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Intelligent Transportation Systems (ITS) offer a solution for alleviating congestion in urban areas based on
its traffic control service. It is part of the build + ITS approach where new infrastructure with different ITS
services is applied to improve traffic throughput, reduce vehicle emissions, increase the Level of Service (LoS),
and improve the usage of existing vehicles with the Mobility as a Service (MaaS) concept. The latter enables the
cities to offer mobility users concepts of car-sharing, ride-sharing, and tailored multi-modal travel patterns. The
city or urban road infrastructure can be divided into urban motorways and networks of signalized intersections.
Traffic control approaches related to Variable Speed Limit (VSL) control, ramp metering, lane change recom-
mendation, and Adaptive Traffic Signal Control (ATSC) are applied to manage the urban road infrastructure.
Recently, approaches based on Machine Learning (ML) are being researched and deployed. These approaches
are usually learned by running multiple simulations using microscopic traffic simulators prior to real-world ap-
plication. The simulations need to be as realistic as possible to capture the real-world traffic behavior, including
parameters like speed limits and right of way. Microscopic simulations validate or refute the (dis)advantages of
the proposed traffic control approaches. Thus, multiple scenarios need to be created to obtain and analyze traffic
behavior. To create relevant scenarios, k-means, Principal Component Analysis (PCA), and Self-Organizing
Maps (SOM) can be applied to analyse the induction loop detector data. K-means clustering is a widely used
technique for data analysis, where a cluster represents a collection of aggregated data measurements that share
certain similarities. PCA is defined as an orthogonal linear transformation that transforms the data into a new
coordinate system. The largest variance by a scalar projection of the data lies on the first coordinate (called
the first principal component), the second-largest variance on the second coordinate, and so on. These principal
components represent the data patterns of the main data set. Dimensionality reduction makes it easier to visu-
alize and process high-dimensional data sets while preserving as much of the eigenvalue as possible in the data
set. The SOM neural network allows the visualization of high-dimensional data and neural distances between
neurons. Learning a SOM aims to create a model that places similar input data (vectors) based on the calcu-
lated Euclidean distance to the closest neuron, called the Best Matching Unit (BMU). Analyzing the clustering
results on the number of relevant scenarios is necessary to capture traffic behavior accurately. Those created
relevant scenarios can be used for teaching of ML based traffic control systems. One of the ML approaches is
the Advanced Deep Reinforcement Learning (DRL) framework based on Actor-Critic architecture, and it can
be applied for more complex and holistic strategies such as differential VSL control set in cooperation with
ramp metering. The Deep Deterministic Policy Gradient (DDPG) algorithm as the DRL method is currently
the most prominent approach in scientific studies for motorway control since it can provide continuous actions.
Depending on the model structure used in the Actor-Critic module design, it is possible to process inputs as
an image-alike representation of motorway traffic or as the vectorized representation of macroscopic traffic pa-
rameters. The mentioned control approach is made at the level of a single DRL agent with the main goal to
maximize average speed on the controlled motorway section. Moreover, current research addresses the use of
different DRL-based VSL strategies with respect to their configuration and control comprehensiveness at one
characteristic traffic scenario for urban motorways. The expansion of the DDPG based DRL approach towards
multi-agent architecture is investigated in the form of agent-based workers who are learning in parallel by sharing
knowledge learned through different traffic scenarios/environments. The multi-agent DDPG approach can be
made through the Advantage Actor-Critic (A2C) or Asynchronous Advantage Actor-Critic (A3C) architecture,
which will consequentially introduce more comprehensive and robust control over stochastic traffic flow fluctua-
tions on the controlled motorway section. Most studies in Reinforcement Learning (RL) based VSL (RL-VSL)
control are based on a single explicit objective or multiple objectives implemented as a single control policy.
However, large-scale control systems usually consider various, often conflicting objectives with different time
and space scales (simultaneous optimization of VSL and ramp metering) or different priorities (safety versus
throughput or higher traveling speed). Ideally, the VSL application area should be split into several smaller
VSL sections upstream of the bottleneck area to adjust the speed limit for upcoming traffic flow gradually. The
requirements mentioned above can be modeled and solved by using Multi-Agent RL-based (MARL) control



approaches. Using MARL techniques, the speed limits can be controlled in multiple strategically placed VSL
zones simultaneously, implementing multiple policies (with different objectives) among agents simultaneously,
thus, enabling heterogeneity between RL agents in VSL control [1]. In the case of intersection control in urban
areas, it is evident that daily patterns of morning and afternoon peak periods cause congestions. As building
additional infrastructure is not an option, the research focus shifted towards better use of existing infrastructure.
ITS technologies such as ATSC can improve the usage of existing urban road infrastructure. By measuring the
current traffic state in real-time, ATSC systems can change the corresponding signal program to accommodate
the changes in vehicle flow fluctuations better. In most cases, the queue lengths on each intersection approach
are measured to create a feature state space. By applying RL techniques in ATSC systems, the agent can learn
the optimal control policy during operation. The principal problem with such agents is the large state space
making the learning process too slow for a technical system. By reducing the complexity of the state space,
the speed of the learning process can be increased without any impact on the final result. SOM and Growing
Neural Gas (GNG) are techniques that can reduce the dimensionality of the state space, with the added benefit
that GNG state representation can adapt while the agent is still learning. This approach allows the agent to
learn both the state representation and action selection simultaneously [2]. The application and impact of a
new traffic control approach tailored to traffic flow that contains Autonomous Vehicles (AVs) and CAVs on
traffic safety, flow, speed, fuel consumption, and emissions have to be analyzed. One commonly used approach
for urban motorways is the VSL control algorithm that increases the LoS by reducing the speed of vehicles
incoming to a bottleneck area in classical traffic flows containing only Human Driven Vehicles (HDVs). The
feedback-based VSL can be improved with RL. Q-learning with discretized states and actions can improve VSL
operation. CAVs can be utilized as posted speed actuators using I2V communication through Road-Side Unit
(RSU). Therefore, classical VMS is replaced, and CAVs must be equipped with an On-Board Unit to obtain the
speed limit information [3]. It is also necessary to analyze different CAV penetration rates to understand the
implications of introducing CAVs in mixed traffic flows. Current results support the conclusion that the need
for separate traffic control systems reduces with the increase of CAV penetration rate. Thus, CAVs can resolve
some of the traffic congestion problems by better vehicle driving and traffic data sharing. As a result, a traffic
control system can have the ability to improve its control quality during operation. This is crucial when traffic
patterns are changing under the influence of seasonality or new ways of using the transport infrastructure. The
MaaS concept and influence of the COVID-19 pandemic are examples of creating an urban environment with
rapidly changing mobility patterns. Contrary to classic traffic control system, newly developed ML-based traffic
control system can adapt dynamically according to the existing of modified criteria functions. Additionally,
learning structures can easily include additional measurement inputs being available with the dawn of mixed
traffic flows containing HDVs and (C)AVs. To ensure the successful deployment of such systems, open questions
related to learning convergence and optimal representation of the state-action space have yet to be tackled and
resolved.
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