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ABSTRACT
Purpose – The purpose of this paper is to improve safety of construction workers by understanding their behaviors on construction sites
using spatio-temporal (ST) trajectories.
Design/methodology/approach – A review of construction safety management literature and international occupational health and safety
statistics shows that the major reasons of fatalities on construction sites are due to the mobility related issues such as unsafe human behaviors,
difficult site conditions, and workers falling from heights and striking against or being struck by moving objects. Consequently, literature is
reviewed to find possible technological solutions to track mobility of construction workers to reduce fatalities. This examination has
suggested that location acquisition systems such as Global Positioning System (GPS) has been widely used for real time monitoring and
tracking of workers on construction sites for hazards prevention. However, the raw data captured from the GPS device is generally available
as discrete points and do not hold enough information to understand the workers` mobility. As a solution, an application to transform a raw
GPS data into ST trajectories using different preprocessing algorithms is proposed for worker safety on construction sites.
Findings – A proposed system preprocesses raw GPS data for stay points detection, trajectory segmentation and intersection of multiple
trajectories to find significant places and movements of workers on a construction site to enhance the information available to H&S managers
for decision making processes. In addition, it reduces the size of trajectory data before saving for future analyses.
Originality/value – Application of location acquisition systems for construction safety management is very well addressed in the existing
literature. However, a significant gap has been found that the usage of preprocessed ST trajectories is still missing in workers’ safety
monitoring scenarios in the area of construction management. To address this research gap, our proposed system uses preprocessed ST
trajectories to monitor workers` movements on a construction site to identify potential unsafe behaviors.
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1. INTRODUCTION
International occupational health and safety statistics shows that the construction industry experiences one of the highest accident rates of all
industries (Stats.bls.gov., 2017). According to the National Census of Fatal Occupational Injuries conducted by U.S. Bureau of Labor
Statistics in 2015, out of 4,836 fatal work injuries 19 % of fatalities were recorded from the construction industry (Stats.bls.gov., 2017). The
major reasons of fatalities were related to the unsafe human behaviors, difficult site conditions, and workers falling from heights and striking
against or being struck by moving objects. Despite numerous efforts to reduce fatalities on construction sites, such accidents continue to
occur as shown in Figure 1.

Figure 1. Fatal injuries in U.S. construction industry (Stats.bls.gov., 2017)
The advancements in location acquisition and mobile communication techniques based on GSM (Global System for Mobile
Communications), Bluetooth, Wi-Fi and other wireless sensing technologies offers various opportunities to collect mobility data from
construction sites for safety management (Neirotti et al., 2014). With the help of GPS equipped devices and vehicles, Radio Frequency
Identification (RFID) tag tracking and location-aware wireless sensors, the possibilities to collect mobility data is increased significantly (Jin
et al., 2014). These technologies can generate huge amount of data that contains time varying geographic positions of moving objects called
trajectories (Patroumpas and Sellis, 2017). Such trajectories captured from moving objects have unique features; they are in the form of
streaming data which means that data will keep on updating over time and includes spatial information (Patroumpas and Sellis, 2017).
Trajectories with such information are known as ST trajectories. In recent years, it is technically more convenient and economically cheap
to acquire ST trajectories of moving objects from a wider region in less time (Andrienko et al., 2013). The analysis of such trajectories can
lead to establish better understanding and knowledge discovery about moving objects (Miller and Han, 2009).

The trajectories of moving objects are continuous in nature in real world scenarios (Šaltenis et al., 2000). Because of data collection and
storage devices limitations, continuous movements of moving objects are collected and stored in a discrete format such as a sequence of GPS
points having longitude, latitude and timestamp values. As tracking time of GPS devices increases, the trajectory data in applications will
gradually grows. Such huge amount of data can sooner or later causes storage challenges. Therefore, trajectory data reduction should be done
before trajectory data management (Patroumpas et al., 2016). The primary aim of trajectory reduction is to decrease the computational
complexity and reducing the time to query the trajectory data (Patroumpas et al., 2016). Once trajectory data is processed and reduced, it is
now ready to be saved in a trajectory database. Many applications managing mobility data require semantic understanding of data as well,
that is not possible to extract directly from raw GPS trajectories. As the physical trajectories can easily be recorded using GPS devices but
the semantic interpretation of the mobility data is still a big research challenge (Krisnadhi et al., 2016). In general, a trajectory is the path that
is followed by a moving object in space as a function of time (Nardini et al., 2018). It is acquired as a series of location points having time
stamps, denoted as follow;
{〈𝑥1 , 𝑦1 , 𝑡1 〉, 〈𝑥2 , 𝑦2 , 𝑡2 〉, … , 〈𝑥𝑁 , 𝑦𝑁 , 𝑡𝑁 〉}
Here, xi and yi represent x and y geographical coordinates at time t i, N is the total number of points in the trajectory data and it is usually
followed by a sampling interval. There are many approaches to collect trajectory data. It can be based on the change in time, location, event
or various combination of these approaches. As trajectory data holds multi-faceted characteristics, these are used to analyze and understand
mobility (Zheng et al., 2017). Mobility related characteristics include: time (i.e., position of object mobility on the timescale), position of the
object in geographical coordinate system, direction of the object, speed of the object, change in direction, acceleration (i.e., change in speed)
and distance travelled. These characteristics can directly be computed from the raw trajectories and are well-suited for the applications that
are performing localization of objects in motion. However, most decision making applications requires additional information with the
trajectory data from the application context.
Other than location related characteristics of trajectories, there exists an important characteristic of mobility data that is the variety of various
travel means by which mobility has taken place (Adey, 2017). This is of special interest in domains such as urban planning as selection of a
location and a travel mean may be interconnected. For example, to analyze trajectories of a person going from home to office in a city, it is
necessary to have some information about the city and its infrastructure such as information about shops and restaurants etc. Such data would
help to visualize person going to office trajectories in more detail in terms of the point of interest locations rather than just by the geographical
coordinates of the location. The process of supplementing the GPS trajectories with such additional data is known as semantic enrichment
process (Shen and Cheng, 2017). This additional data categorizing stops and moves and distinguishing different types of moves is known as
annotation that is attached to a trajectory either to some of its parts or as a whole (Yan et al., 2013). An annotation value is simply an attribute
value that can be an “on-tram” or an “on-bus”, a possible value for TransportationMeans annotation in case of a person going to an office
scenario. An example of semantically enriched trajectory could be the following (Yan et al., 2013).
(Begin, home, 8am, -) → (move, road, 8am-8:30am, walk) → (move, road, 8:30am-9am, on-tram) → (stop, office, 9am-5pm, work) →
(move, road, 5pm-5:30pm, on-tram) → (move, road, 5:30pm-6:00pm, walk) → (End, home, 6:00pm, -)
An above example includes generic movement characteristics (e.g., stops and moves), application specific geographical objects (e.g., office
and work) and also additional behavioral context (e.g., work) (Mousavi, 2016). Once trajectories are annotated and stored in a trajectory
database, it can be used to detect and analyze trends and behaviors of moving objects.
The paper is organized as follows: in section 2, research method is discussed and the existing applications of ST trajectories are presented.
Section 3, is based on the preprocessing of raw trajectories using different algorithms for worker safety on a construction site application.
Section 4 presents the discussion of the presented work and conclusion is discussed in section 5.

2. BACKGROUND
A literature review is initially done to methodically collect information to recognize and understand the problem domain. At first, a review
of construction safety management literature and international occupational health and safety statistics shows that the major reasons of
fatalities on construction sites are related to the unsafe human behaviors, difficult site conditions, and workers falling from heights and
striking against or being struck by moving objects (Hsiao, 2016; Stats.bls.gov., 2017). Existing research shows that these reasons can be
reduced if the mobility of workers and machineries are continuously monitored on construction sites for their behaviors (Guo et al., 2017).
This capability of monitoring construction sites in real-time for decision support systems will lead to the development of an intelligent job
site. Based on this literature, below mentioned competency questions have been formulated to enable intelligent monitoring of construction
sites for building supervisors and H&S managers. Secondly, literature is also reviewed to find possible technological solutions to monitor
mobility of construction workers. This examination has suggested that location acquisition systems such as Global Positioning System (GPS)
has been used widely for real time monitoring and tracking of workers on construction sites for hazard preventions and safety management.
However, the raw data captured from the GPS device is generally available as discrete points and do not hold enough information to
understand the workers` mobility. As a solution, an application to transform a raw GPS data into ST trajectories using different preprocessing
algorithms is proposed in order to address the competency questions that have been formulated through the literature review to reduce
fatalities on construction sites.

Table 1. Selected competency questions
Competency questions related mobility
What are the stay points of workers or machineries on a construction site?
Which type of movements are done by the workers?
Which and how many workers or machineries are close to other workers or machineries?
How many workers are present in a specified area?
What is the closest point-pair distance between two workers or machineries?

In order to answer the questions as mentioned in Table 1, existing literature is reviewed for existing applications based on ST trajectories.
However, before using ST trajectories in applications, it should be processed according to the applications` requirements. Trajectory data
processing deals with the algorithms for trajectory reconstruction. For an initial preprocessing, research has been done to clean the data by
removing the noise and outliers and then compressing it. Noise in trajectories is a small distortion that has the potential to affect speed,
acceleration and the travel distance estimates. However, their impact can be reduced by smoothing techniques (Marketos et al., 2008).
Marketos et al. proposed an online approach to filter outliers in a trajectory data by taking the maximum allowed speed of the moving object
as a reference point (Marketos et al., 2008). In addition, Jun et al. proposed a modified version of Kalman filter to control the outliers in GPS
data with more effective technique (Jun et al., 2006). Their algorithm demonstrates superior results as compared to other data smoothing
techniques and it can be used for the real time data smoothing. There are also many research efforts discuss about the data compression
methods of a trajectory data. For instance, Meratnia and de By proposed an algorithm that considers both temporal and spatial parameters in
order to compress trajectories (Meratnia and Deby, 2004). In their proposed technique, distance and speed thresholds have been used for data
compression. Although, choosing proper thresholds are totally dependent on the application and having a clear understanding of an object in
motion will help in the selection of appropriate thresholds. Their proposed algorithms can be used for an offline as well as for an online data
reduction. After data compression, segmentation is another important step to understand mobility data. Buchin et al. proposed a framework
to segment a trajectory based on ST criteria (Buchin et al., 2011). Segmentation is achieved in such a way that each generated segment is
made homogenous and it should fulfill the ST criteria. These criteria include location, speed, heading, velocity, curvature and shape. Under
any on these criteria or any combination of these criteria, trajectory segmentation can be achieved in an efficient and optimal way.
After preprocessing of GPS trajectories data, it can now be used in variety of applications. As data acquired from GPS devices lacks in
semantic information for the behavior analysis of a moving object. These GPS trajectories can be further annotated using tools and techniques
offered by data mining and machine learning concepts. However, it will raise the requirement for a training data. Trajectories resulting from
annotation processes have been used in various applications such as urban indoor activity detection and wild life monitoring (Hu et al., 2013;
Urbano and Cagnacci, 2014). Such applications will help to understand the factors behind the movement of moving objects and these factors
can be dependent on each other (Noël et al., 2015). In Vandecasteele et al, a prototype is developed for maritime surveillance system for
better understanding the vessel trajectories (Vandecasteele et al., 2014). A major contribution of proposed system is to offer a reliable way
to model semantic trajectories as well as semantic events. Geospatial trajectories have also been enriched with domain knowledge and
contextual information to construct trajectory data-ware houses in order to support business intelligence processes in any organization
(Brisaboa et al., 2017). These data-ware houses are used to offer context-aware services such as recommender systems or digital assistance
providing higher level of personalization to people for travelling (Li et al., 2017). Once trajectories dataset is processed and maintained,
hidden patterns can also be extracted. Moreover, this will not only benefit in the exploration of important aspects of semantic trajectories but
can also help to automate the processes of clustering the trajectories based on the stored information using machine learning techniques (Lv
et al., 2012). Table 2 presents the summary of ST applications that have been discussed above.
Application of ST trajectories for different systems is very well addressed in the existing literature as shown in Table 2. However, a significant
gap is found that the usage of preprocessed ST trajectories is still missing in workers’ safety monitoring scenarios in the area of construction
management. To address this research gap, a prototype system is proposed that processes ST trajectories based on the data processing
algorithms that are selected from the existing literature to monitor workers` movements on a construction site to identify potential unsafe
behaviors in order to reduce fatalities.

3. CONSTRUCTION WORKERS SAFETY MONITORING APPLICATION
After an extensive review of applications, it is concluded that, ST trajectories can also be used to track workers on construction sites. For
this, a prototype system application is discussed to achieve the goal of visualizing trajectory data for safety management of workers (Arslan
et al., 2017). Building supervisor and H&S manager are the two roles have been identified from the literature for managing construction sites
(Arslan et al., 2014). These roles have been taken into account for the development of a prototype system as mentioned in Figure 2. The
prototype system application focuses on the following:
1. Capturing GPS data values from construction workers` handheld devices on a construction site.
2. Aggregating and saving the collected GPS data values on a cloud server having a centralized database management system
configured.
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Figure 2 Preprocessing ST trajectories for safety management on construction sites
Transforming GPS data values into raw trajectories, executing data processing algorithms on a raw trajectory data to extract the
movements of workers and reducing the trajectory data before storing for future analysis, once data processing tasks are completed.
Presenting trajectories visualizations to building supervisors and H&S manager for an effective construction site monitoring and
ensuring safety at work.

The prototype system uses document oriented database such as Mongodb for data storage and R platform for processing the GPS data.
Mongodb server is used because of open source cloud based solution, stores massive datasets efficiently and requires simple configurations
with a programming platform. Whereas, R platform is used because of open source solution offers integrations with JSON based databases
such as Mongodb and provides packages to support ST data for its processing and visualizations.
The prototype system can be divided into three main layers which are: GPS data acquisition, processing the GPS data and generation of its
visualizations. The data acquisition layer consists of smartphones that sends GPS data of workers at a defined interval. A single GPS data
record consists of a worker identification (ID), timestamp, altitude, latitude and longitude value. An application programming interface is
designed to acquire GPS data from the workers` smart phone through wireless access points, aggregating and then storing it in a Mongdb
server that is configured on a cloud. A data connection is established between a Mongodb and R studio to process the trajectories data.
Mentioned below are the tasks that R studio will execute after retrieving data from a Mongodb server.

3.1

Data Cleaning

Data cleaning is the first step that R will perfom on a data retireved from a Mongodb. Real-life trajectories captured from GPS devices usually
suffer from noise and to improve data quality, noise should be reduced. There can be various reasons for having noisy GPS trajectories,
however sampling and measurement misadjustments, sensor battery outages and signal losses are some of them (Zheng et al., 2009). For
noise reduction, there exists mean and median filters which are the most simplied forms of filters for smoothing the GPS data. For this
research, median filter is used because of its robustness characteristic whereas, mean filter is not recommended because it is highly sensitive
to outliers (Zheng et al., 2009). In a median filter, for a measured point 𝑧𝑖 , the estimate of the unknown value is the median of 𝑧𝑖 and its 𝑛 − 1
predecessors in time. The median filter is based on sliding window mechanism covers 𝑛 temporally adjacent values of 𝑧𝑖 as shown in below
mentioned equation.
𝑥̂𝑖 = 𝑚𝑒𝑑𝑖𝑎𝑛{𝑧𝑖−𝑛+1 , 𝑧𝑖−𝑛+2 , 𝑧𝑖−𝑛+3 , … , 𝑧𝑖−1 , 𝑧𝑖 }
Choice of a median filter for our data cleaning is made also because of high sampling rate of our GPS data; that makes median filter a good
option. Though, if a sampling rate of GPS data is too low than a median filter is not recommended and advanced filters such as Kalman filter
can be considered for noise reduction. Figure 3 shows actual and filtered trajectory of a worker.

Figure 3. Actual and filtered trajectory of a worker

3.2 Stay Points Detection
After cleaning the GPS trajectories, our data processing algorithms in the R environment will calculate stay points of workers using the
Algorithm 1. Stay points are the geographic location points where an individual has spent a significant time within a certain distance. The
calculation of stay points depends on two parameters, a distance threshold (𝐷𝑡ℎ𝑟𝑒𝑠ℎ ) and a time threshold (𝑇𝑡ℎ𝑟𝑒𝑠ℎ ). The values of these both
parameters are application dependent and set manually in an algorithm. Zheng et al. proposed an algorithm for finding stay points in
trajectories (Zheng et al., 2009). A single stay point 𝑠 can be treated as a virtual location point characterized by a set of successive GPS points
𝑍 = {𝑧𝑚 , 𝑧𝑚+1 , 𝑧𝑚+2 , … , 𝑧𝑛 }, ∀ 𝑚 < 𝑖 ≤ 𝑛, 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑧𝑚 , 𝑧𝑖 ) ≤ 𝐷𝑡ℎ𝑟𝑒𝑠ℎ and |𝑧𝑛 . 𝑇 − 𝑧𝑚 . 𝑇| ≥ 𝑇𝑡ℎ𝑟𝑒𝑠ℎ . Formally, conditioned by Z,
𝐷𝑡ℎ𝑟𝑒𝑠ℎ and 𝑇𝑡ℎ𝑟𝑒𝑠ℎ , a stay point 𝑠 = (𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒, 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒, 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑡𝑖𝑚𝑒, 𝑙𝑒𝑎𝑣𝑖𝑛𝑔𝑡𝑖𝑚𝑒). Where,
𝑛

𝑧𝑖 . 𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒
⁄|𝑍|
𝑧𝑖 . 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒
𝑠. 𝑙𝑜𝑛𝑡𝑖𝑡𝑢𝑑𝑒 = ∑
⁄|𝑍|
𝑖=𝑚
For our application, we need to find the locations on a construction site where workers have spent more time than required. Calculating such
stay points will help building supervisors and H&S manager to monitor their level of mobility and safety plans can be implemented
accordingly (see Figure 4).
𝑠. 𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒 = ∑

𝑖=𝑚
𝑛

Algorithm 1. Stay Points Detection
___________________________________________________________________________________
Input: GPS Trajectory (𝐺) ← {𝐺𝑙𝑎𝑡 , 𝐺𝑙𝑜𝑛 , 𝐺𝑡 }, Distance Threshold (𝐷𝑡ℎ𝑟𝑒𝑠ℎ ), Time Threshold (𝑇𝑡ℎ𝑟𝑒𝑠ℎ )
Output: Stay points (𝑆) ← {𝑆𝑙𝑎𝑡 , 𝑆𝑎𝑟𝑟𝑣 , 𝑆𝑙𝑒𝑎𝑣 }
1. 𝑖 ← 0, Total number of GPS points (𝐺𝑛𝑢𝑚 ) = |𝐺|
2. While (𝑖 < 𝐺𝑛𝑢𝑚 )
3. {
4. 𝑗 ← 𝑖 + 1
5. While (𝑗 < 𝐺𝑛𝑢𝑚 )
6. {
7. Distance ← distHaversine {(𝐺𝑙𝑜𝑛 [𝑗], 𝐺𝑙𝑎𝑡 [𝑗]), (𝐺𝑙𝑜𝑛 [𝑖], 𝐺𝑙𝑎𝑡 [𝑖])}
8.
If (Distance > 𝐷𝑡ℎ𝑟𝑒𝑠ℎ )
9.
{
10.
deltaT ← 𝐺𝑡 [𝑖 + 1] − 𝐺𝑡 [𝑖]
11.
If (deltaT ≥ 𝑇𝑡ℎ𝑟𝑒𝑠ℎ )
12.
{
13.
𝑀𝑙𝑜𝑛 ← mean (𝐺𝑙𝑜𝑛 [𝑖], 𝐺𝑙𝑜𝑛 [𝑖 + 1])
14.
𝑀𝑙𝑎𝑡 ← mean (𝐺𝑙𝑎𝑡 [𝑖], 𝐺𝑙𝑎𝑡 [𝑖 + 1])
15.
𝑆𝑎𝑟𝑟𝑣 ← 𝐺𝑡 [𝑖]
16.
𝑆𝑙𝑒𝑎𝑣 ← 𝐺𝑡 [𝑖 + 1]
17.
}
18.
𝑖 = 𝑗; break;
19. }
20. j ← j + 1
21. }
22. }
___________________________________________________________________________________

Figure 4. Stay points detection in a worker`s trajectory
For an average latitude and longitude of the collection 𝑍, 𝑠. 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑡𝑖𝑚𝑒 = 𝑧𝑚 . 𝑇 and 𝑠. 𝑙𝑒𝑎𝑣𝑖𝑛𝑔𝑡𝑖𝑚𝑒 = 𝑧𝑛 . 𝑇 represent a worker`s arrival
and leaving times on a stay point (𝑠). Algorithm 1 first checks if the distance between a point under consideration and its successors in a
trajectory larger than a specified threshold. Then it calculates the time interval between a point and the last successor that is within the distance
threshold. If the time span is larger than a given threshold, a stay point is will be detected in a trajectory. For our application, we have set
𝐷𝑡ℎ𝑟𝑒𝑠ℎ to 5 meters and 𝑇𝑡ℎ𝑟𝑒𝑠ℎ to 20 meters for stay points detection. There are four stay points detected in a worker A trajectory as shown
in Figure 4. However, number of stay points can be increased or decreased as these are totally dependent of the values of a distance threshold
(𝐷𝑡ℎ𝑟𝑒𝑠ℎ ) and a time threshold (𝑇𝑡ℎ𝑟𝑒𝑠ℎ ).

3.3 Segmentation of a trajectory
For our application, we need to segment trajectories for finding types of movements which are being carried by the workers on a construction
site. Segmentation is a process of dividing a trajectory into various segments to reduce the computational complexity but increasing the
opportunities to mine richer knowledge (Zheng, 2015). Segmentation can be done based on: time interval, shape of a trajectory and semantics
meaning of location points in a trajectory (Zheng, 2015; Potamias et al., 2006). As constuction sites are very dynamic in nature and its very
important to monitor the type of movements a worker does on a site. Quick movements in workers trajectory data will be an alert for building
supervisors and H&S manager highlighting abnormal situation occurred on a construction site.
Based on our application requirement, we have used segmentation method that is based on semantics. Zheng et al. proposed a walk-based
segmentation method (Zheng et al., 2008). Their proposed algorithm calculates walk points and run points based on the point`s speed and
acceleration as shown in Algorithm 2. The trajectory can then be divided into alternate walk and run segments as shown in Figure 5.
Algorithm 2. Trajectory Data Segmentation Based on Speed
___________________________________________________________________________________
Input: GPS Trajectory (𝐺) ← {𝐺𝑙𝑎𝑡 , 𝐺𝑙𝑜𝑛 , 𝐺𝑡 }, Minimum Speed (𝑆𝑚𝑖𝑛 ), Maximum Speed (𝑆𝑚𝑎𝑥 )
Output: Run Segment (𝑅) ← {𝑅𝑙𝑎𝑡 , 𝑅𝑙𝑜𝑛 , 𝑅𝑡 }, Walk Segment (𝑊) ← {𝑊𝑙𝑎𝑡 , 𝑊𝑙𝑜𝑛 , 𝑊𝑡 }
1. 𝑖 ← 0, Total number of GPS points (𝐺𝑛𝑢𝑚 ) ← |𝐺|
2. While (𝑖 < 𝐺𝑛𝑢𝑚 )
3.
{
4. Distance ← distHaversine {(𝐺𝑙𝑜𝑛 [𝑗], 𝐺𝑙𝑎𝑡 [𝑗]), (𝐺𝑙𝑜𝑛 [𝑖], 𝐺𝑙𝑎𝑡 [𝑖])}
5. DeltaT← Append((𝐺𝑡 [𝑗] − 𝐺𝑡 [𝑖])*60)
6. Speed ← Append(Speed, Distance [𝑖]⁄DeltaT[𝑖])
7.
If ((Speed [𝑖] ≥ 𝑆𝑚𝑖𝑛 ) & (Speed [𝑖] ≤ 𝑆𝑚𝑎𝑥 ))
8.
{
9.
𝑊𝑙𝑜𝑛 ← Append(𝑊𝑙𝑜𝑛 , 𝐺𝑙𝑜𝑛 [𝑗])
10.
𝑊𝑙𝑎𝑡 ← Append(𝑊𝑙𝑎𝑡 , 𝐺𝑙𝑎𝑡 [𝑗])
11.
𝑊𝑡 ← Append(𝑊𝑡 , 𝐺𝑡 [𝑗])
12.
}
13.
Else
14.
{
15.
𝑅𝑙𝑜𝑛 ← Append(𝑅𝑙𝑜𝑛 , 𝐺𝑙𝑜𝑛 [𝑗])
16.
𝑅𝑙𝑎𝑡 ← Append(𝑅𝑙𝑎𝑡 , 𝐺𝑙𝑎𝑡 [𝑗])
17.
𝑅𝑡 ← Append(𝑅𝑡 , 𝐺𝑡 [𝑗])
18.
}
19. 𝑧 ← z + 1
20. 𝑖 ← j
21. 𝑗 ← j + 1
22. }
___________________________________________________________________________________

Figure 5. Segmentation of a worker`s trajectory based on speed
.

3.4 Intersection of two trajectories or Intersection between trajectories and a location
It is important for our application to calculate the workers movements that have been carried collectively. Such understanding will depicits
that how many workers are working on a same activity and how many will be affected on the occurance of any safety hazard in that particular
location. As trajectories are the traces in the form of chronologically ordered points, distance from one worker trajectory to an other worker
trajectory or a distance between workers trajectories and a common location can be found using a Haversine distance formula as mentioned
below.
𝑑 = 2𝑟𝑠𝑖𝑛−1 (√𝑠𝑖𝑛2

∅𝑖 − ∅𝑗
𝜑𝑖 − 𝜑𝑗
+ cos ∅𝑖 cos ∅𝑗 𝑠𝑖𝑛2
)
2
2

Where "𝑟” is the Earth radius, ∅ and 𝜑 are the latitudes and longitudes of points "𝑖" and "𝑗". This formula is used to find points of intersection
in trajectories to visualize the esembly points within the area of interest as shown in Figure 6 and 7.

Figure 6. Points of intersection of two trajectories
.

Figure 7. Points of intersection of two trajectories in a location
.

In addition, there can be some situations on construction sites where there is a need to find the closest point between two workers trajectories.
For these scenarios, Haversine distance formula can also be used as shown in Figure 8.

Figure 8. Calculating a closest point between two trajectories
.

3.5 Trajectory data reduction

Once data processing of trajectories is completed, it is now required to store these trajectories in a database for future use and analysis. Before
storing, this data should be reduced in size. Potamias et. al discussed that a location point should be incorporated in a trajectory as long as it
shows any change in the trajectory path (Zheng et al., 2008). As long as the location of an incoming GPS point can be predicted from previous
points then this location point can be discarded safely as it will contribute very minute information. Batched compression and online data
reduction are two methods to reduce a size of a trajectory (Zheng, 2015). Batch compression algorithms produce higher quality results when
compared to online compression algorithms. For our application, we have used batched compression technique as our data is already been
captured for a specific duration and its volume is kept limited for a deeper understanding. The most common form of batch compression
algorithm for a data with higher sampling rate is the uniform sampling algorithm that is based on-line generalization mechanism. The main
idea of line-generalization is to retain a fraction of the spatiotemporal data in the original trajectory without taking into account the redundancy
of data points (Zheng, 2015; Potamias et al., 2006). It keeps every ith data points (3rd, 6th, 9th, etc.) and discards the remaining points. As a
results, in the future, reduced trajectories can be reconstructed that will be an approximation of an original trajectories with a coarser
granularity. Figures 9 and 10 show the actual and reduced version of a trajectory using a uniform sampling algorithm. Here, the purpose of
the reduction is only to remove the redundant or insignificant points from the original trajectory because storing larger trajectory data is
difficult as it can quickly overwhelm the available data storage. However, discarding trajectory points randomly or uniformly would cause
information loss. So, advanced trajectory reduction techniques (Muckell et al., 2011; Muckell et al., 2014) should be used that will reduce
the storage requirements while maintaining an acceptable degree of error. However, this error threshold is totally dependent of the type of
application in order to balance the tradeoff between storage size and accuracy of trajectories.

Figure 9. Actual and reduced worker trajectory
.

In addition to line-generalization reduction approach, changes in speed and direction can also be used to make a decision of whether a
particule trajectory point should be included in a reduced trajectory or not (Zheng, 2015). For our case, threshold-guided sampling approach
is used that has been proposed by Potamias et al. (Potamias et al., 2006). Safe zone is created based on the speed threshold, that is an allowable
level of change in the speed of a worker. If the incoming location point resides within safe zone that is created by computing previous
trajectory point`s speed and a speed threshold under consideration.Then it means, this particular point will not be contributing much
information in a trajectory and hence can be discarded without compromising the accuracy of information in trajectory data. Same approach
has been used to form a safe zone for a change in a direction scenario (see Figure 10). By changing the speed or a direction angle, more points
will be deleted or added in a trajectory data.

Figure 10. Reduction based on a speed 0-3.5 meter per second
.

Figure 11. Reduction based on a direction angle 10°- 20°

4. DISCUSSION
The application based on ST trajectories as discussed in section 3 consists of different data processing algorithms that attempts to contribute
in improving the worker safety on construction sites. The system application utlilizes GPS data from the construction site to understand
mobilities of workers as well as machineries in order to analyze potential safety hazards on construction sites. The protoype system
visualizations address the competency questions as shown in Table 3. This derived safety information will assist building supervisors and
H&S managers in monitoring, controlling and implementing evacuation plans efficiently. Each algorithm opens a possibility to understand
and explore different types of mobility more deeply that occur on the sites. This information can then be shared among various construction
project stakeholders to improve existing work practices and to ensure safe construction operations, hence reducing the occurrences of fatal
accidents.
However, there are some limitations of a discussed system application, are mentioned below;

Table 3. Prototype system addressing the selected competency questions
Competency questions related mobility

Derived safety information from a proposed system`s visualizations

What are the stay points of workers or
machineries on a construction site?

Calculating the stay points as shown in Figure 4 will indicate the occurrence of an
unexpected situation on a site if the duration of stay is greater or less than the required.

Which type of movements are done by the
workers?

Segmenting the trajectories into walk and run points in a given time duration as shown in
Figure 5 will indicate the occurrence of unexpected situation on a construction site.

Which and how many workers or
machineries are close to other workers or
machineries?

It will help to visualize that how many workers and which machineries are engaged for a
certain project activity so that safety plans can be made accordingly (shown in Figure 6).

How many workers are present in a
specified area?

Parallel movements of workers in a specified location as shown in Figure 7 will indicate
that how many workers will be affected on the occurrence of any safety hazard in that
particular location.

What is the closest point-pair distance
between two workers or machineries?

Hazardous situations that occur on construction sites can be due to an excessive proximity
between different workers, between a worker and an equipment or a dangerous material on
site, as workers often carry out their work in a dynamic and complex manner. Calculating
closed-pair distances as shown in Figure 8 will help to visualize the worker`s level of
protection from the dangerous material or machinery as well as it shows the risk of injuring
other workers with the equipment used in the activity.

1) The location data used for the proof of concept system application is not a real-time data. Formerly collected Comma Seperated Values
(CSV) files of a GPS device is used to understand mobility by processing raw trajectories. In addtion, batch pre-processing algorithms have
been implemented as discussed in section 3 to understand the trajectories occuring on a site. However, batch or offline data processing
methods are only recommended when we have to visualize behavior patters from the existing data. But for the applications, where mobility
data of people and objects is continuously updating and we need to find dynamic correlations between various trajectories then trajectories
should be processed in real time. Real time trajectory processing solutions have the ability to process raw trajectory data within a controlled
time window and generate processed trajectories in an online mode. In online processing, as soon as data is received, trajectory basic features
such as speed, direction, and displacement, etc. are calculated. Consequently, data filtering, smoothing and reduction techniques are applied
before generating trajectory visualizations.
2) GPS technology is discussed to acquire workers` location data from a construction site. However, this technology is recommended only
in an outdoor environment. Whereas, construction sites are composed of an outdoor as well as an indoor environment. Using GPS devices
inside the building will introduce large measurement errors in trajectories because of interference effects. This impact will result in partial to
total loss of signal tracking to capture workers` mobility. Therefore, the accuracy of the GPS device becomes questionable for critical aspects
such as H&S management. Hence, it is important to consider to use alternative technology to collect indoor positioning data.
3) As the scope of the paper is kept limited to only preprocessing the ST trajectories. Generated visualizations are still incomplete to give a
complete picture of mobility patterns of workers to building supervisors and H&S manager for decision making as contextual information
and application domain knowledge is not incorporated. Other technologies such as Building Information Modeling (BIM) can be used for
visualizing the trajectories as it has been described as one of the most promising developments in the area of safety management (Cruz and
Nicolle, 2006; Cruz, 2017). Another possible way to improve understanding of the generated visualizations is to enrich them with semantic
information acquired from external data sources both private data such as construction site information describing the work zones and public
data such as OpenStreetMap (OSM) and Google Maps. For this, existing semantic enrichment techniques (Yan et al., 2011) can be explored
to construct semantically enriched trajectories which are: (1) enrichment with semantic points that maps site location identification to preprocessed trajectory points; (2) enrichment with semantic lines that relies on the speed based segmentation approach (as discussed in section
3) infers modes of transportation used in trajectory`s episodes; and (3) enrichment with semantic region for mapping a complete trajectory
on an actual construction site zone. Semantically enriched trajectories (see Figure 12 as an example) will provide an intuitive and readily
understandable pre-processed visualizations that will help H&S managers in making improved decisions for monitoring and controlling site
activities by understanding workers behaviors that ultimately attempts to contribute in reducing fatal accidents occurring on construction
sites each year.

5. CONCLUSION
In this paper, we have presented the importance of preprocessing ST trajectories captured from construction sites. Once trajectory data is
preprocessed correctly, it can be used in variety of applications for construction safety monitoring and management. A significant gap has
been found in the literature that the usage of preprocessed ST trajectory data is still missing in workers`s safety monitoring scenarios in the
area of construction management. To address this research gap, our paper has discussed a system application that use preprocessed ST
trajectories to monitor workers` movemenets on a construction site. GPS data acquired from workers` handheld devices has been used and it
is then processed using various algorithms aims to provide effective visualizations to building supervisors and H&S manager. However, our
proposed application is in the development stage lacking contextual and semantic information in the visualizations generated. Considering
the preprocessing the very first step to prepare the ST trajectories for semantic enrichment, making this processed data as a base that can
leads to improved understanding of mobility of workers on construction sites. In addtion, using appropriate data and pattern mining algorithms

and techniques on a processed trajectory data will help to discover interesting patterns and rules and to extract unknown and nontrival
behaviors for decision-making processes.

Work zone

Figure 12. Visualizing a complete worker` trajectory with semantic stay points in red colored circles (site identifications
for e.g. W5768 for a workzone), semantic lines (segmentation into run and walk points) and a semantic region
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