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Abstract— In response to growing environmental concerns, governments are increasingly
imposing taxes on carbon emissions, prompting businesses to adopt green inventory
management practices to mitigate the environmental impact. This study focuses on a
sustainable inventory model for perishable goods, where demand is influenced by both the
selling price and investments in environmentally friendly practices. To accurately represent
the spoilage of perishable items over time, the deterioration rate is modeled using a Weibull
distribution. The goal of this model is to maximize overall profit by determining the optimal
cycle time and green investment level. This optimization is achieved through the application of
Reinforcement Learning (RL), specifically utilizing the Q-learning algorithm to effectively
adjust the decision variables for improved outcomes.
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I. INTRODUCTION

Excessive carbon emissions are negatively impacting our environment. In response, the government
has begun imposing fines and taxes on these emissions. Consequently, the need for sustainable
management to reduce carbon dioxide and greenhouse gases has become a pressing issue [1]. For
instance, the frequency of supply deliveries could be just as crucial in reducing carbon emissions as
the energy efficiency of the vehicles used for those deliveries [2]. Adjusting operational factors such
as optimal batch sizes or order quantities, have been shown to effectively reduce the impact of carbon
emissions [3, 4]. Consequently, there has been extensive research in recent years on green inventory
and sustainable supply chain management, as highlighted in [5-7]. In this study, we focus on
sustainable inventory management where demand depends on the selling price and green investment
cost. The spoilage rate of the perishable product is characterized using a Weibull distribution to
accurately capture the time-dependent nature of deterioration [8]. The problem will be solved by with
Reinforcement learning by utilizing the Q- learning algorithm [12]. In machine learning,
reinforcement learning excels at tackling complex sequential decision-making tasks by leveraging
prior knowledge. It adapts dynamically to changing environments without requiring a pre-defined
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environmental model [9]. [10] examines perishable goods, comparing stock and age-based ordering
policies using Reinforcement Learning (RL) to minimize retailer costs, and demonstrates that age-
based policies and RL algorithms outperform traditional approaches, especially with high demand
variance and short product lifetimes. RL approach typically involves four core elements: the agent,
the state, the action, and the reward [11].

The structure of the paper is outlined as follows. Section II provides the formulation of the
sustainable inventory management. The components of reinforcement learning are explained in
Section III. Details of the numerical experiment is given in Section IV and concludes the study in
Section V.

II. FORMULATION OF THE SUSTAINABLE INVENTORY MANAGEMENT PROBLEM
The following assumptions are made in developing the model:

A. Notations

A: ordering cost per cycle ($/cycle)

Cp: purchasing cost per unit item ($/unit item)

Cp: holding cost per unit item (8/unit item)

S, selling price per unit item ($/unit item)

C,4: deterioration cost per unit item (3/unit item)

G.: green investment cost per unit time ($/unit time)
Cy

: variable amount of carbon emission cost for holding the inventory and for the deteriorated
items

Cr: fixed amount of carbon emission for holding the inventory and deteriorated items
A: extra tariff for carbon emission ($/unit carbon)

w(t): deterioration rate dependent on time

D(Sp, G¢): demand dependent on unit selling price and green investment cost

T: total cycle time (in years)

B. Assumptions

e To minimize carbon emissions, investment in green technology is made. The fraction of the
reduction of the average carbon emission is given by V(G,) = p(1 — e™"%), where 0 < p < 1
denotes the fraction of the carbon emission after investment in green technology. 0 < 7 < 1 is the
sensitivity parameter reflecting the responsiveness of emissions reduction to the green technology
investment cost [13].

¢ In our study our demand function is given as D(Sp, Gc) =a—bS, +yV(G.), where a > 0 is the
constant demand of the market, 0 < b < 1 is the selling price sensitivity coefficient, y is the
constant coefficient of V(G,) respectively.

e The items deteriorate at the rate of w(t) = aftfF~(a > 0,8 > 1,t > 0), which is a two
parameter Weibull distribution [8]. The deterioration rate of the perishable products is an
increasing function of time. The deteriorated items are not replaced or repaired during the period
[0,T].
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e Replenishment time is instantaneous and shortage is not allowed.

C. Model Formulation

The inventory level with respect to time is governed by the differential equation

dI(t)
T —D(S,, G.) —w(®I(®)

Solving the equation, and applying the initial condition att = 0,1 = Q, we get the solution of I(t)

as
— ath -atf
16) = (-D(Sp.6c) (£ + o )+ Qo) e (1)
When the inventory reaches time total cycle time T, we apply the boundary condition for equation
. aTB+1

(1)attime t = T,1 = 0. = Qo = D(S,,G.) (T o ) )

On which @, gives the total order quantity. Substituting the value of Q in equation (1) gives the
maximum inventory level at time t. = I(t) =

a —ath

D(S,,G,) <(T -0+ m(Tﬁ“ - tﬁ+1)> e ot 3)

D. Cost Components
i. Fixed ordering cost per order: A

ii. Holding cost of the inventory during one cycle time:

T _ T athf+1 —atP
Chjo I(t)dt = chfo <—D(SP,GC) <t+m> + Qo>e d

T aTh+1 apTF*? @726
> Chfo I(t)dt = Cy {Qo (T “ BT 1> = D(Sp.Gc) (Tz REDEDEER >}

iii. Deterioration cost

T
= de(t)f I(t)dt
0
B QOTB TB+1 aT2B+1 QOTZB
- Cdaﬁ{ g~ DlmGe) <ﬁ 1 BT DR+ 1)) BT,

T2B+1 a? T3B+1
+ aD(S,, Gc)( 28 BT DGR+ 1)>}

iv. Green technology investment cost per cycle time: G. T
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v. Total tax on carbon emission: A (C,, fOTI(t)dt (1 + w(t)) + CT)

The reduction of carbon emissions is facilitated by investments in green technology. The
overall cost of carbon emissions resulting from these investments is as follows:

T
- (v (6 [ 10w (1 +w) +
0

vi. Sales Revenue: S, Qo
vii. Purchasing cost: C;,Q

Now, the objective of the proposed model is to maximize the total profit per cycle time with respect
to the decision variables G, and T through Reinforcement Learning.

The total profit per cycle time is represented by TP(G,, T) = Sales revenue — purchasing cost —
fixed ordering cost — holding cost — deterioration cost — green investment cost —
total carbon tax after green investment

= TP(G., T) = Sp Qo — CpQo — A

¢, oo (r- " —D(Sp,G)( T? - apt’t T
P B+1 pr e B+DEB+2) 2(8+1)

QTP Th+1 aT?B+1 QoT?
— Cqap {T = D(5p:Ge) (ﬁ 1 BrDEE+ 1>> 2
T2B+1 a? T3P+1
+aD(S,,G.) + ( 25 + B+ DGE+ 1))} — Gl

T
- (1-v(G))A <C,,f 1®dt(1+w() + Cr> (4)
0

III. REINFORCEMENT LEARNING FOR SUSTAINABLE INVENTORY MANAGEMENT

The primary components of reinforcement learning include the state and action variables and the
reward function aimed at maximizing average total profit. This study employs the Q-learning
algorithm to address the proposed green inventory management problem.

State variable: The state represents a current situation or environment that the agent is currently in.
In our study the two states variable defined are the green investment cost G, and the total cycle time
T. The state variable S(t) at any time step t of G, and T; at any time step t respectively is defined

by, S(t) = [Gc,, Tt (5)

Equation (4) uniquely identifies the state in which the agent is in. In order to find the near optimal
values which will give the maximum total profit TP (G, T) ,the values of G, and T are discretized and
are given in the range 10 < G, <550 and 0 < T < 0.5.

Action variable: The action involves choosing a new pair of G, and T;. The agent either do

exploration with a probability of € and select a random action which is done by choosing random time
step for G, and T;. Or the agent with a probability of 1- € do exploitation by selecting the action that
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gives us the maximum current Q-value for the state it is in. After taking the action and transitioning
to the new state, the Q-value for the previous state-action pair is updated using the Q-learning update
rule:

Q(s,a) < oldQ(s,a) + a' (reward +y'max Q(s,a’) — oldQ(s, a)) 6)

Here, a’ is the learning rate, y' is the discount factor and the term max Q (s, a’) represents the highest
Q-value in the new state by predicting the best possible future reward function.

Reward function: The reward function considered in this model is the average total profit
TP(G,, T). To maximize the total profit, we must determine the near-optimal green cost and the total
cycle time. Fig.1 describes the flowchart of the Q-learning.
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Fig.1. Flow Chart of the Q-learning algorithm to solve the sustainable inventory management
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IV. NUMERICAL ILLUSTRATION
Following are the parameters used for experimenting our proposed model.

A=508, C,=25%/unit item, C,, =3(8/unit item), S,=100 (8/unit item), C4=2 ($/unit item), C,, =
0.5$/item , C,=5$, A = 108, 0=0.5, p=2, a=1000, b=0.2, n=0.01,p=0.2,y=0.6. Using the Q-learning
algorithm and setting the parameters a’ = 0.4,y' = 0.9, = 0.995 we get the optimal G, =
359.09$ and T = 0.45(in years). Corresponding to the optimal values of G, and T the average total

profit TP(G,, T) = 10269.86%. Fig.2 shows the Q-learning trend of the total reward against the
simulation time
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Fig.2 Training of Q-learning algorithm

V. CONCLUSION

We examined a sustainable inventory management problem where demand is dependent on the selling
price and green-investment, considering a time-dependent deterioration rate for perishable products.
Our proposed model focused on two decision variables such as green investment cost and total cycle
time. By applying the Q-learning algorithm, a reinforcement learning technique, we successfully
identified near-optimal solutions that maximize the average total profit. Through a numerical
experiment, we demonstrated the effectiveness of our approach in determining the optimal green
investment and cycle time, leading to sustainable and profitable inventory management.

For future scope, the model can be extended to consider multi-item inventory scenarios which are
managed by vendors and additionally, exploring other reinforcement learning techniques like deep-
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reinforcement learning and comparing their effectiveness with Q- learning, which may offer deeper
insights into optimizing sustainable inventory systems.
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