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 15 

ABSTRACT 16 

Current onsite safety management always relies on time-consuming predefinitions of 17 

hazardous zones based on the managers’ personal capabilities. However, in a typical labor-18 

intensive industry such as construction, the workers themselves can provide a wealth of 19 

information for hazard identification. Historical accident-free working locations on site provide a 20 

valuable means of recognizing safe workplaces. This paper presents an approach to the automated 21 

classification of construction site zones derived from the location tracks of workers collected from 22 

a real-time location system (RTLS). Through data mining, filtering and analysis, the location 23 

tracks are transformed into grid density maps and continuous density maps. These illustrate the 24 
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characteristics of spatial-temporal activities onsite as well as providing a visual representation of 25 

the distribution of safe and hazardous individual workplaces. A personnel hazard map is generated 26 

automatically based on historical accident-free location tracks from a field project using the 27 

proposed approach. Compared with the actual workplaces in terms of accuracy, precision, 28 

sensitivity and specificity, the evaluation result reveals that the hazardous areas on a construction 29 

site can be automatically classified to improve the workplace management of individual workers. 30 

The contributions of this research include an automated zone classification algorithm and an 31 

evaluation framework consisting of four indicators for hazard awareness onsite.  32 

 33 
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1. Introduction 36 

Identifying the changing hazards or controlling risks during construction activities is an 37 

important, but often quite difficult task. This is especially the case onsite, even when most of the 38 

activities are conducted repetitively [1], where it is almost impossible to avoid all the safety 39 

hazards in a workspace due to the complex nature of construction projects [2,3]. Construction sites 40 

are also highly dynamic, with exposed workspaces and their occupation constantly changing, 41 

exacerbating the already serious hazard identification problem for both the construction site and 42 

crew. Since it is uneconomical or ineffective to employ more safety inspectors, an efficient and 43 

automated approach is needed. 44 

There is an increasing use of personal mobile devices integrated with geographic location 45 

tracking, context-awareness and wireless communication in the construction industry, and working 46 

habits are changing accordingly. This is providing the potential for accessing a wealth of 47 

information for evaluation, communication and collaboration onsite. Basic data concerning the 48 

continuously changing locations of communication devices onsite enables the geographic position 49 

and spatial-temporal behavior of workers, materials and equipment to be monitored by simple 50 

manipulation, providing managers and workers with opportunities for creative initiatives for the 51 

collection, tracking and visualization of onsite construction activities [4-9]. This has given rise to 52 

the introduction of location-based services (LBS) that offer value-added services for individuals 53 

in the form of new utilities embedded in their personal devices [10]. Properly leveraged, this rich 54 

spatial-temporal information has the potential to improve hazard identification and the control of 55 

risks onsite. 56 

However, the increasing amount of research applying LBS to safety issues is mostly based 57 

on predefined unalterable manual rules. Proximity hazard indicators between workers, equipment 58 
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and hazardous areas are widely employed in pro-active real-time construction systems due to the 59 

growing body of evidence indicating that potential risks and accidents can be reduced by avoiding 60 

working in, or close to, a dangerous location at a specific time [11-16]. The workspace 61 

requirements of labor and equipment operations in 3D BIM models are being generated with 62 

increasing precision to improve the efficacy of proximity alert systems and approaches [17,18]. 63 

Although these studies greatly assist in safety management onsite, pre-construction safety plans 64 

are still insufficiently adequate to cope with the dynamic and multiple objectives that occur during 65 

daily onsite activities. The whole hazard identification process needs to be involved prior to the 66 

application of these proximity approaches [2], otherwise, unidentified hazards will continue to 67 

threaten the health and safety of the workforce. Moreover, the situation is exacerbated by most 68 

planners being conservative and unable to provide timely updates of hazardous locations according 69 

to changing site conditions.  70 

Since the construction process lasts so long, it is reasonable to consider the hazard zones 71 

to be static at short time intervals. Accordingly, this study aims to develop an automated approach 72 

to identifying, mapping and updating all of the area-restricted hazards or safe zones onsite in a 73 

timely manner. This involves deriving crucial historical locations deemed to be safe working zones, 74 

such as accident-free walk paths, by crowd sourcing (workers engaged in similar activities or in 75 

the same group) to assist in individual safety decision-making [19]. This exploratory approach 76 

attempts to classify the entire site into hazardous and safe zones through a novel peer based 77 

approach based on their frequency of occupation by workers, potentially providing an available 78 

means to reuse the historical data for further prediction in the short run. On the assumption that 79 

areas that have been occupied by accident-free workers are more likely to be safe areas than 80 

otherwise, the issue then becomes one of identifying such areas. The approach utilizes data mining 81 
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and information technology to extract and integrate density maps from these areas to provide 82 

individual guides to safe zones in the form of personal hazard maps [20]. 83 

Consequently, to achieve the objectives of this paper that harness accident-free work 84 

trajectories and safety preferences by like-minded peers, the rest of the paper is structured as 85 

follows. Section 2 investigates the background of the research, containing traditional hazard 86 

identification approaches and potential issues in practice. Then the core proposed framework 87 

consisting of four modules is introduced in Section 3. Curial zones of workplaces are visualized 88 

via density maps to display their distribution and mark the characteristics of workers onsite. In 89 

Section 4, a field case study is described to demonstrate the capability to create an automated zone 90 

classification map for an individual worker and evaluate its accuracy. Finally, conclusions and 91 

future research possibilities are provided in the last section.  92 

 93 

2. Background 94 

Although the associated root causes of fatal/serious accidents are well known, including 95 

lack of attention, insufficient safety training, tiredness, poor quality materials and equipment [21], 96 

there nonetheless still exist unidentified hazards or risks that cannot be anticipated prior to their 97 

occurrence. From an external environment perspective, the hazards are a result of a variety of 98 

circumstances, including unexpected site conditions. The constantly changing dynamic of 99 

aggregated variables onsite also undermines hazard identification [2]. From an internal worker 100 

perspective, different workers share different safe and hazardous zones due to human factors 101 

[22,23]. For instance, a ditch on a site may be a safe working zone for an experienced excavator 102 

operator who understands the work method involved and uses appropriate personal protective 103 
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equipment (PPE), but may be a hazardous zone for other workers. Both perspectives make it 104 

impossible to identify all the hazards involved completely in advance. 105 

Commonly, most accidents onsite are regarded as the result of contact collisions mainly 106 

caused by low awareness and blind spots [12,24]. Thus, apart from site inspections, proximity safe 107 

alert systems based on real-time location systems (RTLS) have been extremely popular and unsafe-108 

proximity identification is widely used to provide proactive safety management [1]. Spatial 109 

interference between personnel, related equipment and materials, such as the proximity of labor to 110 

operating heavy equipment or moving vehicles, can be detected or predicted [5,13], For example, 111 

based on onsite dynamics, the analysis of activities and related hazards, Guo has identified space 112 

conflicts by considering space constraints and path interferences to assist decision-making [25]; 113 

Sacks et al. has designed an algorithm to estimate the likelihood of spatial and temporal exposure 114 

to related hazards [1]; Lee et al. have developed a radio frequency identification (RFID)-based 115 

RTLS suitable for diverse sites to contribute to aggressive safety management [16]; and Marks 116 

and Teizer propose proximity detection between workers and equipment [12]. To enhance the 117 

efficiency of proximity safe systems, Kim et al. have developed a human-assisted obstacle 118 

avoidance system during equipment operation [26]; Wang and Razavi have constructed a low false 119 

alarm rate model by adding position, heading direction and speed attributes [15]; and Cheng et al. 120 

further propose to utilize the fusion of RTLS and physiological status as well as thoracic posture 121 

to activity analysis [27,28]. On the other hand, Vahdatikhaki and Hammad, Tantisevi and Akinci 122 

generate a dynamic equipment workspace [17,29,30]; Akinci et al. design a project-specific model 123 

to build workspace requirements at the activity-level [31]; with Zhang et al. then integrating BIM 124 

into the 3D visualization of the workspace requirements to promote the accurate calculation of 125 

proximity [18]. These studies all require the manual pre-identification of unsafe-proximity prior 126 
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to applying field-testing, which is time-consuming and prone to invalidate the approaches due to 127 

unpredicted conditions. 128 

Since it is impossible and uneconomical for managers to identify all the unsafe-proximity 129 

hazards before construction, a novel approach to extracting spatial-temporal information from 130 

historical location tracks is to use the wealth of information available of the locations of workers, 131 

materials and equipment [32]. This can be conveniently obtained by utilizing such advanced 132 

technology as UWB, RFID and GPS [4,33-35]. A few researchers have attempted to promote 133 

proximity safe alert systems through learning from the spatial-temporal proximity relationships of 134 

near misses. Wu et al., for example, have designed an autonomous system by considering the 135 

characteristics of near misses based on typical historical accident cases [24]; and Teizer and Cheng 136 

have collected and studied near-miss data to provide a proximity hazard indicator to identify 137 

obstacles for route searching and generate heat maps for safety planning [36, 37], which enhances 138 

safety knowledge sharing among stakeholders [13]. These studies attempt to transfer safety 139 

knowledge from not only inspectors and managers but also the workforce itself. However, such 140 

approaches commonly view and serve workers as a community, with often-insensitive unsafe-141 

proximity recommendations being provided for safety initiatives.  142 

Therefore, an approach that automatically updates according to movement feedback from 143 

specific groups of workers onsite has a genuine potential to provide the responsiveness required 144 

sufficiently and efficiently. However, a major problem with historical location resources is that 145 

enormous amounts of information have to be examined in order to find the relevant pieces needed. 146 

If the working area of a worker is safe, then it should also be safe for similar workers undertaking 147 

similar activities at a similar time. Thus, integrating the density maps of historical accident-free 148 
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locations should provide a much better alternative than increasing the number of safety managers 149 

onsite. 150 

 151 

3. Framework of automated zone classification 152 

The framework of the proposed approach is represented in Figure 1. The origin dataset is 153 

cloud-stored and contains historical locations, real-time locations, layout and predefined special 154 

zones. It is not compulsory to input the data in the dot boxes since sometimes workers are new to 155 

the site or adequate detailed information of the geographic attributes of sites cannot be obtained 156 

before construction. The essential assumptions of the framework are first described and each 157 

module is illustrated in the remainder of this section.  158 

 159 

 160 
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Figure 1. Framework for automated zone classification 161 

 162 

3.1. Essential hypotheses 163 

Two essential hypotheses are proposed in order to provide the foundation for the processing 164 

modules. That is: 165 

Hypothesis 1: workers generally tend to avoid hazards instinctively. While workers are 166 

working or moving from one workplace to another, they tend to walk around hazards at an 167 

appropriate distance [2]. Hence, an accident-free location can involve one of two possible 168 

circumstances: (1) the location is completely within a safe, hazard-free area; or (2) the location is 169 

partially within a hazardous area where the associated hazards are under control. Taken in short 170 

time intervals, a dynamic construction site can be considered static and thus such areas can be 171 

treated as temporal safe areas with only a tiny probability of accidents. 172 

Hypothesis 2: workers always undertaking the same or similar tasks onsite face similar 173 

hazards and risks. Though many factors, such as training levels, health conditions, etc., have an 174 

obvious impact on workers’ decisions and actions, to simplify the process here only the task is 175 

taken into account in zone classification as the same concepts hold for other factors involved in 176 

the task. Therefore, workers in the same task group are treated as a crowd source sharing the same 177 

safe zones. 178 

 179 

3.2. Data collection 180 

The core dataset required to be input contains three parts, the real-time locations, working 181 

characteristics of labor crew and the layout of the project. The first part can be collected from a 182 
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real-time location system based on either of RFID, UWB, WLAN, GPS etc. [33-35]. These 183 

systems require the manual deployment of equipment and tags ahead of normal operation. For 184 

example, the RTLS used in this study is developed based on a wireless personal area network 185 

(WLAN) [42] in which the pre-installation of sensing infrastructure and tags are essential before 186 

actual construction. Generally, numerous workers carry out activities last for a long time per day 187 

and therefore the overall amount of locations is so large that processing with ordinary computation 188 

capability onsite is problematic. To remedy this, the entire location arrangement is simplified and 189 

only part of the locations is taken into account. The available components in this study are the 190 

locations where workers are involved in direct and hauling activities, which are identified by 191 

observers in the following pre-processing module. Note that a satisfactory degree of accuracy in a 192 

Cartesian coordination representation is also necessary for further analysis. The second part - the 193 

working characteristics of workers - containing working experience, task allocation and relevant 194 

team members, can be determined by observing and investigating the subjects directly or by 195 

referring to the managers daily reports. The last part is layout, which can be derived from shop 196 

drawings or aerial photography from drones, providing the current situation of the construction 197 

site.  198 

 199 

3.3. Pre-processing module 200 

The objective of the pre-processing module is to filter out and smooth incorrect location 201 

boundaries. Although off-the-shelf hardware customized to suit the needs of a precise location can 202 

be used, the signals received may still contain unwanted noise hidden inside the dataset [37], 203 

leading to a location with cusps and occasional outliers. Since this noise is mainly the result of 204 

measurement rather than processing errors, a high proportion follows a normally distribution. The 205 
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Kalman filter, as a robust algorithm, is therefore used to eliminate the noise and smooth the 206 

location boundaries [38]. Compared with the extended and federated Kalman filter, the linear 207 

Kalman filter is likely to be more effective and easier to apply in real-time situations [39,40].  208 

The following manual filter aims to overcome two kinds of site-related problems. The first 209 

concerns the initialization of the system, in that abnormal signal readings might be received while 210 

initializing the configuration settings. The other concerns the discontinuity of tasks occurring on 211 

the site. The intervals between activities include the workers’ breaks or rest times and the inevitable 212 

waiting time, such as in the hardening time of concrete. Workers might relax outside the detectable 213 

zones or log out leading to duration intervals. Because the focus of the proposed framework aims 214 

to analyze the main workplaces, these irrelevant records have to be eliminated manually. For 215 

inaccurate initialization locations, an inference variable is added into the RTLS in the form of a 216 

fixed point onsite. The location signals of workers are ignored until the inference signals are 217 

constantly received. For irrelevant locations from rests, etc., an upper bound is determined by 218 

observation or feedback once the rest time is over the threshold, so the locations during the rest 219 

are ignored.  220 

 221 

3.4. Grid density map module 222 

In order to extract workplace information and establish the fundamental characteristics of 223 

the workers, the whole construction site is divided into grids by constructing a two-dimensional 224 

lattice layout for analysis. This module comprises two steps: (1) meshing the layout plane and (2) 225 

counting the frequency of occupancy in each grid and drawing the density maps. 226 

 227 
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3.4.1. Mesh plane 228 

Assume that the Pro-Active Construction Management System (PCMS) [41] is used as the 229 

main RTLS. This is designed to send and receive signals every 0.5 s with the broadcast frequency 230 

of around 2 Hz. Thus, the influence area of a single worker is a circle with a radius of 1 m, assumed 231 

to be the potential moving distance in a half second. For simplicity and fast segmentation, the grid 232 

shape of the influence area is transformed into a square. Thus, the dimensions of the maximum 233 

inscribed square (MIS) and the minimum circumscribed square (MCS) are 1.414 m and 2 m 234 

respectively. As Figure 2 illustrates, if the detection points are located in the gray areas, the points 235 

for the MIS are regarded as in the grid but not actual influence areas, with an error rate of 0.214; 236 

while the points for MCS are regarded as in another grid instead of the actual one, with an error 237 

rate of 0.429. Thus, compared with the 9 m × 9 m grid for earthmoving operations [42], a 3 m × 3 238 

m grid for trucks [43] and 0.5 m × 0.5 m grid for workplace requirements analysis [18], the whole 239 

site is divided into a 2 m × 2 m chequerboard. 240 

 241 

 242 

Figure 2. MCS and MIS grid 243 
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 244 

3.4.2. Count frequency 245 

To describe the characteristics of the spatial distribution of workers and activities, density 246 

maps as the common thematic maps can offer a comprehensive picture of the actual construction 247 

site. A form of discrete and abrupt density map of existing spaces between observations – the grid 248 

density map (also called a heat map) is employed in this module to quantitatively deal with the 249 

tracked locations. Just as the histogram provides a graphic visualization of one-dimensional 250 

numerical data, the grid density map represents the distribution of two-dimensional movement 251 

data. When the construction site is divided into a series of equal grids, known as bins, the algorithm 252 

counts how many movement points fall into each grid and enters the frequency into the density 253 

matrix to plot the grid density map as shown in Figure 3. 254 

 255 
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 256 

Figure 3. Conversion of density matrix and grid density map 257 

 258 

3.5. Continuous density map module 259 



15 
 

Considering the complex nature of construction sites, a qualitative description might be 260 

sometimes used to simplify the reasoning process dealing with inaccurate location tracks as well 261 

as to show the crucial factors involved. Thus, this module contains an additional two-steps for 262 

plotting: a kernel density estimate (KDE) and bandwidth selection. 263 

  264 

3.5.1. Kernel density estimation (KDE) 265 

The grid density map can be treated as a two-dimensional histogram with grid length and 266 

width, which is simple and user-friendly. However, the actual distribution might be skewed if parts 267 

of the location tracks are lost. In particular, different orientations and grid dimensions can also 268 

result in discrepancies in the visualization of the same distribution. KDE is an efficient algorithm 269 

to alleviate these issues, making the plots smoother and more robust. 270 

As a popular non-parametric density estimator, KDE has various kernel functions, 271 

including Epanechnikov, Biweight and Cosine. Most are radially symmetric and unimodal, such 272 

as the Gaussian kernel function widely employed, with 273 

1

√2
 274 

and the corresponding kernel estimator for one-dimensional data is  275 

1
 276 

where n is the number of samples and the bandwidth, and h is the smoothing parameter. However, 277 

location tracks are multivariable cases, and features with disproportionate weights in need of a 278 

covariance matrix can result in a complicated procedure. In the present case, however, the 279 
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dimensions of location tracks - x and y - are independent, sharing a same kernel function. Therefore, 280 

the product kernel is used here as a suitable alternative for multivariate KDE, as 281 

,
1 1

 282 

 283 

3.5.2. Bandwidth selection 284 

Bandwidth is a crucial factor affecting the slopes in KDE. Too large a bandwidth over-285 

smooths the density estimation and disguises the structure of the data, while a bandwidth that is 286 

too small under-smooths the density estimation and forces it to be too spiky to interpret. Therefore, 287 

an optimal bandwidth is selected to minimize the combination of bias (system errors) and variance 288 

(random errors) as well as to cover all the features simultaneously. The mean integrated squared 289 

error (MISE) is the standard optimality criterion, where 290 

 291 

If the true distribution is assumed Gaussian, the optimal bandwidth as initial input to fulfill 292 

the optimality criterion approximates to 293 

∗ 1.06  294 

where  is the sample standard deviation and  is the sample size. However, in practical field tests, 295 

the hidden distribution of trajectory is unknown. The initial bandwidth requires updating using a 296 

data-based method such as Gaussian approximation or Silverman’s rule. 297 

Consequently, continuous density maps can be drawn as shown in Figure 4 based on the 298 

estimated function to identify the features of workplaces. 299 



17 
 

 300 

Figure 4. Transformation to a continuous density map 301 
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 302 

3.6. Post-processing module 303 

This module deals with the grid and continuous density maps generated by the former 304 

modules to fulfill different zone classification requirements. For personal zone services, density 305 

maps of relevant workers are selected and integrated to guide the identification of the worker safety 306 

zones. For population zone services, on the other hand, density maps of a certain time period are 307 

transformed into a sequence showing the dynamics on site. The current approach focuses on formal 308 

safety recommendations. 309 

 310 

3.6.1. Neighbor selection 311 

Neighbors are defined here as like-minded peers, such as a co-operator in a team, among 312 

an onsite crowd source and who are engaged in the same, similar or related activities. This subset 313 

of the workforce commonly experiences major threats posed by the same hazards. For instance, 314 

being aware of a hazardous floor hole, a bar bender attempts to carry out construction tasks at a 315 

distance from the hole. As a result, no location tracks within the hazardous area can be derived 316 

from RTLS. Other bar benders also only accept the workplace without the hole as being safe, while 317 

the rest of the workforce, such as excavators whose workplace might contain the hole, would not 318 

consider the hole to be a serious hazard. Therefore, the current accident-free locations of workers 319 

are potentially safe working zones. In this exploratory research, all the tracked workers are 320 

aggregated into data sets by occupation.  321 

 322 

3.6.2. Integrate maps 323 
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To accomplish density map integration, each worker is treated as having the same impact 324 

on other similar neighboring workers. Thus, the density maps of neighbors can be superimposed 325 

linearly on a layout or actual site map following the superposition principle.  326 

For grid density maps, the integrated procedure can be formulated as a weighted mixture. 327 

, ,
∈

 328 

where  and  represent the row and column of the grid perspective,  is the dataset of neighbors, 329 

 denotes the weights corresponding to neighbor  decided by variables such as experience and 330 

,  is the discrete function of the count frequency. Here, all weights are taken as equal to each 331 

other without considering personal attributes such as age or gender. 332 

For continuous density maps that qualitatively illustrate the distribution of the main 333 

workplaces, the ultimate zone classification indicating safety probability is referred to as a mixture 334 

density. Since the number of peer workers is finite and countable, the density sum is the same 335 

formula as for the grid density maps. However, an extra step needed in practice is that the data-336 

based bandwidth has to be reselected in order to combine or separate the distribution kurtosis, with 337 

a flatter or more pointed peak and slighter or heavier tails. 338 

Area recommendation services would ultimately be carried out based on the integrated 339 

maps throughout the framework. Grid density maps provide precise safety and hazard guides in 340 

which grids with high frequency are treated as potential safety zones and vice versa. The 341 

continuous density maps indicate the important workplaces upon which to focus and re-filter out 342 

abnormal grids, showing the dynamics of the construction site and changing workplaces. Managers 343 

can then check the zone classification and mark other predefined special zones on the final maps. 344 

 345 
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4. Case study 346 

To examine the approach, assume that a group of workers involved in a bridge project are tracked 347 

by a location tracking technology, a series of historical location tracks are obtained with certain 348 

accuracy that satisfies the requirements of density computing. Here, the hazards on construction 349 

sites were mainly comprised of electrical and fire dangers; and the experienced workers tended to 350 

conduct construction activities far away from these hazards. Thus, accident-free location data were 351 

firstly pre-processed with a Kalman filter and a manual filter to smooth and eliminate the obvious 352 

erroneous points due to accidental errors, and the dimension of grids was determined to be 2 m × 353 

2 m according to literature. The density maps were then drawn based on the occupancy of each 354 

grid by individual workers. A worker was selected randomly to be a target worker, while the 355 

remaining workers were selected by random sampling to comprise the neighborhood set for the 356 

target worker. Compared the safety and hazard zones of target worker with the generated density 357 

maps from neighborhood set, the proposed approach could be examined and validated. To provide 358 

significant help to layout planners, operators and managers, the system needs to identify core 359 

hazardous areas accurately with an economic warning distance. This means that the accuracy, 360 

precision, sensitivity and specificity of the safe and hazardous workplace classifications are crucial. 361 

Here, accuracy measures the bias of the core hazard and safety locations between the actual 362 

workplace and density maps; precision indicates the variability of the zone classification, seriously 363 

impacting on the boundaries; sensitivity assesses the performance of classification by measuring 364 

the proportion of safety zones that are correctly identified; and specificity, which can be regarded 365 

as an economic indicator, refers to the probability of encountering actual hazards in all the 366 

hazardous zones. To measure the efficacy of the approach, the actual accident-free locations of 367 
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any worker are selected as the reference for comparison with the zone classification based on the 368 

crowd source subset. 369 

 370 

4.1. Validation of grid density maps 371 

The integrated density maps are transformed into a binary matrix according to the 372 

frequency of the grids. As Figure 5 shows, the potential outcomes are defined as: 373 

True safe (TS): safe grids correctly identified as safe 374 

False safe (FS): hazardous grids incorrectly identified as safe 375 

True hazardous (TH): hazardous grids correctly identified as hazardous 376 

False hazardous (FH): safe grids incorrectly identified as hazardous 377 

The four indicators are calculated by 378 

	
	 	

	 	
 379 

	
	 	

	 	
 380 

	
	 	

	 	
 381 

	
	 	

	 	
 382 
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 383 

Figure 5. Grid density map of a sample worker  384 

 385 

If the fellow workers are all experienced and cautious, the grids for the accident-free 386 

locations can be assumed to indicate a completely safe workplace. The results of the four indicators 387 

for a bar bender are presented in Figure 6. Apart from the target worker, the eight fellow workers 388 

comprising the neighbor set provide 255 combinations of subsets. Although both accuracy and 389 

specificity decline gradually with an increasing number of neighbors, their ranges are still over 390 

80%. One possible explanation is that the decreasing homogeneity of the workers involved in the 391 

reference set resulted in the rapid expansion of safe zones so that the proportion of potentially 392 

hazardous areas for the target worker, but safe areas for fellow workers, would rise. Although the 393 

precision was relatively low due to the small proportion of hazards onsite, there was a dramatic 394 
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increase in sensitivity. This might be attributed to the robustness of the crowd resource, in that the 395 

involvement of more workers would eliminate the individual zone characteristics.  396 

 397 

 398 

Figure 6. Analysis of the four indicators with increasing number of neighbors 399 

 400 

However, historical location tracks, such as in the preliminary period of new projects, are 401 

not easily accessible in practice. Therefore, the safety probability of the collected location tracks 402 

is added as an argument to enhance reliability. Commonly, the working locations of experienced 403 

workers provide more reliable information than new workers and therefore they are allocated a 404 

higher proportion in map integration. Considering the computing requirements involved and the 405 

total size of samples, three neighbors were selected to be temporal references as they provided 406 

acceptable evaluated indicators. 407 

 408 
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 409 

Figure 7. Analysis of the four indicators of three neighbors by their reliability ratio 410 

 411 

As Figure 7 (a) illustrates, when the reliability ratio of the neighbors and target worker 412 

falls, there is a sharp rise in accuracy to almost 1, especially for the edge areas. This perhaps 413 

indicates that eliminating a few frequency grids significantly increases accuracy. Since system 414 

errors are inevitable and lead to some abnormal location tracks, using reliability ratio filtering at 415 

low-frequency locations could improve the effectiveness of the system. By contrast, precision falls 416 

suddenly with the reliability ratio, which is interpreted as due to the reduction of available grids 417 
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from neighbors and user, leading to less mutual workplaces. Thus, the amount of TS grids 418 

gradually decreases while TH rapidly increases. The graphs displayed in Figure 7 (c) and (d) show 419 

that sensitivity and specificity tend to develop asymmetrically when considering reliability ratios. 420 

Lower reliability ratios result in lower sensitivity and higher specificity, especially for the user, 421 

since the individual workplaces are always so small that reliability has a profound effect in 422 

comparison with neighbors.  423 

This evaluation illustrates the influence of the number of neighbors and reliability on 424 

system performance and demonstrates the validity of the grid density maps. Although the 425 

indicators are not stable and are seriously affected by the combinations of workers selected and 426 

their working experience and dynamic changes in frequency on site, the approach nevertheless has 427 

considerable potential for identifying most safe and hazardous zones onsite. 428 

 429 

4.2. Validation of the continuous density maps 430 

Unlike density maps, continuous density maps assist in zone classification by taking into 431 

account the population distribution onsite. As a crucial factor in the performance and appearance 432 

of KED methods, bandwidth is selected first based on the same three neighbors in the above case. 433 

The 3-D surfaces in Figure 8 show the conceptualized distribution based on three bandwidth 434 

selection methods: Standard Gaussian, Silverman’s rule and Scott’s rule. Although all identify the 435 

main workplaces of the three neighbors, the Standard Gaussian does this in an abrupt fashion, 436 

while Scott’s rule combines and flattens the distribution, expanding the predicted safety zones and 437 

leading to an inaccurate horizontal projected area. Therefore, Silverman’s rule is selected as being 438 

the most suitable. 439 

 440 
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 441 

Figure 8. Bandwidth selection 442 

 443 

Since construction workplaces are spatial-temporal continuous, the continuous density 444 

maps show the possible distribution as actual field practices. Although the continuous density 445 

maps have fuzzy boundaries, they assist in reinforcing true grids and eliminating false grids. The 446 

fragmentary grids outside the distribution without any connection to core workplaces are likely to 447 

be incorrect owing to system error and therefore need to be filtered out.  448 
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Figure 9 shows the integrated grid density map and continuous density map overlaid on the 449 

planned construction site layout. The white closed line represents the contour plot of the assumed 450 

distribution of neighbors. Based on the boundaries of the continuous density maps, the sparse grids 451 

outside the normal distribution of the workplaces of neighbors are, as with the grids surrounded 452 

with thick boxes, eliminated owing to abnormal tracks. Therefore, the previous FS grids that are 453 

classified as safe but are actually hazardous, are transformed into a TH grid. Compared with the 454 

single grid density map classification, the integrated method increases accuracy and specificity 455 

from 91.97% and 93.17% to 92.71% and 93.24% respectively, decreasing precision from 6.27% 456 

to 6.22% and maintaining sensitivity at 76.98%.  457 

Hence an analysis of algorithm complexity was performed by computation time for 458 

generation of discrete and continuous density maps with respect to location amount, which was 459 

operating on an HP Z400 workstation with Intel Xeon W3550 (3.06 GHz). As Figure 10 reveals, 460 

the computation time, including CPU computing and plotting, holds stable values with the increase 461 

in the number of location tracks. Obviously, the computation time for continuous density maps 462 

was higher than that for discrete 2 m × 2 m grid maps due to the complexity of KDE. Both the 463 

absolute times take an average of less than 1 second, suggesting that the update of zone 464 

classification can be made in a timely manner. Another Figure 11 shows the core computation time 465 

for generating discrete density maps with the respect to neighbor set size. With the number of 466 

neighbors increasing, the mean computation time increases linearly. The calculation time is 467 

reasonable since the map integration is linear and simple. However, because of the discrepancies 468 

in location tracks, the computation time ranges are changing unsteadily.  469 

 470 
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Although not all hazards were identified and cold-starts could not be accommodated (due 471 

to the lack of historical records of a new site or location tracks), once the cloud dataset of the 472 

workers was established, the hazardous locations onsite could be recognized automatically. 473 

Throughout the case study, the final integrated density maps were evaluated to be effective and 474 

valuable for managers and for individual workers’ better personal safety on site.  475 

 476 

 477 

Figure 9. Integrated density map of a sample worker 478 

 479 
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 480 

Figure 10. Computation time for generating discrete and continuous density maps 481 

 482 

 483 

Figure 11. Computation time of computing the density matrix from neighbors  484 

 485 

5. Conclusions, limitations and future research 486 

Manual hazard identification for construction safety management is time-consuming and 487 

difficult to accommodate site dynamics. This paper presents a novel approach to zone 488 

classification, leveraging the historical working locations of peer crowd-source workers. After pre-489 

processing, the location tracks from the RTLS are delivered to two core modules to extract the grid 490 

density maps and continuous density maps respectively. The whole site is divided into grids to 491 

calculate the frequency of occupancy of locations, with KDE concurrently estimating the possible 492 
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distribution of the locations. Finally, density maps of a time period or worker are integrated to 493 

provide a zone classification guide.  494 

The approach contributes to enhancing hazard identification onsite without the need for 495 

predefinition or utilizing knowledge and experience in recognizing safe/hazardous workplaces. 496 

The automated zone classification extracted from accident-free locations is made by computational 497 

data mining and processing, making use of the historical tracking capacity of the PCMS. The maps 498 

generated also offer a novel form of visualization of spatial-temporal characteristics or workplaces 499 

and their possible distribution. Indicators of accuracy, precision, sensitivity and specificity 500 

computed by comparing binary matrices in a novel way are used to evaluate the performance of 501 

the approach. 502 

A case study is used for demonstrating, testing and validation, and shows how the changing 503 

evaluation indicators with reliable ratios and bandwidth selection can be used to enhance 504 

performance. Although not all reference workers are experienced and whose main working 505 

locations cannot always be treated as safe workplaces, the approach to zone classification is shown 506 

to be feasible and provides a wealth of information concerning the spatial-temporal distribution of 507 

workers onsite. Using grid density maps and continuous density maps with geographical data 508 

onsite, the case study indicates the potential of the approach to act as a very accurate automated 509 

workplace safety guide.  510 

However, it is noticed that this approach cannot support the identification of all hazardous 511 

areas exactly onsite. That could be attributed to the assumptions made for the proposed model as 512 

well as equipment limitations. One of the major arguments was that not all the hazards onsite are 513 

static and interrelated with locations, such as truck crashes, which was not tested by the case project 514 

but is common in practice. Furthermore, personal training levels, health conditions, protective 515 
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equipment, etc., might significantly affect workers’ decisions and behaviors, which could not be 516 

taken into account in this study because of the size of teams. In addition, cold-starts and hazardous 517 

areas smaller than a grid could not be accommodated or identified due to the lack of historical 518 

records of a new site or tiny regions. Such problems could only be solved if the cloud dataset of 519 

the workers was established and real-time data was input to the model using feedback loops, 520 

leading to a more realistic and automated prediction. With respect to equipment limitations of 521 

accuracy, the RTLS used on realistic construction sites still requires improvement to perform better 522 

and more reliably. Future research needs to utilize advanced technologies and measurements, such 523 

as iBeacon and laser scanning, to improve the location accuracy in a comprehensive outdoor 524 

environment, as well as consider more variables, to enhance the effectiveness of zone classification. 525 

In addition, future studies are needed to propose a framework to select crowd source automatically 526 

to enhance the current algorithm.  527 
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