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The increase of the human population and the availability of vehicles created mega-cities with 

a significant need for daily mobility. The result is traffic congestion, increased pollution, and 

decreased life quality. Many research efforts are put into Intelligent Transport Systems (ITS) to 

cope with these problems. One of the ITS services is traffic control, where the availability of 

various data (inductive loops, traffic cameras, Bluetooth detectors, mobile phone data) is used 

as input to improve the Level of Service (LoS) of the urban road network. The latest available 

Urban Traffic Control systems like the City Brain from AliBaba use these data in a deep-

learning cloud-based system to constantly improve Traffic Signal Control (TSC) and travel time 

of emergency services and public transportation, detect incident situations and extract data on 

how urban mobility options are used. The main problem is how to process all available data in 

real-time to improve the LoS of the urban road network. 

In cities, traffic congestion happens around urban motorways and intersections. Urban 

motorways were initially built as bypasses to connect suburbs with the city center and remove 

the transit traffic from the dense urban areas. In the past decade, they have become surrounded 

by urban infrastructure due to urban area expansion. Consequently, they become integrated with 

the urban traffic network and are thus heavily used by daily commuters and transit traffic. Their 

new configuration and role as the urban motorways with close, dense, and complex nodes 

affected by the increased traffic demand led to traffic congestions and increased safety risk. 

Those problems arise due to the lack of speed homogenization between the speeding vehicles, 

which often change lanes on the mainstream lanes, and on-ramp bottlenecks where those 

vehicles interact with merging on-ramp vehicles.  

Congestion is also noticeable on intersection approaches, especially in morning and afternoon 

peak periods of high transport demand. Inefficient use of the intersection capacity causes the 

formation of queues. In severe cases, queue spillover causes that vehicles cannot exit the 

intersection due to being blocked by the following intersection’s queue. With real-time traffic 

monitoring, the intersection control by TSC systems can be changed to accommodate traffic 

flow fluctuations. TSC systems can be fixed, meaning that the signal program stays the same 

regardless of the traffic state. They can also be actuated by allowing the vehicles to send 

requests for signal program changes or fully adaptive to incorporate real-time optimization 

strategies and communication with the neighboring intersections. The latest addition to adaptive 

TSC is the application of Machine Learning (ML) techniques, particularly Reinforcement 

Learning (RL), which allows the signal controller to learn the optimal control policy during 

operation. The problem with RL application in TSC is in the sizeable state-action complexity, 

mailto:edouard.ivanjko@fpz.unizg.hr
mailto:martin.greguric@fpz.unizg.hr
mailto:dino.cakija@fpz.unizg.hr
mailto:kresimir.kusic@fpz.hr
mailto:mladen.miletic@fpz.unizg.hr
mailto:filip.vrbanic@fpz.unizg.hr


which requires many training iterations. Various complexity or dimensionality reduction 

techniques are used to alleviate this problem [1]. 

Connected and Automated Vehicles (CAVs) are an up-and-coming promising technology and 

are significantly developed in recent years. Since there will be a transit period from all Human-

Driven Vehicles (HDVs) to all CAVs on the road, a lot of research is done on how to adapt 

currently available infrastructure to accommodate both types of vehicles simultaneously. To 

cope with this transit period, many strategies are developed under the term Autonomous 

Intersection Management (AIM). Two major types of AIM strategies are proposed and 

developed, centralized, and decentralized. Centralized strategies use an Intersection Manager 

(IM) controller placed at an intersection which communicates with CAVs using real-time 

Vehicle to Infrastructure (V2I) communication. When CAV approaches the intersection, IM 

obtains various parameters about their attributes, movement, etc. and makes a crossing decision 

using built-in policies. In decentralized strategies, crossing decisions are made by CAV during 

the intersection approach. CAV communicate with each other using Vehicle to Vehicle (V2V) 

communication and with the Intersection Agent using V2I communication in the vicinity of an 

intersection to obtain the necessary information needed to decide which policy to use to cross 

the intersection without delay safely. 

To support HDVs in the CAVs environment, some strategies manage existing traffic lights and 

other infrastructure at the intersection to adapt the crossing of CAVs in favor of HDVs. One of 

the proposed research approaches is focused on developing an AIM strategy without using 

traffic lights to manage flows containing only CAVs crossing the intersection. To conduct 

experiments on this subject, it is necessary to use a microscopic traffic simulator that has 

implemented alternative car-followings models for CAVs, or simulators that allow such 

implementation. For the commercial simulator VISSIM, external driver was built using the 

Intelligent Driver Model (IDM) car-following rules for CAVs. The modified open-source 

simulator SUMO and with the addition of an external package is another solution for 

microscopic simulation. Experiments using microscopic simulators need three necessary steps: 

(i) Establish external driver modules with appropriate car-following rules; (ii) Create scenarios 

with different penetration rates of CAVs; and (iii) Collect data with sensors in order to evaluate 

characteristics of the traffic flow [2]. 

Variable Speed Limit (VSL) control and Ramp metering (RM) are the most used methods to 

alleviate or prevent congestion on urban motorways. The main idea of VSL is to adopt the speed 

limit according to current conditions to reduce crash risk and improve traffic throughput by 

using Variable Message Signs (VMS). RM is used to regulate the volume of the on-ramp 

vehicles entering an urban motorway at a given time by analyzing real-time traffic data and 

special traffic lights as actuators. ML on urban motorways is mainly based on RL since it does 

not require a model or predefined learning dataset, making them prone to the stochastic 

fluctuations in traffic demand. Currently, the most advanced approach in RL is Deep 

Deterministic Policy Gradient (DDPG), which is based on the Actor-Critic architecture. It uses 

policy and value-based function approximation with deep neural networks and can produce 

continuous actions. The DDPG in the context of differential VSL enables computation of speed 

limits for each Connected Vehicle (CV) in mixed traffic flows according to the particular traffic 

lane. Such an approach can enable advanced spatio-temporal differential VSL with CVs as 

actuators. Moreover, Multi-agent RL (MARL) approach is based on the cooperative agents 

dedicated to controlling different VSL regions parameters regarding its length, speed limit 

value, and duration [3]. Their idea is to merge those VSL regions into one robust and coherent 



control system, which can be extended even further by including RM and prohibiting lane use 

agents. 

In mixed traffic flows containing Autonomous Vehicles (AVs) and CAVs, it is necessary to 

analyze their impact on traffic safety, flow, speed, fuel consumption, and emissions, and apply 

new traffic control approaches tailored to such vehicles. One such approach is the VSL control 

algorithm that is proved to increase LoS by reducing the speed of vehicles incoming to a 

bottleneck area in classical traffic flows containing only HDVs. Detailed and tailored models 

must include AVs and CAVs in the simulation framework. The feedback based VSL can be 

improved with RL. Q-learning with discretized states and actions can improve VSL operation 

in stochastic traffic demand. The main idea of mixed flow analysis is to utilize CAVs as VSL 

actuators as opposed to the classical way, through VMS. VMS is replaced with the application 

of the Road-Side Unit (RSU), while CAVs are equipped with an On-Board Unit to obtain the 

speed limit information. Different penetration rates of CAVs in traffic flow can also be 

analyzed.  

A learning-based TCS can use all available traffic data and improve the LoS of the urban road 

network constantly learning during operation. Thus, the current infrastructure can be used 

optimally with reduced congestion and pollution levels. Real-time processing of microscopic 

level data (locations and speeds of CAVs) creates open questions related to the optimal 

representation of states of the traffic network and computation of optimal actions for traffic 

lights and speed limit values. The inclusion of CAVs in mixed traffic flows opens new control 

concepts related to spatio-temporal traffic control of a whole road segment enabling truly 

cooperative traffic control. These open areas hold unanswered research questions tackled in the 

research based on applying ML in urban traffic control. 
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