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In the fresh produce wholesale market, the market price is determined by the total demand and supply. The price is stochastic,
and either wholesaler or retailer has few influence on it. In the wholesaler’s inventory decision, the price’s uncertainty plays an
important role as well as the uncertainty from the demand side: the wholesaler makes his decision based on the retailer’s ordering,
which is influenced by the stochasticmarket price and the distribution of the consumer’s demand. In addition, when at thewholesale
stage, the products show a similar quality of similar appearance. With more efforts being input, the wholesaler could detect and
record more additional information than that reflected from the appearance. Based on this, he can classify the quality into different
levels. No experience shows how the wholesaler could use the underlying quality information and how much this information
could improve his profit. To describe and explore this problem, a bilevel dynamic programming approach is employed.We evaluate
different strategies of using the underlying information, show the features of the optimal policy, develop heuristics, and discuss the
influence of factors such as quality and market price. We also develop the managerial principles for the practical use.

1. Introduction

In China, the wholesalemarket plays a key role in food supply
chains. The market is in the center of the chain: it matches
supplies by wholesalers and demands by retailers in perfect
competition, and thus prices are set. The price in the perfect
market is essentially determined by the supply and demand
[1]. The government occasionally interferes by controlling
the supply and demand [2], when the price tends to get
below or above an acceptable range. The price stochasticity
is mainly caused by the uncertain factors in the supply side
such as weather, yield of production. For those products
without seasonal characteristics, the price change is usually
gradual and shows mean-reverting feature due to the supply
and demand’s response to the price fluctuation as well as the
intervention of government.The fluctuatingmarket price has
effects on both the wholesaler’s and the retailer’s inventory
decisions. As a result, their inventory decisions rely on not

only the inventory position and the demand, but also the
market price.

In a market with perfect competition, there is full infor-
mation exchange making the products’ quality look similar,
but the products are usually sold differently at the retail
stage. At the wholesale stage, for the products with relatively
long shelf life, their quality converges to a certain range in
which there is no visible difference in appearance. However,
the underlying quality difference becomes apparent over
time and evolves to visible quality difference at the retail
stage. Besides, the consumers’ more careful selecting for
their own use also intensifies this phenomenon. Nowadays,
except observing the appearance of product, the wholesaler
can obtain the underlying information by recording the
whole process from picking to consuming or by monitoring
relevant parameters like the temperature, the gas composition
of the environment, and so on. If the wholesaler obtains
this information, information asymmetry occurs between the
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wholesaler and the retailer, and it is possible to improve the
profit by taking advantage of it. How to make use of it and
how much the improvement could be are still not clear for
the practitioners.

We also notice some other features. (1) The wholesaler
brings products to the market from the producers hundreds
or thousands of kilometers away, while the retailer is usually
near themarket [1].The difference in distance causes different
lead time. As a result, the wholesaler has to make ordering
decision in advance and without knowing the influence of
the market price exactly, while the retailer knows the current
day’s price and makes his decision without any uncertainty
on price. (2) With the underlying difference of quality not
shown visually, the wholesaler can dispose the products more
easily and can get a higher salvage value comparing to when
the products are disposed by the retailer.

In this paper, the decision of the wholesalers is modelled
as a stochastic dynamic programming (SDP) model. With
the retailer’s decision process embedded in the model, it
becomes a bilevel SDP. Using this model, we assess the
value of the underlying quality information obtained by the
wholesaler.We also discuss the optimal inventory policies for
the wholesaler and experiment on different scenarios to show
how to adjust the policy and how to use quality information
under different conditions.

The paper will be organized as follows: in Section 2 we
review the related literature and then come to the detailed
problem description in Section 3, where we formulate the
problem as a bilevel Markov decision process model. In
Section 4, we explore how additional information on product
quality can be used in a realistic base case. By simulation
we explore the structure of the optimal inventory policy,
which results in practical ordering policies. In Section 5,
the approaches are tested for varying problem settings. In
the last section, the findings and contribution of this paper
are summarized, and limitations and directions for future
research are discussed.

2. Literature

Formodelling operational problems in the wholesale market,
it is essential to include price uncertainty, as argued in
Garnaut et al. [3], Li [2], and Watson [1]. The problem
of combining stochastic spot market price with inventory
control is widely studied. Kalymon [4] uses aMarkov process
to describe the price fluctuation. The market price has a
mean-reverting feature, which is usually modelled as an
Ornsstein-Uhlenbeck (OU) process, for instance, Berling and
Mart́ınez-de-Albéniz [5] andChen et al. [6].Whenmodelling
the problem in discrete time as a Markov decision process,
we depict the stochastic price based on a discrete version
of an OU process, that is, an Ehrenfest chain. Besides, it
should be noted that although we consider one wholesaler
and one retailer in the market, their transaction price follows
the stochastic market price in reality. Hence, we introduce
this feature of market price into our inventory model.

Another important aspect is the quality. According to
Grunert [7], there are many ways to define food quality as
an indicator for the perceived freshness. In his framework

of analyzing consumer’s perception on food quality, time
(quality perception before/after purchase) is one of the two
major dimensions together with the inference-making (how
consumers infer quality from a variety of signals or cues).
As we introduced, with the product decaying, the quality
perception after purchase could have increasing difference
in appearance comparing to the quality perception before
purchase. To reduce its influence, the wholesaler could
obtain more accurate quality information before purchase by
monitoring and recording other relevant information with
new technology. This kind of new technology’s influence is
supported by many reports. For instance, Bertolini et al. [8]
report the impact of RFID on managing perishable inven-
tory. We want to study the influence of additional quality
information, which causes information asymmetry between
the wholesaler and retailer. The information asymmetry and
the signaling mechanism on the unobservable quality are
reviewed by Kirmani and Rao [9], and Hobbs [10] analyzes
and classifies the traceability system in resolving information
asymmetry, but the problem for the fresh quality is not fully
studied without a clear description on the concept or the
mechanism. To describe the mechanism and influence in
operational level, we follow Ferguson and Ketzenberg [11], in
which the demand is connected with quality and the quality
is expressed by inventory state. The after-purchase quality
perception’s influence is accessible for the wholesaler, while
traditionally the wholesaler and retailer can only observe the
before-purchase quality (in the perfect market this quality
converges to the same value) and estimate the influence on
the retail stage. The information asymmetry caused by extra
effort in monitoring quality in the market is different from
the studies before, and the way we study it in the operational
level is also different.

In a perishable inventory problem, the wholesaler’s order-
ing decision affects the availability and quality of product. But
with the quality’s influence not clearly shown at the wholesale
stage, and also with the stochastic market price, the retailer
might have his own decision problem. To the best of our
knowledge, no similar research includes this kind of retailer’s
decision into the wholesaler’s ordering decision. We would
like to evaluate how much improvement can be achieved
by including the considerations above into the wholesaler’s
inventory model. Following the Markov decision process
framework of Haijema [12], the wholesaler’s replenishment
and disposal decisions could be well modelled. The quality
information works on both the wholesaler and the retailer.
Also, their goals might diverge in the supply chain. We could
include the quality information and model this divergence
by extending the MDP to a bilevel structure. This method
is reviewed in Colson et al. [13] and is applied to different
problems. For instance, in van Dijk et al. [14], a bilevel
stochastic dynamic programming (SDP) model is used to
analyze the fishery policy. With similar structure in our
problem, we could replace fishery policy in the first level with
the wholesaler’s inventory problem similar to Haijema [12]
and replace the fishermen’s decisionmodel in the second level
by a Newsvendor model for the retailer, who is close to the
market and could make single period decisions. Besides, the
information asymmetry can be defined in themodel such that
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Figure 1: The discrete time model of the system.

the inventory state is unknown to the retailer and the offering
sequence is fully controlled by the wholesaler to be a pure
FIFO.

3. Bilevel Stochastic Dynamic
Programming Model

In this section, we first describe the events in the market in
detail. Then, we translate the features of market into model
assumptions with mathematical language and formulate the
problem as a bilevel model. We also discuss the solving
procedure in this section.

3.1. Discrete Time Model. The decision-making of the whole-
saler and the retailer is modelled as a bilevel optimization
problem. The processes in both levels as well as the system
state change are shown in Figure 1.Thewholesaler’s inventory
state change and his decision are in Level 1, and the retailer’s
decision is in Level 2.Themarket price’s change is exogenous;
hence we isolate it from the bilevel model as Level 0.

(i) Level 0: The Market Price. The market price 𝑃𝑡 influences
both the wholesaler’s and the retailer’s decisions, but none of
their decisions can determine the market price. The market
price reflects the total supply and demand of all wholesalers
and retailers, so it is set to be exogenous.The total supply and
demand are influenced by uncertain factors, so the price is
stochastic. The adjustment of the total supply and demand is
based on the situation in the previous day and approaching to
a balanced result, so the price shows mean-reverting feature.

(ii) Level 1:TheWholesaler’s Inventory. At Level 1, day 𝑡 begins
after the order𝑄𝑡−1 arrives.Then the wholesaler places a new
order of 𝑄𝑡 at his supplier which will arrive at the end of
day 𝑡 and will be sold from day 𝑡 + 1 on. After ordering the
wholesaler sells the products in stockwith FIFO/LIFO/mixed
sequence at an uncertain price of that day.The demand of the
retailer depends on the price and the quality of the products
in stock at the wholesaler and is the result of an optimization
at Level 2.

Then the wholesaler disposes some products to the
secondary market. If the old products are disposed, product
quality in the second day is promoted (the after-purchase
quality is improved, but the before-purchase quality shows no
difference in product’s appearance). After these actions, the
product deteriorates randomly, the products ordered at the
start of that day are added to stock, and the next day comes.

(iii) Level 2:The Retailer’s Decision. As introduced, the retailer
is geographically close to the market and he goes to the
market every day. The consumers at the retailer require high
quality; therefore any leftovers are sold to a secondarymarket
at a salvage value. Hence we assume retailer makes single
period decisions. The retailer bases his purchasing decision
on the market price of the current day (he knows the exact
value) and the stochastic consumer’s demand (he only knows
the distribution). The underlying quality becomes visually
apparent at the retail stage, so the quality’s influence on the
demand’s distribution is also included.The quality of retailer’s
products together with the stock state is influenced by the
wholesaler’s decision at Level 1.

3.2. Assumptions and Model. Then we establish some
assumptions to describe the process in the market and make
a clear definition of the problem.

3.2.1. Global Setting: The Expression on Inventory and Dete-
rioration. We consider a product with 2 underlying quality
levels, denoted as 𝑘 = 1 and 𝑘 = 2 separately. The inventory
state in each quality level is underlying information (or after-
purchase information as discussed). The wholesaler could
discover it by monitoring other relevant information. The
inventory could be expressed as a vector⇀I𝑡 = (𝐼1,𝑡, 𝐼2,𝑡), where𝐼1,𝑡, 𝐼2,𝑡 represent the number of low/high-quality products
separately (i.e., 𝑘 = 1 and 𝑘 = 2). The vector stochastically
shifts every day (representing the deterioration), and ⇀I𝑡+1 =(𝐼1,𝑡+1, 𝐼2,𝑡+1).

The quantity and quality are the key features we are
monitoring. The quantity is expressed by the vector above,
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and the quality is defined by the weighted quality over
different quality levels, that is, 𝜃𝑡 = ∑2𝑗=1(𝑗/2)𝐼𝑗,𝑡/∑2𝑗=1 𝐼𝑗,𝑡
when products with different qualities are mixed together to
sell. This assumption follows Ferguson and Ketzenberg [11].
Thewholesaler calculates 𝜃𝑡 from⇀I𝑡 , and the retailer may also
know it only if the wholesaler let him know the inventory
state, or the retailer could estimate it as 𝜗𝑡.

The product deteriorates stochastically. We assume the
amount of decayed products to be random. It satisfies a
binomial distribution with the decay probability

⇀
𝛽 . The

probability that𝑋products decay is𝑃(𝜉𝑘 = 𝑋) = ( 𝐼𝑘,𝑡
𝑋
) 𝛽𝑋𝑘 (1−

𝛽𝑘)𝐼𝑘,𝑡−𝑋 (so, for any unit of product, the expected shelf life is
∑2𝑘=1 1/𝛽𝑘). And the inventory transition is as follows:

𝐼𝑘,𝑡+1 =
{
{
{
𝐼𝑘,𝑡 − 𝜉𝑘 + 𝜉𝑘+1, 𝑘 = 1,
𝐼𝑘,𝑡 − 𝜉𝑘, 𝑘 = 2. (1)

3.2.2. Level 0: Market Price. Before the two levels for the
wholesaler and the retailer, the global settings (such as
the property of the market, or of the product) should be
considered first. In this part, the most important variable is
the market price, which works on both the wholesaler and
the retailer. We model the process of price change at Level 0.

As discussed, the market prices in two successive days are
similar, and the price has mean-reverting feature. We model
it in a discrete way similar to an Ehrenfest chain. Assume the
average market price is 𝑝0, and it could be 𝑝0 + 𝑥𝛾𝑝 with 𝑥 ∈
{−𝑚, −𝑚 + 1, . . . , −1, 0, 1, . . . , 𝑚 − 1,𝑚} and 𝛾𝑝 > 0 is the step
size.The transition probability of price change satisfies Pr(𝑃0+
𝑥𝛾𝑝, 𝑃0 +𝑥𝛾𝑝) def= Pr(𝑥, 𝑥) = 𝜙, Pr(𝑃0 +𝑥𝛾𝑝, 𝑃0 + (𝑥+ 1)𝛾𝑝) def=
Pr(𝑥, 𝑥 + 1) = (1 − 𝜙)((𝑚 − 𝑥)/2𝑚), and Pr(𝑃0 + 𝑥𝛾𝑝, 𝑃0 +
(𝑥 − 1)𝛾𝑝) def= Pr(𝑥, 𝑥 − 1) = (1 − 𝜙)((𝑚 + 𝑥)/2𝑚), where 𝜙 is
the probability that the price remains the same. It means that
the price can only remain the same or transit to the adjacent
states in two successive days.

3.2.3. Level 2: The Retailer. The consumers are sensitive to
the quality difference shown at the retail stage. To start
every day with the freshest products available, the retailer
disposes or sells its remaining stock at the end of the day at a
salvage value. The retailer visits the market every day, which
provides himwith the convenience to operate in a daily cycle.
We assume the retailer applies a Newsvendor model. The
stochastic consumer’s demand relates to the quality, so the
retailer’s order varies depending on the quality as well as the
market price. We assume the consumer’s demand Δ 𝑡 follows
a Poisson distribution with parameter 𝜆𝑡. 𝜆𝑡 = 𝜙𝑡𝐴 and𝐴 is a
scale parameter, and 𝜙𝑡 is a coefficient estimating the quality’s
influence of the products bought from the wholesaler. It
relates to the quality; that is,

𝜙𝑡 = (1 − 𝛼 + 𝛼𝜃𝑡) , (2)

where 𝛼 measures the degree of quality’s influence, and it is
a constant parameter in [0, 1]. Usually 𝜃𝑡 is the underlying

information which the retailer does not know. It is estimated
to an empirical value 𝜗𝑡.

In reality, the consumer’s perception on quality should
be based on the products the retailer keeps, which are deter-
mined by the retailer’s ordering 𝑅𝑄𝑡. But when the retailer
makes his ordering decision, he cannot know the quality until
he gets the products. So he can only estimate an empirical
value 𝜗𝑡 or use the information shared by the wholesaler (i.e.,
𝜃𝑡 = ∑2𝑗=1(𝑗/2)𝐼𝑗,𝑡/∑2𝑗=1 𝐼𝑗,𝑡). Using the wholesaler’s informa-
tion is also an approximation for the retailer tomake ordering
decision, but it does reflect the influence of the wholesaler’s
decision and avoid the iteration in the solving procedure (if
this approximation is not applied, i.e., the retailer uses the
quality of the products he keeps, his decision will influence
the quality and the quality will influence his decision, which
requires iteration).

(i) States.The retailer makes his decision based on themarket
price and quality (estimated from the inventory state). As
assumed, the state space of the price 𝑃𝑡 is {𝑃0 − 𝑚𝛾𝑝, 𝑃0 −(𝑚−1)𝛾𝑝, . . . , 𝑃0, . . . , 𝑃0 +𝑚𝛾𝑝}. We first consider the retailer
knows the wholesaler’s inventory state; hence he estimates
the quality from the wholesaler’s inventory state ⇀𝐼𝑡 , which
satisfies {(𝐼1,𝑡, 𝐼2,𝑡) | |⇀𝐼𝑡 | = 𝐼1,𝑡 + 𝐼2,𝑡 ≤ Ω} where Ω is the
wholesaler’s capacity.

(ii) Actions. The retailer orders 𝑅𝑄𝑡 from the wholesaler, and
he can order |⇀𝐼𝑡 | at most. So the action space is {0, 1, . . . , |⇀𝐼𝑡 |}.
(iii) State Transitions. Since the retailer makes single period
decision, his action does not affect the state of the next period.
No state transitions need to be considered in the second level.

(iv) Contribution. The daily revenue of the retailer includes
two parts, the revenue selling to the consumer and the salvage
value. We only consider the purchasing cost. So the daily
profit is as follows:

max
0≤𝑅𝑄𝑡≤|

⇀
𝐼𝑡 |

Π2 (𝑃𝑡, ⇀𝐼𝑡) = E max
0≤𝑅𝑄𝑡≤|

⇀
𝐼𝑡 |

{RPmin {𝑅𝑄𝑡, Δ 𝑡}

+ 𝑠𝑅 (𝑅𝑄𝑡 − Δ 𝑡)+ − 𝑃𝑡𝑅𝑄𝑡} .
(3)

3.2.4. Level 1: The Wholesaler. As Haijema [12], the ordering
and disposing are the wholesaler’s decisions. But when offer-
ing the products to the retailer, a FIFO or a LIFO sequence
could be applied depending on the wholesaler and retailer’s
perception on quality. The retailer’s ordering quantity is the
outcome of the decision model in Level 2 rather than simply
from a random variable.

To keep the discussion clear, we assume that when the
wholesaler knows the underlying quality and keeps it private,
he provides product to the retailer with a FIFO sequence.
While he shares the information with the retailer, a LIFO
sequence is applied. If both the wholesaler and retailer do
not know the underlying quality information, the sequence
is a mix of LIFO and FIFO which is uncontrollable and the
proportion is unknown.
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(i) States.The retailer shares the same states as the wholesaler.
So the wholesaler’s state at Level 1 is the same as that at Level
2 (𝑃𝑡, ⇀𝐼𝑡 ). The same is the state space.

(ii) Actions. The wholesaler orders 𝑄𝑡 from the producer and

disposes 𝐷𝑡 to the secondary market. 𝐷𝑡 ≤ |⇀𝐼𝑡 |, where |
⇀𝐼𝑡 | is

the inventory after sales. 𝑄𝑡 ≤ Ω − |⇀𝐼𝑡 | + 𝐷𝑡.
(iii) State Transitions. The state transition is split into two
parts, as the transition relates to price and to stock levels.

The price state transition is

𝑃𝑡+1

=
{{{{{{
{{{{{{
{

𝑃𝑡 + 𝛾𝑝, with probability (1 − 𝜙) 𝑚 − (𝑃𝑡 − 𝑃0) /𝛾𝑝
2𝑚 ,

𝑃𝑡 − 𝛾𝑝, with probability (1 − 𝜙) 𝑚 + (𝑃𝑡 − 𝑃0) /𝛾𝑝
2𝑚 ,

𝑃𝑡, with probability 𝜙.

(4)

The inventory state transition is presented by first sub-
tracting the sales that are met in either FIFO order or in
LIFO order (depending on whether information on product
quality is shared) and next subtracting any disposed and
deteriorated products and, finally, adding new products. In
case of information asymmetry, sales are met by issuing the
oldest items (FIFO):

𝐼𝑘,𝑡 =
{
{
{

(𝐼1,𝑡 − 𝑅𝑄𝑡)+ , 𝑘 = 1,
(𝐼2,𝑡 − (𝑅𝑄𝑡 − 𝐼1,𝑡)+)+ , 𝑘 = 2.

(5)

When the quality information is shared with the retailer,
the youngest/freshest products are issued first (LIFO):

𝐼𝑘,𝑡 =
{
{
{

(𝐼2,𝑡 − 𝑅𝑄𝑡)+ , 𝑘 = 2,
(𝐼1,𝑡 − (𝑅𝑄𝑡 − 𝐼2,𝑡)+)+ , 𝑘 = 1.

(6)

After the disposal decision (dispose the old product first),

𝐼𝑘,𝑡 =
{{
{{
{

(𝐼1,𝑡 − 𝐷𝑡)
+ , 𝑘 = 1,

(𝐼2,𝑡 − (𝐷𝑡 − 𝐼1,𝑡)
+)+ , 𝑘 = 2.

(7)

After the deterioration,

𝐼𝑘,𝑡 =
{
{
{
𝐼1,𝑡 − 𝜉1 + 𝜉2, 𝑘 = 1,
𝐼2,𝑡 − 𝜉2, 𝑘 = 2. (8)

After the order arrived,

𝐼𝑘,𝑡+1 =
{
{
{
𝑄𝑡 + 𝐼2,𝑡 , 𝑘 = 2,
𝐼1,𝑡 , 𝑘 = 1. (9)

(iii) Contribution. The retailer orders 𝑅𝑄𝑡. The purchasing
cost from the supplier is 𝑐0. The wholesaler has to pay an

additional ordering cost𝐾 for each order. The part𝐷𝑡 selling
to the secondary market is getting a salvage value 𝑠𝑤. The
shortage cost (penalty) for the wholesaler is 𝑐𝑝. The daily
holding cost per unit is 𝑐ℎ. So the wholesaler’s daily profit is
given by

max
𝑄𝑡 ,𝐷𝑡

Π1 (𝑃𝑡, ⇀𝐼𝑡) = Emax
𝑄𝑡 ,𝐷𝑡

{𝑃𝑡min {𝑅𝑄𝑡,

⇀𝐼𝑡
} − 𝑐0𝑄𝑡

− 𝐾𝛿 (𝑄𝑡) + 𝑠𝑤𝐷𝑡 − 𝑐𝑝 (𝑅𝑄𝑡 −

⇀𝐼𝑡
)
+ − 𝑐ℎ


⇀𝐼𝑡
} .

(10)

3.3. Solution Procedure. At Level 2, the retailer’s optimization
decision satisfies a Newsvendormodel, whose conclusion can
be easily applied to the subproblem.

At Level 1, the retailer’s decision process at Level 2 is called
in every state transition. With this decision process embed-
ded and the price’s fluctuation included, the state transition
matrix has a multichain structure.We apply a policy iteration
algorithm to solve the model with average reward criterion,
which is clearly introduced in Puterman [15]. The optimality
and convergence are also given in Puterman [15].

When the quality of the wholesaler’s product is unknown
to the retailer (either the wholesaler also does not know it,
or the wholesaler chooses to keep the information private),
the retailer estimates the quality andmakes ordering decision
first, and then the wholesaler determines his policy based on
it. Then the retailer adjusts his estimation and the wholesaler
updates his policy iteratively. To be able to solve the problem
numerically, we consider two quality classes. This is not
uncommon in practice, although in theory one could think
of more quality classes.The policy solved from SDP leads to a
quality perception that is tracked using the quality parameter
𝜃𝑡. To avoid the iteration on 𝜃𝑡, we consider the following six
values (0.5, 0.6, 0.7, 0.8, 0.9, 1.0) as the estimation of 𝜃𝑡. For
each value, we solve the SDP and simulate the resulting policy,
as if 𝜃𝑡 is constant. The simulation reveals the real fluctuation
in quality level under the policy. We choose the one with its
simulated quality closest to the initial estimated quality as the
approximation of the iteration’s result.

4. Value of Information and Inventory Policy

In this section, we first establish a realistic base case. Then
we simulate and compare different strategies’ performances
under different situations: (1) benchmark: without additional
quality information and (2) improved strategies with the
wholesaler owning additional quality information. We have
2 strategies in (2): (a) the wholesaler keeps it private, and the
retailer estimates it by experience; (b) the wholesaler shares it
with the retailer. The wholesaler’s policies under (a) and (b)
are solved by the MDP model we established. We compare
the performance of different strategies to illustrate the value
of information, analyze the optimal inventory policy under
each strategy, and develop heuristic for the wholesaler.

4.1. Base Case. We take a banana supply chain inXinfadi (one
of the largest wholesale markets in Beijing) consisting of a
wholesaler and a retailer as our base case example. Table 1
summarizes the problem parameters.
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Table 1: Parameter settings.

Category Notation Description Value

Global settings

𝛼 The influence coefficient of quality 0.5⇀𝛽 Deterioration probability for every unit at every quality level (50%, 50%)

A The consumer’s demand potential, a scale parameter used to determine the mean of the
Poisson distribution (ton) 5

𝑃0 Mean of the market price (yuan per ton) 5000
𝜙 The probability of price keeping the same 85%
𝑚 The number of steps that cover the price’s range 6
𝛾𝑝 Price’s step size (yuan per ton) 500

Cost parameters

𝑐0 Wholesaler’s purchasing cost (yuan per ton) 3000
RP The retailer’s selling price (yuan per ton) 10000
𝑠𝑊 The wholesaler’s salvage value (yuan per ton) 1500
𝑠𝑅 The retailer’s salvage value (yuan per ton) 500
𝑐𝑝 Penalty cost for the wholesaler (yuan per ton) 500
𝐾 Ordering cost (yuan) 10000
𝑐ℎ Holding cost per unit per day (yuan per ton per day) 10

For describing the quality, the coefficient 𝛼 sets the rela-
tionship between the quality’s measure and the consumer’s
demand. In the base case, 𝛼 is 0.5, which reflects a moderate
degree of the consumer’s sensitivity to quality as set in (2).
The effect of alternative extreme values for 𝛼 = 0 and 1 will be
considered in Section 5.Then we determine the deterioration
probability

⇀𝛽 according to the characteristics of the product.
The deterioration probability could be any value (no more
than 100%, i.e., the model cannot be applied to the product
that decays too fast).The probability in different quality levels
could be different. In the base case we assume it to be (50%,
50%) to make the expected shelf life 4 days for each unit of
product, which is common in the wholesale market.

In the base case one unit is one ton (1000 kg), and the unit
price is also for one ton. The market price is set based on the
historical data of bananamarket price inXinfadi from 2013.7.1
to 2016.6.30. We set that the market price for one ton ranges
from 2000 to 8000 with 5000 as mean and 500 as step size,
and the probability of keeping the same price is set to be 85%.
By simulation, this price setting hasmore than 99%price data
in the range from 3000 to 7000.

In most cases, the purchasing cost 3000 is lower than the
market price. On average, the wholesaler’s profit margin is
40%. Based on our investigation on the retailing price, the
retailer’s selling price is 10000 per ton. It provides a 50% profit
margin for the retailer. Since the wholesale market has a lot
of potential buyers (as a secondary market) and the products
are fresher than those of the retailer, the salvage value for
the wholesaler’s products is usually higher. We set the salvage
value to be 1500 and 500 separately for the wholesaler and the
retailer. In addition, thewholesaler suffers a penalty (shortage
cost) of 500 for each unit of shortage.

The ordering cost happens mainly due to the long-
distance transportation. From Guangzhou (south of China,
near the production area of banana) to Beijing, one truck for
20,000 kg (themaximal inventory cannot exceed this volume)

requires a transportation cost of 10000, so we regard this as
the ordering cost. The holding cost per unit per day is set to
be 10, which includes interest, product storage, and handling
costs.

4.2. Benchmark and Value of Information

4.2.1. Benchmark: No Quality Information Available. Tradi-
tionally, the products in the market are with similar quality,
and the wholesaler does not take extra effort to monitor
the quality. It means (1) the wholesaler makes decision only
based on the total number of the inventories, (2) quality-
based disposal is impossible at thewholesale stage, and (3) the
wholesaler cannot control the sequence of offering products
to the retailer; that is, the wholesaler’s profit should be less
than that with a pure FIFO sequence. Besides, the price’s
influence on the retailer’s demand is not considered in the
wholesaler’s policy. We apply an (𝑠, 𝑆) ordering policy as the
real wholesaler does, focusing on the inventory state, with
no disposal and with a pure FIFO sequence as a benchmark
(with FIFO, it is an upper bound for this setting, and we call
it the benchmark strategy). The parameters in this heuristic
are obtained by searching the simulation results globally. The
results are shown in Figure 2. With the quality’s underlying
influence considered, there could be some local optima.
However, when the scale increases and it takes too much
time to search globally, Figure 2 suggests us to consider
a neighborhood search with larger step size to get a local
optimum as an approximation to the global optimum.

4.2.2. Improved Strategies: The Wholesaler Owns Additional
Quality Information. When the quality is carefully moni-
tored, the wholesaler has additional information. The inven-
tory policy could be improved with this information. The
wholesaler can either keep this information private (denoted
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Figure 3: The optimal policy’s average daily profit in different
strategies.

as private-info strategy) or share the information with the
retailer (denoted as public-info strategy).

For the base case, the performance of the private-info
strategy under the retailer’s different estimations (as dis-
cussed in Section 3.3) is compared with the performance
of the public-info strategy in Figure 3. In the private-info
strategy, the wholesaler gets higher profit with the retailer’s
increasing estimation on quality. It suggests that the whole-
saler builds an image of high quality (e.g., investing in the
advertisement, building the brand), which encourages the
retailer to order more, enlarges the wholesaler’s turnover, and
increases the quality in the end. However, in the long term,
the retailer will learn the real quality from historical sales
data. And hewill adjust his ordering size to increase his profit,
then the wholesaler’s policy is influenced accordingly. Finally
the equilibrium will fall to the one with the estimated quality
close to the real quality. By simulation, the long-term quality
is 0.8 for the private-info strategy, so the long-term daily
profits of the wholesaler and the retailer are 4385 and 14386
separately. If thewholesaler shares the additional information

Table 2: Comparisons on the performance of different strategies.

Strategy Benchmark Private-info Public-info
Estimated quality
(constant) 0.8 0.8 —

Average quality level
(𝜃) 0.8231 0.8248 0.8727

The wholesaler’s daily
profit 4176 4385 3526

The retailer’s daily
profit 14488 14386 15029

The retailer’s daily
ordering quantity 4.3862 4.3914 4.6446

The retailer’s daily
disposal 15.54% 16.33% 17.30%

The retailer’s daily
shortage 26.52% 25.89% 22.67%

The wholesaler’s daily
disposal — 0.83% 2.28%

The wholesaler’s daily
shortage 5.43% 4.37% 3.43%

The wholesaler’s daily
waste 2.89% 2.25% 0.00%

The wholesaler’s daily
purchasing cost 12814 12999 13770

The wholesaler’s daily
inventory cost 88.68 88.69 68.04

with the retailer, their profits are 3526 and 15029 separately. In
total, it is a little worse than the performance of the private-
info strategy. What is more, the wholesaler will not choose
to share the information because it leads to a big loss to his
profit.

The wholesaler’s optimal (heuristic) policies are com-
pared under the three strategies more concretely by simula-
tion, shown in Table 2.

By simulation (100 runs, each of length of 30000 periods,
plus a warming-up of 300 periods), the optimal heuristic
(𝑠, 𝑆) ordering policy is (𝑠 = 6, 𝑆 = 17) when the quality
is estimated to be 0.8. Compared with this benchmark, the
wholesaler’s profit increases 5.00% in the optimal private-
info strategy. This increase is obtained by the wholesaler’s
more precise control based on the additional information:
less waste, less shortage, higher quality, higher turnover, and
better control with some disposal. However, the retailer’s
profit could decrease with the wholesaler’s more precise
control. In this case, the total profit of the supply chain
increases with optimal policy in the private-info strategy.
But for some cases with the retailer’s profit margin higher
than the wholesaler’s, the profit of the chain could decrease
comparing to the benchmark strategy when the wholesaler
tries to improve his profit.

When comparing the public-info strategy with the
private-info strategy, we found in public-info strategy the
quality level increases by 5.81%, the retailer’s profit increases,



8 Mathematical Problems in Engineering

and the shortage/waste/inventory cost decreases. The reduc-
tion of the wholesaler’s profit is larger than the increase of
the retailer’s profit. The reason is when the retailer knows the
quality information, a LIFO sequence should be applied. As
a consequence, the wholesaler’s profit decreases greatly with
increasing disposal, while the retailer’s profit only increases a
little through the quality’s increase.

4.3. Optimal Policy and the Heuristic. In the base case,
private-info strategy performs better than the public-info
strategy and the benchmark strategy. Learning from the
optimal policy in private-info strategy, we come upwith some
heuristic rules, which could suit the reality better than the
simple (𝑠, 𝑆) policy in the benchmark strategy.

4.3.1. Overview of Optimal Policy. In Table 3, we select the
most frequent states that have ordering or disposing actions
under different prices to get insight into the optimal policy.
We can learn the following facts from the optimal policy.
(1) When the market price is low (no more than the pur-
chasing cost), the wholesaler purchases no product from
the upstream, and neither does he sell the products to the
secondary market to clear his warehouse in advance. (2) The
ordering quantity varies with the market price. The higher
the market price is, the less the retailer orders are, and the
wholesaler’s ordering decreases as a result. (3) The disposal
happens to the low-quality products.Mostly, it happens at the
same day as ordering. And with the market price in the next
day easy to forecast, it is possible for the wholesaler to dispose
some products one day earlier.

The wholesaler’s decision is influenced by the market
price. The influence works through the retailer’s decision at
Level 2. In the same way, the uncertainty of the consumer’s
demand is absorbed by the retailer and actually has no
influence on thewholesaler’s decision. In thismechanism, the
main uncertainty comes from the uncertainty ofmarket price
rather than the consumer’s demand.

4.3.2. Heuristic Ordering Decision. As discussed, the uncer-
tainty that the wholesaler faces, including the uncertainty of
the retailer’s demand, comes from the market price. Hence,
for the wholesaler who makes his decision with the market
price known, we could assume he makes his decision with
the retailer’s order known (by inferring based on the price).
That is to say, a different inventory policy based on the state
after sales could be applied to replace the (𝑠, 𝑆) policy. We
denote it as an (𝑠, 𝑆) policy, where 𝑠 and 𝑆 are the reorder
point and order-up-to level after sales. Also, with the reorder
point and order-up-to level related to the market price, the
policy is modified as (𝑠(𝑃𝑡), 𝑆(𝑃𝑡)). Since 𝑠(𝑃𝑡) and 𝑆(𝑃𝑡)
are influenced by many factors especially those related to
deterioration and disposal, it is hard to find an easy approach
to determine them. The following guidelines on searching
could be used to obtain the reorder point and order-up-to
level.

The new reorder point 𝑠 is smaller than 𝑠 with the
demand for the current day subtracted from 𝑠. With the
retailer’s ordering actually calculable in our model, it seems
to be best to keep 𝑠 to be 0. However, 𝑠 could be larger than

0 because when there are some low-quality products left, we
can still place a new order. We think 𝑠 is some small value;
hence we regard it as a constant irrelevant to 𝑃𝑡.

The order-up-to level varies in different situations. After
transferring the ordering quantity to order-up-to level after
one day’s sales, we find that when the retailer’s estimation on
quality is determined, all the actions under the same market
price satisfy the same order-up-to level. For the retailer’s
different estimations on quality 𝜃, we plot the relationship
between the order-up-to level and the market price as in
Figure 4.

The following features are easy to observe. (1) As a whole,
with the retailer’s estimation on quality decreasing, the order-
up-to level decreases. (2)The relationship between order-up-
to level and market price is complex. When the market price
is no more than the purchasing cost, the wholesaler does
not order any products and just wait for the market price to
return to a normal value. (3) When the market price is larger
than the purchasing cost, with the market price increasing,
the order-up-to level tends to decrease, but there could be
exceptions (e.g., when 𝜗 = 0.8 and 𝑃𝑡 = 6500). The order-
up-to level’s decreasing tendency is similar to an S-curve.
More precisely, its change in the low-price or high-price end
is larger than that in the middle-price interval, which has a
higher probability to happen with the price’s mean-reverting
property. It reveals that the optimal inventory policy is trying
to handle the states that are highly possible to happen with
a stable reaction and only makes slight adjustments at the
extreme ends. It also explains why a price-irrelevant (𝑠, 𝑆)
heuristic policy could perform quite well (95.24% of the
optimal): in most cases the optimal policy also gets a similar
order-up-to level in the middle, while in the two ends, the
order-up-to level could be different but the probability of
happening is also low.

According to the guidelines above, we could develop an
improved heuristic: search the reorder point irrelevant to
price with low value, and search the value of order-up-to level
𝑆(𝑃𝑡) with a step function; that is, search a baseline of order-
up-to level for all prices higher than purchasing cost, then
increase the order-up-to level at the low-price end, and do
the opposite at the high-price end.

4.3.3. Heuristic Disposal Decision. The most frequent dis-
posal states are shown in Table 4. The disposal can be
classified into two categories: the disposal that happens when
the ordering happens and the disposal that happens at the day
without placing a new order (there are still enough products
left for the next day). For those disposals with ordering, no
product with low quality is left after the disposal. For the
other case, there could be low-quality products left, and it
depends on how many products left in total and the demand
under a given market price. According to Table 4, when the
wholesaler does not order, he would not dispose too many
products. So we ignore this category in the heuristic for
convenience.

Based on the heuristic ordering and disposal rules above,
we come up with a new heuristic for the base case. With 𝑠
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Table 3: The most frequent states with ordering or disposing actions (𝜗 = 0.8).
2000 No actions at this market price
2500 No actions at this market price
3000 No actions at this market price
3500

Inv. (3, 2) (2, 3) (4, 1) (0, 0) (1, 4) (2, 2) (3, 1) (1, 3) (5, 0) (4, 0)
𝑄 15 15 15 15 15 15 15 15 15 15
𝐷 0 0 0 0 0 0 0 0 0 0
Freq. 0.42 0.38 0.24 0.20 0.17 0.12 0.11 0.06 0.06 0.04

4000
Inv. (3, 2) (2, 3) (4, 1) (1, 4) (2, 2) (3, 1) (1, 3) (5, 0) (2, 1) (1, 2)
𝑄 15 15 15 15 15 15 15 15 15 15
𝐷 0 0 0 0 0 0 0 0 0 0
Freq. 1.00 0.91 0.56 0.41 0.26 0.24 0.15 0.13 0.10 0.08

4500
Inv. (3, 2) (2, 3) (4, 1) (1, 4) (2, 2) (3, 1) (2, 1) (1, 3) (1, 2) (5, 0)
𝑄 15 15 15 15 15 15 15 15 15 15
𝐷 0 0 0 0 0 0 0 0 0 0
Freq. 1.53 1.42 0.84 0.64 0.39 0.35 0.21 0.20 0.12 0.11

5000
Inv. (3, 2) (2, 3) (2, 2) (4, 1) (3, 1) (1, 3) (1, 4) (2, 1) (1, 2) (4, 0)
𝑄 12 12 13 12 13 13 12 13 13 13
𝐷 0 0 0 0 0 0 0 0 0 0
Freq. 1.21 1.07 0.85 0.73 0.72 0.48 0.47 0.33 0.25 0.23

5500
Inv. (2, 2) (3, 1) (1, 3) (2, 1) (4, 0) (1, 2) (3, 2) (5, 4) (2, 3) (0, 4)
𝑄 12 12 12 12 12 12 11 0 11 12
𝐷 0 0 0 0 0 0 0 1 0 0
Freq. 1.60 1.24 0.97 0.39 0.34 0.32 0.26 0.23 0.23 0.21

6000
Inv. (2, 2) (3, 1) (1, 3) (2, 1) (4, 0) (1, 2) (0, 4) (7, 1) (3, 0) (5, 4)
𝑄 12 12 12 12 12 12 12 11 12 0
𝐷 0 0 0 0 0 0 0 3 0 1
Freq. 1.11 0.81 0.68 0.26 0.23 0.21 0.14 0.11 0.11 0.09

6500
Inv. (5, 4) (2, 2) (3, 1) (2, 3) (3, 2) (1, 3) (4, 1) (1, 4) (2, 1) (4, 0)
𝑄 0 13 13 12 12 13 12 12 13 13
𝐷 1 0 0 0 0 0 0 0 0 0
Freq. 0.33 0.31 0.24 0.20 0.19 0.18 0.11 0.10 0.08 0.07

7000
Inv. (5, 4) (2, 2) (2, 1) (6, 3) (3, 1) (1, 2) (1, 3) (3, 0) (2, 3) (4, 1)
𝑄 0 11 12 0 11 12 11 12 10 11
𝐷 2 0 0 2 0 0 0 0 0 1
Freq. 0.11 0.07 0.07 0.07 0.06 0.05 0.05 0.03 0.03 0.02

7500
Inv. (4, 3) (2, 1) (2, 2) (1, 2) (1, 3) (3, 1) (3, 0) (5, 4) (0, 3) (1, 1)
𝑄 0 10 9 10 9 9 10 0 10 10
𝐷 1 0 0 0 0 0 0 2 0 0
Freq. 0.03 0.02 0.02 0.02 0.01 0.01 0.01 0.00 0.00 0.00

8000
Inv. (4, 3) (3, 1) (2, 1) (2, 2) (1, 3) (0, 3) (4, 0) (0, 4) (3, 0) (0, 2)
𝑄 0 9 10 9 9 10 10 9 10 10
𝐷 1 0 0 0 0 0 1 0 0 0
Freq. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Figure 4: Order-up-to level versus market price.

and 𝑆(𝑃𝑡) applied, we set 𝑆(𝑃𝑡) to be three pieces. The two
ends of 𝑆(𝑃𝑡) have only 2 possible prices. Then we can solve
that

𝑠 = 3,

𝑆 =

{{{{{{{
{{{{{{{
{

0, 𝑃 ≤ 3000,
15, 3000 < 𝑃 ≤ 4000,
14, 4000 < 𝑃 ≤ 7000,
11, 𝑃 > 7000.

(11)

The wholesaler’s profit is 4269, which means a 2.18%
improvement comparing to the original heuristic in the
benchmark strategy.With a less profit of the retailer 14331, the
profit of the chain is actually worse than the original heuristic.

5. Numerical Experiments

To test the piecewise (𝑠, 𝑆(𝑃)) inventory policy, we apply
a linear design of experiments on four aspects as Table 5.
For the quality related aspect, cases 1a and 1b with different
𝛼 reflect the quality’s different degrees of influence on
consumer’s demand. Cases 2a and 2b adjust the probability
of deterioration.The quality level is set based on the market’s
response in reality, so different products could have different
deterioration probability. We set deterioration probability

⇀𝛽
to ensure every product has an expected lifetime of 4 days (the
same as that in case 0). 2a has a shorter time in high-quality
stage, and 2b is on the opposite.

The market price is another important aspect. Cases 3a
and 3b change 𝜙, that is, the probability that price remains
the same. The higher the value of 𝜙 is, the more stable the

Table 4: Most frequent disposal.

Price Inv. 𝑅𝑄 𝑄 𝐷 Freq.
6500 (5, 4) 4 0 1 0.33
5500 (5, 4) 4 0 1 0.23
5500 (7, 1) 4 11 3 0.18
5000 (5, 0) 4 13 1 0.17
5000 (5, 5) 4 0 1 0.13
6000 (7, 1) 4 11 3 0.11
5000 (6, 4) 4 0 1 0.11
7000 (5, 4) 3 0 2 0.11
5000 (6, 5) 4 0 2 0.10
6000 (5, 4) 4 0 1 0.09
5000 (7, 4) 4 0 2 0.08
7000 (6, 3) 3 0 2 0.07
4500 (6, 2) 5 13 1 0.05
5000 (8, 3) 4 0 1 0.04
5500 (5, 0) 4 12 1 0.03
6500 (5, 0) 4 13 1 0.03
7500 (4, 3) 3 0 1 0.03
7000 (4, 1) 3 11 1 0.02
6500 (8, 1) 4 12 4 0.02
5000 (5, 1) 4 12 1 0.02

price is. Cases 4a and 4b make the price’s range unchanged,
but change the price’s variance: in case 4a, with larger step
size but less steps, the variance is increased. In case 4b, the
variance decreases by an opposite adjustment.

The following experiments 5a, 5b, 6a, and 6b are designed
to show the influence of profit margin: in cases 5a and 5b,
the wholesaler’s profit margin is changed by changing the
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Table 5: Design of experiments.

𝛼 ⇀𝛽 𝜙 𝑚 𝛾𝑝 𝑐0 RP 𝑠𝑤 𝑠𝑟
Base case

0 0.5 (50%, 50%) 0.85 6 500 3000 10000 1500 500
Quality

1a 1
1b 0
2a (36%, 83%)
2b (83%, 36%)

Market price
3a 0.95
3b 0.75
4a 4 750
4b 8 375

Profit margin
5a 4000
5b 2000
6a 12000
6b 8000

Salvage value
7a 2000
7b 1000
8a 1000
8b 0

purchasing cost (on average, 20% and 60% profit margin for
5a and 5b). In cases 6a and 6b, the retailer’s profit margin
varies with different selling price of the retailer (60% and 40%
on average for 6a and 6b).

The last aspect is on salvage value: cases 7a and 7b change
the salvage value to the wholesaler, and cases 8a and 8b
change the salvage value to the retailer.

Later, we apply the basic (𝑠, 𝑆) policy and the modified
piecewise (𝑠, 𝑆(𝑃)) to each case. Then we compare them
with the optimal outcome from our bilevel model to show the
performance of the new heuristic in different scenarios.

The performance of different heuristics compared to the
performance of optimal policy is shown in Table 6. In the
public-info strategy, the wholesaler’s profit is always less than
that in a private-info policy, so those are not shown in
Table 6. The original (𝑠, 𝑆) policy performs well. On average,
the wholesaler gets a 94.70% performance of the optimal
policy in the private-info strategy (except that in case 5a
all heuristic policies result in a negative profit), while the
piecewise (𝑠, 𝑆(𝑃)) policy has an improvement of 2.40% on
average compared to (𝑠, 𝑆). We get (𝑠, 𝑆) and (𝑠, 𝑆(𝑃)) by
global search, and the output shows no obvious rules on their
values. But as discussed, we can obtain a local optimum as the
result by neighborhood search.

Cases 1a and 1b change the degree of the quality’s
influence on the consumer’s demand. Both cases fall into
the quality level of 0.8, but actually in case 1a the quality is
slightly lower than that in case 1b (0.82 versus 0.83 under
the optimal policy), even the customers are more sensitive
in case 1a. With consumers being more sensitive, the retailer

acts more conservatively. Then the wholesaler’s turnover
decreases, which decreases the quality. In case 2a, the (𝑠, 𝑆)
policy may fall to the quality level of 0.7, which is worse than
the 0.8 in the optimal policy. It means for the products with
short high-quality stage (high-quality product deteriorates
faster), a precise control could improve the quality perception
efficiently. In case 2b, when the low-quality stage is short, the
qualities in the heuristic and the optimal policy are all 0.9. In
cases 2a and 2b, the optimal policy improves the wholesaler’s
profit greatly. The reason is that when one quality stage is
short, it costs less to control the quality by ordering and
disposing.

Cases 3a and 3b reflect that the wholesaler obtains higher
profitwithmore stable price (more likely to remain the same).
The influence is not significant. Cases 4a and 4b represent
that higher variance leads to lower profit. For the high-
variance scenario, the piecewise heuristic gets a significant
improvement from the original one. In case 4a with price’s
intensive fluctuation, the modified heuristic performs quite
well and it leads to a profit higher than the optimal policy due
to the error of simulation. In case 4b, we also observe that the
order-up-to level of different price has a larger gap with the
larger variance.

Cases 5a, 5b, 6a, and 6b show that profit margin of both
the wholesaler and retailer has a great influence on the profit.
Case 5a shows that, for low profit margin scenario, when
the original (𝑠, 𝑆) policy is not profitable, the precise control
on inventory could be profitable. In cases 6a and 6b, the
wholesaler’s profit is influenced by the retailer’s profit margin
through the wholesaler’s turnover. When the retailer’s profit
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Table 6: Comparisons of different policies.

Optimal policy
(private-info)

(𝑠, 𝑆) heuristic
(% of optimal policy)

(𝑠, 𝑆(𝑃)) heuristic
(% of optimal policy)

𝜗 Profit 𝜗 Policy % of optimal
policy 𝜗 Policy % of optimal

policy
0 0.8 4385.32 0.8 (6, 17) 95.24 0.8 (3, 15-14-11) 97.34
1a 0.8 3602.92 0.8 (6, 16) 93.84 0.8 (2, 16-12-9) 98.92
1b 0.8 5490.44 0.8 (7, 20) 96.68 0.8 (3, 18-15-12) 99.00
2a 0.8 3277.53 0.7 (6, 17) 92.01 0.7 (1, 13-13-10) 93.61
2b 0.9 5508.42 0.9 (7, 20) 94.35 0.9 (2, 17-16-13) 94.66
3a 0.8 4445.22 0.8 (7, 18) 93.86 0.8 (1, 15-13-9) 95.20
3b 0.8 4385.12 0.8 (6, 18) 94.80 0.8 (2, 16-14-12) 96.91
4a 0.8 4203.88 0.8 (7, 18) 93.50 0.8 (2, 15-13-12) 100.94
4b 0.8 4498.65 0.8 (7, 18) 95.06 0.8 (2, 18-15-11) 95.19
5a 0.8 457.28 No profitable policy 0.8 (1, 13-12-11) 94.13
5b 0.8 9015.69 0.8 (7, 21) 96.43 0.8 (3, 21-16-12) 97.37
6a 0.8 5400.04 0.8 (8, 20) 97.18 0.8 (3, 16-15-14) 99.18
6b 0.8 3035.84 0.8 (5, 16) 92.49 0.8 (1, 15-12-8) 98.64
7a 0.8 4437.72 0.8 (6, 17) 94.11 0.8 (3, 15-14-11) 96.48
7b 0.8 4401.77 0.8 (6, 17) 94.88 0.8 (3, 15-14-11) 96.69
8a 0.8 4849.45 0.8 (7, 20) 95.41 0.8 (2, 16-15-11) 97.05
8b 0.8 4399.70 0.8 (6, 17) 95.36 0.8 (3, 17-14-12) 96.37

margin is low, the wholesaler’s profit could be significantly
improved by applying the modified policy.

Cases 7a, 7b, 8a, and 8b show that the salvage value has
slight influence on the wholesaler’s profit, which means the
disposal is not the crucial decision with a FIFO offering
sequence. The wholesaler’s salvage value has little influence
on the wholesaler’s profit, but for the retailer, when increasing
his salvage value, the profit may be promoted through the
increase of the retailer’s ordering size.

The observations lead to three main managerial insights.
(1) In a wholesaler-retailer system, keeping the wholesaler’s
additional quality information private could decrease the
influence of quality’s fluctuating on the retailer’s ordering,
whichmakes the demandmore stable and increases the profit
of the chain. (2) To include the influence of price’s fluctuating,
the wholesaler’s decision changes; hence his profit increases.
The greater the fluctuating is, the more efficient the improved
strategy should be. (3) The influence of salvage value is so
significant as the influence of the profit margin. Based on
these insights, the new inventory policy under private-info
strategy could include the influence of market price and
improve the wholesaler’s profit in all cases significantly.

6. Concluding Remarks

In this paper, we introduce the stochastic market price’s
influence into a wholesaler-retailer two-level system in the
wholesalemarket. In this system, thewholesaler directly faces
the retailer’s demand, which is influenced by the stochastic
market price, an exogenous random variable with mean-
reverting property. The retailer’s demand is also influenced

by the consumer’s stochastic demand, which is influenced
by the quality. We establish a bilevel stochastic dynamic
programming model on this complex system to help the
wholesaler making better decisions. We also notice that the
quality’s difference that influences the consumer’s demand
may not be significantly shown at the wholesale stage. By
new technology monitoring the relevant parameters, the
wholesaler gets additional information on the quality. We
answer how much value this information has and what
strategy the wholesaler should apply to make use of it. We
also analyze the structure of the optimal policy and develop
a piecewise inventory policy with the consideration on the
additional quality information and the influence of stochastic
market price.

We have the following findings:

(i) In the market, the quality seems to be the same, but
it is still important for the wholesaler to monitor
the quality more precisely. The wholesaler can make
better inventory decisions with additional quality
information.

(ii) However, it is better not to share this information
with the retailer, which will significantly reduce the
wholesaler’s profit and usually results in a worse
performance for the chain.

(iii) In the wholesale market where the price is the main
source of uncertainty, it is helpful to include the
consideration on price into the inventory policy.

(iv) The wholesaler could dispose low-quality product to
the secondary market with additional information.
In the optimal policy, the disposal happens either
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at the same day as the ordering or one day earlier
than ordering. This behavior mode relies on how the
retailer makes decision, with which the market price
is the main uncertainty. For convenience, we could
only consider the disposal happening at the same day
as ordering.

(v) With the demandof the current day directly estimated
from themarket price, we could regard thewholesaler
actually makes decision after the sales. Then the
optimal inventory policy is similar to a (𝑠, 𝑆) policy,
with the reorder point and order-up-to level related to
price. Since the reorder point becomes low in the new
decision time, we fix it to a constant. The order-up-to
level is related to price and shows an S-shape. Hence
we approximate it with a piecewise function and get
an (𝑠, 𝑆(𝑃)) inventory policy, which has a 2.40%
improvement on average comparing to the original
(𝑠, 𝑆).

(vi) In the bilevel system, the quality’s influence is compli-
cated. The wholesaler influences the quality directly.
The retailer estimates the quality from the historical
sales data and is less sensitive to the quality change.
But the retailer’s decision is usually conservative. As a
result, the system could also be more sensitive to the
small disturbance which happens to the retailer.

The problem is still not fully studied. First, with the MDP
model hard to solve for the multichain structure problem, we
only apply a two-level quality system and solve the problem
with a quantity no more than 20. It reflects some features
but limits the system’s change to be less smooth. Second,
we describe the price’s feature based on an Ehrenfest chain,
which indeed has influences on the wholesaler’s decision.
But due to the limitation of the scale, we only set a few
possible values of the price, which limits our discussion
on the influence of the market price’s feature. For further
exploration, an approximate dynamic programming model
could be promisingwhen facing to a larger scale problemwith
more specific features included.
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