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Abstract

In today’s highly competitive markets, the rising cost of warehouse space
has become a critical challenge for effective inventory management. This
necessitates inventory replenishment policies that explicitly account for
limited storage capacity. In this study, we develop an inventory model
designed to optimize inventory levels and improve ordering decisions under
storage-space constraints. Motivated by the growing influence of Artificial
Intelligence (AI) and Machine Learning (ML) in supply chain management
implementing Al in this domain requires a structured approach beginning
with the collection of high-quality data from diverse sources such as sales
records, customer interactions, production logs, and real-time inventory lev-
els. This data must undergo rigorous pre-processing and cleaning to remove
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inconsistencies and ensure reliability for subsequent analysis. Based on oper-
ational needs, suitable Al models — such as machine learning algorithms
for demand forecasting, natural language processing for customer inquiries,
and computer vision for product identification — can then be selected and
trained on historical datasets to identify actionable patterns The data col-
lected support more accurate and timely reorder point decisions. Demand
is assumed to be time-dependent, while deterioration is also considered as
a time-varying phenomenon. The production rate is finite, shortages are
permitted with partial backlogging and the backlogging rate is inversely
related to customer waiting time. The objective of the model is to minimize
the total inventory cost by jointly determining the optimal cycle length,
production rate and order quantity. The effectiveness of the proposed model
is demonstrated through a numerical example and a comprehensive sen-
sitivity analysis is conducted to examine the impact of key parameters.
The results indicate that incorporating storage constraints and Al-supported
reorder decisions can significantly enhance inventory performance and cost
efficiency.

Keywords: Artificial intelligence, machine learning, reorder point predic-
tion, inventory control, demand forecasting, time-dependent deterioration,
partial backlogging.

1 Introduction

In today’s highly competitive and cost-driven market environment, the effi-
cient utilization of warehouse space has become a critical concern for
management across numerous industries. Rising storage costs, expanding
product variety, and fluctuating demand patterns compel firms to adopt
inventory policies that effectively account for limited storage capacity. When
replenishment arrives, excess stock that cannot be accommodated within
the available space may result in additional expenses or heightened risk of
deterioration — particularly for items with finite shelf lives.

To address these growing challenges, organizations are increasingly
turning to Artificial Intelligence (Al) for enhanced order processing. Imple-
menting Al in this domain requires a structured approach beginning with the
collection of high-quality data from diverse sources such as sales records,
customer interactions, production logs, and real-time inventory levels. This
data must undergo rigorous pre-processing and cleaning to remove inconsis-
tencies and ensure reliability for subsequent analysis. Based on operational
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needs, suitable Al models — such as machine learning algorithms for demand
forecasting, natural language processing for customer inquiries, and com-
puter vision for product identification — can then be selected and trained
on historical datasets to identify actionable patterns. Fine-tuning model
parameters and optimizing algorithms further enhances accuracy and system
performance. Once integrated with the existing order management system,
these trained models strengthen decision-making functions including order
routing, inventory allocation, fraud detection, and customer engagement.
Continuous monitoring, feedback collection, and periodic retraining ensure
that the Al system remains scalable, adaptive, and aligned with evolving
business requirements, while strict adherence to data privacy and security
regulations protects sensitive information.

The concept of a two-warehouse inventory system was initially intro-
duced by Hartley [1], who suggested that storing goods in a rented warehouse
(RW) generally incurs a higher holding cost than keeping them in an
owned warehouse (OW). Building on this foundation, Sarma [2] formu-
lated one of the earliest deterministic models for a deteriorating item with
shortages under a constant demand environment using two storage facili-
ties. Later, Pakkala and Achary [3] expanded this framework by allowing
a finite production rate and shortages. Subsequent researchers, including
Benkherouf [4] and Bhunia and Maiti [5], incorporated time-dependent
demand into two-warehouse models for deteriorating products. However,
most early studies overlooked the crucial effect of the time value of money,
despite the fact that financial performance and investment decisions in
real-world businesses are directly linked to inflation and discounting. Rec-
ognizing this gap, Buzacott [6] was the first to integrate inflation into inven-
tory modeling and derived a minimum-cost formulation for a single-item
system.

Customer willingness to wait for replenishment usually depends on the
duration of the waiting period, adding another dynamic factor to inven-
tory decisions. Motivated by these considerations, this paper develops a
deterministic inventory model for deteriorating items under storage-space
constraints, incorporating time-dependent demand, finite production rate, and
partial backlogging. The objective is to minimize total inventory cost by
determining the optimal cycle length, production rate, and order quantity.
The effectiveness of the proposed model is demonstrated through a numerical
example, followed by a comprehensive sensitivity analysis examining the
influence of critical parameters such as deterioration rate, inflation rate, and
backordering ratio.
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2 Literature Review

Beyond technological advancement, practical considerations within inven-
tory systems also necessitate more realistic mathematical models. Many
commonly used products — such as perishable foods, pharmaceuticals,
radioactive materials, and fragile goods — experience deterioration over time,
leading to hidden losses and increased operational costs. Real-world demand
further complicates inventory management, as it typically varies with time
owing to seasonality, market trends, economic conditions, and promotional
activities. Additionally, shortages are often unavoidable, and in many situa-
tions allowing shortages with partial backlogging is more economical than
holding excessive inventory.

Later, Misra [7] included both internal and external inflation rates along
with interest rates, demonstrating their influence on replenishment decisions.
Chandra and Bahner [8] extended Misra’s work by considering shortages,
while Sarker and Pan [9] studied a finite production rate model with inflation
and the time value of money where shortages were allowed. Hariga [10]
further advanced this line of inquiry by examining systems with time-
dependent demand and shortages in an inflationary context. Bose et al. [11],
who formulated an EOQ model for deteriorating items with linear time-
varying demand and shortages under inflation and discounting. Van Delft
and Vial [12], who adopted a discounted-cost perspective to study items
with random and short lifetimes. Moon and Lee [13], who provided a broad
review of inflation-affected inventory models. The first attempt to incorporate
inflation into a two-warehouse setting was made by Yang [14], who assumed
constant deterioration and demand with complete backlogging. Later, Wee
et al. [15] introduced partial backordering and Weibull-type deterioration but
restricted their study to constant demand and constant backlogging rates.
Yang [16] also analyzed partial backlogging in a two-warehouse environment
with constant demand under inflation.

Dey et al. [17] developed two-warehouse models incorporating inflation
and the time value of money; where Ghosh and Chakrabarty [18] proposed an
order-level system with full backlogging. Jaggi and Verma [19] examined a
linear trend in demand with complete backlogging under inflation, Patra [20]
developed a model with constant deterioration and full backlogging under
the time value of money. Two warehouse base inventory control model by
Singh et al. [21] developed under partial backlogging for deteriorating items
in a two-warehouse structure and Yang [22] later extended earlier models
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by integrating a three-parameter Weibull deterioration pattern with constant
demand.

A closer look at the literature reveals that only a few studies have
simultaneously accounted for time-varying deterioration, inflation, and
partial backordering, despite these phenomena occurring frequently in real
operational environments. The present study addresses this gap by developing
a comprehensive inventory model for deteriorating items stored across
two warehouses with different deterioration behaviours governed by a two-
parameter Weibull distribution. Shortages are permitted and treated as
partially backlogged, while demand is assumed to grow exponentially over
time. The rented warehouse, as expected, incurs a higher holding cost than
the owned warehouse. The model integrates inflation through a discounted
cash-flow (DCF) approach and determines the optimal replenishment policy
that minimizes the total present value of costs.

Research on EPQ/EOQ models for deteriorating items, two-warehouse
systems, and advanced demand structures has grown significantly in recent
decades. Early studies explored foundational aspects such as variable holding
costs, shortages, and learning effects. For instance, Wang et al. [23] developed
deep learning-based demand forecasting in supply chain management and
presented a EPQ framework for a two-warehouse system that incorporated
variable holding costs and the influence of learning on setup cost, demon-
strating how learning can reduce operational expenses over time. In a similar
direction, Saha and Chakrabarti [24] investigated deteriorating items with
probabilistic demand and variable production rates, contributing to models
where uncertainty plays a key role. Further advancements were seen in
models addressing delayed deterioration and multi-phase demand patterns.
Malumfashi et al. [25] introduced an EPQ model for items with delayed
deterioration, incorporating variable production rates and two-phase demand
alongside shortages. Dari and Sani [26] extended this idea to situations where
demand follows a quadratic pattern, and holding costs are linear, providing
a broader understanding of how nonlinear market behavior can influence
replenishment decisions.

Multi-warehouse systems have also been central to the literature. Hasan,
Kausar, and Verma [27] presented an EOQ model for non-instantaneous dete-
rioration with ramp-type demand within a two-warehouse setting, empha-
sizing the importance of coordinated warehouse operations. Enhancing this
concept, Das [28] incorporated preservation technology and stock-dependent
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demand into a two-warehouse production model, using a modified genetic
algorithm to achieve optimal solutions under complex deterioration behavior.
Environmental and green considerations appeared in more recent works.
Singh, Singh, and Rani [29] proposed an EPQ model where setup cost
depends on population factors in a green environment, highlighting sustain-
ability aspects in production-inventory systems. Likewise, Kumar, Sharma,
and Gupta [30] developed a multi-item EOQ model that integrates ramp-type
demand, partial backlogging, carbon emission costs, and inflation, showing
the increasing importance of environmental and financial factors. Several
studies focused on partial backlogging, credit policy, and variable dete-
rioration. Gomathi and Chitra [31] formulated an EPQ model for non-
instantaneous deteriorating items with finite production and time-dependent
demand, incorporating partial backlogging and credit financing. Kehinde
et al. [32] explored EOQ systems for items with delayed deterioration under-
price-, stock-, and reliability-dependent demand in a partial backlogging
environment. Similarly, Hatibaruah and Saha [33] examined the role of
preservation technology investment in systems where demand depends on
both time and price.

Models with advanced demand patterns and variable deterioration rates
have also been explored. Rabiu and Ali [34] proposed an inventory frame-
work combining linear time-dependent demand, variable holding cost, and
backlogged shortages, while Mondal et al. [35] developed an EOQ model
with exponential time-dependent demand and backordering. Additional con-
tributions include Padiyar et al. [36], who formulated an EPQ model for
two warehouses with different demand and deterioration structures under
shortages and imperfect production, and Gupta et al. [37], who introduced an
EPQ model incorporating Weibull deterioration and dynamic time-dependent
holding costs using Maclaurin series approximations.

Recent research also emphasizes multi-stage systems and trapezoidal
demand patterns. Suvetha et al. [38] developed a three-stage EPQ model that
accounts for time-dependent deterioration and trapezoidal demand dynamics,
offering more realistic representations of evolving market conditions. Lastly,
Shah, Patel, and Rabari [39] explored inventory decisions under carbon emis-
sion constraints, partial backlogging, and price-stock-dependent demand,
positioning sustainability at the forefront of inventory management strategies.
A numerical illustration and sensitivity analysis highlight the impact of
inflation, deterioration rate, and backordering rate on the system’s total cost.
The results indicate that relying solely on either rented or owned warehouse
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storage leads to a higher present-value cost compared to using a coordinated
two-warehouse structure.

3 Assumption and notations
3.1 Assumptions

The following assumptions are used in the model;

(i) Reorder point monitoring with Al and ML.

(i) The retailer continuously observes the inventory status and places an
order of size Q whenever the stock level reaches the reorder point R.

(iii) Customer demand occurs in small quantities, so the chance of the inven-
tory dropping below the reorder point due to sudden large withdrawals
is negligible.

(iv) The deterioration of items follows a time-dependent pattern.

(v) The demand rate is considered as time dependent.

(vi) The production rate is assumed to be dependent on the prevailing
demand rate.

(vii) The retailer has a fixed storage capacity, denoted by W, allocated for
stocking the item.
(viii) Any units supplied in excess of the available storage capacity at the

time of delivery are sent back to the supplier.

(ix) The retailer’s order quantity is always lower than the available storage
capacity.

(x) The duration of shortage (stock-out) within a cycle is relatively small
when compared with the total cycle time.

(xi) The supplier imposes an additional charge, calculated as a proportion
of the purchasing cost, for each unit returned due to insufficient storage
space.

3.2 Notations

Table 2, showing the notations throughout in the model.

4 Model Formulation
4.1 Supplier’s Model

A simple production system is considered, where a single facility manu-
factures one type of item. The interval between two successive production
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Table 2 Notation of the present model
P = Production Rate.
T = Cycle Time.
T = Duration of production run.
T5 = Time in which no production but sock is available.

po = Cost of per unit production.
p1 = Supplier’s per unit selling price.
p2 = Retailer’s per unit selling price.
cds = Cost of per unit deterioration for the supplier.
cdr = Cost of per unit deterioration for the retailer.
h1 = Per unit holding cost per unit for the supplier.
ho = Per unit holding cost per unit for the retailer.
T = Set up cost for the supplier.
Z = The point where reorder initiated for the retailer.
X = Lead time demand for the retailer.
W = Storage capacity for the retailer.
Q = Order quantity for the retailer.
n = Rate of backlogging.
ORr = Ordering cost for the retailer.
v = Stock out time for negative inventory.
Y = Demand during lead time for the retailer
T.A.C = Total Average Cost

Inventory

|

- ' > Time
— 7 — re———— —
J T T.

4
- T >

Figure 1 Mathematical representation of the supplier’s model.

start points is defined as a cycle. Production begins at the start of each cycle
and as items are continuously produced, the inventory rises after satisfying
demand and accounting for deterioration. Production continues until time T;
after which it stops. Once production halts, the existing inventory depletes
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due to both demand and deterioration over the remaining part of the cycle.
The cycle ends when the inventory level reaches zero. The production begins
again at time T.

The differential equations for the system are given by:-

W kn() = (- D@ +m) 0<t<T; M
)y hir ) = ~a+bt) Ti<t<Ty @

With boundary conditions: —
I0) =0 Is(T») =0 3)
The solution of these equations are given by: —

kt?  kt3 k2
I(t) = aly — 1) <t + 5t 6) e 5

3 bkt? 2

kt® b2 bktt 2
Is(t):—(l |:Clt+a6+2+8:| 67% TlStSTQ (5)

Now, the total cost for the supplier is given by

T.C4; = Production cost + deterioration cost

+ inventory holding cost + set up cost (6)

n bT?
Production cost = po/ (v —=1)(a+bt)dt = po(y—1) (aTl + 21>
0
(7

Total deteriorated units = Total production — Total demand

T2 T2
Deterioration cost = cgs {(’Y -1 (aT1 + b21> N <aT2 " b;) } ®)

T1 T2
Holding cost = h; </ Is(t)> dt +/ Is(t))dt
0

T
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kt? kt3\ ke
:hl{a(fy—l) <t+6+6> e 5

3 bkt 2
+ b(’}/ — 1) <6 + 8) 6_%

—a[at+++ P)

6 2 8

3 2 4 2
akt bt bkt} e_m} ©)

Setup cost =171 (10)
Putting all these values in Equation (6): —

2
TC) = i~ 1) (o + %5 )

bT? bT3
+ Cds {(7— 1) <CLT1 + 21> - <(IT2+ 22>}

3 3 2
+h1{a(71) <t+ké+ké> e

3 bkt 2
+b(y—1) ( + ) e T

6 8
akt>  bt?  bkt'] ke
—a at—i—T—l-?—i-T e 2 +T (11)

Total Average Cost (T.A.C(p)) = +T.C,

1

T.C, (12)

The total average cost equation can be solving by using optimization
method to find the total average cost.

4.2 Buyer’s Model

A buyer-oriented inventory model is formulated under storage-space limita-
tions. When an order of size Q is placed, the quantity that can actually be
accommodated in the storage area depends on the inventory level right after
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Inventory Level

» Time

Figure 2 Inventory Level for case-1.

the order arrives. Consequently, three distinct scenarios must be considered,
based on the relationship among the lead time, the reorder point, the
post-delivery inventory level, and the maximum storage capacity (W).

Case 1: -

Let us assume that the quantity demanded during the lead time is smaller than
the reader point

If Y is the demand during the lead time: —

R-Y>0andR-Y+Q<W

The differential equation governing the transition of the system for the
relation is given by: —

dI, (1)
dt

VKL () = —(y—D)(a+bt) 0<t<T

IL,O)=R-Y+Q) (13)

The solution is given by: —

Et2 k3 ke
6 6 )°

fr<t>:{<R—Y+@>—a<v—1>(t++ :

3 4 2
+b(7—1)<t6+b25>e—’“§} 0<t<T (14)

The total cost associated with the inventory:
T.Cr = Purchasing cost + Inv. Holding cost
+ Det. Cost + Ordering cost (15)
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Purchasing cost = Q py

T
Inv. Holding Cost = hg / I, (t)) dt
0

Holding Cost = hg{(R -Y+Q)T—-a(y—-1)

T2 kT3 KT\ k2
J— PR IR 2
N\t T )

T bET®\ ke

Total Det. Units = Total inventory — Total demand
kt> Kt

Total Inventory = (R —Y + Q) —a(y — 1) <t 4+ ) e~

6 6

3 bk:t4> 2
e

T
Total Demand = —/ (v —1)(a+ bt)dt
0

T2
Deterioration Cost = {(R -Y+Q) - (aT + b2> Cy

Ordering Cost = Og

Then Total cost for the retailer in this case: —

T.C(R1) = Qp1 + h2{ <2{(R -Y+Q)T +a(y—1)

T2 kT3 kKT 2
x(—l— + )e_ £ +b(y—1)

2 18 24

4 5 kt2
(Y D v

2
— <aT + b1;> Cd

TA.C(Ry) = %(T.C.Rl)

419

(16)

a7

—kt2
2

(18)

19)

(20)

21
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‘r Inventory Level R-Y+Q

R-Y

» Time

Figure 3 Inventory Level for case-2.

Case-2: — In this case we have assumed that R — Y +Q > W

This case show that the (R-Y) is non negative. When items received in
the inventory then its level exceeds the storage capacity. Then the quantity
required that can be accommodated within the available space is (W-(R-Y)).
As, inventory is over so retailer has to pay the material return cost for extra
inventory as a penalty cost.

The differential equation governing the transition of the system is
given by: —

dI, (1)
dt

With boundary condition: —1,(0) =W — (R—-Y)
The solution of this equation is given by: —

= —ktL,(t) — (v = D(a+bt) 0<t<T (22)

2 3 kt2
I.(t) = {(W ~(R—=Y)T —a(y—1) <t+ k% + ké) e "2

3 bkt 2
+b(7—1)<6+8>ek§} 0<t<T (23)
Now, the cost for the retailer is given by;
T.Cre = Purchasing cost + inventory holding cost
+ deterioration cost + material return cost

+ ordering cost
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Purchasing cost = (W — (R = Y))p1

T
Holding cost = hg/ I.(t)dt
0

Hp = ho{(W = (R=Y))T —a(y - 1)

T? N kT3 N RTYN w2
44— 2
2 TT1I8 T oa )€

T* kTP _w2

Deteriorated units = Total inventory — Total demand

T

= (W - (R-Y)) —/(7— 1)(a + bt)dt
0

Deteriorated Cost = {(W —(R-Y))—a(y—-1)

be

y t+kt2+kzt3 =i
6 6 /)€

Ordering Cost = Op
Material Returned = (R —Y +Q — W)
Material Returned Cost = ap1(R —Y + Q — W)

TqRﬂzﬂszXMH+{m/(RYDT

T2 kT3  kT?

_—kt?
=D g g o)l

T bkT®\ ke

< { oV = (R= V)T =l -1

- kt? N 3\ _ _we?
X — 4 — 2
6 "6 )°

421

(24)

(25)

(26)

27

(28)
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3 bkt 2

+ap1(R—Y+Q—W)+{(W—(R—Y))

Kkt kt3 ke
—a(y—1) <t+6+> e‘g}ccﬂ-OR

(29)
1
TAC(Ry) = (TCpa) (30)

Case 3: — When R — Y < 0, it is a shortage of item situation, since the
demand during late time is greater than the reorder point.

It is assumed that the inventory level starts with shortage at t = 0, it results
in shortage. When the stock arrival the maximum inventory level is reaches to
Q— (Y —R). At t = t,, after the arrival of stock and satisfying backlogging
demand, the inventory level becomes Q — (Y — R).

The mathematical equation of the case-3 is as follow: —

df;t(t) — (y—1)(a+bt) 0<t<t, (31)
df;it) = —ktl(t) — (y—1)(a+bt) t,<t<T (32)

With boundary conditions: —

(33)

Figure 4 Inventory Level for case-3.
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The solutions of these equations are given by: —

bt?
I.(t)=—(y-1) (at+6) 0<t<w (34)

Ir(t)={Q—(Y—R)T_a(7_1) <t+W+kt3> i

3 bkt 2
+b(7—1)(6+8)e—’“z} ty<t<T (35)

Total cost for the retailer in this case is given by: —
T.C(R3) = Purchasing cost + Inv. Holding cost + Ordering cost
+ Det. Cost + Shortage Cost (36)
Purchasing cost = Qp; (37)

T
Inv. Holding Cost = hs / I.(t)dt

T2 b T3
Holding Cost = hg{a <UT — 2) +5 <v2T — 3)

+lg<v3T—:’Z>}+(Q—(g¢—R)) <1—§v2>T

Ordering Cost = Op (39)

Deteriorated units = Total inventory — Total demand

Deteriorated Cost = {(Q —(R-Y))—(y—-1) <at + bé:)

2
— (av + bg) }cd 40)
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Shortage Cost = ¢, / I.(t)dt
0

2
=cs(y—1) (cw + bg) (41)
kt2 kt3\ ke
TAC(Rs) = {Q — (Y — R)T — a(y— 1) (t+ i 6) .
5 4 Kt2
+b(y—1) (756 + bk;) ez +Qm

T? b( ., T3
—i—hg{a(vT—2>+2<vT—3>
T

k ak , k
<1—2v2>v+2421 +603(Q—(Y—R))}

+on+{@-r-v)- (-1 (a+ )

2 2
— (av + bg) }cd +es(y—1) <av + bg) (42)

1
Total Average Cost (T.A.C.(R3)) = TT.C(Rg) (43)

Now, with the help of the mathematical tolls like Mathematica we can find
the optimal solution. In addition, we can use the profit maximization method
to find the optimal solution.

5 Numerical Example

To validate the model mathematically, we have taken the following data
and calculate the optimal values of 7. The data has been collected from
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sales records, customer interactions, production logs, and real-time inventory
levels.
Inputs: —

a=245, b=03, cgs=10, cq=21, v=15 py =71,

hi=0.03, he =004, R =360, Q=700
Y =260, Ty =18, k=0.0004, p =75 a=0.3,

W =800, ¢ =400, o=150

After solving the optimization equation, the optimal value of 7} found
47. Hence the solution is
Output: —
Ty =47

6 Sensitivity Analysis

In this section, we have carried out the sensitivity analysis of parameters. The
variation in other variable are analysed with respect to the variation in one
varilbe.

7 Observations

After studying all the changes in the parameters with respect to the possible
changes in the other parameters. The following observations have been seen.

a. The numerical analysis shows that the Total Cost (TAC) attains its
minimum value 77 = 47 & Ty = 18.

b. From Table 3, it is observed that as the total cycle time T' = (7} + 1)
increases, the time period 77 decreases, while 75 increases. Conse-
quently, the Total Average Cost (T.A.C.) initially decreases.

c. From Table 4, it is observed that when the demand parameter ‘a’
increases, the time period 7} increases, which consequently increases
the total cycle time T' = (T} + T3), while T3 remains fixed at 18. The
Total Average Cost (T.A.C.) initially decreases and attains a minimum
value at a = 220.

d. From Table 4, it is observed that when the demand parameter ‘b’
increases, the time period 7} increases, which consequently increases
the total cycle time 7' = (7} + T%), while T5 remains fixed at 18. The
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Table 3 Variation in 77 and T.A.C. with the variation in 75
T, T Ti+T T.C. T.A.C.(107%)

11 41 52 0.185535 3.738
15 42 57 0.102241 2.147
21 31 52 0.238051 4.414
24 28 52 0.350775 6.215
26 26 52 0.509545 9.804
28 23 51 0.494835 9.224
34 13 47 0.231407 5.128
40 5 45 0.83261 19.76

Table 4 Variation in T.A.C. with the variation in demand parameter ‘a’
a T Ti+Ts T.C. T.A.C.(107%)
40 - - - -
90 23 41 0.131524 3.5288
130 33 51 - -

180 39 57 - -
220 41 59 0.122241 2.14074
370 42 60 0.64841 9.6930

320 44 62 - -
370 46 64 - —

Table 5 Variation in T.A.C. with the variation in b

b T Ti+T, T.C. T.A.C.(1073)
—-1.0 101 119 - -

-15 85 103 0.042860 0.42862
—-20 76 94 0.004922 1.05408
—-25 69 87 0.412495 4.91065

0 50 68 0.040951 3.63002
1.0 40 58 0.112241 5.72678
1.5 34 42 - -

2.0 29 47 - -

25 25 43 0.456480 11.412

Total Average Cost (T.A.C.) initially decreases and attains a minimum
value at a = 220.

e. It is observed from the Table 5 that as the parameter ‘b’ increases, the
time period T} decreases, which consequently reduces the total cycle
time 7' = (T + 1%), while T, remains fixed. The Total Average Cost
(T.A.C.) is minimum at b = —1.5. Beyond this value, T.A.C. increases
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Table 6 Variation in T.A.C. with the variation in k
k Tnm Th'+T TC.  TAC07®
.0001 39 57 .194467 2.1234
.00015 40 58 - -
.0002 40 58 112241 1.1236
.00025 41 59 - -
.0003 41 59 101263 1.6534
.00035 42 60 - -
.0004 42 60 .158999 2.3678
.00045 43 61 - -
.0005 44 62 - -

Table 7 Variation in T.A.C. with the variation in h1 and ho

h1 T Ti+Ts T.C. T.A.C.(107%)
03 33 51 467459 8.7387
003 36 54 067074 3.3151
004 40 58 112241 2.0407
005 48 66 042970 0.7408
006 - - - -
ha

04 - - - -
004 52 70 476523 7.6532
050 40 58 112241 2.0407
060 34 52

070 31 39 - -

Table 8 Variation in T.A.C. with the variation in R

R . T+ Te T.C. T.A.C.(107%)
210 47 65 529672 8.8122
230 47 65 402699 6.5036
250 47 65 375727 4.19503
270 47 65 212241 3.04074
290 47 65 148754 886436
310 47 65 - -
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with an increase in ‘b’, indicating that higher values of ‘b’ result in
increased operational and holding costs.
f. From Table 6, it is observed that as the deterioration parameter ‘k’
increases, the time period and consequently the total cycle time T° =
(Th + T3), increase, while T remains fixed. The Total Average Cost
(T.A.C.) initially decreases and attains a minimum value at k = 0.0002.
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g. It can be seen from Table 7 that the holding cost parameters h; and ho
have a significant impact on the replenishment cycle time and the Total
Average Cost (T.A.C.). An increase in h; leads to an increase in the time
period 7 and consequently the total cycle time 7' = (7} + T3), while
T5 remains fixed. The T.A.C. decreases with an increase in h;.

h. From Table 8, the Total Average Cost (T.A.C.) decreases continuously
as R increases and attains its minimum value at R = 290. Beyond this
value, feasible solutions do not exist. This indicates that increasing the
reorder point reduces the total average cost up to an optimal level.

8 Conclusion

In the current study, an inventory control model for a single item deterministic
production inventory model developed. The time dependent rate of deterio-
ration has been assumed and production of the items considered as demand
dependent which is a more realistic approaches as per the current market
scenario. We have also assumed that the demand to be taken as time depen-
dent and the model being developed in the presence of space restriction. The
data which is being collected through sales records, customer interactions,
production logs, and real-time inventory levels has been analysed through
suitable tools of Al and It has been seen that data collected support more
accurate and timely reorder point decisions. Therefore, there is a rich need
of Al and its tools for batter analysis of the parameters. It has been also
noted that use of Al strongly suggested to monitored the reorder point to
avoid unwanted shortage and over inventory both. It is also observed that the
reorder point is directly affects the TAC.

9 Future Scope

Although, the current study used all the parameters very carefully and they
are designed as per the market trends. But there is always an extension of the
available methods. It is suggested to use the other critically designed method
of Al like CNN and ML which may be more helpful in the coming time. It is
also possible to use Internet of Things (IoT) to enhance supply chain visibility
and traceability further. Block chain will be other one potential area of focus.
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