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Abstract

Considering spatial continuity of facility service areas and constraints on the
number of facilities, the classical Single-Source Capacitated Facility Location
Problem (SSCFLP) is extended to form variant problems: SSCFLP with spa-
tial continuity of facility service areas (CFLSAP), SSCFLP with facility quantity
constraints (SSCKFLP), and SSCFLP with both spatial continuity of facility
service areas and quantity constraints (CKFLSAP). A matheuristic algorithm
is proposed for SSCFLP and its variants. The algorithm starts from an initial
solution and iteratively improves the current solution through very large-scale
neighborhood search until several attempts fail to improve the current solu-
tion. The very large-scale neighborhood is defined through the following steps:
randomly select a customer, choose Q nearest facilities to that customer and
their assigned customers from the current solution, and then select the nearest
candidate facilities for these customers. Using the selected subset of candidate
facilities and subset of customers, a mathematical model for the subproblem is
constructed, the model is solved, and the current solution is updated using the
model’ s solution. Two sets of case data are constructed to test the proposed
algorithm. The results demonstrate that the matheuristic algorithm can effec-
tively solve SSCFLP and its variants, with solution results extremely close to
the optimal solution or lower bound of the objective value, showing relative dif-
ferences of 0.01% (SSCFLP), 0.22% (CFLSAP), 0.00% (SSCKFLP), and 0.08%
(CKFLSAP). Additionally, after adding spatial continuity constraints of facility
service areas to SSCFLP or SSCKFLP, the increase in objective value is not
substantial, but the optimal facility locations may change.
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Abstract

This paper extends the classical single-source capacitated facility location prob-
lem (SSCFLP) by incorporating spatial contiguity constraints for facility service
areas and limitations on the number of facilities, yielding three variant prob-
lems: SSCFLP with contiguous facility service areas (CFLSAP), SSCFLP with
a fixed number of facilities (SSCKFLP), and SSCFLP with both contiguous
service areas and a fixed number of facilities (CKFLSAP). To solve SSCFLP
and its variants, we propose a matheuristic algorithm that begins with an ini-
tial solution and iteratively improves it through very large-scale neighborhood
search until no further improvements can be made after several attempts. The
very large neighborhood is defined through the following steps: randomly se-
lect a customer, identify the Q nearest facilities to this customer and their
assigned customers from the current solution, and then select the nearest can-
didate facilities for these customers. Using the selected subset of candidate
facilities and customers, we construct a subproblem mathematical model, solve
it, and update the current solution with the model’ s solution. We construct
two sets of benchmark instances to test the proposed algorithm. The results
demonstrate that the matheuristic algorithm effectively solves SSCFLP and its
variants, producing solutions extremely close to optimal or lower bounds with
relative gaps of 0.01% (SSCFLP), 0.22% (CFLSAP), 0.00% (SSCKFLP), and
0.08% (CKFLSAP). Additionally, adding spatial contiguity constraints to SS-
CFLP or SSCKFLP results in only modest increases in objective values, though
the optimal facility locations may change.

Keywords: single-source capacitated facility location problem; spatial contigu-
ity; matheuristic algorithm; very large-scale neighborhood search

1 Introduction

The facility location problem (FLP) represents a broad class of optimization
problems concerned with determining optimal locations for facilities. These
problems find widespread applications in planning decisions for public and com-
mercial facilities such as schools, healthcare centers, police stations, elderly care
facilities, emergency services, and logistics centers. Depending on the applica-
tion context, numerous variants of FLP exist: continuous or discrete location,
with or without capacity constraints, with splittable or non-splittable demand
assignment, with or without facility costs, with specified or unspecified num-
bers of facilities, and with objectives ranging from efficiency to equity. Based
on whether facility service and demand involve uncertainty, FLP can be fur-
ther classified into deterministic and stochastic variants. Among these, the
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single-source capacitated facility location problem (SSCFLP)—characterized by
non-splittable demand assignment, capacity constraints, and consideration of
facility costs in discrete space—is particularly challenging and has attracted sig-
nificant attention in recent years.

Let I denote the set of potential facility locations, J the set of customer locations.
Each facility i (i I) has a maximum service capacity s_i and fixed construction
cost f_i, while each customer j (j J) has service demand d_j and incurs cost
c_{ij} when served by facility i. Define binary decision variable y_i indicat-
ing whether a facility is established at location i, and binary decision variable
x_{ij} indicating whether customer j is assigned to facility i. The SSCFLP
mathematical model is formulated as:

Minimize

Z fivi + Z Z CijTij

el el jed

Subject to:

doay=1, VjelJ

Zdjmij <s;y;, Viel
jed

y, €{0,1}, Viel

x;; €{0,1}, Viel,jelJ

In this model, the objective function minimizes total facility fixed costs and
service costs. Constraint (2) ensures each customer is served by exactly one
facility, while constraint (3) requires that the total demand assigned to each
facility does not exceed its maximum capacity. Constraints (4) and (5) define
the two types of binary decision variables.

Solution methods for SSCFLP can be divided into two categories: exact algo-
rithms and heuristic algorithms [?, ?]. Exact algorithms include branch-and-
bound [?, ?], column generation [?], and Cut-and-Solve [?, ?]. Heuristic algo-
rithms encompass Lagrangian relaxation heuristics (LH) [?, ?, 2, 2, 2, ? 7],
tabu search [?, 7, ?], very large-scale neighborhood search (VLNS) [?, 7], scat-
ter search [?], kernel search [?], corridor method [?], and relaxation adaptive
memory programming (RAMP) [?]. Due to the extremely high computational
complexity of SSCFLP, exact algorithms struggle to efficiently solve large-scale
instances. While LH algorithms are fast, they cannot guarantee solution quality.
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Metaheuristic algorithms such as VLNS, kernel search, and corridor method are
competitive in terms of solution quality, but their computational times remain
relatively long.

Practical applications of SSCFLP often involve specific requirements, such as
constraints on the number of facilities to be established [?, ?] or requirements
for spatial contiguity of each facility’ s service area. For example, in planning
the layout of compulsory education schools in a region, decision-makers must
consider school construction costs and requirements on the number of schools
while simultaneously determining school locations and delineating their catch-
ment areas. Similarly, in planning community health service centers in a city,
national industry standards require each center to cover a specific spatial area
to meet 15-minute accessibility requirements while considering service capacity
constraints. To address these problems, it is necessary to extend the SSCFLP
model by adding these two types of constraints. In districting problem research,
three modeling approaches exist for spatial contiguity constraints: spanning
tree models, order models, and flow models [?, ?]. Tree models involve a large
number of constraints and are only suitable for small-scale cases (fewer than 50
nodes). Order and flow models have relatively fewer constraints. For p-regions
problems, these three models can solve instances with up to 49 spatial units
within three hours. The exact solution capability for SSCFLP extended with
spatial contiguity constraints remains unknown.

Based on the above discussion, this paper extends the SSCFLP model by consid-
ering spatial contiguity of facility service areas and requirements on the number
of facilities. We design a matheuristic algorithm to solve SSCFLP and its ex-
tended variants, and test the algorithm’ s performance.

2 Problem Definition

Consider a specific geographic region containing n spatial units. Each spatial
unit j has attribute d_j representing its service demand. Among the n units,
m (m < n) units are suitable for facility construction and serve as candidate
facility locations. Facility i has service capacity s_ i and fixed construction cost
f i. The cost for unit i to be served by facility j is variable ¢_ {ij} (the product
of unit transportation cost between facilities i and j and the demand d_j). Let
set I represent the m candidate facility units and set J represent the n demand
units (I J). The SSCFLP model (1)-(5) applies to facility location decisions
within this region.

Requiring spatial contiguity of facility service areas necessitates adding spatial
contiguity constraints to the SSCFLP model. The geographic space is repre-
sented as a network graph where spatial units serve as nodes and adjacent units
are connected by edges, forming an undirected network graph. Based on this
network graph, the concept of “network flow” can be used to express spatial
contiguity in districting [?]. Within a facility’ s service area, each unit generates
one unit of flow that travels through network edges and ultimately converges
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at the facility unit within the area. The facility unit does not generate flow
but can receive up to n-K units of flow (where K is the number of facilities).
The region formed by flow-generating and flow-converging units constitutes a
spatially contiguous area.

Let N_j denote the set of units adjacent to unit j, and integer variable f {ijk}
represent the flow from unit j to unit k within facility i’ s service area. The
spatial contiguity constraints can be formulated as:

fijp <nxw; Viel,jeJ,keN;

YR

Jije Snxxy, Viel,jelJ keN;

S =Y fuy = ay, VieljedNi

kEN; kEN,

Jijg =0, Viel,jeJ keN,
Constraints (6) and (7) ensure that flow can only occur between two adjacent
units belonging to the same service area. For facility i not serving unit j (x_ {ij}
= 0), unit j generates no flow f {ijk} = 0 and receives no flow £ {ikj} = 0
within facility i* s service area. When facility i serves unit j (x_{ij} = 1), flow
may enter or leave unit j. If unit j is not a sink node (facility unit), constraint (8)
guarantees that this unit generates at least one unit of flow. Constraints (6)-(8)
cause all flow generated within each facility’ s service area to converge at the
facility unit. Within a facility service area, each spatial unit must generate flow
that travels to neighboring units and ultimately converges at the facility unit,
ensuring connectivity between any two units in the service area and thereby
guaranteeing spatial contiguity.

When specifying the number of facilities is required, constraint (10) is added to
fix the number of facilities at K:

Zyi:K

el

Based on these constraints, three SSCFLP extensions exist: (1) SSCFLP with
spatial contiguity constraints for facility service areas, denoted as CFLSAP,
comprising equations (1)-(9); (2) SSCFLP with facility quantity constraints, de-
noted as SSCKFLP, comprising equations (1)-(5) and (10); and (3) SSCFLP
with both spatial contiguity constraints and facility quantity constraints, de-
noted as CKFLSAP, comprising equations (1)-(10).
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3 Matheuristic Algorithm

Local search algorithms employ neighborhood search to progressively improve
current solutions and are widely applied in discrete optimization. In facility
location problems, changes to facilities inevitably alter demand assignments,
making neighborhood search relatively complex. Therefore, a core challenge in
designing location problem algorithms is how to effectively relocate facilities and
update assignments to find feasible, cost-saving neighborhood solutions. Due
to facility capacity constraints, very large-scale neighborhood search involving
multiple facilities is necessary to achieve a high probability of improving the
current solution. However, defining the neighborhood structure for SSCFLP
is complex, and neighborhood search has high computational complexity, with

an exponential number of possible customer reassignments and facility moves
[?7, 7]

This paper proposes using mathematical models to solve very large neighbor-
hoods. The algorithm principle is as follows: (1) obtain an initial solution using
LH methods [?], linear relaxation, or heuristic algorithms; (2) randomly select a
very large neighborhood from the current solution to obtain subsets of demand
points, current facilities, and candidate facilities; (3) construct and solve a sub-
problem model for the neighborhood and update the current solution; and (4)
repeat steps (2) and (3) until no updates occur after several attempts. Step (2)
constructs a large neighborhood, while step (3) discovers the optimal solution
within that neighborhood. Based on this concept, the matheuristic algorithm
is outlined as follows:

Parameters: Maximum consecutive non-improving loops (mloops)
. s = GeneratelnitialSolution();

. notImpr = 0;

. While notImpr < mloops do

. Select a large neighborhood I* and J* from solution s;
. 8* = SolveSubProblem(I, J);

. 8 = UpdateSolution(s, s*);

. 87 = VNDSearch(s’" );

. If 8’ is better than s then

. s=¢"; notlmpr = 0;

10. Else notImpr = notImpr + 1;

11. Output(s).

O WO Ut WM

In this algorithm, step (1) obtains an initial solution. Since many instances are
difficult to solve to feasibility, we consider feasibility in the following order: as-
signment constraints, facility quantity constraints, spatial contiguity constraints,
and facility capacity constraints. Given that capacity constraints are particu-
larly difficult to satisfy, our algorithm allows capacity violations but penalizes
them in the objective function. We add integer decision variable H_i = {0,1,2,
-}, i T to represent the amount by which facility i’ s capacity is exceeded,
modifying the capacity constraint and objective function to:
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This modification allows capacity violations, making it easier to generate initial
solutions. By setting the penalty coefficient « sufficiently large, the algorithm
gradually reduces H_ i values until they reach zero, thereby satisfying capacity
constraint (3). This soft capacity constraint also enables MIP solvers to quickly
obtain feasible solutions, facilitating exact solution of the model.

Initial solution generation methods may include: Lagrangian relaxation heuris-
tic, linear relaxation heuristic, or ADD/DROP heuristics. The Lagrangian re-
laxation heuristic algorithm [?] can directly solve SSCFLP instances and, by
adjusting the number of facilities, can also solve SSCKFLP. The linear relax-
ation heuristic modifies binary variables x_ {ij} to continuous variables in [0,1],
solves the model with an optimizer, and repairs the solution. ADD or DROP
heuristics are classical constructive algorithms that obtain feasible solutions in
a greedy manner. When considering service area contiguity, the results from
these algorithms require contiguity repair.

Algorithm step (4) randomly selects a very large neighborhood from the current
solution, including a subset of facilities I* and a subset of customers J. Neigh-
borhood selection is a critical design point, implemented as follows: (1) randomly
select a demand point; (2) from the current solution’ s facility set, select the @
nearest facilities to this point and their assigned customers; (3) the customers
assigned to these Q facilities constitute subset J; and (4) the nearest facilities to
each customer in J* plus the previously selected Q facilities constitute subset
T*. The neighborhood size is influenced by parameter Q, which ranges between
[Q_{min}, Q_{max}], where Q_ {min} = min(L/2, 7) and Q_ {max} = min(L,
10), with L being the number of facilities in the current solution. When L < 10,
Q falls in [L/2, L]; when 11 < L < 13, Q falls in [L/2, 10]; and when L > 14, Q
falls in [7, 10].

Neighborhood scale affects algorithm performance: if the neighborhood is too
small, facility locations in the current solution are often difficult to improve; if
the neighborhood is too large, model computational efficiency suffers. When
the size of set I* is excessively large, model solving may become inefficient.
Therefore, it is necessary to prune some candidate facilities before subproblem
modeling and solving. The pruning method selects Q facilities currently used in
the solution from I, then randomly selects another Q facilities from the remaining
facilities, updating set I to contain 2Q) facilities.

Step (5) constructs a subproblem model using facility subset I* and customer
subset J*, solved with a MIP optimizer. For the four problems SSCFLP,
CFLSAP, SSCKFLP, and CKFLSAP, the first two construct the SSCFLP
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model while the latter two construct the SSCKFLP model to ensure constraint
(10) is satisfied.

Step (6) updates the current solution with the local solution s* to obtain new
solution 8’ . For CFLSAP and CKFLSAP problems, new solution s’ may violate
spatial contiguity requirements, necessitating repair.

The repair process in step (6) often degrades solution quality, so step (7) em-
ploys a Variable Neighborhood Descent (VND) algorithm to improve the current
solution. The VND algorithm uses 1-move and 2-move operators [?] to obtain
local optima.

Step (8) attempts to update the current solution. If new solution s’’ is better
than current solution s, update s; otherwise, maintain s. Steps (4)-(9) iterate
until the algorithm terminates after several consecutive loops fail to update the
current solution.

3.1 Instance Design

This study constructs test instances based on two typical regions. Region ZY
is an urban area of approximately 13.4 km? containing 326 spatial units, 15
primary schools, and 3,783 students. Region GY is a county-level area of ap-
proximately 1,000 km? containing 1,276 spatial units, 20 township offices, and
a population of 819,812. For region ZY, student enrollment serves as demand,
with additional potential facility locations manually added based on existing
schools and facility capacities referencing the average of existing schools. For
region GY, population serves as demand, with additional locations manually
added based on existing township offices and facility capacities referencing the
average population of existing offices. Figure 1 [Figure 1: see original paper]
illustrates the spatial distribution of service demand and candidate facilities in
the case study areas, where light gray circles represent demand and star symbols
represent potential facilities.

Figure 1 [Figure 1: see original paper|] The study areas ZY (left) and GY
(right)

First, we construct two test instances based on data from these geographic
regions. In each instance, the centroid of each spatial unit serves as both demand
point location and candidate facility location. The cost for facility i to serve
customer j is assumed to be ¢_{ij} = 1.0 * d_ {ij} * d_j, where d_ {ij} is the
Euclidean distance between facility i and customer j in kilometers, and d_j
is the demand of customer j. Facility construction cost is f i = ( + _i) *
s_1i, where s_ i is facility service capacity and _ i is a random number within a
certain range. For region ZY, = 0.8 and _iis a random number in [-0.1, 0.1];
for region GY, = 1.8 and _i is a random number in [-0.2, 0.2]. Parameter
was tuned through multiple trials to ensure facility costs account for 30%-70%
of total SSCFLP costs.

Second, we generate test instance sets based on the ZY and GY data. For each
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instance, facility capacity is scaled by factors of 1.2 and 1.4, and facility costs are
increased by factors of 1.1, 1.2, 1.3, and 1.4. Combining capacity and cost scaling
yields 15 instances per region. Table 1 presents basic instance information,
where the supply-demand ratio equals total capacity of all candidate facilities
divided by total demand, and the cost-capacity ratio equals total cost divided
by total capacity of candidate facilities. The instance data can be downloaded
from https://github.com/yfkong/unified.

Table 1 The benchmark instances

3.2 Instance Testing

The proposed matheuristic algorithm is implemented in Python. The algorithm
proceeds as follows: read data, obtain an initial solution using the LH method,
and iteratively execute neighborhood selection, subproblem solving, and current
solution updating until termination conditions are met. For subproblem solving,
the PuLP linear programming modeling tool (https://github.com/coin-or/pulp)
constructs SSCFLP or SSCKFLP subproblem models, which are then solved
using IBM CPLEX 12.6. To improve computational speed, the algorithm runs
in PyPy7 (https://www.pypy.org). The experimental environment is an HP
desktop with an Intel Core i7-6700 CPU at 3.40 GHz, 8GB RAM, and Windows
10. The algorithm can be downloaded from https://github.com/yfkong/unified.

All instances are tested for SSCFLP and CFLSAP. For instances zyal and gyal,
we also test SSCKFLP and CKFLSAP, with facility counts K = 13-22 for zyal
and K = 18-30 for gyal.

Two solution approaches are employed: exact methods and our matheuristic
algorithm. The exact method constructs models according to our formulations
and solves them using CPLEX 12.6, recording lower bounds, upper bounds, and
computation times. The matheuristic algorithm uses parameter mloops = 100.
Generally, larger values of this parameter require longer computation times. We
record objective values, gaps to lower bounds, and computation times.

3.3 Computational Results

Results are presented in Tables 2, 3,4, and 5 . In these tables, LB represents
the lower bound, UB the upper bound, and Gap the relative difference between
LB and UB. When Gap = 0, CPLEX has found the optimal solution. The
rightmost three columns show the objective value obtained by the matheuristic
algorithm, its gap to the lower bound, and computation time.

Table 2 Detailed SSCFLP solutions

The SSCFLP results in Table 2 indicate that CPLEX can solve these instances,
obtaining optimal or high-quality approximate solutions (MIPGap < 0.01%),
though computation times vary significantly—from 2 minutes to over 2 hours
without proving optimality. The matheuristic algorithm demonstrates high com-
putational speed, requiring 1-6 minutes per instance, and achieves high solution
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quality: it finds optimal solutions for 12 instances, and for remaining instances
except zybl and gyb3, the objective gaps are less than 0.01%.

Table 3 Detailed CFLSAP solutions

The CFLSAP results show that CPLEX obtains satisfactory results for all in-
stances, with an average Gap of 0.20% and optimal solutions for 5 instances
within 2 hours. Compared to Table 2, adding spatial contiguity constraints
significantly increases CPLEX computation time. The matheuristic algorithm
solves each instance in 1-5 minutes with an average Gap of 0.22%, finding 2
optimal solutions and delivering better solution quality than CPLEX for 12
instances.

Table 4 Detailed SSCKFLP solutions

The SSCKFLP results in Table 4 demonstrate that adding facility quantity con-
straints substantially reduces CPLEX computation time: optimal solutions are
obtained for 20 instances, with the remaining 3 achieving high-quality solutions
(Gap < 0.02%), and 18 instances require only 2 minutes. The matheuristic al-
gorithm achieves high solution quality, finding 11 optimal solutions, with one
instance better than CPLEX, mean Gap of 0.00%, and maximum Gap of 0.04%.
Computation times range from 1-6 minutes.

Table 5 Detailed CKFLSAP solutions

The CKFLSAP results show that even with spatial contiguity constraints,
CPLEX can solve instances with high quality, though computation time
increases significantly: 16 optimal solutions are found, with only 2 instances
having Gap > 0.10%. The matheuristic algorithm rapidly obtains high-quality
solutions, finding 6 optimal solutions and outperforming CPLEX on 4 instances.

3.4 Comparative Analysis

Comparing SSCFLP and CFLSAP results reveals several characteristics: (1)
Adding spatial contiguity constraints to SSCFLP slightly increases objective
values by 0.09%-1.00% (average 0.39%) for ZY instances and 0.01%-0.36%
(average 0.13%) for GY instances. (2) After adding spatial contiguity con-
straints, CPLEX computation time increases significantly while solution
quality decreases, with MIPGap rising from 0.00% to 0.20%. (3) Spatial
contiguity constraints have no noticeable effect on the matheuristic algorithm’
s computation time. (4) Spatial contiguity constraints significantly impact
facility locations and service areas. In our test instances, some cases select
identical facility locations regardless of contiguity considerations, while others
show significant differences between SSCFLP and CFLSAP solutions. For
example, in instance zyad, Figure 2 [Figure 2: see original paper] illustrates
the solutions. The objective difference is 0.39% and both use 19 facilities, but
3 facility locations differ; the SSCFLP solution has 4 non-contiguous service
areas, while CFLSAP ensures all service areas are spatially contiguous.
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Figure 2 [Figure 2: see original paper| SSCFLP (left) and CFLSAP (right)

solutions on instance zya4

Facility quantity constraints significantly impact objective values. First, adding
facility quantity constraints to either SSCFLP or CFLSAP substantially reduces
exact algorithm computation time, likely because the constraint dramatically re-
duces the number of feasible facility combinations and shrinks the solution space.
CPLEX results show that SSCKFLP is easier to solve to optimality than SS-
CFLP, and CKFLSAP is easier than CFLSAP. Second, SSCFLP and CFLSAP
have optimal facility numbers; deviating from this optimal number increases
the objective value. Figure 3 [Figure 3: see original paper| shows SSCKFLP
objective values versus facility count K, with the upper plot for instance zyal
and lower for gyal, where the optimal facility counts in SSCFLP solutions are
19 and 20, respectively.

Figure 3 [Figure 3: see original paper] SSCKFLP objectives on instances zyal
(upper) and gyal (lower) versus the number of facilities

With fixed demand distribution and candidate facility locations, facility capacity
and fixed costs influence location decisions to some extent. In our instances,
scaling facility capacity uniformly typically changes facility selections, while
uniformly scaling facility costs leaves selections unchanged in some cases. We
observe identical facility selections across the following instance groups: zyal,
zya2, and zyad; zybl, zyb2, zyb3, zyb4, and zybb; zycl, zyc2, zyc3, zycd, and
zych; gya2 and gyad; gyad and gyab; gyb2 and gyb3; gycl, gyc2, and gyc3.

4 Conclusion

This paper extends the classical SSCFLP by adding spatial contiguity con-
straints for facility service areas and facility quantity constraints, yielding three
variants: SSCKFLP, CFLSAP, and CKFLSAP. Leveraging facility locations
and adopting network flow models [?], we construct CFLSAP and CKFLSAP
models that incorporate spatial contiguity. While flow models for p-regions
districting problems can only be solved exactly for very small instances, our
CFLSAP and CKFLSAP models are relatively easier to solve because SSCFLP-
selected facility locations can be directly used to establish flow models. Exper-
iments show that CPLEX can solve instances with 1,276 units and 33 facili-
ties, obtaining optimal or high-quality solutions (MIPGap < 0.44%). Practical
SSCFLP applications may require either contiguous service areas or specified
facility numbers, and our extended models address these needs.

We design a matheuristic algorithm to solve SSCFLP, SSCKFLP, CFLSAP,
and CKFLSAP. The matheuristic is essentially a very large-scale neighbor-
hood search: starting from an initial solution, it iteratively improves extra-large
neighborhoods within the current solution using mathematical models until the
solution cannot be further updated. Instance testing demonstrates that the
matheuristic solves these problems with average gaps to lower bounds of 0.01%,
0.00%, 0.22%, and 0.08%, respectively—solution quality comparable to CPLEX
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but with substantially improved computational efficiency. These tests validate
the effectiveness of our matheuristic algorithm.

Our case studies also reveal that adding spatial contiguity constraints to SS-
CFLP or SSCKFLP yields only modest objective value increases but may alter
optimal facility locations. Adding facility quantity constraints to SSCFLP or
CFLSAP significantly impacts objective values—the greater the deviation from
the original optimal facility count, the larger the objective increase. With fixed
demand distribution and candidate locations, facility capacity and fixed costs
have some influence on location decisions.
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