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Keywords: Willingness to wait is often promoted as a path towards more sustainable e-commerce deliveries,
E-commerce yet its impact depends on how firms use the operational flexibility it creates. We analyze two
Sustainability

approaches: concentrating deliveries to minimize route distance versus spreading deliveries to
smooth peaks and minimize fleet size. We adopt a strategic modeling approach that captures the
flexibility created by customers’ willingness to wait and uses continuous route-length approxima-
tions to estimate total route distance and fleet requirements. Using e-commerce delivery data from
the Netherlands, we find that concentrating deliveries yields substantial distance savings only at
very high willingness-to-wait levels and requires much larger fleets, whereas spreading deliveries
can reduce fleet size with only a modest increase in distance. Once life-cycle emissions of the
delivery fleet are considered, spreading deliveries can therefore lower CO, emissions, whereas
concentrating deliveries can increase them.
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1. Introduction

In the search for more sustainable e-commerce logistics, postponed delivery has gained traction as a promising solution (Zhang
et al., 2023; Voigt et al., 2025). A widely shared belief is that if customers are willing to wait longer for their delivery, environmental
benefits will naturally follow. Empirical studies suggest a broad willingness to wait, particularly when customers are informed of the
resulting benefits (Buldeo Rai et al., 2019, 2021; Cauwelier et al., 2025; Dietl et al., 2024; Ignat and Chankov, 2020; Kokkinou et al.,
2024; Nguyen et al., 2019). In this context, an implicit assumption—shared by practitioners and scholars—is that willingness to wait
directly translates into more efficient vehicle use, fewer kilometers driven, and lower emissions. This promise has intuitive appeal.
If deliveries are no longer rushed to meet the common next-day deadlines, there is more room to plan routes, consolidate deliveries,
and reduce pressure on the parcel delivery system. Yet, this simple line of reasoning overlooks how firms actually use the flexibility
created by customers’ willingness to wait.

In practice, firms can use delivery flexibility in different ways. For instance, they could avoid visiting certain regions on specific
days to reduce route distances and emissions (Mufioz-Villamizar et al., 2024). They could also concentrate deliveries on particular
days and increase delivery density to improve routing efficiency by reducing the distance between deliveries (Munoz-Villamizar et al.,
2022; Voigt et al., 2025). Alternatively, they may spread deliveries across days or shifts to reduce peak delivery volumes and the
required fleet size. Whether these approaches actually reduce environmental impact is uncertain, for two main reasons. First, the
feasibility and benefits of any approach depend heavily on context, including spatial factors such as delivery density and temporal
demand patterns. Moreover, willingness to wait is multidimensional: it varies in terms of how many customers are willing to wait
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and for how long. Together, these factors determine whether an approach is even feasible. For instance, avoiding certain regions
on specific days may improve route efficiency but would require very low delivery density or a high willingness to wait to divert
all regional demand on those days. Second, different approaches interact with one another and involve trade-offs. For instance,
smoothing delivery volume peaks can reduce stress for drivers, but may also decrease route efficiency. Conversely, concentrating
deliveries on particular days can improve route efficiency, but may come at the expense of demand peaks that require additional
resources such as vehicles and staff. These trade-offs obfuscate how increased flexibility driven by customers’ willingness to wait
actually yields sustainability benefits.

In this study, we assess postponed delivery at a strategic level and evaluate if and how willingness to wait can translate into
reduced environmental impact. Prior research suggests that, without financial incentives, 51% to 68% of customers are willing to
wait for their delivery (Buldeo Rai et al., 2021; Cauwelier et al., 2024; Ignat and Chankov, 2020), while 56% to 68% report being
willing to wait when financial incentives are in place (Cauwelier et al., 2025). Here, financial incentives refer to, for example, reduced
delivery fees or loyalty rewards. Non-financial incentives rely on behavioral and informational nudges (e.g., sustainability awareness
or social influence) (Agatz et al., 2021; Buldeo Rai et al., 2021; Ignat and Chankov, 2020). All these estimates come from stated-
preference surveys rather than observed customer behavior, and prior work highlights a broader intention-behavior gap: although
many customers express environmental concerns, they often default to faster or cheaper options (Cauwelier et al., 2024). Given this
uncertainty, we explore the full range of willingness to wait by varying (i) the share of deliveries that can be postponed from 0% to
100% and (ii) the postponement window, defined as the maximum number of days a customer order may be postponed, from one to
five days.

To this end, we develop a mathematical model that captures how willingness to wait can be leveraged in e-commerce delivery
operations, using continuous route-length approximation to estimate the resulting impacts over a delivery horizon. Our analyses show
that postponed delivery can improve or worsen the environmental impact of the delivery operations, depending on how firms use the
resulting flexibility. When customers’ willingness to wait is used to concentrate deliveries, the total route distance decreases, resulting
in lower operational emissions. However, it also concentrates more deliveries on the busiest day and thereby increases the number
of delivery vehicles needed on that day. In our analysis, this offsets the operational emission reductions once the total life-cycle CO,
emissions of the delivery fleet are considered. By contrast, when willingness to wait is used to spread deliveries across the delivery
horizon, fewer delivery vehicles are needed on the busiest day, with only a modest increase in total route distance. In our analysis,
this reduces the life-cycle CO, emissions of the delivery fleet.

2. Theoretical background

This section positions our study within the last-mile delivery literature and specifies the gap in the literature that our study intends
to address.

2.1. Decision levels in last-mile delivery research

Last-mile delivery research looks at decisions from several angles, from short-term operational choices to longer-term planning,
with different levels of detail and different aims. At the operational level, studies optimize decisions such as routing and dispatching,
typically using order- and vehicle-level detail to improve metrics such as distance, time, fleet requirements, and cost (Arslan et al.,
2019; Muriel et al., 2022; Perboli et al., 2021; Yang and Hyland, 2024). At the tactical level, research informs service design and
demand-management choices that shape operations over weeks or months, such as the design of delivery systems and time-slot
offerings, differentiated pricing or incentives, and service-region districting (Agatz et al., 2011; Bender et al., 2020; Klein et al., 2019;
Lin et al., 2018; Stroh et al., 2022; Wallmuth et al., 2023). The output is typically policy guidelines or parameter settings rather than
daily operational plans. At the strategic level, research evaluates system-level design choices and long-term implications, such as
last-mile network, infrastructure and delivery fleet configurations, with an emphasis on robustness across spatial contexts, trade-offs
across objectives, and the assessment of sustainability-oriented transitions (Arevalo-Ascanio et al., 2025; de Mello Bandeira et al.,
2019; Janjevic et al., 2021; Stokkink and Geroliminis, 2025).

2.2. Postponement in delivery operations

Within this broader last-mile literature, research that explicitly models postponed delivery is scarce and predominantly opera-
tional in scope. Existing studies mainly embed customers’ willingness to wait in short-horizon dispatch and vehicle-routing problems,
asking how temporal flexibility can be leveraged to better use vehicle capacity and reduce the number and distance of routes. Two
complementary approaches have been studied.

First, split-order consolidation targets multiple parcels for the same customer. Rather than dispatching each parcel as it arrives
from different retailers (and their warehouses), shipments are temporarily held at the delivery station and combined into a single
delivery to the customer (Zhang et al., 2019). In this setting, green labels have been shown to increase customers’ willingness to wait,
generating additional consolidation opportunities (Zhang et al., 2023).

The second approach targets orders of multiple customers and aims to temporally concentrate deliveries by treating the dispatch
day as a decision variable. While this approach aligns with the general focus of our study, prior work has largely studied it as
an operational decision problem, emphasizing dispatch and routing performance. There are three closely related studies in this
domain. Munoz-Villamizar et al. (2022) formulate a multi-period vehicle routing problem in which orders can be assigned to feasible
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dispatch days within short postponement windows. Relative to an earliest-dispatch baseline, they report large reductions in route-level
outcomes, with four-day postponement windows reducing distance by 57%, total costs by 61%, and CO, emissions by 56%. Mufioz-
Villamizar et al. (2024) extend this to a larger-scale setting by using rolling-horizon decision-making with region-level postponement
penalties and a continuous route-length approximation. They find that postponement can reduce the number of routes by 57%,
distance by 46%, transportation time by 43%, and total cost by 29%, while more than doubling the number of deliveries per route.
Finally, Voigt et al. (2025) study a vehicle routing problem with a some-day option, where postponement is guided by dynamically
updated order-level opportunity costs. Their results similarly indicate substantial operational gains: a three-day postponement window
can reduce costs by up to 60% relative to an earliest-policy baseline with a mean delay below 1.5 days.

2.3. Synthesis and literature gap

The three prior studies considering the implications of postponed delivery all suggest a clear positive link between customers’
willingness to wait and operational benefits. Each adopts an optimization approach to support day-by-day order dispatch and vehicle
routing decisions. In addition, they consider a single e-commerce retailer with its own fleet, and settings with relatively modest
delivery volumes and low baseline delivery densities. In such settings, postponement can readily increase delivery density and thereby
improve vehicle utilization, yielding large relative savings in route distance and delivery costs.

Existing literature provides limited strategic guidance on how to use the flexibility provided by customers’ willingness to wait and
what different approaches could realistically deliver across different contexts. In particular, prior work has not explicitly compared the
approach of spreading deliveries to smooth demand peaks with the approach of concentrating deliveries to minimize route distance.
Context sensitivity, including differences between urban and rural demand volumes, service-area characteristics, and fleet constraints,
also remains underexplored. Finally, prior studies typically prioritize cost minimization through operational efficiency, with more
limited attention to the levels of customer willingness to wait required to obtain environmental benefits.

Together, these limitations define the main gap in the literature that our study aims to address. Instead of an optimization-based
approach focused on supporting daily vehicle routing and order dispatch decisions, we adopt a strategic modeling approach, using
real-world e-commerce delivery volumes across various spatial contexts, considering both fleet and service-area characteristics, and
explicitly examining how operational and environmental outcomes vary with different levels of customers’ willingness to wait.

3. Modeling approach
3.1. Problem description

We consider a parcel delivery system over a finite delivery horizon of N days. Let p; denote the number of orders initially scheduled
for delivery on day i. A fraction of customers may be willing to postpone the delivery of their order to a later day. Accordingly, p;;
denotes the number of orders initially scheduled for delivery on day i that can be postponed to day j, with i < j. For instance, if a
customer is willing to postpone an order for delivery on day i = 1 for up to three days, the order can be delivered on any of the days
j =1,2,3,4. If a customer is not willing to wait, the order must be delivered on day i = j = 1. We take a deterministic perspective,
assuming full knowledge of delivery demand and customers’ willingness to wait over the entire delivery horizon.

Fig. 1 presents a network flow diagram of the postponement mechanism, illustrating how orders initially scheduled for delivery
on a given day can either be fulfilled on that day or deferred to one of the subsequent days within the postponement window. In
this illustrative five-day delivery horizon, the postponement window is three days, so orders initially scheduled for delivery on day i
can be delivered no later than day j =i + 3. That is, p;; = 0 for all j > i + 3. Similarly, orders on later days (e.g., day 5) may also be
postponed within the same three-day limit, though this is omitted from the figure for clarity. In the network, the flows x;; represent
the number of orders initially scheduled for delivery on day i that are delivered on day j, subject to the restriction x;; < p;;. The
inflows p; denote the number of orders initially scheduled for delivery on day i, while the outflows n; denote the number of orders
actually delivered on day j after postponement decisions have been made. The flow balance ensures that the total number of orders
originating from day / equals p;, and that the total number of orders delivered on day j equals ;.

Consistent with the strategic scope of our study, we analyze route characteristics using regional-level approximations rather than
optimizing specific delivery routes. In particular, we use the well-established route length approximation of Daganzo (1984), which
estimates the total distance based on the number of deliveries and the size of the region served. The size of the service region is
denoted by A (in km?), and the number of delivery locations on day j is denoted by n ;. In this framework, the service region should
be interpreted as an analytical aggregation unit over which deliveries are represented in average terms, rather than as an exact
operational route area. In line with (Daganzo, 1984), we assume that the delivery locations are uniformly distributed within A, which
allows the approximation to capture the expected intra-region travel pattern without modeling exact delivery locations. A routing
constant # adjusts the expected intra-region travel distance and d denotes the average line-haul distance, defined as the one-way
distance from the depot to the centroid of the service region. The line-haul term approximates the average distance between the
depot and the region. Thus, each route incurs an expected round-trip line-haul distance of 2d. Daganzo-style VRP approximations
have been empirically validated as a good predictor of average route length and generally perform better than approximation methods
that ignore depot line-haul distances (Robusté et al., 1990, 2004; Merchdn and Winkenbach, 2019; Chien, 1992; Kwon et al., 1995).
Let m; denote the number of vehicles on day j. Assuming each vehicle completes one route per day, the total distance on day j is
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Fig. 1. Illustration of the postponement mechanism across a five-day delivery horizon.
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The approximate number of vehicles needed on day j is determined in connection with volume and time limitations. First, assuming

a fixed and known average order volume per delivery, and a given vehicle capacity C, in volume per vehicle in the fleet, we can

determine the maximum number of deliveries that can be made in a single route. Second, we consider a maximum allowable route

duration 4 in hours. To convert distance to time, two average driving speeds are defined: s, (km/h) for line-haul distance, and s,

(km/h) for travel within the service region. Each delivery incurs a fixed stop time A (in hours) for parking and parcel handover.

Accordingly, the average time per route on day ; is
%:nl + ﬁ\i%j +n;A

el B (2)

mj

3.2. Model

We formulate a continuous non-linear programming model to determine the optimal distribution of deliveries over the planning
horizon. Table 1 provides an overview of the nomenclature used in this model.

The variable x;; denotes how many orders with the earliest delivery day i are carried out on day j. From these postponement
choices, the model derives the daily number of deliveries n;, which determines the number of vehicles m; required on that day. The
overall fleet size F is defined as the maximum number of vehicles used on any day j over the delivery horizon. The decision variables
x;j,n;,m;, and F are in R,. Observe that we treat x;;, n;, m;, and F as nonnegative reals, even though deliveries and vehicles are
discrete in reality. Given our strategic, long-term perspective, approximating variables as real numbers enables us to better capture
trends and trade-offs.

In the following sections, we present two alternative objective functions to evaluate the trade-off between spreading deliveries to
minimize fleet size and concentrating them to minimize total route distance.

3.2.1. Minimization of total route distance

We include distance minimization as an objective because fewer vehicle kilometers imply less energy use for driving and therefore
lower CO, emissions in delivery operations. The objective function (3) minimizes the approximate distance traveled across all delivery
routes:

min g{zamj INOTY 3)

where the term 2dm; is the estimated line-haul distance incurred by dispatching m; vehicles on day j, with each vehicle traveling an
average round-trip distance of 2d, and the term ﬂ\/nj_A captures the approximate total distance traveled to serve n; delivery locations
uniformly distributed across the service region A. By minimizing the sum of these terms over the delivery horizon, we determine the
optimal distribution of deliveries across days within the allowed postponement windows to reduce total route distance.

3.2.2. Minimization of fleet size

We consider fleet size minimization as an objective because a smaller fleet implies fewer vehicles to be manufactured and therefore
lower CO, emissions from production. The objective function (4) minimizes the fleet size:

N
min F+eij @
j=1
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Table 1
Nomenclature of the continuous non-linear model.

Parameters

Pij Number of orders on day i that can be postponed to day j, i=1,...,N; j=1,...,N

2 Total number of orders with the earliest delivery on day i

A Size of the service region (km?)

d Average distance between the depot and the service region (km)

p Constant

K Driving speed on line-haul (km/h)

5y Driving speed inside the service region (km/h)

i Stop time per delivery (hours)

h Maximum allowable route duration for each vehicle (hours)

C Maximum volume that can be delivered per vehicle (number of deliveries)
€ Small positive constant

Decision variables

Number of deliveries on day i that are postponed to day j,i=1,...,N,j=1,...,N
The number of deliveries that are performed on day j

The number of vehicles needed on day j

Fleet size

Rad

=

3

5]

where the term F denotes the minimum fleet size sufficient to satisfy all deliveries across the delivery horizon, which we will
establish as F/ = max{m;},_; _y by means of the constraints of the model. Since m; is determined using the continuous route-length
approximation, F should likewise be interpreted as an estimated fleet requirement rather than an exact operational fleet size. The
term e Zj\;  m;, with the small positive constant e, is a tiebreaker that discourages excess daily vehicle use on non-peak days.

3.2.3. Constraints
Both objectives are subject to the following constraints:

N
st on; = inj vj (5)
i=1
Xi; < pij Vi#j (6)
Xii 2 Pii vi @)
N
3 %, = s vi ®)
j=i
@ + AV VSnJA +n;4
- <h vj (C)]
m.
i
"
— <C vj (10)
J
m; < F vj 1)
nj,m; € R, Vj 12
x; €R, Vi, j 13)
FeR, 14

Constraint (5) defines the realized deliveries on each day ;. It states that the number of deliveries performed on day j must equal
the total number of deliveries assigned to day j after the postponement decisions are made. Constraint (6) ensures that the number
of deliveries postponed from day i to a later day j does not exceed the corresponding upper bound p;;. Constraint (7) makes sure
that the deliveries that cannot be postponed have to be delivered on day i = j. Constraint (8) enforces delivery balance. It states that
all orders are delivered within the respective postponement windows for each day i. Constraint (9) ensures that deliveries remain
feasible in terms of time, and Constraint (10) imposes the vehicle volume capacity limit. Each constraint therefore yields a lower
bound on the number of vehicles required on day j. Because both constraints must be satisfied, m; is effectively determined by the
maximum of these two bounds. Constraint (11) ensures that the fleet size F is at least the approximate daily vehicle requirement m;
for all days j. Finally, Constraints (12)—(14) define the domains of the decision variables.

4. Analysis

Our modeling approach can be applied to any delivery region, characterized by its service area, the line-haul distance, and the
number of deliveries to be served in that region each day over a delivery horizon. In our analysis, we model customers’ willingness

5
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Table 2
Parameter values for the representative urban and rural regions.
Category Parameter (unit) Urban Rural
Service region characteristics ~ Population 160,800 46,400
Area (km?) 32.2 517.77
Average deliveries per day 12,902 4,419
Delivery density (deliveries/day/km?)  400.7 8.5
d (km) 10 23
Model parameters® s; (km/h) 80 80
s, (km/h) 20 50
A (min) 4 2
B (constant) 0.57 0.57
h (hours) 7.5 7.5
C (deliveries) 120 120

@ Stop time is guided by Allen et al. (2018), Dalla Chiara and Goodchild (2025). We
set f = 0.57 following (Daganzo, 1984). We set the vehicle volume capacity C to 120
deliveries per route. This value is derived from an effective vehicle volume capacity of
approximately 5 m® and an average delivery volume of 41.6 L (representing 1.6 parcels
of 26 L).

to wait as the share of deliveries that can be postponed for a fixed number of days, which we refer to as the postponement window.
We adopt this simplified representation—where a variable share of customers accepts a uniform postponement window—to keep the
analysis tractable and to ensure results are easily interpretable and comparable across different settings.

Our analysis draws on detailed e-commerce delivery data from a Dutch logistics technology provider. The provider coordinates
deliveries for around 300 e-commerce retailers in the Netherlands, while delivery firms operate the routes. The dataset covers all
business-to-consumer (B2C) deliveries processed via the platform in 2024'. The data exhibits a clear weekly seasonal pattern in
delivery volumes. In line with this, we analyze the impact of postponed delivery over a weekly delivery horizon that repeats itself
perpetually with average daily delivery volumes derived from the data. To that end, we impose periodic boundary conditions on the
day index of our finite-horizon model. We index the days of the week as 1, ...,7 (Monday-Sunday). Then, for an order scheduled on
day i, we express the set of possible delivery days by the index set j = ((i +—1) mod 7) + 1 for t =0, ..., K, where K is the length
of the postponement window. This allows us to model postponements from day i of a week to day j of the next week through
the postponement feasibility parameter p;; and decision variable x;;, in the context of the optimization model and constraints in
Section 3.2. Following the practice in the Netherlands, we assume Sunday is a non-service day and set p;; = 0. Consequently, with
a three-day postponement window, an order initially scheduled for delivery on Saturday can be postponed at most to the following
Monday or Tuesday.

In our analysis, we focus on two representative yet contrasting service regions in the Netherlands: the city of Groningen as an
urban region and a nearby rural region in the province of Drenthe. These regions differ markedly in service area size, daily delivery
volumes, and resulting delivery density. Table 2 reports their key characteristics, along with the rest of the model parameters used
in the analysis.

4.1. The impact of willingness to wait

We solve our model with the alternative objectives of minimizing total route distance and minimizing fleet size, and compare
the results with the baseline without postponement. We present the results graphically to indicate how objective values change as
a function of willingness to wait, as we vary both the share of deliveries that can be postponed and the length of the postponement
window. We report the results separately for the urban and rural region to compare the benefits of postponement across different
spatial contexts.

We begin by analyzing the results for distance minimization. Fig. 2a and 2b show how the weekly route distance varies with the
share of deliveries that can be postponed and the length of the postponement window for the urban and rural regions, respectively. In
both regions, the curves indicate that increasing either the share of deliveries that can be postponed or the length of the postponement
window leads to a reduction in weekly route distance. This is because postponement allows deliveries to be concentrated on fewer
days, thereby increasing local stop density and reducing distance driven per delivery. It is important to highlight that a substantial
reduction in distance can be achieved only when a large share of deliveries can be postponed.

Comparing Fig. 2a and 2b, we observe how delivery density affects the potential distance savings from postponement. In the
dense urban region, even in the extreme case where all deliveries can be postponed for five days, postponed delivery reduces weekly
distance by only 8.8%. In absolute terms, this corresponds to a reduction of 19 meters per delivery from an average distance of 197
meters per delivery. In the more dispersed rural region, the maximum possible reduction is 19.8%, which corresponds to a reduction

! The available e-commerce delivery data only covers deliveries mediated by the logistics technology provider. To approximate total regional
deliveries, we assume that the provider’s market share remains constant across weekdays and consistent across geographic regions and, accordingly,
scale the data using national delivery volumes reported by the Dutch Authority for Consumers and Markets.

6



M.J. Zeelenberg et al. Transportation Research Part D 156 (2026) 105349

(a) Urban region

16,750
E 16,500
=5
(]
£ 16,250
8
1]
3
> 16,000
~
8
2 Postponement window
TE 15,750 1 day
IS ---- 2 days
15,500 3 days Y
——- 4 days \
- - 5days !
15,250
0% 20% 40% 60% 80% 100%
Share of deliveries that can be postponed
(b) Rural region
15,500
15,000
El
=
o 14,500
Q
=]
8
1%}
2 14,000
>
=
(]
o 13,500 . =
2z Postponement window \ \.\'-.'*
s —— 1 day O
\
213,000 - 2 days ke
444444444 3 days \\
12,500 —= 4days '
- - b5days |
0% 20% 40% 60% 80% 100%

Share of deliveries that can be postponed

Fig. 2. Impact of delivery postponement on weekly distance for (a) urban and (b) rural regions.

of 115 meters per delivery from an average distance of 465 meters per delivery. In both regions, the reduction in distance quickly
diminishes as the share of deliveries that can be postponed decreases or the postponement window becomes shorter.

Fig. 3 presents the distribution of delivery volume over the week when the objective is to minimize distance for postponement
windows from one to five days, assuming that all deliveries can be postponed. This illustrates the mechanism behind the distance
reductions observed in Fig. 2a and 2b. When all deliveries can be postponed by one day, deliveries take place only every other
day. This is intuitive, since route distance is mainly driven by delivery density. This becomes even more pronounced with longer
postponement windows, and in the most extreme case all deliveries are concentrated on a single day. We note that this pattern
persists even when not all deliveries can be postponed, as the model still concentrates as many deliveries as possible on a few days,
leaving only the non-postponable deliveries on the remaining days. By concentrating deliveries into a few peak days, weekly route
distance decreases, but peak-day resource requirements rise as substantially more vehicles and delivery staff are needed on those
days, with underutilized capacity on the remaining days.

Next, we analyze the results for fleet size minimization. Fig. 4a and 4b illustrate how the minimum fleet size varies with the
share of deliveries that can be postponed and the length of the postponement window, for the urban and rural regions, respectively.
The minimum fleet size is driven by the day with the highest delivery volume, as this day requires the most vehicles. Hence, the
effectiveness of delivery postponement in minimizing fleet size lies in its ability to smooth variation in delivery volumes across days. In
both urban and rural regions, increasing either the share of deliveries that can be postponed or the length of the postponement window
reduces the required fleet size. This is because postponement allows deliveries to be shifted away from peak days, thereby smoothing
delivery volumes across the week and reducing the number of vehicles needed on the busiest day. The figure shows postponement
windows up to three days, as extending the postponement window beyond three days does not yield a further reduction in fleet size.
For any postponement window, the minimum fleet size is achieved even when only a modest share of deliveries can be postponed.
This suggests that postponed deliveries can effectively smooth delivery volume peaks, even when customers’ willingness to wait is
limited or when operational constraints prevent the full exploitation of the resulting flexibility.
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Fig. 3. The (percentage) distribution of weekly delivery volume that minimizes total route distance for different postponement windows.
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Comparing Fig. 4a and 4b we observe how delivery density affects the minimum fleet size. For any given postponement window,
the minimum fleet size can be achieved with a smaller share of deliveries that can be postponed in the urban region as compared to
the rural region. Consider a postponement window of three days. In the urban region, the minimum possible fleet size is achieved
when 17.5% of deliveries can be postponed. This is a reduction of 17.2%, which corresponds to 25.25 vehicles. In the rural region, the
minimum possible fleet size is achieved when 19.3% of deliveries can be postponed, which is a reduction of 19.2% or 8.75 vehicles.
The difference between these figures can also be attributed to the relatively larger variation in daily delivery volumes in the rural
region.

Finally, we analyze the extent to which the flexibility arising from customers’ willingness to wait is utilized. Across both objectives,
both regions, and all postponement windows, the mean realized delay is consistently below the maximum allowable postponement
window—typically around half the window length—and scales approximately linearly with the postponement window length. This
pattern is nearly identical under distance minimization and fleet minimization, implying that average customer delays are largely
independent of the firm’s strategic priority.

4.2. Trade-off between distance and fleet size

We now analyze the trade-off between distance and fleet size. To characterize this trade-off, we compute Pareto frontiers in the
(D, F) plane, where D denotes the approximate weekly route distance and F the estimated required fleet size. Because D and F differ
in units and scale, we normalize both objectives using bounds derived from the two single-objective optima. Specifically, minimizing
distance yields D, with associated fleet size Fop_, , while minimizing fleet size yields F,;, with associated distance Def,, . In
this setting, maximizing either objective is not meaningful as both distance and fleet size can grow without bound. We therefore
approximate the nadir point for each objective as the worst value observed when the other objective is minimized, so that the upper

bound for distance is D, and the upper bound for fleet size is Fgp_, . By means of these bounds, we define
D - D_; F—F,;

d — min al‘ld f — min

norm D@F Dmin norm @D, - Fmin

‘min 'min

5

and trace the frontier by solving the weighted-sum problem
min 6 fiom + (= 0)dyorm

for different values of 6 € [0, 1], thereby combining the two objectives on the same scale.

Fig. 5a and 5b illustrate the Pareto frontier between fleet size and weekly route distance for urban and rural regions, respectively.
The results are based on a three-day postponement window and the share of deliveries that can be postponed is 100%. The horizontal
axis reports weekly distance, where the minimum distance D, ;, is 15,680 km in the urban region and 13,118 km in the rural region.
The vertical axis reports fleet size, where the minimum fleet size F,;, is 121.2 vehicles in the urban region and 36.8 vehicles in the
rural region. The weekly distance when operating at the minimum fleet size Dg Fpyy 18 16,785 km in the urban region and 15,394 km
in the rural region. Conversely, the fleet size required to attain the minimum-distance solution Fep_, is 530.2 vehicles in the urban
region and 162.6 vehicles in the rural region.
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Fig. 5. Pareto frontier between fleet size and weekly route distance for (a) urban and (b) rural regions.

We observe a clear asymmetry in the endpoints of the Pareto frontier. In the urban region, moving from the fleet-optimal to the
distance-optimal endpoint requires a 337.46% increase in fleet size, corresponding to 409 additional vehicles. In contrast, moving
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from the distance-optimal to the fleet-optimal endpoint increases weekly distance by only 7.05% or 1,105 km. In the rural region,
the corresponding changes are an increase in fleet size of 341.85% or 125.8 additional vehicles, and an increase in weekly distance
of 17.35% equivalent to 2,276 km. The larger relative increase in weekly distance in the rural region can be attributed to longer
distances per delivery resulting from more spatially dispersed delivery locations. Overall, these results indicate that substantial fleet
reductions can be achieved at the cost of only a relatively small increase in weekly distance.

4.3. Sensitivity analysis

Fig. 6a and 6b illustrate how the trade-off between distance and fleet size is affected by time and volume capacity constraints.
We examine this effect by perturbing three representative parameters—one at a time by +20% relative to the baseline—as shown
by the dashed and dotted curves. Specifically, we vary the routing constant f§ to explore how robust the trade-off is to differences
in spatial distribution and road network topology. We vary the stop time A because it affects the time constraint, which reflects
broader operational factors related to the time required and available to complete deliveries, such as service time per stop, handling
time, and route duration limits. We also vary the vehicle volume capacity C because it affects the volume constraint, which reflects
broader operational factors related to the vehicle’s carrying capacity and the capacity required to serve all deliveries. Accordingly,
both time-related constraints and vehicle volume capacity are key determinants of the driven distance and the required fleet size.
The three parameters influence the trade-off in distinct yet intuitive ways. The routing constant # scales route lengths and therefore
shifts the Pareto frontier along the distance axis, while leaving fleet requirements essentially unchanged. By contrast, the stop time 4
and vehicle volume capacity C primarily affect the fleet dimension of the trade-off by limiting the number of deliveries per vehicle,
thereby dictating the required fleet size. While we do not model all operational constraints explicitly, these two high-level constraints
capture the primary drivers of vehicle requirements in our strategic setting.

Comparing Fig. 6a and 6b, we observe pronounced differences in sensitivity to stop time and vehicle volume capacity. Fleet size is
driven by whichever constraint (i.e., time or volume) is binding. Consequently, changes to the non-binding constraint have negligible
effect. In the urban region, the time constraint binds and increasing vehicle volume capacity has no effect, whereas reducing it shifts
the Pareto frontier only if the volume constraint becomes binding. In the rural region, the volume constraint binds and varying stop
time by +20% does not alter this status and leaves the frontier unchanged.

The trade-off remains clearly asymmetric across all parameter variations in both regions. Reaching the distance-optimal endpoint
consistently requires a large increase in fleet size, whereas the fleet-optimal endpoint incurs only a modest distance penalty. This
confirms that the shape of the Pareto frontier is robust.

5. Broader environmental impact

To assess the broader environmental impact of postponement, we extend our analysis in two steps. First, we scale our findings to
the national level to examine how market share affects the strategic value of postponed delivery. Second, we combine these results
with life-cycle assessment to quantify the net CO, emissions, explicitly trading off the emissions from vehicle manufacturing against
the emissions from delivery operations.

5.1. Impact at national scale

To estimate the impact of postponed deliveries at the national level, we consider two B2C delivery firms operating in the Dutch
e-commerce sector: the market leader with a 48% market share and a smaller competitor with a 5% market share, and examine how
each would benefit from postponed deliveries.

To model these national networks, we require the depot delivery regions and delivery volumes for each firm. Since proprietary
network data are unavailable, we construct approximate delivery regions using a transparent partitioning procedure based on depot
locations and delivery volumes derived from our e-commerce dataset. Our procedure is as follows: First, we create depot delivery
regions by assigning each postcode to the geographically nearest depot, excluding islands which represent operational edge cases.
Second, we categorize each postcode as urban or rural using a population density threshold of 500 inhabitants per square kilometer.
Third, we subdivide each depot delivery region into distinct service regions by grouping contiguous postcodes and classifying them as
urban or rural, yielding analytically tractable regions for the strategic approximation. Finally, for each service region, we approximate
the number of deliveries by scaling the e-commerce delivery data according to the firm’s market share and compute the line-haul
distance from the assigned depot to the centroid of the service region, which serves as an approximation of the average depot-to-region
distance. The resulting network, illustrated in Fig. 7, provides a consistent spatial framework for our national-level analysis.

We examine the impact of delivery postponement at the national scale by solving the model for each service region and aggregating
the results to obtain the total weekly route distance and fleet size for the market leader and the smaller competitor to serve all their
deliveries across the Netherlands. In our analysis, we focus on the impact of the share of deliveries that can be postponed, and keep the
postponement window fixed at three days. Furthermore, we keep the number of vehicles required per service region as a continuous
variable to avoid systematic overestimation when these requirements are aggregated to the depot level.

For the market leader delivery firm, Table 3 reports the nationwide results under the distance minimization and fleet size mini-
mization objectives. When the objective is to minimize the weekly distance, increasing the share of deliveries that can be postponed
from 0% to 100% reduces weekly distance from 1,109,089.2 km to 1,071,604.1 km, a reduction of about 3.4% or 37,500 km. However,
this comes at the cost of a much larger fleet. The fleet size increases from 8,508.6 vehicles to 29,928.5 vehicles, a more than threefold
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Fig. 6. Sensitivity of the Pareto frontier between weekly route distance and fleet size for (a) urban and (b) rural regions. Each panel shows the
distance-fleet trade-off under a + 20% change in the indicated parameter, relative to the baseline.
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Fig. 7. Depot locations and approximate depot delivery regions for (a) the market leader and (b) a smaller competitor. Red dots represent depot
locations, black lines delineate depot delivery regions, dark gray areas indicate urban zones, and light gray areas represent rural zones.
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Table 3
The impact of postponement on the market leader’s weekly route distance and fleet size, with varying shares of deliveries that can be postponed
over a three-day postponement window.

Distance minimization 0% 20% 40% 60% 80% 100%

Fleet size 8508.6 11677.9 16273.5 20847.0 25315.7 29928.5

Weekly distance (km) 1109089.2 1107832.0 1105015.6 1100521.1 1093368.8 1071604.1

Fleet size minimization 0% 5% 10% 15% 20% 25%

Fleet size 8508.6 8084.6 7660.6 7236.6 6829.0 6766.3

Weekly distance (km) 1109089.2 1109086.1 1109119.4 1109292.0 1109512.8 1109525.7
Table 4

The impact of postponement on the smaller competitor’s weekly route distance and fleet size, with varying shares of deliveries that can be postponed
over a three-day postponement window.

Distance minimization 0% 20% 40% 60% 80% 100%
Fleet size 917.6 1257.4 1749.8 2241.8 2722.4 3213.6
Weekly distance (km) 209908.3 209571.9 208816.8 207609.2 205685.8 199844.9
Fleet size minimization 0% 5% 10% 15% 20% 25%
Fleet size 917.6 872.2 826.7 781.2 736.9 730.7
Weekly distance (km) 209908.3 209907.0 209912.5 209965.3 210021.2 210024.5

increase. Even at lower shares of deliveries that can be postponed, the fleet needs to expand substantially to achieve relatively modest
distance savings. When the objective is to minimize the fleet size, increasing the share of deliveries that can be postponed from 0% to
25% reduces the required fleet from 8,508.6 to 6,766.3 vehicles, a reduction of about 20% or 1,742.3 vehicles. This comes at almost
no cost in terms of the weekly distance, which increases by less than 0.05%, or a mere 436.5 km. Further increasing the share of
deliveries that can be postponed does not yield an additional benefit, as the minimum fleet size is already achieved at 25%.

For the smaller competitor delivery firm, Table 4 reports the nationwide results under the distance minimization and fleet size
minimization objectives. When the objective is to minimize the weekly distance, increasing the share of deliveries that can be post-
poned from 0% to 100% reduces weekly distance from 209,908 km to 199,845 km, a saving of about 4.8% or 10,000 km. These
savings again require a substantial increase in fleet size. The fleet size increases from 917.6 to 3,213.6 vehicles, which is more than
a threefold increase. When the objective is to minimize the fleet size, increasing the share of deliveries that can be postponed from
0% to 25% reduces the fleet size from 917.6 to 730.7 vehicles, a reduction of roughly 20% or 187 vehicles. This is achieved with
negligible impact on weekly distance, which increases by less than 0.1% or 116.2 km. The minimum fleet size is once again achieved
when the share of deliveries that can be postponed reaches 25%.

Fleet capacity is naturally allocated at the depot level, allowing vehicles to be shared across the service regions assigned to a
depot. To compute depot fleet sizes, we therefore aggregate the continuous vehicle requirements from all assigned service regions. In
our national-scale setting, depot fleets are large in every scenario. Across both objectives and all postponement shares, the smallest
depot fleet is about 89.1 vehicles for the market leader and 18.1 vehicles for the smaller competitor. At this scale, treating fleet size
as a continuous variable is appropriate, as rounding to integers at the service-region level would systematically overestimate total
fleet requirements.

Taken together, the results at the national scale show that postponed delivery offers very limited potential to reduce route distance
for either the market leader or the competitor. Even when all deliveries can be postponed, only marginal distance savings can be
achieved, and these come at the cost of a substantially larger fleet. This may appear surprising for the competitor, as its smaller
market share and lower delivery density would provide greater potential to reduce route distance due to postponed deliveries.
However, because the competitor operates with fewer depots, its average line-haul distance is substantially longer and accounts for
a larger share of total distance, thereby offsetting any distance savings achieved at the regional level.

In sharp contrast, postponed delivery provides both the market leader and the smaller competitor considerable scope to reduce
their fleet size at the expense of a very limited increase in their total route distance. In addition, sizable reductions in fleet size can
be achieved even when only a small share of deliveries can be postponed. To achieve the minimum possible fleet size, only 25%
of deliveries must be postponed. This is slightly higher than what we reported in our analysis of individual regions, which can be
attributed to the fact that some regions in the Netherlands exhibit stronger day-to-day variation in delivery volumes over the week.

5.2. Life-cycle emission impact

We now evaluate the net environmental impact of postponed deliveries at the national level. Given the trade-off between fleet
size and route distance, we model total life-cycle CO, emissions as the sum of emissions from vehicle manufacturing and delivery
operations. We focus this analysis on the market leader with a three-day postponement window. To establish the lower and upper
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Fig. 8. Weekly CO, emissions as a function of the share of deliveries that can be postponed with an (a) electric fleet and (b) diesel fleet, decomposed
into manufacturing-phase and use-phase emissions.

bounds of these environmental implications, we analyze two extreme fleet compositions: a fully diesel and a fully electric fleet. In
practice, delivery firms often operate mixed fleets that fall between these two extremes.

Following (Giordano et al., 2018), we set manufacturing emissions to E)}* . = 7,600 kg CO, for an electric van and EJ?" =
3,800 kg CO, for a diesel van. Manufacturing emissions cover the full vehicle. The main difference is that electric vans include
battery and electric drivetrain production (including one battery replacement), whereas diesel vans include the internal combustion

engine and related systems. Use-phase emissions per kilometer for electric vans are e%y¢ . = 0.2 kg CO, per km and for diesel vans
et o) = 0.5 kg CO, per km. Diesel use-phase emissions reflect Euro 5 and 6 vehicles, while electric use-phase emissions are averaged

across electricity-mix scenarios (Giordano et al., 2018).

Vehicle lifetime depends on utilization. While higher driving intensity shortens a vehicle’s service life in years, it simultaneously
increases the total kilometers driven before retirement (Morfeldt and Johansson, 2022). In other words, a vehicle that drives more
kilometers per week is retired sooner, but covers a greater cumulative distance over its lifetime compared to a vehicle that is left
idle or driven less intensively. This higher lifetime distance spreads manufacturing emissions over more kilometers, decreasing the
emissions per kilometer. Following Morfeldt and Johansson’s lifetime-intensity model, we express vehicle lifetime as a function of
weekly distance D as

L(D) = t,(Dy/ DY

where 7, and D, are the average vehicle lifetime in weeks and average weekly distance, respectively. L(D) denotes the vehicle’s
lifetime until retirement from use, not its operational or economic life in a single firm’s fleet. We allocate manufacturing emissions
over L(D) to ensure fair attribution to the firm’s period of use. In our analysis, we set y = 0.65, as estimated by Morfeldt and Johansson
(2022), 7y = 625.7 weeks (or 12 years) for both electric and diesel vans, consistent with the lifetime reported in Giordano et al. (2018)
and D, = 130 in line with the weekly driving distance per vehicle of the market-leading firm in our setting without postponement.

Based on the above, we can write the weekly emissions of a delivery firm operating F vehicles, each driving D kilometers per
week, as

Em[m

v use

+ "D | F kg CO,,
( L) ) 8e

where the subscript v indexes vehicle type, with v € {electric, diesel}.

Fig. 8a and 8b illustrate weekly CO, emissions for fully electric and fully diesel delivery fleets under distance and fleet size
minimization, with total emissions decomposed into manufacturing- and use-phase components. Looking at the solid lines in the
graphs, we observe that the two objectives lead to opposing effects on manufacturing-phase and use-phase emissions for both fleet
types. For distance minimization, postponement reduces route distance and increases fleet size. It therefore results in lower use-
phase emissions but higher manufacturing-phase emissions. The increase in manufacturing-phase emissions dominates the reduction
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in use-phase emissions, leading to higher weekly CO, emissions when larger shares of deliveries can be postponed. For fleet size
minimization, postponement reduces fleet size while slightly increasing route distance. It therefore results in lower manufacturing-
phase emissions and slightly higher use-phase emissions. Overall, the reduction in manufacturing-phase emissions outweighs the
modest increase in use-phase emissions. Hence, weekly CO, emissions initially decline as the share of deliveries that can be postponed
increases and then level off once the minimum possible fleet size is achieved.

We derived our baseline value (y = 0.65) from driving distance and retirement statistics for passenger cars in Sweden (Morfeldt
and Johansson, 2022). Acknowledging that their model is not tailored to delivery vans, we test the sensitivity of our results to
different values of y by varying it across its full theoretical range. The shaded bands in Fig. 8a and 8b indicate this sensitivity. The
endpoints of the bands correspond to y € {0, 1}. When y = 1, vehicle lifetime is determined solely by cumulative distance driven, with
no contribution from calendar aging. Since distance minimization reduces total kilometers, it extends vehicle lifetime and lowers
weekly manufacturing-phase emissions by allocating them over more weeks. Fleet-size minimization, however, slightly increases
weekly route distance, thereby reducing lifetime. In this setting, distance minimization yields lower total CO, emissions than fleet
minimization only in the extreme case where 100% of deliveries can be postponed. In that case, distance minimization has maximal
flexibility to reduce total distance, and the resulting reduction in use-phase emissions can outweigh the benefits of operating a smaller
fleet. When y = 0, lifetime is fixed at 7, and independent of cumulative distance driven, so manufacturing-phase emissions per week
depend only on fleet size. In this case, distance minimization increases total emissions because it requires a larger fleet, while fleet
size minimization reduces emissions. Overall, our qualitative conclusions are robust across the range of y values that are plausible in
practice.

Beyond y, we verified that the results are not sensitive to the calibration of other key parameters. Specifically, we vary zj, Dy, E'",
and E}** by +50% ceteris paribus. The only exception observed is a scenario in which diesel manufacturing emissions are reduced
by 50%, in which case distance minimization becomes preferable over fleet minimization only if 98% of deliveries can be postponed.
Otherwise, the patterns in Fig. 8a and 8b remain unchanged, confirming that the environmental benefit of the demand-smoothing
approach is robust across plausible scenarios.

6. Discussion

The strategic insights from our analyses are broadly consistent with existing operational-level optimization studies on postponed
delivery, while highlighting a clear trade-off between distance savings and fleet size reductions. Specifically, our analyses confirm
that longer postponement windows and higher shares of deliveries that can be postponed increase flexibility and improve delivery
operations (Mufioz-Villamizar et al., 2022; Voigt et al., 2025). As in Mufioz-Villamizar et al. (2024), benefits are larger in regions
with lower baseline delivery densities and smaller in dense service regions. Moreover, we demonstrate that realized delays stay far
below the full postponement window length, as also reported by Voigt et al. (2025).

Our study departs from prior studies by showing that, while postponed delivery can reduce total route distance when it is steered
toward distance minimization, the resulting distance savings are modest in dense delivery contexts. Baseline delivery densities (i.e.,
prior to implementing postponed delivery) play a key role. When baseline delivery density is low, adding a few more deliveries to
a route can noticeably shorten the average distance per delivery. When density is already high, the same increase tends to bring
only very small additional reductions. In our setting, delivery densities are about 400 deliveries/day/km? in the urban region and
8.5 deliveries/day/km? in the rural region. By contrast, Mufioz-Villamizar et al. (2022) operates at much lower density, which we
approximate at about 0.028 deliveries/day/km? based on 30 deliveries over four days and an estimated service-area size of 265 km?.
This lower density is consistent with the larger distance savings they find compared to our setting.

Another point of divergence from prior studies is that our strategic analysis explicitly introduces postponed delivery as a demand-
smoothing lever. Operational-level optimization studies, such as (Voigt et al., 2025) and (Mufioz-Villamizar et al., 2024), focus on
the average number of routes or vehicles per day, and report postponed delivery can improve these metrics. In our study, we analyze
how using customers’ willingness to wait to spread deliveries can reduce the number of delivery vehicles needed on the busiest day,
under stylized time and capacity constraints. This peak-oriented measure captures the capital and staffing implications of postponed
delivery. When deliveries are concentrated on fewer days, the number of routes over the delivery horizon or the average number of
vehicles used per day may decrease, but the number of delivery vehicles needed on the busiest day increases.

In this study, we made several deliberate modeling choices that provide directions for future work. First, our empirical setting
relies on operational data from a single logistics technology provider, which we scaled to approximate how total demand is distributed
across space and weekdays. Although the dataset covers a large and diverse set of around 300 e-commerce retailers, it is not a complete
census of Dutch e-commerce deliveries, and the scaled instances may not fully reflect the national demand mix. Moreover, scaling the
data to represent the whole Netherlands through an approximate procedure may amplify underlying measurement and approximation
errors. Future work could test robustness across multiple data sources.

Second, we chose to estimate total route distance using continuous approximation rather than explicitly modeling vehicle routes.
This abstracts from operational detail, but is well suited for strategic analysis and keeps evaluating many different settings compu-
tationally feasible. Continuous approximation assumes that delivery locations are uniformly distributed within a service region. This
is a near worst-case assumption for route length because it removes the clustering observed in real demand (Carlsson and Behroozi,
2017). In practice, clustering typically shortens travel distances and may increase the distance-saving potential of delivery postpone-
ment. A direction for future research is to replace the continuous approximation with a zone-based or threshold dispatch policy.
Because this would shift the focus toward more tactical decision-making, it would form a complement to our present study.
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Third, our analyses focus on a representative average week in which all deliveries are known in advance. This assumption is
reasonable given relatively stable week-to-week demand volumes, except during specific holiday periods—most notably the surge
from Black Friday through Christmas or other disruption-driven demand spikes. While the observed demand smoothing indicates the
potential for a more balanced workload through reduced peak-day volumes, our model does not quantify associated social outcomes
such as overtime, driver stress, or subcontracting, which may still occur under smoothed demand. Accordingly, these effects should
be interpreted as managerial implications, rather than as outcomes quantified directly by the model. Future research can explore how
delivery postponement performs under peak seasons with large demand surges and explicitly measure how it affects workload-related
outcomes.

Fourth, we analyze each postponement window length separately to keep the results transparent and comparable across settings.
In practice, however, customers differ in their willingness to wait and may respond to discounts and information, so postponement
uptake is likely endogenous rather than fixed. Our model can accommodate richer representations of willingness to wait, including
heterogeneous mixes of postponement windows in which each window corresponds to a different share of deliveries that can be
postponed. Future work could allow heterogeneity in customers’ willingness to wait within a single instance. A further step would
be to introduce an economic component that links postponement adoption to incentive levels, enabling assessment of whether such
incentives are financially viable. More generally, the managerial challenge is to design service offerings and incentives that motivate
customers to choose postponed delivery and sustain uptake over time.

Fifth, our analysis assumes that postponable deliveries can be reallocated flexibly within the postponement window and that deliv-
ery operations can be adjusted accordingly. In practice, rolling-horizon planning and operational constraints (e.g., delivery promises,
warehouse operations, route familiarity, and driver schedules) can limit this flexibility and reduce realizable gains. Other opera-
tional realities, such as depot throughput, dispatch waves, driver rosters, and cut-off time policies, may further constrain the extent
to which willingness to wait can be translated into effective flexibility in practice. This holds especially for distance minimization,
which typically requires high willingness-to-wait levels to be effective. By contrast, demand smoothing aimed at minimizing fleet size
achieves its maximum potential already when only a modest share of customers is willing to wait. Since stated willingness to wait
often exceeds these levels, there is likely a surplus of flexibility, which can serve as a buffer to absorb the operational inefficiencies
described above.

7. Conclusion

This study examined how the willingness of customers to wait for their e-commerce order can be used to reduce the environmental
impact of delivery operations. In a dense e-commerce delivery context, such as the Netherlands, using postponed delivery to smooth
delivery volume peaks seems both realistic and effective. It enables substantial reductions in the number of delivery vehicles needed on
the busiest day even with limited willingness to wait, and with only modest increases in route distance. This can considerably reduce
total life-cycle emissions of the delivery fleet and may support more sustainable working conditions by reducing weekday peaks that
are typically absorbed through intensified routes, longer shifts, and reliance on subcontractors, although such labor-related effects
are not modeled directly. By contrast, using postponed delivery to concentrate demand yields meaningful distance savings only when
willingness to wait is very high. Even then, savings are modest and come at the cost of larger delivery fleets, resulting in increased
life-cycle emissions. Sensitivity analyses confirm that these conclusions are robust to variations in operational parameters, such as
routing efficiency and service times, as well as in fleet composition and life-cycle parameters, although the exact environmental
ranking depends on assumptions about vehicle technology and vehicle lifetime. Taken together, our analyses suggest that in dense
e-commerce delivery systems, the main environmental potential of postponed delivery lies not in concentrating deliveries to minimize
route distance, but in using customers’ willingness to wait to smooth delivery volume peaks and reduce the size of the delivery fleet.
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