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ARTICLE INFO ABSTRACT

Keywords: The dense population and high solid waste production make it challenging to determine the optimal routes
Vehicle routing for garbage collection trucks in metropolitan cities. Moreover, incorrectly planned routes cause waste of fuel,
Optimization time, and other resources in the municipal garbage collection process. Vehicle Routing Problem (VRP) is a
Heuristics

combinatorial optimization problem that aims to find optimal routes for a certain number of vehicles that
start from a depot, visit all customers, and return to the depot. This study aims to find the optimal routes that
satisfy all the needs by considering the waste collection process of the Istanbul Umraniye district. Data on the
currently used routes, daily tonnages, number of truck trips, and the number and locations of containers in the
Umraniye district were obtained from the Umraniye municipality. We solve the route optimization problem of
the Umraniye municipality with multiple heuristics and meta-heuristic algorithms like the nearest neighbor,
savings, Christofides, simulated annealing, greedy descent, guided local search, and Tabu Search algorithms.
We show the examined heuristics and meta-heuristics can produce fast and feasible solutions to large-size

Meta-heuristics
Solid waste collection
OR-tools

real-life problems.

1. Introduction

Along the last century, with the rapid pace of industrialization, and
urbanization and impact of humanity on the environment has reached
to an unmatched level. The aim for using the limited resources in the
best way has turned into the aim for using the wastes comes from these
sources in the most efficient way over time. The term, “waste”, can be
defined as any substance discarded into the environment because of
lack of activity in the simplest form. In a more detailed way, waste
is any substance that are leftovers or whose use is no longer possible
for its owner regardless of any chance of reuse or recycle, which are
needed or asked to throw away from living environment that may cause
environmental diseases or health problems if they are not removed [1].

In Turkey, where our case study conducted, local municipalities are
responsible for the waste collection services. Especially in metropolitan
cities the management of waste collection is a complex process, since
the population density is high and as a result the amount of produced
solid waste is also high. For example, an average of 18 thousand
tons of household waste is generated daily in Istanbul which has 39
districts [2]. District municipalities aim at maximizing the satisfaction
level of the citizens and minimizing the cost while removing urban
environmental solid pollution. As a result of any mistake in the plan,
wastes can overflow from the containers, pollute the streets, and cause
unhealthy conditions. The lack of proper waste management service

would cause dissatisfaction of citizens with the responsible munici-
pality. On the other hand, with an inefficient plan, garbage can be
collected satisfactorily but it can cause spending more recourses (like
personnel, vehicle, fuel, time, etc.) than necessary. Therefore, this plan
should be considered as an important engineering problem and should
be dealt with comprehensively.

Although there are many studies on both Vehicle Routing Problem
(VRP) and Waste Management Route Optimization in the literature,
the number of studies dealing with the two issues together is not
enough. Han and Cueto [3] searched 8 different databases with special
keywords and found only 42 journals and 65 articles published between
1974 and 2015 on this subject. Moreover, since VRP is an np-hard
problem, it cannot always be solved optimally, so, heuristics and meta-
heuristics are often used. Performance comparison of these algorithms
are generally performed on sample datasets with 100-200 nodes in the
literature.

In this article, it is aimed to create the shortest routes that will
satisfy all the needs and provide route optimization for two scenarios by
considering the solid waste collection process of the Umraniye (which
is a district of Istanbul, Turkey) as capacitated VRP by using a real
dataset which includes almost three thousand nodes. Garbage trucks
with a certain number and equal capacity start from a single center,
collect the garbage on the streets of their own route and then return to
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the center every day. The constraints of garbage collection problem are:
all locations must be visited, garbage on each street must be collected
by only one truck (no double visits), and the truck’s capacity must
not be exceeded. The aim is to find routes that give the minimum dis-
tance throughout the entire process. Both heuristics and metaheuristics
approaches like the nearest neighbor, savings, Christofides, simulated
annealing, greedy descent, guided local search, and Tabu Search al-
gorithms are applied by using OR-Tools and their performances are
compared.

2. Literature review

This section consists of four parts. First, VRP literature, then the
variants of VRP are summarized. Moreover, waste collection studies
which are handled as VRP also examined. Finally, solution approaches
are introduced.

2.1. Vehicle routing problem

VRP is an np-hard optimization problem that aims to find best
route between the central depot and warehouses. There may be only
one vehicle in the problem, or there may be more than one vehicle.
Although the purpose of determining the best route is generally to
find the shortest distance for the routes, a different problem can also
be defined for different purposes such as minimizing the number of
vehicle or duration. Usually, constraints of the problem are related to
the vehicles, the customers, or the process. Due to these factors or
constraints, several types of VRP have been introduced.

The first study on VRP is “Truck Dispatching Problem” written in
1959 [4]. The problem was introduced as generalized version of the
Traveling Salesman Problem [5] and a solution was proposed to find
the optimum routes of gasoline trucks. Howbeit no practical application
has been made, the mathematical formulation that gives a near-optimal
solution has been developed.

Clarke and Wright [6]developed the heuristic Savings Algorithm to
solve this problem. Whilst Dantzig and Ramser fill the truck for the
minimum distance in their studies, in this method it is filled for the
closest capacity. It is stated that proposed method gives better results
according to the tests made in this study.

Toth and Vigo [7], examined the best branch and bound algorithms
during the written period for the capacitated vehicle routing problem
(CVRP) with symmetric and asymmetric cost/distance matrix. Addi-
tionally, relaxation methods such as k-tree [8], b-matching [9] and
set-partitioning [10] are also discussed. After this relaxation process,
the problem size was increased from 25 nodes to 100 nodes and more.

Ralphs et al. [11] engaged routing and packing concepts using ca-
pacity constraints of integer programming and proposed a decomposit-
ion-based branch and cut algorithm for the CVRP. When common
procedures fall down to decompose the nodes, the problem decom-
posed by converting it to n-tsp tours. Suggested theorems are applied
whether capacity constraint fitted or not. They present a decomposition
structure that can be adaptable to other combinatorial optimization
problems. It was stated that the application results were promising, and
it could solve most of the problems faced during that period. Since then,
many novel studies have been made based on this study.

Baker and Ayechew [12], suggested a hybrid solution that consist of
a genetic algorithm [13] and a local search algorithm to solve the VRP
by limiting vehicle capacity and distance traveled. They proved that
the suggested method gave competitive results in terms of solution time
and quality with Tabu Search [14] and Simulated Annealing [15] which
are shown as the most successful heuristic algorithms of the period.

Amous et al. [16] discussed CVRP using Variable Neighbor Search
algorithm (VNS) [17], which aims to minimize the total distance trav-
eled. Furthermore, proposed method includes many different search
algorithms together with Variable Neighborhood Descent algorithm
[18].

Borcinova [19] proposed two different linear programming models
for the CVRP. The first of the proposed methods is flow-based linear
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programming, and the second is the updated assignment formulation.
A mixed linear programming model based on the saving algorithm is
proposed and it is stated that both methods give optimal results in
small-scale problems. This study differs from the studies on the CVRP
in terms of the method of eliminating sub-types.

Comert et al. [20] approached the CVRP solution in a hierarchical
manner and transformed it into a clustering problem and then a routing
problem (Cluster first, route second approach). After clustering with
k-means, k-medoids [21] and random clustering algorithm, the routing
problem of each cluster is solved with the branch and bound algorithm.
Also, an application was carried out for a supermarket chain in the
study, and it was understood that the clustering method that gave the
best results was k-medoids. It is claimed that the proposed method will
reduce the run times of large-scale CVRPs.

Goli et al. [22] proposed a solution for the CVRP with the artificial
intelligence supported cuckoo algorithm, which considers customer
satisfaction as well as reducing costs. The simulated annealing algo-
rithm is used to speed up the algorithm and improve the solution
quality. In the study, first the optimal solution was found with GAMS
(General Algebraic Modeling System, a modeling software to solve
mathematical programming and optimization problems), then the so-
lution was produced with the classical cuckoo algorithm [23]. By
comparing the results, it has been observed that the proposed method
gives near-optimal results in a shorter time.

Ibrahim et al. [24] searched a solution for CVRP by using Column
Generation [25], Google OR-Tools [26] and Reinforcement Learning
algorithms [27] on a small-scale data set and compared the results.
Furthermore, Reinforcement Learning and Google OR-Tools algorithms
were run on a large-scale data set and their competencies in large
problems were compared. Hereby, although the Reinforcement Learn-
ing method gave relatively better results, OR-Tools gave much better
results in terms of solution generation speed.

Yazgan et al. [28] used the Savings Algorithm and a local search
heuristic for solving the CVRP in a paint factory. The results of the two
methods were compared with the actual data of the factory and it was
stated that the local search heuristic algorithm gave the best results.

ilhan [29] proposed a new population-based simulated annealing
algorithm to solve CVRP. In the proposed method, three route devel-
opment operators, namely displacement, addition, and reversal, were
used randomly in each iteration. It was stated that the method used on
63 frequently used data sets, gave optimal results in 23 samples, and
gave more balanced results in the remaining 40 data sets compared to
other methods.

Rabbouch et al. [30] proposed a new and dynamic algorithm, the
Empirical Simulated Annealing algorithm, which will improve the pos-
sible weaknesses of the simulated annealing algorithm. The proposed
method incrementally uses the last of the worst of reasonable solutions
to update the acceptance criterion of the standard simulated annealing
algorithm. It is stated that with this method, the randomness of stan-
dard simulated annealing is reduced, its convergence is improved, and
a good performance is achieved in overall.

Hottung and Tierney [31] stated that the methods approaching VRP
with machine learning are behind the standard optimization methods
and they proposed a new Local Neighbor Search (LNS) algorithm to
close this gap. The proposed method is based on deep neural networks.
It has been stated that the proposed new LNS algorithm gives good
results compared to the standard LNS and the Improved Lin Kernighan
algorithm [32], according to the tests performed.

Sitek et al. [33] used a combination of VRP variants to solve the
postal and courier delivery problem. A hybrid approach consisting of
constraint programming, genetic algorithm and mathematical modeling
methods was applied. It has been stated that the effectiveness of the
model and the approach has been proven by the experiments.

2.2. Variants of the VRP

The most basic, classic VRP is that, as in Dantzig and Ramser’s [4]
studies, a certain number of vehicles start from the main depot and



U. Dereci and M.E. Karabekmez

visit all the depots and finally complete their route by returning to the
main depot. It is aimed to determine these routes with minimum cost
(distance). When the capacity constraint is added to this problem, it is
ensured that the vehicles do not exceed their capacities and the problem
is called the Capacitated Vehicle Routing Problem (CVRP).

Problems that customers demand in different time zones; hence
tours are performed according to time intervals are called VRP with
Time Windows [34]. It is called VRP with Stochastic Demand [35]
when the customer’s demand is uncertain. Moreover, cases that more
than one vehicle meets a customer demand instead of a single vehicle
piece by piece with different voyages, are called The Split Delivery
VRP [36]. Lastly, in cases where customer demands are met in different
periods but with single vehicle, it is entitled as Periodic VRP [37]. There
are also diverse types of VRPs for similar special cases.

2.3. Waste collection as a VRP

Han and Cueto [3] analyzed different techniques used for routing
of wastes classified as domestic, commercial, and industrial. The study
can be considered as a roadmap for similar problems in terms of
summarizing and classifying the literature. While garbage collection
and route optimization process, they stated that environmental impacts
were not considered sufficiently and suggested that not only economic
but also environmental impacts should be added to the objectives of
CVRP.

Assaf and Saleh [38] studied the solid waste collection problem for
the Palestinian city of Nablus as VRP and proposed a genetic algorithm-
based solution. The aim of the study is minimizing the distance traveled
by the garbage trucks and reducing the costs. It has been shown that
the distance traveled can be reduced by 66% and the garbage collection
time can be reduced from 7 h to 2.3 h.

Akhtar et al. [39] proposed a solution to CVRP with the Backtrack-
ing Search algorithm [40] to optimize garbage collection routes with
the concept of a smart dustbin. To reduce the distance traveled and
to optimize the garbage disposal frequency, the threshold value of the
garbage cans was analyzed. It has been shown that the total distance
and total fuel cost can be reduced by approximately 37% and 50%
respectively.

Erfani et al. [41] solved CVRP, the collection and storage problem of
garbage containers in Ahmadabad, Iran, with a Geographical Informa-
tion System (GIS). It has been stated that the existing garbage collection
system is deficient, the number of tours can be decreased by 12.5%,
the total number of personnel can be reduced by 41%, and the total
distance traveled (the main goal) can be improved by 53%.

Kuo and Zulvia [42] proposed a solution for CVRP using a hybrid
algorithm consisting of a combination of Genetic Algorithm and Ant
Colony Optimization algorithm [43] and 2 different local search algo-
rithms (Prim’s search algorithm [44] and 2-opt search algorithm [45]).
It is stated that according to eight different performance tests the
proposed method gave competitive results. In addition, a fuzzy demand
garbage collection application studied for a city in Indonesia. It also
stated that results are promising.

Hannan et al. [46] proposed the Modified Particle Swarm Optimiza-
tion (PSO) algorithm for the solution of CVRP, and applied concepts
including threshold waste level and scheduling for different datasets.
It was emphasized that the method, which aims to find the optimal
route by minimizing the distance traveled, gives good results in terms
of waste collection and route optimization, and can be a significant tool
in terms of socioeconomic and environmental effects in waste collection
systems.

Asefi et al. [47] created a mixed integer linear programming model
(MILP) for solid waste collection, routing, and cost reduction. Two
different heuristics are proposed for the solution, in which the Vari-
able Neighbor Search algorithm works alone, and the second: Vari-
able Neighbor Search algorithm and Simulated Annealing algorithm
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Solution
Methods
Exact Heuristic
Algorithms Algorithms
Dynamic Branch and Simple Metaheuristics
Programming Bound Heuristics
Branch and Cut K-Minimum Nearest Simulated
Spanning Tree Neighbor Annealing
Savings Tabu Search
Swee Genetic
P Algorithm
Cluster First, Neural
Route Second Networks
Improved Petal Ant Colony

Heuristic Optimization

Artificial Bee
Colony

Partical Swarm
Optimization

Fig. 1. VRP Solution Methods.
Source: Adapted from [49,50].

are used together. It is stated that the two proposed methods give
near-optimal results.

Vu et al. [48] modeled the garbage collection system in Austin,
Texas, based on data forecasted for 2023. The relationship between
parameters such as garbage collection frequency, garbage collection
type, garbage truck type and garbage tour were examined using GIS
with 48 different scenarios. It was indicated that the total garbage
collection time could be improved by increasing the frequency of
garbage collection.

2.4. VRP solution approaches

Since VRP is an NP-hard optimization problem, there is no method
that consistently gives the optimal result. Particularly as the scale of the
problem grows, methods or algorithms that give precise results cannot
provide results within a reasonable time or even produce no results.
For this reason, heuristic methods have been developed, aiming to give
near-optimal result and to produce fast solutions. With the spread of
heuristic algorithms, meta-heuristic algorithms have also started to be
developed.

VRP solution methods that are frequently studied in the literature
are diverse (Fig. 1). Exact methods consist of dynamic programming,
which uses mathematical models, and algorithms [7-9,11] that aim
to stretch the models. Heuristic algorithms can be divided into sim-
ple heuristics and metaheuristics. Simple metaheuristics are problem-
dependent, and metaheuristics are problem-independent methods that
try to maintain high quality solutions with shorter processing time in
complex optimization problems [51]. Simple heuristics usually aim to
generate a feasible solution and then try to improve it. Savings [6],
Sweep [52], Christofides [53], Nearest Neighbor, Improved Petal [54]
algorithms are some of the most used simple heuristics. On the other
hand, metaheuristics effectively search the solution space by improving
simple heuristics and using different algorithms together [55]. For these
algorithms it is crucial to designed as adaptable to different types of
optimization problems. Simulated Annealing [15], Tabu Search [14],
Genetic Algorithm [13], Neural Networks [56], Ant Colony Optimiza-
tion [43] and Artificial Bee Colony [57] algorithms are some of the
frequently used metaheuristics.
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Table 1
Format of route data.
DATE TRUCK ID NAME TRUCK REGION 1ST TOUR 2ND TOUR 3RD TOUR TOTAL NUM OF
TONNAGE TONNAGE TONNAGE TONNAGE TOUR
Table 2
Descriptive statistics of route data (shortened).
DATE ATAKENT ESENEVLER ISTIKLAL - MEHMET AKIF NECIP FAZIL
NAMIKKEMAL
“Example “Corresponding “Corresponding “Corresponding “Corresponding “Corresponding
Date” Tonnage Data” Tonnage Data” Tonnage Data” Tonnage Data” Tonnage Data”
Avg. Tonnage 14.768 16.779 14.525 16.445 17.799
Max Tonnage 17.760 19.500 16.590 20.080 20.440
Min Tonnage 11.800 14.080 12.000 12.820 15.120
Std. Dev. 1.285 1.037 919 1.432 1.039

3. Methodology
3.1. Dataset

Information about garbage collection process that include truck
routes, tonnage data of neighborhoods and the number of containers on
each street was obtained from Umraniye Municipality. The total length
of streets, number of containers and tonnage data, truck region and
number of daily tours between June 1, 2020, and June 30, 2021 for
each neighborhood were combined in a single data table. This table
contains 3327 lines of data. Truck region data indicated that which
truck collects the garbage of related street in the current situation.

Municipality currently divides the district into 36 regions/routes.
Three of these routes are main arteries and unlike remaining routes,
garbage of them collected constantly during the day. Besides, another
one of the 36 routes is industrial zone. Its tonnage data is not recorded.
Therefore, these four routes excluded from the dataset. This means that
the problem is handled with thirty-two routes (32 vehicles).

When the route information data table is examined, it has been ob-
served that some streets are registered in two different neighborhoods,
so there is a double counting of the number of locations and containers.
Hence, a new list was created by omitting repetitive streets to eliminate
that double counting error. With this new street list, the routing and
optimization problem has 2998 locations and 6233 containers.

Tonnage data information table taken from municipality contains
14256 lines of data. Each row represents the tonnage data of a route
on a certain date in Table 1. It shows the information about how many
kilos of garbage of each route was collected with how many tours, by
which vehicle and by which driver for each day between June 1, 2020,
and June 30, 2021.

Sometimes trucks may not collect garbage on streets due to un-
planned obstacles like wedding or funeral ceremonies, or road main-
tenance works. These exceptional undone collections are postponed
to the next day. Which brings outliers to the data and those need to
be removed from the dataset. Thus, interquartile ranges (IQR) were
determined for each route and lower and upper bounds were found. The
data points that reside out of Q;— 1.5 IQR < ... < Q3+ 1.5 IQR range
were flagged as outliers and excluded from the rest of the analysis.

Table 1 has been rearranged so that each region is placed in an
individual column and descriptive statistics of the data remaining after
the exclusion of outliers are shown in Table 2. It contains average,
maximum, and minimum tonnages for each region. These maximum
tonnage values will be used later in the maximum expected daily
amount of garbage for each container concept and calculations section.

3.2. Optimization problem

The linear programming model for classical CVRP is as follows [58].
N cluster consists of n nodes and nodes represent streets. Each street

has q kilos of garbage demand. The distance between streets is ex-
pressed in c;. K represents the number of vehicles and Q represents
the vehicle capacity.

N N K

minZZZcUX;‘j (D
i=0 j=0 k=1

In Eq. (1), the objective function aims to minimize the total distance

traveled by vehicles. X:‘. expresses whether the vehicle k traveled from

node i to node j and it takes the value O or 1.

Constraints:
K N
ZZX§=1je{1,...,N}:i¢j (2)
k=1 i=0
K N
ZZX}J.:ue{l,...,N}:i;ej 3)
k=1 j=0
N N
> Xfg<0ke(l,... K} €]
i=0 j=0
N
Zx;‘jglfori=0ke{1,...,1<} )
Jj=1
N
ZXJ’.‘islfori=0ke{1,...,K} (6)
j=1
N N
ZX!;:ZX}’.‘I. fori=0kef{l,...,K} @)
j=1 j=1

Egs. (2)-(3) constraint that each street can be visited by only one
vehicle. Eq. (4) ensures that the vehicle capacity is not exceeded. Eq
5-7. provide each tour starts and ends at warehouse, node 0.

3.3. Tools and softwares

Python software was used to find street coordinates and run all
other algorithms. Python libraries used in the study are:

(i) Geopy [59] is a geographic information system library included
in Python. With this library, the exact location, and coordinates of all
streets whose address are available in the dataset were identified. This
process is also known as “geocoding”. Likewise, the geodesic distance
(the length of the curve that indicates the shortest distance between two
surface points) between all of the coordinate couples were calculated.
The geocoders method in the geopy library collects data by connecting
to a geocoding service. The coordinates and locations of all streets were
determined by accessing the Yandex Maps [60] database as a geocoding
service.

(ii) OR-Tools are optimization tools that allows executing heuristics
and meta-heuristics to solve the VRP and developed by Google [61]. In
this paper, CVRP is solved by heuristics and meta-heuristics algorithms,
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Fig. 2. Maximum expected daily amount of waste for each container (MEDAG) (kg/day).

Table 3
OR-Tools options.

First solution strategy Local search options

Path cheapest arc

Path most constrained arc
Christofides

Savings

Greedy descent
Guided local search
Simulated annealing
Tabu search

respectively. It takes coordinates, demands (kg), distance matrix, num-
ber and capacities of vehicles, id of the main warehouse as inputs and
creates the data model. Then, it takes the first solution strategy, local
search option, and time limit inputs, executes, and generates a solution.

While first solution strategy ensures that OR-Tools creates a feasible
solution. Local search option tries to improve initial solution created
with first solution strategy. First solution strategies and local search
options used in this paper are shown in Table 3. Time limit refers to
the maximum time for algorithm can search for each node.

3.4. Data analysis

When a query, for instance, “PiriltiSokak, Umraniye” is sent to
Geopy, the output is exact address “PiriltiSok., Elmalikent Mah., Um-
raniye, istanbul, Turkey” and coordinate of the street “(29.092866,
41.039532)”. With this method, the exact locations, and coordinates
of all streets within the boundary of Umraniye district were found. The
output list has been created and a new column, container numbers that
taken from dataset, was appended.

There are some streets that are not populated enough to require a
garbage container or not wide enough for trucks to enter, but these
streets also produce waste. Therefore, trucks collect on road waste
even though there are no containers. Thus, this situation should be
integrated into the problem. For this purpose, the container number
of the streets with zero containers is edited as 0.2. The amount of
garbage will be determined by multiplying container amounts with
street coefficients that will be calculated later sections.

Maximum expected daily amount of garbage for each container
(MEDAG) was determined as the maximum daily collected waste in the
route divided by number of containers in the route in the dataset after
removal of outliers.

Waste production across the district is not homogeneous. In order
to capture this heterogeneity MEDAGs were plotted (Fig. 2). Except the
two routes on the right side of the graph, all routes stacked within
a certain range. Serving all routes with a single vehicle may cause
overload on the two routes that are the outside of the range.

This overload may cause breakdowns on vehicles, or it can decrease
workers’ performances. Therefore, two scenarios were proposed to

address this problem. In the first scenario the demand of the containers
on the overloaded routes were divided by two to ensure al MEDAGs are
below 151 kg/day (Fig. 3).

In the latter, citizens’ satisfaction was taken into account more
precisely by preventing garbage accumulation in the containers. A
narrower range for the MEDAGs was attained by serving to the routes
with different number of trips per day. Proposed scenario 2 achieve a
range of 35 to 76 kg/day for all containers by visiting them up to four
times a day (Fig. 4).

The implantation stages of the method for both scenarios are as
follows:

The modified MEDAGs are distributed to all streets in the pr-
oblem. Street garbage amounts are calculated by multiplying
the number of containers on the street with the corresponding
MEDAG. All values are rounded to an integer so that OR-Tools
works efficiently.

Previously determined (with geopy) coordinates of the streets are
given as input to the OR-Tools as an [nx1] matrix. Previously
calculated maximum expected amounts of street garbage are also
given as input to the OR-Tools as an [nx1] demand matrix.

The [nxn] distance matrix consists of rounded geodesic distances
of the locations to integers in meters is also given as input to
OR-Tools. Vehicle capacities were calculated by dividing total
demand in single tour by the number of vehicles (32) for each
scenario to achieve 100% vehicle usage.

The number (32) and capacities (Scenario 1: 18 tons and Scenario
2: 10.5 tons) of the vehicles are given as another input to OR-
Tools. These steps are the basic inputs of the OR-Tools to execute
the CVRP.

Moreover, there are operational inputs such as first solution strat-
egy, local search option and time limit. All combinations of the
first solution strategies and local search options shown in Table 3
were applied for each scenario to find best algorithm pair. Also,
trials with three different time limits for local search 100, 500,
1000 s were conducted for each scenario and each algorithm pair.
All identified routes were plotted on the district map by using
open street map [62].

The workflow of the study is visually summarized in Fig. 5.
4. Result and discussion
4.1. Scenario 1: Optimal solution approach

For each of the 2998 streets in the district, demands were calculated
by multiplying values for maximum expected daily amount of garbage
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Fig. 3. Modified maximum expected daily amount of waste for each container (MEDAG-1) (kg/day) — Optimal Solution Approach — Scenario 1: Data labels (1 or 2) indicate

number of visits to a container in the route.
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Fig. 4. Modified maximum expected daily amount of waste for each container (MEDAG-2) (kg/day) — Satisfaction Focused Approach — Scenario 2: Data labels (1 to 4) indicate

number of visits to a container in the route.

Table 4
Street demand table: Scenario 1.
D Location Latitude Longitude Number of MEDAG Number of Street
container (NC) tours demand
0 HekimbagiKatiAtik Aktarma Merkezi 41.05846964 29.11273772 0 0 0 0
1 3016. Sok., Esenevler Mah., 7Umraniye, 41.008843 29.097232 0.2 112 1 22
istanbul, T'urkiye
2 Neval Sok., Necip Fazil Mah., “Umraniye, 41.015022 29.164866 12 251 2 1506
istanbul, T'urkiye
3 Acun Sok., }Umraniye, Istanbul, T;urkiye 41.008673 29.130559 10 63 1 630

for each container (MEDAG-1) in Fig. 3 with the number of containers
(NQ) in the street. If there is no container in the street NC was set as
0.2 to ensure inclusion of the street in the problem. The resulting data
table is in the form of Table 4 and the full table is available in Table
S1.

Location, Latitude and Longitude columns in Table 4 are automat-
ically obtained from Yandex Maps. MEDAG column is calculated and
taken from Fig. 2. The number of tours column is taken from Fig. 3. The
street demand is calculated with the formula NC * MEDAG/(Number of
Tours) and rounded to the nearest integer.

Distance matrix between streets (Table 5), demand matrix of loca-
tions (Table 6), number and capacity of vehicles, and warehouse id are
the basic inputs of OR Tools. Table 5 is a 2998x2998 matrix calculated
with Geopy using the Latitude and Longitude columns of Table 4. Cell
values states the geodesic distance between two locations in meters.

The demand matrix (Table 6) is the street demand column of
Table 4. Cell values states the daily amount of garbage in the streets
in kg.

Warehouse id is 0. All vehicles start and finish the tour from
the warehouse. The number of vehicles is 32. Vehicle capacity was
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yandex yandex
Create Street Create Street
Demand Table Demand Table
Create Distance Create Distance
Matrix Matrix
Identify the Identify the
number and number and
capacity of trucks capacity of trucks
Set Set
First Solution First Solution
Strategy; Strategy;
Local Search Local Search
Option; Option;
Time Limit Time Limit
Execute Execute
Heuristics & Heuristics &
Metaheuristics via Metaheuristics via
OR-Tools OR-Tools
End
Outputs
Fig. 5. Overall flowchart of the study.
Table 5 Table 6
Distance matrix of locations: Scenario 1. Demand matrix: Scenario 1.
0 1 2 2997 1d 0 1 2 3 2997
0 0 6399 6747 6485 Demand 0 600 426 1672 . . e 20
1 6399 0 2104 335
2 6747 2104 0 e 2431
0 e
0 calculated as 18 Tons by dividing total demand in single tour by the
2097 6485 335 2431 0 number of vehicles to guarantee the deployment of all vehicles. The

capacity for all vehicles was assumed to be the same.

For all 16 first solution strategy and local search option algorithm
pairs and three different time spent in search (100, 500 and 1000 s)
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Table 7
Results: Scenario 1.
First solutions strategy Local search options Objective Operation
Function (m) time (s)
Path Cheapest Arc Guided Local Search 525.582 640
Path Cheapest Arc Simulated Annealing 525.443 634
Path Cheapest Arc Tabu Search 525.443 621
Path Cheapest Arc Greedy Descent 525.471 630
Savings Guided Local Search 571.122 677
Savings Simulated Annealing 571.352 646
Savings Tabu Search 571.389 676
Savings Greedy Descent 571.122 604
Christofides Guided Local Search 558.127 645
Christofides Simulated Annealing 558.522 662
Christofides Tabu Search 558.522 657
Christofides Greedy Descent 558.127 675
Path Most Constrained Arc  Guided Local Search 535.856 665
Path Most Constrained Arc  Simulated Annealing 534.379 629
Path Most Constrained Arc  Tabu Search 534.471 627
Path Most Constrained Arc  Greedy Descent 534.757 640

parameters trials were conducted by using the prepared inputs. When
the time spent in search option set to 100 s, OR Tools could not bring
any feasible solution. On the other hand, setting the parameter to 500 s
or 1000 s do not bring any significant change in the results. Therefore,
the results were listed with time limit option of 500 s (Table 7).

In this scenario the combinations of Path Cheapest Arc algorithm
as the first solution strategy and Tabu Search or Simulated Annealing
algorithms as local search tool gives the minimum objective. However,

reckon with the solution time too, it can be said that Tabu Search
algorithm gives partially better results. 100% vehicle occupancy rate
was achieved by using all 32 vehicles in all experiments and the
shortest route length for the problem was determined to be 525,443 m.
The route map of all vehicles for the best solution is shown in Fig. 6.
Each route is shown in a different color and Hekimbasi Solid Waste
Collection Center (main warehouse) is shown with a black star. All
tours start and end here.

A sample route and output of a particular vehicle that obtained with
OR-Tools is as follows: The route of the Vehicle 8 (randomly selected)
that acquired from the best experiment is shown in Fig. 7. The pins
show the locations visited, and numbers indicate the order of visits.

“Route for vehicle 8:

0 Load(0) -> 1297 Load(18) -> 1001 Load(37) -> 806 Load(56)
-> 1930 Load(74) -> 1727 Load(92) -> 2476 Load(272) -> 1664
Load(290) -> 1980 Load(380) -> 1525 Load(398) -> ... (*output
has been shortened). -> 1735 Load(17954) -> 2672 Load(17972) -> 0
Load(17972)

Distance of the route: 12960 m

Load of the route: 17972 kg”

This sample output explains that the route starts from position 0,
the vehicle goes to location 1297 and collects 18 kilos of garbage, then
goes to location 1001, then collects another 19 kilos of garbage and
the vehicle capacity is 37 kilos. When the vehicle went to the 2672nd
location, the vehicle capacity was 17,972 kilos and since the capacity
was full, it returned to the starting position and finished the tour. The
total distance of the route is 12,960 m, and the total amount of garbage
collected on the route is 17,972 kg.
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Table 8
Street demand table: Satisfaction Scenario 2.
D Location Latitude Longitude Number of MEDAG Number Street
container (NC) of tours demand
0 HekimbagiKatiAtik Aktarma Merkezi 41.05846964 29.11273772 0 0 0 0
1 3016. Sok., Esenevler Mah., tUrnrzmiye, 41.008843 29.097232 0.2 112 2 11
istanbul, T'urkiye
2 Neval Sok., Necip Fazil Mah., “Umraniye, 41.015022 29.164866 12 251 4 753
istanbul, T'urkiye
3 Acun Sok., ?Umraniye, Istanbul, T‘urkiye 41.008673 29.130559 10 63 1 630
4 Asil Cad., TopagaciMah., 2Umraniye, 41.049326 29.105775 3 185 185

istanbul, T'urkiye

4.2. Scenario 2: Citizens’ satisfaction focused optimal solution approach

For each of the 2998 streets in the district, demands were calculated
by multiplying values for maximum expected daily amount of garbage
for each container (MEDAG-2) in Fig. 4 with the number of containers
(NQ) in the street. If there is no container in the street NC was set as
0.2 to ensure inclusion of the street in the problem. The resulting data
table is in the form of Table 4 and the full table is available in Table
S2.

Location, Latitude and Longitude columns in Table 8 are automat-
ically obtained from Yandex Maps. MEDAG column is calculated and
taken from Fig. 2. The number of tours column is taken from Fig. 4. The

street demand is calculated with the formula NC * MEDAG/(Number of
Tours) and rounded to the nearest integer.

The distance matrix, the demand matrix of locations (Table 9),
number and capacity of vehicles, and warehouse id are the basic inputs
of OR Tools in scenario 2. Distance matrix between streets (Table 5)
is the same for both scenarios. The demand matrix (Table 9) is the
street demand column of Table 8. Cell values states the daily amount
of garbage in the streets in kg.

Warehouse id and the number of vehicles are the same as scenario
1. Vehicle capacity was also calculated by the same calculations and
found as 10.5 Tons for scenario 2 and the capacity for all vehicles was
assumed to be the same again.
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Table 9

Demand matrix: Satisfaction Scenario 2.
1d 0 1 2 3 2997
Demand 0 300 213 836 10

For all 16 first solution strategy and local search option algorithm
pairs and three different time spent in search (100, 500 and 1000 s)
parameters trials were conducted by using the prepared inputs for this
scenario as well. When the time spent in search option set to 100 s, OR
Tools could not bring any feasible solution again. Even for 500 s for
some routes OR Tools could not bring any feasible solution. Therefore,
the results were listed with time limit option of 1000 s in scenario 2
(Table 10).

As a result, Path Cheapest Arc algorithm gives the best result among
all first solution strategies in scenario 2, too. When the first solution
produced with this algorithm, and it was observed to be the most
feasible to developed with either the Guided local Search or Greedy
Descent algorithm. Although the both algorithm pairs bring the same
value for the objective function, the combination of Path Cheapest Arc
and Greedy Descent algorithm brings it faster. 100% vehicle occupancy
rate was achieved by using all 32 vehicles in all experiments and the
shortest route length for the problem was determined to be 533302 m.
The route map of all vehicles for the best solution is shown in Fig. 8.
Each route is shown in a different color and Hekimbasi Solid Waste
Collection Center (main warehouse) is shown with a black star. All
tours start and end there.

10

Table 10
Results: Satisfaction Scenario 2.
First solutions strategy Local search options Objective Operation
Function (m) Time (s)

Path Cheapest Arc Guided Local Search  533.302 1210
Path Cheapest Arc Simulated Annealing 533.716 1151
Path Cheapest Arc Tabu Search 537.074 1218
Path Cheapest Arc Greedy Descent 533.302 1178
Savings Guided Local Search 573.573 1180
Savings Simulated Annealing 573.568 1238
Savings Tabu Search 573.527 1168
Savings Greedy Descent 573.573 914
Christofides Guided Local Search 553.680 1193
Christofides Simulated Annealing 555.590 1206
Christofides Tabu Search 555.590 1246
Christofides Greedy Descent 553.680 1136
Path Most Constrained Arc ~ Guided Local Search 535.098 1155
Path Most Constrained Arc ~ Simulated Annealing 535.945 1202
Path Most Constrained Arc  Tabu Search 534.845 1173
Path Most Constrained Arc  Greedy Descent 534.698 1150

The sample route and output of a particular vehicle that obtained
with OR-Tools is as follows: The route of the Vehicle 17 (randomly
selected) that acquired from the best experiment is shown in Fig. 9.
The pins show the locations visited, and numbers indicate the order of
visits.

“Route for vehicle 17:

0 Load(0) -> 610 Load(12) -> 2066 Load(73) -> 293 Load(622) -
>83 Load(634) -> 2103 Load(646) ->... (output has been shortened)->
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Fig. 9. The shortest route for Vehicle 17 in Scenario 2 — Map Data by © [62].

1605 Load(10468) -> 2164 Load(10480) -> 1764 Load(10488) -> 420
Load(10500) -> 0 Load(10500)

Distance of the route: 15144 m

Load of the route: 10500 kg”

This sample output explains that the route starts from position 0,
the vehicle goes to location 610 and collects 12 kilos of garbage, then
goes to location 2066, then collects another 61 kilos of garbage and
the vehicle capacity is 73 kilos. When the vehicle went to the 420th
location, the vehicle capacity was 10500 kilos and since the capacity
was full, it returned to the starting position and finished the tour. The
total distance of the route is 15144 m, and the total amount of garbage
collected on the route is 10500 kg.

In order to validate the time parameter, we have created conver-
gence curves for the best performing algorithm combinations (Fig. 10).

Convergence analysis shows that after 500 s the minimum total
route distance (objective function) is assessed for both of the scenarios.

4.3. Discussion

As a result of the experiments for the first scenario shown in Table 7,
we understand that the combination of algorithms that gives the best
results is the Path Cheapest Arc and Tabu Search algorithms. The length
of the shortest route is 525,443 m. 100% vehicle utilization rate is
provided and the average distance per route is 16,420 m.

11

Then as a result of the experiments for the second scenario shown
in Table 10, we understand that using the Cheapest Arc and Greedy
Descent algorithms together gives the best results. The length of the
shortest route of the scenario is 533,302 m. 100% vehicle utilization
rate is provided and the average distance per route is 16,665 m.

5. Conclusion and future works

In this study, solid waste optimization and vehicle routing prob-
lem (VRP) were discussed together, and solid waste collection route
optimization of Istanbul Umraniye district was aimed. The problem is
considered as the Capacitated Vehicle Routing Problem and heuristic
and meta-heuristic methods are used to solve this problem. It was
supported by two different scenarios in which the number of tours
was arranged according to the garbage production coefficients of the
neighborhoods. The first scenario is a double tour to two neighbor-
hoods, which are highly separated from other neighborhoods in terms
of the degree of garbage production, and a single trip to all remaining
neighborhoods. The second scenario is the citizen satisfaction scenario,
which will provide a more homogeneous workload for garbage trucks
and workers and prevent the overload of garbage in the containers.

In the execution phase, different Python libraries were used to
run the algorithms. The algorithms were executed with the OR-Tools
package, which is frequently used in the literature to compare the
performance of heuristics and meta-heuristics.
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Vu et al. [48] examined 48 different scenarios using GIS and stated
that by increasing the truck capacity, the distance traveled could be
reduced by up to 21%. In this study, increasing vehicle capacity of 10.5
tons in Scenario 2 to 18 tons in Scenario 1 decreases the path length by
13.5% similarly. Whereas here we commented that collecting garbage
more frequently can improve citizens’ experience with the municipal-
ity. Therefore, the increase in the distance from Scenario 1 to Scenario
2 can be regarded as the cost of marginal satisfaction. In a furthermore
detailed study citizens’ satisfaction can also be measured and added to
the optimization problem in a more quantitative approach. The current
study relying on a real case study with a fixed number of vehicles. That
is why marginal utility of manipulating number of vehicles/routes is
disregarded and focused on best route distribution for a given garbage
collection demand.

The current application in the district’s municipality and in many
other municipalities for route identification is manual and arbitrary.
Here we show that open-source and easy to implement software can
be used to find optimal routings in considerable time and computation
cost with common algorithms.

An important limitation of this study is that the distances between
the streets are calculated as the geodetic distance. This weakness can
be eliminated by using paid geocoding services by recalculating the
distance matrix and rerunning the algorithms.

If smart technologies are added to the study, the fullness ratio
of the garbage containers can be determined. Then, it may be possi-
ble to provide simultaneous route optimization instead of determin-
ing the number of tours according to historical data. Furthermore,
garbage trucks can respond to unusual garbage production occurrences
(outliers) instead of following usual routines.

Our results show that heuristic and meta-heuristic algorithms can
give fast and feasible (near optimal) results even in large scale CVRPs.
The method of the study can be used for any other district and pro-
vide feasibility. In an even more resource limited age waiting for us,
feasibility of the allocations of the resources will remain an important
challenge. The study will be a noteworthy contribution in this manner.
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