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Abstract - Forecasting accurate labor productivity is critical in construction project management because construction projects are
labor-intensive. This study predicts labor productivity using an adaptive neuro-fuzzy inference system (ANFIS) trained using particle
swarm optimization (PSO) to enhance prediction accuracy. The model is applied to two high-rise buildings in Montreal, Canada. The
accuracy of the proposed model is compared to that of the original ANFIS model using root mean square error (RMSE) and fraction of
prediction within a factor of two (FACT2). The assessment metrics show that the ANFIS-PSO model (RMSE 0.414 and FACT2 0.053)
exhibits better performance than the traditional ANFIS model for formwork labor productivity. It can be concluded that the ANFIS
model, coupled with metaheuristic algorithms, can be a valuable decision-making tool for forecasting construction labor productivity in
construction projects.
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1. Introduction

The performance of the construction sector is critical in both developed and developing countries. This sector
contributes to the gross domestic product and economic development of any country [1-3]. As a result, increasing
construction productivity attracts more investment, boosts industry competitiveness, and creates job opportunities [4]. The
construction sector is labor-intensive, with labor expenses accounting for 30-60% of the overall project expenditures [5-6].
Therefore, boosting labor productivity might improve the performance of building projects. However, the construction
industry is confronted with several problems, including diminishing productivity growth [7].

Productivity is not used to estimate the cost of resources; rather, it quantifies the relationship between the resources
utilized and the product produced [8-10]. In the construction industry, productivity is usually described as the ratio of an
amount of output (e.g., money, product, or service) to a unit of resource input (e.g., labor, machines, materials, and money)
[11]. Productivity may be quantified at three levels: industry/sector, project, and activity/process. The project productivity
level is preferred since it assists construction businesses in identifying areas for improvement [12].

Quantifying and identifying the interdependencies among significant elements is required for modeling construction
labor productivity. The current method of predicting productivity rates is based on an estimator's opinion, published
productivity data, or previous project data. Personal bias and staff turnover impact the accuracy of depending on
estimators' views. The reported productivity figures do not reflect a contractor's performance, but rather the industry's
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average productivity rates [13]. Past project data generally yields the most accurate and trustworthy estimate [1]. As a
result, proper modeling of construction labor productivity allows avoiding the subjectivity and irrelevance of the old
technique. These models capture the variance in productivity with regard to the influencing input parameters, resulting
in successful construction project planning and scheduling [14].

2. Literature Review

Acrtificial intelligence is deemed to be an effective technique for forecasting construction labor productivity.
Heravi and Eslamdoost [15] employed a back propagation neural network (BPNN) model to predict labor
productivity. When early stopping and Bayesian regularization were compared, Bayesian regularization outperformed
early stopping. A sensitivity analysis was also performed to assess the impact of each input element on the prediction
performance of the models. EI-Gohary et al. [1] applied neural networks to estimate construction labor productivity.
To benchmark construction labor productivity, many activation and transfer functions, as well as a wide variety of
influencing factors, were used. When compared to standard approaches in the literature, the suggested model produced
more accurate findings. Golnaraghi et al. [8] compared the results of BPNN, general regression neural network
(GRNN), radial base function neural network (RBFNN), and adaptive neuro-fuzzy inference system (ANFIS) to
evaluate labor productivity. According to the results, BPNN outperformed other approaches for predicting labor
productivity. Mlybari [16] estimated labor productivity using GRNN, artificial neural networks (ANN), support vector
machine (SVM), and multiple additive regression trees (MART). According to the findings, the GRNN model
outperformed the other approaches for forecasting labor productivity in concrete pouring and finishing as well as steel
fixing. Mohammed Abdelkader et al. [17] compared an ensemble of machine learning models for the sake of
estimating loss of productivity as a result of change orders. In the developed model, the loss of productivity was
quantified with regards to type of work, its impact, number of change orders, their frequency, average size of change
orders and change order hours. The utilized machine learning models encompassed radial basis neural network,
generalized regression neural network, cascade forward neural network, Elman neural network, back propagation
neural network, multiple linear regression and hybrid particle swarm optimization-liner regression. It was evinced that
radial basis neural network surpassed other machine learning models attaining mean absolute percentage error, mean
absolute error and root mean square error of 2.44%, 0.014 and 0.027, respectively.

The application of hybrid intelligent models has recently received a lot of attention to increase model performance
[16-19]. Scholars used a combination of techniques to forecast labor productivity. Cheng et al. [20] used an
evolutionary fuzzy SVM inference model to forecast productivity loss caused by change orders in building projects.
To enhance data quality, many data pre-processing techniques were used, including data cleaning, attribute reduction,
and data transformation. Several performance metrics were used to compare the proposed model against ANN, SVM,
and evolutionary SVM inference models. The suggested model produced the most accurate and consistent results.

In several instances, the ANFIS model outperformed the ANN model [21-22]. However, it ran into several issues
while optimizing the parameters of the membership functions, which had a detrimental influence on prediction
accuracy. Meta-heuristics have been widely deployed in the recent years to amplify the search abilities of machine
learning models [23-26]. In this regard, the ANFIS model can be improved using metaheuristic methods to enhance
prediction outcomes [27-28]. In this regard, the primary goal of this study is to assess the effectiveness of an ANFIS
model trained using a particle swarm optimization (PSO) algorithm for forecasting formwork labor productivity. Two
high-rise buildings in Montreal, Canada are utilized to test and validate the suggested models. The results of the
improved ANFIS model are compared to the results of a conventional ANFIS model using two performance measures.
The suggested hybrid model can assess and predict labor productivity, resulting in more accurate and realistic
predictions for building projects.

3. Materials and methods
3.1 Adaptive neuro-fuzzy inference system

The adaptive neuro-fuzzy inference system (ANFIS) combines the capabilities of neural networks with fuzzy
logic to automatically create the fuzzy if-then rule [29-30]. The ANFIS structure is made up of five levels. The first
layer fuzzifies the input parameters, while the second layer calculates the firing strength of the rules. The third layer
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normalizes the rules' firing strength. The fourth layer distributes the rule outputs, which are aggregated in the fifth layer to
determine the system output. The fuzzy inference system may be generated using three methods: grid partitioning,
subtractive clustering, and fuzzy c-means clustering. The fuzzy c-means clustering approach is employed in this study
because it produced the most accurate findings when compared to other methods [31].
3.2 Particle swarm optimization algorithm

Particle swarm optimization (PSO) was developed by Eberhart and Kennedy [32] to mimic the behavior of birds and
fish when looking for food. The goal function is defined as the particle's proximity to the optimal solution. Each particle's
current position, best position, and velocity are all recorded. Initial locations and velocities are allocated to the particles.
When a new better position is discovered, the particle's best position is automatically changed. In each cycle, the global
best position is calculated by averaging the particle best locations. Every iteration, the particle location is modified by
evaluating randomized values in various directions [33]. To avoid early or late convergence, this procedure is continued
until a termination condition is reached. The global solution is the current position of the best particle in the last iteration.
Particle swarm optimization algorithm is an efficient meta-heuristic that have been successfully implemented in wide range
of civil engineering applications such as corrosion assessment of bridge decks [34], forecasting bearing capacity of piles
[35], spatial land-use allocation [36] and solving prestess modes of cable-strut structures [37].
3.3 ANFIS model coupled with metaheuristic algorithms

The PSO method is used in this study to estimate the parameters of the membership function in the ANFIS model.
Using the input and target data, the fuzzy inference system is built. The ANFIS model output is calculated, and error
objective functions are minimized using Eq. (1) [38]. When the best output is produced, the optimization process comes to
an end. Otherwise, the optimization of the membership function is repeated.

Objective function = min(RMSE) = min (\/mean(e)z) = min (\/mean(t - y)z) 1)

Where; t represents the target data, y represents the output data, and e represents the error objective function to be
minimized.
4 Performance metrics

Two performance assessment criteria are used to assess the modeling performance of the classical and hybrid
intelligent models. These measures are as follows: root mean square error (RMSE) and fraction of prediction within a
factor of two (FACT2).
4.1 Root mean square error

According to Eq. (2), the root mean squared error (RMSE) indicates the distance between the observed and predicted
values. It has a value between 0 and infinity. It should be noted that a lower RMSE value implies a better model absolute

fit [39-40].
1% ( ,
HZ 0i = Pi)
i=1

Where; o; and p; represent the actual and simulated values, respectively and n is the number of data points.
4.2 Fraction of prediction within a factor of two
The fraction of prediction within a factor of two (FACT2) is the percentage of predicted values that are within a factor
of two of the expected values, as calculated by Eq. (3). The closer FACT2 is to 1, the better the model performs [41].

n
1 0; — 0, i — P 0j
FACT2 = Z( i ‘) <p‘ Pr) o5 <2 <2 @3)
n—1 =\ O Op pi

Where; 0, denotes the mean actual value, p, denotes the mean simulated value, o, denotes the standard
deviation of the actual values, and Op denotes the standard deviation of the simulated values.

5. Model development

RMSE = (2)
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The framework of applying standalone and hybrid machine learning models for forecasting the labor productivity of
formwork assembly is presented in this section. The framework, as illustrated in Fig. 1, consists of the following steps: 1)
establishing the input and output parameters from the available dataset, 2) dividing the data into training and testing
phases, 3) running the prediction models, 4) forecasting output productivity, 5) calibrating and comparing models using
performance assessment measures, and 6) recommending the optimal prediction model.

Define the input and output parameters

Split the data into training and testing

Apply the prediction models

Compare the models using evaluation metrics

Report the optimum model

Fig. 1: Flowchart for predicting formwork labor productivity

6. Case study

Over eighteen months, data on labor productivity was collected from two high-rise buildings in Montreal,
Canada [42]. The first structure was built of concrete and had a flat slab construction system. It had 17 floors and
a surface area of 68,000 m2, and it took three years to build. The second structure employed the same structural
system as the first. These projects include a total of 221 data points for formwork activity. The data includes
project, crew, and weather-related parameters. Data related to job type and procedure, as well as floor level, are
classed as project data, whereas gang size and labor percentage belong to crew data. The factors utilized in the
weather category include temperature, humidity, precipitation, and wind speed.
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The aforementioned factors must be taken into account since they affect daily work productivity. Table 1
depicts additional statistical parameters for the nine variables. It should be noted that the work type includes
three forms of formwork: slabs (1), walls (2), and columns (3). Furthermore, the work approach incorporates
built-in place (1) and flying forms (2). The number of floors is referred to as the floor level. The gang size in the
crew category refers to the number of people in a crew. In addition, the labor percentage is the ratio of labor size
to gang size. Temperature, humidity, and wind speed are measured in Celsius (oC), percentage (%), and
kilometers per hour, respectively. Furthermore, precipitation can be classified as no precipitation (0), light rain
(1), snow (2), or rain (3).

Table 1: Statistical parameters of input and output factors

Variable Min Max Mean Median Standard deviation
Work type 1.00 3.00 1.43 1.00 0.51
Work method 1.00 2.00 1.44 1.00 0.50
Floor level 1.00 17.00 11.38 12.00 3.75
Gang size 8.00 24.00 16.03 18.00 5.07
Labor percentage 29.00 47.00 35.49 36.00 3.79
Temperature -26.00 25.00 4.08 3.00 12.03
Humidity 18.00 97.00 66.34 67.00 15.67
Precipitation 0.00 3.00 0.28 0.00 0.60
Wind speed 3.00 43.00 15.42 14.00 8.46
Productivity 0.82 2.53 1.57 1.51 0.35

7. Results and discussion

The effectiveness of the ANFIS and ANFIS-PSO models for forecasting formwork labor productivity is
investigated in this study. To anticipate worker productivity in two high-rise buildings in Montreal, Canada, the
traditional ANFIS model is used as the benchmark model. The dataset is divided into two parts: 80 percent for
training and 20 percent for testing. For ANFIS, the number of clusters is limited to 15, with a maximum of 200
epochs and iterations. The starting step size, drop rate of step size, and rise rate of step size are 0.01, 0.9, and 1.1,
respectively. The following are the settings of the PSO meta-heuristic algorithm: maximum iteration= 1000,
population size= 100, inertia weight= 1, and personal/global learning coefficient= 2. To create the machine
learning models, the code is created in MATLAB R2015a.

Fig. 2 depicts a comparison between simulated and actual labor productivity estimates. Table 2
summarizes the performance of the machine learning models using two distinct metrics (RMSE and FACT?2).
These measures assess whether the trend of the model outputs corresponds to or deviates from the real estimate.
The RMSE of the conventional ANFIS model (RMSE = 0.537) is quite large, as seen in Table 2. (i.e., above
0.50). This indicates the model's inability to replicate actual estimates. As a result, there is a need to create a
model that can be utilized to properly estimate labor productivity. To address the constraints of the traditional
ANFIS model, an ANFIS-PSO model is presented in this aspect. When comparing the suggested ANFIS-PSO
model to the conventional ANFIS model, the RMSE and FACT2 values show a significant improvement. As a
result, the outputs of the hybrid model correspond to actual production.
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Fig. 2: Comparison of the actual and anticipated labor productivity during the training and testing phases

Table 2: Comparative analysis of machine learning models

Machine learning model
Classical ANFIS model | ANFIS-PSO model
RMSE 0.537 0.414
FACT?2 0.040 0.053

Performance metric

8. Conclusion

This study presented a forecasting model for labor productivity using the adaptive neuro-fuzzy inference
system (ANFIS) coupled with particle swarm optimization (PSO). To assess the effectiveness of the suggested
models, historical data from two high-rise structures were collected. Eighty percent of the data was utilized to
train the models, while the remaining twenty percent was used to test and validate the models. As input
parameters for the models, nine factors related to the project, crew, and weather conditions were chosen. Using
root mean square error (RMSE) and fraction of prediction within a factor of two (FACT2) metrics, the suggested
hybrid model was compared to the conventional ANFIS model. The findings revealed that the ANFIS-PSO
model (RMSE = 0.414 and FACT2 = 0.053) improved the performance indices when compared to the
conventional ANFIS model (RMSE = 0.537 and FACT2 = 0.040). As a result, the hybrid ANFIS model
amalgamated with particle swarm optimizer can be stand as an improved decision-making plattform for
predicting formwork labor productivity.
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