results generated in Python program. Finally, the CLP model which
represents the output of the crew within a certain factor was successfully developed using artificial
neural networks (ANNSs). Five objectives and six subjective critical influencing parameters were
selected using RII. Crew experience, age of workers, and placement technique are the top three
influencing parameters that have a strong relation with CLP with correlation coefficient values of
0.5681, 0.5349, and 0.5227 respectively. The developed model within these influencing parameters
has a higher capability to predict the output of labor with a 92% coefficient of determination (R2)
and a mean squared error of 0.316%. Therefore, the application of such a model for the accurate
estimation of labor productivity is recommended.

Keywords: ANN; building projects; concreting activities; CLP model

1. Introduction

Productivity is a key element in determining the success and failure of any construction project
[1-5]. The most common construction productivity metrics are unit rate (ratio of labor cost to units of
output); labor productivity (ratio of work hours to units of output); and productivity factor (ratio of
scheduled or planned to actual work hours) [6,7]. The efficiency of activity level systems, focusing on
the labor resource of the construction process, is measured using construction labor productivity
(CLP). Because of different ways of defining CLP, arriving at a common definition of productivity is
a puzzling task. However, many authors agree that, productivity is a quantitative assessment of the
correlation between the number of resources used and the amount of output produced, therefore, it
is a component of cost and is not a method of estimating the cost of resources [8-10].

In developing countries, labor counts for 30-50% of total project cost due to the scarce of modern
construction equipment and the construction operations are largely labor-intensive [11]. Therefore,
the project’s success is greatly influenced by the labor’s productivity. The performance of the
construction industry is best described by its construction labor productivity, but most construction
projects fail to correctly imitate the construction labor productivity, this failure is mainly due to the
lack of appropriate estimation models which are very crucial for the industries overall performance.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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The construction industry is searching for ways to improve labor productivity, but the industry
has lacked crew-level CLP models capable of explaining which parameters cause productivity to
change and by how much [12,13].Despite its importance in construction project management,
developing accurate and interpretable CLP models for analysis and improvement of construction
productivity has not been fully achieved[14,15].

In order to estimate construction projects in a reliable and accurate way, the help of advanced
modelling techniques is vital[16]. Deferent modelling techniques like action response models,
statistical model, linear regression model, and others have been prepared in past decades [2,17].
However, these modeling approaches were basically developed for specific circumstances and their
implementation was restricted [17].Hence, developing the most accurate and powerful model is the
current hot topic for researchers and practitioners.

In the construction industry particularly in developing countries, there is a lack of well-
developed CLP models which are capable of explaining which parameters cause productivity to
change and by how much, therefore the industry is searching for ways to improve labor productivity
[12].Furthermore, labor productivity values are below the benchmark, which causes the risk of delay
in the overall project [4,9,18]. Lack of having developed CLP model increases the uncertainty of the
construction projects which intern decreases the success, profitability, and competitiveness of the
company. In spite of this, there lack research initiation in developing countries to develop CLP
estimation models which are very critical and important for the success of construction projects in
the country. Therefore, in order to fill this research gap and to enhance the profitability, income, and
competitiveness of the construction projects current studies will focus on construction stakeholders
in Ethiopia.

Several researchers [19,20,21,22,23,24,25] have applied ANN'’s in construction management,
mostly for decision-making, forecasting, and optimization. ANN is a technique for Artificial
Intelligence (AI) programs and one of the most common approaches to machine learning. These
programs invest learning capabilities in intelligent systems that can improve their performance over
time [26].

So, the aim of this study was to develop a construction labor productivity estimation model
using ANN’s for concreting activities in building construction projects located in Addis Ababa city,
Ethiopia.

2. Materials and Methods

To achieve the objective of the study, a literature review on past studies on labor productivity
was reviewed. From the review, numerous factors affecting the CLP at site are identified and grouped
in to subjective and objective variables. Then it was distributed in form of questioner to the
respondents. Using relative importance index (RII) eleven most critical influencing factors (five
objective and six subjective) were identified.

The data which was collected by direct observation from the active building construction sites,
which were on concreting stage was first systematically arranged in an excel spread sheet and
imported into a programming software for further analysis and modeling. The correlation coefficient
of these factors was calculated and used to investigate the strength of relationship between the
identified most critical factors. The identified factors are used as input parameter for the model.

2.1. Model Development

Python 3.7 version has been used to develop the ANN model. The code used to develop this
model was written in the Jupyter notebook and analyzed and modeled by using different Anaconda
libraries for mathematical computations and visualizations.

In developing the construction labor productivity model, all data collected from direct
observation are converted to numeric values on an excel spreadsheet and saved in the CSV format.
The second step followed was importing the data frame into the Jupyter notebook and preprocessing
the data, which involves removing duplicates and no values in the data frame. Moreover, data
cleaning involves splitting the data set into two separate data sets: the first columns as the output
data set, CLP, and the reaming columns as the input data set. The output data set contains the CLP
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collected from the construction sites and converted into the crew's output performing the concreting
activity in cubic meters per hour. The input data set contains all the inputs or parameters that bring
together a certain number of outputs.

Some features have an order of magnitude larger than others and unlikely these features are
significantly more correlated than others to the outputs. Therefore, to avoid this over correlation, data
scaling was performed in python program using the min-max scaler data normalization technique.
In this study, the given dataset was scaled between 0.1 and 0.9.

2.2.  Mathematical Steps for the Training Algorism into ANN's

The systematic steps, with equations, for the workflow in an ANN through the forward and
backward propagation can be set out as follows:

The first step is: the preparation, preprocessing, and scaling of data. Set all the weights and
threshold levels of the network to random numbers, uniformly distributed inside a small range [27].
The data preprocessing stage is necessary to facilitate network training which can then perform
preliminary processing on the data, in order to make the data easier for the neural network training
to extract the relevant information [28].

Data scaling is one of the important procedures for preprocessing the data in NNs. The
significant reason for data scaling is to equalize the importance of variables, to improve the training
of the neural network, and to avoid the slowing down of the learning rate near the edges of
specifically the output range due to the property of the sigmoid function, which is asymptotic to
values 0 and 1 for logistic function (sig), for this function the scaling ranges between 0.1 to 0.9, and
the linear scaling. The network’s task is made much easier and more expressive if it is provided with
data scaled in a way that helps to maintain all weights within a small set of predictable ranges.
Furthermore, it is a standard practice to normalize the inputs before applying them to the artificial
neural network. Initializing the neural network weights to tiny random values ensures that the
product of the input weight will be small [28].

In the second step, the input vector (data or signal) is presented to the input layer, which
computes the input to the hidden layer by applying inputs (X1, Xz, Xs...., Xr) for each iteration, and
desired outputs (Yai, Yaz, Yas...., Yap) for each iteration, to calculate the actual outputs of the neurons
in the hidden layer ( y;7 ) as shown on Equation 1:

Y41 = sigmoid[XF_, X;(D.w;; (D) + 6] (1)

Where:

Y;a: the actual outputs of the neurons in the hidden layer for each iteration,

Xi: the value of the input parameter i for each iteration,

Wi: the weight of input i

P: the number of neuron j in the hidden layer, and

0j: the threshold applied to the neuron (i.e., bias function of the hidden layer).
Third Step: The hidden layer takes its input for neurons from Equation 1 and uses it as the argument
for a sigmoid function to produce the actual output of the neurons in the output layer (ykr) as shown
on Equation 2.

Y (D) = sigmoid[Ti_, X;.(D.wj (D + 6,] ()

Where:
Yie: the actual outputs of the neurons in the output layer for each iteration,

Xjk: the value of output parameter I for a hidden layer for each iteration,

Wik: the weight of input j to the output layer,
q: the number of neuron k in the output layer, and
Ow: the threshold applied to the neuron (i.e., bias function of output layer).

Sigmoid: the sigmoid activation function
Step 4: The procedure of backward propagating the error associated with output neurons to

modify the weight parameter in the back-propagation network as shown on Figure 8. The error
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gradient and weight correction are thereby computed for the neurons in the output layer, and then
in the hidden layer. After executing Equation 3, one iteration of the training algorithms is completed.
The next stage is a return to step 2 and a repetition of all the succeeding steps in the process until the
detected error criterion is satisfied, or the error values remain minimum.

wi;i (I +1) = wy; (1) — Aw; (1) 3)

Where:
AW i(I): The weight correction for the input layer with hidden layer,
Awik(I): The weight correction for the hidden layer with output layer,

a: learning rate,

I: the number of iterations.

Modeling of CLP using ANN involves input, hidden, and output layers. Construction labor
productivity is considered as an output layer, which shows how much product is produced by using
different inputs (materials, energy, equipment, etc.) to produce outputs (project products). The
hidden layer is a nonlinear combination of the network inputs that are computed. A sigmoid function
was used in the program which represents the nonlinear function.

3. Results

3.1. Identification of input Parameters

As discussed in shown on Table 1. and summarized in appendix 1 numerous input parameters
that can influence CLP have been identified from the review of the literature. The identified 30
context-specific factors were grouped under two main categories: 12 objective (quantitative) and 18
subjective (qualitative) variables. A questionnaire survey was conducted in Addis Ababa City
construction sites with 32 respondents from project managers, contractors, consultants, masons, and
foremen to identify the most critical factors from the identified 30 factors and consequently to
establish a top 11 factors: 5 objective and 6 subjective factors. The summary of PI for all factors is
summarized in Table 1, and Figure 1.

Tables 1 show the twelve quantitative and eighteen qualitative variables which were identified
by a critical review of numerous published documents, reports, records, and books. Those factors
which can cause variation in productivity on a daily basis or in the short term are the primary
selection criteria that were adopted to select context-specific parameters.

Table 1. quantitative and qualitative labor productivity factors.

S.No. Objective (Quantitative) factors Subjective (Qualitative) factors
1 Crew Size (number of workers) Weather condition (comfort level)
2 Crew experience (seniority) Location of project
3 Age of workers Comfortability of materials storage
for work
4 Average wind speed Scaffold requirement
5 Number of consecutive days worked Skill level of labor
6 Number of languages spoken Congested work area (arrangement

of falsework)

Communication problems with

7 Number of craftsperson technical training
workers
8 Level of overtime Alcoholism
9 Level of interruption and disruption Disruption of power/water supplies
10 Foreman experience Health status of workers
1 Distance to temporary material storage to Extent and quality of supervision

casting place
12 Space of casting (volume of work) Safety requirements
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13 quality requirements
14 Crew flexibility (crew willingness in
performing other members task)
Building element (footing, grade
15
beam, column, slab...)
16 Cover from weather effect
17 The working condition (noise)
18 Placement technique (Pump, Crane,

bucket, direct chute...)

Figure 1 shows the ranking of the most critical factors influencing CLP. A crew size or a number
of workers was ranked 1st from identified context-specific factors that can influence CLP, with an RII
value of 0.913. Crew size has a great influence on productivity. This result is supported by [1,29] who
found that the crew size affects labor productivity.

The health status of workers ranked 2¢ to affect construction labor productivity with an RII
value of 0.888. The health status of workers is one of the most important parameters to affect CLP.
This finding is supported by [30]. Distance from temporary material storage to casting place was
found to be the 3¢ most critical factor that can influence CLP with an RII value of 0.875. According to
[12], the final placing distance to the material mixing distance can affect CLP. Transporting the mix
to the final casting place requires considerable time which consequently affects productivity.

Most Critical Factors Influencing CLP

0.950
0.913

0.888
0.900 0.875 o s6s
0.856
0.838
0.850 0.825 0.819
0.806
: 0.781
0800 0.769
0.750
0700
A B C D E F G H ) K

RII

0.650

A. CREW SIZE (NUMBER OF WORKERS) B. CREW EXPERIENCE (SENIORITY) C. AGE
OF WORKERS
D. LEVEL OF INTERRUPTION E. DISTANCETO TEMPORARY MATERIAL STORAGE

TO CASTING PLACE...

Figure 1. Most Critical Factors Influencing CLP.

3.2. Quantification of Input Parameters

Quantification of input parameters (independent variables) is the vital and starting point for the
analysis and modeling of CLP studies. The quantification of parameters is complicated since they are
a mix of objective and subjective variables. Therefore, quantification requires proper and
understandable measurement schemes. For each identified most critical factors a measurement scale
that is used to data collection must be developed, so as to quantify the input parameters and
simplifies the construction site data collection process. The quantification in this research is done
for all parameters as shown in Table 2.a and 2.b

Table 2. a: Input parameters for objective variables.

In put parameters for objective Variables

Identification Lo Measurement Data source
Parameter Description .
code. scale (unit)
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N Crew Size (number Weather condition (comfort Integer DC*
of workers) level)
The average years of Real number F+CM*
E Crew experience experience of the crew
(seniority) members in concreting
activity
The average age of workers ~ Real number F+CM*
A Age of workers  performing the actual work
in years.
The time lost and delayed Integer (total DC
events are caused due to minutes spent)
I Level of interruption several reasons, which may
and disruption disrupt the crew from
performing the assigned
tasks.
. Plstance from. The average distance Integer DC
mixing place to final 2,
D between mixing place to

casting and . . L
final pl finish
finishing place inal placing and finishing

Table 2. b: Input parameters for subjective variables.

In put parameters for subjective variables

Identification .. Measurement scale Data source
Parameter Description .
Code. (unit)
1-4 pre-determined DC
The atmospheric weather rating shown below
dition of the site duri 1-
W Whether condition ondition of the site during Sunny
performing the required 2- Moderately sunny
task 3- Moderately rainy
4- Rainy
1-4 pre-determined DC

rating shown below
1- Completely

Congested work Arrangement of falsework uncongested
C ong (:rea wo and ease of the site to 2- Somewhat
perform the task in question congested
3- congested
4- completely
congested
1-4 pre-determined CM
Health status of workers rating shown below
Health status of . ) 1- Very good
H during the execution of the
workers task 2- Good
3- Moderate
4- Bad
1-4 pre-determined DC
- . rating shown below
Crew willingness in 1- Completel
F Crew flexibility = performing other members’ . p Y
task willing
2- Willing

3- Somewhat willing
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4- Completely
unwilling
1-4 pre-determined DC
rating shown below
Beam, column, slab, septic 1- Slab
tank 2- Beam
3- Column
4- Septic tank
1-4 pre-determined DC
rating are shown

B Building element

bel
Pump, winch, bucket, direct clow

P Placement technique
chute

1- Pump
2- Winch
3- Direct chute

4- Bucket

* DC=data collector, F= foreman, and CM= crew member.

Data can be gained from the following sources: researcher (data collector), foreman, and crew
members), these data sources would be assigned to each parameter and sub-parameter based on the
respondent’s knowledge about the source of data in question. Data that can be collected by direct
observation like weather conditions can be collected by the researcher or DC. For this research, the
preferred criterion for direct observation data collection is summarized as shown in Figure 2.

=P Shall be in Addis Ababa city

=P Shall be active projects

CLP Shall be on concreting stage

Data
Collection - Labor intensive

Criteria
» Concreting activity

—p (Common among several projects

maximum number of crew

p—

bp Perform only similar activity

Figure 2. Criteria for Selecting Building Projects for Data Collection.

3.3. Data Analysis

All the data collected by direct observation from the construction site are first tabulated and
saved in CSV format in an excel spreadsheet and then imported into Python. The descriptive statics
of the collected data were shown in Table 3 which can clearly show the summary of the collected
dataset.

Table 3. Summary of the Collected Data Set.
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count mean std min 25%  50% 5% max

CLP 1140 4242018 4501959 034 1515 212 5487500 20.000000

Crew Size 1140 8649123 1021733 600 8000 200 9.000000 11.000000

Crew Experience 1140 5083114 2615161 200 3220 389 6570000 10400000
Age 1140 26251534 3378545 2200 24000 2550 27700001 34.000000

Interruption level 114.0  2.053509 13.652800 000 0.000 225 8870000 86.000000
Distance 114.0 29779823 10321677 7.50 21100 29.95 33.200001 49.799999
Whether 1140 1780702 0217494 100 1.000 200 2.000000  4.000000
Congested Area 1140 1921053 0705783 1.00 1.000 200 2000000  3.000000
Health Status 1140 1631579 0484506 1.00 1.000 200 2000000  2.000000
Crew Flexibility 1140  1.859649 06889712 100 1000 200 2000000  3.000000
Building Element 1140 2.008772 0825432 100 1.000 200 3.000000  3.000000
Placement Techniques 1140 2122807 1.090103 1.00 1.000 200 2000000  4.000000

To measure the strength of the relationship between construction labor productivity and its
critical influencing factors and between the independent variables a correlation coefficient was
calculated using python 3.7 as shown in Table 4. The correlation coefficient shown in Table 4 is
computed by considering the construction labor productivity rate of concreting activity as “Y” and
its all-critical influencing factors as “X”. The values show the strength of a linear relationship of
collected data between CLP and its influencing factors. If the sign of the R is positive, the value of
CLP increases when influencing factors increase. If the sign is negative CLP decreases as the
influencing factor increases.

Table 4. Correlation between CLP and Influencing Factors.

Influencing Factors Correlation(R)
Crew Size 0.1160
Crew Experience 0.5681
Age 0.5349
Interruption level -0.0573
Distance -0.1201
Whether -0.0748
Congested Area -0.1944
Health Status -0.1984
Crew Flexibility -0.0912
Building Element 0.1266
Placement Techniques -0.5227

In Figure 3 it is clearly observed that strongly correlated factors have dark red and dark blue
colors whereas, the strength of the relationship between variables decreases as the colors contrast
decreases. Along the diagonal, it is shown that everything is perfect dark blue this is because along
the diagonal correlation is 1, which is the correlation of variables with itself.
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Figure 3. Correlation Heat Map.

3.4. Optimal Data Division

The CLP model was developed on all 114 data instances collected through direct observation.
This dataset was divided into training, validation and test data sets for the purpose of accurate
modeling and for testing the performance of the model. The best data allocation for this problem is
shown in Table 5. This optimal number of data divisions was obtained by trial and error. Data was
divided into different training, validation, and testing data divisions and observed their performance.
Therefore, the data division shown in the table performs best than other data division with less error
and high convergence.

Table 5. Optimal Model Data Division.

Type of Dataset Number of Data Instances  Percentage (%)

Training 74 65
Validation 17 15
Testing 23 20
Total 144 100

3.5. ANN Optimal Parameters

Table 6 shows the optimal model development parameters. Most of this multi-layer’s perceptron
(MLP) parameters were obtained by trial and error after comparisons of the performance of the
model.

Table 6. The Optimal ANN Model Parameters.

Document String Type Description

Hidden layer size Number of layers and neurons are introduced (1

hidden layer and 2 hidden nods)

Activation Activation used in the hidden layer (Logistic)
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Maximum iterations Number of epoch (2000)
Solver (Optimizer) For weight optimization (Adam)
Initial learning rate Controls weights and bias update (0.1)
Momentum For gradient decent update(0.9)
Early stopping Stops training when loss stops decreasing (True)
Validation fraction Set aside data for validation (15%)

3.5.1. Effects of Hidden Nodes on Performance of NN’s

After executing the above parameters in Python, simulated outputs have been compiled and the
accuracy of the model has been determined by calculating Mean Squared Error (MSE), Mean
Absolute Error (MAE), and coefficient of determination (R2) through Python functions. MLP
Regressor ANN mapping set of input data to output, the basis for this transformation is the number
of nodes and number of hidden layers. Therefore, numerous models were developed by varying the
number of hidden nodes and hidden layers, the performance results of the numerous models are
summarized as shown in Table 7 and in Figures 4 and 5. The best model was selected on the basis of
model performance for the test datasets.

Table 7. Performance Results of One Hidden Layer Model.

MAE Train MSE Train R? Train

Train Test Train Test Train Test
0.03253 0.04141 0.00170 0.00457 0.94080 0.90182
0.02051 0.03060 0.00121 0.00316 0.96110 0.92065
0.02962 0.03561 0.00170 0.00391 0.94105 0.91596
0.02136 0.03395 0.00094 0.00407 0.96739 0.91253
0.02016 0.03621 0.00088 0.00420 0.96924 0.90972
0.02652 0.04498 0.00129 0.00562 0.95500 0.87939
0.02652 0.04498 0.00129 0.00562 0.95500 0.87939
0.03276 0.04400 0.00234 0.00583 0.91867 0.87482
0.08388 0.11183 0.01497 0.02511 0.48165 0.46114

The results in Table 7 were obtained by selecting the maximum score the developed models
show from two hundred different pieces of training for each in different number of nodes. Therefore,
it is seen that the model with 2 hidden nodes can predict CLP with less MAE, and MSE values of
0.03060, and 0.00316 respectively. The R2 value for training datasets was 0.9611, demonstrating that
the outputs/predictions are 96% close to the target values. Whereas the R2 value for the test dataset
was 0.92065, which proves that the model is able to predict 92% of future outcomes accurately.
Therefore, for the building construction projects located in Addis Ababa city, the MLP neural
network structure with two hidden nodes shows maximum convergence and least error.

Figures 4 and 5 display the effects of a number of neurons on the values of R2 and MSE
respectively. R2 values range from 96% to 48% for train data sets and it ranges from 87% to 46% for
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test datasets. Whereas MSE values range from 0.094% to 1.497% for train data sets and it ranges from
0.316% to 2.511% for test datasets. Therefore, after comparing the results of R2 and MSE for the test
datasets the model with one hidden layer and two hidden neurons shows maximum accuracy and
least errors respectively.

——R2 Train —#—R2 Test
120

100

80
o 60
40
20

1 2 3 4 5 10 15 20 30
Neurons

Figure 4. R2 Values with their Corresponding Neurons.

Since the developed model will be used for future CLP rate estimation, the model with a high
value of R2 with list error is selected as the optimal model to predict future concreting activity rates.
It is observed during the model training phase that as the number of hidden layers increases the
performance of a model will not be improved. Therefore, the model with two hidden neurons has a
maximum accuracy and least error as compared to other models.

e=@==\/SE Train ==@=VISE Test

MSE (%)
&

1
0.5
0
1 2 3 4 5 10 15 20 30
Neurons

Figure 5. MSE of Different Models with their Corresponding Neurons.

ANN is a sophisticated method that can predict CLP for building projects in Addis Ababa city
with an average accuracy percentage of 92%. This average accuracy percentage was checked by using
the 20% data that was left aside for this purpose. The data used for testing the performance of the
model was not introduced during the training of the model, this separate data set for training and
testing is important to accurately evaluate the performance of the developed model.

The minimum error observed for the optimal model was obtained after performing numerous
trials and errors by varying the number of neurons in the hidden layer and the number of forwarding
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and backward iterations or epochs. Therefore, the minimum error was achieved with two hidden
neurons and 1000 epochs as shown in Figure 6.

model loss

0.030 4

0.025 1

0.020 +

mse

0.015 1

0.010 -
0.005 1 H
0.000 1

epoch

Figure 6. Training Mean Squared Error.

The scatter plot in Figure 7 shows the true and predicted values of productivity for the test
dataset of 23 data samples that were selected and set aside for this purpose. The figure shows a good
agreement between predicted and actual productivity values drawn in a 45-degree line. From the
graph, we can conclude that the predicted productivity/machine guess values of productivity are
approximately similar to actual values of productivity and the points observed around the 45-degree
line shows a reasonable concentration of the predicted values of productivity. Therefore, the
developed ANN model has a higher capability to predicting CLP of concreting activity.

10

o =] oa
i i i

Predictions [CLP]

=
Paud
i

D. ':I I I I I
0.0 0.2 04 0.6 0.8 10

True Values [CLP]

Figure 7. Scattered Plot of Predicted and Actual Rates.
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3.5.2. Equation of the ANN model

The equation of ANN gives the value of an output node as a function of the values at the input
nodes, bias, and connection weights. The connection weights and biases which are used for the final
modeling are obtained from the optimal ANN models. The result of weights and biases for the
optimal model is summarized in Table 8. Therefore, the coefficients and intercepts can be translated
into formulas or mathematical models.

The CLP of concreting activity can be mathematically expressed using the connection weights
and biases for the optimal model which are listed in Table 8 as follows:

X, = [Xy X Wiy + X, X Wiy + Xz X Wiz + Xy X Wiy + X5 X Wi + Xg X Wig + X7 X Wiy + Xg X Wig +
Xo X Wig + X190 X Wygo + X110 X Wiyy + BHy ] “4)

X2= [Xle21 +X2XW22+X3XW23+X4_XW24+X5XW25+
Xe X Woe + Xy X Woy + Xg X Wog + Xg X Wog + Xqg X Woqg +
X114 X Wp11 + BH, ] 5)

But it should be noted that before adopting Equations 1 and 2 for estimation of CLP rates all the
input values should be scaled between 0.1 to 0.9 ranges using min-max scaler formulas.

Table 8. Optimal Model Weights and Biases.

Weights between input Weights between input | Hidden Hidden to Output
nodes and hidden node1 nodes and hidden node 2 | Biases output weights  bias
W= -0.80771825 Wai=-1.29754431 BH: = WiiHo= Boi=
W= 0.145702103 Wa=-2.42387211 0.358 -0.6679519 1.955
Wis=-0.528524606 Was=2.26612486 34581 Wi2Ho= 71816
W= 0.201301486 Was=2.74387717 BH: = -1.62451474
Wis=0.132271702 Wos=-0.026419671 -1.508

Wie= 0.0334985595 Wae=-0.00353481671 88807

W= -0.0949299372 W27=0.00908773745

Wis=-0.282357359 Was=0.336306823

Wio=0.103049981 Wao= 0.588741942

W= -0.214612051 Woaio=2.39695108

Win=-1.21460908 Wan=10.5258561

Then the values of Xiand Xz should be pass through sigmoid activation function as shown in
Equation 6 and 7 bellow. If the values of X1 and X: fails to pass through the sigmoid functions the
non-linear relationship between the input and output variables can’t be established and the model
performance can be affected. It is also a standard practice in ANN modeling to pass the values of X1

and Xz through the activation function.
1

X1H= 1+e—_xl (6)

1

X2H= 1+e——xz (7)

Next the values of XiH and XzH should be multiplied with the corresponding weights based on
Equation 5:

O= X,H x W,;HO + X,H x W;,HO + BO, (8)
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Finally, the value of O which represents the scaled value of output should be converted into the
unscaled predicted value of output using the min-max scaler formula.

To avoid the manual computation of CLP rate using this long formula and to avoid estimation
mistakes the researcher built the required equation model using Excel programmed sheet. To apply
and predict CLP for concreting activity only input data is required, so that the programmed Excel
sheet automatically predicts the CLP rate.

Input Layer Hidden Layer Output Lavyer

o Forward path
C. Size '

11
X2 °
Experience :
X3 °
Age
X 4 W2 Wi4 Y

Bys H1

4
Interrupt w4

Bias O1

Output

V11HO

Congestion

X8
Health W, l
X9 Y-
Fleiji]jtle i
X10 /7
B. Element W

Backward Propagation

X11 )
Placement X
Figure 8. Architecture of optimal model.

From Figure 8 it is clearly shown that the optimal model architecture has 11 input nodes, 2
hidden nodes, and 1 output node (11-2-1 node structure). This optimal model is a multilayer structure
because it consists of three layers: input, hidden, and output layers. The optimal model was
developed after 1000 times of forwarding and backward paths. During the forward path the network
arbitrarily assigns numerical values to the weights and biases based on the data’s feed to the network,
then the network compares the predicted values with actual values to calculate the error. Taking this
error, the network propagates backward to adjust these weights and biases so that after 1000
iterations the model generates optimal values for weights and biases which can represent the data
that was fed to the network. From the developed models the optimal model was the model with the
least mean squared error and a high coefficient of determination value which was obtained after
numerous trials and errors.


https://doi.org/10.20944/preprints202407.0674.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 July 2024 doi:10.20944/preprints202407.0674.v1

15

4. Discussion

The input parameters used in this model was previously investigated by many authors [1,12,29—
31]. However, some of the parameters are site specific. The final optimal model has eleven variables
in the input layer, one hidden layer with two nodes, and one node in the output layer which shows
the optimal structure of the productivity of concreting activity in Addis Ababa city. This structure
was practically enough for developing an optimal model using some sort of neural network
parameters. To ensure the accuracy of the model and enhances model performance collected data
have been systematically divided into training, validation, and testing dataset, with 65%, 15%, and
20% proportions respectively.

The average accuracy of the developed model is around 92%. A similar CLP model developed
by [32] based on neural network for concrete pouring, had a accuracy value of 71%. Another CLP
model developed by [7] based on fuzzy inference system also agree with the model developed in this
research.

5. Conclusions

The productivity rate, which has a relationship with various factors, is one of the major
components in determining the success or failure of a construction project. This paper attempts to
show how to use Al models to predict labor productivity.

ANN model was developed based on the 114 datasets which were collected from Addis Ababa
building projects. The developed model has the ability to predict the CLP rate of concreting activity
with 92% of the coefficient of determination and 0.316% of MSE for the testing data set. This result
shows that the developed model has a higher capability to predict CLP with an acceptable range of
errors.

Construction stakeholders can easily use the programmed Excel sheet to predict the CLP of
concreting activity for their future projects. Therefore, developing a construction labor productivity
estimation model using ANNSs for concreting activity, which was the general objective of this study
is successfully achieved.
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