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Abstract: On-demand warehousing platforms match companies with underutilized 

warehouse and distribution center capabilities with customers who need extra space or 

distribution services. These new business models have unique advantages, in terms of 

reduced capacity and commitment granularity, but also have different cost structures 

compared to traditional ways of obtaining distribution capabilities. This research is the first 

quantitative analysis for the comparison of the three distribution center types (self-

distribution, lease, on-demand) and provides insights for distribution network strategies. Our 

multi-period facility location model – a mixed-integer linear program – simultaneously 

determines location-allocation decisions of different distribution center types with varying 

commitment granularities and capacity adjustments. Computational experiments consider a 

wide range of factors and allow statistical evaluation on the impact of having the on-demand 

warehousing alternative available. We show that hybrid network designs that use on-demand 

in addition to traditional options reduce distribution costs by increasing capacity utilization. 

However, the business case for on-demand warehousing is shown to be influenced by a 

number of factors, namely on-demand capacity availability, responsiveness requirements, 

and demand patterns. The study also analyzes capacity flexibility options leased by third-

party logistics companies for a premium price and draws attention to the importance of them 

offering more granular solutions. 
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1. Introduction:  

The proliferation of e-commerce has fundamentally altered demand characteristics and order profiles: the 

handlings units are smaller, the delivery locations are more dispersed, and the customers expect fast and 

low-cost deliveries. Consequently, nearly half of all US retailers offer same-day delivery, with the majority 

planning to within a couple of years (Saleh, 2018). Also, industrial buyers expect to receive their orders 

within one or two days from their suppliers (Ware2Go, 2019). 

This situation has raised investments in distribution centers (DCs) and warehouses closer to large 

population areas (Breedam, 2016). Increasing the number of DCs, and locating them closer to customers 

enhances responsiveness; however, it also increases total facility, infrastructure, inventory, and operational 

costs. Making binding outsourcing agreements for distribution services or investing in facility ownership 

are long-term commitments, which come with overflow or underutilization risks due to demand variability 

and volatility. Small and medium-sized enterprises (SME) often do not have the capital, nor the qualified 

workforce needed to own and operate such complex distribution networks (Dunke et al., 2016). Finally, the 

availability of warehouses and DCs is currently limited (Hudson, 2019). To address these challenges, 

innovative and more flexible business models (Grant, 2017) and new approaches to classic supply chain 

designs are required (Breedam, 2016). Rather than designing distribution networks only through resource 

ownership or long-term partnerships, this study focuses on how a company can incorporate on-demand 

distribution models into their distribution network design decisions.  

On-demand warehousing platforms operate marketplaces to match companies with underutilized 

warehouse and distribution capabilities with customers who need extra space or distribution services 

(Forger, 2018; Pazour & Unnu, 2018; SCDigest, 2019; Van der Heide et al., 2018). Such business-to-

business (B2B) models are part of the sharing economy and collaborative consumption movements 

(Botsman & Rogers, 2010). They are open, available on-demand, and priced on a per-use basis; thus, they 

also embody the principles of open supply webs (Montreuil, 2011) and the Physical Internet (Pan et al., 

2017). As shown in Figure 1, an on-demand warehousing system consists of three primary actors:  
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Figure 1: Actors in on-demand warehousing systems  

The supply owners (lenders) are the primary holders of the resources (e.g., warehouse space, fulfillment 

capabilities) and get to decide whether or not to allow customers to access their resources. They are different 

from traditional suppliers, because generally in on-demand models, outsourcing is not the supplier’s core 

business model. Instead, the suppliers derive additional value from their underutilized resources by sharing 

access to them, and also, in some cases, benefit from a more stable workload (O’Brien, 2017). The demand 

requests are indicated needs for resources made by customers who do not own the resources. The 

customers’ need for the resource or service is mostly short term and required to be fulfilled immediately 

(on-demand). A central mechanism, also known as a platform, is a third-party organization responsible 

for managing the interactions between the supply owners and the demand requests. The central mechanism 

owns no resources; instead operates a marketplace and provides access and visibility to both suppliers and 

customers. Such systems create spatial and temporal resource elasticity by matching underutilized resources 

on-demand, where and when needed (Pazour & Unnu, 2018).  

Several companies worldwide operate platforms for on-demand warehouses and DCs. One of the pioneers 

is Flexe, a US company launched in 2013 that now has more than 1000 warehouses in its network (Forger, 

2018). Other US-based platforms include Warehouse Exchange, founded in 2015, Flowspace, founded in 

2017, and Ware2go, launched by UPS in 2018. In Europe, DHL (Germany) recently launched its platform 

called DHL Spaces (Gesing, 2017), Stowga (Stowga, 2019), and OneVAST operates in the UK, Stockspots 

(StockSpots, 2019) in Netherlands, and Waredock (Waredock, 2019) in Scandinavian countries.  On-

demand platforms are also spreading in Asia; Mospaze is based in Malaysia and Indonesia (Mospaze, 2019) 

and Warehouse Solutions operates in the Philippines (WarehouseSolutions, 2019). 
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On-demand systems provide unique advantages, but also create new dynamics and risks, and have different 

cost structures than traditional ways to acquire warehouse space and distribution capabilities. For suppliers 

and customers of this on-demand resource-sharing model, acquiring and lending distribution resources 

evolves from being a strategic decision to a combination of strategic, tactical, and operational level 

decisions. There is a lack of quantitative research to aid in understanding who, when, and how to utilize 

these strategies specifically for on-demand distribution models. Consequently, the contributions of this 

paper are summarized as follows. 

Our paper is the first to formulate an optimization model incorporating on-demand system properties into 

distribution network design problems. We extend the dynamic facility location problem (DFLP) to 

simultaneously decide between three types of distribution capabilities (self-distribution, 3PL/lease, on-

demand), deciding which of these alternatives to use at which locations and how to use these capabilities 

to meet demand over multiple time periods.  This requires a new optimization model capturing varying 

commitment granularity and capacity granularity properties, as well as varying cost structures, of the 

distribution center alternatives.  

Secondly, our model is used to evaluate and provide new insights on how a firm’s distribution strategy 

should change with the advent of on-demand warehousing alternatives. A full factorial design of experiment 

(DOE) captures different environmental and company factors to answer the open question: under what 

circumstances is on-demand warehousing beneficial for customers? Our new optimization model is used to 

evaluate network design decisions with and without the on-demand alternative being available along with 

other factors. Then these network designs are fed into a Monte-Carlo simulation to incorporate uncertainty 

in customer demand and on-demand capacity availability. These extensive computational experiments 

allow us to quantify the impact of the on-demand alternative on total distribution costs and to determine 

which factors significantly affect distribution network design decisions and performance.  
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2. Distribution Types: 

Currently, companies have three main ways to increase their distribution capabilities and storage locations. 

(1) They can build and operate their own self-distribution facility, (2) they can outsource distribution 

operations to a third-party logistics provider (3PL) via a long term lease, or (3) they can access on-demand 

capabilities for short-term use. These distribution types have fundamental differences, which we compare 

in Table 1 (Unnu & Pazour, 2019). 

Table 1: Comparison of distribution center types 

Type Advantages Disadvantages 

Self  

Distribution 

- Low operational costs per pallet if 

operated at high capacity utilization. 

- Trust, control 

- High investment costs and the longest 

commitment 

- Less flexible to demand variability and volatility 

- Long start-up from decision to operation time 

3PL 

 

- More flexible than self-distribution type 

- Shorter start-up time 

- Lower initial investments than self- 

distribution 

- Higher operational costs 

- Startup time required for contract negotiations 

- Commitment with binding contracts 

- Potential, trust, quality and performance issues 

On-Demand - Highest flexibility 

- Low latency between decision and 

implementation 

- No initial investment or fixed costs 

- Highest per pallet variable costs 

- Minimum control 

- Potential uncertainty in available capacities 

- Potential, trust, quality and performance issues 

From a distribution network design perspective, the types’ critical differences can be summarized in terms 

of capacity granularity, commitment granularity, and access to scale (Pazour & Unnu, 2018).  

Capacity granularity is defined as the minimum capacity that can be acquired by a given distribution type. 

Capacity granularity is measured for self-distribution in full building units (e.g., number of warehouses), in 

square feet for 3PL and lease, and in pallet positions for the on-demand option.  

Commitment granularity is defined as the minimum commitment (in time units) a firm must maintain its 

decision. The commitment granularity of self-distribution is related to the payback period planned for the 

company’s return on investment, which is often at least 5 years but can be much longer, e.g., 30 years.  A 

common commitment granularity for 3PL/leasing is 1 to 3 years because of the lengthy decision lead times, 

negotiation periods, contracting, and minimum leasing periods. Due to on-demand’s short predefined 

leasing periods, its commitment granularity is typically monthly, but some platforms offer weekly 
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commitments. Marketplaces make standard contracts with both suppliers and customers when the parties 

first use their platform. These standardized contracts reduce the setup time required for negotiation and 

agreement to terms and enable customers to use multiple suppliers through a single agreement.  

Access to Scale is defined as the percent of demand reachable within a given distance of distribution 

resources. When companies own their distribution resources, the high investment costs lead to operating 

only a handful of facilities, which results in low access to scale and long last leg deliveries and 

transportation costs. Alternatively, access to scale can be increased without fixed costs by accessing 

distribution resources through an on-demand system, which does not have high fixed investment costs of 

ownership. 

These three attributes are interrelated; if a company decides to build a facility, this becomes a strategic 

decision, in which initial significant fixed costs drive long commitment granularity, but if used at full 

capacity, results in lower variable costs (Unnu & Pazour, 2019). Whereas in on-demand platform systems, 

distribution resources can be acquired at the pallet level and for short one-month commitment periods. 

Adoption of this alternative can lead to improved flexibility and agility, as well as access to scale, but also 

could make for more complex operations and systems. However, variable costs on per pallet handling and 

holding are quite high in on-demand systems.  Thus, given the fundamentally different cost models and 

their operating attributes, many tradeoffs exist. Consequently, an open research question includes, “Is there 

a business case to be made for the use of on-demand systems, and if so, in what environments?” 

3. Literature Review: 

Research about various on-demand resource-sharing models is growing rapidly, exploring business model 

designs, pricing, and distribution channel strategy, among other topics (Benjaafar & Hu, 2019; Tian & 

Jiang, 2018). The logistics sector has recently explored on-demand resource-sharing models (Carbone et 

al., 2017; Ermagun & Stathopoulos, 2018; Li et al., 2019; S. Melo et al., 2019; Mourad et al., 2019). 

However, the wide majority of the research focuses on transportation and delivery, using crowd shipping 
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or crowdsourced logistics (Archetti et al., 2016; Kafle et al., 2017; Le et al., 2019; S. Melo et al., 2019; 

Mofidi & Pazour, 2019; Punel & Stathopoulos, 2017; Rougès & Montreuil, 2014; Zhang et al., 2019).  On-

demand business models remain underexplored for warehouse and distribution services, and research about 

on-demand distribution network modeling and quantitatively analyzing its suitable applications have not 

yet been addressed.  

Both dynamic and static facility location models have been extensively used in distribution system design 

for locating DCs/warehouses and assigning demand points to them, as well as supporting other 

tactical/operational decisions such as inventory and routing.  A detailed taxonomy of these models can be 

found in the review papers (Seyedhosseini et al., 2016; Boloori Arabani & Farahani, 2012; M. T. Melo et 

al., 2009; Daskin et al., 2005; Klose & Drexl, 2005; Owen & Daskin, 1998).  The dynamic aspect of facility 

location models is defined differently among researchers (Boloori Arabani & Farahani, 2012). However, in 

most cases, dynamic facility location problems (DFLP) are multi-period models where the input parameters 

such as costs, demands, capacities can vary over time, and allow/require multiple decisions throughout a 

given planning horizon (Klose & Drexl, 2005). Although a vast amount of literature exists for DFLPs, 

papers studying capacity adjustments, different DC/warehouse types with different commitment, capacity, 

and cost structures are scarce. In the remainder of this section, we present a detailed review of the most 

relevant papers studying these properties and articulate the differences and similarities with our model. 

Capacity adjustment in facility location problems considers finite capacities and searches the optimum 

combination of location and capacities (Shulman, 1991). Figure 2, which is revised from (Jena et al., 2015), 

illustrates most capacity adjustment options in literature:   

 

Figure 2: Capacity adjustment examples a, b, and c adopted from (Jena et al., 2015); our research 

contributes to the literature via capacity adjustments d.   
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In option (a) the capacity of an existing single facility is adjusted (expansion-reduction) according to the 

varying requirements. In option (b), defined as horizontal capacity, adjustments are realized by 

adding/removing modular capacities or opening/closing the same type of facilities. In vertical capacity, 

option (c), facilities with different capacities are opened/closed depending on the customer demands (Jena 

et al., 2015). Our work does not fit into a single one of these existing categories; thus, we add one more 

option (d), which represents the combination of all three options. As described below, the existing work on 

capacity reduction or expansion primarily focuses on expansion, which provides nice properties to develop 

efficient solution approaches. Also, papers using the opening and closing of facilities for capacity 

adjustments restrict when these decisions can occur. 

One of the first studies considering DFLP with capacity adjustments is presented by Van Roy and 

Erlenkotter (1982). Their model adjusts capacity by opening and closing facilities; however, these decisions 

are isolated in one period and do not impact the subsequent periods. Other papers incorporate additional 

properties and constraints for opening and closing decisions. For example, Canel et al. (2001) include re-

opening and closing penalties, Dias et al. (2007) define the maximum number of facilities operating at the 

same location at the same period as a constraint. Wilhelm et al. (2013) highlight facility opening-closing 

decision flexibility in their model, however, these decisions are still limited by a maximum number of open 

facilities and a restriction to re-opening decisions. In Hinojosa et al. (2000), new facilities can be opened in 

any period, but closing is only allowed for the facilities opened in the first period and once a facility is 

closed, it cannot be re-opened. 

Other papers consider different and additional capacity adjustment options. Antunes and Peeters (2001) 

realizes the capacity adjustment by adding or removing a capacity module. Jena et al. (2015) also study 

modular capacities and present two special cases. The first one for facility closing and re-opening and the 

other one for capacity expansion and reduction. In their models, only one facility is allowed to be opened 

on the selected candidate location, and the capacity adjustment or opening-closing decisions are considered 



Submitted – Under Review: Unnu, K. and Pazour, J.A. (2020) Evaluating on-demand warehousing via dynamic facility location models. 

Rensselaer Polytechnic Institute (Version_R1_January.2020) 

9 

for these individual facilities. Recently Jena, Cordeau, and Gendron (2017)  revisited this model and studied 

its multi-commodity version.  

Another set of papers consider interconnected but different time periods for strategical and tactical 

decisions.  In general, the tactical decisions are made in each period and might include production, 

inventory, and routing decisions. Whereas strategic decisions, including the location, opening/closing, or 

capacity adjustment decisions, can only be realized at predefined strategic periods (Bashiri et al., 2012; 

Correia & Melo, 2016; Fattahi et al., 2016).  Additionally, some authors incorporate different warehouse 

types, such as private, public with their unique capacity, cost and commitment properties (Bashiri et al., 

2012; Fattahi et al., 2016; Thanh et al., 2008; Vila et al., 2006). 

Bashiri et al. (2012) formulate their model with two different time indices and two warehouse types. In 

their model, the public warehouses have no initial set-up or closing costs but relatively higher operational 

costs and are uncapacitated. On the other hand, private warehouses have set-up costs and lower operational 

costs and are restricted to be closed once opened. For open private warehouses, capacity expansion can be 

considered; however, capacity contraction is not allowed.  Similarly, Fattahi et al. (2016) also model two 

time indices and warehouse types. Their model’s strategic decisions are the number, location, and capacity 

of the facilities, and tactical ones are price, inventory, production and transportation decisions. The public 

warehouses are not restricted on opening and closing decisions, in contrast, the private warehouses can only 

be opened once and not allowed to be closed, and decisions for both types are considered as strategic. 

Melo and Correia  (2016) studied DFLP in which the capacity can be adjusted by locating new facilities, 

closing not required ones, reducing or increasing the capacities of existing ones by adding or removing 

modular capacity units. However, these reorganization actions are defined as strategic decisions and are not 

allowed to be changed in any period, but only on predetermined strategic periods. Even though the capacity 

expansions can be a different set of candidate locations, a variety of facilities in one location with different 

capacity modularity are not allowed. Additionally, the strategic periods are defined for the entire network 

without considering the type or other properties of the facilities. 
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In Thanh et al. (2008), the model starts a state where all locations and capacities of the facilities are known, 

and the closing, opening, and capacity expansions of facilities are decided over time. In their model, a 

public warehouse can be opened and closed multiple times, but there should be at least a two-period gap 

between the decision points. However, private warehouses should be kept open or closed for the entire 

planning horizon after a decision is made. This property is similar to our commitment duration (granularity) 

approach for different types of warehouses and according to our literature review, this is the only paper 

introducing such an approach to decision periods. However, they do not incorporate a 3PL/lease warehouse 

type with a commitment duration between totally flexible (public) and totally constrained (private).  

Similarly, in Vila et al. (2006) the locations of facilities are defined initially. Then, dynamic decisions 

related to production and distribution, which affects the capacities, are implemented. The cost structure of 

the three types of warehouses (owned, rented, public) and also their approach to consider expansion and 

reduction are similar to our model; however, they do not consider any commitment constraints.  

A specific research branch exists that studies warehouse sizing problems outside the facility location 

literature. Related studies focus primarily on aggregate level planning, assuming the total requirement can 

be fulfilled via a single warehouse. They do not consider multiple demand locations, and consequently, 

they do not decide location decisions. An example is (Cormier & Gunn, 1996), which studies increasing or 

decreasing capacity at existing locations. Chen, Hum, & Sun, (2001) analyze various third-party warehouse 

lease contracts with different types of size commitments and contract schedules. This paper captures 

warehouse contracts with base commitments, defined as the contracted warehouse capacity that can be 

exceeded within a specific limit with a premium usage cost higher than the basic rates. Jagoda, Sarker, & 

Zahir  (2011) studies warehouse outsourcing in the case of insufficient capacity. Gill (2009) also studies 

the outsourcing decisions in which a company first tries to cover their storage requirements with its private 

warehouse’s finite capacity, and any excessive demand is fulfilled with a rental (public) warehouse space. 

Gill (2016) compares the same two storage alternatives in his dynamic warehouse sizing problem. Sizes of 
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the warehouses are not selected from a set of capacities but instead defined as continuous decision variables 

solved with a linear programming approach.  

To model a firm’s decision of simultaneously having the option to utilize three different distribution types, 

we need to incorporate multiple types of facilities and their unique characteristics into a multi-period facility 

location-allocation optimization model. The model needs to capture (a) multiple decision periods, (b) the 

ability for multiple facility types to be located in a given location, (c) the ability to open facilities during 

any period, (d) the ability to capture different costs structures associated with the different facility types, 

and (e) varying commitment and capacity granularities of different facility types. Despite the vast amount 

of distribution system and supply chain network literature, none of them incorporate these unique properties 

of the on-demand distribution systems nor combine them with existing solutions. Additionally, the 

experimental studies using this model provide and quantify new understandings of who, when, and how to 

utilize these on-demand strategies and to best of our knowledge, the trade-offs associated with these three 

types have not been studied before.   

4. Optimization Model: 

In this section, we introduce a deterministic mixed-integer linear model for our DFLP with capacity 

adjustment and commitment options. Our three echelon model consists of supply locations (𝐼), potential 

distribution center locations (𝐽), and customers (𝐷). The supply and demand locations are given input 

parameters, not decision echelons. Over a multi-period planning horizon, the model finds the opening 

locations, periods, alternatives and capacity decisions of DCs with the binary variables (𝑍𝑎𝑗𝑝, 𝑂𝐶𝑎𝑗𝑝). The 

alternative set (𝐴) is used to denote a specific capacity and cost structure of a DC type. The number of units 

delivered from supply locations to DCs, and from DCs to assigned demand locations are continuous 

decision variables (𝑋𝑖𝑎𝑗𝑝,𝑊𝑎𝑗𝑑𝑝). Demand quantities can be fulfilled from more than one DC, and the 

unfulfilled demand is defined with a continuous variable (𝐿𝑆𝑑𝑝). The inventory at each DC location is 

decided at the end of each period with 𝑆𝑎𝑗𝑝. Finally, the total number of open facilities at a given period is 
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the variable 𝑄𝑓𝑝. Given the focus is on transportation and storage costs, we model a single commodity 

problem; however, the model can be extended by adding a new index representing different commodities 

with different properties. To formulate the DFLP, in Table 2 we introduce the notation used, different costs 

for each alternative, period, and location, and also other input parameters used in the model.  

Table 2: Decision variables, sets, indexes and input parameters 

𝑍𝑎𝑗𝑝 : {
1 if alternative 𝑎  DC at location 𝑗 is 𝐟𝐢𝐫𝐬𝐭 opened at period 𝑝,
0 otherwise

 

𝑂𝐶𝑎𝑗𝑝 : {
1 if alternative 𝑎  DC at location 𝑗 is used overcapacity 
option at period 𝑝, 0 otherwise

 

𝑋𝑖𝑎𝑗𝑝  : Units delivered from supply 𝑖 to an alternative 𝑎 DC at location 𝑗 at period 𝑝 

𝑊𝑎𝑗𝑑𝑝  : Ratio of demand fulfilled by an alternative 𝑎 DC at location 𝑗 to demand 𝑑 at period 𝑝 

𝑆𝑎𝑗𝑝    : Amount of inventory in an alternative 𝑎 DC at location 𝑗 at the end period 𝑝 

𝐿𝑆𝑑𝑝  : Ratio of demand not fulfilled at demand point 𝑑 at period 𝑝 (Loss of sales) 

𝑄𝑓𝑝 : {
1 if 𝑓  number of DCs are operating at period 𝑝
0 otherwise

 

𝐼  : Set of  supply locations; indexed on 𝑖 

𝐽  : Set of  DC candidate locations; indexed on 𝑗 

𝐷 : Set of demand locations; indexed on 𝑑 

𝐿 : Superset of all location points 𝐿 = { 𝐼 ∪ 𝐽 ∪ 𝐷 }; indexed on 𝑙 

𝑇 : Set of time periods; indexed on 𝑝 

O : Set of numbers for the operating facility quantity {1..|A|*|J|}; indexed on 𝑓 

𝐴 : Set of distribution center alternatives based on types and capacities; indexed on 𝑎 

𝐴𝑐  : Set of DCs without the on-demand type 𝐴𝑐 ⊂ 𝐴 

𝐴𝑜  : Set of on-demand type DCs 𝐴𝑜 ⊂ 𝐴 

𝐴𝑙𝑜   : Set of 3PL/lease and on-demand type DCs 𝐴𝑙𝑜 ⊂ 𝐴 

𝐴𝑙  : Set of 3PL/lease type DCs 𝐴𝑙 ⊂ 𝐴 

𝐴𝑠  : Set of self-distribution type DCs 𝐴𝑠 ⊂ 𝐴 

𝑁𝑎 : Commitment granularity in number of periods for an alternative 𝑎 DC 

𝐾𝑎𝑗𝑝 : Capacity of distribution center at location 𝑗 for alternative 𝑎 at time period 𝑝 

𝐹𝑎𝑗𝑝 : Cost of initial set-up cost of an alternative 𝑎 distribution center 

𝐻𝑎𝑗𝑝 : Cost of holding one unit in an alternative 𝑎 DC for one period 

𝑅𝑎𝑗𝑝 : Fixed cost of keeping open an alternative 𝑎 DC for one period 

𝐺𝑎𝑗𝑝 : Cost of handling one unit in an alternative 𝑎 DC 

𝐶𝑖𝑗𝑝   : Freight cost per mile per unit between supply point 𝑖 and DC at location 𝑗 

𝐶𝐹𝑖𝑗𝑝  : Freight cost per unit between supply point 𝑖 and DC at location 𝑗 

𝐸𝑗𝑑𝑝 : Freight cost per mile per unit between DC at location  j and demand d 

𝐸𝐹𝑗𝑑𝑝 : Freight cost unit between DC at location  j and demand d 

𝜆𝑑𝑝 : Mean demand at demand point 𝑑 in time period  𝑝 

𝜃𝑙1𝑙2  : Distance between location point 𝑙1 and location point 𝑙2; (𝑙1, 𝑙2 ∈ 𝐿) 

𝛼 : Max distance (range) allowed to assign a demand point 𝑑 to a DC at location 𝑗 

𝛾   : Sales price of the product 

𝜑 : Loss of sales cost in percentage of product sales price 
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𝜌  : Cost increase factor defining the premium cost for overcapacity usage 

𝛽  : Overcapacity ratio allowed additional to the capacity of distribution center (𝛽 ≤ 1) 

𝑈𝑎𝑗  : Start-up inventory in an alternative 𝑎 distribution center at location 𝑗 

𝑆𝑆𝑝 : System safety stock in time period 𝑝 

𝑟𝑓 : Square root value of 𝑓 

𝑀  : A large positive number (Big-M) 

The previously introduced different capacity and commitment granularities of DC alternatives correspond 

to the input parameters 𝐾𝑎𝑗𝑝 and 𝑁𝑎. The self-distribution and 3PL/lease types have finite capacities and 

constrained commitments while the on-demand option is uncapacitated and can be opened and closed 

without any restrictions. After an opening decision of a DC alternative, the commitment duration limits 

subsequent decisions, like where deliveries can be made from, and the capacity adjustments. The selected 

DC stays operational until the end of the commitment duration.   

An additional capacity adjustment option is introduced for 3PL/Lease facilities, in which the capacity of a 

3PL/Lease facility can exceed the contracted warehouse capacity with up to an overcapacity level (𝛽) for a 

specific period and with a premium cost (𝜌).  Access to scale is captured via a parameter for the allowed 

maximum distance (𝛼) between a demand location and the DC that satisfies the demand. This distance 

represents the upper limit of the customers’ acceptable waiting time between ordering and receiving the 

delivery.  

The three DC types have different cost structures, which we break into initial (start-up) costs, operational 

(recurring) costs, holding (storage) costs, and handling costs. Initial costs (𝐹𝑎𝑗𝑝) are one-time costs required 

before becoming operational. Operational costs (𝑅𝑎𝑗𝑝) are fixed per period recurring expenses required to 

keep the DC functioning, regardless of the satisfied demand amount. Holding (𝐻𝑎𝑗𝑝) costs are variable costs 

for storage of each unit per time period. Handling (𝐺𝑎𝑗𝑝) costs are per unit costs every time a unit is handled 

for receiving, put-away, picking, and dispatching. Transportation costs are calculated with two different 

sets of freight costs. The first set (𝐶𝐹𝑖𝑗𝑝, 𝐸𝐹𝑗𝑑𝑝) is independent of the distance between two locations (per 

unit delivery) and the second set of freight costs (𝐶𝑖𝑗𝑝, 𝐸𝑗𝑑𝑝) are defined per unit distances per unit delivery. 

These unit costs also incorporate the first (𝐶𝐹𝑖𝑗𝑝, 𝐶𝑖𝑗𝑝) and last-mile (𝐸𝐹𝑗𝑑𝑝, 𝐸𝑗𝑑𝑝) cost differences. 
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𝑈𝑎𝑗 represents the inventory at the beginning of the first period (𝑝 = 0) at each DC location, which is used 

in the inventory balance constraints and set to zero for all locations in this model. We additionally define a 

safety stock (𝑆𝑆𝑝), which is the amount of safety stock for the distribution system when a single centralized 

location is selected at period 𝑝.  

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 {∑∑∑∑𝑋𝑎𝑖𝑗𝑝 (𝜃𝑖𝑗𝐶𝑖𝑗𝑝 + 𝐶𝐹𝑖𝑗𝑝)

𝑎∈𝐴𝑝∈𝑇

 

𝑗∈𝐼𝑖∈𝐼

+  (1) 

 ∑∑∑𝑍𝑎𝑗𝑝𝐹𝑎𝑗𝑝
𝑎∈𝐴𝑝∈𝑇

 

𝑗∈𝐽

+  
(2) 

 ∑∑∑∑𝑋𝑖𝑎𝑗𝑝𝐺𝑎𝑗𝑝 

𝑎∈𝐴𝑝∈𝑇

+ 

𝑗∈𝐽𝑖∈𝐼

  
(3) 

 ∑∑ ∑ 𝑆𝑎𝑗𝑝 𝐻𝑎𝑗𝑝
𝑎∈𝐴𝑜𝑝∈𝑇

 

𝑗∈𝐽

+  
(4) 

 ∑∑∑ ∑  𝑊𝑎𝑗𝑑𝑝𝜆𝑑𝑝𝐻𝑎𝑗𝑝
𝑎∈𝐴𝑜

+

𝑝∈𝑇

 

𝑑∈𝐷𝑗∈𝐽

  
(5) 

 
∑ ∑ ∑𝑍𝑎𝑗𝑝 𝑁𝑎𝑅𝑎𝑗𝑝

𝑎∈𝐴𝑝∈𝑇∶

𝑝≤(|𝑇|−𝑁𝑎)

+ 

𝑗∈𝐽

 
 

(6) 

 
∑ ∑ ∑𝑍𝑎𝑗𝑝 (|𝑇| − 𝑝) 𝑅𝑎𝑗𝑝

𝑎∈𝐴𝑝∈𝑇:

𝑝>(|𝑇|−𝑁𝑎)

+ 

𝑗∈𝐽

 
 

(7) 

 ∑∑∑(𝑂𝐶𝑎𝑗𝑝 𝑅𝑎𝑗𝑝) 𝛽 𝜌

𝑎∈𝐴𝑙𝑝∈𝑇𝑗∈𝐽

+  
(8) 

 ∑∑∑∑𝑊𝑎𝑗𝑑𝑝𝜆𝑑𝑝(𝜃𝑗𝑑𝐸𝑗𝑑𝑝 + 𝐸𝐹𝑗𝑑𝑝)

𝑎∈𝐴𝑝∈𝑇

 

𝑑∈𝐷𝑗∈𝐽

+  
(9) 

 ∑∑𝐿𝑆𝑑𝑝𝜆𝑑𝑝𝛾𝜑

𝑝∈𝑇𝑑∈𝐷

 }  

(10) 

The objective function minimizes the total costs related to the complete distribution system design, where 

(1) is the total first-mile cost captured as the sum of the delivery costs from supply locations to DCs,  (2), 

(3) and (4) incorporate DC opening costs, handling costs, and inventory holding costs, respectively, and (5) 

is the additional holding cost occurred by the fulfilled demand. We assume that a holding cost for one period 

occurs for the fulfilled demand quantity (𝑊𝑗𝑑𝑝
𝑎 𝜆𝑑𝑝). The total operational costs of DCs are calculated by 
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(6) and (7). The former is used when the commitment duration’s last period is within the planning horizon 

( 𝑝 ≤ (|𝑇| − 𝑁𝑎) ), and (7) when the remaining planning horizon is shorter than the commitment period. 

We also assume that when the overcapacity option is triggered, the premium cost for the entire expansion 

ratio is added to the objective function at that period, as shown in (8). Finally, the last mile delivery costs 

and the costs regarding the unfulfilled demand are incorporated into the objective function with expressions 

(9) and (10). In reporting results, we denote the sum of (2) to (8) as DC Costs and the sum of (1) and (9) as 

Transportation Costs. 

The following constraints are used in our model. Opening the same alternative DC at the same location is 

not allowed within the commitment periods of the alternative. This is defined by constraint (11), and it is 

also used for the “once a decision to open an alternative 𝑎 warehouse at location j, it will stay open during 

the entire commitment period” assumption.   

∑ 𝑍𝑎𝑗(𝑝−𝑧)

𝑁𝑎

𝑧=0 ∶ 
(𝑝−z)≥1

≤ 1 ∀𝑗 ∈ 𝐽 ;   ∀𝑝 ∈ 𝑇 ;   ∀𝑎 ∈ 𝐴 

𝑧 = {0,1. . 𝑁𝑎} 𝑤ℎ𝑒𝑟𝑒 (𝑝 − 𝑧) ≥ 1 
(11) 

In (12) and (13) the distribution facility capacity constraints limit the inbound and outbound deliveries. As 

the construction and lease alternatives are capacitated, and the on-demand alternatives are uncapacitated, 

the capacity constraints only consider the alternative subset 𝐴𝑐.  

∑𝑋𝑖𝑗𝑝
𝑖∈𝐼

+ 𝑆𝑗𝑝−1
𝑎 ≤

(

 ∑ 𝑍𝑗(𝑝−𝑧)
𝑎 𝐾𝑎𝑗𝑝

𝑁𝑎

𝑧=0 ∶ 
(𝑝−z)≥1 )

 + (𝑂𝐶𝑎𝑗𝑝𝐾𝑎𝑗𝑝𝛽) 
∀𝑗 ∈ 𝐽 ;   
∀𝑎 ∈ 𝐴𝑐  ;   
∀𝑝 ∈ 𝑇 

(12) 

∑𝑊𝑎𝑗𝑑𝑝𝜆𝑑𝑝
𝑑∈𝐷

≤

(

 ∑ 𝑍𝑎𝑗(𝑝−𝑧)𝐾𝑎𝑗𝑝

𝑁𝑎

𝑧=0 ∶ 
(𝑝−z)≥1 )

 + (𝑂𝐶𝑎𝑗𝑝𝐾𝑎𝑗𝑝𝛽) 

∀𝑗 ∈ 𝐽 ;   

∀𝑎 ∈ 𝐴𝑐  ;   

∀𝑝 ∈ 𝑇 

(13) 

The overcapacity option is limited only to the open 3PL/lease alternative with constraints (14) and (15). 

Constraint (16) guarantees demand locations must be assigned a DC within the maximum distance allowed 

(range).   
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𝑂𝐶𝑎𝑗𝑝 = 0 ∀j ∈ 𝐽 ;  ∀𝑝 ∈ 𝑇; ∀𝑎 ∈ (𝐴𝑠𝑈𝐴𝑜) (14) 

𝑂𝐶𝑎𝑗𝑝 ≤ ∑ 𝑍𝑎𝑗(𝑝−𝑧)

𝑁𝑎

𝑧=0 ∶ 
(𝑝−𝑧)≥1

 
∀𝑗 ∈ 𝐽 ;   ∀𝑝 ∈ 𝑇; ∀𝑎 ∈ 𝐴𝑙 

𝑧 = {0,1. . 𝑁𝑎} 𝑤ℎ𝑒𝑟𝑒 (𝑝 − 𝑧) ≥ 1 
(15) 

𝑊𝑗𝑑𝑝
𝑎 (𝛼 − 𝜃𝑗𝑑) ≥ 0  ∀𝑎 ∈ 𝐴 ;  ∀𝑝 ∈ 𝑇; ∀𝑗 ∈ 𝐽; ∀𝑑 ∈ 𝐷 (16) 

The total demand fulfillment and lost sales are linked to each other with constraint (17).  However, we 

model a deterministic demand and because of the cost coefficients, 𝐿𝑆𝑑𝑝 will always be zero at optimality. 

∑∑𝑊𝑎𝑗𝑑𝑝
𝑗∈𝐽

+ 𝐿𝑆𝑑𝑝
𝑎∈𝐴

= 1 ∀𝑑 ∈ 𝐷 ;  ∀𝑝 ∈ 𝑇 (17) 

The capacity constraint (12) incorporates the inventory at the end of each period. Thus to keep an inventory 

at the end of a period (𝑝 − 1) the subject DC should be open with available capacity on the following period 

(𝑝). However, we need to add an exception for the last period 𝑝 = |T| and for that, constraint (18) enables 

the inventory to be kept in an open facility at this period. Constraints (19) and (20) link the on-demand 

alternative’s inventory keeping decisions to the opening decisions. 

𝑆𝑎𝑗𝑝 ≤

(

 ∑ 𝑍𝑎𝑗(𝑝−𝑧)𝐾𝑎𝑗𝑝

𝑁𝑎

𝑧=0 ∶ 
(𝑝−z)≥1 )

 + (𝑂𝐶𝑎𝑗𝑝𝐾𝑎𝑗𝑝𝛽) 
∀𝑗 ∈ 𝐽 ;   ∀𝑎 ∈ 𝐴𝑐  ;   

𝑝 ∈ {|𝑇|} 
(18) 

𝑆𝑎𝑗(𝑝−1) ≤ 𝑍𝑎𝑗𝑝𝑀 

∀𝑗 ∈ 𝐽 ;  ∀𝑎 ∈ 𝐴0 ;   

∀𝑝 ∈ 𝑇 
(19) 

𝑆𝑎𝑗𝑝 ≤ 𝑍𝑎𝑗𝑝𝑀 

∀𝑗 ∈ 𝐽 ;  ∀𝑎 ∈ 𝐴0 ;   

𝑝 ∈ {|𝑇|} 
(20) 

Constraints (21) and (22) assure the inventory balance at each DC.  

𝑆𝑎𝑗(𝑝−1) + ∑𝑋𝑖𝑎𝑗𝑝
𝑖∈𝐼

= ∑𝑊𝑎𝑗𝑑𝑝𝜆𝑑𝑝
𝑑∈𝐷

+ 𝑆𝑎𝑗𝑝 ∀𝑗 ∈ 𝐽 ; ∀𝑎 ∈ 𝐴 ; ∀𝑝 ∈ 𝑇 (21) 

𝑆𝑎𝑗0 = 𝑈𝑎𝑗 
∀𝑗 ∈ 𝐽 ; ∀𝑎 ∈ 𝐴 (22) 

According to the (Q, r) inventory control policy, if a centralized total safety stock is decided to be kept 

amongst 𝑓 number of facilities (with same parameters and fill rate) that are independent and identically 

distributed, the total safety stock needs to be increased with a ratio of √𝑓  (Eppen, 1979). However, the 
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direct use of this equation requires a non-linear constraint. Instead, a set of linear constraints introduces the 

stepwise function (23)-(25) to include the square root of the total number of open DCs at a given period 

regarding the safety stock. In our model, different DC types and alternatives can be established at the same 

location to fulfill the capacity requirements. So in any given period, the number of open facilities can 

increase up to |𝐽| ∗ |𝐴| which can increase the required system safety stock drastically. The model considers 

the safety stock changes at the echelon level and then decides the distribution of the inventory to the open 

DCs. 

∑ 𝑄𝑓𝑝
𝑓∈{1…|𝐽|}

=  1 ∀𝑝 ∈ 𝑇 (23) 

∑ 𝑄𝑓𝑝𝑓

𝑓∈{1…|𝐽|∗|𝐴|}

= ∑ ∑ ∑ 𝑍𝑎𝑗(𝑝−𝑧)

𝑁𝑎

𝑧=0∶
(𝑝−𝑧)≥1

𝑗∈𝐽𝑎∈𝐴𝑐

+ ∑ ∑𝑍𝑎𝑗𝑝
𝑗∈𝐽𝑎∈𝐴𝑜

 ∀𝑝 ∈ 𝑇 (24) 

∑ 𝑄𝑓𝑝
𝑓∈{1…|𝐽|}

𝑟𝑓𝑆𝑆𝑝 ≤ ∑∑𝑆𝑎𝑗𝑝
𝑗∈𝐽𝑎∈𝐴

 ∀𝑝 ∈ 𝑇 (25) 

Finally (26)-(32) are the non-negativity and binary conditions. 

𝑍𝑎𝑗𝑝 ∈ {0,1} ∀𝑎 ∈ 𝐴, ∀𝑗 ∈ 𝐽, ∀𝑝 ∈ 𝑇 (26) 

𝑂𝐶𝑎𝑗𝑝 ∈ {0,1} ∀𝑎 ∈ 𝐴, ∀𝑗 ∈ 𝐽, ∀𝑝 ∈ 𝑇 (27) 

𝑄𝑓𝑝 ∈ {0,1} ∀𝑓 ∈ 𝐹, ∀𝑝 ∈ 𝑇 (28) 

𝑋𝑖𝑎𝑗𝑝 ≥ 0 ∀𝑖 ∈ 𝐼, ∀𝑎 ∈ 𝐴, ∀𝑗 ∈ 𝐽, ∀𝑝 ∈ 𝑇 (29) 

𝑊𝑎𝑗𝑑𝑝 ≥ 0 ∀𝑎 ∈ 𝐴, ∀𝑗 ∈ 𝐽, ∀𝑑 ∈ 𝐷, ∀𝑝 ∈ 𝑇 (30) 

𝑆𝑎𝑗𝑝 ≥ 0 ∀𝑎 ∈ 𝐴, ∀𝑗 ∈ 𝐽, ∀𝑝 ∈ 𝑇 (31) 

𝐿𝑆𝑑𝑝 ≥ 0 ∀𝑑 ∈ 𝐷, ∀𝑝 ∈ 𝑇 (32) 

Valid inequalities (33), (34), which connect the demand fulfillment variables with the opening decisions, 

are added to improve the model’s solution time. Even though these inequalities are redundant for the integer 

formulation, because linear programming relaxations are used in branch and bound solution approaches, 

they help the MIP solvers to generate additional cuts (Jena et al., 2015) and have been found to reduce the 

computational time on other DFLPs by a ratio of 1.2-2 (Jardin et al., 2006).  



Submitted – Under Review: Unnu, K. and Pazour, J.A. (2020) Evaluating on-demand warehousing via dynamic facility location models. 

Rensselaer Polytechnic Institute (Version_R1_January.2020) 

18 

𝑊𝑎𝑗𝑑𝑝 ≤ ∑ 𝑍𝑎𝑗(𝑝−𝑧)

𝑁𝑎

𝑧=0 ∶ 
(𝑝−𝑧)≥1

 
∀𝑗 ∈ 𝐽 ;   ∀𝑝 ∈ 𝑇 ; ∀𝑑 ∈ 𝐷;  ∀𝑎 ∈ 𝐴𝑐 

𝑧 = {0,1. . 𝑁𝑎} 𝑤ℎ𝑒𝑟𝑒 (𝑝 − 𝑧) ≥ 1 
(33) 

𝑊𝑎𝑗𝑑𝑝 ≤ 𝑍𝑎𝑗𝑝 ∀𝑗 ∈ 𝐽 ;   ∀𝑝 ∈ 𝑇; ∀𝑑 ∈ 𝐷; ∀𝑎 ∈ 𝐴0 (34) 

5. Monte Carlo Simulation Model: 

Long term strategic decisions, such as deciding to open a distribution center or committing to a 3PL 

contract, are made based on demand quantities forecasted. However, uncertainties in market conditions and 

forecasting errors impact the total distribution costs of the facility network design decisions. The on-demand 

capacity is not under the control of the decision-maker nor guaranteed with a contract; thus, the supplied 

on-demand capacity can vary over time. If a company decides to use the on-demand alternative as a part of 

its distribution network, the amount of capacity required might not be available when or where it is needed 

or may be available at a higher price than expected. All of these uncertainties could lead to unfulfilled 

demand and lost revenues, which are not being captured in our deterministic optimization model. Therefore, 

a Monte Carlo simulation model is designed to assess the influence of demand variability, on-demand 

capacity uncertainty and operational decisions such as opening a new on-demand location or using an 

overcapacity option of an opened 3PL. 

The simulation model takes as inputs the optimization model decision variables 𝑍𝑎𝑗𝑝, 𝑂𝐶𝑎𝑗𝑝, 𝑋𝑖𝑎𝑗𝑝 and 

𝑊𝑎𝑗𝑑𝑝 and recalculates �̿�𝑖𝑎𝑗𝑝, �̿�𝑎𝑗𝑝, �̿�𝑎𝑗𝑑𝑝, 𝑆�̿�𝑗𝑝, 𝐿𝑆̿̿ ̿𝑑𝑝, and 𝑂𝐶̿̿ ̿̿ 𝑎𝑗𝑝 throughout the planning horizon based on 

the observed demand and other observed input parameters (see via the DOE’s factor levels in Table 3). The 

model requires two additional variables for managing excessive inventory created with capacity limitations 

(𝑟𝑒𝑡𝑢𝑟𝑛𝐶𝑎𝑗𝑝) and DC closing decisions (𝑟𝑒𝑡𝑢𝑟𝑛𝑂𝑓𝑓𝑎𝑗𝑝). The costs of these decisions, as shown in (35) 

and (36), are added onto the objective function (1)-(10).  

𝑟𝑒𝑡𝑢𝑟𝑛𝐶𝑎𝑗𝑝  ∶ Total units shipped back to the closest supply location due to insufficient capacity 

at an alternative 𝑎 DC at location 𝑗 at period 𝑝 

𝑟𝑒𝑡𝑢𝑟𝑛𝑂𝑓𝑓𝑎𝑗𝑝 : Total units shipped back to the closest supply location due to closing of an 

alternative 𝑎 DC at location 𝑗 at period 𝑝  
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 ∑∑∑𝑟𝑒𝑡𝑢𝑟𝑛𝐶𝑎𝑗𝑝
𝑎∈𝐴𝑝∈𝑇𝑗∈𝐽

(𝜃𝑖𝑗𝐶𝑖𝑗𝑝 + 𝐶𝐹𝑖𝑗𝑝 + 𝐺𝑎𝑗𝑝) 𝑖 𝑖𝑛 min(𝜃𝑖𝑗) (35) 

 ∑∑∑𝑟𝑒𝑡𝑢𝑟𝑛𝑂𝑓𝑓𝑎𝑗𝑝
𝑎∈𝐴𝑝∈𝑇𝑗∈𝐽

(𝜃𝑖𝑗𝐶𝑖𝑗𝑝 + 𝐶𝐹𝑖𝑗𝑝 + 𝐺𝑎𝑗𝑝) 𝑖 𝑖𝑛 min(𝜃𝑖𝑗) (36) 

We adopted a set of conservative assumptions into our simulation model: 

 The simulation model does not allow re-optimization of the network design decisions over time, 

i.e., facility location and types are fixed for the planning horizon, and on-demand opening decisions 

are limited; 

 the on-demand capacity limitation is ignored in the optimization model, but in the simulation 

model, this is considered as a factor; 

 the optimization model supply decisions are kept fixed in the simulation model, and any demand 

generated above the supplied quantity results in lost sales and additional cost. 

With these assumptions, our simulation model delivers products from supply locations to DCs based on the 

optimization 𝑋𝑖𝑎𝑗𝑝 values. Then checks the capacity of the DCs (for receiving). If there is more inbound 

delivery then the DC capacity, even after incorporating new overcapacity and new on-demand decisions (if 

they are available as a factor), the excessive quantity is shipped back to the supply location (𝑟𝑒𝑡𝑢𝑟𝑛𝐶𝑎𝑗𝑝). 

We assume that new on-demand DC opening decisions (�̿�𝑎𝑗𝑝) can only be realized at a location and period 

with an open self-distribution or 3PL/lease alternative DC but without enough capacity to receive all 

materials. The new overcapacity decision (𝑂𝐶̿̿ ̿̿ 𝑎𝑗𝑝) is only possible when the open DC is a 3PL/lease 

alternative. Following the receiving stage, the products are delivered from DCs to the assigned demand 

locations with the 𝑊𝑎𝑗𝑑𝑝 ratios of the optimization model. If the demand is not fulfilled completely, due to 

not enough product availability at the DC, a loss sale (𝐿𝑆̿̿ ̿𝑑𝑝) occurs and a new �̿�𝑎𝑗𝑑𝑝 is calculated. We 

then calculate the inventories (𝑆�̿�𝑗𝑝) at the DC locations with the balance equations. If a DC reaches the 

end of its commitment period (closing decision) with some inventory, then this amount needs to be shipped 
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back to the supply location (𝑟𝑒𝑡𝑢𝑟𝑛𝑂𝑓𝑓𝑎𝑗𝑝).   

6. Description of Design of Experiments: 

The optimization model, combined with different input parameters and simulation scenarios, provide new 

understanding of the DC alternative selections and quantify the influence of environmental and cost inputs 

on distribution network design with and without an on-demand type DC availability. To do so, our problem 

design consists of two levels. Initially, the optimization model is used to find optimal or near-optimal 

network designs. The first full factorial design considers all levels of the deterministic inputs and model 

parameters given in Table 3-(1). Then each of these optimization solutions are inputted to our Monte Carlo 

simulation model, where a second full factorial design is conducted on both deterministic and stochastic 

factors given in Table 3-(2) 

Table 3: (1) Optimization and (2) Simulation Model Design of Experiment Factors and Levels 

No 
Factor  

(Short Description) 
Factor Definitions / Levels 

(1-1) 

 

On-demand Alternative 

(Opt_OnDemand) 

(OD) - With on-demand alternative 

(NOD) -Without on-demand alternative 

(1-2) 
Demand Trend 

(Opt_Trend) 

(TDown) - Increasing Demand (trend upwards) 𝑡𝑟𝑒𝑛𝑑 = +0.01 

(TNone) - No trends in demand 𝑡𝑟𝑒𝑛𝑑 = 0 

(TDown) - Decreasing Demand (trend downwards) 𝑡𝑟𝑒𝑛𝑑 = -0.01 

(1-3) 
Seasonality 

(Opt_Season) 

(SNone) - No seasonal effect 

(SMajor) - Major Seasonal effects (𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙) 

Q1 -4.70% 

Q2 -0.90% 

Q3 -1.30% 

Q4  6.90% 

(1-4) 
Response requirement 

(Opt_Range) 

(100) miles range (same day delivery) 𝛼 = 100 

(250) miles range (one day delivery) 𝛼 = 250 

(1-5) 

Lease option capacity 

expansion 

(Opt_OverCapacity) 

(NOC) - No capacity expansion 𝛽 = 0 

(OC) - Capacity expansion w/ penalty 
𝜌 = 0.2 

𝛽 = 0.1 

(1-6) 
Safety Stock 

(Opt_SafetyStock) 

(NSS) - No Safety stock at DC echelon 𝑆𝑆𝑝 = 0 ; ∀𝑝 ∈ 𝑇   

(SS) - Safety stock in DCs 𝑆𝑆𝑝 = 0.025∑ 𝜆𝑑𝑝
𝑑∈𝐷

; ∀𝑝 ∈ 𝑇 

 

(2-1) 
Demand Variability 

(Sim_DemandVariability) 

(0.1) - Low variability  

(𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 0.10) 

𝐸𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑑𝑒𝑚𝑎𝑛𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 + 

 (0.1 ∗ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚[−1,1]) 

(0.3) - High variability 

(𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 0.30) 

𝐸𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑑𝑒𝑚𝑎𝑛𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 + 

 (0.3 ∗ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚[−1,1]) 
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(2-2) 

Time dependent forecast 

uncertainty 

(Sim_TimeVariability) 

(0) - Time independent 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 = 0 

(0.1) - Yes 

(𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 = 0.10) 

𝐸𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑑𝑒𝑚𝑎𝑛𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 + 

(0.1 ∗
𝑝

|𝑇|
∗ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚[−1,1]) 

(2-3) 
New On-Demand alternative  

(Sim_NewOndemand) 

(0-NO) - No new on-demand DCs (only optimization results) 

(1-YES) - Allow additional on-demand DCs 

(2-4) 

New 3PL/Lease alternative 

capacity expansion  

(Sim_NewOverCapacity) 

(0-NO) - No capacity expansion (only optimization results) 

(1-YES) - Allow additional capacity expansion for open facilities 

(2-5) 

On-Demand alternative 

available capacity 

(Sim_OnDemandCapacity) 

(0-NO) - No capacity constraints  

(1-YES) - Variable Capacity  
𝐾10 = 𝐾4 ∗ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚[0,1] 

The trend (1-2), seasonality (1-3), uncertainty (2-1), and forecasting errors (2-2) are demand related factors. 

Factor (1-3) represent the seasonality in the retail sector (quarterly) and emphasizes the impact of the 

holiday season. The base demand input parameter and equation (37) are used to calculate the demand 

quantity for the entire planning horizon.  

𝜆𝑑𝑝 = 𝑏𝑎𝑠𝑒 (1 +  𝑡𝑟𝑒𝑛𝑑 ∗ (𝑝 − 1) + s𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑝 +(𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 ∗
𝑝

|𝑇|
+  𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦) ∗ 𝑈[−1,1]) (37) 

𝜆𝑑𝑝   : demand quantity of location 𝑑 on period 𝑝 

𝑏𝑎𝑠𝑒   : base demand 

𝑡𝑟𝑒𝑛𝑑   : trend; demand increase/decrease in each period (starting from 2.period) 

𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑝  : seasonality factor for period 𝑝 

𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡  : forecast error at the end of planning horizon (linearly increasing over time) 

𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 : demand variability; uncertainty 

𝑈[ ]   : uniform distribution  

The no on-demand decision level of the factor (1-1) is enforced with an additional constraint 𝑍10𝑗𝑝 =

0 ∀𝑗 ∈ 𝐽; ∀𝑝 𝑖𝑛 𝑇. For factors (1-4), (1-5), (1-6) and (2-5) the input parameters are presented in Table 3. 

The remaining factors (2-3) and (2-4) change the decisions and calculations in the simulation method as 

explained in the Monte Carlo Simulation Model Section. A full factorial analysis based on these factors 

requires 96 (25 ∗ 31) optimization runs and 3072 (210 ∗ 31) simulation runs.  

7. Description of Input Parameters: 

In this section, we introduce our input assumptions and dataset focused on the US market. Cost expressions 
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capture DC and freight costs associated with storing, handling and delivery of a 40x48 inch standard GMA 

pallet as the smallest stock-keeping unit (SKU). We use quarters as the periods and five years (20 periods) 

as the planning horizon. In the optimization model, the total demand is normalized for all instances. 

Therefore, regardless of the trend and seasonality factors, the total demand quantity for each location 

summed over the planning horizon is kept the same for all instances.  

DC Cost Data: The three DC types have different cost structures, which we break into initial (start-up) 

costs, operational (recurring) costs, holding (storage) costs, and handling costs. Our previous study (Unnu 

& Pazour, 2019) presents the formulations, and cost references to calculate these inputs. In our 

computational studies for the sake of simplicity, we assume alternative capacities and costs are the same 

for all locations over the entire planning horizon, and thus we drop the index for location and period for the 

cost input parameters. 

Table 4: Main cost and DC Types (Unnu & Pazour, 2019) 

Cost Type 

DC 

Type 

Initial Costs  

($) 

(𝑭𝒂) 

Operational Costs 

($/period) 

(𝑹𝒂) 

Holding Costs 

($/period*sku) 

(𝑯𝒂) 

Handling 

Costs ($/sku) 

(𝑮𝒂) 

Self  

Distribution  

(𝑨𝒔) 

- Construction or 

acquisition 

- Equipment (handling, 

storage, etc.) 

- Closing costs, due 

diligence  

- Labor (direct labor, common, 

management, etc.) 

- Equipment rental (e.g. handling, 

storage) 

- Other charges (insurance, 

outsourced services, etc.) 

- - 

3PL/lease  

(𝑨𝒍) 

- Security deposit, legal 

fees (contract review), 

account setup fees 

- Contractual payments per period 

- Other charges (insurance, 

outsourced services, etc.) 

- Per SKU costs 

On-Demand  

(𝑨𝒐) 
- - Per SKU per  

period costs 

Per SKU costs 

We set three capacity levels for self-distribution and six for 3PL/lease as given in Table 6. The three smaller 

sized 3PL/lease DCs incorporate the capacity granularity differences between alternatives. The DC 

capacities decrease at nearly equal intervals. Finally, one on-demand alternative without any capacity 

constraint is added to the alternative set. The sum of the maximum demands of each demand location 

throughout the planning horizon, the minimum number of DCs required to cover all locations (𝑃𝑙), and a 

safety coefficient are used to calculate the max capacity with equation (38).  
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 max(𝐾) =  
∑ max (𝜆𝑑𝑝)d∈𝐷   ∀𝑝 ∈ 𝑇

0.6𝑃𝑙
 (38) 

The DC cost is calculated for each selected capacity level using equations and assumptions in (Unnu & 

Pazour, 2019). The self-distribution option commitment covers the entire planning horizon (20 periods or 

five years), the 3PL/lease alternatives have 4 quarters of commitment (one year), and the on-demand 

alternative has a commitment of one quarter. Alternatives, capacity relations, capacities, commitment 

durations, and costs used in the computational experiments are presented in Table 5.  

Table 5: Capacities and costs used in the computational studies 

𝐴 Capacity (𝑲𝒂) Capacity  

(SKUs) 

(𝑲𝒂) 

Commitment  

(period) 

(𝑵𝒂) 

Initial Costs 

($) 

(𝑭𝒂) 

Operational 

Costs 

($/period) 

(𝑹𝒂) 

Holding Costs 

($/period*SKU) 

(𝑯𝒂) 

Handling 

Costs 

($/SKU) 

(𝑮𝒂) 
1 0.20 * Max(K) 10,000 20 1,030,000 368,550   

2 0.50 * Max(K) 25,000 20 2,400,000 897,000   

3 Max(K) 50,000 20 4,700,000 1,691,000   

4 0.05 * Max(K) 2,500 4 7,000 115,000  6.33 

5 0.08 * Max(K) 4,000 4 8,100 175,000  6.00 

6 0.10 * Max(K) 5,000 4 8,900 210,000  5.67 

7 0.20 * Max(K) 10,000 4 13,000 405,000  5.33 

8 0.50 * Max(K) 25,000 4 24,500 975,000  5.00 

9 Max(K) 50,000 4 45,000 1,900,000  4.33 

10 NA NA 1   33 15.00 

The costs presented in Table 5 might change significantly based on the changes in various inputs and 

assumptions. Therefore, we validate the cost relations between the alternatives and confirm that they 

incorporate the economies of scale and the ownership cost advantages. Thus, for final validation, we create 

unit cost expressions (𝑈𝐶𝑎) of a selected distribution alternative (𝑎) with equations (39)-(41), which are in 

$ per SKU per period. We assumed 100% capacity utilization for self and 3PL/lease alternatives and 12 

annual inventory turns in all DCs (𝜓 − number of periods in a year). Unit costs per period (quarter) and 

per month and the relationship between alternatives input costs are presented in Table 6. 

Self-distribution  𝑈𝐶𝑎 =
1

𝐾𝑎
(
𝐹𝑎
𝑁𝑎
+ 𝑅𝑎)  ∀𝑎 ∈ 𝐴𝑠 (39) 

3PL/Lease 𝑈𝐶𝑎 =
1

𝐾𝑎
(
𝐹𝑎
𝑁𝑎
+ 𝑅) + ⌈

12

𝜓
⌉𝐺𝑎 ∀𝑎 ∈ 𝐴𝑙 (40) 
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On-Demand  𝑈𝐶𝑎 = 𝐻𝑎 + ⌈
12

𝜓
⌉𝐺𝑎 ∀𝑎 ∈ 𝐴𝑜 (41) 

Table 6: Capacity and cost relationship input data validation of DC alternatives 

𝐴 Type Cost per SKU per period (𝑈𝐶𝑎) Cost per SKU per 

period (quarter) 

(𝑈𝐶𝑎) 

Cost per SKU per 

Month (𝑈𝐶𝑎) 

1 Self Distribution 1  (𝑈𝐶2 ∗ 1.03) ≤ 𝑈𝐶1 ≤ (𝑈2 ∗ 1.08) 42.00 14.00 

2 Self Distribution 2 (𝑈𝐶3 ∗ 1.03) ≤ 𝑈𝐶2 ≤ (𝑈3 ∗ 1.08) 40.68 13.56 

3 Self Distribution 3 𝑈𝐶3 38.52 12.84 

4 3PL/Lease 1 (𝑈𝐶5 ∗ 1.03) ≤ 𝑈𝐶4 ≤ (𝑈𝐶5 ∗ 1.08) 65.70 21.90 

5 3PL/Lease 2 (𝑈𝐶6 ∗ 1.03) ≤ 𝑈𝐶5 ≤ (𝑈𝐶6 ∗ 1.08) 62.25 20.75 

6 3PL/Lease 3 (𝑈𝐶7 ∗ 1.03) ≤ 𝑈𝐶6 ≤ (𝑈𝐶7 ∗ 1.08) 59.46 19.82 

7 3PL/Lease 4 (𝑈𝐶8 ∗ 1.03) ≤ 𝑈𝐶7 ≤ (𝑈𝐶8 ∗ 1.08) 56.82 18.94 

8 3PL/Lease 5 (𝑈𝐶9 ∗ 1.03) ≤ 𝑈𝐶8 ≤ (𝑈𝐶9 ∗ 1.08) 54.24 18.08 

9 3PL/Lease 6 (𝑈𝐶3 ∗ 1.30) ≤ 𝑈𝐶9 ≤ (𝑈𝐶3 ∗ 1.35) 51.24 17.08 

10 On-demand (𝑈𝐶4 ∗ 1.15) ≤ 𝑈𝐶10 ≤ (𝑈𝐶4 ∗ 1.20) 78.00 26.00 

Locations: To generate realistic data sets, we use the 49 metropolitan areas in the Northeast region of 

contiguous United States (US Census Bureau, 2019b). Metro areas are defined as urbanized areas with a 

population of at least 50,000 inhabitants (US Census Bureau, 2018b). The center of each of the metropolitan 

area is set as the center of its most populated county (US Census Bureau, 2019c). The distances between 

the locations (𝜃𝑙1𝑙2) are used as surrogates for the transportation costs and are gathered from the National 

Bureau of Economic Research’s County Distance Database (National Bureau of Economic Research, 2016, 

2017). For mapping and visual presentation of the results,  the coordinates of the counties are obtained from 

the US Census Bureau (US Census Bureau, 2016, 2018a, 2019a). 

According to a recent report about the top 20 ports of the US (McCahill, 2017), one of the largest ports of 

US is located at Newark, NJ. This port is used as a single supply point in our model. Thus, our data set is 

representative of a company that receives pallets of products produced outside of the US into the Newark 

port to fulfill the Northeast region demand. 

As the initial candidate DC locations, we used the publicly available location information of Amazon, 

Walmart and Target DCs in the Northeast region. As shown in Table 3, two maximum ranges (∝) represent 

customer delivery expectations. The 250-miles range captures the next day delivery and 100 miles is used 
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for modeling the same day delivery.  With these maximum ranges, we solved a total set covering model to 

check the minimum number of locations required and the feasibility of initially identified locations. After 

the feasibility check, we added three more locations to the 14 locations from Amazon, Walmart, and Target, 

and use 17 candidate DC locations for the optimization model. 

Demand Quantity: We use the population of each metro area (US Census Bureau, 2019c) divided by 1000 

for calculating the base demand 𝜆𝑑1 (𝑏𝑎𝑠𝑒 =  𝜆𝑑1 =
𝑚𝑒𝑡𝑟𝑜 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛

1000
).  

Freight Cost Data: Insights and data from various online resources (DAT Solutions, 2020; Keller, 2017; 

Lojistic, 2020) are used to estimate freight costs based on truck deliveries. The costs are calculated in four 

groups as cost per unit per mile and cost per unit for the inbound (supply to DC) and the outbound (DC 

to demand) deliveries. The inbound and outbound costs are different due to capacity utilization, number of 

stops on the route, and distances traveled. Inbound trucks are assumed, on average, 75% utilized, and trucks 

from DCs to demand locations are assumed 60% utilized (Mathers, 2015).  

One general practice in the logistic field is to use the weight cost or cost per unit delivery to estimate the 

freight cost per unit, which is independent of the distance traveled (FedEx, 2019; UPS, 2019). This cost 

parameter is additionally useful for calculating the delivery cost between supply-DC and DC-demand 

points, which are located in the same metropolitan area with a zero-mile distance in between. According to 

these data and assumptions, the following costs are used in our computational studies: 𝐶𝑖𝑗𝑝: 0.083 

$/mile*unit, 𝐶𝐹𝑖𝑗𝑝: 3.00 $/unit, 𝐸𝑗𝑑𝑝: 0.251 $/mile*unit, and 𝐸𝐹𝑗𝑑𝑝: 15.00 $/unit.  

Other Data: We define the lost sales cost (𝛾 ∗ 𝜑) as 200 $/unit which is greater than the total distribution 

cost of one unit. 

8. Computational Results: 

This section summarizes the performed computational experiments and presents the results based on the 

introduced datasets, assumptions, and factor levels. The optimization models are solved with IBM ILOG 
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CPLEX 12.9 with a maximum optimality gap of 1.15%. The optimization model solution times varied 

between 30 seconds up to 22 hours. All 96 models are solved in 154 hours. The simulation models are 

coded with Python 3.7.3. For each factor level combination, we report the results of 100 replications. The 

number of simulation replications is selected based on confidence interval calculations and variability 

analysis of the total distribution cost (see supplemental materials for details). To solve the 3072 simulation 

models with 100 replications, 516 hours of computational time were required. Figure 3 presents the 

objective function and the calculated total distribution costs of 307.296 experiments (96 optimizations and 

307.200 (3072x100) simulation runs). As expected, the optimization objective function values are smaller 

than the related simulation models’ calculated total distribution costs. 

 

 

Figure 3: The total distribution costs for all optimization and simulation runs.   

We implement the analysis of variance (ANOVA) procedure using the R programming language (R version 

3.6.2) to inspect the statistical significance of factors. For the ANOVA model, the objective function value, 

which represents the total distribution cost, is set as the response variable. As our research aims to 

quantitatively examine when to utilize on-demand distribution, the analysis in this section focuses on the 

factors related to the on-demand type DC decisions. Complete ANOVA results and residual analysis are in 

supplemental materials. 
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8.1.Optimization Model Results: 

Figure 4 shows our initial analysis of the optimization objective function values. These box plots visually 

present the significance of factors by incorporating the response differences between levels of the factor 

and variation differences in its levels. The mean values of the response variable and the percentage 

differences between factor levels are displayed in the box plots (red labeled items).  

 

Figure 4: Optimization model factors’ box plots displaying mean objective function values of the total 

distribution costs and percent differences between factor levels.   

The ANOVA method assumes that the response variable is normally distributed; however, the initial 

distributional analysis of the objective function values shows non-normality and required a transformation. 

Therefore, we implemented the Ordered Quantile (ORQ) normalization transformation on the objective 

function value (see supplemental materials for details). Based on the normalized values, our ANOVA 

results in Table 7 suggest that the only main factor which does not significantly affect the total distribution 

cost is the 3PL/lease capacity expansion (Opt_OverCapacity). According to this finding, we cannot state 

that the variance in the objective function is not affected by the remaining factors (reject the null hypothesis 

if p<0.001).  
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Table 7: ANOVA Results of the optimization model factorial analysis 

Factors 
Df 

Sum 

Sq 

Mean 

Sq F value Pr(>F)  

Opt_OnDemand 1 39 39 781.872 < 2e-16 *** 

Opt_Range 1 20.28 20.28 406.655 < 2e-16 *** 

Opt_OverCapacity 1 0.28 0.28 5.669 0.0201 * 

Opt_SafetyStock 1 18.06 18.06 362.074 < 2e-16 *** 

Opt_Trend 2 1.84 0.92 18.429 4.02633E-07 *** 

Opt_Season 1 2.26 2.26 45.338 4.273E-09 *** 

Opt_OnDemand:Opt_Range 1 2.73 2.73 54.715 2.72E-10 *** 

Opt_OnDemand:Opt_OverCapacity 1 0.25 0.25 4.952 0.0294 * 

Opt_OnDemand:Opt_SafetyStock 1 2.73 2.73 54.704 2.73E-10 *** 

Opt_OnDemand:Opt_Trend 2 0.06 0.03 0.61 0.5461  

Opt_OnDemand:Opt_Season 1 0.33 0.33 6.7 0.0118 * 

Opt_Range:Opt_OverCapacity 1 0.14 0.14 2.73 1.03E-01  

Opt_Range:Opt_SafetyStock 1 1.98 1.98 39.606 2.59E-08 *** 

Opt_Range:Opt_Trend 2 0.29 0.14 2.893 0.0623 . 

Opt_Range:Opt_Season 1 0.04 0.04 0.796 0.3755  

Opt_OverCapacity:Opt_SafetyStock 1 0 0 0.001 0.9768  

Opt_OverCapacity:Opt_Trend 2 0.02 0.01 0.181 0.8346  

Opt_OverCapacity:Opt_Season 1 0.1 0.1 2.052 1.57E-01  

Opt_SafetyStock:Opt_Trend 2 0.16 0.08 1.645 2.01E-01  

Opt_SafetyStock:Opt_Season 1 0 0 0.085 7.71E-01  

Opt_Trend:Opt_Season 2 0.2 0.1 1.96 1.49E-01  

Residuals 68 3.39 0.05    

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

The optimization results show that the availability of the on-demand alternative yields nearly a 4% decrease 

in total distribution costs on average under different scenarios. Thus, based on the mean differences 

presented in box plots and the ANOVA results, in well-predicted environments (since the optimization 

model is deterministic) companies should consider on-demand distribution (in addition to build and lease 

facilities) to reduce total distribution network costs. To understand the reasons behind the distribution cost 

differences, we analyze the average number of open facilities at each period by type. As presented in Table 

8, when the on-demand alternative is available, the total number of facilities increases and a large shift of 

facility types from 3PL to on-demand DC types occurs.  

Table 8: The average number of open facilities, transportation and DC costs for optimization scenarios in 

which the on-demand alternative is available (OD) versus not available (NOD).   

 Opt_OnDemand 
Average Number of Open Facilities Transportation 

Cost 
DC Cost 

All Self 3PL On-demand 

NOD 10.08 2.52 7.56 0.00 94,106,294 58,094,721 

OD 12.00 2.92 2.63 6.45 94,673,816 51,690,955 

     -0.60% 12.39% 
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Typically, when the number of facilities increases, we would expect an increase in total DC costs.  However, 

when the on-demand alternative is available, the DC costs decrease by 12.39%, even though the number of 

facilities has increased and the on-demand distribution type have higher DC costs. To understand this cost 

reduction, we further analyze the demand fulfillment and capacity utilization amongst the opened DC types. 

As presented in Table 9, when the on-demand alternative is available, the capacity utilization for both self-

distribution and 3PL/lease alternatives, as well as the demand fulfilled by self-distribution increases.  

Table 9: Optimization model on-demand warehousing interactions with other factors, and demand 

fulfillment and capacity utilization analysis of DC types 

  Opt_OnDemand  Opt_OnDemand  Opt_OnDemand 

  NOD OD  NOD  OD 

  Objective Value   
% Demand  

Fulfilled 

Capacity 

Utilization  

% Demand  

Fulfilled 

Capacity 

Utilization 

    Self 3PL OnD Self 3PL  Self 3PL OnD Self 3PL 

 Average 152,201,978 146,365,142 3.99% 71% 29% 0% 94% 85%  80% 13% 7% 98% 98% 

 StDev 4,883,296 981,810              
                 

Opt Range 
100 156,944,553 146,778,733 6.93% 62% 38% 0% 92% 76%  80% 10% 9% 97% 97% 

250 147,459,403 145,951,551 1.03% 81% 19% 0% 97% 94%  79% 15% 6% 99% 98% 

  6.43% 0.57%              
                 

Opt 

OverCapacity 

NOC 152,352,575 146,361,012 4.09% 71% 29% 0% 94% 84%  80% 13% 8% 98% 98% 

OC 152,051,380 146,369,273 3.88% 72% 28% 0% 94% 85%  80% 13% 7% 98% 97% 

  0.20% -0.01%              
                 

Opt 

SafetyStock 

NSS   151,636,269    145,531,194  4.20% 72% 28% 0% 93% 84%  80% 12% 7% 96% 98% 

SS   152,767,686    147,199,091  3.78% 71% 29% 0% 96% 85%  79% 13% 8% 100% 97% 

  -0.74% -1.13%              
                 

Opt Trend 

TDown   152,312,226    146,455,043  4.00% 71% 29% 0% 95% 83%  79% 14% 7% 98% 97% 

TNone   151,862,505    146,111,277  3.94% 71% 29% 0% 94% 86%  81% 11% 7% 98% 98% 

TUp   152,431,203    146,529,107  4.03% 72% 28% 0% 94% 84%  79% 13% 8% 98% 98% 

  -0.37% -0.29%              
                 

Opt Season 
SMajor   152,584,392    146,498,680  4.15% 71% 29% 0% 94% 83%  81% 11% 8% 98% 97% 

SNone   151,819,564    146,231,605  3.82% 71% 29% 0% 95% 86%  78% 14% 7% 98% 98% 

  0.50% 0.18%              

We further present two example instances in detail to observe how the optimization model decisions affect 

specific DC - demand location assignments and capacity utilization. These examples use a demand with a 

downward trend and seasonality. The optimization models incorporate overcapacity options for 3PL/lease 

alternatives, safety stock depending on the number of open DCs and a 100 miles maximum range. Figure 

5 illustrates how demand is fulfilled during the entire planning horizon by graphically denoting which 
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demand locations are assigned to which DC locations and types. In both scenarios, similar DC locations 

selected. However, the scenarios use a different DC alternative combination. With the inclusion of on-

demand alternative in the optimization model, most of the 3PLs are replaced with on-demand alternatives 

and the number of self-distribution types increased.   

 

Figure 5: Location allocation decisions for the entire planning horizon of a selected example 

The on-demand alternative has the highest unit distribution costs compared to the fully utilized self-

distribution and 3PL/Lease types. However, when we analyze DC type capacities and demand fulfillments 

over the planning horizon for this example, as shown in Figure 6, we see that without the on-demand 

alternative the capacity utilization of 3PL/lease option is 79% on average. With on-demand, smaller 

capacity granularity is available, resulting in 3PL/lease capacity utilization increase to 95% and self-

distribution to 99%. Thus, the on-demand alternative’s reduced granularity enables better capacity 

utilization and decreased DC costs of the opened build and lease facilities.  

 
Without On-demand  

Alternative (NOD) 

With On-demand  

Alternative (OD) 

DC Types 
Fulfilled  

Demand 

Capacity 

Utilization 

Fulfilled  

Demand 

Capacity 

Utilization 

Self-Distribution 633,243 60.8% 93% 825,994 79.3% 99% 

3PL/Lease  408,456 39.2% 79% 118,915 11.4% 95% 

On-demand 0 0.0%  96,790 9.3%  

Total Demand 1,041,700 100.0%  1,041,700 100.0%  
       

Cost Items Total Cost Total Cost Diff 

Distribution Cost 156,364,049 147,830,309 5.77% 

     - Transport Cost 91,818,793 93,864,946 -2.2% 

     - DC Cost 64,545,256 53,965,363 19.6% 
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Figure 6: Demand fulfillment and capacity utilization of DC types for selected examples 

Moreover, Table 7’s ANOVA results have two significant interactions related to on-demand decisions.   

Figure 7 presents these significant interactions, which are on-demand alternative availability 

(Opt_OnDemand) with range (Opt_Range) and safety stock (Opt_SafetyStock). In scenarios with a 

maximum 100-mile range, on-demand availability decreases the distribution costs by 6.93% compared to 

the no on-demand alternative case.  The on-demand alternative, without fixed setup costs, enables opening 

multiple facilities with lower costs and increases the capacity utilization of the build or lease DCs.  

However, the savings with on-demand is only 1.03% with looser response requirements of 250-miles.  Thus, 

on-demand warehousing has the most value when a firm has tight responsiveness requirements.    
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Figure 7: Interaction effects for Opt_OnDemand factor and response requirements 

8.2.Simulation Model Results: 

In the simulation model analysis, the response variable is the mean total distribution cost values of 100 

replications for each of the 3072 simulation runs. The main factor effects are presented in Figure 8, and 

similar to the optimization results, the mean total distribution costs and percentage differences between 

main factor levels are added to the figure.  
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Figure 8: Simulation model factors’ box plots with mean distribution cost values 

We again used Ordered Quantile (ORQ) normalization transformation for the total distribution cost and 

conducted the ANOVA study considering main factors and two-way interactions. All main factors and 

some of the interaction effects are suggested as statistically significant with the ANOVA model, and Table 

10 presents only these significant factors: 

Table 10: ANOVA Results of the simulation model factorial analysis with 2 factor interactions (only 

significant factors are presented) 

Factors Df 
Sum 

Sq 

Mean 

Sq 
F value Pr(>F)  

Sim_NewOndemand 1 6.8 6.8 104.637 < 2e-16 *** 

Sim_OnDemandCapacity 1 93.1 93.1 1434.911 < 2e-16 *** 

Sim_NewOverCapacity 1 40.4 40.4 622.441 < 2e-16 *** 

Sim_DemandVariability 1 1722.3 1722.3 26555.513 < 2e-16 *** 

Sim_TimeVariability 1 133.2 133.2 2054.311 < 2e-16 *** 

Opt_OnDemand 1 17.6 17.6 271.139 < 2e-16 *** 

Opt_Range 1 5.9 5.9 91.543 < 2e-16 *** 

Opt_OverCapacity 1 7.6 7.6 116.902 < 2e-16 *** 

Opt_SafetyStock 1 4.8 4.8 73.762 < 2e-16 *** 

Opt_Trend 2 49.8 24.9 383.796 < 2e-16 *** 

Opt_Season 1 145.6 145.6 2245.344 < 2e-16 *** 

Sim_NewOndemand:Sim_NewOverCapacity 1 2 2 31.089 2.68E-08 *** 

Sim_NewOndemand:Sim_DemandVariability 1 2.9 2.9 45.124 2.20E-11 *** 

Sim_OnDemandCapacity:Sim_DemandVariability 1 0.9 0.9 14.552 0.000139 *** 

Sim_OnDemandCapacity:Opt_OnDemand 1 91.4 91.4 1409.174 < 2e-16 *** 

Sim_OnDemandCapacity:Opt_Range 1 5.9 5.9 91.509 < 2e-16 *** 

Sim_OnDemandCapacity:Opt_SafetyStock 1 0.8 0.8 11.941 0.000557 *** 

Sim_OnDemandCapacity:Opt_Season 1 1.2 1.2 18.387 1.86E-05 *** 

Sim_NewOverCapacity:Opt_OnDemand 1 3.5 3.5 54.578 1.93E-13 *** 

Sim_NewOverCapacity:Opt_Range 1 1.4 1.4 21.352 3.98E-06 *** 

Sim_DemandVariability:Sim_TimeVariability 1 1.3 1.3 19.662 9.58E-06 *** 

Sim_DemandVariability:Opt_Range 1 135.2 135.2 2085.306 < 2e-16 *** 

Sim_DemandVariability:Opt_Trend 2 1.2 0.6 9.597 7.00E-05 *** 

Sim_TimeVariability:Opt_Range 1 10.5 10.5 161.464 < 2e-16 *** 

Opt_OnDemand:Opt_Range 1 82.4 82.4 1270.626 < 2e-16 *** 

Opt_OnDemand:Opt_OverCapacity 1 19.3 19.3 297.579 < 2e-16 *** 

Opt_OnDemand:Opt_SafetyStock 1 139.3 139.3 2147.997 < 2e-16 *** 

Opt_OnDemand:Opt_Trend 2 20.5 10.2 157.765 < 2e-16 *** 

Opt_OnDemand:Opt_Season 1 1.4 1.4 22.333 2.40E-06 *** 
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Opt_Range:Opt_OverCapacity 1 2.2 2.2 34.186 5.55E-09 *** 

Opt_Range:Opt_SafetyStock 1 26.7 26.7 411.418 < 2e-16 *** 

Opt_Range:Opt_Trend 2 13.8 6.9 106.185 < 2e-16 *** 

Opt_Range:Opt_Season 1 18.8 18.8 290.217 < 2e-16 *** 

Opt_OverCapacity:Opt_Trend 2 2.4 1.2 18.323 1.23E-08 *** 

Opt_OverCapacity:Opt_Season 1 6.2 6.2 95.784 < 2e-16 *** 

Opt_SafetyStock:Opt_Trend 2 51.3 25.6 395.418 < 2e-16 *** 

Residuals 2994 194.2 0.1    

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Our first observation from Figure 8 and Table 10 is that an increase in the demand variability 

(sim_DemandVariability, sim_TimeVariability) significantly impacts distribution costs negatively. The 

availability of on-demand warehousing (opt_Ondemand) presents a statistically significant decrease in total 

distribution costs, even using our conservative simulation model. Allowing new on-demand locations in 

the simulation model (Sim_NewOndemand) also reduces the total distribution costs.  While these on-

demand factors are statistically significant, we do not observe large changes, and as we explore in this 

section, the business case for on-demand warehousing is influenced by a number of interactions. Thus, we 

start our analysis with the interactions between demand variability and on-demand warehousing 

availability. Considering all variability scenarios as shown in Figure 9-(a), the network designs with on-

demand warehousing have a lower mean objective function value than the designs without on-demand 

options. Moreover, ANOVA suggests significant interactions between the new on-demand decisions and 

demand variability (Sim_NewOndemand:Sim_DemandVariability). Figure 9-(b) presents that having the 

flexibility to adopt new on-demand decisions in reaction to demand has slightly more impact in reducing 

the distribution costs in major demand variability environments.  

  
(a) Demand Variability:Opt_OnDemand  (b) Demand Variability:Sim_NewOnDemand 
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Figure 9: Interactions between variability and on-demand decisions  (Demand Variability factors: 

{Sim_DemandVariability=Minor 0.1 /Major 0.3 and Sim_TimeVariability= Minor 0 / Major:0.3} 

Related to the demand patterns, as displayed in Figure 10-(a), if there is a trend (opt_Trend - either upward 

or downward) over the planning horizon, having the on-demand type available reduces distribution costs. 

However, if no trend exists, traditional ways of obtaining distribution capacity are sufficient. Next, we 

explore the impact of on-demand capacity constraints.  If the on-demand capacity is always available 

(Sim_OnDemandCapacity =0) when and where a firm needs it, then a business case for on-demand 

warehousing always exists (see Figure 10-(b)). However, on-demand warehousing does not have long-

term contracts, resulting in a risk that the on-demand alternative not always being available, which is 

captured in the simulation factor, Sim_OnDemandCapacity =1. As we show in Figure 10-(b), with on-

demand availability risk, a firm can achieve, on average, lower distribution costs by not using on-demand 

distribution systems.   

   

(a) Demand Trend (b) On-demand type capacity (c) Safety Stock  

Figure 10:  Network design with on-demand type availability factor interactions with selected factors  

As follows from Figure 10-(c), our next observation has to do with capacity planning decisions, which shed 

light on whether to consider extra capacity over expected demand during the network design planning stage. 

This is investigated through the safety stock factor (Opt_SafetyStock) in the optimization model. From 

Figure 10-(c), we conclude that if a company does not plan to incorporate the on-demand type DCs into its 

distribution network, it is better not to incorporate an extra demand buffer (NSS – No safety stock). This is 

because of the larger capacity granularity of the self and 3PL/lease DCs, which already creates a capacity 
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buffer.  However, no such buffer exists with hybrid distribution networks using on-demand warehousing, 

due to their low capacity granularity. Therefore, if firms plan to utilize on-demand alternatives, it is essential 

to incorporate an extra capacity buffer during distribution network design planning.   

The business case for on-demand warehousing is further influenced by a firm’s access to scale requirements 

(Opt_Range). Figure 11-(a) displays the interaction effect of access to scale and whether the on-demand 

alternative is always available or not.  If a firm needs access to scale and has a maximum 100-miles of 

service range, then on-demand warehousing is useful with a 1.16% decrease on the distribution costs.  

However, if a company has a less stringent response requirement requiring a 250 miles range, then on-

demand warehousing is not useful. Instead, the network design with on-demand availability results in 0.41% 

increase in distribution costs. This is because the longer-range enables self-distribution and 3PL type DCs 

to better utilize their larger capacity granularities to serve multiple demand locations. When we also 

incorporate the on-demand capacity constraints, Figure 11-(b) illustrates the network design with on-

demand is beneficial in both response ranges when on-demand is always available  

(Sim_OnDemandCapacity=0), and the impact is greater with tighter response times (2.21% versus 0.21%). 

However, as shown in Figure 11-(c), when on-demand capacity is not always available, on-demand is still 

beneficial with tight response times, but not for relaxed response requirements.  

 
(a) (b) (c) 

Figure 11: Network design with on-demand type availability and response range interactions  

From Figure 12-(a) and Figure 12(b) we observe that, allowing new 3PL/lease capacity expansions 

increases the total distribution costs. Figure 12-(a) shows that whether the network is designed with or 
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without on-demand type, adding new overcapacity option for 3PL/lease type during the distribution 

operations (Sim_NewOverCapacity) increases the total distribution cost (0.38% vs 0.67%). Additionally, 

Figure 12-(b) suggests that without the 3PL capacity expansion, only adding new on-demand alternatives 

in stochastic environments has more impact on reducing the total costs (0.32% vs 0.07%) and returns the 

lowest cost. 

 
(a) (b) 

Figure 12: New 3PL/Lease capacity expansion and on-demand availability factors interaction effects  

Therefore, adding 10% over-capacity for a 20% cost increase in 3PL/lease types increases the overall cost 

more than the on-demand distribution decisions. Figure 13 represents the capacity expansion decisions of 

the same two examples introduced in the optimization model results section. Figure 13-(c) has the 

minimum capacity expansion amount of 500 units, 16% capacity utilization and the minimum total 

distribution costs. In Figure 13-(b) we observe that the demand variabilities are only fulfilled by the 

3PL/lease capacity expansions at a total of 23.014 units and 17% capacity utilization. Thus, the amount of 

unused overcapacity is largely increased, which adds to the distribution costs.  
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Figure 13: Capacity expansion and on-demand warehouse considered network designs’ over capacity 

usage and utilizations 

9. Conclusions and Future Research: 

On-demand warehousing systems match companies with underutilized warehouse and DC capabilities with 

customers who need extra space or distribution services. Via reduced capacity and commitment 

granularities, they create flexibility and increase responsiveness for customers, but also have different cost 

structures, with much higher variable per-pallet costs than traditional types of DCs. This is the first 

quantitative approach to aid in understanding when and how to utilize the on-demand distribution models 

in network design and our developed models can be used to guide network designs considering different 

distribution types simultaneously.  

A novel dynamic facility location model – a mixed-integer linear program - incorporates commitment 

granularities and different capacity reduction-expansion policies applicable to the three distribution types 

(self, 3PL/lease, on-demand) across multiple periods and locations. Through two separate design of 

experiments with 11 factors and 3072 instances, we explore the impact of the on-demand alternative on 
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total distribution costs and determine which factors significantly affect distribution network design 

decisions and performance.  

Our optimization model results illustrate that including the on-demand alternative reduces the distribution 

costs ~4% on average. The on-demand alternative without fixed setup costs, enables opening multiple 

facilities and increases the capacity utilization of the self-distribution and 3PL/lease DCs. This leads to a 

significant decrease in total distribution costs. Thus, companies with higher accuracy forecasting systems 

should consider a network design with on-demand warehousing (in addition to build and 3PL facilities) to 

achieve such cost reductions. 

We show that network designs with on-demand warehousing can still reduce total distribution costs in 

stochastic environments.  However, we do not observe large cost reductions in our conservative simulation 

model, and the business case for on-demand warehousing is influenced by a number of interactions. If there 

exists a demand trend (either upward or downward), using on-demand warehousing can decrease 

distribution costs. However, with no long-term contracts, the availability of the on-demand warehouses 

depends on the markets’ supply-demand relations. Therefore, a risk, which is not widely discussed in 

practice, is that the on-demand alternative may not always be available. The findings of our research show 

that if on-demand availability is not guaranteed and response requirements are relaxed (e.g., a 250-mile 

maximum range), lower distribution costs can be achieved with designs not incorporating on-demand 

warehousing. However, if the response requirement is tight, like for same day delivery, regardless of the 

on-demand alternative’s capacity availability, on-demand warehousing is cost effective. Lastly, we 

demonstrate that the flexibility provided by 3PL/lease capacity expansion with a premium cost performs 

worse than using the on-demand alternatives. Thus, 3PLs should offer more granular solutions to their 

customers – without the overcapacity penalty - to be competitive in the market. 

This research opens several future research directions. The current model only captures truck delivery. 

Future research can incorporate multiple transportation modes into the model. In addition to deciding what 

mode to select for each demand point and time period, an extended model could also relax the maximum 
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range constraint, capturing different transportation costs in the objective function. Another direction is to 

incorporate the varying time of the different types of DCs required between a facility opening decision and 

the facility being operational. On-demand systems enable quick access to the market, which is a competitive 

advantage that could be modeled. Finally, future research also includes developing specialized solution 

methods and heuristics for large scale networks. These large-scale dynamic facility location problems could 

help to better model the access to scale properties. Our existing model uses 49 demand locations, 17 

candidate DC locations, 10 alternatives, and 20 periods. However, the contiguous US consists of nearly 400 

metropolitan areas and ~3000 counties and currently, general purpose solvers cannot provide high-quality 

solutions for such sized MILP problems. 
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Supplemental Materials: 

The number of simulation replications: 

Figure 14 presents the confidence intervals calculated based on the samples selected from the simulation 

replicates with bootstrapping method (5000 times random selection with replacement). This graph shows 

that the variability of simulation result decrease over the number of simulation replicates and we decided 

to use 100 replicates for our simulation models which appears to be adequate. 

 

Figure 14: Simulation Replicate Adequacy 

Ordered Quantile (ORQ) normalization transformation: 

The ANOVA method assumes that the response data is normally distributed; however, the initial 

distributional analysis of the total distribution cost shows non-normality, and requires a transformation. We 

used {bestNormalize} package in R and selected the Ordered Quantile (ORQ) normalization transformation 

as the normalization method for our objective function data. The ORQ is defined as: “a rank-based 

procedure by which the values of a vector are mapped to their percentile, which is then mapped to the same 

percentile of the normal distribution.” 1 

                                                 

1 https://www.rdocumentation.org/packages/bestNormalize/versions/1.4.2/topics/orderNorm 
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Figure 15 presents histograms of optimization objective functions before and after ORQ normalization 

transformation. Figure 16 presents histograms of simulation total distribution cost results before and after 

ORQ normalization transformation. 

Before Normalization Transformation: 

 

After Normalization Transformation: 

 

Figure 15: Optimization – Objective function distribution analysis before and after normalization 
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Before Normalization Transformation: 

 

After Normalization Transformation: 

 

 

Figure 16: Simulation - Total distribution cost distribution analysis before and after normalization 

transformation 
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Complete ANOVA results and residual analysis: 

Optimization – Objective function ANOVA Results and residual analysis 

                                 Df Sum Sq Mean Sq F value         Pr(>F)     
Opt_OnDemand                      1  39.00   39.00 781.872        < 2e-16 *** 
Opt_Range                         1  20.28   20.28 406.655        < 2e-16 *** 
Opt_OverCapacity                  1   0.28    0.28   5.669         0.0201 *   
Opt_SafetyStock                   1  18.06   18.06 362.074        < 2e-16 *** 
Opt_Trend                         2   1.84    0.92  18.429 0.000000402633 *** 
Opt_Season                        1   2.26    2.26  45.338 0.000000004273 *** 
Opt_OnDemand:Opt_Range            1   2.73    2.73  54.715 0.000000000272 *** 
Opt_OnDemand:Opt_OverCapacity     1   0.25    0.25   4.952         0.0294 *   
Opt_OnDemand:Opt_SafetyStock      1   2.73    2.73  54.704 0.000000000273 *** 
Opt_OnDemand:Opt_Trend            2   0.06    0.03   0.610         0.5461     
Opt_OnDemand:Opt_Season           1   0.33    0.33   6.700         0.0118 *   
Opt_Range:Opt_OverCapacity        1   0.14    0.14   2.730         0.1031     
Opt_Range:Opt_SafetyStock         1   1.98    1.98  39.606 0.000000025935 *** 
Opt_Range:Opt_Trend               2   0.29    0.14   2.893         0.0623 .   
Opt_Range:Opt_Season              1   0.04    0.04   0.796         0.3755     
Opt_OverCapacity:Opt_SafetyStock  1   0.00    0.00   0.001         0.9768     
Opt_OverCapacity:Opt_Trend        2   0.02    0.01   0.181         0.8346     
Opt_OverCapacity:Opt_Season       1   0.10    0.10   2.052         0.1566     
Opt_SafetyStock:Opt_Trend         2   0.16    0.08   1.645         0.2006     
Opt_SafetyStock:Opt_Season        1   0.00    0.00   0.085         0.7714     
Opt_Trend:Opt_Season              2   0.20    0.10   1.960         0.1487     
Residuals                        68   3.39    0.05                            
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

 

Figure 17: Optimization – ANOVA residual analysis 
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Simulation –Total Distribution Cost ANOVA Results and residual analysis 

                                             Df Sum Sq Mean Sq   F value            Pr(>F)     
Sim_NewOndemand                               1    6.8     6.8   104.637           < 2e-16 *** 
Sim_OnDemandCapacity                          1   93.1    93.1  1434.911           < 2e-16 *** 
Sim_NewOverCapacity                           1   40.4    40.4   622.441           < 2e-16 *** 
Sim_DemandVariability                         1 1722.3  1722.3 26555.513           < 2e-16 *** 
Sim_TimeVariability                           1  133.2   133.2  2054.311           < 2e-16 *** 
Opt_OnDemand                                  1   17.6    17.6   271.139           < 2e-16 *** 
Opt_Range                                     1    5.9     5.9    91.543           < 2e-16 *** 
Opt_OverCapacity                              1    7.6     7.6   116.902           < 2e-16 *** 
Opt_SafetyStock                               1    4.8     4.8    73.762           < 2e-16 *** 
Opt_Trend                                     2   49.8    24.9   383.796           < 2e-16 *** 
Opt_Season                                    1  145.6   145.6  2245.344           < 2e-16 *** 
Sim_OnDemandCapacity:Sim_NewOndemand          1    0.0     0.0     0.062          0.804109     
Sim_OnDemandCapacity:Sim_NewOverCapacity      1    0.0     0.0     0.204          0.651281     
Sim_OnDemandCapacity:Sim_DemandVariability    1    0.9     0.9    14.552          0.000139 *** 
Sim_OnDemandCapacity:Sim_TimeVariability      1    0.1     0.1     1.805          0.179154     
Sim_OnDemandCapacity:Opt_OnDemand             1   91.4    91.4  1409.174           < 2e-16 *** 
Sim_OnDemandCapacity:Opt_Range                1    5.9     5.9    91.509           < 2e-16 *** 
Sim_OnDemandCapacity:Opt_OverCapacity         1    0.1     0.1     1.715          0.190433     
Sim_OnDemandCapacity:Opt_SafetyStock          1    0.8     0.8    11.941          0.000557 *** 
Sim_OnDemandCapacity:Opt_Trend                2    0.8     0.4     6.008          0.002489 **  
Sim_OnDemandCapacity:Opt_Season               1    1.2     1.2    18.387 0.000018602363692 *** 
Sim_NewOndemand:Sim_NewOverCapacity           1    2.0     2.0    31.089 0.000000026844644 *** 
Sim_NewOndemand:Sim_DemandVariability         1    2.9     2.9    45.124 0.000000000022049 *** 
Sim_NewOndemand:Sim_TimeVariability           1    0.3     0.3     4.210          0.040262 *   
Sim_NewOndemand:Opt_OnDemand                  1    0.2     0.2     3.198          0.073831 .   
Sim_NewOndemand:Opt_Range                     1    0.4     0.4     6.088          0.013667 *   
Sim_NewOndemand:Opt_OverCapacity              1    0.0     0.0     0.090          0.764265     
Sim_NewOndemand:Opt_SafetyStock               1    0.1     0.1     1.708          0.191334     
Sim_NewOndemand:Opt_Trend                     2    0.0     0.0     0.353          0.702861     
Sim_NewOndemand:Opt_Season                    1    0.0     0.0     0.287          0.591915     
Sim_NewOverCapacity:Sim_DemandVariability     1    0.6     0.6     8.952          0.002794 **  
Sim_NewOverCapacity:Sim_TimeVariability       1    0.0     0.0     0.367          0.544931     
Sim_NewOverCapacity:Opt_OnDemand              1    3.5     3.5    54.578 0.000000000000193 *** 
Sim_NewOverCapacity:Opt_Range                 1    1.4     1.4    21.352 0.000003983089683 *** 
Sim_NewOverCapacity:Opt_OverCapacity          1    0.0     0.0     0.093          0.760924     
Sim_NewOverCapacity:Opt_SafetyStock           1    0.0     0.0     0.077          0.781762     
Sim_NewOverCapacity:Opt_Trend                 2    0.0     0.0     0.321          0.725134     
Sim_NewOverCapacity:Opt_Season                1    0.0     0.0     0.016          0.898447     
Sim_DemandVariability:Sim_TimeVariability     1    1.3     1.3    19.662 0.000009575798206 *** 
Sim_DemandVariability:Opt_OnDemand            1    0.5     0.5     8.382          0.003816 **  
Sim_DemandVariability:Opt_Range               1  135.2   135.2  2085.306           < 2e-16 *** 
Sim_DemandVariability:Opt_OverCapacity        1    0.2     0.2     2.644          0.104020     
Sim_DemandVariability:Opt_SafetyStock         1    0.0     0.0     0.598          0.439379     
Sim_DemandVariability:Opt_Trend               2    1.2     0.6     9.597 0.000070030026903 *** 
Sim_DemandVariability:Opt_Season              1    0.4     0.4     6.234          0.012588 *   
Sim_TimeVariability:Opt_OnDemand              1    0.0     0.0     0.471          0.492412     
Sim_TimeVariability:Opt_Range                 1   10.5    10.5   161.464           < 2e-16 *** 
Sim_TimeVariability:Opt_OverCapacity          1    0.0     0.0     0.103          0.748483     
Sim_TimeVariability:Opt_SafetyStock           1    0.1     0.1     1.261          0.261567     
Sim_TimeVariability:Opt_Trend                 2    0.6     0.3     4.840          0.007968 **  
Sim_TimeVariability:Opt_Season                1    0.0     0.0     0.018          0.894642     
Opt_OnDemand:Opt_Range                        1   82.4    82.4  1270.626           < 2e-16 *** 
Opt_OnDemand:Opt_OverCapacity                 1   19.3    19.3   297.579           < 2e-16 *** 
Opt_OnDemand:Opt_SafetyStock                  1  139.3   139.3  2147.997           < 2e-16 *** 
Opt_OnDemand:Opt_Trend                        2   20.5    10.2   157.765           < 2e-16 *** 
Opt_OnDemand:Opt_Season                       1    1.4     1.4    22.333 0.000002397662837 *** 
Opt_Range:Opt_OverCapacity                    1    2.2     2.2    34.186 0.000000005549167 *** 
Opt_Range:Opt_SafetyStock                     1   26.7    26.7   411.418           < 2e-16 *** 
Opt_Range:Opt_Trend                           2   13.8     6.9   106.185           < 2e-16 *** 
Opt_Range:Opt_Season                          1   18.8    18.8   290.217           < 2e-16 *** 
Opt_OverCapacity:Opt_SafetyStock              1    0.7     0.7    10.617          0.001133 **  
Opt_OverCapacity:Opt_Trend                    2    2.4     1.2    18.323 0.000000012322737 *** 
Opt_OverCapacity:Opt_Season                   1    6.2     6.2    95.784           < 2e-16 *** 
Opt_SafetyStock:Opt_Trend                     2   51.3    25.6   395.418           < 2e-16 *** 
Opt_SafetyStock:Opt_Season                    1    0.0     0.0     0.242          0.622836     
Opt_Trend:Opt_Season                          2    0.9     0.4     6.811          0.001119 **  
Residuals                                  2994  194.2     0.1                                 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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Figure 18: Simulation – ANOVA residual analysis 

 

 


