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Artificial neural networks (ANN) exhibit excellent performance in complex problems and have been increasingly applied in

the research field of construction management (CM) over the last few decades. This paper aims to provide a

comprehensive understanding of the application of ANN in CM research and useful reference for the future.Content

analysis is performed to comprehensively analyze 112 related bibliographic records retrieved from seven selected top

journals published between 2000 and 2020. The results indicate that the applications of ANN of interest in CM research

have been significantly increasing since 2015. Back-propagation was the most widely used algorithm in training ANN.

Integrated ANN with fuzzy logic/genetic algorithm was the most commonly em-ployed way of addressing the CM problem.

In addition, 11 application fields and 31 research topics were identified, with the primary research interests focusing on

cost, performance, and safety.
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1. Introduction

The construction industry has made a significant contribution to the development and maintenance of buildings and civil

infrastructure. As a data-intensive industry, the construction industry is experiencing unprecedented growth in data volume

. The hidden knowledge in these data is of great significance for adopting appropriate construction approaches to

improve project performance. Nevertheless, data-driven technology adoption in construction management (CM) has been

relatively conservative . According to the digitization report released by McKinsey, the construction industry is currently

one of the worst-performing industries in terms of digitalization . Meanwhile, data in the construction industry are far

from being fully utilized. It is estimated that site managers waste tremendous time processing data before making a

decision . Machine learning, as a set of technologies that can automatically detect patterns in data, brings a significant

added value to saving time and maximizing computing resources, especially when processing large amounts of data . It

has shown excellent performance in many continuously expanding areas of construction, such as building structure

design and performance evaluation, prediction of residual value of construction equipment, and vulnerability analysis of

existing buildings . Therefore, intelligent technology is urgently needed, with the artificial neural network (ANN) being

one of the most promising ones to handle the rapid growth of data generation in CM.

ANN is a mathematical model inspired by the biological brain to acquire the knowledge hidden in historical data for

information-processing and computation purposes . As a branch of artificial intelligence (AI) technology, ANN performs

well in dealing with complex nonlinear problems without assuming the relationships between variables, because of the

self-learning, self-organizing functions, and high-speed computing capabilities . For these reasons, ANN is particularly

suitable for solving practical CM problems, which is difficult for classical mathematics and traditional modeling . ANN can

play roles in the prediction, optimization, classification, and decision-making in the practice of CM and has been used in

CM since the early 1990s . For instance, Juszczyk et al.  proposed a predictive model for fast cost analyses and

conceptual estimates in the planning stage. The crack detection method of wavelet neural network was proposed by

Turkan et al.  to minimize the possibility of facility failure.

Since ANN is the most commonly used AI method in the architecture, engineering and construction industry , a growing

body of literature reviewing ANN applications has been published. For instance, Sony et al.  systematically reviewed

the application of convolutional neural networks in structural state assessment. These reviews on ANN focused on a

specific application instead of targeting CM. Pan and Zhang  reviewed AI in CM in which ANN is mentioned limitedly in

some paragraphs. Adeli  reviewed the application status of ANN from 1989 to 2000 in CM which was limited to

research before 2000. It can be seen there is no thorough review and systematic analysis of the existing literature on ANN
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in CM for the past 20 years. The absence of an up-to-date systematic review on ANN in CM makes it difficult for

researchers to understand the diversity and complexity of using ANN for CM.

2. Publication Trend of Research on ANN in CM from 2000 to 2020

To analyze the publication trend of ANN in CM in the past 20 years, the selected articles were profiled based on journal

and publication year. It can be found that JCEM (38) and AC (34) include the most publications on this topic, accounting

for 64.29% of the total, while the remaining five journals account for 35.71%. Figure 1 shows the publication trend for

ANN in CM from 2000 to 2020. It reveals an overall increase since 2000 within three years. Especially since 2015, the

number of related documents has increased dramatically. This result is consistent with the application trend of data mining

technology in the construction industry , as the construction industry has a growing need to process a large amount of

heterogeneous data .

Figure 1. Publication trend of literatures on ANN in CM (2000–2020).

3. Types of ANN Applied in CM Research

Figure 2 provides the statistical result of the types of ANN used in the reviewed articles. The results show that a total of

13 types of ANN were employed in the CM research. BPNN has captured the most attention and accounts for 45.1% of

the total. MLPNN and CNN both account for 13.8%. In addition, RBFNN, GRNN, and PNN have also received some

attention.

Figure 2. Types of ANNs applied in selected articles.

BPNN is a multilayer feed-forward neural network trained according to the error back-propagation algorithm. It has the

general advantages of all neural networks such as self-learning and adaptive capabilities, nonlinear mapping capabilities,

and high fault tolerance , and its own advantages, such as simplicity and good generalization capability . A detailed

review found that BPNN as a representative of ANN in CM has been applied to all application fields, demonstrating its

absolute domination.
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MLPNN is typically designed with a fully connected feed-forward-based architecture and trained by static back-

propagation, LM, Gauss-Newton, or other algorithms. Its input layer contains a set of sensory nodes, and both hidden

layers and the output layer contain computing nodes . It has been applied to complete a wide range of classification

and prediction tasks in the CM field. The CNN model achieves feature extraction through a stack of layers (such as

convolution, activation, and polarization) on the input image . It is one of the deep learning algorithms that has been

widely used in the image field . The characteristics and main research fields of BPNN, MLPNN, and CNN are listed in

Table 1.

Table 1. Comparison of BPNN, MLPNN and CNN.

Type Features Weakness Applicable Field

BPNN
Gradient descent
method. Nonlinear
mapping function. Self-
learning and adaptive.

Problem of slow
convergence, over-fitting,
and local optima.

Applied to prediction and classification tasks in
CM: widely used to solve problems in 11 fields; see
Table 2.

MLPNN Nonlinear mapping
function. Global
optimization.

Insufficient generalization
ability. Poor performance
in processing
multidimensional data.

Applied to prediction and classification tasks in
CM: claim prediction, cost prediction, classification
of patent screening, classification of project
decision.

CNN
Sparse connectivity and
weight sharing. Suitable
for high-dimensional
data.

Large amount of
calculation, and high
requirements for input
data.

Applied to the image field in CM: safety risk
identification at construction site, sewer image
defect classification, equipment tracking and
monitoring.

4. Methods Integrated with ANN Applied in CM Research

The result shows that 61% of studies established a hybrid model in which ANN is integrated with other methods to solve

the problems in CM, and the number is considerably greater than that of the individual model. Researchers are adopting

more and more hybrid models to improve the performance and overcome the defects of a particular method .

Figure 3 illustrates the distribution of methods/algorithms integrated with ANN more than twice in the reviewed studies.

The results indicate that Fuzzy Logic (FL) (21) is used more often combined with ANN in the selected literature than the

others, followed by Genetic Algorithms (GA) (15). Furthermore, case-based reasoning and long short-term memory have

achieved ideal results in auxiliary ANN applications.

Figure 3. Methods/algorithms integrated with ANN in selected articles.

Most research on the application of individual ANN models has focused on using its capabilities to deal with highly

nonlinear problems. However, the accuracy of the estimation results is not very high when dealing with uncertainty and

subjectivity issues. These disadvantages can be partially overcome by integrating FL, which is a tool for representing

uncertain and imprecise information . FL imitates the human decision-making process in a high-level way for

automated systems to describe highly complex, undefined, or difficult-to-analyze topics . However, FL encounters

difficulties in determining parameters. ANN was introduced to resolve this problem and to infuse into the FL a capacity for

self-learning. As the actual CM problems are always complex and uncertain due to the changing nature of the construction

industry , FNN has been widely used in CM.
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GA is a stochastic search approach inspired by the natural evolution process, which involves crossover, mutation, and

survival fitness evaluation. It is widely used to identify parameter values for ANN models to solve search and optimization

problems. GA helps improve the convergence speed, and its mutation mechanism avoids confinement to locally optimal

solutions . In addition, the complementary combination of ANN, GA, and FL can maximize their respective merits .

When dealing with CM problems with complex, uncertain, and subjective characteristics such as dynamic project success

prediction and subcontractor performance evaluation, FL is used to deal with uncertainty and approximate inference, while

ANN is employed in fuzzy input-output mapping and GA is used for optimization.

5. Application Fields and Hot Topics on ANN in CM

Twelve application fields are identified, as shown in Table 2. Cost is the most common application field of ANN (23.21%),

followed by performance (16.07%) and safety (11.60%).

Table 2. 11 application fields and 31 specific topics on ANN in CM.

Code Application Fields Freq./
Percentage Specific Topics Freq. Percentage

1 Cost 26
23.21%

Project cost estimation 13 11.61%

Materials prices prediction 5 4.46%

Bid price prediction 3 2.68%

Forecasting construction cost index 2 1.79%

Usage and service cost estimation 2 1.79%

Maintenance cost of equipment prediction 1 0.89%

2 Performance 18
16.07%

Corporate performance evaluation 5 4.46%

Project performance evaluation 11 9.82%

Industry performance evaluation 2 1.79%

3 Safety 13
11.61%

Worker safety behavior assessment 10 8.93%

Accident analysis for construction safety 2 1.79%

Safety climate prediction 1 0.89%

4 Quality 9
8.04%

Health monitoring of construction structure 6 5.36%

Construction stability testing 3 2.68%

5 Resource 9
8.04%

Mechanical equipment management 3 2.68%

Material management 2 1.79%

Fund management 2 1.79%

Patent technology management 1 0.89%

Human resources management 1 0.89%

6 Risk 7
6.25%

Optimal risk allocation in projects 3 2.68%

Multi-project resource conflict risk prediction 3 2.68%

Prediction of financial contingency 1 0.89%

7 Contract 6
5.36%

Project dispute prediction and resolution 3 2.68%

Prediction of project claim 3 2.68%

8 Schedule 6
5.36%

Project duration and time estimation 4 3.57%

S-curve prediction, auxiliary schedule control 2 1.79%

9 Procurement 5/4.46% Contractor prequalification and selection 5 4.46%
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Code Application Fields Freq./
Percentage Specific Topics Freq. Percentage

10 Environment and sustainability 4
3.57%

Energy consumption evaluation 3 2.68%

Environment assessment 1 0.89%

11 Other 9
8.04%

Model or system development 7 6.25%

Trend forecast 2 1.79%

Cost is the main criterion for project feasibility study and early project decision-making. Cost overruns can lead to project

cancellations . The highest degree of attention (23.21%) demonstrates that ANN has made progress in solving

traditional cost management problems. Performance is critical to construction . A total of 16.07% of studies focused on

performance measurement and improvement, which is the second hottest topic after cost. According to Ayhan and

Tokdemir , more than 1.3 million people suffer from occupational accidents in the construction industry annually.

Although safety management systems have been introduced in recent decades, occupational safety is still poor . Table
2 (11.60%) indicates that safety is a major concern in the construction industry. With the application of information and

sensor technology, the availability of an extensive training dataset makes ANN a promising approach in construction

safety management . In addition to the above three fields, quality and resources also received significant attention, and

both accounted for 8.04%. All application fields and specific topics are shown in Table 2.

Upon further analysis, 31 specific topics about ANN in CM can be extracted from the above 11 fields. Table 2 shows all

ANN topics in CM in the selected articles and the percentage of articles on each topic. It implies that cost estimation is the

most widely discussed topic (11.61%), followed by project performance evaluation (9.82%) and worker safety behavior

assessment (8.93%).

For construction cost estimation, ANN is a representative method for early construction cost estimation by identifying cost

influencing factors and establishing a prediction model based on historical data . Juszczyk, Zima, and Lelek 

presented an original approach of building construction cost predictive models based on ensembles of some MLPNNs.

Rafiei and Adeli  used advanced machine learning concepts to create innovative construction cost estimation models,

including an unsupervised deep Boltzmann machine learning approach and a soft-max layer three-layer BPNN. Some

studies compared multiple models to find the best one, for example, comparing ANN with multiple regression analysis 

and comparing different types of ANN . ANN is recognized as one of the most common AI techniques for parametric

cost modeling, so determining model parameters is the key stage of model development . The selected literature has

been surveyed to identify the drivers in the cost field, and Table 3 presents important variables in main topics.

Table 3. Important variables in main cost field.

Research Topics Input Variable Description References Variable
Ranking

Predicting
construction cost

Total construction area Above and below ground 1

number of floors Above and below ground, building height 2

project locality Project location, location index 3

Facility Interior decoration, electromechanical
infrastructure 4

Market conditions Price at the beginning of the project, economic
variables and indexes 5

Site conditions Topography, ground conditions, soil condition 6

Forecasting
index/price

Corresponding data in
previous

Material prices in the previous five days, price
index of the last two quarters, etc. 1

Macroeconomic
indicators

CPI, PPI, unemployment rate, GDP, foreign
reserves, lending rate, etc. 2

The application of ANN in project performance evaluation consists of project success evaluation and project productivity

evaluation. Cheng et al.  developed and applied EFHNN to evaluate project success by fusing hybrid neural network,

FL and GA. For evaluation of project productivity, ANN is mainly used for construction operations and the prediction of

construction worker productivity. Han et al.  combined simulation and an ANN technique to produce more reliable
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prediction results for earthworks productivity. To improve the predictive performance of labor productivity, Heravi and

Eslamdoost  proposed using Bayesian regularization to optimize BPNN. The performance of FFNN was compared with

RBFNN in modeling the productivity of masonry crews by Gerek et al. .

ANN applications in worker safety behavior assessment include the fall prevention inspection for working at a height,

unsafe behavior, and posture detection. High-altitude fall accidents are the main cause of fatalities on construction sites.

Zhang et al.  proposed using a smartphone as a data collection tool to detect and identify near-miss falls based on

ANN. This method helps to identify hazardous elements and vulnerable workers. In terms of unsafe behavior and posture

detection, Patel and Jha  used ANN to predict employees’ safe work behaviors and identified the main influencing

factors of safe behaviors. Yi et al.  presented an early warning system as a surveillance method for working in hot and

humid environments, safeguarding frontline workers’ health and safety.

References

1. You, Z.; Wu, C. A framework for data-driven informatization of the construction company. Adv. Eng. Inform. 2019, 39,
269–277.

2. Busta, H. KPMG Report: Construction Industry Slow to Adopt New Technology. 2016. Available online:
Constructiondive.com (accessed on 15 January 2021).

3. Manyika, J.; Lund, S.; Bughin, J.; Woetzel, J.; Stamenov, K.; Dhingra, D. Digital Globalization: The New Era of Global
Flows; DhingraMcKinsey & Company: New York, NY, USA, 2016.

4. Deng, H.; Hong, H.; Luo, D.H.; Deng, Y.C.; Su, C. Automatic Indoor Construction Process Monitoring for Tiles Based on
BIM and Computer Vision. J. Constr. Eng. Manag. 2020, 146, 04019095.

5. Yx, A.; Ying, Z.B.; Psc, D.; Ld, B. Machine learning in construction: From shallow to deep learning. Dev. Built Environ.
2021, 6, 100045.

6. Sun, H.; Burton, H.; Huang, H. Machine Learning Applications for Building Structural Design and Performance
Assessment: State-of-the-Art Review. J. Build. Eng. 2020, 33, 101816.

7. Shehadeh, A.; Alshboul, O.; Al Mamlook, R.E.; Hamedat, O. Machine learning models for predicting the residual value
of heavy construction equipment: An evaluation of modified decision tree, LightGBM, and XGBoost regression. Autom.
Constr. 2021, 129, 103827.

8. Ruggieri, S.; Cardellicchio, A.; Leggieri, V.; Uva, G. Machine-learning based vulnerability analysis of existing buildings.
Autom. Constr. 2021, 132, 103936.

9. Lesniak, A.; Juszczyk, M. Prediction of site overhead costs with the use of artificial neural network based model. Arch.
Civ. Mech. Eng. 2018, 18, 973–982.

10. Patel, D.A.; Jha, K.N. Neural Network Model for the Prediction of Safe Work Behavior in Construction Projects. J.
Constr. Eng. Manag. 2015, 141, 04014066.

11. Chao, L.C.; Skibniewski, M.J. Neural-Network Method of Estimating Construction Technology Acceptability. J. Constr.
Eng. Manag.-ASCE 1995, 121, 130–142.

12. Juszczyk, M.; Zima, K.; Lelek, W. Forecasting of sports fields construction costs aided by ensembles of neural
networks. J. Civ. Eng. Manag. 2019, 25, 715–729.

13. Turkan, Y.; Hong, J.; Laflamme, S.; Puri, N. Adaptive wavelet neural network for terrestrial laser scanner-based crack
detection. Autom. Constr. 2018, 94, 191–202.

14. Darko, A.; Chan, A.P.C.; Adabre, M.A.; Edwards, D.J.; Hosseini, M.R.; Ameyaw, E.E. Artificial intelligence in the AEC
industry: Scientometric analysis and visualization of research activities. Autom. Constr. 2020, 112.

15. Sony, S.; Dunphy, K.; Sadhu, A.; Capretz, M. A systematic review of convolutional neural network-based structural
condition assessment techniques. Eng. Struct. 2021, 226.

16. Pan, Y.; Zhang, L.M. Roles of artificial intelligence in construction engineering and management: A critical review and
future trends. Autom. Constr. 2021, 122, 41–52.

17. Adeli, H. Neural networks in civil engineering: 1989–2000. Comput.-Aided. Civ. Inf. 2001, 16, 126–142.

18. Yan, H.; Yang, N.; Peng, Y.; Ren, Y.T. Data mining in the construction industry: Present status, opportunities, and future
trends. Autom. Constr. 2020, 119, 103331.

[53]

[54]

[55]

[10]

[56]



19. Bilal, M.; Oyedele, L.O.; Qadir, J.; Munir, K.; Ajayi, S.O.; Akinade, O.O.; Owolabi, H.A.; Alaka, H.A.; Pasha, M. Big Data
in the construction industry: A review of present status, opportunities, and future trends. Adv. Eng. Inf. 2016, 30, 500–
521.

20. Wilmot, C.G.; Mei, B. Neural network modeling of highway construction costs. J. Constr. Eng. Manag. 2005, 131, 765–
771.

21. Petroutsatou, K.; Georgopoulos, E.; Lambropoulos, S.; Pantouvakis, J.P. Early Cost Estimating of Road Tunnel
Construction Using Neural Networks. J. Constr. Eng. Manag. 2012, 138, 679–687.

22. Chaphalkar, N.B.; Iyer, K.C.; Patil, S.K. Prediction of outcome of construction dispute claims using multilayer
perceptron neural network model. Int. J. Proj. Manag. 2015, 33, 1827–1835.

23. Cheng, J.C.P.; Wang, M.Z. Automated detection of sewer pipe defects in closed-circuit television images using deep
learning techniques. Autom. Constr. 2018, 95, 155–171.

24. Gu, J.; Wang, Z.; Kuen, J.; Ma, L.; Shahroudy, A.; Shuai, B.; Liu, T.; Wang, X.; Wang, G.; Cai, J.; et al. Recent
advances in convolutional neural networks. Pattern Recogn. 2018, 77, 354–377.

25. Patel, D.A.; Jha, K.N. Neural Network Approach for Safety Climate Prediction. J. Manag. Eng. 2015, 31.

26. Lhee, S.C.; Issa, R.R.A.; Flood, I. Prediction of Financial Contingency for Asphalt Resurfacing Projects using Artificial
Neural Networks. J. Constr. Eng. Manag. Asce 2012, 138, 22–30.

27. Costantino, F.; Di Gravio, G.; Nonino, F. Project selection in project portfolio management: An artificial neural network
model based on critical success factors. Int. J. Proj. Manag. 2015, 33, 1744–1754.

28. Meijer, D.; Scholten, L.; Clemens, F.; Knobbe, A. A defect classification methodology for sewer image sets with
convolutional neural networks. Autom. Constr. 2019, 104, 281–298.

29. Cheng, M.-Y.; Tsai, H.-C.; Liu, C.-L. Artificial intelligence approaches to achieve strategic control over project cash
flows. Autom. Constr. 2009, 18, 386–393.

30. Wang, W.; Chen, J.; Hong, T. Occupancy prediction through machine learning and data fusion of environmental
sensing and Wi-Fi sensing in buildings. Autom. Constr. 2018, 94, 233–243.

31. Zadeh, L.A. Fuzzy Sets. Inf. Control 1965, 8, 338–353.

32. Fayek, A.R. Fuzzy Logic and Fuzzy Hybrid Techniques for Construction Engineering and Management. J. Constr. Eng.
Manag. 2020, 146, 04020064.

33. Ko, C.H.; Cheng, M.Y. Dynamic prediction of project success using artificial intelligence. J. Constr. Eng. Manag. 2007,
133, 316–324.

34. Chou, J.S.; Lin, C.W.; Pham, A.D.; Shao, J.Y. Optimized artificial intelligence models for predicting project award price.
Autom. Constr. 2015, 54, 106–115.

35. Cheng, M.Y.; Tsai, H.C.; Hsieh, W.S. Web-based conceptual cost estimates for construction projects using Evolutionary
Fuzzy Neural Inference Model. Autom. Constr. 2009, 18, 164–172.

36. Zhu, W.; Feng, W.; Zhou, Y. The Application of Genetic Fuzzy Neural Network in Project Cost Estimate. In Proceedings
of the International Conference on e-Product e-Service and e-Entertainment, Henan, China, 7–9 November 2010; pp.
1–4.

37. Assaad, R.; El-Adaway, I.H.; Abotaleb, I.S. Predicting Project Performance in the Construction Industry. J. Constr. Eng.
Manag. 2020, 146.

38. Ayhan, B.U.; Tokdemir, O.B. Accident Analysis for Construction Safety Using Latent Class Clustering and Artificial
Neural Networks. J. Constr. Eng. Manag. 2020, 146, 14.

39. Kolar, Z.; Chen, H.N.; Luo, X.W. Transfer learning and deep convolutional neural networks for safety guardrail detection
in 2D images. Autom. Constr. 2018, 89, 58–70.

40. Rafiei, M.H.; Adeli, H. Novel Machine-Learning Model for Estimating Construction Costs Considering Economic
Variables and Indexes. J. Constr. Eng. Manag. 2018, 144, 04018106.

41. ElMousalami, H.H.; Elyamany, A.H.; Ibrahim, A.H. Predicting Conceptual Cost for Field Canal Improvement Projects. J.
Constr. Eng. Manag. 2018, 144, 04018102.

42. Bayram, S.; Ocal, M.E.; Laptali Oral, E.; Atis, C.D. Comparison of Multi Layer Perceptron (Mlp) and Radial Basis
Function (Rbf) for Construction Cost Estimation: The Case of Turkey. J. Civ. Eng. Manag. 2016, 22, 480–490.

43. Elmousalami, H.H. Artificial Intelligence and Parametric Construction Cost Estimate Modeling: State-of-the-Art Review.
J. Constr. Eng. Manag. 2020, 146, 03119008.



44. Dursun, O.; Stoy, C. Conceptual Estimation of Construction Costs Using the Multistep Ahead Approach. J. Constr. Eng.
Manag. 2016, 142, 04016038.

45. Hyari, K.H.; Al-Daraiseh, A.; El-Mashaleh, M. Conceptual Cost Estimation Model for Engineering Services in Public
Construction Projects. J. Manag. Eng. 2016, 32, 04015021.

46. Baalousha, Y.; Celik, T. Integrated web-based data warehouse and artificial neural networks system for unit price
analysis with inflation adjustment. J. Civ. Eng. Manag. 2011, 17, 157–167.

47. Marzouk, M.; Amin, A. Predicting Construction Materials Prices Using Fuzzy Logic and Neural Networks. J. Constr.
Eng. Manag. 2013, 139, 1190–1198.

48. Meng, J.; Yan, J.; Xue, B.; Fu, J.; He, N. Reducing construction material cost by optimizing buy-in decision that
accounts the flexibility of non-critical activities. Eng. Constr. Archit. Manag. 2018, 25, 1092–1108.

49. Cao, M.-T.; Cheng, M.-Y.; Wu, Y.-W. Hybrid Computational Model for Forecasting Taiwan Construction Cost Index. J.
Constr. Eng. Manag. 2015, 141, 04014089.

50. Shiha, A.; Dorra, E.M.; Nassar, K. Neural Networks Model for Prediction of Construction Material Prices in Egypt Using
Macroeconomic Indicators. J. Constr. Eng. Manag. 2020, 146, 04020010.

51. Cheng, M.Y.; Tsai, H.C.; Sudjono, E. Evolutionary fuzzy hybrid neural network for dynamic project success assessment
in construction industry. Autom. Constr. 2012, 21, 46–51.

52. Han, S.; Hong, T.; Kim, G.; Lee, S. Technical Comparisons of Simulation-Based Productivity Prediction Methodologies
by Means of Estimation Tools Focusing on Conventional Earthmovings. J. Civ. Eng. Manag. 2011, 17, 265–277.

53. Heravi, G.; Eslamdoost, E. Applying Artificial Neural Networks for Measuring and Predicting Construction-Labor
Productivity. J. Constr. Eng. Manag. 2015, 141, 04015032.

54. Gerek, I.H.; Erdis, E.; Mistikoglu, G.; Usmen, M. Modelling masonry crew productivity using two artificial neural network
techniques. J. Civ. Eng. Manag. 2015, 21, 231–238.

55. Zhang, M.Y.; Cao, T.Z.; Zhao, X.F. Using Smartphones to Detect and Identify Construction Workers’ Near-Miss Falls
Based on ANN. J. Constr. Eng. Manag. 2019, 145, 14.

56. Yi; Chan, A.P.C.; Wang, X.Y.; Wang, J. Development of an early-warning system for site work in hot and humid
environments: A case study. Autom. Constr. 2016, 62, 101–113.

Retrieved from https://encyclopedia.pub/entry/history/show/36540


