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Unattractive travel distances and poorly located recycling collection 
points are significant barriers to public participation in recycling and 
source‑separation practices, making effective facility planning essential 
for improving service accessibility and coverage. This study proposes a 
capacitated facility location–allocation model that aims to maximize 
recyclable waste coverage while considering accessibility, fixed facility 
capacities, and operational constraints on the number of facilities. 
Building upon an existing facility location framework, the proposed 
model replaces the busyness‑level assumption with fixed capacity 
levels to better represent standardized recycling container capacities. 
The problem is formulated as a binary integer programming model on 
a network graph, in which demand locations are assigned to activated 
recycling facilities within a predefined travel‑time threshold, subject to 
capacity limitations and an upper bound on facility numbers. Numerical 
experiments conducted using randomly generated datasets examine 
the model’s behavior under varying travel thresholds, capacity levels, 
and facility limits. The results reveal clear trade‑offs between 
accessibility, capacity sizing, and facility quantity, demonstrating that 
increased travel thresholds and capacities improve demand coverage 
up to saturation points, while stricter facility limits significantly 
constrain achievable coverage. The study contributes a capacity‑based 
extension to recycling facility location modeling and provides practical 
decision‑support insights for improving recycling accessibility and 
infrastructure planning. 
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1. Introduction 
Separating waste at the source, especially among households, is critical for establishing a sustainable system [1] 
and serves as a key component of the recycling process. The need to adapt recycling practices has been recognized 
for decades, particularly emphasized after the United Nations (UN) introduced the Sustainable Development Goals 
(SDGs) in 2015. These goals aim to ensure sustainable development, including promoting responsible 
consumption and production (SDG12). Many countries have voluntarily committed to implementing the SDGs to 
balance economic growth, social well-being, and environmental protection, including Malaysia. Malaysia currently 
heavily relies on landfill disposal, with almost 89% of waste collected being sent to a total of 170 landfills [2]. 
Unfortunately, among these sent waste, 80% are recyclables [3]. Therefore, source separation and recycling, 
especially within households, are vital for the management of waste. This is increasingly important as population 
growth directly accelerates waste generation rates [4], as shown in Figure 1. 
 

 
Fig. 1 Waste management in Malaysia (Source: [4]) 

 
Part of the challenges to promoting recycling practices among households is the lack of accessibility and 

availability of related infrastructure, i.e., the collection points or the sufficient containers. Several studies have 
explored the correlation between household recycling practices and the availability and accessibility of recycling 
infrastructure, including research by [2], [5], and [6]. [2] reported their findings of the study conducted in Perak, 
where the absence of recycling facilities was also found to be a significant barrier to waste separation and 
segregation among households in the region. Similarly, [5] discovered that residents of Padang Terap District, 
Kuala Nerang, Kedah, are aware of source separation activities; however, the lack of recycling facilities in their 
area results in all generated waste being sent to landfills. [7] also identified that lack of access to such 
infrastructures as a key factor inhibiting recycling practices among residents in selected areas of Seremban. 

Recycling is a sustainable solution that ensures environmental sustainability for future generations by 
reducing landfill use, conserving resources, and encouraging resource conservation. It is imperative to 
strategically position recycling facilities to increase accessibility and availability, which would subsequently 
motivate households to engage in source separation activities. The establishment of well-organized recycling 
centers is important for the efficient processing and reuse of materials, thereby promoting the sustainable 
development of the nation [8]. The optimal location of a recycling facility can be determined using mathematical 
modelling techniques, effectively integrating key variables that enhance and support sustainable recycling 
practices. These variables include the proximity of users to facility locations, the types of recyclables, the 
distribution of adequately sized recycling bins, and other relevant factors. Therefore, a comprehensive 
understanding of these variables is crucial to develop a mathematical model that identifies optimal locations for 
recycling facilities while optimizing the efficiency of existing resources without causing significant additional costs 
to the current waste management infrastructure. 

This paper presents a framework for developing a mathematical model to determine the minimal number of 
optimal recycling facility locations and their corresponding capacity levels, aiming to maximize user covering 
level. The first part of the paper outlines the need for optimal locations of recycling facilities. The remainder of the 
paper is structured as follows: Section 2 reviews related past studies, Section 3 proposes a gap analysis of the 
model, Section 4 presents the framework to the improvised mathematical model, and Section 5 concludes with a 
summary and suggestions for future work. 
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1.1 Selected Prior Studies on Facility Location Models with Coverage Levels 
Facility location theory originates from early mathematical problems introduced by Fermat, Torricelli, and 
Cavalieri in the seventeenth century, forming the foundation of modern facility location analysis [9]. In 
contemporary applications, Facility Location Problems (FLP) focus on identifying optimal facility placements to 
achieve objectives such as minimizing travel distance or operational cost, or maximizing demand coverage within 
spatial and operational constraints [10]. Among these objectives, coverage maximization has emerged as a 
dominant approach, particularly for public service systems where accessibility is a critical performance measure 
[10], [11]. 

1.1.1 Coverage Maximization and Probabilistic Service Models 
Early coverage‑based models, including the Location Set Covering Model (LSCM) and the Maximal Covering 
Location Problem (MCLP), emphasize ensuring that demand points are served within predefined distance or time 
thresholds while minimizing the number of facilities required [11]. The Maximum Expected Covering Location 
Problem (MEXCLP) extends this framework by incorporating facility availability through probabilistic busyness 
assumptions, allowing coverage to be maximized despite potential congestion or service unavailability [11]. These 
models reflect a broader research trend toward capturing accessibility and service reliability simultaneously. 

Coverage‑based FLP models have been most extensively applied in emergency service planning, where 
response time and service reliability are paramount. Numerous studies apply MEXCLP and its extensions to 
ambulance location and redeployment, demonstrating that accounting for demand distribution, facility 
availability, and spatial constraints significantly improves response performance [12], [13], [14], [15], [16], and 
[17]. Related research integrates covering models with bi‑level optimization, simulation, GIS tools, and heuristic 
algorithms to enhance solution realism and managerial insight in emergency contexts [18], [19], [20], [21], and 
[22]. Across these studies, service limitations are typically represented using busyness levels or stochastic 
availability, reflecting the dynamic nature of emergency demand. 

1.1.2 Non‑Emergency Facility Location Applications 
Beyond emergency services, coverage‑based FLP models have been applied to a wide range of non‑emergency 
public and commercial facilities, including vehicle routing systems, data centers, postal services, electric vehicle 
charging stations, and highway rest areas [23], [24], [25], [26], and [27]. In these applications, coverage 
constraints ensure acceptable accessibility levels, while objectives may vary from operational efficiency to 
network performance optimization. Unlike emergency facilities, many non‑emergency services operate under 
relatively stable demand patterns and predefined operational limits, highlighting the importance of incorporating 
capacity considerations more explicitly [25], [26], and [27]. 

1.1.3 Capacity‑Constrained and Cost‑Minimization Models in Waste Management 
In waste management and recycling planning, facility location models often emphasize either service coverage or 
cost minimization. Several studies employing mixed‑integer linear programming (MILP) focus on minimizing total 
system costs when locating recycling or waste processing facilities, frequently without explicit coverage 
constraints [28]. Other works combine MILP with GIS to optimize bin placement and waste collection routes, 
prioritizing operational efficiency rather than accessibility [29], and [30]. 

Conversely, coverage‑based FLP models have been used to locate and allocate recycling collection bins, 
particularly in Malaysia, to maximize demand coverage and encourage public participation [31], [32], [33], and 
[28]. However, these studies often adapt probabilistic concepts such as busyness level from emergency service 
models to represent service capacity indirectly, typically through the number of allocated containers [31], and 
[32]. While effective for modeling accessibility, this approach does not fully reflect the fixed physical capacities of 
recycling containers and collection points. 

1.1.4 Research Gaps and Positioning of the Present Study 
The reviewed literature reveals a key limitation in existing recycling facility location models: particularly in [31], 
and [32], while [33] only partially incorporates capacity through service rate constraints [31], [32], and [33]. This 
creates a mismatch between model assumptions and real‑world recycling infrastructure, where container 
capacities are standardized, fixed, and governed by design and operational regulations. At the same time, 
cost‑minimization models that explicitly consider capacity often neglect accessibility and coverage considerations 
critical for public participation [28]. 
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Table 1 Summary constraints of selected articles 

Constraint 
Articles 

[31] [28] [32] [33] 
Max. num. of operating facilities x x x x 
Max. num. of containers/bins x x  x 
Max. Capacity of facility/container/bin x x  x 
Min. Facility service rate    x 

 
To address these gaps, the present study proposes a capacitated facility location–allocation framework that 

integrates coverage‑based accessibility with fixed capacity levels for operational facilities. Unlike previous 
approaches that rely on busyness levels to represent service limitations [31], and [32], the proposed model treats 
capacity as a stable and predefined parameter, aligning the mathematical formulation with the physical and 
operational realities of recycling containers [33], and [28]. This integration enhances model realism, improves 
interpretability, and strengthens decision‑making relevance for recycling infrastructure planning. 

Table 2 Summary parameters of selected articles 

Definition 
Articles 

[31] [28] [32] [33] 
Demand location / Population location x x x x 
Recycling bin location / Potential Recycling Facility Location x x x x 
Distance between demand location and recycling bin location x x x x 
Number of recycling bin location located at each facility 
location 

x  x x 

Busyness level of having bins at each recycling bin location x  x  
Fixed cost of locating facility at node recycling facility location  x   
Capacity Level of Recycling Facilities  x  x 
Overall Service Rate of the Operating Facilities    x 

 
As summarized in Tables 1 and 2, existing models vary considerably in how capacity and service limitations 

are represented, with most coverage‑based approaches relying on indirect indicators rather than fixed facility 
capacity constraints. A critical comparison of the selected studies reveals fundamental differences in how capacity 
and service limitations are modelled in recycling facility location problems. Studies [31], and [32] adopt 
coverage‑based formulations that represent service limitations indirectly through busyness levels or container 
allocations, an approach adapted from emergency service models that does not explicitly reflect the fixed physical 
limits of recycling facilities. Study [33] partially incorporates service rates within a coverage framework but does 
not model facility capacity as a stable operational constraint, while [28] explicitly considers capacity within a 
cost‑minimization objective, largely overlooking accessibility and coverage considerations essential for 
encouraging public participation in recycling. In contrast, the proposed framework integrates coverage‑based 
accessibility with explicitly defined fixed capacity constraints at the facility level, aligning model assumptions with 
the standardized and physically bounded nature of real‑world recycling containers. This integration improves 
model realism, enhances interpretability for infrastructure planning, and enables a more balanced optimization 
of accessibility, capacity utilization, and facility deployment. By addressing the limitations of existing approaches, 
the proposed framework advances the literature by providing a more practical and decision‑relevant tool for 
optimizing the location and allocation of recycling facilities. 

2. Materials and Methods 
This study extends the model of Rosni et al. (2022) by replacing the busyness level with fixed capacity constraints 
for each recycling facility. This modification is motivated by the operational reality of recycling infrastructure, 
where facilities such as public recycling bins and drop‑off points are designed with predefined capacity limits 
determined by container size, collection frequency, and regulatory requirements. Unlike dynamic service systems, 
recycling facilities cannot continuously adjust their service level in response to short‑term demand fluctuations; 
once capacity is reached, additional demand cannot be accommodated until the next collection cycle. The adoption 
of fixed capacity constraints therefore provides a more realistic and operationally consistent representation of 
recycling facilities. Capacity‑constrained formulations are also widely used in facility location models for waste 
management, as they explicitly capture physical and logistical limitations while improving solution 
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interpretability. From a planning perspective, this modeling choice enables decision‑makers to directly relate 
model outcomes to tangible actions, such as determining suitable facility capacities, locations, and the number of 
facilities required. While fixed-capacity assumptions do not capture short‑term demand variability, they offer an 
effective balance between realism and model tractability for strategic planning. Consequently, replacing the 
busyness level with fixed capacity strengthens the practical relevance and applicability of the proposed recycling 
facility location–allocation model. 

Considers a network of graph G with a set of nodes (N) and arcs (A), i.e., G = (N, A). Let a set of demand location 
is i = 1, 2, 3, …, n and a set of facilities j = 1, 2, 3, …, m. Let the weight for the arcs A or the proximity between set of 
demand locations and facility locations is defined as 𝑡𝑡𝑖𝑖𝑖𝑖 where the maximum predefined proximity between these 
nodes is defined as T. The proposed framework also includes the reachability of a demand location i to a facility 
location j as 𝑠𝑠𝑖𝑖𝑖𝑖 , in detail, if 𝑡𝑡𝑖𝑖𝑖𝑖 ≤ 𝑇𝑇, then 𝑠𝑠𝑖𝑖𝑖𝑖 is valued to 1, otherwise 0. The fixed capacity level of a facility location 
j is denoted as 𝑞𝑞𝑗𝑗 . With the proposed framework, two decision variables are introduced. First, the 𝑥𝑥𝑗𝑗  that is a binary 
variable is assigned a value 1 if site j is activated (i.e., a facility is located site j) and 0 otherwise. Second, the 𝑦𝑦𝑖𝑖𝑖𝑖 
that is the binary variable which value is 1 if demand at location i is covered by facility location of j and 0 otherwise. 
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Equation (1) represents the objective function, which maximizes the total demand served by activated 

recycling facilities. Constraint (2) ensures that demand at locations i are served by the nearest activated recycling 
facility at site j, addressing the accessibility issue. Constraint (3) ensures demand at location i can only visit the 
operating facility of location j. Also, inequalities (4) ensure that demands are only assigned to the operating facility. 
Constraint (5) ensures that all operating facility locations have an adequate capacity level. Inequalities (6) sets an 
upper limit on the total number of activated recycling facilities at most at 𝜎𝜎  locations. Finally, constraint (7) 
defines the domains of the decision variables. 

2.1 Numerical Experimentation Using Random Generated Dataset 
To evaluate the robustness and behavior of the model, this experiment was conducted by varying different 
parameters. The proposed model was tested using various combinations problem dimensions of demand location 
(I) and facility location (J). Additionally, factors such as travel times between nodes, demand patterns, fixed facility 
capacities, and the maximum allowable number of facility locations were randomized to evaluate its performance 
under different scenarios.  

Table 3 illustrates the parameters used for numerical experiments. For testing purposes, the problem 
dimension was established at 10x10. The maximum travel threshold between these nodes was set between 5 to 
10 minutes. The travel time from i to j differs from the travel time from j to i. The demand at each location was 
randomly assigned a value between 10 and 100 units. The service capacity �𝑞𝑞𝑗𝑗� is established to range from 50 to 
100 units for each j, increasing by 10 units with each iteration. The maximum allocation for the locations of 
operational recycling facilities (σ) is set between 1 and 10 units; increase one unit step per iteration. It is important 
to note that most of these values were randomly chosen for our research, with a deliberate effort to keep them as 
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small as possible. This approach aimed to encourage the proposed model to minimize facility location and 
allocation while solving the system.  

Table 3 Summary of parameters settings for numerical experimentations 
Problem 

Dimension 
(𝐼𝐼 × 𝐽𝐽) 

Maximum travel 
times (𝑇𝑇) 

Recyclable waste 
generated at  

each i (𝑑𝑑𝑖𝑖) 

Service Capacity 
�𝑞𝑞𝑗𝑗� 

Operating 
Recycling Facility 

(𝜎𝜎) 

10x10 5 – 10 minutes Random between 
(10,100) 50 – 100 units 1 – 10 units 

 
For this experiment, three tests were performed, which are outlined as follows. Test 1 is maximum travel time 

thresholds (T) versus objective function values, the total quantity of recyclable waste that can be covered, and the 
total number of operating facilities. Test 2 is service capacity �𝑞𝑞𝑗𝑗� versus objective functions values, total quantity 
of recyclable waste that can be covered, and the total number of operating facilities. Test 3 is maximum operational 
recycling facility (σ) versus objective functions values, total quantity of recyclable waste that can be covered, and 
the total number of operating facilities 

3. Results and Discussion  
The result is presented according to the three tests made. All the tests were conducted in order to examine the 
relationship towards objective function values, the total number of operating recycling facilities, and the expected 
amount of recyclable waste to be collected.  

Test 1: Maximum travel time thresholds (T) versus objective function values, the total quantity of recyclable 
waste that can be covered, and the total number of operating facilities. 

Table 4 Result for test 1 

Service 
Capacity 

Maximum 
Operational 
Facilities 

Maximum 
Time Travel 

Objective 
Function Opearate Facilities (x) 

100 10 5 - - 
  6 - - 
  7 1895.6 7 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9, 𝑥𝑥10) 
  8 2437.2 9 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  9 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  10 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 

 
Table 4 shown the overall, sensitivity analysis helps make informed choices in practical scenarios. The 

maximum time travel (T) and objective function were increased. That means the maximum time travel was 
sensitive to the objective function. The table outlines the relationship between the maximum travel time 
thresholds (T), objective function values, and the number of operating facilities for a service capacity of 100 units 
and a maximum of 10 operational facilities. As the maximum travel time threshold increases from 5 to 10, the 
objective function value also rises, indicating improved efficiency or cost-effectiveness. For instance, at T = 7, the 
objective function value is 1895.6, and it increases to 2708 at T = 10. Additionally, the number of operating 
facilities grows with higher travel time thresholds, starting from 7 facilities at T = 7 and reaching 10 facilities at T 
= 9 and T = 10. Throughout these scenarios, the total quantity of recyclable waste covered remains constant at 
100 units. For planners and policymakers, this highlights the importance of considering acceptable travel 
distances or improving transport connectivity, as modest relaxations in accessibility constraints can substantially 
enhance recycling system effectiveness without increasing facility capacity. 

Test 2: Service capacity �𝑞𝑞𝑗𝑗� versus objective functions values, total quantity of recyclable waste that can be 
covered, and the total number of operating facilities. 
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Table 5 Result for test 2 
Maximum 
Operational 
Facilities  

Travel 
Time  

Service 
Capacity  

Objective 
Function Opearate Facilities (x) 

10 10 50 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  60 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  70 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  80 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  90 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  100 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 

 
Overall, sensitivity analysis helps make informed choices in practical scenarios. Table 5 shows that the 

objective function value remains constant at 2708 as the service capacity increases from 50 to 100 units. This 
indicates that service capacity is not a binding constraint in this scenario. Since the total demand covered (2708 
units) is already fully served under the lowest tested capacity (50 units), increasing the facility capacity does not 
enable the model to serve additional demand beyond what is already reachable within the travel‑time threshold. 
In other words, the limiting factor in this scenario is not facility capacity, but rather spatial accessibility, defined 
by the 10‑minute travel constraint and the fixed distribution of demand locations, because all demand that can be 
reached within the allowed travel distance is already covered at the lowest capacity level, raising capacity levels 
simply provides unused excess capacity without affecting the optimal objective value. This also explains why all 
ten facilities remain operational in every scenario: they are necessary to cover dispersed demand locations, not 
because of capacity limitations. These findings suggest that, under the current spatial configuration and 
travel‑time threshold, increasing facility capacity does not enhance system performance. Instead, improvements 
would require adjustments to travel-time policies, facility placement, or demand distribution rather than 
expanded capacity. 

Table 6 Total number demand by calibration of 𝒒𝒒𝒋𝒋 

Opearational Facilities (j) 
Total i 
50 60 70 80 90 100 

1 2 1 1 3 3 3 
2 2 2 1 2 2 1 
3 1 1 1 1 1 1 
4 2 2 2 2 2 2 
5 1 1 1 1 1 1 
6 1 1 1 1 1 1 
7 1 1 1 1 1 1 
8 2 1 1 3 3 3 
9 2 1 2 1 1 4 
10 1 1 3 3 3 3 

 
Table 6 illustrates the increase in total number (i) as the service capacity (𝑞𝑞𝑗𝑗) ranges from 50 to 100 at each 

fixed operational facility, which is set at 10. This indicates that the sensitivity analysis focuses on service capacity 
(𝑞𝑞𝑗𝑗 ), as improvements and additional options for the demand location (i) are observed. Consequently, this 
demonstrates a positive impact from testing the service capacity (𝑞𝑞𝑗𝑗) against objective function values, the total 
quantity of recyclable waste that can be managed, and the total number of operational facilities. In real‑world 
terms, this implies that simply installing larger recycling bins or increasing facility capacity may not significantly 
improve system performance unless accessibility or facility placement constraints are simultaneously addressed. 

Test 3: Maximum operational recycling facility (σ) versus objective functions values, total quantity of 
recyclable waste that can be covered, and the total number of operating facilities 

Table 7 presents data on service capacity, travel time, maximum operational facilities, objective function 
values, and the specific facilities operated. It starts with a service capacity of 100 and a travel time of 10. The 
maximum operational facilities range from 1 to 10 units. For each level of operational facilities, the objective 
function value and the corresponding facilities operated are listed. For instance, with 4 operational facilities, the 
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objective function value is 1083.2 units, and the facilities operated are 𝑥𝑥2, 𝑥𝑥5, 𝑥𝑥7,  and 𝑥𝑥9 . As the number of 
operational facilities increases, the objective function value also increases, reaching 2708 when all 10 facilities are 
operated (𝑥𝑥1 through 𝑥𝑥10). This table helps in understanding the relationship between the number of operational 
facilities and the resulting objective function values. 

Table 7 Result of test 3 

Service 
Capacity  

Travel 
Time  

Maximum 
Operational 
Facilities  

Objective 
Function Operate Facilities (𝑥𝑥) 

100 10 1 - - 
  2 - - 
  3 812.4 3 (𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9) 
  4 1083.2 4 (𝑥𝑥2, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9) 
  5 1354 5 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9) 
  6 1624.8 6 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9, 𝑥𝑥10) 
  7 1895.6 7 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9, 𝑥𝑥10) 
  8 2166.4 8 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥9, 𝑥𝑥10) 
  9 2437.2 9 (𝑥𝑥1,𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 
  10 2708 10 (𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3, 𝑥𝑥4, 𝑥𝑥5, 𝑥𝑥6, 𝑥𝑥7, 𝑥𝑥8, 𝑥𝑥9, 𝑥𝑥10) 

 
Table 7 presents the results of calibrating the maximum number of operational facilities (𝜎𝜎) from one to ten, 

with a fixed maximum travel time of 10 minutes and service capacities of 100 kg. The outcome indicates an 
increase in the total number of demand locations (i). For instance, as the number of operational facilities increased 
from one to ten, significant improvements were observed starting from four operational facilities up to ten. 
Consequently, the total number of demand locations (i) expanded, offering more options and increased capacity. 
The sensitivity analysis of the maximum operational facilities provides valuable insights, aiding in making 
informed decisions in practical scenarios. For decision‑makers, this finding provides practical guidance on the 
minimum infrastructure investment needed to achieve meaningful improvements in recycling coverage. 

Table 8 Total number demand by operational facilities (j) 

Operational Facilities (j) 
Total i 

1 2 3 4 5 6 7 8 9 10 

1 0 0 0 0 3 3 3 3 3 3 
2 0 0 0 1 1 1 1 1 1 1 
3 0 0 0 0 0 0 0 1 1 1 
4 0 0 0 0 0 0 2 2 2 2 
5 0 0 1 1 1 1 1 1 1 1 
6 0 0 0 0 0 0 0 0 0 1 
7 0 0 1 1 1 1 1 1 1 1 
8 0 0 0 0 0 0 0 0 3 3 
9 0 0 4 4 4 4 4 4 4 4 
10 0 0 0 0 0 3 3 3 3 3 

 
The sensitivity analyses conducted in Tests 1, 2, and 3 evaluate how changes in key parameters such as travel 

time, service capacity, and the number of operating facilities affect the performance of the recycling facility 
location model. The results show that increasing the maximum travel time allows more facilities to be included in 
the solution, which can improve system efficiency. The service capacity increases, and the objective function 
values also improves. The better cost-effectiveness or performance, while still maintaining full use of all ten 
available facilities. This reflects the system's stability and scalability. Moreover, increasing the number of 
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operational facilities (σ) significantly raises the number of demand locations served. These actions indicate that a 
larger number of facilities creates more coverage, and access can benefit to the demand. In summary, the output 
behaves this way because each parameter was travelling time, capacity, and facility number, affecting the demand 
points are matched with facilities. Optimizing these parameters leads to better resource distribution.  Overall, the 
results demonstrate that enhancing accessibility and appropriately scaling facility numbers are key factors for 
improving recycling system performance, providing actionable insights for planners, facility managers, and 
policymakers in waste management planning.  

4. Conclusion 
In conclusion, the analysis of past research and four key articles reveal several significant gaps in the field of 
recycling facility location-allocation problems using mathematical modeling. Despite the covering location model 
being established nearly some years ago, there are still a few variants specifically addressing the location of 
recycling facilities. This paper was reviewed and identified chose four relevant articles, indicating that the 
proposed model would significantly advance current knowledge and address a notable gap in existing 
mathematical models for recycling facility locations. Additionally, there is a scarcity of research to improve 
recycling facilities in Malaysia through mathematical models. There were two articles, by Rosni et al. (2022) and 
Jamiron et al. (2021), discuss methodologies for establishing recycling facilities in Seremban and Johor Bharu. 
Implementing the proposed model in Seremban, with broader area coverage than that of Rosni et al. (2022), would 
fill an application gap in the Malaysian context. 

Furthermore, traditional covering models aim to maximize demand location coverage. However, Rosni et al. 
(2022) proposed an objective function to maximize the number of recyclables collected at designated sites. This 
paper builds on this by incorporating collected recyclables information as a fixed capacity level to determine the 
optimal number of recycling bins. Rosni et al. (2022), who based the number of bins on usage likelihood, the model 
simultaneously determines the number of bins required. This paper provided an overview of the fundamental 
theory of framework facility location problems and reviewed various application models. It examined decision 
variables, parameters, objective functions, and constraints based on prior research on recycling facility locations, 
highlighting existing research gaps. The paper discusses related works on adapting the facility location model to 
covering problems and elaborates on the data and methods used in this research. Additionally, the results of the 
numerical experiments demonstrated the effectiveness of the enhanced proposed model. Three distinct tests were 
conducted, each yielding different outcomes. The sensitivity analysis on fixed service capacities produced realistic 
results in relation to the paper's objectives. Overall, the proposed model effectively guided the model towards 
achieving findings aligned with the intended objectives of the study. 

For future research, uncertainty factors, particularly variations in waste generation and demand patterns, will 
be incorporated into the proposed framework using stochastic extensions to further enhance its realism. In 
addition, the next phase of this study will involve a real‑world case study conducted in Seremban, Malaysia, to 
validate the practicality of the proposed capacitated facility location–allocation model and, specifically, the fixed 
capacity assumption. The case study will utilize geographic information system (GIS) data, population distribution 
maps, estimated waste generation rates, standardized recycling container capacities, and local transportation 
network data. These data sources will enable an empirical assessment of whether fixed facility capacities 
accurately reflect operational conditions and effectively support demand coverage under realistic spatial and 
accessibility constraints. By grounding the model in real infrastructure, demographic, and network 
characteristics, the case study will provide evidence of the framework’s applicability and robustness, thereby 
bridging the gap between theoretical optimization and practical recycling infrastructure planning. 
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