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Abstract 

Purpose – Construction workers are frequently exposed to safety hazards on sites. Wearable 

sensing systems (e.g., wearable inertial measurement units (WIMUs), wearable insole pressure 

system (WIPS)) have been used to collect workers’ gait patterns for distinguishing safety hazards. 

However, the performance of measuring WIPS-based gait parameters for identifying safety 

hazards as compared to a reference system (i.e., WIMUs) has not been studied. Therefore, this 

study examined the validity and reliability of measuring WIPS-based gait parameters as compared 

to WIMU-based gait parameters for distinguishing safety hazards in construction.  

Design/methodology/approach – Five fall risk events were conducted in a laboratory setting and 

the performance of the proposed approach was assessed by calculating the mean difference (MD), 

mean absolute error (MAE), mean absolute percentage error (MAPE), root mean square error 

(RMSE), and intraclass correlation coefficient (ICC) of five gait parameters.  

Findings – Comparable results of MD, MAE, MAPE, and RMSE were found between WIPS-

based gait parameters and the reference system. Furthermore, all measured gait parameters had 

validity (ICC ≥ 0.751) and test-retest reliability (ICC ≥ 0.910) closer to 1, indicating a good 

performance of measuring WIPS-based gait parameters for distinguishing safety hazards.  

Research limitations/implications – Overall, this study supports the relevance of developing a 

WIPS as a non-invasive wearable sensing system for identifying safety hazards on construction 

sites, thus highlighting the usefulness of its applications for construction safety research.  

Originality – This is the first study to examine the performance of a wearable insole pressure 

system for identifying safety hazards in construction. 

Keywords: Gait Parameters; Non-fatal fall injuries; Safety hazards; Wearable inertial 

measurement unit; Wearable insole pressure system 

Paper type: Research paper 
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1. Introduction 

The construction industry is widely recognized as one of the most hazardous occupations with a 

high risk of developing fatalities and non-fatal fall injuries (Earnest and Branche, 2016). In the 

United States, more than 700 fatal and 200,000 non-fatal injuries are reported every year in the 

construction industry (Bureau of Labor Statistics, 2017). Specifically, slips, trips, and loss of 

balance events are classified as the main cause of non-fatal fall injuries (Lipscomb et al., 2006; 

Antwi-Afari and Li, 2018g; Antwi-Afari et al., 2020b). Non-fatal fall injuries may not only result 

to work absenteeism, high insurance premiums, but also lead to loss of workers’ productivity and 

workers’ disabilities (Earnest and Branche, 2016). Given these adverse effects, it is essential to 

implement effective approaches to prevent non-fatal fall injuries among construction workers.   

 

Previous studies have demonstrated several traditional approaches to identify safety hazards 

among construction workers (Zou and Zhang, 2009; Teizer et al., 2010; Han and Lee, 2013). Self-

reported approaches are usually achieved by manual inspections that are performed by safety 

managers. Examples include accident reports, safety checklists, and safety training (Zou and 

Zhang, 2009; Rozenfeld et al., 2010). Although they are useful for safety hazard identification, 

they are usually biased, time-consuming, and involve imprecise procedures (Van Eerd et al., 2009). 

Other researchers have utilized vision-based approaches (e.g., depth cameras) to analyze workers’ 

motions to identify safety hazards (Ray and Teizer, 2012; Han and Lee, 2013; Kim et al., 2017; 

Yuan et al., 2017). Kim et al. (2017) proposed a vision-based hazard avoidance system that 

proactively informs workers of potentially dangerous situations. It was reported that the proposed 

system can mitigate hazards and improve construction site safety. Despite their usefulness for 

enhancing safety hazard identification, vision-based approaches are limited due to constrained 
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light conditions, occlusion, and misrepresentation of real-time motion conditions (Valero et al., 

2017). Collectively, these traditional approaches are limited to the performance of safety hazard 

identification on construction sites.  

 

Thanks to the recent development of wearable sensing technologies, safety hazard identification 

has become increasingly applicable to construction environments. Wearable inertial measurement 

units (WIMUs) are one of the potential approaches used to identify safety hazards by collecting 

workers’ bodily responses or gait patterns during the existence of safety hazards (Akhavian and 

Behzadan, 2016; Yang et al., 2017; Yang et al., 2019). Since non-fatal fall injuries are often caused 

by extrinsic risk factors between the human foot and surface condition, workers’ gait movements 

contain valuable information for identifying safety hazards (Antwi-Afari and Li, 2018g). As such, 

the feasibility of collecting workers’ gait movements measured by using WIMUs has been 

extensively studied (Kim et al., 2016; Yang et al., 2017; Yang and Ahn, 2019). 

 

Although WIMUs have potential applications, multiple WIMUs are needed to be attached to a 

worker’s body parts (e.g., ankle, waist) to collect gait patterns for identifying safety hazards. 

Accordingly, attaching multiple WIMUs to the skin surfaces may not only lead to workers’ 

discomforts but also may reduce workers’ productivity (Antwi-Afari and Li, 2018g). In addition, 

WIMUs are difficult to acquire ground reaction force data when workers use their feet as the main 

support of the whole body (Antwi-Afari et al., 2018f; Antwi-Afari et al., 2020a). Moreover, they 

are intrusive and require indirect forms of attachments such as straps, belts, or other accessories to 

prevent detachment of sensors from the body when performing a given task. To address the given 

limitations, previous studies proposed a non-invasive approach to identify the loss of balance 
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(Antwi-Afari et al., 2018e), recognize workers’ activities and assess ergonomic risks (Antwi-Afari 

et al., 2020a) and measure the fall risk (Antwi-Afari and Li, 2018g) by using a wearable insole 

pressure system (WIPS). However, the performance of WIPS-based gait parameters compared to 

WIMU-based gait parameters to identify safety hazards has not been explored.   

 

To address this research gap, the objective of this study was to examine the validity and reliability 

of WIPS-based gait parameters for distinguishing safety hazards as compared to WIMU-based gait 

parameters (i.e., reference system). To do this, a series of experiments were conducted in a 

simulated laboratory environment to test the performance of the proposed approach. The results of 

the current study could confirm the usefulness of WIPS-gait parameters for identifying safety 

hazards on construction sites. The main contribution of this study relies on examining the 

performance of a WIPS for identifying safety hazards in construction.  

 

2. Literature review 

Safety hazard identification is the first step in preventing non-fatal injuries in the construction 

industry. Previous studies have utilized several traditional methods for safety hazard identification 

in construction. Examples are job-hazard analyses (Rozenfeld et al., 2010), safety checklists (Fang 

et al., 2004), and safety training (Albert et al., 2014a). Although these previous studies offered 

insight to preventing the risk of fall injuries, however, safety hazard identification was mostly 

performed by manual inspection by safety managers. In addition, they are limited by the 

availability of resources (e.g., safety manager), and different levels of expert judgments (Albert et 

al., 2014a, Albert et al., 2014b).  
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To overcome existing approaches, numerous advanced sensing technologies (Antwi-Afari et al., 

2019a; Edirisinghe, 2019) have been proposed to enhance safety hazard identification. Examples 

include building information modeling (Zhang et al., 2013), global positioning system (GPS) 

(Wang and Razavi, 2016), RFID (Teizer et al., 2010), Bluetooth sensing technology (Park et al., 

2015), and vision-based techniques (Han and Lee, 2013). However, the applications of vision-

based techniques are not only limited due to the sensing range of a camera, visual occlusions, and 

misrepresentation but also require a direct line of sight is to register the movements (Valero et al., 

2017; Kong et al., 2018). Despite their efficient performance to identify safety hazards on 

construction sites, the major drawback of most of these sensing technologies is that safety 

managers must still apply manual observation to identify safety hazards.  

 

The development of wearable sensing technologies (e.g., WIMUs) has recently gained attention to 

enable the collection and analysis of workers’ bodily responses or gait patterns to prevent work-

related musculoskeletal disorders (WMSDs), physical demands, and fall injuries (Akhavian and 

Behzadan, 2016; Yang et al., 2017; Antwi-Afari et al., 2018a; Yang et al., 2019). Yang et al. (2019) 

evaluated the accuracy of WIMUs-based gait parameters to distinguish hazardous conditions. 

These authors found a 6.48 mean absolute percentage error in a non-hazard condition which 

revealed the validity of gait parameter for distinguishing hazardous conditions compared to the 

reference motion tracking system. Accordingly, the findings from previous studies have provided 

valuable insights for monitoring human gait analysis to assess fall injuries not only in construction 

environments (Kim et al., 2016; Yang and Ahn, 2019; Yang et al., 2019) but also in clinical, sport 

and rehabilitation settings (Leardini et al., 2014; Norris et al., 2014; Shull et al., 2014).  

 



7 
 

While these previous studies had shown significant efforts in assessing the risk of non-fatal fall 

injuries by using WIMUs, they are however limited because they: (1) require the use of multiple 

WIMUs to be attached to the subject's lower body parts (e.g., ankle) for ambulatory gait analysis 

(Antwi-Afari, 2019; Antwi-Afari et al., 2019a); (2) can only capture thresholds such as the 

magnitude of angular velocity and acceleration signals as the main sensor data streams to identify 

safety hazards. However, such thresholds diminish the automation potential of these approaches 

(Yang and Ahn, 2019); and (3) are intrusive and attaching WIMUs to the skin surfaces may not 

only lead to workers’ discomforts and inconveniences but also may reduce construction workers’ 

productivity (Antwi-Afari and Li, 2018g; Antwi-Afari et al., 2020a). 

 

To address these limitations, previous studies proposed a WIPS to analyze the changes in 

biomechanical gait stability parameters (Antwi-Afari and Li, 2018g), to detect and classify 

awkward working postures (Antwi-Afari et al., 2018f), and to detect and classify loss of balance 

events (Antwi-Afari et al., 2018e). Taken together, previous studies had indicated that foot plantar 

pressure distribution data captured by using a WIPS can not only allow safety managers to identify 

the risk for developing WMSDs, but also minimize the risk of non-fatal fall injuries among 

construction workers. Notably, gait parameters (e.g., stride time, stride length, swing time) are 

particularly useful measurements for identifying safety hazards to minimize the risk of non-fatal 

fall injuries on construction sites (Yang et al., 2019). This could be explained by the fact that non-

fatal fall injuries are often initiated by external environmental surface conditions between a 

worker’s foot and surface condition (Kim et al., 2016; Antwi-Afari and Li, 2018g). As such, 

continuous monitoring of workers’ gait movements could provide valuable insight for safety 

hazard identification to prevent the occurrence of non-fatal fall injuries among construction 
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workers (Antwi-Afari et al., 2018e; Yang et al., 2019). Previous studies in rehabilitation and 

clinical settings have demonstrated the validity of collecting WIPS-based gait parameters for 

assessing the risk of non-fatal fall injuries during patients’ daily living activities such as walking 

(Crea et al., 2014; Braun et al., 2015). However, the performance of measuring WIPS-based gait 

parameters for identifying safety hazards in the construction environment has not yet been 

explored. To evaluate the performance of WIPS-based gait parameters for identifying safety 

hazards in construction, this study compared WIPS-based parameters to WIMUs-based gait 

parameters. Since the existence of safety hazards on construction sites could lead to the occurrence 

of non-fatal fall injuries among construction workers, the performance of collecting WIPS-based 

gait parameters could provide great potential for identifying safety hazards.  

 

3. Research methodology 

3.1. Participants 

Five healthy male participants between the age of 30 and 40 years were recruited to participate in 

this current study (age: 32.8 ± 1.92 years; height: 1.7 ± 0.03 m; and weight: 70.8 ± 3.96 kg). None 

of the participants had any history of physical or neurological conditions that might interfere with 

their respective gait movements. All the participants gave their written informed consent and the 

experimental procedures were approved by the Human Subject Ethics Subcommittee of the Hong 

Kong Polytechnic University.  

 

3.2. Experimental set-up 

An OpenGo system (Moticon SCIENCE Sensor Insole GmbH, Munich, Germany) (Fig. 1a), which 

consists of 16 capacitive pressure sensors, a 3-axis gyroscope (MEMS LSM6DSL, ST 
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Microelectronics), a 3-axis accelerometer for each sensor insole was used for data collection. 

Pressure sensors have a range, resolution, and hysteresis of 0 to 50.0 N/cm2, 0.25 N/cm2, and ≤ 

1%, respectively. Manufacturer’s guidelines indicate that no calibration is needed within its 

production lifetime. The acceleration and angular rate ranges are between ± 16g and ± 2000 dps, 

respectively. Each sensor insole contains on-board memory storage (16 MB) and a coin cell 

rechargeable of 3.7 V± 0.4V power supply. It uses a Bluetooth low energy 5.0 for wireless 

transmission within a wireless range of ≥ 5.0 m and bandwidth of 54 kB/s. The sampling frequency 

used in this study was 50Hz (Antwi-Afari et al., 2019c; Antwi-Afari et al., 2020b). 

 

Two WIMUs (YEI 3-Space SensorTM Bluetooth, Yost Labs, Inc., Portsmouth, Ohio, USA) (Fig. 

1b) were attached to the participants’ ankle for data collection. It integrates triaxial accelerometer, 

gyroscope, and compass sensors in conjunction with advanced processing and on-board 

quaternion-based orientation filtering algorithms to determine orientation relative to an absolute 

reference in real-time. It has an integrated 2.4 GHz Bluetooth v2.0 EDR Class 1 wireless interface 

which allows high performance at a range up to 300'. It also has an integrated Lithium-Polymer 

battery and charge control which allow a battery life of 5+ hours at full performance. The data 

collected from the WIMUs was sampled at 50Hz.  

 

3.3. Experimental design and procedure 

The current study adopted a randomized crossover study design in a single testing session. Prior 

to the testing session, the experimental procedure was fully explained to each participant. 

Afterward, all participants provided their written informed consent and demographic data. This 

study was conducted in a laboratory setting to test fall risk events which may lead workers to 
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develop non-fatal fall injuries on construction sites (Fig. 1). In order to simulate these fall risk 

events to emulate real-world occurrence of non-fatal fall accidents on construction sites, each 

participant could watch representative videos of non-fatal fall accidents that had occurred on 

construction sites. Subsequently, they were instructed to practice each fall risk event. In addition, 

each participant wore a pair of safety boots, safety harness, and a hard hat during the testing session. 

During data collection, each participant had to walk on a pre-designed path with installed safety 

hazards at their own comfortable pace. Our ultimate goal was to conduct similar experimental 

events while utterly preventing our participant from experiencing any unexpected non-fatal fall 

injuries along the path with installed safety hazards on the floor surface. 

 

In the present study, four hazardous events were tested at a specific location (i.e., 4m) during the 

testing session (Fig. 1). They include (1) a slippery hazard (i.e., a low-density polyethene) that 

may cause a slip event (Fig. 1d); (2) an obstacle hazard (i.e., a concrete brick measuring 20cm × 

9cm × 6cm height) that may cause a trip event (Fig. 1e); and (3) an uneven surface hazard (i.e., a 

wooden platform with 20 cm height) that may cause an unexpected step-down event (Fig. 1f); and 

(4) a load hazard (i.e., 5 Kg in a wooden box—measuring 30 × 30 × 25 cm with dumbbell weights) 

that may cause a fall on the same level event (Fig. 1g). Notably, these safety hazards were used 

because they are often exposed to workers on construction sites and may create abnormal patterns 

in workers’ gait movement (Antwi-Afari and Li, 2018g). In addition, the above-mentioned safety 

hazards have been demonstrated to cause non-fatal fall injuries on construction sites (Bentley et 

al., 2006; Lipscomb et al., 2006) and other occupational environments (Gauchard et al., 2001; 

Yoon and Lockhart, 2006). Moreover, it has been reported that carrying a load may lead to non-

fatal fall injuries (Liu and Lockhart, 2013).  
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Five fall risk events were conducted in this current study (Fig. 1). They are (1) normal walk (i.e., 

baseline) event without any safety hazard (Fig. 1c); (2) a slip event induced by a slippery hazard 

(Fig. 1d); (3) a trip event induced by an obstacle hazard (Fig. 1e); (4) an unexpected step-down 

event induced by an uneven surface hazard (Fig. 1f); and (5) a load-carrying event without a hazard 

(Fig. 1g). Each participant performed ten repeated trials of each fall risk event. The sequence of 

conducting these fall risk events was randomized utilizing a random number generator. The 

participants were allowed to rest for 5 minutes between two successive trials to prevent fatigue. In 

all experimental events, the participants did not have prior knowledge of the safety hazards but 

were told that there could be unexpected conditions during normal gait. For a participant not to 

recognize the safety hazards on the floor surface, the lights in the laboratory were dimmed and the 

participants were instructed to look straight ahead during the testing sessions. The entire 

experiments were recorded using a video camcorder, and the video was time-synchronized with 

both the WIMU and WIPS data. Also, the video data were used as reference data for exhibiting 

the different types of safety hazards during a normal gait movement. 
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Fig. 1.  Laboratory experimental setup: (a) Wearable insole pressure system; (b) Wearable inertial measurement unit; (c) Normal 

walk; (d) Slip event; (e) Trip event; (f) Unexpected step-down event; (g) Carrying load event.
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3.4. Data processing and analysis  

Gait event detection is the first crucial step to compute gait parameters. Since a normal gait is a 

cyclic movement of the foot, the heel strike and toe-off events need to be detected to compute gait 

parameters. Foot plantar pressure distribution data provide unique pressure patterns that aided in 

the detection of gait events. Notably, the sampling frequency was set at a rate of 50 Hz (i.e., 50 

data samples per second) and each fall risk event was completed in an average of 10 s. 

Consequently, a single experimental trial of a fall risk event (e.g., slip) contains 500 (= 50×10) 

data samples. Since five participants were recruited to perform 10 repeated trials of each fall risk 

event, a total of 125,000 (= 500 ×5 participants ×10 trials × 5 fall risk events) data samples were 

analyzed. Although previous validation studies performed different experimental protocols (Braun 

et al., 2015; Loiret et al., 2019), the number of data samples and participants is comparable to the 

current study, which enabled the choice of statistical analyses.  

 

In this study, a gait cycle was defined as the gait patterns between consecutive heel strikes of the 

same foot (Hausdorff et al., 1998). To detect heel strike and toe-off events during a gait cycle, the 

average pressure was calculated at the heel and toe foot regions. From the four main anatomical 

foot regions (Choi et al., 2015), toe region of the foot consists of sensors 14 to 16, whilst the heel 

region of the foot comprises of sensors 1 to 4. Since plantar pressure patterns were collected 

bilaterally during the experiments, the average pressure sensors from either the left or right foot 

were used for detecting gait events. Figure 2 shows an example of the average plantar pressure 

sensor amplitude of each fall risk event that was used to compute gait parameters. As shown in 

Fig. 2, each fall risk event exhibited unique plantar pressure patterns, thus enabling the 

understanding of gait event detection to compute gait parameters.  
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On the other hand, the angular velocity data from the WIMUs were used for gait event detection 

(Fig. 2), which is mainly the heel strike and toe-off events. This study adopted the changes in pitch 

of angular velocity for computing WIMU-based gait parameters because they are insensitive to the 

influence of gravity, attachment locations, and provide vital performance detection of gait events 

(Aminian et al., 2002). During data collection, the pitch of angular velocity data showed the lowest 

point before the peak and the lowest point after the peak, representing the toe-off event and the 

heel strike event, respectively. The coordinates of the toe-off event and the heel strike event are 

subsequently used to define a gait cycle. Based on a gait cycle, both WIPS-based gait parameters 

and WIMU-based gait parameters can be successfully computed. Since the data collection was 

conducted with the same sampling frequency, the data synchronization between the WIPS and 

WIMUs was performed based on the video data and the collected timestamps.  
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Fig. 2. Average plantar pressure sensor amplitude and angular velocity during each fall risk event: (a) Normal walk; (b) Slip; (c) Trip; 

(d) Unexpected step-down; and (e) Carrying load.
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Initially, this study computed five gait parameters based on gait event detection from the two 

wearable measurement systems. They are stride time (ST), stride length (SL), swing time (𝑆𝑤𝑃), 

stance time (𝑆𝑡𝑃), and single support time (SST). Table 1 depicts the computed gait parameters 

with their respective equations.  

 

Table 1. Gait parameters  

Gait parameters  Equations 

Stride time (ST), (s) 𝑆𝑇𝐿 = 𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝐻𝑆𝑖)                                  (1) 

 

𝑆𝑇𝑅 = 𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝐻𝑆𝑖)                                (2) 

Stride length (SL), (m)  
𝑆𝐿𝐿 =

𝑊𝑎𝑙𝑘𝑖𝑛𝑔 𝑆𝑝𝑒𝑒𝑑 × 𝑆𝑇𝐿  

𝐻𝑒𝑖𝑔ℎ𝑡
                            (3) 

 

𝑆𝐿𝑅 =
𝑊𝑎𝑙𝑘𝑖𝑛𝑔 𝑆𝑝𝑒𝑒𝑑 × 𝑆𝑇𝑅 

𝐻𝑒𝑖𝑔ℎ𝑡
                            (4) 

Swing time (𝑆𝑤𝑃) (%) 

 

 

 

% 𝑆𝑤𝑃𝐿 =
𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝑇𝑂𝑖)

𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝐻𝑆𝑖)
× 100%        (5) 

 

% 𝑆𝑤𝑃𝑅 =
𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝑇𝑂𝑖+1)

𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝐻𝑆𝑖)
× 100%   (6) 

Stance time (𝑆𝑡𝑃) (%) 
% 𝑆𝑡𝑃𝐿 =

𝑡(𝐿𝑇𝑂𝑖) − 𝑡(𝐿𝐻𝑆𝑖)

𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝐻𝑆𝑖)
× 100%          (7) 

 

% 𝑆𝑡𝑃𝑅 =
𝑡(𝑅𝑇𝑂𝑖+1) − 𝑡(𝑅𝐻𝑆𝑖)

𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝐻𝑆𝑖)
× 100%        (8) 

Single support time (SST) (%) 
% 𝑆𝑆𝑇𝐿 =

𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝑇𝑂𝑖+1)

𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝐻𝑆𝑖)
× 100%    (9) 

 

% 𝑆𝑆𝑇𝑅 =
𝑡(𝐿𝐻𝑆𝑖+1) − 𝑡(𝐿𝑇𝑂𝑖)

𝑡(𝑅𝐻𝑆𝑖+1) − 𝑡(𝑅𝐻𝑆𝑖)
× 100%      (10) 

Note: 𝑆𝑇𝐿 = Stride time of the left foot; 𝑆𝑇𝑅 = Stride time of the right foot; 𝑡(𝐿𝐻𝑆𝑖+1) = Time of 

the (𝑖 + 1)𝑡ℎ heel strike event of the left foot; 𝑡(𝑅𝐻𝑆𝑖+1) = Time of the (𝑖 + 1)𝑡ℎ heel strike event 

of the right foot; 𝑡(𝐿𝐻𝑆𝑖) = Time of the 𝑖𝑡ℎ heel strike event of left foot; 𝑡(𝑅𝐻𝑆𝑖) = Time of the 

𝑖𝑡ℎ  heel strike event of right foot; 𝑆𝐿𝐿  = Normalized stride length of the left foot;  𝑆𝐿𝑅  = 

Normalized stride length of the right foot; % 𝑆𝑤𝑃𝐿 = Percentage of the swing phase of the left foot;  

% 𝑆𝑤𝑃𝑅 = Percentage of the swing phase of the right foot; % 𝑆𝑡𝑃𝐿 = Percentage of the stance 

phase of the left foot;  % 𝑆𝑡𝑃𝑅 = Percentage of the stance phase of the right foot; 𝑡(𝐿𝑇𝑂𝑖+1) = 
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Time of the (𝑖 + 1)𝑡ℎ  toe-off event of the left foot; 𝑡(𝑅𝑇𝑂𝑖+1) = Time of the (𝑖 + 1)𝑡ℎ  toe-off 

event of the right foot; 𝑡(𝐿𝑇𝑂𝑖) = Time of the 𝑖𝑡ℎ toe-off event of the left foot;  𝑡(𝑅𝑇𝑂𝑖) = Time 

of the 𝑖𝑡ℎ toe-off event of the right foot; % 𝑆𝑆𝑇𝐿 = Percentage of single support time of the left 

foot;  % 𝑆𝑆𝑇𝑅 = Percentage of single support time of the right foot. 

 

3.5. Statistical analysis 

First, the Shapiro-Wilk normality test was conducted to analyze the normality of each gait 

parameter. Since all gait parameters were normally distributed (p > 0.05), paired sample t-Test 

was used to investigate the significant difference between normal gait and each hazardous event. 

The concurrent validity was analyzed by calculating the mean difference (MD), mean absolute 

error (MAE), mean absolute percentage error (MAPE), root mean square error (RMSE), and 

intraclass correlation coefficient (ICC) with 95% confidence intervals (CI) of WIPS-based gait 

parameters and WIMU-based gait parameters. For the test-retest reliability, only two randomly 

selected trials of each participant were used. All statistical analyses were analyzed by the Statistical 

Package for the Social Science (SPSS) version 20.0 (IBM, USA). Statistical significance was set 

at p < 0.05. 
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Where, WIMUmean and WIPSmean are the mean values of each gait parameter from WIMU and WIPS, 

respectively. WIMUi and WIPSi are the ith gait parameter values from WIMU and WIPS, 

respectively. Lastly, N is the total number of collected data samples.  

 

4. Results 

Table 2 shows the results of the two-sample t-test between normal gait and each hazardous event. 

The purpose of this analysis was to investigate whether there exists a statistically significant 

difference of gait parameters captured by each wearable sensing measurement system (i.e., 

WIMU-based gait parameters or WIPS-based gait parameters) between a normal gait and each 

hazardous event. With regards to WIMU-based gait parameters, ST, SL, and SwP showed 

significant differences between a normal gait and all hazardous events except the carrying load 

hazard event (Table 2). These results may indicate that hazardous events such as slip, trip, and 

unexpected step-down exhibited unique plantar pressure patterns unlike carrying load hazard 

events. It could also suggest that carrying a load of 5 kg for a short duration may not cause any 

adverse effect on participants’ gait movements. Similar results were found with WIPS-based gait 

parameters such as ST, SL, and SwP indicating significant differences between normal gait and 

each hazardous event (Table 2). As shown in Table 2, gait parameters such as StP and SST revealed 

inconsistent results between a normal gait and each hazardous event either by using a WIMU or 

WIPS. Ultimately, the results show that either WIMU-based gait parameters or WIPS-based gait 

parameters such as ST, SL, and SwP could achieve similar findings in distinguishing a normal gait 

and hazardous events such as slip, trip and unexpected step-down. 
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Table 2. Results of two-sample t-test between normal gait and each hazardous condition 

Participants Fall risk events WIMU-based gait parameters   WIPS-based gait parameters 

ST (s) SL (m) 𝑺𝒘𝑷 (%) 𝑺𝒕𝑷 (%) SST (%) ST (s) SL (m) 𝑺𝒘𝑷 (%) 𝑺𝒕𝑷 (%) SST (%) 

1 Slip × × × × ×  × × × × × 

 Trip × × × √ √  × × × √ √ 

 Unexpected step-down × × × √ ×  × × × × √ 

 Carrying load × × × × ×  × × × × × 

   

2 Slip × × × × ×  × × × × × 

 Trip × × × × ×  × × × × √ 

 Unexpected step-down × × × √ √  × × × √ √ 

 Carrying load × × × √ √  × × × √ √ 

   

3 Slip × × × × ×  × × × × × 

 Trip × × × √ ×  × × × × × 

 Unexpected step-down × × × × √  × × × √ × 

 Carrying load × × × × ×  × × × × × 

   

4 Slip × × × √ √  × × × √ √ 

 Trip × × × × ×  × × × × × 

 Unexpected step-down × × × × ×  × × × √ √ 

 Carrying load √ √ √ √ √  √ √ √ √ √ 

   

5 Slip × × × × ×  × × × × × 

 Trip × × × × √  × × × × × 

 Unexpected step-down × × × √ ×  × × × √ √ 

 Carrying load × √ × √ √  × √ √ √ × 

Note: × denotes a significant difference (p < 0.05); √ represents no significant difference (p ≥ 0.05); ST = Stride time; SL = Stride 

length; 𝑆𝑤𝑃 = Swing time; 𝑆𝑡𝑃 = Stance time; SST = Single support time; WIMU = Wearable inertial measurement unit; WIPS = 

Wearable insole pressure system. 
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Table 3 presents the validity results of the wearable sensing measurement systems (i.e., WIMU 

and WIPS) for measuring gait parameters to identify safety hazards in construction. According to 

Table 3, the estimated means of WIPS-based gait parameters showed similar results as compared 

to the reference system. In other words, there were no significant differences (all p-values ≥ 0.05) 

in means between WIPS-based gait parameters and WIMU-based gait parameters. In all 

experimental fall risk events, the MDs between WIMU-based gait parameters and WIPS-based 

gait parameters are less than or equal to 0.09s, 0.09m, 0.07%, 0.09%, and 0.09% for ST, SL, SwP, 

StP, and SST, respectively (Table 3). In addition, gait parameters such as ST, SL, and SwP showed 

higher MAE between WIMU-based gait parameters and WIPS-based gait parameters in all 

experimental fall risk events as compared to StP and SST (Table 3). Similar results of higher MAPE 

and RMSE were found between WIMU-based gait parameters and WIPS-based gait parameters 

such as ST, SL, and SwP in all experimental fall risk events (Table 3). For instance, the highest 

RMSE between WIMU-based gait parameters and WIPS-based gait parameters was 1.22s in ST, 

0.95% in SwP, 0.57m in SL, 0.87% in SwP, and 0.39s in ST during normal gait, slip, trip, 

unexpected step-down, and carrying load events, respectively (Table 3). Lastly, the ICC (95% CI) 

between WIMU-based gait parameters and WIPS-based gait parameters are all closer to 1(all ICC 

≥ 0.751) in each experimental fall risk event (Table 3). Overall, the results demonstrate that WIPS-

based gait parameters such as ST, SL, and SwP achieved similar findings as compared to WIPS-

based gait parameters for identifying safety hazards in construction. 
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Table 3. Validity analysis of gait parameters for identifying safety hazards in construction 

Fall risk events Gait parameters WIMU WIPS MD MAE MAPE RMSE ICC (95% CI) 

Mean (SD) Mean (SD) 

Normal gait ST (s) 3.30 (1.21) 3.28 (0.29) 0.02 0.96 39.48 1.22 0.751 

 SL (m) 4.35(0.23) 4.27 (0.09) 0.09 0.13 2.96 0.18 0.819 

 𝑆𝑤𝑃 (%) 1.57 (0.47) 1.56 (0.24) 0.01 0.40 27.54 0.43 0.931 

 𝑆𝑡𝑃 (%) 5.58 (0.19) 5.49 (0.30) 0.09 0.30 5.44 0.37 0.844 

 SST (%) 7.35 (0.15) 7.31 (0.17) 0.03 0.11 1.55 0.16 0.810 

 

Slip ST (s) 1.47 (0.27) 1.39 (0.17) 0.08 0.30 19.85 0.33 0.833 

 SL (m) 2.42 (0.23) 2.40 (0.18) 0.02 0.18 7.09 0.22 0.949 

 𝑆𝑤𝑃 (%) 6.28 (1.09) 6.25 (0.16) 0.03 0.82 13.61 0.95 0.979 

 𝑆𝑡𝑃 (%) 4.29 (0.18) 4.24 (0.17) 0.05 0.17 3.79 0.24 0.841 

 SST (%) 3.35 (0.30) 3.32 (0.24) 0.03 0.21 6.03 0.26 0.765 

 

Trip ST (s) 1.51 (0.29) 1.46 (0.28) 0.05 0.06 3.89 0.06 0.988 

 SL (m) 0.29 (0.16) 0.22 (0.09) 0.07 0.34 50.52 0.57 0.923 

 𝑆𝑤𝑃 (%) 7.32 (0.24) 7.25 (0.16) 0.07 0.20 2.77 0.24 0.899 

 𝑆𝑡𝑃 (%) 5.58 (0.19) 5.55 (0.39) 0.03 0.11 7.36 0.42 0.793 

 SST (%) 3.44 (0.23) 3.41 (0.35) 0.04 0.26 7.36 0.34 0.899 

 

Unexpected step down ST (s) 1.36 (0.39) 1.27 (0.14) 0.09 0.29 19.33 0.36 0.831 

 SL (m) 0.74 (0.10) 0.69 (0.26) 0.05 0.19 24.15 0.29 0.969 

 𝑆𝑤𝑃 (%) 5.35 (0.92) 5.32 (0.13) 0.02 0.71 13.96 0.87 0.806 

 𝑆𝑡𝑃 (%) 6.45 (0.25) 6.38 (0.34) 0.07 0.21 3.31 0.24 0.794 

 SST (%) 2.32 (0.16) 2.24 (0.21) 0.09 0.16 6.98 0.18 0.861 

 

Carrying load ST (s) 1.29 (0.30) 1.28 (0.28) 0.01 0.37 28.24 0.39 0.942 

 SL (m) 2.64 (0.16) 2.62 (0.19) 0.02 0.25 9.44 0.26 0.824 

 𝑆𝑤𝑃 (%) 1.53 (0.29) 1.47 (0.32) 0.06 0.21 12.75 0.26 0.764 

 𝑆𝑡𝑃 (%) 4.44 (0.20) 4.42 (0.18) 0.02 0.22 5.03 0.27 0.834 

 SST (%) 6.49 (0.16) 6.45 (0.33) 0.04 0.27 4.08 0.34 0.842 

Note: ST = Stride time; SL = Stride length; 𝑆𝑤𝑃 = Swing time; 𝑆𝑡𝑃 = Stance time; SST = Single support time; SD = Standard deviation; WIMU = Wearable inertial 

measurement unit; WIPS = Wearable insole pressure system; MD = Mean difference; MAE = Mean absolute error; MAPE = Mean absolute percentage error; 

RMSE = Root mean square error; and ICC = Intraclass correlation coefficient. 
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Figure 3 (a) to (e) illustrates mean and standard deviation of test-retest reliability analysis of the 

wearable sensing measurement systems (i.e., WIMU and WIPS) for measuring gait parameters to 

identify safety hazards in construction. The results found no significant differences (all p-values ≥ 

0.05) in means of test-retest reliability analysis in all measured gait parameters either by using 

WIMU or WIPS. In all experimental events, the MDs of test-retest reliability analysis in each 

WIPS-based gait parameters are ST (± 0.2 s), SL (± 0.08 m), SwP (± 0.05%), StP (± 0.1%), and 

SST (± 0.05%) as compared to ST (± 0.02 s), SL (± 0.06 m), SwP (± 0.05%), StP (± 0.07%), and 

SST (± 0.05%) in the reference system. In summary, similar reliability results were found between 

WIPS-based gait parameters and WIMU-based gait parameters. Table 4 shows the ICC of test-

retest reliability for WIMU-based gait parameters or WIPS-based gait parameters for identifying 

safety hazards in construction. This analysis was further conducted to measure the reliability of 

gait parameters measured by using WIPS or the reference system to identify safety hazards. As 

shown in Table 4, all measured gait parameters had test-retest reliability (all ICC ≥ 0.910) closer 

to 1, indicating good reliability of using WIPS-based gait parameters for identifying safety hazards. 
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(a) 

 
(b) 

 

 
(c) 

 
(d) 

 

 
(e) 

Fig. 3. Mean and standard deviation of test-retest reliability analysis for WIMU-based gait 

parameters and WIPS-based gait parameters: (a) Normal gait; (b) Slip; (c) Trip; (d) Unexpected 

step-down; and (e) Carrying load. Error bars = Standard deviation. 
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Table 4. Test-retest reliability analysis of gait parameters for identifying safety hazards in construction 

Fall risk events Intraclass correlation coefficient 

WIMU-based gait parameters  WIPS-based gait parameters 

ST (s) SL (m) 𝑺𝒘𝑷 (%) 𝑺𝒕𝑷 (%) SST (%) ST (s) SL (m) 𝑺𝒘𝑷 (%) 𝑺𝒕𝑷 (%) SST (%) 

Normal gait 0.997 0.988 0.996 0.998 0.998  0.999 0.996 0.999 0.999 0.996 

  

Slip 0.998 0.999 0.998 0.997 0.910 0.999 0.998 0.999 0.998 0.957 

  

Trip 0.994 0.998 0.999 0.912 0.999 0.955 0.991 0.997 0.999 0.998 

  

Unexpected step down 0.999 0.998 0.989 0.999 0.997 0.997 0.999 0.996 0.998 0.980 

  

Carrying load 0.997 0.998 0.999 0.998 0.999 0.998 0.998 0.999 0.958 0.999 

Note: ST = Stride time; SL = Stride length; 𝑆𝑤𝑃 = Swing time; 𝑆𝑡𝑃 = Stance time; SST = Single support time; WIMU = Wearable 

inertial measurement unit; WIPS = Wearable insole pressure system. 
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5. Discussion 

Falls are a leading cause of non-fatal injuries among occupational workers. Changes in participants’ 

gait patterns have been demonstrated to provide useful data source to assess fall risks in clinical, 

sports and rehabilitation occupations (Crea et al., 2014; Leardini et al., 2014; Norris et al., 2014; 

Shull et al., 2014; Braun et al., 2015). In the realm of construction, most of the existing studies 

had utilized WIMUs (Kim et al., 2016; Yang et al., 2017; Yang and Ahn, 2019) and WIPS (Antwi-

Afari and Li, 2018g; Antwi-Afari et al., 2018e; Antwi-Afari et al., 2020b) to collect participants’ 

gait patterns for preventing non-fatal fall injuries. However, there is a missing research gap on the 

performance of measuring WIPS-based gait parameters for identifying safety hazards in 

construction as compared to WIMU-based gait parameters. As an attempt to fill this research gap, 

the current study aimed to examine the validity and reliability of measuring WIPS-based gait 

parameters for identifying safety hazards in construction environments when compared to WIMU-

based gait parameters (i.e., reference system). The results revealed significant differences in gait 

parameters between normal gait and each hazardous event. In addition, the performance results 

indicated that WIPS-based gait parameters were comparable to the reference system for identifying 

safety hazards. Overall, the findings of this study contribute to developing an automated WIPS, 

that could be useful for mitigating the risk of developing non-fatal fall injuries on construction 

sites.  

 

In this current study, five gait parameters were first investigated to examine the statistically 

significant differences between a normal gait and each hazardous event. The results found 

significant differences in either WIPS-based gait parameters or WIMU-based gait parameters for 

distinguishing between normal gait and hazardous events. More specifically, WIPS-based gait 
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parameters or WIMU-based gait parameters such as ST, SL, and SwP showed unique gait patterns 

for distinguishing between normal gait and hazardous events. These results indicated that stride 

time, stride length, and swing time could be used to capture workers’ gait patterns when they are 

exposed to safety hazards on construction sites. Given the relationship between gait patterns and 

the presence of safety hazards, safety managers could use workers’ gait movements to identify 

safety hazards and further assess fall risk events on construction sites. Also, the collected gait 

patterns could provide great potential for automated recognition of workers’ activities and 

productivity analyses. In summary, the findings of this study have demonstrated the capability of 

using WIPS-based gait parameters for distinguishing safety hazards in the construction 

environment in comparison to WIMU-based gait parameters.   

 

The primary research motivation of this study was to examine the validity and reliability of WIPS-

based gait parameters for identifying safety hazards in construction comparable to WIMU-based 

gait parameters. The results showed no significant differences in means between WIPS-based gait 

parameters and the reference system. Besides, gait parameters such as ST, SL, and SwP showed 

higher MAE, MAPE, and RMSE between WIMU-based gait parameters and WIPS-based gait 

parameters in all experimental fall risk events. Furthermore, the ICC (95% CI) between WIMU-

based gait parameters and WIPS-based gait parameters are all closer to 1 (all ICC ≥ 0.751) in each 

experimental fall risk event. WIPS could be considered as a valid wearable sensing system for 

identifying safety hazards since the collected WIPS-based gait parameters achieved good 

performance as compared to WIMU-based gait parameters. Similarly, the test-retest reliability 

analysis was conducted to confirm that the observed differences in measuring gait parameters were 

not due to measurement errors. The MDs between WIPS-based gait parameters and WIMU-based 
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gait parameters found no significant differences in all experimental fall risk events. Lastly, the 

test-retest reliability showed a good correlation (all ICC ≥ 0.910), confirming the reliability of the 

WIPS-based gait parameters for identifying safety hazards in a construction environment. Taken 

together, the results of this study demonstrate the validity and reliability of measuring WIPS-based 

gait parameters for identifying safety hazards on construction sites.  

 

Previous studies in clinical, sports and rehabilitation settings have demonstrated the performance 

of WIPS-based gait parameters (Braun et al., 2015; Jagos et al., 2017; Arafsha et al., 2018). 

Although these existing studies provided useful gait parameters in application areas such as 

assessing fall risks, automated gait monitoring, posture and human activity recognition, and energy 

expenditure estimation, some drawbacks limit its application in real construction sites. For 

example, WIPS-based gait parameters were measured in most of these existing studies during 

activities of daily living and also the participants were patients with neurological disorders such as 

stroke, diabetes, cerebral palsy. As such, these methodological scenarios make it difficult to 

compare our current results to findings from previous studies’ applications.  

 

Loiret et al. (2019) demonstrated the validity of Loadsol® insoles versus force plates in 

quantifying normal ground reaction force and gait asymmetry during gait at three different speeds 

in transfemoral amputees. These authors found normalized RMSEs for the normal ground reaction 

forces were 6.6 ± 2.3% and 8.9 ± 3.8%, and correlation coefficients were 0.91 and 0.95 for the 

prosthetic and intact limb, respectively. Their findings support the relevance of using such insoles 

for visual and audio feedback in clinical and rehabilitation settings. Compared to this current study, 

we achieved the highest RMSEs of 1.22s in ST, 0.95% in SwP, 0.57m in SL, 0.87% in SwP, and 
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0.39s in ST during normal gait, slip, trip, unexpected step-down, and carrying load events, 

respectively. In addition, the ICCs (95% CI) were between 0.751 to 0.988 (inclusive) for ST, SL, 

SwP gait parameters. Since higher gait variability parameter indicates a high risk of fall accidents, 

the findings could collectively be useful for identifying safety hazards, thus mitigating individuals’ 

fall risks by providing visual and audio feedback.  

 

Another study by Arafsha et al. (2018) and Jagos et al. (2017) examined the validity of measuring 

gait parameters between SmartInsole Cyber-Physical System and Tekscan Strideway gait mat 

system, and between the eSHOE and GAITRite, respectively. Arafsha et al. (2018) reported MD 

between -0.03s and 0.02s, while Jagos et al. (2017) found MD of gait parameters between -0.029s 

and 0.029s. The MDs for ST in this present study, as shown in Table 3, ranged between 0.01 to 

0.09s, which are different from previous studies. However, it is worth mentioning that the 

differences may be due to the number of healthy participants who are relatively higher in these 

clinical studies as compared to five participants in the present study. Braun et al. (2015) 

investigated the validity and reliability of an OpenGo insole system with FDM-S pressure force 

plate system in healthy individuals on a treadmill at two different speeds. Their results showed 

ICC for validation and reliability were ≥ 0.796 and ≥ 0.994, respectively for all measured gait 

parameters. In the present study, the results showed similar ICC for validation (i.e., ≥ 0.751) and 

reliability (≥ 0.910) for all measured gait parameters. Although they are comparable, there are still 

some methodological differences. First, Braun et al. (2015) conducted a normal gait on a treadmill 

at two different speeds. The current study conducted five fall risk events which may lead to non-

fatal fall injuries. Second, they used 12 healthy participants (age ranges between 18 to 37 years) 

as compared to 5 healthy participants (age ranges between 30 to 40 years) in this present study. 
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Third, these authors used FDM-S pressure force plate as a reference system as compared to 

WIMUs in this current study. In summary, the measured gait parameters could be useful for 

collecting workers’ gait patterns caused by the presence of safety hazards to prevent non-fatal fall 

injuries on construction sites.  

 

6. Study limitations 

This study has some limitations. First, the participants were healthy volunteers and the experiments 

were conducted in a laboratory setting. Future research is warranted to recruit construction workers 

and conduct real-world construction site experiments. In addition, future research needs to 

examine the performance of the proposed approach by using virtual and augmented reality 

(VR/AR) applications. This could improve the experimental design and procedure by enhancing 

any psychological risk factors (e.g., mental workload) and potential injuries of participants. Second, 

the experimental events were limited to non-fatal fall hazards among construction workers. There 

are other risk factors such as awkward working postures, falls from a height that are frequently 

exposed to workers on sites. Future studies are needed to test the performance of WIPS-based gait 

parameters for other risk factors. In addition, future studies will need to incorporate data processing 

and real-time warning algorithms to enable workers’ self-awareness and self-management when 

exposed to hazards on construction sites. 

 

7. Conclusions 

This study examined the validity and reliability of WIPS-based gait parameters as compared to 

WIMU-based gait parameters for identifying safety hazards in construction. Five fall risk events 

were conducted in a laboratory setting and the performance was assessed by calculating the MD, 

MAE, MAPE, RMSE, and ICC of five gait parameters. The results found significant differences 



30 
 

in either WIPS-based gait parameters or WIMU-based gait parameters for distinguishing between 

a normal gait and each hazardous event. Comparable results of MD, MAE, MAPE, and RMSE 

were found between WIPS-based gait parameters and the reference system. Furthermore, all 

measured gait parameters had validity (ICC ≥ 0.751) and test-retest reliability (ICC ≥ 0.910) closer 

to 1, indicating the good performance of measuring WIPS-based gait parameters for distinguishing 

safety hazards. Overall, the findings of this study support the relevance of developing a WIPS as 

a non-invasive wearable sensing technology for identifying safety hazards on construction sites, 

thus highlighting the usefulness of its applications for construction safety research. The findings 

of this study reveal that WIPS-based gait parameters can achieve a performance comparable to 

WIMU-based gait parameters for distinguishing safety hazards in construction. The main 

contribution of this study relies on examining the performance of a WIPS for identifying safety 

hazards in construction. As such, the present study contributes to developing a non-intrusive WIPS 

for identifying safety hazards in construction. In addition, this proposed approach could help to 

expand the use of wearable sensing technologies for mitigating non-fatal fall injuries and 

enhancing construction safety research. 
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