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Abstract 

Ride-hailing services have the potential to play a major role within future transport systems. While the 

operation as well as environmental, social and economic consequences are research subjects, the focus 

in the literature lies on system efficiency and profitability. In this study, vehicle relocation strategies are 

investigated with respect to service provision equity using an agent-based simulation approach. The aim 

is to identify ways of operation that support social fairness while maintaining the profitability and 

effectiveness of the service. The results show that a typical demand-anticipatory relocation strategy leads 

to an imbalance in the spatial distribution of mean wait times for the use case of Berlin. This can be 

significantly improved by applying different relocation strategies. As a consequence, the overall demand 

for the system rises while the ratio of empty vehicle kilometres increases slightly. 
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1. Introduction  

 

Ride-Hailing services have been promoted to offer a modern type of mobility and potentially decrease 

the overall number of vehicles in the traffic system. This could have further beneficial effects such as 

possibly less air pollution [15, 24] or improved traffic flow if automated vehicles are operated [19]. 

Most studies focus on the optimization of operational parameters such as the fleet size or the user cost 

structure [16, 15, 5, 2] or on efficient algorithms to the Vehicle Routing Problem [27, 28]. Another, 

relatively smaller, focus lies on the integration with public transport [26, 30, 20, 10]. 

While profit-oriented operators would tend to limit their service area to districts of high demand, mostly 

located within city centers, a ride-hailing service that is considered to be a part of the public mobility 

offer would be most beneficial in areas with a coarse public transport network (i.e. suburbs or rural 

areas) [4, 15]. One challenge of offering such a service is to maintain reasonable waiting times in those 

sparsely populated areas, as the demand level can be relatively low compared to the city center. Waiting 

times are an important part of the perceived attractiveness of the transport mode and its overall travel 

time [18]. They are strongly influenced by the spatial distribution of idle vehicles, which in turn can be 

adjusted by vehicle rebalancing. Most rebalancing algorithms focus on optimizing demand throughput 
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or deal with systems where pooling is not considered [29, 3, 8, 1]. Winter et al. [29] investigated different 

rebalancing strategies in a non-pooled system under parking constraints for Amsterdam. The authors 

state that rebalancing might lower the system performance in terms of overall mean user wait time, 

empty mileage and service provision equity. However, the study is conducted with a fixed demand and 

does not take mode choice behavior into account. Whether rebalancing is beneficial might also depend 

on the target service quality level [13, 21]. 

Bischoff and Maciejewski [6] proposed a rebalancing strategy that relocates vehicles so that their spatial 

distribution mimics the spatial distribution of demand in the near future. This demand-anticipatory type 

of rebalancing strategy can lead to the effect that vehicles are rather put into areas of high demand or 

high population density. Areas of relatively low demand receive less idle vehicles, leading to higher 

waiting times which again lowers the demand. As a result, areas of low demand or low population 

density are served with poor service quality and the demand may die out, leading to an imbalanced 

system [29, 4, 22]. Spieser et al. [25] have further described the conflict of interest between customers, 

who “favor large fleets and frequent rebalancing”, and the operator, who wants to maximize the profit. 

This paper investigates rebalancing strategies that are designed for a public-transport-like ride-hailing 

service. The goal is to maintain waiting time equality throughout the entire service area to support the 

social fairness of the system. In order to account for the operator’s perspective, the resulting demand is 

supposed to be at least as high as in comparable scenarios using an existing rebalancing approach or no 

rebalancing, respectively. 

 

2. Methodology 

 

This section provides background information on the topic of rebalancing as an optimization problem 

as well as the formulation of several targets for the solution and corresponding mathematical functions 

which are based on an existing approach. In the following, we explain the setup of simulations and the 

performance indicators which are the basis for the conducted analysis. 

 

2.1 Rebalancing as an optimization problem and rebalancing target 

In this study, we model vehicle rebalancing as a transportation problem [11] where we want to find 

minimum cost vehicle flows from the zones with surplus of vehicles to the zones with deficit of vehicles. 

Because the state of the demand-responsive transport (DRT) system is continuously changing on both 

the demand and supply side, the optimum relocation of idle vehicles needs to be regularly recalculated. 

Therefore, we solve the transportation problem at a fixed time interval, each time using updated short-

term predictions of both DRT demand (per zone) and location of idle vehicles. This approach was 

originally proposed and described in a previous study [6].  

One of the most critical elements of providing efficient fleet rebalancing is a proper formulation of the 

target function. In [6] the target was defined as a linear function of the expected demand 𝑒𝑖,𝑗, which is 

the number of trips originating from zone i in a given time horizon (e.g. 30 min) starting from time 𝑗: 
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𝑡𝑖,𝑗  =  𝑎 ∗  𝑒𝑖,𝑗  +  𝑏    (1) 

The linear coefficient 𝑎 models the relation between the number of incoming requests and the target 

number of inbound vehicles ready to serve them. The 𝑏 constant is responsible for setting the desired 

number of extra vehicles. Both parameters strongly depend on the length of the time horizon and the 

frequency of fleet rebalancing. In general, they should be relatively low to prevent the rebalancing 

method from over-reacting which increases empty mileage and reduces availability of vehicles. On the 

other hand, they should be high enough to actually have a meaningful impact on the actual flow of 

vehicles. By linking the target value to the expected demand 𝑒𝑖,𝑗  for the ride-hailing-service, the 

authors aim to preferably place vehicles in areas of high demand. From an operator’s perspective, this 

should optimize demand throughput and reduce idle time of vehicles while keeping the empty mileage 

at a reasonable level. However, as explained above, this might lead to high waiting times in peripheral 

areas with low demand and thus to unequal access to the mobility system. 

 

2.3. Proposed formulations of the rebalancing target 

In order to design a ride-hailing service that provides stable waiting times throughout the entire service 

area, one can modify the calculation of 𝑡𝑖,𝑗. We decide to investigate these approaches and examine the 

following formulations: 

 

1. Estimated demand (ED) 

This represents computation of the target 𝑡𝑖,𝑗 according to (1), that is a linear function of the 

estimated demand for the ride-hailing service, 𝑒𝑖,𝑗 , that originates in zone 𝑖  from time 𝑗 

within a predefined time horizon. In this study, we use the demand from the previous iteration 

(day) for estimating 𝑒𝑖,𝑗, as was proposed in [6]. 

2. Fixed number of vehicles (FNV) 

This is a simple approach to stabilize waiting times where the rebalancing target is set to the 

same fixed value for all zones. This approach can be referred to as ”Supply Anticipation” [29]. 

However, setting the same target number of inbound vehicles to all non-homogeneous zones 

that differ in size might lead to an unbalanced distribution of vehicles. 

𝑡𝑖,𝑗 =  𝑏     (2) 

3. Equal vehicle density (EVD) 

In this approach, 𝑡𝑖,𝑗 is defined in a way to obtain an equal number of vehicles per area in all 

zones, regardless of time 𝑗. The target value is defined as 

∑ 𝑡𝑖,𝑗 = 𝑎 ∗ 𝑁𝑉 ∗ 
𝑠𝑖

∑ 𝑠𝑘𝑘∈𝑍
+ 𝑏𝑖     (3) 

where 𝑠𝑖  is the area of zone 𝑖  and 𝑁𝑉  represents the current fleet size, which is possibly 

subject to change over iterations [e.g. if fleet optimization is enabled; 16]. Both FNV and EVD 

are completely independent from the actually expected demand. Consequently, vehicles might 

be placed in zones where nobody lives and no demand could possibly be induced. 
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4. Equal vehicle-to-population ratio (EVP) 

This target calculation is similar to the EVD target. The main difference is that the desired 

vehicle distribution depends on the zonal population. The target value is defined as 

∑ 𝑡𝑖,𝑗 = 𝑎 ∗ 𝑁𝑉 ∗ 
𝑝𝑖

∑ 𝑝𝑘𝑘∈𝑍
+ 𝑏𝑖     (4) 

where 𝑝𝑖 is the number of inhabitants in zone 𝑖. 

Note that if zones have similar population sizes (which is the case for this study), the FNV approach has 

similarities to EVP. If zones are similarly sized, the FNV approach is very similar to EVD. 

This study aims to evaluate the performance of all of these approaches by simulating a scenario at city-

scale. Results are compared to the rebalancing strategy proposed by Bischoff and Maciejewski [6], 

which is represented by ED with a = b = 0.5. This strategy places one vehicle in every zone that 

experienced one request in the time interval j in the last iteration. For every two additionally experienced 

requests in 𝑗, another vehicle is requested by zone 𝑖. In other words, vehicle target numbers have both 

a demand dependent and a constant component. Corresponding simulations receive an identifier (runId) 

starting with ED-R. In order to determine the spatial waiting time stability of demand responsive 

rebalancing, we compare ED with b = 0 as well. Corresponding simulations receive a runId starting with 

ED. Summarizing, the overall number of rebalancing strategies investigated is five. 

 

2.4. Parameter Variation 

In [6], the authors declare that the optimal zonal aggregation level needs to be determined as well as the 

optimal setting for the rebalancing interval. While they did not investigate different zonal settings, they 

varied the rebalancing interval length between 15 and 90 minutes for the best setting of 𝑎 and 𝑏 and 

stated no remarkable effects. Dandl et al. [9] investigated the impact of the aggregation level for a 

demand-anticipatory rebalancing strategy and found that smaller zones lead to better fleet performance 

in terms of user wait times and empty mileage. The authors state that, for the analyzed Manhattan taxi 

data set, there is no trade-off between operation costs and service quality in the choice of the zonal 

aggregation level. However, as this might depend on local properties such as the network topology, we 

investigate the zonal aggregation level for the use case of Berlin with synthetically produced demand as 

well. The following parameters are varied for these strategies: 

• rebalancing interval length (300 seconds or 1800 seconds), 

• zonal aggregation level (447 small LOR zones or 138 large LOR zones or 471 square shaped 

grid zones), 

• the sum of all target values per zone ∑ 𝑡𝑖,𝑗𝑖  i.e. the agility of the rebalancing systems. 

Note that the demand-anticipatory rebalancing approach ED does not allow for direct manipulation of 

∑ 𝑡𝑖,𝑗𝑖 . Instead, it only allows for manipulation of the number of vehicles associated with each expected 

request. With the exception of ED-R, where the parameter set is fixed according to [6], the parameter a 

and b are chosen such that ∑ 𝑡𝑖,𝑗𝑖  is close to 1000 vehicles or 2000 vehicles, respectively. In other 

words: at the moment of rebalancing target computation, the share of vehicles requested by all zones is 
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either 1 or 0.5. Note that FNV requests the same fixed number of vehicles for each zone. Consequently, 

∑ 𝑡𝑖,𝑗𝑖  is a multiple of the number of zones and cannot get set exactly to 1000 vehicles or 2000 vehicles 

in the investigated use case. Finally, we conduct one single simulation run with rebalancing disabled for 

comparison (runId base). See the supplemental material [32] for an overview of all runs and their 

parameter sets as well as the resulting ∑ 𝑡𝑖,𝑗𝑖  (’-’ if not definable) and their results. 

 

2.5. Simulation Setup 

To investigate the impacts of the suggested rebalancing strategies, we use a MATSim scenario of Berlin, 

which is open and freely available [31, also see https://github.com/matsim-scenarios/matsim-berlin] in 

a development version of the release 5.5. The multi-agent transport simulation MATSim [14] enables a 

combined simulation of pooled ride-hailing [7] and demand reactions to the service level experienced 

by the passengers. By its co-evolutionary approach, MATSim allows agents who experience a bad ride-

hailing service to move their departure time or choose another transport mode. In comparison to a 

simulation with a fixed demand this allows for more realism and allows to potentially measure the 

success of spatially equal wait times in terms of increased demand in previously badly served areas. 

Moreover, recent developments in the modeling of demand responsive transport systems (DRT) with 

MATSim are used: Kaddoura et al. [15] developed a module that highly decreases computing times by 

teleporting DRT users in most iterations and restricts explicit, physical modeling of DRT to a definable 

share of iterations. In all simulations, DRT users pay 0.20 Euro/km and a base fare of 1 Euro. The DRT 

system fleet size is fixed to 2000 vehicles. The scenario is run at a 10% sample, i.e. one agent represents 

ten real inhabitants. Consequently, one ride represents ten rides in reality and one vehicle represents ten 

vehicles in reality. Alternatively, the results could also be interpreted as a 100% sample of a smaller 

demand level (which might result from higher prices or lower DRT attractiveness in general). See [17] 

for a detailed investigation of the effects of different demand sample sizes and demand densities on 

performance indicators. For the zone rebalancing zone system, we choose “Lebensweltlich orientierte 

Räume” (LOR), established by the senate of Berlin in 2006 as the official interdisciplinary spatial system 

for planning, forecasting and investigation [23]. It has three aggregation levels of which the two more 

detailed ones are used here (447 and 138 zones respectively). 

 

2.6. Performance indicators 

The overall aim of this study is to investigate whether the spatial stability of waiting times in the DRT 

system can be increased while roughly maintaining the profitability of the operator. Let 𝑡𝑤
𝑚𝑒𝑎𝑛(𝑖) be 

the mean waiting time of all DRT trips originating in zone 𝑖 . We choose the standard deviation of 

𝑡𝑤
𝑚𝑒𝑎𝑛(𝑖) over all 𝑖 ∈  𝑍 as the indicator for spatial waiting time equality in this study and denote it as 

𝑠𝑊. Winter et al. [29] use a measure called Gini-Index [12], which is commonly used as equality index 

for income. Both of these measures have issues with varying granularity affecting the comparability. 

Moreover, we investigate the global mean waiting time, 𝑇𝑤
𝑚𝑒𝑎𝑛, as well as the global 95th percentile of 

all waiting times, 𝑇𝑤
𝑝95

, which give an idea of the overall service level provided. While 𝑠𝑊 accounts 
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for the spatial dimension of service provision equity, it does not assure service quality. The standard 

deviation can be low if all agents wait for exactly 2 hours. The 95th percentile of wait times over all 

rides (not by zone) is used as a measure for the overall service level. In a stochastic simulation of DRT 

services, it is common that a small number of users experience very high waiting times. This is why we 

account for 95th percentile instead of the maximum of wait times in order to measure overall service 

quality. To account for the operator’s perspective, we analyze the resulting demand, both on a global 

and on a zonal level. As rebalancing typically increases the number of empty rides, we investigate the 

ratio of empty vehicle kilometers travelled (VKT) as well as the overall level of VKT. 

A transport policy department interested in spatially equal service provision would need to be interested 

in a low 𝑠𝑊 value. However, to ensure that the operator does not simply lower the quality level in well 

served area but rather increases quality level in poorly served areas, it needs to regulate the overall level 

as well. This could be done using the 95th percentile of wait times over all rides. Both performance 

indicators can be optimized by serving no demand at all. This is why finally the department would have 

to care about how transport requests are handled. In Germany public transit providers are obliged to 

accept all passengers with a valid ticket. So, if DRT is to partly replace public transit the DRT operator 

will not be allowed to reject ride requests that are costly to the operator. In the private sector however, 

it is not clear how to prevent operators from discarding zones completely in order to minimize 𝑠𝑊 or 

𝑇𝑤
𝑝95

 by having no rides and thereby no wait time data for the respective zones.  

 

3. Results 

 

In this section, performance indicators of different rebalancing approaches with different parameter sets 

are analyzed as a first step. Next, a subset of the best simulation runs within each approach is determined 

and analyzed in more detail. Specifically, the spatial distributions of the mean wait time and the demand 

are investigated. Moreover, the performance of the selected parameter sets is also tested with the usage 

of a grid zone system. 

 

3.1. Investigation of rebalancing approaches and parameter sets 

All resulting values of the performance indicators can be found in detail for each run in the supplemental 

material [32]. In the following, we elaborate on the main outcomes of the conducted study. The structure 

of the result analysis is based on the performance indicators mentioned in 2.6. 

 

3.1.1. Analysis of the demand 

Overall, we observe a high variation in the resulting number of rides, with a maximum of 27469 rides 

and a minimum of 6854 rides. The highest demand values are yielded with small LOR (where number 

of zones equals 447), both within each rebalancing approach and in general. However, there is a rather 

strong variation within the zone systems across all rebalancing approaches. For example, the best run 

with small LOR yields 27469 rides and the worst run with small LOR yields 18006 rides. 
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Comparing the rebalancing approaches, we observe that EVP achieves a high level of demand in all 

cases but one. In contrast, the number of rides varies strongly for ED and ED-R (i.e. for demand-

anticipatory rebalancing approaches). Thus, the parameter set should be chosen carefully (possibly 

dependent on the scenario). With FNV, it seems beneficial to put four vehicles into each zone in 

comparison to a target value of one vehicle per zone. In contrast, for EVD, one can achieve a higher 

demand by using only half of the idle vehicles for rebalancing. 

 

3.1.2. Analysis of the wait time statistics 

Figure 1 suggests a linear correlation between 𝑇𝑤
𝑚𝑒𝑎𝑛 , 𝑇𝑤

𝑝95
  and the number of rides. This seems 

plausible, as the demand reacts to provided service quality. Just like for the demand, one can state a 

rather high variation in terms of 𝑇𝑤
𝑚𝑒𝑎𝑛 and 𝑇𝑤

𝑝95
. EVP again produces stable results on a high level 

while small LOR (blue) outperform large LOR (green). Note that the two clear outliers in the top left 

corner represent runs with demand-anticipatory rebalancing. 

 

 

Figure 1 - Average and 95th-Percentile of wait time of all trips in relation to the demand  

 

As shown in the supplemental material [32], the results underline the importance of 𝑇𝑤
𝑝95

  as a 

performance indicator for the service provision quality. In pairwise comparisons of promising runs one 

can clearly derive a trade-off between a very low 𝑠𝑊 and a very low 𝑇𝑤
𝑝95

. Consequently, as mentioned 

in section 2.6, a transport policy department should take this indicator into account, even if service 

provision equity is a main goal. 

 

3.1.3. Analysis of the empty VKT ratio 

Generally, small LOR seem to be correlated with a higher empty VKT ratio. Exceptions seem to be 

related to low demand which also leads to lower probability for pooling. This could be explained by the 

effect that for larger zones, the number of vehicles that can stay where they are (at the time of rebalancing 

target value computation) is higher. In other words, for smaller zones the number of movements needed 

to satisfy the rebalancing demand is higher. This seems to outweigh the fact that these movements are 

generally shorter than for large zones. 
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ED-R and ED produce good and stable results. Placing one vehicle in each zone (FNV) also leads to a 

low empty ratio. For all other runs, the empty ratio is worse. EVD produces the highest empty VKT 

ratios, especially when all the idle vehicles potentially get rebalanced (i.e. 𝑎 =  1). 

It can be stated that the demand-anticipatory approaches (ED-R and ED) achieve a lower empty VKT 

ratio in general. This seems plausible as vehicles are only moved if a demand is expected. For example, 

in late evening hours when the demand level is low, the system is less agile. In contrast, for FNV, EVD 

and EVP, the system always tries to re-establish its desired state and reacts to every single request that 

takes a vehicle from one zone to another. Moreover, one can observe that more frequent rebalancing 

(interval width 300 seconds vs 1800 seconds) leads to a higher empty VKT ratio, which seems plausible. 

Other than that, the preferred interval width seems to depend on the approach, the zone system and 

∑ 𝑡𝑖,𝑗𝑖  and is not clearly correlated with other outcomes. 

 

3.1.4. Analysis of the service provision equity 

In terms of the service provision equity, the small LOR lead to lower 𝑠𝑊 values than the large LOR 

both within each approach and for each parameter set (see also blue symbols versus green symbols in 

figure 2). EVD achieves best results in terms of service provision equity. Four out of the six lowest 𝑠𝑊 

values are produced with this approach. However, as figure 2 displays, similar service equality levels in 

combination with higher demand can be achieved with EVP or FNV (compare blue triangles at the 

bottom to symbols in the bottom right corner). The worst results are observed for ED-R, FNV and ED 

when less vehicles are used (i.e. lower ∑ 𝑡𝑖,𝑗𝑖 ). Using potentially all idle vehicles with small LOR in 

FNV and EVP also leads to more equal service provision. This parameter setting yields the best overall 

results if used with EVD. In general, using a fixed target value for each zone (i.e. FNV, EVD, EVP) 

seems to lead to higher service provision equity than demand-anticipatory rebalancing. This is in line 

with the hypothesis formulated in the introduction of this paper. 

 

 

Figure 2 – 𝒔𝑾 in relation to the demand and to the 95th percentile of wait time of all trips 

 

3.2. Choice of the best parameter sets and comparison to the usage of a grid zone system 

As the aim of this study is to identify rebalancing strategies and parameter sets that lead to more spatially 
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equal mean wait times without significantly affecting the operator’s profitability, we focus on a subset 

of the most promising runs for a more detailed analysis. An operator would be mainly interested in 

yielding a high demand while keeping the ratio of empty VKT low. The best run of a group is identified 

by having low 𝑠𝑊 and 𝑇𝑤
𝑝95

 values while still maintaining a rather high demand and a rather low ratio 

of empty VKT. In order to investigate structural differences between the approaches, one parameter set 

is to be determined for each approach. Please see the supplemental material [32] for a detailed analysis 

and justification of the chosen set of runs, which consists of ED-R2, FNV6, EVD1, EVP1, ED6. 

For the determined subset, we conduct simulations with the exact same parameter sets but replace the 

LOR zone system with a grid zone system that is composed by squares with a side length of 1.5 

kilometers. The size is chosen such that the number of resulting zones is close to the number of small 

LOR (471 vs. 447). This ensures comparability and that, in FNV, ∑ 𝑡𝑖,𝑗 𝑖 results in roughly the same 

value. These runs receive the same run identifier as their mirrored runs with an additional ’-G’. 

 

In terms of the outcomes, the simulations with a grid zone system perform worse than the mirrored runs 

with small LOR (see the supplemental material [32]). Concerning the demand, the difference is not very 

large - with the exception of FNV6 versus FNV6G. The service quality level is considerably lower with 

a grid system for EVP1, FNV6 and ED-R2. While EVP1-G achieves a considerably lower empty VKT 

ratio than EVP1, a grid system seems to be associated with a higher empty VKT ratio in any other 

pairwise comparison. Moreover, the runs with a grid system produce 𝑠𝑊  values mostly above 100 

seconds whereas most of all other runs yield a 𝑠𝑊 value lower than 100 seconds. Figure 2 demonstrates 

that the grid runs mainly represent clear outliers in the correlation of 𝑠𝑊 and the demand or the service 

quality, respectively. However, the sample of grid runs is considerably smaller than the LOR run sample. 

 

3.3. Detailed graphical comparative spatial analysis of the best simulation runs 

For a more detailed analysis, the spatial distribution of waiting times and demand is visualized and 

compared to the base case. In order to validate the runs in terms of the service provision equity, the mean 

wait times per zone are analyzed first. In the following, the resulting number of rides per zone is 

evaluated in order to determine changes in the spatial structure (e.g. more people in the outskirts use the 

ride-hailing service). 

 

3.3.1. Analysis of the spatial distribution of the mean wait time 

Figure 3 shows the mean wait time for the ride-hailing service per rebalancing zone for the runs 

described in 3.2. As initially expected, the demand-responsive standard setup (ED-R2), proposed in [6], 

serves the outskirts with a considerably lower service quality than the city center. However, the ED6 

setup demonstrates that demand-responsive rebalancing can also lead to spatially stable mean wait 

times. Note that this run yields the best overall mean wait time and the highest demand. 

Another interesting aspect is that the spatially more equal wait times of runs EVD1 and EVP1 in 

comparison to the reference rebalancing approach ED-R2 are due to both the outer zones being served 
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at lower average wait times and the inner zones being served at slightly higher wait times. That means 

EVD1 and EVP1 redistribute service levels in a way which can help to render DRT more of a 

complement to public transit than the reference rebalancing strategy ED-R2 does, i.e. they provide better 

service where public transit is less frequent in the outskirts of the city and slightly worse service in the 

city center which is well served by existing public transit. ED6 instead seems to have almost identical 

mean wait times in the city center as ED-R2, but has significantly lower wait time in the outer zones. 

This is also reflected by the lower average wait time over all rides [32]. 

 

 

Figure 3 – Spatial Distribution of the Mean Wait Time 

 

3.3.2. Analysis of the spatial distribution of the demand 

In the introduction, the concern was stated that purely demand-responsive rebalancing could lead to 

significantly less demand in the outskirts. As stated in section 3.3.1, outskirts are served in acceptable 

manner with ED6. Therefore, it is important to look on the spatial distribution of the demand as well 

and assure that the acceptable mean wait times in the outskirts of ED6 do not correspond to very few 

lucky requests. Generally, we aim to investigate whether the improved equality of the service level has 

an impact on the spatial demand distribution. 

Figure 4 displays the spatial demand distribution. In contrast to the stated concerns, ED6 does not yield 

a lower demand level in the outskirts compared to the other runs. Overall, the demand reaction takes 

place in the inner city and the southern outskirt zones. Apart from the central south however, the number 

of rides is more or less constant through the approaches. The demand does not react to the improved 

service quality in large border zones (compare the spatially more equal FNV6, EVD1, EVP1 and ED6 

with the reference rebalancing ED-R2 in figure 3). This can be explained by the way the service is 

designed. Through all of these simulations, the mean distance between customer’s start and end point 

varies from 3211 meters to 3231 meters. While the service operator charges a base fare of 1 Euro, every 
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kilometre travelled costs 0,20 Euro. This has the consequence, that the service is attractive for a specific 

distance range only and long distances are avoided. As the activity and population density in the large 

LOR is rather low by definition [23], trips starting there require rather large distance transport. That is 

why, for most agents originating or driving to these zones, the ride-hailing service is no attractive option. 

This could be tackled with another fare system but does not seem to be related to the mean wait time in 

this specific case study. 

 

 

Figure 4 – Spatial Demand Distribution 

Note the non-linear colour scale that also covers the plot in the supplemental material [32] for comparability. 

 

3.3.3. Detailed comparative analysis to the usage of grid zones 

In the previous subsections we have seen that large zones at the outer range of the city tend to be served 

with lower quality and induce less demand than central zones. In order to evaluate whether this is solely 

an artefact of the zone size and shape, we compare the spatial distribution of the mean wait time and the 

demand to the usage of a grid zone system. This means all zones have the same size. Please see the 

supplemental material [32] for the detailed analysis including the plots. See also section 3.2. The results 

of the comparative analysis indicate that the spatial structure of both the demand and the mean wait 

times does not change very much when switching from LOR to square zones. However, the level of the 

demand is considerably lower for a grid of square zones and the number of rides is equal to 0 in most of 

the border zones. 

 

4. Discussion 

 

While an equal service level could bring an element of social justice, it can be argued that it could have 
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a negative impact on land use development and possibly lead to urban sprawl. Usually, public transit 

network density (and thus waiting times) also differ within large city areas. However, the purpose of this 

study is to investigate methods that prevent the competition of ride-hailing services in city centers that 

are already sufficiently served by public transport and make those services attractive in outside areas, 

where the transport system could benefit from a complementary mode. 

Dandl and Bogenberger [8] found that the zonal aggregation level is decisive for rebalancing 

performance and state that smaller zones work better. In this study, we observed the same outcomes by 

comparing large and small LOR zone systems. Additionally, we investigated the impact of the zone 

shape and the demand reaction to it. Depending on the rebalancing strategy, the shape of zones can have 

an impact on both the service quality (and thus the demand) and the profitability (i.e. empty VKT ratio). 

The results suggest that with smaller rebalancing zones, more people tend to use the ride-hailing service. 

Winter et al. [29] investigated rebalancing in the context of parking constraints. In their study, the aspect 

of pooling is not considered, which is incorporated here. This paper underlines their findings that 

demand-anticipatory rebalancing is generally associated with higher service inequality compared to 

supply-anticipatory rebalancing. Furthermore, the authors determined a correlation between service 

equality and mean wait times. We observe the same tendency, with the exception of the grid runs. 

 

5. Conclusion 

 

We show that in the case study of Berlin, DRT users experience different service quality levels depending 

on where their trip starts. This can be seen as a social inequality or imbalance in the ride-hailing system. 

We investigate five different rebalancing approaches to minimize standard deviation of mean waiting 

times per zone under the consideration of mode choice behavior. In terms of service provision equity, it 

seems to be a good solution to maintain equal vehicle density by rebalancing throughout the ride-hailing 

service area. The distribution of mean wait times per zone can be narrowed. Demand rises in 

consequence to improved service provision equity with the exception of areas where the pricing scheme 

is not attractive enough. However, resulting demand, wait time statistics as well as the empty VKT ratio 

could turn out significantly different for all of the investigated rebalancing strategies when applied in 

rural areas. This should be addressed in future research on this topic. This study underlines the findings 

of other studies which state that large rebalancing zones lead to lower system efficiency and lower 

service quality. Additionally, we observe a reduction of the demand due to large rebalancing zones. 
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