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Abstract
Existing literature reveals that major reasons of fatalities on construction sites are related 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. There exist many attempts in the literature to reduce these fatalities using information extracted from location based
technologies such as GPS for tracking people and machineries on construction sites. However, a significant gap has been found
that the usage of semantically enriched mobility data is still missing in worker`s safety monitoring scenarios for effective
management of construction sites. To address this research gap, a system is proposed to enrich mobility data of workers with
external data sources both openly available and private data related to construction sites. Three annotation techniques are used to
transform raw spatio-temporal mobility data into semantic trajectories which are: (1) annotation with semantic points that maps
site location identification to trajectory points; (2) annotation with semantic lines that relies on the speed based segmentation
approach and infers the modes of transportation used in trajectory`s move episodes; and (3) annotation with semantic region for
mapping a complete trajectory on an actual location. These semantic trajectories will help Health and Safety (H&S) managers in
making improved decisions for planning, monitoring and controlling site activities by understanding workers behaviors that
ultimately contributes in reducing the fatal accidents occurring on sites each year.
Keywords: Safety;workers;construction, spatio-temporal data

1. Introduction
Construction industry is very hazardous in nature because of harsh work environment and involvement of high
safety risks. According to the Bureau of Labor Statistics 1, in 2015 out of 4,836 fatal work injuries, 19 % of fatalities
were recorded from the U.S. construction industry. Whereas from the EU construction industry, 20.9% fatal accidents2
were reported in 2014. 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 objects3. The above
reasons highlight the need for more effective construction resources` mobility monitoring and safety planning
methods. Construction resources such as workers, machineries and materials on sites are continuously changing their
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position and keep interacting with each other. These dynamic interactions raise serious safety concerns to health and
safety (H&S) managers.
In the last few decades, to reduce safety hazards, dynamic interactions of workers and machineries are tracked in
real-time using different sensor-based location tracking technologies such as Radio Frequency Identification (RFID),
Global Positioning System (GPS), Ultra wideband (UWB) and vision based sensing systems 4. Each one of them has
its own benefits and limitations. Among all, the most prominent and widely used tracking technology for construction
safety applications is the GPS. It is used to automatically record the spatio-temporal trajectory data. A trajectory is a
series of location points in the form of x and y geographical coordinates with time stamps generated by a moving
object in space5. It holds multi-faceted attributes for example; time, position of the object in geographical coordinate
system, direction of an object, speed of an object, change in direction, acceleration and distance travelled. These
attributes can be extracted from spatio-temporal trajectories by applying pre-processing techniques. However, most
decision making applications requires additional information with the trajectory data from the application context 5.
After an extensive literature review, a significant gap is found in the existing literature that the application of semantic
trajectories is still missing in worker`s safety monitoring scenarios for effective safety management of construction
sites. In order to fill this gap, at first, a system was designed to pre-process raw spatio-temporal trajectories of
construction workers in our previous research article6. It collects GPS data values, performs cleaning and various other
pre-processing algorithms to computes multi-faceted attributes such as speed, direction, etc. (already discussed above).
Based on these attributes, trajectory reduction techniques were applied in order to visualize the large trajectories of
construction workers. However, processed trajectories were incomplete to give a complete picture of mobility patterns
of construction resources to H&S managers. It was lacking semantic information and contextual domain knowledge.
Considering the pre-processing the very first step to prepare spatio-temporal trajectories for semantic enrichment,
generating processed trajectory data from this prototype system as a foundation, this article presents an extension of
it. Processed spatio-temporal trajectories of workers are semantically enriched using external data sources both private
data such as construction site information describing the work zones and public data such as OpenStreet and Google
Maps to enhance the ability of an effective construction site monitoring and increasing the possibilities to carry safe
construction operations.
The paper is organized as follows: in section 2, a literature on transforming spatio-temporal trajectories to semantic
trajectories with existing applications is discussed. In section 3, a system is presented to use semantic trajectories for
improving worker safety on a construction site. Section 4 presents the discussion on the presented work and conclusion
is discussed in section 5.
2. Background
There exist four primary areas in the existing literature on semantic trajectories: constructing sematic trajectories,
segmenting, annotating, and applications.
Construction of trajectories
There exists two modes to construct a trajectory: (a) online mode, where trajectories are constructed in real time,
and (b) offline mode, where all trajectories` construction processes are done in offline mode. Although, literature on
an online construction of trajectories is limited but, there are many offline trajectory construction methods present in
the literature8,9,10. In these methods, GPS data is collected in advance. Once mobility data is collected, it will undergo
various processing stages such as data cleaning, map matching and compression5. However, these methods are not
suitable for real life applications, where mobility data of objects is continuously updating. In order to address the
requirement of an online trajectory construction for real life applications, a real-time solution known as SeTraStream11
is present that has the ability to process raw trajectories data within a controlled time window and generate semantic
trajectories in an online mode. In online processing, server receives the data from GPS devices with a predefined
window size. As soon as data is received, trajectory basic attributes such as speed, direction, and displacement, etc.
are calculated. Consequently, pre-processing techniques are applied11. During this process, trajectories in different
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batches are compared to one another to form trajectory episodes. Now, these episodes carry a start and end time that
corresponds to a specific geometry of a building.
Segmentation of trajectories
Segmentation is a process to divide a trajectory into episodes based on some predefined criteria. The very first data
model proposed by the authors10, in which segmentation process is used to divide a trajectory into a set of moves and
stops. A stop is defined as a place where a moving object has spent some specific time. However, other than time
threshold, segmentation can also be achieved by other attributes such as velocity, acceleration, direction, density, and
geographic artefacts. Yan et al. have presented a technique to segment mobility data into single-mode episodes by
adding the functionality to distinguish between 10 different transportation modes12. Similarly, there exists an extended
segmentation framework to segment trajectories based on the movement states13. However, their framework depends
on the mapping of each movement state with relevant spatio-temporal criteria based on the expert knowledge and
manual user input. There also exists smart frameworks such as SeTra14 to segment GPS trajectories. It distinguishes
between trip and activity trajectories episodes and maps the transportation mode to the episodes from a list of 8
segmentation modes list (run, walk, bicycle, urban vehicle, train, aerial and naval). Moreover, Sankararaman et al.
have presented an approach to distinguish between similar and dissimilar portions in trajectories15. After then,
trajectories are segmented into fragments to extract contiguous portions of trajectories that are shared by many of the
other trajectories. Furthermore, segmentation can be done on the basis of representativeness16. Such techniques takes
input from the Moving Object Databases (MOD) and performs a global voting algorithm based on the local density
and similarity of trajectories information. Then segmentation and sampling algorithms are executed over the resulting
segments to extract more representative sub-trajectories in the MOD.
Annotation of trajectories
Once the segmentation of trajectories is completed, annotation techniques are applied to transform GPS trajectories
into semantic trajectories6. In this process, trajectory`s segments having specific intervals are assigned meaningful
information regarding their mobility tracks. As trajectories are already divided into stops and moves episodes during
the segmentation process, now it’s important to mark stops because stopping in a location means that something
interesting is happened. The annotation process involves enrichment of episodes with the meaningful information such
as; the mapping of places of interests (POI) that can be in the form of points, in the form of lines or the geographical
regions (see Table 2 for existing trajectory annotation applications) 6.
There are many annotation approaches present in the literature. Wu et al. have used historic social media data to
map it with users` trajectories to understand the purpose of the trip17. Based on the location history, relevant words are
extracted from the Twitter data according to the mobility records and user interests are retrieved for visiting a specific
location at a specific time. In addition, user activities have also been used to annotate raw trajectories18. However, to
cover a larger pool of POIs, there is a need of integration with more datasets such as Yellow Pages to enable tracking
in large cities for the extraction of user activities18. Tales et al. have developed a new framework to annotate trajectories
based on episodes19. It basically defines the environment where the user trajectory has been taken placed based on the
Linked Open Data (LOD) cloud and OpenStreetMap. The ability of this framework of describing the spatial context
of GPS trajectories can be used as a building block of future expert systems for trajectory exploration. Moreover,
trajectories of slow and fast moving objects are also annotated at different levels of data abstraction using a multilayer framework20. The locations where objects move provide with the information about their interests. At the same
time, such behavioural analysis provides the information about the popularity of places20. A similar research effort is
presented by Graaff et al., where an algorithm is proposed to combine existing multiple trajectory pre-processing
methods to detect visited POIs to detect different indoor activities in urban settings21. Furthermore, ontological
modelling approach has also been used to abstract trajectory data in a multilevel hierarchy using LOD collections and
social media data22. It can enable to query trajectories for mobility analysis-
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Table 1. Comparison of existing semantic annotations of trajectories
Use case

Findings

Key technologies/
methods used

Dataset

Annotation types comparison
Social
media

Point

Region

Line

Semantic annotation of
mobility data using
social media17

Extracted purposes and
interests of a user from his
location history.

Kernel density
estimation model

Geo-tagged 37,871,265
tweets from New York
City, Chicago and Los
Angeles

Y

Y

N

N

Inferring human
activities from GPS
tracks18

Automatically annotated
raw trajectories with the
activities performed by
the users.

Gravity law

One year data of 28
users moving by car,
for around 30,000
annotated trips

N

Y

N

N

Annotating semantic
trajectories based on
episodes19

Environments are
identified where
trajectories took place.

Linked Open Data
cloud and
OpenStreetMap

23 trajectories of a
jogger collected in the
city of Grenoble.

N

N

Y

N

Semantic annotation of
heterogeneous
trajectories20

Annotated trajectories for
any kind of moving
objects.

Java 6
(PostgreSQL)

3 million GPS records
of two Lausanne taxis
and 2 million GPS
records of 17,241
private cars.

N

Y

Y

Y

Automated semantic
trajectory annotation
with indoor point-ofinterest visits in urban
areas21

Combined multiple
trajectory pre-processing
techniques to extract
POIs.

23 trajectories from a
wide range of device
types, containing a
total 30,500 trajectory
samples.

N

Y

N

N

Automated semantic
annotations based on
existing knowledge
bases22

Structuring and
abstracting in a multilevel
hierarchy of progressively
detailed movement
segments is achieved.

geoSPARQL and
PostGIS

14,504 positions of 564
distinct users, was
segmented in 2143
user's trail from Flickr
and 57,099,806 tweets.

Y

Y

Y

Y

Dynamic semantic
annotation of
trajectories23

Annotation is achieved
using contextual social
media data.

Kernel density
estimation model

50 million geo-tagged
tweets

Y

N

N

N

-based on the domain and application related knowledge. In addition to automatic semantic annotations, there also
exists dynamic semantic annotation methods based on contextual data in the literature23. Such methods calculate local
density of words and maps words to each trajectory record, hence providing visualizations for trajectories exploration.
3. Semantic enrichment system for improving worker safety
After reviewing the literature regarding all the steps involved in semantic enrichment of trajectories, a prototype
system is discussed to monitor workers` mobility on construction sites using semantic spatio-temporal data. Building
supervisor and H&S manager are the two roles have been identified from the literature 24 to develop this prototype
system as mentioned in Fig.1. The developed prototype system focuses on the following:
1.

It aggregates the GPS data from workers` handheld devices on a construction site. A single GPS data log
consists of a user identification (ID), timestamp, floor, latitude and longitude value. An application
programming interface is used to capture the GPS data through wireless access points, aggregating and then
storing it in a document oriented database such as Mongdb. A data link is configured between a database
system and R studio to pre-process the captured GPS data. There exists many noise filters, such as mean and
median filter to improve the data quality. However, median filter is used on a captured GPS data (as shown
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is Fig. 2) because it depicts robustness property in filtering and recommended for data with high sampling
rate whereas, mean filter is not proposed because it is highly sensitive to outliers 5.

Fig. 1. Scenario for monitoring spatio-temporal data for worker safety on a construction site

2.

After removing the outliers in a trajectory data, stay points of a worker are calculated to enrich a worker
trajectory with semantic points in the form of stop and move segments. Stay points are the location points
where a worker has spent a significant time within a specified distance. By manually setting the distance
(𝐷𝑡ℎ𝑟𝑒𝑠ℎ ) and time threshold (𝑇𝑡ℎ𝑟𝑒𝑠ℎ ) values, stay points in a trajectory have been identified (as shown in Fig.
3) using Zheng et al. approach5. 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 .
A
stay
point
can
be
described
as
𝑠=
(𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒, 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒, 𝑎𝑟𝑟𝑖𝑣𝑎𝑙𝑡𝑖𝑚𝑒, 𝑙𝑒𝑎𝑣𝑖𝑛𝑔𝑡𝑖𝑚𝑒).

Where,

𝑛

𝑧𝑖 . 𝐿𝑎𝑡𝑖𝑡𝑢𝑑𝑒
⁄|𝑍|
𝑧𝑖 . 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒
𝑠. 𝑙𝑜𝑛𝑡𝑖𝑡𝑢𝑑𝑒 = ∑
⁄|𝑍|
𝑖=𝑚
𝑠. 𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒 = ∑

𝑖=𝑚
𝑛

The purpose of calculating stay points in a worker trajectory data is to find locations on a construction site
where workers are spending more time than required. This information will help to track the occurrence of
an unexpected situation on a site if a stay duration is greater or less than the required. After extracting the
stay points, successive stay points on a same location are grouped together and aggregated stay duration in
minutes is calculated (as shown in Fig. 4) in order to reduce the size of a trajectory.
3.

Once stay points are identified, we will map them to corresponding site locations having unique identification
for actual site areas such as work zone, material zone, hazard zone and dumping zone as shown in Table 1.
Construction sites typically have more work zones25 however, we have restricted site zones to 4 for this
article. To tag site identification (ID), trajectory location points are spatially joined with OpenStreetMap data
file. In this way, we can annotate each position of a trajectory with the locations of the site where the worker
has visited as shown in Fig. 5.
Table 1. Mapping of GPS data with the construction site information
GPS coordinates [Lon, Lat]
{ [5.010756, 47.293998] , [5.010729, 47.294025],
[5.010765, 47.294017] , [5.010756, 47.293998],
[5.010710, 47.294010] }

Geometry type
Polygon

Site Area
Workzone

Site ID
W5768

Building Name
Tevoyls
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4.

After mapping the spatio-temporal locations in a trajectory to site identifications, we can now enrich a
trajectory with semantic lines in the form of movement types which are being carried by workers. Based on
our application requirement, we have used walk-based segmentation method of Zheng et al. that is based on
semantics5. Walk points and run points based on points` speed values are calculated then, a trajectory is
divided into alternate walk and run segments as shown in Figure 6(a). Moreover, spend is also calculated
between two segments in meters per second. Finally, to visualize the entire trajectory having stop and move
segments with a semantic region, R studio is used with Google Maps as shown in Fig. 6(b).

Fig. 2 Filtered raw trajectory data of a worker

Fig. 3 Stay points extraction with time spent

Fig. 4 Semantic enrichment of stay points with site location IDs

Fig. 5 Visualization of semantic stay points with stay durations calculated in minutes after aggregating successive stay points
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Work zone

Fig. 6 (a) Enriching a worker trajectory with run and walk segments, and calculating speed between these segments in meters per second
(b) 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

4. Discussion and Conclusion
This work presented the application of a GPS data to track and analyse workers` trajectories for safer construction
sites. The proposed system used construction site information to enrich pre-processed spatio-temporal GPS data of
workers to have more meaningful visualizations of trajectories. Though, mobility data used in the proposed system is
not processed in real-time but previously collected Comma Separated Value (CSV) file carrying location data is used.
If the time spent by each worker is accurately calculated in different construction site zones, it will provide a good
understanding of its utilization and safety plans for these site zones can be improved accordingly. In addition,
visualization of workers` trajectories that have been generated using a developed system can help to monitor how often
they enter in a specific site zone and how much time they have spent in each zone. Moreover, important information
that H&S managers like to monitor is the traveling speed of the workers and machineries on site. Objects moving at a
higher than a specified speed threshold inside a particular site zone would be considered unsafe. This information
works as a leading indicator for worker safety and can help in the detection of potential hazardous zones on a site.
Furthermore, people or machineries that are working close to each other can cause an accident. Visualizing complete
trajectories mapped with site zones will help for proximity analysis and shows which, where and when the worker or
a machinery is operating too close to another. However, further work is need to be done to fuse data from other
emerging technologies such as Building Information Modeling (BIM) with spatio-temporal data to visualize processed
trajectories with the building infrastructure context. In addition, further applications should be developed to
incorporate pattern mining techniques to take complete advantage of fused information for deriving mobility
behaviours of workers that will ultimately help H&S managers for better decision making in safety processes.
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