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Abstract: In this paper, the system we consider has multiple
inventory warehouses and multiple pieces of equipment with
multiple repairable components, where the joint planning of
spare components and maintenance workers with lateral and
cross-echelon transshipment is studied. Firstly, the characteris-
tics of inventory system is analyzed, and the scheduled relation-
ship of maintenance resources is carded. Based on this, a total
system cost model is proposed, incorporating holding, ordering,
and maintenance costs under an average waiting time con-
straint. A hyper-heuristic algorithm is then introduced to effi-
ciently solve larger-scale problems with improved computa-
tional speed, and is applied to derive an optimized inventory
allocation plan for maintenance resources. Finally, a mainte-
nance system is analyzed, comprising four local warehouses,
three central warehouses, and one plant that serves five
machine groups. Each group contains four machines, each
warehouse supports one or two machines, and every machine
includes five independently failing key components. By analyz-
ing the effect on reducing total cost, improving maintenance
demand satisfaction rate, the effectiveness of the proposed opti-
mization approach is verified.
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1. Introduction

Maintenance logistics is an important discipline that has
received considerable attention both in practice and litera-
ture over the past couple of decades [1]. An effective
maintenance is influenced by many tactical and opera-
tional aspects [2,3], such as the amount of maintenance
resources like maintenance workers, and spare compo-
nents inventory. However, many researches on the inven-
tory management of maintenance resources only focus on
spare components and the effect of other maintenance
resources are not always considered as bottlenecks [4-7].
In practice, with a limited maintenance personnel, when
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received an urgent maintenance mission, the failure may
still can not be repaired [8,9]. Additionally, because excess
inventory can incur significant inventory costs, and a
shortage of inventory can lead to system shutdown and
lead to loss of production, to guarantee an effective main-
tenance operation, a cost-effective solution to this problem
requires a trade-off between overstocking and shortages of
spare components and repairman [10,11]. A more effec-
tive approach to this problem involves integrated opti-
mization of both spare parts and maintenance personnel,
rather than addressing them in isolation or sequentially.

Although there has extensive literature on mainte-
nance resources, the problem of determining the joint
optimization of maintenance resources inventory alloca-
tion has been scarcely studied. A queuing network model
for maintenance system was proposed in [12] consider-
ing manpower allocation and spare components availabi-
lity.The model with only one maintenance manpower was
studied in [13]. Jin et al. [14] extended this approach by
considering multiple manpower and introducing priority
classes for maintenance via the application of the priority
mean value analysis (PMVA) algorithm. They modeled
the system as a closed queuing network. Othman et al.
[15] proposed a multi-item service transshipment system
to maximize the utilities of all the resources. Their goals
are achieved by jointly optimizing the maintenance, the
spare part inventory and the repair manpower under the
game-theoretical framework. Recently, Wang et al. [16]
considered the integrated planning of resources in a ser-
vice maintenance logistics system by considering both
spare components inventory management and manpower
planning simultaneously.

From the perspective of maintenance resources trans-
shipment strategy, the prior research has predominantly
emphasized cross-echelon transshipment of maintenance
resources from central depots, often underutilizing the
potential of lateral transshipment among depots at the
same echelon [17-20]. In various kinds of industries, such
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as aircraft manufacturing, nuclear power plants, and many
others, implementing transshipment flexibility could be
advantageous in minimizing total cost while ensuring a
fast and reliable transshipment of maintenance resources at
the same time. Based on the above analysis, in a multi-
level and multi-inventory-point inventory system, flexible
scheduling methods are necessary, whether for optimizing
individual or multiple maintenance and support resources
simultaneously. The inventory system we consider con-
sists of a central depot supplying a number of local depots.
When there is a demand at a local depot, the demand is
satisfied from stock on hand, if available. In case of a stock-
out situation at the local depot, the demand is satisfied by a
lateral transshipment from another local depot. When none
of the local depots has stock on hand, the demand is satis-
fied by an emergency cross-echelon transshipment from
the central depot.

The optimization methods mainly include mathemati-
cal programming (dynamic programming, mixed integer
linear programming, etc.), branch and bound method, and
elimination method. Such methods are usually based on
some simplified assumptions and can produce an optimal
scheduling scheme. The main methods for solving main-
tenance resources optimization problem are as follows:

(i) Mathematical programming. This method formu-
lates maintenance resource optimization as an integer
programming model [21-23]. The resources scheduling
process of the object is the decision variable, and the vari-
able is usually valued by 0 and 1. However, such method
is usually based on some simplified assumptions, the
optimal solution within the bounded time but have expo-
nential computational time, and are not suitable for exces-
sively large-scale problems.

(i1) The simulated annealing (SA) algorithm features a
straightforward structure, easy to understand, convenient
to use and efficient, easy to set the initial state and few
limiting conditions, but the convergence rate of the algo-
rithm’s loss function is slow, and the whole algorithm
process has randomness [24].

(iii) Ant colony algorithm (ACA), which can be calcu-
lated in parallel, is fast, but it is easy to obtain local opti-
mal solutions and occupies high computing resources [8].

(iv) Particle swarm optimization is easy to understand
and has simple algorithm rules and fast convergence
speed, but it is easy to fall into local optimal solutions.
Global optimal solutions are obtained by searching the
current optimal solutions, and the effect of global opti-
mization is not obvious [7].

(v) Heuristic algorithm. This approach can solve a rela-
tively large scale of planning in combination with other
methods.

Owing to its low computational complexity, high effi-

ciency, and strong real-time performance, this method has
been extensively applied in optimization studies. Manzini
et al. [25] outlined various multi-item inventory models
and introduced both exact and heuristic optimization
approaches.

(vi) Hyper-heuristic algorithm. Hyper-heuristic algo-
rithm is relative to heuristic algorithm. Its operating
object is the underlying heuristic algorithm. Therefore, it
is independent of specific problems with the characteris-
tics of fast convergence and accurate calculation results.
It is especially suitable for the problem of joint planning
of maintenance resources among multi-echelon and multi-
depot inventory system [26—29].

Our work can be described as a multi-echelon, multi-
depot inventory system in which transshipment flexibility
through lateral transshipments and cross-echelon trans-
shipment may occur in response to stock-out. Therefore,
this system is essentially dynamic in the operation of the
resources flow. All of these characteristics add complexity
to the system, so obtaining a feasible solution by using a
single algorithm is difficult. Considering the complexity of
maintenance resources redistribution process, hyper-
heuristic algorithm is used to minimize the expected total
system cost subject to the constraint of average waiting
time, the primary contributions of this work are outlined
below. An integrated joint optimization model for mainte-
nance resources is examined, incorporating both lateral
transshipment and cross-echelon support within a multi-
echelon framework involving multiple resource types.
There are very few researches have considered the com-
plex inventory system.. The hyper-heuristic algorithm is
employed to determine the optimal inventory allocation
(S), offering flexible support for the integrated planning of
spare parts and maintenance personnel through lateral
transshipment scheduling strategies.

The structure of the remainder of this paper is outlined
below. Section 2 provides a detailed description and
mathematical modeling of the maintenance resource
scheduling framework. Section 3 presents the hyper-
heuristic algorithm and solution framework in details.
Subsequently, a case study is presented based on the pro-
posed model in Section 4, and then the results and analy-
sis are presented. Finally, the conclusion and future
research directions are provided in Section 5.

2. Problem description and system modeling
2.1 Inventory system characteristics

The system under consideration consists of J local ware-
houses, N central warehouses and one plant. Each local
warehouse serves M machines which consist of / compo-
nents that can break down independently, which causes the
corresponding machine to be non-operational. When the
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defective component is replaced by a new one, the machine
is operational again. Assume that the failure rate per unit
time for component i follows Poisson process with the con-
stant failure rate 4. A single maintenance request involves
the simultaneous demand for two types of resources, a spe-
cific spare component and a maintenance worker. The tar-
get mean waiting time is defined by W(S), the maximum
expected waiting time for an arbitrary repair request is
denoted by W (S). Our aim is to meet these specified
constraints and do so against minimal cost, which consists
of holding cost, ordering cost and maintenance cost.

Each machine is assigned to exactly one local ware-
house jE€J. This means that if the machine needs
resources because a component of it has broken down, it
will submit its request to that particular local warehouse.
If a demand for the type-i spare part arriving at local
warehouse j, it will be provided immediately by local
warehouse j if this local warehouse has stock on hand.
The corresponding waiting time and the travel time from
a local warchouse to a customer served by that ware-
house is negligible, and we assume that they are zero.
This fraction is defined as f;.

If either of these two resources in local warehouse j does
not have stock on hand, the demand is considered to be
outsourced, then it tries to obtain the resources by means
of a lateral transshipment from another local warehouse.
The average transshipment time is equal to TL;; (=TL;),
where k is the warechouse selected as the source of the lat-
eral transshipment, and the delay time in case of stock-out
at the local warehouse is equal to AWL;. The fraction of
the demand at local warehouse j that is met by lateral
transshipments from local warehouse k is denoted by a.
Consider a system, if a failure happens, should be repaired
as soon as possible due to the downtime cost is much
higher than the holding and transshipment costs. Here, we
apply partial pooling to share maintenance resources, i.e., a
local warehouse offers its partial available inventory when
there is a request from another local warehouse experienc-
ing a stock-out rather than transships to meet all demand.
The resources in this method should consider a safety
inventory. Such systems are more difficult to control and
optimize than systems with complete pooling, as the addi-
tional managerial rules of a safety stock lever s (s > 0)
should be defined.

Due to the use of partial pooling in this paper, the stock
in all local warehouses should be reserved for a safety
spare parts inventory s. Once any local warehouse cannot
satisfy the maintenance requirements or the remaining
spare parts after maintenance are smaller in number than
the safety inventory level s, immediately, an order is
placed from the central warehouse with an average direct
transshipment time of TDC;. The quantity ordered is set

to ensure that the inventory level facing its own demand
6y plus demand from other local warehouses with an
average rate e;, all in all, the inventory level of the next
inspection time is up to s. The fraction of the total
demand that is met in this way is denoted as ;.

If neither local warehouse nor center warehouses can
deliver the requirements, the resources are served by a
direct transshipment from the plant which has an infinite
supply with an average direct transshipment time of
TDP;,. The fraction of the total demand that is met in this
way is denoted by ;.

Note that the proportion of demand fulfilled through
emergency shipments—whether from central warehouses
or directly from plants —is consistent across all local
warehouses. More specifically, such supplementary deli-
veries occur when on-hand inventory falls below the
safety stock threshold. Similarly, for central warehouses,
emergency resource requests are initiated only when no
items are available in stock, that is,

Y= =Yii=Yi
91,': :9:‘/:91' '

For ease of notation, we assume that transportation cost
and transportation time parameters do not differ each type-
i spare part. However, it is easy to extend the model in
this regard. Furthermore, considering the way that a
demand is met, we implicitly assume that TL,;, < TDC;<
TDP; for all j, i and k. Correspondingly, Ch<Cyll<
C_,Efc’. Then, lateral transfer is superior to emergency
delivery.

2.2 Features of the inventory system

The problem is to find an optimal solution that can mini-
mize overall expenses while adhering to waiting time
limitations. In order to obtain the optimal inventory allo-
cation (S ) of maintenance resources, a reasonable mathe-
matical model must be established. It can be known by
consulting the literature that the total system cost is often
used to measure the rationality of the maintenance
resource inventory allocation or scheduling strategy. In
order to obtain more accurate optimization results, Monte
Carlo theory is used to deal with the long-term expected
system cost. The average cost of the system can be
expressed as

Cr=lim )" iy (1)

X

i=1
where C{(i) represents the system cost of a simulation,
which varies with the maintenance resource allocation
and joint scheduling strategy. Therefore, the joint opti-
mization problem of maintenance resources can be
described as follows:
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Z(l’l *Ugw + g Uy, + MTTR; ‘ Coesw)’ (2)
f=1

and the constraints are

@i tBij i 0= 1
I

W, = Z[a[jk(TLTi +AWL;;) +v;j(Teci+AWD; )+,
=1

9i_,‘ Tepi] <Wy; j

where Cy; is the storage cost for maintenance resources
which is generated by remaining available maintenance
resources; Cy;is the ordering cost, which is generated by
the ordering activities of spare components within a sim-
ulation; Cy; is the maintenance cost, including the cost of
hiring maintenance workers and the maintenance of
repairable components by skilled maintenance workers.
The parameter §; denotes the fulfillment of type-i spare
part demand at local warehouse j from its own stock. The
variable ay indicates that a type-i spare part demand
occurring at local warehouse j is met through lateral
transshipment from local warehouse k. The term y; corre-
sponds to type-i spare part demand at local warechouse j
being satisfied via cross-echelon shipment from a central
warehouse. Similarly, 6, represents the fulfillment of type-
i spare part demand at local warehouse j by cross-eche-
lon transshipment directly from the plant.

Note that the fraction of demand met by emergency
deliveries from central warehouses or from plants is the
same, more specific, for all local warehouses, replenish-
ment occurs when the available resources fall below the
safety stock level across all central warehouses, resources
request delivered when there has none available
resources, and that is,

Y= =Yii=Yi
91j=“‘=9ij:9i .

For ease of notation, we assume that transportation cost
and transportation time parameters do not differ each type-
i spare part. However, it is easy to extend the model in
this regard. Furthermore, considering the way that a
demand is met, we implicitly assume that TL;;, < TDC;<
TDP; for j, i and k. Correspondingly, ;" < C5" < C31“.
Then, it is better to do lateral transshipment than emer-
gency delivery.

The available inventory of each simulation jointly deter-
mines the maintenance requirements, holding cost, spare
components ordering cost, and corresponding mainte-

nance cost. Furthermore, the following provides detailed
definitions of the holding, ordering, and maintenance costs.

2.2.1 Waiting time

When the maintenance demand for spare part i is gene-
rated by the local inventory point j, the calculation for-
mula of the average waiting time is

W;=a,;(TL;3+AWL;)+v,,(TDC;; + AWD;;) + 6;,TDP;,.
3)
When considering the demand for all spare compo-
nents, the formula for calculating the average waiting
time is
W, j =
1

P
“)
2.2.2 Holding cost

During a given period, all of the spare components in the
inventory warechouse generate a holding cost, which is
calculated per type-i spare part using a uniform distribu-
tion U[4,12], represented as C,;. Variations in holding
costs for each type-i spare part across local warehouses,
central warehouses, and plants are considered negligible.

The specific calculation formula is
1

CHij = Zchijs ije )

i=1
2.2.3  Ordering cost

The ordering cost is generated by the maintenance
requirement:

b1
Coij = Z Z Sif - Ui (6)
f=1 i=1
where b represents the number of failures; s, represents
the quantity of spare part 7 used in the fth failure, and u;
represents the order price of spare part i.

2.2.4 Maintenance cost

The total maintenance cost includes the cost of hired gen-
eral maintenance workers and skilled maintenance work-
ers, and the maintenance cost incurred by skilled mainte-
nance workers.

b
Criy= ) (-t + -ty +MTTR;-c0ey,)  (7)

r=1
where 4 is the number of hired general maintenance
workers, u,, is the hired cost of general maintenance
workers, g is the number of skilled maintenance workers
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hired, u,, is the hired cost of skilled maintenance wor-
kers, coe,, represents the cost of skilled maintenance
workers each minute of maintenance cost, MTTR,; is the
repair time of the faulty part, which is obtained by the
direct sampling method. Since the replacement time of
the faulty part is very short, it can be ignored.

3. Design of hyper-heuristic algorithms

This study seeks to identify the best inventory distribution
strategy for reducing overall anticipated expenses across a
multi-echelon, multi-warehouse system, in which lateral
and cross-echelon movements are permitted to enhance
flexibility in response to shortages. The complexity of
maintenance resources redistribution process is NP hard.
Hence, the hyper-heuristic approach is employed to derive
the best inventory distribution strategy. It can be seen from
the previous introduction that hyper-heuristic algorithm’s
operating object is heuristic algorithm, therefore, a greedy
method is initially utilized to produce a feasible starting
solution, which is subsequently refined using a cat swarm
optimization technique. The specific optimization solution
framework is shown in Fig. 1.

Determine s, , W,,,(S) and the initial S
v

) Add one unit of inventory for local
warehouse j=1,2,--,J at a time

v

| | Calculate AW,(S), AC.(S) and r,(S)

( Choose the shortest distance scheduling strategy J

Greedy heuristic

Record the highest ratio 7,(S) and the related §

Determine the main parameters

Choose the mode for the cat swarm based on MR: 4
seeking or tracking

I~ " Update S, calculate the fitness (FS) |

| according to C,(S) |

D |IC

rCalculate candidate probabilities, obtain the largest]'
:_ warehouse possibility, record corresponding S |

Cat swarm optimization algorithm
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
L

Yes
-/ || Bt | |

Fig.1 Hyper-heuristic optimization algorithm framework

3.1 Generation of the initial maintenance resource
inventory

An initial solution is produced through a greedy algo-
rithm. This method operates by incrementally assigning
one resource unit to a local warehouse, with each alloca-
tion chosen to maximize the reduction in distance to the
feasible solution set relative to the increase in total cost.
The procedure concludes once a feasible solution is
obtained.

Given the premise that the factory possesses unlimited
resource availability, its starting inventory is character-
ized as infinite. In comparison, the central warehouse and
all local warehouses commence operations with no initial
resources.

For each allocation scheme S, the distance from it to
the feasible allocation set is defined as

J
max(0, ) (Wiy(S) = Wiy (S)))-

For each combination of i€[0,1,---,/] and jE[1,2, ",
J], we calculate the ratio:

rij = AWi_j(S)/ACc(S) (8)

where

J
AW;; = max| 0, > (Wy(S$) = Wui(S)) |-
j=1
max(0, " (Wii(S +AS) = Wy ($))), ©)
j=1

AC.(S)=C(S +AS)-C(S). (10)

One unit of resource is then added for the combination
with the largest ratio. A formal statement of this initial-
ization procedure is as follows:

Step 1  Set the initial solution, calculate (S ) for all
the local warehouses, j = 1,2,-*+,J;

Step 2 For all i€[0,1,---,/] and jE€[1,2,---,J], set
S=S+AS, and calculate AW (S ), AC(S) and r;.

Step 3 Document the maximum value of r;. Proceed
to END if the condition Wy(S) <W,(S) holds for
JE[L,2,---J]; if not, return to Step 2.

The greedy algorithm flow is shown in Fig. 2.

3.2 Refinement strategy for enhanced maintenance
resource inventory optimization

The cat swarm algorithm can perform a global and local
search simultaneously when dealing with optimization
problems, and the search results have strong convergence,
this significantly mitigates issues related to local optima
and extended computational duration. Therefore, in this
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Set S,
StS,,=50
S,.=100
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S=S+AS,, i=0,1,,1
AS=1

v
Compute A W,(S), ACLS)
r(S) and £, ay 3 b

( | Update S=S-+AS, | )

Yes
(| Exit D)

Fig.2 Greedy algorithm flow

section, we use this approach to optimize the current
solution S. The population of cats models the distribu-
tion of resources among all inventory locations. In order
to achieve an appropriate balance between local and
global search, this study employs a mixing ratio (MR) to
control the percentage of cats operating in tracking mode.
Previous research suggests that allocating more cats to
tracking mode during early iterations improves the algo-
rithm’s global exploration ability, whereas a higher pro-
portion in later stages enhances solution precision.
Accordingly, MR is applied to adjust this ratio adap-
tively across successive iteration phases. Resources are
then allocated based on the specific maintenance needs of
each warehouse. This research utilizes a cost-based fit-
ness function, where the computed fitness value directs
inventory decisions for maintenance resources. Through
iterative adjustment of MR, the procedure is repeated
across multiple cycles of evaluation and refinement. The
process yields an optimal inventory configuration S ; that
minimizes overall system costs. The cat swarm optimiza-
tion algorithm flow is shown in Fig. 3.

The primary procedures involved in the cat swarm
optimization method are outlined below:

Step 1  Set up the initial population of cats

Define X~[ X,, X, XnX;1X;] as the inventory
amount in 1+J+N warehouses, then, assign S ; to X.

Step 2 Configure the mixing ratio parameter

During the execution of the algorithm, the MR selec-
tion strategy is employed to regulate the balance between
global and local search. In the initial phase, a higher
value MR; is used to enhance global exploration capabil-
ity, which is later adjusted to MR, to accelerate conver-
gence until the termination criteria are met. The linear

Initialize the population of cats.
X=X Xty Xeaio X5 Xii]

pid

v
Determine N, SMP, CDC,SRD,SPC,
MR,, MR,, maxTi, v,,v,
Choose the mode for each cat based
on MR: seeking or tracking

The cats are in

seeking mode?
Yes

Reset the number of cats in
tracking or seeking mode

Yes

(] Exit )

Fig.3 Cat swarm optimization algorithm flow

MR calculation is expressed by
MR=MR1+(MR2—MR1)-T,-/maXT,« (11)

where T; represents the current number of iterations and
max7; represents the maximum number of iterations.

Step 3 Calculate the candidate probability for every
inventory warehouse

When no maintenance resource demand exists, all cats
remain in a resting state. Upon receiving a request, the
cats update their states based on the following procedure:

Step (i) Specify the replication count (P) for the cur-
rent inventory S ;, SMP=P.

Step (ii) Update S ;: Using the CDC, perform the fol-
lowing:

i) Randomly increase or decrease the current S, by
SRD values.

ii) Update all copies by replacing the previous S .

Step (iii) Evaluate the fitness (FS) for every copy using
Cc(Sy).

Step (iv) Assess the FS values: if all FS values differ,
compute the candidate probability for each warehouse via
(FSFS,..)/(FS,ax—FSpin); if not, assign a candidate prob-
ability of 1 to all.

Step (v) Identify the highest candidate probability
among the warehouses and document the corresponding
S,

This phase aligns with the global search component of
the optimization, as it governs the rate of inventory
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adjustment within the chosen CDC warehouse. A
stochastic perturbation mechanism is integrated to imple-
ment this process. The detailed steps are as follows:

Step (i) Determine the perturbation magnitude:

Via(t+ 1) = v (t) + -
(Xpu(t) —xd (@), d =1,2,--- ,(1+ M+ J),
Via(t) > Vinax d(t) or
Via(®) < Vinin d(2) (12)

where v, (t+1) denotes the updated velocity of cat & in
warehouse d; X, (f) indicates the position of the cat with
the highest fitness value; x; () corresponds to the current
location of cat k in warehouse d; r,cE€[0,1], Vyuxd(t)=
Vet 1), Viind 0=V (1),

Step (ii) Adjust the velocity of each cat and verify
whether each dimensional speed falls within the permit-
ted range. If any value exceeds the boundaries, set it to
the nearest limit value.

Step (iii) Update the warehouse assignment for each
cat:

xk,d(t+ ]) =xk_d(l‘)+vk,d(t+ ]),d: 1,2,"' ,(1 +M+J)

Here, x, ,(t+1) refers to the inventory warehouse of cat
k after the update.

Step 4 Reinitialize the MR

Reset the quantity of cats in tracing and seeking modes
based on the MR value, and continue iterations until the
termination criteria are satisfied.

4. Case study

Authors should discuss the results and how they can be
interpreted from the perspective of previous studies and
of the working hypotheses. The findings and their impli-
cations should be discussed in the broadest context possi-
ble. Future research directions may also be highlighted.

4.1 Input data

This study examines a maintenance system comprising
four local warehouses, three central warehouses, and one
plant that serves five machine groups. Each machine
group contains four machines, with every warehouse sup-
porting either one or two machines. Every machine
includes five key components, each subject to indepen-
dent failure. Failures for each type-i component are mod-
eled as Poisson processes with a constant failure rate A,.
The replacement time MTTR for failed components
depends on their accessibility and varies from minutes to
hours. The corresponding 4, and MTTR values for all
component types are provided in Table 1. We set W,,;~
0.8 for all j. For all spare components at inventory loca-
tions, T;7,=0.8 min, Trc,=2 min, Tgp,=4 min, Ty=5 min,
T=7 min, AWL,=4WD,= 1 h. The parameters of differ-

ent kind of spare components are presented in Table 1,
the maintenance-related parameters are provided in
Table 2, while the configuration parameters for the cat
swarm optimization algorithm are listed in Table 3,
details are as follows.

Table 1 Parameters of different kind of spare components
i Ai MTTR/min Storage cost
1 0.029 6
2 0.062 5 4
3 0.026 6 3
4 0.091 3 6
5 0.065 4 5

Table 2 Parameters of different kind of maintenance works

Type Quantity Hired factor Hired cost
General 10 0.22 12
Skilled 8 0.18 15

Table 3 Configuration settings for the feline swarm optimization
method

N SMP P SRD CDC max Ti Vy vy

200 5 5 0.15 4 200 50 30

It can be seen from [30] that if a larger MR is used at
the beginning of the simulation, the global search capabi-
lity can be improved, gradually decreasing the MR value
accelerates the convergence rate of the cat colony algo-
rithm until the simulation termination condition is satis-
fied. The simulation running time and the total cost under
different MR is shown in Fig. 4.

Running time
(Total cost)
60(90 000)

40(60 000)

20(30 000)

/H

0 0.1 0.3 0.5 0.7 09 MR
—— ] : Running time; 1 : Total cost.

Fig. 4 Simulation running time and the total cost under different
MRs

It can be seen from Fig. 4 that the total system cost
produced by different MR has little difference, but the
total running time obtained by the larger initial MR is
shorter. However, the total running time is increasing as
MR increases, which is related to the search scale. If the
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problem scale is large, the large MR will increase the
global search time. Due to the scale of the solution in this
article is relatively large, so 0.7 is chosen as the initial
value of MR.

4.2 Results and analysis

Because the failures among the components do not affect
each other, for each type of component, we compute the
optimal inventory allocation by the greedy approach, the
cat swarm optimization algorithm, and the hyper-heuris-
tic algorithm, the results are shown in Fig. 5.

[
2
=81
= 3
s 2
E=
s 8
= £
3
g & S
& S
VVVUY
Greedy algorithm Cat swarm algorithm Hyper-heuristic
algorithm

=:A;=:B;=:C;

:D; = : E; = : People.

Fig. 5 Maintenance resource allocation

In order to compare the pros and cons of the inventory
allocation obtained by different optimization algorithms,
Table 4 shows the total cost, waiting time, and model
running time under the results obtained by the greedy
algorithm, the cat group algorithm, and the hyper-heuris-
tic algorithm.

Table 4 Comparison of simulation results under different inven-
tory allocations

Optimization algorithm cozs;ﬂan Averetiig;;v/saltmg Rtlll;r:/zg
Greedy algorithm 36756.52 3.32 45.63
Cat group algorithm 35029.93 4.23 28.32
Hyper-heuristic algorithm  31752.45 3.52 13.98

4.3 Discussion

From the simulation results, we can see that the hyper-
heuristic algorithm greatly shortens the simulation time.
This outcome is justified, as integrating the greedy algo-
rithm with the cluster-based approach reduces the dura-
tion required for local search. To assess the validity of the
proposed optimization algorithm when applied to large-
scale problems, we increase the number of local inven-
tory depots to 4—8, the number of repairable components
to 5—15, and other parameters remain unchanged. Then
using the hyper-heuristic algorithm runs the model, the
running time obtained are shown in Table 5.
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Table 5 Running time after system scale expanded

Number of repairable Number of the local inventory depots

component 4 5 6 7 8
5 13.98 73.14 469.83 1686.34 6210.27
8 28.68 187.38 917.36 3678.39 16829.12
15 67.23 32821 1563.81 7839.33 24829.37

As we can see from Table 5, with the number of com-
ponents increasing, the simulation run time increases
almost linearly, but the run time becomes very long as the
number of local inventory depots increases, which indi-
cates that the number of local inventory depot greatly
increases the scale of the optimization problem.

5. Conclusions

This study emphasizes the significance of jointly optimiz-
ing maintenance resources. It centers on an inventory sys-
tem comprising multiple warehouses and numerous
equipment units with various repairable parts, where the
joint scheduling strategy with lateral and cross-echelon
transshipment are allowed. The aim is to meet the short-
est waiting time constraints and do so against minimal
total cost, which consists of holding cost, ordering cost
and maintenance cost under hyper-heuristic algorithm. By
analyzing the effect on reducing total cost, improving
maintenance demand satisfaction rate, the efficacy of the
optimization strategy presented herein has been success-
fully validated.

The main contributions of this paper are as follows:

(1) In the inventory system consisting of multiple le-
vels, multiple inventory points and multiple maintenance
resources, this paper considers the transfer strategy com-
bining vertical and horizontal, and takes more compre-
hensive factors into consideration in the optimization of
resource inventory, and the optimization result is more
accurate.

(i1) A hyper-heuristic algorithm is employed to achieve
optimal resource inventory allocation, thereby enabling
flexible support for the combination of spare parts and
maintenance personnel through scheduling strategies that
incorporate both lateral and cross-echelon transshipment.
The outcomes demonstrate the time-efficient nature of
this approach.

(iii) An initialization mechanism for the cat swarm
employs a hybrid approach that integrates the greedy cri-
terion with a roulette strategy. This methodology is
designed to enhance the convergence speed.

(iv) A mixed ratio mechanism is incorporated into the
cat swarm optimization algorithm. It dynamically bal-
ances the proportion of local and global search across
various iterative phases, thereby enhancing both the algo-
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rithm’s exploration capability and the precision of its
solutions.

The joint optimization of a pair of maintenance
resources has been considered in this study. There are
more maintenance resources that can be considered to
improve the success rate of maintenance. Therefore, the
types of maintenance resources can be ranged in future
research, and the scale of the system can also be
expanded in the future.
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