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ABSTRACT
This study develops a bi-objective two-level capacitated facility location model with

predetermined primary-backup assignments under depot disruptions. Each customer is as-
signed to primary and backup depots through the same satellite to maintain service when
the primary depot becomes unavailable. The model minimizes expected total system cost
and expected total delivery time under capacity restrictions. The nonlinear formulation is
reformulated as an equivalent mixed-integer linear programming model, and a normalized
weighted-sum approach is used to examine the objective trade-off. Computational experi-
ments on networks containing 20-70 nodes reveal a clear cost-delivery-time trade-off. All
evaluated configurations with up to 35 nodes are solved with zero optimality gap, whereas
larger networks require greater computational effort and may terminate with positive gaps.
The results highlight the importance of balancing economic performance and delivery re-
sponsiveness in disruption-aware distribution network design.

Keywords: Depot disruption; Facility disruption; Primary-backup assignment; Multi-
objective optimization; Two-level capacitated facility location

1. Introduction
Facility location decisions play an

important role in supply chain and distri-
bution network design by determining fa-

cility locations and customer allocations.
Classical models include the Uncapaci-
tated Facility Location Problem (UFLP)
and the Capacitated Facility Location Prob-
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lem (CFLP) [1–3]. In multi-level distri-
bution systems, products pass through in-
termediate facilities before reaching cus-
tomers. Aardal et al. [4] studied the two-
level uncapacitated facility location prob-
lem, while Tragantalerngsak et al. [5,6] in-
vestigated the two-echelon, single-source,
capacitated facility location problem. Fa-
cility capacities are particularly important
under disruptions because surviving facili-
ties must accommodate demand transferred
from unavailable facilities.

Facility disruptions can affect service
continuity and increase distribution costs.
Early studies addressed location decisions
involving unreliable facilities [7] and the
expected costs of facility failures [8]. Sny-
der [9] reviewed facility location models
under uncertainty, while Cui et al. [10]
and Li et al. [11] investigated reliable fa-
cility location under disruptions. Afify et
al. [12] incorporated heterogeneous failure
probabilities, backup assignments, capacity
restrictions, and facility fortification into a
reliable capacitated facility location prob-
lem. Subsequent studies considered capac-
ity failures with correlated demand uncer-
tainty [13], two-stage stochastic facility lo-
cation with disruptions and restricted short-
ages [14], and protection and backup deci-
sions under decision-dependent uncertainty
[15]. These studies demonstrate different
approaches to incorporating disruption risks
and recovery decisions into facility location
models.

Disruption-aware network design
has also been examined from resilience and
multi-objective perspectives. Aldrighetti
et al. [16] reviewed the costs of resilience
and disruptions in supply chain network
design, while Fugaro and Sgalambro [17]
surveyed multi-objective facility location
problems. Medal et al. [18] developed a
multi-objective facility location-hardening

model examining trade-offs between maxi-
mum distances before and after disruptions.
In a different application, Titkanna et al.
[19] proposed a hybrid metaheuristic
for location-allocation optimization in
agricultural supply chains exposed to
insurgency-related risks. These studies
highlight the relevance of resilience and
multiple objectives in location decisions,
although their network structures, dis-
ruption mechanisms, and performance
measures differ.

Primary-backup assignments pro-
vide a means of maintaining service when
a facility becomes unavailable [8, 11, 12].
In two-level distribution networks, disrup-
tions at upper-level facilities may require
demand to be transferred to surviving
facilities while maintaining downstream
service. Ramshani et al. [20] investigated
a two-level uncapacitated facility location
problem with disruptions and alternative
service arrangements. Harnnarong and
Boonperm [21] considered a two-level
capacitated facility location problem un-
der depot disruptions and incorporated
depot fortification. These studies provide
relevant foundations for disruption-aware
two-level networks but differ in their treat-
ment of capacities, recovery decisions, and
optimization objectives. Table 1 compares
selected studies with the proposed model.

Fig. 1 illustrates the primary-backup
mechanism considered in this study. Each
customer is normally served through a satel-
lite supplied by its primary depot. If the pri-
mary depot becomes unavailable, supply is
transferred to a predetermined backup de-
pot while the satellite-to-customer assign-
ment remains unchanged. The backup de-
pot must have sufficient capacity to accom-
modate both its regular demand and the
transferred demand.

Although previous studies have
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Table 1. Comparison of related facility location studies.

Study Problem / method Objectives Disruption / uncer-
tainty

Key distinction

Snyder and Daskin [8] Reliable facility
location

Expected system cost Facility failures Expected failure-cost modeling

Afify et al. [12] Capacitated FLP;
linearization

Cost minimization Heterogeneous facility
failures

Backup assignments, capacity, and
fortification

Medal et al. [18] Multi-objective
location-hardening

Pre- and post-
disruption maximum
distances

Facility disruptions Trade-offs involving facility
hardening

Ramshani et al. [20] Two-level uncapaci-
tated FLP

Cost minimization Facility disruptions Alternative service paths without
facility capacities

Harnnarong and Boon-
perm [21]

Two-level capacitated
FLP

Cost minimization Depot disruptions Depot fortification in a capacitated
two-level network

Hu and Tang [15] Robust facility location Cost-oriented optimiza-
tion

Decision-dependent
uncertainty

Protection and backup decisions

This study Bi-objective TCFLP;
MILP

Expected cost and
delivery time

Depot disruption
probabilities

Primary-backup assignments,
contingency capacities, and fixed
satellite assignments

investigated backup arrangements, depot
fortification, and multi-objective facil-
ity location, limited attention has been
given to their integration in capacitated
two-level networks with predetermined
primary-backup assignments, fixed
satellite-to-customer relationships, and
expected cost and delivery-time objec-
tives. A backup depot offering lower
transportation costs may not provide
the shortest delivery time. Moreover,
surviving depots must have sufficient
capacity to accommodate their regular
demand, and demand transferred from a
disrupted primary depot. These consider-
ations motivate a bi-objective formulation
integrating economic and delivery-time
performance with contingency-specific
capacity requirements.

Unlike Harnnarong and Boonperm
[21], whose capacitated two-level model in-
corporates depot fortification, the present
study focuses on predetermined primary-
backup assignments without fortification.
Each customer is assigned primary and
backup depots through the same satellite,
and the backup path is activated when the
primary depot becomes unavailable. The

proposed model jointly minimizes expected
total system cost and expected total deliv-
ery time while enforcing depot and satellite
capacities under normal operation and indi-
vidual primary-depot contingencies.

The contributions of this study are
threefold. First, a bi-objective two-level ca-
pacitated facility location problem is formu-
lated to integrate predetermined primary-
backup assignments, a same-satellite recov-
ery policy, and expected cost and delivery-
time objectives. Second, contingency-
specific capacity constraints ensure that sur-
viving depots can accommodate their reg-
ular demand and demand transferred from
a disrupted primary depot. Third, the
nonlinear formulation is converted into an
equivalent mixed-integer linear program-
ming (MILP) model using standard binary-
product linearization, and a normalized
weighted-sum approach is applied to exam-
ine cost-delivery-time trade-offs and com-
putational performance. The contribution
lies in the integration of these modeling
features and their computational analysis
rather than in developing new linearization
or multi-objective optimization algorithms.

The remainder of this paper is orga-

135



A. Boonperm and J. Krutchaiyan | Science & Technology Asia | Vol.31 No.3 July - September 2026

(a) Planned assignments before disruption.

(b) Assignments after disruption of 𝐷1.

Fig. 1. Primary and backup assignments in a
two-level distribution network under depot dis-
ruption.

nized as follows. Section 2 presents the
problem description and mathematical for-
mulation. Section 3 describes the multi-
objective solution approach. Section 4
presents the computational experiments and
results, and Section 5 concludes the paper.

2. Problem Description and Mathe-
matical Formulation

Consider a two-level capacitated dis-
tribution network consisting of candidate
depots, candidate satellites, and customers.
Products are transported from opened de-
pots to opened satellites and subsequently
delivered to customers. Both facility levels
are subject to capacity restrictions, and di-
rect shipments from depots to customers are
not allowed.

To maintain service under depot dis-
ruptions, each customer is assigned a pri-
mary depot and a predetermined backup de-
pot. Both service paths use the same satel-
lite. Under normal operation, the satel-
lite receives the customer’s demand from
its primary depot. If the primary de-
pot becomes unavailable, supply is trans-
ferred to the predetermined backup depot
while the satellite-to-customer assignment
remains unchanged. Thus, a depot disrup-
tion affects only the depot-to-satellite por-
tion of the service path.

Each depot 𝑖 has a depot-specific dis-
ruption probability 𝑝𝑖 . For a customer as-
signed to depot 𝑖 as its primary depot, the
primary service path is used with proba-
bility 1 − 𝑝𝑖 , whereas the predetermined
backup path is activated with probability
𝑝𝑖 . These probabilities describe the oper-
ational state of the assigned primary depot
rather than mutually exclusive system-wide
disruption scenarios. The model considers
individual primary-depot contingencies; si-
multaneous disruptions involving multiple
depots, including the concurrent unavail-
ability of a primary depot and its backup de-
pot, are outside its scope.

The model jointly determines
facility-opening and primary-backup
assignment decisions subject to facility
capacities while minimizing expected total
system cost and expected total delivery
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time. Depot disruption is the sole source
of uncertainty considered, allowing its
effects on network design and recovery
decisions to be examined separately from
other sources of operational uncertainty.
The nonlinear formulation is presented
first, followed by an equivalent MILP
reformulation used in the computational
experiments.

The following assumptions are
adopted:

• Customer locations and demands are
known, and each customer’s demand
must be fully satisfied without de-
mand splitting.

• Candidate depots and satellites have
known capacities and fixed opening
costs.

• Each customer is assigned to exactly
one primary service path and one pre-
determined backup service path. The
two paths use the same satellite but
different depots.

• Primary and backup assignments are
determined before disruptions occur,
and the backup path is activated when
the corresponding primary depot be-
comes unavailable.

• Disruptions occur only at the depot
level. Satellites and their connections
to customers remain operational fol-
lowing a depot disruption.

• Each depot has a known depot-
specific disruption probability. The
model considers individual primary-
depot contingencies and does not ac-
count for simultaneous disruptions
involving multiple depots.

• Transportation costs, travel dis-
tances, and average transportation
speed are known and treated as
deterministic planning parameters.

Let 𝐼, 𝐽, and 𝐾 denote the sets of can-
didate depots, candidate satellites, and cus-
tomers, respectively. The sets, parameters,
and decision variables used in the mathe-
matical formulation are summarized in Ta-
ble 2.

For each combination (𝑖, 𝑗 , 𝑘), the
transportation parameters 𝑐𝑖 𝑗𝑘 , 𝑙𝑖 𝑗𝑘 , and 𝑡𝑖 𝑗𝑘
refer to the complete service path from de-
pot 𝑖 through satellite 𝑗 to customer 𝑘 , rather
than to an individual network arc. The dis-
tance 𝑙𝑖 𝑗𝑘 represents the total travel distance
along this path, and the corresponding de-
livery time is calculated as 𝑡𝑖 𝑗𝑘 = 60𝑙𝑖 𝑗𝑘/𝑣.
2.1 Mathematical Formulation

The problem is formulated as a bi-
objective integer nonlinear programming
model that minimizes expected total system
cost and expected total delivery time. Both
objectives use the primary-depot contin-
gency mechanism described in the preced-
ing section: the primary path is weighted
by the probability that its assigned depot re-
mains operational, while the predetermined
backup path is weighted by the disruption
probability of that depot. Fixed facility-
opening costs are incurred independently of
depot disruptions. The corresponding ser-
vice states and capacity requirements are
summarized in Table 3.

The formulation distinguishes be-
tween expected performance and capac-
ity feasibility. Disruption probabilities are
used to evaluate the objectives, while ca-
pacity constraints ensure that surviving de-
pots can accommodate their primary de-
mand and any demand transferred from a
disrupted depot.
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Table 2. Notation used in the mathematical formulation.

Symbol Definition

Sets and indices
𝐼 Set of candidate depots, indexed by 𝑖 and 𝑟 .
𝐽 Set of candidate satellites, indexed by 𝑗 and 𝑜.
𝐾 Set of customers, indexed by 𝑘.

Parameters
𝑐𝑖 𝑗𝑘 Transportation cost of serving customer 𝑘 along the complete path from depot 𝑖 through satellite 𝑗 to customer 𝑘.
𝑙𝑖 𝑗𝑘 Total travel distance along the complete path from depot 𝑖 through satellite 𝑗 to customer 𝑘.
𝑡𝑖 𝑗𝑘 Delivery time along the complete path from depot 𝑖 through satellite 𝑗 to customer 𝑘, where 𝑡𝑖 𝑗𝑘 = 60𝑙𝑖 𝑗𝑘/𝑣.
𝐹𝑖 Fixed opening cost of depot 𝑖.
𝑀 𝑗 Fixed opening cost of satellite 𝑗.
𝑄𝑖 Capacity of depot 𝑖.
𝑄′

𝑗 Capacity of satellite 𝑗.
𝑑𝑘 Demand of customer 𝑘.
𝑝𝑖 Disruption probability associated with depot 𝑖.
𝑣 Average transportation speed.

Decision variables

𝑥𝑖

{
1, if depot 𝑖 is opened,
0, otherwise.

𝑦 𝑗

{
1, if satellite 𝑗 is opened,
0, otherwise.

𝑤𝑖 𝑗𝑘

{
1, if (𝑖, 𝑗 ) is the primary path for customer 𝑘,
0, otherwise.

𝑤′
𝑖 𝑗𝑘

{
1, if (𝑖, 𝑗 ) is the backup path for customer 𝑘,
0, otherwise.

Table 3. Primary-depot service states.

State Probability Path Capacity

Normal 1 − 𝑝𝑟 Primary Primary-depot capacity
Disrupted 𝑝𝑟 Backup Backup capacity including transferred demand

The first objective minimizes ex-
pected total system cost and is formulated
as

min 𝑍1 =
∑
𝑖∈𝐼

𝐹𝑖𝑥𝑖 +
∑
𝑗∈𝐽

𝑀 𝑗 𝑦 𝑗

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

𝑐𝑖 𝑗𝑘𝑤𝑖 𝑗𝑘 (1 − 𝑝𝑖)

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑟∈𝐼
𝑟≠𝑖

∑
𝑜∈𝐽

𝑐𝑖 𝑗𝑘𝑤
′
𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 𝑝𝑟 .

(2.1)
The first two terms in Eq. (2.1) rep-

resent the fixed opening costs of depots and
satellites. The third term represents the ex-
pected transportation cost of primary ser-
vice paths, weighted by the probability that
the corresponding primary depot remains
operational. The final term represents the

expected transportation cost of backup ser-
vice paths. Specifically, 𝑤′

𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 = 1
when customer 𝑘 is assigned to depot 𝑟
through satellite 𝑜 as its primary path and
to depot 𝑖 through satellite 𝑗 as its backup
path. The corresponding backup transporta-
tion cost is weighted by 𝑝𝑟 , the disruption
probability of the assigned primary depot.

The second objective minimizes ex-
pected total delivery time and is formulated
as

min 𝑍2 =
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

𝑡𝑖 𝑗𝑘𝑤𝑖 𝑗𝑘 (1 − 𝑝𝑖)

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑟∈𝐼
𝑟≠𝑖

∑
𝑜∈𝐽

𝑡𝑖 𝑗𝑘𝑤
′
𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 𝑝𝑟 .

(2.2)
The first term in Eq. (2.2) represents
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the expected delivery time through primary
service paths, whereas the second repre-
sents the expected delivery time through
predetermined backup paths. The delivery-
time objective is customer-oriented rather
than demand-weighted: each customer con-
tributes one route delivery time regardless
of its demand volume, while customer de-
mand affects network feasibility through
the depot and satellite capacity constraints.

Thus, the two objectives evaluate the same
disruption mechanism in terms of economic
performance and delivery responsiveness.

The network design must satisfy
facility-opening, assignment, and capacity
requirements under normal operation and
under each primary-depot contingency con-
sidered by the model. The corresponding
constraints are given below.

𝑤𝑖 𝑗𝑘 ≤ 𝑥𝑖 ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾 (2.3)
𝑤′
𝑖 𝑗𝑘 ≤ 𝑥𝑖 ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾 (2.4)

𝑤𝑖 𝑗𝑘 ≤ 𝑦 𝑗 ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾 (2.5)
𝑤′
𝑖 𝑗𝑘 ≤ 𝑦 𝑗 ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾 (2.6)∑

𝑖∈𝐼

∑
𝑗∈𝐽

𝑤𝑖 𝑗𝑘 = 1 ∀𝑘 ∈ 𝐾 (2.7)∑
𝑖∈𝐼

∑
𝑗∈𝐽

𝑤′
𝑖 𝑗𝑘 = 1 ∀𝑘 ∈ 𝐾 (2.8)∑

𝑗∈𝐽

(
𝑤𝑖 𝑗𝑘 + 𝑤′

𝑖 𝑗𝑘

)
≤ 1 ∀𝑖 ∈ 𝐼, 𝑘 ∈ 𝐾 (2.9)∑

𝑖∈𝐼
𝑤𝑖 𝑗𝑘 =

∑
𝑖∈𝐼

𝑤′
𝑖 𝑗𝑘 ∀ 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾 (2.10)∑

𝑗∈𝐽

∑
𝑘∈𝐾

𝑑𝑘𝑤𝑖 𝑗𝑘 ≤ 𝑄𝑖𝑥𝑖 ∀𝑖 ∈ 𝐼 (2.11)∑
𝑗∈𝐽

∑
𝑘∈𝐾

𝑑𝑘𝑤𝑖 𝑗𝑘 +
∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑜∈𝐽

𝑑𝑘𝑤
′
𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 ≤ 𝑄𝑖𝑥𝑖 ∀𝑖, 𝑟 ∈ 𝐼, 𝑖 ≠ 𝑟 (2.12)∑

𝑖∈𝐼

∑
𝑘∈𝐾

𝑑𝑘𝑤𝑖 𝑗𝑘 ≤ 𝑄′
𝑗 𝑦 𝑗 ∀ 𝑗 ∈ 𝐽 (2.13)

𝑥𝑖 ∈ {0, 1} ∀𝑖 ∈ 𝐼 (2.14)
𝑦 𝑗 ∈ {0, 1} ∀ 𝑗 ∈ 𝐽 (2.15)

𝑤𝑖 𝑗𝑘 , 𝑤
′
𝑖 𝑗𝑘 ∈ {0, 1} ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾. (2.16)

Constraints Eqs. (2.3)-(2.6) link pri-
mary and backup assignments to facility-
opening decisions, ensuring that a depot or
satellite can participate in a service path

only if the corresponding facility is opened.
Constraints Eqs. (2.7)-(2.8) require each
customer to have exactly one primary ser-
vice path and one predetermined backup
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service path, respectively.
Constraint Eq. (2.9) requires the pri-

mary and backup depots assigned to the
same customer to be different. Con-
straint Eq. (2.10) requires both service paths
to use the same satellite. Consequently,
if the primary depot becomes unavail-
able, supply is transferred to the predeter-
mined backup depot without changing the
satellite-to-customer assignment. This pol-
icy assumes that disruptions affect only the
upstream depot layer and preserves the es-
tablished downstream service relationship
during recovery.

Constraints Eqs. (2.11)-(2.13) en-
force capacity feasibility. Constraint
Eq. (2.11) limits the primary demand as-
signed to each depot under normal op-
eration. For each contingency in which
depot 𝑟 becomes unavailable, Constraint
Eq. (2.12) requires every surviving depot
𝑖 to accommodate both its own primary
demand and the demand transferred from
depot 𝑟 for which it serves as the desig-
nated backup. The transferred demand is
counted only when the corresponding pri-
mary and backup assignment variables both
equal one. Thus, the reserve capacity re-
quired for backup service is determined by
the facility-opening and assignment deci-
sions rather than specified as a separate
fixed parameter. This assumes that the un-
used capacity of a surviving depot is avail-
able to accommodate transferred demand
when a disruption occurs. Disruption prob-
abilities are used to evaluate expected ob-
jective values; they do not reduce physical
facility capacities or relax the contingency-
specific capacity requirements.

Constraint Eq. (2.13) limits the total
demand handled by each satellite. Because
the primary and backup service paths of a
customer use the same satellite, a primary-
depot disruption changes the supplying de-

pot but does not change the demand han-
dled by the satellite. Finally, Constraints
Eqs. (2.14)-(2.16) specify the binary do-
mains of the facility-opening and assign-
ment variables.

The formulation combines expected
performance evaluation with capacity fea-
sibility under each primary-depot contin-
gency. Its nonlinear terms arise from prod-
ucts of primary and backup assignment
variables in the objective functions and
depot-capacity constraints. These products
are reformulated in the next subsection to
obtain an equivalent MILP.

2.2 Model Linearization
The nonlinear terms in the proposed

formulation arise from products of binary
assignment variables of the form 𝑤′

𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 .
To obtain an equivalent mixed-integer lin-
ear programming (MILP) formulation, an
auxiliary binary variable 𝑢𝑖 𝑗𝑟𝑜𝑘 is intro-
duced for all 𝑖, 𝑟 ∈ 𝐼, 𝑗 , 𝑜 ∈ 𝐽, and 𝑘 ∈ 𝐾
with 𝑖 ≠ 𝑟 , such that

𝑢𝑖 𝑗𝑟𝑜𝑘 = 𝑤
′
𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 . (2.17)

The variable 𝑢𝑖 𝑗𝑟𝑜𝑘 equals one when
customer 𝑘 is assigned to depot 𝑟 through
satellite 𝑜 as its primary service path and to
depot 𝑖 through satellite 𝑗 as its backup ser-
vice path, and zero otherwise. Since both
assignment variables are binary, their prod-
uct can be represented exactly by the fol-
lowing linear constraints:

𝑢𝑖 𝑗𝑟𝑜𝑘 ≤ 𝑤′
𝑖 𝑗𝑘 , (2.18)

𝑢𝑖 𝑗𝑟𝑜𝑘 ≤ 𝑤𝑟𝑜𝑘 , (2.19)
𝑢𝑖 𝑗𝑟𝑜𝑘 ≥ 𝑤′

𝑖 𝑗𝑘 + 𝑤𝑟𝑜𝑘 − 1, (2.20)

for all 𝑖, 𝑟 ∈ 𝐼, 𝑗 , 𝑜 ∈ 𝐽, and 𝑘 ∈ 𝐾 with 𝑖 ≠
𝑟. Constraints Eqs. (2.18)-(2.20) enforce
𝑢𝑖 𝑗𝑟𝑜𝑘 = 1 if and only if both assignment
variables equal one.

Replacing the nonlinear products
with the corresponding auxiliary variables
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yields the following linear objective func-
tions:

min 𝑍1 =
∑
𝑖∈𝐼

𝐹𝑖𝑥𝑖 +
∑
𝑗∈𝐽

𝑀 𝑗 𝑦 𝑗

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

𝑐𝑖 𝑗𝑘𝑤𝑖 𝑗𝑘 (1 − 𝑝𝑖)

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑟∈𝐼
𝑟≠𝑖

∑
𝑜∈𝐽

𝑐𝑖 𝑗𝑘𝑢𝑖 𝑗𝑟𝑜𝑘 𝑝𝑟 .

(2.21)

min 𝑍2 =
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

𝑡𝑖 𝑗𝑘𝑤𝑖 𝑗𝑘 (1 − 𝑝𝑖)

+
∑
𝑖∈𝐼

∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑟∈𝐼
𝑟≠𝑖

∑
𝑜∈𝐽

𝑡𝑖 𝑗𝑘𝑢𝑖 𝑗𝑟𝑜𝑘 𝑝𝑟 .

(2.22)
Similarly, for each 𝑖, 𝑟 ∈ 𝐼 with

𝑖 ≠ 𝑟 , the nonlinear depot-capacity con-
straint Eq. (2.12) is reformulated as∑

𝑗∈𝐽

∑
𝑘∈𝐾

𝑑𝑘𝑤𝑖 𝑗𝑘 +
∑
𝑗∈𝐽

∑
𝑘∈𝐾

∑
𝑜∈𝐽

𝑑𝑘𝑢𝑖 𝑗𝑟𝑜𝑘

≤ 𝑄𝑖𝑥𝑖 .
(2.23)

All remaining constraints, Eqs.
(2.3)-(2.11) and Eqs. (2.13)-(2.16), remain
unchanged. For all 𝑖, 𝑟 ∈ 𝐼 with 𝑖 ≠ 𝑟 ,
𝑗 , 𝑜 ∈ 𝐽, and 𝑘 ∈ 𝐾 , the auxiliary variables
are restricted to be binary:

𝑢𝑖 𝑗𝑟𝑜𝑘 ∈ {0, 1}. (2.24)

The linearization is exact. If ei-
ther assignment variable is zero, the upper-
bound constraints force 𝑢𝑖 𝑗𝑟𝑜𝑘 = 0. If both
assignment variables are one, the lower-
bound constraint forces 𝑢𝑖 𝑗𝑟𝑜𝑘 = 1. Hence,
𝑢𝑖 𝑗𝑟𝑜𝑘 = 𝑤′

𝑖 𝑗𝑘𝑤𝑟𝑜𝑘 holds for every fea-
sible solution. Conversely, any feasible
solution of the original formulation can
be extended to the linearized formulation
by setting each auxiliary variable equal to

the corresponding binary product. There-
fore, the two formulations have the same
feasible solutions in the original decision
variables and identical objective values.
The resulting bi-objective MILP preserves
the primary-backup assignment structure
and contingency-specific capacity require-
ments without introducing any approxima-
tion. This formulation is used in the sub-
sequent multi-objective solution procedure
and computational experiments.

3. Multi-Objective Solution Ap-
proach

The proposed model considers two
conflicting objectives: expected total sys-
tem cost and expected total delivery time.
To examine their trade-off, a normalized
weighted-sum approach is employed [22].
Normalization is required because 𝑍1 and
𝑍2 are measured in different units and may
differ substantially in magnitude.

The normalization reference values
are obtained from the two single-objective
solutions. Let 𝑍min

1 and 𝑍min
2 denote the

minimum values of 𝑍1 and 𝑍2, respec-
tively. Let 𝑍max

1 denote the value of 𝑍1 at
the minimum-time solution, and 𝑍max

2 the
value of 𝑍2 at the minimum-cost solution.
The normalized objectives are

𝑍1 =
𝑍1 − 𝑍min

1

𝑍max
1 − 𝑍min

1

, (3.1)

and

𝑍2 =
𝑍2 − 𝑍min

2

𝑍max
2 − 𝑍min

2

. (3.2)

The normalized bi-objective problem
is

min 𝑍 (𝜆) = 𝜆𝑍1+(1−𝜆)𝑍2, 0 ≤ 𝜆 ≤ 1,
(3.3)
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where 𝜆 represents the weight as-
signed to expected total system cost. Thus,
𝜆 = 1 gives the minimum-cost solution,
whereas 𝜆 = 0 gives the minimum-time so-
lution.

Varying 𝜆 generates alternative cost-
delivery-time trade-off solutions. Because
the problem is discrete, different weights
may produce the same network configura-
tion, and the weighted-sum method may
not identify unsupported nondominated so-
lutions. The method is therefore used to
examine alternative objective preferences
rather than to enumerate the complete non-
dominated frontier. The solutions are re-
ported using the original values of 𝑍1 and
𝑍2 for direct interpretation.

4. Computational Experiments and
Results

This section evaluates the proposed
bi-objective TCFLP in terms of the cost-
delivery-time trade-off and the computa-
tional performance of the linearized formu-
lation.

4.1 Experimental setup
The test networks are synthetically

generated within a geographical region rep-
resenting Bangkok and its surrounding area.
The parameter ranges are based on Harn-
narong and Boonperm [21], with adjust-
ments to satellite opening costs, facility ca-
pacities, and customer demand. Parameter
values are randomly generated within the
specified ranges without setting a fixed ran-
dom seed. The geographical bounds and pa-
rameter settings are reported in Table 4.

The experiments consider networks
containing 20-70 nodes, where the total net-
work size is |𝐼 |+ |𝐽 |+ |𝐾 |. Different compo-
sitions of depots, satellites, and customers
are examined in increments of five. In-
stances with the same total number of nodes

may differ in computational difficulty be-
cause their numbers of assignment and aux-
iliary variables depend on the composition
of the three network levels.

Let 𝑚 = |𝐼 |, 𝑛 = |𝐽 |, and 𝑙 =
|𝐾 |. The number of binary variables is
𝑁binary = 𝑚 + 𝑛 + 2𝑚𝑛𝑙 + 𝑚(𝑚 − 1)𝑛2𝑙.
The formulation-size ranges in Table 5 are
calculated over all possible compositions,
including those not evaluated computation-
ally.

For example, the 20-node case in-
cludes (5, 5, 10), (5, 10, 5), and (10, 5, 5),
representing the numbers of depots, satel-
lites, and customers, respectively. Of the
363 possible compositions, 124 are evalu-
ated. All compositions are evaluated for
networks containing 20-35 nodes, while
subsets are considered for larger networks.
Table 5 reports the composition counts and
formulation-size ranges over all possible
compositions.

All models are implemented in
Python and solved using the Gurobi Op-
timizer on a 64-bit AMD Ryzen 7 3700U
computer with 8 GB of RAM running
Windows 10 Home. Each optimization
run has a time limit of 3,600 seconds.
If the limit is reached, the best feasible
solution and its reported optimality gap are
recorded.

4.2 Illustrative 20-node instance
A 20-node instance with 5 candidate

depots, 5 candidate satellites, and 10 cus-
tomers is used to illustrate the cost-delivery-
time trade-off. Table 6 reports the single-
objective solutions used as normalization
reference points.

Relative to the minimum-cost solu-
tion, the minimum-time solution reduces
expected total delivery time by 34.4% but
increases expected total system cost by ap-
proximately 290.8%, demonstrating a pro-
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Table 4. Parameter settings used in the computational experiments.

Parameter Range or value

Depot opening cost, 𝐹𝑖 [2000, 4000]
Satellite opening cost, 𝑀 𝑗 [2000, 4000]
Depot capacity,𝑄𝑖 [700, 2000]
Satellite capacity,𝑄′

𝑗 [700, 2000]
Customer demand, 𝑑𝑘 [10, 30]
Depot disruption probability, 𝑝𝑖 [0.10, 0.20]
Average transportation speed, 𝑣 60 km/h
Latitude [13.556748, 14.079317]
Longitude [100.311785, 100.837157]

Table 5. Network compositions and formulation-size ranges.

Nodes Possible Evaluated Binary variables Linear constraints

20 3 3 5,510-11,765 10,580-23,075
25 6 6 8,260-46,020 15,865-91,080
30 10 10 11,010-106,525 21,150-211,610
35 15 15 13,760-238,530 26,435-474,865
40 21 20 16,510-477,030 31,720-949,700
45 28 18 19,260-861,035 37,005-1,716,255
50 36 17 22,010-1,528,040 42,290-3,048,260
55 45 14 24,760-2,410,045 47,575-4,810,315
60 55 11 27,510-3,762,550 52,860-7,512,820
65 66 7 30,260-5,643,800 58,145-11,269,205
70 78 3 33,010-8,178,805 63,430-16,335,535

Table 6. Single-objective results for the illus-
trative 20-node instance.

Objective Cost Time (min)

Minimum cost 7,455.15 887.53
Minimum time 29,136.64 582.27

nounced conflict between the two objec-
tives.

The normalized weighted-
sum model is then solved for
𝜆 = 0.1, 0.2, . . . , 0.9. The resulting
trade-off solutions are reported in Table 7.

Table 7. Trade-off solutions for the illustrative
20-node instance.

𝝀 Expected cost Expected time (min)

0.9 7,591.15 794.40
0.8 8,826.26 683.64
0.7 8,826.26 683.64
0.6 8,826.26 683.64
0.5 11,470.63 641.44
0.4 13,854.95 616.03
0.3 16,970.13 594.17
0.2 19,465.69 583.99
0.1 19,472.50 583.99

At 𝜆 = 0.8, expected cost increases

by 18.4% relative to the minimum-cost so-
lution, while expected delivery time de-
creases by 23.0%. At 𝜆 = 0.2, expected
delivery time is 583.99 minutes, only 1.72
minutes above the minimum-time value,
while expected cost remains considerably
lower. These results illustrate how inter-
mediate solutions can improve delivery re-
sponsiveness without incurring the cost of
the minimum-time extreme.

Fig. 2 illustrates the trade-off. The
identical objective values obtained for 𝜆 =
0.6, 0.7, and 0.8 are consistent with the dis-
crete nature of facility-opening and assign-
ment decisions.

4.3 Computational performance
The computational performance is

examined for networks containing 20-70
nodes. For each evaluated composition, the
minimum-cost and minimum-time models
are solved separately, each with a 3,600-
second time limit. The total runtime in Ta-
ble 8 is the sum of these two runs; values ap-
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Fig. 2. Cost-delivery-time trade-off for the il-
lustrative 20-node instance.

proaching 7,200 seconds therefore indicate
that both runs approached their respective
limits.

Table 8. Computational performance for differ-
ent network sizes.

Nodes Evaluated Avg. total
time (s) Avg. gap (%)

Cost / Time

20 3 4.89 0.00 / 0.00
25 6 49.17 0.00 / 0.00
30 10 235.84 0.00 / 0.00
35 15 1032.56 0.00 / 0.00
40 20 2503.86 2.14 / 8.35
45 18 2719.64 3.67 / 3.75
50 17 4913.19 12.40 / 12.77
55 14 5916.68 27.76 / 22.62
60 11 6179.25 30.06 / 25.64
65 7 ≈ 7, 200 41.68 / 33.60
70 3 ≈ 7, 200 51.51 / 21.81

For all evaluated configurations con-
taining 20-35 nodes, both single-objective
models terminate with zero optimality gap,
although average total runtime increases
from 4.89 to 1,032.56 seconds. From 40
nodes onward, some runs reach the time
limit before optimality is established, re-
sulting in positive average gaps. For the
evaluated 65- and 70-node configurations,
average combined runtimes approach 7,200
seconds. At 70 nodes, the average gaps are
51.51% and 21.81% for the cost and time
objectives, respectively.

Figs. 3 and 4 illustrate the increas-
ing computational effort. Since only sub-
sets of possible compositions are evaluated
for larger networks, the reported averages
characterize the tested configurations rather
than all networks of the corresponding size.
Increasing runtimes and optimality gaps in-
dicate that larger instances are more com-
putationally demanding, motivating more
scalable solution approaches.
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Fig. 3. Average total solution time for the two
single-objective models.
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Fig. 4. Average optimality gaps for the single-
objective models.

4.4 Multi-objective analysis
The multi-objective experiments ex-

amine the trade-off between expected to-
tal system cost and expected total deliv-
ery time. For 20-30 nodes, all evalu-
ated compositions are solved using 𝜆 =
0.1, 0.2, . . . , 0.9. For 35-50 nodes, 𝜆 =
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0.2, 0.4, 0.6, 0.8 is applied to 15 composi-
tions each at 35, 40, and 45 nodes and 8
compositions at 50 nodes. For 55 and 60
nodes, 𝜆 = 0.25, 0.5, 0.75 is applied to 3
and 2 compositions, respectively. Nomulti-
objective experiments are reported for 65-
70 nodes.

Across the tested instances, increas-
ing 𝜆 generally favors lower expected cost
and higher delivery time, while decreasing
𝜆 produces the opposite pattern. Neighbor-
ing weights may yield identical objective
values because facility-opening and assign-
ment decisions are discrete.

The results illustrate alternative
cost-delivery-time outcomes. For larger
instances with nonzero optimality gaps,
the reported solutions are not necessarily
proven Pareto-optimal. Moreover, the
weighted-sum method may miss unsup-
ported nondominated solutions. Thus,
the reported trade-offs do not constitute a
complete nondominated frontier.

5. Conclusions
This study developed a bi-objective

two-level capacitated facility location
model with predetermined primary-backup
assignments under depot disruptions.
When a primary depot becomes un-
available, supply is transferred to its
predetermined backup depot while the
assigned satellite remains unchanged. The
model minimizes expected total system
cost and delivery time. Its nonlinear for-
mulation was converted into an equivalent
MILP and solved using a normalized
weighted-sum approach.

The computational results reveal a
trade-off between cost and delivery time:
improving delivery responsiveness may re-
quire substantially higher system costs,
while intermediate solutions offer alterna-
tive compromises. All evaluated 20-35-

node configurations achieved zero optimal-
ity gaps for both single-objective mod-
els, whereas some larger instances termi-
nated with positive gaps. In practice,
the model can support facility selection,
primary-backup assignments, and capacity
planning, subject to validation against ac-
tual operating conditions.

The model assumes deterministic
demand, transportation costs, distances,
capacities, and speed, and excludes si-
multaneous depot disruptions. Uncer-
tainty in these parameters may affect
network decisions and cost-delivery-time
trade-offs. The weighted-sum approach
may miss unsupported nondominated solu-
tions, and multi-objective performance in-
dicators were not evaluated. Future re-
search could compare alternative backup
strategies and multi-objective methods, in-
cluding the 𝜀-constraint approach, using ap-
propriate indicators. Decomposition meth-
ods and heuristics could also improve scal-
ability for larger networks.
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