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Abstract

As a new phenomenon of grocery business digital transition, the micro-fulfillment center
(MFC) requires further exploration of its management issues. This study aims to address
the MFC assortment and inventory decision problem for the digital grocery ecosystem.
With the goal of maximizing the profit, we first propose an MFC inventory decision
framework based on the Markov decision process. Under this decision framework, we
analyze various inventory decision scenarios, including single-period, multi-period,
deterministic demand, stationary demand distribution, and varying demand distribution
cases. To solve the problem under these scenarios, we propose several effective heuristics
and algorithms. Experimental results show that the proposed heuristic policies
outperform the benchmark significantly. Meanwhile, based on the critical findings, we
also provide management insights for the MFC inventory problem. This study contributes
to the research and practice in the field of grocery business digital transformation and
digital ecosystems.

Keywords: Micro-fulfillment center, last-mile delivery, inventory policy, omnichannel
retail, digital grocery ecosystem

Introduction

Amid the steady rise of e-commerce and changing customer behaviors, traditional brick-and-mortar
retailers are increasingly adopting omnichannel customer services, such as buy online pick up in-store
(BOPS) and buy online return in-store (BORS). The COVID-19 crisis has accelerated this trend dramatically
over the past three years. According to the Quarterly E-Commerce Report Historical Data, e-commerce
sales as a share of total retail sales in the third quarter of 2022 were 32% higher than before the pandemic
(in the third quarter of 2019). For physical retailers, adopting online channels has become a survival
requirement. Omnichannel transformation not only helps retailers attract new customers from different
channels (Gao & Su, 2017b), but it also allows retailers to integrate all channels into one seamless
experience, which can increase customer loyalty and repeat purchases (Lazaris & Vrechopoulos, 2014; Bell
et al., 2018; Kumar et al., 2019).

t https://www.census.gov/retail/ecommerce/historic_releases.html
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With the rising of digital transformation in grocery business, online channels also benefit from brick-and-
mortar stores in the race for same-day and instant delivery, such as one-hour or 30-minute delivery. Faster
delivery is becoming the new norm, with 90% of consumers expecting 2-to-3 day shipping as a baseline
expectation, and 30% expecting same-day delivery (McCabe & Custard, 2022). The World Economic Forum
reports that same-day and instant delivery already account for over 10% of parcel deliveries in China, and
are projected to reach an aggregate online retail share of around 15% in the United States by 2025 (World
Economic Forum, 2020). This shift is changing the role of physical stores in e-commerce. Retailers like
Walmart, Target, and Best Buy are utilizing their brick-and-mortar stores instead of central distribution
centers (CDCs) as fulfillment centers to fulfill online orders and ship from stores closer to customers,
reducing shipping time and costs (Burns et al., 2022).

While omnichannel retailers are utilizing brick-and-mortar stores for last-mile delivery, they face new
challenges in fulfilling orders. One of the main obstacles is the lack of inventory visibility across channels.
For example, a product may appear in stock to an online customer, when it has already been added to an
in-store customer's shopping cart. Retailers estimate that their inventory accuracy is only 65%, according
to Zebra (2018). This unreliable inventory visibility can lead to stockouts and shipping delays, resulting in
lower customer satisfaction and fewer repeat purchases (Schwartz, 1966). Another challenge is picking
costs. Unlike CDCs, stores are not designed for efficient order fulfillment, which can result in low picking
efficiency. According to McKinsey (Barbee et al., 2021), in-store picking can cost 1.5 to 2 times more than
picking at CDCs.

Micro-fulfillment is an increasingly popular solution to overcome obstacles in the online order fulfillment
process. Micro-fulfillment centers (MFCs) are small-scale warehouses placed in densely populated urban
areas closer to consumers (Ladd, 2022). They can be installed inside stores, leveraging unproductive space,
or placed as separate warehouse sites in urban areas. MFCs offer several advantages. First, they can improve
inventory visibility by separating the MFC inventory from the store's inventory, reducing the likelihood of
selling out of stock and avoiding shipping delays. Second, MFCs only store the items that customers want
most in their limited space, which can make it quicker and easier to pick products and reduce labor costs.
Third, as MFCs are located closer to customers, they can drive down the last-mile delivery costs and
shipping time. Walmart has already piloted MFCs and has started to scale in dozens of stores (Ward, 2021).

While using MFCs can offer several benefits for the online order fulfillment process, there is a critical
challenge that needs to be addressed: MFC inventory decision problem. Due to the limited space in an MFC,
omnichannel retailers can only select a portion of their Stock Keeping Units (SKUs) to be housed there.
While selecting the most popular items is one way to approach this, retailers can further improve MFC
performance by considering other SKU-specific factors as well. For example, two items with the same level
of customer demand may have different volumes and picking costs. By selecting a product with a smaller
volume and higher in-store picking cost to be placed in the MFC, retailers can expect to get higher profits.
Furthermore, it is also important to quantify the demand uncertainty of online channels to improve the
performance of the MFC. In a word, the MFC, as a new phenomenon of grocery business digital
transformation, requires further exploration of its management issues. Therefore, in this paper, we
endeavor to propose an MFC inventory decision framework and derive inventory policies for MFCs by
taking into account the demand uncertainty.

This paper contributes to the research and practice in the field of IS on digital transformation and digital
ecosystems. First, we provide an MFC inventory decision framework for the digital grocery ecosystem.
Specifically, we formulate the MFC inventory decision problem as a dynamic decision problem under the
Markov decision process (MDP) framework. In the formulation, we recognize and define the new cost and
profit, which differ from prior inventory studies. Second, we derive and propose several MFC inventory
policies under different scenarios. The proposed policies can effectively avoid the curse of dimensionality,
making them more applicable to practical scenarios. We also provide algorithms to implement the proposed
policies. Experiment results show that our policies outperform the benchmark significantly. Third, this
paper provides several important findings that contribute valuable management insights to the digital
transformation practice in the grocery business field. Fourth, the study also contributes to the research on
inventory management, as we propose an inventory decision framework and several heuristics under a new
scenario in grocery business digital transformation.
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Related Literature

Inventory management for omnichannel retailers has become a growing research area (Hiibner et al.,
2022). Most works in this field focus on determining optimal target inventory levels and inventory
replenishment policies under omnichannel scenarios. For instance, Gao & Su (2017a) propose an in-store
inventory decision model with a random demand for a single product case to determine optimal inventory
levels. Meanwhile, Zhang et al. (2018) derive optimal pricing and inventory decisions under both the online-
only and omnichannel strategies for an online retailer. Shi et al. (2018) determine the optimal inventory
level by considering an optimal price discount for a single durable product under the BOPS strategy with
pre-orders. Gabor (2022) designs an inventory model considering a CDC and multiple stores to propose an
online discounts policy. Studies have also explored omnichannel settings with independent in-store and
online demands. For example, Lu et al. (2020) explore the optimal inventory level for fulfilling dual-channel
demands. Saha & Bhattacharya (2021) propose a Markov model to derive optimal inventory policy by
assuming online and in-store demands follow independent Poisson processes. Govindarajan et al. (2021)
propose a heuristic to determine how much inventory to keep at each location and where to fulfill each
online order from for a seasonal product with multiple facilities (i.e., stores and CDCs). Abouelrous et al.
(2022) extend this work with a stochastic optimization approach and scenario clustering. However, these
studies are limited to one product and do not consider assortment planning.

In practice, managers often have to make inventory decisions for a wide range of products under limited
resource conditions, such as limited shelf space or warehouse capacity. In such scenarios, retailers need to
decide which products to stock in different channels, in order to maximize sales while minimizing inventory
costs. For example, Gao & Su (2017b) reveal the types of products that are suitable for implementing a BOPS
strategy. Geunes & Su (2020) use a consumer choice model to determine which products should be available
in-store, online, or through both channels and their stock levels. Hense & Hiibner (2022) consider customer
demand interactions across channels to investigate the assortment and inventory problem for an
omnichannel retailer. Building on this work, Schéfer et al. (2023) further analyze the demand effects across
channels to optimize assortment decisions. However, in this stream, previous research mostly focuses on
assortment and inventory decisions for different channels (e.g., online and in-store) under a single-period
decision scenario.

Our work is also related to the literature on omnichannel inventory replenishment. For instance, Xu et al.
(2017) develope a dynamic programming algorithm to address the problem of a single product with a given
demand. Xu & Cao (2019) propose a finite horizon, periodic review inventory model that takes into account
stochastic demand. They also suggest an optimal myopic policy for a single product. In contrast, Li (2020)
examines the multi-period inventory model for the replenishment of the CDC and multiple nearby stores
under the ship-from-store-to-store strategy. The study is conducted for a single product with exogenous
demand, and aimed to address the problem of replenishing inventory at multiple locations. Goedhart et al.
(2022) develope a Hierarchical Markov Process-based model to address the replenishment problem for a
brick-and-mortar store that serves both online and in-store demand. Nevertheless, these models are
restricted to the scenario where only one product is considered.

Distinguished from prior studies, this paper focus on addressing the MFC assortment and inventory
decision problem in the context of grocery business digital transformation. Multiple items, uncertain
demand, and multiple decision periods are considered. This paper proposes novel heuristic policies for
optimizing MFC inventory decision problem, which effectively address the curse of dimensionality. By
recognizing and defining different decision factors under the new digital grocery scenario, this paper offers
several insights on inventory optimization that distinguishes it from prior research.

Problem Formulation

In this section, we begin by presenting the process of fulfilling online orders for a brick-and-mortar store
that utilizes an MFC. Then, we proceed to formulate the assortment and inventory problem under the
Markov decision process framework (Puterman, 2014).
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The Online Order Fulfillment Process with an MFC

An MFC is a small warehouse that hold a small assortment of frequently purchased products for rapid
shipping. MFCs can utilize robotic mobile fulfillment systems to speed up the picking process (Hein et al.,
2022). Hence, picking items from the MFC is much faster than picking items from the sales floor. In
practice, retailers transfer products into an MFC periodically (e.g., every week) from their in-store
stockrooms to fulfill online orders effectively.

Figure 1 depicts the online order fulfillment process for a brick-and-mortar store with an MFC. After an
online order arrives, a picker or automation bot will try to pick items from the MFC. If an item in the order
is not available in the MFC, the picker will pick it from the sales floor with incurring a higher picking cost
and a longer picking time. All picked products will be sent to the packing workstation, which is mostly
located in the MFC, to be packaged for a delivery or customer pick-up.

Brick-and-Mortar Store

Stockroom

0 =

Online Orders Micro-
Fulfillment Sales Floor

Center

o~

®o_0 Pick Up
()
T —
Customers Delivery Packing

Figure 1. The Online Order Fulfillment Process

The MFC Inventory Decision Framework

We formulate the MFC inventory decision problem based on the MDP framework. In the setting, managers
make the assortment and inventory decisions periodically (e.g., every week) with real-time inventory levels,
demand distributions, recognized costs, and profits. As shown in Figure 2, at each decision point, Managers
can use the information about forecasted online demand, current inventory level, the free space of MFC,
and the volume, extra profit, transfer cost of SKUs to determine which SKUs to transfer into or out from
the MFC, as well as how many units to transfer. Table 1 summarizes the notations used in this paper.

Under the time horizon T, the system state at decision period t € [0,T] is denoted as y, =
Y0 Va0 Yie > Vi), where y; . > 0 is the current inventory level of SKU i € {1,2,---,1} at period t. The
system state space is Y. At the beginning of each decision period, the manager needs to make the assortment
and inventory decisions for the MFC, that is, determine which set of SKUs and their quantities to transfer
in or out the MFC to maximize the profit. We denote the transfer action as x, = (x4, X5+, X0 X1t )
where x;, € [~y;,, +0) is the transfer quantity of SKU 7 at period t. x; , < 0 means transferring out from the
MFC, which happens when there is a need to make space for other products at current period. x;, > 0
means transferring into the MFC. The transfer action space is X. We optimize the MFC assortment and
inventory problem by deriving the optimal transfer actions for each decision period. We also define a post-
action state, which is denoted as z, = (2,4, 25, ", Zi ¢, 1 Z1t), Zie = Yir + X is the post-action inventory
level. The post-action inventory level can be utilized to aggregate system states and transfer actions, as
different current inventory levels and transfer actions can result in the same post-action inventory level.
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Online Demand
Current Inventory Level
MFC Free Space

SKU Volume

SKU Extra Profit

SKU Transfer Cost

t+1 T

Transfer Action A Decision Points

Figure 2. Dynamic Decision Process

Notations Description
T Time horizon.
t Decision period, t € [0, T].
Ve System state at decision period t, ¥, = (V16 Yo s Vier s Vit)-
Vit Current inventory level of SKU i, i € {1,2, -+, I}, at period t.
X, Transfer action at period t, x, = (xy¢, X5z, ) Xipr X1 )-
Xi¢ Transfer quantity of SKU i at period t, x;, € [—y;, +).
z, Post-action state at period t, z, = (214,221, Zigo ") Z1t)-
Zit Post-action inventory level of SKU i at period t, z;; = y;, + x; ;.
d, Customer demand at period t, d, = (dy, dyy, -+, dig, o, dp)-
dig Customer demand of SKU i at period t, d;, € N°.
0, Customer demand distribution at period t, ©, = (04,,054,+,0;, -+, 0;,).
0, Customer demand distribution parameter of SKU i at period t.
S Total space of an MFC.
S; Unit volume of SKU 1.
ctr Transfer cost at period t.
a; Unit transfer cost of SKU i.
q; Unit extra profit of SKU 1.
e Extra profit at period t.
T Single-period profit at period t.
R, Total system discounted profit at period t.
y Discount rate.
Table 1. Notations

The system state transition depends on current inventory level, transfer action, and customer demand
during the period. Let d, = (dy;,d,;, -, d;¢ -+, d;,) denote the customer demand at period ¢, where d;, €
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N is the customer demand of SKU i at period t. dy,,d,,, -, d;, -+, d; . are independent but not necessarily
identically distributed random variables. Their distributions are denoted as @, = (01,024, -**, 04+, 01),
where 6;, is a vector of demand distribution parameters of SKU i. Because retailers mostly put popular
products in the MFC, demand information is crucial for the MFC decision problem. Our model is designed
to be adaptable and flexible in utilizing different types of forecasted demand information, such as
deterministic demand, demand distribution, and mixture demand distribution, which can be forecasted by
machine learning algorithms (Carbonneau et al., 2008; Huber & Stuckenschmidt, 2020).

Then, the inventory level transition of SKU i from current period t to the next period t+1 can be written as

Vit+1 = maX{yi,t + X — diy, 0}: 1
and the system state transition probability is
PVer1lYeo x) =p(de = Ye + X — ¥644|0)), (2)

where p(d; = ¥, + x; — ¥:4110,) = [1i-, p(dir = Vi + Xip — Vir+110i0)-

Considering the limited storage capacity of the MFC, we also take into account the size of the products in
the decision-making process. Suppose the space of an MFC is S, the unit volume of products is s =
(S1,S2,***, Siy -+, S1), where s; is the unit volume of SKU i. Then, we have the constraint that s’ - (y, + x,) < S,
which can help us obtain a finite system state space and a finite action space.

In the framework, differing from inventory problems in prior studies, costs and profits in the MFC problem
should be defined by comparing two different online order fulfillment processes. Comparing with fulfilling
an online order by picking items from a store shelf, we recognize the following cost and profit for the MFC:
(1) Transfer cost. At the beginning of each period, selected products are either transferred into the MFC or
transferred out from the MFC, which can incur the transfer cost. We denote the unit transfer cost as a =
(ay,a,,+,a; -, a;), where a; is the unit transfer cost of SKU i. Then, we assume the transfer cost of period
t takes the following form:

1
i (x,) = Z 1ai|xi.r|- 3)
-

(2) Extra profit. As we introduced, picking items from the MFC can lead to lower picking costs, shorter
picking time, and faster order fulfillment than picking them from the sales floor. It can also improve
inventory visibility, reducing the likelihood of selling out of stock. Given these benefits, we introduce a unit
extra profit q = (q4, 95, ", qi,**, q;), where g; is the unit extra profit incurred by picking a unit of SKU i from
the MFC instead of the sales floor. The expected extra profit at decision period t can be written as

1 [VittXite 0
E[g:(Ye x)] = Z Z p(di,t|0i,t)di,tqi + Z p(di,t|9i,t) (xi,t + yi,t)qi ) (4)
i=1| di;=0 dit=xit+yietl

where the first part inside the square brackets represents the extra profit generated when the demand is
lower than or equal to the inventory level, while the second part represents the extra profit generated when
the demand exceeds the inventory level.

Note that our model does not include the cost and profit of a product itself, as picking it from different
channels (i.e., MFC and sales floor) does not change its cost and profit. We focus on the relative cost and
benefit of using the MFC compared to picking items from sales floor.

Then, at period t, the single-period profit function is
1 (Ve Xe) = g (Ve x) — ¢t (xp). (5)
The total discounted profit takes the form:

T
R (Ye xe) = Zk_t]’k_trk Ok Xi) (6)

where y is the discount factor, 0 < y < 1. Our objective is to obtain an optimal policy *:
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m* = argmax RT(y,), (7)
T
where a policy, m(y) = x for all y € Y and x € X, is a function that maps each inventory state to a transfer
action.

The Bellman equation is given by

Ri(y) =max[r) +7 ) pOealyexORia 0| (®)

Ye+1€Y

In practice, there are thousands of different products that should be placed into the MFC. Due to the curse
of dimensionality, it is extremely difficult, if not impossible, to solve the MFC inventory problem using
dynamic programming methods. In next section, we propose different inventory policies for different
scenarios to address this problem.

Micro-Fulfillment Center Inventory Policies

This section shows our critical analytical findings of the inventory policy structure and value function
properties. Based on these findings, we propose several policies and algorithms under different decision
scenarios.

The Deterministic Demand Case

We first consider an MFC inventory problem with deterministic demand to explore the structure of the
optimal policy. Given the deterministic demand, it is unnecessary for the inventory level to exceed the
customer demand at each period, and by the end of each period, all products in the MFC should be sold out.
In this scenario, the MFC inventory problem can be simplified as:

max =g —a)x;
subject to Lisix;<S ©)
0<x <d,i€{12,I}

This problem can be approximately regarded as a fractional knapsack problem, which can be solved by the
greedy solution (Magazine et al., 1975). Inspired by this, we propose a greedy MFC inventory policy for the
deterministic demand case.

Deterministic Demand Policy (DD). There is a greedy policy for the MFC inventory problem with
deterministic demand, that is, at each period, iteratively selecting the SKU with the greatest profit-to-
volume ratio, (q; — a;)/s;.

Algorithm 1. (The algorithm for solving DD)

Step 1. Sort the SKUs with the profit-to-volume ratio (q; — a;)/s;.

Step 2. Check if the MFC has available space. If the available space is 0, terminate. Otherwise, go to Step 3.

Step 3. Transfer the SKU with the highest profit-to-volume ratio into the MFC until x; = d; or the available
space of the MFC becomes 0. Return to Step 2.

The Single-Period MFC Inventory Problem

In the following, we consider the MFC scenarios with random demand. For a single product, the expected
extra profit function can be written as:

Yet+xt ©
E[g: (e, x)] = Z p(d¢|0)d.q + Z p(d|6¢) (x: + yo)a, (10)
d¢=0 de=xt+ye+1

and the single-period profit function is given by
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1 (ve) = e Ve, %) — cf7 () (11)
where c{" (x,) = alx,|.
In this scenario, we obtain the following findings:

Lemma 1. For a single product, the expected extra profit at the current period E(g,) is increasing in the
post-action inventory level z,, z, = y, + x,. That is, given the current inventory level y,, g, is increasing in
the transfer action x,. And, given a fixed transfer action x,, g, is also increasing in system state y,. As z,
increases, E(g,) gradually approaches E(d,)q.

Proof: The expected extra profit at the current period E(g,) is

Z¢ +00
Elgiz)] = ) p(dl0dda+ » p(d,16) 24, (12)
dz=0 de=zp+1
and
+00
E(d)q = ) p(d]8)deq. (13)
d;=0

Then, we can get:

E(d:)q — E(g:) Z p(d¢|0)d.q — Z p(d¢|0,)d.q — Z p(d¢|0y) z,q

d¢=0 d=0 dr=z¢+1
+00 +o
= Z p(d|6,) dcq — Z p(d;|0,) z.q
d=z¢+1 dr=z¢+1
+oo
= p(d.18,) (d; — z)q. (14)
d=z¢+1

The Eq. (14) indicates that, as z, increases, E(d,)q — E(g,) will decrease and approach o. Hence, we
conclude that, for a single product, the expected extra profit at the current period E(g,) is increasing in the
post-action inventory level z,, z, = y, + x,. That is, given the current inventory level y,, g, is increasing in
the transfer action x,. And, given a fixed transfer action x,, g, is also increasing in system state y,. As z,
increases, E(g,) gradually approaches E(d,)q. O

Lemma 2. Given current inventory level y,, when x, < 0, that is, we transfer out the product from the
MFC, the single-period profit r, is increasing in x,. When x, = 0, that is, we transfer the product into the
MFC, if the cumulative possibility F(d, =y, +x,) <1—a/q, r, is increasing in x,, otherwise, r; is
decreasing in x,. Meanwhile, given a fixed transfer action x,, 1, is increasing in y,.

Proof: Given current inventory level y,, when x, < 0, based on Eq. (11), we can obtain
1 (¥e) = 9e e, x¢) + ax,. (15)

According to Lemma 1, given y,, g, (v, x,) is increasing in x,, so the single-period profit r; is increasing in
X

When x, > 0, we have
1 (¥e) = 9e e, ) — ax,. (16)
Let g:(ye, % + 1) — g: (e, x0):
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+00
9o xe +1) — g:(ve, x) = p(de =z, + 1|10)(z, + 1)q + Z p(d¢|0y) (z; + 1)q
d=z¢+2
+oo
- Z p(d.0,) z.q
dr=z¢+1
+00 +o
= Z p(d¢|0y) (z; + 1)q — Z p(d|0¢) z¢q
d=z¢+1 d=z¢+1
+oo
= p(d:[0,) q
dr=z¢+1
=[1-F(d, = z)]q, a7
where F(d,) is the cumulative possibility function, and z, = y, + x,.
Then, the marginal profit is
[1-F(d; =z)]q —a. (18)

when the marginal profit is o, z, is optimal and F(d, = z,) =1 —a/q.

Therefore, when x, > 0, if the cumulative possibility F(d, =y, + x,) <1 —a/q, r; is increasing in x,,
otherwise, r; is decreasing in x,. Meanwhile, given a fixed transfer action x,, r; is increasing in y,. (J

Lemma 1 and Lemma 2 indicate that, for a single product, we should put it into the MFC as many as possible
to gain extra profit. But, when we take into account the transfer cost to maximize the total profit of a decision
period, there is an optimal threshold of the inventory level. Based on this finding, we provide the following
MFC inventory policy:

Single-Period Single-Product Random Demand Policy (SSR). There is a heuristic for the single-
period single-product MFC inventory problem with random demand. That is, given the demand
distribution of period t, there is an inventory level z; that satisfies F(d, = z; ) =1 —a/q. When the
current inventory level is equal to or greater than z{, the transfer action x; = 0, otherwise, x; = z} — y;.

The SSR policy is not able to address the MFC inventory problem well in practice, because there are
thousands of products. However, it can help us develop policies for the multi-product case, where different
products share the limited space of the MFC.

For the multi-product scenario, we propose a two-step decision process:

Step 1. Transfer-in Step. Given the current inventory level and the remaining available space, we make
the assortment decision on which SKU to transfer into the MFC until the available space in the
MFC is fully utilized.

Step 2. Replacement Step. When the MFC space is fully utilized, we decide whether to transfer out items
and which items to transfer out from the MFC to free up space for other products.

Inspired by policies DD and SSR, we derive a heuristic for the single-period multi-product case based on
the two-step decision process.

Single-Period Multi-Product Random Demand Policy (SMR). There is a heuristic for the single-
period multi-product random demand scenario:

(1) Transfer-in step. The SKU 1 with the highest marginal profit-to-volume ratio,
{[1 - F(d; = z)lq; — a;}/s;, should be prioritized for placement in the MFC until its inventory level
reaches the threshold z; that satisfies F(d; = z} ) = 1 — a;/q; or the MFC space is fully utilized.

(2) Replacement step. The SKU i should be transferred into the MFC and The SKU j should be
transferred out from the MFC only when a) The SKU i has the highest marginal profit-to-volume
ratio and its inventory level is lower than the threshold z;}. b) The SKU j has the lowest transfer-
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zi—1 -1
out loss Y’ _

s:
dj=zj-min (S—;,z]-)

F(d; =z)lq; — a;.

[1 - F(dj)]qj + a]-si/sj . ¢c) ZZ [1 - F(d]-)]q]- + ajsi/sj <[1-

. Si
j=zj—min (S—;,z]-)

The algorithm to implement the heuristic is provided as follows:
Algorithm 2. (The algorithm for solving SMR)

Step 1. Check if the MFC has available space. If the available space is 0, go to Step 4. Otherwise, go to Step
2,

Step 2. Sort the SKUs with the marginal profit-to-volume ratio {[1 — F(d; = z;)]q; — a;}/s;. Go to step 3.

Step 3. Transfer the SKU with the highest marginal profit-to-volume ratio into the MFC until z; = z; that
satisfies F(d; = z; ) = 1 — a;/q; or the MFC space is fully utilized. Return to Step 1.

-1

Step 4. Sort the SKUs with the transfer-out loss sz [1—F(d;)]q; + a;si/s;. Go to Step 5.
J

-=z]-—min (z—;,zj-)
Step 5. Find the SKUs that satisfy z; < z, and then sort them with the marginal profit-to-volume ratio
{[1 -F(d; = z)lq; — a;}/s;- Go to Step 6.

Step 6. Compare the lowest transfer-out loss (SKU j) with the marginal profit [1 — F(d; = z;)]q; — a; of the
product (SKU i) having the highest marginal profit-to-volume ratio. If the lowest transfer-out loss
is lower than the marginal profit, transfer out round (s;/s;) units j, and transfer one unit i in to the
MFC. Return to Step 4. Otherwise, terminate.

The Multi-Period MFC Inventory Problem

According to the proposed MFC inventory decision framework, maximizing total discount profit requires
considering the impact of current-period decision on future-period system state and profit. In this section,
we derive the MFC inventory policy under the multi-period decision scenarios.

First, we consider a case where there is one product with stationary demand distribution, that is, the
demand distribution of the product is the same across different periods. In this case, the Bellman equation
takes the following form:

Ri(yy) = n}f:X (ye) +vy Z PWes1lVe X )RE 1 Vesr) |- (19)

Yt+1€Y
We can obtain the following findings:

Lemma 3. At the decision period t, the total discounted profit R;(y,) is increasing in the system state
(current inventory level) y,.

Proof: When there is only one SKU, at each decision period, we do not need to consider transferring out
products to free up inventory space. In addition, based on Lemma 2, Eq. (1), and Eq. (2), given the customer
demand information, if there is a lager current inventory level, we can achieve the same extra profit g, with
a smaller transfer cost. Therefore, at the decision period t, the total discounted profit R; (y,) is increasing in
the system state (current inventory level) y,. (]

Lemma 4. Given the system state y,, there is an optimal transfer action x; that satisfies F(d, = y, +
x;)=1-(a—ya)/q.
Proof: As we noted in the proof of Lemma 3, if there is only one SKU, at each decision period, we do not

need to consider transferring out products to free up inventory space, that is, x, > 0. Given the system state
Ve let Ri(z, + 1) — R (2,):

Ri(z; +1) —R.(2,) = [1 - F(d; = z)]q — a + YE[R{ 11 Vs )12 + 1] — YE[R{ 11 Wer1) 2]
=[1-F(d;=2)]lq—a+ya (20)
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Hence, R,(z; + 1) — R.(z,) is decreasing in z,. As z, = y, + x,, Given y,, when R,(z, + 1) — R.(z,) = 0, that
is, F(d; = z,) =1 — (a — ya)/q, x, is optimal. In other words, given the system state y,, there is an optimal
transfer action x; that satisfies F(d, =y, +x; ) =1—(a—ya)/q. O

Lemma 4 indicates a stationary policy for the multi-period single-product stationary demand distribution
case (MSS).

Based on these findings, we next analyze the case where there are multiple products with stationary demand
distributions. Unlike the single-period multi-product random demand case in the last section, we find that
there is no need to take into account the replacement step in the decision process under the stationary
demand distribution case.

Lemma 5. Under the multi-period multi-product stationary demand distribution scenario, items in the
MFC need not to be transferred out at any decision period.

Proof: Based on Lemma 4, under the multi-period case, each product has an optimal inventory level
threshold. When multiple products share the inventory space, the inventory level of each product will
always be lower than this optimal threshold. This is because when the inventory level of a product
approaches this threshold, the marginal profit approaches o0, and before reaching o, it will be replaced by
other products with higher marginal profits. When the demand distribution is stationary, product 7 has the
same optimal post-action state z; across decision periods, and its inventory level will never exceed z; at the
beginning of each decision period. Therefore, items in the MFC need not to be transferred out at each
decision period. [

We can also obtain a stationary policy in this case.

Multi-Period Multi-Product Stationary Demand Distribution Policy (MMS). There is a heuristic
for the multi-period multi-product stationary demand distribution case, that is, at each decision period t,
the product i1 with the highest multi-period marginal profit-to-volume  ratio,
{{1-F(d; = z,;)|q; — a; + ya;}/s;, should be transferred into the MFC first until the inventory level of
product i reaches the optimal threshold x;, that satisfies F(d; = y;; + x{, ) = 1 — (a; — ya;)/q; or the MFC
space is fully utilized.

Then, we consider the case where there are multiple products with varying demand distributions.

In this case, as the demand distribution of the same product differ across periods, the MFC inventory
problem becomes more challenging. First, it is hard to forecast the demand information for many future
periods and the forecasted demand information of the period after a long time is unreliable. Second, even
we know the varying demand distributions for all future periods, the curse of dimensionality can make the
MDP problem extremely challenging.

To make the problem solvable, we consider the following assumption.

Future Demand Assumption: At decision period t, given x;, in policy MMS, the post-action inventory
level z;, = y;, + x{,, we assume that z;, — E(d;,) < z;,,, for all SKUs.

The future demand assumption guarantees that the future demand fluctuations of SKUs remain within
reasonable bounds. Actually, based on policy MMS, for product i at each decision period t, the post-action
inventory level z;, will approach but never reach the threshold z;,, that is, z;, < z;,. This is because when
the post-action inventory level of a product i approaches the threshold, the marginal profit of that product
gradually approaches zero. When the marginal profit of product i becomes lower than that of other
products, we will choose to transfer other products into the MFC. Given z;, < z;,, then we can obtain
E(Wit+1) = zie — E(d;r) < 2z, — E(d;;) < z{,,,, which indicates that, in practice, the current inventory level
Yie+1 at decision period t+1 is unlikely to reach the threshold z;,,,. Therefore, the future demand
assumption is very reasonable.

Lemma 6. If the Future Demand Assumption holds, the heuristic for the multi-period multi-product
varying demand distribution case (MMV) will be the same as the MMS policy.

Proof: Under the multi-period multi-product varying demand distribution case, for product 7, given the
system state y; ., let R; (z;, + 1) — R; (2, ), where z;, + 1 < z;,, we can get:
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Ri,t(zi,t + 1) - Ri,t(zi,t) = [1 - F(di,t = Zi,t)]qi —a; + yE[R;,t+1(Yi,t+1)|Zi,t + 1]

_VIE[R;t+1(yi,t+1)|Zi,t]' (21)

where
E[R;,t+1(Yi,t+1)|Zi,t + 1] = R;t+1[]E(yi,t+1) =z +1— E(di,t)]' (22)
]E[R?,t+1(yi,t+1)|zi,t] = R;t+1[]E(yi,t+1) =Zjt — E(di,t)]- (23)

If the Future Demand Assumption holds, that is, z;, — E(d;,) < z{,,,, then, E(y;¢4,) < 241, which means
we will never need to transfer products out of the MFC, that is x;, > 0 for each decision period t. Then,

Rie(zie +1) = Ryp(zi) = [1 = F(die = zie) |0 — a; +vay, (24)
which indicates the multi-period marginal profit of product 7 in policy MMS still holds.

Therefore, if the Future Demand Assumption holds, the heuristic in policy MMS is still effective under the
multi-period multi-product varying demand distribution case. [

Lemma 6 indicates that under the Future Demand Assumption, whether the demand follows a stationary
distribution or variable distributions across decision periods, we should use the MMS policy, which we
redefine as multi-period multi-product policy (MM). The algorithm to implement the heuristic is provided
as follows:

Algorithm 3. (The algorithm for solving MM)
Step 1. Check if the MFC has available space. If the available space is 0, terminate. Otherwise, go to Step 2.

Step 2. Sort SKUs with the multi-period marginal profit-to-volume ratio {[1 — F(d; = z;,)|q; — a; + ya;}/s.
Go to Step 3.

Step 3. Transfer the SKU with the highest multi-period marginal profit-to-volume ratio into the MFC if its
inventory level is lower than the threshold x;, that satisfies F(d; = y;; + x;, ) = 1 — (a; — ya;)/q;.
Return to Step 1.

To summarize, we derive several heuristic policies and provide algorithms for the MFC inventory problem
in different scenarios. The policies are designed to avoid the curse of dimensionality that arises in the MDP
framework, making them more feasible in practice. Specifically, the policies include:

Deterministic Demand Policy (DD).

Single-Period Single-Product Random Demand Policy (SSR).

Single-Period Multi-Product Random Demand Policy (SMR).

Multi-period Single-product Stationary Demand Distribution Policy (MSS).
Multi-Period Multi-Product Stationary and Varying Demand Distribution Policy (MM).

These policies provide a framework for making MFC inventory decisions and optimizing online order
fulfillment process, with the goal of maximizing profits.

Experimental Results

In this section, we compare and evaluate the proposed policies by numerical simulations. In the simulation,
we suppose the manager make the MFC inventory decision every week. We vary the time horizon T from 1
to 10 weeks, and consider there are three types of products. In the experiment, we assume that the customer
demand of SKU i (d;) is a random variable following a Poisson distribution with the arrival rate 1; (Forsberg,
1997). We set their demand distribution with arrival rates 15, 20, 30, unit volumes as 2, 6, 4, unit extra
profit as 6, 4, 2, and unit transfer cost as 0.6, 1, 0.4. We suppose the initial inventory of the products at the
first period is 0. The total space of the MFC is 200. The discount factor is 0.99.

We compare the proposed policies with the benchmark: demand sorting policy (DS). Under this policy, the
manager places the products into the MFC in accordance with the sorting of product demand. It is a
common practice in industry to transfer products into the MFC based on their expected sales performance.
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As the single-product policies serve only as the foundation for our multi-product policies, we focuse on
comparing the performance of the multi-product policies (i.e., DD, SMR, and MM), which are more
practical than single-product policies.

The experimental results depicted in Figure 3 clearly demonstrate the superiority of our proposed policies
(i.e., DD, SMR, MM). As shown, the total discounted profit generated by our policies are consistently higher
than the benchmark (DS) across different time horizons, indicating its robustness and effectiveness. Table
2 summarizes the performance improvement of our proposed policies compared to the benchmark. DD,
SMR, and MM can improve the total discounted profit by 76.6%, 81.4%, 82.5%, respectively.

SMR and MM exhibit comparable performance as they utilize similar decision-making criteria and
principles. SMR is based on the marginal profit-to-volume ratio {[1 — F(d; = z;)]q; — a;}/s;, while MM is
based on the multi-period marginal profit-to-volume ratio, {[1 — F(d; = z;,)]q; — a; + ya;}/s;. This shows
that each unit of product i contributes to the future profit only by an amount of ya;. Therefore, when the
customer demand distribution is stationary or fluctuates within a certain range across different periods,
considering the impact of current transfer actions on future returns does not have a significant impact on
the total discounted profit.

- —eo— DS
A 1400 - DD
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E 12001 —— MM
[T
£ 1000
o
@ 800/
'_
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5 200
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Figure 3. Policy Comparison
Policies Profit Improvement
DS _
DD 76.6%
SMR 81.4%
MM 82.5%
Table 2. Profit Improvement

Conclusion

As a new phenomenon of grocery business digital transition, the MFC requires further exploration of its
management issues. This study aims to address the MFC assortment and inventory decision problem for
the digital grocery ecosystem. With the goal of maximizing the profit, we first propose an MFC inventory
decision framework based on the Markov decision process. Under this decision framework, we analyze
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several inventory decision scenarios, such as single-period cases, multi-period cases, deterministic demand
case, stationary demand distribution case, and varying demand distribution case. We solve the MFC
inventory problem under these scenarios and propose effective heuristics, such as DD, SMR, and MM.
Simulation results show that the proposed heuristic policies outperform the benchmark significantly.

This paper contributes to the research and practice in the field of grocery business digital transformation
and digital ecosystems. First, we provide an MFC inventory decision framework for the digital grocery
ecosystem. Specifically, we formulate the MFC inventory decision problem as a dynamic decision problem
under the Markov decision process (MDP) framework. In the formulation, we recognize and define the new
cost and profit, which differ from prior inventory studies. Second, we derive and propose several MFC
inventory heuristic policies under different scenarios. The proposed policies can effectively avoid the curse
of dimensionality, making them more applicable to practical scenarios. We also provide algorithms to
implement the proposed policies. Third, this paper provides several important findings that contribute
valuable management insights to the digital transformation practice in the grocery business field. Fourth,
the study also contributes to the research on inventory management, as we propose an inventory decision
framework and several heuristics under a new scenario in grocery business digital transformation. This
paper provides a foundation for future research on the MFC management problem.

References

Abouelrous, A., Gabor, A. F., & Zhang, Y. (2022). Optimizing the inventory and fulfillment of an
omnichannel retailer: a stochastic approach with scenario clustering. Computers & Industrial
Engineering, 173, 108723.

Barbee, J., Jayakumar, J., Touse, S., & Venkataraman, K. (2021, September 8). Retail’s need for speed:
Unlocking value in omnichannel delivery. McKinsey. https://www.mckinsey.com/industries/retail/
our-insights/retails-need-for-speed-unlocking-value-in-omnichannel-delivery

Bell, D. R., Gallino, S., & Moreno, A. (2018). Offline showrooms in omnichannel retail: Demand and
operational benefits. Management Science, 64(4), 1629-1651.

Burns, T., Davis, A., Harris, T., & Kuzmanovic A. (2022, June 6). Beyond the distribution center. McKinsey.
https://www.mckinsey.com/industries/retail /our-insights/beyond-the-distribution-center

Carbonneau, R., Laframboise, K., & Vahidov, R. (2008). Application of machine learning techniques for
supply chaln demand forecastlng European Journal of Operational Research, 184(3), 1140-1154.

Forsberg, R. (1997). Exact evaluation of (R, Q)-policies for two-level inventory systems with Poisson
demand. European Journal of Operational Research, 96(1), 130-138.

Gabor, A. F., van Ommeren, J. K., & Sleptchenko, A. (2022). An inventory model with discounts for
omnichannel retailers of slow moving items. European Journal of Operational Research, 300(1), 58-
72.

Gao, F., & Su, X. (2017a). Online and offline information for omnichannel retailing. Manufacturing &
Service Operations Management, 19(1), 84-98.

Gao, F.,, & Su, X. (2017b). Omnichannel retail operations with buy-online-and-pick-up-in-store.
Management Science, 63(8), 2478-2492.

Geunes, J., & Su, Y. (2020). Single-period assortment and stock-level decisions for dual sales channels with
capacity limits and uncertain demand. International Journal of Production Research, 58(18), 5579-
5600.

Goedhart, J., Haijema, R., & Akkerman, R. (2022). Inventory rationing and replenishment for an omni-
channel retailer. Computers & Operations Research, 140, 105647.

Govindarajan, A., Sinha, A., & Uichanco, J. (2021). Joint inventory and fulfillment decisions for
omnichannel retail networks. Naval Research Logistics, 68(6), 779-794.

Hein, B., Wesselhoft, M., Kirchheim, A., & Hinckeldeyn, J. (2022). Towards Industry-Inspired Use-Cases
for Path Finding in Robotic Mobile Fulfillment Systems. In 2022 IEEE 27th International Conference
on Emerging Technologies and Factory Automation (ETFA) (pp. 1-4). IEEE.

Hense, J., & Hiibner, A. (2022). Assortment optimization in omni-channel retailing. European Journal of
Operational Research, 301(1), 124-140.

Huber, J., & Stuckenschmidt, H. (2020). Daily retail demand forecasting using machine learning with
emphasis on calendric special days. International Journal of Forecasting, 36(4), 1420-1438.

Pacific Asia Conference on Information Systems, Nanchang 2023
14



Micro-Fulfillment Center Inventory Policies for Digital Grocery Ecosystem

Hiibner, A., Hense, J., & Dethlefs, C. (2022). The revival of retail stores via omnichannel operations: A
literature review and research framework. European Journal of Operational Research, 302(3), 799-
818.

Kumar, A., Mehra, A., & Kumar, S. (2019). Why do stores drive online sales? Evidence of underlying
mechanisms from a multichannel retailer. Information Systems Research, 30(1), 319-338.

Ladd, B. (2022, July 22). Is Micro-Fulfillment The 'Next Big Thing' In Retail? Forbes. https://www.
forbes.com/sites/forbescommunicationscouncil/2022/07/22/is-micro-fulfillment-the-next-big-thing
-in-retail/?sh=6427da3b3f35

Lazaris, C., & Vrechopoulos, A. (2014, June). From multichannel to “omnichannel” retailing: review of the
literature and calls for research. In 2nd International Conference on Contemporary Marketing Issues
(ICCMI), 6, 1-6.

Li, R. (2020). Reinvent retail supply chain: Ship-from-store-to-store. Production and Operations
Management, 29(8), 1825-1836.

Lu, J. C, Yang, Y., Han, S. Y., Tsao, Y. C., & Xin, Y. (2020). Coordinated inventory policies for meeting
demands from both store and online BOPS channels. Computers & Industrial Engineering, 145,
106542.

Magazine, M. J., Nemhauser, G. L., & Trotter Jr, L. E. (1975). When the greedy solution solves a class of
knapsack problems. Operations Research, 23(2), 207-217.

McCabe, K., & Custard, M. K. (2022, August 12). The Top 15 Omnichannel Retail Trends to Watch in 2022.
Supply Chain Planning Blog. https://www.toolsgroup.com/blog/ omnichannel-retail-trends/

Puterman, M. L. (2014). Markouv decision processes: discrete stochastic dynamic programming. John
Wiley & Sons.

Saha, K., & Bhattacharya, S. (2021). ‘Buy online and pick up in-store’: Implications for the store inventory.
European Journal of Operational Research, 204(3), 906-921.

Schifer, F., Hense, J., & Hiibner, A. (2023). An analytical assessment of demand effects in omni-channel
assortment planning. Omega, 115, 102749.

Schwartz, B. L. (1966). A new approach to stockout penalties. Management Science, 12(12), 538-544-.

Shi, X., Dong, C., & Cheng, T. C. E. (2018). Does the buy-online-and-pick-up-in-store strategy with pre-
orders benefit a retailer with the consideration of returns? International Journal of Production
Economics, 206, 134-145.

Ward, T. (2021, January 27) From Ground-Breaking to Breaking Ground: Walmart Begins to Scale Market
Fulfillment Centers. Walmart. https://corporate.walmart.com/newsroom/ 2021/01/27/from-ground-
breaking-to-breaking-ground-walmart-begins-to-scale-market-fulfillment-centers

World Economic Forum. (2020). The Future of the Last-Mile Ecosystem. https://www3.weforum.
org/docs/WEF _Future_of the_last _mile_ecosystem.pdf

Xu, H., Chu, C., & Zhang, J. (2017). Dynamic lot-sizing models for retailers with online channels.
International Journal of Production Economics, 183, 171-184.

Xu, J., & Cao, L. (2019). Optimal in-store inventory policy for omnichannel retailers in franchising
networks. International Journal of Retail & Distribution Management, 47(12), 1251-1265.

Zebra. (2018). Reinventing the supply chain: The future of fulfillment vision study.
https://www.zebra.com/content/dam/zebra_new_ia/en-us/solutions-verticals/vertical-
solutions/retail /vision-study/fulfillment-vision-study-report-en-us.pdf

Zhang, J., Xu, Q., & He, Y. (2018). Omnichannel retail operations with consumer returns and order
cancellation. Transportation Research Part E: Logistics and Transportation Review, 118, 308-324.

Pacific Asia Conference on Information Systems, Nanchang 2023
15



	Micro-Fulfillment Center Inventory Policies for Digital Grocery Ecosystem
	Recommended Citation

	Microsoft Word - Micro-Fulfillment Center Inventory Policies for Digital Grocery Ecosystem.docx

