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A B S T R A C T

This paper explores the potential of aggregated traffic models based on the Macroscopic
Fundamental Diagram for building a network-wide monitoring system of travel emissions. Such
a system consists of two layers. In a bottom layer, an aggregated traffic model predicts the
network dynamics. In a top layer, an emission model estimates the total exhaust emissions.
This paper discusses how to properly calibrate the aggregated traffic models of the bottom
layer, to then estimate the total network emissions. We focus on the calibration of travel
distances and the network partition definition. We propose a methodology that utilizes the
concept of the detour ratio as a proxy to model real travel distances within the aggregated
traffic models. This methodology increases the effectiveness of aggregated traffic models for
predicting network-wide emissions in realistic scenarios. We also show that the definition of
the network partitioning can significantly influence the total network emissions estimation.

. Introduction

Road transportation is one of the major sources of pollution in urban networks. A study conducted by TomTom (2019) on 416
uropean cities showed that the congestion index has increased during the last decade. Another study by INRIX (2016) analyzed
everal congestion indexes of 129 cities in 19 European countries. They estimated the economic cost of congestion to be 183 million
terling pounds between 2016 and 2025, across 123 cities in 19 countries. Additionally, urban congestion and vehicle emissions
ave been recognized as the major source of toxic pollutants (Masson-Delmotte et al., 2019). Important emissions are carbon dioxide
O2 and nitrogen oxides NO𝑥, which are at the origin of climate change phenomena and public health issues. Real-time monitoring
ystems can play an important role in mitigating the network-wide emissions of these pollutants. However, this requires the design
f such reliable monitoring systems in the first place. To this end, aggregated traffic models based on the Macroscopic Fundamental
iagram (MFD) (Daganzo, 2007; Geroliminis and Daganzo, 2008; Vickrey, 2020) represent a promising tool. They can mimic the
etwork-wide traffic dynamics while being computationally efficient. The application of these traffic models requires the partitioning
f the city network into regions (Lopez et al., 2017), where traffic conditions are assumed to be approximately homogeneous,
.e. vehicles travel at the same average speed inside each region. The MFD describes the traffic states in each region at a given time
nterval, relating the number of circulating vehicles (or accumulation) in a region and the average circulating flow. Fig. 1 depicts
n example of the urban network partitioning to define the regional network where exchange flows between neighboring regions
eflect the aggregated traffic dynamics.
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Fig. 1. (a) Urban network. (b) Partitioning of the urban network. (c) Regional network.

The MFD-based traffic models have been successfully used in the literature for a wide range of applications, including optimal
ontrol (Sirmatel and Geroliminis, 2019; He et al., 2019; Ren et al., 2020; Kim et al., 2021), route guidance (Yildirimoglu and
eroliminis, 2014; Dandl et al., 2020), pricing schemes (Yang et al., 2019; Loder et al., 2022), incident characterization (Kim and
eo, 2017; Amini et al., 2020), multimodal transport system design (Dandl et al., 2021; Tilg et al., 2020), and urban parking (Cao
nd Menendez, 2015). However, the use of these aggregated traffic models for the estimation of network-wide emissions remains
n underdeveloped field of research. Shabihkhani and Gonzales (2014) proposed a model that utilizes the MFD relationship to
nalytically estimate the network-wide emissions from traffic. The model was tested on an idealized ring network, and the estimated
missions were compared to the ones determined by the MOVES emission model (EPA, 2010). Csikós et al. (2015) discussed an
ptimal control design applied to a traffic network aiming at minimizing network-wide emissions. They utilized the MFD dynamics
o mimic traffic conditions in the network. Amirgholy et al. (2017) proposed a model to design a sustainable transit system able to
ompete with private cars by minimizing the social, economic, and environmental costs of the system. The traffic dynamics were
odeled using the MFD. Ingole et al. (2020) proposed an optimal control framework that aims to minimize the total network-
ide emissions of urban traffic. They developed a strategy based on a nonlinear model predictive control, and the traffic states

n the network were modeled using MFD dynamics. Saedi et al. (2020) proposed a framework to estimate the network-wide
missions combining the MFD to model the traffic dynamics with the microscopic emission model proposed by Panis et al. (2006).
ecently, Barmpounakis et al. (2021) established a relationship between the region’s speed, accumulation of vehicles, and the total
missions of carbon dioxide CO2. The authors coined this relationship as the ‘‘emissions-MFD’’. These studies show the potential
f the applicability of MFD-based tools for environmental concerns. However, none have analyzed in detail the accuracy of the
stimated emissions of pollutants from the MFD-based traffic dynamics. In this paper, we will close that gap.

The main advantage of the MFD-based traffic models is the low computational cost, which enables the development of real-
ime network-wide monitoring systems of traffic emissions. Such monitoring systems would have two layers: (i) the bottom layer
onsisting of an MFD-based model that mimics the network dynamics; and (ii) the top layer consisting of an emission model to
stimate the network-wide travel emissions based on the MFD dynamics. Before delving into the development of such monitoring
ystems, it is essential to qualitatively and quantitatively investigate: (a) the accuracy of the aggregated MFD dynamics for estimating
he emissions of pollutants; and (b) the proper choice of the emission model considering the aggregated network dynamics. In other
ords, this requires first to investigate and understand how to properly calibrate an MFD traffic model for reproducing the network
ynamics in real-time and consequently discuss the trade-offs on the choice of the emission model. This paper focuses on the first
f these two challenges, i.e. how to properly calibrate aggregated MFD traffic models for network-wide estimation of emissions.

The real-time application of the MFD-based models to mimic the network dynamics can be quite complex. To the best of our
nowledge, Mariotte et al. (2020) made the first attempt to validate the application of multi-regional MFD-based traffic models
sing real data. They identified two key elements that play a major role in the modeled network dynamics: (i) the definition of the
rban network partitioning; and (ii) the calibration of the travel distances in the regions. The calibration of the travel distances has
roven to be a cumbersome task.

To better understand the calibration of travel distances, Fig. 2 shows examples of four trips in the urban network. Focusing on
he region highlighted in gray, one can observe that each trip has a different travel distance within this region. This means that at
he aggregated level, a journey within this region is characterized by an explicit distribution of travel distances. As depicted in this
igure, the calibration of these distributions requires information about a set of trips in the urban network which can be gathered
rom Global Positioning System (GPS) trajectories of vehicles. Batista et al. (2019) proposed a methodology to determine the explicit
istributions of travel distances using a set of trips. Most of the MFD-based applications have considered a single constant average
ravel distance for all vehicles traveling in the same region. However, this is not representative of all possible travel distances within
he region (Batista et al., 2019). Despite this simplistic assumption, in a real implementation of MFD models, one might only have
ccess to a single average travel distance per region. Even when more data is available, there is still uncertainty on Seppecher et al.
2021): (i) the exact real origin and destination of vehicles in the network; (ii) the specific sequence of traveled regions by the
ndividual vehicles; and (iii) the map-matching of the vehicles’ trajectories to neighboring links. Moreover, average travel distances
2
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Fig. 2. (a) Example of trips in the urban network. (b) Distribution of travel distances inside the gray region.

lso vary in time due to changes in the network dynamics (Yildirimoglu and Geroliminis, 2014; Batista et al., 2021c). In this paper,
e discuss an alternative methodology that utilizes the concept of the detour ratio (Yang et al., 2018b) to determine time-varying

ingle average travel distances per region.
Using a simulation-based approach, we propose to qualitatively and quantitatively evaluate how the network partitioning and

alibration of travel distances influence the estimation of network-wide emissions of pollutants from traffic dynamics predicted
sing MFD-based models. We do so by comparing it to a benchmark scenario, that consists of a microscopic traffic simulation
sing SUMO (Lopez et al., 2018). The whole analysis is performed on the city of Innsbruck, Austria. We utilize the COPERT IV
odel (Ntziachristos et al., 2009) to determine the network-wide emissions of CO2 and NO𝑥. We also showcase the applicability of

he proposed methodology to determine time-varying average travel distances for applications of MFD-based models for real-time
onitoring of network-wide emissions.

The contributions of this paper are three-fold. First, we propose a methodology to properly calibrate the travel distances using
he concept of the detour ratio and a quasi-dynamic approximation. This is important, as we also show that the incorrect calibration
f the travel distances can lead to significant discrepancies between the total network exhaust emissions determined based on the
FD dynamics and the benchmark scenario. Second, we show that the definition of network partitioning (i.e. the number of regions,

heir size, and shape) might influence the total net exhaust emissions. Third, we show that the accumulation-based MFD outperforms
he trip-based MFD formulations in terms of accuracy for the estimation of the total network emissions compared to the benchmark
cenario. These insights are very important as aggregate traffic models are used more and more often to evaluate traffic emissions
nd to design strategies to mitigate such emissions.

The remainder of this paper is organized as follows. Section 2 describes the two layers of a network-wide emissions monitoring
ystem that utilizes MFD-based models. We first review the theoretical formulation of the aggregated traffic models based on the
FD and then propose a formulation based on the detour ratio to do a real-time calibration of the average travel distances. Secondly,
e review the existing emission models in the literature and describe the dynamics of the COPERT IV model. Section 3 presents the

est scenario and describes the settings of the reference scenario. Section 4 presents and discusses the results of the influence of the
alibration of the travel distances on the estimation of the network-wide emissions. Section 5 discusses the influence of the network
artitioning on the estimation of the network-wide emissions. Section 6 summarizes the conclusions of this paper and discuss future
esearch directions.

. Real-time monitoring system of network-wide emissions

This section introduces the two components of the network-wide emissions monitoring system. Recall that this monitoring
ystem has two layers. The bottom layer consists of an MFD model that mimics the network dynamics. Section 2.1 introduces the
athematical formulation of MFD-based traffic models and the methodology for estimating time-varying average travel distances.
he top layer of the monitoring system consists of an emission model that estimates the emission of pollutants based on the modeled
etwork-wide MFD dynamics. Section 2.2 briefly reviews existing emission models in the literature. This section also provides a
etailed description of the COPERT IV model utilized in this paper.

.1. Bottom layer: Aggregated traffic modeling based on the MFD

The MFD is a generalization of the Fundamental Diagram to a group of neighboring links with similar traffic conditions. It reflects
he relationship between the travel production 𝑃𝑟 or the spatial mean speed 𝑣𝑟 and the accumulation 𝑛𝑟 of vehicles circulating during
given time interval on a generic region 𝑟. Fig. 3 shows an example of the production MFD (𝑃𝑟(𝑛𝑟)) and the speed MFD (𝑣𝑟(𝑛𝑟))

functions. In this paper, we assume a bi-parabolic shape for the production MFD, with an inflection point at the critical production
𝑃𝑐 and critical accumulation 𝑛𝑐 . The critical speed 𝑣𝑐 is obtained from the ratio between 𝑃𝑐 and 𝑛𝑐 . Note that it is possible to convert
a speed MFD into a production MFD and vice-versa, as the travel production 𝑃𝑟(𝑛𝑟) is related to the spatial mean speed 𝑣𝑟(𝑛𝑟) as
ollows:

𝑣𝑟(𝑛𝑟) =
𝑃𝑟(𝑛𝑟) ,∀𝑟 ∈ 𝑋 (1)
3
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Fig. 3. (a) Production MFD. (b) Speed MFD.

where 𝑋 is the set of regions defining the regional network.
The accumulation 𝑛𝑟 is the sum of all paths’ accumulations 𝑛𝑟𝑝 traveling in region 𝑟:

𝑛𝑟 =
∑

𝑟∈𝑋
𝑛𝑟𝑝 ⋅ 𝛿𝑟𝑝 (2)

where 𝛿𝑟𝑝 is a binary variable that equals 1 if path 𝑝 travels on region 𝑟, and 0 otherwise. The maximum possible accumulation, 𝑛𝑗 ,
is called the jam accumulation (see Fig. 3).

A path on a regional network represents an ordered sequence of traveled regions from the origin to the destination (Batista et al.,
2021b). The path is internal if the travel only occurs inside a single region or regional if multiple regions are crossed. Exchange
flows between adjacent regions of vehicles traveling on these paths reflect the traffic dynamics in this kind of aggregated model.
The evolution of the vehicles’ accumulation traveling on path 𝑝 and region 𝑟, 𝑛𝑟𝑝(𝑡), depends on the balance between the cumulative
vehicles’ inflow 𝑄𝑖𝑛,𝑟𝑝(𝑡) and outflow 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡):

𝑑𝑛𝑟𝑝
𝑑𝑡

= 𝑄𝑖𝑛,𝑟𝑝(𝑡) −𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡),∀𝑡 > 0 (3)

Depending on the assumptions made on the outflow function 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡), one can distinguish between accumulation-based and
trip-based MFD models. Our implementation of these models follows Mariotte et al. (2017) and Mariotte and Leclercq (2019). This
refers to the mathematical formulations on how to calculate the inflow 𝑄𝑖𝑛,𝑟𝑝(𝑡) and outflow 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡) functions for both the trip-
nd accumulation-based MFD models. The next two subsections introduce these mathematical formulations for general regional
etworks.

.1.1. Accumulation-based MFD model
This section introduces the inflow 𝑄𝑖𝑛,𝑟𝑝(𝑡) and outflow 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡) functions for the accumulation-based model (Mariotte and

eclercq, 2019). Let 𝑟− be the previous traveled region of path 𝑝 and adjacent to 𝑟, and 𝑟+ be the next region to be traveled.
In order to define the inflow and outflow functions, we need to distinguish between internal and regional paths. We start by

he definition of the outflow function 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡). For an internal path, the outflow function 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡) equals the trip completion rate
𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)). In the case of a generic region 𝑟 of a regional path 𝑝, the competition between the exit demand function 𝑂𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡))
nd the entry supply function 𝐼𝑝(𝑛𝑟+𝑝(𝑡), 𝑛𝑟+ (𝑡)) of the next region to be traveled defines the outflow 𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡). The outflow function
𝑜𝑢𝑡,𝑟𝑝(𝑡) then becomes:

𝑄𝑜𝑢𝑡,𝑟𝑝(𝑡) =

{

min(𝑂𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)), 𝐼𝑝(𝑛𝑟+𝑝(𝑡), 𝑛𝑟+ (𝑡))) if |𝑝| > 1
𝐺𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)) if |𝑝| = 1,

∀𝑟 ∈ 𝑋 (4)

The trip completion rate of an internal path is 𝐺𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)) =
𝑛𝑟𝑝
𝑛𝑟

⋅ 𝑃𝑟(𝑛𝑟)
𝐿𝑟𝑝

(Mariotte and Leclercq, 2019), where 𝐿𝑟𝑝 is the average
travel distance of path 𝑝 in region 𝑟.

The exit demand function 𝑂𝑝(𝑛𝑟𝑝, 𝑛𝑟) of a regional path is:

𝑂𝑝(𝑛𝑟𝑝, 𝑛𝑟) = 𝛿𝑟𝑝 ⋅

⎧

⎪

⎨

⎪

⎩

𝑛𝑟𝑝
𝑛𝑟

⋅ 𝑃𝑟(𝑛𝑟)
𝐿𝑟𝑝

if 𝑛𝑟 < 𝑛𝑐 ,
𝑛𝑟𝑝
𝑛𝑟

⋅ 𝑃𝑐
𝐿𝑟𝑝

otherwise.
(5)

here 𝛿𝑟𝑝 is a binary variable that equals 1 if path 𝑝 travels in region 𝑟, and 0 otherwise.
The entry supply function 𝐼𝑝(𝑛𝑟+𝑝(𝑡), 𝑛𝑟+ (𝑡)) of a regional path is:

𝐼𝑝(𝑛𝑟+𝑝(𝑡), 𝑛𝑟+ (𝑡)) = 𝛼 ⋅ 𝛿𝑟𝑝 ⋅

⎧

⎪

⎨

⎪

𝑛𝑟+𝑝
𝑛𝑟+

𝑃𝑐
𝐿𝑟𝑝

if 𝑛𝑟+ < 𝑛𝑐 ,
𝑛𝑟+𝑝
𝑛

𝑃𝑟+ (𝑛𝑟+ )
otherwise,

(6)
4

⎩

𝑟+ 𝐿𝑟𝑝
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where 𝛼 is a scaling factor (Mariotte and Leclercq, 2019) to be set larger than 1. This scaling factor ensures that the supply function
is not too restrictive.

We now describe the inflow function 𝑄𝑖𝑛,𝑟𝑝(𝑡). For an internal path, the inflow function 𝑄𝑖𝑛,𝑟𝑝(𝑡) equals the path demand 𝛬𝑝(𝑡). In
he case of a generic region 𝑟 of a regional path 𝑝, the inflow function 𝑄𝑖𝑛,𝑟𝑝(𝑡) is simply the competition between the exit demand
unction of the previous traveled region 𝑂𝑝(𝑛𝑟−𝑝(𝑡), 𝑛𝑟− (𝑡)) and the inflow function of region 𝑟, 𝐼𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)). The inflow 𝑄𝑖𝑛,𝑟𝑝(𝑡) is
hen:

𝑄𝑖𝑛,𝑟𝑝(𝑡) =

{

min(𝑂𝑝(𝑛𝑟−𝑝(𝑡), 𝑛𝑟− (𝑡)), 𝐼𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡))) if |𝑝| > 1
𝛬𝑝(𝑡) if |𝑝| = 1,

∀𝑟 ∈ 𝑋 (7)

where 𝑂𝑝(𝑛𝑟−𝑝(𝑡), 𝑛𝑟− (𝑡)) and 𝐼𝑝(𝑛𝑟𝑝(𝑡), 𝑛𝑟(𝑡)) follow the same rational as in Eqs. (5) and (6), respectively.

2.1.2. Trip-based MFD model
Based on the trip-based formulation introduced by Arnott (2013), the MFD dynamics are centered on the individual distances

𝑙𝑟𝑝 of each vehicle traveling on path 𝑝 and region 𝑟:

𝑙𝑟𝑝 = ∫

𝑡𝑒𝑥𝑖𝑡

𝑡𝑒𝑛𝑡𝑟𝑦
𝑣𝑟(𝑛𝑟(𝑠))𝑑𝑠 (8)

where 𝑡𝑒𝑛𝑡𝑟𝑦 and 𝑡𝑒𝑥𝑖𝑡 represent the entry and exit times of a vehicle in a region 𝑟; and 𝑣𝑟(𝑛𝑟(𝑠)) is the speed MFD. Note that in the
trip-based model one can define as many paths as vehicles, therefore assigning one value of 𝑙𝑟𝑝 per vehicle. Alternatively, one can
also consider a similar average travel distance for all vehicles traveling on the same path 𝑝 and inside region 𝑟, i.e. 𝐿𝑟𝑝.

Based on Eq. (8), Mariotte et al. (2017) derived the outflow function 𝑄𝑜𝑢𝑡,𝑟(𝑡) for this model:

𝑄𝑜𝑢𝑡,𝑟(𝑡) = 𝑄𝑖𝑛,𝑟(𝑡 − 𝑇 (𝑡))
𝑣𝑟(𝑛𝑟(𝑡))

𝑣𝑟(𝑛𝑟(𝑡 − 𝑇 (𝑡)))
(9)

where 𝑇 (𝑡) is the travel time of the vehicle in region 𝑟.
Replacing Eq. (9) into Eq. (3) leads to a system of first-order differential equations with endogenous delay. Solving this system of

differential equations requires knowledge about the future state of the system, which is infeasible. Mariotte et al. (2017) and Mariotte
and Leclercq (2019) proposed an alternative solution based on an event-based scheme. They assumed a FIFO discipline of all vehicles
traveling on the same path 𝑝. The first vehicle traveling on path 𝑝 to enter region 𝑟 is also the first to complete its trip within this
region. The idea behind the event-based scheme is to keep track of the individual position of each vehicle within each region and
work with the entry and exit times of all regions. The entry and exit times regulate the order of events in the network, i.e. when a
vehicle enters or exits one region. Once a vehicle completes its trip in the region and is allowed to exit, the region’s accumulation
𝑛𝑟 decreases by one vehicle. On the contrary, when a vehicle enters a region 𝑟, the accumulation increases by one vehicle.

We start by introducing the entry time of vehicles within a region 𝑟. Let 𝑡𝑗−1𝑒𝑛𝑡𝑟𝑦,𝑟𝑝 be the entry time of a vehicle 𝑗 − 1 traveling
n path 𝑝 and entering region 𝑟. Here, we have to distinguish between Origin regions from regional paths, and Intermediate and
estination regions. We also note that we follow the same notation utilized in the previous section, where 𝑟− is the previous traveled

region to 𝑟. In the case of internal paths or Origin regions, the entry time is 𝑡𝑗𝑒𝑛𝑡𝑟𝑦,𝑟𝑝 = 𝑡𝑗−1𝑒𝑛𝑡𝑟𝑦,𝑟𝑝 +
1

𝛬𝑝(𝑡)
,∀𝑟 ∈ 𝑋. For Intermediate and

Destination regions of regional paths, the entry time is 𝑡𝑗𝑒𝑛𝑡𝑟𝑦,𝑟𝑝 = 𝑡𝑗𝑒𝑥𝑖𝑡,𝑟−𝑝 where 𝑡𝑗𝑒𝑥𝑖𝑡,𝑟−𝑝 is the exit time of the 𝑗th vehicle from the
previous adjacent region 𝑟−.

We now define the exit travel times of region 𝑟. We consider the decreasing exit demand function described by Mariotte
and Leclercq (2019) for determining the exit times of vehicles from region 𝑟. The exit time 𝑡𝑗𝑒𝑥𝑖𝑡,𝑟𝑝 of vehicle 𝑗 from region 𝑟 is

𝑡𝑗𝑒𝑥𝑖𝑡,𝑟𝑝 = 𝑡+ (𝐿𝑟𝑝−𝐿
∗
(𝑡))

𝑣𝑟(𝑛𝑟)
,∀𝑟 ∈ 𝑋, where 𝑡 is the simulation time instant; 𝐿

∗
(𝑡) is the distance already traveled in region 𝑟 at 𝑡. Note that,

n this paper, we consider that all demand is always allowed to enter the region or exit the region when the trips are completed,
.e. we do not consider any border restrictions on the supply or the demand as discussed in Mariotte and Leclercq (2019). This is
equired to be able to compare the MFD-dynamics with the one resulting from the benchmark scenario, as we explain later in the
aper.

.1.3. Calibration of the travel distances
Although travel distances change over time due to the dynamics of the network (Yildirimoglu and Geroliminis, 2014; Batista

t al., 2021a), most of the MFD studies assume they remain invariant. Such assumption affects the realism of the modeled network
ynamics, which in our case constitutes the bottom layer of the real-time monitoring system of network-wide emissions. To address
his, we propose a methodology to estimate time-varying travel distances per region (i.e. 𝐿𝑟(𝑡),∀𝑟 ∈ 𝑋).

In fact, we compare three approaches for determining average travel distances per region. The first approach consists of
determining static average travel distances (𝐿𝑟) per region based on a set of trips, which can either be synthetic or come from GPS
trajectories. We refer to this approach as ‘‘Static travel distances’’. This is the standard approach utilized in most of the MFD-based
applications, as discussed in the introduction. As explained in Batista et al. (2019) this assumption can lead to significant bias in
the modeled network traffic dynamics. However, in this paper, we still consider this approach to shed light on how the influence
of a bad calibration of the travel distances can lead to significant errors in the estimation of network-wide emissions.

The second approach consists of determining average travel distances per region based on a set of trips, using a quasi-dynamic
approach. We refer to this approach as ‘‘Quasi-dynamic travel distances’’. Similarly, one can utilize a set of GPS trajectories including
5
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their departure times, or forecast the drivers’ departure times and determine a synthetic set of shortest trips in distance (Qurashi
et al., 2020; Batista et al., 2021a). We split the total simulation time 𝑇 into 𝑀 periods, each of length 𝛿𝑡. We gather all trips starting
during each period 𝛿𝑡 and determine the average travel distances per region 𝐿𝑟. This enables us to adjust the average travel distance
according to the dynamics of the system especially during the congestion period when drivers tend to take detours to avoid pockets
of congestion.

The third approach utilizes the concept of the detour ratio (DR) (Yang et al., 2018b; Paipuri and Leclercq, 2020) to calibrate
the travel distances of the synthetic set of trips and the quasi-dynamic approximation to determine the average travel distances
per region. We refer to this approach as ‘‘Quasi-dynamic travel distances including a detour ratio’’. Fig. 4 summarizes the different
teps of the methodological framework of this third approach. It requires as an input: (i) a set of GPS trajectories; and (ii) a set of
rigin–destination (OD) pairs of travelers and their departure times. The first step consists of calibrating the DR using the set of
PS trajectories. This is represented by the red dashed line box in Fig. 4. The DR measures how much extra distance beyond the

hortest path is traveled on average for each OD pair:

𝐷𝑅 =
𝛼1
𝑑2𝑠𝑝

+
𝛼2
𝑑𝑠𝑝

+ 𝛼3 (10)

here 𝑑𝑠𝑝 is the travel distance of the shortest path connecting the OD pair; 𝛼1, 𝛼2 and 𝛼3 are regression coefficients to be fitted
ased on a synthetic set of shortest trips in distance in the city network.

Fig. 4. Methodological framework for estimating average travel distances per region utilizing the concept of the detour ratio. (For interpretation of the references
o color in this figure legend, the reader is referred to the web version of this article.)

For each OD pair of the GPS trajectory, we determine the shortest trip in distance. With this information, we then determine the
egression coefficients 𝛼1, 𝛼2 and 𝛼3 in Eq. (10). Ideally, the DR changes with the traffic conditions. However, the characterization
f time-dependent DR based on empirical data is still an open question in the research literature. In this paper, we follow Yang
t al. (2018b) and assume a unique DR, i.e. a unique calibration of the regression coefficients.

The second step consists of calibrating the travel distances of the synthetic set of trips using the DR. We determine the shortest
rips in distance for the forecast set of OD pairs. However, drivers do not necessarily choose the route that minimizes their travel
istances (Zhu and Levinson, 2015). Therefore, we utilize the calibrated DR as a proxy to determine the real travel distances of
rivers and update them on the synthetic set of trips. The third step determines the average travel distances per region using the
uasi-dynamic approximation and based on the synthetic set of trips with the updated travel distances. For each 𝛿𝑡 period, we
etermine an average travel distance based on all vehicle trips that have departed during this time interval.

.2. Top layer: Vehicular estimation emissions models

This section describes the top layer of the real-time monitoring system. In this layer, we estimate the network-wide emissions
ased on the modeled network dynamics. The section starts by providing a brief literature overview of the existing emission
stimation models and then describes the formulation of the aggregated emission model COPERT (Ntziachristos et al., 2009) that
e utilize in this study.
6
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2.2.1. Review of the estimation emissions models
There are several models discussed in the literature to determine emissions of pollutants related to urban traffic. They can

enerally be classified into microscopic or macroscopic emissions models (Samaras et al., 2019), depending on their temporal and
patial resolution. They can also be categorized as instantaneous or aggregated emissions models (Fontes et al., 2015). Here, we use
he latter classification scheme.

Instantaneous emissions models provide an estimation of emissions and fuel consumption of vehicles at the finest temporal
i.e. 1-s evolution) and spatial scales. Examples of instantaneous emissions models are the CMEM (Barth et al., 2001), MOVES
ite (Frey and Liu, 2013), VT-Micro (Rakha et al., 2004), or PHEM (Hausberger et al., 2009; Luz and Hausberger, 2013). As input
ata, these models require detailed information about the vehicle kinematics, such as 1-s vehicle-specific speed and acceleration
rofiles, as well as their trajectories. Such data can readily be obtained from microscopic traffic simulators. However, one should
roperly calibrate a microscopic traffic model to determine the inputs needed for an instantaneous emissions model (Jie et al., 2013).
oth microscopic emissions models and traffic simulators require expensive computations, and their application has been mainly
onfined to local areas, such as signalized intersections (Madireddy et al., 2011; Sun and Liu, 2015), roundabouts (Quaassdorff
t al., 2016), highways (Ahn and Rakha, 2008; Zegeye et al., 2013), or simple theoretical networks (Jamshidnejad et al., 2017).
hat being said, some scholars have also successfully applied instantaneous emission models to larger networks, such as downtown
os Angeles (USA) (Elbery and Rakha, 2019), the Triangle network that encompasses three American cities (Zhou et al., 2015), the
alt Lake City regional traffic network (Lu et al., 2016), the Buffalo–Niagara metropolitan region’s network (Guo et al., 2013), or
o downtown Cleveland (USA) (Ahn and Rakha, 2013).

Aggregated emissions models require much less detailed information about vehicle kinematics. More specifically, the necessary
nputs include data like the mean speed of a full vehicles’ fleet traveling on a region or zone and the total distance traveled.
hese models are easier to implement for regions such as entire cities up to large metropolitan areas. They have been utilized
or the design of control schemes for highways (Pasquale et al., 2017), or to estimate network-wide emissions (Liu et al., 2018).
xamples of aggregated emissions models are the EMFAC (CARB, 2007), MOBILE (Environmental protection agency (EPA), 2003),
RTEMIS (Boulter and McCrae, 2007), or the COPERT (Ntziachristos et al., 2009). In this paper, we focus on these aggregated
missions models and, in particular, on the COPERT model.

Two main reasons justify our choice for this emission model. First, we extract highly aggregated traffic variables such as the
otal travel distances and uniform mean speed profiles for each region from the bottom layer of our system. Both of these variables
erve as input data for the COPERT model, ensuring the compatibility between the output data from the MFD-based traffic models
nd the input data required by the COPERT model. Second, the COPERT model is suitable for determining exhaust emissions for
mall regions (Lejri et al., 2018; Lejri and Leclercq, 2020). Recall that the application of MFD-based models requires the partition of
he urban network into regions that have approximately homogeneous traffic conditions. The next section describes the formulation
f the COPERT model.

.2.2. COPERT model
The COPERT model utilizes unitary emission factors that are a convex function of the region’s mean speed 𝑣𝑟,∀𝑟 ∈ 𝑋. These

unitary emission factors are defined for each pollutant 𝑦 and class of vehicles (i.e. passenger cars, heavy vehicles, trucks, etc.).
n this paper, we focus only on passenger cars. For each mean speed value, the unitary emission factors already account for the
cceleration and deceleration of vehicles, i.e. driving cycles. The unitary emission factors are calculated based on reference emission
ata recorded for a mean speed profile using dynamometers installed on a private fleet of vehicles. The data was collected at intervals
f 6 min. The fleet composition corresponds to the French urban fleet of 2015, which was, in turn, is obtained from the IFSTTAR
leet updated in 2013. The fleet of passenger cars consists of 30% EURO 5 and 24% Euro 4 diesel vehicles. This follows the works
f Lejri et al. (2018) and Lejri and Leclercq (2020). In this paper, we focus on the estimation of the exhaust emissions of carbon
ioxide CO2 and nitrogen oxides NO𝑥, i.e. 𝑥 = {CO2,NO𝑥}. We also assume a homogeneous fleet of vehicles in our simulations. This
ssumption is necessary as the current version of the multi-regional MFD solver (Mariotte et al., 2020) can only handle a single
lass of vehicles, i.e. it is not able to handle multi-class dynamics.

Ingole et al. (2020) has fitted curves for the recorded unitary emission factors of CO2 and NO𝑥 using fourth and third-degree
olynomial functions, respectively. The regression polynomial for CO2 is:

𝐸𝐹CO2
(𝑣𝑟) = 𝛽1𝑣

4
𝑟 + 𝛽2𝑣

3
𝑟 + 𝛽3𝑣

2
𝑟 + 𝛽4𝑣𝑟 + 𝛽5 (11)

where 𝛽1, 𝛽2, 𝛽3, 𝛽4, 𝛽5 are the regression coefficients, that equal to 4.15×10−6, −1.04×10−3, 1.00×10−1, −4.47 and 123.54, respectively.
The regression polynomial for NO𝑥 is:

𝐸𝐹NO𝑥
(𝑣𝑟) = 𝛽6𝑣

3
𝑟 + 𝛽7𝑣

2
𝑟 + 𝛽8𝑣𝑟 + 𝛽9 (12)

where 𝛽6, 𝛽7, 𝛽8, 𝛽9 are the regression coefficients, that equal to −6.14 × 10−7, 2.00 × 10−4, −2.08 × 10−4 and 9.94 × 10−1, respectively.
Note that, in this paper, we assume a homogeneous fleet of passenger cars. This means that we apply either Eq. (11) or Eq. (12)

to all vehicles to determine the exhaust emissions of CO2 and NO𝑥, respectively.
The total emissions (𝐸𝑟,𝑦,∀𝑦 = {CO2,NO𝑥}) are calculated as the product between the unitary emission factors (𝐸𝐹𝑦,∀𝑥 =

{CO2,NO𝑥}) and the total distance traveled by all vehicles in a region 𝑟. We approximate the total travel distance by vehicles
in region 𝑟 by the travel production 𝑃𝑟(𝑛𝑟). We then determine the exhaust emissions 𝐸𝑟,𝑦, during a given time interval 𝛿𝑡, as:

𝐸𝑟,𝑦 = 𝐸𝐹𝑦(𝑣𝑟) × 𝑃𝑟(𝑛𝑟, 𝑣𝑟) × 𝛿𝑡,∀𝑟 ∈ 𝑋 ∧ ∀𝑦 = {CO2,NO𝑥} (13)

where 𝑛𝑟 is the vehicle accumulation in a region 𝑟; and 𝑋 is the set of all regions defining the regional network. In general, the time
interval 𝛿𝑡 is small (Lejri et al., 2018).
7
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3. Case study and benchmark scenario

This section introduces the test network and the benchmark scenario that consists of a microscopic simulation using SUMO (Lopez
t al., 2018). This case study allows us to investigate the suitability of an MFD-based real-time emission monitoring scheme. First, we
escribe the benchmark model settings including the evaluated demand scenarios. Then, we explain the benchmark model settings
or the analysis of the travel distance calibration. Finally, we describe the benchmark model settings examining the effects of different
etwork partition definitions.

.1. Description of the test scenario

The test network represented in Fig. 5 corresponds to the city of Innsbruck, Austria. The map data was retrieved from
penStreeMaps (OpenStreetMap contributors, 2020). The network consists of 1992 nodes and 4448 links. We partition this network

irst into a single region (Fig. 5(a)) and then into four regions (Fig. 5(b)). We consider geographic features of the city network for
artitioning into four regions. For example, the Inn river separates regions 2 and 3 from regions 1 and 4, while the main railroad
racks divide regions 1 and 4.

Fig. 5. Innsbruck (Austria) city network. (a) 1-region network. (b) 4-region network. (c) 2-region network. The network data was obtained from
OpenStreeMaps (OpenStreetMap contributors, 2020).

We create a benchmark scenario where the traffic dynamics in the city are modeled using the default car-following and lane-
changing models in SUMO. We collected the information about the location of traffic signals in the network from OpenStreetMap.
This includes 267 junctions in the city network. Unfortunately, the real traffic light settings were not available for this study. For
this reason, we assumed that all traffic signals have a common cycle length of 90 s and a green phase of 45 s. We consider three
demand scenarios as depicted in Fig. 6, some of which lead to hysteresis loops in the speed MFD functions (Buisson and Ladier,
2009). The demand profiles represent: (i) the loading of the network without the presence of hysteresis on the speed MFD (Fig. 6(a));
(ii) a demand-peak with a substantial hysteresis loop in the speed MFD (Fig. 6(b)); and (iii) a smoother loading and unloading of
the network, including a smaller hysteresis loop (Fig. 6(c)).

We refer to these scenarios as demand scenarios 1, 2, and 3 as indicated in Fig. 6. They have a total of 45 833, 15 892, and 34 924
vehicles in the demand scenarios 1, 2, and 3, respectively. We perform the simulations on the full city network of Innsbruck (see
Fig. 5(a)) for these three demand scenarios, considering a total simulation time 𝑇 = 3.5 [h]. Drivers are assigned to the shortest paths
n time. We consider a quasi-dynamic traffic assignment, where all drivers update their paths en-route considering the perceived
raffic dynamics in the network at each interval 𝛿𝑡, i.e. all drivers can change en-route the sequence of links to be traveled until
hey reach their destination if there is an available option with a lower perceived travel time. This kind of assignment represents
reasonable compromise between realism and computational cost (Mühlich et al., 2015). We choose 𝛿𝑡 = 6 [min] to be consistent
ith the period of the recorded reference emission data for calibrating the COPERT model, as described in Section 2.2.2.

Fig. 6(d) to (f) show the speed MFDs resulting from the SUMO microscopic simulations for the full network (Fig. 5(a)) and
he three demand scenarios. The circles represent the data points determined from the microscopic simulations. These points are
etermined using the following procedure. Based on the space–time diagram of the vehicles’ trajectories inside region 𝑟 during 𝛿𝑡,
e determine the travel production 𝑃𝑟 and accumulation 𝑛𝑟 as follows:

𝑃𝑟 =
1

𝑁
∑

𝑡𝑑𝑖𝛿𝑖𝑟 (14)
8
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Fig. 6. (a–c) Demand scenarios. (d–f) Speed MFDs of each demand scenario. The red dots represent the values obtained from the SUMO simulation. The black
ashed curve represent the fitting of the data points. The black arrows indicate the evolution trend of the speed MFDs.

𝑛𝑟 =
1
𝑇

𝑁
∑

𝑖=1
𝑡𝑡𝑖𝛿𝑖𝑟 (15)

where 𝑁 is the number of vehicles traveling in region 𝑟 during time interval 𝛿𝑡; 𝑡𝑑𝑖 and 𝑡𝑡𝑖 represent the total distance traveled and
travel time of vehicle 𝑖 in region 𝑟 during 𝛿𝑡; and 𝛿𝑖𝑟 is a binary variable that equals 1 if vehicle 𝑖 travels inside region 𝑟 during 𝛿𝑡,
and 0 otherwise.

Using Eq. (1), we then determine the mean speed 𝑣𝑟. Each circle in Fig. 6(d) to (f) represents the mean speed 𝑣𝑟 and accumulation
𝑛𝑟 of vehicles in region 𝑟 during each time interval 𝛿𝑡. We fitted the speed MFDs using a piece-wise linear function of the accumulation
𝑛𝑟 (Paipuri et al., 2019). The curves represent the fit to the data points. The black arrows represent the evolution of the mean-speed
as a function of the accumulation 𝑛𝑟 in the network.

Our goal is to investigate the influence of the calibration of travel distances and the network partitioning on the estimation
of the network-wide emissions using the MFD dynamics. However, these variables are highly correlated, and to separately study
these effects we need to isolate them both. First, the proper calibration of the travel is necessary as they play a major role in the
aggregated traffic dynamics. The MFD assumes homogeneous speeds in the region, which means that all vehicles travel at the same
average speed. A longer travel distance can then become a bottleneck as drivers require more time to complete their trips, increasing
the accumulation and reducing the mean speed in the region for a longer period. A misrepresentation of travel distances can lead
to incorrect estimations of the network dynamics and consequently the estimated emissions. Second, the definition of network
partitioning might also introduce a bias on the estimation of the network-wide emissions, as it affects the calibrated travel distances
and therefore the traffic dynamics. The two next subsections explain how we determine the emissions for the benchmark scenario
using the COPERT model while isolating the effects of the travel distances and the network partitioning. Note that for consistency,
we utilize the COPERT model to estimate the network-wide emissions for both the MFD dynamics and the benchmark model.

3.2. Benchmark model settings for investigating the calibration of travel distances

This section describes the methodology implemented to determine the network-wide emissions of the benchmark scenario for
the case where we investigate only how the calibration of the travel distances influences the estimation of emissions. This requires
disentangling the effects on the estimation of the network-wide emissions resulting from the partitioning and the calibration of the
travel distances. For this reason, we fix the partitioning as depicted in Fig. 5, and only change the calibration of the travel distances
during these tests. Section 4 presents the detailed analysis.

The question now is how to determine the network-wide emissions based on the reference SUMO simulations for comparison
to the ones resulting from the MFD dynamics that utilize different calibration methods of the travel distances (as discussed in
9
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Section 2.1.3). Lejri and Leclercq (2020) showed that emissions are not scale-free, i.e. the estimation of aggregated emissions
can lead to significant bias compared to the ones determined based on a more disaggregated level (e.g. road segments). This
inconsistency occurs when one utilizes non-scalable variables such as the region’s mean speed profiles. As a solution to reduce
this inconsistency, Lejri and Leclercq (2020) proposed to use a definition of a distance-weighted speed to determine emissions at
the region’s level, considering disaggregate information such as the vehicle’s travel time and distance within the region. We utilize
this approach to determine the regions’ emissions based on the SUMO simulations for the testing scenarios discussed in Section 4.

The distance-weighted speed is determined as follows. Consider that there are 𝑁 vehicles traveling in a region 𝑟 during a time
interval 𝛿𝑡. During each interval 𝛿𝑡, each vehicle 𝑖 travels with speed 𝑣𝑖 for a travel time 𝑡𝑡𝑖 in region 𝑟. The spatial mean speed 𝑣𝑟𝑒𝑓𝑟 ,
for each region 𝑟 and interval 𝛿𝑡 of the network and for the reference scenario, is determined as (Lejri and Leclercq, 2020):

𝑣𝑟𝑒𝑓𝑟 =
∑𝑁

𝑖=1 𝑡𝑡𝑖𝑣𝑖
∑𝑁

𝑖=1 𝑡𝑡𝑖
,∀𝑟 ∈ 𝑋 (16)

From the SUMO simulations, for each period 𝛿𝑡, we determine the travel production (𝑃𝑟) and accumulation of vehicles (𝑛𝑟) in
each region using Eqs. (14) and (15), and then the spatial mean speed (𝑣𝑟𝑒𝑓𝑟 ) using Eq. (16). Considering these variables as inputs,
for each period 𝛿𝑡, we then determine the total emissions of CO2 and NO𝑥 utilizing the COPERT model as described in Section 3.2.
The total network emissions then result from the sum of the calculated emissions for all periods 𝛿𝑡. This procedure is applied for
both definitions of the network partitioning depicted in Fig. 5.

3.3. Benchmark model settings for investigating the influence of the network partitioning

This section describes the methodology implemented for determining the network-wide emissions for the benchmark scenario
for the test case where we only investigate the influence of the network partitioning. In this case, we determine the travel distances
using the ‘‘Quasi-dynamic travel distances including a detour ratio’’ approach. The question is how to define the partitioning to set
up as a reference for the benchmark scenario. As previously explained, we need to define an appropriate scale for conducting an
environmental assessment using the COPERT model (Lejri and Leclercq, 2020). For this, in this paper, we set two scenarios:

1. The estimation of emissions using the COPERT model is more accurate for smaller regions. For this reason, we investigate
how the total network emissions change when the network is partitioned into 1, 2, and 4 regions, as depicted in Fig. 5.

2. For a fixed number of regions, the definition of the network partitioning might also influence the estimation of the network-
wide emissions using the COPERT model. For this reason, we also investigate how the total network emissions change when
the number of regions is set to 4, but the network partitioning is different. Fig. 7 shows two different types of partitioning
for the Innsbruck network.

Fig. 7. Different definitions of the network partitioning of Innsbruck considering a fixed number of regions equals to 4.

From the SUMO simulations and for each period 𝛿𝑡, we determine the accumulation 𝑛𝑟 and spatial mean speed 𝑣𝑟𝑒𝑓𝑟 (using
Eq. (16)) for each region. Based on this information, we determine the total emissions of CO2 and NO𝑥 using the COPERT model.

his scenario is set as the reference one to investigate the influence of the network partitioning on the estimation of the network-wide
missions. Section 5 presents the detailed analysis.

. Calibration of travel distances

This section discusses how the calibration of the travel distances influences the estimation of the network-wide emissions,
ocusing on the two definitions of the partitioning defined in Fig. 5.
10
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4.1. Whole city of Innsbruck: 1-region

The application of the MFD-traffic models requires the calibration of the distances traveled by vehicles in the regions (Batista
t al., 2019). From the benchmark scenario, we gather information about the routes and distances traveled by vehicles in the city
etwork. Following Batista et al. (2021b), these trips represent an internal path in the 1-region network depicted in Fig. 5(a),
.e. they are all internal trajectories within the same region. We utilize the information about the distances traveled by vehicles to
haracterize the explicit distribution of travel distances of this internal path. The dots in Fig. 8 depict the distance traveled [km]
s a function of the departure time [h] of vehicles for the three demand scenarios. The demand peaks happen around 3.5, 2.5, and
.75 [h] for the demand scenarios 1, 2, and 3, respectively. This is the period when the system is the most congested, explaining
he longer travel distances as drivers can change their routes to avoid pockets of congestion.

Fig. 8. Distance traveled [km] as a function of the departure time [h] of vehicles represented as blue dots. The horizontal dashed lines represent the average
travel distance. The results are depicted for the three demand scenarios.

In the next subsections, we investigate how the network-wide emissions are influenced by the different calibration methods of
he travel distances, namely: (i) Static travel distances; (ii) Quasi-dynamic travel distances; and (iii) Quasi-dynamic travel distances
ncluding a detour ratio.

.1.1. Static travel distances
For the calibration of the accumulation- and trip-based MFD models, we consider a static average travel distance 𝐿𝑟 of 5226 [m],

6045 [m], and 6268 [m] for the demand scenarios 1, 2, and 3, respectively (see the horizontal dashed lines in Fig. 8). Additionally,
e consider the setting of the trip-based MFD model using the individual travel distances of vehicles gathered from each of the

hree demand scenarios. We model the traffic dynamics on the 1-region network (Fig. 5(a)), and determine the emissions of CO2
and NO𝑥 using the COPERT IV model. Recall that, we determine the network-wide emissions of these two pollutants for the
benchmark scenario following the methodology described in Section 3.2. We then calculate the relative differences 𝜖 between the
total emissions (∑𝛿𝑡 𝐸

𝑀𝐹𝐷
𝑟,𝑥 ) determined based on the MFD traffic dynamics and the ones determined from the benchmark SUMO

simulation (∑𝛿𝑡 𝐸
𝑆𝑈𝑀𝑂
𝑟,𝑥 ):

𝜖 =
∑

𝛿𝑡 𝐸
𝑀𝐹𝐷
𝑟,𝑥 −

∑

𝛿𝑡 𝐸
𝑆𝑈𝑀𝑂
𝑟,𝑥

∑

𝛿𝑡 𝐸𝑆𝑈𝑀𝑂
𝑟,𝑥

× 100%,∀𝑥 = {CO2,NO𝑥} ∧ ∀𝑟 ∈ 𝑋 (17)

Fig. 9 shows the evolution of the accumulation (𝑛𝑟), mean speeds (𝑣𝑟), and outflow (𝑄𝑜𝑢𝑡,𝑟(𝑡)) as a function of the simulation
ime 𝑡 [h] for all three demand profiles. The dashed curves represent the results for the benchmark SUMO simulation. The blue
urves show the results for the accumulation-based MFD model. The green and red curves depict the results for the trip-based MFD
odel calibrated using a static average travel distance and the individual travel distances of vehicles, respectively. Fig. 10 depicts

he relative differences 𝜖 [%] between the emissions of carbon dioxide CO2 and nitrogen oxides NO𝑥 determined using MFD-based
odels and the ones determined based on the benchmark SUMO simulation. Again, the results are shown for all three demand

cenarios.
One can observe that the trip-based model calibrated with the individual distances traveled by vehicles in the city network

rovides the closest predictions of the region’s accumulation 𝑛𝑟, mean speed 𝑣𝑟, and outflow 𝑄𝑜𝑢𝑡(𝑡) to the benchmark SUMO
simulation. This naturally leads to low values of the relative error 𝜖 for the three demand scenarios.

For the demand scenario 1, the accumulation- and trip-based models calibrated using a static average travel distance predict a
lower accumulation in the region compared to the benchmark SUMO simulation (see Fig. 9(a)). This happens because the average
distance traveled (dashed line in Fig. 9(a)) underestimates the distance traveled by several vehicles during the congestion period
between ∼2 to 3 [h] of the simulation time. As observed in Fig. 9(a), the number of trips with longer travel distances increases during
this period because drivers change their paths en-route to others that minimize their travel time, but that has, in general, a longer
travel distance. For the MFD-based models, a lower travel distance 𝐿𝑟 means that drivers complete their trips faster, decreasing the
ccumulation peak and increasing the mean speed 𝑣𝑟 concerning the benchmark SUMO simulation. Since the mean speed is higher,

the COPERT IV model underestimates the emissions of CO and NO as shown in Fig. 10.
11

2 𝑥



Transportation Research Part D 109 (2022) 103354S.F.A. Batista et al.
Fig. 9. Evolution of the accumulation 𝑛𝑟 [veh], mean speed 𝑣𝑟 [m/s], and outflow 𝑄𝑜𝑢𝑡,𝑟(𝑡) [veh/s] as a function of the simulation time 𝑡 [h]. The black dashed
curve represents the results obtained from the SUMO simulation. The blue curve represents the results for the accumulation-based model with an average travel
distance. The green and red curves represent the results for the trip-based model calibrated using a single average travel distance and the individual travel
distances, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. Relative differences 𝜖 [%] between the emissions of CO2 and NO𝑥 estimated using the MFD-based models and the benchmark case for all three demand
scenarios.

For the demand scenario 2, a similar trend is also observed around a simulation time of ∼2.5 h for the accumulation-based
model (see Fig. 9(d) and (e)) compared to the benchmark SUMO simulation. However, during the unloading phase of the region
(i.e. around 𝑡 ∼ 3.0 h), the static average travel distance is larger than most of the ones of the individual vehicles as observed in
Fig. 9(b). This leads to a higher accumulation in the region and a lower mean speed 𝑣𝑟 than the benchmark SUMO simulation.
Overall, the lower accumulation in the region during the congestion peak at ∼2.5 [h] has a more significant effect on reducing the
12
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total travel production compared to the benchmark simulation, which leads to an underestimation of the emissions of CO2 and NO𝑥
as observed in Fig. 10(b). The trip-based MFD model, on the other hand, predicts a higher accumulation and consequently a lower
mean speed in the region than the benchmark simulation. This leads to an overestimation of the emissions of CO2 and NO𝑥.

In the case of the demand scenario 3, both the trip- and accumulation-based MFD models provide a good estimation of the
raffic dynamics (i.e. accumulation 𝑛𝑟 and mean speed 𝑣𝑟) when compared to the benchmark SUMO simulation, as the average

travel distance provides a good proxy for the individual traveled distances (see Fig. 8(c)).

4.1.2. Quasi-dynamic travel distances
In this section, we focus on the quasi-dynamic approximation that consists of determining the average travel distance 𝐿𝑟 at each

period of 𝛿𝑡 = 6 min. We then apply it within the accumulation-based MFD model and demand scenario 1, as this was the case with
the largest relative error 𝜖.

Fig. 11 shows the evolution of the accumulation 𝑛𝑟, mean speed 𝑣𝑟, and outflow 𝑄𝑜𝑢𝑡,𝑟(𝑡) as a function of the simulation time 𝑡, for
he accumulation-based MFD model using both the static average travel distance (blue curve) and the quasi-dynamic approximation
dark yellow curve), and the benchmark SUMO simulation (dashed curve). This figure also shows the relative differences 𝜖 between
he CO2 and NO𝑥 emissions estimated based on the traffic dynamics predicted based on the accumulation-based MFD model
ompared to the ones determined for the benchmark SUMO simulation. As one can observe, the quasi-dynamic approximation
o update the average travel distances improves the prediction of the accumulation and mean speed in the region when compared
o the static average travel distance used to calibrate the MFD model. This leads to a reduction of 𝜖 from ∼ −13% to ∼ −5%. This
s also observed for the other demand scenarios and the trip-based model (when calibrated with the static average travel distance)
owever, we do not show it here for brevity.

Fig. 11. Evolution of the (a) accumulation 𝑛𝑟 [veh]; (b) mean speed 𝑣𝑟 [m/s]; and (c) outflow 𝑄𝑜𝑢𝑡,𝑟(𝑡) [veh m/s] as a function of the simulation time 𝑡 [h]. The
black dashed line represents the results gathered from the benchmark SUMO simulation. The blue and green lines represent the results for the accumulation-based
model calibrated using a static and quasi-dynamic average travel distance, respectively. (d) Relative differences 𝜖 [%] between the emissions of CO2 and NO𝑥
estimated using the two settings of the accumulation-based model and the benchmark from the SUMO simulation. The results depicted refer to the demand
scenario 1. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

4.1.3. Quasi-dynamic travel distances including a detour ratio
In this section, we showcase the application of the third approach to determining the average travel distances, which utilizes

the DR concept. Since we do not have information about the real distribution of the demand in the city of Innsbruck nor a set of
GPS trajectories, we focus on the simulation data gathered from the SUMO simulation. We consider the OD pairs of the vehicles’
trajectories simulated in SUMO to define the synthetic set 𝜂 of OD pairs for which we also determine the shortest trips in distance.

We discuss four different calibration methods of the DR (see Eq. (10)). From the first to the fourth cases, we sample a subset of
10% (case 1), 20% (case 2), 50% (case 3), and 100% (case 4), respectively, from the full sets of trajectories (i.e. based on the full
SUMO simulation) for all demand scenarios. This enables us to calculate the regression coefficients and then determine a proxy for
the actual travel distances. In this paper, we assume a unique DR for all trips, i.e. we only calibrate the regression coefficients once.
This assumption is in line with Yang et al. (2018b) and Paipuri and Leclercq (2020).
13
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Fig. 12 shows the relative error 𝜖 [%] for the four cases and the three demand scenarios. The results are depicted for the
accumulation- and trip-based models. The relative errors 𝜖 [%] are approximately equal and relatively low (i.e. in general less
than 5%) for cases 1 to 4, compared to the reference SUMO simulation. This is observed for both MFD models and all three demand
scenarios. The relative errors 𝜖 are consistent for cases 1 to 4, which is a good indicator. As one can also observe, case 1 provides
similar relative errors 𝜖 to case 4. This shows that a small subset corresponding to 10% of the full set of trajectories is already a
good proxy to calculate the regression parameters in Eq. (10), and then determine the travel distances.

Fig. 12. Relative error 𝜖 [%] for cases 1 to 4 and all three demand scenarios. The left panels show the results for the accumulation-based model. The right
panels show the results for the trip-based model.

4.1.4. Comparative analysis between the different methods to calibrate the travel distances
This section discussed how the calibration of the travel distances influences the estimation of network-wide emissions for the

1-region network.
Since MFD models assume that the mean speed 𝑣𝑟 is homogeneous in each region 𝑟, a lower travel distance means that vehicles

can finish their trips faster, increasing the mean speed and decreasing the accumulation in the region. A longer travel distance
of a path in a region 𝑟 might act as a bottleneck, as drivers need more time to complete their trips in the region, increasing the
congestion level for longer and reducing the mean speed. This has two important consequences on the estimation of emissions.
First, an increase of the mean speed 𝑣𝑟 leads to a lower emission factor. Second, a lower accumulation of vehicles in the region also
leads to a lower travel production. This results in an underestimation of the emissions of CO2 and NO𝑥 compared to the benchmark
UMO simulation, when using the COPERT IV model. The opposite trend in the region’s accumulation 𝑛𝑟 and mean speed 𝑣𝑟, results

in an overestimation of the emissions. Therefore, the calibration of travel distances becomes one key element in the calibration of
real-time network-wide monitoring systems of travel emissions.

The results discussed in this section clearly show that a static average travel distance is a good proxy to calibrate the
accumulation-based MFD model when the distance traveled as a function of the departure time is approximately uniformly
distributed over time (e.g. demand scenario 3). However, in realistic scenarios, this travel distance is not necessarily uniformly
distributed. Thus, we need better proxies to calibrate the travel distances for the application of MFD models, and ideally, reduce
the relative error when estimating the CO2 and NO𝑥 emissions. In this context, the proposed methodology based on the DR concept
nd a quasi-static approximation to calibrate the travel distances prove to be an efficient approach. Therefore, hereafter, we focus
ur analysis on the most promising approach to calibrate the travel distances, i.e. ‘‘Quasi-dynamic travel distances including a detour
atio’’.

.2. 4-region network

This section investigates how the calibration of the travel distances using the DR and a quasi-dynamic approximation performs
n the multi-region context. For this, we consider the Innsbruck network partitioned into four regions as depicted in Fig. 5(b). We
odel the traffic dynamics in the regions using both the accumulation- and trip-based MFD models and focus on demand scenario
. We calibrate the speed MFDs based on the output data from SUMO. This scenario represents a demand peak with the presence of
ysteresis on all four MFD functions. Additionally, we calibrate the demand for each one of the 16 regional OD pairs based on the
14
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paths on the regional network. This yields a total of 34 paths. Recall that we determine the network-wide emissions of these two
pollutants for the benchmark scenario following the methodology described in Section 3.2. Also note, that we do not consider any
entry supply or exit demand restrictions in order to be able to reproduce the traffic dynamics as one of the benchmark scenario.
This is because such restrictions were not applied either in the SUMO simulations.

We determine a single average travel distance per region independent of the path traveled by vehicles. This means that vehicles
raveling in the same region but on different paths have the same average travel distance. Since we do not have a set of GPS
rajectories available for the city of Innsbruck, we randomly select a subset of 10% of the trips from the full set of the trajectories
f the vehicles modeled in SUMO for demand scenario 2. We determine the shortest trips in distance connecting the same OD pairs
ike the ones listed in the subset. With this information, we then determine the regression coefficients in Eq. (10). Similar to the
revious section, we assume that the distribution of the demand is given by the OD pairs of the trajectories of the vehicles simulated
n SUMO. We then determine the travel distances based on the DR and estimated regression coefficients (see Eq. (10)).

Fig. 13 depicts the evolution of the accumulation 𝑛𝑟(𝑡) [veh] as a function of time 𝑡 [h] for both the accumulation- (blue curve) and
trip-based (green curve) MFD models and the benchmark SUMO simulation (dashed curve). Fig. 14 depicts the relative differences
𝜖 [%] between the CO2 and NO𝑥 emissions estimated based on the modeled traffic dynamics by both MFD models and the ones
estimated using the benchmark SUMO simulation. As one can observe, both MFD models are able to mimic traffic dynamics in
the regions similar to the benchmark model. There are only some small differences between the accumulations predicted by the
MFD models and the benchmark SUMO simulation during the loading and unloading phases of each region. These differences occur
because the estimated average travel distances per region using the DR tend to be slightly shorter than the ones directly determined
from the vehicles’ trajectories, using the quasi-dynamic approximation. The relative errors 𝜖 for the emission estimation in the case
of the accumulation-based model are still acceptable. They are slightly larger for some regions, e.g. regions 1 and 3, in the case of
the trip-based model.

All in all, predicting the traffic dynamics in a multi-regional network and therefore the network-wide emissions of CO2 and NO𝑥
is more complex than in a single region network. The methodology based on the DR to calculate the travel distances has proven to
be efficient also for these applications.

Fig. 13. Evolution of the accumulation 𝑛𝑟(𝑡) [veh] in the regions as a function of time 𝑡 [h]. The results are depicted for the accumulation-based MFD model
(blue curve), trip-based MFD model (green curve) and the benchmark SUMO simulation (black dashed curve). (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

5. Partitioning of the urban network

This section describes how the definition of the partitioning of the urban network and the number of regions in which the
network is partitioned influence the network-wide emissions of carbon dioxide CO2 and nitrogen oxides NO𝑥, estimated using the
modeled MFD traffic dynamics.
15
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Fig. 14. Relative differences 𝜖 [%] between the emissions of CO2 and NO𝑥 estimated using the MFD-based models and the benchmark SUMO simulation.

.1. Number of regions

Here, we model the MFD dynamics (both accumulation- and trip-based) for the cases of the 1-, 2- and 4-region network as
escribed in Section 3.3, and for all three demand scenarios. We then estimate the network-wide emissions for these scenarios
sing the COPERT model and the modeled MFD dynamics. We determine the relative differences 𝛽 between the total emissions
𝐸𝑧=1,2
𝑥 ,∀𝑥 = {CO2,NO𝑥}) determined based on the MFD traffic dynamics modeled for the 1- and 2-region network and the ones

etermined from the network partitioned into 4 regions (𝐸𝑧=4
𝑥 ,∀𝑥 = {CO2,NO𝑥}):

𝛽 =
𝐸𝑧=1,2
𝑥 − 𝐸4

𝑥

𝐸4
𝑥

× 100%,∀𝑥 = {CO2,NO𝑥} (18)

Fig. 15 depicts the relative differences 𝛽 [%] between the network-wide emissions determined based on the network partitioned
into 1 and 2 regions, and the ones determined from the network partitioned into 4 regions. This figure shows the results for all
three demand scenarios, and both the accumulation- and trip-based MFD models as well as both pollutants (i.e. CO2 and NO𝑥). The
blue bars represent the relative differences 𝛽 between the 1-region partitioning and the 4-region, while the green bars refer to the
relative differences 𝛽 between the 2- and 4-region cases.

Fig. 15. Relative differences 𝛽 [%] between the total emissions of carbon dioxide CO2 and nitrogen oxides NO𝑥, determined based on the accumulation- and
trip-based MFD dynamics for the 1- and 2-region networks, and the 4-region network. The results are depicted for the three demand scenarios. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)
16
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From Fig. 15, one can observe that as a general result, the estimated network-wide emissions are not only influenced by the
umber of partitions but also by the travel demand pattern, i.e. how the demand is distributed over the network concerning the
efinition of the partition. In some cases, the relative differences 𝛽 decrease as the number of regions also increases. However, this
s not observed in other cases. The distribution of the travel demand over the network concerning the definition of the partition
lays an important role in the calibration of the average travel distances per region. The average travel distances for the 1- and
-region network only represent an approximation of the ones of the four regions (Batista et al., 2019), which completely changes
he traffic dynamics in the network. Longer travel distances mean that drivers require more time to complete their trips, increasing
he level of congestion and therefore travel emissions. The trip-based model also shows, in general, larger relative differences 𝛽
han the accumulation-based, for Demands 2 and 3. Recall that the core of the trip-based model relies on the travel distances of
ehicles. The average travel distance for the full network only represents a rough approximation of the ones of each of the four
egions, explaining why we observe the largest relative differences 𝛽 for demand scenarios 2 and 3 and the 1-region network case.
he relative differences are smaller for the 2-region case, as the average travel distances represent a better proxy of the ones of the
our regions.

.2. Definition of the network partitioning for a fixed number of regions

Here, we model the network dynamics using both the accumulation- and trip-based MFD models for the 4-region networks
epicted in Figs. 5(b) and 8. Again, we determine the network-wide emissions using the COPERT model for the three demand
cenarios. We then calculate the relative differences 𝜙𝑖𝑗 ,∀(𝑖, 𝑗) = 1, 2, 3 ∧ 𝑖 ≠ 𝑗 between the total emissions determined for the
ifferent definitions of the network partitioning:

𝜙𝑖𝑗 =
𝐸𝑖
𝑥 − 𝐸𝑗

𝑥

𝐸𝑗
𝑥

× 100%,∀𝑥 = {CO2,NO𝑥} ∧ ∀(𝑖, 𝑗) = 1, 2, 3 ∧ 𝑖 ≠ 𝑗 (19)

Fig. 16 depicts the relative differences 𝜙 between the total network emissions of CO2 and NO𝑥 determined based on the
accumulation- and trip-based MFD dynamics of partitioning 2 and 1 (𝜙12), Partitioning 3 and 1 (𝜙13), and Partitioning 3 and 2
(𝜙23). The results are depicted for all three demand scenarios.

Fig. 16. Relative differences 𝜙 [%] between the total emissions of carbon dioxide CO2 and nitrogen oxides NO𝑥, determined based on the accumulation- and
rip-based MFD dynamics for the Partitioning 2 and 3 with respect to Partitioning 1. The results are depicted for the three demand scenarios.

As one can observe, for some demand scenarios, the relative differences 𝜙 are very close to 0 (e.g. Demand 1). In other scenarios,
the relative differences can go up to ∼10% or even ∼20%. These results clearly show that the definition of the network partitioning
can have a significant impact on the estimation of the total emissions of the network. In fact, changing the size and shape of
the regions plays a significant role in the modeled MFD dynamics as this can significantly change the calibration of the average
travel distances, as also discussed in the previous section. A change in the topological features of a region also changes the spatial
distribution of the demand inside this region, and therefore the weights of each individual travel distance on the calculation of the
17
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region’s average travel distance (Batista et al., 2019). This is what happens in the case of demand scenario 3 and the trip-based MFD
dynamics, when comparing the total network emissions of partitioning 2 and 3 against partitioning 1. On the other hand, increasing
the size of a region also increases the level of aggregation required for determining the average travel distance. This results on a
larger error in the calculation of the average travel distance (Batista et al., 2019), i.e. the average travel distance might be a rough
approximation of the real distances traveled within the region.

6. Discussion and conclusions

This paper analyzes the suitability of MFD-based traffic modeling to build a real-time monitoring system of network-wide
missions. Such a monitoring system is composed of two layers. One layer corresponds to the MFD traffic dynamics modeling.
he other layer corresponds to a macroscopic emission model that determines the total network emissions based on the MFD
ynamics. This paper puts a strong focus on the first layer. The utilization of the MFD concept enables real-time application due
o its low computational cost. We qualitatively and quantitatively investigate how the calibration of average travel distances and
he definition of the network partitioning influence the estimation of the network-wide emissions of CO2 and NO𝑥. We estimate the
otal emissions using the COPERT IV emission model. We set up a benchmark scenario that represents the ground truth and consists
f a microscopic simulation of the traffic dynamics in SUMO. The city of Innsbruck, used as a test network, is analyzed considering
ifferent definitions of the partitioning and number of regions. We studied three different demand profiles corresponding to (i) the
etwork loading without the presence of hysteresis on the MFD; (ii) the network loading and unloading with a large hysteresis loop;
nd (iii) a smoother demand-peak with the presence of a smaller hysteresis loop.

Our results clearly show the importance of the proper calibration of the travel distances for the modeled MFD dynamics and the
esulting total network emissions. For the single-region network, we show that the trip-based MFD model calibrated with individual
ravel distances can reproduce the traffic dynamics well compared to the benchmark scenario, leading to relative errors 𝜖 ∼ 0% on
he estimation of the CO2 and NO𝑥 emissions. However, the relative errors increase when a single static average travel distance
s utilized to calibrate both the trip- and accumulation-based MFD models. Alternatively, we propose a methodology that utilizes

set of synthetic trips and the concept of the detour ratio for calibrating average travel distances. We consider a quasi-dynamic
pproximation where we determine the average travel distances at each time interval 𝛿𝑡. This methodology has proven to be effective
or the prediction of the traffic dynamics for both the trip- and accumulation-based MFD models on a single-region network. Results
rom the case study show relative errors typically lower than ∼5% on the estimation of the CO2 and NO𝑥 emissions compared to
he benchmark SUMO simulation. The same is true for the 4-region network. However, the relative errors of the trip-based MFD
odels are slightly larger than the ones of the accumulation-based MFD model. Overall, we conclude that the MFD models are an

fficient tool to predict the traffic dynamics and the resulting network-wide emissions, but particular attention should be given to
he proper calibration of the travel distances.

We have also investigated the influence of the definition of the number and shape of regions in the network resulting from
he partitioning on the estimation of the total network emissions. Based on our experiments, we clearly show that not only does
he number of regions, their size and shape influence the estimation of the network emissions, but that it also depends on how the
emand is distributed over the network concerning the partitioning which strongly influences the calibration of the travel distances.

This paper opens the door for research on the development of monitoring systems of network-wide emissions considering the
FD traffic dynamics. As the next natural step, we will investigate different aggregated emission models to estimate the total net

xhaust emissions based on the MFD dynamics. The accuracy of these models will be analyzed against a more detailed instantaneous
mission model. Our results also show that there is a need for future research on the setting of appropriate partitioning criteria for
he application of MFD models from the traffic emissions in the multi-region context. We also further note that a more detailed
nalysis (out of the scope of this paper) could sample many different regions (e.g., 100 different 2-region networks, 100 different
-region networks, etc.) and compare the results. This, however, would not be aligned with the existing literature on partitioning
etwork for MFD models. In fact, there are very specific and smart ways of doing partitioning, and this process should not be
andom.
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