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Abstract 10 

Workers’ unsafe behaviors are one of the main causes for construction accidents. To fully 11 

understand the causes to unsafe behaviors on site will benefit their prevention, thus reducing 12 

construction accidents. The accurate and timely identification of site workers' unsafe behaviors 13 

can aid in the analysis of the causes to unsafe behaviors and prevention of construction accidents. 14 

However, the traditional methods (e.g. site observation) of behavior data collection on site is 15 

neither efficient nor comprehensive. This paper develops a skeleton-based real-time identification 16 

method by combining image-based technologies, construction safety knowledge and ergonomic 17 

theory. The proposed method recognizes unsafe behaviors by simplifying dynamic motions into 18 

static postures, which can be described by a few parameters. Three basic modules are involved: an 19 

unsafe behavior database, real-time data collection module and behavior judgement module. A 20 

laboratory test demonstrated the feasibility, efficiency and accuracy of the method. The method 21 

has the potential to improve construction safety management by providing comprehensive data for 22 
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the systematic identification of the causes to workers' unsafe behaviors, such as inappropriate 23 

management methods, measures or decisions, personal characteristics, work space and time, etc., 24 

as well as warning workers identified as behaving unsafely, if necessary. Thus, this paper 25 

contributes to practice and the body of knowledge of construction safety management, as well as 26 

research and practice in image-based behavior recognition. 27 

Keywords: Construction worker, safety management, behavior based safety (BBS), image-based 28 

behavior recognition, real time. 29 

 30 

Introduction 31 

The construction industry has long been considered as one of the most dangerous industries, while 32 

80% of the accidents are caused by construction workers' unsafe behaviors (Li et al. 2015b). 33 

Behavior based safety (BBS), which aims to improve worker safety by efficient behavior 34 

management (Lingard and Rowlinson 1997), is one of the most widely-used theories or methods 35 

in construction safety management (Li et al. 2015b). BBS improves safety performance by (1) 36 

identifying unsafe behaviors, (2) observing on-site behaviors over a period of time, and (3) 37 

providing feedback to coach increased desired behaviors and decreased undesired behaviors 38 

(Choudhry 2014; Li et al. 2015b; Zhang and Fang 2013). However, there are two particular 39 

shortcomings in current BBS methods: 40 

(1) The amount of sampling is insufficient (Guo et al. 2017). Construction site environment is 41 

very complex, where there are the workers of various trades, and a lot of barriers blocking 42 

the line of sight. So a great number of observers are needed to obtain enough sampling data 43 

(Han and Lee 2013). However, in practice, too many observers may lead to new potential 44 
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safety hazards. As a result, it is difficult to collect enough on-site data to support a 45 

generalized conclusion. 46 

(2) Training observers is time-consuming (Han and Lee 2013). Training observer is very 47 

important for BBS, because observers are responsible for judging and recording unsafe 48 

behaviors. These behaviors are the foundation of BBS feedback. The aim of training is to 49 

teach observers construction safety rules, data needs and recording formats, etc. This process 50 

involves diverse information and is very time-consuming.  51 

The main reason of the limitations is that the current BBS methods rely too much on manual 52 

observation and recording (Guo et al. 2017). To monitor workers' motions automatically, 53 

sensor-based monitoring and image-based monitoring were proposed (Moeslund and Granum 54 

2001). The most widely-used sensor is real time location system, which helped prevent workers 55 

from entering dangerous zones (Guo et al. 2014; Li et al. 2015a; Li et al. 2015b; Li et al. 2016; 56 

Teizer et al. 2007; Teizer et al. 2008; Woo et al. 2011). Besides, wearable three-axial (vertical, 57 

lateral and sagittal) thoracic accelerometers have been developed to capture worker motions 58 

(Cheng et al. 2013). These methods are accurate, but the sensors may interfere workers’ normal 59 

work. Image-based method, on the other hand, can monitor workers’ motions without wearable 60 

sensors, thus being used in this research as an non-intrusive motion capturing tool.  61 

This paper develops a novel image-skeleton-based method for the real-time identification of 62 

unsafe behaviors on site. The words image and skeleton represent two key conceptions of the 63 

proposed method. Image means that the method is based on an image rather than a video. This is 64 

realized by transferring unsafe behaviors to leading postures. Skeleton means human skeleton 65 

model, which simplifies a human body to key joint parameters. The proposed method simplifies 66 
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high-dimensional dynamic motion information to several critical parameters. To achieve this, an 67 

unsafe behavior database (i.e. criteria) is first established to describe unsafe behaviors with several 68 

parameters. Then workers’ behaviors are captured, simplified and compared in real time with the 69 

unsafe behaviors stored in the database. An unsafe behavior is detected if its parameter values 70 

match those in the database. 71 

The rest of this paper is arranged as follows. Firstly, a literature review summarizes 72 

image-based motion recognition methods. Secondly, the framework of this research is introduced, 73 

including the conception of leading postures and the human skeleton mathematical model. Then 74 

the proposed method is described in detail, while a test is presented to demonstrate the feasibility 75 

of the method. Finally, the discussion is done and conclusion drawn. 76 

 77 

Literature review 78 

Construction accidents are “the natural culmination of a series of events or circumstances”, and 79 

can be prevented through removing one or more events or circumstances (Heinrich and Stone 80 

1931). Unsafe behaviors are often considered as the main causes of accidents (Cooper 1961; 81 

Heinrich et al. 1980; Kowalsky et al. 1974). Identifying and removing unsafe behaviors can 82 

prevent construction accidents. Besides, compared with other factors such as safety procedure and 83 

economic feature, identifying and interrupting unsafe behaviors works immediately, instead of in a 84 

rather long period. Therefore, this research focuses on an efficient way to identify unsafe 85 

construction behaviors on site.  86 

Relevant studies can be generally divided into two categories. The first one aims to identify 87 

the causes or rules of unsafe behaviors. More than 45 factors affecting unsafe behaviors have been 88 
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identified from society level to individual level (Khosravi et al. 2014), including culture 89 

background, work environment, working pressure and fatigue (Choudhry and Fang 2008; 90 

Mohamed et al. 2009; Patel and Jha 2015; Seokho et al. 2013). Most of these studies collected 91 

relevant data by observation, interview or questionnaire. These data collection methods may result 92 

in limited samples and subjective data. The second one focuses on the recognition and interruption 93 

of unsafe behaviors on construction site. As mentioned above, some research utilized sensors to 94 

collect workers' behavior data, such as using RFID (Radio Frequency Identification) to track 95 

workers’ location (Guo et al. 2017), but possibly disturbing workers’ normal operations.  96 

Image-based motion recognition provides a solution for the above problems. Image-based 97 

motion recognition methods are able to capture human's behaviors non-intrusively. According to 98 

the type of data sources, the methods can be divided into dynamic motion recognition methods 99 

and static motion recognition methods, which are respectively introduced and reviewed in the 100 

following sections. 101 

 102 

Dynamic motion recognition methods 103 

Dynamic recognition methods are to identify motions from video clips according to both spatial 104 

and temporal features (Moeslund and Granum 2001; Ziaeefard and Bergevin 2015). The spatial 105 

features are derived from the information within one single frame, while temporal features denote 106 

the temporal relationships of spatial features of sequential frames. The typical workflow of a 107 

dynamic motion recognition method is:  108 

(1) Selecting typical videos of target motion, such as hands-up, walking, ice-skating, etc. (Dollár 109 

et al. 2005; Jiang et al. 2013; Junejo and Aghbari 2012; Ryoo and Aggarwal 2009); 110 
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(2) Extracting spatial features from each frame of a typical video, such as pixel values (Dollár et 111 

al. 2005), velocity, acceleration, position (Junejo and Aghbari 2012), appearance (Ryoo and 112 

Aggarwal 2009), etc.; 113 

(3) Analyzing the temporal relationships between the spatial features and creating a sample 114 

database of the spatial-temporal features of each target motion; and 115 

(4) Extracting and comparing the spatial-temporal features of a test video with those of the 116 

sample videos (Dollár et al. 2005; Jiang et al. 2012; Junejo and Aghbari 2012; Niebles et al. 117 

2008; Ryoo 2011; Ryoo and Aggarwal 2009).  118 

Dynamic recognition methods provide a non-intrusive way to evaluate workers’ motion data, and 119 

present a great potential in construction workers’ motion data collection. But most of the previous 120 

research is mainly applied in after-the-fact analysis (Junejo and Aghbari 2012; Ryoo 2011). The 121 

reason lies in the complex motion identification process. Firstly a video needs to be cut into clips 122 

before identification. But the length of the clips depends on the duration of the objective motion, so 123 

a series of trials are needed to determine the optimal length. Then appearance features, such as 124 

colors, textures and edges, are extracted from each frame as the features to distinguish objective 125 

postures (Hachaj and Ogiela 2013). Every step in the process contains a huge amount of 126 

computations(Han and Lee 2013; Han et al. 2013). Construction worker behaviors are more 127 

complex than the motions tested in the current research. Thus, more time would be spent on data 128 

processing and analyzing if dynamic methods were adopted to identify construction workers' 129 

unsafe behaviors. 130 

 131 
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Static motion recognition methods 132 

Some studies recognized static postures from images (Ikizler et al. 2008; Yang et al. 2010; Yao and 133 

Fei-Fei 2012). Compared with video clips, the amount of data used in the static methods is rather 134 

small. However, the identification time is not significantly reduced, because more spatial features 135 

are required due to the lack of temporal information (Ikizler et al. 2008; Maji et al. 2011; Yao and 136 

Fei-Fei 2012). For instance, Maji et al. (2011) had to use more than 1000 images to train a model 137 

for the recognition of only one posture. Thus current static motion recognition methods are also 138 

faced with the problem of delayed recognition. 139 

 140 

Depth-image-based motion recognition methods 141 

To shorten the recognition time, depth images (range images) are used to replace traditional RGB 142 

(Red, Green and Blue) images (Ashraf et al. 2014; Hachaj and Ogiela 2013; Han and Lee 2013; 143 

Han et al. 2014; Han et al. 2013). Depth images are view- and light-invariant (Ashraf et al. 2014), 144 

because the pixels contain the distance to the camera, which has no relationship with RGB 145 

information. The most important advantage of depth image is that it contains the positional 146 

information of human body joints, which can be turned into human skeletons to infer behavior. 147 

For example, Han et al. (2014) calculated the eigenvectors of the skeleton structure of a posture to 148 

obtain an eigenvector value-time curve, and then recognized motions by comparing the curve with 149 

template curves. Hachaj and Ogiela (2013) directly selected joint angles as the eigenvectors to 150 

describe human body, which provided a more intuitive way to recognize postures or motions. Han 151 

et al. (2012) applied depth images and skeleton information to recognize the ladder-climbing 152 

motion. Compared with previous methods, the depth-image-based methods are more suitable for 153 
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the real-time identification of postures, because they only depend on the key parameters rather 154 

than the temporal and/or spatial information of human body. These research proved the feasibility 155 

of using image-based technologies in construction workers’ motion data collection, but more 156 

efforts are needed to realize real-time identification.  157 

This research contributes to a real-time unsafe behavior identification method without on-site 158 

observation. The proposed method firstly defines the leading postures of unsafe behaviors, then 159 

simplifies workers’ posture to a set of key joint parameters according to the human skeleton model. 160 

A laboratory experiment is provided to demonstrate the feasibility of the proposed method. 161 

 162 

Research method 163 

This research aims at achieving a real-time unsafe behavior recognition method. This method 164 

simplifies behavioral information both dynamically and dimensionally. Firstly, a dynamic unsafe 165 

behavior is simplified as a static leading posture. Then the posture is simplified as vital joint 166 

parameters according to the mathematical model of human skeleton. As a result, a complex 167 

behavior is simplified as several parameter values, and the identification time is significantly 168 

shortened. 169 

 170 

Leading postures of construction workers' unsafe behaviors 171 

The conception of leading posture is proposed to simplify dynamic motion videos to static images. 172 

The leading posture of unsafe behavior is based on the near-miss theory. Near-miss is the 173 

precursor of accidents (Wu et al. 2010). Similarly, a leading posture can be seen as the precursor 174 

of an unsafe behavior. For example, climbing a working concrete mixer truck is a dangerous 175 
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behavior. The leading posture of this behavior is to hold a ladder with both hands and step on the 176 

ladder one foot at a time as shown in Fig 1. It is obvious that the worker is going to climb the 177 

ladder and hence a ladder climbing behavior is identified. This moment is also the optimal time to 178 

warn the worker, as he is sure to climb the ladder but not yet. 179 

 180 

Mathematical model of a human skeleton 181 

A mathematical human skeleton model is used to transform a leading posture into several key 182 

parameters. The model represents a human body by joints linked by bones, and reflects the 183 

kinematic features of human postures (Hachaj and Ogiela 2013). Human postures, therefore, can 184 

be described by geometrical parameters composed of lines and hinges, as shown in Table 1 and 185 

Fig 2 (Hachaj and Ogiela 2013; Hsu et al. 2015; Zainordin et al. 2012; Zhu and Cao 2014). 186 

Based on the theory, leading postures can be identified if their parameters satisfy the 187 

conditions of pre-defined unsafe behavior templates. Unlike appearance-based methods, the 188 

skeleton-based behavior recognition method contains only the necessary information for posture 189 

recognition, resulting in less latency time (Zainordin et al. 2012). 190 

 191 

Image-skeleton-based real-time identification of unsafe behaviors 192 

According to the above analysis, an unsafe behavior can be simplified as a leading posture, thus 193 

the skeleton and static image-based methods can be comprehensively applied to identify the 194 

unsafe behavior. The framework of the proposed method is shown in Fig 3. The method 195 

transforms both the captured posture and pre-defined unsafe postures into joint parameters, and 196 

identifies unsafe behaviors by judging whether the parameter value falls within the pre-defined 197 
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ranges. As a result, the behavior identification problem is transformed to a value comparing 198 

problem, which can be easily and quickly completed by computers. 199 

The method involves three modules: an unsafe behavior database, an real-time data acquisition 200 

module and a behavior judgment module. The unsafe behavior database aims to build a database 201 

of parameterized unsafe behavior sampling data as the basis for unsafe behavior judgment. The 202 

real-time data acquisition module not only obtains real-time images, but also extracts and 203 

parameterizes skeleton information from the images. The behavior judgment module judges 204 

whether a behavior is unsafe by comparing its parameter values with those in the sampling 205 

database. These three modules are introduced in detail in the following sections. 206 

 207 

Unsafe behavior database 208 

The unsafe behavior database stores the templates of unsafe behaviors in the form of joint 209 

parameter interval. As mentioned above, an unsafe behavior can be simplified as a leading posture, 210 

then being described by a group of joint parameters. In order to establish such a unsafe behavior 211 

database, common unsafe behaviors need to be collected. The different types of behavior-related 212 

accidents cases were collected from the Chinese Accident Case Collection (Fang and Huang 2001; 213 

Na 2011), the unsafe behaviors resulting in accidents and their leading postures described with 214 

several parameters. Table 2 provides several examples of unsafe behaviors and leading postures as 215 

well as their parameter descriptions, while the database framework is shown in Fig 4. In the 216 

database, an unsafe behavior is described by an unsafe parameter set - an array consisting of the 217 

joint parameter values of a leading posture. As the parameter value for a same behavior is not 218 

certain, it is given as an interval. This is because different workers may have different postures 219 
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when doing a same activity. To determine the value range (interval) of different parameters, 220 

several experiments were carried out to establish the joints of certain leading postures. Although 221 

the complete mathematical human skeleton model for climbing ladders involves about 20 222 

parameters, the experimental work indicates that only 6 ones are needed to identify unsafe 223 

behaviors. 224 

 225 

Real-time data acquisition module 226 

The real-time data acquisition module is to transfer the captured behaviors to parameter sets. The 227 

top left side of Fig 4 shows the workflow of the real-time data acquisition module. Firstly a video 228 

clip is broken down into a series of frames. Based on this, the data acquisition module treats a 229 

behavior as a sequence of postures, thus transforming a dynamic unsafe behavior identification 230 

question into a static posture-matching question between the captured postures and the 231 

pre-defined leading postures. Then the skeleton information is extracted from the images of 232 

postures. The values of joint parameters are calculated and stored in a parameter set. The 233 

parameter set is also an array, which contains numeric value representing the joint state of the 234 

worker at certain time point. Table 3 shows the parameter values of the posture in Fig 4. 235 

 236 

Behavior judgment module 237 

The behavior judgment module detects a unsafe behavior by judging whether the values of its 238 

parameter set are in the value range of predefined unsafe parameter set. Since only several key 239 

parameters are analyzed, compared with traditional motion capture methods, the efficiency of 240 
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calculations is sharply improved. To enable even faster calculation, the following measures are 241 

also taken: 242 

(1) Only key parameters are included in the unsafe behavior parameter sets. Though there are 243 

over 20 joint parameters in the mathematical human skeleton model, only several parameters 244 

are needed in practice. For example, some detailed posture information, such as wrist joints 245 

and ankles, is insignificant in detecting the leading posture of climbing ladders, while 246 

information about the torso and limbs is necessary for recognition. Based on the 247 

mathematical human skeleton model, the inclination of the upper body and lower body is 248 

used to describe the torso status, and the angles of elbow joints and knee joints are used to 249 

describe the limb status. As a result, only six parameters are needed to recognize the leading 250 

posture. 251 

(2) The main joint parameters are identified first, rather than all at the same time. The order of 252 

identification of parameters may affect the count of calculation, as some parameters 253 

contribute more to the differences between behaviors than others. Checking these parameters 254 

first improves the efficiency of identification. Table 4 shows an example. "A", "B" and "C' 255 

are three unsafe behaviors, which can be described by parameter sets. Each parameter set 256 

contains three parameters, "a", “b” and "c" respectively describing whether their values are in 257 

a given range. "0" denotes the value is out of the range, while “1” denotes the value is within 258 

the range. By judging whether relevant parameter values are in these ranges, unsafe 259 

behaviors can be identified. For example, for Set A, if b=1 but a and c=0, the posture A can 260 

be judged as an unsafe behavior. The question is which parameter should be checked first. 261 

Fig 5 presents two different checking orders. In Fig 5(a), the checking order is a-b-c, which 262 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://doi.org/10.1061/(ASCE)CO.1943-7862.0001497 



 

 

needs three times of test to identify all of the three unsafe behaviors. While in Fig 5(b), the 263 

checking order is a-c-b, only two times of tests are needed. This demonstrates that the 264 

checking order of parameters does have a serious effect on the efficiency of recognition. 265 

In sum, an image-skeleton-based parameterized method to identify real-time unsafe behaviors are 266 

established and the leading postures of unsafe behaviors on construction sites defined. According 267 

to the mathematical model of human skeleton, the key parameters that define the leading postures 268 

are selected. Considering that the parameter values of a same posture may differ to some degree, 269 

some experiments are needed to determine the range of parameter values. 270 

 271 

Experiment and test 272 

A test was executed to demonstrate the feasibility, efficiency and accuracy of the proposed method. 273 

Climbing the ladder of concrete mixer truck - one of the most common unsafe behaviors 274 

according to construction accident statistics (Na 2011) - was selected as the identified behavior.  275 

First, the posture occurring when being about to climb the first step was defined as the 276 

leading posture. As shown in Fig 6, the leading posture comprises (1) holding the ladder with both 277 

hands; (2) stepping on the ladder with one leg, while another leg is on the ground; (3) the upper 278 

body leaning forward a little; and (4) the lower body leaning forward a little.  279 

Six parameters were then selected to describe the above features, including (1) the angle of 280 

left elbow, (2) the angle of right elbow, (3) the angle of left knee, (4) the angle of right knee, (5) 281 

the inclination angle of upper body, and (6) the inclination angle of lower body.  282 

In this experiment, a ladder was used to simulate the ladder of a concrete mixer (see Fig 6) 283 

and a Kinect 2.0 camera placed on the right side of the ladder to collect the worker's behavior 284 
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information by capturing the depth image, which contains the location information of each pixel in 285 

the image. Kinect for Windows Software Development Kit 2.0 (Windows SDK 2.0) was adopted 286 

to develop the application. Windows SDK 2.0 contains a set of Windows Runtime APIs 287 

(Application Program Interface) to support windows-based application development. Video data 288 

provided by Windows SDK 2.0 include not only low-level data, such as infrared and color, but 289 

also processed data, like skeleton data used in this research. This research utilized the methods in 290 

the APIs to extract skeleton data, and added new functions through C++ programming, including 291 

calculating joint angle, comparing with the standards, and alarming if unsafe behaviors were 292 

found. 293 

In order to acquire the value range of the six parameters, nine testees were recruited to 294 

perform the ladder climbing activity. Fig 7 presents the values of the six joint parameters of one 295 

testee during the test. The horizontal axis represents frames, and the frequency of data collection is 296 

30 frames/second. The vertical axis represents the value, and each curve represents an joint. The 297 

stable period of the curve was considered as the value of a joint angle. Table 5 shows the 298 

parameter values of all the nine testees. The value ranges of the parameters were defined as the 299 

interval between their minimum and maximum values. 300 

Finally, a testee was required to randomly hang around the ladder and climb the ladder. Based 301 

on the above value range, the unsafe behavior was immediately detected. During this experiment, 302 

a computer application was also developed to identify testees' unsafe behaviors automatically. 303 

When the leading posture of the unsafe behavior was identified, the user interface turned from 304 

white to black (see Fig 8). For example, the background was white when the testee was hanging 305 

around, turning black once the testee climbed the ladder. 306 
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This experiment basically demonstrates that the method is feasible, accurate and efficient.  307 

(1) Feasibility: The method was implemented with the help of a Kinect 2.0 camera, which 308 

transformed the captured behavior into a parameterized human skeleton model in real time. 309 

Such kind of devices are greatly maturing, thus providing more support to the 310 

implementation of the method in practice in the future. 311 

(2) Accuracy: The experiment proves that the method is able to identify unsafe behaviors well 312 

but not misjudge normal behaviors as unsafe behaviors. However, more tests are needed to 313 

demonstrate the accuracy of the method in the future research. 314 

(3) Efficiency: The color of the application interface changed immediately when the testee 315 

climbed the ladder. This proves that the method can capture and simplify behavior 316 

information, but compare it with the unsafe behavior database in real time. 317 

 318 

Discussion 319 

The above-mentioned experiment demonstrates that the method has a positive effect on BBS by 320 

identifying workers' unsafe behaviors automatically and quickly. 321 

 322 

Advantages of the method 323 

The method is suitable for the real-time identification of construction workers' unsafe behaviors 324 

due to the following advantages: 325 

(1) Real-time identification. The method is real-time because of the temporal and spatial 326 

simplification. Real-time identification of unsafe behaviors will benefit on-site safety 327 

management by preventing unsafe leading postures from developing into accidents. 328 
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Furthermore, this is also an efficient and convenient identification method, which allows the 329 

analysis of unsafe behaviors off site. 330 

(2) Invariance of view. The method utilizes depth images, whose pixels contain 3D 331 

(three-dimensional) location information, thus postures can be identified irrespective of the 332 

view of capturing. 333 

(3) Non-intrusiveness. This method can get workers’ motion data without any wearable sensors, 334 

thus not affecting workers’ normal works on site. 335 

(4) Intuitive spatial features. The method directly applies joint parameters as spatial features, 336 

which can be easily understood by safety managers, thus adapting to the construction 337 

industry better than indirect features such as histograms of oriented gradients (HOGs) and 338 

silhouettes. 339 

 340 

Limitations of the method and the research 341 

However, the method still needs to be improved in the following aspects:  342 

(1) A complete unsafe behavior sample database has not yet been established. To establish such a 343 

database for practical use, more construction accident cases need to be collected and 344 

analyzed in the future to obtain more commonly-seen unsafe behaviors resulting in accidents. 345 

(2) Kinect 2.0 does not operate well in direct sunlight as it does in indoor environments, because 346 

sunlight interferes with infrared rays. Other similar devices need to be tested in the future to 347 

overcome this problem. At present, the method can be used well in indoor environments, 348 

such as tunnels. 349 
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(3) The test only considered the motion of one worker. However, material, equipment, their 350 

states, as well as their relationships with site workers may affect construction workers' safety 351 

risks. Thus future research needs to consider the scenario with multiple workers and site 352 

surroundings. 353 

(4) The joint parameters of only nine testees performing unsafe behavior in the laboratory were 354 

collected in the test to decide the value range of joint parameters. More tests and on-site 355 

experiments are needed to ensure the reliability of the parameter value ranges. Otherwise, the 356 

approval from ergonomic experts is also necessary to demonstrate the appropriateness of the 357 

value range of parameters. 358 

(5) The proposed method requires image capturing in real time on construction sites. However, 359 

capturing image during working may have some negative effects on construction workers, 360 

such as more physical and mental stress, as well as less trust in managers (Ball 2010; 361 

Khosravi et al. 2014; Holland et al. 2015). Further research is needed to compare its positive 362 

effects on behavioral safety and its negative effects on workers’ working enthusiasm. 363 

(6) The test was only conducted in the laboratory, not yet on construction sites. More tests or 364 

trials on site are needed to evaluate the performance of the proposed method in the future 365 

research. Otherwise, the approach to setting up the camera on site needs to be considered to 366 

ensure the camera work well in the future. 367 

 368 

Conclusion 369 

This paper develops a real-time identification method to detect the unsafe behaviors of 370 

construction workers, and demonstrates its feasibility, accuracy and efficiency by experimental 371 
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testing. The method is able to identify workers' unsafe behaviors in real-time through (1) 372 

simplifying previous vision-based motion detection technologies, (2) integrating construction 373 

safety management knowledge, and (3) combining ergonomics theory. The test proves that the 374 

method can identify ladder-climbing behaviors well.  375 

In contrast with previous image-based behavior recognition methods, this method identifies 376 

unsafe behaviors in real time. If employed on construction sites, the method will provide useful 377 

data related to unsafe behaviors for the analysis of their causes as well as an early warning to 378 

prevent behavior-related accidents. For example, the method can record all the unsafe behaviors 379 

identified, combined with other information such as temperature, worker’s trades, etc., for further 380 

analysis to establish the rules of unsafe behaviors. In addition, if a worker’s behavior is adjudged 381 

as a posture known to lead to an unsafe behavior, he or she will be alarmed that this is the case. 382 

Thus, this research not only provides a useful practical approach for construction safety 383 

management, but also contributes to ongoing fundamental research into worker behavior as a 384 

leading indicator of construction accidents as well as image-based behavior recognition on site. 385 

However, the method needs be improved at the following aspects for on-site implementation, 386 

such as improving its applicability in outdoor environments and complex construction sites. 387 

Besides, future research also needs to consider equipment and material, as well as their 388 

interactions with workers’ behaviors. 389 
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Table 1 Parameters of human skeleton mathematical model 508 

Parameter Description 

θ1 Angle between left arm and torso 

θ2 Angle between right arm and torso 

θ3 Angle of left elbow 

θ4 Angle of right elbow 

θ5 Angle between left leg and torso 

θ6 Angle between right leg and torso 

θ7 Angle of left knee 

θ8 Angle of right knee 

θ9 Inclination of upper body (Angle between torso and axis z) 

θ10 

Inclination of lower body (Angle between line a-o and axis z. 

Point a is the middle point of the connecting line between two feet; Point o 

is located at the hip joint.) 

 509 

Table 2 Examples of leading postures of unsafe behaviors 510 

Accident type Unsafe behavior Leading posture 

Falling 

from 

height  

Portal frame- 

related accidents 
Climbing without permission Climbing 

Hole/edge- 

related accidents 

Sleeping on a sill Lying on the floor 

Dumping construction waste from a high floor Dumping 

Leaning out of a parapet wall Leaning out  

Jumping over a parapet wall Jumping over 

Jumping over a guardrail Jumping over 

Being struck  Pulling trolleys on stairs Pulling a trolley 

Equipment-related accidents  

Standing on a concrete mixer truck while it is working 
Climbing 

Cleaning a concrete mixer truck while it is working 

Sleeping on the road side Lying down 

 511 
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Table 3 Example of posture parameter values 512 

Angle Joint Value (degree) 

θ1 Left elbow 165 

θ2 Right elbow 133 

θ3 Left knee 100 

θ4 Right knee 167 

θ5 Upper body inclination 14 

θ6 Lower body inclination 20 

 513 

Table 4 Effect of joint identification order on recognition time 514 

 515 

Table 5 Parameter values of nine testees and standard range 516 

Testee Left Elbow Right Elbow Left Knee Right Knee Upper Body Lower Body 

1 165-168 133-135 100-101 167-168 14-15 20-21 

2 166-169 150-155 128-131 151-154 10-12.0 27-28 

3 166-168 151-153 127-129 152-154 10-12.0 23-25 

4 168-170 159-161 126-128 156-158 11.0-13 20-22 

5 150-155 145-152 109-111 166-170 11.0-13 20-21 

6 145-150 135-138 106-112 155-158 4.5-6 17-20 

7 145-155 130-140 104-106 166-169 5.0-10.0 18-20 

8 165-166 127-129 124-127 172-173 7-8.0 24-25 

9 157-158 133-134 115-116 168-170 10-11.0 23-24 

Range 145-170 127-155 100-129 151-173 4.5-15 17-28 

 517 

  518 

Unsafe behavior or 

Unsafe parameter set 

Judgment parameter 

a b c 

A 0 1 0 

B 0 1 1 

C 1 1 0 
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Fig. 1 The leading posture for ladder climbing 521 

 522 

 523 

 524 
Fig. 2. Human skeleton mathematical model 525 
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Fig. 3. Framework for the unsafe behavior database 529 

  530 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://doi.org/10.1061/(ASCE)CO.1943-7862.0001497 



 

 

 531 

 532 
Fig. 4. Workflow for real-time unsafe behavior recognition 533 
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Fig. 5. Effect of identification order on recognition time 537 
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Fig. 6. Skeleton model of the leading posture of climbing 541 

 542 

 543 

 544 
Fig. 7. Parameter value of one testee 545 
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 548 

Fig. 8. Automated identification of testee’s unsafe behavior 549 

 550 

This material may be downloaded for personal use only. Any other use requires prior permission of the American Society of Civil Engineers. 
This material may be found at https://doi.org/10.1061/(ASCE)CO.1943-7862.0001497 




