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Abstract. Logistics service providers use transportation assets to offer services to their cus
tomers. To cope with demand variability, they may acquire additional assets on a one-off 
(spot) basis. The planner’s problem is to determine the optimal level of assets acquired 
upfront, such that their cost is minimized, for a given planning horizon. Our formulation 
captures a nontrivial complication: Although ordering quantities are pertinent to asset 
acquisition, customer demand is in the form of service requests. Not only does each request 
have a stochastic duration, but also the total number of requests per customer is uncertain. 
We introduce a two-stage newsvendor model where demand for spot assets is derived 
through optimal cutting-stock patterns. Leveraging results from bin-packing, we propose 
polynomial algorithms that have worst-case guarantees for upper and lower bounds. Our 
method finds optimal solutions to instances intractable by commercial solvers. We investi
gate demand variability by means of a factorial experiment. We find that, whereas variabil
ity in the number of requests leads to higher costs, variability in each request’s duration 
can reduce costs. Finally, we demonstrate the modularity of our approach with two exten
sions: asset routing and outsourcing. Our results provide a practical approach to transpor
tation asset acquisition and offer insights on the differing impact of demand uncertainty on 
the total acquisition cost.

Supplemental Material: The online appendix is available at https://doi.org/10.1287/trsc.2023.1201. 

Keywords: asset acquisition • newsvendor • column generation • cutting stock • bin packing

1. Introduction
Logistic service providers (LSPs) offer door-to-door 
transportation services to companies spanning multiple 
industries. In order to carry out such services with high 
operational efficiency, their capability to respond to 
fluctuating customer demand is paramount. Timely 
access to transportation infrastructure, such as train 
wagons and containers, requires the deployment of 
assets provisioned well in advance, so that resorting to 
reactive, last-minute alternatives is kept to a minimum. 
Consider, for instance, a provider of rail transportation 
services, who may commit to the acquisition of a certain 
number of train wagons on an annual basis, either by 
committing long-term leasing agreements or by com
missioning the wagons ad hoc. If customer demand 
exhibits strong seasonal fluctuations and she needs 
additional wagons to cover it, she will have to use spot 
wagons, which are often priced at a premium. There
fore, committing to a small number of wagons for long- 
term usage exposes her to demand variability, leading 

to last-minute spot wagon orders and recurrent, one-off 
costs. Committing upfront, however, to an unnecessar
ily large number of wagons can lead to significant fixed 
costs, affect liquidity, and, ultimately, the prosperity of 
her operations. Such a position can lead to financial dis
tress, especially if anticipated demand is not realized. 
Although such decisions have additional complexities, 
in the case of transportation assets, there is one aspect 
that makes them particularly challenging: Customer de
mand is in the form of transportation services, whereas 
the LSP needs to supply these services by managing 
asset acquisitions. A request for transportation services 
amounts to a customer requesting a certain number— 
or volume—of goods to be transferred to her location, 
every period. This, in turn, implies that the LSP should 
make a given number of trips to the customer’s loca
tion. Because the volume of products the LSP needs to 
transfer to each customer is uncertain, the correspond
ing number of trips to the customer’s location is uncer
tain. Assuming that each trip can carry out a given 
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constant volume, customer demand in terms of volume 
of products can be readily translated to demand for a 
certain number of trips, hereafter called customer re
quests. Further, such trips generally suffer from delays 
of various, context-related causes. For the rail-based 
LSP case, cargo trains experience delays because they 
use the same network with passenger trains, which often 
have delays and take priority over cargo trains. Therefore, 
uncertainty stemming from travel times prolongs the 
duration of customer requests for transportation services. 
In this work, we consider customer requests for transpor
tation services that have two dimensions of uncertainty: 
the number of visit requests per customer and the time 
spent to accommodate each request, which is the round- 
trip duration to the customer and the time spent in her 
premises to carry out the service. We proceed with a mini
mal example of the trade-offs we consider next.

Example. Following the example of the rail-based 
LSP, suppose that she knows, with perfect foresight, 
that each of her customers will require a certain num
ber of trips for a specific week, as shown in Table 1. 
Here, c1 and c2 request 10 and 20 (single-wagon) trips 
to their destinations, respectively, to be carried out 
within this specific week. Note that c1 and c2 may also 
correspond to aggregated customer demand across 
two destinations, without loss of generality, in which 
case the total demand of all customers located in desti
nation 1 is 10 trips. Return trips to c1 and c2 take 0.5 
and 0.2 weeks, respectively, and the LSP needs to 
decide how many total wagons are required to satisfy 
these demands, given that one wagon can be trans
ferred in each trip. Finally, the last column shows the 
allocation of wagons that satisfies these restrictions 
and minimizes the total number of wagons.

Although this example can be solved by inspection, 
in general, it is not clear how to translate customer 
requests (trips) to assets (wagons) in a multiperiod 
model that minimizes the costs of regular and spot 
assets in the presence of uncertainty. In effect, the 
single-period, deterministic version of the problem, as 
shown in the above example, requires the solution of a 
cutting-stock problem. The presence of multiple peri
ods, uncertainty, and a strategic-level newsvendor-like 
structure make the overall problem nontrivial to solve.

In this work, we abstract away from the specifics 
of rail-based operations and focus on strategic asset- 
acquisition aspects pertinent to generic transportation 

environments. The asset-acquisition trade-off that we 
tackle is reminiscent of a multiperiod newsvendor 
problem (Chen et al. 2016). Concretely, we introduce a 
two-stage stochastic integer program with recourse, 
which is a two-stage newsvendor problem with de
mand generated by optimally solved cutting-stock pat
terns. We solve this problem using a custom bounding 
technique that utilizes column generation. The first- 
stage decision represents long-term commitments and 
corresponds to acquiring the number of assets that the 
LSP is going to utilize throughout the time horizon, 
hereafter called regular assets, and the second stage 
corresponds to the additional number of assets that 
the operator employs in each time period and scenario 
when demand cannot be covered by regular assets, 
hereafter called spot assets.

A straightforward formulation of the problem is compu
tationally challenging to solve with regular mixed integer 
programming (MIP) solvers. To this end, we exploit an 
important structural property of the formulation, which 
makes the problem decomposable to period- and scenario- 
dependent cutting-stock subproblems, and a first-stage 
problem that can be solved in O(log max{ |T | , |S | }) time 
using binary search, where T and S are the number of peri
ods and scenarios, respectively. We show that the absolute 
performance ratios for upper and lower bounds that are 
known for the cutting-stock problem can be used to derive 
such guarantees for our model and devise a computa
tionally efficient algorithm that solves the cutting-stock 
problems using column generation.

We utilize our algorithm to investigate the impact of 
the average and variance of customer service requests 
and their duration on the optimal split between regular 
and spot assets and on the total cost. One of our key 
findings is that, although uncertainty in the number of 
customer requests leads to higher expected costs, uncer
tainty on the duration of requests can have a positive 
effect on expected cost. The intuition behind this result 
is that high variability in service requests allows more 
flexibility in scheduling assets efficiently, making it pos
sible to “pack” long- and short-duration trips using the 
same asset. We also investigate the validity of our con
clusions under different experimental conditions, such 
as when the number of service requests and their dura
tion are correlated. We find that positive correlations 
diminish the benefit of highly variable request duration, 
but the effect is persistent and remains statistically sig
nificant. Our results remain qualitatively similar for 
instances with and without spot capacity—although the 
absolute costs and split between spot and regular re
sources are different.

In summary, our work offers the following contributions: 
• We introduce the two-stage newsvendor model 

with cutting-stock-generated demand, which repre
sents the asset-acquisition problem of LSPs carried out 

Table 1. Single-Period Example with Two Customers, 
Deterministic Demand (Trips, Duration), and Asset 
Allocation (Wagons)

Customer Trips Duration/Trip (wk) Wagons

c1 10 0.5 5
c2 20 0.2 4
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during strategic planning. The model captures the trade-off 
between the cost of regular and spot assets, by taking into 
account stochastic customer service requests and service 
duration. Despite its parsimony, the model is computation
ally challenging to solve, even for small instances.
• We take advantage of the structural properties of this 

model to identify optimal solutions when solving the 
problem using a decomposition scheme that divides the 
formulation in a first-stage problem, solvable in sublinear 
time, and in a series of second-stage cutting-stock subpro
blems. Further, we study how known theoretical guaran
tees of lower and upper bounds can be used to derive 
theoretical guarantees in our setting.
• We implement a column generation to solve each 

subproblem and integrate their solutions to the upper- 
level problem. Column generation allows us to derive 
excellent solutions very fast, which are then passed on 
as parameters to the upper-level problem. It is worth 
noting that the upper-level problem can be optimal, 
even if some second-stage subproblems are not solved 
to optimality. We show that our solution algorithm has 
superior computational performance relative to a default 
integer programming (IP) solver.
• We conduct a computational study to investigate 

how various configurations of alternative parameters 
influence the structure of optimal solutions and of the 
total cost. With respect to total cost, we report that a 
larger average number of customer requests and a lon
ger average request duration both lead to higher total 
cost, all else being equal. Higher variability of customer 
requests also leads to higher total cost, but higher 
request-duration variability leads to lower total cost 
because of added flexibility. These results are persistent 
when we introduce correlations between duration lengths 
and number of requests and when we alter the ratio of 
spot to regular cost. When it comes to the split of total cost 
to regular and spot, we find that the proportion of spot 
cost increases with variability of customer requests and 
variability of service-request duration. Our main results 
are persistent for instances with capacitated spot resources.
• We show how to take advantage of the modular 

structure of our model and extend it to include fixed 
deployment costs, operational costs, and asset routing. 
For the case of routing, we conduct another study that 
investigates how duration variability influences acquisi
tion costs. We find that, depending on the average dura
tion of customer requests, duration variability could either 
help or hinder in forming feasible routes.

The rest of this paper is organized as follows. Section 
2 gives an overview of existing literature on similar pro
blems. Then, Section 3 describes the model formulation 
for the problem at hand. Section 4 studies the problem 
structure, and Section 5 describes a column-generation 
approach. Computational results are reported in Section 
6, while Section 7 reports on the impact of the model 
parameters on solution structure and cost. Extensions of 

the basic problem are presented in Section 8, while Sec
tion 9 concludes the paper, by discussing future work.

2. Literature Review
One of the key strategic decisions for an LSP is how 
much capital to invest in its transportation infrastruc
ture throughout the strategic planning phase (Yamada 
et al. 2009). In this paper, the main decision is how 
many transportation assets (such as vehicles, train cars, 
or containers) the LSP should acquire for the entire time 
horizon. The LSP further has the option to acquire 
assets from the spot market for a specific time period in 
case she faces a shortage throughout that time period 
(Wagenaar, Fragkos, and Zuidwijk 2021). The decision 
of acquiring assets for the entire time horizon has far- 
reaching cost implications (Loxton, Lin, and Teo 2012; 
Nourinejad and Roorda 2017).

Although the setting we consider is a multiperiod 
variant of the newsvendor model, to the best of our 
knowledge, prior studies have not incorporated nuan
ces found in transportation settings. Hua, Wang, and 
Cheng (2012) consider a setting where a supplier offers 
free shipping to a retailer, who decides on her optimal 
ordering quantity. Here, the ordering quantity of the 
customer is endogenous, because it depends on the sup
plier’s pricing structure (e.g., quantity discounts). Our 
model can be seen as a multiperiod extension of this set
ting, where the supplier decides on the level of assets 
based on the anticipated demand of the retailer. Other 
papers follow a similar line of work (Jiang, Shang, and 
Liu 2013; Noori-daryan, Taleizadeh, and Govindan 
2018), but do not consider explicitly the fact that cus
tomer demand is expressed in services and LSP supply 
decisions are in terms of assets, thereby making their 
planning nontrivial.

Containership routing and scheduling (Meng et al. 
2014) is another problem, the nature of which, when 
considered at the strategic level, is reminiscent of our 
formulation. For example, Meng and Wang (2011) men
tion that Maersk operated a mix of owned and char
tered ships, which are rebalanced in every time period 
within a horizon. Purchasing ships in the long run 
seems to be a more profitable investment compared 
with chartering out ships, although the latter is cheaper 
than renting spot ships in the short run. Our model 
does not consider specific features of liner ship routing, 
but captures the essential trade-off between owning or 
renting assets under uncertainty. Another difference is 
that in their setting, there is operational flexibility in 
determining the number of lay-up days for each ship 
under each period and scenario, whereas in our model, 
the duration that an asset serves a customer is exoge
nous. Finally, their formulation attempts to integrate 
operational decisions, such as the number of containers 
transferred from one port to another, with strategic 
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decisions, whereas we abstract away from problem- 
specific operational nuances, incorporating, however, 
that servicing a customer implies that an asset will be 
occupied for an uncertain amount of time.

Fleet composition problem (see for extensive litera
ture surveys, e.g., Baldacci, Battarra, and Vigo 2008; 
Pantuso, Fagerholt, and Hvattum 2014; and Baykasoğlu 
et al. 2019) also face the problem of transportation 
asset allocation. Jabali, Gendreau, and Laporte (2012) 
consider a vehicle-fleet composition problem, where 
fleet size and mix are decision variables, and develop 
computationally efficient bounding procedures. The key 
differences between these models and ours is that (i) 
asset types in fleet composition can be heterogeneous in 
several dimensions, namely, capacity, cost, and duration 
of use; and (ii) they typically are modeled as single- 
period problems. We thus cover another dimension of 
fleet composition, where identical vehicles can have dif
ferent ownership status and, therefore, different costs. It 
is worth noting that adding the routing part in our for
mulation will only influence the structure of the subpro
blems, leaving the key trade-off between regular and 
spot assets intact.

The paper of Klosterhalfen, Kallrath, and Fischer (2014) 
focuses on finding the optimal structure and size of a 
railcar fleet at a chemistry company. They combine 
mixed-integer linear programming models with stochas
tic inventory approaches to include uncertainty in both 
demand and travel times. One of the key differences is 
that in their work, demand is expressed in number of 
rail cars to be used, instead of in services required.

It is often the case that decisions taken at the tactical 
or operational level are constrained by strategic deci
sions, such as long-term resource-acquisition policies. 
This is the case in Wagenaar, Fragkos, and Zuidwijk 
(2021), where the authors consider the integrated tacti
cal and operational planning of multimodal operations 
of transportation carriers. The models developed therein 
consider the explicit scenario-based circulation of rolling 
stock, given the option to acquire rolling stock on the spot 
market four weeks before the actual operations. Although 
this ensures cost-efficient operations, if the rolling stock 
determined during strategic planning is suboptimal, it is 
inevitable that tactical planning will be affected. However, 
integrating all levels of planning within a single modeling 
framework will result in a complicated model with sev
eral, hard-to-obtain inputs, spanning across different time 
frames and of different reliability—in addition to chal
lenges related to solution methods and model mainte
nance. Similar trade-offs can be found in the scheduling of 
maritime operations, as described by Fragkos and De 
Reyck (2016). There, vessels arrive at a port randomly, but 
within a specific time window, and a series of (un)loading 
operations need to be scheduled for each vessel. The 
objective is to minimize the joint cost of penalties resulting 

from delayed operations and the cost of spot equipment. 
If the vessel-arrival time windows, which are negotiated 
at the beginning of each year, have significant overlaps, 
there is limited space to achieve operational efficiency. In 
this case as well, the operational complexities of the prob
lem and the uncertainty on vessel arrival when viewed 
from a strategic perspective make it futile to integrate all 
stages in a single model. In this paper, our model attempts 
to strike a balance between including the nuances of oper
ational models and representing decisions that are rele
vant from a strategic perspective.

Finally, there is an important stream of literature in 
variants of bin-packing problems that share similarities 
with our model. The work of Crainic, Fomeni, and Rei 
(2021) studies a generalized deterministic bin-packing 
problem with item-to-bin costs and intertemporal con
straints. When it comes to stochastic bin-packing pro
blems, much of the literature has focused on online 
versions of bin packing, and only a few papers, such as 
Crainic et al. (2014, 2016), focus on stochastic variants 
used for strategic and tactical capacity-planning pro
blems. Crainic et al. (2016), in particular, generalize the 
model of Crainic et al. (2014), which is a two-stage sto
chastic program with recourse that considers spot and 
regular assets of varying types. The problem is chal
lenging to solve for a regular MIP solver, and the 
authors develop a progressive hedging meta-heuristic 
that delivers high-quality, robust solutions. The key dif
ference of our approach with these models is that the 
introduction of variables that represent regular- and 
spot-asset acquisitions creates a modular model struc
ture that disentangles the asset-acquisition part from 
the operational part of allocating assets to customer 
requests. As such, it allows us to extend the base model 
with additional features, such as routing, and take 
advantage of its convexity, which leads to efficient com
putation algorithms and approximation guarantees.

3. The Model
In this section, we discuss the formulation for the Two- 
stage Newsvendor Model with Cutting-Stock Generated 
Demand, hereafter called NVCSD. To this end, we make 
the following assumptions: 
• A tour made by an asset needs to be fully com

pleted within a period. That means that an asset re
aches the customer and returns to the LSP’s base before 
the end of each period.
• The operating cost of using an asset to serve a cus

tomer is not taken into account. This is because when 
an asset is operated by the LSP, the operating cost is 
the same, regardless of how the asset was acquired. 
This assumption is lifted later when we consider the 
case that a third-party operates the asset, and, there
fore, the operational costs can become relevant.
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• To simplify the notation, we assume that the capac
ity of each asset is identical and discuss how variable 
asset prices and capacities can be included in our formu
lation without further analysis.
• Regular assets are procured for the entire planning 

horizon. Apart from the regular assets, there are no 
operational constraints that span several time periods.
• Assets cannot be routed. In our motivating appli

cation, asset routing is not common because customers 
request full-capacity rail trips. This is also the case for 
full-truckload services. We lift this assumption later 
when we study a routing extension.

Taking these assumptions into account, the following 
notation is introduced.

3.1. Sets
C � {1, : : : , |C | }, customers, indexed by c.
T � {1, : : : , |T | }, time periods, indexed by t.
N � {1, : : : , |N | }, assets, indexed by n.
S � {1, : : : , |S | }, scenarios, indexed by s.

Note that a single asset might be able to satisfy multi
ple service requests from, possibly different, customers. 
We incorporate uncertainty both on the demand in ser
vice requests of a customer, θcts, and on the time it takes 
an asset to perform a service request, τcts, respectively. 
Finally, note that, without loss of generality, customer 
demand can be thought of as being the aggregated 
demand of specific locations. For example, when two 
actual customers are in the same location, they can be 
represented as one customer object in our model.

3.2. Parameters
ρ, maximum duration an asset can be in service per 

time period.
θcts, service request demand of customer c in time 

period t under scenario s (number of trips required)
τcts, duration an asset is deployed to perform one 

service request of customer c in time period t under sce
nario s

Kt, number of spot assets available during time 
period t in the spot market.

pts, probability that in time period t scenario s is 
realized.
Λ, regular asset acquisition cost.
Γ, spot asset acquisition cost.

3.3. Decision Variables
ω, number of assets acquired at the beginning of the 

planning horizon (regular assets).
ζts, number of additional assets rented from the 

spot market, during time period t under scenario s 
(spot assets).

ynts, �1, if asset n is utilized in time period t under 
scenario s 0 otherwise.

acnts, number of service requests of customer c satis
fied by asset n, during time period t under scenario s.

3.4. IP Formulation
Using the sets, parameters, and variables, the NVCSD is 
defined as follows.

min Λω + Γ
X

t∈T

X

s∈S
ptsζts, (1) 

s:t: ω + ζts ≥
X

n∈N
ynts, ∀t ∈ T, ∀s ∈ S, (2) 

X

n∈N
acnts � θcts, ∀c ∈ C, ∀t ∈ T, ∀s ∈ S, (3) 

X

c∈C
τctsacnts ≤ ρynts, ∀n ∈ N, ∀t ∈ T, ∀s ∈ S, (4) 

0 ≤ ζts ≤ Kt; ζts integer ∀t ∈ T, ∀s ∈ S, (5) 
ynts ∈ {0, 1}, ∀n ∈ N, ∀t ∈ T, ∀s ∈ S, (6) 
acnts ≥ 0; acnts integer ∀c ∈ C, ∀n ∈ N,

∀t ∈ T, ∀s ∈ S, (7) 
ω ≥ 0; ω integer: (8) 

The objective function minimizes the total expected 
cost, which consists of the cost of the regular assets and 
the expected cost of spot assets. Constraints (2) ensure 
that the assets required should be lower than or equal 
to the total number of available assets, spot and regular, 
for every time period and scenario. Constraints (3) 
require that service requests from customer c, θcts, must 
be satisfied by asset deployments in a scenario/time- 
period combination. Constraints (4) impose that the 
total time an asset is in use during a time period under 
a scenario should be no higher than its available operat
ing time in every scenario/time period combination. 
Finally, Constraints (5)–(8) enforce the bounding and 
integrality restrictions of the decision variables.

Note that cases, such as those of a rail-based LSP, with 
a variable number of wagons in each trip to a customer 
can be captured with a small modification to our model. 
Concretely, if an asset n has capacity equivalent to capn 
assets per trip, then writing (3) as 

P
n∈Ncapnacnts � θcts 

and (2) as ω+ ζts ≥
P

n∈Ncapnynts allows us to tackle the 
case where assets can have variable, nonunit capacities 
per trip. In what follows, we focus on the unit-capacity 
case and leave the additional complication of variable 
capacity for future work. Model NVCSD is a two-stage 
stochastic integer program with the number of regular 
assets ω being the first-stage decisions, the spot assets 
ζts, the amount of demand satisfied by a specific asset 
acnts, and asset-usage indicators ynts being the recourse 
variables.

Note that the inclusion of two distinct sources of 
uncertainty has different operational and financial im
plications. Demand uncertainty directly increases the 
number of visits that an asset has to pay to a customer, 
and this increase can be absorbed if enough assets have 
been allocated. An increase of the time needed to per
form one service request of a customer, on the other 
hand, although it can also be accommodated if there are 
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enough assets, does not affect the number of times an 
asset needs to visit a customer. Finally, note that, 
implicitly, the model assumes that the set of scenarios 
accurately represents the support of the underlying dis
tributions. In particular, the worst-case realizations of 
τcts and θcts are included as one of the scenarios s ∈ S, so 
that the model remains feasible in the presence of 
capacity constraints.

4. Model Structure and Decomposition
In order to solve (1)–(8), one needs to have an estimate of 
N. A way to obtain such an estimate is to assume that 
each customer’s demand is served by dedicated assets in 
each time period and scenario, leading to a scenario- and 
period-specific upper bound, |Nts | �

P
c∈C⌈(τctsθcts)=ρ⌉. 

This cardinality might be unnecessary large, because a sin
gle asset can serve multiple customers, and, therefore, 
fewer assets than |Nts | are required. In what follows, 
we exploit the structure of (1)–(8) and circumvent this 
difficulty.

A high-level schematic overview of our solution 
approach is given in Figure 1. The original problem 
(1)–(8) gives rise to a series of independent cutting- 
stock problems for each period/scenario combination. 
The optimal objective values of these problems are then 
used in a master problem formulation, which can be 
solved using single-variable convex minimization meth
ods (e.g., golden section search).

4.1. Decomposing the Two-Stage Newsvendor 
Model with Cutting-Stock-Generated Demand

A key property of (1)–(8) is that the variables that are in 
the objective function appear only in Constraints (2), 
lower bounded by 

P
n∈Nynts, the number of required 

assets in each period and scenario. Therefore, a simpler 
version of (1)–(8) can be formulated, assuming that the 
number of required assets in each time period and sce
nario, δts, is given exogenously. We use d to denote the 
vector of δts, hereafter assumed to be integer without 

loss of generality. Then, Model (9)–(12) describes this 
reformulation.

z(d) �min Λω+ Γ
X

t∈T

X

s∈S
ptsζts, (9) 

s:t: ω+ ζts ≥ δts, ∀t ∈ T, ∀s ∈ S, (10) 
ω ≥ 0, ω integer, (11) 
ζts ∈ {0, 1, : : : , Kt}, ∀t ∈ T, ∀s ∈ S: (12) 

Note that the Integrality Restrictions (11) and (12) can 
be dropped for integer vectors d. Here, the objective, 
(9), is identical to the original objective of the NVCSD, 
and Constraints (10) state that there need to be at least 
as many assets available in each time-period/scenario 
combination as there is demand for. Function z(d) is a 
value function of the corresponding linear program, 
and, as such, it is jointly concave on d. The solution of 
(9)–(12) depends on the choice of δts, and each δts has to 
be selected such that the corresponding Constraints (3) 
and (4) are feasible. In order to determine each δts, only 
Constraints (3) and (4) indexed by (t, s) are relevant. In 
fact, selecting each δts �

P
n∈Nynts such that 

P
n∈Nynts is 

minimized, subject to the corresponding Constraints (3) 
and (4) being feasible, guarantees that (9)–(12) has an 
optimal objective value equal to the original formula
tions, (1)–(8). Moreover, higher or lower δts for all (t, s) 
pairs will make (9)–(12) generate upper or lower bounds 
on the objective of the Original Model (1)–(8), respectively. 
This is stated formally in the following remark.

Remark 1. Define

δ∗ts :� min
X

n∈N
ynts

s:t:
X

n∈N
acnts � θcts, ∀c ∈ C

X

c∈C
τctsacnts ≤ ρynts, ∀n ∈ N

(6)� (7):

(13) 

Then, 

Figure 1. Schematic Overview of the Solution Approach 

Note. For each scenario and period, a cutting-stock problem (CSP) is solved.
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• If δts � δ
∗
ts for all t ∈ T, s ∈ S, (9)–(12) and (1)–(8) 

have the same optimal objective value.
• If δts ≥ δ

∗
ts for all t ∈ T, s ∈ S, then the optimal objec

tive value of (9)–(12) is an upper bound to the optimal 
objective of (1)–(8).
• If δts ≤ δ

∗
ts for all t ∈ T, s ∈ S with at least one 

inequality strict, then the optimal objective value of 
(9)–(12) is a lower bound to the objective solution of 
(1)–(8). w

The two last bullets of Remark 1 follow because z(d)
is the value function of the corresponding integer pro
gram and because of the monotonicity properties of 
value functions (see, for example, Wolsey and Nemhau
ser 1999, proposition 2.1). Further, Remark 1 can be 
used to devise an algorithm to solve (1)–(8): Calculate 
δ∗ts by solving (13) for each t, s, and then use them to 
solve (9)–(12). Before implementing this algorithm, we 
take a closer look at Subproblem (13) and discuss exist
ing polynomial-time algorithms with worst-case perfor
mance guarantees.

The structure of the NVCSD Model (1)–(8) makes 
some lower and upper bounds for δ∗ts readily available. 
Concretely, the quantity 

P
c∈C⌈(τctsθcts)=ρ⌉ is an upper 

bound, as it represents the total number of used assets if 
each customer is allocated ⌈(τctsθcts)=ρ⌉ dedicated assets. 
This corresponds to scheduling each customer individu
ally. For example, if a customer requires seven trips 
(θcts � 7) of duration 0.6weeks each (τcts=ρ � 0:6), we 
would schedule five trains (⌈4:2⌉). This is clearly an upper 
bound, because the fifth train is underutilized. For the 
lower bound, note that summing (4) over n ∈N and 
substituting 

P
n∈Nacnts from (3) gives 

P
c∈C((τctsθcts)=ρ) ≤P

n∈Nynts, which can be rounded up because the number 
of assets is integer. Thus, we have established the follow
ing fact.

Remark 2. ⌈
P

c∈C((τctsθcts)=ρ)⌉ ≤ δ
∗
ts ≤

P
c∈C⌈(τctsθcts)=ρ⌉ ≤

P
c∈C⌊(τctsθcts)=ρ⌋ + |C | , ∀t ∈ T, s ∈ S.

Although the bounds provided in Remark 2 are gen
erally loose, they tend to be tight when durations τcts are 
large and when customers have a large number of 
requests, in the sense that their relative gap tends to 
zero. In the case of an LSP that utilizes a railway net
work, customers can represent distinct locations, and 
customer requests θcts is the aggregate request demand 
of location c. If the LSP serves multiple customers in spe
cific locations, then the relative bound difference is small.

The upper and lower bounds on δ∗ts can be strength
ened further if we observe that Problem (13) is a one- 
dimensional cutting-stock problem for each pair (t,s): 
Each customer c poses a demand θc, for services of dura
tion τc, which should be satisfied (

P
nacn � θc) using the 

minimum number of assets (min
P

nyn), so that each 
used asset’s time utilization does not exceed its capacity, 
(
P

cτcacn ≤ ρyn). It is possible to utilize results from the 

cutting-stock literature to show that existing algorithms 
have performance guarantees for our model.

First, note that, without loss of generality, one can 
create θcts customers with unit demand for each cus
tomer c ∈ C. Then, one has to fit each unit-demand cus
tomer to a minimum number of assets, so that their 
capacity is not exceeded, which is a one-dimensional 
bin-packing problem. Upper bounds can then be ob
tained by applying the First-Fit Decreasing (FFD) or Best- 
Fit Decreasing (BFD) algorithms. An outline of algorithm 
FFD can be found in Online Appendix A. Both FFD and 
BFD have an absolute ratio of 1.5; this is the best possi
ble ratio in polynomial time, unless P �NP (Simchi- 
Levi 1994). Therefore, if δts is the solution obtained by 
applying FFD or BFD and δ∗ts, the optimal solution of 
(13), then δts ≤ 1:5δ∗ts, for all t and s.

Similar assertions can be made for lower bounds on 
δ∗ts. There are several lower bounds for cutting-stock 
and bin-packing problems, but no such bound comput
able in polynomial time can have a worst-case perfor
mance ratio of 2/3 (see Martello and Toth 1990 for 
computations of such bounds). Therefore, if δts is such a 
lower bound, then δts ≥ 2=3δ∗ts, for all t and s.

We can show that by injecting the upper bounds δts in 
the Reduced Problem (9)–(12), we can obtain a solution 
that is at most 1.5 times higher than the optimal solution, 
whereas by injecting the lower bounds δts, we can obtain 
a lower bound that is no lower than 2/3 of the optimal 
solution. This is formally stated in the following proposi
tion, whose proof can be found in Online Appendix B.

Proposition 1. Let z∗ be the optimal objective value of 
(1)–(8), δ∗ts defined by (13) and d∗ the vector of δ∗ts. For 
2=3d∗ ≤ d ≤ d∗ ≤ dts ≤ 3=2d∗, let z � z(d) and z � z(d), 
defined by (9)–(12). Then, 2=3z∗ ≤ z ≤ z∗ ≤ z ≤ 3=2z∗.

The proof of Proposition 1 relies on the fact that the 
Objective Function (9) is nondecreasing in d and has a 
multiplicative scaling behavior, which allows the scal
ing of δs to be transferable to the scaling of the objective 
of our problem. Computing an upper bound δts with 
FFD or BFD has time complexity O( |C | log |C | ) and, 
therefore, overall O( |C | |T | |S | log |C | ). Once a solution 
of (13) is available, one should inject it in Formulation 
(9)–(12) and solve for ω and ζts to obtain a solution of 
the original model. We show that (9)–(12) can be solved 
efficiently next.

4.2. Solving the Asset-Acquisition Model (9)–(12)
Model (9)–(12) can be solved to optimality efficiently for 
given δts. Concretely, for ω fixed, note that each ζts will be 
positive and equal to δts�ω only when ω < δts—that 
is, ζts �max{δts�ω, 0}—provided that there is enough 
asset capacity in each period, Kt. The model can then be 
solved by substituting ζts �max{δts�ω, 0} and using a 
one-dimensional search over ω. Proposition 2 charac
terizes formally the structure of optimal solutions of 
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Model (9)–(12), for the general case with bounds on 
spot assets.

Proposition 2. The objective function of (9)–(12) is convex 
and piecewise linear in ω. Further, let ωmin �maxt∈T 
{maxs∈S{δts}�Kt} and P � {(t, s) : δts ≥ ωmin}. Then, the 
optimal number of regular assets ω∗ is in the set Ω∗ :�

{ωmin} ∪ {δts, ∀(t, s) ∈ P}, and the optimal number of spot 
assets follows from ζ∗ts �max(0,δts�ω∗).

Proof. First, note that ω ≥ ωmin is necessary to ensure 
feasibility. In addition, because (9) is a minimization 
problem, Constraints (10) are binding at an optimal 
solution, and, therefore, ζts �min(Kt, max(0,δts�ω)), 
which can be reduced to ζts �max(0,δts�ω) because 
ω ≥ ωmin. By substituting this expression for ζts at the 
objective function, Problem (9)–(12) can be recast to a 
single-variable unconstrained optimization problem, 
as follows:

min f (ω) � Λω+ Γ
X

t∈T

X

s∈S
pts max(0,δts�ω), 

for ω ∈Ω :� [ωmin, max{δts}]. Function f (ω) is bounded 
and convex, as the sum of convex functions. Therefore, 
it attains a minimum value. To see that f has linear 
segments, we fix ω to an arbitrary ω ∈Ω\P and denote 
P :� {(t, s) ∈ P : δts �ω > 0}. Then, f (ω) �Λ ω + Γ

P
(t,s)∈P 

pts(δts�ω), and for a small ɛ > 0, ∆f � f (ω + ɛ)� f (ω) �
ɛ(Λ� Γ

P
(t,s)∈P pts). Thus, the incremental difference of f 

is linear in ω when ω does not take value at any of the 
points in P. Generalizing, if we reorder the terms δts for 
(t, s) ∈ P from smallest to largest, δ1

ts, : : : ,δ
l
ts, we can see 

that f is piecewise-linear in the intervals [δ1
ts,δ

2
ts], : : : , 

[δl�1
ts ,δl

ts]. When ω increases beyond some δk
ts, the term 

max(0,δk
ts �ω) vanishes from the objective, and the rate 

of change changes, correspondingly. Thus, because f is 
convex and piecewise-linear, there exists a minimum 
that is attained at one of the breakpoints {δts, ∀(t, s) ∈ P}
or at the minimum possible number of regular assets 
that ensures feasibility, ωmin: w

An immediate consequence of convexity on ω is that 
the complexity of calculating the optimal value is O(log 
( |T | · |S | )), because we can solve the problem using 
binary search.

In addition, the fact that function f is piecewise-linear 
implies that we can characterize further the optimal 
solution if we have some information on the distribu
tions of asset-requests demand and request duration. 
The following result assumes that the source uncertain
ties (demand and request durations) are independent, 
identically distributed (i.i.d.) and uses marginal analysis 
to characterize ω∗ explicitly.

Proposition 3. If ω∗ is the optimal solution of (9)–(12), 
then ω∗ �max{ωmin,ωNB}, where ωNB is the minimum 
value for which P(δ ≤ ω) > 1� (Λ=( |T |Γ)).

Proof. First, note that because f is convex and its 
domain is bounded from below, the optimal solution 
will be either at the boundary ωmin, if the global mini
mizer is infeasible, or ωNB, otherwise. In order to 
calculate ωNB, we can use an incremental analysis 
argument to see that the unit cost of one additional 
regular asset beyond ωNB should be higher than the 
expected cost of spot assets. Concretely, Λ� Γ

P
t
P

s 
ptsI(δts > ωNB) > 0, where I(x) � 1 if x > 0, and 0 other
wise. The expression 

P
sptsI(δts > ωNB) is the probabil

ity that we will need spot assets in period t—that is, 
P(δt > ωNB). Assuming i.i.d. uncertainties in request 
duration and number of requests across periods, the 
random variables δ are also i.i.d. Therefore, we can 
write the incremental condition as Λ� Γ

P
tP(δ > ωNB) �

Λ� Γ |T | + Γ |T |P(δ ≤ ωNB) > 0, and, thus, P(δ ≤ ωNB) >

1� (Λ=(Γ |T | )). w

An alternative proof of Proposition 3 that sets the 
model up in a continuous domain is presented in 
Online Appendix C. The critical ratio 1� (Λ=( |T |Γ))
implies that the optimal number of regular assets ω∗ is 
decreasing with the regular asset’s price Λ and increas
ing with the spot asset’s price Γ and the length of the hori
zon, |T | . Further characterizations require knowledge of 
the distribution of δts, which, however, is only possible to 
derive computationally, from the distributions of θcts and 
τcts, as we show in our computational experiments. In 
what follows, we focus on solving the period/scenario- 
specific subproblems using column generation.

5. Using Column Generation to Solve the 
Subproblems

We utilize the column-generation formulation first for
mulated by Kantorovich in his seminal paper (Kantoro
vich 1960) to find lower and upper bounds for the 
subproblems in a computationally efficient manner. In 
the original cutting-stock problem, the goal is to cut 
paper rolls in a number of pieces of a certain length (not 
necessary identical lengths), while minimizing the total 
number of paper rolls that are needed. In our setting, 
the problem is to select schedules defining the number 
of service requests that an asset will satisfy of different 
customers during time period t ∈ T under scenario s ∈
S—that is, a cutting pattern represents the allocation of 
an asset to customers. The set of all possible asset sche
dules is denoted by Q. Then, the service requests satis
fied by an asset to customer c ∈ C in asset schedule 
q ∈Q is signified by vqc. For example, suppose we have 
three customers with the amount of time an asset is 
deployed to perform one service request equal to 20, 30, 
and 40 hours, respectively, and one asset available that 
can be in service for 100 hours per time period. Exam
ples of feasible asset schedules are given by [5 0 0]T, 
[0 3 0]T, [0 0 2]T, and [0 2 1]T. Here, the c�th entry in asset 
schedule q is represented by vqc.
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In what follows, we fix and drop the indexes t and s 
to avoid notation clutter. First, we define the integer 
variable λq, which represents the number of assets fol
lowing schedule q. Then, Subproblem (13) can be for
mulated as follows.

min
X

q∈Q
λq, (14) 

s:t:
X

q∈Q
λqvqc � θc, ∀c ∈ C, (15) 

λq ≥ 0; λq ∈ Z ∀q ∈ Q: (16) 

The new model is presented in Equations (14)–(16). It is 
evident that the new formulation is no longer depen
dent on |N | . Here, the Objective (14) equals the total 
number of assets used in a specific period/scenario 
combination, which we want to minimize. Furthermore, 
Constraints (15) enforce service-demand requests to be 
fulfilled by a precise number of asset schedules, and 
(16) are domain constraints.

Enumerating all possible asset schedules that belong 
to the set Q is computationally intractable, and, there
fore, we use a column-generation scheme that starts 
with a limited subset of schedules Q′ ⊂Q and adds 
schedules dynamically based on a pricing subproblem. 
The set Q′ is initialized using a schedule q′, in which 
assets serve the maximum number of requests to each 
customer—that is, vq′c � ⌊ρ=τc⌋—for each c ∈ C. Then, 
after solving the linear programming (LP) relaxation of 
(14)–(16) using Q′ instead of Q, we retrieve the dual 
prices of (15), πc, and solve the following pricing sub
problem:

α �min 1�
X

c∈C
πcqc :

X

c∈C
τcqc ≤ ρ; qc ∈ N0, ∀c ∈ C

( )

: (17) 

As long as a column with negative reduced cost α < 0 is 
found, it is added to the Master Problem (14)–(16), and 
the process repeats. Several algorithmic refinements are 
possible, such as reusing columns generated from (17) 
for a fixed (t,s) pair to Master Problems (14)–(16) of 
other (t,s) subproblems that share the same τcts, but 
have different demand, or to stop the column genera
tion prematurely in case the current best integer solu
tion is smaller than the current lower bound in ω. For 
a detailed account of these refinements, we refer the 
reader to Faro (2018).

The LP relaxation of (14)–(16) has a very strong 
lower bound in practice (Berge and Johnson 1977). It 
has been conjectured—and disproved, however—that 
rounding up the optimal objective value of (14)–(16) 
leads to an optimal solution of the integer problem: 
Marcotte (1985) showed that this is true only for cer
tain classes of knapsack polyhedra. A weaker conjec
ture by Scheithauer and Terno (1995) claims that the 
optimal integer solution cannot be more than one unit 
higher than the rounded LP relaxation value. This has 

been proven true for |C | ≤ 6 by Nitsche, Scheithauer, 
and Terno (1998) and remains open for other cases. In 
our computational experiments, we solve the linear 
programming relaxation of (14)–(16) and the corre
sponding integer program using the columns found 
during column generation. If the two values are less 
than one unit apart, the integer solution is optimal. 
Otherwise, we solve the original Formulation (13), 
pruning the tree using the best integer solution found dur
ing column generation, using a limit of 2,000 nodes.

6. Computational Experiments
A set of computational experiments are used to de
monstrate the performance of the column-generation 
approach in combination with the Asset-Allocation 
Model (9)–(12) in comparison with a benchmark solu
tion method by solving the NVCSD using CPLEX in 
terms of solution quality and computation times. All 
computational experiments are executed using CPLEX 
12.8.0 with a maximum computation time of 7,200 
seconds.

6.1. Case Environment
The computational experiments represent a specific 
problem of a Logistic Service Provider that is able to 
deploy trains leased at the beginning of the strategic 
planning phase or trains rented from the spot market 
throughout individual time periods. All problem in
stances can be defined by five features; (i) |T | (time per
iods), (ii) |C | (Customers), (iii) |S | (Scenarios), (iv) cost 
ratio between spot and regular trains (Γ |T |=Λ), and (v) 
the load factor describing the maximum proportion of 
demand that can be served using spot trains only once 
per time period (

P
c∈Cθcts=Kt). Table 2 shows the values 

of the features we consider; all combinations are possi
ble, leading to 192 different instances. Regarding the 
number of chosen scenarios, we report further compu
tational experiments on the variability of the obtained 
solutions in Online Appendix F. Note that our approach 
scales well with the size of the scenario set because each 
scenario requires the solution of an independent cutting- 
stock problem.

The 192 instances are divided into 54 easy, 90 me
dium, and 48 difficult instances, based on the average 
computation time of the column-generation (CG) app
roach. The detailed classification of input combinations 
to Easy, Medium, and Difficult can be found in Table 6 
in Online Appendix D. Reflecting upon the hardness 

Table 2. Overview of the Values of the Features in the 
Problem Instances

Parameter |T | |C | |S | Γ |T |=Λ
P

c∈Cθcts=kt

Values {26, 52} {2, 4, 8, 16} {5, 10, 20, 50} {1:3, 2:4} {0:6, 1}
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classification reveals that the key dimensions that influ
ence computational performance are the number of cus
tomers and the number of scenarios. Indeed, instances 
with eight or 16 customers are either Medium or Diffi
cult, whereas instances with 16 customers (the maxi
mum considered) are Difficult, unless they have only 
five scenarios. Instances with 50 scenarios (the maxi
mum considered) are distributed across Easy, Medium, 
and Difficult, whereas the number of Time Periods 
seems to be the less influential element. These findings 
make intuitive sense because the key difficulty of the 
formulation lies in the combinatorial nature of the 
cutting-stock subproblems, which become harder with 
a larger number of customers and more in number with 
a larger number of scenarios. The number of scenarios 
is more influential than the number of periods, for our 
instances, because increasing the problem by a period 
generates |S | more cutting-stock-like “subproblem” str
uctures, whereas increasing it by one scenario creates |T |
ones, and |T | > |S | .

6.2. Computational Benchmarks
Table 3 gives a summary of the performance of CPLEX 
and CG. All results are averages over the instances 
related to the specific problem size. Note that only the 
averages are taken over the instances for which CPLEX 
was able to find a solution, meaning that the results of 
42 instances are not included in the first nine columns. 
The results for these 42 instances using the CG ap
proach are presented in Table 7 in Online Appendix E. 
We consider two major performance indicators: solu
tion quality and computation time. The solution quality 
is demonstrated by the values for lower bound (LB), 
upper bound (UB), gap sizes, and whether a feasible 
solution has been found. Regarding the easy instances, 
the lower bound, upper bound, gap sizes, and number 
of feasible solutions found are identical. In all instances, 
both approaches were able to find the optimal solution. 
The only difference is with respect to the computation 
times, which are larger for CG, but still small in abso
lute terms. The medium and difficult instances demon
strate a different perspective. Both lower and upper 
bounds found by CG are better than CPLEX. This is fur
ther reflected by the gap size, which signifies that the 
solutions found by CG are closer to optimality. In addi
tion, CPLEX was not able to find a feasible solution in 

42 (seven medium and 35 difficult) instances. Finally, 
the CG approach also outperforms CPLEX in terms of 
CPU time. In summary, our approach shows superior 
computational performance, which hinges on decom
posing the original formulation to subproblems that can 
be solved efficiently and on using these solutions to 
find an optimal solution of the remaining problem, 
which reduces to a single-variable convex minimization 
problem. Finally, note that increasing the number of 
periods or scenarios would result in a linear increase in 
computational time for our approach, which is not the 
case for the original formulation used by CPLEX.

7. Impact of Uncertainty on Asset 
Allocation and Performance

In this part, we investigate how uncertainty affects the 
structural characteristics of optimal solutions. Concre
tely, we seek to understand how the magnitude and 
variability of customer requests and their duration 
influence the overall expected cost and the mix of spot 
and regular assets. Both uncertainty dimensions—namely, 
the number of customer requests and their duration— 
influence the total number of assets required in each 
period and scenario. Although it is reasonable to hypothe
size that longer durations and more customer requests 
will result in more assets, it is not trivial to quantify each 
individual impact on the overall cost and on the optimal 
proportion of spot resources. To answer this question, 
one should characterize the dependency of the distri
bution of required assets on the durations and cus
tomer requests. This is challenging (if at all possible) to 
do analytically because the mapping between source 
uncertainty distributions—namely, requests and req
uest duration—to the distribution of interest (minimum 
number of assets) requires the solution of a combinato
rial optimization problem for each sampled realization. 
We tackle this question numerically, by designing a set 
of instances that vary in requests and their durations in 
a controlled randomized fashion.

7.1. Instance Generation
To this end, we have designed a new set of instances 
with four customers, 10 periods, and 10 scenarios per 
period. This is a problem size that we could always 
solve to optimality, as the optimal solution is at most 
one unit above the lower bound obtained by column 

Table 3. Performance Indicators for CPLEX and Column Generation (CG)

Problem class

LB UB Gap (%) CPU (s) No solution

CPLEX CG CPLEX CG CPLEX CG CPLEX CG CPLEX CG

Easy 134.72 134.72 134.72 134.72 0 0 1.23 15.86 0 0
Medium 200.85 202.58 205.24 202.77 1.26 0.03 3,978 255 7 0
Difficult 298.33 305.89 322.35 307.31 7.11 0.01 7,200 (TL) 1,728 35 0

Note. TL denotes time limit.
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generation (Nitsche, Scheithauer, and Terno 1998). The 
probability of each scenario in each period is drawn 
from a uniform distribution and normalized so that all 
scenario probabilities per period add up to 100%. We 
then vary the following parameters, with the intention 
to cover a broad range of configurations.

7.1.1. Duration of Customer Requests. We normalize 
durations between zero and one, reflecting the propor
tion of time that a customer request—that is, a return 
trip to a customer—may take and sample them from 
truncated logNormal distributions. Travel times, in gen
eral, have a known minimum value, which is the fastest 
possible time in which a given distance can be covered. 
In case of small, frequent delays, travel times deviate 
upward, creating high probability concentrations. Larger 
delays tend to be more infrequent and are captured by 
the long tail of logNormal distributions. Such distributions 
have been used extensively in the literature to model 
travel-time duration (Strathman and Hopper 1993, Hol
lander and Liu 2008, Guessous et al. 2014, Bertsimas et al. 
2019, Chen and Fan 2020). Average duration has three 
levels—namely, Low, Medium, and High, corresponding 
to 0.1, 0.4, and 0.7 of total time capacity, respectively. Vari
ability also has Low, Medium, and High levels, selected 
so that the average coefficient of variance of each level 
is 8%, 31%, and 53%, respectively. Figure 2 shows the 
frequencies of two instances with Low/High and High/ 
Medium average and variability, respectively.

7.1.2. Customer Requests. We sample customer re
quests from discrete uniform distributions having three 
average levels, Low, Medium, and High, corresponding 

to 10, 20, and 30 requests, respectively, and, similarly, 
three variability levels, reflecting business cycles of vary
ing market uncertainty. To this end, Figure 3 shows two 
instances with Low/Low and High/High average and 
variability in customer requests.

The different configurations capture different demand 
scenarios. Preliminary experiments with higher averages 
and variability level showed qualitatively similar results.

7.1.3. Cost Ratio. Another factor influencing the solu
tion is the cost ratio between spot and regular resources. 
Without loss of generality, we normalize Γ � 1 and 
define the cost ratio as cr � Γ |T |=Λ. Observe that cr > 1; 
otherwise, it would be optimal to use spot resources 
only. We thus design a High and a Low condition with 
cr ∈ {4, 1:3}, respectively. Note that high cr values make 
the option to acquire spot assets unattractive. Because 
of the application-agnostic nature of our study, we 
selected two cr values that represent different extremes 
in terms of attractiveness of spot assets. In specific 
applications (such as rail-based LSPs), cr will have a 
more well-defined range and is likely to be scenario- 
and period-specific, as the output of a spot-price fore
casting model (Boin et al. 2020).

7.1.4. Load Factor. Furthermore, we vary the capacity 
of spot resources so that we obtain uncapacitated instan
ces and instances with High and Low load factors, where 
low load factors indicate harder spot capacities. We focus 
on uncapacitated instances and report detailed results 
for capacitated instances in the online appendix because 
capacity constraints may overshadow the influence of 

Figure 2. (Color online) Customer Request Duration Distribution Illustrations 

Notes. (a) Low average, high variability (CV � 70%). (b) High average, medium variability (CV � 30%; truncated).
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other factors, as they have a direct impact on the balance 
between regular and spot assets.

7.1.5. Correlations. Finally, we also experimented with 
correlations between travel times and customer requests. 
In particular, we constructed instances where travel times 
and customer requests are uncorrelated, or positively 
(0.80) or negatively (�0.80) correlated. We report these 
results in the online appendix, as the conclusions were 
similar to the conclusion of previous results.

An overview of the instance classification is given in 
Table 4. Our factorial design entails 972 capacitated 
instances, of which half have a high and half have a low 
load factor, and 972 uncapacitated instances, for a total 
of 1,944 instances.

Note that our design allows us to investigate how 
each factor influences total costs and asset allocation 
because it is fully balanced across all dimensions. For 
example, Table 5 shows that partitioning the instances 
with respect to their average service-duration category 
gives subsets with identical average and standard devia
tion of requests, as well as correlations. The standard devi
ation of service duration is proportional to the average 
duration, having a near-constant coefficient of variation. 
This is the case when slicing other parameters as well.

The distributions we sample from are identical for 
each time period and for each customer. As such, they 
can be seen as time-stationary, with homogeneous 
customers. Note that, despite the symmetry between 

periods and scenarios in the formulation, having a prob
lem with |T | periods and |S | scenarios per period is not 
equivalent to having a single period problem with |T | ·
|S | scenarios because the probability weights pts in the 
objective function are different, because 

P
spts � 1, for 

each period t.
We next report on the influence of each of the para

meters on the overall cost and optimal asset allocation, the 
first-order effects for the 972 uncapacitated instances.

7.2. First-Order Effects
We first report on the impact of varying average customer 
requests and request duration. To this end, Figure 4
shows the optimal cost and proportion of spot cost aver
aged over each level of expected customer requests and 
customer request duration.

Figure 4 implies that increasing either the average 
number of service requests or the average duration of 
each request results in higher costs for the LSP. This is 
expected, because in both cases, more assets are re
quired to accommodate a growing customer demand. 
The proportion of spot cost appears to remain largely 
constant across levels for service requests and request 
duration. For request duration, the spike in the middle 
level is statistically significant compared with the other 
two levels (using paired t-tests at the 5% level). This 
might be related to the asymmetric effect of the truncat
ing logNormal duration of medium and high levels of 
request duration. Specifically, although variability for 

Figure 3. (Color online) Distribution of Customer Requests 

Notes. (a) Low average, low variability. (b) High average, high variability.

Table 4. Overview of Qualitative Experiments

Service duration Customer requests

Cost ratio Load factor CorrelationMean Variability Mean Variability

H, M, L H, M, L H, M, L H, M, L H, L H, L 0, �0.80, 0.80

Note. H, high; M, medium; L, low.
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low average duration can be accommodated by pack
ing, and for high average duration, it may be less in 
magnitude, due to truncating, this is not the case for the 
medium duration—although the effect size is small. 
What is worth noticing is that the optimal cost appears 
to increase linearly with the number of requests and 
superlinearly with the request duration. Specifically, an 
increase from 10 to 20 requests (low to medium level) 
results in an average cost increase of 104 units, whereas 
a further increase to 30 requests (high level) increases 
cost by 108 units. Alternatively, every percent increase 
in the average number of requests is followed by a simi
lar percent increase in average costs. For request dura
tion, an increase from 0.1 to 0.4 (low to medium level) 
results in a more than four-fold increase in costs, 
whereas a further increase from 0.4 to 0.7 (that is, 75%) 
increases cost by about 80%. Comparing the overall 
increase in cost from low to high average request dura
tion, we see that a six-fold increase in average request 
duration causes a more than seven-fold increase in 
costs. A possible explanation of this association is that 
low service duration results in more flexibility when it 
comes to allocating assets to requests. In other words, 
the direct mapping between assets and requests is 
weakened because each asset can accommodate many 
requests. This effect is diminished when the duration of 
each request approaches its maximum, where in the 
limit every request duration is so large that a dedicated 

asset is required. This is also the reason why the overall 
range of optimal cost when varying duration is wider 
than when varying the number of requests. When dura
tion varies from near zero to 100% of time capacity, the 
corresponding number of assets varies from one to 
the number of requests, whereas the effect of varying 
the number of requests is more limited.

When it comes to the split between regular and spot 
assets, we observe that varying the average number of 
requests or their average duration does not seem to 
exert a systematic influence. The key takeaway, there
fore, is that the average customer-request duration 
seems to have an overall stronger effect on the optimal 
cost compared with the average number of requests. 
This is manifested by a wider range of optimal costs, 
which appear to follow duration increases at near- 
constant rate.

The behavior of our model has some similarities with 
a standard newsvendor model. Concretely, if we as
sume that assets follow a Normal Distribution N (µ,σ)
in a single period, the optimal regular assets can be 
written as ω∗ � µ+ κ(CR)σ, where κ(CR) is the safety 
factor, determined by the critical ratio CR. Because the 
critical ratio depends on the overage (Λ) and underage 
(Γ |T | �Λ) costs, it remains constant, and we can write 
ω∗ � µ(1+ κ(CR)CV), which shows that an increase in 
µ that preserves the coefficient of variation results in a 
linear increase in ω∗. The resulting increase in costs will 
be convex because total cost is a convex function dep
ending on ω∗. Furthermore, in such a model, the fraction 
of spot costs would remain intact under a CV-preserving 
transformation. This is because such a transformation 
implies ∆→ ∆(1+λ) for some given λ (to see this, note 
that E[∆] → (1+λ)E[∆] and σ∆→ (1+λ)σ∆). The pro
portion of spot cost, in turn, depends on the ratio 
E[(∆�ω∗)+]=ω∗, which remains constant under such a 
transformation. Although such insights are in line with 
the behavior observed in Figure 4, the combinatorial 

Table 5. Slices with Respect to Service Duration (SD)

Slice SD avg SD std
Requests 

avg
Requests 

std
Correlation 

avg

H 0.62 0.17 19.51 6.77 0.0
M 0.37 0.12 19.52 6.77 0.0
L 0.09 0.03 19.49 6.80 0.0

Note. Standard deviation (std) of service duration is proportional to 
average (avg) service duration, having a near-constant coefficient of 
variation.

Figure 4. Impact of Customer Requests (Number and Duration) over Cost and Asset Allocation 

Note. The black line shows the proportion of spot cost, and the bar chart shows the average optimal cost of each slice.
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dependency of assets on service requests and request 
duration prohibits analytical derivations that relate 
changes in average service requests and request dura
tion directly to the cost or proportion of spot assets.

7.3. Second-Order Effects
We next investigate how the optimal cost and the allo
cation to spot or regular assets change when we change 
the variability of the number of requests and of their 
duration. Results are reported in Figure 5.

When it comes to the optimal cost values, we see that 
higher levels of service-request variability increase costs, 
whereas higher variability in request duration leads to 
lower costs. Regarding optimal cost allocation, the propor
tion of spot cost increases with the variability of either ser
vice requests or request duration. To shed light on these 
findings, we examine the cumulative distribution func
tions (cdfs) of the corresponding δ∗.

To this end, Figure 6 shows the δ∗ cdf for each level 
of service-request variability. We see that, although 
overall, the cdfs that correspond to different variability 
levels are similar, high variability in θcts leads to a long 
tail in the cdf of δ∗. In practice, this means that there are 
a number of limited scenarios that require significantly 
more assets, which are then accommodated by more 
expensive spot acquisitions. This increases not only the 
overall cost, but also the proportion of spot cost over 
the overall cost.

Next, Figure 7 shows the cdf of δ∗ for each level of 
request duration.

Figure 7 reveals that, although the support of all three 
cdfs is the same, for a given level of δ∗, we can cover 
fewer scenarios under low request-duration variability. 
Given that request-duration variability follows a logNor
mal distribution (which is common for travel times), the 
high-variability condition implies that the bulk of duration 
density is lower than average, although some extreme sce
narios do exist. However, a limited number of high- 
duration instances can likely be accommodated by a given 
number of assets because they are packed with shorter 

services. In contrast, the lower-variability condition im
plies that the duration distribution is more symmetric (for 
the same average), which results in a limited capacity to 
accommodate requests of high duration with the same 
number of assets. In Online Appendix G, we report addi
tional computations using uniformly distributed request- 
duration times and also find that higher variability 
leads to lower costs, albeit only for requests that, on 
average, exceed 0.5—namely, half the available time in 
a period. Finally, the fact that for any given δ, there are 
more scenarios that exceed it in the low-variability 
condition makes regular assets more attractive. As var
iability increases, it is less likely to exceed any given 
level of resources, and, therefore, the proportion of 
spot cost increases accordingly.

We report on additional analysis in Online Appendix 
I, including varying levels of correlation between re
quests and duration and spot-resource capacity levels. It 
is worth noting that when request duration has low var
iability, correlations do not have a significant effect on 
cost. For medium and high levels of duration variability, 
however, negative correlations have a higher effect of 
diminishing the overall cost than positive correlations. 
This is intuitive because with positive correlations, there 

Figure 5. Impact of Customer Request Variability (Number and Duration) over Cost and Asset Allocation 

Figure 6. (Color online) δ∗ for Varying Levels of Customer- 
Request Variability (D_STD) 
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exist scenarios with limited flexibility of utilizing fewer 
assets for customer requests. Finally, it is interesting to 
note that when the spot-resource capacity constraints 
are tight, the solutions have a larger number of regular 
assets in order to make the problem feasible. Conse
quently, this increases the total cost and diminishes the 
positive effects of service-duration variability.

8. Extensions
Our core formulation can be extended to include addi
tional costs and different operational characteristics. In 
this section, we give examples of how fixed asset costs 
and operational costs can be incorporated in our model. 
Further, we show how our model can be extended to 
incorporate asset routing.

8.1. Fixed Costs and Outsourcing Operations
Model (1)–(8) can accommodate fixed costs of deployed 
assets by adding the term 

P
n∈N
P

t∈T
P

s∈S f a
nptsynts in 

the Objective Function (1), where f a
n is the cost of de

ploying asset n in a time period. In this case, the optimal 
solution of the new model remains identical to that of 
(1)–(8) because the latter minimizes the total number 
of assets deployed in each period. However, because 
assets have different fixed deployment costs f a

n , some 
relabeling may be required to ensure that the least 
expensive 

P
nynts assets are deployed under scenario s 

in period t. This can be achieved by presorting the 
assets in increasing order of their deployment costs. 
Note also that fixed costs of service requests are incon
sequential for the formulation because each customer 
has a fixed number of requests per period and scenario. 
As such, having a fixed cost of service requests adds a 
constant term in the Objective Function (1).

More interesting is the case where spot assets repre
sent outsourced operations. To see the difference, con
sider an LSP who requests a fleet of 10 trucks to operate 
for a single week, at a fixed price per truck. This is the 
situation of spot-asset acquisition, which implies that the 

operational costs of using the trucks are identical, re
gardless of whether the trucks are owned by the LSP or 
rented for one week, and is captured by Model (1)–(8). 
If, however, the same fleet of trucks is operated by an 
external third party, which charges a fixed price per 
truck and a price per trip (which can be different among 
spot assets), the LSP needs to consider the additional 
operational costs. For this, let f o

cn be the marginal opera
tional costs (relative to operating own assets) of a trip to 
customer c using spot asset n, znts ∈ {0, 1} a variable that 
captures whether asset n is outsourced in period t 
under scenario s, and ocnts the number of requests/trips 
of customer c accommodated by spot asset n in period t 
under scenario s. The corresponding model is an exten
sion of (1)–(8) and can be formulated as follows.

min Λω+ Γ
X

t∈T

X

s∈S
ptsζts +

X

t∈T

X

s∈S

X

n∈N

X

c∈C
pts f o

cnocnts,

(18) 
s:t: ω+ ζts ≥

X

n∈N
ynts, ∀t ∈ T, ∀s ∈ S, (19) 

X

n∈N
acnts � θcts, ∀c ∈ C, ∀t ∈ T, ∀s ∈ S, (20) 

X

c∈C
τctsacnts ≤ ρynts, ∀n ∈N, ∀t ∈ T, ∀s ∈ S, (21) 

znts ≤ ynts, ∀n ∈N, ∀t ∈ T, ∀s ∈ S, (22) 
X

n∈N
znts � ζts, ∀t ∈ T, ∀s ∈ S, (23) 

ocnts ≤Mznts, ∀c ∈ C, ∀n ∈N, ∀t ∈ T, 

∀s ∈ S, (24) 
ocnts ≥ acnts + (znts� 1)M, ∀c ∈ C, ∀n ∈N, 

∀t ∈ T, ∀s ∈ S, (25) 
0 ≤ ζts ≤ Kt; ζts integer ∀t ∈ T, ∀s ∈ S, (26) 
ynts, znts ∈ {0, 1}, ∀n ∈N, ∀t ∈ T, ∀s ∈ S, (27) 
acnts, ocnts ≥ 0; acnts, ocnts integer 

∀c ∈ C, ∀n ∈N, ∀t ∈ T, ∀s ∈ S, (28) 
ω ≥ 0; ω integer: (29) 

The Objective Function (18) minimizes the regular- 
and spot-asset costs and the expected operational costs. 
Equations (22) indicate that an asset n can only be out
sourced if it is used, and (23) posits that the total num
ber of outsourced assets should equal the number of 
spot assets. Then, (24) and (25) enforce that when spot 
asset n is outsourced, the number of trips it performs, 
acnts, is recorded in variable ocnts and essentially line
arizes the relationship ocnts � acntsznts using a big M 
parameter. In summary, (18)–(29) uses two new sets of 
variables: znts ∈ {0, 1}, which captures whether an asset 
is outsourced, and ocnts, which accounts for the addi
tional operational costs that are incurred when an asset 
is outsourced. The following proposition gives insight 
on the structure of optimal solutions of (18)–(29).

Figure 7. (Color online) δ∗ for Varying Levels of Request 
Duration Variability (TT_STD) 
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Proposition 4. An optimal solution of (18)–(29) has ynts 
values that satisfy (13), and, therefore, minimizes the total 
number of assets in each period-scenario pair.

Proof. Fix t and s. Suppose there is an optimal solution 
of (18)–(29) with some ynts such that 

P
nynts >

P
ny∗nts, 

where 
P

ny∗nts is an optimal solution of (13). Note that 
y∗nts is feasible for (20) and (21) for the given t and s, and, 
therefore, substituting ynts with y∗nts results in a feasible 
solution for (18)–(29). We will then show that this solu
tion cannot have a higher objective than the assumed 
optimal one. There are two cases. First, if ζts � 0, then 
both solutions have an equal objective value because no 
assets are outsourced in pair (t, s). Second, if ζts > 0, 
given that 

P
nynts >

P
ny∗nts, there exists some asset n 

that is not used in y∗nts and is used in ynts, which, due to 
(22) and (23), implies that we can eliminate asset n from 
the spot trains and obtain ζ∗ts < ζts, and, therefore, im
prove the objective value by Γpts. Finally, if a spot asset 
n can be eliminated, the customer requests that it serves 
will be redistributed to either other spot assets, to regu
lar assets, or to a combination of both (otherwise, y∗nts 
would had been infeasible). In any case, the objective 
function value can only improve. w

Proposition 4 shows that an important decomposabil
ity property of our original Model (1)–(8) is preserved 
in this setting—namely, that the ynts values can be 
found by minimizing the total number of assets in pair 
(t, s). However, because operational costs are not homo
geneous, we need to take care to use spot assets that 
have the lowest operational costs in priority. The key 
idea is then to bring this model into a form similar to 
the Reduced Newsvendor Model (9)–(12), but where 
changes in the values of ζts capture increasing opera
tional costs. The objective function of the new model 
will take the form 

P
t∈T
P

s∈SptsGts(ζts) and is calculated 
for a fixed (t, s) pair by the following procedure: 
• Obtain y∗nts and a∗cnts from (13).
• For each asset n ∈N, calculate its operational cost, 

assuming it is outsourced: go
n �
P

c f o
cna∗cnts.

• Sort assets from smaller to largest costs go
n. Let 

n1, : : :nτ and go
n1

, : : : , go
nτ be the corresponding asset and 

cost rankings, respectively.
• Define the function G : Z→ R with G(ζ) � G(ζ� 1)+

Γ+ go
nζ for ζ > 0 and G(ζ) � 0, for ζ � 0. By construction, 

G has increasing differences.
By this procedure, (18)–(29) can be written as

min Λω +
X

t∈T

X

s∈S
ptsGts(ζts), (30) 

s:t: ω + ζts ≥ δts, ∀t ∈ T, ∀s ∈ S, (31) 
ω ≥ 0, ω integer, (32) 
ζts ∈ {0, 1, : : : , Kt}, ∀t ∈ T, ∀s ∈ S: (33) 

Because of the convexity of the objective function, it holds 
that ζts �max{δts�ω, 0}, and, therefore, the objective 

function can be written as

f (ω) �Λω+
X

t∈T

X

s∈S
ptsGts(max{δts�ω, 0}), 

which is convex and can be solved with single-variable 
search methods. In conclusion, incorporating the case of 
outsourcing can be accommodated by our model with 
some additional care to take into account the opera
tional cost of spot assets.

8.2. Routing
Finally, the modular structure of our formulation allows 
us to modify the period/scenario subproblems and 
model richer transportation settings. One common such 
setting is when assets can be used to serve several 
customer requests combined, via routing. In Online 
Appendix H, we show how the asset-minimizing Sub
problem (13) can be extended to incorporate routing, 
giving rise to a periodic vehicle routing problem (Cor
deau, Gendreau, and Laporte 1997; Baldacci et al. 2011; 
Archetti, Fernández, and Huerta-Muñoz 2017), where 
each period-scenario pair is partitioned to microperiods, 
in which the routing occurs. For this model, we report 
on the results of two computational studies that lead to 
some key insights. First, the impact of average request 
duration can be split in two regimes: Below a certain 
threshold (0.5 in our experiment), there is no impact on 
cost, whereas above this threshold, cost increases with 
average request duration in a convex fashion. The 
absence of impact for small average values can be 
explained from the relative robustness of the objective, 
which minimizes the total number of assets used within 
a period. Second, the impact of customer-request vari
ability follows a more involved pattern, in that higher 
variability does not necessarily imply lower costs. For 
small average request durations, their variability does 
not influence cost. However, for averages within a cer
tain range (0.5 and 0.65 in our experiment), lower vari
ability leads to lower costs, whereas beyond this range, 
this relationship is reversed, and lower variability is 
associated with higher costs. This reversal can be ex
plained by the probability that a route is time-feasible, 
which we calculate analytically. In particular, we show 
that lower variability almost guarantees the existence of 
a time-feasible route for average durations up to a 
threshold (0.60), but beyond this threshold, the proba
bility that a time-feasible route exists is reduced very 
fast: It drops to 65% for 0.65, and then to 20%. For 
higher variability levels, the probability of time-feasible 
routing is generally lower, but it drops at a slower pace 
as time variability increases (to 57% and 38%, res
pectively). Intuitively, the higher the average request 
duration, the less routing opportunities exist and the 
more the problem resembles the no-routing setting, 
where higher variability is associated with lower cost.
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9. Discussion and Future Research
We have studied the strategic acquisition of transportation 
assets, a problem faced by LSPs, emphasizing that de
mand for services is expressed in the form of service 
requests and time during which the servicing asset is 
occupied. The motivation for developing this formulation 
originates in the problem described by Wagenaar, Frag
kos, and Zuidwijk (2021), where optimizing the integrated 
tactical and operational planning of multimodal networks 
has to abide by the constraints imposed by wagon acquisi
tions made during strategic planning. This situation— 
namely, resource constraints imposed by decisions taken 
at the strategic level—is often found in an array of other 
transportation problems, and, as such, the trade-off cap
tured by our formulation is pertinent.

An interesting avenue of research is to investigate in 
more detail the impact of uncertainty in requests and 
request duration on the planning cost. The current 
work shows computationally that variability in requests 
and in duration has a negative and a positive effect, 
respectively, but adding hard capacity constraints on 
the availability of spot resources diminishes the positive 
effect of duration variability, whereas when asset rout
ing is feasible, this relationship can be reversed. It 
would be interesting to see in which settings this insight 
persists and in which ones other factors exert larger 
effects on the cost. Our results should be refined further, 
when additional factors are at play. For example, in our 
computational study, we consider time-stationary dis
tributions and homogeneous customers, but it would 
be more realistic to utilize a forecasting model with spot 
seasonality and trend. Other important extensions are 
when operational constraints span multiple periods 
and when acquisition of regular assets can occur in 
every period for any number of remaining periods. 
Such models are significantly harder because the LSP 
needs to have a decision policy that maps every possi
ble future information state to an action vector of 
resource acquisitions, and they call for different model
ing approaches and solution methods.

In addition, the effect of average and variance of 
demand can be generalized to higher-order moments, 
especially in cases of heavy-tailed distributions, such as 
power laws. From a methodology perspective, charac
terizing analytically the distribution of the minimum 
number of assets δ∗t using the distributions of requests, 
θct, and duration, τc, can lead to further insights regard
ing how these uncertainties influence the magnitude 
and structure of optimal solutions. Padmanabhan et al. 
(2021) compute the cumulative distribution of the opti
mal objective value and provide complexity results for 
some classes of problems, when information about the 
marginal distributions of the objective coefficients is 
available. Our setting is more involved because uncer
tainty lies in the technology-matrix coefficients. Finally, 

another potential extension of our model is to consider 
cases where assets such as wagons can be merged to
gether to serve customer requests. This extension require 
the solution of one-dimensional cutting-stock problems 
with multiple stock lengths (Poldi and Arenales 2009), 
which is significantly harder than the archetypal, single- 
length version. We hope our research inspires further 
advancements in such directions.
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