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Technology for a better society

Artificial Intelligence crucial to achieve
environmentally friendly mobility and logistics
The logistics and mobility sectors are responsible for the majority of Norway’s CO2 emissions. However, it is challenging to meet the urgent
need for significant reductions in these sectors due to many and complex relations. Data driven machine learning methods may be crucial in
this hunt for large-reductions initiatives.
Climate change and reduction in biological diversity are global challenges for the
21st century. A significant contribution to climate-change related greenhouse gas
emissions origins from our society’s demand for transport and logistics, which is also
a sector with large potential for increased efficiency and CO2 reductions[1].
The future could be very different based on recent technological development:
Imagine a swarm of connected autonomous vehicles that can transport Aunt Sophie
to the grocery store along with a box of used batteries for the recycling centre, while
bringing back the neighbour’s online order for a used television, new goods for the
pharmacy and piping for the local roadwork. The vehicles only drive when a service
is needed and idling, and empty driving are minimised while the system guarantees
timely deliveries. The swarm navigation system is aware of CO2 emissions and will
route the individual vehicles to collectively minimise emission. Guided by sensor
generated data, the service is planned and performed on a ‘just-in-time’ basis
ensuring minimal maintenance waste.
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It may sound futuristic but artificial intelligence (AI) and its sub-branch of machine
learning (ML) offer new ways to deal with complex systems and interpretation of large
data sets, both of which are crucial for potential solutions to climate and environmental challenges[2]. In this whitepaper we consider mobility and logistics in the
broadest context, highlighting promising applications of AI in the public and private
sector.
Traditional applications of machine learning in climate research include sophisticated
data driven climate models[3], analysis of large data sets, image analysis[4], and analysis
of data from remote sensing devices[5]. This is extremely valuable for predicting and
estimating the effect of our actions today and provide politicians with scientifically
sound information in order to stake out strategies and political actions[6]. However, it
also puts us in an observer position. To solve the environmental challenges and reach
the strategic goals, society and industry need to be active players making decisions
under both climate and economical constraints. Therefore, in this whitepaper we show
how machine learning can be used as an enabling technology for reaching these goals.

Artificial Intelligence is paving the way for environmentally friendly mobility and logistics
PHOTO: SHUTTERSTOCK

CO2 EMISSIONS BY SECTOR
Oil and gas extraction
Manufacturing industries and mining
Road traffic
Aviation, navigation, motor equip. etc.
Agriculture
Other
Energy supply
Heating in other industries and households
0

2
4
6
8
10 12
CO2 equivalent in megatons
Source: Statistics Norway

AI to support day-to-day
climate actions
Reduction of climate and environmental impact may be achieved in several
ways:
The first one focuses on the resources or raw materials used in a given process,
for example fuel for trucks. To reduce CO2 emissions, you need to consider
changing the raw material composition, for example to bio friendly materials,
or cleaning residue after the process, for example by additional filters.
The second way considers improving the overall efficiency to waste less
resources across all types and time. Efficiency improvement also has a direct
economic benefit through reduced use of resources in addition to an indirect
economic benefit through regulations, for example via prices for CO2 emission
certificates.
The exploitation of AI in the process of making products and services more
environmentally friendly and economically feasible can be split in two
complementary approaches: Firstly, AI can be used to identify areas of
potential improvement, and secondly, AI systems can be implemented for
direct improvement of efficiency.
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Figure 1 Data science is the concept of extracting knowledge from data in order to do data-based
modelling rather than models based on pre-conceptions of the system. Optimization is the art of
maximising an objective under some given constraints. Both data science and optimization are
partly overlapping with artificial intelligence which is a broad description of algorithms that mimic
intelligence in any possible way including sensing, reasoning, or acting. Machine learning is the
subset of artificial intelligence dealing with models that improve their performance with exposure
to data. Deep learning is a subset of machine learning that in which multilayer neural networks
learn complex relationships in the data.
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TYPES OF MACHINE LEARNING
Machine learning (ML) is a type of artificial intelligence (AI) and can be divided
into three different branches, depending on the goal and the available data:
• Supervised learning can be used when the input and the corresponding label
is known. Examples are image classification or time series prediction. Super-		
vised machine learning can produce impressive results, but strongly depends
on the quality and amount of the labelled data.
• Unsupervised learning tries to find hidden structure in data where the actual
structure is unknown, also sometimes referred to as data mining.
Performance of unsupervised machine learning is harder to estimate than
that of supervised learning since the true value is not known. It can for
example be used to find anomalies in data, allowing to predict and prevent 		
failure of a system.
• Reinforcement learning is a flavour of machine learning where the algorithm 		
interacts with an environment (in most cases via sensors) and receives a
reward, depending on its action. This could be either playing a game or
controlling a process in a factory where the reward is either points for
winning or productivity of the factory. Reinforcement learning can be thought
of as in between supervised and unsupervised ML since the reward for
actions is known, but not the best actions. Reinforcement learning can find 		
new strategies, but this often requires good models or large data sets to be 		
trained.

Identification of potential emission reductions
using analytics and AI
Machine learning and data analytics can be used as tools to identify areas with
strong environmental impact and large potential for improvement in terms of
more optimal usage of available resources.
By modelling processes using data driven methods, you can track the influence of
individual impact factors and identify low hanging fruits. This allows for the
largest improvement with the smallest investment, and thereby support the
decision makers.
In this context, the advantage of machine learning is the ability to model complex
relations, where an analytic model would require specifications of all relationships
and hence it would need some of the information we seek to derive.

Example: Condition specific estimation of tank-to-wheel fuel consumption
efficiency[7] is an example of a data driven analysis that enables deeper
understanding of fuel consumption from petrol, diesel, and electric
vehicles.
Tank-to-wheel efficiency functions can be combined with known relations
between emission and a range of variables such as actual load, road
conditions, and vehicle parameters, for example front area, to obtain
situation specific modelling. This provides decision support to assess the
impact of the driving conditions on the fuel consumption and the option of
avoiding unfavourable conditions.
Indirectly, the functions also provide an estimate of total CO2 emissions,
which again informs of subsequent CO2 fees and also contributes to
improved life cycle analysis of the machinery and the actual cost of running
it. Hence, there is not only an environmental motivation of reducing CO2
but also an economical benefit.
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Reducing idle time in road construction

Communication coverage along the road network

In Norway, construction machines are idling almost half of their working hours. In addition,
they are responsible for one fifth of the greenhouse gasses from the building and
construction industry. Instead, imagine a civil road construction project where each machine
always knows where the others are, what they are doing and what is the optimal way to
organize the work.

Cars are getting smarter and smarter with decision support based on data driven methods and
machine learning. However, some of these smart functionalities require communication with central
systems or nearby cars. For this purpose, spotty telecommunication along the major roads may
become a safety issue.

To realize this, Skanska, SINTEF, Ditio and Volvo are collaborating on developing an artificial
intelligence that can dynamically map the construction site and activity, identify sub-optimal
working patterns, recognize effective routing and driving style, find out which machines are
needed where, and can coordinate all machinery[13].
The goal is less emissions, shorter construction times and reduced costs. The digital tool
under development will be launched commercially helping the whole industry to reach their
sustainability targets. The activity mapping concept could potentially be repurposed for
improving maps to guide last-mile deliveries.

The Norwegian Public Roads Administration, Norwegian Communications Authority, SINTEF and
industry partners have worked to establish a calculation and planning tool for electronic
communication coverage along the road network[16].
The aim is to cover both mobile connectivity and dedicated short range communication to ensure
predictability in terms of connectivity for future information technology services and cooperative
connected and automated mobility[17]. The tool is based on realistic signal path loss models
calculated from current mobile network coverage mapped by driving on the road network. This is
combined with knowledge of base station placements

Optimizing processes using AI
Artificial intelligence is not restricted to only identifying optimization potential, but
also to realize it. AI allows to optimize critical processes in terms of time, required
resources and environmental impact. Applications range very broadly from smallscale automatization of repetitive tasks, over scheduling of vehicle fleets, up to
full scale optimization of airport traffic control as in the SINTEF-led SESAR VLD3
project[8]. The project developed and validated a system that enables tower and
approach controllers to optimize mixed arrival and departure runway operations
while ensuring safe operations.
Classical optimization methods require a complete description of the system and
constraints to be imposed on it. That can be difficult to obtain from unknown or
complex systems with sparse data, but data driven machine learning methods can
in many cases alleviate the problem and the combined methods provide powerful
solutions[9].
In many cases, usecase specific solutions can be built based on existing
methodology like for example graph neural networks for non-Euclidian data or
recurrent models for time series. Machine learning can also be combined with
classical control theory, substituting parts of a classical controller[9].
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In some cases, it is possible to bypass the classical optimization entirely or partly
and instead use reinforcement learning or machine learning enhanced optimization.
In the case of reinforcement learning an agent is trained to a desired behaviour in
a system based on rewards, but without explicit instructions[10], [11]. In the case of
machine learning enhanced optimization, deep learning is implemented to speed
up the optimization process enabling solution of more complex problems[12].
Example: In warehouses, shipping pallets are packed with goods for further
distribution based on orders and demand. Since typical shipping is limited by
volume and not by weight, a high-volume filling factor directly translates into
an increase in efficiency and consequently reduction of fuel consumption.
When stacking differently shaped boxes on shipping pallets humans archive a
volume filling factor of typically 85 per cent. A simple optimization algorithm
can achieve similar performance, but when combined with an autonomous
stacking robot, the problem complexity increases significantly and the
performance drops to around 70 per cent. However, the drop can be
re-claimed by combining the optimization algorithm with machine learning
to speed up the search for optimal solutions.
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Last-mile deliveries
E-commerce has been experiencing rapid growth over the last
decade enabled by the maturation of multiple technologies.
The consequence is an increasing number of last-mile
deliveries from distribution warehouses to consumer’s doorsteps potentially putting a heavy strain on the local traffic
network as well as the environment.
The massive increase in last-mile deliveries adds an extra
level to the already complex challenge of optimizing the
logistics. For last-mile deliveries, the optimization problem
is often incompletely or incorrectly described, which is a
challenge for traditional optimization techniques. Distribution
Innovation and SINTEF are researching how this challenge can
be alleviated with machine learning. As an example, poorly
drawn or infrequently updated knowledge about the local
usable network for distribution (roads and pathways) will lead
the optimization algorithms to suggest suboptimal routing
decisions. It has been proposed to apply machine learning
to identify such missing information by merging information

The digital mountain crossing
from different map providers, inferring information from
public GPS traces or analysing satellite imagery. Using these
AI centric methods to produce a more accurate representation
of the world should enable more efficient routing.
In addition, last-mile deliveries can be handled by a wide
range of transportation means such as pedestrian, bikes,
small cars, and larger vans. While this adds to the complexity
of finding efficient delivery routes, machine learning has the
potential to assist well established optimization methods by
learning relationships between transportation modalities and
solution quality.
In a broader context, accurate world representations and
complex route guiding provided by data driven machine
learning algorithms will also be crucial for any kind of
autonomous solutions whether being delivery services,
ships, or drones.

Norwegian mountain crossings are heavily affected by extreme
weather conditions in particular during the winter season. Some
crossings report 30-50 periods with closed roads or convoys during
a single winter season. This affects both private, public, and
commercial traffic, and pose a problem for time critical logistics
operations. For instance, transport of salmon is very time critical,
and large values are lost due to unexpected delays. Hence,
predictability is of utmost importance.
The Norwegian Public Roads Administration (NPRA) and SINTEF
are collaborating on the development of AI based decision tools to
predict local driving conditions to enable better route planning and
thereby minimise delay-induced waste. The deep learning-based
tools currently under beta-testing[14] are utilizing data from online
weather roadside installations, inductive loops for traffic counting,
speed measurements, and public weather forecasts[15].

Disruptive technologies and future challenges
New technological and social developments will change the requirements for future
logistics and may have disruptive effects on the markets and significantly change
the outer boundaries of existing services: The 20th century has been an example
of centralization in terms of production. In the 21st century, however, there is an
increasing demand for local products of food and energy as well as new
technologies like 3D printing, allowing for local manufacturing. This will challenge
logistics to transition and demand additional flexibility.
The boundaries between human mobility, goods and consumer mail and packages
are predicted to become even more blurred in the future. The problem of cocoordinating different sorts of deliveries is so complex, that now it is almost
unimaginable to have a single algorithm taking care of everything with current
technology. But the ongoing development of machine learning enhanced
optimization algorithms and hardware development may alleviate the challenge.
A more recent example is the way virtual meetings have currently been replacing
physical meetings and significantly reduced the demand for travel.
Classical analytics and subsequent optimization rely on historical data. This poses
a problem when you want to use a model based on historical data to predict what
will happen in the future. Machine learning algorithms are dependent on the data
used for training. If continuously exposed to new data, either directly or via transfer
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learning, they become self-updating and will to a certain degree adapt to changes
in the market. This presents an advantage over classical methods which are not
easily adapting to changing conditions. For the logistics and mobility sectors these
machine learning methods may be crucial to find more efficient solutions and
large-reductions initiatives.
There have been impressive results from the machine learning in recent years in
selected domains, like super-human performance in image recognition or AlphaGo
beating the world’s best human Go player. However, at this stage there are still no
off-the-shelf solutions for all challenges.
Viable solutions for both modelling and optimizing systems with machine learning
require significant amount of adaptation and fine tuning in close collaboration
between data scientists and domain experts, mainly due to different systems,
available data, but ultimately driven by individual customer needs. A major benefit
from individual solutions is that the solution is lightweight and minimal, often
allowing real time applications. Another advantage of minimal AI systems is that
they can be interpreted through explainable AI (XAI), which is turning the AI mode
from a black box into an explainable system. This is a general requirement when
it comes to safety critical applications as well as to generate trust of users in the
system.
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Artificial intelligence
also generates CO2
Training large neural networks also consumes large amounts of energy. For
example, the training of a single big language model is equivalent to
approximately 300,000 kg of CO2 emissions[18], corresponding to a standard
delivery truck driving around the Earth at Equator more than ten times.
However, while the problem complexity of logistics is large, the challenges
are computationally heavy rather than data heavy and, in many cases,
improvements can be achieved with much smaller models trained on regular
desktops or even laptops, leading to positive sustainability effects[19].
In summary, the mobility and logistics sectors have large emissions and a
large potential for reductions, but it hinges on the ability to model complex
relationships. Data driven methods and machine learning are already paving
the way in some fields and will without doubt be crucial to provide such
models enabling large-reductions initiatives in these sectors in the near
future.
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