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Abstract

This paper proposes a comparison between two ésidtic algorithms to solve a multi-carrier 2E-VRPcity
logistics, under realistic conditions. We proposeclaster-first route second algorithm to compare th
performance of two route construction and postrojz@tion algorithms on real-size test cases. Thsteting
phase is made by a seep algorithm, which defiresitimber of used vehicles and assigns a set ajrogss$ to
it. Then, for each cluster, which represents acdlehive build a min-cost route by the two followingethods.
The first is a semi-greedy algorithm. The second @enetic algorithm that includes post-optimizatai the
level of each route. In this work we make the rocwastruction and post-optimization without any gible
exchange of the routes to guaranty a pertinent eoisgn between both algorithms. After presentinghbo
approaches, we apply them, first to classical 2ER@\instances to state on the algorithm capabilitie=n on
real-size instances to compare them. Computatioesillts are presented and discussed. Finally, ipaact
implications are addressed.

Keywords: city logistics, multi-carrier two-echelon vehidleuting, cross-docking, heuristics comparison, eout
construction.

1. Introduction

The freight transport industry is confronted toaasgalox: on one hand, it is a major source
of employment and supports the economic developmieatcountry; in another hand, it is at
the origin of many adverse effects including cotigesand environmental disturbance that
affect quality of life, mainly in urban zones. lhet last years, several researchers and
practitioners have focused on studying and analyzlme urban part of supply chains,
although not always in a global logistics perspect{Allen and Browne, 2010). The city
logistics is now considered a scientific disciplithat aims to understand, identify, analyze
and simulate the organizational, locational, regomg technological, policy-making and
environmental aspects of logistics in urban zoreewell as their interactions with the urban
environment (Taniguchi et al., 2001).

One of the most popular subjects in urban logistecaurban consolidation, i.e., the
rationalization of goods into consolidation platfie where better loaded vehicles are
composed to deliver city centers. We find severatks dealing with that question (some
representative examples or compilations of works ba found in Crainic et al., 2004,
Gonzalez-Feliu, 2008; Van Duin et al., 2008; Dasiet al., 2010; Vaghi and Percoco, 2011;
Allen et al., 2012; Gonzalez-Feliu and Salanoval220Thompson and Hassall, 2012,
Verlinde et al., 2012). Those works have motivatkd development of vehicle routing
problems adapted to multi-echelon transport systédnainic, 2008; Gonzalez-Feliu, 2012,
2013; Mancini, 2013). Multi-stage transport systetaal with transport schemes with one or
more ruptures of change at intermediary logistamslities where various operations can be
achieved (Gonzalez-Feliu, 2013). In these interargdiacilities, some operations take place,



to help the distribution process, reduce costse givhigher quality service or offer some
additional services to vehicle drivers, mainly tethto cross-docking (Gonzalez-Feliu, 2012).
Concerning vehicle routing, we observe two mairesypf problems dealing with multi-stage
transport (Gonzalez-Feliu, 2013):

» Splitting problems, where it is considered thatginé comes to logistics platform
using big vehicles that come from the same depangoint, after what it is split
into a set of smaller vehicles that deliver thafidestinations.

» Consolidation problems, where intermediary platmaceive vehicles from two
or more departure points, and freight is consatidadt such facilities in order to
configure better loaded vehicles of different siaed characteristics.

In literature, most works deal with splitting prebis (according to Gonzalez-Feliu, 2013,
only 5 of 38 scientific works deal with consolidati problems for freight distribution, and
other 8 with consolidation for freight collectio5 remaining ones are directly dealing with
splitting problems). However, when observing thacgical applications, urban consolidation,
in its different forms, is directly related to cafidation problems (Thompson and Hassall,
2012; Verlinde et al., 2012; Gonzalez-Feliu, 201B)blic and private decision makers in
urban logistics then need to have a robust supihart is also easy to understand and
reproduce. However, most algorithms applied nowadaymulti-stage transport seem to not
have a direct correspondence to real situationseMer, in other VRP applications, classical
heuristics (with local search) are widely deployei operational tools, and meta-heuristics,
considered as better performing on a computatipoait of view, have difficulties to enter
the market of transport management systems (Paatytddall, 2010).

For those reasons a first question emerges: wisiding potential of meta-heuristics to
solve complex realistic instances of urban good$idution? To attempt to give an answer,
we propose to compare two classical techniquef®masis of two-stage vehicle routing real
applications: first is a classical local searctoathgm, like those of current TMS, adapted to a
two-stage transport schema; second is a genetdithig, also adapted to the same problem.

This paper presents two fast algorithms for rdal-tiollaborative urban logisticsa semi-
greedy and a genetic and tests both algorithmss@t af real-life instances, comparing them
and highlighting the advantages and limits of epobcedure. The paper is organized as
follows. First we present the combinatorial optiatian problem and the two proposed
algorithms. Then, we test them literature instanfes a similar problem (the non-
collaborative version of the same problem). Afteatt we propose a set of instances and make
a comparative analysis of the algorithms on a goiuprobleming viewpoint. Finally, to
complete this analysis, the capability of the althons for scenario assessment and other
practical considerations are addressed and distusse

2. Combinatorial optimization problem and proposed algorithms

We find in literature different vehicle routing meld and variants in city logistics Partyka
and Hall, 2010 (Cattaruzza et al., 2015). Such @augres deal with different elements of
urban freight distribution: multi-stage distributiqGonzalez-Feliu, 2012), variable travel



times (Ando and Taniguchi, 2006), dynamic contekeifipekis et al., 2007), multi-trip
nature (Cattaruzza et al.,, 2014), among otherho@fjh some works deal with routing for
urban consolidation approaches, those works oily tiato account the outbound flows (i.e.
from the consolidation center to the customers) aotlthe inbound flows (Qureshi and
Hanaoka, 2006; van Duin et al., 2008; Thompson Hassall, 2012; Battaia et al., 2014).
Only few works consider all the flows related tdoam consolidation in a systemic view, i.e.
inbound and outbound flows (Gonzalez-Feliu, 20IB) particularity of those works is that
they consider not only the city logistics flowsofin urban consolidation center to city) but
also the links to supply chains (from the lastrimediary platform or distributor facility to the
urban consolidation center), this second set afidlbbeing often considered out of scope in
city logistics works. Precedent works aiming to gose a systemic view of urban
consolidation use in general a greedy or semi-gradgbrithm to reproduce a realistic route,
without an aim of high optimization (Gonzalez-Feditial., 2010, 2013; Gonzalez-Feliu and
Salanova, 2012). They do not assess the robusbtiealyorithms but use a well-known
method to produce data in order to carry out appbo-based analyses. However, and as
signaled in a first exploratory analysis (Gonzdietiu and Salanova-Grau, 2015), it is
important also to explore the suitability of th@dgorithms, and compare them to most robust
approaches. To complete all those works, it is g to analyze if those solutions can be
improved keeping computational times at a feadélel for practice purposes. To do this, we
aim to propose to generalize previous words by fiegining the computational problem and
then proposing an alternative to semi-greedy algms to compare both heuristics.

First, we define the problem on the form of a grapha distribution scheme with urban
consolidation centers, the resulting distributioapd presents three types of nodes: the first
type is that of depots, corresponding to shippdogations. The second is that of
consolidation centers, which can be seen as inthameplatforms where no warehousing or
inventory is allowed, only cross-docking and vehpr$-time storage to wait for loading the
concerned goods into the final delivery vehicldse third is that of customers, the final
destinations of goods. Each shipper has its owtomers (some of those customers receive
goods for more than one shipper, from which therggt of urban consolidation). To reduce
the number of times a customer receive a delivang then the number of vehicles), shippers
bring all their goods to one or more consolidatienters, where all goods transported by the
different shippers are consolidated and groupedotm final delivery routes to deliver
customers. In this consolidation, all goods dekgeby shippers pass through consolidation
centers (in other words, we consider for the systeptimization only goods passing through
consolidation centers, those deliveries that ateobthe urban consolidation schemes are not
considered). Each shipper has its own fleet ofateki(we consider in a first time that, for
each shipper, all vehicles have the same charstitstibut between two shippers vehicles can
be different). The same hypothesis is applied ttsobdation centers (its consolidation center
have its own homogeneous fleet of vehicles, but dbmposition of each consolidation
center’'s fleet, in number of vehicles and capadsydifferent). The objective is then to
minimize transport cost by delivering all customdos each shipper using the urban
consolidation system. In this case, the optimizatpyoblem presents three main issues
(Gonzalez-Feliu, and Salanova-Grau 2015):

1. Allocate customers to companies for the last-mitridhution (allocation problem).
2. Locate the most suitable cross-docking points (lonaallocation problem).
3. Construct the second-echelon routes (vehicle rgudmblem)



4. Construct the first-echelon routes (vehicle rougamgblem) transshipping the freight at
the cross-docking facilities in order to load thecand-echelon vehicles (matching
problem).

This problem can be seen as an extension to mpdidsf the well-known 2E-LRP (two-
echelon location routing problem). A first formwatican be obtained by reduction of the NE-
LRP formulation of Gonzalez-Feliu (2012) to two eldns. This problem being NP-hard, the
formulation is quickly limited even for very smafistances, and for practical reasons, it is
important to provide robust quick heuristics. Asdshefore, we aim to compare the semi-
greedy frameworks to a genetic algorithm. To mahkis tomparison homogeneous, we
propose a cluster-first route second algorithm whigde composition of routes is chosen
during the clustering phase, and the post-optinuagthase takes place independently inside
each cluster. In this way, the effectiveness ofgjeralgorithm is comparable to that of semi-
greedy and the results are similar to those thaineercial tools used in practice can offer for
more simple problems.

In the clustering phase, customers are assigneddio 2nd-echelon vehicle, and then to a
satellite using the well-known Sweep Algorithm (f@nd Vigo, 2002). The algorithm, well
known in literature, allows partitioning the entset of customers in a number of clusters up
to the maximum number of vehicles of the fleet.sTaligorithm has been adapted to the fact
that each satellite has its own fleet of vehicles,each cluster is a priori assigned to a
consolidation center and the vehicle charactessti@ included in the clustering phase. In
other words, each cluster will verify the followiegndition: the total commodity quantity (in
weight) corresponding to the customers assignédet@luster must be lower than or equal to
the capacity of a single vehicle of the fleet ¢f torresponding consolidation platform.

After clusters are constituted, routes can be coostd. We propose two heuristic
approaches for route estimation, the already intted semi-Greedy algorithm and a Genetic
algorithm. Those algorithms are described below.

2.1. The semi-greedy algorithm with local search post-optimization

The Semi-Greedy algorithm works as follows. Givha satellite clusters defined in the
first phase, we build routes using a semi-greedprghm (Hart and Shogan, 1987). This
procedure constructs routes following an iterafwecedure that adds each customer to a
route. Given iteration i and an uncompleted roatkst of candidates is defined by taking the
n closest customers to the last point of the roLiés is made by defining a distance threshold
o. Customers whom distance to the last point ofrthte is less thad are included into this
list, which will be called Restricted CandidatetL(RCL). Then, the customer inserted on the
route is chosen at random from the RCL customeralllf, the first stage routes are built
following the same principle, knowing the load thetl transit on each satellite from the
second-stage routes. The proposed algorithm sahgtsnces of more than 1000 customers
and 5 satellites in less than 1 second.



2.2. The multi-start heuristic with genetic post-optimization

The genetic algorithm is applied to build a neatiropl route from the clustering results.
In this context, the problem to solve is the clagsiavelling Salesman Problem (TSP). This
choice is motivated by the fact that a genetic iigm is time consuming, and the complexity
of the chosen problem applied to real applicatioesds fast and robust algorithms. For this
reason, the proposed genetic algorithm is a muraigorithm that starts from a set of
possible solutions then each generation is gereetatenutating the anterior one for finding
the best route in each cluster. Details regardimeggenetic post-optimization process can be
found in Gonzalez-Feliu and Salanova-Grau (2015).

3. Computational results

To assess the capacity of the proposed algoritbrdedl with the targets of potential users
(and then address their applicability) we will ppgp a solution probleming analysis
(Ackhoff, 1977). This vision of operational resdaontrasts to classical problem solving in
the fact that it aims to address the real opetgaind applicability of the proposed methods.
Problem solving approaches define a problem, devalmethod to solve the problem and
address the capability of methods and algorithmmmove the solution, find the theoretical
optimum or compute quickly but without stating dretreal applicability of the methods
(which have consequences on the final usage ofmidods proposed). In opmposition to
that, solution probleming is focused, not on firgdfthe best solution ever” for a problem, but
in finding a solution then assessing its satistectiegree with respect to given targets and the
related optimization problem, then modifying (whapplicable) this problem or the used
methods if the obtained solution is not considesatisfactory. In other words, problem
solving goes from problem to solution whereas sotuprobleming does the opposite path,
i.e. from solution to problem (Ackhoff, 1977).

The suitability of the methods has been discussetl jastified in Gonzalez-Feliu and
Salanova-Grau (2015), comparing them to the bestvknlower bounds obtained by exact
methods (Baldacci et al., 2013), for single-depgtVRP instances (Gonzalez-Feliu, 2008).
However, in a solution probleming approach, itngortant to question about the suitability
of the reference. An exact method is often limibgdts high computational times, and in real
distribution the main goal of optimization is notfind a theoretical optimum but a fast and
suitable solution. For those reasons, we re-proplesecomparison with respect to the best
solutions found (Hemmelmayr et al., 2012). We axara that those algorithms are not the
best for this problem, since they have been adaptednore complex case and aim to find a
suitable solution quickly. Moreover, routes obtaingith this algorithm follow behavioral
patterns that are close to the reality, as it seolled when comparing results of single routes
with the route database, in terms of travelledagises.

We observe that results obtained by the semi-gresdgrithm (that has not post-
optimization procedures) are far from theoretigafirma (from the 21 instances solved, only
one result presents a gap to the theoretical optitawer than 5%, and five under 10%).
Those results allow us to state on the intereghpfoving intra-route post optimization (for 5
of the 21 instances, the solution obtained by tbeegc algorithm presents a gap to the
theoretical optimum of less than 5%, and for 11anees this gap is under 10%). Although
those results show that the algorithms are nob#se for solving single-depot 2E-CVRP, they
are on the line of what commercial tools can gsee(Partika and Hall, 2010 for a survey of
tools used in practice) and as shown by Gonzaléa-Eeal. (2014a) such type of algorithms
reproduce routes that are close to average distanderoute characteristics in real urban



goods transport. For those reasons, instead ofsiieguon finding theoretical optima, we
propose a comparison of both algorithms in termepplicability and operability.

Table 1. Details of computational results on Gonzalez-F&fR008) instances

Best solution Comp. time Gap to best solution

Semi- Semi- Literature| Semi-
Instance greedy| Genetic| Gap greedy | Geneti¢ optimum | greedy Genetic
E-n22-ka-s10-14 23546 a2261 20m | P10 37150 17,22% | 13,76%
E-n33k4-s45 09058 93827 613 | M 77874 28.36% | 20.49%
E-n33-k4-s14-22 841.20 79612 5.36% 779,05 7,98% | 2,19%
E-n51-k5-s6-12 635.26/ 60402 4.92% 554,81/ 14,50% | 8,87%
E-n51-k5-511-19 0533 eoasd 7200 U | Y sered 21.27% | 12,53%
E-n51-k5-s6-12-32-37 859,46/ 80073 6,83%| 0.02 116,99 531,92/ 61,58% | 50,54%

Once the suitability and limits of the proposedoaitiyims have been presented, we apply
them on specific instances in urban context. Ths@ances are based on scenarios proposed
in Gonzalez-Feliu and Salanova (2012) and GonZadtiz+ et al. (2013). The first scenario
considers no collaboration, so a single VRP (oagestis defined. Scenarios 2 and 3 propose
a first level of collaboration, but based on infrastures (no freight transport pooling is
allowed but all transport carriers use 2E-VRP apphes). Then, scenarios 4 and 5 propose a
real transport pooling approach. More detail omades can be found in Gonzalez-Feliu and
Salanova (2012) and Gonzalez-Feliu et al. (2013).



Table 2. Computational results of both algorithms on pr@abealistic instances

Test Numl_oer of Total travel distance Computational times (s)

vehicles | Semi-greedy Genetic Gap | Semi-greedy | Genetic

11 1 88 720 80477 9,29% 0,06 95,18

1.2 2 119 013 101 903 14,38%

1.3 2 189 732 177 316 6,54%

1.4 2 124 321 116 321 6,43%

15 2 210 067 203896 2,94%

2.1 10 175 181 168 016 4,09% 0,08 330,26

2.2 14 258 751 250090 3,35%

2.3 7 208 460 193 354 7,25%

2.4 9 211 255 203615 3,62%

25 8 236 175 228780 3,13%

3.1 9 227 833 215045 561% 0,15 454,09

3.2 13 325 064 304 525 6,32%

3.3 8 350 684 338468 3,48%

3.4 9 249 141 234965 5,69%

35 10 346 400 333958 3,59%

4.1 14 258 751 250090 3,35% 0,09 355,91

4.2 9 211 255 203615 3,62%

4.3 8 236 175 228780 3,13%

4.4 15 329 158 315968 4,01%

5.0 48 1976 812 1168 780 40,88% 0,01 437,93

We report in Table 2 the detail of the solutionsagied for each instance, in terms of total
traveled distance (for each algorithm), their gag ¢he corresponding computational time.
Instances being grouped to simulate different stesiaand each scenario computed in one
time, computational times are presented as theabbivfer each scenario, and not detailed for
each instance. We observe that the route lengtiasnell by the semi-greedy algorithm are in
average 5.5% higher than the routes obtained byG#heMoreover, we observe than those
gaps are not uniform. We observe relatively smalp dor instances with no or few
collaboration. This gap is very high (almost 41%) the last instance, which presents a
strong level of collaboration. In terms of compigattime, the semi-greedy algorithm has an
average time of 0,078 seconds to solve each soefiai group of instances), while the
genetic algorithm needs from 1,5 to 7,5 minutesh@igh the genetic algorithm presents
higher times they remain feasible under real cambst a user can wait few minutes for a
solution if the solution produced is significanthetter than that obtained by a very fast
algorithm. For that reason, we can see the inteoéstising the genetic algorithm in
collaborative instances, but taken into accounetgaps, we can say that the usage of both
algorithms will be suitable for non-collaborativestances.

To go in-depth on the differences in computatiditak, we propose to analyze Figure 1,
which reports the computational times of compugagh route (we remember that each route
(corresponding to each cluster obtained using Weep algorithm) is computed separately,
without exchanges with other routes, even in thet-pptimization phase. In terms of
computation time, the semi-greedy algorithm has\arage time of 0.001 seconds, while the
genetic algorithm needs 5.25 seconds. The compatéitne grows exponentially with the



number of nodes for both algorithms, but we haviake into account that the GA has a fixed
time of 5 seconds for data preparation and pomulageneration that cannot be reduced (see
Figure 1). The semi-greedy algorithm remains (eleemoutes with more than 30 customers)
very fast. The genetic algorithm is very stablecomputational time for routes up to 20
customers, and times increase exponentially afterc@stomers approximately. This is
explained by the fact that the genetic algorithnedseto generate a sample of route
configurations before starting to post-optimize jckhneeds few seconds to be done, and the
post-optimization phase itself is very quickly foutes having less than 20 customers.
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Figure 1. Computation time comparison between semi-greedty dad genetic (right)
algorithms

The computation time of the Greedy is in averag®®% smaller than the computation
time needed by the GA, which can be compensatethdyact that in most complicated
instances the performance of GA overcomes thdtetéemi-Greedy in all instances. In order
to further explore those gap differences, we pregerFigure 2 a diagram reporting the
average gap between the two algorithms relateduterlength, by category. We present 5
categories: less than 10 delivery points, fromd 2@, from 21 to 30, from 31 to 60 and more
than 60 (extending the categorization of routesgmeed in Gonzalez-Feliu et al., 2014a and
Gonzalez-Feliu and Morana, 2014). We observe tlegap between thee solutions proposed
by each algorithm are very small for small routegleed, the average gap for the first
category (less than 10 customers in a route) istadrdy 2%. Moreover, such routes are quite
homogeneous in number of customers since they Ietveeen 6 and 10 customers (no routes
with less than 3 customers have been obtained).t®the low capacity of the smaller trucks
(sometimes 3 times lower than that of the biggestks), most of these routes (55%) have
less than 10 nodes, so we can state here on ttabiity of both algorithms for questions
regarding strategic decisions (more related to tiooa capacity respect and demand
carchment than to strong optimization). For longeites, the average gap is about 10%, with
smaller gaps (8%) for routes of second categoon(fil to 20 customers), confirming that
the big differences are obtained for long routeth wiore customers.

However, we observe that the category presentiaghtgher gap is the third (21 to 30
customers), which is in general the main categany goods transport with big vehicles
(Gonzalez-Feliu and Morana, 2014). Then, the gapedses (12% and 10% respectively for



the two categories with the highest number of custs per route). However, the two last
categories are less representative, since them@néréew routes with more than 30 customers
in our assessments.
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Figure 2. Route length comparison between Greedy and GA

After having compared both algorithms on singletanses it is important to state the
robustness of those algorithms in assessing sosn@dhie goal of developing them). For this,
we group instances reported in Table 2 to assesS #tenarios proposed in Gonzalez-Feliu
and Salanova (2012), and this using both algoritiirhe scenarios are the following:

1. Non-collaborative situation where only the big ¥si@are used. Those trucks visit a
large number of clients due to the bigger capatitthe vehicles. Here we solved five
different and independent CVRPs.

2. Non-collaborative situation that represents an sgcestriction to city center, in terms
of vehicle size. In this scenario, big trucks asedifor distributing the cargo to the
satellites, and from there to the final clientsngsihe smaller trucks. Here we solved
five different and independent 2E-VRPs, where thpacity of the big trucks is
limiting the capacity of the satellites.

3. Infrastructure sharing scenario. In this, all tlh@solidation platforms can be used by
each operator for transferring cargo from the bigks to the small ones, and to the
final clients. Here we solved five different andd@pendent 2E-VRPs, where the
capacity of the small trucks is limiting the capadif the satellites.

4. Partial collaborative transportation sharing netwdiwo operators are collaborating,
while the other operators are acting as in therssoenario. The collaborating clients
share their satellites, and consolidate cargo mestio the same clients, sharing also
their fleets of small trucks. Here we solved fouE-2RPs, one of them with
heterogeneous fleet.

5. Total collaborative transportation sharing netwdk.the operators are collaborating,
using all the satellites for consolidating the cadgstined to the same clients and
sharing their fleet of small trucks. Here we sohmtw 2E-VRP with heterogeneous
fleet.

We report in Table 3 the results of those scenaaissessment. We take scenario 1 as the
reference situation. We observe that for non-collative scenarios (for both single-echelon
and two-echelon configurations), the differentiateeen the total travelled distance is similar
(about 50% for scenario 2, about 105% for scendrand about 45% for scenario 4). For
those scenarios, the use of one or the other #igotas no different impact on identifying
the trend and the differential between a scenantb a reference situation. In other words,
even if the solution (in absolute value) is diffeiiewhen estimating the trend to a reference



we obtain very similar results. This is confirmediem examining the gap between the
solutions of both algorithms, which remain simi{between 3 and 7%). However, it is at the
collaboration stage that we observe a big gap kmtvlee use of both algorithms (the genetic
obtains a better solution with a gap to that of seeni-greedy of almost 70%. This has an
impact on the differential to the reference solutisince the generic algorithm gives a closer
solution to the reference that the semi-greedyhigcase, both algorithms do not estimate the
trends of collaboration in the same manner, s itmportant for a user to well set its
hypothesis and detail which algorithm is used amdwvhich reasons (see below).

To add a few comments on the scenario simulatiee (Sonzalez-Feliu and Salanova,
2012 for more details), we observe that the digtascnot necessarily the best criterion to
examine when assessing urban goods transport, thed iodicators, like road occupancy,
monetary costs or travel (and stop) times will @erpertinent (Gonzalez-Feliu, 2011), since
in urban areas, routes at city center present straalelled distances but very low speeds
(about 8-9% according to Pluvinet et al., 2012)veoy high travel times. Moreover, big
vehicles need more time to be loaded and unloadbdth increase significantly the stop
times. However, this analysis is focused on theacip of the algorithms to meet the users’
targets and not on application. Applications of #wami-greedy algorithm can be seen in
Gonzalez-Feliu and Salanova (2012) and Gonzaldm-Eedl. (2013).

Table 3. Scenario assessment results using both algorithms

Semi-greedy algorithm Genetic algorithm Gap between
Total distance | Gap toreference | Total distance | Gap toreference|algorithms
Scenario | (km) situation (km) situation
1 732| - 680| - 7,64%
2 1090 48,91% 1044 53,53% 4,40%
3 1499 104,84% 1427 109,87% 5,06%
4 1035 41,47% 998 46,85% 3,69%
5 1977 170,11% 1169 71,90% 69,13%

To complete a solution probleming analysis, we rnteeatidress practical implications. We
recall that those algorithms are developed for &tran and assessment aims, and not for
classical optimization. A comparison with classieddjorithms (which follow a problem
solving approach without regarding applicabilitydapractical implications) seems not
appropriate, since our proposed algorithms argéefims of computational performance of the
solution) less performant from those proposed m literature. However, they seem more
adapted for practice for two reasons. The firstekted to the complexity that the real
conditions of the problem bring. Indeed, the problef collaboration (ant the multiple
stakeholder nature of the problem) addresses isswksonstraints that add a high increase of
complexity to the combinatorial optimization profleof optimizing urban goods transport.
This is translated into an exponential increaseashputational time. Moreover, the size of
the problem (5 depots, 12 satellites and poteptigtiout 400 customers to deliver) is not



usually addressed in classical problem solving @ggites (except a few papers in literature
that dealt with real distribution problems, litens algorithms are used on theoretical
instances, see Gonzalez-Feliu, 2013 for more d¢tdihe problem of collaboration is only
addressed in literature by the precedent work$igdne (that used greedy or semi-greedy
algorithms) and classical approaches (exact methndsmetaheuristics) are only applied to
the case with one carrier (i.e., two-echelon but-oollaborative) with instances up to 250
customers (although only 3 papers present resultsistances with more than 50 customers).
Asking to some authors about the limits of thegoaithms, we observe that exact methods
are limited in size because computational timertiv@ that a solution is the exact optimum
explodes when the size of the instance increakeyg folve well instances up to 50 customers
but have strong difficulties for instances with mocustomers) and meta-heuristics
performance is related to the size of routes,snralar way that our proposed algorithms. For
that reason, the proposed analysis presents aeshfer researchers aiming to go in-depth on
the subject of collaborative urban goods transpptimization, and the proposed algorithms
remain nowadays the only ones that have develapdddl with this type of problems.

The second reason is related to the applicatioth@falgorithms. Those algorithms are
developed to be used by researchers and practgiamstrategic planning decision support in
terms of suitability of deploying collaborative istics solutions. They do not have an aim of
estimating the costs for optimization purposesfoubefore-after scenario analyses. For this
reason, it is important to have algorithms thatrat®ust and relevant taken into account the
aims and objectives of their users. We observe fitmencomputational results that the semi-
greedy algorithm is very quick, but has difficustien reducing travel distances in instances
with collaboration. Indeed, the gap between botgodthms for instances without
collaboration is between 3 and 10% and increaseardand 65% for the instance that
represents the collaborative scenario. Takingactmount that scenario assessment takes place
at strategic or tactical levels, instances andates can be computed in few minutes, and the
genetic algorithm seems more robust that the seedey one. Indeed, as shown in table 1,
when comparing both algorithms to literature intamges without collaboration where the
exact optimum is known, the gaps of the solutiobtaiomed with the genetic algorithm to
literature are less variable than those obtainék thie semi-greedy algorithm.

Those algorithms can then be used in practice, lynairstate if collaborative solutions can
be deployed. Some examples of using the semi-grakgpyithm can be seen in Gonzalez-
Feliu et al., (2013), mainly for private purposesdlyzing the suitability of collaboration
among different partners in terms of urban freighhsport). The semi-greedy algorithm has
been appointed here as less robust and considtahtthe genetic algorithm, and has
difficulties on estimating routes for big instancddowever, it reproduces routes with
characteristics are close to reality than the geragorithm (as shown in Gonzalez-Feliu et
al., 2014a and Gonzalez-Feliu and Morana, 20149s@&tharacteristics, in terms of vehicles,
are ensured by the instances’ hypotheses, andnrs tef number of customers per route, are
the result of the sweep algorithm, which is comrtmthe two route construction approaches.
In terms of distances, both algorithms remain m linges of realistic routes (see Gonzalez-
Feliu et al., 2014a for details on the variabildl those routes) so we can state that both
algorithms give realistic sets of routes.

4. Conclusion

This paper extends the exploratory analysis prapaseGonzalez-Feliu and Salanova-
Grau (2015) by proposing a solution probleming wsial to the comparison of two fast
algorithms in evaluating their suitability to be eds for strategic planning decisions



concerning collaborative urban freight transporanping and management. The analysis
show that both algorithms give solutions that aae from theoretical optima (for non-
collaborative instances, since there are no proydima for collaborative transport test cases)
but that remain good estimations of routes in fistial' configuration. Concerning the
assessment of scenarios of collaboration, wedostpared the algorithms on the basis of the
different routes estimated. The routes obtainethbygenetic algorithms are shorter than the
routes obtained by the Greedy Algorithm (from 294.486). Regarding computational times,
although the semi-greedy algorithm is much fastbe genetic algorithm mobilizes
computational times that remain suitable for sg@tend tactical assessment (less than ten
minutes). Even in big instances, with a high lewdl collaboration among different
stakeholders, the total computational time remauntable (about seven minutes). The gaps
between both algorithms in terms of distance opatidon remain similar for non-
collaborative instances (in the proposed scenamalation, scenarios 2 to 4), more precisely
between 3 and 10% for all instances of scenarids 2, but in collaborative scenarios
(scenario 5), the genetic algorithm overcomes #migreedy (more than 65% of difference
between both algorithms). Knowing this, it appeaarportant to well set the hypotheses and
tools of the simulation since the behavior of batborithms is different: the semi-greedy
being much faster, it allows to simulate big quiegi of data, so it can be used for strategic
decisions comparing a big number of alternativesneeding fast estimations of routes to
calculate different sets of indicators (as for eplaraccessibility like in Gonzalez-Feliu et al.,
2014b).

Further developments include a further developno¢ribe algorithms to take a systemic
post-optimization, a second development to bettesicler the difference between theoretical
routes and current practices and the developmeminohtegrated scenario assessment for
collaborative decision support.
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