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Abstract—This paper discusses a dimensionality reduction
procedure to tackle a many-objective formulation of a Vehicle Routing Problem with a Demand Responsive Transport
(VRPDRT). The problem formulation presents eight objective
functions that aim to reduce the operating costs while meeting
passenger needs and providing a high-quality service. Two different dimensionality reduction-based approaches, aggregation and
feature selection are employed to transform the many-objective
formulation into a bi-objective one. The reduction, applied during
the search evolution, follows a hierarchical clustering technique in
which the objective functions’ similarity and conflict are explored.
The proposed approaches are compared with a classic version of
MOEA/D that solves the problem in its original formulation.
Moreover, different dimensionality reduction frequencies are
tested to assess the impact on the algorithms’ performance.
When comparing the outcomes in the original objective space,
the results show that the aggregation approach outperforms the
feature selection one, regardless of the dimensionality reduction
frequency. Furthermore, while there is no statistical difference between the MOEA/D and the aggregation approach, the MOEA/D
outperforms the feature selection approaches.
Index Terms—Many objective optimization, Dimensionality
reduction, Aggregation, Feature selection

I. I NTRODUCTION
Demand responsive transport (DRT) systems, which assign
a set of vehicles located at depots to visit all demand points to
pick up passengers and transport them to their final destination,
can be seen as the future of public transportation [1]–[4].
Since ride-sharing services play an important role in saving
energy and alleviating traffic pressure, a DRT with a door-todoor shared ride service is a competitive transportation mode
shifting demand from cars to public transportation services. In
this car-sharing type of transport, the quality of service can be
achieved, however leading to high operation costs.
The problem we solve in this paper is the Vehicle Routing
Problem with Demand Responsive Transport (VRPDRT) [5],
a compromising solution between the taxi service and bus
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service, being as flexible as the former and as cheap as the
latter. To provide a high quality of service, both organization
and human perspectives must be dealt with. The quality of
service can be measured (i) in terms of passenger pickup
and delivery times and travel duration, among other features
such as a balanced workload (human perspective), and (ii)
in terms of reduced travel costs and the number of vehicles
used, among others (company perspective). Due to the conflicting nature of the objectives involved, solving the manyobjective formulation of the VRPDRT is a complex task.
Aiming to capture all information provided by the original
problem formulation while preserving the relation among the
objectives, some works propose using an aggregation-based
dimensionality reduction approach to solve the problem.
Motivated by the fact the well-known Multiobjective Evolutionary Algorithm (MOEA) deteriorates its performance when
applied to many-objective optimization problems but presents
a high performance in problems having at most three objective
functions, in [6]–[8], the authors use an aggregation-based
dimensionality reduction approach to transform the original
problem into a bi-objective one. More specifically, using a
large set of solutions generated a priori, the reduction is
performed before the algorithm execution, and the resulting
bi-objective formulation is solved via traditional MOEAs.
Following this aggregation-based dimensionality reduction
approach, in [9], the cluster analysis was applied, but the
dimensionality reduction task was carried out at every generation of the MOEA based on Decomposition (MOEA/D)
[10]. Coupling the online clustering approach with Pearson’s and τ of Kendall correlation coefficients, algorithms’
performance was compared in the original objective space.
Results showed that the online cluster approach is an effective
dimensionality reduction technique transforming the manyobjective formulation of the VRPDRT into an aggregated biobjective formulation.

II. M ANY-O BJECTIVE O PTIMIZATION P ROBLEM
Many-objective optimization refers to a class of optimization problems that have more than three objectives. A manyobjective optimization problem (MaOP) can be formulated as
∗
x = argminx f (x),
gi (x) ≤ 0, i = 1, 2, . . . , r,
subject to:
hj (x) = 0, j = 1, 2, . . . , p,

(1)

in which x ∈ Rn , f (.) : Rn → RM , mM ≥ 4, g(.) :
Rn → Rr and h(.) : Rn → Rp . The functions gi and hj
1M

is the number of objectives and N is the population size.

are, respectively, inequality and equality constraint functions.
The vectors x ∈ Rn are called decision variable vectors of the
many-objective problem and form the parameters space. The
objective functions are represented by the vectors f (x) ∈ RM
and belong to a vector space called objective space.
A vast number of application problems can be modeled
as MaOPs. However, Pareto dominance-based multi-objective
evolutionary algorithms perform inadequately when the number of objective functions is increased [12]. A large number
of algorithms to tackle such problems has been developed
over the last decades, trying to overcome this issue, including: relaxed dominance [13], reference set [14], aggregation
[15], preference [16], indicators [17] and also dimensionality
reduction methods [9], [18].
III. A M ANY-O BJECTIVE F ORMULATION FOR THE
VRPDRT
Approaches to solving the Vehicle Routing Problem with
Demand Responsive Transport (VRPDRT) stem from exact
models [5], [19] to heuristics and meta-heuristics [20], [21].
The many-objective nature of the VRPDRT, in which users
can specify transportation requests at any time, from anywhere
to anywhere, deals with company’s and human’s perspectives
[20], and different and conflicting objective functions.
The VRPDRT version adopted in this work, based on
[20] and also adopted in [6], [7], [22], has the following
characteristics: (i) a single depot in which the vehicles begin
and end the route in; (ii) specify pickup and delivery time
windows for each user; (iii) at each pickup point, the vehicle
may be loading and unloading; (iv) a fleet with the same
capacity; (v) multiple time windows at each pickup point; (vi)
transport requests can be from anywhere to anywhere (given
the pickup points set); (vii) pickup time windows must be
respected and delivery time windows can be violated, however,
being penalized.
Based on the notation presented in [20] for the VRPDRT, a
graph G = (V, E) in which V is the set of vertices and E is the
set of edges can be used to model the problem (Figure 1). The
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Analyzing the results presented in [6], [8], [9], [11], the
aggregation-based dimensionality reduction presents a favorable impact on the search efficiency when solving a manyobjective formulation of the VRPDRT. Additionally, in [9],
it is shown that (i) the classical MOEA/D and the online
aggregation-based dimensionality reduction approach coupled
with the MOEA/D have the same algorithm complexity
O(M N 2 )1 ; and (ii) if the original objective space has M
objective functions and the aggregation-based dimensionality
reduction approach reduces it to M 0 objective functions, then
the complexity is reduced at a rate of M 0 /M . In this way,
it is possible to say that applying the aggregation-based
dimensionality reduction approach to transform the manyobjective formulation of the VRPDRT into a bi-objective
problem has a favorable impact on the search efficiency,
computational cost, and also on allowing the application of
usual visualization techniques. However, the question we want
to analyze is the dimensionality reduction task’s effectiveness.
Instead of an aggregation-based approach, a feature selection is
applied to reduce the problem into a bi-objective formulation.
Following the methodological protocol presented in [9], the
same eight-objective function formulation of the VRPDRT is
used. After performing the clustering approach throughout the
algorithm’s generations, a feature selection-based approach is
employed to select the cluster representative transforming the
many-objective formulation of the problem into a bi-objective
one. In this work, the Dispersion Rate and the Maximum
Variance are used as the chosen unsupervised feature selection
techniques. The rationale behind this choice is due to the
small complexity overhead added when the techniques are
applied. Using the same testbed in [9], the performances of
both dimensionality reduction approaches are compared to the
baseline MOEA/D for solving the many-objective formulation
of the VRPDRT. An analysis of the influence of the frequency
of the dimensionality reduction is also carried out.
The remainder of this paper is organized as follows. We initially discuss the many-objective optimization problem briefly
in Section II. Next, Section III discusses the many-objective
formulation for the Vehicle Routing Problem with Demand
Responsive Transport. The aggregated- and feature selectionbased cluster dimensionality reduction techniques are then
detailed in Section IV. Section V presents the computational
results. Finally, we conclude and discuss future works in
Section VI.
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Fig. 1: The VRPDRT modeled as a graph.
set V represents the pickup vertices, the delivery vertices and
the depot. The vertex 0 indicates the depot. A distance dij and
travel time tij are associated with each arc aij connecting the
vertex i to j in which i 6= j and i, j ∈ V . Ahomogeneous fleet
is represented by a set of vehicles K = k1 , k2 , · · · , k|K| .
Rk is the route of vehicle k. The rate occupation of the vehicle
k when it leaves the pickup/delivery point is represented by

qkt where t is a position in the route. The passenger
transport

requests are represented by the set R = r1 , r2 , · · · , r|R| .
Each passenger corresponds to one and only one request and
each passenger request contains the following information:
identification, pickup vertex, delivery vertex, pickup time
window and delivery time window.
A subset of routes RTk composes a solution to the VRPDRT, for example, S = RT1 , · · · , RT|S| , |S| ≤ |K| in
which |K| is the number of vehicles available in the fleet K.
Each route is a list of vertices that the vehicle must visit and
may contain vertices that have already been visited so that a
single-vehicle can service further requests. For more details
about solution representation, see [7], [22].
In this work, we consider a set of different criteria, representing both the company and the quality of service perspectives:
• D(RTk ) is the total distance of route associated with the
vehicle k.
• DTr is the moment that the passenger associated with
the request r disembarks from the vehicle.
• DUr is the upper bound of the delivery time window
associated with the request r.
• RM AX is the longest duration route time.
• RM IN is the shortest duration route time.
• P Tr is the moment that the passenger associated with the
request r boards in the vehicle.
• P Lr is the lower bound of the pickup time window
associated with the request r
• qkt is the average rate occupation of the vehicle k leaving
the pickup point t.
The eight objective functions can be defined as the minimization of:
1) Total distance traveled
f1 (S) =

|S|
X

D(RTk );

(2)

k=1

2) Delay in the passengers delivery
f2 (S) =

|R|
X

max (DTr − DUr , 0) ;

(3)

r=1

3) Difference between the longest and smallest route
(taking into account the time)
f3 (S) = RM AX − RM IN ;

(4)

4) Number of used vehicles
f4 (S) = |K| ;

(5)

5) Total travel time
f5 (S) =

|R|
X

(DTr − P Tr ) ;

(6)

max (P Tr − P Lr , 0) ;

(7)

r=1

6) Waiting time
f6 (S) =

|R|
X
r=1

7) Total delivery time window anticipation
f7 (S) =

|R|
X

|min (DTr − DUr , 0)| ;

(8)

r=1

8) Average free seats in the vehicles

f8 (S) = 1 −

|K|
1 X
|K|

X

k=1 t∈Rk /{0}

qkt
.
|Rk / {0} |

(9)

Observe that the percentage of non-attended requests is
added as quality of service constraint and is a user input
parameter. It is considered that the passenger arrives in the first
minute of the pickup time window, and, from that moment,
the waiting time is calculated as the difference between the
time the vehicle passes through the pickup point and the
beginning of the pickup time window. If the vehicle arrives
at the pickup point precisely at the beginning of the pickup
time window and the passenger is not already there, then the
vehicle’s maximum waiting time will be pre-defined by the
user. For more information about the problem see [8] and [9].
IV. O NLINE C LUSTER D IMENSIONALITY R EDUCTION
In this work, the dimensionality reduction approach has the
following characteristics:
1) Freedom to choose how the objectives will be grouped
according to the similarity of the current region being
explored;
2) Pearson’s coefficient is used to calculate the similarity
and the conflict among the objectives in a hierarchical
clustering methodology;
3) The reduction is made inside the evolutionary cycle of
the algorithm with the aim of transforming the manyobjective problem into a bi-objective one;
4) The bi-objective formulation is solved, and then the obtained solutions are moved back to the original objective
space.
In the next, two approaches for performing the dimensionality reduction are discussed next: aggregation-based and
feature-selection-based. For achieving the second and third
characteristics listed above, both approaches utilize the same
procedure. For simplicity, this procedure is explained in the
aggregation-based approach. The difference between them lies
in how they transform the many-objective formulation into a
bi-objective one.
A. Aggregation-based approach
In [9], the authors propose an online objective reduction
technique that applies the hierarchical cluster analysis with
a parametric correlation to measure the similarity of the
objectives to be aggregated. The parametric correlation chosen
is Pearson’s correlation coefficient.
Each cluster starts from the individual objective functions
being isolated clusters, and then the cluster analysis is applied.
Functions with greater similarity are aggregated, reducing the
problem dimension. The similarity is calculated using Pearson

correlation. The reduction algorithm stops when two clusters
are obtained to be considered a bi-objective formulation for
VRPDRT.
As an example, we generate 2,500 random solutions and
evaluate them in the original many-objective formulation.
Those solutions are used as an input for the Cluster dimensionality reduction. We apply the hierarchical clustering
algorithm to the random solutions using Pearson’s coefficient
and obtain two clusters. Figure 2 shows the hierarchical cluster
dendrogram using Pearson Coefficient obtained using 2,500
random solutions. In this example, two clusters are then
obtained:
Cluster 1 = {f1 , f2 , f6 , f7 , f8 } ,
Cluster 2 = {f3 , f4 , f5 } .

similarity

(10)
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Fig. 2: Hierarchical Cluster Dendrogram using Pearson Coefficient obtained using 2,500 random solutions.
In the original work, [9], two crucial decisions have been
taken: how to represent the two obtained clusters and the
frequency of the dimensionality reduction. Aiming to avoid
the loss of information when the non-conflicting objectives
are eliminated, the dimensionality reduction method proposed
in [9] aggregates the non-conflicting objectives transforming
the many-objective formulation into a bi-objective one.
As for the example given before, using the two clusters obtained in Equation (11), the bi-objective problem formulation
is given by:
Min F1 (S) = λ1 f1 + λ2 f2 + λ6 f6 + λ7 f7 + λ8 f8 ,
Min F2 (S) = λ3 f3 + λ4 f4 + λ5 f5 .
(11)
The constraints are kept the same as in the original problem
formulation.
Concerning the frequency of dimensionality reduction, the
original many-objective problem is reduced to a bi-objective
formulation at every generation of the algorithm. The goal is to
fully explore the characteristics of the actual objective search
space throughout the evolutionary search.
These decisions give rise to two research questions:
RQ1: Which approach renders a better final Pareto front, the
aggregation-based dimensionality reduction presented in [9] or
the usual elimination of non-conflicting objectives?

RQ2: What is best, perform the reduction at every generation
of the algorithm or after a given pre-defined number of
generations?
The goal of this paper is to provide answers to these
questions. Concerning RQ1, some unsupervised feature selection techniques are explored to eliminate the non-conflicting
objectives in the cluster analysis. Concerning RQ2, different
frequencies for the dimensionality reduction are investigated to
assess this frequency’s impact on the algorithms’ performance.
B. Feature selection-based approach
Feature selection (FS) [23] is known as the method of
choosing the most relevant features in classification, regression, and clustering problems. FS is applied to reduce data’s
dimensionality, therefore facilitating their understanding and
visualization [24].
Feature selection techniques can be classified into two
categories: filter and wrapper methods [24]. Filter methods use
some metrics based on the features’ intrinsic characteristics to
establish which features carry more “weight” in the data set.
Those methods, independently evaluating each feature without
considering the interaction between them, can eliminate irrelevant and noisy features. However, the performance is reduced
since filter methods are not sensitive to redundant features. On
the other hand, applying a learning algorithm in the training
process, wrapper methods get a higher level of performance
while demanding extensive computation.
Our analysis is limited to the unsupervised feature selection
(UFS) since we do not have labels for the data under analysis
[25]. The unsupervised techniques of feature selection will be
used to select the features (in our case, the objective functions)
according to the local information structure [23].
Furthermore, our analysis is also limited to filter methods
avoiding the expensive computation overhead of wrapper
methods. Notice the UFS techniques will be applied inside
the evolutionary cycle of the MOEA/D to choose the cluster
representative in the dimensionality reduction. The methods
described below have been chosen, considering the computation overhead it will incur in the overall algorithm run time.
Being easy to understand, implement, and having a short
execution time, two UFS exemplars are described next:
Dispersion Rate Given a feature/objective m, the dispersion
ratio (DRm ) can be defined as the proportion between the
Arithmetic and Geometric Means (AMm and GMm ) of the
values of feature/objective. It is worth noting that this way
of calculating the dispersion ratio is a simplification of the
calculation found in [26], [27]. Dispersion Ratio can be
calculated as:
AMm (P )
,
(12)
DRm (P ) =
GMm (P )
in which AMm is obtained as:
AMm (P ) = F m =

N
1 X n
F ,
N n=1 m

(13)

and GMm is calculated as:
GMm (P ) =

the online cluster approach using Pearson’s coefficient
coupled with MOEA/D: OnCLρg -MOEA/D;
• the online cluster approach using Pearson’s coefficient
and Dispersion Rate coupled with MOEA/D: OnDRρg MOEA/D;
• the online cluster approach using Pearson’s coefficient and Maximum Variance coupled with MOEA/D:
OnVARρg -MOEA/D;
• the Randomg -MOEA/D in which the cluster representative is chosen randomly;
• a baseline approach, a classic version of MOEA/D.
The subscript g indicates the frequency of the dimensionality
reduction throughout the generations of the MOEA/D.
The paper aims to evaluate the impact of the online
aggregation- and feature selection-based dimensionality reduction techniques. Although the dimensionality reduction
techniques are coupled with the classic MOEA/D [10], the
proposed methodology could have been easily adapted to any
other MOEA. To ensure a fair comparison, the MOEA/D
parameters used in all algorithms are the same: Crossover
Probability = 0.7; Mutation Probability = 0.02; Maximum
number of function evaluations = 60,000; Population size =
100; Neighborhood size = 10; Maximum number of replaced
solutions = 5; MOEA/D aggregation function = Boundary
Intersection; and, external archive = 100. A roulette selection,
the two-point crossover, and the 2-Shuffle mutation operator
[8] are used for all algorithms. The quality of set constraint,
representing the percentage of non-attended requests, is set to
0%. The initial population is the same for all algorithms in
each run.
The weights for the aggregated bi-objective formulation
have been chosen using the same process as described in
[9]. In short, using the combined initial population of all
algorithm runs and the maximum and minimum values from
each objective, a linear transformation is applied to scale the
values to [0, 1] interval at the beginning of the search process.
This procedure assigns the same importance to each objective
function in the aggregated bi-objective formulation.
It is essential to notice that all algorithms are employed to
solve the bi-objective VRPDRT formulation (except the classic
MOEA/D, which solves its original formulation). Since the
dimensionality reduction is applied throughout the generations,
the bi-objective formulation may be different, and it is not possible to assess the algorithms’ performance in R2 . However,
obtaining the algorithms’ outcomes counterparts in the original
objective space (R8 ), the assessment can be carried out using
the Walking Fish Group (WFG) algorithm [29] for calculating
the Hypervolume Indicator [30] of all non-dominated sets.
Regardeless the approach, the dimensionality reduction is
carried out (i) at every generation (g = 1); and (ii) at 25
generations (g = 25) ; (iii) at 50 generations (g = 50); and
(iv) at 100 generation (g = 100) of the MOEA/D. Results are
shown for each instance of the VRPDRT.
Figure 3 shows the boxplots of the hypervolume indicator
values obtained from the 30 execution runs for OnCLρg MOEA/D,
OnDRρg -MOEA/D,
OnVARρg -MOEA/D,
•

N
Y

!
n
Fm

1
N

,

(14)

n=1

in which P = {S1 , S2 , · · · , SN }, a set of N solutions,
n
F m is the mean of feature/objective m, Fm
is the value of
the feature/objective m in the observation/solution n. Given
a set of features/objectives, the dispersion rate of each feature/objective is calculated and the one with the highest value
is chosen as the cluster representative.
Using the same example given before and taking into account
the two obtained clusters given in Equation (11), suppose that
f6 and f3 are the functions with highest Dispersion Rate value
in the Cluster 1 and Cluster 2, respectively. So, the bi-objective
problem formulation when the Dispersion Rate is applied is
given by
Min F1 (S) = f6
(15)
Min F2 (S) = f3 .
The constraints are kept the same as in the original problem
formulation.
Maximum Variance One of the simplest ways to use unsupervised feature selection is via Maximum Variance [28].
Given a set of features, each feature’s variance is calculated,
and the one with the highest value is chosen as the cluster
representative. The variance value is calculated as:
PN
(F n − F m )2
,
(16)
V arm (P ) = n=1 m
n−1
in which V arm (P ) is the variance of feature/objective m in
the solution set P .
As an example, taking into account the two obtained clusters
given in Equation (11), the bi-objective problem formulation
when the Maximum Variance is applied given by Equation (15)
replacing the dispersion rate value for the maximum variance
value.
V. C OMPUTATIONAL E XPERIMENTS
For assessing the algorithms’ performance when the
aggregation- and feature selection-based clustering approaches
are applied, the same set of experiments as presented in [9] is
conducted. Five instances of the problem are created for the
central part of Belo Horizonte with 50, 100, 150, 200, and
250 requests. Additional details about the instances and how
to generate them can be found in [9].
A homogeneous fleet of vehicles with a capacity for four
passengers is also used. In each instance, 12 pickup points,
including the depot, are used. The time window interval is set
to 10 minutes, and the maximum waiting time for the vehicle
is set to 3 minutes.
The aggregation- and feature selection-based clustering approaches are coupled with the Multiobjective Evolutionary
Algorithm based on Decomposition (MOEA/D) [10]. Using
the five instances of the problem outlined above, the following
algorithms are assessed:

Randomg -MOEA/D and MOEA/D using the instances
with 100 requests and the different frequencies of the
dimensionality reduction. The boxplots for all other instances
show a similar behaviour and have been omitted.
For all instances, there are two distinct groups comprising the following algorithms: group (a) OnCLρ1 MOEA/D, OnCLρ25 -MOEA/D and MOEA/D, and group
(b) OnDRρ1 -MOEA/D, OnDRρ25 -MOEA/D, OnVARρ1 MOEA/D, OnVARρ25 -MOEA/D, Random1 -MOEA/D, and
Random25 -MOEA/D. Since the box-intervals do not overlap in
Figure 3, those two groups are statistically different, being the
first group statistically superior to the second one. However,
within the groups, an overlap of the boxes can be seen. So,
a statistical test needs to be performed in order to identify
whether there is a difference between the algorithms.
A random test [31] is employed to determine a statistically
significant difference among the algorithms in groups (a) and
(b). It is a type of statistical significance test in which the test
statistic’s distribution under the null hypothesis is obtained by
calculating all possible test statistic values under all possible
rearrangements of the observed data points.
We do not know the test statistic’s true distribution, but we
can evaluate the distribution numerically using Monte Carlo
simulation. As a by-product, an approximated p-value can be
computed. For group (a), 10 pair-wise comparisons have been
made, and for the group (b), 66 pair-wise comparisons have
been made for each instance tested.
Concerning group (a), in all instances, it is not possible to
state that there is a statistical difference between the outcomes
of the algorithms (the OnCLρ1 -MOEA/D, OnCLρ25 -MOEA/D
and MOEA/D) when the significance level is set to 5%.
Taking into account group (b), in all instances and when the
significance level is set to 5%, it is not possible to state
that there is a statistical difference between the outcomes
of the algorithms (OnDRρg -MOEA/D, OnMVρg -MOEA/D,
Randomg -MOEA/D), regardless the frequency of the reduction.
The incomparability between the MOEA/D and the
aggregated-based dimensionality reduction approaches added
to the statistical difference favoring group (a) over the group
(b) answers the first research question (RQ1). For this set of
instances, it is possible to say the aggregation-based dimensionality reduction presents a superior performance than the
feature selection-based one when the hypervolume is used as
a quality indicator. Moreover, it also corroborates the assumption that the relation among the objectives and all information
provided by the original problem formulation are preserved
in the aggregation-based approach. Furthermore, as stated
in [9], the online aggregation-based dimensionality reduction
approach (i) generates the same non-dominated front as the
original problem, or (ii) alternatively, preserves the dominance
relations of the original problem. On the other hand, the
elimination of objective functions when the feature selectionbased and the random selection dimensionality reduction are
applied implies a loss of important information about the
problem characteristics.

Applying a visualization tool, we can explore information
about the location range, shape of the front, and dispersion,
name a few [32]. The chord diagram [33] is employed to
analyze the algorithms’ combined outcomes in R8 . The Chord
diagram, a circular approach to display vector from an Mdimensional space into a two-dimensional chart, is used here
to assess the outcomes of the OnCLρg -MOEA/D, OnDRρg MOEA/D, and Randomρg -MOEA/D, when g = 1 and g =
100. Observe that the OnDRρg -MOEA/D has been chosen as
the representative of the feature selection -based approach,
but similar results are obtained when the versions with Maximum Variance are employed. Although the OnCLρg -MOEA/D
outperforms the other two algorithms, the OnDRρg -MOEA/D
and Randomρg -MOEA/D have been considered equivalent
in the performance assessment. The goal here is to analyze
the different regions of the search space explored by each
algorithm.
Since the chord diagrams of the selected algorithm are
very similar regardless of the instance, the results are shown
only for instance with 100 requests. Figure 4 show the combined Pareto fronts R8 obtained by the algorithms using the
Chord Diagram for OnCLρg -MOEA/D, OnDRρg -MOEA/D,
and Randomρg -MOEA/D. Concerning the distribution, the
solutions of all selected algorithms are somehow distinct in
terms of diversity when different frequencies are applied.
In Figures 4a and 4d, there are more solutions than in the
remaining figures. While the diversity of the solutions in
Figures 4a and 4d is similar, the elimination procedure and
the frequency of the reduction affect the solutions’ diversity.
Comparing Figures 4b and 4c, Randomρ1 -MOEA/D generates
not only more solutions than OnDRρ1 -MOEA/D but also the
solutions are more distributed along with the range of all
objectives. However, these differences are not visible when
comparing Figures 4e and 4f. Finally, observing Figures 4c
and 4f, the solutions are more distributed along with the
range of all objectives when the reduction is applied at every
generation.
Aiming to answer the second research question (RQ2), the
overall results favor the frequency of dimensionality reduction
set to 25. The distribution is more evenly spaced, but the
computational burden of the reduction technique is less than
when it is applied at every generation. An exception needs to
be raised for the Randomρ1 -MOEA/D. Since the algorithm
randomly explores different search space regions at every
generation, the search space seems to be better distributed.
VI. C ONCLUSIONS
This work has focused on the reduction of the objective space dimensionality of the many-objective formulation
for the Vehicle Routing Problem with Demand Responsive
Transport (VRPDRT), in which eight objective functions are
considered. For transforming the problem into a bi-objective
formulation, two dimensionality reduction approaches have
been investigated: an aggregation- and a feature selectionbased one. The former approach, using a weighted-based
procedure, aggregates the objective functions in each obtained
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Fig. 4: Chord Diagrams shows the combined Pareto dispersion for instance with 100 requests for OnCLρg -MOEA/D, OnDRρg MOEA/D, and Randomρg -MOEA/D. Top: g : at every generation; Bottom: g: at every 100 generations.
cluster. The latter eliminates some objectives using feature
selection techniques, named Dispersion Rate and Maximum
Variance, to select the cluster representative. The frequency of
the dimensionality reduction’s impact on the algorithm performance has also been analyzed. The dimensionality reduction
approaches have been coupled with the MOEA/D algorithm.
Three algorithms, (1) the online cluster approach using Pearson’s coefficient coupled with MOEA/D: (OnCLρg MOEA/D); (2) the online cluster approach using Pearson’s coefficient and Dispersion Rate coupled with MOEA/D

(OnDRρg -MOEA/D); (3) the online cluster approach using
Pearson’s coefficient and Maximum Variance coupled with
MOEA/D: (OnVARρg -MOEA/D) with different dimensionality reduction frequencies i = 1, 25, 50, 100 have been tested in
a data set containing distances and travel times for Belo Horizonte, Brazil, using 50, 100, 150, 200, and 250 requests. Using
the the Hypervolume Indicator, the algorithms’ outcomes have
been compared with the classic MOEA/D in the original
objective eight-dimensions space. In 30 runs, results have
shown that regardless of the frequency of the dimensionality

reduction approach and the instances:
• MOEA/D and the OnCLρg -MOEA/D are statistically
superior to the OnDRρg -MOEA/D and OnVARρg MOEA/D.
• It is not possible to state that there is a statistical
difference between the online aggregated-based algorithm
and the MOEA/D.
• It is not possible to state that there is a statistical
difference between the outcomes of the online feature
selection-based algorithms in terms of the hypervolume
indicator.
Some aspects can be further investigated, such as:
• usage of other aggregation techniques instead of applying
the weighted sum approach;
• usage of other feature selections techniques;
• a more general clustering technique in which the number
of clusters is determined by the current search space being
explored.
Moreover, future works can also test the proposed online
cluster approach on other real-world and benchmark problems.
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