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tIn this paper, we address a 
omplete freight transportation problem. The obje
tivefun
tion 
onsists of maximizing the 
arrier pro�t. It is not ne
essary to satisfy all demandsbut pro�table demands should be satis�ed globally or partially. The 
arrier needs to ensurea return on his vehi
le investment : his vehi
les must be neither under- nor over-used. Tota
kle this industrial problem, we present a model based on a formulation of the Servi
eNetwork Design with Asset Management problem. Due to the di�
ulty of �nding optimalsolutions to this problem, we propose a de
omposition of the problem into three mainsteps: 
onstru
tion of the network, �lling vehi
les with 
ommodities, 
onstru
tion of thevehi
le plannings. The resolution of these steps involves heuristi
 s
hemes, Mixed IntegerProgramming and Constraint Programming. We 
onsider di�erent methods for solvingthese steps and whether to allow transhipment. To evaluate the model and the solutionalgorithms, we produ
ed instan
es based on a study of real data. The results show that themethods are robust without transhipment and that transhipment 
an improve pro�t.Keywords: Freight transportation, Servi
e Network Design, Asset Management1 Introdu
tion1.1 Freight transportationHistori
ally, the fa
tories themselves were in 
harge of the distribution of their produ
ts to their
lients (wholesalers and retailers). However, with in
reasing 
ompetition and rationalization ofresour
es, the 
ompanies' priorities are produ
t design and produ
tion, whereas distribution isin
reasingly sub
ontra
ted to logisti
s and transportation businesses. Carriers will transporta 
ertain amount of freight, depending on the demands, between the produ
tion sites and the
ustomers. Transportation 
osts depend mainly on distan
es. In order to minimize them, the
arrier has to optimize utilization of its transportation media (i.e. to maximize the �lling of itsvehi
les). He may 
onsolidate some 
ommodities (transhipment) so as to 
on
entrate the �ow ofgoods and to redu
e the 
overed distan
es as a 
onsequen
e.The problem arises from the following industrial appli
ation, related to regular freight trans-port plannings. In our study, we deal with the determination of the transportation plan forregular operations. The transportation plan is 
onstru
ted for a given planning horizon (oftenone day, one week or one month) from a set of sele
ted transportation servi
es. The transporta-tion plan is repli
ated for ea
h planning horizon. Those ta
ti
al planning problems are generallymodeled as a Servi
e Network Design Problem [Wieberneit, 2008℄. A 
arrier is 
ontra
ted for :
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"deliveries from a some number of fa
tories to a some number of 
lients" whi
h 
onstitutes thetransportation demand (i.e. 
ommodity). We suppose that the origins and destinations of alldemands are terminals : harbors, rail stations, airports or warehouses. We suppose that trans-portation demands are periodi
 : the demands are repeated for every planning horizon (demandsare made for raw materials, semi-�nished produ
ts and 
ustomer produ
ts). In our problem, thedemand between two terminals is an estimation of transportation demand. As a 
onsequen
e,we allow the 
arrier to reje
t some demands 
ompletely or partially. Thus, the 
arrier is ableto in
rease pro�ts. The resolution of this problem provides a feedba
k on the transportationdemands. This feedba
k allows us to build up regular servi
es and to adapt the �eet size in orderto maximize the 
arrier pro�t.Every time the 
arrier takes 
harge of the transport of a freight unit, he is paid by the shipper,but he has to pay the transportation 
osts (fuel, vehi
les, 
rew...). The questions the logisti
business (
arrier) has to answer are : Whi
h transportation demands satisfy every planning hori-zon ? Are they 
ompletely or partially satis�ed ? How should the 
hosen freight be 
arried ?Whi
h transportation servi
es are the best ones ? How to plan all the rides ?The freight transportation problem we deal with has additional 
hara
teristi
s. The �rst
on
erns transportation 
osts, they depend not only on the distan
e 
overed but may also dependon quantity on board. The �xed 
ost is the 
ost to organize one transportation servi
e (the 
rew
ost, the handling 
ost and the fuel 
ost). The variable 
ost depends on quantity on board, this
orresponds to the additional fuel. Note that we do not have transhipment 
osts in this problem.The other 
hara
teristi
s of our problem are two time-related 
onstraints. Periodi
ity ofdemand implies that if a 
ommodity is loaded during a planning horizon, it has to be deliveredin the same planning horizon. Furthermore, as the demand is periodi
, we have to satisfy exa
tlythe same demands every planning horizon, in other words, provide exa
tly the same transportservi
es. To guarantee this, vehi
les should be spread out in an analogous way at the beginningand at the end of a planning horizon. Thus the transport 
an 
ontinue in the next planninghorizon in exa
tly the same way. It is not ne
essarily the same vehi
le whi
h has to be in the samelo
ation, vehi
les may rotate. This often happens in transportation for sea [Chou et al., 2003℄,rail, and air [Yan et al., 2005℄ media. This rarely o

urs for road transportation, the same vehi
le
an run several routes starting at the same terminal in one period. To ensure vehi
le rotation,it may be ne
essary to make provisions for repositioning of some vehi
les [Craini
, 2000℄.A se
ond time 
onstraint is that 
arriers want to use all their vehi
les evenly. At the end of agiven period (month or year) no vehi
le should be neither under- nor over-used. We enfor
e timeutilization of any vehi
le to be in a 
ertain interval. This 
onstraint means that the length ofany vehi
le route is between two bounds. In vehi
le routing problems literature, this 
onstraintis referred to as the time- or distan
e-
onstraint [Laporte, 1992℄. We will take this additional
onstraint into a

ount.In our resolution, we suppose that the 
arrier has an in�nite �eet, nevertheless the fair useof vehi
les explained above will limit the number of used vehi
les. Thus, our solution may helpthe 
arrier in the management of his �eet : Whi
h vehi
les should be sold ? Whi
h new vehi
lesshould be bought ? And if his present �eet is appropriate, the provided solution will in
reasepro�ts.The paper is organized as follows. Se
tion 1.2 introdu
es the Servi
e Network Design problemand its extensions (Se
tion 1.2). This problem is similar to our freight transportation problemex
ept two additional parti
ularities : satis�ed demands are rewarded and ea
h vehi
le usedmust operate a transportation servi
e times between two bounds during the planning horizon.The 
ontributions of our study are displayed in Se
tion 1.3. We present a model for this NP-hard problem in Se
tion 2 and propose a resolution s
heme whi
h allows us to determine thetransportation servi
es, 
hoose whi
h demands to satisfy and s
hedule the transportation servi
es.Se
tion 3 is dedi
ated to the de
omposition of the problem into three main steps, whi
h aredetailed in Se
tion 4. To 
on
lude, Se
tions 5 and 6 present 
omputational results of our method,
ertain limits and some avenues for further study.1.2 Servi
e Network DesignServi
e Network Design problems (SDNP) are essential in the 
onstru
tion of a transportationnetwork [Craini
, 2002℄. Their formulations are asso
iated with the long-term evolution of trans-portation infrastru
tures and servi
es. Servi
e Network Design is often used to solve freight trans-2



portation problems with 
onsolidation : by rail [Barnhart et al., 2000℄, by air [Barnhart et al., 2002,Jaillet et al., 1996℄ and also by road. The obje
tive of Servi
e Network Design problems is tosele
t links in a network, along with 
apa
ities, in order to satisfy transportation demands atthe lowest possible system 
ost. A transportation demand is 
omposed of : the nature of thegoods, the size of the load to be transported, its origin and its destination, seen as terminals.The system 
ost in
ludes �xed and variable 
osts. Fixed 
ost indi
ates that as soon as a link issele
ted, one has to pay for the transport on this link. Most of the time, variable 
ost dependson quantity on board. Flows of 
ommodities are in the formulation, and the transportationroute of a 
ommodity uses the open servi
es. Thus, when the servi
es are assigned to vehi
les,
ommodities may 
hange vehi
le. In other words, transhipment is taken into a

ount.The Servi
e Network Design has been enlarged with the management of the vehi
les (or as-sets) needed to operate the transportation servi
es [Andersen et al., 2007
℄. Asset managementis important be
ause of the high a
quisition 
ost of vehi
les. In the literature, the design balan
e
onstraints are introdu
ed in order to ensure that there is an equal number of vehi
les enteringand leaving ea
h terminal (node) in the network [Pedersen et al., 2007, Andersen et al., 2007a℄.Design balan
e 
onstraints have been modeled for an appli
ation of express freight servi
e by air[Barnhart and S
hneur, 1996, Barnhart et al., 2002℄, by road [Smilowitz et al., 2003℄ and for anappli
ation of passengers transportation servi
e by ferry [Lai and Lo, 2004℄.The formulation of the Servi
e Network Design 
an be extended to a time-spa
e network[Andersen et al., 2007
℄. The planning horizon is divided into a set of time periods, and the ter-minals in the stati
 network are dupli
ated in ea
h time period. Servi
e ar
s represent movementsin both time and spa
e. In addition, waiting ar
s between 
onse
utive time realizations of physi-
al terminals represent the possibility that vehi
le and �ow wait at a terminal (see the Figure 1).This problem 
an be 
onsidered as the design of a s
heduled servi
e network for a transportationsystem where ea
h vehi
le operates several 
onse
utive servi
es during the planning horizon.
Time 1 2 3 4 5 6 T
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Figure 1: Time-spa
e network.As 
an be seen, time introdu
es a signi�
ant in
rease in the number of variables. Indeed, totake time into a

ount we need to index any variable with a time parameter (after dis
retizationof time) [Hahgani and Oh, 1996℄. Dis
retization is needed to guarantee that the delivery is donein the same planning horizon as the pi
k-up as shown in Se
tion 4.2.2. It allows us to exhibitthe planning of ea
h vehi
le for the planning horizon. In Se
tion 2, we will present this globalformulation whi
h, while perfe
tly adapted to our problem, also has a large number of variablesand 
onstraints as explained above.1.3 ContributionsThe spe
i�
ity of this study is that it deals with the whole freight transportation problem. Thuswe 
onsider the underlying network design problem as well as the s
heduling of the di�erent3



transportation servi
es 
hosen. Furthermore, we 
an 
hoose the most pro�table demands andreje
t others partially or globally. This possibility is rarely studied in transportation problems.Thus, we deal with both, the spe
i�
s of multi
ommodity network design problems and thespe
i�
s of vehi
le routing problems. In Servi
e Network Design problems, we de�ne the routesfor ea
h demand : at ea
h visited node, transhipment operations are a possibility. The routesof vehi
les whi
h 
arry all satis�ed demands 
orrespond to vehi
le routing problems. Moreoverea
h route must 
onform to the time-
onstraints.Con
erning appli
ations, our approa
h 
an provide a global transportation solution and 
ansolve realisti
ally-sized problems in freight transportation (Se
tion 3).Con
erning performan
e, preliminary numeri
al tests have shown that the global resolutionof the problem 
annot rea
h a solution (optimal or not) in an a

eptable times. Our smallestinstan
e studied 
ontains almost 140 demands and 40 terminals, with the time horizon dividedinto 480 time periods. In [Andersen et al., 2007b℄, the greatest instan
e used to evaluate the per-forman
e of di�erent formulations 
ontains 200 demands and 25 time periods. As a 
onsequen
e,our main proposal is to de
ompose the problem into three steps as follows :
• Constru
tion of the network (Se
tion 4.1) ;
• Choi
e of the transported 
ommodities (Se
tion 4.2) ;
• Constru
tion of the vehi
le plannings (routes and s
heduling, Se
tion 4.3).Moreover, this de
omposition allows to easily integrate improvements of one of the step and toimprove the resolution method. Resolution involves many di�erent tools of Operations Resear
h :graph algorithms, Linear and Mixed Integer Programming, 
olumn and row generation andConstraint Programming. In addition to this de
omposition, we also studied how these steps
an be performed in su

ession. The order in whi
h we solve these three steps de
ides whetheror not transhipment 
an be used.2 Model of the problemThis se
tion presents a model for the freight transportation problem studied in this paper as asingle obje
tive linear programming model on a time-spa
e network. This model is based on theformulation of the Servi
e Network Design with Asset Management [Andersen et al., 2007
℄. Wehave 
ompleted this formulation by taking into a

ount the parti
ularities of our problem :
• the 
arrier 
an reje
t some demands 
ompletely or partially,
• no vehi
le must be neither under- nor over-used (time-
onstraints).The freight transportation problem 
an be 
onsidered as NP-hard if we assume that the numberof transportation servi
es is bounded by a polynomial expression f(n) where n is the number ofterminals. Otherwise the solutions of our problem 
annot be 
he
ked e�
iently in polynomial-time be
ause in order to 
he
k the time-
onstraints, we must run ea
h vehi
le s
hedule.2.1 NotationThe periodi
 transportation demand k is as follows : for every planning horizon (week), transportthe quantity wk unities of 
ommodities, from origin O(k) to destination D(k). Ea
h time the
arrier satis�es one unit of demand k (one tonne, one 
ontainer, one barrel...), he earns quantity

P k of money. Let K be the set of all demands. Origin and destination are terminals on whi
h
arrier has a

ess. The distan
e between two terminals is d(i, j). We denote the set of terminalsby V (|V | = n), they form the verti
es of a dire
ted graph G = (V, E) where E is the set of ar
swhi
h make the graph 
omplete (|E| = m). Conne
tions are done by one of several transporta-tion means : road, rail, sea or air.To transport the freight we have a set L of di�erent vehi
les whi
h are 
lassi�ed by theirtypes. We 
an assume that the number of vehi
les is large. We denote by Ltype the set of4



vehi
les of types. We assume that the vehi
les are spread out as wished at the beginning of theplanning horizon. Ea
h vehi
le l ∈ L is able to transport a maximum of Cl (
apa
ity of vehi
leof type l) units and needs time tl(i, j) to go from origin i to destination j. On
e arrived at j,the vehi
le has to stay there for at least τ time units before 
ontinuing its trip. This is for thevehi
le to be refueled and for 
argo to be loaded and unloaded. This break time may in
lude abu�er to redu
e lateness.If a vehi
le l 
arries w units (from several demands wk) dire
tly from terminal i to terminal j,it 
osts the �xed 
ost F l
f (i, j) plus the variable 
ost F l

v(w, i, j). For any vehi
le l, variable 
ostsdepend on quantity on board and on 
overed distan
es (the more the vehi
le 
arries and thefarther it goes, the more fuel is needed and the more it 
osts to the 
arrier). The variable 
ost isassumed to be linear with the weight of 
arried freight : we denote U l(i, j) the variable 
ost perunit of 
ommodity transported between i and j : thus F l
v(w, i, j) = U l(i, j) · w.Over a planning period, if a vehi
le l is used, it has to ful�ll a spe
i�
 quota of hours de�nedby the minimum Quotal

min and the maximum Quotal
max quota of hours. These quotas dependon the vehi
le type.2.2 Formulation as a Mixed Integer ProgramThe formulation as a Mixed Integer Program (MIP) is adapted from Servi
e Network Designproblems. As stated in the previous se
tion, we need to index all variables with a time parameter.We denote by T the set of dis
retized time over the planning horizon. The variables we use areas follows :

• At time t the fra
tion xkl
ijt of 
ommodity k is 
harged in origin i for destination j by vehi
lesof type l. Variables xkl

ijt are between 0 and 1 and represent �ows of 
ommodities.
• The boolean variables yl

ijt indi
ate whether the vehi
le l is going from origin i to destination
j at time t. Variables yl

ijt 
hoose the servi
e for the vehi
le l (i.e. de�ne the network).
• The boolean variables δl indi
ate whether or not the vehi
le l is used.
• zk represents the fra
tion of demand k whi
h is 
arried during one planning horizon, thatis the fra
tion of demand k whi
h is satis�ed.The 
arrier wants to maximize his pro�t (whi
h is the revenue minus the �xed and variable 
osts)by respe
ting all 
onstraints as detailed below.Maximize :Pro�t= revenue - �xed and variable 
osts

∑
k∈K

P k · wk · zk −
∑

(ij)∈E

∑
l∈L

∑
t∈T

(
F l

f (i, j) · yl
ijt +

∑
k∈K

U l(i, j) · wk · xkl
ijt

) (1)subje
t to :Multi
ommodity �ow 
onstraints :∑
j∈δ+(i)

∑
l∈L

xkl
ijt −

∑
j∈δ−(i)

∑
l∈L

xkl
ji(t−tl(j,i)−τ) = 0 ∀i∈V, i 6=O(k), i 6=D(k), ∀k ∈ K, t ∈ T (2)

∑
t∈T

∑
j∈δ+(i)

∑
l∈L

xkl
ijt −

∑
t∈T

∑
j∈δ−(i)

∑
l∈L

xkl
jit =

{
zk if i = O(k)
−zk if i = D(k) ∀i ∈ V, k ∈ K (3)Vehi
le route 
onstraints :∑

(ij)∈E

∑
t′∈T :t′≤t<t′+tl(j,i)+τ

yl
ijt′ + yl

iit − δl = 0 ∀t ∈ T , l ∈ L (4)
∑

j∈δ+(i)

yl
ijt + yl

iit −
∑

j∈δ−(i)

yl
ji(t−tl(j,i)−τ) = 0 ∀t ∈ T , t 6=1, t 6= |T |, i ∈ V, l ∈ L (5)

Quotal
minδl ≤

∑
t∈P

∑
(ij)∈E

tl(i, j) · yl
ijt ≤ Quotal

maxδl ∀l ∈ L (6)5



Design-balan
e 
onstraints on the vehi
les types :∑
l∈Ltype

∑
t∈T

∑
j∈δ+(i)

yl
ijt −

∑
l∈Ltype

∑
t∈T

∑
j∈δ−(i)

yl
jit = 0 ∀i ∈ V, type (7)Bundle 
onstraints :∑

k∈K

wk · xkl
ijt ≤

∑
l∈L

Cl · yl
ijt ∀(ij) ∈ E, l ∈ L, t ∈ T (8)Variables :

yl
ijt ∈ {0 ; 1} ∀(ij) ∈ E, l ∈ L, t ∈ T (9)

xkl
ijt ∈ [0..1] ∀(ij) ∈ E, l ∈ L, k ∈ K, t ∈ T (10)

zk ∈ [0..1] ∀k ∈ K (11)
δl ∈ {0 ; 1} ∀l ∈ L (12)Constraints (2) and (3) are �ow 
onstraints : (2) requires that demand k arrived at terminal i(i 6= O(k) and i 6= D(k)) from j (tl(j, i) is transportation time between j and i) will not remainat i in the next time period. A break of at least time τ is ne
essary before transportation 
an
ontinue. This allows some transhipment , so long as it is syn
hronous as storage is not allowedat terminal i. To model storage, the variables xiikt would be needed, in whi
h 
ase asyn
hronoustranshipment would also be possible. In our study, we 
onsider the asyn
hronous transhipmentbut with zero storage 
osts. The expe
ted fra
tion zk of demand k starts from O(k) and arrivesat destination D(k) with respe
t to transportation time (3). Allo
ation of vehi
les a

ording totheir 
apa
ities is the 
onsequen
e of 
onstraints (8).Constraints (4) state that for ea
h time period, if a vehi
le l is used, it should be engaged inone a
tivity only : the vehi
le does one transportation servi
e between two terminals (yl

ijt′ = 1)or the vehi
le waits in the last terminal (yl
iit = 1). During one planning horizon, we must satisfythe design-balan
e 
onstraints (5) for ea
h vehi
le used. We noti
e that the design-balan
e
onstraints for ea
h vehi
le are not 
he
ked for t = 1 and t = |T | be
ause the vehi
le rotation isallowed (see Figure 2). Constraints (6) ensure that the transport time is between Quotal

min and
Quotal

max for ea
h vehi
le l used. We will refer to these 
onstraints (6) as the time-
onstraints.These 
onstraints permit us to de�ne the route of ea
h vehi
le.
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Figure 2: Illustration of the vehi
le rotation with two vehi
les of the same type.The vehi
les of the same type have to do 
y
les1 su
h that their transportation plannings
an be repeated planning horizon after planning horizon without the need for an expensiverepositioning of a vehi
le by doing a trip with empty load (Se
tion 1.1). We will refer to these
onstraints (7) as the design-balan
e 
onstraints. The Figure 2 highlights the vehi
le rotationpermitted by these 
onstraints.1For the sake of simpli
ity, all 
y
les 
onsidered in this paper are dire
ted.6



2.3 An upper bound for our problemAs this formulation has too many variables and 
onstraints, mainly due to time index, we 
annotexpe
t any response for real transportation instan
es by solving this MIP dire
tly. Nevertheless,the Servi
e Network Design with asset balan
e requirement formulation, without taking time intoa

ount, allows us to get an upper bound for global pro�t. The smallest instan
e studied withthis timeless model requires approximately 225 000 variables in
luding 1600 integer variables andapproximately 7200 
onstraints.Its resolution provides only 
ommodities to 
arry, vehi
le types and related networks anddoes not produ
e the transportation planning. There is no guarantee that a 
omplete planningof vehi
les, whi
h ful�lls all these 
hoi
es, exists. However, it does 
hoose whi
h 
ommoditiesand transportation network would give the largest pro�t. Thus the pro�t of any feasible solution
annot be greater than the pro�t of the found solution, even though it may be infeasible. We
al
ulated the upper bound by solving an aggregate form of Servi
e Network Design formulationwithout time index with ILOG Cplex. The aggregated formulation redu
es the smallest instan
eabove to approximately 68 000 variables in
luding 1600 integer variables and approximately 3200
onstraints.The 
omputed upper bound is used in Se
tion 5 to measure the quality of our approa
h basedon the de
omposition of the problem as presented in next se
tion.3 De
omposition of the problemOur resolution method is based on a de
omposition of the problem into three main parts. Anoverview of our approa
h follows whi
h will be detailed further in subsequent se
tions. Thismethod not only allows us to take into a

ount all the 
onstraints of our problem but alsoto display solutions in progressive stages. Indeed, the solution 
ontains two sets : the vehi
leplannings and the satis�ed demand routes. Our approa
h seems more appropriate than metaheuristi
s where the representation of solutions is not trivial.1. Choose whi
h transportation servi
es will be open (i.e. 
onstru
t the servi
enetwork). In this step, the frequen
ies of transportation servi
es yij are established forea
h vehi
le type. To be able to repeat the transportation planning from planning horizonto planning horizon, ea
h vehi
le type should perform one or more 
y
les. To ensure this,in the network 
onstru
ted for ea
h vehi
le type, the number of in-
oming servi
es mustbe equal to the number of out-going servi
es for ea
h terminal.We pro
eed �rst by 
onstru
ting the network of the most pro�table vehi
le type (the
heapest per transport unit per distan
e unit), then we iterate the network 
onstru
tionfor the remaining vehi
le types. The 
onstru
ted network is set on
e and for all, thus the�xed 
ost is 
ompletely determined after this step.Remark : the obtained network has Eulerian 
y
le properties, thus the design-balan
e 
on-straints are respe
ted, but Eulerian 
y
les are 
onstru
ted only in step 3.2. Fill vehi
les with 
ommodities (i.e. 
hoose whi
h freight to 
arry). From thetransportation servi
es network, we maximize the revenue, we determine the satis�ed fra
-tion of ea
h demand zk. Ea
h transportation servi
e a allows us to 
arry a volume xk
a forea
h 
ommodity k.We have to take 
are that ea
h 
ommodity fra
tion is transported by only one vehi
le andthat vehi
le's 
apa
ities are respe
ted. Transporting a 
ertain amount of freight will bringin a 
ertain amount of revenue. Pro�t is maximized in this step. The 
hoi
e of whi
hfreight to 
arry is solved as a maximum �ow problem on an appropriated network.3. Constru
t the vehi
les plannings (i.e. s
hedule the di�erent routes). We assignea
h transportation servi
e yij to one vehi
le l and one departure time t. This means thatthe set of 
onse
utive transport servi
es yl

ijt is de
ided for ea
h vehi
le l.In this step we 
onsider the vehi
les individually. We 
onstru
t the vehi
le routes and the
orresponding s
hedules, whi
h we 
all the vehi
le planning. In order to fa
ilitate planning,we start by 
onstru
tion of the Eulerian 
y
le of ea
h �eet network (and alternatively the7



Eulerian 
y
les of the 
onne
ted 
omponents). On a given 
y
le, time quotas are easilytaken into a

ount. We use Constraint Programming to solve this step.The �rst step of the resolution algorithm is to design the network. On
e this has beendone, we may 
hoose in whi
h order we do the two remaining steps a

ording to whether ornot transhipment is 
onsidered. In any 
ase they are not independent. In the next se
tion, we
onsider both possibilities and detail the di�erent steps and their 
hara
teristi
s.4 Resolution algorithmsThe two possible orders of resolution steps mentioned above are des
ribed in Figures 3 and 4.In this se
tion, we detail the three steps for both methods and 
onsider some points whi
h mustnot be overlooked.The �rst algorithm performs the steps in order 1-3-2 : after designing the network it givesindependent transportation plannings respe
ting time quotas and �nally it �lls the planningswith freight. There is no intera
tion between the di�erent vehi
le types, no transhipment is
onsidered.In the se
ond method, we inverse the order of last two steps. Thus the se
ond de
ision isthe �lling of the network with 
ommodities. This has to be done 
arefully, we have to be surethat the 
hosen 
ommodities 
an be 
arried and delivered in the same planning horizon. Thiswill be detailed in se
tion 4.2.2. Intera
tion between vehi
les exists : some 
ommodities may betransferred from one vehi
le to another. This implies that transportation plannings must allowfor transfer operations. Thus, transhipment 
ompli
ates 
onstru
tion of vehi
le plannings, and
reates some pre
eden
es between transportation servi
es. Of 
ourse, time quotas still have tobe respe
ted.
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4.1 Constru
tion of the servi
e networkWe propose two di�erent methods for the design of the servi
e network. The �rst is based onan heuristi
 whi
h sear
hes for pro�table 
y
les. This method provides us with a value that we
onsider to be the lower bound for our problem. From the results of the �rst step, we 
an arriveat a solution where ea
h satis�ed demand is 
arried dire
tly from its origin to its destination. Inthe se
ond we solve a linear relaxation of the Servi
e Network Design formulation without timeindex as for the upper bound (see se
tion 2.3).4.1.1 Dire
t trip poli
y - heuristi
 for 
onstru
ting the networkWe 
onstru
t the servi
e networks su

essively for the di�erent vehi
le types. Let l′ be the �rstvehi
le type for whi
h we 
onstru
t the servi
e network. In pra
ti
e we start by 
onstru
ting theservi
e network of the most pro�table type (that is the vehi
le, whi
h, on
e �lled, is the leastexpensive per transport unit per distan
e unit). Then, on
e the servi
e network is 
onstru
tedfor the vehi
les of type l′, we remove the 
ommodities it deals with and apply the same pro
edureto 
onstru
t the networks for the other vehi
le types.We suppose that any 
ommodity is transported dire
tly from its origin to its destinationby a vehi
le of type l′. As there is no stop-over for any 
ommodity, we need ⌈ wk

Cl′ ⌉ vehi
lesof type l′ to transport the total demand wk of produ
t k between its origin O(k) an its des-tination D(k). Ea
h of these virtual transport operations of a fra
tion of demand k indu
es atransportation 
ost (�xed + variable) and brings in the revenue of the satis�ed fra
tion of thedemand k. Thus, ea
h transport operation 
orresponds to a pro�t (whi
h is positive or negative).We 
onsider a graph in whi
h the verti
es are terminals, and the des
ription above explainshow we 
onstru
t weighted ar
s. We 
omplete this graph with ar
s 
orresponding to emptytransports (their 
ost is only the �xed transportation 
ost) su
h that there are exa
tly thesame number (⌈maxkwk

Cl′ ⌉) of ar
s between ea
h pairs of verti
es. These extra ar
s will allowrepositioning of vehi
les with empty load.In this graph, some ar
s are weighted by a positive value (whi
h 
orresponds to pro�t)and others by a negative value (loss). As transportation plannings have to be 
opied fromone planning horizon to the other and due to vehi
le repositioning 
onstraints, the 
hosen ar
s(whi
h will 
ompose the network) have to form one or more 
y
les. Moreover, to maximizepro�t we 
hoose 
y
les with global positive weight. Now, to solve this graph problem optimally,we modeled it as a maximum 
ost �ow problem and solved it using the minimum mean 
y
le
an
eling algorithm [Ahuja et al., 1989℄. This algorithm is polynomial O (n2m3 log(n)
) in size ofthe 
onstru
ted graph (n verti
es and m ar
s), but the number of ar
s of this graph (dependingon ⌈maxkwk

Cl ⌉) is pseudo-polynomial in size of the freight transportation problem. The obtainedoptimal value after this step is 
onsidered as the lower bound.4.1.2 Constru
tion of the servi
e network - Linear relaxationIn order to measure the quality of our heuristi
, we 
ompare our result with the network 
on-stru
ted by a linear relaxation of the aggregated Servi
e Network Design formulation with thedesign-balan
e 
onstraints (without time index), as for the upper bound (se
tion 2.3).We did not explore this method in depth. To obtain the integer solution, after ea
h resolutionstep using ILOG Cplex we round out variables with a fra
tional part less than 0.25 or greaterthan 0.75. If no variable 
an be rounded, we round the variable whi
h is nearest to an integer.We will present the results 
orresponding to both 
onstru
tions of the network in Se
tion 5.4.2 Choi
e of the freight to 
arryOn
e the servi
e network is 
onstru
ted by the dire
t trip poli
y or linear relaxation, we have to
hoose whi
h 
ommodities will be 
arried. We have two possibilities : either we allow tranship-ment or not. We look at both to measure how transhipment 
an in
rease pro�t.4.2.1 Without transhipmentWithout transhipment the 
hoi
e of freight is done at the last step and 
orresponds to optimallyloading the planned vehi
les (see Figure 3). At the �rst step, a pro�table network is 
onstru
ted9




onsidering only dire
t trips. However, more pro�ts 
ould be a
hieved by 
onsidering indire
ttrips and possibilities of loading and unloading at ea
h terminal. This is done by solving amaximum 
ost �ow problem. From the planning of one vehi
le, we build one parti
ular instan
eof the maximum 
ost �ow problem (see Figure 5) in order to �ll this vehi
le with demands. Ea
har
 links the origin to the destination of one demand. The 
apa
ity of the ar
 
orresponds to thedemand size and the 
ost to the unit pro�t of the demand (the revenue minus the variable 
osts).We also 
onsider empty loads represented by the dashed ar
s (∞, 0). We add two verti
es : onesour
e s and one hole t

s A D C B A D t
(∞, 0) (∞, 0) (∞, 0) (∞, 0) (∞, 0)(C l′ , 0) (C l′ , 0)

(w1, p1 − U l′
DC − U l′

CB − U l′
BA)

(w4, p4 − U l′
BA − U l′

AD)

(w2, p2 − U l′
AD)

(w5, p5 − U l′
DC)

(w6, p6 − U l′
CB)

(w3, p3 − U l′
BA)

(w2, p2 − U l′
AD)

Figure 5: Maximum �ow problem for one vehi
le.As, by 
onstru
tion, no intera
tion exists between the di�erent plannings, we 
an �ll themat the same time by solving a maximum �ow problem : we append the di�erent �ow problemsand introdu
e a super-sour
e and a super-hole. This maximum 
ost �ow problem 
ontains somespe
i�
 
apa
ity 
onstraints in order not to ex
eed 
ertain demands. For example, these spe
i�

onstraints must be set for the demand from A to D (see Figure 5). The �ows over the two ar
s
AD must not globally ex
eed the 
apa
ity w2.Thus this step is done in polynomial time in size of the inputs, but as mentioned before, thesize of this servi
e network is pseudo-polynomial a

ording to the inputs of the freight trans-portation problem.4.2.2 With transhipment, time in
oheren
es may o

urTo make transhipment possible, we inverse the order of the last two steps (see Figure 4). On
ethe servi
e network is designed we determine whi
h 
ommodities to transport on ea
h ar
. This isdone by solving a multi
ommodity �ow problem in an oriented multiple edged graph, where theobje
tive is to maximize pro�t and ea
h edge of the graph 
orresponds to one transportation ser-vi
e. This problem is polynomial in size of inputs, it 
an be solved either by using Linear Program-ming (LP), or by using approximation algorithm [Garg and Konemann, 1998, Fleis
her, 2000℄.However, when 
hoosing whi
h freight to 
arry, no time 
onstraints are taken in a

ount,and some time in
oheren
es may o

ur whi
h would interfere with the 
onstru
tion of planningsin the last step. They are des
ribed in the next paragraph in an example. These have to beidenti�ed and, as a result, some 
ommodity 
hoi
es may have to be revised. This is managedwith 
onstraint and variable generations. This is examined in further detail and illustrated inan example in the following paragraph.Des
ription of time in
oheren
es Time is not 
onsidered neither when we 
onstru
t theservi
e networks nor when we �ll servi
e networks with 
ommodities. Thus, let A, B, C and Ddenote four terminals, the situation represented in Figure 6 may o

ur.
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: other commodities, transported directly.Figure 6: Time in
oheren
es.The same vehi
le has to transport the di�erent represented 
ommodities from their origin totheir destination. Obviously, we 
annot transport the 
ommodities 1, 2 and 3 from their originto their destination by visiting all terminals only on
e, even if we use di�erent vehi
les.We 
an highlight this impossibility by using a pre
eden
e graph 
onstru
ted as follows. Ea
htransportation servi
e 
an be seen as a task. If the same 
ommodity is 
arried on su

essiveservi
es, the �rst transportation servi
e has to be done �rst and so on for the next transportationservi
es. Let us 
onstru
t the pre
eden
e graph of these di�erent 
ommodity tasks, we denoteby TAB the task "transportation servi
e from A to B".
• The �rst 
ommodity implies the following pre
eden
es : TDA

1−→ TAB
1−→ TBC

• The se
ond gives pre
eden
e : TAB
2−→ TBC

2−→ TCD

• For the third we have : TCD
3−→ TDA

• The other 
ommodities do not imply any pre
eden
e, be
ause they are transported dire
tly.Thus we need to s
hedule the task of pre
eden
e graph G represented in Figure 7.
1

TAB
1,2−→ TBC

2−→ TCD
3−→ TDAFigure 7: Pre
eden
e graph on transportation tasks.This graph has a 
y
le : it is impossible to s
hedule these tasks by respe
ting all time pre
e-den
es. One solution 
ould be to store some 
ommodities in a lo
ation and for these to bedelivered in the repeat of the transportation planning in the next time period. However, 
om-modities would not arrive on time, so this solution is una

eptable in our study.So we need to enhan
e the existen
e of 
y
les in the pre
eden
e graph of transportationtasks. To a
hieve this, we have to revise the 
hoi
es we made when �lling the network with
ommodities. From the invalid solution (with 
y
les), we generate new binary variables and
onstraints (Constraints 13 - 15) to prevent produ
tion of 
y
les. These new variables and
onstraints are easily added to multi
ommodity �ow formulation. On
e they are added, themodi�ed multi
ommodity �ow problem is solved again.How to �nd and eliminate time in
oheren
es To know whi
h 
ommodities are responsiblefor the appearan
e of a 
y
le and on whi
h transportation ar
s, we 
onstru
t a dire
ted graph

G′ as follows. The verti
es of this graph are the transportation demands k, the ar
 (k, k′) meansthat demand k is in 
on�i
t with demand k′. In the pre
eden
e graph G, we 
onsider thatdemand k is in 
on�i
t with demand k′ if and only if k′ is loaded after k and k is unloaded before
k′ at the end of an operation belonging to G. 11



Proposition 4.1 The graph G′ has a 
y
le if and only if the pre
eden
e graph G has a 
y
le.We 
an identify the demands whi
h involve the 
y
les in G′ and, resulting from our proposal,these demands are also responsible for the 
y
le in the pre
eden
e graph G. We dete
t the 
y
lesin G and G′ with Floyd's algorithm. These demands will be 
alled the in
riminated demands.We will introdu
e new 
onstraints and re�ll the network with 
ommodities (multi
ommodity�ow problem with some added 
onstraints) so as to dis
ard at least one pre
eden
e betweentransportation tasks, and to eliminate at least one 
y
le in the pre
eden
e graph. This 
onstraintwill impa
t the transportation ar
s on whi
h at least two in
riminated demands are transported.It is 
lear that the ar
s at the end of the transportation of in
riminated demands appear in the
y
le and 
arry more than one demand. Thus, we introdu
e 
onstraints on these ar
s.Let {k1, k2, . . . , km+1 = k1} be a 
y
le in G′. The last transportation ar
s in the graph Gshared by the demands ki and ki+1 (involved in this 
y
le) are denoted as aki . As we need todis
ard the 
y
le we have to reroute at least one 
ommodity, in other words, we need to 
hoosewhi
h 
ommodities will keep the same route and whi
h will not. Thus we introdu
e variable uk
ijwhi
h determines whether or not 
ommodity k will be 
arried on transportation ar
 (i, j). Weneed these variables only for the demands involved in the 
y
le. The added 
onstraints are asfollows :

xki

aki
≤ wki · uki

aki
∀i ∈ [1..m] (13)

x
ki+1

aki
≤ wki+1 · uki+1

aki
∀i ∈ [1..m] (14)∑

i∈[1..m]

(uki

aki
+ u

ki+1

aki
) ≤ 2m− 1 (15)

uki

aki
∈ {0, 1} ∀i ∈ [1..m] (16)

u
ki+1

aki
∈ {0, 1} ∀i ∈ [1..m] (17)Note that l has disappeared in the index of x variables be
ause �eets are assigned to ar
s.Constraints (13) and (14) guarantee that 
ommodity ki is 
arried on transportation ar
 akionly if this ar
 is kept for it (that is if uki

aki
= 1). The 
onstraint (15) for
es that at least one
on�i
t between 2 demands belonging to 
y
le in G′ will be 
an
eled, i.e. one demand will notshare the transportation ar
s with the other 
on�i
ting demands. One 
ommodity will 
hangeits transportation path. Thus after 
onstraint generation the in
riminated demands will not allfollow the same paths as before, and at the very least the 
y
le {k1, k2, . . . , km+1} in G′ will beeliminated. So the in
riminated demand will no longer produ
e the same pre
eden
es in G.Example Let us see how this looks on our example. The three 
ommodities 1, 2 and 3 areresponsible for the 
y
le in the pre
eden
e graph above. These 
ommodities follow the followingpaths respe
tively : DA−AB−BC, AB−BC−CD and CD−DA. In order to break the 
y
le inthe pre
eden
e graph, at least one of the these 
ommodities has to follow another path or evennot be 
arried. The graph of in
riminated demands G′ (Figure 8) is represented below, and the
riti
al transportation ar
s are spe
i�ed over the ar
s of G′.

DA
�
�
�
�1

1

3
"

2

CD

BC 2

Figure 8: Graph of in
rimi-nated demands.
x1

BC ≤ w1 · u1
BC

x1
DA ≤ w1 · u1

DA

x2
BC ≤ w2 · u2

BC

x2
CD ≤ w2 · u2

CD

x3
CD ≤ w3 · u3

CD

x3
DA ≤ w3 · u3

DA

u1
BC + u2

BC + u2
CD + u3

CD + u3
DA + u1

DA ≤ 5Figure 9: Constraints to involve 
y
les on thein
riminated demandsThe 
onstraints we added are detailed in Figure 9. These new 
onstraints enfor
e one of thethree in
riminated demands to not be loaded, or to be rerouted if other transportation servi
es12



not represented here are available. Thanks to these new 
onstraints, the pre
eden
e graph nolonger has a 
y
le dealing with these demands on the spe
i�ed ar
s.How to more e�
iently eliminate time in
oheren
es The elimination of time in
oher-en
es may take a long time and we 
annot ensure that it is done in polynomial time. Indeed,we have binary variables, so there is no time guarantee. The number of introdu
ed variables islimited by the number of 
ommodities (|K|) and the size of the network. However, we have noguarantee that the number of 
onstraints (15) we introdu
e is polynomial : in some iterations nonew variables may be introdu
ed but a new 
onstraint (15) may be added.So as to speed up this step, we tried to dis
ard more than one 
y
le before re�lling ar
s with
ommodities. We used an aggregate formulation whi
h allows the redu
tion of the number ofintrodu
ed binary variables and, 
onsequentially, the number of 
onstraints (15). Thus, dis
ard-ing a 
y
le in this aggregate version allows us to eliminate the development of a lot of similar
y
les at the same time. Moreover, so as to eliminate more time in
oheren
es at ea
h step, wetry to �nd several 
y
les in the graph G′ and in the pre
eden
e graph at ea
h step. Even withthese improvements, we have no time guarantee. We will see in Se
tion 5 how often eliminationof time in
oheren
es prevents us from getting a solution in a reasonable time.4.3 Constru
tion of the vehi
le planningsIt is only in this step that we 
are about time 
onstraints. If transhipment is 
onsidered, these
onstraints are be
oming in
reasingly di�
ult be
ause of pre
eden
es between transportationar
s : if the same 
ommodity is transported on su

essive ar
s, then these ar
s have to bes
heduled in the same order.4.3.1 Constraint ProgrammingThe work has to be distributed evenly between the di�erent vehi
les over one planning horizon :any used vehi
le l should be used at least Quotal
min but less than Quotal

max. Thus in a linearmodel variables would have to be indexed by the vehi
les (resour
es), and 
onstru
tion of thevehi
le planning would be neither qui
k nor easy. This problem 
an be seen as a graph de
om-position problem. This problem is detailed in [Teypaz and Rapine, 2008℄. Similar problems havebeen proved NP-Complete [Dor and Tarsi, 1997℄.If we 
onsider an Eulerian 
y
le, a simple algorithm 
an solve the problem if the 
hosenEulerian 
y
le allows it : when the 
y
le 
an be de
omposed into paths with lengths between
Quotal

min and Quotal
max. This te
hni
al argument is the �rst one whi
h made us tend towardsConstraint Programming. Indeed, if the 
hosen Eulerian 
y
le does not bring a solution, we maybran
h to another alternative for the 
onstru
tion of this 
y
le. The se
ond argument for usingConstraint Programming is that it makes it easier to 
onsider some se
ondary 
onstraints forplanning problem su
h as : transit times, regular departure times (vehi
le departure time from agiven lo
ation should always be the same), unavailability times (a vehi
le 
annot arrive or startat 
ertain times of the day).Constraint Programmingmethods are not only simple ba
ktra
king algorithms. In [Kumar, 1992℄,di�erent te
hniques are proposed to improve ba
ktra
king. These te
hniques are : 
onstraintspropagation in a node of the sear
h tree, intelligent ba
ktra
king in order to avoid repetition ofidenti
al failure s
hemes and the order in whi
h variables are instantiated. To solve our problemusing Constraint Programming we have to determine su

essions of transport se
tions. We useGNU-Prolog 
ompiler [Diaz, 2007℄ whi
h is a 
onstraint solver on �nite domains.4.3.2 Constru
t the vehi
le plannings using Constraint ProgrammingConstru
tion of vehi
le plannings 
an be seen as the following s
heduling problem : ea
h trans-portation servi
e is a task whose duration is the transportation time, vehi
les are resour
es whi
hexe
ute these tasks, some tasks have to be s
heduled before others (pre
eden
e 
onstraints ontasks). Contrary to most s
heduling problems not all tasks 
an be s
heduled after a given task.Two 
onse
utive tasks on a resour
e must verify that the arrival terminal of the transportationservi
e 
orresponding to the �rst task is also the departure terminal of the servi
e 
orresponding13



to the se
ond task (geographi
al 
onstraints).In pra
ti
e, at ea
h step of the sear
h, we s
hedule one task, whi
h instantiates one variable.The domain of time variables of ea
h task (indi
ating the start of the tasks) are updated infun
tion of the graph of pre
eden
e. At ea
h node of the sear
h tree, a task is s
heduled eitheron the 
urrent resour
e or on a new one. latter 
ase instantiates a new variable whi
h uses newresour
es. We introdu
ed di�erent rules 
orresponding to these instantiations.The priority is to s
hedule the task as a part of the 
hosen Eulerian 
y
le (Euler's algorithm)on the 
urrent resour
e. This is possible until Quotamax is rea
hed, in whi
h 
ase we use anew resour
e. At the end a failure may happen, i.e. Quotamin is not respe
ted. In that 
asewe have to ba
ktra
k, and either to 
hange the used rule or to follow another Eulerian 
y
le. Iftranshipment is allowed, we introdu
e new rules whi
h allows us to 
onsider pre
eden
es betweentransportation tasks in priority.The order in whi
h we apply the di�erent rules is essential to arrive at a solution. Nevertheless,it may happen that no feasible solution respe
ting time quotas and delivering all 
ommodities inthe same planning horizon, exists or 
an be 
omputed in reasonable time.5 Tests and resultsWe present results obtained using an homogeneous �eet of identi
al vehi
les. Some remarks onthe heterogeneous �eet will also be given.5.1 Instan
esOur methods were tested on instan
es provided by our industrial partner. The solutions ob-tained give some improvements : there is little in
rease in pro�t, but the �eet size is redu
edsigni�
antly. To test further while preserving data 
on�dentiality, an instan
e generator basedon data studies from a real freight transportation problem were used. The instan
es 
ontain 40terminals and we know distan
es d(i, j) between the di�erent terminals. Our time period is of
480 time units, during su
h a period a used vehi
le should be used at least for Quotamin timeunits and at most Quotamax time units (for the most pro�table vehi
le, 
onsidered in most ofthe tests, we 
hoose Quotamin = 130 and Quotamax = 325). We have di�erent vehi
le types l(l = 1 or 3), and know their 
apa
ities Cl, the 
apa
ity of the most pro�table vehi
le is of 140transport units. For any type l of vehi
le, the �xed 
ost is given by matrix (F l

ij), and the variable
ost is given by (U l
ij) (whi
h is the 
oe�
ient of the linear fun
tion F l

v(W, i, j)). We also knowtransportation times between all pairs of terminals, detailed in matrix (tlij).We 
hoose di�erent per
entages of �lling for the demands matrix and demands are either
on
entrated at 
ertain points, whi
h we may 
all hubs, or not. The four di�erent ways of �llingthe demands matrix are :
• Demands are 
on
entrated on one point (hub), that means the row and the 
olumn 
orre-sponding to the hub are �lled at 80% with non zero demands, and that the remainder is�lled at 5% (this 
orresponds to 8.75% non zero demands).
• The matrix is �lled randomly with 8.75% of non zero demands.
• Demands are 
on
entrated on 3 hubs, (this 
orresponds to 16% non zero demands).
• The matrix is �lled randomly with 16% of non zero demands.In all 
ases, the �lling is done su
h that all terminals are involved in at least one non-zero de-mand, as origin or destination. The analysis of real data allows to model how transportationpri
es depend on distan
e. We used it to 
ompute the �xed transportation pri
es.The size of any demand is either small 
ompared to vehi
le size, or equivalent to it or big
ompared to vehi
le size (Table 1). 14



W k 1-30 30-90 90-150 150-250 250-800DistributionSmall Demands 40% 40% 10% 5% 5%Equivalent Demands 5% 20% 50% 20% 5%Big Demands 5% 5% 10% 40% 40%Table 1: Distribution of the size of any demand.Thus we have 12 di�erent pro�les of instan
es. We tested all of these pro�les with both al-gorithms (with and without transhipment) and for both methods of 
onstru
tion of the network(heuristi
 and linear relaxation). For ea
h pro�le, we generated 10 instan
es and shown is themean of the results obtained.To evaluate the �nan
ial performan
e, we 
ompare our results to a lower bound obtained withdire
t trip poli
y (after �rst step of our heuristi
 for 
onstru
tion of the network) and the upperbound obtained using Servi
e Network Design formulation (Se
tion 2.3). So as to 
ompare thedi�erent methods more pre
isely we detail the use of resour
es (time and vehi
les). Additionally,the time ne
essary to obtain a solution and the number of vehi
les used are both important toan evaluation of solutions.5.2 Resolution time and failuresOur industrial partner required our method to be able to solve their instan
es in less than 1 hour.Thus, to test all our methods, we limited the time to 20 minutes for solving an instan
e. In Ta-ble 2, for both methods of 
onstru
ting the planning (�rst line), the �rst two 
olumns summarizethe mean resolution time for the method without transhipment (NoT) and with transhipment(T). The next two 
olumns spe
ify the number of failures of methods with transhipment : thenumber of times that the resolution was stopped during the demand-related �lling step (step2)is detailed in 
olumn (Fail2), the number of times that the resolution was stopped during 
on-stru
tion of the planning (step3) is summed up in 
olumn (Fail3). Fail2 is due to too manytime in
oheren
es, Fail3 is 
aused by too many di�
ult pre
eden
e 
onstraints on transportationservi
es. These two failures are of a di�erent nature, in the se
ond 
ase we already know theglobal pro�t, 
onstru
tion of planning is only a de
ision problem.Dire
t Trip Poli
y Linear RelaxationInstan
es NoT T NoT TTime Time1 Fail2 Fail3 Time Time1 Fail2 Fail3Small Demands < vehi
le size1 hub 0,32 1,25 0 2 61,83 62,67 0 23 hubs 0,44 40,26 0 3 71,35 151,20 0 38,75% 0,33 22,33 0 1 58,34 127,36 1 216% 0,43 65,18 4 1 87,71 130,252 9 0Demands ≈ vehi
le size1 hub 0,46 0,88 0 1 64,10 62,73 0 33 hubs 0,60 29,44 0 1 73,59 83,97 0 18,75% 0,44 10,94 0 0 62,79 132,59 3 016% 0,62 209,30 0 1 78,58 218,83 5 1Big Demands > vehi
le size1 hub 0,78 1,95 0 2 62,09 74,33 0 03 hubs 1,47 2,83 0 2 84,27 177,80 0 08,75% 0,73 2,15 0 2 66,20 66,79 0 116% 1,48 7,95 0 1 81,06 116,12 0 0total 4 17 18 13Table 2: Computation time (in se
onds) and resolution failures.15



Methods without transhipment are very robust, they provide a solution for all instan
es andin approximately 1 se
ond if dire
t trip poli
y is used for network design, and 1 minute withlinear relaxation for network design. With transhipment, we do not always have a solution.When the network is 
onstru
ted using linear relaxation, 
omputation time is longer and failuresare even more frequent. Furthermore, we 
annot measure the gains due to transhipment, be
ause
omputation fails too often during step 2.5.3 Solution results5.3.1 OptimizationFirst, we present the �nan
ial results of the di�erent methods 
ompared to the lower and upperbounds (see Table 3). The lower bound gap de
reases as the size of demands in
reases. Thisis mainly due to the s
ale of obje
tive (millions or billions) whi
h in
reases when the size ofdemands in
rease, and to the fa
t that the di�eren
e between upper and lower bound is nearly
onstant. The last 
olumn gives the relative gain of the best solution obtained by ILOG Cplexin 20 minutes.So, to 
ompare the di�erent values, we 
al
ulate the relative gain (RG), whi
h is the di�eren
ebetween the result and the lower bound, divided by the di�eren
e between the upper and thelower bound. We expressed this relative gain as a per
entage. A negative relative gain meansthat the pro�t is worse than the lower bound, a relative gain of 100% means that the pro�tis equal to the upper bound. To synthesize results from the 12 pro�les, average and standarddeviation σ are given at the end of the table.We also spe
ify the per
entage of satis�ed demands in the 
olumns labeled "Sat".Lower Dire
t Trip Poli
y Linear Relaxation CplexInstan
es Bound NoT T NoT TGap RG Sat RG Sat RG Sat RG Sat RGSmall Demands/ vehi
le size1 hub 34,85 12,63 68,19 31,96 69,11 -2,41 68,70 31,46 71,92 81,313 hubs 34,78 18,59 72,86 49,01 76,06 6,59 73,75 57,66 79,32 90,218,75% 36,59 5,83 64,74 25,56 64,53 -11,73 64,40 19,23 65,76 81,6716% 34,53 10,36 69,95 40,951 72,34 -7,78 73,16 50,812 83,03 90,36Demands ≈ vehi
le size1 hub 15,27 16,68 86,99 42,33 88,57 -7,49 84,94 43,25 87,70 79,933 hubs 15,82 16,81 86,41 51,15 89,27 3,32 84,72 68,26 88,29 89,648,75% 15,87 7,29 80,74 37,92 81,68 -17,91 81,44 33,863 82,66 79,4816% 15,97 10,46 83,06 47,82 84,63 -12,87 82,43 63,364 86,60 89,84Big Demands/ vehi
le size1 hub 8,50 16,38 87,26 41,63 88,23 -4,26 86,68 45,87 87,55 83,103 hubs 8,15 21,88 87,78 53,15 88,74 7,83 87,51 70,21 88,74 90,308,75% 8,35 8,55 86,87 36,84 86,95 -14,55 87,02 39,38 87,75 82,9216% 8,43 13,59 88,21 48,91 86,95 -7,82 88,46 61,98 89,66 90,65Average 13,25 42,31 -5,76 48,61 85,78
σ 5,78 9,41 11,95 17,26 5,00Table 3: Relative gain and per
entage of satis�ed demands.We 
an see the e�e
t of hubs : hubs allow an in
rease in pro�t 
ompared to the lower bound.Transportation links are essentially 
on
entrated on the hubs, thus e�
ient networks are easierto 
onstru
t. This is 
on�rmed by a higher rate of satisfa
tion of demands.1If resolution fails, its 
omputation time is not used to 
ompute the average.2Only one result.1Average of 6 results,2Only one result,3Average of 7 results,4Average of 5 results. 16



The method without transhipment and based on a network 
onstru
tion using linear relax-ation is often worse than the lower bound. Indeed, linear relaxation 
onstru
ts networks priv-ileging transhipment ; this prevents 
onstru
tion of independent plannings and less pro�table
ommodities are 
arried.Transhipment allows us to in
rease pro�t. With transhipment, the pro�ts are nearer tothe upper bounds. Network 
onstru
tion using linear relaxation is very e�
ient for instan
es
ontaining hubs. for instan
es 
ontaining hubs. However, when demands are randomly generated(less stru
tured), of small or medium size, the use of dire
t trip poli
y is more attra
tive. Thepro�ts are higher, and furthermore, this method provides a solution for nearly all instan
es. Also,the method is less in�uen
ed by the pro�le of the instan
e (the standard deviation σ is lower).5.3.2 Vehi
le utilizationFor di�erent methods we 
al
ulated the average utilization time of the vehi
les (Table 4). Thesetimes are similar for the di�erent pro�les of instan
es.Instan
es Dire
t Trip Poli
y Linear RelaxationNoT T NoT TAverage utilization time 291,3 188 292,7 187,5Table 4: Vehi
le utilization.Without transhipment, vehi
le utilization times are 
lose to Quotamax = 325, thus vehi
lesare almost optimally used. On the other hand, the methods with transhipment are not usingthe vehi
les e�
iently, utilization times are 
lose to Quotamin = 130. In spite of respe
t of timequotas and a better pro�t, methods with transhipment are unsatisfa
tory : they use 1.5 times asmany vehi
les than if no transhipment is done. This is due to the fa
t that there is no �xed 
oston the vehi
les.The method without transhipment using dire
t trip poli
y for network 
onstru
tion is themore reliable. Computation is very fast (some se
onds), resour
es are well used and the pro�tis higher than the lower bound. Methods with transhipment get better pro�ts, but vehi
les areunder-used. Furthermore, 20 minutes of resolution time is not always enough to �nd a solution.5.4 Heterogeneous �eetWe tested the same instan
es with an heterogeneous �eet 
ontaining the same type of vehi
le ashomogeneous �eet and two other types with smaller 
apa
ities (100 and 60), whi
h are 
ompet-itive 
ompared to the bigger vehi
le espe
ially for small demands. The network 
onstru
ted byusing linear relaxation is nearly the same as for the homogeneous �eet, but as the linear modelis bigger, it takes a longer time to obtain the network.The lower bound is improved, and also the results for small demands but the bene�t is quitesmall. Indeed, for medium and high demands, using an heterogeneous �eet gives worse results !The networks 
onstru
ted for small vehi
les (positive 
y
les) often have no 
ommodities to 
arrywhen �lling them (the 
y
le be
omes negative). These 
ommodities are taken by larger vehi
les.6 Con
lusion and perspe
tivesWe studied a freight transportation problem whi
h 
onsists of maximizing the 
arrier pro�t. Itis not ne
essary to totally satisfy all demands but pro�table demands should be satis�ed globallyor partially. The 
arrier must use his vehi
les better, some repositioning of vehi
les with emptyload may be needed in order to 
omplete the vehi
le rotation, the vehi
les must not be under- orover-used. To improve the pro�t, the 
arrier 
an use transhipment operations. The vehi
le �eet
an be adjusted with di�erent types of vehi
le or di�erent modes of transport. For our solvingapproa
h, we need to design the routes for ea
h satis�ed demand and the planning of vehi
leswhi
h 
arry all satis�ed demands. 17



Two solving methods were studied for problems with and without transhipment. We de-
omposed the freight transportation problem into three main steps. This enables us to take allparameters of the problem and also spe
i�
 time 
onstraints into a

ount. All of these stepshave been studied in detail. They also involved graph algorithms (�ow problems), as Linearand Mixed Integer Programming and Constraint Programming te
hniques. The �rst step ofour resolution is 
riti
al for pro�t. In order to improve pro�t, other methods for the network
onstru
tion will be investigated. The �lling step is optimal for its inputs a

ording to the twomethods, however the need to eliminate time in
oheren
es means that obtaining a solution ina reasonable time 
annot be guaranteed. The vehi
le planning 
onstru
tion is e�
ient for thetranshipment method in spite of the problem being probably NP-Complete. The pre
eden
es
onstraints 
ompli
ate planning 
onstru
tion and Constraint Programming often fails.Our solving method whi
h does not 
onsider transhipment guarantees a rapid solution (somese
onds) and for sure a solution rapidly with an improvement in pro�t 
ompared to lower bound.The pro�t is signi�
antly in
reased by allowing transhipment, and even though utilization oftime quotas are respe
ted, vehi
les are not well used. Computation times stay fairly low (aboutone minute) when pre
eden
e 
onstraints for the planning problem are relatively easy to satisfy.These results are quite en
ouraging, and are often more e�
ient than the method based on linearrelaxation, whi
h fails more often. Nevertheless, in our method with transhipment, 
omputingthe transportation planning is not always done in an a

eptable time.In this problem we did not take the �eet size into a

ount, whi
h may not be easily inte-grated in our resolution s
heme. This new 
onstraint should already be 
onsidered within thenetwork 
onstru
tion. Furthermore, this 
onstraint also has to be taken into a

ount during theplanning step, and our resolution may fail, espe
ially when transhipment is allowed (explosionof 
omputation time due to pre
eden
es on transportation ar
s and to 
onstraints on �eet size).A formulation of our problem based on routes (in this 
ase, a route is a 
omplete planning ofa vehi
le) 
ombined with Servi
e Network Design formulation may be more suitable for thisproblem. These aspe
ts are still under investigation.AknowledgmentsThis resear
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