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Abstract

:

A traditional structural analysis of scaffolding structures requires loading conditions that are only possible during design, but not in operation. Thus, this study proposes a method that can be used during operation to make an automated safety prediction for scaffolds. It implements a divide-and-conquer technique with deep learning. As a test scaffolding, a four-bay, three-story scaffold model was used. Analysis of the model led to 1411 unique safety cases for the model. To apply deep learning, a test simulation generated 1,540,000 datasets for pre-training, and an additional 141,100 datasets for testing purposes. The cases were then sub-divided into 18 categories based on failure modes at both global and local levels, along with a combination of member failures. Accordingly, the divide-and-conquer technique was applied to the 18 categories, each of which were pre-trained by a neural network. For the test datasets, the overall accuracy was 99%. The prediction model showed that 82.78% of the 1411 safety cases showed 100% accuracy for the test datasets, which contributed to the high accuracy. In addition, the higher values of precision, recall, and F1 score for the majority of the safety cases indicate good performance of the model, and a significant improvement compared with past research conducted on simpler cases. Specifically, the method demonstrated improved performance with respect to accuracy and the number of classifications. Thus, the results suggest that the methodology could be reliably applied for the safety assessment of scaffolding systems that are more complex than systems tested in past studies. Furthermore, the implemented methodology can easily be replicated for other classification problems.
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1. Introduction


1.1. Background


The majority of construction sites use scaffolds as temporary structures to support workers and construction materials. Scaffolds possess various safety hazards, such as workers falling from a height, being struck by equipment or materials, or being electrocuted, as well as the scaffold collapsing [1]. These potential hazards endanger the lives of 65% of all construction laborers working on scaffolds in the United States [2]. Despite regular safety inspections and safety training at construction sites, many laborers are exposed to fatal accidents every year [2]. To reduce this safety problem, researchers have investigated various methods to improve worker safety in the early stages of construction through the automation of scaffolding structure design [3,4], as well as planning [5,6] and the application of building information modeling [5,7,8,9]. Although these studies have advanced steps forward in automated safety planning and design, they are not applicable during the construction stage.



To assist in the monitoring of safety problems during construction, a few research studies have sought real-time monitoring approaches [10,11,12,13]. Xue et al. [10] proposed the use of radio frequency identification (RFID), together with scaffold safety management, in order to warn safety managers in real-time. Yuan et al. [11] developed a cyber–physical system, which integrates the temporary structure with its virtual model in order to automate potential hazard detection. Jung et al. [12] explored the capability of sequential image processing to automate the possible failure detection of temporary structures. Cho et al. [13] demonstrated the applicability of machine learning (ML) to automate the classification of scaffold safety conditions, using the strain measurements of the scaffold members. However, these efforts to automate scaffold safety assessments are based on a limited number of safety conditions, which are significantly simpler with respect to the mode of failure corresponding to scaffolds used at most construction sites [11,12,13]. As past investigations have identified hazards by checking against threshold values [11], or accounting for only a small number of failure cases [11,12,13] associated with structural configuration, there may be difficulty in establishing their applicability for generic, temporary structures and addressing their potential risks.



On actual construction sites, small scaffolds are only used for minor site activities, and most sites use multi-bay and multi-story scaffolds. Such structures typically involve many modes of potential failure, and the identification of local member failures, which increase significantly in number, becomes critical in properly identifying the potential failures of the system in advance, in order to take precautionary measures. Despite the importance of identifying such failures, no research has adequately covered this challenge, except for the authors’ previous study [14], which introduced the need to consider such local-level failures, but only considered individual member, local-level failures when classifying the scaffold failure cases. Accordingly, the authors performed a simple classification of 23 failure modes for a scaffold, and investigated the effect of modifying the number of strain features on the prediction accuracy of failure cases. Unfortunately, the identification of all such failures entails complexity in analysis, and inevitably results in a lower prediction accuracy if the same approaches that were employed with small scaffolds are used. This challenge can be further exacerbated, resulting in additional modes of failure, as a result of construction activities (e.g., changes with work location, positions of equipment and workers, placement of construction materials, etc.), which continuously change throughout the construction period. Without confirming the capability of the automated approaches on such complex cases, past research cannot be translated into practice. Therefore, there is a need for an efficient safety assessment system that is capable of classifying many modes of failure cases during the safety assessment.



Cho et al. [13] demonstrated real-time integration of an ML technique—a support vector machine (SVM)—with a real-time strain sensing system, at 97.66% accuracy. This prototype demonstration presented the possibility of ML and a real-time sensing application for the realization of an automated safety monitoring system. Despite its achievement with high accuracy, this study suffered a few challenges: (1) a small number of safety categories, as the prototype study considered only four classifications; (2) redundant classifications; and (3) the inability to make predictions in some cases. Based on these concerns, it is reasonable to expect that an SVM will encounter more unreliable cases with the large type of safety classification that this study attempts to explore. To overcome this problem, there is a clear need for a more in-depth investigation of advanced algorithmic approaches, as well as the relationship between the safety conditions and strain measurement data.




1.2. Application of Deep Learning


The consideration of local or global level failures, along with the combination of member failure modes, depends on the level of detail required during the safety assessment. As one accounts for local level failures, as well as the combination of member failure modes, there is a natural increase in the number of failure cases. This increase poses a difficulty in the precise monitoring of scaffolding safety conditions. In the aspect of ML classification, the challenge associated with this difficulty is the required number of classifications. Scaffold safety prediction with ML requires a large database for training and testing purposes. Deep learning, because of its flexibility with large databases and its capability to handle a large number of classifications, has received significant attention from construction researchers [15,16,17,18,19,20,21,22,23,24,25,26]. For example, with safety applications, researchers have used deep learning to identify non-certified workers on construction sites, in order to prevent safety hazards [15]; to identify workers, equipment, and materials [16,17,18]; to identify unsafe worker behavior, in order to prevent accidents [19,20,21,22]; and to detect guardrails [23] and cracks [24,25,26]. However, all of these studies are related to computer vision, while the authors in this study intend to automate the prediction of scaffold safety conditions using numerical strain measurement values. Therefore, this research uses a deep learning technique, a neural network (NN), as a part of its methodological development.




1.3. Divide-and-Conquer Method


One of the problems associated with large-scale classification is the large number of classes it includes [27]. Classification of a large number of classes operates well with enough features and datasets. However, it is inefficient in a practical sense to collect sensor data from many different points of a scaffold, as it would be very expensive to attach many sensors to a temporary structure every time it is built for construction activities. This inevitably results in a limited number of features, which the authors have attempted to overcome by applying the divide-and-conquer technique. This technique has demonstrated performance improvement in multi-class classification, with both NN and SVM classifications [27,28,29].



The divide-and-conquer technique utilizes a hierarchical structure to solve problems involving large datasets with a large number of classes. Generally, this technique is widely used to solve speech and text recognition problems. Fritsch and Finke [28] demonstrated the implementation of this technique in speech recognition, which requires the classification of thousands of classes with a large training dataset. The implementation of the divide-and-conquer method involves three major steps: breaking the main (large) problem into small problem sets; training the classifiers for the small problem sets; and finally, combining the classifiers to solve the main problem. This technique will be particularly useful for the current research problem, because it allows the authors to effectively use a limited number of features on smaller problem sets. Because of the aforementioned practical limitations of strain data measurements, this technique becomes key in turning a difficult problem, with large classifications that have a small number of features, into a relatively easier problem by including smaller classifications with the same features. Therefore, this study explores the divide-and-conquer approach to overcome the challenge of predicting a large number of failure cases with limited strain features.





2. Research Objective and Scope


The objectives of this research are to improve scaffold safety monitoring methods and overcome limitations presented in past studies—mainly, the classification of a small number of failure cases for small scaffolds [11,12,13]. To accomplish these, this research designs a method to detect both the global and local member failures of scaffolding structures, as well as complex combinations of member failures.



The scope of this research is bound with 1,540,000 computer-simulated datasets, 1411 identified failure modes, and a hybrid analytical methodology. The presented research is built based on the scientific evidence of a previous study [13], which is that real-time strain data can be fed into an ML-based analysis. However, the prior research [13] focused on the capability of real-time integration on relatively simple systems (e.g., only four failure modes). Therefore, the scope of this research is to explore a method that can increase the analysis capability of such a system for a larger number of analyses; the authors present 1411 failure modes to detect, while past studies have addressed fewer.



To solve this large-scale classification problem, this research will focus on exploring the capability of a divide-and-conquer technique combined with deep learning, as demonstrated by other studies [27,28,29], through computer simulation. The authors consider only 20 sensor data points, one per column, for the tested scaffolding system; having more sensors will consequently improve the accuracy of the system by nature, but it may become impractical to use many sensors on temporary structures at construction sites. Twenty is a reasonable number of sensors to deploy, especially for the size of the studied scaffold. The proposed methodology is explored particularly in order to contribute to improvement in automating the prediction of scaffolding conditions. Finally, this research will produce an output that can serve to identify unsafe scaffold sections in an active construction zone based on strain measurements.




3. Materials and Methods


The general approach of this study was to apply a divide-and-conquer technique with deep learning to automate scaffold safety predictions from numerous safety cases. The prediction is based on the strain measurements of individual scaffold members. Figure 1 illustrates the steps in the proposed methodology. The authors first identify the problem in a number of categories for quantification purposes. Then, to alleviate the problem associated with a large number of classifications based on a limited number of features, a divide-and-conquer technique is applied. This technique subdivides the entire set of problems into subsets, which are grouped into similarity-based categories. NN models are then applied, and their training parameters are obtained at each level of classification. These pre-trained NN models are compiled together to form an integrated NN model for follow-up prediction. The following sections explain the approach in detail.



3.1. Identification of Scaffold Safety Conditions


For safe working conditions, a scaffold must be structurally safe; however, there are many factors that make scaffolds unsafe. Based on the mode of scaffold failure, this study categorized the unsafe cases into over-turning, uneven settlement, and overloading cases [13]. Furthermore, in order to ensure the inclusion of all potential failure cases, both local and global failures, as well as a combination of different member failure cases, were considered. Therefore, the three unsafe modes of scaffold failure could be further classified into more specific failure modes, which converts the problem into a fine scale problem with significant complexity in classification. The over-turning failure of a scaffold is a global failure, resulting from sidewise movement; therefore, over-turning failure is sub-classified into failure in longitudinal (X) and transverse (Y) directions, based on the direction of sidewise movement. Similarly, uneven settlement and overloading failure cases may result from the local failures of the scaffold members in various combinations. Therefore, these two failure cases are sub-classified on the basis of the different numbers of column failures and their combinations during the load application. For example, a scaffold with n number of vertical sections may have overloading failure due to overloading on a single vertical section, or a combination of two to n vertical sections at a time.



To visualize all such possible failure cases, the authors selected a four-bay, three-story scaffold model for this study. In the model, the pipes were modeled using beam-column elements, and the planks were modelled using shell elements. The model was designed using a commercial package called COMSOL Multi-physics [30], with a reference to a past study by Cho et al. [4] that validated a scaffold modeling technique to reflect actual structural behavior. The model design followed the Occupational Safety and Health Administration (OSHA) scaffold specifications [31]. Figure 2 illustrates the scaffold model, in which each bay measures 2.134 m (7.00 ft) × 1.626 m (5.33 ft), while the height of each floor is 1.930 m (6.33 ft). The figure also shows the locations of the strain sensing data points on each of the vertical sections. There are 20 strain measurement points on the scaffold model, one each at the top and bottom vertical members, to record the members’ strain behaviors on various loading cases. For this scaffold model, the authors identified a total of 1411 different safety conditions.



The model is structurally analyzed to create a database of strain measurements at the allocated points for various loadings. The authors applied a number of random load combinations, as shown in Table 1, to generate varying loading conditions for realistic training data preparation. For each of the 1411 cases, COMSOL was used to generate 1000 datasets to be used for ML. Each dataset was comprised of 20 strain measurements corresponding to the strain measurement points, as shown in Table 2. As such, the database was generated with 1,411,000 total datasets, which is equivalent to 1000 datasets for each of the 1411 safety classifications. This database was used for training and testing the pre-trained NN models, in order to obtain the required pre-trained NN model parameters. Similarly, a new database consisting of 141,100 datasets (i.e., 100 datasets for each of the safety classifications) was generated for testing the performance of the integrated NN model.




3.2. Divide-and-Conquer Technique


For divide-and-conquer technique implementation, the first step is to simplify the multi-class classification problem by dividing it into smaller problems. A basis for the division of a larger problem into a hierarchical classification is to utilize prior knowledge about the existing problem [28]. In this case, the authors implemented their prior knowledge on different modes of scaffold failures to obtain sub-classifications. First, the overall problem was classified into safe and unsafe cases, then the unsafe cases were classified into three modes of failure: over-turning, uneven settlement, and overloading. These were then further categorized, considering local and global failures modes, as well as combinations of different member failures. Overturning failure was divided into two sub-cases. Depending on the number of columns that failed, the unevenly settled and overloading failures were divided into four and ten classes, respectively. Considering combinations of member failures, these classes were further divided into 385 and 1023 sub-cases, respectively, for the unevenly settled and overloading scenarios. Thus, this approach resulted in four different levels of classification, as illustrated in Figure 3, in which the safe condition is identified in Level I, and unsafe categories are identified in Levels III and IV. All safety conditions are numerically indexed from 1 to 1411, where Index 1 refers to a safe scaffold and Index 1411 refers to an overloaded scaffold case, with a failure of ten columns at a time.



Following the hierarchical classification model, the final model resulting from this approach to safety prediction follows the process shown in Figure 4. For a set of input strain measurement datasets, this prediction model gives a prediction index value from 1 to 1411, which indicates a specific safety case.




3.3. Neural Networks


After the hierarchical classification of safety conditions under the divide-and-conquer technique, the next step is to form a deep neural network. For each level of classification discussed in the previous section, individual NN models were trained. These NN models are referred to as pre-trained NN models in this paper. There were a total of 18 pre-trained NN models (i.e., one in level I, one in level II, three in level III, and 13 in level IV), which were combined to determine a prediction model. The performances of the NN models were evaluated by computing accuracy, precision, recall, and F1 score values for each of the predicted classes, using the following equations:


  Accuracy =   TP + TN   TP + TN + FP + FN    



(1)






  Precision =   TP   TP + FP    



(2)






  Recall =   TP   TP + FN    



(3)






  F 1    Score  =   2  ∗ Recall ∗ Precision    Recall + Precision    



(4)




where true positive (TP) represents the instances in which the scaffold safety cases are correctly predicted as true, false positive (FP) represents the instances in which the scaffold safety cases are incorrectly predicted as true, true negative (TN) represents the instances in which the scaffold safety cases are correctly predicted as false, and false negative (FN) represents the instances in which the scaffold safety cases are incorrectly predicted as false.



The following sections explain the formation of the deep neural network in detail.



3.3.1. Pre-Trained Neural Networks


A neural network typically consists of three types of layers, the first being the input layer and the last being the output layer. All layers in between are called hidden layers, and there is a minimum of one hidden layer in any network. A neural network with one hidden layer is referred to as a shallow network [32], while if the number of hidden layers is more than one, the network is referred to as a deep NN. A deep NN architecture is shown in Figure 5. The number of nodes (neurons) on the input layer depends on the number of input features used to train the NN. In this study, the number of nodes on the input layer is 20; however, the number of nodes on the output layer depends on the number of expected outputs, which is equal to the number of cases in a classification problem. The number of neurons in the hidden layer depends on the complexity of the convergence of input features [33], which means that the number of neurons increases with the complexity of the problem. Furthermore, the complexity of the convergence of input features results in additional hidden layers. An optimum number of hidden layers and nodes in each layer in the NN results in maximum prediction accuracy. Figure 5 illustrates an example of a deep NN architecture, with 20 input features and two classification cases. Accordingly, the input and output layers have 20 and 2 neurons, respectively. There are two hidden layers, with six neurons on the first and four neurons on the second. In NNs, all of the neurons in the consecutive layers are interconnected.



The design of an NN architecture is the most critical step in modeling an NN, as well as the most time-consuming, due to the requirement of multiple trials to determine the optimum number of hidden layers and nodes in each layer. The NN is continuously trained with the different number of hidden layers, consisting of different numbers of nodes, using 80% of the datasets. The remaining 20% of the datasets are used for validation purposes. To ensure better performance of the trained models, stratified five-fold validation was implemented [34], along with an early stopping technique to avoid overfitting of the trained models [35]. The process is continued with different numbers of nodes and hidden layers until the desired level of performance is achieved. For each of the pre-trained models, prediction accuracies are measured for each validation set, and the average of five validation accuracies, along with their standard deviations, are used to evaluate the trained NN models’ performance. On the basis of the precision and recall values computed for each class, it is determined whether or not there is a requirement to update the NN architecture for a particular model. For each of the pre-trained NN models, the authors selected the parameters with maximum average validation accuracy and minimum standard deviations.




3.3.2. Prediction Model


The prediction model is obtained by combining all pre-trained models in sequential order, so that the model performs a stepwise analysis of the test datasets. A new database, which is different from the database used for the training and testing of the pre-trained NN models, is used to test the prediction model. The pre-trained models are loaded first, and then these models analyze all datasets from the new database to predict the safety conditions. Following these steps, the combined NN model is capable of analyzing the strain measurement datasets to predict the model scaffolds’ safety conditions out of 1411 safety cases. The performance of the prediction model was evaluated by computing precision, recall, and F1 score values for each predicted class using Equations (2)–(4), respectively.






4. Results


4.1. Pre-Training of Neural Network Models


For pre-training the NN models, initially 1000 strain measurement datasets were used for each of the 1411 classes (total 1,411,000). While 80% of the datasets were used for training, the remaining 20% of datasets were used for testing purposes. For the first NN model with two classification cases (level I), a prediction accuracy of approximately 99% was observed. Despite a high accuracy, this may not be highly meaningful because the data proportion was unbalanced. As a result of an unbalanced proportion of datasets while implementing an NN, as discussed by Chawla et al. [36], a challenge of the incorrect classification of safe cases as unsafe was observed. In level I, the ratio of safe and unsafe categories was 1:1410; similarly, the ratio of the original number of classes on the three categories in level II was 2:385:1023.



To overcome the minority class category misclassification, the authors increased the minority class category datasets [36] to reduce their negative impact on prediction accuracy. Additional datasets were generated to form a total of 60,000 datasets for the safe condition. Similarly, for the overturning condition in the X- and Y-directions (in level II), the authors used a total of 36,000 datasets each. For the remainder of the classes, 1000 datasets were used for each. Therefore, the new database was comprised of 1,540,000 strain measurement datasets. With the increased number of datasets for the minority class categories, the proportion of datasets in the first level of classification changed to 1:24.7, and for the second level of classification, the proportion was 1:5.3:14.2. With a new set of data, the NN models were able to make predictions for the test datasets with a minimum number of misclassifications. For the first level of classification, the entire database was used for training and testing purposes. However, for other levels of classification, the datasets corresponding to classification cases were only used during the pre-training of the NNs. Table 3 presents a summary of the NN model architecture, along with the standard deviations of the stratified five-fold validation accuracies and the average prediction accuracies for each pre-trained NN model.




4.2. Testing of Prediction Model


The authors used a separate strain database, consisting of 100 datasets for each of the 1411 cases, in order to test the prediction accuracy of the combined NN model. The database for testing had 141,100 strain measurement datasets (1411 cases × 100 datasets/case), each with 20 features, along with the corresponding indices for the cases. The result produced 1049 incorrect classifications (less than 1%) out of the 141,100 test datasets. Another positive observation was that none of the unsafe cases were misclassified as safe cases, which meant 100% accuracy at level I. The details of the classification results are presented in Table 4. Furthermore, Figure 6 shows the plots of recall and precision values for each of the safety classes, indicating higher values for most of the classified classes, with a few cases that are scored relatively low; the minimum precision is 0.62 and the minimum recall is 0.45. Similarly, Figure 7 is a plot of F1 scores versus the number of safety cases, which shows that the majority of classifications (i.e., 1272 out of 1411 classes) have F1 scores close to 1.00, with the minimum at a score of 0.58. The overall trend of higher F1 values indicates good performance of the prediction model.





5. Discussion


Initially, during the pre-training of the NN models, it was observed that highly imbalanced training data sizes (for example, 1:1410 in level I) resulted in a large number of misclassifications (i.e., incorrect classification of all safe cases into unsafe cases in level I). However, by increasing the data proportion from 1:1410 to 1:24.7, which is still an imbalanced dataset, the training results improved significantly. These results show that deep learning is powerful enough to manage such imbalanced datasets. It is also informative for discussing the proportion of misclassifications among the 1411 cases. In-depth analysis revealed that 1168 out of the 1411 cases (i.e., 82.78%) did not demonstrate any misclassifications—that is, they produced 100% accuracy. Among the remainder of the cases, only a small number of misclassifications were identified. Table 5 summarizes the number of safety cases with different numbers of misclassifications, starting from zero to more than six incorrect predictions per safety case. Most cases produced 100% accuracy; the next most accurate case produced one misclassification. Finally, there were only 32 cases (i.e., 2.27% of 1411 cases) that generated more than six incorrect classifications.



With an increase in the number of classification classes, the complexity of training an NN increases, as it requires multiple trials with multiple hidden layers, as well as a large number of neurons in each layer, until NN parameters with the desired accuracy are obtained. Thus, the training process consumes a longer time if a single network is trained to obtain a higher classification accuracy for a very large number of cases. However, the implementation of the divide-and-conquer approach with deep learning enabled the authors to work on classifying smaller groups, providing greater flexibility to control prediction model accuracy by updating the parameters for smaller NN models whenever necessary. For instance, the higher number of incorrect classifications for some safety cases, as seen in Table 5, can be minimized by updating the parameters of the pre-trained NN models corresponding to those specific safety cases with high misclassification. As such, this approach helps overcome the challenges of large-scale classifications. Thus, such a problem-solving approach would be very beneficial for other large-scale classification problem.




6. Conclusions


When evaluating the safety conditions of scaffolding systems, it is essential to consider both local and global failures, as well as the complex combination of multiple member failures. The requirement to identify various member failures in a scaffold leads to a large number of failure cases, which past studies have not properly addressed. Thus, this study attempted to incorporate all potential scaffolding system failures during safety assessment, using the strain measurements of scaffold members. For a four-bay, three-story scaffold model, the authors identified 1411 safety cases. A larger database, consisting of 1,540,000 strain datasets, each with 20 strain measurement values, was used to obtain a prediction model. In order to overcome the challenges of multi-class classification using a small number of input features, this study proposed using the divide-and-conquer technique with deep learning. This allowed for performance control of the prediction model by working with smaller groups of classes at a time (i.e., breaking down a complex problem into multiple simple problems). With this approach, the authors pre-trained 18 smaller NN models, and then combined those models to form the prediction model, which demonstrated an overall prediction accuracy of 99% for the classification of 141,100 datasets corresponding to 1411 safety cases. Among the 1411 cases, the majority of cases (i.e., 82.78%) had correct classifications for all test datasets. Despite some incorrect classifications (less than 1% of the test datasets), the higher precision, recall, and F1 score values of the prediction model indicate good performance of the prediction model.



The classification of 1411 classes, based on only 20 strain features, with such high prediction accuracy demonstrates the superiority of the proposed methodology over methods used in past scaffolding research. The divide-and-conquer approach provides the flexibility to train multiple small classification algorithms separately for different data groups, using multiple computers with low computational capacities, which reduces the computational time associated with training the deep-learning algorithm. Another benefit of using this approach is that it enables the users to improve the performance of the prediction models by updating the parameters for a smaller network, which saves a significant amount of time. Furthermore, the precise prediction results can be obtained within a fraction of a second, suggesting that the proposed methodology can be implemented reliably on an actual construction site for the real-time prediction of scaffold safety conditions, given the condition that enough data has been collected and training is completed so as to determine all of the parameters of the deep learning model in multilayers. It should be noted that this approach gives a reliable safety prediction model with the availability of a relatively small number of strain measurements. However, one drawback is the required setup and identification of the parameters of each of the smaller networks.



One of the challenges with implementation of the proposed approach lies in the initial stage of training data generation. While generating the training data, it is important to ensure that the numerical model is well designed to resemble the structural behavior of the actual structure. Without such a model, this approach cannot give a reliable prediction model, due to the lack of reliable datasets. Thus, the first requirement for the replication of this approach is to design a good model to resemble the real structure. Given the availability of training data from such a model, the methodology can be adapted for other multi-class classification problems with systems of similar complexity to the studied scaffold. Such implementation will enhance the reliability of automated safety assessment systems on construction sites. Furthermore, other construction researchers may benefit from the flexibility of working on smaller groups to solve classification problems with the divide-and-conquer technique.







Author Contributions


Conceptualization, S.S., and J.W.P.; methodology, S.S.; software, S.S.; validation, S.S.; formal analysis, S.S.; investigation, S.S. and J.W.P.; resources, J.W.P.; data curation, S.S.; writing—original draft preparation, S.S.; writing—review and editing, J.W.P.; visualization, S.S. and J.W.P.; supervision, J.W.P.; project administration, J.W.P.; funding acquisition, J.W.P. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding. The publication fees for this article were supported by the University of Nevada, Las Vegas (UNLV) University Libraries Open Article Funding.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



OSHA. Scaffolding eTool. Available online: https://www.osha.gov/SLTC/etools/scaffolding/index.html (accessed on 18 March 2018).

	



OSHA. Safety and Health Topics: Scaffolding. Available online: https://www.osha.gov/SLTC/scaffolding/construction.html (accessed on 13 July 2019).

	



Kim, K.; Teizer, J. Automatic design and planning of scaffolding systems using building information modeling. Adv. Eng. Inform. 2014, 28, 66–80. [Google Scholar] [CrossRef]

	



Cho, C.; Sakhakarmi, S.; Kim, K.; Park, J. Scaffolding Modelling for Real-Time Monitoring using a Strain Sensing Approach. In 35th International Symposium on Automation and Robotics in Construction (ISARC 2018); IAARC Publications: Berlin, Germany, 2018; pp. 48–55. [Google Scholar]

	



Feng, C.W.; Lu, S.W. Using BIM to Automate Scaffolding Planning for Risk Analysis at Construction Sites. In 34th International Symposium on Automation and Robotics in Construction (ISARC 2017); IAARC Publications: Taipei, Taiwan, 2017; pp. 610–617. [Google Scholar]

	



Wu, K.; De Soto, B.G.; Zhang, F.; Adey, B.T. Automatic Generation of the Consumption for Temporary Construction Structures Using BIM: Applications to Formwork. In 35th International Symposium on Automation and Robotics in Construction (ISARC 2018); IAARC Publications: Berlin, Germany, 2018; pp. 72–79. [Google Scholar]

	



Collins, R.; Zhang, S.; Kim, K.; Teizer, J. Integration of Safety Risk Factors in BIM for Scaffolding Construction. In International Conference on Computing in Civil and Building Engineering; Issa, R.R., Flood, I., Eds.; American Society of Civil Engineers: Orlando, FL, USA, 2014; pp. 307–314. [Google Scholar]

	



Kim, K.; Cho, Y.; Zhang, S. Integrating work sequences and temporary structures into safety planning: Automated scaffolding-related safety hazard identification and prevention in BIM. Autom. Constr. 2016, 70, 128–142. [Google Scholar] [CrossRef]

	



Kim, K.; Cho, Y.K.; Kwak, Y.H. BIM-Based Optimization of Scaffolding Plans for Safety. In Construction Research Congress 2016; American Society of Civil Engineers: San Juan, Puerto Rico, 2016; pp. 2709–2718. [Google Scholar]

	



Xue, X.; Shi, N.; Chen, X.; Wang, C.; Zhao, Q.; Luo, Y. A Framework for Real-Time Monitoring and Early Warning to Scaffold Safety at Construction Site. J. Converg. Inf. Technol. 2012, 7, 140–146. [Google Scholar] [CrossRef]

	



Yuan, X.; Anumba, C.J.; Parfitt, M.K. Cyber-physical systems for temporary structure monitoring. Autom. Constr. 2016, 66, 1–14. [Google Scholar] [CrossRef]

	



Jung, Y.; Oh, H.; Jeong, M.M. An approach to automated detection of structural failure using chronological image analysis in temporary structures. Int. J. Constr. Manag. 2018, 1–8. [Google Scholar] [CrossRef]

	



Cho, C.; Park, J.; Kim, K.; Sakhakarmi, S. Machine Learning for Assessing Real-Time Safety Conditions of Scaffolds. In Proceedings of the 35th International Symposium on Automation and Robotics in Construction (ISARC 2018), Berlin, Germany, 20–25 July 2018; pp. 56–63. [Google Scholar]

	



Sakhakarmi, S.; Park, J.; Cho, C. Enhanced Machine Learning Classification Accuracy for Scaffolding Safety Using Increased Features. J. Constr. Eng. Manag. 2019, 145, 04018133. [Google Scholar] [CrossRef]

	



Fang, Q.; Li, H.; Luo, X.; Ding, L.; Rose, T.M.; An, W.; Yu, Y. A deep learning-based method for detecting non-certified work on construction sites. Adv. Eng. Inform. 2018, 35, 56–68. [Google Scholar] [CrossRef]

	



Fang, W.; Ding, L.; Zhong, B.; Love, P.E.D.; Luo, H. Automated detection of workers and heavy equipment on construction sites: A convolutional neural network approach. Adv. Eng. Inform. 2018, 37, 139–149. [Google Scholar] [CrossRef]

	



Kim, H.; Kim, H.; Hong, Y.W.; Byun, H. Detecting Construction Equipment Using a Region-Based Fully Convolutional Network and Transfer Learning. J. Comput. Civ. Eng. 2018, 32, 04017082. [Google Scholar] [CrossRef]

	



Soltani, M.M.; Karandish, S.-F.; Ahmed, W.; Zhu, Z.; Hammad, A. Evaluating the Performance of Convolutional Neural Network for Classifying Equipment on Construction Sites. In Proceedings of the 34th International Symposium on Automation and Robotics in Construction (ISARC 2017), Taipei, Taiwan, 28 June–1 July 2017; pp. 509–516. [Google Scholar]

	



Ding, L.; Fang, W.; Luo, H.; Love, P.E.D.; Zhong, B.; Ouyang, X. A deep hybrid learning model to detect unsafe behavior: Integrating convolution neural networks and long short-term memory. Autom. Constr. 2018, 86, 118–124. [Google Scholar] [CrossRef]

	



Fang, Q.; Li, H.; Luo, X.; Ding, L.; Luo, H.; Rose, T.M.; An, W. Detecting non-hardhat-use by a deep learning method from far-field surveillance videos. Autom. Constr. 2018, 85, 1–9. [Google Scholar] [CrossRef]

	



Guo, S.Y.; Ding, L.Y.; Luo, H.B.; Jiang, X.Y. A Big-Data-based platform of workers’ behavior: Observations from the field. Accid. Anal. Prev. 2016, 93, 299–309. [Google Scholar] [CrossRef] [PubMed]

	



Fang, W.; Ding, L.; Luo, H.; Love, P.E.D. Falls from heights: A computer vision-based approach for safety harness detection. Autom. Constr. 2018, 91, 53–61. [Google Scholar] [CrossRef]

	



Kolar, Z.; Chen, H.; Luo, X. Transfer learning and deep convolutional neural networks for safety guardrail detection in 2D images. Autom. Constr. 2018, 89, 58–70. [Google Scholar] [CrossRef]

	



Chaiyasarn, K.; Khan, W.; Ali, L.; Sharma, M.; Brackenbury, D.; DeJong, M. Crack Detection in Masonry Structures using Convolutional Neural Networks and Support Vector Machines. In Proceedings of the 35th International Symposium on Automation and Robotics in Construction (ISARC 2018), Berlin, Germany, 20–25 July 2018; pp. 118–125. [Google Scholar]

	



Pauly, L.; Peel, H.; Luo, S.; Hogg, D.; Fuentes, R. Deeper Networks for Pavement Crack Detection. In 34th International Symposium on Automation and Robotics in Construction (ISARC 2017); IAARC Publications: Taipei, Taiwan, 2017; pp. 479–485. [Google Scholar]

	



Özgenel, F.; Gönenç Sorguç, A. Performance Comparison of Pretrained Convolutional Neural Networks on Crack Detection in Buildings. In Proceedings of the 35th International Symposium on Automation and Robotics in Construction (ISARC 2018), Berlin, Germany, 20–25 July 2018; pp. 693–700. [Google Scholar]

	



Kugler, M. Divide-and-Conquer Large-Scale Support Vector Classification; Nagoya Institute of Technology, November 2006; pp. 1–89. [Google Scholar]

	



Fritsch, J.; Finke, M. Applying Divide and Conquer to Large Scale. In Neural Networks: Tricks of the Trade. Lecture Notes in Computer Science; Montavon, G., Orr, G.B., Muller, K.-R., Eds.; Springer: Berlin/Heidelberg, Germany, 1998; pp. 315–342. [Google Scholar]

	



Hsieh, C.-J.; Si, S.; Dhillon, I.S. A Divide-and-Conquer Solver for Kernel Support Vector Machines. In Proceedings of the 31st International Conference on Machine Learning, Beijing, China, 21–26 June 2014; Volume 32, pp. 566–574. [Google Scholar]

	



COMSOL Multiphysics Reference Guide; COMSOL, Inc.: Burlington, MA, USA, 2012.

	



OSHA Scaffold Specifications-1926 Subpart L App A. Available online: https://www.osha.gov/laws-regs/regulations/standardnumber/1926/1926SubpartLAppA (accessed on 9 January 2017).

	



Mhaskar, H.; Liao, Q.; Poggio, T. When and Why Are Deep Networks Better Than Shallow Ones? In Proceedings of the 31st AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017; pp. 2343–2349. [Google Scholar]

	



Chapter 6: Multilayer Neural Networks (Sections 6.1–6.3). Available online: https://www.cse.msu.edu/~cse802/S17/slides/Lec_09_Feb08.pdf (accessed on 19 December 2018).

	



Zeng, X.; Martinez, T.R. Distribution-balanced stratified cross-validation for accuracy estimation. J. Exp. Theor. Artif. Intell. 2000, 12, 1–12. [Google Scholar] [CrossRef]

	



Brownlee, J. A Gentle Introduction to Early Stopping to Avoid Overtraining Neural Networks. Available online: https://machinelearningmastery.com/early-stopping-to-avoid-overtraining-neural-network-models/ (accessed on 12 July 2019).

	



Chawla, N.V.; Bowyer, K.W.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic Minority Over-sampling Technique. J. Artif. Intell. Res. 2002, 16, 321–357. [Google Scholar] [CrossRef]








[image: Ijerph 17 02391 g001 550] 





Figure 1. General approach. 
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Figure 2. Scaffold model. 
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Figure 3. Hierarchical classification of safety conditions based on the divide-and-conquer technique. 






Figure 3. Hierarchical classification of safety conditions based on the divide-and-conquer technique.



[image: Ijerph 17 02391 g003]







[image: Ijerph 17 02391 g004 550] 





Figure 4. Prediction model flowchart. 
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Figure 5. Deep neural network architecture. 
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Figure 6. Precision–recall plot for all safety cases. 
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Figure 7. F1 score plot. 
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Table 1. Loads applied for structural analysis.
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Scaffold Safety Cases

	
Gravity Loads (N/m2)

	
Point Loads (N)




	
X-Direction

	
Y-Direction






	
Safe

	
−1400 to 0

	
−100 to +100

	
−500 to +500




	
Over-turning

	
−1400 to 0

	
−15,000 to +15,000

	
−10,000 to +10,000




	
Unevenly settled

	
−1400 to 0

	
−100 to +100

	
−500 to +500




	
Overloading

	
−2000 to −1400

	
−100 to +100

	
−500 to +500
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Table 2. Sample database of strain measurements.
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Datasets

	
Strain Measurement (µε) from Locations 1 to 10




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10




	
1

	
−7.3

	
−8.4

	
−32.3

	
−26.4

	
−6.6

	
−0.5

	
−6.3

	
−21.1

	
−8.8

	
3.1




	
2

	
1.7

	
−0.6

	
−11.7

	
−29.8

	
−6.5

	
−17.9

	
−1.0

	
−6.5

	
−16.5

	
−7.3




	
3

	
−101.2

	
−53.4

	
−39.3

	
−53.0

	
−27.0

	
−11.7

	
−63.4

	
−0.1

	
−23.4

	
−50.5




	
4

	
−43.4

	
−8.7

	
−37.8

	
−90.1

	
−95.2

	
−80.8

	
−86.5

	
−95.5

	
−77.7

	
−93.6




	
5

	
−1.2

	
−55.5

	
−15.7

	
−91.8

	
−76.9

	
−103.8

	
−96.9

	
−84.4

	
−86.9

	
−77.3




	
6

	
0.1

	
−31.9

	
−10.9

	
−6.5

	
−2.5

	
−26.9

	
−20.1

	
0.4

	
−35.4

	
−11.5




	
Datasets

	
Strain Measurement (µε) from Locations 11 to 20




	
11

	
12

	
13

	
14

	
15

	
16

	
17

	
18

	
19

	
20




	
1

	
−1.0

	
−9.6

	
−2.7

	
−13.1

	
−7.3

	
−0.1

	
−7.1

	
−12.8

	
−10.0

	
3.1




	
2

	
3.1

	
−0.2

	
−1.4

	
−0.1

	
−0.4

	
−0.6

	
−0.5

	
−9.1

	
−0.5

	
−2.3




	
3

	
−11.1

	
−47.0

	
−27.0

	
−27.5

	
−14.6

	
−10.0

	
−48.8

	
−0.1

	
−20.7

	
−45.0




	
4

	
−31.7

	
−6.5

	
−37.3

	
−49.7

	
−5.5

	
−18.5

	
−28.5

	
−26.6

	
−22.7

	
−27.4




	
5

	
−1.2

	
−54.6

	
−13.4

	
−5.5

	
−24.6

	
−7.3

	
−38.9

	
−41.9

	
−21.6

	
−29.2




	
6

	
0.1

	
−15.7

	
−10.1

	
−5.5

	
−3.1

	
−7.5

	
−0.8

	
−1.3

	
−23.0

	
−7.3
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Table 3. Pre-trained neural network (NN) model architecture and pre-training results.
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Level

	
Model No.

	
No. of Classes

	
NN Architecture

	
Stratified Five-Fold Validation Accuracies




	
Standard Deviation of Accuracies

	
Avg. Accuracy






	
I

	
1

	
2

	
55, 40

	
±0.00%

	
99.99%




	
II

	
2

	
3

	
60, 50, 40

	
±0.00%

	
97.61%




	
III

	
3

	
2

	
60, 50, 40

	
±0.00%

	
100.00%




	
III

	
4

	
4

	
80, 60, 50, 20

	
±0.03%

	
99.48%




	
III

	
5

	
10

	
100, 80, 60, 40, 25

	
±0.21%

	
99.86%




	
IV

	
6

	
10

	
80, 60, 50, 20

	
±0.07%

	
99.74%




	
IV

	
7

	
45

	
80, 60, 50, 20

	
±0.04%

	
99.71%




	
IV

	
8

	
120

	
80, 60, 50, 40, 20

	
±0.17%

	
97.53%




	
IV

	
9

	
210

	
100, 80, 50, 40, 25

	
±0.04%

	
97.16%




	
IV

	
10

	
10

	
80, 60, 50, 20

	
±0.06%

	
99.91%




	
IV

	
11

	
45

	
80, 60, 50, 20

	
±0.01%

	
99.97%




	
IV

	
12

	
120

	
80, 60, 50, 20

	
±0.00%

	
99.99%




	
IV

	
13

	
210

	
80, 60, 50, 20

	
±0.04%

	
99.98%




	
IV

	
14

	
252

	
80, 60, 50, 20

	
±0.10%

	
99.93%




	
IV

	
15

	
210

	
80, 60, 50, 20

	
±0.04%

	
99.96%




	
IV

	
16

	
120

	
80, 60, 50, 20

	
±0.02%

	
99.99%




	
IV

	
17

	
45

	
80, 60, 50, 20

	
±0.02%

	
99.98%




	
IV

	
18

	
10

	
60, 40, 20

	
±0.02%

	
99.99%
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Table 4. Summary of final classification results.
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	Total number of safety condition cases
	1411



	Total number of test datasets
	141,100 (i.e., 100 datasets for each class)



	Prediction accuracy
	99.26%



	Total number of incorrect classifications
	1049 out of 141,100 (i.e., 0.74%)



	Range of misclassifications
	0 to 55 out of 100 datasets for each class
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Table 5. Summary of misclassifications for different cases.
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	Number of Misclassifications Per Safety Cases (Out of 100)
	Number of Safety Cases
	Proportion of Misclassified Safety Cases (%)





	0
	1168
	82.78



	1
	111
	7.87



	2
	46
	3.26



	3
	24
	1.70



	4
	14
	0.99



	5
	8
	0.57



	6
	8
	0.57



	>6
	32
	2.27
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