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Abstract: A great loss of transportation capacity has been caused in auto parts supply logistics due
to the independent transportation from auto parts suppliers (APSs) to the automobile production
line (APL). It is believed that establishing distribution centers (DCs) for centralized collection and
unified distribution is one effective way to address this problem. This paper proposes a unified
framework simultaneously considering the location-inventory-routing problem (LIRP) in auto parts
supply logistics. Integrating the idea of sustainable development, a multi-objective MIP model
is developed to determine the location and inventory capacity of DCs and routing decisions to
minimize the total system cost and carbon emissions while concerning multi-period production
demand. In addition, a robust optimization model is developed further in the context of uncertain
demand. Numerical experiments and sensitivity analyses are conducted to verify the effectiveness
of our proposed deterministic and robust models. The results show that synergistically optimizing
the location and capacity of DCs and routing decisions are beneficial in reducing total system cost
and carbon emissions. The analysis can provide guidelines to decision-makers for the effective
management of auto parts supply logistics.

Keywords: auto parts supply chain; sustainable logistics; robust optimization; location-inventory-
routing optimization; multi-period demand

MSC: 90B05; 90B06; 90B10

1. Introduction

With the increase and diversification of end-customer demands in the commercial
vehicle market, the automobile logistics service size and system complexity will unavoid-
ably continue growing. As a core concept of the automobile supply chain, auto parts
supply logistics has caught the abundant attention of academic and auto manufacturers [1].
The existing literature has indicated that if the auto parts are delivered separately by the
auto part suppliers (APSs), several problems will be caused such as the great loss of trans-
portation capacity and higher transport cost [2]. Hence, to address the practical issues of
the auto parts supply logistics, our research aims to establish distribution centers (DCs)
integrated with the routing problem [3] for centralized pickup and unified delivery. In
order to better respond to the idea of emission reduction [4], it is critical to determine the
location-inventory-routing problem from a sustainable perspective while reducing the total
transport cost.

Our problem is a typical location-inventory-routing problem (LIRP) involving strategic,
tactical, and operational decisions. Specifically, the strategic decisions are to determine
the number and location of DCs, which undertake the tasks of the centralized pick-up of
auto parts from APSs, storage, and their unified delivery to the automobile production line
(APL). Unreasonable locations of the DCs are likely to fail in meeting production demands
and reduce the operating efficiency of the auto parts supply logistics. The tactical decisions
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are to determine the inventory capacity of the opened DCs. Subject to the construction
budget, it is not ideal to establish DCs with a large inventory capacity. On the other
hand, when the inventory capacity is insufficient, there is a risk of a shortage of auto
parts in DCs. In that case, the required auto parts of the APL cannot be satisfied by DCs,
requiring APSs to deliver auto parts directly to the APL, which will significantly increase
the transport cost. Moreover, operational decisions refer to the assignment between DCs
and APSs [5] routing decisions for centralized pickup and unified delivery. The location
selection of DCs, inventory capacity, and routing decisions are interrelated. With respect
to the periodicity and time-sensitive characteristics of auto parts, this paper considers
multi-period production demand to describe the LIRP of auto parts supply logistics.

Another essential factor that has to be considered is the uncertain demand. In auto-
mobile production activities, the production demand in the APL depends on the market
orders, which are impacted deeply by indeterministic factors. In order to make up for the
production uncertainty, it is essential to expand the inventory capacity of DCs or to order
more auto parts in advance. However, these solutions have the potential to increase the
delivery cost significantly. At the same time, it is difficult to obtain an exact probability
distribution of uncertain demand. Therefore, a robust optimization method is needed to
deal with the uncertainty of production demand.

Overall, this paper proposes a unified framework to describe the multi-objective LIRP
while considering the multi-period uncertain demand of auto parts supply logistics. The
main contributions of this paper are as follows:

(1) Concerning the multi-period deterministic demand, this paper first proposes a multi-
objective mixed-integer programming model (MIP) to investigate the LIRP in auto
parts supply logistics from a sustainable perspective. Specifically, this model deter-
mines the location and capacity of DCs and routing decisions to minimize the total
system cost and carbon emissions.

(2) Further, a robust optimization model is developed to capture the multi-period uncer-
tain production demand in the APL. To the authors” knowledge, this is the first time
the LIRP in auto parts supply logistics is simultaneously optimized while considering
multi-period uncertain demand.

(3) Numerical experiments are conducted to demonstrate the usefulness of the proposed
models. The sensitivity analysis results show that the location, inventory capacity,
and delivery routing decisions are highly affected by various cost parameters.

The remainder of this paper is structured as follows. Section 2 briefly reviews the
relevant literature, and the LIRP and the MIP model are formulated in Section 3. Numerical
experiments, results analysis, and managerial insights are presented in Section 4. Finally,
Section 5 summarizes the conclusions and future direction of this research.

2. Literature Review

As a typical topic, numerous studies focus on the LIRP in various fields. To compre-
hensively review the problem in auto parts supply logistics, we summarize the literature
review from three aspects: the LIRP in the auto parts supply network, the environmentally
sustainable LIRP, and the LIRP with uncertain factors.

2.1. LIRP in Auto Parts Supply Logistics

The complexities of the LIRP in auto parts supply logistics are closely related to
location, inventory, and routing decisions. The location models have been widely investi-
gated to determine the site of DCs. Ref. [6] developed a location model for an auto parts
warehouse to minimize construction and transport costs. An improved particle swarm
optimization algorithm was proposed and benchmark experiments were conducted to
prove the effectiveness of the location model. In addition, the inventory capacity is another
essential component in the LIRP, which is tightly associated with supply efficiency and
inventory cost. In addition, route planning at the regional level has significant implications
for regional transportation planning [7]. Compared to the zero inventory strategy that
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several automobile companies adopt, Ref. [8] proposed a new logistics strategy integrating
progress-lane and vehicle routing problems. A mixed-integer model was established to
minimize the total cost of inbound logistics, which is demonstrated to be more effective
and economical than the zero inventory strategy. Further, Ref. [9] developed an adaptive
Visual Basic Application (VBA) program to largely enhance the utilization rate of DCs and
reduce the inventory cost. A multi-level location-inventory model was proposed by [10]
and solved with the Lagrangian relaxation method. Concerning the auto parts demand,
Ref. [11] provided the second weighted moving average method to forecast the future
demand in advance, which is beneficial in reducing the inventory cost.

As auto parts transportation is the main component of the total system cost and the
primary source of carbon emission [12,13], it is of great significance to optimize the routing
problem in the auto parts supply logistics. Previous research has mainly concentrated
on the location-inventory and routing problems separately. Therefore, it is essential to
investigate the LIRP in auto parts supply logistics comprehensively.

2.2. Environmentally Sustainable LIRP

Traditional supply chain optimization problems mainly focus on minimizing the
economic costs, which ignores the goal of reducing carbon emissions. With the popularity
of the low-carbon concept, recent literature [14] has paid more attention to the LIRP from
a sustainable view in various fields. For instance, to address the fresh food delivery
problem, Ref. [15] proposed a model to discuss the vehicle routing problem with time
windows (VRPTW) while decreasing carbon emissions. To deal with urban waste, Ref. [16]
developed a multi-warehouse location-routing model and proposed a hybrid genetic
algorithm and a simulated annealing algorithm. Numerical experiments demonstrated
that the method and algorithm are effective in determining the location of parking lots and
the vehicles routing to collect garbage. A two-layer planning model based on a carbon
emission trading policy was developed in [17] to optimize the location problem of cold
chain logistics. Similarly, Ref. [18] proposed an LIRP model that considers the carbon
trading mechanism in the cold chain logistics network. Through simulation results, it
was demonstrated that the improved NSGA-II can effectively reduce the carbon emissions
of enterprises. Combining pollution-related routing, Ref. [19] developed a mathematical
model to discuss the inventory-routing problem and proposed a hybrid adaptive particle
swarm optimization algorithm. Considering the green location inventory problem, Ref. [20]
developed a two-stage stochastic mathematical model and proposed a hierarchical heuristic
algorithm. This study further proved the impact of the carbon trading scheme on strategic
decision-making. To achieve a sustainable supply chain, Ref. [21] proposed a two-stage
approach and built a multi-objective mixed-integer model. Based on the environmental
consideration, the location-path-inventory system in a three-level supply chain network
was studied, and Ref. [22] formulated a bi-objective mixed-integer programming model for
the above system and developed a multi-objective particle swarm optimization algorithm.

Only a few studies discussed energy saving and emission reduction in auto parts
supply logistics. To minimize the transport cost and carbon emissions, Ref. [23] established
a routing planning model and verified the effectiveness through a real case. Based on
emission reduction and resource sharing, a decision-making optimization model of the
auto parts supply chain was established by [24] to minimize the total system cost and
carbon emission. Variational inequality was utilized to analyze the optimal conditions.

In order to simultaneously minimize economic cost and carbon emissions, this study
described a multi-objective model for the LIRP in the auto parts supply network.

2.3. LIRP with Uncertain Factors

Another key challenge for the LIRP is the demand uncertainty [25]. Reviewing the
literature in the LIRP, researchers have made various assumptions when describing the
demand. For instance, assuming that the demand is satisfied by a normal distribution,
Ref. [26] formulated a dual-objective stochastic model to minimize the total cost and
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maximize the service time while considering various multi-period products, and a heuristic
algorithm was adopted to obtain the Pareto set. Concerning the uncertain topology of the
hub location, Ref. [27] proposed an interactive method to delineate the design problem of
the dangerous goods transportation network. Two heuristics based on the lower bound
and rolling horizon were proposed to solve the model in a large-scale case.

In the presence of demand uncertainty, robust optimization and stochastic optimiza-
tion are two main streams. Ref. [28] formulated a stochastic programming mixed-integer
model to determine the location and inventory strategy at the same time. Considering
carbon emissions and energy consumption, Ref. [29] applied stochastic programming to the
LIRP and proposed a sustainable closed-loop model to achieve economic, environmental,
and social trade-offs. Robust optimization concentrates on min-max risk control. With
respect to the uncertain demand in the medical supplier network, a robust LIRP model
was proposed by [30] to reduce the total system cost effectively. Integrating with big data
technology, Ref. [31] developed a multi-center location-routing optimization model of
medical logistics considering several uncertain factors.

To give a clear representation of the innovation of this paper, we summarize the related
literature review in Table 1. Up until now, there has been a lack of studies on a robust LIRP
in auto parts supply logistics from a sustainable perspective while considering the multi-
type, multi-period characteristic. To address the existing issues, this paper investigates
the deterministic LIRP first and proposes a robust model combined with the multi-period
uncertain demand to optimize the total transport cost and carbon emissions.

Table 1. List of referenced articles.

Article Problem 011:/; :clzil;e Sustainable Uncertainty Opltzr:’tllfsgon Multi-Period
Ghasemi et al., 2022 [32] LIRP v Two-stage
Yang et al., 2021 [33] LIRP v Integrated
Biuki et al., 2020 [21] LIRP v v v Two-stage v
Chao et al., 2019 [34] LIRP Two-stage v
Lietal., 2022 [18] LIRP v v Integrated
Jietal., 2022 [22] LIRP v v Integrated
Shang et al., 2022 [30] LIRP v Integrated v
Aydemir-Karadag, 2022 [35] LIRP v v Two-stage v
Liu et al., 2021 [36] LIRP v v Integrated
Yavari et al., 2020 [37] LIRP v Integrated v
Song Wu, 2022 [38] LIRP v Integrated v
This Paper LIRP v v v Integrated v

3. Problem Description and Model Formulation

Motivated by a real-world problem, we aim to present a novel multi-objective opti-
mization model for the LIRP in the auto parts supply network. First, problem formulation
and modeling assumptions are described. Then, we develop an integrated deterministic
MIP model. Finally, integrating multi-period uncertain demand, a robust optimization
model is further developed, and the complex modeling process in this paper is delineated
in Figure 1.
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Figure 1. The research framework for auto parts supply logistics.

3.1. Problem Description

This paper considers an auto parts supply network, as shown in Figure 1. The
strategical decisions in this paper are to determine the location and inventory capacity of
DCs. Let | = {1,2,...]} represent the alternative points set of DCs, which is indexed by
j- Denote y; as a binary variable to describe if the alternative point j is selected as DCs.
That is, if yj= 1, the DC is opened. In addition, it is essential to determine a reasonable
inventory level for the opened DCs. Let L = {1,2,... L} represent the inventory levels set.
Denote y;; = 1 to describe the opened DC, where j is equipped with the inventory level
L. In addition, we have to decide the assignment between DCs and APSs, and we assume
each APS has to be assigned with one DC. Suppose the set for APSsis [ = {1,2,. ),
which is indexed by i. If the APS i is assigned to DC j,we define Xij = 1, otherwise Xij = 0.
To investigate the multi-periods production demand of the APL, the time is discretized into
several equal periods T = {1,2,..., T}, which is indexed by t. Once the APS i is assigned
to DC j initially, the assignment will not change. As a side note, the auto parts demand in
the APL is satisfied by DCs and APSs. We assume the auto parts demand of APS i is D!.
One part of the demand of the APS i is accommodated by the responding DC j, and another
part of the demand is provided by APS i directly. Afterward, there is a need to pick-up auto
parts centrally to the DCs so that the demand in the last period can be satisfied. Namely,
the DCs will dispatch vehicles to the corresponding assigned APS i to pick-up auto parts
according to the order quantity.

This will involve a vehicle routing problem to seek the shortest path. Three kinds of
routes are included in Figure 2. The red lines are the direct delivery routing from APSs
to the APL, and the black lines are the unified delivery routing from APSs to the APL. In
addition, the blue lines are the centralized pickup routing from DCs to APSs and end at the
same DCs. Specifically, in order to reduce the system operating cost and carbon emissions,
this paper solves a joint decision-making LIRP in auto parts supply logistics.
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Figure 2. LIRP in the auto parts supply network.

3.2. Problem Assumption and Notations

To formulate the complex auto part supply network into a mathematical model, the

following assumptions are proposed in this paper.

)
@)
®)

4)
©)

(6)

We assume the APSs have the ability to provide sufficient auto parts and the shortage
is out of our investigation scope.

The production demand for the APL can be obtained from historical data and must
be satisfied.

It is essential to translate the auto parts into the standard unit so that the various auto
parts can be classified as a unified specification.

We suppose that each APSs only provide one kind of auto part.

The carbon emission factor considered in this paper is the carbon emission from
vehicles during transportation, and the calculation method refers to the literature [39].
We assume sufficient vehicles to serve the pickup and delivery, and there is no
difference in vehicle performance.

Specifications on variables and parameters used in the LIRP are shown in Table 2.

Table 2. Variables and parameters used in the LIRP.

Notations Detailed Definition
Set
I The set for APSs, indexed by i
T The set for time periods, indexed by ¢
] The candidate point set for DCs, indexed by j
L The set for capacity level, indexed by [
K The set for APL, indexed by k
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Table 2. Cont.

Notations Detailed Definition
Parameters Detailed definition
D! The auto parts demand from APS i during period ¢
UH Unit inventory holding cost for auto parts
FW, Fixed cost for establishing one DC with inventory level /
FN Unit transport cost from DCs to the APL
Fz Unit transport cost from APSs to the APL directly
FG Unit transport cost for picking up auto parts from DCs to corresponding APSs
WG The inventory capacity corresponding to the inventory level / of the DC
148 Vehicle capacity for picking up auto parts
My A large positive number
CE The factor for carbon emission
di Distance between APS and the APL
djx Distance between DC and the APL
diys Distance between two APSs
dji Distance between DC and the APS
Auxiliary
variables
SY]tl The remaining quantity of auto part from APSiat DC j during period ¢
Lct. The quantity loac.lefl in the Ve?hicle that Picks up auto parts from DC j after it
Ji finishes loading at APS i during the period ¢
ort, A positive integer, the quantity ordered from APS i for DC j during period t
‘75’]1' A binary, if there is a need for DC j to order auto parts from APS i during period t
Decision
variables
Xjj A binary, equal to 1 if the APS i is assigned to DC j, 0 otherwise
Yj A binary, equal to 1 if the candidate point j is selected as the DC, 0 otherwise
il A binary, equal to 1 if the capacity of DC j is level 1, 0 otherwise
et A positive integer, the number of auto parts delivered from APS i to APL during
It period t when APS i is assigned to DCj
¢ A positive integer, the number of auto parts of APS i delivered from DC j to APL
8Yji during period t
rot, A binary, equal to 1 if the pickup routs from i to i during period ¢, 0 otherwise
rot. A binary, equal to 1 if the pickup routs from DC j to APS i during period t, 0
It otherwise
rol. A binary, equal to 1 if the pickup routs from APS i to DC j during period t, 0
ij otherwise

3.3. Deterministic Model

Here, we first formulate a deterministic model to describe the LIRP integrating with
the prior known multi-period demand of the APL. Our objective is to find the most efficient
xij, ¥j, and y;; and other routing decision variables under proper constraints. As a result,
the proposed sustainable LIRP in auto parts supply logistics is formulated as follows:

Objective function:

T
LY FWryp+ L L L UH ¥ SYj+ & ¥ & FZ(dej;/ve)-di

jeJleLl jejielteT t=1 jeJielteT
+ L ¥ FN(Eai/ve)-di+ T ¥ ¥ FGrofy-diy (1)
jeJteT il teT jej il

+yY ¥ ZPGro]t-i-dji—i- rry FG-rofjdij
teT jefiel teT jeJiel
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Y Yy CE(de]t«i/VC)-dl-k +Y Y CE (g gy]t«i/VC> Ay

jeJielteT jejteT
+ Y LY CErolydyg+ L L ¥ CE-ro]t-i-d]-i )
teT jeJiel teT jejiel
teT jefiel /

Objective function (1) minimizes the total system cost, where the first term is the
construction cost for DCs, the second term is the inventory holding cost, the third term is
the total transport cost from APSs to the APL, the fourth term is the total transport cost
from DCs to the APL, and the last term is the total transport cost for centralized pickup
from DCs to APSs.

In additn, objective function (2) is the definition of carbon emissions released by
transport vehicles, including the carbon emission released by transport vehicles that route
from APSs to the APL, from DCs to the APL, and from DCs to APSs.

Constraints:

Y xij=1viel 3)
j€l

Constraint (3) limits that each APS can only be assigned to one DC.

Xjj < ]/JVI S I,Vj e 4)
Constraint (4) ensures that the APSs can only be assigned to the opened DC.

Y vi=yiVie] (5)
leL

Constraint (5) determines the capacity level of the opened DC.

Y gyl +) del;=D'xCP,Vie LVt T Q)
i€l i€l

Constraint (6) represents that all the demands of the APL are satisfied by APS and
corresponding DC. We denote gy}i to indicate the number of auto parts of APS i delivered

from DC j to the APL during period t, and de}i is the quantity of auto parts delivered from
APS i to the APL during period t when APS i is assigned to DC j.

gy]t‘i <Moxj, VieJteT, i€l @)

del; < Mo-xij, Yje]teTicl ®)

Constraints (7) and (8) ensure that auto parts supplies from DCs and APSs need to
satisfy the assignment relationship between DCs and APSs.

Y}, = syjf;l + or;;l — gy]f,;l, Vie LVje ] VteT 9)

Constraint (9) indicates the inventory quantity conservation of auto parts from APS i
stored in the corresponding assigned DC j. That is, the inventory quantity of auto parts
from APS i during period t at DC j equals the inventory quantity during period ¢t — 1, plus
the order quantity from APS i to DC j, minus the quantity delivered to the APL from DC ;.

gy]t'i < Sthi/ Vie LVje ], VteT (10)

Constraint (10) ensures that the quantity of auto parts of APS i delivered from DC j to
the APL during period t does not exceed the inventory quantity at DC j during period ¢.

Y. SYL <Y WCuyp, Vi€l VteT (11)
iel leL
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Constraint (11) guarantees that the total inventory quantity of all auto parts in the DC
j at each period is less than the inventory capacity of DC j.

Sthi <xjjMoy, Vie LVje [VteT (12)

Constraint (12) indicates that only if the APS i is assigned to the DC j, the DC j will
store the auto parts of the APS .

Or]t‘i < Moxij, Vie]teTiel (13)

Constraint (13) points out that only if the APS i is assigned to the DC j, the DC j will
order auto parts from the APS i.

ory < Myqly, Vi€ teTiel (14)

gy <ory VjeJteTicl (15)
Constraints (14) and (15) ensure that when the DC j has a clear ordering demand for
the auto parts of APS i, the DC j will dispatch vehicles to APS i to pick-up the auto parts.

y m]t.i, =Y roj, VteTVje] (16)
i'el iel

ro]t.l., < q;., Vi'eIVte T Vje] 17)
rofquéi VielIVteT Vje] (18)

Constraint (16) indicates that the vehicles dispatched by DC j will depart from DC
j and finally arrive at DC j. Constraints (17) and (18) ensure that the first and final APSs
picked up by the vehicles have a clear order need.

Z rol, + rojti, = q;i, Vit € th ,VteT Vje] (19)
I'EN i

Y, ol +rolj=4q VieN VteT\Vje] (20)
I'EN/ iz

Constraints (19) and (20) describe the path planning for the vehicles to pick-up auto
parts. N]f is the set for APSs that are assigned to the same DC j and has order needs during

period t.
LC; <qyyMo Viel,WteTVje] (21)

C>q VieLVteT, Vje] 22)

Constraints (21) and (22) ensure that the auto parts of APS i loaded in the vehicles
only occur at the APS, which has a clear order need.

LCl+ (1 - ro;i).Mo >orlie L VteT Vje] (23)

LCly + (1 —rofy)-Mo > LCj; +or}y Viji' e [ (i #i),VteT, Vje] (24)

Constraints (23) and (24) calculate the number of auto parts loaded in the vehicle after
it finishes loading at APS i during the period t.

LC}iSVC+(1—rij>'M0 Viel,vteT,Vje] @5

Lc;igvc, Viel,VteT , Vje] (26)
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Constraints (25) and (26) require that the quantity of auto parts loaded in the vehicle
is no more than the vehicle capacity.
or]t-i < Lc;l- Viel, Vte T, VjeJ. (27)
Constraint (27) requires that the quantity loaded in the vehicle after it finishes loading
at APS i is greater than the order quantity needed.

Xij, Yj, Yj1, 104, 105, 1o € {0,1}Vie I, ¥t € T, Vj € ] (28)

dely, gy > OVie LVt e T Vi€ ] @9)

Constraints (28) and (29) are the definitional domain of the decision variables.
Based on the above analysis, the comprehensive LIRP is formulated as the following
MIP model.
Deterministic model:
min Objective (1) (2)
s.t. Constraints (3) — (29)

3.4. Robust Model

In daily production activities, automobile production depends on the market demand,
which is easily influenced by the preference of consumers and unexpected events. Various
uncertain factors may lead to a sharp increase in auto parts demand. To avoid facing
a shortage of auto parts, we try to develop a robust model to formulate the uncertain
demand. To address the uncertain issue, this paper adopts the robust optimization method
of [40] and proposes a robust LIRP optimization model that is able to describe the degree
of conservation and uncertainty level.

We assume that the production demand for the APL during each period is unknown
and belongs to the symmetric range [D! — D, D' + D'|, where D! is the nominal values
and D! is the maximum deviation value. For the sake of clarifying the uncertain D,
we introduce the concept of uncertainty level p € [0,1] to represent the proportion of
deviation. Therefore, the automobile production demand for the APL falls in the range of
[D! — B-Df, D' 4 B-D']. Subsequently, we let p describe the number of periods at which the
production demand is uncertain, and the value of p falls in the range of p € [0, T|, in which
T is the total number of planning periods. Specifically, if p = 0, there is no uncertainty
protection, and the model is deterministic. On the other hand, if p = T, there exists
uncertain demand during each period, indicating that the production scheme of the APL is
fairly conservative. Then, we employ a set U = { (t|D' > 0) } to describe the period set at
which the production demand is uncertain. Based on the above analysis, a robust model
is developed. Compared to the deterministic model, the difference is that constraint (6) is
substituted by robustness constraints, which are formulated in (30) and (31).

Robust model:
min (1), (2)
Subject to: (3)—(5), (7)-(29)
o — 1 t e {MtIWCIX{ut‘uteu’|ut‘:p}{Zteut Dt}} (30)
0 others
Y gyl + Y del; = Dl + CPo'- D!, VieLVieT (31)

j€l j€l
In constraint (30), a compensation coefficient is introduced and represented as ¢,

which describes the protection function against the worst case. Equation (31) describes the
demand satisfaction constraints under uncertain scenarios.
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3.5. Solution Approach

Regarding the multi-objective deterministic or robust model, the main challenge is
deciding how to manage the trade-offs. We adopt the linear programming solver Gurobi
to obtain the optimal solution. Gurobi allows the multi-objectives function to be treated
hierarchically. In the hierarchical approach, the priority is set for each objective. Concerning
the realistic problem, this paper first sets the same priority for the two objectives in the
following sensitivity analysis. Afterward, this paper generates a series of coupled priorities
to obtain the Pareto solution. The priority determination method is subjective to a certain
extent. The data envelopment analysis (DEA) method in [41] will be discussed in a future
study.

4. Numerical Experiments

To illustrate the practical application of the proposed models, we conduct numerical
experiments based on actual data provided by an automobile manufacturer located in
Changchun, China. The following experiments are run by Gurobi 9.5.1 software on a
personal computer equipped with an AMD Ryzen 7,5700 G with Radeon Graphics 3.80 GHz
and 32.0 GB RAM, using the Microsoft Windows 10 operating system.

The auto parts supply network consists of 30 APSs, 12 DCs, and 1 APL. Figure 3
graphically describes the location distribution of APSs, DCs, and the APL. In addition,
the units of travel cost, carbon emissions, and distance are measured with RMB (yuan),
kilogram (KG), and kilometers (KM), respectively. Next, we analyze in detail the sensitivity
of the deterministic model, the advantages of the robust optimization model, and the
usefulness of our proposed models.
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Figure 3. Description of the study area.

We obtain experimental data from surveying and collecting the material and data
in Changchun. Through a series of data processing and simplification processes, the
parameters involved in these experiments are listed in Table 3. The automobile demand
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of the APL is derived from the actual statistical data. According to the corresponding
relationship between the automobile and the auto parts, we multiply the coefficients to
acquire the auto parts demand of each APS. In this paper, we consider four production
periods of the automobile APL, and the vehicle capacity is set as 1500. In addition, the
inventory capacity can be chosen from the set (8000, 9000, 10,000, and 11,000). Suppose
the unit transport cost from DCs to the APL and from APSs to the APL are the same and
set as 20. However, the unit transport cost for picking up auto parts from DCs to the
corresponding APSs is less and assumed as 14. Define the unit inventory holding cost for
auto parts as 0.1. Finally, the factor of carbon emission is defined as 0.3.

Table 3. Key input parameters.

T vC W(; UH FNIFZ FG CE
(8000, 9000,
4 1500 10,000, 11,000) 0.1 20 14 0.3

4.1. Sensitivity Analysis of Deterministic Model

This section conducts sensitivity experiments to investigate the impact of essential
parameters on the LIRP under deterministic demand. Namely, we discuss how the unit
inventory holding cost (UH), unit transport cost from DCs to the APL (FN), unit transport
cost from APSs to the APL directly (FZ), and unit transport cost for picking up auto parts
from DCs to corresponding APSs (FG) influence the total system cost and the carbon
emission. The results are shown in Figures 4 and 5, respectively.
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Figure 4. The impact of various parameters on the total system cost.
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As can be seen from Figure 4, there is an evident increase in the total system cost
with the growth of UH, FN, FZ, and FG, which is in accordance with the realistic situation.
For example, Figure 4a describes the relationship between total system cost and the unit
inventory holding cost (UH). When the UH changes from 10 to 15, the total system cost
increases sharply. As UH continues to increase, the growth rate will slow down. Hence, we
can draw the conclusion that the total system cost is more sensitive to the UH when it is
lower than 15.
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(a) The impact of UH on the carbon emission. (b) The impact of FN on the carbon emission.
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Figure 5. The impact of various parameters on the carbon emission.

Further, we analyze how these parameters influence the carbon emissions in Figure 5.
Figure 5b,c show that the carbon emission slightly decreases with the growth of the FN
and FZ. On the contrary, Figure 5a,d indicate that carbon emission rises significantly with
the increase in UH and FG.

According to Figures 4 and 5, it can be observed that both objectives are closely
associated with the UH and FG. The main reason is that the variations in UH and FG
greatly influence the delivery routing of auto parts. We propose the indicator Supplier
Delivery Amount (SDA) to represent the number of auto parts delivered from APSs to the
APL directly. Analogously, Distribution Center Delivery Amount (DCDA) is proposed to
describe the number of auto parts supplied from DCs to the APL. In addition, Supplier
Delivery Amount Percentage (SDAP) is proposed to capture the proportion of SDA in the
total number of auto parts transported.

Therefore, we summarize these indicators under different values of UH and FG in
Table 4. It is easy to observe that the SDAP increases from 0% to 14.89% with the growth of
UH, which means that if the unit inventory cost is high, more auto parts will be delivered
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from APSs to the APL directly. Therefore, there is a need for more vehicles to undertake
auto parts transport activities. Consequently, the total system cost and the carbon emission
will arise. Compared to the UH, FG has a similar effect on the system performance of the
auto parts supply logistics network. A larger value for FG indicates that the centralized
pickup cost from DCs to corresponding APSs is high, resulting in more auto parts being
delivered from APSs to DCs directly, and the SDAP increases from 0% to 21.88%.

Table 4. Statistical data for the delivery routing of auto parts under various UH and FG.

UH FG
SA
0.1 0.15 0.2 0.25 0.3 5 10 14 20 25
SDA 0 874 886 2566 3561 0 0 0 4377 5233

DCDA 23,912 23,038 23,026 21,379 20351 23912 23912 23912 19,535 18,679
SDAP 0.00% 3.66% 3.71% 10.59% 14.89% 0.00% 0.00% 0.00% 18.30% 21.88%

To graphically depict the delivery routing decisions under different values of UH,
we portray the delivery routing distribution during periods t = 2 and t = 3 in Figure 6,
respectively. Figure 6a,b describe the routing decisions under the circumstance of UH = 0.1,
and Figure 6¢,d assume UH = 1.5.
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29) @9)
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Figure 6. The impact of UH on the routing decisions.
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As can be seen in Figure 6, candidate L_5 is chosen as DCs and the delivery routing
decisions are described. The blue dotted line is the delivery routing from DCs to the
corresponding APSs to pick up auto parts, and each circle represents an assigned vehicle.
In addition, the solid black lines depict the routing from APSs to the APL, while the solid
red line describes the delivery routing from DCs to the APL. Through the comparison
between Figure 6a,c, it is clear that there are two extra direct delivery routes from APSs to
the APL, and the result again verifies the idea that a higher UH will increase the number of
auto parts delivered directly from APSs to the APL. We can obtain the same conclusion by
comparing Figure 6b,d. The impact of FG on the delivery decisions is similar to UH, and it
is not described in this article, to avoid repetition.

However, compared to UH and FG, FZ has a distinct influence on auto parts delivery
routing decisions. In the following, we analyze the delivery routing of auto parts under
various FZ in Table 4. Higher FZ indicates that the unit transport cost from APSs to the APL
is high. With the FZ upward, more auto parts are assigned to DCs to reduce the transport
cost by centralized pickup. Table 5 shows that as the FZ increases from 10 to 15, the SDAP
will decrease from 37.09% to 1.09%.

Table 5. Statistical data on the delivery routing of auto parts under various FZ.

FZ
SA
10 15 20 25 30
SDA 8772 260 0 0 0
DCDA 15,140 23,652 23,912 23,912 23,912
SDAP 37.09% 1.09% 0.00% 0.00% 0.00%

Similar to Figure 6, to graphically depict the delivery routing decisions under different
values of FZ, we portray the routing distribution during periods t = 2 and t = 3 in Figure 7.
Figure 7a,b delineate the routing decisions under the condition of FZ = 10, and Figure 7c,d
suppose FZ = 15.

Analogous to Figure 6, candidate point L_5 is selected as DCs. Figure 6a,b show that
there are a total of five routes from APSs to the APL during periods t =2 and t = 3 when
FZ =10. However, when FZ = 15 in Figure 6¢,d, the total number of routes from APSs to
the APL is reduced to one. This is in accordance with Table 6 that higher FZ leads to more
auto parts being delivered through DCs, which perform centralized pickup and unified
delivery.

Table 6. Variations in LIRP decisions under different uncertainty levels (p = 1).

Uncertainty Level DC WC SDA DCDA SDAP
30% L5 9000 2313 24,161 8.74%
60% L5 9000 4827 24,209 16.62%
90% L_5 10,000 7410 24,188 23.45%
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Figure 7. The impact of FZ on the routing decisions.

The above parameters influence the system performance by affecting the location of
DCs, inventory capacity, and delivery routing decisions. Overall, we can conclude that the
total system cost and carbon emission are sensitive to the above four parameters.

Concerning the relationship between the total system cost and carbon emission, the
Pareto-set output from the deterministic model under different weights is depicted in
Figure 8, where one point in the figure represents a particular LIRP solution. The Pareto set
has a total system cost ranging from 7062 RMB to 7166 RMB and the carbon emission ranges
from 74 kg to 77 kg. It can also be seen in Figure 8 that carbon emission and total system
cost have the same tendency, which proves the essence of considering the sustainable LIRP
in auto parts supply logistics.



Mathematics 2022, 10, 2942

17 of 22

4
7,200

B Pareto solution

7,180
7,160
7,140 |
7,120 4

Total system cost

7,100 H

7,080
|

7,060 u

v

74.0 74.5 75.0 75.5 76.0 76.5 77.0 77.5
Carbon emissions

Figure 8. Pareto set of LIRP.

4.2. Sensitivity Analysis of Robust Model

The above parameters sensitivity analysis in the deterministic model are suitable
for the robust model. Except for these analyses, this section further discusses how the
uncertainty level and the degree of conservatism influence the LIRP. Here, we first define
that the deviation value D! equals the nominal values D!. According to the same input
parameters as the deterministic model, it is assumed that the uncertain demand is likely to
occur at any period, and, as introduced in 3.4, we use B € [0, 1] to represent the uncertainty
level. This paper adopts p to describe the degree of conservatism.

First, we discuss the effect of uncertainty level on the system performance in Figure 9.
Three kinds of degrees of conservatism are considered. Figure 9a delineates the variation
in total system cost with increased uncertainty level, and Figure 9b shows the variation
in carbon emissions. It can be seen from Figure 8 that with the increase in the uncertainty
level, the total system cost and carbon emissions increase significantly under different
degrees of conservatism.
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Figure 9. Effect of uncertainty level on the system performance.
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To further depict the impact of uncertainty level on the location of DCs, inventory
capacity, and delivery routing decisions, we take the degree of conservatism p = 1 as an
example and analyze how the decision variables change when the uncertainty level ranges
from 30% to 90%. The results are shown in Table 6, where the value of DC is the selected
candidate point for DCs and WC is the inventory capacity for DCs.

As shown in Table 6, although the location of DC does not change, the inventory
capacity of DC increases from 9000 to 10,000 when the uncertainty level grows. Another
interesting finding is that the proportion of auto parts delivered from APSs to the APL
directly increases from 8.74% to 23.45%. The reason may be that when the uncertainty level
grows, the production demand in the APL for the worst case is extremely high, which is
likely to exceed the inventory capacity of DCs. Therefore, the auto parts in APSs close
to the APL will be transported directly without needing transfers in DCs. The detailed
delivery routing decisions are graphically shown in Figure 10. It is clear to see that more
solid black lines are depicted with the increase in the uncertainty level, verifying that more
auto parts close to the APL are delivered directly.
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(b) B =60%,p =1

~
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0
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Figure 10. The impact of uncertainty level on the delivery routing decisions.

Subsequently, the effects of the degree of conservatism on the location, inventory,
and delivery routing decisions are summarized in Table 7. We take the uncertainty level
B = 100% as an example and analyze how the decision variables change when the degree
of conservatism changes from 1 to 3. Similar to the uncertainty level, the inventory capacity
increases from 10,000 to 11,000 with the growth of the degree of conservatism, and the
proportion of auto parts delivered from APSs to the APL directly increases from 29.48% to
55.10%. This is because more production demand is needed under a more conservative
environment. Limited to the inventory capacity, more auto parts close to the APL will
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be delivered directly, and the detailed delivery routing distribution is similar to Figure 9,
which we do not display again.

Table 7. Variations in LIRP decisions under different conservatism degrees (f = 100%).

Degree of Protection DC WC SDA DCDA SDAP
1 L5 10,000 9566 22,886 29.48%
2 L5 10,000 18,439 22,126 45.46%
3 L_5 11,000 26,353 21,471 55.10%

4.3. Model Comparisons

At present, the auto parts are delivered directly from APSs to the APL, resulting in a
large waste in vehicle capacity and a high transport cost. This paper proposes a robust LIRP
in auto parts supply logistics to address the real problem of establishing DCs to minimize
the total system cost. We define the two scenarios as “Without DCs” and “With DCs”. In
the following, we conduct comparative analyses on the utilization rate of vehicle capacity,
total system cost, and carbon emission. The results are summarized in Table 8.

Table 8. Comparative analyses between without and with DCs.

. The Utilization Rate -
Scenarios of Vehicle Capacity Carbon Emission Total System Cost
Without DCs 17.71% 221.1108 14,740.72
With DCs 96.29% 76.05862 7139.92

Obviously, the total system cost and carbon emissions will decrease when establishing
DCs using the proposed LIRP model, and the utilization rate of vehicle capacity will be
dramatically improved. Consequently, we can draw the conclusion that the proposed LIRP
model is largely effective in the auto parts supply logistics network.

Moreover, to demonstrate the significance of considering uncertain demand, we
compared the system performance between the scenarios “Without DCs” and “With DCs”
under uncertain demand. Assuming the degree of conservatism p = 3, we further discuss
the variation in total system cost and carbon emission while the uncertainty level changes
from 0.1 to 1. As shown in Figure 11, the total system cost and the carbon emission obtained
by our robust LIRP model are significantly lower than the scenario “without DCs”.
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Figure 11. Comparative analyses between without and with DCs considering uncertain demand.
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5. Discussion

In this paper, a multi-objective MIP model is proposed to deal with the LIRP of the
automotive parts supply chain with deterministic and uncertain demands. The objective of
the model is to minimize the cost and carbon emissions in the whole system.

Based on the above numerical analysis, we can have the following practical implica-
tions and insights on the LIRP system design problem. First, the model proposed in this
paper provides an integrated optimization scheme for automotive parts supply chain opti-
mization and gives a basis for micro-analysis of operation strategies. Compared with the
two-stage model [35], the integrated optimization model we choose can more adequately
consider the relationship between the three-level decisions. Second, compared to the LIRP
model of [42], we fully consider the idea of sustainability, which largely reduces carbon
emissions released from transport vehicles, and the results reveal that the total system cost
optimization direction is consistent with sustainable optimization. Finally, considering the
uncertainty in production demand, the robust optimization approach adopted in this paper
significantly outperforms the emergency order direct delivery by APSs in terms of both
total system cost reduction and carbon emission reduction.

The environment is becoming an increasingly important criterion in planning automo-
tive parts supply networks. The model presented in this paper has the potential to assist
decision-makers and managers solve the LIRP in the supply network configuration. It
also provides constructive suggestions for auto parts supply chain planners to select the
reasonable DC location and determine the cost-optimal routing decisions for centralized
collection and unified distribution. The results demonstrate that the method proposed
in this paper would contribute to significant savings in total system cost and reduce the
environmental impact.

Although this study proves that the LIRP model we proposed is effective in auto parts
supply logistics, there is still a few limitations that we would like to emphasize for future
research. First, for the sake of simplification, only one APL is considered. It is more realistic
to investigate multiple APLs, which will increase the complexity of this problem. Secondly,
as the number of periods and APSs increases, the size of the problem could become very
large, making it difficult to address by the solver. Therefore, it is necessary to explore
an efficient algorithm. With various metaheuristics available and many possibilities for
customization, future work might explore the best options for realistic networks.

6. Conclusions

This paper proposes a unified framework simultaneously considering the location-
inventory-routing problem in auto parts supply logistics, which are rarely considered from
a sustainable perspective. Within this framework, a novel multi-objective MIP model is
proposed to estimate the system performance. Specifically, this model determines the
location and capacity of DCs and routing decisions to minimize the total system cost
and carbon emissions while considering multi-period production demand. Concerning
uncertain factors in production activities, a robust optimization method is developed
further in the context of uncertain demand in the APL. A numerical example is investigated
to illustrate the effectiveness of the proposed framework in the LIRP. Sensitivity analyses of
essential parameters yield several managerial insights. The results show that the location,
inventory capacity, and delivery routing decisions are highly affected by various cost
parameters. Finally, we observe that the utilization of vehicle capacity will be dramatically
improved by our LIRP model, indicating that studying the LIRP of auto parts supply
logistics is extremely meaningful.

The current research can be extended in various directions to optimize the automotive
parts supply network LIRP. First, it is idealistic to assume the auto parts are classified as a
unified specification in the context of actual situations. It is of great significance to discuss
the diverse specifications of auto parts. Secondly, it seems that uncertain incidents can
occur in random stages. Hence, it is not enough to consider the uncertain demand in the
APL, but the uncertain circumstance during the supply and transportation should also be
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taken into account. Finally, the urban road network structure deeply affects transportation
routing decisions, which will be included in our future study.
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