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the same time future proofing the installation. A well 
designed TBM system provides system information and 
analytics, identifying in advance component failures reducing 
the down time of a system. 

6. Methodology of collecting the evidences 

The method that was followed in the collection of the 
qualitative evidences comprised of a combination of research 
on the relevant legislation of London’s construction industry. 
During the research stage primary and secondary data were 
collected. The sources of primary data were current 
(SAP2012) and proposed (SAP10) legislation, and for 
secondary data was the analysis of online discussions and 
forums.  

The data collected through the research was benchmarked 
with the data collected from conversations with subject matter 
experts at industry events. That resulted in added value to the 
research and therefore moved from qualitative only, to a 
mixed method research. 

The gathered information from speaking with subject matter 
experts were used to collect as many insights as possible. 
Understanding the Intelligent Building market was only one 
part of the research. The subject matter experts analysed a 
much broader topic including perceptions and effectiveness of 
buildings regulation (i.e. London Plan, Part L etc) which the 
secondary data did not address. 

7. Conclusion 

SAP10 is an updated calculation methodology to better 
evaluate the energy performance of the proposed, and 
subsequent as-built dwelling.    

There is no doubt that the proposed key changes detailed 
within will be warmly welcomed across the construction 
industry.  

The change in carbon factors means that electric heating is 
more favourable.  However, electricity is almost four times as 
expensive as gas and therefore this new carbon factor could 
unintendedly result in higher heating bills. 

As well as this, having greener electricity means generating 
electricity on site will not have the same affect in reducing 
carbon footprint, as it does today.  PV systems and/or CHP 
units will have minimal impact on trying to improve the EPC 
rating and SAP scores.   

Since electric heating becomes favourable, it is reasonable to 
suggest that electric underfloor heating will become more 
desirable, especially since it lends itself to off-site and 
modularisation construction.  

The updated heating pattern results in an overall less heating 
demand.  A challenge might be to try to further reduce this 
demand, by the implementation of intelligent control systems.  

The more detailed calculation of hot water demand will 
potentially result in higher energy use in dwellings especially 
with electric showers. 

In summary, it is acknowledged that the update, does 
endeavour to better reflect the actual energy systems in a 
dwelling, as well as the UK’s advances in decarbonising our 
energy supplies.    

However, it is felt that the results of the calculation 
methodology are still a long way off being a true reflection of 
how our dwellings actually perform.   

Until post occupancy evaluations via intelligent building 
systems and/or extensive metering, becomes the norm for 
new dwellings and refurbishments, there is no way to truly 
evaluate exactly how good or bad our dwellings are 
performing.    

Perhaps a more comprehensive simulation methodology 
similar to that used for non-domestic buildings would give a 
truer reflection of energy performance, however it is the 
operational energy, and ultimately how we use and manage 
our buildings, which is most significant in our quest to 
reducing carbon footprints. 
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ABSTRACT Safety training for construction workers is believed to be an important approach to improve construction safety through 
reducing unsafe behaviour. Various research efforts have improved safety training by adapting training materials to workers’ language 
capacities, applying information and communication technology in safety training to improve its efficiency, encouraging safety 
communication from foremen and co-workers, among others. However, limited research has been identified to analyse construction worker 
cognitive capabilities and improve their ability to learn. Therefore, this research proposed a personalized learning system to adapt safety 
training to every workers’ learning ability and avoid the “one-size-fits-all” approach in safety training. Based on identified characteristics of 
construction workers’ learning process, this research developed a recommendation algorithm to push training materials to workers according 
to their trades, workings activities, risk sources on site, and learning ability. 
 

1. Introduction 

The safety problem is highly concerned by the construction 
industry in many countries (Zahoor et al. 2016). In recent 
years, despite the progress in construction technology, 
construction management and construction environment 
(Choi et al. 2011), according to statistics from the United 
States, the United Kingdom and Hong Kong, the total 
number of accidents remains high and the number of fatalities 
in construction industry has not reduced significantly (Zhang 
and Fang 2016). This indicates that safety in the construction 
industry remains to be improved. Safety accidents can be the 
results of many factors (Garrett et al. 2009), of which human 
factors account for 70% (Haslam et al. 2005). Workers’ 
unsafe behaviour has been proved by many accident 
investigations to be the major cause of accidents (Fang et al. 
2016).  As Wiegmann and Shappell (2001) pointed out, there 
is a causal relationship between human errors and accidents, 
and controlling human errors can reduce accidents. Therefore, 
it becomes urgent to solve how to reduce workers' unsafe 
behaviours. 

On-site workers engaged in construction work are often 
under-educated, with inadequate safety knowledge and safety 
awareness of the safety risks caused by irregular operations. 
Thus, safety training for construction workers, which is used 
to effectively reduce unsafe behaviour, draws increasing 
attention by both researchers and project managers. As the 
scale of projects continues to expand and the working 
conditions become more complex, the requirements for the 
safety of workers at the construction site are also increasing 
(Pereira et al. 2018). Safety training usually takes place in a 

classroom or conference room onsite. The purpose is to 
prepare construction workers with adequate and proper safety 
awareness, safety knowledge, and safety skills, to meet the 
requirements of on-site safety management, and effectively 
prevent construction accidents. Studies have shown that 
trained workers are more safety-conscious and work more 
disciplined than those without proper training (Caban 
Martinez et al. 2018). 

The positive role of safety training in enhancing knowledge 
and regulating behaviour has been recognized (Taylor, 2015), 
but accidents at construction sites frequently indicate that the 
training effect is not satisfactory, mainly due to the single 
training method and the boring training content. However, it 
is undeniable that the on-site safety management personnel 
on the construction site are inadequately equipped, work 
tasks are tight, training venues, time constraints, etc. These 
long-standing problems will directly lead to the difficulty of 
safety training work to be carried out and implemented as 
planned (Guo et al. 2016). Traditional safety training was 
mainly based on curriculum teaching and supplemented by 
text materials. It was not enough to attract workers, and a 
large amount of text is difficult for workers with low 
educational level to understand and remember in a short 
period of time. The series of real-world issues for safety 
training has forced project management to have an urgent 
need for a new type of safety training system. 

Firstly, the content of training needs to be novel. The content 
of safety training mainly comes from operating procedures 
and safety regulations. The textual training materials are 
difficult to arise the interest of workers. Xu et al. (2014) 
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transformed the normative regulations into vivid and 
interesting images, comics and photo-type training questions 
to be intuitive and easy to understand. Secondly, the training 
methods need to be diversified. A survey of 1197 lumberjack 
showed that video-based training can not only significantly 
enhance the safety knowledge of loggers, but also have a 
positive impact on safety attitudes and work habits 
(Helmkamp et al. 2004). Another study showed that the high-
participation training method can raise the risk awareness 
level of workers (Namian et al. 2016; Evanoff et al. 2016). 
Furthermore, training materials need to be comprehensive. In 
recent years, migrant workers have a high proportion in the 
US construction industry (Rathod, 2009) while taking up 
more casualties (Mayra De Jesus-Rivas et al. 2016). It is 
difficult for migrant workers to understand the English-
language training materials. In order to overcome language 
barriers and ensure the effectiveness of training materials, Lin 
et al. (2018) developed a scenario-based training approach 
with 3D training materials for workers with low literacy and 
low English proficiency. 

The variety of training schemes does not only transfer 
essential knowledge to workers, it also guarantees the 
attainment of certain task proficiency that is required to 
prepare workers for real-work task settings (Hou et al. 2017), 
as well as to instil a positive danger/risk-sensitive attitude 
and safety climate in the workplace (Shin et al. 2014; 
Choudhry 2014). Despite the ever-growing research focus on 
training techniques and methods, it is nonetheless important 
to investigate the effectiveness of and issues related to safety 
training from the training receivers’ perspective, provided the 
recipients of safety training constitute heterogeneous workers. 
To this end, a personalised training schema can adapt to 
workers’ learning characteristics and personal needs, and the 
most important component of constructing a personalised 
training schema should be characterising the heterogeneity of 
construction workers. 

2. Research Framework 

2.1 Proposed framework of a personalized safety training 
system 
The personalised safety training system was consisted of 
three components, namely the training resource library, 
construction workers’ learner model, and personalized 
resource recommendation algorithm, as shown in Figure 1. 

2.2 Semantic-based safety knowledge discovery 
Safety knowledge was not only derived from various safety 
standards, safety regulations, etc., but also in the unsafe 
behaviour of on-site construction operations. Therefore, 
safety training materials were diverse presentation of safety 
knowledge. Cognitive psychology suggested that coded 
verbal knowledge was learnt by storing the verbal 
information in schemas, and to assist the built of safety 
knowledge schemas could improve the efficiency of safety 
knowledge learning. A schema is a set of interrelated 
concepts of objects, events, or activities that revealed the 
structure of knowledge.  

Figure 1 Framework of the proposed personalised 
safety training system 
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The structure of cognitive schemas was built around the core 
concepts. Construction activities were the process of 
interaction between workers and objects. The objects here 
included construction tools, materials, engineering objects, 
and environmental objects. In this way, workers and objects 
were set as the core concepts, and safety knowledge could be 
organised around them, describing the relationship between 
the core concepts in the construction context, it could 
improve the safety risks of construction workers in the 
construction process and environment, and avoid unsafe 
behaviour. 

The construction safety schemas were constructed from 
safety regulations and specifications, and further integrated 
with knowledge from practice, or patrol data. It was first 
necessary to analyse and extract the behavioural safety 
knowledge in specifications, identify the core concept, and 
extract the safety attributes expressed in the specification 
around the core concept, as well as the mutual relations.  

Secondly, in the construction practice, workers’ unsafe 
behaviours were mostly reflected and captured by patrol 
photos or cameras. The patrol photos were the visualised 
representation of implicit safety knowledge. In order to 
integrate it into textual safety knowledge, safety managers 
were required to assign semantic information in the collection 
of photos, including core concepts, operational behaviours, 
operational objects, location areas, etc.   

Finally, the on-site unsafe behaviours in 11 types were 
summarized, including safety protection (01), lifting and 
hoisting (02), earthwork (03), scaffolding (04), formwork 
engineering (05), high-altitude operation (06), fire safety (07), 
construction equipment (08), construction electricity (9), 
vehicle transportation (10), and other (11), as shown in 
Figure 2. Among them, taking various types of machinery 
into account, the lifting and hoisting (02) was subdivided into 
tower crane (021), gantry crane (022), material hoist (023). 
Similarly, construction equipment (08) is also subdivided into 
electric welder (081), smashing machine (082), steel 

 

 
 
 

machinery (083), hand-held power tools (084), concrete 
vibrator (085), and saws (086); and vehicles were divided 
into concrete mixers (101), excavator (102) and dumper (103), 
according to the professionalism. 

Figure 2 Classification of construction workers’ unsafe 
behaviour 
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2.3 Construction workers’ learner model 
Describe factors of construction workers’ learning process 
and their evaluation, the possible outcome of the evaluation 
of construction workers’ learning process  

Customisation/personalisation models in e-learning are based 
on the Learner Model which describes student characteristics 
and abilities for learning materials to be adapted to (Labib et 
al. 2017). Construction workers tended to have lower 
educational attainment and were more mobile than other 
industries. Therefore, a better knowledge of construction 
workers was more conducive to improving the effectiveness 
of safety training. This research herein developed the Learner 
Model for construction workers to obtain a taxonomy to 
achieve personalised safety training. The data of the Learner 
Model was based on evaluations gathered from a 
questionnaire-based survey. 

At the time of learning, internal and external factors could 
collectively affect the attainment of knowledge. Learners’ 
motivation could directly affect their determination and 
willingness to learn. According to the previous research, 
learners’ willingness to learn relates to safety awareness, job 
requirements and workers’ value judgments on safety training 
(Kuan-Chung Chen & Syh-Jong Jang, 2010). The increase in 
safety awareness and workers value judgment might result in 
the improvement of their motivation, whereas job 
requirements, if mandatory, may demotivate them.  

Emotions are people’s reactions to objective things. The 
control of emotions can directly affect workers’ behaviour 
and work efficiency. Darban and Polites (2016) highlighted 
that emotions could affect one’s willingness to learn. 

Previous experience referred to a worker’s cognitive and 
kinetic experience developed from the past. It was the most 
dynamic factor that determines the learner’s mastery of safety 
knowledge. Due to the variation of mobility and education, 
the background knowledge of each construction worker could 
be different. Furthermore, an unsafe behaviour that had not 
been promptly corrected could affect workers’ safety 
perception, which could then influence the acceptance of 
knowledge during safety training.  

Researchers purported that organisational culture can affect 
not only the worker’s decision to share and communicate 
engineering-related knowledge (Ajmal, M.M., Koskinen, 
K.U., 2008) but also limit the training knowledge and 
creative imitation (Eskerod, P., Skriver, H.J., 2007). Han 
(2015) suggested that construction workers’ working skills 
were mainly developed by learning and imitating from their 
workmates, which means a ‘model’ workmate could have a 
great impact on shaping his/her followers’ behaviours. 

During the construction process, construction workers are 
likely to act unsafely because absolute compliance to safety 
measures may sometimes compromise efficiency and 
convenience. Therefore, the intention of pursuing work 
efficiency with compromised safety standards could be a 
common factor in hazardous incidents. 

3. The Recommendation Method 

3.1 Commonly used recommendation algorithms 
The adaptive safety training system was to recommend 
appropriate training resources by matching them with 
construction workers' safety learning needs. After 20 years of 
development, the recommendation algorithms used different 
fields of knowledge to improve the recommendation 
efficiency from multiple perspectives. At present, the most 
used algorithms included content-based filtering, association 
rule-based recommendation, collaborative filtering, and 
mixed recommendation. 

The content-based filtering was the most basic information 
filtering algorithm, firstly proposed by Lang et al. in 1995. It 
was to filter the irrelevant information and extract the 
information of interest to users by matching the resource with 
the user interest model. The advantages of the content-based 
filtering algorithm were that it barely depends on users' 
evaluation of resources, and the algorithm was highly 
targeted. The disadvantage was that it was only applicable to 
the recommendation of text resources. It first identified users’ 
personal information with their interest model, or the user 
vector; then filtered the text resources with machine learning, 
probability statistics or other techniques. Finally, it calculated 
the similarity of the established user and resource vector 
models, and the top N with high similarity was recommended 
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transformed the normative regulations into vivid and 
interesting images, comics and photo-type training questions 
to be intuitive and easy to understand. Secondly, the training 
methods need to be diversified. A survey of 1197 lumberjack 
showed that video-based training can not only significantly 
enhance the safety knowledge of loggers, but also have a 
positive impact on safety attitudes and work habits 
(Helmkamp et al. 2004). Another study showed that the high-
participation training method can raise the risk awareness 
level of workers (Namian et al. 2016; Evanoff et al. 2016). 
Furthermore, training materials need to be comprehensive. In 
recent years, migrant workers have a high proportion in the 
US construction industry (Rathod, 2009) while taking up 
more casualties (Mayra De Jesus-Rivas et al. 2016). It is 
difficult for migrant workers to understand the English-
language training materials. In order to overcome language 
barriers and ensure the effectiveness of training materials, Lin 
et al. (2018) developed a scenario-based training approach 
with 3D training materials for workers with low literacy and 
low English proficiency. 

The variety of training schemes does not only transfer 
essential knowledge to workers, it also guarantees the 
attainment of certain task proficiency that is required to 
prepare workers for real-work task settings (Hou et al. 2017), 
as well as to instil a positive danger/risk-sensitive attitude 
and safety climate in the workplace (Shin et al. 2014; 
Choudhry 2014). Despite the ever-growing research focus on 
training techniques and methods, it is nonetheless important 
to investigate the effectiveness of and issues related to safety 
training from the training receivers’ perspective, provided the 
recipients of safety training constitute heterogeneous workers. 
To this end, a personalised training schema can adapt to 
workers’ learning characteristics and personal needs, and the 
most important component of constructing a personalised 
training schema should be characterising the heterogeneity of 
construction workers. 

2. Research Framework 

2.1 Proposed framework of a personalized safety training 
system 
The personalised safety training system was consisted of 
three components, namely the training resource library, 
construction workers’ learner model, and personalized 
resource recommendation algorithm, as shown in Figure 1. 

2.2 Semantic-based safety knowledge discovery 
Safety knowledge was not only derived from various safety 
standards, safety regulations, etc., but also in the unsafe 
behaviour of on-site construction operations. Therefore, 
safety training materials were diverse presentation of safety 
knowledge. Cognitive psychology suggested that coded 
verbal knowledge was learnt by storing the verbal 
information in schemas, and to assist the built of safety 
knowledge schemas could improve the efficiency of safety 
knowledge learning. A schema is a set of interrelated 
concepts of objects, events, or activities that revealed the 
structure of knowledge.  

Figure 1 Framework of the proposed personalised 
safety training system 
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The structure of cognitive schemas was built around the core 
concepts. Construction activities were the process of 
interaction between workers and objects. The objects here 
included construction tools, materials, engineering objects, 
and environmental objects. In this way, workers and objects 
were set as the core concepts, and safety knowledge could be 
organised around them, describing the relationship between 
the core concepts in the construction context, it could 
improve the safety risks of construction workers in the 
construction process and environment, and avoid unsafe 
behaviour. 

The construction safety schemas were constructed from 
safety regulations and specifications, and further integrated 
with knowledge from practice, or patrol data. It was first 
necessary to analyse and extract the behavioural safety 
knowledge in specifications, identify the core concept, and 
extract the safety attributes expressed in the specification 
around the core concept, as well as the mutual relations.  

Secondly, in the construction practice, workers’ unsafe 
behaviours were mostly reflected and captured by patrol 
photos or cameras. The patrol photos were the visualised 
representation of implicit safety knowledge. In order to 
integrate it into textual safety knowledge, safety managers 
were required to assign semantic information in the collection 
of photos, including core concepts, operational behaviours, 
operational objects, location areas, etc.   

Finally, the on-site unsafe behaviours in 11 types were 
summarized, including safety protection (01), lifting and 
hoisting (02), earthwork (03), scaffolding (04), formwork 
engineering (05), high-altitude operation (06), fire safety (07), 
construction equipment (08), construction electricity (9), 
vehicle transportation (10), and other (11), as shown in 
Figure 2. Among them, taking various types of machinery 
into account, the lifting and hoisting (02) was subdivided into 
tower crane (021), gantry crane (022), material hoist (023). 
Similarly, construction equipment (08) is also subdivided into 
electric welder (081), smashing machine (082), steel 

 

 
 
 

machinery (083), hand-held power tools (084), concrete 
vibrator (085), and saws (086); and vehicles were divided 
into concrete mixers (101), excavator (102) and dumper (103), 
according to the professionalism. 

Figure 2 Classification of construction workers’ unsafe 
behaviour 
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2.3 Construction workers’ learner model 
Describe factors of construction workers’ learning process 
and their evaluation, the possible outcome of the evaluation 
of construction workers’ learning process  

Customisation/personalisation models in e-learning are based 
on the Learner Model which describes student characteristics 
and abilities for learning materials to be adapted to (Labib et 
al. 2017). Construction workers tended to have lower 
educational attainment and were more mobile than other 
industries. Therefore, a better knowledge of construction 
workers was more conducive to improving the effectiveness 
of safety training. This research herein developed the Learner 
Model for construction workers to obtain a taxonomy to 
achieve personalised safety training. The data of the Learner 
Model was based on evaluations gathered from a 
questionnaire-based survey. 

At the time of learning, internal and external factors could 
collectively affect the attainment of knowledge. Learners’ 
motivation could directly affect their determination and 
willingness to learn. According to the previous research, 
learners’ willingness to learn relates to safety awareness, job 
requirements and workers’ value judgments on safety training 
(Kuan-Chung Chen & Syh-Jong Jang, 2010). The increase in 
safety awareness and workers value judgment might result in 
the improvement of their motivation, whereas job 
requirements, if mandatory, may demotivate them.  

Emotions are people’s reactions to objective things. The 
control of emotions can directly affect workers’ behaviour 
and work efficiency. Darban and Polites (2016) highlighted 
that emotions could affect one’s willingness to learn. 

Previous experience referred to a worker’s cognitive and 
kinetic experience developed from the past. It was the most 
dynamic factor that determines the learner’s mastery of safety 
knowledge. Due to the variation of mobility and education, 
the background knowledge of each construction worker could 
be different. Furthermore, an unsafe behaviour that had not 
been promptly corrected could affect workers’ safety 
perception, which could then influence the acceptance of 
knowledge during safety training.  

Researchers purported that organisational culture can affect 
not only the worker’s decision to share and communicate 
engineering-related knowledge (Ajmal, M.M., Koskinen, 
K.U., 2008) but also limit the training knowledge and 
creative imitation (Eskerod, P., Skriver, H.J., 2007). Han 
(2015) suggested that construction workers’ working skills 
were mainly developed by learning and imitating from their 
workmates, which means a ‘model’ workmate could have a 
great impact on shaping his/her followers’ behaviours. 

During the construction process, construction workers are 
likely to act unsafely because absolute compliance to safety 
measures may sometimes compromise efficiency and 
convenience. Therefore, the intention of pursuing work 
efficiency with compromised safety standards could be a 
common factor in hazardous incidents. 

3. The Recommendation Method 

3.1 Commonly used recommendation algorithms 
The adaptive safety training system was to recommend 
appropriate training resources by matching them with 
construction workers' safety learning needs. After 20 years of 
development, the recommendation algorithms used different 
fields of knowledge to improve the recommendation 
efficiency from multiple perspectives. At present, the most 
used algorithms included content-based filtering, association 
rule-based recommendation, collaborative filtering, and 
mixed recommendation. 

The content-based filtering was the most basic information 
filtering algorithm, firstly proposed by Lang et al. in 1995. It 
was to filter the irrelevant information and extract the 
information of interest to users by matching the resource with 
the user interest model. The advantages of the content-based 
filtering algorithm were that it barely depends on users' 
evaluation of resources, and the algorithm was highly 
targeted. The disadvantage was that it was only applicable to 
the recommendation of text resources. It first identified users’ 
personal information with their interest model, or the user 
vector; then filtered the text resources with machine learning, 
probability statistics or other techniques. Finally, it calculated 
the similarity of the established user and resource vector 
models, and the top N with high similarity was recommended 
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to the user. The CF-IDF method proposed by Goossen et al. 
used cosine similarity to measure the similarity between users 
and projects. 

The association rule-based recommendation is to measure the 
relevance between the items based on the analysis of user's 
current interests according to rules customized by the 
administrator. The recommendation system based on 
association rules has two shortcomings. Firstly, the accuracy 
of the recommendation is not guaranteed, because rules are 
manually customized by the administrator and not 
automatically generated by the system. Secondly, once the 
rules are formulated, they cannot change dynamically. 

Collaborative filtering recommendation is one of the most 
widely used recommendation algorithms. It is to find similar 
users to recommend goods or information to the target users 
by collecting user evaluations on the resources and inferring 
target users’ interests with the evaluation of similar users. 
Therefore, the most important step in collaborative filtering 
technology is to calculate the similarity among users and find 
the nearest neighbour. Collaborative filtering can provide 
better recommendations for users with relatively dense 
scoring data without a fully understanding of user's 
information. However, users’ evaluation on resources has to 
be acquired in advance. When the scoring matrix is sparse, 
the recommendation effect is greatly reduced. The 
collaborative filtering algorithm is divided into three steps, 
the first step is to acquire and analyse user information, and 
the second step is to find the neighbour by calculating the 
similarity between the target users, thereby generating 
recommendations. The third step is to score predictions and 
generate recommendations. 

In summary, the collaborative filtering and the content-based 
two recommendation algorithms are the classic algorithms of 
the recommendation system, but they have shortcomings 
individually. Organically mixing the two classic algorithms 
to form a new hybrid recommendation algorithm is possible 
to improve recommendation quality. Therefore, this research 
proposed a hybrid recommendation algorithm that combines 
content-based filtering and collaborative filtering. 

3.2 The proposed hybrid recommendation method 
To solve the “cold start” problem, the hybrid 
recommendation algorithm used content-based 
recommendation as a starter. When adequate data on users’ 
preference and evaluations on learning resources were 
gathered, the personalised learning system applied the 
collaborative filtering method to generate recommendations. 
The process of proposed hybrid recommendation method was 
shown in Figure 3. 

Figure 3 The proposed hybrid recommendation method 
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Step 1 Content-based filtering as a starter 

In the content-based filtering, top N resources with the 
highest similarity were recommended to users. The following 
formula was used to calculate the similarity between the user 
model and the resource model for the match of users and 
resources, 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑢𝑢𝑢𝑢�⃗ , 𝑟𝑟𝑟𝑟) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠(𝑢𝑢𝑢𝑢�⃗ , 𝑟𝑟𝑟𝑟) = 𝑢𝑢𝑢𝑢��⃗ ∙ 𝑟𝑟𝑟𝑟
‖𝑢𝑢𝑢𝑢��⃗ ‖,‖𝑟𝑟𝑟𝑟‖

   
Note that the content filtering to generate resource 
recommendations for new registered users. Therefore, the 
user's recommendation in the system does not need to start 
from zero. After the user accessed the recommended 
resources generated by the content filtering, the resource 
could be scored.  

Step 2 Compare data sparsity with the threshold 

A threshold on data sparsity value was set. When the data 
sparsity was less than the threshold, the content filtering 
correction collaborative filtering algorithm was selected. 
When the score reached the threshold, collaborative filtering 
recommendation would be performed. 

Step 3 Identify the nearest neighbours 

After establishing the user-resource scoring matrix, the 
similarity between users could be calculated to form a 
neighbour set. By obtaining the similarity between users with 
Equation 1, the first n users who took the greatest similarity 
formed neighbours, participated in predictive scoring, and 
generated recommendations. 

Step 4 Generate recommendations 

After obtaining the nearest neighbour of the target item by 
the method proposed above, the next step is to generate a 
corresponding recommendation. Let the nearest neighbour set 
of the target item TI be represented by 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 =
{𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁1,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁2,⋯ ,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑘𝑘𝑘𝑘} , then the predictor score P𝑢𝑢𝑢𝑢,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  of the 
learner u for the item TI could be obtained by the learner u 

 

 
 
 

scoring the items in the nearest neighbour set 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, and the 
calculation method was shown in Equation 2. 

P𝑢𝑢𝑢𝑢,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑅𝑅𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇���� +
∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑛𝑛𝑛𝑛)∗(𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢,𝑛𝑛𝑛𝑛−𝑅𝑅𝑅𝑅𝑛𝑛𝑛𝑛����)𝑛𝑛𝑛𝑛∈𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝐼𝐼𝐼𝐼

∑ (|𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑛𝑛𝑛𝑛)|)𝑛𝑛𝑛𝑛∈𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝐼𝐼𝐼𝐼
  (2) 

in which 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑠𝑠𝑠𝑠)represented the similarity of the target TI 
and nearest neighbour n, 𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢,𝑛𝑛𝑛𝑛represented the score of n given 
by user u, and 𝑅𝑅𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇����and 𝑅𝑅𝑅𝑅𝑛𝑛𝑛𝑛����represented the average score on TI 
and n.  

4. Conclusion 

This paper proposed a personalised safety training system for 
construction workers. The system integrated safety 
knowledge in safety regulations and practice and organised 
them in safety knowledge schemas so that the training 
materials could be easily tied to construction contexts and 
understood. On the other hand, this paper argued that 
construction workers were heterogeneous and their learning 
characteristics could be described with learner model in 
dimensions of motivation, emotion, previous experience, 
model effect and convenience effect. Based on the 
classification of safety knowledge and construction workers, 
this research proposed a hybrid recommendation method to 
adaptively recommend training materials to construction 
workers, which combined content-based filtering and 
collaborative filtering algorithms together. 
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to the user. The CF-IDF method proposed by Goossen et al. 
used cosine similarity to measure the similarity between users 
and projects. 

The association rule-based recommendation is to measure the 
relevance between the items based on the analysis of user's 
current interests according to rules customized by the 
administrator. The recommendation system based on 
association rules has two shortcomings. Firstly, the accuracy 
of the recommendation is not guaranteed, because rules are 
manually customized by the administrator and not 
automatically generated by the system. Secondly, once the 
rules are formulated, they cannot change dynamically. 

Collaborative filtering recommendation is one of the most 
widely used recommendation algorithms. It is to find similar 
users to recommend goods or information to the target users 
by collecting user evaluations on the resources and inferring 
target users’ interests with the evaluation of similar users. 
Therefore, the most important step in collaborative filtering 
technology is to calculate the similarity among users and find 
the nearest neighbour. Collaborative filtering can provide 
better recommendations for users with relatively dense 
scoring data without a fully understanding of user's 
information. However, users’ evaluation on resources has to 
be acquired in advance. When the scoring matrix is sparse, 
the recommendation effect is greatly reduced. The 
collaborative filtering algorithm is divided into three steps, 
the first step is to acquire and analyse user information, and 
the second step is to find the neighbour by calculating the 
similarity between the target users, thereby generating 
recommendations. The third step is to score predictions and 
generate recommendations. 

In summary, the collaborative filtering and the content-based 
two recommendation algorithms are the classic algorithms of 
the recommendation system, but they have shortcomings 
individually. Organically mixing the two classic algorithms 
to form a new hybrid recommendation algorithm is possible 
to improve recommendation quality. Therefore, this research 
proposed a hybrid recommendation algorithm that combines 
content-based filtering and collaborative filtering. 

3.2 The proposed hybrid recommendation method 
To solve the “cold start” problem, the hybrid 
recommendation algorithm used content-based 
recommendation as a starter. When adequate data on users’ 
preference and evaluations on learning resources were 
gathered, the personalised learning system applied the 
collaborative filtering method to generate recommendations. 
The process of proposed hybrid recommendation method was 
shown in Figure 3. 

Figure 3 The proposed hybrid recommendation method 
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Step 1 Content-based filtering as a starter 

In the content-based filtering, top N resources with the 
highest similarity were recommended to users. The following 
formula was used to calculate the similarity between the user 
model and the resource model for the match of users and 
resources, 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑢𝑢𝑢𝑢�⃗ , 𝑟𝑟𝑟𝑟) = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑠𝑠𝑠𝑠(𝑢𝑢𝑢𝑢�⃗ , 𝑟𝑟𝑟𝑟) = 𝑢𝑢𝑢𝑢��⃗ ∙ 𝑟𝑟𝑟𝑟
‖𝑢𝑢𝑢𝑢��⃗ ‖,‖𝑟𝑟𝑟𝑟‖

   
Note that the content filtering to generate resource 
recommendations for new registered users. Therefore, the 
user's recommendation in the system does not need to start 
from zero. After the user accessed the recommended 
resources generated by the content filtering, the resource 
could be scored.  

Step 2 Compare data sparsity with the threshold 

A threshold on data sparsity value was set. When the data 
sparsity was less than the threshold, the content filtering 
correction collaborative filtering algorithm was selected. 
When the score reached the threshold, collaborative filtering 
recommendation would be performed. 

Step 3 Identify the nearest neighbours 

After establishing the user-resource scoring matrix, the 
similarity between users could be calculated to form a 
neighbour set. By obtaining the similarity between users with 
Equation 1, the first n users who took the greatest similarity 
formed neighbours, participated in predictive scoring, and 
generated recommendations. 

Step 4 Generate recommendations 

After obtaining the nearest neighbour of the target item by 
the method proposed above, the next step is to generate a 
corresponding recommendation. Let the nearest neighbour set 
of the target item TI be represented by 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 =
{𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁1,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁2,⋯ ,𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑘𝑘𝑘𝑘} , then the predictor score P𝑢𝑢𝑢𝑢,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  of the 
learner u for the item TI could be obtained by the learner u 

 

 
 
 

scoring the items in the nearest neighbour set 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, and the 
calculation method was shown in Equation 2. 

P𝑢𝑢𝑢𝑢,𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑅𝑅𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇���� +
∑ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑛𝑛𝑛𝑛)∗(𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢,𝑛𝑛𝑛𝑛−𝑅𝑅𝑅𝑅𝑛𝑛𝑛𝑛����)𝑛𝑛𝑛𝑛∈𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝐼𝐼𝐼𝐼

∑ (|𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑛𝑛𝑛𝑛)|)𝑛𝑛𝑛𝑛∈𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑇𝑇𝐼𝐼𝐼𝐼
  (2) 

in which 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑠𝑠𝑠𝑠)represented the similarity of the target TI 
and nearest neighbour n, 𝑅𝑅𝑅𝑅𝑢𝑢𝑢𝑢,𝑛𝑛𝑛𝑛represented the score of n given 
by user u, and 𝑅𝑅𝑅𝑅𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇����and 𝑅𝑅𝑅𝑅𝑛𝑛𝑛𝑛����represented the average score on TI 
and n.  

4. Conclusion 

This paper proposed a personalised safety training system for 
construction workers. The system integrated safety 
knowledge in safety regulations and practice and organised 
them in safety knowledge schemas so that the training 
materials could be easily tied to construction contexts and 
understood. On the other hand, this paper argued that 
construction workers were heterogeneous and their learning 
characteristics could be described with learner model in 
dimensions of motivation, emotion, previous experience, 
model effect and convenience effect. Based on the 
classification of safety knowledge and construction workers, 
this research proposed a hybrid recommendation method to 
adaptively recommend training materials to construction 
workers, which combined content-based filtering and 
collaborative filtering algorithms together. 
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ABSTRACT Construction safety–related research is either management-driven or technology-driven. Many emerging technologies have been 
investigated by researchers worldwide in different construction management applications. Although there is some limitations, recent advances 
in deep learning technology has made computer vison (CV) a very active research topic in the field of construction safety management. 
However, most CV-based studies focus on detecting unsafe behaviour without extending the work to include identifying, locating, and notifying 
the people involved. In this paper, a framework is proposed for an on-site construction safety management system using Fast R-Convolution 
Neural Network (CNN)–based computer vison and Bluetooth Low Energy (BLE)–based real-time location system (RTLS). CV can detect on-
site entities, understand their spatial relations in a semantic way, and recognize actions of workers and construction equipment. Moreover, the 
trajectories of moving objects can be tracked, and the next location can be predicted. Combined with the low-cost and easy-to-implement BLE-
based RTLS, workers involved in a potential construction hazard will be warned through a mobile application on their smartphones, via loud 
sounds and vibrations. Experimental studies were conducted at two construction sites to test the CV-based method and the RTLS-based worker 
identification and warning. 
 

1. Introduction 

Hazards at construction sites originate from many sources. 
First, construction is dynamic, temporary, and decentralized in 
nature (Li et al., 2015). Second, hazards can arise from the 
unsafe behaviour of on-site workers resulting from poor 
attitudes towards safety (Choudhry and Fang, 2008).  

Research on construction safety is mainly conducted from two 
perspectives: it is either management-driven or technology-
driven (Zhou et al., 2015). In general, it is assumed that 
enhanced construction safety management can effectively 
improve on-site safety performance and reduce the number of 
accidents. Research from the management perspective usually 
includes either safety management processes such as safety 
education and training or focuses on individual/organizational 
characteristics such as workers’ attitude towards safety. 
Unfortunately, human errors do exist and cannot be completely 
eliminated through safety education and training; thus, various 
innovative technologies have been investigated to assist and 
improve on existing management-driven safety management 
practices. These technical approaches aimed to enhance rather 
than replace the management efforts (Teizer et al., 2010).  

The construction industry is not very keen to adopt innovative 
Information and Communication Technologies (ICT) mainly 
due to the unstructured and dynamic working environment 
(Gonzalez de Santos et al., 2008). Along with advances in ICT, 

researchers have gradually acknowledged the significance of 
new technologies to many construction management practices, 
including safety management (Zhou et al., 2013). Some 
important innovative technologies that have been incorporated 
in previous safety-related research include Building 
Information Modelling (BIM) (e.g. Shen et al., 2016), Radio 
Frequency Identification (RFID) (e.g. Li et al., 2018), Real-
Time Location System (RTLS) (e.g. Li et al., 2016), 
Geographic Information System (GIS) (e.g. Jia et al., 2012), 
laser scanning (e.g. Marks et al., 2013), Virtual Reality (VR) 
(e.g. Sacks et al., 2014), Augmented Reality (AR) (e.g. Chi et 
al., 2013), Knowledge Management (KM) (e.g. Le et al., 
2014), Computer Version (CV) (e.g. Ding et al., 2018), robot 
(e.g. You et al., 2018), Unmanned Aerial Vehicle (UAV) and 
remote sensing (e.g. Alizadehsalehi et al., 2018).  

Of the abovementioned technologies, CV has drawn attention 
for solving issues related to construction safety because of its 
capability to automate tasks, which the human visual system is 
not able to do (Seo et al., 2015). CV can detect objects and their 
special relations, track the movement of objects, and under-
stand actions of people and equipment at a construction site 
(Yang et al., 2016). Although the study of CV in the field of 
construction management began more than a decade ago, 
research became more active only in the past few years along 
with advances in deep learning technology such as convolution 
neural network (CNN) and its adaptions such as Fast R-CNN, 
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