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Abstract

As road transport is a major contributor to anthropogenic CO2 emissions, the importance
of sustainable mobility planning and fleet management becomes very clear. Therefore,
this article proposes a physics-based mathematical framework for dynamic estimation of
CO2 emissions. The proposed framework is very flexible and enables CO2 assessment
for different types of vehicles (i.e., combustion engine and electric vehicles), traffic and
operating conditions. The proposed software prototype is evaluated through representative
urban and peri-urban simulation scenarios. These scenarios involve conventional public
transport, private vehicles, and demand-responsive ride-hailing services. The simulation
results show that vehicle occupancy is one of the main factors impacting specific CO2

emissions. In this context, in low-passenger-demand and dispersed travel conditions,
demand-responsive mobility services can achieve lower emissions per passenger-kilometer
than conventional public transport. In contrast, when occupancy levels are sufficiently high,
public transport remains the most efficient option. These results indicate that there is no
universally optimal transport mode and that emission efficiency is the result of a matching
between vehicle capacity and passenger demand. Therefore, the proposed framework
delivers a transparent and practical decision-support tool for transport mobility services.

Keywords: carbon emissions; carbon footprint; ride-hailing; on-demand mobility;
public transport; peri-urban mobility; sustainable transportation; comparative assessment;
environmental impact

1. Introduction
Road transportation represents the backbone of modern society, facilitating the move-

ment of people and goods and contributing to economic development and well-being [1,2].
Nevertheless, despite enormous benefits, road transportation also generates important
challenges. On the one hand, road transportation affects everyday life through road traf-
fic accidents and the associated injuries, fatalities and financial costs [3]. On the other
hand, according to existing estimations, road transportation is one of the main sources
of greenhouse gas emissions, accounting for a significant share of anthropogenic CO2
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emissions [4–12]. The continuous growth of the vehicle fleet, the fast urbanization and the
dependence on private vehicles indicate that this sector has an important role to play in the
transition toward lower CO2 emissions [9–12]. Within this context, ride-hailing services
have emerged as an important topic of research because of their growing role in urban
transportation and their potential to contribute to road transport decarbonization [13,14].
Therefore, several studies have analyzed modal shift and competition between ride-hailing
and public transit [15–17]. Nevertheless, there is no consensus in the literature reviewed on
the effects of ride-hailing on emissions. Many studies report mixed or context-dependent
findings, depending on factors such as congestion and urban density [18,19].

To the authors’ knowledge, few simulation-based studies explicitly compare CO2

emissions across transport modes under identical and non-ideal traffic conditions. In many
cities, ride-hailing has led to a decrease in public transit use, suggesting that this alternative
can, in some cases, lead to an increase in total emissions. This effect is caused by the absence
of an efficient pooling system, which in turn leads to vehicles that travel without passengers
between orders [20,21]. In this context, it would be useful to assess the impact of CO2

emissions generated by vehicles not only at the macro-level (i.e., national or European),
but also at the micro-level [22]. Such an approach would enable a better management
of transport-related CO2 emissions for individual users, companies with car fleets, local
authorities, or mobility service providers. Additionally, the availability of tools that provide
rapid, clear and comparable assessments of these emissions, adapted to real conditions of
use, can enable better fleet management decisions. In this regard, such tools can support
decision-making regarding the choice of vehicle type (i.e., petrol, diesel, electric), fleet
sizing, or route selection and planning. Moreover, micro-level CO2 assessment can be
used in dynamic urban mobility policies and can contribute to the effectiveness of the
public transportation.

Existing models are often rather complex, difficult to use, and dependent on data sets
that are not available for independent final users (i.e., drivers or managers of small vehicle
fleets). On the other hand, basic indicators such as those provided by car manufacturers
(i.e., average fuel consumption) do not reflect the impact of real traffic conditions, driving
style or route type [23]. Therefore, developing a simplified but physically grounded
mathematical emission monitoring tool represents a relevant direction of research. Such
an instrument can be used for realistic assessments concerning the climate impact of road
travel. Moreover, as the tool does not require complex measurement infrastructure, it can
be implemented at the micro-level, serving in providing decision support for individual
drivers and for small-fleet managers. Thus, this article proposes a simplified model for
CO2 estimation in small vehicle fleets. The model is intended to be used within the RINO
platform, a new on-demand transport platform which is under development and which
is scheduled for market launch in early 2027. Subsequently, in order to demonstrate its
performance, the CO2 estimation tool is used to evaluate the impact for different types
of vehicles, in different traffic conditions, with different driving styles and in different
occupancy conditions. The proposed model allows for dynamic emission estimates for each
scenario, rather than only average values. Moreover, the framework also enables explicit
comparisons between transport modes under similar traffic conditions and calculating
emissions per passenger-kilometer, which is essential for comparisons between public
transport and demand-driven alternatives. The model, being deterministic and dynamic,
extends existing approaches by offering the capability to quantify specific situations (e.g.,
peri-urban), not just broad urban environments.

The contribution of the present work consists of integrating well-established longitu-
dinal vehicle dynamics equations within a transparent and low-computational framework
that combines route-dependent vehicle dynamics, Internal Combustion Engine Vehicle
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(ICEV) and Electrical Vehicle (EV) energy consumption, regenerative braking, idling and
auxiliary consumption, CO2 emission factors, vehicle occupancy and passenger-kilometer
indicators for comparative mobility assessment. While models designed for detailed emis-
sion inventories and large-scale evaluations such as Motor Vehicle Emission Simulator
(MOVES) and Handbook Emission Factors for Road Transport supported by Passenger
Car and Heavy-Duty Employment Model (HBEFA/PHEM) provide more detailed and
extensively calibrated emission modeling capabilities, the proposed approach is intended
as a simplified computational methodology for small-fleet management and on-demand
mobility applications. This simplification incurs an inevitable trade-off between model fi-
delity and computational and data requirements. Therefore, the present framework should
be regarded as a comparative assessment tool rather than a substitute for experimentally
calibrated comprehensive emission models.

Overall, this article focuses on a real need for a practical and transparent approach that
enables CO2 emissions estimation at the micro level. The proposed algorithm is based on a
simplified mathematical model that is suitable for real-world transport applications. Unlike
existing approaches that rely on extensive datasets or complex simulation frameworks, the
model proposed in this work is designed to provide dynamic, scenario-specific emission
estimates that consider different traffic conditions, different vehicle types and different
occupancy levels. As a result, the proposed methodology enables reliable comparisons
between transport alternatives and supports decision-making in small-fleet management
and on-demand mobility services. Therefore, the proposed approach aims to bridge the
gap between theoretical emission estimation methods and practical implementation in
real-world transport planning.

The rest of this article is structured as follows. Section 2 offers a detailed presentation
of the mathematical model used in the simulations. Next, Section 3 provides the simulation
scenarios considered and the results. Finally, Section 4 discusses the implications of the
proposed approach, its potential applications in fleet management and concludes the article.

2. Model Presentation and Its Software Implementation
The proposed simulation model is based on a detailed physically based mathematical

model of vehicle dynamics and energy balance, which integrates resistance forces and
energy requirements along a discretized route using discrete time steps. This approach
enables the estimation of energy consumption and CO2 emissions for different vehicle
types, namely ICEVs and EVs, in various traffic scenarios.

2.1. Theoretical Mathematical Model for CO2 Emissions

The forces acting on the vehicle are assumed to be collinear with the direction of mo-
tion, while lateral effects are neglected. This simplification is consistent with the primary
objective of the proposed framework, namely the estimation of route-level CO2 emissions
using a computationally efficient and physically transparent model. The dominant con-
tributors to vehicle energy demand are represented through longitudinal dynamics, while
lateral effects such as cornering resistance and tire slip are intentionally neglected. Experi-
mental studies [24] have shown that cornering-related energy losses typically account for
approximately 3.1% of the total vehicle energy consumption and may increase to about
5.8% only for highly curved urban routes. Therefore, although these effects can become
relevant in detailed vehicle dynamics analyses, their influence is generally secondary for
the comparative transport scenarios investigated in this work. Future developments of the
proposed framework may incorporate lateral dynamics for applications requiring higher
modeling fidelity. Another important note is that during periods when v(t) = 0, even if
the power at the wheels is zero, an ICEV may still consume fuel while idling. This phe-
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nomenon can be modeled separately. Based on these assumptions, the simulation for a
vehicle traversing a route over the time interval t ∈ [0, T] uses the parameters presented in
Table 1.

Table 1. Categories of input data parameters.

Input Data Categories Parameters Definition

Route data

ti discrete time vector (s)

s road slope

θ road slope angle (degree)

vthr stopping threshold speed (m/s)

d distance traveled (m)

v(t) = dd(t)/dt vehicle velocity (m/s)

a(t) = dv(t)/dt vehicle acceleration (m/s2)

g gravitational acceleration (m/s2)

ρ air density (kg/m3)

∆t time interval (s)

Traffic

Scenario A dense urban/heavy-traffic condition
and uncovered by ride-hailing platforms

Scenario B peri-urban/light-traffic condition
and uncovered by ride-hailing platforms

Scenario C dense urban/heavy-traffic condition
and covered by ride-hailing platforms

Scenario D peri-urban/light-traffic condition
and covered by ride-hailing platforms

Energy

LHV lower heating value of fuel (J/kg)

εfuel fuel CO2 emissions factor (g CO2/kg fuel)

εelec electricity CO2 emissions factor (g CO2/kWh)

ηICEV/ηEV effective average powertrain efficiency

ηregen regenerative braking efficiency (0 ≤ ηregen ≤ 1)

Paux Average auxiliary power (W)

Vehicle

m vehicle effective mass (kg)

Cd aerodynamic drag coefficient

A maximum frontal area (m2)

Crr rolling resistance coefficient

The longitudinal force at the wheels is the model’s fundamental equation and is
determined by the sum of inertia, gravitational, rolling resistance, and aerodynamic drag
components [25]:

Ftot(t) = m · a(t) + m · g · sinθ(t) + Crr · m · g · cosθ(t) +
1
2
· ρ · Cd · A · v2(t). (1)

For small slopes, frequently used in road applications, the following approximations
are adopted:

sinθ(t) ≈ s(t)
100

, cosθ(t) ≈ 1, (2)
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where s(t) is the slope expressed as a percentage. Instantaneous mechanical power at
wheels is defined as the product of total longitudinal force and the speed of the vehicle:

pw(t) = Ftot(t) · v(t). (3)

The following relations can be written for traction and braking power:

pw+(t) = max(pw(t), 0), (4)

pw−(t) = max(−pw(t), 0). (5)

The operator max(·, 0) is used because during deceleration pw(t) can become negative,
and negative power does not represent additional mechanical consumption, but rather
energy that must be dissipated or recovered.

The required energy and the mechanical energy available during deceleration (poten-
tially recoverable) can be expressed by:

Ereq =
∫ T

0
pw+(t)dt, (6)

Eneg =
∫ T

0
pw−(t)dt, (7)

where T is the total travel duration. These quantities form the basis for the calculation of
energy consumption and for modeling energy recovery in electric vehicles.

To establish a direct relationship between mechanical power and consumption, instan-
taneous power flow rates are defined:

.
m f uel(t) = pw+ ICEV(t)/(ηICEV · LHV), (8)

.
ebat(t) = pw+EV(t)/ηEV , (9)

where
.

m f uel is fuel mass flow rate (kg/s), and
.
ebat is the electrical power flow rate (W).

The consumption rate for an ICEV is defined by:

E f uel = Ereq−ICEV/ηICEV + Eidle, (10)

m f uel = E f uel/LHV. (11)

For an EV, the battery consumption (Ebat) can be defined as:

Ebat = Ebat−tract + Ebat−aux − Eregen, (12)

where:
Ebat−tract = Ereq−EV/ηEV , (13)

Eregen = ηregen · Eneg. (14)

No significant traction energy is consumed in an electric vehicle when it is stationary,
however auxiliary consumers may continue to draw energy. This aspect is covered by the
Ebat-aux term. Auxiliary power is modeled explicitly only for electric vehicles. For ICEVs,
the ηICEV term is interpreted as an effective average powertrain efficiency that implicitly
accounts for average auxiliary and parasitic losses [26]. Also, idling consumption can be
relevant where congestion occurs. A simple representation uses a constant mass flow rate
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(kg/s), which can be converted into volumetric consumption (l/h) knowing the fuel density.
If the total stop duration tstop is known, then:

m f uel−idle =
.

midle · tstop, (15)

and associated energy would be:

Eidle = m f uel−idle · LHV. (16)

In practice, tstop can be extracted from the v(t) profile by detecting the intervals where
v(t) is below a small threshold (for example, 0.5 m/s). Equation (15) represents a sim-
plified engineering approximation in which idle fuel consumption is assumed constant
throughout the stop period. The present model does not explicitly represent transient
engine thermal management strategies, nor automatic start–stop systems, which could
improve the efficiency with 3 to 4% in the summer period [27]. Consequently, vehicles
equipped with start–stop technology are conservatively modeled as conventional inter-
nal combustion vehicles operating continuously during idle periods. This simplification
was adopted to preserve the transparency and computational efficiency of the proposed
framework, while recognizing that more detailed engine operating models could further
improve estimation accuracy.

To calculate CO2 emissions, the model considers the Well-to-Wheel (W2W) assessment,
which refers to the full life cycle emissions from fuel or energy production through final use
at the wheels. It is the sum of Well-to-Tank (W2T) assessment, which refers to emissions
from extraction, refining, production, transport, and distribution of the fuel or electricity,
and Tank-to-Wheel (T2W) assessment, which refers to the emissions that occur when fuel
is used to power the vehicle.

For an ICEV:
CO2ICEV−T2W = m f uel · ε f uel . (17)

An additional upstream chain factor for W2T, denoted kW2T, can be included,
such that:

CO2ICEV−W2W = CO2ICEV−T2W(1 + kW2T). (18)

For an EV:
CO2EV−T2W ≈ 0. (19)

CO2EV−W2W = Ebat · εelec. (20)

These formulations enable consistent comparisons between technologies within the
same tool, with transparent assumptions about the emission factors.

In the case of passenger transport, assuming that Np is the average number of pas-
sengers, one can determine the CO2 emission per passenger-kilometer based on the total
distance traveled, D. Accordingly, the following expression is obtained:

D = d(T)− d(0). (21)

We define specific indicators for CO2 emission per route:

eCO2 ICEV/km =
CO2ICEV−W2W

D
· 103, (22)

eCO2EV/km =
CO2EV−W2W

D
· 103. (23)
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Other indicators for passenger-kilometer emissions determination can be written as:

eCO2 ICEV/pkm =
CO2ICEV−W2W

D · Np
· 103, (24)

eCO2EV/pkm =
CO2EV−W2W

D · Np
· 103, (25)

where CO2ICEV-W2W and CO2EV-W2W are expressed in g CO2, D is expressed in meters, and
the results, eCO2ICEV and eCO2EV, are expressed in g CO2/passenger-km.

2.2. Numerical Discretization

After the mathematical formalization of the model in the previous section, the next
step is to translate the determined relations into a discrete numerical algorithm that can be
implemented in a software prototype. The purpose of this step is not for an optimization,
but rather to obtain a coherent and traceable implementation that respects the mathematical
structure of the model. The algorithmic implementation must maintain a direct correspon-
dence between the theoretical equations and the calculation steps, so that each numerical
result can be justified by a well-defined mathematical relationship.

In order to do this, the simulation interval [0, T] is divided into n equal time steps
of duration ∆t. The dynamic variables are evaluated at each step i, corresponding to the
time instant:

ti = i · ∆t. (26)

For numerical implementation of a dynamic model, the speed profile is discretized
over these time intervals, yielding the following samples:

vi = v(i · ∆ t). (27)

The acceleration can be approximated using finite differences:

ai ≈ (v i − vi−1)/∆t. (28)

The speed profiles employed in the simulations are predefined numerical trajectories
sampled at a constant time interval and therefore do not contain measurement noise.
Consequently, the finite-difference approximation of acceleration can be applied directly
without additional filtering. In future implementations using real GPS or CAN-derived
trajectories, appropriate signal preprocessing (e.g., smoothing or resampling) must be
introduced prior to numerical differentiation in order to reduce noise amplification and
improve acceleration estimation [28].

The road grade may be introduced through a series of either a slope value si expressed
in percent or a slope angle θi expressed in radians. Forces are computed at each step i, and
based on Equation (3), the power at the wheels is:

pw,i = Ftot,i · vi, (29)

where Ftot,i represents the total tractive force at step i. Energies are obtained by summation
(rectangular integration):

Ereq ≈ ∑ max(pw,i, 0) · ∆t, (30)

Eneg ≈ ∑ max(−pw,i, 0) · ∆t. (31)
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The stop time is estimated as:

tstop ≈ ∑ I(vi < vthr) · ∆t, (32)

where I(·) is the indicator function (1 if the condition is true, 0 otherwise), and vthr is
the threshold speed defining a stop. This discretization scheme is sufficiently robust and
appropriate for prototype implementations.

2.3. Software Implementation and Algorithmic Structure

The software prototype, implemented in Python 3.9.6, allows experimentation with real-
world parameters and the automatic generation of numerical and visual results, including the
export of CSV files for post-processing analysis and comparative plots for specific emissions
per distance and per passenger-kilometer. The algorithm is organized modularly, following
the logical chain described below and illustrated in Figure 1: Input data → Preprocessing →
Dynamic calculation over the time interval → Emissions calculation → Final indicators. This
structure directly reflects the stages of the mathematical model presented and allows both
detailed simulations based on complete speed profiles and simplified scenario analyses.

Figure 1. Data processing workflow for CO2 emissions estimation.

At initialization, all cumulative energy quantities and stop time are set to zero:

Ereq = 0, Eneg = 0, tstop = 0. (33)

Using these initial conditions together with Equations (18) and (20), the following
results are obtained:

eCO2 ICEV/km = ((∑ max(m · vi · (vi − vi−1) + m · vi · g · si
100

· ∆t + Crr · m · vi · g · ∆t+

+
1
2
· ρ · Cd · A · v3

i · ∆t, 0))/(ηICEV · LHV) +
.

midle · ∑ I(vi < vthr) · ∆t) ·
ε f uel · (1 + kW2T)

D
· 103.

(34)
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eCO2 ICEV/pkm = eCO2 ICEV/km/Np. (35)

eCO2EV/km = ((∑ max(m · vi · (vi − vi−1) + m · vi · g · si
100

· ∆t + Crr · m · vi · g · ∆t+

+
1
2
· ρ · Cd · A · v3

i · ∆t, 0)/ηEV − ηregen · ∑ max(−(m · vi · (vi − vi−1) + m · vi · g · si
100

· ∆t+

+Crr · m · vi · g · ∆t +
1
2
· ρ · Cd · A · v3

i · ∆t), 0) + Paux · T) · εelec
3.6 · 103 · D

.

(36)

eCO2EV/pkm = eCO2EV/km/Np. (37)

Because distance D is expressed in meters, both Equations (34) and (36) include the
factor 103 in the numerator for meter-to-kilometer conversion. Equation (36) also includes
the additional factor 3.6 × 106 in the denominator, which converts electrical energy from
joules to kilowatt-hours, ensuring consistency with the units of the electricity emission
factor εelec (g CO2/kWh).

The proposed algorithm has been designed to support future calibration and validation
against experimental or operational data. Once these stages are completed for a given
application, the framework can be used to perform a wide range of analyses under different
transport scenarios.

3. Simulation Scenarios and Results
This section presents the simulation scenarios considered in this study together with

the corresponding results. The purpose is to demonstrate the applicability of the proposed
CO2 estimation model under representative operating conditions. The simulation scenarios
consider different traffic environments, vehicle categories, occupancy levels, and mobility
strategies. The results provide a comparative evaluation of the environmental performance
of ride-hailing services and conventional public transport under the modelling assump-
tions adopted. The prototype, developed in Python 3.9.6, is intended to demonstrate the
complete workflow of the proposed methodology. The required inputs consist of vehicle
parameters, route characteristics, traffic scenario parameters, and speed–time profiles. The
software processes the input data to estimate energy consumption and W2W CO2 emis-
sions, and generates comparative indicators, graphical visualizations, and CSV files for
further analysis. The current implementation constitutes the computational core of the
future RINO platform, where these functions are intended to be integrated with operational
vehicle and route information to support fleet-management decision-making.

3.1. Defining Simulation Scenarios

As illustrated in Figure 2, the simulations are performed for the following represen-
tative scenarios: (i) dense urban/heavy-traffic condition and where ride-hailing services
are not available; (ii) peri-urban/light-traffic condition and where ride-hailing services
are not available; (iii) dense urban/heavy-traffic condition and with ride-hailing services;
(iv) peri-urban/light-traffic condition and with ride-hailing services.

The vehicle parameters used in the simulation are presented in Table 2. In the present
framework, regenerative braking efficiency ηregen is represented by an average effective
parameter. In practice, this efficiency varies with parameters such as vehicle velocity,
motor torque, battery state of charge, brake system pressure and the energy management
strategy implemented by the vehicle manufacturer [29]. Since the objective of the proposed
model is comparative route-level CO2 assessment rather than detailed modeling of battery
and motor control systems, an average efficiency was considered sufficient to capture the
overall contribution of regenerative braking while maintaining computational simplicity.
Accordingly, the present work adopts constant values consistent with experimentally re-
ported average regenerative braking efficiencies for battery electric vehicles (approximately
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60%) [30]. However, slightly different representative values (0.55–0.60) were adopted for
the different vehicle categories, considering that more weight would slightly impact the
efficiency [31,32]. The fuel and electricity parameters are presented in Table 3.

Figure 2. Graphical illustration of the simulation scenarios: (i) dense urban/heavy-traffic condi-
tions and without ride-hailing services (Scenario A); (ii) peri-urban/light-traffic conditions and
without ride-hailing services (Scenario B); (iii) dense urban/heavy-traffic conditions and with ride-
hailing services (Scenario C); (iv) peri-urban/light-traffic conditions and with ride-hailing services
(Scenario D).

Table 2. Vehicle parameters used in the simulation.

Vehicle Powertrain Mass m
(kg) Cd

Frontal
Area A

(m2)
Crr

Effective Average
Powertrain
Efficiency η

Regenerative
Efficiency

ηregen

Auxiliary
Power Paux

(W)

Mini Gasoline 1050 0.3 2.05 0.011 0.22 – –

Mini Diesel 1120 0.3 2.05 0.011 0.24 – –

Mini Electric 1300 0.29 2.05 0.011 0.88 0.6 450

Compact Gasoline 1350 0.3 2.2 0.012 0.22 – –

Compact Diesel 1450 0.3 2.2 0.012 0.24 – –

Compact Electric 1600 0.29 2.2 0.012 0.88 0.55 600

SUV Gasoline 1850 0.35 2.6 0.013 0.21 – –

SUV Diesel 1950 0.35 2.6 0.013 0.23 – –

SUV Electric 2200 0.33 2.6 0.013 0.86 0.6 700

Minibus Diesel 3200 0.42 4 0.014 0.25 – –

Minibus Electric 3800 0.42 4 0.014 0.85 0.58 900

Bus Diesel 11,500 0.55 7.5 0.015 0.28 – –

Bus Electric 13,000 0.55 7.5 0.015 0.83 0.55 1800

Note: “–“ indicates that the value is not applicable.
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Table 3. Fuel and electricity parameters.

Parameter Gasoline Diesel Electricity

LHV (J/kg) 43 × 103 42.5 –

Fuel density (kg/L) 0.745 0.832 –

ε
emission factor

2.31
(kg CO2/L)

2.68
(kg CO2/L)

0.40
(kg CO2/kWh)

kW2T 0.2 0.18 –

Idle consumption (l/h) 1.1 0.9 –

As it can be seen in Table 4, for the first two scenarios, different vehicle occupancy
levels and vehicle classes (mini, compact, SUV, mini-bus, bus) were considered, allowing
detailed comparisons between transport strategies. Usually, mini cars are only for one
person in light demand, rarely being used with two persons, so the average occupancy is
1 to 1.3 persons per trip. Compact cars can have one person during low passenger demand
and two persons when the passenger demand is very high, with an average of 1.1 to 1.4.
In the same conditions, SUVs are assumed to carry between one and three persons, with
an average of 1.2 to 1.5. Mini-buses can have 8 to 12 people, and buses, between 40 and
60 persons, depending on passenger demand. For Scenarios C and D, the passenger-car
occupancy values were intentionally increased to represent hypothetical high-occupancy
demand-responsive mobility configurations and to investigate the influence of improved
vehicle utilization on CO2 emissions per passenger-kilometer. These occupancy values are
imposed scenario parameters rather than empirical estimates of average occupancy for
specific ride-hailing platforms. They constitute conditional comparative scenarios used to
evaluate how the matching between vehicle capacity and passenger demand influences
transport-related CO2 emissions. Accordingly, the resulting differences between passenger
cars, minibuses, and buses are valid under the occupancy assumptions defined in Table 4.

Table 4. Traffic scenario parameters.

Parameter Scenario A Scenario B Scenario C Scenario D

Traffic
conditions Heavy Light Heavy Light

Route length (km) 10 10 10 10

Total passengers to be
transported 1000 1000 1000 1000

Mini occupancy
(passengers
per vehicle)

1.3 1 2 2

Compact occupancy
(passengers per vehicle) 1.4 1.1 4 3

SUV occupancy
(passengers
per vehicle)

1.5 1.2 5 4

Minibus occupancy
(passengers per vehicle) 12 8 10 8

Bus occupancy
(passengers
per vehicle)

60 40 50 25
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To ensure a common basis for comparison, all simulations consider a fixed total of
1000 passengers requiring transportation over the same 10 km route, and the required
number of vehicles for each category is calculated according to the assumed occupancy
values. The number of 1000 passengers therefore represents a normalization basis for
the comparative CO2 assessment rather than a passenger-demand model. After that, the
simulator estimates the CO2 emissions for each scenario.

The speed–time profiles considered in this study are representative synthetic driving
profiles developed for simulation purposes. They were designed to reproduce typical
urban and peri-urban operating conditions while ensuring identical driving conditions
for all vehicle categories evaluated. Consequently, the simulations focus on comparative
assessment rather than on reproducing traffic conditions in a particular city or transport
network. All profiles were generated for a route length of 10 km using a constant numerical
time step of ∆t = 1 s, while the road gradient was set to 0% for the scenarios investigated.
Two traffic conditions were considered: light traffic, used in Scenarios B and D, and
heavy traffic, used in Scenarios A and C. The corresponding generated profiles have mean
speeds of approximately 30 km/h and 15 km/h and travel durations of 1200 s and 2400 s,
respectively, while the maximum speeds are approximately 37.7 km/h and 39.5 km/h.
The traffic conditions are differentiated not only by their mean speeds but also through
the parameters of the stochastic speed-profile generator. Specifically, the probability of
initiating a stop at each simulation step is 0.002 for light traffic and 0.015 for heavy traffic,
while the corresponding stop-duration ranges are 3–12 s and 20–90 s. The stochastic
acceleration distributions were parameterized with a mean of 0.90 m/s2 and a standard
deviation of 0.40 m/s2 for light traffic, and with both a mean and a standard deviation
of 0.55 m/s2 for heavy traffic, together with greater speed variability under heavy traffic.
These parameters result in substantially more pronounced stop-and-go operation under
heavy traffic. For the generated profiles used in the simulations, the cumulative time below
the adopted stop threshold of 0.5 m/s was approximately 1 s for light traffic and 1006 s
for heavy traffic. For each traffic condition, the same generated speed–time trajectory was
applied to all vehicle classes and powertrain technologies, thereby ensuring controlled
comparative conditions in which differences in calculated energy consumption and CO2

emissions result from vehicle and powertrain parameters rather than from different driving
trajectories. These profiles should therefore be interpreted as controlled synthetic driving
conditions developed for comparative scenario analysis rather than as measured traffic
trajectories representative of a specific city or road network.

3.2. Simulation Results

The results presented in Figure 3 are expressed as specific W2W CO2 emissions in g
CO2/passenger-km. For each vehicle category and scenario, the total W2W CO2 emissions
estimated for the 10 km route are normalized by the corresponding number of passengers
transported and by the route distance. Consequently, the values shown in Figure 3 represent
the CO2 emissions associated with transporting one passenger over one kilometer under the
vehicle occupancy and traffic assumptions defined for each scenario. The most important
aspect that arises is that under conditions of low occupancy and long headways (typical
in peri-urban or poorly served areas), conventional public transport can have higher per-
passenger emissions than high-occupancy ride-hailing or demand-responsive vehicles.
Specifically, in underutilization conditions, public transportation can have higher emissions
per passenger-kilometer than small cars that are used efficiently. Thus, these results support
the hypothesis that there are circumstances in which conventional public transport is less
CO2 efficient per passenger than optimized individual transport. In turn, this points out
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the importance of passenger-demand predictions and accurate correlation between the
estimated number of passengers and the optimal allocation of vehicle type.

Figure 3. Estimated specific W2W CO2 emissions (g CO2/passenger-km) for the simulated 10 km
route under Scenarios A–D.

The results also indicate that in peri-urban areas, where public transport occupancy
is low, emissions of buses and minibuses can be comparable or even higher than those
generated by electric cars in individual mode. This effect is accentuated in scenarios with
low traffic and underuse of public transport vehicles, which is also supported by the
literature in which population density plays a key role in the efficiency of transport modes.

Another important aspect that results from Figure 3 is a considerable decrease in
specific CO2 emissions when ride-hailing services increase vehicle occupancy. This trend is
maintained for all passenger car categories, regardless of the propulsion technology. This
demonstrates that vehicle occupancy has a stronger influence on emissions per passenger-
kilometer than vehicle size. Within the passenger-car categories considered in this study
(Mini, Compact, and SUV), increasing vehicle occupancy substantially reduces the specific
CO2 emissions per passenger-kilometer. Among these vehicle classes, SUVs exhibit the
largest relative reduction because they experience the greatest relative increase in average
occupancy between the simulated scenarios. Consequently, their percentage reduction in
specific CO2 emissions is larger than that observed for the Mini and Compact categories.
This observation refers exclusively to the passenger-car classes analyzed in this study
and should not be interpreted as a direct comparison with minibuses or buses, whose
substantially higher baseline occupancies lead to different scaling behavior. The simulation
results also show that EVs have the lowest specific emissions in all scenarios. Nevertheless,
the results indicate again that occupancy remains an important factor even for low-emission
propulsion technologies.

Another important aspect that results from Figure 2 is that no transport mode can be
considered universally optimal from the perspective of CO2 emissions. Instead, transportation
environmental efficiency is obtained when vehicle capacity matches passenger demand. Next,
other important factors are traffic conditions, population density, and vehicle occupancy.
Consequently, the proposed CO2 estimation framework provides a practical decision-support
tool capable of identifying the most appropriate vehicle category for a given scenario. The
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simulation results also show that conventional public transport is highly efficient in dense
urban environments where high occupancy levels are ensured. Otherwise, its environmental
performance decreases in peri-urban areas where occupancy gets lower.

The simulations suggest that in adaptive scenarios (ride-hailing), when vehicles are
dynamically allocated based on real demand, total emissions can be reduced compared to
classic non-demand-responsive public transport, especially in areas with dispersed demand.
These results are in agreement with the literature suggesting the potential of integrated
e-hailing services to reduce kilometers traveled and, implicitly, emissions generated [7].

Overall, these results show that adaptive demand-responsive mobility services can be
a very effective complement to conventional public transport. Specifically, such ride-hailing
services not only address specific user needs, but also represent a very efficient transport
solution for areas characterized by low passenger demand and dispersed travel patterns.

4. Discussion
4.1. Interpretation of Results and Comparison with Previous Studies

What stands out clearly from the simulations is that vehicle occupancy has a major im-
pact on specific CO2 emissions per passenger-kilometer and this is not surprising. A vehicle
requires energy to mainly overcome its mass, aerodynamic drag, rolling resistance, and
uphill pass, while increasing the number of passengers would have a smaller contribution.
Therefore, more people transported mean lower CO2 emissions per passenger-kilometer.
This is exactly the trend observed for all passenger car categories in this study.

The simulations also reveal a second important thing: the environmental performance
is not determined by vehicle size alone. As the results show, large vehicles achieve their
advantage only when they carry enough passengers. When the number of people trans-
ported decreases, the amount of energy required to move a large vehicle is shared among
fewer passengers, leading to a rapid increase in emissions per passenger-kilometer. On
the other hand, smaller vehicles can become efficient if they go with high occupancy rate
when the demand is low. This does not mean that ride-hailing services are better than
conventional public transportation. It only shows that the efficiency of any transportation
mode depends on how well vehicle capacity matches passenger demand. This is consis-
tent with findings of other studies. Empirical measurements on urban bus fleets have
shown that the environmental benefit of public transportation depends on the number of
passengers [33,34]. Therefore, the low-occupied buses can lose their environmental ad-
vantages relative to smaller passenger cars. Although the model presented in this paper
studied four representative scenarios rather than specific transportation networks, the
trends obtained in the simulations are well aligned with these real-world observations.

The simulations also suggest that ride-hailing services can be a good alternative in
peri-urban areas, where travel demand is low and spread over a large area. However,
it is necessary to take into account the context of the modeling assumptions adopted in
this paper. The comparison does not explicitly include operational processes such as
vehicle repositioning, deadheading between consecutive trips, or trip chaining. These
additional activities increase the total distance traveled by ride-hailing vehicles relative to
the number of passengers and may reduce their ecological advantage under real-world
operating conditions. Therefore, the results should be interpreted as an illustration of
the influence of occupancy rates and vehicle size, rather than as a universal comparison
between transport modes.

4.2. Practical Implications

The present framework is intended to help decision-making in situations where
various mobility solutions must be compared from a CO2 emissions perspective. The
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model does not promote one mode of transport over another. It simply takes into account
vehicle category, occupancy rate, traffic conditions, and route characteristics to evaluate the
environmental performance of passenger transportation. In planning strategies, the present
proposal can also help identify the most appropriate vehicle category for a given transport
demand, in order to match vehicle capacity with the estimated number of passengers. This
observation can support the planning of ride-hailing services, especially in peri-urban
areas where passenger demand is highly irregular throughout the day. The proposed
methodology can also assist fleet operators evaluate different operational scenarios before
implementation. For instance, changes in vehicle occupancy rates, route characteristics,
or fleet composition can be analyzed to estimate their impact on W2W CO2 emissions
under the same modeling assumptions. Such analyses can help select the most efficient
operational strategies for a specific transport service. Also, the proposal necessitates low
computer power. The model requires only commonly available input data, such as vehicle
characteristics, route information, and typical speed–time profiles. This would make it
suitable for integration into decision-support applications. Another practical advantage is
that the framework can be further extended without core modification when additional
data sources become available.

4.3. Model Limitations and Future Development

Nevertheless, the proposed algorithm has some limitations. First, the model is de-
terministic and does not account for dynamic variations in traffic conditions. Second,
the W2T component is represented using average emission factors, which may vary in
certain conditions. In particular, the W2W results obtained for EVs depend on the elec-
tricity emission factor adopted in the analysis, which may vary according to the regional
electricity-generation mix and the temporal characteristics of electricity production. Conse-
quently, the EV-related results should be interpreted in relation to the electricity emission
factor assumed in the present scenarios. Although the present work focuses on the devel-
opment of a computationally efficient comparative assessment framework, future work can
be further extended by dedicated sensitivity analyses to quantify the influence of weather
conditions, auxiliary loads (e.g., HVAC operation), and unexpected traffic events on the esti-
mated CO2 emissions. Such analyses will support a more comprehensive evaluation of the
robustness of the proposed methodology under real operating conditions. In addition, in
the proposed algorithm, driver behavior is represented through predefined driving profiles
rather than detailed individual driving characteristics. Furthermore, the proposed model
considers only longitudinal vehicle dynamics. Consequently, additional energy losses
associated with cornering resistance, tire slip, and steering maneuvers are not explicitly
represented. Although these effects are generally smaller than the dominant longitudinal
energy components, they may become more significant for highly sinuous urban routes and
represent a natural direction for future model development. Also, idle fuel consumption
is represented by a constant mass flow rate and does not explicitly account for automatic
start–stop systems, accessory load variations, or engine thermal management. Although
this approximation has only a limited influence, incorporating adaptive idle-consumption
models constitutes an important direction for future work. Another approximation was
for regenerative braking efficiency, which was represented by an average effective value.
The present model therefore does not explicitly account for variations caused by battery
state of charge, temperature, braking intensity, or control strategies. Another limitation is
that the present framework estimates emissions generated during passenger transport only.
Operational processes specific to ride-hailing services, including deadheading, vehicle
repositioning between successive trips, and trip chaining, are not explicitly represented.
Consequently, the total emissions associated with real-world ride-hailing operations may
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be underestimated. Finally, the proposed method does not consider the effect of unex-
pected traffic events (i.e., accidents, road works, or temporary road closures). Despite these
limitations, the proposed approach provides a computationally efficient framework for com-
parative analyses and decision support in transport planning and fleet management under
the modelling assumptions adopted and considering passenger-carrying operation only.

Future work on the model will focus on increasing its accuracy and on further develop-
ing the practical applicability. In this direction, the first natural extension is the integration
of real-time GPS trajectories and combination with live traffic information. This correlation
between the two features of the RINO platform will enable dynamic emission estimation
under continuously changing operating conditions, further improving the precision and
enabling real-time management.

Another aspect should focus on the integration of Artificial Intelligence (AI) techniques
for passenger demand prediction, vehicle allocation and route selection. In this perspective,
AI integration is expected to improve the efficiency of demand-responsive mobility services.

5. Conclusions
The present study offers a computational framework for estimating W2W CO2 emis-

sions generated by different passenger transport modes. The proposed methodology
takes into consideration vehicle dynamics, powertrain characteristics, route information,
and occupancy for consistent comparisons among conventional passenger cars, public
transportation, and demand-responsive mobility services.

The main conclusion is that simulations show that vehicle occupancy is one of the
most important factors influencing specific CO2 emissions per passenger-kilometer. The
analysis also demonstrates that the environmental performance of a transportation mode
cannot be evaluated independently of the operating conditions. Therefore, buses achieve
their greatest benefit when passenger demand is sufficient, whereas smaller vehicles may
become competitive in low-demand scenarios when the occupancy is high. These findings
show the importance of matching vehicle capacity to actual passenger demand instead of
assuming that one transportation mode is universally better. The results confirm empirical
studies on real-world emissions of gaseous pollutants per passenger-kilometer traveled
with various transportation modes.

The methodology relies on commonly available input data. Thus, it can support
transport planning, fleet management, and scenario evaluation. Also, it can serve as the
computational core of future ride-hailing platforms.

Finally, the proposed work should be viewed as a comparative decision-support
methodology. The current implementation intentionally adopts several simplifications to
ensure transparency and efficiency. Nevertheless, additional operational and environmental
factors can be incorporated as new data become available, providing a flexible foundation
for future developments in sustainable and demand-responsive mobility.
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