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A B S T R A C T

Empty trips, vehicle movements without payload, generate unsustainable externalities. This study 
addresses these challenges by identifying shortcomings in the literature on empty trip generation 
across all modes through a combined narrative and systematic review. The review revealed that 
the conventional definition of empty trips adopts a binary empty/non-empty perspective, which 
fails to capture the extent of the problem. In response, we propose a continuous measure based on 
the proportion of unused vehicle capacity. Our review also reveals that mitigation strategies are 
often case-specific, which limits their impact and transferability across modes. To address this 
limitation, we introduce a framework that facilitates the transferability of strategies by high
lighting cross-modal similarities in generating empty trips. Finally, we reviewed these strategies, 
their methodologies, and the associated problems related to empty trips using the systematic 
review in driver-provided mobility, which includes public transportation, carpooling, taxi, and 
ride-hailing to support sustainable mobility through strategy generalization.

1. Introduction

A major obstacle to achieving sustainability in transportation is the inefficient use of resources driven by unsustainable travel 
behavior and mobility patterns. A persistent yet underexplored outcome of this inefficiency is the occurrence of empty trips. Although 
not explicitly defined in the literature, empty trips are movements of a vehicle without transporting any freight or passengers. 
However, as will be discussed in this paper, the concept is more complex than this simple definition suggests.

Investigating empty trips is crucial because they contribute to road congestion, accidents, emissions, and fuel consumption 
(Nasibov et al., 2013; Farren et al., 2024). These trips make up a considerable share of traffic, accounting for approximately 20%-40% 
of freight movements (Gonzalez-Calderon et al., 2012; Gonzalez-Calderon et al., 2018) and 35%-40% of total travel time in taxi and 
ride-hailing services (O’Keeffe et al., 2022; Guo et al., 2022). Mitigating empty trips not only reduces passenger costs and enhances 
perceived safety in shared services (He et al., 2018; Ouali et al., 2020) but also improves operational profitability by optimizing fleet 
size and reducing overhead (Farren et al., 2024).

Despite these environmental and operational implications, the literature remains limited in fully explaining both the environmental 
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impacts and operational inefficiencies associated with empty movements. This limitation partly stems from how empty trips have been 
defined in the literature. Erhardt et al. (2019) defined empty trips in passenger transportation as vehicle movements without pas
sengers, whereas in freight transportation, they are primarily defined by comparison with loaded trips (Barla et al., 2010; Gonzalez- 
Calderon et al., 2021; Holguín-Veras et al., 2010; Holguıń-Veras and Thorson, 2003). Recently, Farren et al. (2024) framed emptiness 
as the absence of cargo in return trips. Together, these perspectives imply a binary conceptualization, categorizing trips as either empty 
or non-empty. While this conclusion requires further verification across transport modes, such a binary view may limit the ability to 
capture potential efficiency improvements, which is the central motivation for studying empty trips. For instance, a bus operating with 
only a single passenger, though categorized as non-empty under this definition, is far closer in operational inefficiency to an empty 
vehicle than to a fully occupied one. Therefore, the full extent of efficiency improvement cannot be captured under the current binary 
approach. In addition to definitional limitations, most studies in this field have been case-specific, that is, they focused on one or a 
limited set of examples within a single mode. For example, Willoughby (2002) examined empty public transportation trips as 
movements between depots and terminal stops at the beginning or end of service (commonly referred to as pull-in and pull-out). Sevim 
et al. (2022) extended this scope to include repositioning between terminal stops for scheduling purposes. Likewise, Hsu et al. (2021)
included trips to recharging stations, alongside pull-in and pull-out, as empty trips in their analysis. While such case-specific ap
proaches provide valuable context for developing tailored strategies, a broader review across transport modes is needed to system
atically capture all forms of empty trips. Such a review would not only verify whether the binary framing is consistent across the 
literature but also reveal the full range of empty trip examples within and across modes. This, in turn, can facilitate cross-temporal and 
cross-regional comparisons, enhance our understanding of the operational characteristics that generate empty trips, and highlight 
similarities across modes. Identifying these patterns allows strategies effective in one mode to be generalized to others, thereby 
addressing empty trips more efficiently.

Beyond the basic understanding of empty trips, there is a lack of systematic knowledge about mitigation strategies. Although 
numerous approaches have been proposed, ranging from policies such as pricing schemes to operational solutions such as driver- 
passenger matching, they remain dispersed across studies and contexts. This absence of a consolidated synthesis hinders the identi
fication of best practices and applied methodologies and obscures research gaps. Therefore, a comprehensive synthesis of strategies 
and their methodologies is required to inform more effective future planning and operational efforts. Consequently, this study aims to 
address the following research questions: 

1- How consistently is the binary definition of empty versus non-empty trips applied across modes, and what refinements are needed 
to better capture their environmental impacts and operational inefficiencies?

2- What operational characteristics of transportation systems contribute to the generation of empty trips, and how can they be 
organized within a framework that facilitates the transferability of strategies across modes?

3- What insights from existing strategies aimed at reducing empty trips can be taken to support the development of more efficient and 
sustainable transport operations?

While the first two research questions require consideration of all transportation modes, the scope of the third question is limited to 
public transportation, carpooling, taxi, and ride-hailing, for which more detailed information, such as the mitigation strategies applied 

Fig. 1. PRISMA methodology details for the review of driver-provided mobility.
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and their corresponding methodologies, needs to be examined. These four modes were selected for their similar operational patterns, 
such as repositioning, deadheading, and passenger searching, which inherently generate empty trips. Narrowing the focus to these four 
modes enables a more coherent, in-depth, and methodologically consistent synthesis of mitigation strategies, while enhancing their 
applicability across passenger transportation systems. Because they share the common characteristic of relying on drivers to provide 
services to passengers, this paper classifies them as “driver-provided mobility,” distinguishing them from “shared user-operated 
mobility,” such as micromobility and carsharing, where users operate the vehicles themselves.

Given the broad scope of the first two research questions and the more specific focus of the third, we adopted a mixed-method 
review approach. Specifically, research question three, along with relevant aspects of research questions one and two concerning 
driver-provided mobility, were addressed through a systematic literature review, while the remaining modes under the first two 
questions, from freight transportation to shared user-operated mobility, were analyzed using a narrative review. This methodology 
aligns with established practices that utilize narrative reviews as a complementary approach to explore broad research topics (De- 
Toledo et al., 2024).

The remainder of this literature review is organized as follows: Section 2 outlines the methodology for identifying relevant studies. 
Section 3 examines examples of empty trips in depth, paving the way for a discussion of the binary approach to empty trips and 
providing context for the transferability of strategies. Section 4 synthesizes current mitigation strategies and their methodologies, 
offering insights for designing more effective approaches. Section 5 highlights the implications of this study for theory, policy, and 
practice. Finally, Section 6 presents a conclusion and discusses future research opportunities.

2. Review methodology

The systematic review followed PRISMA guidelines (Page et al., 2021) (Fig. 1) using Scopus and Web of Science to identify English- 
language journal articles published after 2000. Keywords were selected after extensive testing of combinations and applied to titles, 
abstracts, and author keywords. The search string followed a core structure of ‘mode of study’ + ‘empty and its synonyms,’ as detailed 
in Table 1. In this study, synonyms for “empty” included vacant, unoccupied, and deadhead* (where ‘*’ denotes a truncation operator). 
The less common terms “idle” and “nonrevenue” were excluded. Studies were selected based on the following eligibility criteria: (1) 
empty trips must be a primary focus, to ensure an explicit analysis of causes, impacts, or mitigation; (2) the term “empty” or its 
synonyms had to align with the definition adopted in this paper; studies using these terms in unrelated contexts (e.g., deadheading 
policies discussed in Section 3.4.1) were excluded; (3) the research must specifically address public transport, carpooling, taxi, or ride- 
hailing; and (4) studies addressing emerging forms of driver-provided mobility (e.g., automation, modularity, or consolidation 
technologies) were excluded to maintain conceptual consistency.

The narrative literature review used a methodology consistent with the systematic review, employing targeted keyword searches in 
Scopus. The search strategy combined transportation modes with the term “empty” and its synonyms, and was restricted to English- 
language journal articles published after 2000. Papers were selected based on the following criteria: (1) empty trips had to be a primary 
focus to ensure a direct investigation of causes, impacts, and mitigation; (2) inclusion was limited to Q1 or Q2 journals; and (3) highly 
cited studies were prioritized to reflect their influence within the field.

3. How are empty trips generated across different modes?

3.1. Freight transportation

The empty-trip problem in freight transportation primarily arises because vehicles must return to their depots after completing 
deliveries. This challenge is exacerbated by regional freight demand imbalances, where some areas are primarily exporters and others 
are importers, as well as by commodity-specific equipment requirements that limit opportunities for matching return loads.

These logistical constraints lead to a lack of return shipments, commonly referred to as the “backhaul problem” in the literature, 
which forces carriers to reposition empty vehicles to maintain their operational capacity (Boumahdaf et al., 2023). Empty trips may 
also occur at the start of a journey if the vehicle’s depot does not coincide with the shipment’s origin (Barla et al., 2010). Despite these 
varying circumstances, the underlying cause across all cases remains an imbalance between supply and demand, necessitating the 
repositioning of empty vehicles.

Empty trips account for a significant share of freight vehicle mileage, representing approximately 56% for straight trucks without 
trailers, 58% for straight trucks with trailers, and about 33% for truck-tractors (power units) pulling one or more trailers. Furthermore, 

Table 1 
The details of search method for driver-provided mobility.

Mode Seach phrase

Public 
Transportation

(“public transport*” OR “public transit*”) AND (“empty” OR “deadhead*” OR “vacant” OR “unoccupied”)

Carpool (“carpool*” OR “carshar*” OR “car-shar*” OR “car pool*” OR “car-pool*” OR “rideshar*” OR “ride-shar*”) AND (“empty” OR “deadhead*” 
OR “vacant” OR “unoccupied”)

Taxi (taxi) AND (“empty” OR “deadhead*” OR “vacant” OR “unoccupied”)
Ride-sourcing (“ridesourc*” OR “ride sourc*” OR “rideshar*” OR “ride-shar*” OR “ridehail*” OR “ride hail*” OR “Uber” OR “lyft” OR “TNC”) AND 

(“empty” OR “deadhead*” OR “vacant” OR “unoccupied”)
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empty travel accounts for about 20% of urban truck traffic and 30%–40% of intercity freight operations (Gonzalez-Calderon et al., 
2012; Gonzalez-Calderon et al., 2018).

The analysis of empty trips in freight transportation varies by the unit of flow: vehicle trips or commodity flows. Vehicle trip-based 
models focus on predicting traffic and can capture both loaded and empty movements, though they often overlook specific load at
tributes. Conversely, commodity flow models typically represent only loaded flows but can incorporate attributes that influence empty 
trip generation, such as commodity type (Gonzalez-Calderon et al., 2021). To estimate empty vehicle movements within commodity 
flow modeling, complementary approaches such as the Noortman and Van Es (NVE) and the Generalized NVE and Hautzinger are 
commonly employed (Holguín-Veras et al., 2014). Holguín-Veras and Thorson (2003) introduced a methodology that formulated 
empty vehicle flow as a function of the commodity matrix, grounded in trip chaining, probability principles, and spatial interaction. 
This formulation was further refined in subsequent studies (Holguín-Veras et al., 2010). Other methods use optimization techniques, 
such as the linear programming approach applied by Mesa-Arango et al. (2013) to model empty trips over time-expanded networks. 
These frameworks provide essential insights for managing empty trips in freight transportation. Research on freight empty trips in
cludes incorporating empty trips into the planning process, such as Origin-Destination planning and four-step modeling (Holguín- 
Veras and Patil, 2007; Cantillo et al., 2014; Holguín-Veras et al., 2011), and modeling the flow of empty vehicles (Farren et al., 2024; 
Gonzalez-Calderon et al., 2021).

3.2. Autonomous vehicles

While automation exists across various modes, this analysis focuses on its application in private vehicles. Autonomous vehicles 
(AVs) have been shown to increase road capacity, improve accessibility for elderly and disabled individuals, reduce emissions, lower 
the incidence of crashes, and save fuel (Fagnant and Kockelman, 2015). A distinctive feature of AVs is their ability to self-reposition 
without a driver, which results in the generation of empty vehicles. For example, an AV may drop off passengers and autonomously 
navigate to a parking location, known as AVs’ self-parking capability, to avoid expensive or congested areas (Shafiei et al., 2023a). This 
movement, and the subsequent return to retrieve passengers, both constitute empty trips. In other instances, the vehicle may return 
home rather than park elsewhere (Millard-Ball, 2019). Regardless of the specific destination, the common factor is the vehicle traveling 
to a pick-up point with no passengers on board. These operations can increase empty vehicle miles traveled by nearly 20%, which, in 
specific urban contexts, accounts for an additional 22 million vehicle miles (Mondal et al., 2023; Tajaddini and Vu, 2023). One study 
area in AVs’ empty repositioning is AV adoption, which can involve planning processes, such as the impact of empty vehicles in four- 
step travel models (Tajaddini and Vu, 2023; Levin and Boyles, 2015; Levin et al., 2019), facility location problems like locating parking 
for empty vehicles (Levin et al., 2020), or empty trips in the context of interactions of AVs with other modes (Shafiei et al., 2023b; Saleh 
and Hatzopoulou, 2020; Zhang et al., 2018a; Schlenther et al., 2020).

Some of the literature on empty trips in AVs concerns shared AVs. A distinctive feature of empty trips in shared AVs is repositioning 
to a location to pick up the first passenger. One research area that has received particular attention is quantifying empty trips generated 
by this technology across different applications (Abkarian et al., 2022; Khayati et al., 2021; Yan et al., 2020; Huang et al., 2021). Given 
the exclusion of automation from the driver-provided mobility section, and noting that empty trips in both shared and private AVs 
share a similar repositioning mechanism, subsequent discussions will primarily focus on the private application of AVs.

3.3. Shared user-operated mobility

In this type of service, users rent vehicles from a company for short-term use via mobile applications and other advanced tech
nologies. This category includes micromobility (bike- and scooter-sharing) and carsharing systems. Empty trips in these systems occur 
when operators collect vehicles for maintenance. For micromobility, this typically involves van fleets retrieving scooters for overnight 
charging (Turan and Wakolbinger, 2023), while carsharing often relies on staff relocating vehicles to refueling or charging stations 
(Folkestad et al., 2020). Another form of empty trips involves relocating vehicles between stations to address surplus or deficit in
ventories caused by spatiotemporal imbalances in supply and demand (Zhang et al., 2023a). Because these relocation operations are 
costly and generate significant greenhouse gas (GHG) emissions, they warrant detailed examination (Silva et al., 2024). The following 
section reviews empty trips in shared user-operated mobility.

3.3.1. Micromobility
Shared scooters and bikes are designed to address first- and last-mile connectivity, reduce air pollution, and alleviate traffic 

congestion (Zhu et al., 2020; Chu et al., 2023). Empty repositioning in these services is typically managed by operators using transport 
vehicles, with the specific approach determined by the system type and operational design. Micromobility systems can be categorized 
as either free-floating (dockless) or station-based (docked) (Orozco-Fontalvo et al., 2023). In free-floating systems, vehicles can be 
secured to any ordinary rack, solid frame, or standalone fixture without requiring specific stations, unlike station-based systems (Pal 
and Zhang, 2017). Repositioning operations are further classified as static or dynamic. Static operations occur primarily at night, when 
network conditions change slowly, whereas dynamic operations take place during the day when system utilization is high (Raviv et al., 
2013). Although static repositioning does not contribute to traffic congestion or parking problems (Raviv et al., 2013), it is insufficient 
to accommodate the tidal variations in demand during daytime hours. In such cases, dynamic repositioning is required to maintain 
system balance (Li et al., 2024). Rebalancing can also be distinguished as either complete or partial, depending on whether the entire 
network or only a specific subset of stations is included in the operation (Pal and Zhang, 2017). A more recent advancement in the field 
is self-repositioning micromobility, in which vehicles autonomously reposition themselves without operator intervention (Kondor 
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et al., 2021).
For the aforementioned operations, Pal and Zhang (2017) investigated static rebalancing of free-floating bikes, while Raviv et al. 

(2013) analyzed the same process in a station-based system. Studies on scooter-sharing systems include Saum et al. (2024) for free- 
floating configurations and Osorio et al. (2021) for station-based systems. Examples of dynamic repositioning appear in Chen et al. 
(2024) for free-floating services and in Li et al. (2024) for station-based systems. While most literature focuses on operator-based 
repositioning using transport vehicles, Kondor et al. (2021) examined self-repositioning scooters by estimating their potential to 
improve operational efficiency.

3.3.2. Carsharing
Carsharing offers a viable alternative for daily commutes and first- or last-mile trips by eliminating ownership costs, such as in

surance, maintenance, and fuel (Folkestad et al., 2020). Carsharing systems are generally categorized as round-trip or one-way. In 
round-trip systems, users return the vehicle to its original rental station, resulting in minimal empty rebalancing trips. Conversely, one- 
way systems provide more flexibility but require more management and can be divided into free-floating and station-based operations. 
In free-floating systems, users can park vehicles anywhere within a defined service area, whereas in station-based systems, vehicles 
must be returned to designated stations. The operational model, especially parking constraints, directly influences the frequency of 
empty rebalancing trips and the overall need for vehicle repositioning. Research in carsharing optimization focuses on reducing costs 
across various operational models. For example, Zhao et al. (2018) developed a mixed-integer linear programming model to minimize 
the combined costs of vehicle and staff investments and relocation in a station-based carsharing system. Similar frameworks were 
proposed to optimize free-floating (Folkestad et al., 2020) and round-trip (Changaival et al., 2021) operations. Additionally, 
Nourinejad and Roorda (2015) conducted a comparative analysis of round-trip and one-way systems, revealing that one-way systems 
require smaller fleets but entail higher relocation times.

The relocation process may be carried out either by operators or by users. In operator-based rebalancing, staff are deployed based 
on the trade-off between relocation volume and labor costs. In contrast, user-based rebalancing relies on incentivizing customers to 
assist in repositioning by adjusting their pickup/drop-off locations or travel times. In this case, operators must determine optimal 
values for decision variables such as delivery locations, incentive levels, and the scale of user participation (Eliyan and Kerbache, 
2024). For example, Samie and Rezaee (2022) examined the optimal contributions of operators and users to relocation processes 
under varying levels of freelance driver involvement.

3.4. Driver-provided mobility

In this group, which includes public transportation, carpooling, taxi services, and ride-hailing, an empty trip is any movement of a 
vehicle without passengers on board. These trips are generally categorized into three types: 

1. Refueling/recharging trips: when a vehicle in service travels to a gas station or a charging station.
2. Access trips: when a vehicle travels between an origin point (e.g., the driver’s home or a bus depot) and the designated service area.
3. Repositioning trips: when an empty vehicle is moved within the service area to improve performance metrics, such as revenue or 

service quality.

Depending on the mode, some of these types may not occur, while others may appear as well. The following sections provide 
detailed examples of empty trips for each of the four modes.

3.4.1. Public transportation
Our review has identified 4 types of empty trips in this transportation mode. First, in electric fleets, vehicles generate empty trips 

when they deviate from their regular routes to reach charging stations without passengers (Hsu et al., 2021; Olsen and Kliewer, 2022). 
Second, empty trips arise from travel between depots (garages) and terminal route stops at the beginning (pull-out) or end of service 
(pull-in), during which vehicles operate without passengers (Nasibov et al., 2013; Al Ali and Hassan, 2018). Third, some studies have 
examined the repositioning of empty vehicles between the termini or stops of different lines, typically to maintain schedule adherence 
(Sevim et al., 2022; Xu et al., 2023). Finally, routine travel along a designated route is considered an empty trip if the vehicle is 
operating without any passengers on board (Hsu et al., 2021; Olsen and Kliewer, 2022). Beyond fixed-route services (FRS), other public 
transportation systems, such as personal rapid transit (PRT) and demand-responsive transit (DRT), exhibit similar empty trip patterns. 
PRT systems consist of small, computer-guided vehicles operating on dedicated guideways for direct station-to-station travel (Lees- 
Miller et al., 2010). In these systems, empty trips primarily result from repositioning vehicles between stations to balance supply 
with fluctuating demand. In contrast, DRT services adjust their paths based on specific passenger pick-up and drop-off requests 
(Mehran et al., 2020). These vehicles can experience all four types of empty trips found in conventional public transportation.

Our evaluation of available data from the United States and Canada suggests that at least 12% and 14% of vehicle miles traveled by 
roadway-based public transportation (APTA, 2023) were empty in 2019 and 2020, respectively. This is particularly important because 
even slight reductions in empty mileage can improve operational efficiency, lowering fuel costs for diesel fleets and improving 
scheduling performance for electric vehicles. These benefits become increasingly critical as service areas and fleets expand. Beyond 
operational gains, minimizing empty trips also supports environmental sustainability, particularly in diesel-dependent systems 
(Nasibov et al., 2013; Hsu et al., 2021). Given their higher passenger capacity, addressing empty trips in public transportation is crucial 
(Tang et al., 2021).
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In the literature, “deadheading” is the primary term for empty trips in public transportation. However, this term encompasses two 
related yet distinct meanings. The first refers to trips without passengers (i.e., empty trips), while the second denotes a strategy in 
which buses bypass certain stops in low-demand directions to return more quickly to high-demand areas (Cortés et al., 2011). To 
maintain a consistent focus on vehicle movement, this review concentrates exclusively on the former concept, including studies that 
examine the effect of deadheading policies on empty mileage.

3.4.2. Carpool
Carpooling matches individuals without access to a vehicle with drivers who have available seats, provided that their itineraries 

align (Aydin and Gökaşar, 2021). While it offers environmental and economic benefits, it remains less popular than services such as 
ride-hailing due to longer waiting times, detours, and the inconvenience of sharing a vehicle with a stranger (Jiao and Ramezani, 
2022). In carpooling, an empty trip typically refers to the distance a driver travels from their origin to the first passenger’s pickup 
location, before any passengers are on board (Yao and Bekhor, 2021).

A major research area in carpooling focuses on empty trips, particularly on matching passengers with drivers. This research area 
can be categorized into three groups. The first involves assigning a single passenger to a single driver who is willing to transport only 
one passenger. The second group considers multiple passengers traveling with one driver, while the final group involves matching 
several drivers with one passenger, where passengers may transfer between services to reach their destination (Huang et al., 2014).

3.4.3. Taxi
In this study, the term “taxi” refers specifically to conventional services, in which drivers pick up passengers by cruising or waiting 

at designated locations, such as taxi stands. Empty trips in this mode can be categorized into three main types of driver-provided 
mobility. First, vehicles may operate without passengers when traveling to fueling or charging stations to replenish their energy 
supply, a situation increasingly relevant with the adoption of electric taxi fleets (Jamshidi et al., 2021). Second, empty trips occur when 
vehicles travel to or from designated service areas without carrying passengers. Third, taxis may reposition themselves (cruise) within 
the service area while searching for passengers, a phenomenon that has received the most attention in the literature (Seow et al., 2009).

Taxis are a significant component of daily passenger transport. For instance, they account for approximately 10% of the modal 
share in New York City (Ramezani and Nourinejad, 2018) and nearly 25% of total traffic in Hong Kong (Zong et al., 2018). Despite their 
widespread use, a considerable share of taxi operations consists of empty trips. Reported vacancy rates range from 35 to 50% in New 
York and around 40% in Beijing (Lee and Sohn, 2017). Similarly, O’Keeffe et al. (2022) noted that nearly 60% of taxi travel time is 
spent unoccupied, while in Shanghai, empty travel constitutes about 35% of total fleet mileage (Feng et al., 2021). The implications of 
these inefficiencies are substantial: according to a survey, a 1% reduction in empty taxi mileage has been associated with a decrease of 
approximately 266 vehicles in the fleet (Lee and Sohn, 2017).

3.4.4. Ride-hailing
Ride-hailing services, also known as ride-sourcing, provide on-demand mobility by connecting passengers with nearby drivers in 

real time via smartphone applications (Tengilimoglu and Wadud, 2022). Although both ride-hailing and traditional taxi services offer 
door-to-door urban mobility, ride-hailing offers greater flexibility through several distinctive features (Zhang and Xu, 2021) that can 
influence the generation of empty trips: 

• Attracting more part-time drivers by letting them start and end their shifts anywhere and anytime.

Fig. 2. Different types of empty trips in ride-hailing services.
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• Applying dynamic (surge) pricing based on local supply and demand conditions.
• Addressing diverse passenger preferences, such as economic or luxury trips, in a single application.
• Providing passengers with enhanced trip information, such as driver availability, estimated wait times, and trip costs.

The following examples are common types of empty trips observed in ride-hailing services. First, the discussion of energy supply (i. 
e., traveling to or from fueling or charging stations) in Section 3.4.3 also applies to this mode. Second, empty trips may occur when a 
driver travels to a preferred service area before logging in to the platform or when returning from the work area to their home. Third, 
some drivers may cruise streets to increase matching opportunities rather than waiting at a fixed location. Alternatively, after 
completing a trip, a driver may accept a new ride request and travel to the next passenger’s pickup location (McKane and Hess, 2023). 
These latter two cases are commonly referred to in the literature as between-ride empty trips (Wenzel et al., 2019). Previous studies 
suggest that the lower bound of empty trip mileage in ride-hailing is around 40% (Tengilimoglu and Wadud, 2022; Henao and 
Marshall, 2019b). Using the RideAustin dataset, Wenzel et al. (2019) estimated that between-ride empty trips and to- or from-service- 
area empty trips accounted for 26% and 19% of total ride-hailing vehicle-miles traveled, respectively. Fig. 2 illustrates the various 
types of empty trips in ride-hailing, expanding upon earlier representations in the literature, such as the figure presented by Wenzel 
et al. (2019).

3.5. Private transportation

Empty private vehicles, often referred to as single-occupant vehicles, are trips with only the driver on board. Previous studies 
suggest that increasing occupancy beyond the driver improves both transportation efficiency and safety. For example, injury severity 
has been reported to be lower when multiple occupants are present with an intoxicated driver compared to single-occupant vehicles 
(Lidbe et al., 2020). Some aspects of empty private transportation in the literature examine the impact of various measures on the 
number of single-occupant vehicles (Watts and Battista, 2014; Burris and Xu, 2006; Goodall and Smith, 2010; Pessaro and Budden
brock, 2015) and investigate this issue in the context of mode choice (Washbrook et al., 2006).

3.6. Reframing empty trips: Insights from a critical synthesis

The review established a foundation for identifying the conventional definition of empty trips and for examining its binary nature. 
Building on this, the present section further investigates the underlying causes of empty trips and the operational characteristics that 
support generalizing effective mitigation strategies across modes.

3.6.1. Empty trips: From a binary to a continuous approach
We examined examples of empty trips across various transportation modes. Although these modes differ in how empty trips are 

generated, a common concept consistently emerges in the literature: the absence of payload, passengers, or freight in a vehicle. 
Therefore, “empty trips” are defined in the literature as the movement of a vehicle without any onboard payload. In conventional 
vehicles, the presence of a driver does not contradict this definition, as the driver is an essential operator rather than a payload. In 
contrast, in AVs, the presence of even a single occupant violates this definition, as the vehicle’s operation is independent of human 
control.

The literature predominantly defines empty trips through a binary lens, in which the presence/absence of passengers or freight on 
board determines whether a trip is categorized as empty or non-empty. However, a traditional binary definition may lead to biased 
assessments in studies focused on environmental impact, operational efficiency, and capacity utilization. It treats a vehicle with 
minimal occupancy the same as one that is fully occupied, which may underestimate the environmental burden per passenger or per 
unit of payload. This issue is particularly relevant when evaluating environmental sustainability, such as GHG emissions (Wei and 
Frey, 2020), as well as social sustainability, including whether services are socially inclusive or only marginally utilized due to 
poor accessibility. In addition, binary classification obscures important differences in operational efficiency by failing to reflect how 
effectively a system uses its resources. For example, Hassold and Ceder (2014) show that although total energy use increases with more 
passengers, energy use per passenger decreases nonlinearly as occupancy rises. Finally, binary definitions fail to capture variations in 
capacity utilization, limiting insights into demand–supply matching and system optimization. Therefore, we propose defining empty 
trips as a continuous spectrum of occupancy to better reflect service efficiency. This perspective has also been partially recognized in 
the literature. For example, Henao and Marshall (2019a) proposed per-mile ride-hailing fees that start at zero occupancy and decline as 
vehicle occupancy increases. Building upon these insights, we recommend that the term empty be accompanied by quantitative 
measures (e.g., percentages) or relative descriptors (e.g., hardly, semi, or almost empty) based on vehicle occupancy. For instance, a 
car carrying one passenger in a four-seat capacity could be described as “75% empty” or “almost empty.” An analogous concept to 
occupancy in freight transportation is load factor (or load ratio), defined as the ratio of the vehicle’s load to its total capacity (Ni and 
Wang, 2021; Rivera-Royero et al., 2021), which can similarly be expressed through quantitative or descriptive terms.

3.6.2. Underlying reasons behind empty trips
Identifying the underlying causes of empty trips is essential for aligning policies with the operational dynamics of each mode. The 

literature identifies a supply–demand imbalance between the available fleet and passenger or freight demand as the primary cause 
(Caminha et al., 2018; Panichpapiboon, 2025). For example, rebalancing in shared user-operated mobility and repositioning in other 
modes, both central themes in the empty trips literature, seek to enhance system accessibility by mitigating these supply–demand 
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imbalances.
Another form of imbalance, which has received little attention in the literature, arises from energy constraints. Unlike conventional 

empty trips caused by a lack of passengers, these trips occur when vehicles temporarily withdraw from service to replenish their energy 
supply. In such cases, vehicles (e.g., taxis or buses) travel empty to fueling or charging stations, thereby generating an empty trip 
despite existing demand. This imbalance is particularly evident in shared transportation systems (i.e., driver-provided mobility and 
shared user-operated mobility). In driver-provided mobility, it occurs when drivers travel to refuel or recharge their vehicles, whereas 
in shared user-operated mobility, it arises when operators collect vehicles from the streets and transport them to charging facilities.

3.6.3. A mode‑based classification to inform cross-modal transferability of mitigation strategy
As our review revealed, most studies on empty trips are case-specific, focusing on one or a few examples within a given mode. While 

this provides valuable context-dependent insights, it limits understanding of cross-modal transferability. To generalize effective 
strategies across modes, we propose a mode-based categorization (Fig. 3), based on stakeholders involved, shared operational char
acteristics, and underlying reasons associated with the generation of empty trips. As the categorization progresses, the similarity 
between modes increases, enhancing the potential for strategy transfer within each category.

Strategy generalization is feasible when the stakeholders for a strategy are similar across modes. Building on this, we first 
distinguish between entity-based and privately owned mobility. Entity-based modes involve three stakeholders, operators, users 
(passengers or freight customers), and society, whereas privately owned mobility involves only operators and society. In entity-based 
systems, reducing empty trips benefits all stakeholders by increasing operator revenue, reducing user waiting time, and lowering 
negative externalities for society through vehicle sharing. In contrast, in privately owned mobility, reducing empty trips may conflict 
with operator interests (e.g., preserving privacy), even though it still benefits society. In addition, empty trips in entity-based mobility 
are mainly linked to repositioning (or rebalancing), whereas in privately owned mobility they often result from low utilization. These 
differences in stakeholder alignment and operational characteristics limit the transferability of strategies between the two groups.

While stakeholders and their interests are similar within entity-based mobility, several operational characteristics distinguish 
freight transportation from shared-passenger mobility. Freight transportation generally follows more predictable and stable demand 
patterns than the more dynamic nature of shared-passenger systems, reducing the need to focus on demand scenarios in the freight 
sector. Furthermore, freight often requires specialized vehicles tailored to specific commodity types, volumes, or perishability re
quirements. This specialization reduces operational flexibility and increases the likelihood of empty trips. Additionally, empty mileage 
in the freight sector is primarily driven by bidirectional constraints, known as the backhaul problem. In contrast, non-directional travel 
patterns in passenger transportation, such as mode rebalancing, also contribute to empty trip generation. A final factor complicating 
the generalization of strategies is the underlying cause of empty trips. While shared-passenger mobility must account for both sup
ply–demand imbalances and energy imbalances, freight transportation is affected only by supply–demand imbalances.

At a finer level, shared transportation can be categorized as either user-operated or driver-provided mobility. These two groups 
share similar stakeholders and underlying causes of empty trips, with repositioning as the main mechanism. However, driver-provided 
mobility includes additional types of empty trips, such as travel to and from service areas, and allows vehicles to remain available 
while relocating, reflecting a more flexible and decentralized structure. In contrast, in user-operated mobility, empty trips are mostly 
limited to repositioning, during which vehicles are typically unavailable, and rebalancing is centrally managed through scheduled 
operations rather than driver-initiated movements.

Fig. 3. Categorization of transportation modes based on empty trip generation.
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The transferability of mitigation strategies lies not in applying identical solutions across modes, but in targeting shared underlying 
mechanisms. Despite differences in service context, management structures, and user behavior, mitigation strategies can be gener
alized if they align with similar operational characteristics, underlying causes, and stakeholder structures. For example, locating 
charging stations to reduce empty trips can be transferred from driver-provided mobility to shared user-operated mobility due to these 
shared mechanisms. However, this strategy is not directly applicable to freight transportation because of differences in underlying 
causes and operational characteristics. Table 2 presents examples of strategies that can be generalized across driver-provided mobility.

3.6.4. Limitations and unavoidable empty trips
A mode-grouped strategy framework, while efficient, has inherent limitations. Some strategies are transferable across modes due to 

shared mechanisms of empty trip generation; however, their applicability depends on similarities in underlying causes of these trips, 
operational characteristics, and targeted stakeholders, while others remain mode-specific due to differences in these factors. 
Furthermore, operational similarities may obscure critical differences among transportation modes that affect a strategy's success; 
thus, transferability does not ensure comparable outcomes. For instance, a facility location strategy for siting electric charging stations 
may be adapted from taxi systems to bus networks, but its configuration may not yield equivalent benefits. Additionally, some empty 
trips are structurally unavoidable, arising from operational necessities such as refueling in taxi fleets. As these trips are essential to 
operation and cannot be eliminated, strategies focus on optimizing their frequency and impact. Avoidable empty trips, like their 
unavoidable counterparts, also cause inefficiencies but can often be reduced or eliminated without disrupting core operations. 
However, full elimination may not always be desirable. For example, maintaining DRT service levels in low-demand areas may require 
intentional empty trips to achieve broader equity objectives. Therefore, while grouping modes by operational similarity enables cross- 
modal strategy transfer, effective implementation requires sensitivity to context-specific constraints and adaptive, data-informed 
management.

4. Empty trip in driver-provided mobility: an analysis of mitigation strategies

In this study, mitigation strategies refer to operational, technological, planning, and policy measures or scenarios designed to 
reduce the frequency, duration, or distance of empty vehicle movements, or to mitigate their associated impacts. Strategies are 
included only if they directly or indirectly affect the generation, reduction, or impacts of empty trips. The following discussion first 
groups studies by strategy themes within each mode, then presents details on methodologies, problem configurations, and, where 
available, strategy effectiveness in each theme. This information improves understanding of both the generation and mitigation of 
empty trips and enhances overall comprehension of the strategies. Finally, a multi-dimensional analysis is conducted to synthesize the 
presented material.

Fig. 4. Categories and sub-categories for the literature of empty trips in public transportation.
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4.1. Analyzing empty trip strategies in public transportation

The literature addressing empty trips in public transportation is examined across three types of services: FRS, PRT, and DRT. Fig. 4
illustrates the number of studies in each category and subcategory.

4.1.1. Addressing empty trips in FRS: operation and planning
The first group of studies in FRS evaluates the impact of interventions on public transportation performance in relation to empty 

trips. The interventions aim not only to minimize empty seats but also to enhance overall system efficiency and potentially reduce the 
required fleet size (Shang et al., 2019). Interventions in this context can be classified into operational and managerial categories.

Operational interventions include short turns (i.e., serving short cycles on a route), limited-stop service (i.e., visiting only a subset 
of stops), and deadheading. Some studies examined all three jointly (Tang et al., 2018b; Tang et al., 2020a), while others considered 
subsets, such as limited-stop and short-turn (Tang et al., 2018a; Tang et al., 2021) or short-turn and deadheading (Cortés et al., 2011). 
Among these, short-turn and limited-stop strategies have shown substantial benefits, reducing empty seat time by up to 50% (Tang 
et al., 2021) and 18% (Tang et al., 2018a), respectively. In contrast, deadheading yields smaller gains because of the cost of oper
ating empty buses (Cortés et al., 2011). Combining interventions generally outperforms single measures (Tang et al., 2020a; Tang 
et al., 2021), though selection depends on trade-offs between passenger and operator costs (Tang et al., 2018a; Tang et al., 2018b) and 
is primarily influenced by demand profiles and operational characteristics such as payment methods (Tang et al., 2020a). Another 
operationally effective intervention involves maintaining even headways and balanced passenger loads at maximum-loading points, 
which was found to reduce empty seat hours by 47% (Ceder et al., 2013). Managerial interventions, on the other hand, relate to the 
management of the transit network, depots, and facilities rather than individual route operations. Studies show that control structure 
(centralized vs. decentralized) and depot capacity (capacitated vs. uncapacitated) affect empty mileage, with centralized and unca
pacitated systems yielding the greatest long-term improvements (Nasibov et al., 2013). Similarly, Marra and Oswald (2024) reported a 
potential 14% reduction in empty trips through centralized depot management in London.

The second line of research in FRS addresses transit planning for empty trips, typically treating empty operations as a secondary 
objective in facility location or vehicle scheduling problems. Facility location determines optimal sites for transit facilities, while 
vehicle scheduling assigns vehicles to daily service trips. A summary of relevant studies is provided in Table A1 (Appendix A). These 
studies have considered internal combustion engine (ICE) fleets, electric fleets (Rizopoulos and Gkiotsalitis, 2025; Gkiotsalitis et al., 
2025), or a mixed system with regular service (Baldoquin and Rengifo-Campo, 2018) or specialized services such as Bus Rapid Transit 
(Sevim et al., 2022). Empty trips tend to be slightly higher in electric fleets due to deadheading to charging stations. Problem for
mulations vary with factors such as vehicle characteristics (capacity and size), the number and capacity of depots, and the involvement 
of multiple operators. Most studies use optimization programming to address these problems, although alternative approaches exist; 
for instance, Herbon and Hadas (2015) applied the newsvendor model, an analytical method, to incorporate empty trips into public 
transportation planning.

4.1.2. PRT main theme: vehicle redistribution
In PRT systems, strategies to address empty trips primarily focus on efficiently redistributing vehicles to ensure system viability. For 

example, Schweizer et al. (2012) developed a linear programming model to assess the operational feasibility of a PRT system and 
estimate flows of both empty and occupied vehicles. Their findings identified network bottlenecks and helped determine the initial 
fleet size required for a specific network. Similarly, Gotzler et al. (2022) used the Simulation of Urban Mobility (SUMO) software to 
evaluate PRT operations in a city. Their results indicated that targeted operational strategies could reduce the required fleet size and 

Fig. 5. Categories for the literature of empty trips in carpooling.
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improve system efficiency.

4.1.3. Empty trips in DRT: From matching to planning strategies
Mitigating empty trips in DRT services is addressed primarily through two interconnected issues. The first concerns the impact of 

operational interventions on system performance. For instance, Quadrifoglio et al. (2008) and Shen and Quadrifoglio (2013) compared 
zoning and non-zoning configurations and found that lower zoning levels improve efficiency, as reflected in smaller fleet sizes and 
reduced empty mileage.

The second issue concerns planning strategies that optimize matching and operations. Problem formulations vary by planning 
horizon (short- vs. long-term), passenger characteristics, and methodology. For example, Lai et al. (2020) enhanced short-term 
matching between appointment-based and real-time passengers, whereas Hartleb et al. (2022) addressed long-term strategic 
vehicle scheduling in DRT systems.

4.2. Analyzing empty trip strategies in carpooling services

Fig. 5 summarizes strategies related to empty trips in carpooling. Studies in this domain can be categorized into two groups: 
matching methodologies and pricing strategies with economic implications.

A considerable number of studies have focused on improving passenger–driver matching to increase vehicle occupancy. These 
efforts target either matching quality, aimed at enhancing passenger satisfaction (Aydin and Gökaşar, 2021; Bravo-Torres et al., 2016), 
or matching quantity, measured by the number of successful matches (Lin et al., 2018; Yao and Bekhor, 2021; Rahimi et al., 2025). 
Improving quantity is achieved through methodological advances, such as more efficient algorithms that reduce computational time 
(Huang et al., 2014) or memory requirements (Jiau and Huang, 2015), as well as operational strategies such as vehicle rebalancing (Ye 
et al., 2024). While these approaches enhance efficiency by maximizing completed matches, overemphasis on quantity may reduce 
passenger satisfaction and equity. In contrast, quality-oriented approaches can improve user experience but may reduce match rates 
(Aydin and Gökaşar, 2021) and raise privacy concerns (Hartenstein and Laberteaux, 2008) due to the need for detailed personal data. 
Therefore, achieving an optimal balance between matching quantity and quality is crucial for enhancing both service efficiency and 
user experience.

Another central aspect of the carpooling literature is pricing strategies. Numerous studies have examined how pricing mechanisms 

Fig. 6. Categories and sub-categories for the literature of empty trips in taxi services.
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affect matching outcomes and broader market dynamics. For instance, Farajallah et al. (2019) analyzed how pricing influences 
matching rates and overall market performance. Conversely, Tafreshian and Masoud (2020) and Jiao and Ramezani (2022) proposed 
pricing strategies to increase the attractiveness of ridesharing. A common approach in this literature is to use mathematical pro
gramming to develop dynamic pricing models that balance stakeholder interests.

4.3. Analyzing empty trip strategies in taxi systems

Fig. 6 illustrates the four main categories of strategies in the taxi literature. The first focuses on methodological approaches for 
connecting drivers and passengers to minimize empty movements, addressing three main problem types: matching, vehicle reposi
tioning, and routing. Matching has been studied using meeting functions (Yang and Yang, 2011; Ramezani and Nourinejad, 2018) and 
dispatch systems (Seow et al., 2009; Zhan et al., 2016). Meeting functions model interaction dynamics in which agents expend re
sources to achieve successful matches (Ramezani and Nourinejad, 2018), whereas dispatch systems assign requests to available ve
hicles to reduce passenger waiting times or increase driver earnings (Qian et al., 2022). In electric taxi systems, matching problems 
include an additional charging stage (Jamshidi et al., 2021).

Some studies have also focused on repositioning empty taxis to balance supply and demand, thereby improving service quality and 
increasing match rates. Vehicle repositioning involves proactively dispatching empty vehicles to high-demand areas, increasing the 
likelihood of serving future requests (Qian et al., 2022). For example, Liu et al. (2021) proposed a reinforcement learning model for 
large-scale repositioning of empty taxis, while Jamshidi et al. (2021) and Yan and Tang (2025) developed integrated dis
patching–repositioning frameworks for electric and conventional taxis, respectively.

The final methodological theme is route recommendation, which involves guiding drivers or passengers to one or more pickup 
locations, typically using GPS data. For passengers, pickup points are discrete locations, such as intersections (Rong et al., 2020), 
whereas drivers may operate along routes or multiple road segments. Some studies recommended pickup locations for passengers 
(Rong et al., 2020; Wong et al., 2015), while others guided drivers (Rong et al., 2021; Yu et al., 2019; Liu et al., 2024; O’Keeffe et al., 
2022; Gao et al., 2018; Liu et al., 2023a; Tang et al., 2020b), and one considered both simultaneously (Yuan et al., 2012). A common 
analytical framework for route recommendation is the Markov Decision Process, typically solved via dynamic programming or 
reinforcement learning (Yu and Gao, 2022). Some approaches also offer unique advantages, such as real-time (or online) route rec
ommendations (Ye et al., 2018; Ji et al., 2020; Liu et al., 2023b) or computational efficiency (Yu and Gao, 2022).

The second category focuses on analyzing pick-up locations and the factors influencing pick-up behavior, using both visual ana
lytics (Gu et al., 2024) and econometric modeling (Liu et al., 2020; Demissie et al., 2020; Zhang et al., 2018b). Some studies focused on 
street hailing (Demissie et al., 2020; Gu et al., 2024), while others examined station-based services, including taxi stands (Qu et al., 
2019) and airports (Ji et al., 2017). Another theme concerns pick-up policies that affect empty trip frequency. For example, zonal 
pick-up restrictions, which prevent taxis from operating outside their jurisdiction, can substantially increase empty trips in both 
intercity (Seymour, 2018; Flores-Guri, 2005) and urban contexts (King and Saldarriaga, 2017). Additional studies analyzed constraints 
such as a fixed number of taxis permitted to operate, fixed time- and location-based tariffs, and passenger-type restrictions, showing 
that more flexible policies can improve match rates (Buchholz, 2022).

The third category examines how taxi supply and demand affect empty trips. Accurate forecasting of these patterns enables 

Fig. 7. Categories and sub-categories for the literature of empty trips in ride-hailing services.
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proactive repositioning of vacant taxis from oversupplied to high-demand areas. Some studies focus on demand forecasting (Naji et al., 
2024; Guo et al., 2024; Chen et al., 2021; Luo et al., 2021), while others predict supply levels, i.e., the number of vacant vehicles (Zhou 
et al., 2020; Hu and Thill, 2019). These studies commonly apply machine learning and deep learning models. Another line of research 
explores supply–demand dynamics, including determining the optimal fleet size under specific conditions. For example, Król and Król 
(2019) examined the optimal number of taxis for special demand scenarios. While most studies consider normal operating conditions, 
Wong et al. (2021) analyzed supply–demand relationships during extreme weather events.

Finally, the fourth category investigates factors influencing taxi cruising. This literature examines determinants of cruising time, 
including the built environment (Nian et al., 2022; Zhang et al., 2017), external and internal factors (Liang et al., 2024), and contextual 
variables such as weather, demographics, and socioeconomic conditions (Lee and Sohn, 2017). The built environment refers to urban 
design and artificial structures that shape mobility patterns (Nian et al., 2022). External factors are beyond a driver’s control, whereas 
internal factors are driver-specific (Liang et al., 2024). Additional studies analyzed cruising locations (Zong et al., 2018) and broader 
cruising behaviors (Yu et al., 2025; Lv et al., 2025; Wong et al., 2014b; Szeto et al., 2019). Cruising behavior varies by time of day 
(Szeto et al., 2013; Wong et al., 2014a), though findings on the influence of specific factors are sometimes contradictory. For instance, 
Nian et al. (2022) reported that proximity to subway stations increases cruising time, whereas Zhang et al. (2017) found the opposite 
effect.

4.4. Analyzing empty trip strategies in ride-hailing

Fig. 7 summarizes the key research areas on empty trips in ride-hailing services. In this mode, passenger-seeking and direct 
matching between drivers and passengers do not occur; instead, the e-hailing platform assigns idle drivers to requests. Nevertheless, 
vehicles still need to reposition to increase their likelihood of future matches. Consequently, the three methodological components in 
taxi services, matching, repositioning, and routing, are consolidated into two primary areas in ride-hailing: routing (Shi et al., 2019; 
Guo et al., 2020; Braverman et al., 2019; Liu and Jiang, 2022; Zhang et al., 2023a) and repositioning (Guo et al., 2022; Beojone and 
Geroliminis, 2023; Ackermann and Rieck, 2023; Qian et al., 2022; Shou et al., 2020; Liu et al., 2022; Deng et al., 2022; Beojone et al., 
2024). Most studies emphasize repositioning rather than routing, because supply and demand locations are predetermined, making 
routing a subset of repositioning. This contrasts with taxi systems, where locating passengers is the primary challenge. However, as in 
taxi studies, Markov Decision Processes are widely applied in ride-hailing research (Shi et al., 2019; Guo et al., 2020; Braverman et al., 
2019; Liu and Jiang, 2022; Zhang et al., 2023b; Guo et al., 2022; Beojone and Geroliminis, 2023; Ackermann and Rieck, 2023; Qian 
et al., 2022; Shou et al., 2020; Liu et al., 2022; Deng et al., 2022).

The second research area examines how demand affects the reduction of empty trips from both short-term and long-term per
spectives. Short-term planning focuses on demand forecasting to optimize fleet management and reduce empty cruising (Jiang, 2023; 
Kontou et al., 2020; Li et al., 2022). Deep neural networks are widely used and have been shown to outperform traditional statistical 
methods (Li et al., 2022). Long-term planning, by contrast, examines demand over extended time horizons to reshape overall travel 
demand patterns. For instance, Mondal et al. (2023) incorporated empty ride-hailing trips into a four-step travel demand model to 
evaluate their future impact in Texas, while Nair et al. (2020) analyzed empty ride-hailing trips within a regional demand model to 
inform policy and pricing interventions.

Another line of research evaluates strategies through scenarios designed to assess their effectiveness in mitigating empty trips. 
These scenarios are typically categorized as ride-hailing-exclusive or cross-mode. In the first category, studies examine vehicle 
assignment to specific facilities, such as charging stations (Anastasiadis et al., 2020) or parking infrastructure, including garages (Gao 
et al., 2022) and on-street parking (Xu et al., 2017), to address cruising and curbside management. Pricing-based scenarios are another 
key focus, including strategies to maximize revenue through route recommendations (Guo et al., 2020) or by incorporating empty 
miles into revenue estimation and modeling driver behavior (Henao and Marshall, 2019a). Other studies explore the effects of dynamic 
pricing on supply and demand (Nourinejad and Ramezani, 2020; Chen et al., 2020). Additionally, multi-homing, where drivers operate 
across multiple platforms, adds complexity to supply-side dynamics (Gao et al., 2025).

Studies of cross-modal scenarios examine interactions between ride-hailing services and other modes, particularly empty cruising, 
often compared with traditional taxis. These studies compare performance measures across the two systems (Sui et al., 2019) or 
analyze their interactions (Zhang and Zhang, 2021; Agarwal et al., 2022). Although differences among ride-hailing platforms are 
relatively limited, traditional taxis generally have longer empty periods than ride-hailing services (Jiang et al., 2018). Additional 
research examines substitution and competition between ride-hailing and other modes, including public transit and private vehicles 
(Karamanis et al., 2021; Ruch et al., 2021; Ward et al., 2021).

Finally, a substantial body of research examined ride-hailing externalities, noting that empty trips significantly increase GHG 
emissions compared to carpooling or private vehicles (Sun and Ertz, 2021), though electrification could cut emissions by up to 90% 
(Saleh et al., 2024). Another externality is congestion, which worsens due to mode shifts from transit (Di and Ban, 2019), inefficient 
vehicle assignment and competition among platforms (Hryhoryeva and Leclercq, 2024), and additional vehicle miles traveled from 
empty pick-ups (Schaller, 2021). Empirical evidence supports these effects; for example, removing ride-hailing services significantly 
reduced travel times in three Indian cities (Agarwal et al., 2023). Further evidence highlights the scale of empty travel. Using 1.5 
million rides in Austin, Wenzel et al. (2019) found that travel to and from service areas and between-ride deadheading accounted for 
19% and 26% of total mileage, respectively, while Komanduri et al. (2018) reported that empty travel constituted 37% of total 
mileage. Similar externalities are observed in taxi operations, including environmental and congestion impacts (Feng et al., 2021; Mo 
et al., 2020; Gao et al., 2023).
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4.5. Mitigation strategies in driver-provided mobility: a synthesis

While the preceding sections presented a theme-based categorization of strategies in driver-provided mobility, this section syn
thesizes key insights to inform the design of effective strategies for future research and practice.

4.5.1. Methodology and open dataset
Methodological approaches in the empty trip literature vary considerably across transportation modes. In public transportation, 

optimization and mathematical programming models dominate, whereas platform-based mobility and taxi studies employ a broader 
range of methods tailored to study objectives. For example, Markov Decision Processes and reinforcement learning are commonly used 
for optimization tasks such as routing and passenger–driver matching, while deep neural networks and statistical models are 
frequently applied to demand–supply prediction and to analyzing influencing factors, respectively.

A wide range of datasets supports research on empty services across modes. In public transportation, the General Transit Feed 

Table 2 
Summary of mitigation strategies addressing empty trips in driver-provided mobility (public transportation, carpooling, taxi, and ride-hailing).

Strategy theme Example of cross-modal applicability Popular 
methodology

Avoidable/ 
unavoidable

Underlying cause

Public Transportation
Managerial and 

operational 
interventions in FRS

− Centralized/decentralized fleet/depot 
management (PRT and DRT) 
− Centralized carpool hubs to coordinate 
shared pick-up points (carpool) 
− Dynamic zone-based dispatch (taxi and 
ride-hailing)

Programming 
optimization

− Avoidable (e.g., 
deadheading policy) 
− Unavoidable (e.g., 
pull-in and pull-out)

− Supply-demand imbalance 
(e.g., deadheading, short-turn 
strategies)

Strategic Transit Network 
Planning

− Strategic electric charging station/ stop 
placement (PRT, DRT, carpooling, taxi and 
ride-hailing)

Programming 
optimization

− Avoidable (e.g., on- 
route empty 
operation) 
− Unavoidable (e.g., 
Refueling/recharging 
trips)

− Supply-demand imbalance 
(e.g., depot location, vehicle 
schedule) 
− Energy imbalance (e.g., 
locating charging station)

Redistribution and 
matching strategies in 
PRT

− Redistribution of idle vehicles to busy 
routes (FRS) 
− Dynamic vehicle reallocation based on real- 
time demand (DRT, carpooling, taxi, and ride- 
hailing)

Simulation-based 
evaluation

− Avoidable (e.g., 
between-stop empty 
operation)

− Supply-demand imbalance 
(e.g., redistributing empty 
vehicles between stations)

Interventions in DRT − Centralized/decentralized fleet/depot 
management (FRS, PRT and carpooling) 
− Dynamic zoning to reduce empty 
movements (taxi and ride-hailing)

Simulation-based 
evaluation

− Avoidable (e.g., on- 
route empty 
operation) 
− Unavoidable (e.g., 
pull-in and pull-out)

− Supply-demand imbalance 
(e.g., zoning strategies to 
adjust supply)

Matching strategies in 
DRT

− Matching service frequency and vehicle 
schedules to passenger demand (FRS) 
− Real-time passenger-vehicle matching 
algorithms (PRT, DRT, carpooling, taxi and 
ride-hailing)

Programming 
optimization

− Avoidable (e.g., on- 
route empty 
operation)

− Supply-demand imbalance 
(e.g., vehicle scheduling to 
meet demand)

Carpooling
Passenger–vehicle 

matching
− Matching service frequency and vehicle 
schedules to passenger demand (FRS) 
− Real-time passenger-vehicle matching 
algorithms (PRT, carpooling, taxi and ride- 
hailing)

Programming 
optimization

− Avoidable (e.g., on- 
route empty 
operation) 
− Unavoidable (e.g., 
Refueling/recharging 
trips)

− Supply-demand imbalance 
(e.g., maximizing matches in 
number or quality)

Pricing and marketing 
strategies

− Dynamic pricing to balance supply and 
demand (all modes)

Programming 
optimization

− Avoidable (e.g., on- 
route empty 
operation)

− Supply-demand imbalance 
(e.g., pricing’s impact on 
matches)

Taxi
Matching, repositioning, 

and routing strategies
− Matching service frequency and vehicle 
schedules to passenger demand (FRS) 
− Real-time passenger-vehicle matching 
algorithms (PRT, carpooling, taxi and ride- 
hailing)

Markov decision 
process

− Avoidable (e.g., 
empty cruising) 
− Unavoidable (e.g., 
Refueling/recharging 
trips)

− Supply-demand imbalance 
(e.g., dispatching to high- 
demand areas) 
− Energy imbalance (e.g., 
charging schedules while 
matching)

Pick-up location analysis − Station location, access control policies, 
influencing access design (e.g., stop/terminal 
access) affecting passenger boarding (FRS and 
PRT) 
− Pick-up/drop-off zoning and stop 
assignment policies affecting matching 
efficiency (DRT, carpooling, and ride-hailing)

Statistical and 
econometric 
modeling

− Avoidable (e.g., 
empty cruising)

− Supply-demand imbalance 
(e.g., impact of zonal policy on 
empty trips
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Specification (GTFS), available for many cities including Toronto, New York, and Calgary, is widely used for evaluating strategies 
(Rizopoulos and Gkiotsalitis, 2025; Todd et al., 2022). For taxi and ride-hailing services, three commonly used open datasets include 
RideAustin, Didi (Chengdu), and the New York Taxi datasets.

4.5.2. Ancillary problems
Several ancillary challenges can be addressed alongside efforts to reduce empty trips. Although reducing empty trips is the primary 

objective, it can also alleviate other operational and strategic issues. For instance, in fleet-based organizations such as taxi companies 
and transit agencies, fleet size management is closely tied to the prevalence of empty trips and can be optimized accordingly (Shang 
et al., 2019). Similarly, in driver-provided mobility services, issues such as depot location (Todd et al., 2022), passenger waiting time 
(Seow et al., 2009), and operator income (Liu et al., 2023) are, to varying degrees, influenced by reductions in empty trips.

Furthermore, mitigating empty trips yields broader sustainability benefits. Research shows that reducing empty trips is associated 
with lower energy consumption and emissions (Feng et al., 2021), reduced total vehicle mileage (Wenzel et al., 2019), and less traffic 
congestion (Agarwal et al., 2023). Therefore, reducing empty trips is an important step toward more sustainable and efficient urban 
mobility systems.

4.5.3. Mitigation strategies
Repositioning is a common corrective strategy across transportation modes, including driver-provided mobility. It addresses 

supply–demand imbalances and improves service accessibility. Despite its potential benefits, repositioning is often costly and increases 
emissions (Silva et al., 2024), creating a trade-off between operational efficiency and environmental impact. While repositioning is a 
universal concept, its application varies by mode. It is a central theme in ride-hailing and taxi services, where it appears not only as a 
standalone strategy but also indirectly through related themes, such as demand prediction, which ultimately serve repositioning 
objectives. In contrast, the focus on this strategy is comparatively limited in carpooling. Given its broad applicability and potential 
impact, repositioning warrants consistent attention in future policy and system design.

Some strategies involve a single mode, while others may engage multiple modes. Parking management is a cross-modal approach in 
which both off-street (e.g., garages) (Gao et al., 2022) and on-street parking spaces (Xu et al., 2017) can serve as staging areas for taxis, 
ride-hailing vehicles, and other shared modes during periods of low demand, reducing unnecessary cruising. However, increasing 
competition for curbside space from deliveries, micromobility, pedestrians, and public transit requires careful planning to avoid 
conflicts. Accordingly, parking strategies should adopt flexible, demand-responsive designs that integrate parking supply with real- 
time fleet operations.

The effectiveness of strategies varies not only across modes but also with local conditions, such as land-use patterns, travel demand, 
traveler behavior, and socio-economic characteristics. For example, limited-stop and short-turn operations in public transport reduce 
empty trips, but their effectiveness across cases depends on contextual factors, including demand distribution, network configuration, 
and operational costs (Tang et al., 2020a).

Finally, future planning should systematically account for empty trips to better anticipate operational challenges and long-term 
impacts. Studies such as Mondal et al. (2023) and Tajaddini and Vu (2023) integrate empty trips into four-step travel demand 
models and show that they increase network-wide delays and reduce travel speeds. Therefore, incorporating empty trips into trans
portation planning frameworks is essential for evaluating system-wide performance.

In summary, Table 2 synthesizes the key themes of mitigation strategies reviewed in Section 4, including their cross-modal 
applicability, commonly used methodologies, whether the associated empty trips are avoidable or unavoidable, and underlying 
causes. The examples presented in the cross-modal applicability column are intended to illustrate potential adaptations of mitigation 
strategies across different mobility modes. These examples are suggestive rather than prescriptive, and their applicability may vary 
depending on the operational, regulatory, and service characteristics of each mode.

5. Implications for sustainable transportation

The paper has several implications, particularly from a sustainability perspective. First, shifting from a binary definition of empty 
trips to a continuous spectrum enables a more comprehensive representation of system inefficiency. This refinement captures unused 
capacity more accurately, which is often overlooked in conventional analyses. From an environmental sustainability standpoint, the 
proposed representation provides a more sensitive measure of mobility inefficiency and their associated environmental burdens across 
transport modes. For example, Wei and Frey (2020) and Hassold and Ceder (2014) discussed that GHG emissions and energy use per 
passenger, respectively, decrease nonlinearly as occupancy rises. This, in turn, improves the comparability of different systems and 
supports the identification of targeted interventions to reduce unnecessary vehicle kilometers traveled, ultimately contributing to more 
effective emission and energy reduction strategies.

From a social sustainability perspective, improved visibility into system underutilization enables operators to optimize resource 
allocation and support more equitable service provision. Identifying spatial and temporal inefficiencies facilitates the redistribution of 
services to underserved areas, enhancing accessibility and quality of life for transit-dependent populations. For instance, research 
conducted by Hartleb et al. (2022) aligns with this perspective by adjusting DRT vehicle schedules based on demand, thereby mini
mizing empty trips. However, the results of the present study indicate that substituting this binary concept of empty trips with a 
comprehensive occupancy framework offers a more precise evaluation metric.

From an economic sustainability perspective, this approach enhances cost-effectiveness by revealing hidden inefficiencies. This 
allows providers to maximize vehicle utilization and minimize costs associated with empty or underutilized trips, such as fleet sizing 
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and overhead, ultimately driving higher operational profitability (Farren et al., 2024). Additionally, the proposed framework for 
generalizing strategies lowers implementation costs by enabling the transfer of proven methods across modes, reducing reliance on 
case-specific research and development.

This study also reviewed mitigation strategies and extracted central themes that can be generalized across various modes using a 
mode-based categorization. While the strategies discussed may seem operational or planning-oriented, they also carry notable sus
tainability impacts. For example, beyond reducing emissions and fuel consumption, they can influence travel behavior by encouraging 
shifts toward low-carbon, shared mobility. At the same time, the framework acknowledges that certain empty trips, such as those 
required to maintain service in low-demand area, are essential for fostering equitable access. These strategies also enhance resilience 
against future disruptions by improving system adaptability, ensuring that transport networks remain both functional and resource- 
efficient under changing conditions. Therefore, the impact of these contributions spans a wide range of dimensions, from immedi
ate emission mitigation to long-term adaptive applications.

6. Conclusion

This study synthesizes the literature on empty trips in driver-provided mobility systems and highlights a key limitation of the 
conventional binary definition, which fails to capture variations in unused capacity. By reframing empty trips in terms of occupancy, 
the paper provides a more accurate basis for assessing inefficiencies and informing sustainable mobility planning. The findings indicate 
that empty trips are a systemic issue driven by spatial–temporal and energy imbalances and operational characteristics across modes. 
While strategies such as vehicle repositioning and demand prediction are widely applied, their integration into planning frameworks 
remains limited, and opportunities for cross-modal transfer are underexplored. Overall, the findings show that addressing empty trips 
can contribute not only to greater operational efficiency and financial benefits, but also to sustainability goals by reducing energy use 
and emissions, supporting more efficient use of transport resources (Nasibov et al., 2013; Farren et al., 2024), and enabling more 
equitable and resilient mobility systems.

Looking ahead, future research should address several gaps in mitigating empty trips. First, integrating multiple transportation 
modes, particularly sustainable ones, within a single trip chain could improve occupancy, with Mobility as a Service representing a 
promising yet underexplored alternative to driver-provided mobility. Second, collaboration between ride-hailing and taxi services 
warrants attention, as existing studies focus on comparison rather than cooperation. Insights into mode choice could inform spatial and 
temporal integration strategies. Third, the joint optimization of parking and charging infrastructure remains largely unexplored and 
requires models that capture interactions among facility types, spatiotemporal demand, land use, and urban systems. Finally, future 
research should examine the performance of matching algorithms under abnormal conditions, such as large-scale events or extreme 
weather, when conventional supply–demand dynamics are disrupted, to improve their adaptability and robustness.
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Appendix A 

.

Table A1 
Summary of studies in public transportation planning in the context of empty trips.

Reference Objective Case study Vehicle Depots Method Empty trips

(Baldoquin and 
Rengifo- 
Campo, 
2018)

Vehicle schedule 
planning

Cali, 
Colombia

Multiple vehicle 
type (ICE) and 
multiple 
operator

Multi depot −
capacitated − can 
finish and start at 
different depot

MILP, minimization of 
deadheading and maximum 
deviation from the ideal 
amount of kms

Pull in and pull 
out

(Sevim et al., 
2022)

Vehicle schedule 
planning

Istanbul, 
Turkey

Single vehicle 
type (ICE) and 
single operator

Multi depot −
capacitated − finish 
and start at the same 
depot

IP, minimization of 
deadheading and fleet size

Pull in and pull 
out, trip between 
two terminals

(continued on next page)
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Table A1 (continued )

Reference Objective Case study Vehicle Depots Method Empty trips

(Moreno et al., 
2019)

Vehicle schedule 
planning

Colombia Single vehicle 
type (ICE) and 
single operator

Multi depot −
capacitated − finish 
and start at the same 
depot

MIP, minimization of 
deadheading and fleet size

Pull in and pull 
out, trip between 
two terminals

(Gintner et al., 
2005)

Vehicle schedule 
planning

Several cities 
in Germany

Multiple vehicle 
type (ICE) and 
single operator

Multi depot −
capacitated − finish 
and start at the same 
depot

MIP, minimization of fleet size, 
distance and time dependent 
travel costs outside of depot

Pull in and pull 
out, trip between 
two terminals

(Hassold and 
Ceder, 
2014)

Vehicle schedule 
planning

Auckland, 
New Zealand

Multiple vehicle 
types and single 
operator

− Pareto-optimal timetables Pull in and pull 
out, empty seats 
during a trip

(Gong et al., 
2025)

Vehicle schedule 
planning

Tin Shui Wai, 
Hong Kong

Multiple vehicle 
type (ICE) and 
single operator

Single depot −
capacitated − finish 
and start at the same 
depot

MINLP maximizing profit and 
social welfare

Pull in and pull 
out and trip 
between two 
terminals

(Todd et al., 
2022)

Facility location 
problem (depot)

Fulton 
County, 
Georgia.

Single vehicle 
type (ICE) and 
single operator

Multi depot −
uncapacitated −
finish and start at the 
same depot

Network analysis using GIS and 
shortest path algorithms

Pull in and pull 
out

(Willoughby, 
2002)

Mixed facility 
location problem 
(depot)

Vancouver, 
Canada

Multiple vehicle 
type (ICE and 
wired-electric) 
and single 
operator

Multi depot −
capacitated − finish 
and start at the same 
depot

MIP, minimizing vehicle 
deadhead cost, the capital cost 
of constructing new garages 
and salvage value

Pull in and pull 
out

(Al Ali and 
Hassan, 
2018)

Mixed facility 
location problem 
(depot and 
maintenance center)

Vancouver, 
Canada

Multiple vehicle 
type, (ICE and 
wired-electric) 
and single 
operator

Multi depot −
capacitated − finish 
and start at the same 
depot

MILP, minimizing deadheading 
distance, the capital cost of 
constructing new depots, 
adding maintenance center to 
depots and salvage value

Pull in and pull 
out

(Wen et al., 
2016)

Electric Vehicle 
schedule planning

− Single vehicle 
type (electric 
charging 
vehicles) and 
single operator

Multi depot −
uncapacitated −
finish and start at the 
same depot

MILP, minimizing fleet size, 
total traveling distance, which 
is equivalent to minimizing the 
total deadheading

Pull in and pull 
out, recharging 
and travel 
between any two 
terminals

(Yao et al., 
2020)

Electric Vehicle 
schedule planning

Beijing, 
China

Multiple vehicle 
type (electric 
charging 
vehicles) and 
single operator

Multi depot −
capacitated − finish 
and start at the same 
depot

MILP, minimizing fleet size, the 
purchase and installation costs 
of chargers, recharging cost 
determined by recharging trips, 
operating cost of deadheading 
trips and timetabled trips

Pull in and pull 
out, recharging 
and trip between 
two terminals

(Hsu et al., 
2021)

Mixed facility 
location problem 
(depot, maintenance 
center and charging 
station)

Taoyuan, 
Taiwan

Multiple vehicle 
type (ICE and 
electric charging 
vehicles) and 
single operator

Multi depot −
capacitated − can 
finish and start at 
different depot

IP, minimizing deadhead 
distance, establishing new 
depots, maintenance and 
charging stations, and the cost 
of renting external buses, 
minus value obtained from 
selling the land with existing 
depot

Pull in and pull 
out and 
recharging

(Olsen and 
Kliewer, 
2022)

Electric facility 
location and vehicle 
scheduling

− Multiple vehicle 
type (electric 
charging 
vehicles) and 
single operator

Multiple depot- 
uncapacitated-finish 
and start at the same 
depot

MILP minimizing fixed costs for 
electric vehicles as well as 
charging stations and 
operational costs for the buses

Pull in and pull 
out and 
recharging

(Xu et al., 2023) Electric Vehicle 
schedule planning

Hefei, China Single vehicle 
type (electric 
charging 
vehicles) and 
single operator

Multiple depot- 
uncapacitated-finish 
and start at the same 
depot

IP maximizing profit, defined 
as the difference between the 
operational profit and 
operational cost of buses

Pull in and pull 
out and trip 
between two 
terminals

(Kisielewski 
et al., 2024)

Mixed Vehicle 
schedule planning

Two cities in 
Poland

Multiple vehicle 
type (ICE and 
electric charging 
vehicles) and 
single operator

Multiple depot −
uncapacitated − can 
finish and start at 
different depot

MILP minimizing costs of trips, 
charging, variable costs of 
using vehicles, fleet size, 
environmental impact, 
deadhead distance, total time 
of standstills between trips

Pull in and pull 
out and trip 
between two 
terminals
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