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Abstract

Background Achieving climate neutrality in cities is a major challenge, especially in light of rapid urbanization

and the urgent need to combat climate change. This paper explores the role of advanced computational methods

in the transition of cities to climate neutrality, with a focus on energy supply and transportation systems. Central

to this are recent advances in artificial intelligence, particularly machine learning, which offer enhanced capabilities
for analyzing and processing large, heterogeneous urban data. By integrating these computational tools, cities can
develop and optimize complex models that enable real-time, data-driven decisions. Such strategies offer the potential
to significantly reduce greenhouse gas emissions, improve energy efficiency in key infrastructures and strengthen

the sustainability and resilience of cities. In addition, these approaches support predictive modeling and dynamic
management of urban systems, enabling cities to address the multi-faceted challenges of climate change in a scal-
able and proactive way.

Main text The methods, which go beyond traditional data processing, use state-of-the-art technologies such

as deep learning and ensemble models to tackle the complexity of environmental parameters and resource man-
agement in urban systems. For example, recurrent neural networks have been trained to predict gas consumption
in Ljubljana, enabling efficient allocation of energy resources up to 60 h in advance. Similarly, traffic flow predictions
were made based on historical and weather-related data, providing insights for improved urban mobility. In the con-
text of logistics and public transportation, computational optimization techniques have demonstrated their poten-
tial to reduce congestion, emissions and operating costs, underlining their central role in creating more sustainable
and efficient urban environments.

Conclusions The integration of cutting-edge technologies, advanced data analytics and real-time decision-making
processes represents a transformative pathway to developing sustainable, climate-resilient urban environments.
These advanced computational methods enable cities to optimize resource management, improve energy efficiency
and significantly reduce greenhouse gas emissions, thus actively contributing to global climate and environmental
protection.
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Background

One of the main goals to achieve urban climate neutrality
is to reduce greenhouse gas emissions. Consequently, cit-
ies, municipalities and regions are implementing various
solutions to address this challenge and improve climate
resilience across all sectors [1, 2]. This paper focuses on
two key sectors that can be effectively optimized using
advanced computational methods: the energy supply [3]
and transportation [4]. In climate-neutral cities, not only
must buildings be adapted or constructed according to
high energy efficiency standards, but their energy needs
must also be covered by sustainable and optimized sup-
ply systems. In addition, transport networks and infra-
structures should ensure safety, convenience and fast
public transit [5]. Thus, traffic flows should be supported
by multimodal transport systems, responsive traffic sig-
nals and dynamically adaptable signage that enable the
efficient movement of people and goods.

Effective computing approaches are one of the means
by which cities can become less carbon intensive. Such
approaches are generally part of artificial intelligence (AI)
and range from simple scheduling and allocation tech-
niques to more advanced optimizations supported by
deep neural networks (DNN) and other machine learning
(ML) approaches [6]. For example, for efficiently contrib-
uting to a sustainable energy ecosystem model of a city or
a region, it is necessary to combine analysis, optimization
and simulation tools. Such commonly used models are
good predictors of the general energy dynamics. How-
ever, they can be inadequate when it comes to the large
number of parameters, many end users, the assessment
of different environmental impacts and the diversity of
resources. This is where forecasting models based on ML
offer enormous advantages. Based on historical data, they
can be trained to accurately predict the future demand of
a large group of consumers [7, 8]. Their predictions can
be used to develop more efficient strategies to logistically
satisfy the demand in an efficient and climate-neutral
way. Furthermore, by analyzing such predictive models,
we can identify the regularities of how society behaves
empirically and develop strategies that lead to reducing
behaviors that hinder climate-neutral goals. In recent
years, many ML methods have emerged that can support
these efforts, such as deep learning, ensemble models,
tree-based models, and so on.

The electrification of public transportation in cit-
ies is on the rise [9], as electric busses are promising
due to their high energy efficiency [10]. In this context,
the challenges related to the sustainable development
of energy storage systems for electric vehicles must be
adequately addressed, which includes the configuration
of physical infrastructures and a wide range of related
services [11]. In addition, traffic forecasting is crucial for
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the development of an intelligent prediction system that
can contribute to traffic management and travel time
reduction. It is important to combine and consider spa-
tiotemporal dependencies with other data that may have
an impact on traffic patterns. Models based on ML can
be very robust and at the same time react efficiently to
dynamic traffic changes.

The important goal is also to develop and integrate
high-level traffic and fleet management that enables glob-
ally optimal and integrated transportation of passengers
and goods. Here, innovative dynamic balancing and
priority-based management of vehicles can be used to
develop fleet and traffic management solutions through
machine learning and data fusion [12]. These improve
the capabilities of transportation authorities and opera-
tors and enable them to become effective conductors of
future mobility networks [13]. The innovations have the
potential to reduce urban traffic and congestion, reduce
pollution and improve quality of life [14].

At a time of unprecedented urbanization and the
urgent need to combat climate change, the pursuit of
urban climate neutrality is one of the greatest global chal-
lenges. As cities grow in population and complexity, so
do their energy needs, carbon emissions and resource
consumption. Advanced computing, with its enormous
capacities for data analysis, simulation and optimization,
is becoming an important key to revolutionizing urban
landscapes. The integration of advanced computing tech-
nologies promises to enable cities to harness vast data
streams, develop complex climate models and imple-
ment real-time, data-driven strategies that can drasti-
cally reduce greenhouse gas emissions, improve energy
efficiency and strengthen urban resilience. This paper
highlights the role of advanced computing in shaping the
future of urban climate- neutrality and offers a compel-
ling pathway to sustainable, green cities that not only
adapt to the changing climate, but also actively contrib-
ute to its mitigation and long-term preservation.

The intersection of advanced computing and urban
climate neutrality has attracted considerable research
attention in recent years. Here, we provide an overview
of existing work that highlights the various applications
of advanced computing technologies to promote sus-
tainability and urban climate neutrality. Data-driven
approaches have become an essential part of optimizing
urban energy consumption and reducing carbon emis-
sions. Researchers have used advanced data analytics
techniques such as ML and predictive modeling to ana-
lyze energy consumption patterns and forecast future
demand. A review focusing on electricity demand fore-
casting [15] concludes that 90% of studies nowadays apply
Al methods compared to 10% of traditional engineer-
ing and statistical methods to solve energy forecasting
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problems. This shows a clear trend and points to the use-
fulness of state-of-the-art computational methods in this
sector. These methods can be very flexible and robust.
For example, a regression model for electric load [16] by
Al-azzawi et al,, is able to account for non-trivial changes
in demand during the COVID-19 pandemic. Moreover,
such a methodology can become even more effective
with a smart infrastructure such as an IoT-enabled smart
grid [17].

Prediction methods that focus on building energy
demands also show that Al-related tools such as support
vector machine, neural networks and random forests [18]
perform better than statistical tools such as linear regres-
sion and ARIMA [19]. Accurate energy planning and
management in the early design phase can even prevent
the construction of more energy-inefficient buildings
[20]. Simulation tools such as EnergyPlus have been used
to simulate the impact of different energy-efficient strate-
gies on the energy performance of buildings [21]. These
approaches help identify optimal energy-saving strate-
gies. ML models have also been used to decide whether
and what type of heat pump at the household level leads
to an energy-efficient property of the building [22]. The
study on the urban ecosystem model [23] discusses
the importance of sustainable development by reduc-
ing energy consumption and minimizing environmen-
tal impact. The usual first step in creating a model is to
understand the past and current situation. To this end, an
ecosystem model must be created that combines analy-
sis, optimization and simulation modules. Such models
improve the understanding of system dynamics and are
therefore valuable tools for the development of sustain-
able energy systems tailored to the availability of local
energy sources.

In the past, the demand for precise modeling and pre-
diction in forecasting has led to the emergence of vari-
ous ML methods. The field of statistics provides various
models for univariate time series analysis. These models
include the moving average (MA), autoregressive (AR),
and autoregressive integrated moving average (ARIMA)
[24]. These models are particularly suitable when only
limited data is available. Several of these techniques
were later extended to account for multivariate data and
covariates, including VARIMA [25], ARMAX and ARI-
MAX [26]. Initially, methods used traditional machine
learning techniques, where temporal dependencies were
taken into account by adding lag features, and considered
the challenges as tabular issues [27-29]. The introduc-
tion of more complicated neural network-based mod-
els, such as RNN [30], where neuron connections can
form a cycle, led to better accuracy [31]. These models
are suitable for managing temporal dependencies. With
advances in modeling temporal data, innovations such as
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LSTM cells [32] were quickly integrated into forecasting.
Alongside the progress with LSTMs, convolutional neu-
ral networks (CNNs) [33] gained traction. Initially devel-
oped for image classification, they were modified for
time series analysis [34]. Recently, the focus has shifted
to the development of models that are specifically tai-
lored to time series analysis. For example, the N-BEATS
[35] structure excels in forecasting scenarios with a large
amount of data. Similarly, DeepAR [36] is a renowned
forecasting neural network that uses LSTM cells to esti-
mate parameters of a probability distribution, providing
deeper insights into model uncertainty. It can work with
multivariate time series, including future and past covari-
ates. More recently, transformer-based [37] networks,
such as Temporal Fusion Transformers for Interpretable
Multi-horizon Time Series Forecasting, have been used
for forecasting tasks. While deep learning methods are
widely used in forecasting, other successful strategies
should not be overlooked [38, 39].

The emergence of intelligent transportation solutions
has been instrumental in reducing emissions caused by
urban mobility. Petelin et al. presented a real-time traf-
fic control system that reduces congestion and lowers
emissions through adaptive traffic signal control in ref.
[40]. The optimization of transport processes within a
logistics chain is presented in ref. [41]. The authors look
at reducing the costs of transportation, storage or pro-
duction processes and increasing efficiency in the execu-
tion of logistics operations. The overarching goal is to
make more effective use of the means of transportation,
technologies and human resources involved. In order to
reduce logistics costs, shorten transportation time and
increase the efficiency of logistics operations, Zhang et al.
propose the use of a Mixed Integer Non-linear Program
(MINLP) model [42]. The general algebraic modeling
system is used to build the model to fully integrate each
parameter of logistics transportation, the total distri-
bution time of the supply chain network, the coverage
radius of the logistics base, the number of users, the total
capacity of the logistics base, the type of rail and road
transportation. The non-linear model is solved with a
MINLP-based solver.

Suhua shows how intelligent logistics can improve
people’s quality of life [43]. The paper proposes an opti-
mization system for logistics engineering based on ML
and Al Based on the classifier chain and the combined
classifier chain, an improved multi-label chain learning
method for high-dimensional data is proposed. Lv dis-
cusses the application of Al in the e-commerce logistics
system [44]. The Al-based algorithms are used to accu-
rately calculate the relationship between the supply and
demand of goods and the optimal path of actual logistics
distribution. In addition to accurately predicting stock
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levels, the use of Al also optimizes the associated inven-
tory variables, e.g., sorting period.

A recent review by Giuffrida et al. provides an overview
of the advances related to last mile delivery [45]. In it,
the optimization techniques are divided into traditional
optimization models, machine learning approaches and
mixed methods. The performance of a future reconfig-
urable and autonomous vehicle fleet in a highly dynamic
operational scenario is evaluated in ref. [46]. When oper-
ating in a harsh environment under high risk of damage,
the fleet must react to adversarial actions in real time. To
account for the complexity and dynamics, the authors
formulate an intelligent agent-based model for the deci-
sion-making process during fleet operations by combin-
ing real-time optimization with AI. The ML method is
employed to optimize fleet management and achieve suf-
ficient output to reduce operational costs in ref. [47]. This
is obtained by reducing the waiting time of trucks and
the idle time of excavators in a mine based on the best
selection of the fleet.

Another survey, by Alexandre et al., outlines ML-
based solutions for public bus transportation and goes
into detail on the modeling of solutions for travel time
prediction or passenger flow prediction [48]. Electric
vehicle (EV) charging infrastructure has been optimized
using computational methods to ensure efficient energy
distribution and integration with renewable energy
sources [49]. Yoo et al. propose a new approach to solve
the problem of designing bus networks and setting fre-
quencies, as the transportation network must meet the
needs of both users and operators [50]. The proposed
algorithm uses reinforcement learning for a simultane-
ous optimization of three key components: the number
of bus lines, the route design and the service frequency.
The algorithm is able to suggest the best set of bus routes
without predetermining the total number of bus routes,
which also reduces the total computation time. The bus
routes can be dynamically adjusted according to the pas-
senger demand in real time. Ma et al. formulated a two-
stage stochastic programming model to minimize the
total cost of vehicle travel time and the penalty for reject-
ing requests [51]. Vector similarity-based clustering and
adaptive large neighborhood search algorithm were used
to solve it.

Main text

Methods

Efficient advanced computing approaches are one of the
means by which cities can become less energy and car-
bon intensive. Advanced computing approaches encom-
pass a wide range of techniques and methodologies
that go beyond traditional computing methods. These
approaches often use cutting-edge technologies and
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methods to solve complex problems, such as achiev-
ing urban climate neutrality. Below we categorize these
approaches into software and hardware-based. Please
note that this list is not exhaustive and that these are just
a few examples of advanced computational approaches.

Software approaches include machine learning and
deep learning [52], which use neural networks to analyze
and learn from large data sets. These techniques are often
used in applications such as pattern recognition and
recommendation systems, where they excel at recogniz-
ing complex patterns and making accurate predictions.
Further notable software-based approaches are Swarm
Intelligence [53] and Evolutionary Algorithms [54]. These
methods are inspired by the collective behavior of decen-
tralized systems such as insect swarms or bird flocks
and by the principles of natural selection and evolution.
They are particularly effective in solving optimization
and decision-making problems because they harness
the power of distributed problem-solving and iterative
improvement. In addition to these approaches, simula-
tors [55] play an important role in areas such as traffic
management and other similar concepts. Through the
use of computer models, simulations can replicate com-
plex systems or processes, enabling detailed analysis,
experimentation and prediction of behaviors and out-
comes in different scenarios. This capability is invaluable
when it comes to testing hypotheses and understanding
the potential impact of different variables in a controlled,
virtual environment, which in turn contributes to effec-
tive planning and decision-making.

On the hardware side, high-performance comput-
ing and distributed computing involve the use of super-
computers or clusters of high-performance servers to
process large-scale simulations, weather forecasts and
complex mathematical calculations. Edge computing [56]
is another hardware approach that brings computa-
tion and data storage closer to the data source (e.g., IoT
devices) to reduce latency and improve real-time pro-
cessing for applications such as autonomous vehicles and
smart cities.

Advanced computing approaches

In recent years, we have witnessed great progress in the
field of computer science, especially in the field of Al The
prevailing methodology for this is ML, which involves
methods for training computer models using data, thus
avoiding explicit programming and human intervention.
This results in computer models that are not constrained
by expert knowledge and can use the patterns present
in the data to fulfill the task at hand. The three currently
most popular and effective classes of approaches are deep
learning, ensemble models and tree-based models, which
were also used in our work.
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The deep learning method consists of training a multi-
layer model, usually an artificial neural network (ANN),
on data using gradient-based training, which is usually
executed on GPU hardware that enables fast and more
energy-efficient implementation. ANN as a function is
essentially a composition of parametrized linear func-
tions and fixed element-wise non-linear functions. Its
characteristics are determined solely by the values of its
parameters. It is known that ANNs can approximate any
function with arbitrary precision [57]. In other words, if
there exists a function that returns energy consumption
or traffic flow status from available data, there also exists
an arbitrarily accurate ANN that can do the same. How-
ever, the user still needs to find such an ANN using opti-
mization methods, a process known as ANN training. An
example of such a model is shown in Fig. 1. ANN model
can consists of many applications of linear and non-lin-
ear maps, in which case we speak of a deep neural net-
work. It is known [58] that the deeper ANN is the higher
capacity the model has which means that deeper ANNs
are able to capture a wider range of functions.

If the training data for ANN is a time series, which is
the case for many real-world problems in the energy
and transportation sectors, the ANN model also needs
a mechanism to take the past into account. For example,
when modeling energy demand, the future prediction of
ANN cannot be based only on current features, such as
the current weather, day of the week, time of day, etc.,
but also requires access to past weather data. Therefore,
a sufficiently large (i.e., wide) ANN is needed that can
process several days of data as a single input. However,
very wide ANN’s can lead to overfitting since the number
of parameters of an ANN grows quadratically with the
width. But there is also another, and more efficient way,
for ANNs to know about past data. A special architec-
ture known as a recurrent neural network (RNN) can be

first second
hidden hidden
layer layer

output

[time and weather data}

h1 =0 (W1x+ bl)

Fig. 1 Depiction of a feedforward artificial neural network model
with two hidden layers where every step of model calculation

is explicitly shown. W; are matrices and o is element-wise non-linear
function

Page 5 of 16

used. An example of this is shown in the Figure. 2. Such
ANNSs contain feedback loops that allow the network to
remember previous inputs. Therefore, an RNN can be fed
with one instance of weather data at a time. In this way,
an ANN with a small width (and therefore a manageable
number of model parameters) can be used, which never-
theless takes past data into account.

The simplest way to implement ANN with feedback
loops is the Elman network [59], also known as simple
recurrent network (SRN). The action of an SRN layer is
defined as

ht = tanh (WXt + Uhtfl + b)) (1)

where X; is the input to the layer at time step ¢, h is the
activation of the layer, b is the bias vector and W and U
are matrices. In this way, a given layer activation depends
only on the values coming from the previous layer and
on the previous activation of the same layer. Therefore, h
contains the information about previous activations that
allow SRN to have a memory about the previous inputs.
Historically speaking, RNNs were seldomly used
because of their inability to capture long-term correla-
tions [60]. These problems were overcome by the intro-
duction of gated units such as the long short memory
(LSTM) and the gated recurrent unit (GRU) [61]. The
idea behind gated RNN is that they use gates that deter-
mine whether the information should remain in the layer
or be forgotten. For comparison, with SRN, past informa-
tion is forgotten at a constant rate. But gated RNN can

3 hidden
layers

input
layer

output
layer

g®

prediction

time and
weather
data

000000000060
00000000000
00000000000

memory about the past

Fig. 2 Example of RNN model architecture with three hidden layers.
Connections between layers are depicted with arrows and one step
delay with black squares. Hidden layers get input from the previous

time step as well as from the preceding layer
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control in which cases the information is lost and there-
fore such RNN can be trained to use long-range depend-
encies. The details of the actions in LSTM and GRU can
be found in refs. [62, 63], respectively.

When we model demand or traffic flow, we are essen-
tially training a model that can statistically describe
human behavior. Since features such as the time of day,
day of the week, month and year strongly influence how
we function, they need to be accessible to the model in
a way that is most useful to us. An important observa-
tion is that these features are periodic and not ordinal.
For example, Sunday is one day before Monday (periodic)
and not six days before Monday (ordinal). There is a sim-
ple way to introduce this property directly into the data,
which usually helps the model to train faster and achieve
better accuracy with smaller data sets. Periodic time vari-
ables can be coded ordinally as

to =t (mOd) tO: (2)

where ¢ is the linear time and ¢ is the period of this time
variable (1 day, 1 week or 1 year). However, we can con-
vert these characteristics into a periodic form by using

, = {sin(Znt/to)} ‘ 3)

cos(2mt/ty)
In this variant, the model sees points at the end of the
period that are close to those at the beginning of the
period. On the other hand, using eq. (3) doubles the
number of input nodes for periodic time variables. This
leads to a larger network, but with modern approaches
and hardware this is rarely a limiting factor.

Machine learning models can often present a formi-
dable challenge for people who are not well-versed in
the intricacies of the field [64]. The complex algorithms,
parameter tuning and feature engineering required can
be intimidating and difficult to grasp for non-experts.
Considering this hurdle, AutoML (Automated Machine
Learning) [65] tools have proven to be valuable solu-
tions. These tools have been developed to streamline
and automate the process of ML, making it accessible to
a wider audience. By simplifying the model development
process, AutoML enables non-experts to use the power
of ML for their applications without the need for an in-
depth understanding [66] of the underlying technology.
This democratizes the field and enables more widespread
adoption [67].

As highlighted in ref. [68], AutoGluon simplifies the
process of ML by automatically selecting algorithms,
tuning hyperparameters and assembling stacks, reduc-
ing the need for in-depth ML expertise. When process-
ing tabular data, AutoGluon creates a robust predictive
model by firstly training several base learning models,
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including popular algorithms such as neural networks,
random forests and gradient boosting machines. These
baseline models are then subjected to a comprehensive
hyperparameter optimization process to determine the
best-performing configurations. AutoGluon then applies
an automated stack ensembling strategy where the pre-
dictions of these different models are combined layer by
layer to improve the overall prediction performance. This
ensemble approach capitalizes on the strengths of the
individual models and often outperforms the accuracy of
the individual models. AutoGluon’s ability to deliver high
performance with minimal manual intervention is also
confirmed by its evaluation in the AutoML Benchmark
(AMLB) study [69], where it consistently outperformed
other models in various scenarios.

Computational challenges

Achieving urban climate neutrality through advanced
computing has several significant challenges. One major
obstacle is handling the vast amounts of complex data
needed for thorough climate modeling and analysis.
Urban environments are complex systems in which fac-
tors such as traffic, infrastructure and local weather are
closely and deeply interlinked. This complexity requires
the development of sophisticated algorithms capable of
processing large amounts of data, often in combination
with complex simulations. Another challenge lies in real-
time decision-making, which is essential for real-time
and effective interventions. This requires high-perfor-
mance computing to process data quickly and accurately.
In addition, safeguarding sensitive urban data is crucial,
as breaches could have serious consequences for city resi-
dents. The ever-changing nature of technology and data
sources makes matters even more complex, requiring
flexible computing infrastructures that can adapt to new
innovations such as edge computing to address the needs
of dynamic urban settings. These challenges highlight the
importance of developing cutting-edge computing solu-
tions and supporting ongoing research in this area.

Urban energy management

Forecasting energy demand has significant potential to
drive climate-neutrality efforts in cities. By accurately
predicting energy consumption patterns, cities can pro-
actively develop and implement targeted energy effi-
ciency initiatives and demand reduction strategies. These
forecasts enable local authorities to optimize resource
allocation to renewable and low-carbon energy sources
to encourage the transition away from fossil fuels. In
addition, data-driven insights into residential gas con-
sumption enable the development of personalized con-
servation campaigns that raise awareness and encourage
residents to adopt energy-saving behaviors. As cities
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strive for climate neutrality, forecasting residential gas
consumption becomes an important tool to align urban
planning with sustainability goals, reduce emissions and
promote a culture of conscious energy consumption at
the household level.

Heating load forecasting for urban areas is an espe-
cially important special case since space heating has
been recognized as the most energy-intensive end use in
EU households accounting for about 70% of total energy
consumption in buildings [70]. Because such large pro-
portion of energy is consumed for heating, especially
during winter months, its modeling is a crucial compo-
nent of energy management. Possible inaccuracies in
heating load forecasting can lead to serious disturbances
in energy transportation chains. District heating and
combined heat and power systems also benefit from this
type of forecasting. Successful operation of both systems
stands on solving a problem of optimal planning of heat-
ing resources. In order to search for an efficient sched-
ule which achieves that heating resources meet demand
as close as possible, a short-term forecast is required.
This means that we have important use cases that require
accurate heating load forecasting for both several days
into the future (for energy transportation) and several
hours into the future (for district heating).

Demand-response and load balancing

Demand-response and load balancing are critical com-
ponents of modern urban energy management that are
essential for optimizing energy consumption, improving
grid stability and reducing environmental impact. In the
context of a growing urban population and the increas-
ing electrification of various sectors, demand-response
strategies enable cities to allocate energy resources effi-
ciently by incentivizing consumers to shift their electric-
ity consumption to off-peak hours. This not only relieves
pressure on the electricity grid at peak times, but also
enables the integration of renewable energy sources such
as solar and wind energy by adapting energy production
to the demand. Load balancing, on the other hand, is
about distributing energy loads evenly across the grid to
prevent overloading or underusage of the infrastructure,
resulting in less wasted energy and higher system reliabil-
ity. Together, demand-response and load balancing are
powerful tools in the urban energy manager’s toolbox,
promoting sustainability, grid stability and cost efficiency
in a world increasingly reliant on reliable and environ-
mentally friendly energy sources.

To achieve efficient energy balancing, we need high-
quality forecasting models that can predict both the
demand and production of energy. The scheduling of
assets within the energy infrastructure can then be based
on the predictions of such forecasting models. Predicting
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future demand and production is not an easy task and
depends on both natural and societal factors. In the fol-
lowing section, we show how advanced computational
approaches can be used to acquire high-quality forecast-
ing models for the energy sector. We have chosen the
natural gas demand forecasting problem as a use case
because gas demand is closely linked to district heating
demand, which is a major source of energy consumption
in Europe.

Case study Ljubljana: gas consumption forecasting

To demonstrate the ability of the modern computational
approaches, we trained recurrent neural network models
to forecast gas consumption in a city of Ljubljana, Slo-
venia, up to 60 h into the future. Previous work on this
problem has shown that deep neural networks perform
the best [31], considering several standard ML models. In
this section, we perform a further comparison to address
which deep learning architectures and feature transfor-
mations are best suited for this type of energy demand
forecasting. We tested three different RNN architectures
(SRN, GRU and LSTM) and for two different encodings
of time variables (ordinal and periodic).

In addition, we are interested in how models with dif-
ferent number of layers compare to each other. Models
with 1 to 5 layers were tested. In order to have a reliable
comparison, the number of model parameters is set to
4000 for all models. To accomplish this, two models with
different layer widths are created for each model instance
(for each unit type and each layer count). The two mod-
els had a parameter count just below 4000 and just above
4000, so the error of the model with 4000 parameters is
the weighted sum of the two models whose parameter
count is close to 4000. In this way, the model instances
are truly comparable.

The models were trained on a dataset of 8 seasons of
hourly gas consumption collected from a large gas dis-
tribution company in Slovenia. More details about the
dataset and the problem can be found in ref. [71]. The
accuracies of the models for different unit types, different
number of layers and different time data feeds are shown
in Fig. 3. As expected, the SRN models proved to be the
least accurate. This can be attributed to the fact that SRN
is not able to account for long-term dependencies. For a
small number of layers, the LSTM unit is clearly superior,
while for deeper architectures the LSTM and GRU units
are comparable. The use of periodic time data feeding ()
is advantageous, but a significant difference is only evi-
dent for a small number of layers. In the other cases, it
appears that the networks have sufficient capacity and a
large enough data set to learn this periodicity from the
ordinal time representation.
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1073

—— ordinal
periodic

mean test error

LSTM

number of layers

Fig. 3 Test error of RNN models for different units and for two types
of data feeding [(t and T defined in Eqs. (2) and (3)] with respect

to the number of layers without using dropout. All models used have
an overall number of parameters equal to 4000 and are therefore
comparable

The training time of the neural network is very impor-
tant as it can be extremely long [60], especially in this case
where we have RNNs with long sequences. The compari-
son of training times is shown in Table 1. The fastest unit
is SRN, which was to be expected as this unit involves the
fewest computations. LSTM has a much higher training
time and GRU has the highest. The training was per-
formed with the Adam algorithm [72] using Keras [73]
and the Theano [74] library. The hardware employed was
a cluster with 48 Intel Xeon E5-2680 v3 processors and 1
TB RAM. In addition, a Tesla K80 GPGPU was used.

The models examined in this section show excep-
tional accuracy compared to previous work where ML
was applied on the same dataset [31, 71]. The best mod-
els developed for this study (e.g., LSTM with 3 layers)
have a mean test error of 0.48-1072 of the maximal
daily demand, while existing models from the literature
range from 1.06 - 1073 to 3.87 - 1073 of the maximal daily
demand [31]. This is a two-fold improvement in accuracy
due to a more thorough exploration of different deep
learning architectures (different types of units, number
of layers, and time encoding strategies). We have thus

Table 1 Training times in hours
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shown that careful fine-tuning and optimization of ML
models can lead to extremely accurate forecasting models
for the energy sector and enable efficient energy manage-
ment. This fine-tuning and extensive training comes at
a higher computational cost, but thanks to the immense
advances in hardware, such extensive architectural search
has now become possible. Furthermore, the computa-
tional costs required to train exceptionally accurate mod-
els are greatly outweighed by the potential for savings in
the energy sector, both financially and environmentally.

Urban mobility management

Urban mobility, in particular the prediction and optimi-
zation of traffic flow, plays an important role in the pur-
suit of urban climate neutrality. Accurate prediction of
traffic flow enables cities to take proactive measures to
minimize congestion, reduce fuel consumption and cut
emissions. Using data-driven insights from sensors, GPS
devices and historical traffic patterns, cities can anticipate
peak traffic times and congestion hotspots to facilitate
the implementation of dynamic traffic management strat-
egies. These strategies include real-time adjustments to
traffic signal timing [75], lane management and rerouting
to ensure smoother traffic flow and avoid idling, which
helps reduce greenhouse gas emissions from vehicles. In
addition, advanced traffic flow prediction models help
develop and implement efficient public transportation
systems, ride-sharing services and cycling networks that
promote the adoption of sustainable mobility options
that further reduce the use of private vehicles and their
associated environmental impact. Ultimately, integrating
traffic flow forecasting into urban mobility planning [76]
enables cities to proactively reduce emissions, improve
transportation efficiency and promote a more sustainable
and climate-neutral urban environment.

The synergy between urban mobility and climate neu-
trality is seen by the potential of traffic flow prediction
to bring a change in traffic behavior. Beyond reducing
congestion and emissions, accurate forecasting models
enable cities to make informed decisions about infra-
structure development, such as the strategic placement
of electric vehicle charging stations, bike lanes and

#Layers On CPU On GPU

SRN LSTM GRU SRN LSTM GRU
1 1.1 20 22 6.0 113 164
2 1.6 29 35 9.9 206 302
3 19 4.0 4.7 138 286 428
4 23 5.0 59 17.7 365 545
5 26 6.0 7.0 216 447 683
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pedestrian-friendly zones. This approach encourages a
modal shift to greener alternatives and promotes a cul-
ture of sustainability. Using innovative technologies, such
as machine learning and real-time data analytics, traffic
flow forecasting gives urban planners and policy mak-
ers the tools they need to implement responsive traffic
management solutions that adapt to changing travel pat-
terns and evolving urban dynamics. As cities strive for
climate neutrality, integrating traffic flow forecasting into
comprehensive mobility strategies embodies a forward-
looking approach that not only addresses the immediate
challenges of traffic congestion, but also promotes long-
term sustainability goals through smarter traffic manage-
ment and reduced carbon emissions.

Transport optimization, which includes traffic flow
prediction, logistics optimization and dynamic fleet
management, has an important role in urban mobility.
Namely, accurate predictions of traffic flow enable cit-
ies and companies to implement dynamic routing and
scheduling, which makes logistics operations more effi-
cient. Optimizing logistics increases the efficiency of
the supply chain and reduces costs and environmental
impact by minimizing unnecessary transportation and
optimizing the use of resources. Dynamic fleet manage-
ment, enabled by real-time data and advanced technolo-
gies, allows for flexible decision-making and optimization
of routes, vehicle deployments and schedules to adapt to
changing demands and conditions. These approaches are
important not only to improve transportation and logis-
tics operations, but also to reduce the environmental
footprint of urban mobility systems.

Traffic flow forecasting

Predictive modeling for urban traffic management often
relies on real-time traffic conditions to generate up-to-
date forecasts [77]. However, in many cities, infrastruc-
tural limitations prevent the collection of real-time data.
This poses a challenge to the development of effective
forecasting methods without the benefit of real-time data
showing the interplay between current traffic flow and
past data. Our research therefore focuses on alternative
modeling techniques. At the center of our approach is
comprehensive feature engineering that circumvents the
need for instantaneous traffic updates. In this context,
we use a recently introduced dataset [40] that describes
traffic flow patterns from 2013 to 2020 in Ljubljana, Slo-
venia. This dataset facilitates the creation of models that
combine historical traffic data with covariates such as
weather conditions and public holidays. The previous
article explains in detail which ML models are best suited
for the use case and how to optimally set their hyperpa-
rameters. However, such a process of model selection and
configuration requires a lot of expert knowledge about
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the different ML models. Therefore, in order to success-
fully model the traffic patterns, one must know and be
able to collect the traffic data and one must know how to
use this data to create models.

The Municipality of Ljubljana traffic data set (MOL-
TR), used in this study, comprises a comprehensive col-
lection of traffic-related information from the city of
Ljubljana. This dataset comes from a network of traf-
fic counting stations strategically distributed across the
city’s streets, especially on heavily traveled routes. These
stations continuously monitor and record vehicle move-
ments and categorize them into eight different vehicle
types, including cars, motorcycles, busses and various
types of trucks. The dataset covers the period from 2013
to 2020 and includes a total of 2,041,086 vehicle counts
taken at 59 individual measuring stations, with data
recorded every day at 15-minute intervals. This compre-
hensive dataset provides valuable insights into daily and
weekly traffic volumes and reveals recurring peaks dur-
ing morning and afternoon rush hours and variations
in traffic volume during weekends. It also accounts for
missing data, relocation of monitoring stations and data
collection errors, making it a valuable resource for traf-
fic modeling. The inclusion of weather data and infor-
mation on public holidays further enriches the dataset
and enables a comprehensive analysis of various fac-
tors influencing traffic behavior in the city of Ljubljana.
As already mentioned in the context of using models, in
our study we evaluate the use of AutoML for predicting
traffic flow. For our study, we use the AutoGluon frame-
work, which is designed to combine multiple ML models
without requiring expert knowledge about their use and
configuration. A common feature across various AutoML
platforms is the need to set a time limit for model train-
ing. For our study, we set a modest time budget of one
minute.

Choosing an appropriate prediction metric can be
a complex task as it needs to align with our specific
forecasting goals. In this study, we used mean absolute
error (MAE) [78] as our chosen metric for reporting all
results. MAE is defined as:

1 forecast true
MAE = ZC: YOt — @)
where yforecast and ytr¢ represent the predicted and

measured number of vehicles that pass the measuring
station ¢ within a certain time interval. It is important to
note that this summation excludes missing values. The
variable C corresponds to the total number of measuring
stations.

For the model evaluation, we use a 4-fold train—
test split with an Expanding Window Validation
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strategy [79]. In this configuration, the four test sets
correspond to different time periods: 2016-2017,
2017-2018, 2018-2019 and 2019-2020. This approach
allows us to evaluate the performance of the models in
different and increasingly recent segments of the data-
set, providing a robust assessment of their predictive
capabilities over time. Table 2 compares different ML
models (random forest [18], linear regression, neural
networks [80] and AutoGluon) based on their MAE
accuracy [81]. Several notable findings emerge from
this comparison. As highlighted in the original paper,
each model significantly outperforms the baseline mean
predictor model. This indicates that each model can
recognize certain traffic patterns and use these insights
to predict the forthcoming traffic flow. In all test splits,
the AutoGluon model provides the most accurate fore-
casts and outperforms the other models. This is not
surprising as AutoGluon uses a diverse ensemble of ML
models. It consistently outperforms the second best
neural network across different years. This suggests
that AutoML tools can serve as a user-friendly alterna-
tive to conventional ML models.

In summary, our study highlights the significant poten-
tial of AutoML tools as indispensable aids for people with
limited expertise in ML. While a basic understanding of

Table 2 MAE computed between the measured and predicted
number of vehicles using various ML models

Model Year MAE Std MAE
Baseline (Mean) 16-17 39412 0.000
Baseline (Mean) 17-18 40.102 0.000
Baseline (Mean) 18-19 39.945 0.000
Baseline (Mean) 19-20 40.891 0.000
Linear regression 16-17 18.042 2.165
Linear regression 17-18 19.532 2277
Linear regression 18-19 17.924 2.383
Linear regression 19-20 17.642 2014
Random forest 16-17 12,624 2982
Random forest 17-18 22632 6.232
Random forest 18-19 16.832 2.945
Random forest 19-20 13.989 2593
Neural network 16-17 9.192 1.082
Neural network 17-18 11.892 1.347
Neural network 18-19 10.720 1.998
Neural network 19-20 10.204 0.934
AutoGluon 16-17 8.623 1.065
AutoGluon 17-18 10.792 1.492
AutoGluon 18-19 10.261 1.890
AutoGluon 19-20 9.409 0.952

The evaluation was conducted on data from a previously unseen year. Each
model underwent 20 rounds of training and evaluation across four distinct train/
test splits
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ML is still essential, these tools significantly automate the
labor-intensive aspects typically associated with model
development, thereby reducing the burden on users.
The methodology outlined in this study, which leverages
AutoML for tabular and forecasting tasks, offers both
advantages and drawbacks compared to more traditional
approaches. One of its key strengths is AutoML’s abil-
ity to often surpass the performance of manually tuned
ML models, providing optimized results with minimal
effort from the user. However, the automated nature of
AutoML can sometimes obscure the inner workings of
model selection and tuning, making it harder for users
to apply domain-specific knowledge for fine-tuning.
Despite these limitations, the practical use of AutoML
shows great potential, simplifying the modeling process
and allowing for more efficient/effective outcomes. This
approach broadens access to ML, making it more avail-
able to a wider range of users, including those who may
not have deep technical expertise. Integrating AutoML
tools is, therefore, an important step in expanding the
usability of advanced machine learning techniques.

Logistics optimization

Optimizing logistics through the use of data-driven rout-
ing, load consolidation and efficient delivery scheduling
can reduce the carbon footprint of freight transportation.
The integration of logistics optimization also encour-
ages the adoption of electric vehicles [82] or alternative
fuel vehicles, resulting in cleaner transportation options.
In addition, optimized logistics systems [83] can boost
the growth of local markets and circular economies by
reducing the need for long-distance transportation and
encouraging sustainable consumption habits. As cit-
ies work toward climate neutrality, optimizing logistics
becomes an important step in creating greener, more
efficient urban ecosystems that balance economic growth
and environmental protection. As freight transportation
usually shares infrastructures with passenger transporta-
tion, freight transportation in urban areas has become a
problem and requires appropriate solutions [84].

Several ambitious projects illustrate the importance of
advanced computing in transforming logistics to reduce
environmental impact and improve overall efficiency. The
CONDUCTOR project [85] is dedicated to the develop-
ment, integration and demonstration of advanced traffic
and fleet management systems and aims to seamlessly
integrate different means of transportation while improv-
ing interoperability. This is achieved through an innova-
tive dynamic balancing and priority-based management
of vehicles, including automated and conventional vehi-
cles. Some important features of this process related to
advanced data processing are:
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+ Machine learning and data fusion: CONDUCTOR
uses machine learning and data fusion to develop
next-generation simulation models and tools. These
technologies enhance the capabilities of transpor-
tation authorities and operators to make informed
decisions and become the conductors of future
mobility networks.

+ Autonomous Vehicle Integration: The project focuses
on upgrading existing technologies to centralize con-
trol and put autonomous vehicles at the center of
future urban transportation systems. This approach
increases the safety, responsiveness and overall effi-
ciency of traffic and fleet management.

+ Explainable Al to support decision-making pro-
cesses and ensure their transparency in meeting sus-
tainability goals and societal interests.

Logistics service providers (LSPs) are struggling with
increasing demand and unreliable traffic conditions, lead-
ing to challenges in maintaining reliability in the delivery
process. This has led to low usage rates and empty miles
for delivery vehicles, impacting customer satisfaction
and business efficiency and contributing to emissions
and congestion, especially in city centers where the num-
ber of delivery vehicles is expected to increase by 36%
by 2030 due to the growth of e-commerce. At the same
time, the transportation landscape continues to evolve,
with a shift toward more flexible, on-demand passen-
ger transportation services and high-capacity options
driven by vehicle automation. In this context, there is an
opportunity to explore integrated solutions that combine
parcel delivery and passenger trips, known as 'freight-on-
transit’ or 'ride-parcel-pooling’ (RPP), to optimize multi-
modal transportation networks through load-balancing
strategies. The CONDUCTOR project aims to simulate
and evaluate the effectiveness of these strategies [86] to
address the challenges of growing e-commerce while
considering their impact on service quality and individ-
ual costs for stakeholders, including LSPs.

The demand for the delivery of goods in cities has
increased over the last decade. The introduction of
e-commerce, boosted with various crises, is responsible
for this shift and the increased traffic caused by last-mile
delivery. The urban logistics use case in the CONDUC-
TOR project (Fig. 4) investigates and proposes solutions
for last mile parcel delivery based on the integration of
urban goods delivery with on-demand transportation
services. The aim of the use case carried out in Madrid
is to propose and simulate different strategies for coor-
dinating passenger and freight transport that reduce the
volume of traffic associated with last-mile parcel delivery,
exploiting synergies with on-demand passenger trans-
port services [88]. If these vehicles offer the possibility
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Fig. 4 CONDUCTOR's Use case 3 sketch (source [87])

of transporting parcels together with passengers (e.g.,
with a special locker in the vehicle), there could be room
for integrated use for passenger and freight transport.
Requests for the delivery of parcels and requests for pas-
senger trips can be combined in the algorithms used to
optimize the service. Additional stops for parcel delivery
can be set up on routes that are already used for passen-
ger transport, time slots that would remain unused if only
passenger trips were considered can be used for parcel
delivery, etc. A comprehensive understanding of passen-
ger demand patterns is key to identifying off-peak time
slots [89]. Vehicle capacity allocation strategies should
anticipate and respond to temporary but abrupt changes
in passenger demand, e.g., due to events or disruptions in
other services or modes. As shown in ref. [88], the main
benefits of this approach are expected to be the reduc-
tion of: (i) the average travel time of the vehicles involved,
(ii) the total distance traveled by delivery vehicles, (iii) the
number of vehicles used to deliver goods, and (iv) trans-
portation emissions.

These concepts could be taken even further by envi-
sioning a sustainable multimodal transportation system
in which transportation decisions are based on efficiency,
societal impact and real-time information. To achieve
this, we need to explore the benefits of connected and
automated transportation for the entire set of operations,
research optimal decision-making processes and iden-
tify new business models. Therefore, in recent years, the
concept of synchromodality [90] is strongly promoted in
scientific and political circles to achieve more environ-
mentally friendly transportation.

Fleet management

Effective fleet management, including the integration
of electric busses (EBs), plays a transformative role in
advancing urban climate neutrality [91]. Using smart
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fleet management systems, cities can optimize routes,
minimize idle time and improve maintenance practices,
resulting in lower fuel consumption and emissions. The
integration of EBs into the fleet represents a sustainable
alternative to conventional diesel-powered busses, signif-
icantly reducing greenhouse gas emissions and improv-
ing air quality. However, electric busses require dedicated
charging infrastructure due to their limited range and
longer recharging times, making them less flexible than
diesel busses and requiring special attention when plan-
ning and scheduling daily routes [92]. An overview of the
problem of planning and scheduling electric busses can
be found in [93, 94]. An intelligent charging infrastruc-
ture for EBs ensures efficient energy use and minimizes
the load on the grid during peak demand.

The global shift toward electric urban transportation is
evident, driven by continuous advances in various evolv-
ing technologies [95, 96]. These technologies undergo
rigorous testing to determine their reliability and suit-
ability for specific applications. EBs rely on high-capac-
ity batteries, which often need to be charged during the
day, and complex powertrain management systems. This
requires testing in a wide range of road conditions and
driving scenarios that are influenced by road characteris-
tics and climatic conditions.

Several research findings suggest that electric vehicle
(EV) batteries are more stressed on hilly terrain than
on flat roads. Recent studies on the effects of climatic
conditions on the energy consumption of electric vehi-
cles have shown that battery consumption increases in
winter, which is associated with lower energy recovery
[49, 97]. Including climate parameters in mathematical
models improves simulations, but conducting physi-
cal tests of EBs in regions with harsh climates pro-
vides more reliable results. We have studied numerous
benchmark EB routes in cities across Europe and found
that while these urban routes provide valuable test envi-
ronments, they may not subject EBs to sufficiently chal-
lenging conditions in terms of distances, temperatures
and road gradients. To address this issue, we proposed
a test route in Idrija, Slovenia, which is characterized by
challenging incline sections [49]. The bus route in Idrija
has a total length of 19.6 km, a maximum elevation of
443 m, a minimum elevation of 300 m, a total ascent/
descent of 539 m with a maximum gradient and a maxi-
mum slope of 25% and is characterized by a continen-
tal climate with long, cold winters and high summer
temperatures. According to ARSO [98], the maximum
difference between the average daily maximum temper-
atures and the average daily minimum temperatures is
about 25°C in one year. Conducting tests with EBs and
integrating transportation, energy storage and charg-
ing systems into real-world benchmarking would allow
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for a more comprehensive assessment and validation
of new technologies. The expected benefits of these
benchmark results would also extend to future devel-
opments, including further improvements to technical
solutions, particularly in similarly geographically chal-
lenging areas.

Public transportation networks in modern cities are
multimodal and extremely complex. He et al. propose
methods to support efficient multi-criteria trip planning
[99]. An interesting study on vehicle-to-grid technol-
ogy, where unused electric vehicles can serve as decen-
tralized energy storage for the power grid to balance
demand fluctuations, was investigated in ref. [100]. ML
algorithms help predict traffic patterns and thus facilitate
the efficient allocation of resources and the development
of environmentally friendly transport solutions [101,
102]. Dynamic route planning is becoming increasingly
relevant. With dynamic route planning, different routes
can be found as the optimal choice, taking several crite-
ria into account, see Fig. 5a. The traffic network can be
mapped in a graph so that intersections are represented
by vertices and paths by edges, see 5b. With weighted
edges, it is possible to identify the length of route parts,
the degree of traffic congestion or the status of traffic reg-
ulation and transform the problem into a graph problem
in which the role of different nodes and edges is exam-
ined by different graph measures [103]. An approach for
shared subway shuttle busses based on crowd sourced
mobile data, which includes prediction of passenger
flows at stations and dynamic route planning was studied
in ref. [104]. Further, Wang et al. propose a metric learn-
ing-based prediction algorithm to capture demand pat-
terns and develop a route planning optimizer for efficient
bus deployment considering traffic dynamics [105]. Thus,
advanced computing helps in the development and simu-
lation of electric (and autonomous) vehicles and acceler-
ates their integration into urban fleets.

Climate models and simulations carried out with
the help of high-performance computers provide valu-
able insights into the effects of transportation-related
emissions on air quality and give political decision-
makers pointers for sustainable urban planning and
transport policy. In addition, the electrification of the
fleet is in line with renewable energy targets, as cities
can power the EBs with clean energy sources and thus
further reduce their carbon footprint [106]. ML and
linear programming are essential for fleet management,
especially for EBs. Effective management requires
both theoretical and practical testing. EBs require spe-
cial charging and planning due to their limited range.
Real-world testing, such as in Idrija, Slovenia, validates
performance. Smart charging and dynamic route plan-
ning improve operations. Informed policy regulations
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Fig.5 a Presented are different routes from the origin to the destination, while considering multiple criteria. b Traffic network with selected routes
is mapped into the graph, where meeting points between different routes are presented by vertices and paths between them are presented
by edges. Weights on edges could identify different route conditions (e.g., path distance, level of congestion or speed limit), that have an impact

on the travel time, travel comfort or carbon footprint

support the sustainable integration of EBs, aligning
with renewable energy goals and improving air quality.

Conclusions

Addressing urban climate neutrality requires the
power of advanced computing. This paper focuses
on the areas of energy supply and transportation and
highlights the role of machine learning, deep learning
and ensemble models in addressing the complex chal-
lenges of urban climate neutrality. The integration of
cutting-edge technologies, advanced data analytics and
real-time decision-making processes represents a path-
way to developing sustainable, climate-resilient urban
environments. These advanced computational meth-
ods enable cities to optimize resource management,
improve energy efficiency and significantly reduce
greenhouse gas emissions, thus actively contributing
to global climate and environmental protection. As cit-
ies pursue climate neutrality, energy, traffic and fleet
management become a cornerstone strategy to create
cleaner and more efficient urban systems that prioritize
environmental wellbeing alongside efficient energy use
and public transport.

Acknowledgements
The manuscript was revised with the Language Editing Service Instatext, to
improve the style and reading flow.

Author contributions

Gr.P. prepared the background part. Gr.P, RH., Ga.P. and V.V. wrote the main
manuscript text. RH. prepared figures 1-3 and table 1, Ga.P. prepared table 2,
GrP prepared figure 4, and V.V. prepared figure 5. All authors reviewed the
manuscript.

Funding

This work received the financial support from the Slovenian Research Agency
(research core funding No. P2-0098 and young researcher grants). The work
is also part of projects that are funded by the European Union from Horizon
Europe under grant agreements No 101077049 (CONDUCTOR), and No
101136775 (INITIATE).

Data availability

The data sets that were created and/or analyzed as part of the current study
are not publicly available due to proprietary reasons, but can be obtained
from the corresponding author on request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
All authors declare that they have no conflict of interest or other interests that
could be perceived to influence the results and/or discussions reported in this

paper.

Author details

'Computer Systems Department, JoZef Stefan Institute, Jamova c. 39,
1000 Ljubljana, Slovenia. 2Jozef Stefan International Postgraduate School,
Jamova c. 39, 1000 Ljubljana, Slovenia.

Received: 16 November 2023 Accepted: 20 February 2025
Published online: 11 March 2025

References
1. WuZ Zhao Z, Gan W et al (2023) Achieving carbon neutrality through
urban planning and design. Int J Environ Res Public Health 20(3):2420
2. ChenL, Huang L, HuaJ et al (2023) Green construction for low-carbon
cities: a review. Environ Chem Lett 21(3):1627-1657



Papa et al. Energy, Sustainability and Society

19.

20.

21.

22.

23.

24.

25.

(2025) 15:16

Almihat MGM, Kahn MTE, Aboalez K et al (2022) Energy and sustainable
development in smart cities: an overview. Smart Cities 5(4):1389-1408
Kramarz M, Przybylska E (2021) Multimodal transport in the context of
sustainable development of a city. Sustainability 13(4):2239
Nieuwenhuijsen MJ (2020) Urban and transport planning pathways

to carbon neutral, liveable and healthy cities; a review of the current
evidence. Environ Int 140:105661

Guntuka L, Mukandwal PS, Aktas E et al (2024) From carbon-neutral to
climate-neutral supply chains: a multidisciplinary review and research
agenda. Int J Logist Manag 35(3):916-942

Lai JP, Chang YM, Chen CH et al (2020) A survey of machine learning
models in renewable energy predictions. Appl Sci 10(17):5975
Gaamouche R, Chinnici M, Lahby M et al (2022) Machine learning
techniques for renewable energy forecasting: a comprehensive review.
In: Lahby M, Al-Fugaha A, Maleh Y (eds) Computational intelligence
techniques for green smart cities. Springer, Cham, pp 3-39

Bus S (2024) Electric bus, main fleets and projects around the world.
https://www.sustainable-bus.com/electric-bus/electric-bus-public-
transport/. Accessed 20 May 2024

Orji I (2024) Adopting electric bus for improving efficiency in the local
public transport sector: analysis of facilitating conditions and their non-
linear relationships. Transp Res Part A Policy Pract 180:103967. https://
doi.org/10.1016/j.tra.2024.103967

Yuan H, Li G (2021) A survey of traffic prediction: from spatio-temporal
data to intelligent transportation. Data Sci Eng 6(1):63-85
Vijayaraghavan V, Rian Leevinson J (2020) Intelligent traffic man-
agement systems for next generation [oV in smart city scenario.

In: Mahmood Z (ed) Connected vehicles in the internet of things:
concepts, technologies and frameworks for the loV. Springer, Cham, pp
123-141

Beyazit E, Canitez F (2023) Sustainable urban mobility governance:
rethinking the links through movement, representation and practice for
ajust transport system. In: Allam Z (ed) Sustainable urban transitions:
research, policy and practice. Springer, Singapore, pp 311-327
Mdller-Eie D, Kosmidis | (2023) Sustainable mobility in smart cities: a
document study of mobility initiatives of mid-sized Nordic smart cities.
Eur Transp Res Rev 15(1):36

Nti IK, Teimeh M, Nyarko-Boateng O et al (2020) Electricity load forecast-
ing: a systematic review. J Electr Syst Inform Technol 7(1):1-19
Al-azzawi SM, Deif MA, Attar H et al (2023) Hyperparameter optimiza-
tion of regression model for electrical load forecasting during the
covid-19 pandemic lockdown period. Int J Intell Eng Syst. https://doi.
0rg/10.22266/ijies2023.0831.20

Manju J, Manjula R, Dash R (2023) An efficient artificial bee colony
based optimized model for load prediction in loT enabled smart grid.
In: 2023 Third International Conference on Artificial Intelligence and
Smart Energy (ICAIS), IEEE, pp 129-136

Biau G, Scornet E (2016) A random forest guided tour. Test 25:197-227
Olu-Ajayi R, Alaka H, Owolabi H et al (2023) Data-driven tools for build-
ing energy consumption prediction: A review. Energies 16(6):2574
Olu-Ajayi R, Alaka H, Sulaimon | et al (2022) Building energy consump-
tion prediction for residential buildings using deep learning and other
machine learning techniques. J Build Eng 45:103406. https://doi.org/10.
1016/jjobe.2021.103406

Ratnasari LD, Senot Sangadji STMT, Endah Safitri STMT (2020) Evaluation
of energy consumption with energyplus simulation in office existing
buildings. AIP Conf Proceed 2296(1):020031. https://doi.org/10.1063/5.
0031273

Biscocho K, Rezgalla M, Farha A et al (2023) Development of a high-
resolution top-down model to estimate actual household-level

heat pump electricity consumption. Environ Res Infrastruct Sustain
3(2):025007

Kostevsek A, Klemes JJ, Varbanov PS et al (2016) The concept of an
ecosystem model to support the transformation to sustainable energy
systems. Appl Energy 184:1460-1469. https://doi.org/10.1016/j.apene
rgy.2016.04.010

Patterson K (2011) An introduction to ARMA models. Unit root tests in
time series. Palgrave Macmillan UK, London, pp 68-122

Vu KM (2007) The ARIMA and VARIMA time series: their modelings,
analyses and applications. AuLac Technologies Inc,, Ottawa

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Page 14 of 16

Peter D, Silvia P (2012) Arima vs. arimax-which approach is better to
analyze and forecast macroeconomic time series. In: Proceedings of
30th international conference mathematical methods in economics,
pp 136-140

Luk KC, Ball JE, Sharma A (2000) A study of optimal model lag and
spatial inputs to artificial neural network for rainfall forecasting. J
Hydrol 227(1-4):56-65

Mei J, He D, Harley R, et al (2014) A random forest method for real-
time price forecasting in new york electricity market. In: 2014 IEEE
PES General Meeting| Conference & Exposition, IEEE, pp 1-5

Kumar M, Thenmozhi M (2006) Forecasting stock index movement:
A comparison of support vector machines and random forest. In:
Indian institute of capital markets 9th capital markets conference
paper

Medsker LR, Jain L (2001) Recurrent neural networks. Des Appl
5:64-67

Hribar R, Potocnik P, Silc J et al (2019) A comparison of models for
forecasting the residential natural gas demand of an urban area. Energy
167:511-522. https://doi.org/10.1016/j.energy.2018.10.175

Gers FA, Eck D, Schmidhuber J (2002) Applying LSTM to time series
predictable through time-window approaches. In: Neural Nets WIRN
Vietri-01. Springer, Berlin, pp 193-200

O'Shea K, Nash R (2015) An introduction to convolutional neural net-
works. arXiv preprint arXiv:1511.08458

Bai S, Kolter JZ, Koltun V (2018) An empirical evaluation of generic
convolutional and recurrent networks for sequence modeling. arXiv
preprint arXiv:1803.01271

Oreshkin BN, Carpov D, Chapados N, et al (2019) N-beats: neural basis
expansion analysis for interpretable time series forecasting. arXiv pre-
print arXiv:1905.10437

Salinas D, Flunkert V, Gasthaus J et al (2020) DeepAR: probabilistic
forecasting with autoregressive recurrent networks. Int J Forecast
36(3):1181-1191

Lim B, Arik SO, Loeff N et al (2021) Temporal fusion transformers for
interpretable multi-horizon time series forecasting. Int J Forecast
37(4):1748-1764

Dong X, Lei T, Jin S, et al (2018) Short-term traffic flow prediction

based on XGBoost. In: 2018 IEEE 7th Data Driven Control and Learning
Systems Conference (DDCLYS), IEEE, pp 854-859

Elsayed S, Thyssens D, Rashed A, et al (2021) Do we really need deep
learning models for time series forecasting? arXiv preprint arXiv:2101.
02118

Petelin G, Hribar R, Papa G (2023) Models for forecasting the traffic flow
within the city of Ljubljana. Eur Transp Res Rev. https://doi.org/10.1186/
$12544-023-00600-6

Peceny L, Mesko P, Kampf R et al (2020) Optimisation in transport and
logistic processes. Transp Res Proced 44:15-22. https://doi.org/10.
1016/j.trpro.2020.02.003

Zhang Y, Kou X, Song Z et al (2021) Research on logistics management
layout optimization and real-time application based on nonlinear
programming. Nonlinear Eng 10(1):526-534. https://doi.org/10.1515/
nleng-2021-0043

Bu S (2021) Logistics engineering optimization based on machine
learning and artificial intelligence technology. J Intell Fuzzy Syst
40:2505-2516. https://doi.org/10.3233/JIFS-189244

Lv J (2021) Optimization of e-commerce logistics system based on arti-
ficial intelligence technology. J Phys Conf Ser 1881(3):032062. https://
doi.org/10.1088/1742-6596/1881/3/032062

Giuffrida N, Fajardo-Calderin J, Masegosa AD et al (2022) Optimization
and machine learning applied to last-mile logistics: a review. Sustain-
ability. https://doi.org/10.3390/su14095329

Li X, Epureanu Bl (2020) Ai-based competition of autonomous vehicle
fleets with application to fleet modularity. Eur J Op Res 287(3):856-874.
https://doi.org/10.1016/j.ejor.2020.05.020

Nobahar P, Pourrahimian Y, Mollaei Koshki F (2022) Optimum fleet
selection using machine learning algorithms-case study: Zenouz kaolin
mine. Mining 2(3):528-541. https://doi.org/10.3390/mining2030028
(https://www.mdpi.com/2673-6489/2/3/28)

Alexandre T, Bernardini F, Viterbo J et al (2023) Machine learning applied
to public transportation by bus: a systematic literature review. Transp
Res Rec 2677(7):639-660. https://doi.org/10.1177/03611981231155189


https://www.sustainable-bus.com/electric-bus/electric-bus-public-transport/
https://www.sustainable-bus.com/electric-bus/electric-bus-public-transport/
https://doi.org/10.1016/j.tra.2024.103967
https://doi.org/10.1016/j.tra.2024.103967
https://doi.org/10.22266/ijies2023.0831.20
https://doi.org/10.22266/ijies2023.0831.20
https://doi.org/10.1016/j.jobe.2021.103406
https://doi.org/10.1016/j.jobe.2021.103406
https://doi.org/10.1063/5.0031273
https://doi.org/10.1063/5.0031273
https://doi.org/10.1016/j.apenergy.2016.04.010
https://doi.org/10.1016/j.apenergy.2016.04.010
https://doi.org/10.1016/j.energy.2018.10.175
http://arxiv.org/abs/1511.08458
http://arxiv.org/abs/1803.01271
http://arxiv.org/abs/1905.10437
http://arxiv.org/abs/2101.02118
http://arxiv.org/abs/2101.02118
https://doi.org/10.1186/s12544-023-00600-6
https://doi.org/10.1186/s12544-023-00600-6
https://doi.org/10.1016/j.trpro.2020.02.003
https://doi.org/10.1016/j.trpro.2020.02.003
https://doi.org/10.1515/nleng-2021-0043
https://doi.org/10.1515/nleng-2021-0043
https://doi.org/10.3233/JIFS-189244
https://doi.org/10.1088/1742-6596/1881/3/032062
https://doi.org/10.1088/1742-6596/1881/3/032062
https://doi.org/10.3390/su14095329
https://doi.org/10.1016/j.ejor.2020.05.020
https://doi.org/10.3390/mining2030028
https://www.mdpi.com/2673-6489/2/3/28
https://doi.org/10.1177/03611981231155189

Papa et al. Energy, Sustainability and Society

49.

50.

51

52.
53.
54.
55.
56.
57.
58.

59.
60.

62.

63.

64.
65.
66.
67.
68.
69.

70.

71

72.
73.

74.

75.

76.

77.

(2025) 15:16

Papa G, Santo Zarnik M, Vukasinovic V (2022) Electric-bus routes in

hilly urban areas: overview and challenges. Renew Sustain Energy Rev
165:112555. https;//doi.org/10.1016/j.rser.2022.112555

Yoo S, Lee JB, Han H (2023) A reinforcement learning approach for

bus network design and frequency setting optimisation. Public Transp
15:503-534. https://doi.org/10.1007/512469-022-00319-y

Ma W, Zeng L, An K (2023) Dynamic vehicle routing problem for flexible
buses considering stochastic requests. Transp Res Part C Emerg Technol
148:104030. https://doi.org/10.1016/j.trc.2023.104030

LeCunY, Bengio Y, Hinton G (2015) Deep learning. Nature
521(7553):436-444

Beni G (2020) Swarm intelligence. In: Game theory and agent-based
models, complex social and behavioral systems, pp 791-818

Slowik A, Kwasnicka H (2020) Evolutionary algorithms and their applica-
tions to engineering problems. Neural Comput Appl 32:12363-12379
Madziel M (2023) Vehicle emission models and traffic simulators: a
review. Energies 16(9):3941

Cao K, LiuY, Meng G et al (2020) An overview on edge computing
research. IEEE Access 8:85714-85728

Hornik K (1991) Approximation capabilities of multilayer feedforward
networks. Neural Netw 4(2):251-257

Montufar GF, Pascanu R, Cho K, et al (2014) On the number of linear
regions of deep neural networks. In: Advances in neural information
processing systems, pp 2924-2932

Elman JL (1990) Finding structure in time. Cognit Sci 14(2):179-211
Goodfellow I, Bengio Y, Courville A (2016) Deep learning. MIT Press,
Cambridge

Lipton ZC, Berkowitz J, Elkan C (2015) A critical review of recurrent
neural networks for sequence learning. arXiv preprint arXiv:1506.00019
YuY, Si X, Hu C et al (2019) A review of recurrent neural networks: LSTM
cells and network architectures. Neural Comput 31(7):1235-1270

Dey R, Salem FM (2017) Gate-variants of gated recurrent unit (GRU)
neural networks. In: 2017 [EEE 60th international midwest symposium
on circuits and systems (MWSCAS), IEEE, pp 1597-1600

Jordan MI, Mitchell TM (2015) Machine learning: trends, perspectives,
and prospects. Science 349(6245):255-260

Hutter F, Kotthoff L, Vanschoren J (2019) Automated machine learning:
methods, systems, challenges. Springer Nature, Cham

Larsen KR, Becker DS (2021) Automated machine learning for business.
Oxford University Press, New York

Karmaker SK, Hassan MM, Smith MJ et al (2021) AutoML to date and
beyond: challenges and opportunities. ACM Comput Surv 54(8):1-36
He X, Zhao K, Chu X (2021) AutoML: a survey of the state-of-the-art.
Knowl Based Syst 212:106622

Gijsbers P, Bueno ML, Coors S, et al (2022) Amlb: an automl benchmark.
arXiv preprint arXiv:2207.12560

Economidou M, Atanasiu B, Despret C et al (2011) Europe’s buildings
under the microscope: a country-by-country review of the energy
performance of buildings. In: Tech. rep, Buildings Performance Institute
Europe (BPIE)

Hribar R, Papa G, Silc J (2017) Prediction of natural gas consumption
using empirical models. In: 2017 International conference on smart
systems and technologies (SST), IEEE, pp 31-36. https://doi.org/10.
1109/SST.2017.8188665

Kingma DP, Ba J (2014) Adam: A method for stochastic optimization.
arXiv preprint arXiv:1412.6980

Chollet F (2015) Keras. https://github.com/fchollet/keras. Accessed 4
Nov 2023

Theano Development Team (2016) Theano: a Python framework for fast
computation of mathematical expressions. arXiv e-prints. http://arxiv.
org/abs/1605.02688. Accessed 4 Nov 2023

Maadi S, Stein S, Hong J et al (2022) Real-time adaptive traffic signal
control in a connected and automated vehicle environment: optimisa-
tion of signal planning with reinforcement learning under vehicle
speed guidance. Sensors. https://doi.org/10.3390/522197501

Gall T, Horl S, Vallet F et al (2023) Integrating future trends and uncer-
tainties in urban mobility design via data-driven personas and sce-
narios. Eur Transp Res Rev. https://doi.org/10.1186/512544-023-00622-0
Sayed SA, Abdel-Hamid Y, Hefny HA (2023) Artificial intelligence-based
traffic flow prediction: a comprehensive review. J Electr Syst Inform
Technol 10(1):13

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

Page 150f 16

Lana |, Del Ser J, Velez M et al (2018) Road traffic forecasting: recent
advances and new challenges. IEEE Intell Transp Syst Mag 10(2):93-109
Bergmeir C, Benitez JM (2012) On the use of cross-validation for time
series predictor evaluation. Inform Sci 191:192-213

Borisov V, Leemann T, Sel3ler K, et al (2022) Deep neural networks and
tabular data: a survey. [EEE Transactions on Neural Networks and Learn-
ing Systems

Mehdiyev N, Enke D, Fettke P et al (2016) Evaluating forecasting meth-
ods by considering different accuracy measures. Proced Computer Sci
95:264-271

Mohammed J, Villegas J (2023) Total impact of electric vehicle fleet
adoption in the logistics industry. Front Sustain. https://doi.org/10.
3389/frsus.2023.1158993

GaoY, Leng M, Zhang Y et al (2022) Incentivizing the adoption of elec-
tric vehicles in city logistics: pricing, driving range, and usage decisions
under time window policies. Int J Prod Econ 245:108406. https://doi.
org/10.1016/].ijpe.2021.108406

Pecar M, Papa G (2017) Transportation problems and their potential
solutions in smart cities. In: 2017 International Conference on Smart
Systems and Technologies (SST). IEEE, Osijek, Croatia, pp 195-199,
https://doi.org/10.1109/SST.2017.8188694

CONDUCTOR project (2022) Advanced, high-level traffic and fleet
management. https://conductor-project.eu/. Accessed 31 July 2023
CONDUCTOR project (2023a) Detailed use-case specifications and their
KPIs, D1.3.Tech. rep. https://conductor-project.eu/assets/deliverables/
CONDUCTOR%20D1.1.pdf. Accessed 31 July 2023

CONDUCTOR project (2023b) Report on stakeholders' requirements,
user needs and social innovations, D1.1. Tech. rep. https://conductor-
project.eu/assets/deliverables/CONDUCTOR%20D1.1.pdf. Accessed 31
July 2023

Papa G, Vukasinovic V, Sénchez-Cauce R, et al (2024) Fleet and traffic
management systems for conducting future cooperative mobility. In:
2024 Transport Research Arena (TRA 2024), TRA

Yu C, Li H, Xu X et al (2021) Data-driven approach for passenger mobil-
ity pattern recognition using spatiotemporal embedding. J Adv Transp
1:5574093. https://doi.org/10.1155/2021/5574093

Acero B, Saenz MJ, Luzzini D (2022) Introducing synchromodality: one
missing link between transportation and supply chain management. J
Supply Chain Manag 58(1):51-64. https://doi.org/10.1111/jscm.12269
Christidis P, Ulpiani G, Stepniak M et al (2024) Research and innovation
paving the way for climate neutrality in urban transport: analysis of 362
cities on their journey to zero emissions. Transp Policy 148:107-123.
https://doi.org/10.1016/j.tranpol.2024.01.008

Kisielewski P, Duda J, Karkula M et al (2024) Optimization of urban
transport vehicle tasks for large, mixed fleet of vehicles and real-world
constraints. Arch Transp 7(2):65-78. https://doi.org/10.1016/j.5¢5.2024.
105497

Perumal SS, Lusby RM, Larsen J (2022) Electric bus planning & schedul-
ing: a review of related problems and methodologies. Eur J Op Res
301(2):395-413. https://doi.org/10.1016/j.ej0r.2021.10.058

Behnia F, Schuelke-Leech BA, Mirhassani M (2024) Optimizing sustain-
able urban mobility: a comprehensive review of electric bus scheduling
strategies and future directions. Sustain Cities Soc 108:105497. https://
doi.org/10.1016/j.5¢5.2024.105497

Vindry B (2024) Electric buses and trucks charge ahead. https://www.
electromaps.com/en/blog/technologies-revolutionize-market-electric-
vehicles-2030. Accessed 25 June 2024

Bharadwaj R (2023) EV Technology in 2023: current Trends and Future
Prospects. https://bolt.earth/blog/ev-trends-in-india. Accessed 25 June
2024

Iclodean C, Cordos N, Todorut A, (2019) Analysis of the electric bus
autonomy depending on the atmospheric conditions. Energies. https://
doi.org/10.3390/en12234535

ARSO (2019) Arso data. https://meteo.arso.gov.si/met/sl/climate/.
Accessed 9 Sep 2019

He P, Jiang G, Lam SK et al (2022) Exploring public transport transfer
opportunities for pareto search of multicriteria journeys. IEEE Trans
Intell Transp Syst 23(12):22895-22908. https://doi.org/10.1109/TITS.
2022.3194523

Tian J, Jia H, Wang G et al (2024) Integrated optimization of charging
infrastructure, fleet size and vehicle operation in shared autonomous


https://doi.org/10.1016/j.rser.2022.112555
https://doi.org/10.1007/s12469-022-00319-y
https://doi.org/10.1016/j.trc.2023.104030
http://arxiv.org/abs/1506.00019
http://arxiv.org/abs/2207.12560
https://doi.org/10.1109/SST.2017.8188665
https://doi.org/10.1109/SST.2017.8188665
http://arxiv.org/abs/1412.6980
https://github.com/fchollet/keras
http://arxiv.org/abs/1605.02688
http://arxiv.org/abs/1605.02688
https://doi.org/10.3390/s22197501
https://doi.org/10.1186/s12544-023-00622-0
https://doi.org/10.3389/frsus.2023.1158993
https://doi.org/10.3389/frsus.2023.1158993
https://doi.org/10.1016/j.ijpe.2021.108406
https://doi.org/10.1016/j.ijpe.2021.108406
https://doi.org/10.1109/SST.2017.8188694
https://conductor-project.eu/
https://conductor-project.eu/assets/deliverables/CONDUCTOR%20D1.1.pdf
https://conductor-project.eu/assets/deliverables/CONDUCTOR%20D1.1.pdf
https://conductor-project.eu/assets/deliverables/CONDUCTOR%20D1.1.pdf
https://conductor-project.eu/assets/deliverables/CONDUCTOR%20D1.1.pdf
https://doi.org/10.1155/2021/5574093
https://doi.org/10.1111/jscm.12269
https://doi.org/10.1016/j.tranpol.2024.01.008
https://doi.org/10.1016/j.scs.2024.105497
https://doi.org/10.1016/j.scs.2024.105497
https://doi.org/10.1016/j.ejor.2021.10.058
https://doi.org/10.1016/j.scs.2024.105497
https://doi.org/10.1016/j.scs.2024.105497
https://www.electromaps.com/en/blog/technologies-revolutionize-market-electric-vehicles-2030
https://www.electromaps.com/en/blog/technologies-revolutionize-market-electric-vehicles-2030
https://www.electromaps.com/en/blog/technologies-revolutionize-market-electric-vehicles-2030
https://bolt.earth/blog/ev-trends-in-india
https://doi.org/10.3390/en12234535
https://doi.org/10.3390/en12234535
https://meteo.arso.gov.si/met/sl/climate/
https://doi.org/10.1109/TITS.2022.3194523
https://doi.org/10.1109/TITS.2022.3194523

Papa et al. Energy, Sustainability and Society (2025) 15:16

electric vehicle system considering vehicle-to-grid. Renew Energy
229:120760. https://doi.org/10.1016/j.renene.2024.120760

101. Tao X, Cheng L, Zhang R et al (2024) Towards green innovation in smart
cities: Leveraging traffic flow prediction with machine learning algo-
rithms for sustainable transportation systems. Sustainability. https://doi.
0rg/10.3390/su16010251

102. Medina-Salgado B, Sénchez-DelaCruz E, Pozos-Parra P et al (2022)
Urban traffic flow prediction techniques: a review. Sustain Comput
Inform Syst 35:100739. https://doi.org/10.1016/j.suscom.2022.100739

103.  Govorcin J, Skrekovski R, Vukaginovi¢ V et al (2016) A measure for a bal-
anced workload and its extremal values. Discrete Appl Math 200:59-66.
https://doi.org/10.1016/j.dam.2015.07.006

104. Kong X, Li M, Tang T et al (2018) Shared subway shuttle bus route
planning based on transport data analytics. IEEE Trans Autom Sci Eng
15(4):1507-1520. https://doi.org/10.1109/TASE.2018.2865494

105. Wang J, Zhang Y, Xing X et al (2022) A data-driven system for
cooperative-bus route planning based on generative adversarial
network and metric learning. Ann Op Res. https://doi.org/10.1007/
510479-022-04842-w

106. Khreis H, Sanchez KA, Foster M et al (2023) Urban policy interventions
to reduce traffic-related emissions and air pollution: a systematic
evidence map. Environ Int 172:107805. https://doi.org/10.1016/j.envint.
2023.107805

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Gregor Papa received the PhD degree in electrical engineer-
ing from the University of Ljubljana in 2002. He is currently a senior
researcher and head of the Computer Systems Department at the
Jozef Stefan Institute and an associate professor at the Jozef Stefan
International Postgraduate School. His research interests include
metaheuristic optimization methods and hardware implementa-
tions of highly complex algorithms, focusing on solving problems in
transportation, energy and manufacturing. He is involved in several
projects and is the technical manager of the Horizon Europe project
CONDUCTOR.

Rok Hribar is a researcher in the Computer Systems Department,
Jozef Stefan Institute, Ljubljana, Slovenia. His research focuses on
automatic differentiation of programs and gradient-based optimiza-
tion when applied to machine learning and large-scale optimization.
He applies this methodology to various use cases, including deep
learning, time series forecasting, representation learning, clustering,
deep reinforcement learning, simulation-based optimization, similar-
ity learning and others. He is involved in several projects dealing with
applying artificial intelligence and deep learning in industrial prac-
tice, with applications in transportation, condition monitoring, self-
driving industrial vehicles and healthcare.

Gasper Petelin is a junior researcher in the Computer Systems
Department, Jozef Stefan Institute. He received his Master's degree
from the University of Ljubljana, Slovenia, and is now pursuing
his PhD at the JozZef Stefan International Postgraduate School. His
research interests mainly focus on time series analysis, black-box opti-
mization and representation learning.

Vida Vukasinovi¢ received the PhD degree from the Jozef Ste-
fan International Postgraduate School, Ljubljana in 2013. She cur-
rently works as a senior researcher in the Computer Systems
Department, Jozef Stefan Institute, Ljubljana and at the Faculty of
Information Studies, Novo mesto. Her research interests include vari-
ous topics in graph theory, complex networks and meta-heuristic
optimization methods.

Page 16 of 16


https://doi.org/10.1016/j.renene.2024.120760
https://doi.org/10.3390/su16010251
https://doi.org/10.3390/su16010251
https://doi.org/10.1016/j.suscom.2022.100739
https://doi.org/10.1016/j.dam.2015.07.006
https://doi.org/10.1109/TASE.2018.2865494
https://doi.org/10.1007/s10479-022-04842-w
https://doi.org/10.1007/s10479-022-04842-w
https://doi.org/10.1016/j.envint.2023.107805
https://doi.org/10.1016/j.envint.2023.107805

	Advanced computing to support urban climate neutrality
	Abstract 
	Background 
	Main text 
	Conclusions 

	Background
	Main text
	Methods
	Advanced computing approaches
	Computational challenges

	Urban energy management
	Demand–response and load balancing
	Case study Ljubljana: gas consumption forecasting

	Urban mobility management
	Traffic flow forecasting
	Logistics optimization
	Fleet management


	Conclusions
	Acknowledgements
	References


