
Edge Computing: Optimising Training Through Data Analytics 

 37 

EDGE COMPUTING: OPTIMISING TRAINING 

THROUGH DATA ANALYTICS 
by MAJ Alvin Quek 

ABSTRACT 

Technology is constantly evolving to meet the ever increasing need for convenience. For companies to stay ahead of 
the competition, data has served as a pool of information for developers to delve into, providing an avenue for developers 
to further deepen their knowledge towards their consumers. With this, the methods of collecting data have also become a 
crucial point for developers to look into, as it would supply vast troves of data for them to create products that would 
meet the consumer’s needs. In this essay, the author looks into ways the SAF can utilise edge computing to optimise its 
operations despite not having a big data architecture. This essay also provides examples and examines how the 
incorporation of edge computing into wearable technology can benefit the SAF. Several potential applications of such 
technology with data analytics for the SAF was also discussed. Lastly, the shortcomings of edge technology are also 
highlighted. 
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INTRODUCTION 

Data is generated at an incomprehensible rate of 2.5 
quintillion bytes per day.1 That is equivalent to a stack of 
Blu-ray discs the height of four Eiffel Towers.2 The 
convergence of exponential data growth with a lower cost 
of high-density digital storage solutions has given rise to big 
data analytics—the ability to harness information on a large 
scale to produce useful insights, goods or services of 
significant value.3 To gain a competitive edge, many 
organisations have begun to exploit their vast troves of data 
for predictive capabilities—The Holy Grail of big data 
analytics.4 

For instance, Target, an American discount retailer is 
able to accurately predict the pregnancy due date of female 
customers by conducting big data analytics on its repository 
of shopper history. This has enabled the retailer to target 
soon-to-be-parents with relevant coupons at every stage of 
the pregnancy to boost revenue.5 Similarly, by analysing 
data of more than 300,000 employees, Hewlett-Packard 
(HP) is able to predict which employee was likely to quit 
based on a ‘Flight risk’ score.6 This information allowed 
managers to intervene early and resulted in an estimate 
savings of $300 million by minimising staff replacement and 
productivity loss.7 

Big data analytics can potentially be beneficial to the 
SAF since the SAF owns a voluminous amount of data. Toh 
and Leong have recently offered their compelling analysis 
on how big data can be applied strategically in the domain 
of military intelligence and to complement system thinking 

in the SAF.8 However, both authors have highlighted that 
big data analytics is not easily achievable due to the 
architecture required.  

A big data architecture is paramount for any 
organisation seeking to attain predictive capabilities from 
its enormous repository of data (see Figure 1).9 This 
architecture provides an organisation with a single data 
repository (in cloud or data centres) for persistent storage 
and data interoperability across all discrete storage silos. A 
critical mass of analytics expertise is also vital in this 
architecture. For instance, the analytics department in HP 
which developed the ‘Flight Risk’ model houses more than 
1,700 analysts.10 Coupled with areas of interest identified 
by subject matter experts from various domains, analytics 
experts will be able to parse the repository for predictive 
insights.  

Establishing a big data architecture is complex and is 
commonly predicated upon cloud computing technologies. 
This essay seconds the opinion expressed by Toh in her 
analysis of big data and military intelligence that 
‘implementing big data architecture in the SAF is certainly a 
daunting enterprise.’11 

In view of this challenge, this essay will attempt to 
offer an alternative on how organisations without a mature 
big data architecture is able to utilise data analytics to 
optimise its operations. This essay posits that edge 
computing is a viable alternative for such an endeavour as 
opposed to cloud computing which big data architecture is 
usually based on. Albeit not as strategic as the predictive 
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capabilities conferred by big data architecture, this 
alternative is still able to provide organisations with tactical 
data analytics to optimise day-to-day operations without a 
high barrier to entry.  

This essay aims to examine how data analytics 
afforded by edge computing can be beneficial to the SAF 
and will provide some examples on how they can be 
applied in peacetime training to optimise operational 
readiness. This essay will begin with a brief overview of 
edge computing and underscore its analytics capabilities 
most commonly applied in commercially-off-the-shelf 
(COTS) wearable sensors. Thereafter, the essay will provide 
examples of how these wearable sensors can potentially 
help the SAF to optimise the following three areas of 
training through data analytics: (1) Operational training, (2) 
Leadership training and (3) Fitness training of National 
Servicemen (NSmen). Lastly, the essay will highlight the 
limitations of edge computing, primarily in its inability to 
exploit the entire value spectrum of data. 

EDGE COMPUTING VS CLOUD COMPUTING 

Traditionally, edge computing technologies are used 
solely to collect data through a distributed network of 
sensors. These data are transmitted across networks into 
clouds or data centres to produce data products with 
predictive capabilities through big data analysis. However, 
recent technological advancements have expanded the 
storage density of sensors—allowing analytical algorithms 
that were traditionally housed in data centres to be front-
loaded into sensors.12 Consequentially, edge computing is 
now able to analyse selected data at the ‘edge’ of the 
network where the sensors are located, without requiring 
cloud computing technologies to send them back into 

clouds or data centres to be parsed for actionable 
information.13 While cloud computing is used to analyse 
large data sets for strategic predictive capabilities, edge 
computing provides users with actionable data for making 
data driven decisions through instantaneous analysis of 
predetermined data sets (See Figure 2). 

The value proposition of edge computing lies in its 
ability to ‘datafy’ any phenomenon into a quantified format 
that can be parsed by algorithms to produce actionable 
data products. For instance, wearable sensors like Fitbit is a 
common application of edge computing. It is able to datafy 
almost every element of a user’s daily activity. From heart 
rate to sleep patterns, the sensor is able to quantify these 
activities so that the in-built algorithms are able to provide 
users with actionable information to live better. This 
process of ‘datafication’ unlocks the implicit and latent 
value of information for data-driven decision making which 
has great utility for the SAF in the domain of training. The 
next section of this essay will discuss some potential ways 
wearable sensors can optimise operational training, 
leadership training and fitness training for NSmen in 
peacetime.  

While cloud computing is used to 
analyse large data sets for strategic 
predictive capabilities, edge 
computing provides users with 
actionable data for making data 
driven decisions through 
instantaneous analysis of 
predetermined data sets.  

Figure 1: Key Components of a Big Data Architecture.  Figure 2: Analytics Capabilities of Cloud vs Edge Computing. 
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Datafication of Stress to Optimise 
Operational Training 

The volatility and complexity of the evolving security 
environment place increasing demands on our soldiers. To 
thrive in these conditions, soldiers require a broader set of 
competencies, with higher levels of proficiency in them, and 
an ability to rapidly learn and confront novel challenges. To 
train soldiers in acquiring an ever-expanding set of 
knowledge and skills without significantly increasing 
training time and cost, the training has to be effective and 
realistic to ensure that every repetition raises the 
performance of a solder in real combat situations.15 

The volatility and complexity of the 

evolving security environment place 

increasing demands on our soldiers. 

To thrive in these conditions, soldiers 

require a broader set of 

competencies, with higher levels of 

proficiency in them, and a greater 

ability to rapidly learn new material 

to confront novel challenges.  
An effective and realistic training has two key 

outcomes—it must allow a soldier to perform a series of 
psychomotor or cognitive tasks competently until the point 
of automaticity, and to execute those tasks under combat 
stress without degradation in performance. While the 
former objective can be attained systematically by 
performing a task repeatedly according to standards in 
checklists and rubrics, the latter is harder to achieve due to 
the lack of an objective measurement tool to ascertain the 
baseline stress level experienced by solders in real combat 
environments. Recent advancements in edge computing 
technology has the potential of elevating training realism 
through the measurement and datafication of stress. 

Beyond the datafication of heart rate, activity, 
calories and sleep by fitness wearables like Fitbit, more 
advanced wearable like the Empatica is able to measure 
electrical changes across the surface of the skin or 
electrodermal activity (EDA). EDA is an indicator of 
sympathetic nervous system arousal which changes 
accordingly when an individual experiences excitement or 
stress stemming from either a physical, emotional or 
cognitive source.16 Research has shown that stimulating 
brain regions on the right or left produces large skin 

conductance on the same corresponding side.17 Since the 
skin is the only organ solely nerved to the sympathetic 
nervous system, the ability to measure an individual’s EDA 
provides real-time indicator of stress which was previously 
difficult to measure objectively.  

Design Interaction Inc, a United States (US) based 
company has recently exploited this development and 
created an algorithm that pairs with wearable sensors like 
Empatica to objectively measure a soldier’s stress in real-
time through edge computing. Termed Operational Stress 
Index (OSI), the algorithm is able to measure the stress level 
of soldiers using EDA and a suite of other physiological 
biomarkers such as blood volume, pulse, temperature and 
movement data to provide real-time stress visualisation.18 
The ability to measure stress level of soldiers in real-time 
has the potential to elevate realism in operational training. 

Firstly, the datafication of stress provides an 
objective benchmark to design realistic training scenarios 
and simulation that objectively replicate stress level of 
operational environments. These wearable sensors could 
be issued to soldiers on deployment in hostile 
environments or elite operational units to establish a 
baseline stress level and the degree of elevation when 
conducting different operations. This data could potentially 
be used as a benchmark to validate new training scenarios 
or simulations to ensure that they subject soldiers to stress 
levels close to that of a real operational environment. This 
would ensure that soldiers without combat experience are 
able to hone their techniques, tactics and procedures (TTPs) 
repeatedly under a level of stress similar to what soldiers 
operating in real operational environments would 
experience. This could effectively prevent under training 
and realistically validate the combat effectiveness of 
soldiers in peacetime by accurately replicating stress level 
in operational environments. 

Secondly, the datafication of stress provides a proxy 
to measure resilience among soldiers. By subjecting soldiers 
to similar environmental stimuli when performing a 
designated set of tasks, a reduction in their stress response 
over time could suggest that resilience among these 
soldiers have increased. Similarly, soldiers who are able to 
perform a designated task consistently and competently 
while experiencing an increasing level of stress could also 
allude to a higher resilience threshold. This could also be 
applied in the development of stress coping mechanisms to 
help military leaders make coherent decisions under stress 
in a more objective manner. More importantly, the 
datafication of stress enables the SAF to measure the 
effectiveness of existing training programmes in 
strengthening resilience among soldiers, and provides an 
objective reference point to review future training 
programmes.  
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Thirdly, the datafication of stress allows better 
monitoring of training safety. This is especially vital for high-
risk soldiers such as recruits or cadets who may be over-
zealous. The ability to monitor stress levels of high risk 
soldiers in real-time empowers instructors to administer 
timely interventions before more serious medical condition 
ensues. With this, instructors would also be able to 
distinguish soldiers who are over-exerting and require a 
break from those who are malingering. The ability to 
identify soldiers who have a higher stress threshold from 
those without could also be used as a selection parameter 
in staffing. This could ensure that soldiers with a lower 
stress threshold are not assigned to highly demanding roles 
which may expose them to undue injuries. With a shrinking 
pool of human resources, the ability to maximise training 
outcomes while preserving soldiers from injuries is the key 
in optimising training. 

Datafication of Social Interactions to 
Optimise Leadership Training 

The quest for the perfect leader resembles the quest 
for the Holy Grail.19 If it could be captured, distilled and 
replicated, it would guarantee success for any organisation 
that possessed it. Today’s rapidly changing security 
environment obliges military leaders to collaborate and 
learn more extensively to solve complex problems.20 While 
it is commonly acknowledged that there are as many 
definitions of leadership as there are people who tried to 
define it, the ability to influence and collaborate within a 
team remains widely recognised as key traits of effective 
leadership that is vital for the SAF.21 

Today’s rapidly changing security 

environment obliges military leaders 

to collaborate and learn more 

extensively to solve complex 

problems.  
Unlike skills and knowledge, traits such as influence 

and collaboration while paramount to leadership training 
are highly elusive. Not only are they difficult to be 
measured objectively, assessing and teaching them 
methodically proves to be just as challenging. Social 
Network Analysis (SNA) has been recognised as a well-
suited technique to assess influence and collaboration in 
leaders as (1) it can model patterns of relationships among 
individuals, (2) represent how leadership is distributed 
among members and (3) track the development trajectory 
of leaders objectively.22 However, as SNA requires the 
continuous collection of all social interaction between 

individuals, it is resource-intensive and is usually applied in 
the context of online interaction. However, advancements 
in edge computing has made the application of SNA in face-
to-face interaction possible through sensors that are able to 
datafy social interactions between individuals in real-time. 

Aptima, a human performance solution provider has 
designed an edge computing platform that is able to 
monitor and analyse individual leadership and team 
effectiveness more objectively in military settings. By 
employing wearable sensors the size of an identification 
pass, the ACCURE Assessment Platform is able to 
unobtrusively measure individual interactions, vocal 
patterns, turn-taking and physiological data over time to 
analyse centrality of individuals in team, bottlenecks for 
information flow and weak links in a team through SNA.23 
These sensors could be issued to cadets during a specific 
milestone exercise or for a designated duration to analyse 
their interaction more accurately in authentic situations. 
These data are subsequently presented in a dashboard for 
ease of visualisation by instructors. The application of SNA 
through edge computing technologies can help instructors 
optimise leadership training in the following ways: 

Firstly, the datafication of social interactions provide 
instructors with measurable insights to ascertain influence 

and collaboration pattern of cadets. One such example is 

the ability to distinguish cadets who are bonders and 
bridgers (See Figure 3). While bonders are effective in 

exerting influence by creating strong bonds within in-
groups, bridgers are effective in connecting different out-

groups through their display of influence. Bridgers are able 
to provide valuable opportunities for growth and impact 
because they have access to perspectives, ideas and 

networks unknown to most network members.24 Such 

insights can also be useful for instructors to ascertain more 

accurately the suitability of cadets for either command or 

Figure 3: Identifying Bonders and Bridgers Through SNA.25 
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staff appointments based on their predominant influence 

pattern. For instance, bonders are more effective in 

command roles while bridgers are more suitable for staff 
appointments. Such data-driven assessment of cadets could 
maximise their potential in subsequent leadership roles by 
placing them in environments that leverage on their 

strength. Clearly, such insights about a cadet’s ability to 

influence cannot be uncovered without the quantifying 
subjective social interactions into objective and 
measureable data points. 

Secondly, the datafication of social interaction 
provides instructors with objective data points to visualise 
and assess leadership development trajectory at the 
individual and group level. Traditionally, assessing if a cadet 
has learnt to be more collaborative, or if a team of cadets 
has grown to be more cohesive are done primarily through 
observation. Edge computing has the ability to augment 
observations made by instructors with measurable data. 
This allows the instructors to provide more quantitative 
feedback to cadets on subjective traits such as influence 
and collaboration with higher objectivity. Figure 4 depicts 
varying frequencies of interaction within a group of leaders 
in three different snapshots. An instructor can objectively 
ascertain that a platoon of cadets has become more 
collaborative through edge computing if interaction data 
shows progress from snapshot A to C. An instructor is also 
able to assess if an individual who started as a periphery 
node has been integrated and has learned to exhibit more 
collaborative behaviours. For example, node 31 is not 
connected to any other node in snapshot A. In snapshot B, 
node 31 has begun to establish a connection with node 26 
and in snapshot C, it is clear that mode 31 has grown in his 
ability to collaborate and work as a team. In addition, these 
sensors also have the potential to track elusive upper body 
movements such as gesturing and nods to quantify non-
verbal communication, which is key in communicating to 
influence.26 For instance, a cadet’s lack in frequent nodding 
to express empathy or the absence of mimicry to build 

rapport would suggest a poor use of non-verbal cues in 
communication. Such objective data points could empower 
instructors to provide cadets with personalised and specific 
feedback for improvement.  

Edge computing has the ability to 

augment observations made by 

instructors with measurable data. 

This has the potential of enabling 

instructors to provide more 

quantitative feedback to cadets on 

subjective traits such as influence 

and collaboration with higher 

objectivity.  
While observations made by instructors play a pivotal 

role in the training of cadets, instructors are not able to 
observe every cadet equally during both formal and 
informal settings. By collecting and quantifying interactions 
of cadets continuously, edge computing could support 
instructors by filling in information gaps and provide 
instructors with a comprehensive profiling of every cadet. 
This would enable instructors to make a more holistic, data-
based assessment of every cadet’s ability to lead, and 
provide personalised feedback to optimise their 
development as leaders in the SAF.  

Datafication of Behavioural Change to 
Maintain Fitness of NSmen 

NSmen are the bedrock of the SAF. The physical 
fitness of these NSmen is vital to the operational readiness 
of the SAF. The SAF has made several initiatives over the 
years to better engage and support NSmen in maintaining 

Figure 4: Visualising Development Trajectory Through SNA. 
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their fitness. This includes simplifying the Individual Physical 
Proficiency Test (IPPT) format so that NSmen are able to 
maintain their fitness without any equipment, and the 
adoption of more varied workouts such as high-intensity 
circuit training during remedial trainings to keep training 
engaging for NSmen.27 This endeavour will always be a  
work-in-progress as NSmen continue to juggle fitness 
training amidst the demands of work and family. The 
advancement in edge computing has the potential of 
augmenting this endeavour to make it more sustainable 
and effective through sensors that are able to support 
behavioural change autonomously. 

Studies have shown that interventions aimed at 
increasing or maintaining physical activity are most 
effective when associated with self-regulatory behavioural 
change techniques such as goal setting, self-monitoring and 
social support.28 A survey of several Commercial-off-the-
Shelf (COTS) fitness sensors revealed that a majority of 
them have functions premised upon these behavioural 
change techniques. Not only are these sensors able to 
datafy a user’s daily activity, they are also able to analyse 
them and provide users with actionable information and 
feedback based on behavioural change models. Such 
autonomous behavioural change support has the potential 
to help NSmen self-regulate their physical activities and 
maintain consistency amidst demands from work and 
family. 

For instance, many of these sensors are able to break 
down a specified fitness goal into smaller, more achievable 
proximal goals through a personalised training programme. 
According to motivational theories, proximal goals are more 
effective in maintaining motivational level and in minimising 
learned helplessness.29 To enhance a user’s self-efficacy, 
these sensors provide users with feedback and rewards in 
the form of badges or congratulatory messages after the 
completion of each proximal goal. This strengthens the 
enactive mastery experience of a user where prior 
successes create a positive momentum to achieve the 
next.30 In addition, a majority of these sensors also employ 
social factors such as a scoreboard to create a sense of 
community and competition. By providing users a means to 
monitor his or her progress with others pursuing the same 
goal or in the same age group, the awareness of a similar 
individual succeeding creates what behavioural scientists 
termed as a vicarious experience which is another major 
source of self-efficacy.31 Some wearable sensors are also 
able to provide users with a geographical heat map of 
popular running routes and workout spots in their 
neighbourhood. This creates a virtual fitness community 
and engenders in users a sense of novelty and choice in 
carrying out their workout in varied locations, which 
enhances behavioural change. 

The effectiveness of such self-regulating tools could 
be enhanced by coupling them with extrinsic motivation 
techniques such as an alternative means to complete IPPT. 
Wearable sensors have the ability to weave assessment into 
the training environment seamlessly, which is virtually 
invisible to those being assessed. This kind of assessment is 
useful in optimising performance by reducing test anxiety 
and having a higher level of validity as it requires 
consistency in authentic situations as opposed to one-off 
summative assessments.32 Stealth assessment could serve 
as an alternative to summative assessment like IPPT to help 
NSmen maintain their fitness level. For instance, NSmen 
could be excused from IPPT if they exceed the weekly 
required activity level of a training programme sanctioned 
by SAF which they can download into their existing fitness 
wearable. This could potentially transform fitness into a 
lifestyle for NSmen instead of a yearly affair as they are 
rewarded for being consistent. More importantly, stealth 
assessment provides NSmen with a more outcome-based 
assessment format as compared to a result-based 
assessment approach. This could afford NSmen with greater 
flexibility and better engage them to sustain their fitness 
level which is paramount to the operational readiness of 
the SAF. 

In the light of the recent IPPT cheating cases which 
saw more than 60 NSmen disciplined, the usage of such 
sensors for assessment and monitoring does raise concerns 
about attribution as they can be easily transferred between 
different users.33 Recent developments in gait pattern 
recognition could potentially address this concern of 
attribution. Gait pattern differs from individual to individual 
and is hard to imitate.34 Researchers are trying to solve the 
security vulnerability of Zero-Interaction Authentication 
(ZIA), commonly used in automobiles with keyless entry, 
through applied gait analysis to provide an additional layer 
of authentication.35 By using an Android smartwatch to 
extract walking biometrics, the prover device (eg. car key) 
carried by the user will only respond to the authentication 
session with the verifier device (eg. car) only if the prover 
device detects the correct walking pattern of the legitimate 
user. Such a coupling of different edge computing 
technologies could make the implementation of stealth 
assessment through wearable sensors more feasible, 
making fitness training more engaging and enjoyable for 
NSmen. 

LIMITATIONS 

While edge computing has the potential to provide 
soldiers with more realistic training, support an instructor 
to develop better leaders and help a NSman maintain his 
fitness, it cannot reuse these data for secondary analytics 
purposes. To aggregate these tactical data and elevate it 
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beyond the individual level to optimise performance at the 
unit or system level, data collected by sensors have to be 
first stored in repositories. Thereafter, they can be analysed 
with other ancillary data sets to uncover predictive trends 
and correlations that have strategic impact at the 
organisational level 

While edge computing has the 

potential to provide soldiers with 

more realistic training, support an 

instructor to develop better leaders 

and help a NSman maintain his 

fitness, it cannot reuse these data 

for secondary analytics purposes.  
For instance, sensors on semi-autonomous vehicles 

collected and analysed data continuously by edge 
computing to assist the driver in making time-sensitive 
decisions. These data are parsed by algorithms and 
translated into actionable feedback such as an audio alert 
when the car is too close to the lane markings or an 
emergency brake to avoid an impending collision. When 
coupled with cloud computing technologies, these data can 
be transmitted into data repositories to be reused. They can 
be analysed by data scientists with other data sets such as 
location, type of car, profile of drivers or driving behaviours 

to uncover more strategic correlations that can enable car 
manufacturers to design cars that are more intelligent and 
safer to drive.  

Hence, organisations that desire to exploit the entire 
value spectrum of data, ranging from tactical actionable 
information to strategic and predictive information 
conferred by big data analytics, will still require a big data 
architecture in the long haul. Therefore, while the analytics 
capability of edge computing is useful and sufficient in 
many cases, it is limited when used in isolation. For 
organisations that seek to attain more strategic predictive 
analytics, edge computing is not a substitute for big data 
architecture but a good starting point towards it. 

CONCLUSION 

Advancement in edge computing has packed 
wearable sensors with analytics capabilities capable of 
transforming mundane and elusive day-to-day activities 
into powerful insights for action. Albeit not as powerful as 
the predictive capabilities of big data analytics, these 
scalable applications of edge computing do present SAF 
with a viable near term option to utilise the potential of 
data analytics without requiring a mature big data 
architecture. More importantly, edge computing could 
allows the SAF to infuse data analytics into its existing 
approaches for addressing performance gaps in the 
organisation. This can augment the SAF’s current suite of 
interventions to better address future performance gaps 
more effectively. 
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