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Abstract
With the climate emergency and growing challenges ranging from pollution to congestion,
ride-pooling (rp) has been floated as a potential solution for less congested, low-carbon and more
space-efficient urban transportation. However, it is unclear which system configurations will
enable an economically viable case for shared pooled mobility. To develop a more profound
comprehension of the mechanisms underlying this subject, we here develop a simplified model to
analyze the switching potential and CO2 emissions of rp systems for a specified number of
transport users, road network topology, and other system parameter values. This analysis is
conducted across a broad range of switching probability functions (defined as the probability that a
car or public transport user switches to rp) between an upper and lower bound of switching
behavior assumptions. Based on current Berlin parameters and the basic switching probability
function, we find that rp can reduce the carbon emissions resulting from local transportation in
Berlin by approximately 39%. Policies that reduce the time factor—such as the provision of
priority lanes—have the greatest effect in encouraging rp. For the system to be efficient and achieve
measurable reductions in carbon emissions, the fleet size must be large enough. Across the range of
switching probability functions, our results demonstrate that a fleet of 6000 to 23 000 minibuses
would be optimal to serve Berlin and reduce system-wide emissions.

1. Introduction

Passenger road transport is responsible for roughly 10% of global CO2 emissions [1, 2]. With the structural
change from industrial to service-based economies, these emissions increase not only in absolute terms but
also relative to other sectors [3]. A classification of mitigation strategies includes the avoid-shift-improve
framework [4]: less demand for motorized transport through compact urban design (Avoid), a shift to
public transit and cycling (Shift), and more efficient electric vehicles powered by renewable energy (Improve)
[5]. While electric vehicles are central to any mitigation strategy, they will not reduce greenhouse gas (GHG)
emissions quickly enough. In addition, it would be desirable to reduce overall traffic and private car
ownership for the added benefits of reducing noise, congestion, land use and accidents [6], as well as the
overall energy needed. In recent years, the advancing digitalization has facilitated the rise of a sharing
economy [7]. Apart from car sharing, which disconnects car usage from car ownership, the sharing economy
reveals options like dynamic ride-pooling, in which individual trips can be requested and pooled together,
akin to shared taxi services. Models suggest that supplementing private motorized commuting with shared,
pooled mobility in suburban and metropolitan areas could make a big difference, reducing GHG emissions
by more than 30% even without electrification [8]. Other studies estimate that shared mobility can reduce
overall passenger transport emissions by at least 6.3% [9, p 9]. However, if we shift the focus from urban to
rural ride-pooling, we see that it struggles to be economically viable and hardly generates the demand needed
for significant pooling [10, 11]—even though it is designed to fill gaps in public transport [12] and,
according to [13], is topologically more amenable to pooling.
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Shared pooled mobility has long been studied as a generalization of the Traveling Salesperson Problem,
called the dynamic dial-a-ride problem (DARP) [14]. DARPs can be directly addressed in agent-based
models [15, 16]. Existing models also use different methodologies to analyze the demand for ride-pooling
and its impact on, e.g. emissions and congestion. For example, [17] uses statistical investigation to assess
demand, [18] and [19] develop a game-theoretic approach to explore demand under different ride-pooling
incentives, and [20] implements machine learning to calculate CO2 emission reduction rates for
ride-pooling. However, since direct optimization quickly leads to impractically long computation times, the
demand has to be downscaled [21]. To cover the full demand, the problem is often solved approximately by
using a set of heuristics [13, 22–24]. However, even these heuristic simulations incur significant
computational costs, limiting the feasibility of exploratory, empirical studies.

Therefore, we introduce a simplified model that does not claim to provide an exact quantitative outcome
for policy, but rather approximates the possible effects of various interventions on (economic and
transportation) decisions for the ride-pooling market. In this work, the switching probability is defined as
the probability that an individual will switch their former mode of transport (either car or public transport)
to ride-pooling. Thus, we construct a simple function that includes important, averaged parameter values yet
remains analytically tractable. This model is based on the scaling behavior of on-demand ride-pooling,
together with a set of very general constraints on the shape of the switching probability. While this does not
allow for concrete predictions, we find that the order of magnitude of the approximated fleet size is
consistent with concrete simulations for the city of Berlin [25]. This allows us, for the first time, to estimate
the ride-pooling fleet size without knowing the pooling algorithm or the adoption probability. A numerical
comparison of several alternative switching probability functions, including upper and a lower bounds,
reveals interesting mode choice tendencies and estimates effects of parameter modifications. The question is
thus related to the so-called minimum fleet problem, which is predicated on computing the optimal number
of buses required to accommodate the maximum number of requests, while ensuring that all vehicles are
fully utilized [26].

Our simplified approach is intended to provide a broad overview of the potential effects of an additional
ride-pooling service on equilibrium mode choice. The approximation is based on analytical results of
on-demand ride-pooling derived in [27] for average travel times and vehicle occupancies in the limit of large
fleet sizes and request rates. While the model works with unbounded vehicle sizes, it has been shown in [28]
to be a valid approximation as long as the typical occupancy is sufficiently smaller than the vehicle size
(about 50% to 100% larger vehicle sizes). The mode choice potential is modeled as a switching probability
function, which estimates the average fraction of passengers changing their original mode of transport (car or
public transport) based on average relative prices and travel times of pooled rides compared to their original
modes of transportation. Since we only model approximate fractions, rather than individual behavior,
individual preferences and influences, such as feelings of security or comfort are disregarded in this study.

We then use this simplified model to estimate the optimal size and number of ride-pooling vehicles for
given scenarios. However, due to the simplicity of the model, the results do not constitute realistic predictions
for mode choices, but rather roughly map out possible effects on a large space of mode choice potentials.

2. Methods: model characteristics

The model considers three modes of transportation: private car, public transport, and ride-pooling while
omitting all other forms of passenger transportation (e.g. cycling, walking, taxi driving). Thus, we only
consider non-walkable/cyclable trips, and ignore taxi trips as too small a fraction to have much impact. In
addition, only the potential to switch from car to ride-pooling or from public transport to ride-pooling is
taken into account, while the choice between car and public transport is considered to be already fixed
(i.e. due to car ownership or annual season ticket). We think of our model as representing a transport system
before and after the introduction of a ride-pooling service, while not changing price or speed of any other
mode. Therefore, the motivation to switch between car and public transport would come from secondary
effects such as changes in road traffic, which are likely to be small. We also assume that total demand is
constant and does not change with the addition of the pooling service. After the introduction of the pooled
service, we assume that enough time has passed for the system to reach a new equilibrium, i.e. not only that
the information about the service has reached everyone, but also that everyone has responded to the changes
in price and travel time (any other influences, such as privacy or convenience, are not considered).

We assume that car users change their mode of transport to ride-pooling at a switching probability of Pcar
and public transport users change their mode of transport with the probability of Ppt, where the subscript car
stands for a variable associated with car users, pt for variables associated with public transportation, and rp
for variables associated with ride-pooling. A comprehensive list of all variables, accompanied by their precise
definitions, can be found in table (I) of the supplemental information. The switching probabilities define the

2



J. Phys. Complex. 6 (2025) 035013 M Keil et al

load λ of the ride-pooling system as the number of ride-pooling users per unit of time τ , which is the sum of
switched car drivers and switched public transport riders (and thus the total demand for ride-pooling),

λ=
(
McarPcar +MptPpt

)
λtot (1)

HereMcar is the initial proportion of car drivers before the introduction of the ride-pooling mode,Mpt is
the initial proportion of public transport users and λtot is the total number of trip requests for cars and
public transport on the system within our natural timescale τ . The total travel demand λtot is estimated from
the population of the area, using average travel habits recorded in the literature and is estimated to be:

λtot =
3.2 trips

24 hours
τ d , τ =

l

v
(2)

where the natural timescale τ of the problem is the average time it takes to drive the requested trip on a direct
route of average length l km with average speed v kmh−1. d is the number of inhabitants in the system with
3.2 trips/day/person resulting from MiD data [29, table 3].

The switching probability function estimates the average fraction of passengers switching from one mode
of transport to another. The probability of switching from a previous mode is denoted by Pref , where the
reference (ref ) can be either car or public transport—the function is further elaborated in equation (3). This
should be conceptualized as an aggregate quantity that provides a probability of switching averaged over the
population. While individual agents value time, money, and other factors heterogeneously, we model only
the fraction of agents that decide to switch at a given relative travel time and relative price. The total duration
of the ride-pooling trip, referred to as service time ts, is the sum of the waiting time for a ride-pooling
vehicle, and the subsequent travel time to the designated stop (further elaborated in equation (4)). CB on the
other hand defines the price per passenger for the pooled ride (as shown in equation (5)). For the functional
form of the switching probability functions Pref , we consider the following constraints concerning the service
time ts and cost CB for the ride-pooling alternative:

i) if ts or CB →∞ then Pref → 0
ii) if ts and CB → 0 then Pref → α
iii) if ts = tref and CB = Cref then β1 < Pref < β2
iv) if either temporal or financial values vary, the function reacts monotonously.

Here, α, β1, and β2 are all numbers between 0 and 1. Requirement i) reflects the assumption that no
agent would switch to a pooling service that takes infinitely long or is infinitely expensive. ii) ensures that if a
free and immediate service were to emerge (e.g. teleportation), it would eventually convince all but the
fraction α who, for whatever reason, cannot / will not use ride-pooling. iii) constrains the probability of
switching for identical price and service quality to be between β1 and β2. This is to make sure that with
identical service quality (to the user’s current mode, which takes service time tref and costs Cref ), a certain
fraction is willing to share their trip. iv) ensures that an increase in price with fixed travel time or an increase
in travel time with fixed price, monotonically reduces the probability of switching.

As the true values for the maximal pooling fraction α and the pooling fraction at equal service β are
unknown and there is no suitable study estimating them, we will assume that everyone can be swayed by zero
cost and instant arrival and set α= 1 (although instantaneous arrival is obviously not physical). At the same
level of service (times and prices are the same), we assume that no more than β2 = 1/2 of the population
would accept the new ride-pooling option (equivalent to a random choice), but at least β1 = 1/4 would
(arbitrary choice). Choosing β1 and β2 puts the ride-pooling option at a slight disadvantage, but limits the
reluctance to change, modeling a bias towards habitual transport modes. Out of the numerous functions
fulfilling these criteria, we select a particularly simple one to carry out the main analytical analysis of its
effects on a wide range of parameters (section 3). Subsequently, we show in a numerical analysis of other
functions, including the logit function (which is widely used in economics [30]) as well as functions
representing upper and lower bounds for the switching probabilities Pref , that the results remain qualitatively
valid (section 4). Visualizations of all switching probability functions can be found in figure 2 of the
supplemental information.

Based on these observations, we expect the behavior of the money and time dependencies to fall between
an upper and lower bound (or the probability functions with the highest/lowest switching probabilities
compatible with constraints i)–iv)), regardless of the exact functional form. Our function takes into account
essential factors for the transportation decision of the consumers (financial and temporal ones). However,
the functions do not claim to be quantitatively exact and do not consider other psychological factors, such as
personal space or safety concerns, that also play a role in decision making.
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We now construct a simple switching probability function based on the above requirements i), ii), iii),
and iv), which allows for an analytical solution. It is the product of the inverse relative time and price:

Pref = Pr(choosing ride-pooling over reference) =
1

ts
tref

+ 1

1
CB
Cref

+ 1
(3)

This function approaches 0 when at least one of ts and CB becomes infinite. It approaches 1 if both ts and CB

reach 0. Note, however, that it will take the value β1 (1/4) if both travel time and cost are equal to that of a
person’s previous mode, which is the lower end of the range in iii). Numerical analysis of other switching
probabilities can be seen in figure 3.

The average car and public transport travel times tcar and tpt, as well as car and public transport costs Ccar

and Cpt are derived from a range of parameters, such as approximate average prices of transport tickets (Cpt)
and approximate times of searching for a parking lot (tp), which we assume to be fixed system parameters as
shown in table 1. The parameters are set as fixed system parameters for the base case; however, the effects of
changing individual parameters are explored in section III. The remaining two parameters are the average
service time ts and the average ride-pooling price CB. Both are approximated based on the perfect service
limit found in [27, 28], which is the limit of many requests and many vehicles. The average driving time td
quickly reaches the average direct travel time τ (used as time unit) and the average waiting time tw
approaches zero with 1/B, where B is the fleet size, or number of ride-pooling vehicles [buses] operating in
the system. This gives:

ts = tw + td ≈ γτB−1 + τ (4)

where γ is a parameter quantifying the effect of road network topology on the efficiency of ride-pooling for
the region in question, as defined and estimated in [27].

The average price CB per ride-pooling user is calculated by dividing the operating expenses of one
ride-pooling vehicle by the number of passengers sharing it. Thus, the price CB for a pooled ride is
approximated as the price C for operating the vehicle divided by the average number O of occupants in the
vehicle. While C is a constant parameter (computed as the sum of fuel and driver costs), estimated from
literature, O is estimated from the perfect service limit in [27]. As a result we get:

CB =
C

O
≈ CB

λ
. (5)

By inserting equation (5) into equation (3), which is then put into equation (1), we make all dependence on
λ explicit. Thus, we obtain a consistency equation, is solved for λ to express it as a function of B (see the
supplemental information (SI) equations (1)–(5) for details),

λ(B) =−CB
2

(
1

Ccar
+

1
Cpt

)
+

λtot

2

(
Mcartcar
ts + tcar

+
Mpttpt
ts + tpt

)

+

√
C2B2

4

(
1

Ccar
− 1

Cpt

)2

+
λ2
tot

4

(
Mcartcar
ts + tcar

+
Mpttpt
ts + tpt

)2

+
CBλtot

2

(
−Mcartcar
ts + tcar

+
Mpttpt
ts + tpt

)(
1

Ccar
− 1

Cpt

)
.

(6)

While the equation has three roots, we select the one convincing the largest fraction λ(B) to use ride-pooling.
This function for λ(B) can now be used to evaluate the switching probabilities for different values of B

and thus gives the modal split after the introduction of ride-pooling.
We use this modal split together with estimates for the CO2 footprint per time unit τ of the different

modes to approximate the system-wide CO2 emissions after the introduction of ride-pooling for a set of
parameters. Note that emissions per unit τ are equivalent to emissions per direct travel distance as all vehicles
drive at the constant velocity v= l/τ . The CO2 footprint for private cars in the system, denoted by COcar

2 is
given by the direct distance l of the trip, plus the distance lp driven to find a parking lot multiplied by the
number of trips taken by car and the average emissions Ecar per car per distance:

COcar
2 = Ecar

(
l+ lp

)
(Mcar (1− Pcar (B))λtot) . (7)

The emissions of the ride-pooling service COrp
2 per τ are given by the emissions per ride-pooling vehicle Erp

multiplied by the number of vehicles B and the direct distance of the requested trip l. This is because in the
assumed perfect service limit, all B ride-pooling vehicles always travel at velocity v, since the probability of
vehicles being empty is extremely low in this limit. Thus, detours and occupancy have no impact on the CO2

footprint of the service. Regardless of occupancy, we use one vehicle size throughout the analysis of fleet sizes
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B. This leads to an overestimation of the impact of ride-pooling for small fleet sizes B, as the occupancy may
be unrealistically high and thus generate high CO2 savings (but also an underestimation for large fleet sizes
B). However, since the emissions per vehicle scale sub-linearly with the number of seats, we do not expect
this approximation to change the general results,

COrp
2 = ErplB. (8)

Finally, the CO2 footprint of the public transport system COpt
2 per τ is assumed to be constant and also

independent of the number of users, as its changes operate on different time scales compared to ride-pooling
and private car. In the context of the present analysis, only the short-term implications and effects of the
introduction of ride-pooling are considered.

The CO2 emissions of the public transport services for the city of Berlin are given in [31, p 100] as
163 000 tonnes per year. This number excludes trams, metros, and electric buses, since they run on renewable
electricity, but includes emissions from heating the company’s office and service buildings. As such, it is likely
to slightly overestimate bus emissions relative to the other modes, which are based entirely on emissions from
vehicle miles traveled,

COpt
2 =

(
163000

t

year
/ 365

days

year
/ 24

h

day

)
τ = 11.75 t. (9)

In the long term, there would be an adjustment to the public transport supply if the overall demand were
to be altered; however, this will not be evaluated in the present work. In this sense the estimation is an upper
bound on the emissions, making sure that gains are not made at the expense of line service quality. Taken
together, we thus get the following approximation for the system-wide CO2 emissions COtot

2 per time τ :

COtot
2 (B) = COcar

2 +COrp
2 +COpt

2 = Ecar
(
l+ lp

)
(Mcar (1− Pcar (B))λtot)+ ErplB+COpt

2 . (10)

3. Results

3.1. Parameters influencing mode selection potential
In the upcoming section, we analyze pooled mobility demand λ, system-wide CO2 emissions COtot

2 and
vehicle occupancy O as functions of the ride-pooling fleet size B for a range of parameter values. The
reference parameter choices are based on literature values for the city of Berlin and given in table 1.

The number of trips requested λtot per time τ across all modes of transport is calculated based on the
number of inhabitants d= 3.7× 106 with an average amount of requests of 3.2 trips per day per person [29,
table 3] resulting in λtot = 310800 trips per time τ . In order to analyze different settings and their respective
CO2 emissions, we vary λtot within an interesting range to compare the travel demand of medium cities with
that of megacities. We scale λtot down to 105, which is comparable to a city of 1.2 million people and also up
to 5× 105, which could be the case for a city twice the size of Berlin, such as New York. Of these requested
trips, a share ofMcar = 0.38 [32, p 47] is made by car and a share ofMpt = 0.2 [32, p 47] is made by public
transport. Most of the other trips are made by active modes (walking, cycling) and are not considered in the
further analysis. The modal share for private cars,Mcar is varied between 0.28 and 0.48, withMpt varying,
assuming a fixed share of motorized individual transport (Mpt = 0.58−Mcar). This variation is based on the
observation that other types of areas (not metropolitan areas) such as smaller cities or rural areas, have less
public transportation availability [32, p 47]. However, some bigger cities may even have a lower proportion
of car drivers. The natural time scale τ = 0.63 h is the average direct driving time and is calculated based on
the average requested trip distance l divided by the average speed v as reported in [32, 33].

In the following, we do not vary τ directly, but vary the ride-pooling speed vrp (e.g. when express lanes
are allowed to be used by ride-pooling vehicles or when high occupancy vehicle (HOV) lanes are
introduced). This results in a distinct ride-pooling timescale τrp. The average private car travel time tcar is
calculated by adding the average time to find a parking space tp, as found in [34] (plus some extra time to
walk to the destination), to the average direct travel time τ . In the parameter modification section, we
analyze the effect of increased search time for a parking space tp, as this can be influenced directly by policy
interventions (removing parking spaces and thus increasing the time spent searching for a parking space). tpt
as public transport time is calculated using a factor ϵ= 2 [35] multiplied by the average direct travel time.
This multiplier will be varied throughout the paper using the range of 1.4–2.6 [35]. Regarding the costs of
owning and operating a personal car Ccar, we consider a compact car from Volkswagen (Passat Variant 1.5
with approximately 5.5 l / 100 km fuel consumption) to be representative because these are among the most
commonly owned types of cars in Germany [41]. Note that the cost of operating a car is calculated on a
per-kilometer basis (in economics known as ‘marginal cost per kilometer’) because this is a metric that has
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Table 1. Parameter values for the urban area of Berlin (with d= 3.7× 106 inhabitants). All abbreviations used are defined in table (I) in
the supplementary information.

Parameter Value References

λtot—trip requests per time unit τ λtot =
3.2
24 h τ d= 310,800 [29, table 3]

Mcar—initial proportion of car 0.38 [32, p 47]
Mpt—initial proportion of public
transport

0.2 [32, p 47]

τ—natural time scale l
v =

12 km
19 km h−1 = 0.63 h l: [32, table 3], v: [33]

tcar—average trip time using car τ + tp = τ + 0.125 h= 0.755 h average from [34]
tpt—average trip time public transport ϵ τ = 2 τ = 1.26 h [35]

Cop—car operating costs per km 0.0868 ekm [36]
Ccar—cost per car trip Cop l+Cp = Cop l+ 6 e= 7.04

€
Cp: [37]

Cpt—cost public transport 3.6 € [38]
γ—topological efficiency Berlin: 585 [27, suppl.]
lp—distance for finding a parking lot tp vp = 7.5

60 h 10 km
h = 1.25 km time×velocity (estimated)

C—cost for one ride-pooling bus per
unit time

0.3 ekm l+ 10 eh τ = 9.9 € fuel+driver (estimated)

Ecar—emissions per km car 185.5 g km−1 [39, p 309]
Erp—emissions per km ride-pooling 736.7 g km−1 [40, table 6]

been shown to be most frequently considered by car drivers, as opposed to fixed costs, which include
purchasing and maintaining a vehicle [42]. During the parameter change, Cop, the operating cost per
kilometer for a private car, is varied so that either the cost of driving a certain distance l is perceived as being
zero (which could be the case with company cars), or it is increased so that fixed costs (maintenance,
purchase) are included in the price per kilometer. The cost for parking a private car, Cp is varied in the same
way as the time to find a parking space tp—assuming either policy interventions with high parking prices
(Cp = 15 €) or no parking costs (Cp = 0 €). The price for a single public transport ticket Cpt is set to 3.6 €.
Variations include lowering the price to 1 € and 0.5 €. The topological factor γ is used as defined and
calculated in [27]. The value depends on the network topology: while the smaller city Göttingen has a more
centralized topology and thus a larger topological factor (γ= 996), making it harder to share rides, the rural
area of Ostfriesland has a small topological factor γ= 213, owing to the mesh-like rural street network. For
C, the cost for one ride-pooling bus per unit time τ , fixed costs are neglected. This means that only fuel and
driver costs are included, estimated on the basis of the current minimum wage and the fuel consumption of
an average city bus. lp is the distance traveled to find a parking lot and plays a role in the CO2 emissions
calculation. To calculate the total emissions in the system COtot

2 , we also need to take into account the
additional distance traveled by car to find a parking space. The values are estimated based on the average
parking search times tp for Berlin found in [34] and the approximate speed driven during the search vp. Ecar
and Erp represent the emissions per kilometer for car and ride-pooling. For the CO2 emissions of an average
ride-pooling bus Erp, we assume that one liter of diesel fuel emits on average 2650 g CO2 [43]. In addition, we
assume that our buses are minibuses or midibuses (a bus that is lighter than 15 tons and has about 22 seats)
and we know from [40, table6] that these buses use on average 27.8 l of diesel per 100 km, leading to
736.7 g km−1 for Erp.

The resulting switching probabilities for private car drivers and public transport users with the Berlin
parameters from table 1 and variations of the demand per unit time λtot over different fleet sizes B are shown
in figure 1(a). Figure 1(b) shows the CO2 emissions for the same three demand scenarios and figure 1(c)
shows the corresponding vehicle occupancies as a function of fleet size B.

All CO2 curves shown in figure 1(b) are qualitatively similar. Starting from fleet size B equal to zero, they
rapidly decrease as the number of shared vehicles increases. The curves reach a minimum, after which the
trend reverses and the function slowly rises. The initial reduction in emissions is due to the increasing
switching probability (shown in figure 1(a)) as average ride-pooling service times decrease and the price per
ride-pooling user is still low due to the small number of ride-pooling vehicles in the system. Eventually,
however, the increase in emissions from ride-pooling vehicles outweighs the reduction in emissions from
private cars, causing CO2 emissions to slowly increase again and at one point exceed the original CO2 value
(due to the larger size of ride-pooling vehicles compared to private cars, as well as deadheading). As
occupancy decreases, deadheading becomes increasingly prevalent, potentially resulting in an increase in the
average distance traveled per journey.
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Figure 1. Ride-pooling switching probabilities Pcar and Ppt, the resulting CO2 emissions and corresponding vehicle occupancies
with fleet size B for different total number of requests λtot per time unit τ . (a) Ride-pooling adoption increases as the service
improves and decreases again as the costs rise. (b) CO2 emissions per time unit τ decrease as adoption rates increase and increase
again as vehicle occupancy decreases. (c) Vehicle occupancy decreases with the number of vehicles.

Figure 2. Absolute and relative CO2 in tons per time τ at optimal number of ride-pooling vehicles. The triangles pointing
upwards show the increase in the respective parameter, the triangles pointing downwards show the decrease in the variation
(exact values can be found in table 1). Figure 2(a) Absolute CO2 emissions at CO2 minima range from less than 100 to more than
250 t CO2 per τ in the system. (b) CO2 emissions reduction at CO2 minimum relative to the emissions of the same system at fleet
size B= 0 (BAU: Business As Usual, a system without ride-pooling) for variations of system parameters (λtot, γ andMcar). (c)
CO2 emissions at CO2 minimum relative to the CO2 minimum of the Base Case (Base Case: variables as in table 1) for different
policy parameters.

However, since we consider our vehicles to be traveling continuously, the CO2 function grows indefinitely
and becomes invalid when the number of vehicles B exceeds the number of requested trips per unit time λtot.
The average vehicle occupancy shown in figure 1(c) decreases as the fleet size B increases. Note that for small
fleet sizes, the occupancies are well above the typical vehicle sizes used in on-demand pooling systems. The
CO2 minima are marked with dots in the figure, indicating that at the emissions optimum the average vehicle
occupancy is between 20 and 40, depending on the system load λtot. Considering that a real system would
have to account for fluctuations, we estimate based on the results of [28] that capacities should be at least 30
to 70 seats at the optimum.

As the request density varies in figure 1, we see that areas with more requests require more buses to reach
their CO2 optimum. The maxima of both car and public transport switching probabilities increase as λtot

increases, resulting in greater absolute and relative CO2 emission reductions: where 28.03% can be saved at
the maximum λtot = 105 compared to the same system without ride-pooling (B= 0), 42.40% can be saved at
λtot = 5× 105. In the Base Case, 39.16% can be reduced in comparison to a system without ride-pooling.
This is not only because more people are persuaded to switch, but each vehicle carries more passengers,
further increasing the efficiency of the system.

In the following, we analyze the system’s response to parameter changes, ranging from largely
unchangeable regional parameters (total demand λtot, topological factor γ, initial modal shareMcar) to
policy parameters (parking price, public transport price, ride-pooling speed, lack of parking spaces causing
delays, car purchase and maintenance costs to be included). The results in terms of carbon dioxide emission
reductions can be seen in figure 2 and table 2.

Figure 2(a) shows the optimal number of vehicles in terms of CO2 emissions for a range of parameter
scenarios shown in a scatter plot. The black star indicates the ‘Base Case’ in the sense that it uses all
parameters identical to table 1. All other markers have one parameter changed relative to the Base Case
scenario (ceteris paribus), with triangles pointing down indicating the parameter value was decreased and
triangles pointing up indicating the parameter value was increased. The color of the marker indicates the
changed parameter.

In this calculation, system and policy parameters were considered separately. This is due to the fact that
policy parameters can be adjusted by a government over a short term period, whereas system parameters are
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Table 2. The relative emission reductions are shown in figures 2(b) and (c). The system parameter modification on the one hand
compares the CO2 minimum with the CO2 value of the same system for a ride-pooling fleet size of B= 0. The policy parameter change
on the other hand compares the CO2 minimum with the modified parameter with the CO2 minimum of the Base Case (with values as
in table 1). The term BAU (Business as Usual) describes a system where no ride-pooling is introduced (B= 0). Base Case, on the other
hand, depicts the system with ride-pooling (B> 0) and the parameter values as in table I.

System parameter
change

1− CO2
min

CO2
B=0

rel. to BAU

λtot = 105 0.2803
λtot = 5× 105 0.424

γ= 996 0.355
γ= 213 0.4417

Mcar = 0.28 0.3704
Mcar = 0.48 0.4052

Policy parameter
change

1− CO2
min1

CO2
min2

rel. to
Base Case

Cp = 0 € −0.0833
Cp = 15 € 0.0111

Cpt = 1 € −0.001
Cpt = 0.5 € −0.0021

Cop = 0 € −0.0033
Cop = 0.55 € 0.0087

τrp = 0.4 h 0.1787
τrp = 0.5 h 0.0919

tp = 0.5 h −0.0401
tp = 0.75 h −0.0602

ϵ= 1.4 h −0.0012
ϵ= 2.6 h 0.0007

hardly adjustable. Rather, system parameters are considered as given depending on location and situation.
Consequently, the calculation of relative values is also performed separately. Thus, system parameters
evaluate the CO2 savings in comparison to a system that does not incorporate ride-pooling. In contrast,
policy parameters contrast the CO2 minimum with the CO2 minimum in the absence of parameter
modification (Base Case).

Changes made to system parameters are shown in figure 2(b) and table 2 (left column). They show the
maximal emission reductions with ride-pooling, relative to the same system at fleet size B equal to zero
(BAU). The variation results show that the emission reduction for different demand λtot can vary between
28.03% for lower demand and 42.40% for higher demand. This confirms the common knowledge that
systems with higher demand are more suitable for the pooling of trips. The results demonstrate that varying
the topological factor γ, to take values that have the topology of Ostfriesland (γ= 213) or Göttingen
(γ= 996) leads to a range of 44.17% to 35.5% in CO2 savings. This indicates that ride-pooling can be
beneficial in simpler topologies, such as rural areas. The initial share of car drivers, denoted byMcar, shows
that if the initial proportion of car usage within the system is higher, a relatively greater amount of CO2 can
be saved due to higher initial emissions.

Figure 2(c) and table 2 (right column) demonstrate the alterations made to the policy parameters. Here
the CO2 minimum with the changed parameter is compared to the CO2 minimum with the Base Case
parameters from table 1. It is interesting to see that even though some parameters are varied very much (e.g.
Cp from 6 € to 15 €), the change in the CO2 minimum varies by only a few percentage points (in this case the
CO2 minimum decreases by only 1.11%). Thus, we only look at the most interesting policy parameters that
induce changes in CO2 emission: ride-pooling travel time τrp produces most changes in emissions, as
reducing travel time (e.g. by using express lanes or introducing HOV lanes) can reduce emissions by 17.87%
for τrp = 0.4 h. At the same time, emissions would increase by 8.33% if the parking cost were reduced to
Cp = 0 €, which shows that travel times and direct pricing, such as parking costs, can have a positive impact
on emissions.

3.2. Influence of the switching probability function onmode choice
While estimates of parameters can be found in the literature for various regions and policies, we are not
aware of any published work on the functional form of the switching probability. However, the economic
literature on similar mode choices (i.e. mode choice between private vehicle and public transport) most
often uses logit functions [30] by assigning a monetary cost to time.
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Table 3. Functional forms of the switching probability functions Pref and the resulting relative CO2 emission reduction of the optimal
fleet size Bopt compared to a system without ride-pooling (B= 0). The same is calculated for a midibus fleet size B10 and a minibus fleet
size B5. The parameters (frp for ride-pooling and f ref for the former mode of transport) in the logit function are generalized to include
not only the financial cost p, but also the travel time t multiplied by the financial value of time h= 0.5, which is estimated as a fixed
system parameter (f = p+ ht). The upper and lower bounds are the functions of the highest and lowest values Pref(t,CB) for all
parameter values. They are constructed as combinations of Heaviside step functions θ(., .). More visualizations of all switching
probability functions are given in the supplemental information.

Abbrev.
Switching probability
function Pref Bopt CO2 (Bopt) B10 CO2 (B10) B5 CO2 (B5)

Original 1
ts
tref

+1
1

CB
Cref

+1
1695 39.16% 5700 29.35% 10 500 12.77%

Sum 0.5 1
ts
tref

+1
+ 0.5 1

CB
Cref

+1
1112 65.07% 8300 43.32% 15 700 17.51%

Square 1
ts
tref

2
+1

1
CB
Cref

2
+1

2765 39.27% 7000 31.41% 13 700 10.71%

Logit 1

1+expβ∗( frp−fref)
with f = p+ ht 324 91.59% 10 400 61.38% 20 400 29.31%

Upper b. α+(−α+β2)
θ(−1+ ts

tref
)θ(−1+ CB

Cref
)

1 96.12% 11 400 62.83% 22 800 29.54%

Lower b. β1θ(1− ts
tref
)θ(1− CB

Cref
)

+(α−β1)θ(
ts
tref
)θ( CB

Cref
)

2956 15.40% 2956 15.40% 5700 7.39%

Here we want to explore the space of all functions that are compatible with the switching probability
constraints i) through iv). Thus, we define the upper bound switching probability function as the function
compatible with the constraints with the highest values Pref(ts,CB) for any pair (ts,CB), and the lower bound
switching probability as the function compatible with the constraints with the lowest values Pref(ts,CB) for
any pair (ts,CB). The upper and lower bound functions are therefore combinations of step functions, their
functional forms are given in table 3. Note that these functional forms ignore behavior at infinity (upper
bound) or zero (lower bound), since we are only analyzing the system at finite times and costs. The switching
probability functions, Pref , presented in table 3 were numerically evaluated as the consistency equation
equation (3) has no closed functional form. Their shapes are shown in figure 1 of the supplemental
information (SI). The resulting curves for ride-pooling requests λ(B), occupancy O, and CO2 emissions per
τ and per person-kilometer are shown in figure 3.

Figure 3(a) shows that the general behavior of the ride-pooling switching probability is independent of
the exact functional form, but rather responds similarly to changes in the ride-pooling fleet size B. Across all
sampled switching probability functions Pref , we observe first an increase and then a decrease in the number
of ride-pooling users as B increases. The occupancy (figure 3(b)) decreases with the fleet size but in case of
the lower bound function this decrease in not monotonous. The occupancies at the CO2 minimum vary
drastically between different switching probability functions. We therefore also analyze equal-occupancy fleet
sizes B10 and B5, which are the (maximum) fleet sizes of average occupancy 10 and 5 respectively.

The system-wide CO2 emissions per τ , calculated according to equation (11) using the parameter values
from table 1 and shown in figure 3(c) first decrease with increasing B as ride-pooling is introduced, and
increase again when the fleet size becomes so large that the average occupancy per ride-pooling vehicle
decreases. While the CO2 emissions at the minimum range from 15% reduction to 96% reduction, this range
becomes significantly narrower as vehicle sizes are constrained, resulting in 15%–63% reduction for average
occupancy of 10 and 7%–30% reduction for an average occupancy of 5.

We can compare the CO2 emissions of ride-pooling assuming any of the proposed switching probability
functions in figure 3(d), and compare it to the CO2 emissions of other modes as reported in the literature
[44]. Average CO2 emissions per passenger kilometer (pkm), denoted by COrp

2 pkm and given in grams per

passenger kilometer (g pkm−1) are calculated as the CO2 emissions from ride-pooling divided by the
number of users and the distance traveled (all per τ ):

COrp
2 pkm =

(
ErpBl
λ(B)

)
l

=
ErpB

λ(B)
. (11)

We find that even with larger-than-optimal fleet sizes, pkm CO2 emissions remain well below those of cars
for occupancies of 5, and even below those of public transport for occupancies of 10 (figure 3(d)).
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Figure 3. Various functional forms for the switching probability function Pref lead to qualitatively similar results (a) Ride-pooling
users over ride-pooling fleet size B for different switching probability functions. (b) Average occupancy of the ride-pooling
vehicles for various Pref . (c) CO2 emissions over fleet size for various Pref . (d) CO2 emissions per passenger kilometer are similar
to public transport (dotted pink line) at occupancies of 10 and still far below personal cars (dotted green line) at occupancies of 5.

4. Discussion and conclusion: make ride-pooling time-efficient

This work proposes a new framework for estimating the impact of introducing ride-pooling on carbon
emissions. We analyzed the potential for reducing CO2 emissions based on a) parameter variations, assuming
a simple switching probability function compatible with the constraints i) - iv) set up in the methods section,
and b) variations over the range of constraint-compatible switching probability functions, with a Berlin
parameter set. We based our calculations on the collective dynamics of ride-pooling, derived in [27], together
with four assumptions about the switching behavior of customers. While the model is too simple to make
precise quantitative conclusions, we are able to draw a number of interesting qualitative conclusions.

We find that, depending on the parameter set, the system-wide reduction potential based on the
analytical switching probability function is between 28% to 44%, with policy parameters adding only
another [−8,+18]% of variation. In particular, free parking can reduce the acceptability of ride-pooling,
leading to a 8.3% increase in CO2 , but further increasing the parking fee has a diminishing return of only
another 1.1%. Reducing the travel time for ride-pooling (e.g. by creating priority lanes) can increase the
acceptance of ride-pooling and thus further reduce CO2 emissions by up to 18%. While we have varied each
parameter independently, combining several policies may further improve ride-pooling viability and
sustainability. Note that other policies, such as raising awareness of the true cost of private car use (changing
Cop in the model), changing the price of public transport (changing Cpt), or changing the speed of public
transport (changing ϵ) have negligible effects. In particular, this relative robustness to cost changes may be
related to the fact that we assume cost sharing in equation (5), unlike previous studies which only assume a
fixed 50% discount [45] on the taxi price. While dynamic pricing is difficult to implement, we expect that
pricing based on average occupancy will produce the same results.

The CO2 optima of all switching probability functions for the city of Berlin are below 3000 vehicles. The
minimum CO2 savings are between 15% and 96%, so more information about realistic switching behavior
would be needed to make accurate predictions. However, since the average occupancy in these cases is very
high, they would require full-size buses as pooling vehicles, which may be unfeasible. Limiting the
occupancies to 5 or 10 persons per ride-pooling vehicle models the use of small- to medium sized vehicles,
often used to facilitate maneuvering on residential streets. To account for fluctuations in occupancy, vehicle
sizes should be larger than the average occupancy. The results presented in [28] suggest that vehicles about
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50% larger than average occupancy would be able to handle the vast majority of requests. We find that the
fleet size required to serve Berlin ranges from 3000 to 11 400 vehicles for an average occupancy of 10 (vehicle
size approximately 15–20 seats) or 5700–22 800 for an average occupancy of 5 (vehicle size approximately
7–10 seats). Although these ranges are not very narrow, they assume very little about customers’ mode choice
behavior. These results are in line with a recent simulation study [25] empirically gauged on
origin-destination data, which found that about 26 000 six-seater ride-pooling vehicles would be needed to
meet Berlin’s entire car transport needs.

We observe that the switch to ride-pooling by former public transport users has a seemingly paradoxical
positive effect on CO2 emissions. This is again due to occupancy-based pricing, as the presence of additional
customers (even if they come from public transport) reduces the price per ride-pooling user and thus
incentivizes car users to switch as well.

Further analysis is needed to increase the validity of results. This would make it directly applicable to
real-world scenarios, including a transient introduction process, psychological factors that may inhibit
ride-pooling acceptance, and agent-based, interacting decision processes as well as direct empirical
observations. Most importantly, the effect of detours and stop times should be investigated comprehensively,
for example using perturbation theory based on the perfect service limit. Accounting for friction due to
stopping while loading passengers will likely require moving from analytically solvable models to numerical
simulation models. The model should also be adapted to allow for different pricing schemes, such as capping
the price so as not to undercut public transport. For such studies, this model can be helpful in guiding the
selection of parameter ranges to minimize computational effort, or in providing a framework of observables
for empirical analysis.
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