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Abstract

:

A large-scale agent-based microsimulation scenario including the transport modes car, bus, bicycle, scooter, and pedestrian, is built and validated for the city of Bologna (Italy) during the morning peak hour. Large-scale microsimulations enable the evaluation of city-wide effects of novel and complex transport technologies and services, such as intelligent traffic lights or shared autonomous vehicles. Large-scale microsimulations can be seen as an interdisciplinary project where transport planners and technology developers can work together on the same scenario; big data from OpenStreetMap, traffic surveys, GPS traces, traffic counts and transit details are merged into a unique transport scenario. The employed activity-based demand model is able to simulate and evaluate door-to-door trip times while testing different mobility strategies. Indeed, a utility-based mode choice model is calibrated that matches the official modal split. The scenario is implemented and analyzed with the software SUMOPy/SUMO which is an open source software, available on GitHub. The simulated traffic flows are compared with flows from traffic counters using different indicators. The determination coefficient has been 0.7 for larger roads (width greater than seven meters). The present work shows that it is possible to build realistic microsimulation scenarios for larger urban areas. A higher precision of the results could be achieved by using more coherent data and by merging different data sources.
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1. Introduction


Tracing the exact movements of individuals and vehicles from door to door is feasible with today’s computers—even with a population of larger urban areas. The micro-simulation of a virtual copy of the real population, buildings, and infrastructure, called synthetic population or digital twin, is becoming a reality thanks to the availability of big data, larger random-access memories, and faster CPUs. Modeling the interactions between neighboring vehicles or between vehicles and pedestrians results in precise trip times and speed profiles, enabling accurate performance evaluations and transport impact analysis. Microsimulations are sensitive to the individual’s trip experience as details of infrastructure and transport-services can significantly change travel times. Furthermore, emerging transport technologies such as intelligent traffic light systems, platooning, and driver assistance, as well as alternative means of transportation such as bike sharing or shared autonomous vehicles (SAVs), can be integrated in and evaluated by micro-simulations in a realistic environment.



The “transport technology development” and “transport planning” can be seen as the main drivers behind the creation of ever more realistic transport models, even though they approach the problem from completely different angles: while transport technology development is primarily interested in realistically evaluating the performance of the deployed technology, the transport planner is primarily interested in predicting the behavior of the transport system as a whole in order to identify the best possible future transport scenario. This approach includes all alternative transport modes and the transport choices made by the users, meaning the planner pays more attention to the demand models, such as trip generation, activity location choice and mode choice, while the technology developer is interested in accurate transport supply models, such as vehicle controls or communications between vehicles (V2V) and between vehicle and infrastructure (V2I).



The “problem” is that there are apparent difficulties to create large-scale, city-wide simulation models that include all the details of the technologies and devices, as mentioned before. In theory, a microsimulation can provide both accurate demand and precise supply models. However, in practice, it is challenging to create such a complex microsimulation scenario as this would require a myriad of real-world details such as a refined road network with speed limits, lane access rights, pedestrian crossings, restricted turns at intersections, traffic light-phases, and parking facilities; the traffic generation would require public transport lines with timetables, vehicle types and frequencies, population data, mobility plans of individuals, and much more.



The increasing availability of “big data” does certainly facilitate the creation of microsimulation scenarios. In the present context, big data stands for large, disaggregate, area-covering databases, which are often (but not always) publicly available. Examples are the OpenStreetMap (OSM) database [1], GPS traces recorded by citizens, geo referenced cell phone data, social network activities, or vehicle flow measurements from road-side detectors. Big data, together with more aggregate data such as origin-to-destination matrices (OD matrices), may play different roles in the scenario building process: OSM does often contain most of the required information on the transport networks. It appears more difficult to use big data for modelling the transport demand, as GPS traces or social networks are usually not linked to reliable user profiles; cell phone operators are in possession of attribute-rich georeferenced data but cannot release user information for privacy reasons. This means that user behavior cannot be directly calibrated from this “poor” data as it is the case for properly designed traditional surveys. However, big data from different sources may be merged prior to a model calibration in order to increase the information content; or big data can be used to enrich high-quality travel surveys.



The brief literature review below captures the historic development towards microsimulation while tracing two approaches: the planner, starting traditionally with macroscopic models and moving on to activity-based, mesoscopic, and finally to microscopic models; and the technology developer, starting with microscopic models from the beginning.



“Macroscopic models” are still in use by transport planners and have also relevance for microscopic models, as explained below. A main characteristic of macroscopic models is the aggregated traffic flow between a zone of origin and a zone of destination. These zone-to-zone flows, which are typically represented by an OD-matrix, are used for the traffic assignment. Different traffic assignment methods have been developed, see [2] for a comprehensive overview. The simplest assumption is that all users follow the shortest route. A more realistic traffic assignment, formulated by Wardrop [3], is called the user equilibrium (UE), where the link flows are determined in such a way that no user can reduce its travel time by changing his/her route. Thanks to efficient algorithms (for example Dijkstra’s shortest path assignment or the Frank and Wolfe algorithm for the UE assignment [4]), traffic assignment problems can be solved almost instantly with today’s computers, even for large urban areas. Moreover, the traffic assignments are used in a loop to iteratively calibrate or relax trip generation, trip distribution and mode choice models—these are the models which allow the transport planner to predict user behavior and traffic flows due to changes in transport infrastructure or transport services. For a comprehensive collection of conventional demand and supply models see [5]. However, the above mentioned emerging “intelligent” transport technologies are generally difficult to cast in conventional framework of macroscopic models. Nevertheless, there are valid attempts to integrate microscopic effects of new services in aggregate, macroscopic model using certain idealizing or extreme assumptions: for example, in [6] a multi-modal traffic assignment is modeled; in [7] the link flows of autonomous vehicles (AVs) are modeled by increasing the link capacities; in [8] the empty and occupied vehicle flows of SAVs are determined under system optimum flow constraints by solving a linear programming problem and in [9] the stability of the UE with AVs is examined by means of Lijapunov functions.



The introduction of “activity-based models” has been a major step towards modeling the decision-making of individuals: each individual pursues a specific sequence of activities throughout the day and makes mobility plans to travel from one activity to the next in the best possible way [10]. The mobility plans of an entire population can be executed by simulating each individual on a transport network. The “mesoscopic simulation” is the preferred simulation method for activity-based demand models. Mesoscopic simulation means that the traffic flow is implemented as a dynamic queue simulation, where each road-link is represented as a FIFO (first-in first-out) queue with three restrictions [11,12]: (1) each agent (vehicle or person) has to remain for a certain time on the link, corresponding to the free flow speed travel time; (2) the outflow rate of a link is constrained by its flow capacity; and (3) a link storage capacity is defined, which limits the number of agents on the link; if it is filled up, no more agents can enter the link and spillback may occur.



Such a simulation-model produces time varying link flows and permits to track a person from one activity location to the next. The mesoscopic method allows modelling more details with respect to the macroscopic model, by enabling the determination of individual trip times and waiting times. Mesoscopic simulations are slower compared with macroscopic assignments but still fast enough to simulate large urban areas [13,14,15,16]. Mesoscopic models are also used to determine a dynamic user equilibrium (DUE) by running simulations iteratively while updating link travel times [10].



In activity-based demand modeling frameworks, mesoscopic simulations are employed to iteratively optimize the activity sequencing, plan generation, and to determine the DUE [12]. Flötteröd et al. (2011) applies such algorithms to the city of Zurich, Switzerland [17], and Meister (2010) performs a mesoscopic simulation on whole Switzerland [18], where some link-flows are validated with real counts. Numerous publications use mesoscopic simulations for assessing the impact of AVs on a city scale. For example, Zhao (2012) [13] simulated Buffalo and Niagara Region, while Hsueh et al. (2021) simulated the whole San Francisco Bay Area, California (about 18.000 km2), Childress (2015) examined AVs in the Seattle region using the SoundCast software [19]; the user preferences with respect to AVs have been studied by simulating the entire Paris region [20], for a recent review see [21].



A “microsimulation” reproduces the acceleration, speed and position of each vehicle and person at a fixed sampling rate by solving the difference equations of underlying physical processes. Dynamic vehicle models do typically include human driver behavior. It is also possible to implement vehicle control algorithms of any kind, for example, to correctly model the headways of AVs [22]. Moreover, communication channels can be integrated as well in order to simulate V2V and connected autonomous vehicles (CAVs) [23,24,25,26]. It is worth noting that link capacity limits are not explicitly imposed but are a consequence of the vehicle-headways resulting from the difference equations. In addition, infrastructure characteristics like the number of lanes or traffic light cycles are details that directly impact achievable vehicle flows. This closeness to the physical world has made microsimulations the natural choice for technology developers. Line capacities of AVs and CAVs are estimated in [27], while safety aspects of CAVs are investigated in [28], see [29] for an overview of different microsimulation approaches. Such analyses are typically made with small networks and an artificially generated demand.



Execution times of microsimulations are considerably longer compared with mesoscopic or macroscopic models, in particular when using sub-second time steps. Another criticality of microsimulation models is that they require a huge amount of data, while small modeling errors can lead to significant errors of the simulated traffic. This is why microsimulation networks need to be checked carefully, which is a time-consuming task. These are probably the main reasons why microsimulations are less used as traffic assignment method for activity-based models. Indeed, there are very few validated large-scale microsimulations reported in literature (see Table 1).



The transport demand for microsimulations is usually defined by routes and departure times of all agents participating in a scenario. Most large-scale studies either determine the dynamic user equilibrium iteratively or enable real time routing/re-routing option for a certain share of vehicles. The bulk of large scale microsimulation scenarios is not validated in any way: a simple random trip generation has been used in a simulation of a 1.5 km2 area of Budapest [30] using the open source simulator SUMO [31]; random trips have also been generated for simulating a 9 km2 area of Manhattan, Paris, Berlin, Rome, and London [32] with SUMO, but results show unrealistically low average speeds; a more realistic demand generation method is the disaggregation of OD matrices from official surveys; examples are the simulations of North Leeds [33] using the DRACULA software [34] and the simulation with AVs of Halifax [35] using the commercial software VISSIM [36]; a synthetic population with mobility plans have been generated by SUMO’s activity generator, based on demographics and land use data, for the city of Monaco [37]. The latter simulation is the only large-scale simulation including “soft modes” such as bicycles and pedestrians, while all other studies are focused on cars and AVs only. An alternative approach attempts to reconstruct the traffic flows of Modena, Italy, by calibrating a flow model based on traffic counter data at specific links [38]; even though this approach does not provide realistic vehicle routes, it is well suited to estimate pollutant emissions.



There are also numerous studies on “wide scale” scenarios, analyzing specific sub-networks of an entire city, for example the main roads of Riga city [39] or the New Jersey Turnpike scenario with tolled highways [40].



Two publications on validated large-scale micro-simulation could be found by the authors, see Table 1. Surprisingly, only few realistic large scale micro-simulations exist to date, despite the importance of emerging technologies such as AVs. Note that the validation methods of those scenarios are not standard methods applied in transport planning.



The present work tries to enrich the literature with a properly validated microsimulation scenario. In order to identify the “scientific contribution”, the characteristics of the present scenario is compared with those found in literature, see Table 1: the demand is generated by a suitable fusion of reliable data such as OD matrices and GPS traces, it includes all major transport modes of the city and the traffic flows are validated against traffic counts on a link-by-link basis. A simple mode choice model is also provided. To the knowledge of the authors, no validated large-scale simulation with active modes has ever been published.





[image: Table] 





Table 1. Comparison of published validated large-scale micro-simulation and present work.






Table 1. Comparison of published validated large-scale micro-simulation and present work.





	Pub/Year
	Simulator/Demand Model
	Network
	Demand Generation
	Modes
	Validation Method





	[41]

2011
	SUMO/DUE
	Cologne, Germany from OSM

400 km2
	Activity generator based on 7000 surveys, 700,000 trips in 24 h
	Car
	Qualitative comparison of flows with observed data



	[37]

2017
	SUMO + activitygen/stochastic assignment
	Luxembourg, OSM, 156 km2, 931 km roads
	Activity generator based on public data demographics, POIs, etc., 24 h
	Car, bus
	Comparison of average link speeds from floating car data



	This article

2021
	SUMO + SUMOPy/DUE, Mode choice
	Bologna, Italy, OSM, 12 × 7 km
	Activity base, disaggregation of OD matrix, GPS traces, GTFS, peak hours
	Car, Bus, motorcycle, bike, pedestrian
	Car/motorcycle link flows compared to link traffic counts








Given the difficulties to create large-scale microsimulation models, why would it not be reasonable if planners built realistic demand models using simplified, macro/mesoscopic networks, while technology developers estimated critical parameters, such as the lane capacity, using smaller, microscopic models? Such critical parameters would then be used as constants or cost functions in macro/mesoscopic models, as it is practice to date [7].



For some important cases, there is a strong inter-dependency between microscopic events and macroscopic quantities (flows or densities), suggesting that a separation between local microscopic simulations and large-scale macroscopic models would give unrealistic results.



One example, is the lane capacity increase of AVs with respect to manually driven cars. It turns out that capacity increases are significant only if there is a high share of CAVs circulating [42]. In this case, vehicle platoons can be organized, average headways decrease and capacity increases. Shladover, (2012) [27] who has micro-simulated CAVs on a one-lane, intersection-free highway at steady-state traffic flows, has shown an 80% increase in capacity, assuming all vehicles are CAVs. However, micro-simulating CAVs in an urban environment with random trips results in much lower capacity gains of approximately 16%, due to the network-level effect [30]. Clearly, the dynamics in intersections and the durations of platoons (the time vehicles stay together while traveling on a common route) have a dramatic effect on the capacity [9]. This means route-choice, capacity gains and travel times are interdependent.



Another example concerns the interaction between vehicles and pedestrians on mixed access roads or at pedestrian crossings, where the average travel speed reduces for both pedestrians and vehicles, dependent on the vehicle flows and pedestrian flows. Changes in travel time will in turn alternate demand and consequently flows of vehicles and pedestrians. See [43,44,45] for pedestrians-bicycles interactions and [46] for gap acceptance of pedestrians crossing a road with platooned CAVs.



These examples suggest that, in general, small, microscopic and large-scale macroscopic models cannot be simulated separately, which means only a large-scale microscopic model will ensure that microscopic dynamics will correctly alternate traffic flows and vice versa, thus network-level effects are taken into account.



However, as realistic large-scale microsimulations are rare (see Table 1), there appears to be a real research gap and a need for such scenarios—the only publicly available scenario of this kind is the LuST scenario [37] on Github [47] which has already been used in many research projects (61 citations in 3 years).



The main challenge for creating microsimulations is the demand modeling. There are recent articles suggesting a new, data driven approach to transport modeling [48,49,50] or the use of “big data” to improve traditional surveys [51]. It is also worth noting that for evaluating the impact of many future scenarios, there is no need to calibrate complex demand models; there are use-cases where the transport services remain almost unaltered, for example, when electric vehicles substitute gasoline vehicles or when AVs replace manually driven cars or when floating bike sharing schemes replace private bikes.



Given this research gap, the “research question” is whether it is possible to build a traffic scenario that covers an entire urban area while modelling at the same time details on the device level. Therefore, this article has the aim to, at least partially, fill the above-mentioned research gap by providing a validated microsimulation model for the medium size city of Bologna, Italy, including all modes except trains. A further research question is how to calibrate a useful mobility plan choice model, as part of a microsimulation model, while using a limited amount of computational resources or computing time. For this reason, a computationally efficient mobility plan choice is calibrated with the aim (1) to predict user behavior beyond the route choice and (2) to match official modal split data, while improve the consistency between the individual’s transport environment and the individual’s mode choice.



The purpose of the elaborated traffic scenario is the development of a test platform where town planners and transport system developers can meet to evaluate and optimize new technologies and services—the scenario is freely available on-line [52]. Even though the scenario building process is specific to the data available for Bologna, it should also serve as a blueprint for creating scenarios for other cities.



In Section 2 the scenario and the modeling processes of transport supply and demand are explained and in Section 3 a simple plan choice model is calibrated. In Section 4 the calibration and simulation results are presented, validated, and discussed and in Section 5 final conclusions are drawn and future research directions are suggested.




2. The Scenario Building Process


Various big data sources led to the construction of a large-scale microsimulation scenario for the metropolitan area of Bologna, Italy, with a population of approximately 1.02 million inhabitants, whereas Bologna city itself counts 308 thousand inhabitants [53]. This section explains how the data has been processed to represent the supply and demand of the transport systems using the SUMOPy/SUMO simulation suite [52,54]. While it is good practice to describe agent based models with the ODD protocol (Overview, Design concept, and Description) defined by the Grimm et al. protocol [55], this protocol is hardly applicable to the present case as the number of parameters and the dimensions of the state space is relatively high. Nevertheless, transparency is guaranteed as the scenario and software are published online.



In particular, Section 2.1 and Section 2.2 describe the transport supply of road and public transport, Section 2.3 and Section 2.4 explain the data preparation of ODMs and GPS traces, while Section 2.5 and Section 2.6 explain the external and internal demand created from ODM and GPS data.



2.1. The Road Network Model


The road network of Bologna city has been converted from OSM in a SUMO XML format by SUMO’s “netconvert” [56] program and edited manually with SUMO’s “netedit” [57] software, using both satellite images in the background and street-level graphical information from Google maps, as well as some on-site inspections. In addition, connectivity problems have been identified by matching GPS traces to the network: matching errors occurred often at locations where network links are not properly connected, see [58] for details. The road network data contains the directed road network graph made of links and nodes; each link consists of one or several lanes. The most important lane attributes are maximum speed, width, and access rights; all the values are determined by analyzing the OSM attributes of the respective way. Moreover, SUMO assigns a priority level to each link which depends on the link attributes and range from 1 (footpath) up to 13 (national motorway). The connectivity of lanes at intersections is also derived from OSM or guessed from heuristics; all connections have been manually checked, together with road attributes and geometry. Traffic lights are an OSM node attribute, but the signals have been generated by heuristics. Large traffic light systems in and around the center have been edited manually based on traffic light plans provided by the city of Bologna.



The road-network of the city of Bologna with surrounding towns is the core simulation area, covering approximately 50 km2. The core area has a detailed street network, including bikeways and footpath, see Figure 1a. The metropolitan area of Bologna covers a wider area of 3703 km2, see Figure 1b. Figure 1 also shows the traffic assignment zones (TAZs) of the core area and the metropolitan area. The TAZs are derived from the 2001 national population census [59]. There is a substantial traffic between the core simulation area and the extra-urban TAZs. For this reason, the city’s road network has been manually expanded in order to capture the external demand: using again SUMO’s network editor and satellite images, a simplified road network has been created linking all major towns and villages with the core network of Bologna; this network consists predominantly of motorways, major federal roads, and provincial roads.



The total number of road links is 32,409 with a total length of 3316.20 km. The share of major road (with priority level greater than 7) is 20.11% of the total length or 667.05 km. Moreover, there are 59,218 link connections within 14,724 intersections, 530 of which are controlled by a traffic light. The geometric shapes, heights, and type of 58,421 buildings in the core simulation area have also been imported from OSM. Buildings will be associated with activity locations of persons in the synthetic population model, see Section 2.6. In addition, on-street parking lots have been created with some heuristics along roads with at least two lanes and road priority below eight.




2.2. Public Transport Services


The entire public transport (PT) provided by the local operator (Tper) has been realistically modelled within the core simulation area by generating bus lines based on data from GTFS (General Transit Feed Specification). The used GTFS represents the timetable valid for spring 2018 and contains geographic information of bus stops and bus routes as well as precise times for bus runs. Bus stops with ID and name have been positioned on the network links. Bus routes have been identified as a sequence of network links using the mapmatching procedure from SUMOPy, as described in [58]. Bus stops play an important role in the microsimulation as they represent the point where people of the synthetic population access public transport services. Successively, bus runs of all urban bus lines have been imported from the GTFS for a workday in May 2018 during the time from 6:00 to 9:00 a.m. for the purpose of realizing a steady state bus service for the analyzed simulation time (from 7:00 to 8:00 a.m.). For all PT lines, a constant service frequency has been determined by averaging the time delays between all runs in the considered time interval. One-off or infrequent bus lines with service times below 30 min have been excluded. The constant service time is needed to generate the service in the microsimulation but also to estimate the waiting time during the plan generation, see Section 2.6. After this import procedure the ID, name, stop sequence, route, and service frequency of 234 bus lines are present in the scenario.




2.3. Transport Demand from OD Matrices


The disaggregation of OD matrices presents a major method to generate trips and routes for different modes of transport, see Section 2.5 and Section 2.6. The raw OD matrix has been available for the time interval 7:00–8:00 a.m. and for the following transport modes: car drivers, car passengers, public transport, and scooters. The corresponding TAZs are more refined in the core simulation area (116 TAZs) and larger in the extra-urban areas (61 TAZs), see Figure 1.



The raw OD matrices for the different modes have been obtained from the 14th population census, conducted by the Italian institute for statistics (ISTAT) during the year 2001 [59]. The OD matrices have been updated to the year 2018 by considering the population increase in the various zones: the OD flows within the core simulation area have been increased by 5.5%, while the flows from or to extra-urban areas have been increased by 8.5%.



Applying the above procedure, the following five matrices have been created for the scenario: one OD matrix for each of the modes car, scooter, bus, and walking, with demand flows only between TAZs inside the core simulation area: these OD matrices have been successively disaggregated to create the synthetic population, see Section 2.6; one OD matrix for cars with origins or destinations in the extra urban TAZs were used to create the external traffic of the scenario, see Section 2.5.




2.4. Transport Demand from GPS Traces


Bicycle demand has been estimated from GPS traces recorded by citizens on a volunteer bases using Smartphone. Each GPS trace describes the movements of each participating cyclist through a sequence of time-stamped and georeferenced Lat/Lon locations. For the present study, the GPS traces recorded during the European Cycling Challenge campaign in Bologna in May 2016 have been used. Only traces during morning rush hours have been relevant, more precisely between 8:30 and 10:30 a.m. The GPS traces underwent a filtering process where inconsistent traces have been eliminated, such as traces with over speed, too long waiting times or too big spatial gaps. Further, the typical point clouds at the beginning and at the end of cyclist traces have been cut off. Successively, a mapmatching process has been applied to identify for each GPS trace the sequence of road network links, resulting in one or several routes per participant.



The estimation of transport demand from GPS traces recorded by volunteers has the obvious problem that the share of the recording population is generally unknown. For this reason, the number of GPS trips need to be scaled to the effective number of trips. In a previous publication [60] the scaling has been performed by means of bicycle flow counts at dedicated links of the road network. In particular, the scale factor has been estimated as the ratio between the observed bicycle flows and the bicycle flows generated by the mapmatched GPS traces. In order to match the scaled number of trips, the mapmatched routes needed to be replicated by a certain number. For replicating a matched GPS trip, the first and last link of the replicated trip has been located randomly around the mapmatched trip extremities, while the mapmatched route has been entirely kept. The departure times of the trips are defined by the first timestamp of the GPS traces.



The above procedure has led to a model of all cyclist trips during morning rush hour, including routes and departure times.




2.5. Construction of External Demand


The external demand comprises all car trips between the core simulation area and the extra-urban areas as well as car trips between extra-urban areas which probably pass through the core simulation area. All other modes were neglected, as car has been the dominant mode for these typically long-distance trips. Further, low-frequency extra-urban bus services have been judged to have only a minor impact on the overall traffic flows.



The external trips for cars have been generated by disaggregating the relative OD matrix with origins or destinations in the extra urban TAZs: the demand flow    f  o d     from a zone of origin  o  to a zone of destination  d  has been used to generate    f  o d     trips, between those zones; the first and last link of the    f  o d     trips have been distributed proportionally to their link length, in zone  o  and  d , respectively. This procedure assumes that the number of residences or workplaces along a link is proportional to the road length. Inaccessible links for cars or links with maximum speeds above 50 km/h have been excluded. Road links in traffic limited zones (TLZ), mainly located in the historic center, are not accessible for ordinary passenger cars, but are allowed for taxis, buses, scooters, and bicycles. In order to allow cars with origin or destination on a TLZ link, the passenger type “car” has been converted into a “taxi” for specific vehicles. In this way ordinary cars without origin or destination in the TLZ cannot drive through the historic center, while it remains accessible for workers and residents with origin or destination in the TLZ, just as in reality.



The disaggregation of the car ODM has produced a total of 71,680 external trips. For each trip, an initial route is generated by connecting the first and last link of each trip with the shortest time route, where the estimated link travel times assume free flow conditions. The departure times of the vehicles have been uniformly distributed within the interval 7:00 to 8:00 a.m.



Furthermore, mapmatched and scaled bicycle GPS trips (see Section 2.4) which goes through the near suburb have been kept, even if partially out of the core area. A total of 616 bike trips have been identified, where either the first or the last link lays within an external zone. Note that vehicles performing external trips do not carry people of the synthetic population. They are merely used to generate a background traffic in the core simulation area which adds up with the traffic from the synthetic population.




2.6. Construction of the Activity Based Synthetic Population


A synthetic population has been built for people living in the core simulation area, based on the previously described demand elements. A basic assumption is that the external demand is independent from the travel behavior of the synthetic population, except for the route choice.



Essentially the synthetic population consists of a database of people, each person with its own attributes (e.g., home/work location, activity pattern, vehicle ownerships, preferred mode, and socioeconomic attributes) and a set of feasible mobility plans. A plan describes a door-to-door trip between successive activities and consists of a series of stages, where each stage represents a movement with a single mode of transport [61]. The estimated or effective execution time of plans allows people to choose their optimal mobility solution for their specific activities, including travel modes and routes.



This section describes the generation of the synthetic population with a primary plan, which is the plan that uses their preferred mode. The preferred mode of each person depends on the data source. The generation of alternative plans for each person together with a plan choice model are treated in Section 3. Due to the available data, the presented construction focuses on the activity pair home-work during the morning peak hour.



The share of the population who uses the modes car, scooter, bus and walking is generated by disaggregating the respective ODMs in the following way: the number of people living in a certain zone corresponds to the sum of trips leaving the zone with all the aforementioned transport modes. The home activity location of individual persons has been associated with buildings, such that the probability to depart from a building in the zone of origin is proportional to its surface. The same reasoning has been applied to identify the building associated with work location inside the destination zone. The building surfaces have been determined from the imported shapes. The generation of pedestrians has received a special treatment: their generation between a particular OD pair took only place if the distance between the center of the respective pair of TAZ was less than 1.5 km. This somehow arbitrary threshold is insensitive as it simply avoids unrealistically long walks. The departure times of all persons created with ODMs have been uniformly distributed within the interval 7:00 to 8:00 a.m. The preferred mode of each person is set by the mode of the ODM that has been used to generate the person. Each person received the vehicle required to travel with his/her preferred mode, e.g., all car drivers received a car, and all scooter drivers received a scooter.



The cyclist population has been generated from the processed GPS traces (see Section 2.4) where the first and last links are within the core simulation area. For each of these trips the home activity building and the work activity building have been picked randomly within a radius of 50 m around the first and last trip links, respectively. Obviously, all cyclists do own a bicycle.



At this point, the entire population has been created for the core simulation area, which performs trips during rush hour. The synthetic population statistics with absolute numbers and shares of the preferred mode are shown in Table 2. Note that despite the different data sources, the mode share of the population is similar to the official statistics obtained from the Sustainable Mobility Plan (PUMS) of Bologna [62].



Successively, a primary plan for the home-work activity pair has been created for each person, based on the previously acquired person attributes and the preferred mode. A plan with the mode “car” consists of the following stages: home activity-walk to car parking-drive to car parking-walk to work location-work activity. A general network location is defined in terms of link and position on link. The two parking lots have been chosen to minimize the distance to the home and work location, respectively. A plan with the modes “scooter” or “bicycle” does not require a parking, hence the stages have the shape: home activity-drive to work location-work activity. The initial vehicle routing between two network links equals the shortest time route. There is one exception: the routes of bicycles are already determined by the mapmatched GPS traces.



Similarly, the plan for walking includes a simple walk stage between activity locations. The plan for “bus” mode includes a walk to and from the bus stop, a bus ride, and intermediate walks, depending on the number of transfers. In general, SUMOPy allows creating plans for any mobility strategy, which can also include several modes, such as “bike + bus”.



As the initial shortest time routing is not realistic in a congested city, the deterministic dynamic user equilibrium (DUE) has been determined for all modes except bikes and buses, which have their fixed routes. The determination of the DUE involves the simulation of the entire scenario, including all persons and vehicles from the synthetic population, all trips from the external demand as well as the urban bus lines. It has been found that the latter have a significant influence on the traffic flows of other modes. The DUE has been calculated using SUMO’s “duaiterate” assignment tool [63] with default parameters and choosing the c-logit stochastic traffic assignment as assignment method during each iteration. After 20 simulation iterations, link travel times have converged and traffic congestion, which occurred with the initial shortest time routing, have been significantly reduced. After the DUE assignment, link travel times and plan execution times have become more realistic. Finally, the entire synthetic population has been created, including plans for the preferred mode with realistic plan execution times.





3. Calibration of a Simple Plan Choice Model


The proposed plan choice model attempts to predict the used transport mode of individuals, such that the modal split of the simulation corresponds to the observed modal split. The developed calibration method is specifically suited for microsimulations, as it avoids simulation runs in every iteration step. For this purpose, for each person of the population, all feasible plans (or likewise all feasible modes) are generated. In the present context, a mode is feasible if the person possesses the required vehicle—walking and bus is feasible for all. For this reason, it is of fundamental importance that vehicle ownerships correctly reflect statistical data reported in [64], as stated by Grimm et al. [65]: in Bologna 53% are car owners, 20% are scooter owners, and 40% are bicycle owners. In order to fit this statistic, the appropriate vehicles have been randomly assigned to people, in addition to the vehicle corresponding to their preferred mode.



The model consists of utility functions, where each function is associated to a mobility plan. The utility function is composed of a travel time proportional component, the value of time (  V o T  ), and a mode specific parameter. Indeed, the travel time is the most important factor when choosing an urban transport mode. The model calibration phase uses an evolutionary minimization algorithm and requires the generation of all feasible plans for each person and the computation of the respective plan execution times.



The application of the model calibration succeeds in two steps: in a first step, the travel times for all feasible mobility strategies for all persons are determined. An iterative algorithm has been developed that selects one of the feasible plans of each person during each iteration and runs the simulation with the selected plans, as depicted in the flow chart of Figure 2a; the iterations of plan (re)-selection and simulating are continued until all plans of all people have been simulated at least once.



Concerning the plan (re)-selection, a fundamental constraint is that the initial modal split of the simulation is preserved, meaning that the number of plans for each mode does not change with the iterations. This is necessary since the different plan execution times must be determined under the same traffic conditions, otherwise, some plan alternatives would have advantages/penalties due to different traffic situations in successive simulations. For this reason, at each iteration, the algorithm swaps the selection of feasible mobility plans between all those people having the same pairs of strategies, giving priority to those plans not yet simulated—thus, allowing the modal split to remain unchanged in each iteration.



In a second step, the model is actually calibrated, e.g., model parameters are determined as to maximize an objective function, see Figure 2b. Typical utility based mode choice models consider, in addition to travel time, numerous other attributes such as trip related costs (e.g., fuel, and ticket), fixed costs and also non-quantifiable attributes (e.g., convenience, privacy, etc.) [5]. However, in contrast with conventional mode choice models based on surveys, it is the mode share produced by the model that is calibrated to match the observed mode share. This means that there are only five values (corresponding to the five strategies) available to compare with, which is limiting also the number of coefficients that can be calibrated. For this reason, the utility function of plan s represents the monetary value of a plan choice and has the form:


   U  s , i   =  α s  − β  T  s , i    



(1)




where    U  s , i     is the utility function of strategy  s  for person  i ,    T  s , i     is the plan execution time of strategy  s  of person  i  and β represents a universal value of time (  V o T  ), valid for all people and strategies. The coefficient    α s    is a mode specific parameter that accounts for all unobserved attributes. In the present model    α s    is expressed in monetary terms and can be understood as a price to be paid (if negative) or a reward given (if positive) when choosing the respective strategy  s  and assuming the travel time is the only decision criteria otherwise. The car is the reference strategy (s = 1), where    α 1    is set to zero. Once all utilities of all plans are known, each person  i  chooses the plan of strategy  s  if    U  s , i     is the maximum utility of all feasible strategies for this person. Let    M s    be the mode share of people choosing strategy  s  and let    O s    be the observed mode share of strategy  s  from official statistics (see third column of Table 2), then the calibration algorithm needs to adjust all the parameters,    α 2  …  α 5    such that the geometric differences between the model mode shares and the observed mode shares are minimized.


  z =   ∑   s = 1  5       M s  −  O s     



(2)







This is not a simple minimization problem as the resulting objective function is not smooth and gradient decent algorithms could fail. Instead, a stochastic minimization algorithm (CMAES) has been applied. In brief, the iterative algorithm works as follows, for details see [66]: in each iteration a set of j = 1, …, N parameter vectors are drawn from a finite parameter space by the CMAES algorithm. For each parameter vector    p j  =    α 2  …  α 5      the objective function    z j    is determined by evaluating the utilities    U  s , i     for each person i and plan s, the plan choice for each person, and the mode choice    M s   ; the CMAES algorithm selects a set of new parameter vectors for the successive iteration, dependent on which parameter vectors    p j    have produced the lowest objective function    z j   . The algorithm stops if the lowest of all objective functions    z j    during an iteration can no longer be decreased significantly with respect to the previous iteration, see Figure 2b.




4. Results and Discussions


4.1. Mode Share Model Calibration Results


Once the execution times of all feasible plans of all people have been determined, the actual calibration process can start, as described in the previous section. For the present study, the value of time is assumed to be  β  = 0.07 €/min [5] and the parameter space for all four parameters has been limited to the interval (−5, 5). Figure 3 shows that a good convergence has been achieved after 4000 iterations, highlighting that the objective function tends to zero, which means the observed modal split has been reproduced by the simulation. As the plan execution times    T  s , i     have been predetermined, no microsimulation run is required during the calibration phase, which means that results can be obtained in a reasonable time (approximately 120 min on a i7 processor computer).



There is an observation regarding data consistency: after the calibration, there are people for whom the plan utility corresponding to the preferred mode is no longer the highest, which means that a plan different from the originally assigned mode is selected for the final simulation. Of course, in order to preserve the predefined modal split, other persons may choose these preferred modes, just because the respective plan shows the highest utility of their feasible plans. This means that the mode choice of individuals becomes more adapted to the person’s particular environment. For example, if the person’s home and work activities were located near a bus line and a “car” has been assigned as preferred mode, then the bus strategy may receive the highest utility and the person would change mode from “car” to “bus”; for another person, the contrary may happen when the “bus” is the preferred mode, and the home or work activity are far away from any bus stop. Therefore, we can state that the calibration process does increase the consistency of the mode choice behavior of the synthetic population, even if the modal split was already similar to the reality.



Looking at the numerical values of the alphas, it appears that bicycle riders are penalized, and bus users are incentivized, meaning that if only the door-to-door trip time was important, more people would choose the bike and less people would use the bus.



It is interesting to note how, by replacing the car as reference strategy by another strategy, the proportionality between the parameters related to the different modes of transport remains completely unchanged, thus highlighting that the crucial aspect for the calibrated mode choice model does not concern the absolute value of each parameter, but primarily the relative difference between the various pairs of constants.



It is further worth mentioning that by changing the value of time  β , the calibrated α parameters will change too, but the changes are always proportional to the change of  β . This means a variation of  β  does only scale the utility function, which does not affect the strategy choices made upon it.




4.2. Microsimulation Results and Model Validation


After each person has chosen the plan with the highest utility (with utility from Equation (1) and the calibrated parameters from Table 3), a final microsimulation run has been launched for the morning rush hour between 7:00 and 8:00 a.m. and travel times and link flows have been recorded on the entire network. For evaluation purposes, only the traffic data of the second half hour has been recorded, in order to avoid unrealistic flows due to transition effects while the network fills with vehicles and people. The link-flows in the core simulation area are visualized on Figure 4.



The maximum flows of 2500 vehicles/h per lane on Figure 4 can be observed on the outer ring road, the “Tangenziale”, where also real traffic flows are indeed close to capacity limits in the morning rush hour. Flows on the inner ring of 1000 to 1500 vehicles/h are also realistic. In order to validate the simulation, the simulated flows shown in Figure 4 are compared to the flows measured by induction loop based detectors, scattered around the city, as shown in Figure 5. The 459 detectors counted average hourly flows on a work day in February 2014 during 7:00 to 8:00 a.m.



Note that the flows measured by the detectors include cars, buses, and trucks, while two-wheeled vehicles (bicycles and motorcycles) are not detected. On the other hand, the link-flows determined during the simulation consider all vehicle categories, consistent with the generated demand, including cars, scooters, bicycles, and public transport buses. Another systematic error source is the fact that the counts have been recorded in year 2014 while the demand has been calibrated for year 2018. Other difficulties are related to the association of detectors with road links and the malfunctioning of some of the detectors: these detectors have been eliminated from the evaluation.



The plot of link-flows from the microsimulation run over the link-flows from the detectors is shown in Figure 6, where the simulated flows are doubled so that both, simulated and detected flows, are expressed in vehicles per hour. Ideally the flows should be validated not only at different points on the network, but also at different time instances [67]. However, the observed flows at disposal were only available as an hourly average, which did not permit a more refined analysis during the simulated rush hour. Three indicators, typically used in transport science, have been considered to validate the simulated link flows:



A first indicator verifies whether there is in average a good correspondence between simulated and observed flows. For this purpose, a linear regression line is calibrated, as shown in Figure 6. The regression line has a slope of m = 0.98 and an intercept of 123 vehicles per hour. Both parameters are significant as p-values are 1.47 × 10−91 for the slope and 8.53 × 10−7 for the intercept. According to literature [5], this slope m is acceptable because it is within the range of 0.9 < m < 1.1.



The second indicator is the determination coefficient R2 which verifies the correlation between simulated and observed flows. The resulting coefficient of R2 = 0.6107 is below the suggested acceptance level [5] of R2 > 0.8. The relatively low R2 can be partially explained with the above mentioned error sources due to the available data.



A third measure is the GEH statistic, which is a modified chi squared statistic that incorporates both, relative and absolute differences, in comparison of simulated and observed flows. It is a well-established indicator that has been used to validate other microsimulation scenarios [68]. In brief, the GEH of link i is determined by


  G E  H i  =          f i  −  f i *     2    0.5    f i  −  f i *        .  



(3)







Links with GEH values below 5 represent a good fit, links with values in the range 5 < GEH < 10 are considered questionable and links with GEH > 10 are not a good fit. The evaluation of the present study reveals that 31% of all observed links are in the range GEH < 5; 28% are in the range 5 < GEH < 10 and 41% are in the range GEH > 10. The relatively high percentage of links which do not show a good fit does again reflect the low correlation coefficient.



For further evaluations, the above indicators have been calculated for different road types. As criteria to differentiate road types, the road width and number of lanes have been used. The indicators shown in Table 4 clearly suggest that the flows on larger roads are modelled with a higher precision with respect to smaller roads. Roads larger than seven meters achieved the maximum R2 of 0.7. The share of well-fitting links with GEH<5 does also increase with road size, except for roads with more than three lanes. Apparently, larger roads are often fast and straight connections, without efficient alternatives; whereas smaller roads are likely to have many alternatives in an urban network. For this reason, the traffic assignment has a higher chance of picking the correct large road than choosing the correct small road. Other classification with more subjective criteria (for example road priority) did not show coherent evaluation results.





5. Conclusions


A large-scale, agent-based microsimulation scenario including the transport modes car, bus, bicycle, scooter, and pedestrian, has been built and validated for the city of Bologna during the morning peak hour. The activity-based model allows simulating and evaluating door-to-door trip times with different mobility strategies.



Transport network, bus services and the transport demand have been extracted from different “big data” sources. Many data processing steps were necessary to homogenize the data and to make it coherent. Microsimulations are sensitive to small modeling errors, particularly with congested networks; for this reason, much attention has been paid to modeling details such as external traffic, parking spaces, traffic light programs, access of roads for different vehicle types, and in particular vehicle access to traffic limited zones in the city center.



A simple mode choice model has been calibrated which successfully reproduces the modal split from official statistics and increases the consistency between modal choice and the transport environment of the individual. The scenario has been validated by comparing simulated traffic flows with observed flows from road-side detectors. The quality of the simulated flows is satisfactory even though different systematic error sources have impeded a higher correlation coefficient: a main source of error is that the different data sources (e.g., network, ODMs, GPS traces, and traffic counts) stem from different years and the updating to the year 2018 contains many assumptions. Further improvements are expected when more recent data become available. In addition, more sophisticated data fusion methods [48,49,50,51] have also the potential to reconstruct the synthetic population more precisely. It would be further interesting to make comparative studies with other available microsimulators as there are differences in link capacities [69].



Finally, the built microsimulation scenario represents a test-platform for transport technology developers as the used microsimulator SUMO has already been employed to evaluate a wide range of transport technologies, such as battery electric vehicles, ride-sharing schemes, V2X communication, platooning of automated vehicles, or intelligent traffic light systems. Thanks to a high-level programming interface called TraCi, it is possible to interact with a running simulation using custom-made code. However, even transport planners can make use of the scenario to test how different technologies and new means of transportation interact with transport demand, while taking advantage of the growing availability of big data. The concept of mobility strategies allows adding any kind of new technology or service. SUMO with SUMOPy enable an easily access to microsimulations, edit scenarios and track all simulation events, step by step, through a user-friendly interface, and a rich spectrum of analysis tools.



Even though the present scenario-building is a special case and leaves ample room for improvements, it starts narrowing the gap between different research areas and allows planners, data scientists and technology developers to work together more effectively on the same transport scenario with the common goal to realistically evaluate and improve future sustainable transport systems.
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Figure 1. Maps of simulated area and traffic assignment zones (TAZs) in green: (a) Core simulation area which is the city of Bologna with some bordering towns ~50 km2; (b) Entire simulation area including the extra-urban areas of the Bologna ~3700 km2 metropolitan area. 
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Figure 2. Application of the plan choice calibration model: (a) Scheme of algorithm that calculates the plan execution time of all plans while maintaining the official modal split. (b) Iteration of CMASE minimization algorithm; determination of objective function zj and choice of final parameter vector pk. 
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Figure 3. Convergence of calibration process: (a) Convergence of objective function z over iterations. (b) Calibrated mode share    M s      over iterations, converging to the official mode share, as shown in Table 3. 
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Figure 4. Measured simulated flows in the core simulation area as number of vehicles entered into a link in 30 min. 
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Figure 5. Location of flow detectors (cyan circles). 
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Figure 6. Simulated flows over measured (observed) flows in vehicles per hour. 
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Table 2. Statistics of the synthetic population with share of preferred modes (   M s   ) and observed mode share    O s    provided by the Sustainable Mobility Plan (PUMS) of Bologna [62]. The last two columns refer to the added number of plans and the total number of plans generated per mode for the mode choice model, see Section 3.
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	Transport Strategy
	N° of People per Strategy Assigned with Preferred Mode
	Share of People Assigned with Preferred Mode     M s    
	Observed Mode Share     O s    
	Additional Feasible Plans
	Total Feasible Plans





	Car
	17,337
	30.50%
	30.70%
	13,923
	31,260



	Bicycle
	2424
	4.26%
	7.20%
	20,310
	22,734



	Bus
	17,557
	30.89%
	27.70%
	39,280
	56,837



	Scooter
	6199
	10.91%
	11.40%
	5168
	11,367



	Walking
	13,320
	23.44%
	23.00%
	12,467
	25,787



	Total
	56,837
	100.00%
	100.00%
	91,148
	147,985
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Table 3. Calibrated parameters of utility function (Equation (1)) of mode share model by minimizing objective function  z 
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	     α 1    Car   ( ref . )    
	     α 2     Bike     in     €      
	     α 3     Busin    €    
	     α 4     Walking     
	     α 5     in    €    Scooter     
	     β     in    € /  min     





	0.0000
	−0.5604
	0.3727
	−0.0556
	−0.0161
	0.0700










[image: Table] 





Table 4. Flow comparison data and indicators for different road widths and number of lanes.
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	Road Link Type
	# Links
	Slope m
	Intercept

(veh/h)
	R2
	GEH < 5
	5 < GEH < 10
	10 < GEH





	0 m < width < 5 m
	128
	0.87
	157.22
	0.34
	29%
	30%
	41%



	5 m < width < 7 m
	203
	0.83
	150.94
	0.51
	33%
	27%
	40%



	width > 7 m
	116
	1.06
	146.27
	0.7
	32%
	26%
	42%



	1 lane
	8
	0.53
	97.36
	0.33
	25%
	25%
	50%



	2 lanes
	191
	0.87
	125.32
	0.46
	32%
	31%
	37%



	3 lanes
	154
	0.77
	228.4
	0.43
	34%
	23%
	43%



	>3 lanes
	86
	1.02
	203.97
	0.62
	26%
	27%
	48%



	All links
	439
	0.98
	122.61
	0.61
	31%
	28%
	41%
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