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Introduction 
Artificial Intelligence (AI), data science and machine 
learning have enormous potential to enhance the 
productivity of infrastructure through its whole life.

Already we are seeing the 
inclusion of sensor technology 
in newly constructed 
infrastructure assets, gathering 
data to better understand 
how it is operating. Predictive 
maintenance, where sensors 
feed-back real-time data 
about asset condition and 
performance, allowing 
components to be repaired 
or replaced before they break 
down, will enable optimum 

asset operation and longer 
asset lifetimes. AI will process 
and interpret vast quantities of 
asset data, spotting patterns 
which will help infrastructure 
operators deliver better asset 
performance.

All stakeholders with an interest 
in tomorrow’s infrastructure 
need to come together to 
identify the opportunities and 
challenges presented by this AI 
revolution. This will ensure we 
are better equipped to develop 
the engineers of tomorrow, 
harness the transformative 
power of AI and ensure 
that future infrastructure 
technologies are delivering 
the best outcomes for people 
around the world.

Most of the infrastructure assets 
we have now are the same 
ones we will have in 50 years’ 
time. This large body of legacy 
infrastructure represents a 
productivity opportunity for the 
UK which should not be wasted. 
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The AI  
design sprint
ICE, The Alan Turing Institute and 
techUK recognise that AI offers the 
opportunity to enhance the function 
of infrastructure assets through their 
whole life, including our existing 
infrastructure.

To further explore the opportunities and 
address the challenges and potential 
applications of AI, we convened a one-day 
design sprint during the summer of 2018. 
The event brought together civil engineers, 
data scientists and technologists who 
worked together in teams.

Using a set process, the teams were asked 
to develop an approach to the question: 
How can our existing infrastructure be 
adapted for predictive maintenance? This 
could be from the perspective of a specific 
sector, using technology or through better 
data gathering. At the end of the event 
teams presented their solution and the 
winner was decided by popular vote.

“How can 
our existing 
infrastructure 
be adapted 
for predictive 
maintenance?”

How does a 
design sprint 
work?
Design sprints are used in the technology 
sector to rapidly develop products or 
solutions using a set process over a period 
of a few days. For the purposes of this 
event, the process was compressed and 
adapted into a one-day event, with the 
following steps used to design solutions:

Defining: Teams defined the challenge in 
relation to a sector or known problem and 
identified what the criteria for a successful 
solution would be. This was then fed-back 
to the wider group and a shared set of 
criteria for success were defined.

Sketching: Several potential solutions 
were explored and ‘sketched out’.

Deciding: Teams decided which of the 
ideas to progress to the next stage.

Prototyping: The chosen solution then 
went through a rapid process of 
development to ascertain how it would 
actually work in practice.

Validating: Teams presented their ideas 
back to the wider group who judged the 
outcomes against the measures of success 
identified at the start of the event. The 
winner was decided by popular vote.
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Measures  
of success
Normally for a design sprint a client would 
identify a problem or challenge to solve 
and what the key indicators of success 
and outcomes are. This would then be 
used to validate the solutions developed 
by the teams during the design sprint.

ICE, The Alan Turing Institute and techUK 
identified the broad challenge, and asked 
the whole group – effectively as its own 
client – to identify what its collective 
measures of success would be. These 
were then used to judge the solutions.

The teams were asked to identify their 
top three outcomes. These were fed back 
to the whole group, and from this full list 
participants were asked to pick their top 
three measures. The top three key
outcomes where: value to end customer, 
data quality and whole systems thinking.

Although return on investment, reliability 
and whole systems thinking got an equal 
number of votes, it was agreed that value to 
the end customer, whole systems thinking, 
and data quality would be the factors by 
which the solutions would be judged.
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Return on 
investment 

32%
Reliability 

32%
Value to end 

customer 

36%
Data quality 

36%
Whole systems 

thinking 

32%

Reducing risk of 
catastrophic failure 

11%
Stakeholder 
engagement 

11%
Whole-life costs 

21%
Better decision 

making 

21%
Data availability

18%

Lifecycle carbon 
footprint 

4%
Communication 

and understanding 
across whole 

business 

0%

Culture change 
across business 

11%
Utilisation 

7%
Making work 

processes easier 

7%

Success measures for adapting existing infrastructure for predictive maintenance.



Proposed 
solutions

Following the 
vote to agree 
the three priority 
outcomes the 
teams split off 
to work on their 
own solutions. 
Working through 
the steps, the 
final solutions 
were presented 
to the whole 
group during the 
validation stage. 
Proposals were 
tested against 
the three priority 
outcomes.

Team 1
Proximity-based data 
science for embankments

Embankment failures are a risk to safety 
as well as a burden on cost and the 
reliability of infrastructure services. 
Team 1 proposed a decision supplement 
tool for asset owners using proximity-
based data to identify the root causes 
of embankment failures. This would 
be comprised of a front-end app and a 
back-end AI-driven platform, in effect 
creating a digital twin of the asset. It 
would enable real-time data and rapidity 
of intervention.

This would make use of a range of data 
from the area around embankments. 
For example, GIS data, sensors, 
environmental and lidar data, plus 
photographs and videos. It would also 
‘mine’ data about adjacent works and 
effects on neighbouring assets. 

Using AI-driven pattern recognition and 
data processing, embankment failures 
could be predicted and preventative 
interventions taken. The model would 
assume that the data is available and 
accessible in open form, and that 
embankment failure can be predicted. 
It would also require maintainers 
receiving training, asset labelling, and the 
classification of historic asset datasets.

For clients, this would reduce the risk 
of critical failure, improving health and 
safety, and saving costs from critical 
failure (e.g. in the rail sector). It would 
also benefit customers by reducing the 
risk of service delays and improve value 
for money.

Team 2
Data aggregation service 
platform

Team 2 highlighted that aggregated 
data tells us far more about an issue 
than single sources or types of data and 
can be used to inform AI-driven pattern 
recognition. A data aggregation service 
platform, with comparison models built-in 
for users, would generate a large pool of 
infrastructure data for analysis.

They highlighted how some sectors 
have already made use of this to give 
themselves a competitive edge:
• Advertisers
•  Rolls Royce – engines  

(standardisation of parts)
•  Vibration data  

(prognostic data library – UWA)

The team used tunnels as an example of 
where aggregated data could be used 
to prevent structural failures. The team 
identified that they would need a body of 
existing data from tunnel failure events. 
For example, satellite and weather data 
and information about existing tunnel 
technology. On top of this, thermal, 
video imaging, vibration, or acoustic data 
could be added. By applying different 
parameters, it would be possible to create 
different layers of data.

This would make use of globally available 
data, asset monitoring, and data from 
providers. The challenge would be to 
get organisations or companies to share 
data freely and to ensure the quality 
of that data. It also assumed that the 
infrastructure to host the data would be 
available, that the data generators would 
be willing to buy into the project, and 
that it would be legally viable.

The incentive for data owners would 
come from the ability to access data 
shared by others, and asset owners would 
benefit from the AI-generated information 
from the aggregated data. Infrastructure 
users would benefit from more reliable 
assets through reduced delays or service 
interruptions and lower costs.
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Team 3
Heathrow Tunnel
Team 3 used Heathrow Tunnel as a 
specific case study. The tunnel is a 
bottleneck, and every closure, planned or 
unplanned, causes delays. 

The team recognised that the existing 
systems in the tunnel already capture a 
considerable amount of data. They 
suggested that a change of approach could 
help to predict failures, reducing the 
necessity of tunnel closures for reactive 
interventions. Through better use of 
existing data and the addition of new 
monitoring systems, patterns preceding 
asset failures could be identified. This would 
allow assets which are identified as ‘liable 
to fail’ to be addressed during planned 
closures. Data required could include:

•  Sensors for mechanical data 
(vibrational analysis)

• CCTV - feed into control room

• Call log (automated) 

•  Enable data collaboration by engineers 
(voice recognition, speed up process, 
quality data, and automated defect 
codes)

Data validation and proven appropriate 
software would be needed, as would an 
appropriately skilled team.

The team foresaw an improvement in 
productivity, predictability and reduced 
risk, and that the project aligned well 
with the key measures of success.

Team 4
Addressing ‘corporate 
amnesia’
The team identified that vast amounts of 
data and information are lost when 
people leave an organisation, particularly 
at the point of retirement. This knowledge 
is rarely captured effectively in business 
systems or passed on. By capturing this 
information, businesses could address 
some of the challenges of tacit knowledge 
loss and support rapid upskilling of  
other staff.

By making use of video, audio, GPS and 
biometric data capture from wearable 
devices, senior on-site staff can ‘narrate’ 
their work. AI pattern and language 
analysis would add value by identifying 
core phrases, patterns in emphasis and 
images from the inputs. Analysis would 
help identify and articulate core concepts 
and challenges and create a digital twin 
for tacit knowledge. Augmented or 
virtual reality headsets could then be used 
to take engineers through the process.

This would improve data quality and 
availability, lead to more efficient 
operations using ‘as delivered’ information, 
and be used to rapidly upskill teams. It 
could also eventually reduce bureaucracy 
and form-filling with AI-driven validation 
of work based on processed data. Training 
outputs might include best practise for 
aging assets.

The team identified several challenges 
such as data ownership, security (images 
of people and places), the potential 
impact of job displacement, and the 
difficulty for ‘improvisation’ in machine 
learning. However, they also noted that 
this approach could lead to safer working 
environments, a more skilled workforce 
and lead to job creation in other parts of 
the business.

Team 5
Iterative validation of 
existing underground assets
Underground assets present a challenge 
to productivity. It is difficult for asset 
owners to know for certain whether an 
‘as built’ underground asset aligns with 
‘as designed’ plans. It is also unlikely that 
in older systems information will be 
available about the types of component 
used, its age or its condition. Validating 
the available data would be expensive 
and time consuming, but a lack of 
information makes preventative and 
predictive maintenance harder.

The team proposed a system where 
normal maintenance activities could be 
used to retrospectively validate existing 
underground assets. During normal 
scheduled maintenance of underground 
assets, the ‘health’ of other collocated 
assets could be simultaneously assessed. 
This would enable the completion of 
underground asset checks, enabling better 
planned and predictive maintenance.

Clients would benefit from reduced costs 
and man hours, improved risk awareness 
and more rapid deployment.

The group made several assumptions 
about what would be required to enable 
the system to work:

•  A pre-existing, but incomplete,  
BIM model

• Collocated asset systems

• Planned maintenance

•  Long-term leadership support and 
financial commitment

• Training and competence

The group concluded that the system 
would meet success criteria for data 
quality and systems thinking, but the 
value to customers would be deferred.
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The winners
Each team had 10 minutes to present 
their solution to the predictive 
maintenance challenge. They were 
asked to explain what it does, the 
problem it would help to address, 
what resources would be required 
and what assumptions their design 
made. They also set out how their 
proposal would meet the outcomes 
agreed at the start of the day. The 
winner was decided by popular vote.

The winners were Team 2  
with 36% of the vote.
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Team 1: 5%
Proximity-based data science 

for embankments

Team 2: 36%
Data aggregation service platform

Team 3: 32%
Heathrow Tunnel

Team 4: 14%
Addressing ‘corporate amnesia’

Team 5: 14%
Iterative validation of existing

underground assets
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What do  
YOU think?

ICE Thinks will continue  
its exploration of AI in the 
built environment, this year 
and beyond. 

To do this, we need to know what 
you think are the most important 
issues shaping the AI agenda. 

•  Which infrastructure challenges 
should be addressed first to 
demonstrate a compelling use case 
for AI and machine learning in the 
built environment? 

• Is industry prepared to adopt shared 
data standards to improve data 
quality and shareability?
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