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Abstract: - Municipal Solid Waste (MSW) 

collection utilizes the highest percentage of the 

MSW management budget. Additionally, 

choosing a vehicle route optimization method is 

complex, difficult and does not always yield the 

most practical approach. There is limited 

published information about a decision support 

system (DSS) that assists in selecting the 

appropriate route optimization algorithm. This 

study aims to design and develop a universal DSS 

framework that suggests effective route 

optimization method(s). The system consists of 21 

optimization data items and four criteria that 

assess the available constraints and recommends 

the most suitable optimization method(s). The 

DSS prototype was validated by testing it on the 

available literature and observing if the 

suggested method by the system complies with 

that utilized by the researchers. It was found that 

the system was able to predict the method which 

is used in 73% of studies. Moreover, the system 

suggested an enhanced version of the methods 

used in 18% of studies. It could be concluded 

that the proposed framework can help to select 

the best algorithms in almost all existing 

scenarios that have been used during 

development. Therefore, it is recommended to 

use the framework for selecting the appropriate 

route optimization algorithm for MSW 

collection. 

 

Key-Words: - MSW management, decision 

support system, vehicle route optimization, 

framework, MSW collection 
 

 
I. INTRODUCTION 

Municipal Solid Waste (MSW) is an inevitable 
crisis (especially in developing countries) that 
significantly affects the environment and the local 
economy [1]. About 2.01 billion tons per year of 
MSW are generated globally with approximately 
3.40 billion tons per year expected to be generated 
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by the year 2050 [2]. As waste quantities show a 
rapid increase in generation, decision makers need 
to be aware of the increasing MSW management 
costs and methods that conduce to cost reductions. 
The low- and middle-income countries deal with 
high MSW collection costs that range from 50% to 
90% of the total MSW budget [3, 4]. On the other 
hand, the high-income countries have significantly 
lower costs for MSW collection (10%) and most of 
the budget is allocated for disposal, recycling, 
treatment, energy recovery, etc. [2]. Route 
optimization methods have been deployed 
worldwide to find the best routes for MSW 
collection with minimum costs and externalities. 

Routing optimizations are essential to decision 
makers to maintain efficient MSW management 
operations [5, 6]. Route optimization algorithms are 
routing solutions utilizing different mathematical 
models to find the optimal route [7]. The ideal route 
to a specifically defined location is determined 
based on a measuring system called the weighted 
path line. The system works by comparing the 
weighted priority of the Constraints (Conditions) 
and Criteria (Objective(s)) for different paths [8]. 
The optimizations are complex due to the variety of 
criteria and constraints that are considered and 
assumed [9]. The constraints vary depending on the 
user, location, situations, available technologies, 
software, and hardware. From the literature 
reviewed (summarized in table 1), the most common 
criteria sought for optimization are the total 
travelled distance, total operational time, total costs 
and environmental impacts. The total costs are 
concerned with fuel consumption/costs, operational 
costs, maintenance costs, hauling costs, etc., while 
the environmental impact mostly focuses on Carbon 
Dioxide (CO2) emissions. These criteria are linked 
to each other and the optimization of one parameter 
can lead to an improvement in others as well.  

The research by Le Hoang categorized most of 
the routing algorithms under four categories [10]. 
Graph Heuristic is the first category that expresses a 
map in the form of a graph in which the important 
locations are presented as nodes that are connected 
via lines known as Arcs [11-13]. The second 
category is Integer Programming (IP) which 
determines the optimal routing solution by 
employing linear integer programming (for example 
cutting planes, conic sampling, etc.) and chance 
constrained programming [14-16]. The third 
category is the Geographic Information System 
(GIS) functions that utilize routing algorithms that 
are built-in within GIS software like the Dijkstra 
algorithm [17-19]. These algorithms produce 
solutions in the form of routes with the least costs in 

terms of distance or time impedances. The final 
category is Evolutionary Algorithms (EA) which 
provide approximate solutions in polynomial time 
[20-22]. EA works by simulating the natural 
processes of evolution, viz. selection and mutation.  

More recently, studies about Hybrid systems 
suggest the feasibility of integrating algorithms from 
different categories. This theory was developed to 
reduce the disadvantages of each standalone 
category and enrich the yielded optimal solutions 
[10, 23]. 

Based on the previous literature review, the 
following gap is being realized. In the presence of a 
wide set of choices for optimization techniques, it 
becomes essential that a decision support framework 
should be developed to help the decision makers in 
selecting the best algorithm for their situation. 
Historically, the decision support systems (DSS) 
have been utilized in many aspects of solid waste 
management to assist the decision-makers in 
choosing the appropriate actions [20, 24]. However, 
the literature on DSS to specifically aid in the 
selection of a suitable route optimization algorithm 
for waste collection is limited. Al-Jubori & Gazder 
[3] proposed the concept of a universal multi 
objective framework for route optimization. They 
considered the cost of MSW collection, social cost, 
travel distance and time as the optimization 
objectives. Additionally, it is assumed that 
optimizing these criteria will result in the reduction 
of the environmental impact in regards to emission 
and noise. However, the above-mentioned study did 
not present any workable framework or prototype 
for a decision-making framework.  

Consequently, a framework for a universal DSS 
was proposed in the present research which 
recommends an appropriate route optimization 
algorithm for MSW collection management which is 
designed based on available global routing criteria 
(objectives) and constraints. The proposed DSS 
framework would be able to reduce the resources 
and time needed for the method selection as well as 
suggest the best available alternative option. 
Moreover, the utilization of the framework does not 
require prior advanced knowledge of the techniques 
and algorithms of this field; instead, working 
knowledge of available scenario is sufficient. 
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Table 1. Summary of Literature Reviewed for MSW Collection Route Optimization 

Reference Place Optimization Criteria Algorithm Category 

(Blazquez & 
Paredes-
Belmar)[25] 

Chile  Total Travelled Distance 
 Total Travel Time 

Mixed-Integer Linear programming 
(MILP) & Large neighborhood 

Search 
Other 

(Bányai et al.) 
[26] Hungary 

 Environmental Impact  
 Total Travelled Distance 
 Fuel Consumption 

Binary Bat Algorithm, part of 
Particle Swarm Optimizations 

Evolutionary 
Algorithms 

(EA) 
(Louati et al.) 
[27] Tunisia  Total Travelled Distance 

 Total Travel Time 
Modified Dijkstra Algorithm in 

ArcGIS GIS-Functions 

(Dao-Tuan et al.) 
[7] Vietnam 

 Fuel Consumption 
 Carbon Dioxide Emissions 
 Total Costs 

Integer linear programming 
(ILP) and MILP 

Integer 
Programming 

(IP) 
(Kamal & 
Youlla,) [28] Indonesia  Total Costs Branch and Bound integer 

programming in VRP IP 

(Nesmachnow et 
al.)[29] Uruguay  Total Travelled Distance NSGA-II and SPEA-2 EA 

(Akhtar et al.)[30] Malaysia  Total Costs  
 Environmental Impacts 

Backtracking 
Search Algorithm (BSA) EA 

(Assaf & 
Saleh)[31] Palestine  Total Travelled Distance Genetic Algorithm (GA) method EA 

(Nguyen-Trong et 
al.)[23] Vietnam  Total Costs 

Integrating GIS, equation 
based model plus agent-based 

model 
Others 

(Le Hoang & 
Louati)[32] Vietnam  Total Travelled Distance 

 Total Travel Time GIS GIS-Functions 

(Paul et al.)[33] India  Total Costs GIS GIS-Functions 
(Sanjeevi & 
Shahabudeen)[34] India  Total Travelled Distance 

 Total Travel Time GIS GIS-Functions 

(Xue & Cao)[35] Singapore 
 Total Travel Time 
 Population Exposure 
 Reduce Crash Probability 

Hybrid, Ant Colony Optimization 
(ACO) and GIS Others 

(Le Hoang)[10] Vietnam  Maximize Quantity of 
MSW Collected 

Hybrid, Chaotic Particle and 
GIS Others 

(Malakahmad et 
al.)[36] Malaysia  Total Travelled Distance 

 Total Travel Time GIS GIS-Functions 

(O'Connor)[8] USA  Total Travel Time  
 Total Travelled Distance GIS GIS-Functions 

(Kanchanabhan et 
al.)[37] India  Total Travelled Distance GIS GIS-Functions 

(Makan et al.)[38] Morocco 
 Collection Costs 
 Maximize Quantity of 

MSW Collected 

Custom software “Container 
Collector” utilizing Tabu Search 

Algorithm 
Others 

(Chalkias & 
Lasaridi)[17] Greece  Total Travel Time  

 Total Travelled Distance GIS GIS-Functions 

(Apaydin & 
Gonullu)[39] Turkey 

 Total Costs 
 Total Travelled Distance 
 Total Travel Time 

Integrating Route View ProTM 

software with GIS Others 

(Karadimas et 
al.)[19] Greece  Total Travelled Distance GIS GIS-Functions 

(Agha)[40] Palestine  Total Travelled Distance Mixed-Integer programming IP 
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The proceeding contents of this paper are 
organized as follows. Section 2 presents an insight 
into the literature concerning route optimization for 
vehicles. Section 3 describes the development of the 
proposed DSS framework. Section 4 focuses on the 
result obtained and its discussion. Finally, section 5 
provides the conclusion and discusses possible 
future works for this research. 

 
 

II. VEHICLE ROUTE OPTIMIZATION 
About 70 peer-reviewed journal articles, conference 
proceedings, reports and books were accessed. The 
main repositories from which the papers were 
searched and obtained were Elsevier, Springer, 
Google Scholar, Research Gate, and others. Some 
keywords utilized for the literature search were 
MSW collection optimization, MSW vehicle route 
optimization, decision support system for MSW 
collection. Additionally, many of the researches are 
interconnected through referencing which aided the 
authors in the literature search. From the literature 
review, 45 relevant articles were selected for this 
research, of which, 22 MSW collection route 
optimization articles are selected for the global DSS 
case-study and tests (table 1).  
 
A. Route Optimization Algorithms 

The literature on route optimization algorithm 
comparisons is scarce and requires intensive 
research to study the impact between multiple 
algorithms due to variants, application techniques 
and mathematical modeling. For the scope of this 
research, the selection was limited to three types of 
algorithms as the pros and cons of each algorithm 
can be determined from the existing body of 
literature. The types of algorithms embedded in 
these chosen methods which are GIS, Hybrid and 
IP. The method selection is based on the popularity 
and availability of sufficient information in the 
literature. 

The GIS method provides a combined package 
that contains both the platform and the routing 
algorithm. GIS platform is capable of storing, 
retrieving, analyzing and displaying spatial and non 
spatial data [41]. The GIS algorithm core is the 
Dijkstra algorithm, which dates back to 1959 [42]. 
However, the Dijkstra algorithm was modified to be 
utilized in route optimization. The optimization 
done by this algorithm is calculated based on the 
estimated shortest/low-cost distance or time 
impedances.  

The second selected optimization method is the 
Hybrid method. For the proposed DSS, the hybrid 
method was considered as a combination of 

evolutionary algorithms (EA) and GIS platform. 
The purpose of this method is to integrate the 
analytical power of EA and GIS platform for data 
processing and visualization capabilities. In 
literature, EA and hybrid models are applied in 
advanced optimization applications (such as 
dynamic routing, smart systems, etc.) as well as 
unique optimization criteria, such as; vehicle crash 
risk [10, 35]. Lastly, IP is an ancient method, 
compared to the previously discussed methods in 
the field of route optimization [43]. This method is 
suitable for small to medium scale problems. Any 
increase in problem size and complexity would 
result in higher computational time and increased 
difficulty in generating solution(s). A summary of 
the selected methods along with the pros and cons 
are shown in table 2. 
 

B. Required Variables and Constraints 

In the reviewed literature, it was observed that 
different algorithms can accommodate the same 
variables (data). The optimization data incorporated 
in this research were selected from popular and 
recurrent features found in waste collection 
literature. These data were identified and collected 
from the contents (data, constraints, objectives, 
assumptions and mathematical modeling) of the 
literature presented in table 1. The most prevailing 
data found in MSW vehicle routing optimization are 
Map Availability, Bin Information (location and 
capacity), Vehicle Capacity and Facilities’ Location. 
Furthermore, the optimization data utilized for the 
DSS proposition is summarized in table 3. 
Additionally, table 3 also indicates the number of 
studies, within the reviewed literature, in which 
each data has been used.  
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Table 2. Summary of the selected Optimization Methods 

Method 
Optimization 

criteria 
Pros Cons 

GIS 
(Modifi

ed 
Dijkstra

) 

 Total 
Travelled 
Distance 

 Total 
Travel 
Time 

 Visualizatio
n 
capabilities 

 Spatial and 
non-spatial 
database 
managemen
t 

 Allows road 
network 
modeling to 
incorporate 
impedances 
and 
restrictions. 

 Limited 
to static 
parameter 
models 

 Solver 
not 
suitable 
for route 
optimizat
ion for a 
large 
cluster of 
points 

 Require 
modificat
ions and 
program
ming 
knowledg
e for 
advanced 
applicatio
ns 

Hybrid 
(EA + 
GIS) 

 Total 
Travelled 
Distance 
(Advanced 
application
s) 

 Environme
ntal Impact 
(Advanced 
application
s) 

 Vehicle 
Crash Risk 

 Visualizatio
n 
capabilities 

 Powerful 
and efficient 
EA 
processing 

 Quality of 
final 
solution(s) 
and faster 
computation
al time 

 Difficult 
to 
integrate 
and 
program 
the model 

 Technical 
expertise 
in the 
optimizat
ion field 
required 

Integer 
program

ming 
(MILP 
& ILP) 

 Environme
ntal Impact 

 Legacy 
method 
(Well 
established 
in past and 
present 
literature) 

 Increased 
difficulty 
and 
computati
onal time 
with 
respect to 
problem 
complexit
y  

 No visual 
output 

 Yields 
partial 
solution 
in reality 
applicatio
ns 

*Source: All literature in Table 1 & (Sulemana et al., 
2018)[44] 

Table 3. Summary of Available Data in The Reviewed 
Literature (out of 22) 
S. 

N

o. 

Route Optimization Data 
Quant

ity  

1 1. Digital Map 22 
2 2. Bin Locations 22 

3 
3. Bin Capacities 22 

4 
4. MSW Collection Vehicle Capacity 22 

5 
5. Facilities Location 22 

6 6. Map Zones (Districts, Wards, Blocks, 
etc.) 11 

7 7. Spatial Population Data (Number, 
Density, Distribution) 10 

8 8. Road Attributes (Name, Width, Lane, 
Etc.)  6 

9 
9. Vehicle or Road Speed 16 

10 10. Road Level or Elevation at the 
intersections 1 

11 11. One-way Roads 4 
12 12. MSW Bin Smart Sensors 2 
13 13. Digital Terrain Model (DTM) 2 
14 14. MSW Vehicle GPS Tracker 3 
15 15. MSW Vehicle Smart Sensors 1 
16 16. MSW Vehicle Specification 8 
17 17. Traffic Signals & Stop Signs Location 4 
18 18. Crash Data (Black Spots) 1 
19 19. Number of MSW Collection vehicles 21 
20 20. Traffic Volumes 3 
21 21. Daily Waste Generated Quantity 21 

 
C. Scheduling 

The scheduling techniques incorporated in this 
research are Static and Dynamic scheduling. The 
static scheduling method works on a fixed 
operations schedule for MSW collection and 
transportation vehicles. It is applied periodically 
(Daily, Weekly, Monthly, etc.) to reevaluate the 
current situation and determine an optimum or semi 
optimum route(s). On the contrary, dynamic 
scheduling utilizes real time data using smart 
sensors to determine the optimal route based on 
waste generation and collection demand. It requires 
both the MSW vehicles and bins to be equipped 
with sensors. Cameras, weight scale, RFID (tags & 
readers) and GPS trackers are some of the sensors 
utilized in MSW collection and transportation 
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monitoring. Such systems yield potential MSW 
collection on demand which yields a more efficient 
and effective MSW management system while 
optimizing costs [45].  
 
 

III. DSS DESIGN 
This section describes the components of the 
proposed DSS along with the embedded 
assumptions and limitations to the system. 
Moreover, the prototype for the proposed system is 
also presented. 
 
A. Decision Support System Architecture 

The DSS structure and components (illustrated in 
figure 1) were proposed as a new comprehensive 
operational framework with respect to global criteria 
and constraints. The framework consists of four 
main components. The DSS’s first component is the 
input data which consists of optimization data 
availability assessment and criteria prioritization. 
Similar to the optimization data, the optimization 
criteria were chosen based on popularity and 
recurrence in the reviewed literature. In addition, an 
MSW collection service provider (Urbaser) was 
interviewed to refine the selection of the 
optimization data and criteria with respect to real-
world applications. The optimization data were 
utilized as constraints for the operation of the DSS. 
One of the main tasks of the first component is to 
Identify the minimum required data to run the DSS. 
Please, leave two blank lines between successive 
sections as here.  

From the literature, four optimization criteria 
(objectives) were chosen for the DSS which are; 
Environmental Impact, Total Travel Distance, Total 
Travel Time and Vehicle Crash Risk. All selected 
criteria can indirectly affect the cost, positively or 
negatively. Each criterion requires one or more 
essential optimization data to be eligible for route 
optimization. The ability to optimize each criterion 
may require additional data depending on the 
definition and intended usage [20] (Ferreira et al., 
2015). The selected criteria for this research are 
defined as follows: 

 Environmental Impact: The effect of the 
byproducts (emissions, mostly carbon 
dioxide) produced from the MSW 
vehicles during the collection and 
transportation operations [26]. 

 Total Travelled Distances: The total 
distance traversed by the MSW vehicles 
per day (in some cases, per shift) of MSW 

collection and transportation operation 
[27]. 

 Total Travel Time: The overall time 
taken by the MSW collection and 
transportation vehicles per day to 
accumulate the waste and deliver it to its 
designated location [8]. 

  Vehicle Crash Risk: The frequency of 
the Black Spots (crash locations) per road. 
The rise in black spot frequency increases 
the risk of utilizing that road. Vehicle 
crash risk is considered in route 
optimization when the stakeholders’ 
(mainly company employees and the 
public) safety is a concern [35]. 

The second component of the DSS framework is 
condition configuration and situation assessment. 
Minimum requirements and criteria conditions 
(required optimization data) are configured in this 
component. Additionally, the assessment of the 
client’s available optimization data with the 
configured condition is performed in this 
component. The minimum required data for the DSS 
to produce a recommendation are the first five 
optimization data listed in table 3. These data were 
observed repetitively in most literature for basic 
vehicle route optimization, especially on 
Capacitated Vehicle Routing Problem (CVRPs) 
models. Furthermore, these data serve as the 
essential conditions for the total travelled distance 
criterion optimization in this research. The 
capacities of both MSW bins and vehicles have been 
accommodated as limiters to produce an effective 
solution(s) for a close to real-life scenario [46, 47]. 
This is due to the ease of obtaining the available 
capacity data from the waste collection service 
provider at no cost or time.  

The environmental impact is considered in route 
optimization analysis when vehicle specifications 
are available. The specifications assist in identifying 
vital data such as fuel type and average fuel 
consumption which affects the emissions quantity. 
The vehicle crash risk criterion requires the 
identification of frequent crash locations known as 
blackspots. In addition, historical crash data can also 
be utilized in the optimization analysis. Finally, the 
total time travelled by vehicles requires speed data 
and road distance. For the scope of this study, real 
time variable speed data was not considered.  

The best-case scenario for the proposed DSS 
framework is that all the optimization data are 
available. This indicates that the client has a strong 
established MSW collection and transportation 
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monitoring system. In addition, the client can 
implement more advanced optimization methods 
that can result in better optimal solutions. For all 
cases subjected to the DSS, the recommendation 
setup will include possible scheduling techniques in 
addition to suitable route optimization method(s).  

The third component of the DSS framework is 
the production of the recommended optimization 
setup. The recommended method is produced based 
on the data availability and prioritized criteria from 
previous components. In the literature, it is observed 
that the selection of the optimization algorithm was 
strongly influenced by the preferred criteria 
(objective). Furthermore, the proposed universal 
DSS is plausible due to the similar basic 
fundamental of the weighted path line and the 
algorithm's ability to accommodate the same data 
variables. The main difference noted is the 
mathematical modeling of each method to calculate 
the weighted path line. 

The final component of the DSS framework is 
the route optimization application. In this 
component, the decision-maker is required to apply 
the recommended routing algorithm to produce 
initial optimized routes. Any recommended routing 
technique may produce single or multiple optimized 
routes based on the optimization data availability 
and selected criteria. The decision makers can assess 
the optimized route(s) by comparing the initially 
optimized route solutions against the current local 
collection active routes with respect to the desired 
parameters. If the solutions are unsatisfactory, the 
DSS can be revisited with new additional data. 
These added data should unlock better routing 
recommendation options to achieve the desired 
optimization targets. When more data is provided to 
the DSS, more advanced options and features can be 
incorporated to produce a more effective and 
efficient optimized vehicle routing solution(s). 

 
B. Prototype 

A prototype program of the DSS was developed in 
MATLAB 2018b student edition. The program 
consists of input and output phases. The input phase 
is a set of 21 questions to identify the availability of 
the constraints in table 3. Each question represents 
an individual optimization data. For simplicity, the 
answers are required in the form of “1” (Yes) and 
“2” (No). Furthermore, the user is presented with a 
list of the predefined optimization criteria in the 
DSS which should be ranked from “1” (Top-
Priority) to “4” (Least-Priority). The development of 
the program incorporated error-proofing (blank 
answers, repetition, unnecessary characters, etc.) to 
reduce any chances of issues that might occur. The 

best- and worst-case scenarios with their responses 
were also included. The developed program was 
designed to be flexible to incorporate additional 
criteria, constraints and conditions for future 
researches. All of the input data are analyzed by the 
program to produce a suitable route optimization 
technique. The developed framework does not 
require any advanced knowledge of optimization 
techniques and algorithms, rather, working 
knowledge of available scenarios is sufficient. 

The output phase yields two distinct 
recommendations. The first recommendation is a 
suitable scheduling technique (Static or Dynamic). 
The second recommendation is the suggested route 
optimization method for the top-priority criteria if 
sufficient data is available. Moreover, the user can 
view the suggested optimization method for the 
other pre-defined criteria if eligible for optimization. 
A summary of the available data as well as the 
priorities set by the user will be presented. The 
summary and results can be saved in .XLSX format 
as well as printed. 

 
 

IV. RESULTS AND DISCUSSION 
The prototype program of the DSS was tested to 
ensure proper operation and suitable output 
recommendations. The test subjects were all of the 
researches presented in table 1, which were tested 
individually. A list of available optimization data for 
each research was collected as an input for the 
program. The priority selection for criteria is based 
on each research’s objective(s). Moreover, any 
additional criteria that were not mentioned in the 
tested studies were given a priority arbitrarily. The 
designed DSS program assesses the presented data 
and the priorities of the criteria to produce the 
recommended route optimization setup. The testing 
procedure is as follows: 
 Each research’s input data along with the 

criteria priorities is fed to the program.  
 The test trial is considered a match if the 

program yields the same algorithm as 
originally utilized in the research. 

 The test trial is deemed mismatched in case 
of differences in the algorithms. 

The test’s theory is that the DSS design was 
based on the contents of the literature reviewed. 
Thus, the DSS should be able to predict a suitable 
algorithm for each corresponding study. The success 
of the designed DSS is summarized in table 4.   
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Fig. 1 The Proposed Route Optimization Decision Support Framework 
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Table 4. Decision Support System Testing Results 

Author/ 

reference 

Optimization Criteria 

(Optimize/Minimize) 
Original Algorithm 

DSS Matching 

with Research 

(Blazquez & 
Paredes-Belmar)[25] 

 Total Travelled Distance 
 Total Time Travelled 

Mixed-Integer Linear programming 
(MILP) & Large neighborhood 

Search 
NO 

(Bányai et al.)[26]  Environmental Impact  
 Total Travelled Distance 

Binary Bat Algorithm, part of 
Particle Swarm Optimizations 

NO 

(Partial) 

(Louati et al.)[27]  Total Travelled Distance 
 Total Time Travelled 

Modified Dijkstra Algorithm in 
ArcGIS YES 

(Dao-Tuan et al.)[7]  Environmental Impact Integer Programming YES 

(Kamal & 
Youlla)[28] 

 Total Travelled Distance to Reduce 
Costs Integer Programming NO 

(Nesmachnow et 
al.)[29]  Total Travelled Distance 1. NSGA-II 

2. SPEA-2 
NO 

(Partial) 

(Akhtar et al.)[30]  Environmental Impacts Backtracking 
Search Algorithm (BSA) 

NO 

(Partial) 

(Assaf & Saleh)[31]  Total Travelled Distance Genetic Algorithm (GA) method NO 

(Partial) 

(Nguyen-Trong et 
al.)[23] 

 Total Travelled Distance to Reduce 
Costs 

Integrating GIS, equation 
base model plus agent-based model NO 

(Le Hoang & 
Louati)[32] 

 Total Travelled Distance 
 Total Time Travelled GIS YES 

(Paul et al.)[33]  Total Travelled Distance to Reduce 
Costs GIS YES 

(Sanjeevi & 
Shahabudeen)[34] 

 Total Travelled Distance 
 Total Time Travelled GIS YES 

(Xue & Cao)[35]  Total Time Travelled  
 Vehicle Crash Risk 

Hybrid, Ant Colony Optimization 
(ACO) and GIS YES 

(Le Hoang)[10] 
 Maximize Quantity of MSW 

Collected to optimize total Travel 
Distance and Time 

Hybrid, Chaotic Particle and 
GIS YES 

(Malakahmad et 
al.)[36] 

 Total Travelled Distance 
 Total Time Travelled GIS YES 

(O'Connor)[8]  Total Time Travelled 
 Total Travelled Distance GIS YES 

(Kanchanabhan et 
al.)[37]  Total Travelled Distance GIS YES 

(Makan et al.)[38]  Optimize collection cost by 
shortest routes with respect to time 

Custom software “Container 
Collector” utilizing Tabu Search 

Algorithm 
NO 

(Chalkias & 
Lasaridi)[17] 

 Total Time Travelled  
 Total Travelled Distance GIS YES 

(Apaydin & 
Gonullu)[18] 

 Total Travelled Distance 
 Total Time Travelled 

Integrating Route View ProTM 

software with GIS NO 

(Karadimas et 
al.)[19]  Total Travelled Distance GIS YES 

(Agha)[40]  Total Travelled Distance Integer Programming NO 
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The test results shown in figure 2 indicate that 
55% of the tested literature was recommended the 
same algorithm by the DSS as utilized originally. 
Furthermore, 18% of the subjects, employed 
evolutionary algorithms while the DSS 
recommended using the hybrid method 
(Evolutionary Algorithms integrated with GIS 
platform). Hence, the main difference was the lack 
of a visualization platform in those researches. Since 
DSS recommended a better alternative, with the 
graphical platform, therefore it is considered 
successful. Furthermore, 14% of cases, among the 
18% mismatched, used IP while the DSS 
recommends the GIS method or Hybrid for 
advanced optimization applications. The latter can 
optimize the routes with a simpler technique that 
involves less computational time and resources. It 
could also be said that the DSS provided a more 
enhanced recommendation than the actual method 
used in these studies. This points to the ability of the 
DSS to guide the client towards the best 
recommendation for specific situations. 

About 9% of the tested researches utilized 
custom developed software based on different 
algorithms. Consequently, they could not be 
predicted by the DSS program. The difference 
between those options and the recommendations has 
not been tested as the authors have no access to 
those tools, hence, it was considered out of the 
research’s scope. Furthermore, agent based 
intelligent models were utilized in one of the cases, 
among the unsuccessful. These models are relatively 
new in the vehicle route optimization field and only 
a few researches have tested these methods 
compared to the ones defined in this research. 
Hence, such intelligent models can be added to the 
DSS, if and when more, research is pursued with 
them for MSW collection routes. 

Fig. 2 Decision Support System Validation Results  

 
 

V.  FUTURE STUDY 
The framework, developed in this study, is the first 
attempt of its kind. Therefore, it was developed as a 
prototype with the basic tools and constrains 
available. The said framework can be further 
improved in future, with the following additions. 

Automation technologies such as Artificial 
Intelligence and Machine learning technologies can 
be integrated into the DSS, as possible algorithms 
for route optimization. This should allow the system 
to fetch online real-time data to update the 
optimization technique with the re-evaluation of the 
parameters. It can be achieved with the integration 
of adaptive signals, traffic control centers and 
vehicle navigation systems. Artificial intelligence 
techniques can also be utilized for selection of the 
routing algorithm, in addition to being a route 
optimization algorithm themselves. Another avenue 
for improvement is data availability and exploring 
relationships of variables and constraints with one 
another to achieve more refined results.  
 
 

VI.  CONCLUSION 
The objective of this research was to design and 
develop a framework for a universal DSS that is 
capable of recommending an appropriate route 
optimization method for MSW collection and 
disposal. The recommended method should yield a 
more effective optimal solution based on the 
available regional data. The framework’s design is 
based on the contents of vehicle route optimization 
literature from 14 countries. The framework was 
developed to be flexible and accommodate different 
situations from the local data of the user.  The DSS 
successfully predicted the suitable optimization 
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technique for 73% of the tested researches, of which 
18% were recommended an enhanced version of the 
original methods used. The latter shows the ability 
of the developed framework to provide the decision 
makers with a consultation that leads to an improved 
method compared to the ones which they have 
previously utilized.  

The framework is expected to help the 
agencies/departments/ministries to select the 
appropriate route optimization tools for MSW 
collection according to their local conditions. 
Moreover, the framework can be applied with a 
working knowledge of available scenario. The 
proposed DSS has the potential to be enhanced 
further in terms of additional route optimization 
algorithms, data availability and relationships of 
variables with one another, and constraints to the 
decision support algorithm to achieve more refined 
results. Finally, automation technologies such as 
Artificial Intelligence and Machine learning 
technologies can be integrated into the DSS when 
more research is available with these methods in the 
future. This should allow the system to fetch online 
real-time data to update the optimization technique 
suggested to the client. It would produce a DSS 
capable of re-evaluating the current parameters 
when necessary. 
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