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Introduction: Amid rising environmental regulations and increasing industry
demand for sustainable operations, inventory management must balance
environmental responsibility with operational efficiency. This study proposes
a green inventory model that addresses key challenges such as product
deterioration, carbon emissions, and financial constraints. The model
incorporates preservation technology investments to prolong product shelf life
and minimize deterioration. It further integrates trade credit and green financing
to strengthen cash flow and promote sustainable investment. To consider the
cost of emissions, carbon emission regulatory costs such as carbon tax and
cap-and-trade policies are incorporated into the decision framework.
Methods: The objective is to minimize the total inventory cost by optimizing
the order quantity, replenishment cycle time, and investment in preservation
technology, subject to both environmental and financial constraints. To
effectively solve the resulting complex and non-linear optimisation problem,
metaheuristic techniques such as genetic and bat algorithms are incorporated.
A series of numerical experiments were conducted to validate the performance
of the proposed model under various parameter settings. A graphical analysis
reveals that the total cost function has a convex profile over the feasible
continuous domain of the decision variables.
Results: The findings suggest that strategic alignment of operational and
environmental objectives can enhance profitability while advancing carbon-
conscious inventory practices. The convexity of the cost function indicates the
existence of a unique global minimum.
Discussion: Management insights are drawn to inform strategic decision-
making. The integrated approach offers a viable pathway for firms seeking to
align economic performancewith sustainability goals in the context of perishable
inventory systems.

KEYWORDS

carbon emission, green financing, green technology investment, preservation
technology investment, trade credit

Highlights

• Proposes a novel sustainable inventory model for perishable products, incorporating
carbon emissions from deterioration and storage under freshness-dependent demand.
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• Introduces an integrated ĕnancing framework that integrates both
green ĕnancing and trade credit, allowing retailers to invest in
green initiatives and preservation technologies investment while
maintaining ĕnancial liquidity and enhancing cash Ęow.

• Provides a comparative evaluation of carbon tax and cap-and-
trade policies, with numerical results offering insights into cost-
efficient carbon mitigation and regulatory compliance.

• Optimizes key inventory decisions including order quantity,
replenishment cycle time, and preservation investment
using the advanced metaheuristic algorithms GA and BA,
with robust accuracy and convergence validated through
numerical experiments.

• Offer practical insights that help retailers choose appropriate
carbon regulation and ĕnancing strategies, balancing
sustainability with operational efficiency, reducing inventory-
related emissions and waste, and support Responsible
Consumption and Production (SDG 12) and Climate
Action (SDG 13).

1 Introduction

Escalating environmental concerns and the intensifying effects
of climate change have placed carbon emissions at the center of
global policy and industry discourse. Businesses face increasing
pressure to reduce their ecological footprint, particularly the
emissions generated by energy-intensive operations. In retail
inventories, managing perishable goods is a major contributor to
carbon output because of refrigeration, climate control, and the
disposal of spoiled products. Although essential for maintaining
product quality, these activities result in signiĕcant indirect
emissions that are oen overlooked in conventional inventory
systems. As sustainability becomes a core component of long-term
business strategy, retailers are urged to align operational choices
with environmental goals, prompting a shi toward inventory
models that reduce emissions while maintaining efficiency and
product integrity. Hua et al. (2011) developed an inventory model
under a carbon footprint and analyzed how carbon caps and
trade, and pricing affect order quantity and total cost. eir
study offers insights into aligning inventory decisions with carbon
reduction goals through market-based approaches. Hovelaque and
Bironneau (2015) proposed an EOQ inventory model with carbon
emission-dependent demand.eir study examines the inĘuence of
carbon pricing, consumer environmental awareness, and regulatory
instruments such as carbon taxes on optimal order quantity and
ĕrm proĕtability. ese studies laid a strong foundation for the
incorporation of carbon emission considerations into inventory
management. Given that signiĕcant emissions arise from holding
and spoilage in retailer EOQ systems, such models play a crucial
role in linking inventory decisions with both environmental
and economic outcomes. By integrating carbon constraints into

Abbreviations: ABC, Always Better Control; BA, Bat Algorithm; BCF,

Bank Credit Financing; EOQ, Economic Orderc Quantity; EPQ, Economic

Production Quantity; FEFO, First Expired First Out; FIFO, First In First Out;

GA, Genetic Algorithm; GCF, Green Credit Financing; PSO, Particle Swarm

Optimisation; SM, Solution Methodology; TCF, Trade Credit Financing; VED,

Vital, Essential, and Desirable.

operational planning, they support the development of strategies
aimed at minimizing emissions while maintaining overall efficiency.

Managing inventories for items with limited shelf life,
particularly those in sectors such as fresh food, dairy, and
pharmaceuticals, presents signiĕcant challenges because of their
rapid deterioration and the critical importance of maintaining
freshness to meet consumer demand. Unlike durable items,
perishables deteriorate quickly, and their value diminishes as they
age, impacting both sales potential and customer satisfaction.
is deterioration also leads to increased waste, lost revenue,
and increased environmental costs. To counteract these risks,
investment in preservation technology has become essential. ese
technologies help slow down spoilage, extend product shelf life, and
better synchronize inventory availability with Ęuctuating demand,
ultimately reducing waste and improving service levels.

While preservation solutions improve operational performance,
they also inĘuence the retailer’s environmental impact. Storage
systems that rely on continuous energy consumption contribute
to indirect greenhouse gas emissions. Unsold goods that perish
before reaching consumers add to landĕll waste, emitting methane
and requiring energy-intensive disposal. Inventory-related activities
contribute to the emission of key greenhouse gases, including carbon
dioxide (CO2), methane (CH4), and nitrous oxide (N2O), all of
which possess high global warming potential. ese emissions are
recognized as the major drivers of global warming and climate
change. In this context, inventory decisions must not only consider
product loss and cost minimization but also account for their
contribution to environmental degradation.

To regulate carbon emissions, policy-makers have implemented
two major mechanisms: carbon taxation and carbon cap-and-trade.
Under the carbon tax regime, ĕrms are required to pay a ĕxed charge
per unit of carbon emitted. is makes emissions a quantiĕable and
direct component of inventory cost, encouraging retailers to invest
in cleaner technologies and efficient storage practices. e carbon
tax is transparent and predictable, offering a straightforward way for
businesses to internalize environmental costs and gradually adopt
greener operations. Paul et al. (2022) proposed a green inventory
model with demand depending on price and the green concern
level. e mathematical model is designed with a carbon tax to
determine the optimal replenishment time and green concern level.
Daryanto andWee (2019) developed a production-inventory model
that incorporates defective items and carbon tax regulation, allowing
defective products to be resold in secondary markets. eir study
examined the impact of carbon taxation on potential emission
reductions within a deteriorating inventory framework.

Conversely, the cap-and-trade system, sets a regulatory limit
on total emissions and allocates tradable emission allowances to
ĕrms. Retailers that emit less than their allocated quota can sell
surplus credits, while those exceeding their limit must purchase
additional allowances. is market-based approach introduces
Ęexibility and incentivises innovation, as emission reductions can
translate into ĕnancial gains. By linking operational efficiency to
potential economic rewards, cap-and-trade fosters collaboration,
competition, and continuous improvement in emission control
strategies. Yadav and Khanna (2021) proposed a green inventory
model with freshness and stock-dependent demand under a cap-
and-trade mechanism. e mechanism was applied to enhance
proĕtability while controlling emissions on the basis of a zero-to-
non-zero-ending inventory assumption.
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Beyond regulatory mechanisms, proactive green technology
investment allows retailers to reduce emissions at the source.
Investments in technologies such as smart refrigeration systems,
energy-efficient infrastructure, and real-time environmental
monitoring not only improve inventory efficiency but also help
ĕrms stay within emission limits. Although these technologies
oen require substantial initial capital, they result in long-term
savings and support regulatory compliance. To ease the ĕnancial
burden of such investments, green ĕnancing provided by banks
and ĕnancial institutions has emerged as a strategic enabler. Green
loans offered on favorable terms support retailers in adopting
emission-reducing technologies without jeopardizing cash Ęow.
ese ĕnancing tools act as a bridge between operational needs and
sustainability goals, enabling retailers to implement environmental
upgrades that may otherwise be ĕnancially out of reach. Palanivel
and Venkadesh (2025) developed a production-inventory model
that incorporates carbon emissions under ramp-type demand and
a Weibull deterioration pattern. eir study analyses the impact of
production and green technology investments, offering a structured
framework for businesses aiming to balance economic efficiency
with environmental responsibility.

In addition to green ĕnancing, trade credit remains a vital
short-term ĕnancial tool for retailers. By deferring payments
for purchased goods, trade credit provides immediate liquidity
and enhances operational Ęexibility. is approach is particularly
advantageous in perishable inventory systems, where precise
timing and uninterrupted cash Ęow are critical for minimizing
spoilage and ensuring product availability. Trade credit effectively
complements long-term green investment loans by supporting day-
to-day operational needs, enabling ĕrms to sustain inventory levels
while gradually transitioning to more sustainable practices. Yang
et al. (2013) proposed a perishable inventory model with stock-
dependent demand under trade credit and inĘation. is model
focuses on minimizing the present value of total cost by optimizing
the cycle length, offering foundational insights into themanagement
of perishable goods under ĕnancial constraints and inĘationary
conditions. Kumar et al. (2025) proposed a trade credit inventory
model for a ĕxed shelf-life item. e inclusion of a ĕxed shelf life
aligns the model with realistic perishability patterns, enabling more
accurate cost optimisation.

On the basis of the environmental, ĕnancial, and operational
constraints observed in modern inventory management, this study
proposes a sustainable inventory model speciĕcally tailored for
perishable goods. e model incorporates multiple key factors:
preservation technology investment to extend product life: carbon
emission regulations, including carbon tax and cap-and-trade, trade
credit, and green ĕnancing. ese constraints are systematically
integrated to develop a framework that minimizes the total cost
per unit of time while ensuring regulatory compliance, managing
product deterioration, and addressing ĕnancial limitations. e
model optimizes decision variables such as order quantity, cycle
time, and investment in preservation within these boundaries.
Shah et al. (2023) and Yu et al. (2020) addressed elements such
as carbon regulation and product perishability. However, they
failed to integrate ĕnancial instruments such as green ĕnancing
and trade credit components that are essential for supporting the
practical implementation of green inventory decision-making. By

aligning environmental policy, technological interventions, and
ĕnancial tools, the model enables a holistic approach to inventory
management. It further compares the effectiveness of various carbon
regulation strategies and investigates how ĕnancial instruments can
support sustainability without compromising economic viability.
e integration of these constraints is captured in Figure 1,
providing a clear pathway from the identiĕed challenges to the
proposed model framework.

is paper is structured to cover distinct aspects of the study
systematically. Section 2 provides an extensive review of the
literature encompassing perishable inventory models, carbon
emission regulations, investments in preservation technologies,
trade credit, and the emerging role of green ĕnancing. Section 3
deĕnes the problem context, introduces the notations and outlines
key assumptions used throughout the study. In Section 4, the
mathematical formulation of the green inventory model is
developed by integrating carbon tax, cap-and-trade, and ĕnancial
instruments. Section 5 describes the symbolic optimisation
process, including the derivation of optimality conditions and
veriĕcation of convexity through Hessian matrix analysis. Section
6 introduces the application of the advanced metaheuristic
techniques GA and BA and explains their structure and suitability
for solving the proposed models. Section 7 presents numerical
examples, supported by plots and convergence analysis, to
validate the model’s performance. Section 8 offers managerial
insights by interpreting the results and highlighting their
practical implications. Section 9 discusses the signiĕcance of
the proposed model in terms of its theoretical contributions and
real-world applicability for sustainable inventory management.
Finally, Section 10 concludes the paper by summarizing the key
ĕndings, acknowledging limitations, and suggesting directions for
future research.

2 Literature review

e literature review is systematically organized into core
thematic areas pertinent to the current study, highlighting
emerging research trends and practical developments in the ĕeld of
inventory management.

2.1 Inventory models for perishable items

In inventory management, perishable items have attracted
signiĕcant attention because of their limited shelf life and
vulnerability to spoilage, aging, and quality degradation.
Early studies concentrated on deterioration-driven models
to minimize losses from expired goods. Goyal and Giri
(2001) conducted an in-depth investigation into the behavior
of perishable inventory systems, speciĕcally focusing on
accurately determining the deterioration rate to enhance
inventory control decisions. Umamaheswari et al. (2016)
developed a perishable inventory model for items with a ĕxed
shelf life, incorporating a FIFO issuing policy to minimize
waste and maintain product quality. Beyond deterioration,
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FIGURE 1

Pictorial representation of a metaheuristic-based framework for sustainable perishable inventory management.

inventory management also faces challenges arising from
uncertain demand and supply conditions, which have been
addressed through various modeling approaches. Patriarca
et al. (2020) applied Monte Carlo simulation to incorporate
stochastic perishability and demand variability, and Nguyen
and Chen (2022) proposed a multiperiod stochastic model to
demonstrate the effectiveness of an order-up-to-level strategy under
uncertain conditions.

In parallel with concerns of deterioration and demand
uncertainty, researchers have focused on developing strategies that
optimize decision-making in specialized perishable inventory
contexts. Approaches such as cross-matching policies in
blood inventories have been shown to reduce shortages and
wastage compared with conventional ABO substitution methods
(Chithraponnu and Umamaheswari, 2022). Classical frameworks
such as ABC-VED have been applied in pharmaceutical inventories
to prioritize critical drugs, minimize stockouts, and enhance
efficiency (Umadevi and Umamaheswari, 2023). Preservation
technologies have also been incorporated into inventory models,
where investments aimed at slowing deterioration have been
shown to extend product shelf life and improve proĕtability
under trapezoidal demand conditions (Kaushik, 2024). Similarly,
stochastic dynamic frameworks for single-product perishables
have demonstrated that carefully chosen static stocking policies
can achieve near-optimal performance with minimal proĕt loss
(Arslan and Kim, 2025). At the system level, integrated modeling
and simulation of two-level storage systems using FEFO issuing
policies have supported high service levels while reducing food
waste (Cruz et al., 2024). Multicriteria decision-making tools have
further enhanced supplier selection, with fuzzy TOPSIS-GRA
approaches effectively capturing perishability and uncertainty
in pharmaceutical supply chains (Raveena and Umamaheswari,

2025). Building on these developments, the subsequent sections
discuss advanced inventory models that incorporate preservation
technology investment, trade credit mechanisms, carbon emission
reduction strategies, and green ĕnancing approaches.

2.2 Inventory models with preservation
technology investment

Preservation technology investment has become a crucial
element in managing perishable inventory, as it directly links
storage conditions with strategic inventory control. By slowing
deterioration, such investments extend the effective shelf life,
enable fewer and more frequent replenishment cycles, and enhance
value recovery, thereby improving proĕtability and sustainability.
Mishra et al. (2021) examined greenhouse-industry supply chains
under cooperative and noncooperative scenarios and demonstrated
that integrating preservation measures with promotional strategies
reduces deterioration under stock-dependent demand. Rana et al.
(2023) presented a sustainable model for perishable goods that
integrates dynamic fuel pricing, production scheduling, green
investments, and preservation technologies. Arunadevi et al. (2025)
developed a resilient inventory model that incorporates both
static and dynamic rebates alongside preservation technologies,
employing a Weibull distribution to capture time-dependent
deterioration. Sharma and Mandal (2024) extended an EOQ model
by integrating preservation technology investment with advance
payment schemes under partial backlogging, to derive optimal
ordering and payment policies.

Recent studies have further advanced preservation-focused
inventory control by embedding environmental sustainability
and ĕnancial strategies. For example, Singh and Singh (2025)
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introduced a multiechelon model that includes green technology
investments under combined carbon tax and cap-and-trade
policies. eir analysis demonstrated that preservation investments
enhance both regulatory compliance and proĕtability. Jayashri
and Umamaheswari (2025a) proposed a comprehensive
framework within a supplier-retailer-customer structure that
incorporates both preservation measures and trade credit.
Collectively, these contributions highlight a paradigm shi
toward inventory systems that integrate environmental and
ĕnancial considerations, positioning preservation technology
investment as a cornerstone of sustainable and cost-effective
perishable inventory management. While preservation
technologies strengthen the operational and environmental
aspects of inventory management, ĕnancial mechanisms
such as trade credit have emerged as equally signiĕcant
in shaping replenishment strategies, cash Ęow, and supply
chain sustainability.

2.3 Inventory models with trade credit

e concept of trade credit in inventory management has
undergone signiĕcant evolution since Haley and Higgins (1973)
ĕrst introduced it as a ĕnancing mechanism and proposed
an optimal ordering strategy within an inventory framework. By
incorporating trade credit, Goyal (1985) extended the classical EOQ
model demonstrating that both order quantity and replenishment
periods increase substantially as total costs decrease. Building on
this, Aggarwal and Jaggi (1995) made a notable contribution by
considering product decay, laying the foundation for subsequent
developments in trade credit-based inventory systems. Jamal et al.
(1997) further enhanced this framework by including shortages,
creating a more comprehensive approach to managing inventory
under ĕnancial and stock-out constraints. Recent research has
expanded trade credit inventory models by integrating additional
factors such as inĘation (Nautiyal, 2025; Jayaswal et al., 2024),
shortages (Patra et al., 2024), and supply chain coordination
(Esmaeili and Nasrabadi, 2021; Choudhury and Mahata, 2024),
along with various deterioration patterns and dynamic demand
structures. Dye and Yang (2015) explored sustainable trade
credit and replenishment strategies under carbon emission
constraints, highlighting the inĘuence of credit-linked demand
and environmental policies such as cap-and-trade. Yu et al. (2020)
analyzed a perishable inventory optimisation problem under both
carbon tax and cap-and-trade regulations, to determine optimal
preservation technology investment and order frequency decisions.
Selvi and Ritha (2021) introduced a green inventory model that
combines trade credit with partial backordering under permissible
payment delays, emphasizing defect rework and environmental
impact reduction. Jayashri and Umamaheswari (2025b) developed a
livestock inventory model that incorporates retailers’ trade credit to
optimize order cycles, credit periods, and order quantities, with the
objective of minimizing costs and improving cash Ęow. Trade credit
has matured into a multifaceted strategy that not only supports
inventory and cash Ęow optimisation but also creates a foundation
for comparative studies with emerging ĕnancing mechanisms such
as green ĕnancing, particularly when examined under carbon
emission regulations.

2.4 Inventory models with carbon emission
reduction

Recent advancements in inventory modeling have increasingly
emphasized environmental sustainability, particularly the
integration of carbon emissions into EOQ. By incorporating
preservation technology investment and permissible payment
delays, Palanivel et al. (2024) presented an inventory model for
perishable goods effectively reducing emissions and wastage
while enhancing proĕtability. Keswani and Khedlekar (2024)
extended this scope by modeling a fuzzy stochastic environment
for inventory management, integrating carbon emission factors
alongside discount policies and advance sales, and validating
their model using tuned metaheuristic algorithms such as
PSO and GA. Jitendra (2025) evaluated a linear inventory
model considering three investment scenarios combined,
none, and single and emphasized the distinct effects of each
on proĕt, inventory level, and backlog. Suvetha et al. (2025)
proposed a sustainable production-inventory model under
power-pattern demand, accounting for carbon emissions
from transportation, stockholding, and deterioration, and
demonstrated signiĕcant cost reductions through proper handling
of deterioration scenarios.

Hua et al. (2016) explored an EOQ-based approach that jointly
considered trade credit and carbon emissions trading, offering
managerial insights into optimal ordering under regulatory and
ĕnancial constraints. Although numerous research articles have
incestigated carbon emission reduction within trade credit-based
inventory models, a clear gap persists; no existing study has
addressed carbon emission regulations while comparing the
impacts of trade credit and green ĕnancing within the EOQ
framework. ese studies collectively highlight the growing
importance of carbon emission considerations in inventory
models and provide a diverse set of strategies from technological
investment and policy alignment to algorithmic optimisation
for achieving economic and environmental sustainability in
inventory systems.

2.5 Inventory models with green financing

e integration of ĕnancial strategies with carbon emission
regulations has attracted considerable academic attention,
particularly in the realm of inventory management involving green
ĕnancing. Recent studies have examined how green ĕnancing
mechanisms can support carbon emission reduction initiatives. Qin
et al. (2018) developed a Stackelberg game-based model to analyse
the effects of green ĕnancing and cost-sharing contracts under
capital constraints and cap-and-trade regulations.ey revealed that
green ĕnancing does not always negatively impact manufacturers’
proĕts and that cost-sharing arrangements may not lead to positive
emission outcomes unless they are optimally balanced.

Soundarrajan and Vivek (2016) explored the role of green
ĕnance in Indian industries, emphasizing its potential to
counterbalance ecological degradation caused by carbon emissions.
eir study highlighted the importance of structured ĕnancial
interventions to support sustainable development objectives.
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An et al. (2021) conducted a comparative analysis of Green
Credit Financing (GCF) vs. Trade Credit Financing (TCF)
within a supply chain context facing carbon emission limits.
eir study revealed that under stringent carbon policies, GCF
supports equilibrium for both manufacturers and suppliers.
GCF was found to be effective at enforcing environmental
compliance while enhancing supply chain welfare. Sun and
Gao (2022) investigated bank credit ĕnancing (BCF) and trade
credit ĕnancing (TCF) in a carbon-constrained supply chain.
eir ĕndings indicated that when the emission reduction level
is low, BCF yields better beneĕts for suppliers. However, TCF
becomes more proĕtable when the emission threshold is exceeded,
suggesting a shi in ĕnancing preference based on carbon
reduction intensity. is gap underscores the need for models
that integrate trade credit and green ĕnancing simultaneously
under emission regulations, a contribution addressed by the
present study.

Despite the increasing number of studies examining green
ĕnancing and trade credit individually under carbon constraints,
a noticeable research gap still exists. To date, no study has
comprehensively compared trade credit and green ĕnancing
within the EOQ inventory framework under carbon emission
regulations. is limitation provides a valuable direction for future
exploration in inventory theory and sustainable operations.e key
contributions of this study, along with insights drawn from past
research, are encapsulated in the form of a detailed comparison
in Table 1.

2.6 Motivation

e complexity of perishable inventory systems has increased
because of pressures from sustainability goals, cost-effectiveness,
and environmental regulations. Perishable products, which
deteriorate with time, are particularly sensitive to freshness,
shelf life, and environmental conditions. ese characteristics
signiĕcantly increase the challenges related to inventory losses,
customer satisfaction, and carbon emissions during storage and
deterioration. Moreover, global climate policies have brought
carbon emissions into the spotlight, compelling businesses and
entrepreneurs to incorporate environmental costs into their
operational strategies. Retailers now face the dual challenge
of managing product deterioration and aligning with carbon
reduction mechanisms. Furthermore, the upfront costs of adopting
preservation technologies and emission-reduction measures oen
exceed the retailers’ ĕnancial capacity.

Retailers require effective inventory operation management
to optimize ordering, replenishment cycles, and preservation
investments while ensuring ĕnancial constraints and environmental
compliance. Carbon regulations raise operational costs and
intensify ĕnancing constraints. At the same time, investments
in preservation technologies reduce product deterioration and
increase emissions. To bridge this gap, ĕnancial mechanisms
such as trade credit and green ĕnancing have emerged as
strategic tools. Trade credit offers short-term liquidity relief,
whereas green ĕnancing supports long-term investment in
environmentally friendly technologies. However, existing inventory
models oen treat environmental regulations and ĕnancial

constraints independently, limiting their applicability in real-world
decision-making. ere is no existing study jointly integrates
perishability, carbon regulation, trade credit, and green ĕnancing
within a single analytical inventory framework. Motivated by
these evolving demands, and to address this practical research
gap, this study proposes a sustainable inventory model that
incorporates emission regulation and ĕnancial constraints,
offering retailers a practical framework to balance proĕtability and
environmental responsibility.

2.7 Research gap

e sustainable management of perishable inventory demands
a paradigm shi that moves beyond cost-centric models to
integrate environmental regulations, ĕnancial constraints, and
product deterioration dynamics. Despite the increasing focus
on green operations, existing inventory models rarely address
these dimensions collectively, particularly within the context of
freshness-dependent demand and carbon emissions. Traditional
approaches oen overlook how emissions from both storage and
spoilage, combined with limited access to capital for preservation
technologies, impact decision-making. Moreover, the role of
ĕnancing tools in enabling sustainability-focused inventory
strategies remains underexplored in the literature. While the
models proposed by Shah et al. (2023), Yu et al. (2020), and Pan
et al. (2020) address elements such as carbon regulation and product
perishability, they fail to integrate ĕnancial instruments such as
green ĕnancing and trade credit, which are essential for supporting
the practical implementation of green inventory decision-making.
is study introduces the ĕrst integrated green inventory model
that incorporates both green ĕnancing and trade credit mechanisms
within a carbon-regulated EOQ framework for perishable goods.
e model jointly optimizes order quantity, replenishment
cycle time, and investment in preservation technology, while
evaluating both carbon tax and cap-and-trade policies. Green
ĕnancing supports long-term investments in emission-reducing
technologies, while trade credit offers short-term liquidity, allowing
retailers to adopt environmentally responsible practices without
compromising cash Ęow. An additional innovation involves
incorporating carbon emissions into inventory management
models, providing a more comprehensive representation of
environmental costs. To solve the complex linear optimisation
problem, the model employs the metaheuristic algorithms GA
and BA marking a novel application of these techniques in
carbon-sensitive inventory management. e resulting framework
serves as a robust decision-support tool for retailers seeking to
align proĕtability with environmental responsibility in high-risk,
time-sensitive markets.

2.8 Main contributions

eprimary contributions of this study are outlined as follows:

• A carbon-regulated inventorymodel is developed that accounts
for emissions from both deterioration and storage of perishable
goods, enhancing environmental accountability within the
inventory management.
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FIGURE 8

Convergence behavior of metaheuristic algorithms for inventory optimisation under carbon tax with trade credit (M ≥ T). (a) Convergence curve of
GA. (b) Convergence curve of BA.

FIGURE 9

Graphical representation of the carbon cap-and-trade model as a
function of V and T.

by a bank or ĕnancial institution. e loan is subject to an interest
rate of R.
e interest paid to the bank (IPB) for green ĕnancing is determined
as follows.

IPB = (G− K)(1+ R) (25)

is green ĕnancing structure enables ĕrms to implement
sustainable technologies without bearing the full upfront
ĕnancial burden, aligning long-term environmental goals with
economic viability.

e total inventory cost per unit time in themodel incorporating
green investment supported by green ĕnancing is the sum of the
ordering cost, deterioration cost, holding cost, preservation
technology investment cost, green technology investment

expenditure, interest paid to the ĕnancial institution for the
green loan and carbon emission cost.

TC7 = 1
T
[OC+ DC+HC+ PVI+ G+ IPB + CTce] (26)

Refer to Equation A.7 in the Appendix for detailed computations.

5 Solution methodology (SM)

is study presents a robust mathematical framework to
optimize inventory management decisions for perishable products
in the retailer’s system. e objective is to maximize the expected
proĕt by minimizing the total cost TCi(T,V), where i = 1, 2, ..., 6,
T is the cycle time and V represents the preservation technology
investment. e model accounts for carbon emission mechanisms
(such as carbon tax and cap-and-trade) and ĕnancial instruments
(including trade credit and green ĕnancing). e total cost function
is minimized by applying necessary and sufficient conditions for a
local minimum, using both two-variable and three-variable setups.

To ĕnd the optimal values of T and V, the ĕrst-order necessary
conditions are applied by setting the partial derivatives of the cost
function to zero:

∂TCi
∂T

= 0 and
∂TCi
∂V

= 0

Solving these equations yields the critical point (T∗,V∗), which is a
candidate for the local minimum.

To conĕrm that this point is indeed a local minimum, second-
order sufficient conditions are evaluated using the Hessianmatrix of
the cost function:

H =
[

∂2TCi
∂T2

∂2TCi
∂T∂V

∂2TCi
∂V∂T

∂2TCi
∂V2

]
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FIGURE 10

Convergence behavior of metaheuristic algorithms for inventory optimisation under carbon cap and credit (M < T). (a) Convergence curve of the GA.
(b)Convergence curve of the BA.

FIGURE 11

Graphical representation of the carbon cap-and-trade model with
trade credit (M < T) as a function of V and T.

For (T∗,V∗) to be a local minimum, the Hessian must be positive
deĕnite. is requires:

∂2TCi

∂T2 > 0 and det(H) > 0

ese conditions ensure the convexity of the cost function in the
neighborhood of the critical point, conĕrming that the solution
corresponds to a local minimum.

All computations, including solving the system of equations and
verifying the convexity conditions through the Hessian matrix, are
performed using MATLAB, which efficiently handles the symbolic
differentiation and numerical evaluation required for optimizing
the model.

e same procedure is extended to a three-variable scenario
by incorporating green investment G, resulting in a cost function
TC7(T,V,G), and applying the necessary ĕrst- and second-
order conditions for multivariable optimisation. is broader
approach supports environmentally sustainable and ĕnancially
viable inventory policies in modern retail systems. is study
proposes a mathematical framework for optimizing inventory for
perishable items within the retailer’s environment, with a focus
on products subject to deterioration. e model integrates the
impact of trade credit and green ĕnancing on investment in
preservation technology while minimizing the overall cost through
optimal decision-making.

Numerical optimization procedure for determining the
optimal solution
Step 1: Parameter Initialization
Assign numerical values to all model parameters related to demand,
deterioration, preservation investment, holding cost, carbon
emission, and setup cost.
Step 2: Deĕne the Total Cost Function
total_cost(T, V):
Return total_cost
Step 3: First-Order Optimality Conditions
Compute the ĕrst-order partial derivatives:
∂TC
∂T and ∂TC

∂V .
Obtain the stationary points (T∗,V∗)
Step 4: Second-Order Optimality Conditions
Evaluate the Hessian matrix at each feasible stationary point.
A solution is identiĕed as a local minimum if ∂2TC

∂T2 > 0 and
det(H) > 0 at the stationary point.
ese conditions conĕrm the local convexity of the total cost
function in the neighborhood of the stationary point.
Step 5: Identiĕcation of the Optimal Solution
Optimal Solution obtained from all the stationary point,
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FIGURE 12

Convergence behavior of metaheuristic algorithms for inventory optimisation under carbon cap and credit (M < T). (a) Convergence curve of the GA.
(b)Convergence curve of the BA.

FIGURE 13

Graphical representation of the carbon cap-and-trade model with
trade credit (M ≥ T).

TCmin = minTC(T∗,V∗).
Representative analytical expressions of the ĕrst- and second-order
derivatives for one case are provided in the Appendix B, while
derivatives for the remaining cases follow analogously.
Step 6: Display Results
Optimal T, V
Minimum Total Cost and Corresponding Q
Extensive numerical experiments across the feasible domain
consistently indicate a unique minimum, providing strong
numerical evidence of global optimal behavior.

6 Cutting-edge optimisation
algorithms

A wide range of metaheuristic algorithms have been
extensively applied to solve complex optimisation problems in
science, engineering, and management. ese algorithms such as
Genetic Algorithms, Particle Swarm Optimisation, Ant Colony
Optimisation, Random Search Algorithm, Bat Algorithm and
Differential Evolution are valued for their ability to efficiently
navigate large and complex search spaces where traditional
methods fall short. Within the context of inventory optimisation,
metaheuristic approaches have gained prominence because of
their robustness and Ęexibility in handling nonconvex models.
Within the broad class of metaheuristic algorithms, the GA and BA
have demonstrated a balanced capability between exploration and
exploitation, enabling the discovery of high-quality solutions within
a reasonable computational timeframe.eGA is widely recognized
for its robustness, adaptability, and effectiveness in handling both
discrete and continuous decision variables. Meanwhile, the
BA leverages frequency tuning and pulse emission strategies to
dynamically adapt to the search space, enhancing its performance in
solving complex optimisation problems. Owing to these strengths,
both algorithms have shown exceptional effectiveness in addressing
nonconvex inventory optimisation models, consistently producing
near-optimal solutions with high accuracy, stable convergence, and
computational efficiency (Sadeghi et al., 2014). ese attributes
make the GA and BA well suited for the present study’s objective of
determining optimal inventory decisions. erefore, in this study,
GA and BA are selected as suitable techniques for determining the
optimal inventory decisions because of their proven effectiveness
in similar optimisation frameworks and their adaptability to the
nonlinear characteristics of the model.
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FIGURE 14

Convergence behavior of metaheuristic algorithms for inventory optimisation under carbon cap-and-trade model and trade credit (M ≥ T). (a)
Convergence curve of the GA. (b) Convergence curve of the BA.

FIGURE 15

Graphical representation of the green investment via green financing model. (a) Total cost as a function of T and V. (b) Total cost as a function of T
and G.

6.1 Genetic algorithm (GA)

Genetic algorithms are powerful search-based optimisation
techniques inspired by the principles of natural evolution and
genetics. Originally introduced by Holland (1992), the GA was
developed to solve complex decision-making problems across
various domains of science and technology. e algorithm mimics
biological evolutionary processes namely selection, crossover, and
mutation to iteratively evolve a population of candidate solutions
toward an optimal or near-optimal solution. Gen and Cheng (1999)
later outlined the general framework of the GA for a wide range
of optimisation problems, highlighting its adaptability, robustness,
and global search capabilities. owing to its ability to explore large
and complex solution spaces efficiently, the GA has become a widely
used tool in solving complex linear,multi-objective, and constrained
optimisation problems.

6.1.1. Working cycle of the GA

e GA implemented in this study aims to minimize the
total cost per unit time for a retailer dealing with perishable
inventory under carbon regulation and ĕnancing conditions. e
process begins with a randomly generated population of potential
solutions [decision variables (T,V) or (T,V,G)], and iteratively
improves the population through evaluation, selection, crossover,
and mutation. e steps below detail the working cycle of the
GA used:

1. Fitness function deĕnition: e objective function, TC (T,V),
is deĕned as the ĕtness function. e goal is to minimize this
function, thereby identifying the most cost-effective strategy.

2. Parameter initialization: e GA parameters are speciĕed,
including population size, maximum number of generations,
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FIGURE 16

Convergence behavior of metaheuristic algorithms for inventory optimisation with green investment and financing. (a) Convergence curve of the GA.
(b) Convergence curve of the BA.

mutation rate, stall generation limit, and function tolerance.
ese parameters govern the convergence and efficiency of
the algorithm.

3. Individual representation: Each individual in the
population represents a candidate solution, characterized
by the decision variables T and V, within the predeĕned
bounds [0.01,10].

4. Initial population generation: e algorithm begins by
generating an initial population consisting of random
combinations of T,V, ensuring that all the variables are
within the speciĕed bounds.

5. Selection mechanism: Tournament selection is used to
identify individuals for reproduction. In this method,
the most ĕt individuals are selected on the basis of their
total cost values, promoting the propagation of superior
genetic material.

6. Crossover operator: A crossover function is applied to the
selected parent pairs to produce the offspring. is involves
recombining the decision variables T and V to explore new
regions of the solution space.

7. Mutation operator: To maintain diversity in the population
and avoid local optima, a mutation function is used to
introduces small random perturbations in the T and V values of
some individuals.

8. Iterative optimisationprocess: ealgorithmproceeds through
the following iterative steps:

(a) Initialize the population.
(b) Evaluate the ĕtness (total cost) of each individual.
(c) Select the best-performing individuals.
(d) Check for termination conditions, such as maximum

generations, lack of improvement (stall limit), or convergence
(function tolerance).

(e) If termination conditions are not met, generate a new
population using selection, crossover, and mutation, and
repeat the process.

9. Execution and convergence: e GA is executed either once
or multiple times, depending on the convergence behavior, to
determine the optimal values of T and V that minimize the
total cost.

10. Solution extraction:ebest solution is identiĕed and recorded,
including the minimized total cost and the corresponding values
of T,V, and the inventory level Q(T,V).

11. Result presentation: e optimal solution, along with the
associated decision variables and cost components, is displayed
to provide a comprehensive summary of the model outcome.

GA-based optimisation procedure for total cost reduction
Step 1: Initialization
Deĕne the optimisation problem: FitnessMin, Individual = [T, V]
Bounds: T ∈ [0.01, 10],V ∈ [0.01, 10]
Toolbox: attr_Ęoat, individual, population
Step 2: Deĕne the Total Cost Function
total_cost(T, V):
Return total_cost
Step 3: Deĕne the Evaluation Function
evaluate(individual):
T, V= individual[0], individual[1]
Return total_cost(T, V)
Step 4: Register GA Operators
•mate: Blend crossover (α = 0.5)
•mutate: Gaussian mutation (µ = 0, σ = 1, indpb = 0.2)
• select: Tournament selection (tournsize = 3), evaluate
Step 5: Set the Algorithm Parameters
• Population Size = 100
• Generations = 5000
• Plot Function: Show convergence using gaplotbestf
Step 6: Create the Initial Population
population = toolbox.population(n = population_size)
Step 7: Run the GA
algorithms.eaMuPlusLambda(population, toolbox, mu = 100,
lambda_ = 100, cxpb = 0.7, mutpb = 0.2, ngen = 300)
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Step 8: Display the Results
Print: Optimal T, V, Minimum Total Cost and corresponding Q.

6.2 Bat algorithm (BA)

e Bat algorithm is a nature-inspired metaheuristic
optimisation method developed by Yang (2010), based on the
echolocation characteristics of microbats. ese bats navigate
and hunt by emitting sound pulses and interpreting returning
echoes, allowing them to estimate distances and detect prey.
In the algorithmic framework, each virtual bat represents a
candidate solution and explores the search space by adjusting its
frequency, velocity, loudness, and pulse emission rate. is adaptive
behavior enables the algorithm to maintain a balance between
global exploration and local exploitation. Owing to its robust
search capability and ease of implementation, the BA has gained
signiĕcant attention and has been effectively applied to a wide range
of complex optimisation problems in science, engineering, and
operations research.

6.2.1 Working cycle of the BA

e BA implemented in this study aims to minimize the total
cost per unit time for a retailer managing a perishable inventory
system under carbon emission regulation and sustainable ĕnancing
options. e optimisation is based on the bioinspired echolocation
behavior of bats, where virtual agents explore the solution space
using frequency, loudness, and pulse emission rate. e algorithm
begins with a randomly initialized population of bats representing
potential solutions [decision variables (T,V) or (T,V,G)], and
iteratively reĕnes them to identify the optimal conĕguration. e
following steps outline the working cycle of the BA used:

1. Objective function deĕnition: e total cost function TC(T,V)
is deĕned as the objective (ĕtness) function. Since the goal is cost
minimization, lower ĕtness values represent better solutions.

2. Parameter initialization: e algorithm parameters are set
as follows:

(a) Number of bats (population size)
(b) Maximum number of iterations
(c) Frequency range [fmin, fmax]
(d) Loudness A
(e) Pulse emission rate r
(f) Control parameters such as frequency scaling and damping

factors for adaptive behavior

3. Population initialization: Each bat is represented by a position
vector (T,V) initialized randomly within the feasible bounds
[0.01,10]. e corresponding velocity vectors, loudness values,
and pulse emission rates are also initialized for each bat.

4. Initial ĕtness evaluation: e ĕtness of each bat is evaluated
using the objective functionTC(T,V), and the global best solution
(bat with the lowest total cost) is identiĕed.

5. Position and velocity update: For each bat in the population:

(a) Compute the frequency on the basis of a random number
within the deĕned range.

(b) Update the bat’s velocity and position using the frequency and
the difference between its position and the current global best.

(c) If a random condition based on the pulse rate is satisĕed,
perform a local search (e.g., random walk around the
best solution).

6. Candidate solution generation: New solutions are generated
using two approaches:

(a) If a randomly generated value is greater than the bat’s
pulse rate, apply a local random walk around the best-
known solution.

(b) Otherwise, update the bat’s position on the basis of the velocity
inĘuenced by frequency, simulating echolocation behavior.

7. Solution evaluation and acceptance: e newly generated
solution is evaluated using the ĕtness function. If it yields a
better (lower) total cost and a random number is less than the
bat’s loudness, the new solution is accepted. Loudness and pulse
emission rates are then updated to reĘect bat behavior.

8. Global best update: If any bat’s newly generated solution
provides a better cost than the current global best, the global best
is updated accordingly.

9. Termination criteria: e iterative process continues until the
maximum number of iterations is reached or convergence is
achieved typically when the improvement in the global best
solution becomes negligible over successive iterations.

10. Solution recording: e best solution found during the entire
optimisation process is recorded, including the minimized total
cost and the corresponding values of the decision variables T, V,
and the inventory level Q(T,V).

11. Result display:e optimal solution, along with all the relevant
model outputs, is displayed to conclude the optimisation
process.

BA - based approach for cost minimization
Step 1: Initialization
Deĕne constants and parameters for demand, costs, deterioration,
and emissions
Set the bounds for decision variables: T ∈ [0.01, 1],V ∈ [0.01, 10]
Step 2: Set the BA parameters
• Population size n = 30
• Generations N_gen = 1000
• Loudness A_bat = 0.5, Pulse rate r = 0.5
• Frequency range [fmin, fmax] = [0, 2]
• Initialize velocities v and population Sol = [T, V]
Step 3: Deĕne the Total Cost Function
total_cost(T, V):
Return total cost
Step 4:Evaluate the Initial Population
For each bat i in population:
Evaluate Fitness(i) = total_cost(T_i, V_i) Identify initial best
solution best = [T_best, V_best] with lowest ĕtness
Step 5: BAMain Loop
For each generation t from 1 to N_gen:
For each bat i:
• Update frequency Q_freq(i)
• Update velocity and solution v(i), S(i)
• Apply bounds on S(i)
• Perform local random walk if rand > r(i)
• Evaluate new solution Fnew = total_cost(S(i))
• Accept solution if Fnew < Fitness(i) and rand < A_bat(i)
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Update Sol(i), Fitness(i), reduce A_bat(i), update r(i)
• If Fnew < bestF, update global best
Store bestF in the convergence curve
Step 6: Retrieve the Final Optimal Solution
best = [T_opt, V_opt]
Evaluate total_cost(T_opt, V_opt)→ TC_min, Q_opt, CT_opt

Aer the GA and BA for the two-variable case involving
cycle length (T) and preservation investment (V) are successfully
implemented, the approach is further extended to include a
third decision variable, namely green technology investment
(G). is three-variable optimisation framework enables a more
comprehensive evaluation of the total cost function TC(T,V,G),
capturing the combined effects of operational and environmental
decision factors, including inventory performance and carbon
emission costs.

7 Numerical examples

is section presents detailed numerical examples to validate
and demonstrate the effectiveness of the proposed green inventory
models under diverse environmental policies and ĕnancial
strategies, including carbon tax, cap-and-trade, trade credit,
and green ĕnancing. By integrating realistic parameter values, the
analysis provides insight into how each policy framework inĘuences
key decision variables such as preservation technology investment
(V), green technology investment (G), and cycle time (T), along
with their effects on replenishment quantity (Q), carbon emission
cost (CE), and total cost (TC). e parameter values were initially
referenced from the established literature, notably Shah et al. (2023),
and were subsequently reĕned to align with the optimal solution
requirements of the proposed model. e results emphasize the
importance of incorporating environmental considerations into
inventory decision-making and reveal how strategic investments in
sustainability can lead to cost-effective and eco-efficient outcomes.
Additionally, the performance of metaheuristic algorithms such as
the GA and the BA is compared with that of the SM to assess the
solution robustness and adaptability under varying policy scenarios.

Example 1: inventory model incorporating carbon tax
is baseline model considers a carbon tax policy with the

following parameters: D0= 3500 units/year, λ = 0.3, θ0 = 0.05, ς =
0.5, ordering cost A = 100, deterioration cost dc = $0.8, carbon
emission-related deterioration cost dcer = $0.5, holding cost hc =
$0.1, carbon-related holding cost hcer = $0.05, and carbon tax rate
CT = $0.1. e aim is to minimize the total cost by optimizing
the inventory cycle and investment decisions under the carbon
tax regime.

• e SM, GA, and BA optimisation techniques each yielded
the same optimal values for the carbon tax inventory model:
V = $6.6944,T = 0.877 years, TC = $258.20,Q = 2701, and
Tc = $5.763, as detailed in Table 2. is consistency across
distinct algorithms conĕrms the robustness and credibility of
the model.

• Figure 3 illustrates the cost surface in terms of decision
variables V and T, clearly indicating the region of minimum
total cost.

• As shown in Figures 4a, b, the GA and BA exhibit rapid
convergence, reaching the optimal solution within a few
generations. is indicates their computational efficiency and
effectiveness in handling complex optimisation problems.

• eSMmethod accurately determined the global optimumatT
= 0.8772 andV=6.6944, yielding a total cost of 258.2046 in 7.45
seconds, indicating analytical precision. In contrast, the GA
reached the same solution in just 0.74 seconds, demonstrating
remarkable speed and robustness.eBA also converged to the
optimum in 6.52 seconds, indicating a well-balanced trade-off
between accuracy and efficiency.

• ese ĕndings validate the applicability of advanced
metaheuristics for solving nonlinear, constrained inventory
models governed by carbon tax policies.

Example 2(a): Inventory model incorporating carbon tax under
trade credit conditions (M < T)

is model builds upon Example 1 by integrating trade
credit ĕnancing. Additional ĕnancial parameters include selling
price s = $0.7, purchasing cost c = $0.15, interest earned
Ie = 8% per annum, interest paid Ip = 10% per annum,
and permissible delay period M = 0.5 years. e objective is
to minimize total cost by jointly optimizing inventory decisions
and the beneĕts of short-term trade credit within a carbon tax
policy environment.

• Under the carbon tax framework with trade credit, all three
optimisation methods SM, GA, and BA yielded consistent
opt,imal solutions: V = $6.325,T = 0.710 years, TC =
$235.96,Q = 2241, and Tc = $3.920, as listed in Table 3.
e close alignment across algorithms affirms the model’s
structural soundness.

• Figure 5 visualizes the total cost surface as a function of V and
T, highlighting a clear global minimum.

• e convergence proĕles in Figures 6a, b demonstrate the swi
and stable convergence of GA and BA, reĘecting their ability to
efficiently navigate the solution space.

• In this instance, SM determined the global optimum at T =
0.7105 and V = 6.3256 with a minimum total cost of
235.9631, taking 12.07 seconds due to its reliance on symbolic
calculations.eGA, however, achieved the same result in only
0.70 seconds, indicating superior computational performance
and stable convergence.

• ese results reinforce the suitability of metaheuristic
approaches in optimizing inventory models that integrate both
environmental regulations and ĕnancial instruments such as
trade credit.

Example 2(b): inventory model incorporating carbon tax under
trade credit conditions (M ≥ T)

is scenario extends the permissible payment delay to M =
0.82 years while retaining the parameters from Example 2(a). e
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TABLE 2 Comparative analysis of optimization algorithms for inventory modeling under carbon tax policy.

Algorithm
Parameters

V* ($) T* (years) TC* ($) Q*(Units) T∗c ($)

SM 6.694 0.877 258.20 2,701 5.763

GA 6.6944 0.877 258.20 2,701 5.763

BA 6.6944 0.877 258.20 2,701 5.763

“*” used to denote the optimal solution.

TABLE 3 Comparative analysis of optimisation algorithms for inventory modeling under carbon tax with trade credit (M < T).

Algorithm
Parameters

M(years) V* ($) T* (years) TC* ($) Q*(Units) T∗c ($)

SM 0.5 6.325 0.710 235.96 2,241 3.920

GA 0.5 6.325 0.710 235.96 2,241 3.920

BA 0.5 6.325 0.710 235.96 2,241 3.920

“*” used to denote the optimal solution.

model seeks to identify an optimal inventory policy that maximizes
the beneĕt of extended trade credit while adhering to carbon tax
regulations, with a focus on cost minimization.

• According to Table 4, SM, GA, and BA produced identical
optimal outcomes for the carbon tax and trade credit scenario:
V = $6.115,T = 0.631 years, TC = $189.90,Q = 2016,
and Tc = $3.156. is further highlights the model’s resilience
under different computational methods.

• Figure 7 presents the total cost landscape over variables V and
T, with a distinct dip marking the optimal region.

• e convergence plots in Figures 8a, b conĕrm
the rapid descent of thw GA and BA toward the
optimal objective, indicating high performance and
algorithmic stability.

• e SM acheieved high mathematical accuracy, completing
the task in 10.29 s by performing symbolic differentiation and
integration.eGA identiĕed the same optimum in just 0.61 s,
highlighting its exceptional speed and reliable convergence.
e BA also matched the optimal outcome in 6.28 s, effectively
balancing precision and runtime.

• ese outcomes emphasis the dependability of the GA and BA
in producing accurate, repeatable results for environmentally
regulated inventory systems.

Example 3: inventory model incorporating carbon cap and trade

is model introduces a carbon cap-and-trade regulatory
frameworkwhile excluding trade credit and green ĕnancing options.
e parameters from Example 1 are retained, except for the carbon
tax componentCT, which is replacedwith a carbon priceCP = 0.07
and emission allowance � = 25 units. e primary aim is to
optimize the total cost under a carbon cap-and-trade policy without
trade credit or green ĕnancing, by determining the optimal values
of the decision variables.

• As shown in Table 5, the three optimisation techniques
unanimously achieved the same optimal values under a
cap-and-trade regulatory policy: V = $6.655,T =
0.875 years,TC = $254.23,Q = 2696, and TcT =

$2.269. is convergence signiĕes a well-structured and stable
optimisation model.

• e total cost surface, illustrated in Figure 9, highlights the
zone of global optimum under cap-and-trade constraints.

• e convergence trends of GA and BA are shown in
Figures 10a, b respectively, each demonstrating efficient
progression to the optimum solution

• e SM attained the global optimum with high precision
although 75.51 s were needed to do so. e GA outperforms
the others in terms of speed, achieving the same result in
just 0.70 s with consistent convergence. Meanwhile, the BA
also successfully located the optimal solution in 6.68 seconds,
offering a strong balance between speed and accuracy.

• ese results conĕrm that the model performs consistently
across algorithmic methods within a cap-and-trade
policy context, validating its application in sustainable
inventory planning.

Example 4(a): inventory model incorporating carbon cap and
trade under trade credit (M < T)

is example extends the cap-and-trade framework from
Example 3 by incorporating trade credit ĕnancing. e added
parameters include s = $0.7, c = $0.15, Ie = 8% per annum,Ip =
10% per annum, and M = 0.5 years. e objective is to optimize
the decision variables to minimize total cost under a cap-and-trade
system while leveraging short-term trade credit opportunities.

• Under the cap-and-trade model with trade credit, the
optimisation results presented in Table 6 show that SM, GA,
and BA converged to the same solution:V = $6.280,T = 0.706
years, TC = $231.84,Q = 2230, and TcT = $0.967. is
consistency reinforces the reliability of the proposed model
under hybrid ĕnancial and regulatory settings.

• Figure 11 depicts the cost surface variation over V and T, where
the optimal region is visible as a well-deĕned trough.

• e Convergence plots in Figures 12a, b illustrate the efficiency
of the GA and BA, with both algorithms swily locating the
global minimum.

• e SM leveraged symbolic analysis to ensure precision
and completed the process in 6.67 s. e GA achieved the
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TABLE 4 Comparative analysis of optimisation algorithms for inventory modeling under carbon tax with trade credit (M ≥ T).

Algorithm
Parameters

M (years) V* ($) T* (years) TC* ($) Q*(Units) T∗c ($)

SM 0.821 6.115 0.631 186.90 2016 3.156

GA 0.821 6.115 0.631 186.90 2016 3.156

BA 0.821 6.115 0.631 186.90 2016 3.156

“*” used to denote the optimal solution.

TABLE 5 Comparative analysis of optimization algorithms for inventory modeling under the carbon cap-and-trade policy.

Algorithm
Parameters

V* ($) T* (years) TC* ($) Q*(Units) T∗cT($)

SM 6.655 0.875 254.23 2,696 2.269

GA 6.655 0.875 254.23 2,696 2.269

BA 6.655 0.875 254.23 2,696 2.269

“*” used to denote the optimal solution.

TABLE 6 Comparative analysis of optimisation algorithms for inventory modeling under the carbon cap-and-trade policy with trade credit (M < T).

Algorithm
Parameters

M (years) V* ($) T* (years) TC* ($) Q*(Units) T∗cT($)

SM 0.5 6.280 0.706 231.84 2,230 0.967

GA 0.5 6.280 0.706 231.84 2,230 0.967

BA 0.5 6.280 0.706 231.84 2,230 0.967

“*” used to denote the optimal solution.

identical optimal result in only 1.08 s, emphasizing its high
computational efficiency and consistency. Similarly, the BA
reached the same solution in 2.58 s, effectively balancing speed
with solution ĕdelity.

• is example underscores the efficacy of metaheuristic
strategies in supporting robust and accurate decision-making
for eco-conscious inventory models.

Example 4(b): inventory model incorporating carbon cap and
trade and trade credit (M ≥ T)

ismodel builds on the setup from Example 4(a) by increasing
the permissible trade credit period to M = 0.82 years. Within
the framework of a carbon cap-and-trade policy, the model aims
to identify the optimal strategy that effectively integrates longer
trade credit terms with emission constraints, thereby achieving a
cost-efficient and environmentally compliant inventory policy.

• Table 7 details the nearly identical results achieved by SM,
GA, and BA under cap-and-trade regulations with trade credit:
V = $6.070,T = 0.6283 years, TC = $182.62,Q = 2005,
and TCT = $0.437. is further conĕrms the consistency and
validity of the optimisation framework.

• As shown in Figure 13, the cost surface exhibits a pronounced
valley that aligns with the optimal solution.

• e convergence behavior of the GA and BA, illustrated in
Figures 14a, b, highlights the rapid and reliable progression
toward the global minimum.

• e SM ensured high mathematical precision through
symbolic integration and differentiation, completing the
process in 3.50 s.eGA reached the same optimal result most
quickly, in just 2.32 s, demonstrating exceptional efficiency and
consistent convergence. e BA also identiĕed the optimum

which was completed in 2.50 s, striking a balance between
computational speed and solution accuracy.

• ese ĕndings conĕrm the relevance of metaheuristic
approaches in managing complex inventory systems that are
inĘuenced by environmental and ĕnancial constraints.

Example 5: inventorymodel incorporating green investment and
ĕnancing

is ĕnal model explores the integration of green ĕnancing for
technology investment. On the Basis of the parameters in Example
1, additional values are introduced: investment efficiency factor
a = 0.5, the ĕnancing support K, deĕned as 25% of the green
technology investment and interest rate of the green investment
R = 0.08. e objective is to minimize total cost by optimizing
green technology investment and green ĕnancing decisions under
sustainability constraints.

• In the scenario incorporating green investment and green
ĕnancing under carbon taxation, Table 8 reveals that SM, GA,
and BA all identiĕed the same optimal parameters: V =
$6.686,T = 0.897 years, TC = $257.631,Q = 2756, and
CTCE = $3.62. is convergence across algorithms conĕrms
the adaptability and soundness of the model.

• Figure 15a visualizes the cost surface across the decision
variables T,V, and G, where Figure 15a illustrates the total
cost as a function of T and V and Figure 15b shows the total
cost as a function of T and G, with a clear emphasis on the
optimal region.

• the convergence paths for GA and BA both of which rapidly
and stably reach the minimum cost are shown in Figures 16a,
b respectively.
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TABLE 7 Comparative analysis of optimisation algorithms for inventory modeling under the carbon cap-and-trade policy with trade credit (M ≥ T).

Algorithm
Parameters

M (years) V* ($) T* (years) TC* ($) Q*(Units) T∗cT($)

SM 0.821 6.070 0.6283 182.62 2005 0.437

GA 0.821 6.070 0.6283 182.62 2005 0.437

BA 0.821 6.070 0.6283 182.62 2005 0.437

“*” used to denote the optimal solution.

TABLE 8 Comparative analysis of optimization algorithms for inventory modeling with green investment and financing.

Algorithm
Parameters

V* ($) G*($) T* (years) TC* ($) Q*(Units) CT∗CE($)

SM 6.687 1.0143 0.897 257.63 2756 3.62

GA 6.687 1.0142 0.897 257.63 2756 3.61

BA 6.686 1.0143 0.897 257.63 2756 3.62

“*” used to denote the optimal solution.

• e SM provided robust theoretical assurance within 15.58
s. e GA achieved the optimal solution most efficiently,
completing in just 0.64 s, whereas the BA also successfully
located the same optimum with a moderate execution time
of 6.22 s.

• In conclusion, this study demonstrates that the GA and BA
yield results comparable to those of the SM in terms of
accuracy while offering superior computational performance.
eir ability to consistently yield optimal solutionsmakes them
highly applicable for sustainable inventory management in
green policy frameworks.

8 Managerial insights

e optimal results across all models and payment schemes
are summarized in Table 9. Building upon these results, the
following managerial insights are derived to inform strategic
decision-making.

• e optimal replenishment cycles derived from the
computational analysis provide actionable guidance for
inventory managers in determining restocking intervals,
enabling businesses to reduce wastage and carbon emissions
while ensuring continuous availability of goods. is directly
supports cost reduction and service-level improvement.

• e optimal preservation technology investment identiĕes the
appropriate investment level required to reduce deterioration
and extend shelf life. Managers can use this insight to
balance preservation costs to reduce deterioration, leading
to lower waste, reduced carbon emissions, and improved
proĕtability.

• e numerical results demonstrate that ĕnancial mechanisms
such as trade credit and green ĕnancing signiĕcantly improve
cost efficiency by easing cash Ęow constraints. is allows
ĕrms to invest in preservation and green technologies without
immediate ĕnancial pressure, thereby supporting long-term
sustainability while maintaining proĕtability.

• e comparative analysis of carbon tax and cap-and-trade
mechanisms shows that cap-and-trade can offer greater
Ęexibility and lower emission-related costs in certain scenarios.
Decision-makers can use this insight to select regulatory
policies that minimize compliance costs while achieving
emission reduction targets.

• Overall, the ĕndings indicate that integrating ĕnancial
strategies with appropriate environmental regulations enables
ĕrms to simultaneously achieve economic efficiency and
environmental sustainability.

9 Significance of the proposed model

e proposed green inventory model signiĕcantly advances
sustainable inventory management practices, particularly in sectors
dealing with perishable goods, by addressing the intertwined
challenges of product deterioration, carbon emissions, and ĕnancial
constraints. By integrating freshness-dependent demand with
preservation investment that mitigates deterioration, the model
provides a dynamic and practical framework for optimizing
inventory levels while reducing environmental impact. A core
innovation of this model lies in its integration of environmental
policies, namely carbon tax and cap-and-trade, alongside trade
credit and green ĕnancingmechanisms.is dual-pronged ĕnancial
approach aligns ecological responsibility with operational and ĕscal
decision-making, enabling retailers to reduce their carbon footprints
without compromising proĕtability.

e model strengthens inventory decision-making by
embedding cost components related to carbon emissions from both
holding and deterioration processes, encouraging companies to
consider environmental costs as integral to operational planning.
Additionally, the inclusion of strategic investment variables for
preservation and green initiatives allows ĕrms to tailor inventory
policies according to regulatory compliance, product perishability,
and market volatility. e trade-credit structure embedded in the
model provides enhanced Ęexibility in managing cash Ęows and
inventory replenishment schedules. It supports ĕrms in mitigating
payment risks and maintaining liquidity while adapting to varying
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TABLE 9 Optimal values of decision variables under various models and payment schemes.

Model Example Payment

scheme

M V* G* T* TC* Q* CE*

Carbon tax 1 - - 6.694 - 0.877 258.20 2,701 5.763

Carbon tax under

trade credit

2(a) TC-M ≤ T 0.5 6.325 - 0.710 235.96 2,241 3.920

2(b) TC -M ≥ T 0.921 6.115 - 0.631 186.90 2,016 3.156

Carbon cap and

trad

3 - - 6.667 - 0.863 255.33 2,664 3.102

Carbon

cap-and-trade

under trade credit

4(a) TC -M ≤ T 0.5 6.293 - 0.697 232.41 2,204 1.289

4(b) TC -M ≥ T 0.821 6.088 - 0.622 182.91 1,989 0.57

Green investment 5 Green

ĕnancing

- 6.687 1.014 0.897 257.63 2,756 3.62

TC, trade credit; CE, carbon emission cost under each model and *denotes the Optimal solution.

credit terms across suppliers and retailers. e green ĕnancing
options empower businesses to invest in green investments for
preservation and eco-friendly technologies, further reinforcing
their sustainability goals.

To effectively solve the complex optimisation problem,
the model leverages advanced metaheuristic techniques such
as the GA and BA. ese algorithms ensure globally optimal
and computationally feasible solutions under varying system
constraints. For practitioners and policy-makers alike, this model
serves as a valuable decision-support tool, bridging the gap
between economic performance and ecological responsibility. By
combining regulatory strategies with innovative ĕnancial tools
and intelligent optimisation, the model promotes cost efficiency,
environmental stewardship, and long-term operational resilience in
green inventory management.

10 Conclusion

A comprehensive green inventory model for perishable items
with freshness-dependent demand is presented, integrated within
the frameworks of green ĕnancing and trade credit. By addressing
the environmental impact of carbon emissions generated during
both storage and product deterioration, the model contributes
to sustainable inventory management by embedding carbon-
sensitive decision-making into the EOQ framework. By jointly
considering economic and environmental objectives, the model
optimizes the order quantity, replenishment cycle time, and
preservation technology investment. is study aimed to minimize
total inventory costs, carbon emissions, and product wastage.

Two complementary ĕnancing mechanisms were incorporated:
trade credit, which enhances short-term liquidity, and green
ĕnancing, which supports investment in carbon-reducing
technologies. Together, these mechanisms enabled retailers
to adopt environmentally sustainable practices without facing
immediate ĕnancial pressure. A comparative analysis of carbon
taxation and cap-and-trade mechanisms was also provided,
guiding decision-makers in identifying effective emission control
strategies. is integration of ĕnancial Ęexibility, technological
investment, and environmental policy alignment demonstrates how

retailers could achieve proĕtability and sustainability in managing
perishable goods.

Analytical solution methodologies and advanced optimisation
techniques are employed to determine the optimal solutions.
Numerical examples were analyzed under different scenarios
considering carbon emission regulations (carbon tax and cap-and-
trade) and ĕnancingmechanisms (trade credit and green ĕnancing).
ese numerical results illustrate how optimal replenishment
timing, preservation investment, and emission outcomes vary
across regulatory and ĕnancial environments, thereby translating
the theoretical model into actionable decision guidelines. e
effectiveness and convergence of the proposed meta-heuristic
algorithms in solving the complex non-linear model are also
demonstrated through these experiments.

e crucial role of integrating carbon-conscious strategies
into inventory decision-making was highlighted to promote both
environmental sustainability and operational efficiency. Across
different approaches carbon tax, cap-and-trade, trade credit,
and green ĕnancing, the results demonstrated that targeted
investments in preservation technologies and ĕnancingmechanisms
signiĕcantly reduced costs and emissions. Trade credit consistently
enhanced cost efficiency, whereas cap-and-trade policies provided
greater Ęexibility for emission control. e green ĕnancing model
conĕrmed that environmentally aligned ĕnancial instruments could
support sustainability goals without compromising operational
performance. Together, these models offer a strong foundation
for balanced, eco-friendly, and economically viable inventory
management decisions.

Future research could extend the proposed model by
incorporating a multi-echelon or multi-retailer inventory to
enhance its applicability in complex distribution networks. e
incorporation of variable ĕnancial conditions, evolving carbon
regulations, and emerging green policy instruments such as
carbon offset programs could enhance the model’s realism and
adaptability. Integration with real-time data and decision-support
technologies might have further strengthened its practical relevance
and implementation in modern inventory systems.

is work was primarily limited by its focus on perishable
goods with freshness-dependent demand, which might have
reduced its applicability to nonperishable or slow-moving items.
e model assumed ĕxed terms for trade credit and green
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ĕnancing, overlooking the variability and complexity of ĕnancial
conditions in real markets. It simpliĕed carbon emission modeling
by assuming constant deterioration and storage-related emission
rates, which might not have fully captured real operational
behavior. e model also excluded external uncertainties such as
demand variability, energy price Ęuctuations, and sudden regulatory
changes, which could have signiĕcantly inĘuenced inventory
decisions and sustainability investments.
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