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Abstract

In this paper we study a single-sink transportation problemhich the production capacity
of the suppliers and the demand of the single customer atbastic. Shipments are performed by
capacitated vehicles, which have to be booked in advanéerdshe realization of the production
capacity and the demand. Once the production capacity &dietimand are revealed, there is an
option to cancel some of the booked vehicles against a datioalfee. If the quantity shipped
from the suppliers using the booked vehicles is not enougdatisfy the demand, the residual
guantity is purchased from an external company. The prolideta determine the number of
vehicles to book in order to minimize the total cost.

We formulate a two-stage and a multistage stochastic midedér linear programming mod-
els to solve this problem and test them on a real case prowgédl cementi, the primary Italian
clinker producer and the™ largest cement producer in the world. We test the influenadifof
ferent scenario-tree structures on the solutions of thbleno, as well as sensitivity of the results
with respect to the cancellation fee.

Key Words. Single-sink transportation problem, stochastic programyrscenario tree.

I ntroduction

In the classicallransportation Problem a set of retailers is served by a set of suppliers. Each retailer
has a deterministic demand, while each producer has a given produgpiacitya A transportation
cost is charged for each unit of product sent from the suppliers toetiaders. The problem is to
determine the quantity of product to send from each supplier to each rémibeder to minimize
the total transportation cost. A particular case is given by the so c8lhgtie-Snk Transportation
Problem, in which a single retailer is served by a set of suppliers. This problenb&as deeply
studied, in particular when the total cost is given by the sum of a varialisgtoatation cost and of a
fixed charge cost to use the supplier — see Alidaee and Kochenb26fr)( Herer, Rosenblatt, and
Hefter (1996), Lamar and Wallace (1997), Lamar, Sheffi, and Pod@4() and Palekar, Karwan, and
Zionts (1990). The reason is that this problem, referred Brage-Snk Fixed-Charge Transportation
Problem, has several applications in Logistics, including for instance the supgliect®on problem
and the fleet selection problem.

The transportation problem we study has been inspired by a real calekef replenishment,
provided by the largest Italian cement producer located in Sicily, the lalgedisadjacent to the
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southern tip of Italy. Clinker is a semi-worked material which is ground ferinscement and then
sold to final customers. The logistic system we study is organized as folkmesHigure 1): The
clinker is produced by production plants located both in Sicily and in Calabria, the aigimg re-
gion of mainland Italy. The four production plants considered in the modelsata delle Femmine
(Palermo, Sicily), Porto Empedocle (Agrigento, Sicily), Castrovillari (Qase Calabria) and Vibo
Valentia (Calabria). The warehouse is located in Catania, Sicily. Since theptdation from Cal-
abria requires a ferryboat, in addition to trucks, the correspondinggatation costs are higher than

those from inside Sicily. The production capacity of the four productiontplaas well as the demand
for clinker at Catania, is considered stochastic.
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Figure 1: Sicily and Calabria.

All the vehicles are leased from an external transportation companyhwl@@ssume to have an
unlimited fleet. The vehicles must be booked in advance, before the demdmdaluction capacity
are revealed. Only full load shipments are allowed. When the demand apdoithéction capacity
become known, there is an option to cancel some of the reservationstaayamscellation fee. If
the quantity delivered from the four suppliers using the booked vehiclestisnough to satisfy the
demand in Catania, the residual quantity is purchased from an extemahboy at a higher price.
The problem is to determine, for each supplier, the number of vehicles toibavder to minimize
the total cost, given by the sum of the transportation cost (including theetiation fee for vehicles
booked but not used) and the cost of the product purchased fesaxtarnal company.

This problem can be seen as a stochastic single-sink transportationmrofiie stochastic pa-



rameters are the demand and the production capacity of the production fasitaple solution to
this problem could be obtained by solving the so callegected value problem or Mean val ue prob-

lem, that is the corresponding deterministic problem in which the stochastic pananaee replaced
by the their mean value. We propose two stochastic mixed integer linear pnogmg models for the
solution to this problem. We start with a two-stage stochastic programming modekewdbrse, see
for instance Birge and Louveaux (1997), Kall and Wallace (1994)dthevback of this model is rep-
resented by the so-callexid-of-horizon effects, characterized by the fact that warehouse is typically
empty at the end of the second stage. To mitigate the problem, we propose a grikistehastic
model—see again Birge and Louveaux (1997) or Kall and Wallace (884 ore details.

These two models allow us to solve the real case and to carry out computetipeaments in or-
der to answer the following questions: How bad is the solution obtained bingdhe corresponding
deterministic problem? How many extra periods do we need to mitigate the eratindin effects?
Does the model benefit from having a scenario tree with more than onevgitageranching? How
does the optimal solution vary by modifying the cancellation fee?

The rest of the paper is organized as follow. In Section 1 we formallyritbesthe problem. In
Section 2 we formulate the corresponding two-stage and multistage stochast imiger linear
programming models. In Section 3 we present computational results andrahgvabove questions.

1 Problem description

AsetZ ={i:i=1,...,1} of suppliers has to satisfy the demand of a single customer. The initial
inventory level at the customer ig, the storage capacity at the customet.js, and the unloading
capacity at the customer §s Each suppliet is characterised by its production cesand transporta-
tion costt;. The price for buying the clinker from an external source is denétadd we assume

b > max;(c; +t;). AsetS = {s:s=1,...,5} of possible scenarios is available. Each scenario
s € Sis described by its probability’, the demand® of the customer and the production capaaity

of each supplief € Z. We assume a uniform fleet of vehicles with capagignd allow only full-load
shipments. The cancellation fee is given as a propoeiah < « < 1, of the transportation costs,

so the transportation cost of each vehicle from the suppl®rt; if the vehicle is booked and then
used, orxgt; if the vehicle is booked, but later cancelled.

The problem is to determine the number of vehiclgsc N to book for transport from each sup-
plieri € 7 before the demand and the production capacity are revealed (firstgtaigeon variables),
the number of vehicleg? € N actually used in scenarioe S (second stage variables) and, finally,
the quantityY®, Y¢ > 0, of product to purchase from an external source in scenagiaS (second
stage variable). The aim is to minimize the total cost, given by the sum of theptndason cost (in-
cluding the cancellation fee for vehicles booked, but not used) ancd8tetthe product purchased
from the external source.

2 Modd formulation

2.1 Thetwo-stage stochastic model
In the two-stage (one-period) case, we get the classical stochasiimpnming model with recourse:

I

I S
min thiXi+Zp5[bYS—(1—a)thi (Xi—Zf)] (1)
i=1 s=1

=1



subject to

¢ Xi<yg 2)
=1
I
lo+Y qZi+Y" —d° >0, VseS (3)
=1
1
lo+) aZi +Y° —d <luax, Vs€S @)
=1
78 < X;, VieI,Vs€S (5)
qZ; < aj, VieZ VseS (6)
X, eN, Viel @)
Y >0, VseS (8)
Z7 €N, VielVseS. (9)

The first sum in the objective function (1) is the booking cost of the veicihile the second
sum represents the recourse action, consisting of buying extra cliyikgatd cancelling unwanted
vehicles. Note that cancelling a vehicle results in a negative cost, sincetaiack the price paid in
stage one, minus the cancellation fee. As a result, it is possible to haveveeggtond-stage costs.
Constraint (2) guarantees that the total quantity delivered from thdistgpfn the customer is not
greater than the customer’s unloading capagjtinducing thus an upper bound on the total number
of vehicles. Constraints (3) and (4) ensure that the second-staggetevel is between zero and
lmax. Constraint (5) guarantees that the number of vehicles servicing supi@t most equal to
the number booked advanced and (6) controls that the quantity of cliekgeikd from suppliei
does not exceed its production capacify Finally, (7)—(9) define the first- and second-stage decision
variables of the problem.

The drawback of the two-stage stochastic model is that can be expectetiltd a strong end-
of-horizon effect in the form of an empty warehouse at the end of thenskstage. This is due to the
fact that we do not assign any value to clinker in the storage and, atitie tsae, it is possible to
cancel vehicles that are not needed to satisfy the demand.

2.2 The multistage stochastic model

We now formulate a multistage stochastic model. The aim of the model is the samis,ttheeter-
mine, for each supplier, the number of vehicles to book in order to minimize tHetsia

The major difference between two-stage and multistage models is that in theveagtbgve to
model the structure of the underlying scenario tree, see for exampleCBwip£l997), Dupéova,
Consigli, and Wallace (2000). This can be done in two ways: we can eithéelrtite problem by
scenarios and then add a set of so-catiaatanticipativity constraints, or write the model in terms of
nodes of the scenario tree and describe the tree structure by giving to eael{exmkpt the root of the
tree) a pointer to its parent, i.e. the node immediately preceding it. We use thedatteddtion and
need thus the following notation, in addition to the one introduced in Section 1:

e N={n:n=0,...,N}isthe ordered set of nodes of the scenario tree structure;

e 0 € NV is the root of the tree, which represents the time instant for which we waetéondine
the number of vehicles to book;



F={n:n=N-F+1,...,N} C NVisthe set of the leaves of the tree, that is the nodes in
the last stage of the model; since thamber of scenarios S is equal to the number of leaves,
we getS = F = | F|;

¢ pa(n) denotes the parent of the nodez A\ {0} in the scenario tree;

e p"is the probability of node € N; we have considered the leaves (and therefore the scenarios)
to be equiprobable, so that

1
— ifnekF
|7
=Y o ifne N\ Fy (10)
meN\{0}
pa(m)=n

e Parametera] andd” correspond ta andd® from the previous section; they are both defined
atnodes: € M\ {0};

e Variable X" € N, defined at € N\ F, corresponds t? from the previous section;
e VariablesY” andZ!* correspond t&"* andZ? and are thus defined ane N\ {0};
e L™ is anew variable representing the inventory level of the customer atrrode
I
LM =170 4 gy "z Y  —d", YneN\{0}; (11)
=1
The multistage model can be then formulated as follows:

N—-F I N I
min 3 p" [qz tiX[‘] +3 " [b Y"—(1-a)gy t (Xfa(”) _ Z[‘)] (12)
n=0 i=1 n=1

i=1

subject to
1
q> XP'<g, VneN\F (13)
=1
I
P 4 g3 2P+ Y - dt >0, vn e N\ {0} (14)
=1
I
Lpa(n) + QZZZL +Y" —d" <lnax, Vn € N\ {O} (15)
=1
Zﬁgxipa("), Vi€ Z,¥n e N\ {0} (16)
qZ" < a?, VieZ,VneN)\{0} 17)
X'eN, VieI,VneN\F (18)
Y™ >0, VYn e N\ {0} (19)
Z' €N, VieI,¥YneN\{0}, (20)



where (12)—(20) correspond one-to-one to (1)—(9) in Section Z:dn E there is no time explicitly in
the model, we will need to refer to it later in the paper. For this purpose, wateldy7" the number
of stages in the model and introduce a time index 1 ..., T, with ¢ = 1 corresponding to the root
of the scenario tree.

Note that the two-stage model presented in the previous section is a spsgabfcthe above
multistage model. The reason we present both formulations is that the tworstaigé may be easier
to understand, especially for readers not used to the node-basaddition of a stochastic program.

3 Numerical results

In this section, we present numerical results from the case describatt@uction, based on his-
torical data from period January 2003 to May 2007 presented in Tabi&s Table 1 presents the
production and transportation costs for each supplier, together with iteickisteom the customer in
Catania; Table 2 shows the historical monthly data of demand for clinker irrélaech Catania and,
finally, Table 3 reports the monthly production capacity of each supplier indhsidered period.

Table 1: Production costs;, transportation costs, distance and travel time from Catania.

Supplier | ci (EIt) t; (E/t) Dist. (km) Time (h)
Porto Empedocle (AG) 18.79 11.40 180 3
Castrovillari (CS) 9.55 33.00 356 7
Isola d. Femmine (PA) 11.00 14.10 225 3
Vibo Valentia (VV) | 11.54  18.50 181 4

Table 2: Monthly demand{ of Catania in the period from January 2003 to May 2007, meaksiur
kilotonnes.

Year | Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
2003 20.0 23.3 23.7 247 244 204 243 221 196 269 264 221
2004 | 24.7 245 30.8 247 299 212 238 210 18.1 288 23.1 24.0
2005| 24.4 238 27.7 286 374 299 29.7 154 20.1 254 229 236
2006 | 22.8 246 289 236 309 254 29.6 233 253 344 257 254
2007 | 25.0 29.0 26.0 23.0 28.0

In our computational experiment, we have used vehicle capacity30 tonnes (t), the storage
capacityl,,... = 35 kilotonnes (kt) and theaily unloading capacity of800t, giving us themonthly
unloading capacityy = 21 x 1800t = 37.8kt, or 1260 full vehicles. The cost of clinker from an
external source was set bo=<€ 45/t and the cancellation fee @ = 0.5. For the initial inventory
levelly at the customer, we have taken the value at the beginning of Januaryt2a0igl, = 2000t,
even if we are aware that it is quite small.

Our aim is to find, for each supplier, the number of vehicles to book at thimiag of January.
Because of the limited number of data at our disposal, we cannot desaiktthastic parameters
by a particular probability distribution; instead, we have constructed sosriay using the historical
data directly, using all the values for December, January and Febagaiyture scenarios for the
January demand and production capacity. In this way, we get fourtegrisos in the second stage
of the scenario tree.



Table 3: Monthly production capacity,; of the suppliers € Z in the period from January 2003
to May 2007, measured in kilotonnes. The zero entries reptg&roduction site closures due to
equipment failure and/or maintenance.

i | Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
'03 9.1 40 111 146 217 142 174 84 249 174 123 13.0
'04 00 41 90 105 93 122 116 136 94 110 9.7 0.0
AG| 05 00 91 83 211 150 151 121 132 113 130 71 12
‘06 17 95 45 140 125 152 113 159 6.2 119 72 9.0
'07 13.0 13.0 19.0 4.0 10.0

'03 109 140 139 191 141 130 45 00 40 137 9.1 45
‘04 83 63 30 00 162 142 123 144 198 193 20.0 15.2
CsS| 05 151 108 219 19.7 153 108 63 00 91 232 117 0.9
'06 187 00 89 160 176 139 48 50 141 243 145 381
'07 170 80 00 0.0 100

'03 155 181 233 124 05 57 125 135 123 102 83 120
'04 27.1 100 12.8 13.8 13.7 140 106 14 103 126 115 16.9
PA | '05 160 38 106 16.6 23.0 27.7 16.7 134 16.8 11.1 19.0 224
'06 275 215 186 204 0.0 140 143 112 184 169 94 111
'07 110 90 7.0 6.0 10.0

03 49 12 127 27 193 119 54 30 146 34 152 25
'04 40 94 183 105 139 86 62 43 72 124 95 0.0
VW |05 35 211 208 13.0 235 191 82 86 46 92 162 16.0
'06 85 223 217 151 74 103 00 25 43 52 183 6.3
'07 00 00 00 0.0 100

The problem was modelled in AMPL and solved using the CPLEX solver. Sueckad to use
very small scenario trees, the solution time is negligible even if the problem ichastic mixed
integer program.

In the rest of this section, we present several tests, the goal of waicheesummarized as follows:

e Test the importance of the numbermbper stages, that is stages with branching, on the quality
of the first stage solution;

e Test, for each type of tree, how maextra-periods, that is stages without branching, we need
to add to mitigate the end-of-horizon effects.

3.1 Effect of extra periodson a model with one proper stage

First, we test the model with scenario trégs73, presented in Figures 2—4. All the trees are charac-
terized by a branching of fourteen descendants from the root anidjaeutescendant on all the other
nodes, such thaf = |F| = 14. The aim of the test is to determine how maaxyra-periods we need
to add to the scenario trég to overcome the end-of-horizon effects.

The results are reported in Table 4, where the last two columns show the@ased in the root



Figure 2: Scenario tred;.
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Figure 3: Scenario treds.

and in the first two stages, that is

4
root: ¢ t; X (21)
Zzl 14 4
stages 1+2: ¢ > ;X0 + Y p" [b Y™ (L-a)g >t (X0 - Z;l)} . (22)
=1 n=1 i=1

Table 4: Solution to the tests from Section 3.1. For each scenar@doasidered, the table shows
the number of scenarigsand stage$’, the optimal number of booked vehicl&s for each supplier
i € Z, and the optimal costs in the root and in the first two stagespectively.

tree] S T|AG CS PA VV|costl€) costl+2€)
77 |14 2,400 0 563 117 439884 438304
7, |14 31433 0 563 133 460050 459 350
73 |14 71433 0 563 133 460050 459 446

We see that using the simplest scenario tfedeads to significantly fewer booked vehicles,
demonstrating nicely the end-of-horizon problem. Since there is no differeetween the first-stage
solutions from tree§; and7;, we can conclude that adding just one extra period is enough to mitigate

the end-of-horizon effect and achieve stability of the first-stage solutilmte, however, that this is
not true for the second-stage solution, which is slightly cheaper irfiré®an in7s; the reason is that
in 75 the second period is the last one, so we again get the end-of-horfeeh @fempty warehouse
at the end of the period.

Note also that, for all the three trees, the cost of the first and secoreistagtually smaller than
the cost of the first stage only. This is due to the fact that the costs of baxtray clinker is smaller
than the repayment we get for cancelling orders for some of the vehisies (22).
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3.2 Deterministic solutions and the value of stochastic solution

To check the importance of modelling the randomness of the parametersmpamothe optimal
solutions and objective values of the stochastic models with those obtaimedtfeocorresponding
deterministic models, where the stochastic parameters (represented by the déhreamdithe produc-
tion capacitya!’, i € Z,n € N\ {0}) are replaced by their mean values, computed over all the nodes
at the same time period. In literature, this kind of problem is cdibguected value problem or Mean
value problem, (see Birge and Louveaux (1997) and Kall and Wallace (1994)).

In a deterministic problem the future is completely known, so the model will ahvsagk the
exact numbers of vehicles needed for the next period. In other warlgetz? = XP*™ for all
n € N\ F. Furthermore, as long as we have enough transportation capacity, the withchever
purchase extra clinker, i.&" = 0 atalln € '\ F.

Solutions to the deterministic models with two, three and four stages are refioriadble 5.
As expected, the model simply sorts the suppliers according to the trartgpodasts and books a
full production capacity from the cheapest one (AG), following by the+theapest (PA). Just as in
the stochastic version, the one-period model orders less than the mult-persions, though the
difference is much smaller than in the stochastic case.

Table 5: Solution to the tests from Section 3.2. Optimal solutionthefdeterministic models with
varying number of stages. For eacHl’, the table shows the optimal number of booked vehidles
for each supplief € Z and the optimal costs in the root and in the first two stagepeetively.

T|AG CS PA VV|costl€) costs1+2€)
2206 0 530 0| 294642 294898
3/206 0 533 0| 295911 295911
41206 0 533 0| 295911 295911

Let’'s now focus on the two-stage case. We see that the deterministic maulel bmuch fewer



vehicles than the stochastic one, resulting in a first-stage solution that is anthings the cost of the
stochastic counterpart. However, we have to remember that thignssample objective value (using
the terminology from Kaut and Wallace (2007)) and the true cost of théisol+or theout-of-sample
objective value—is likely to be higher. To see how much, we can solve thkagtic model with tree

7; and the first-stage variableX f) fixed to the deterministic solution. This results in a total cost of
€495 788, much higher than the predicted (in-sample) cos&df94 898. Furthermore, we see that
the resulting total cost is significantly higher than the optimal solution forZfed he difference is
known as theé/alue of stochastic solution (VSS), see e.g. Birge and Louveaux (1997). In our case, it
is

VSS = obj. val (deterministic sol. orf; ) — obj. val(optimal sol. of7;)

(23)
= 495788 — 438304 = 57 384.

This shows that one can save about 12% of the cost by using even thiestistpchastic model,
compared to the deterministic model—all this provided thais a true representation of reality.
While this is certainly not the casé; is still a better approximation than the deterministic model. In
the next section, we improve the approximation further by adding one mopepstage.

3.3 Oneversustwo proper stages

In this section, we test the effect of one expraper stage (i.e. stage with branching) on the quality
of the first-stage solution. For this purpose, we consider the scenaid,tfeom Figure 5. This is a
three stage tree with 14 branches from the root and 5 from each ofdbrdsstage nodes, resulting
in S =14 x 5 = 70 scenarios an@V'| = 85 nodes. The first two stages are equal to trBess.

Tan (O ) @) @ &) © @O 6 (@ W W @ 6 W
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Figure5: Scenario tredy.

To compare this tree witld; (which has the same number of periods), we need to ensure that the
smaller tree is an ubiased approximatiorZgf To do this, we set the last-stage values:bpfandd”
in the smaller tree equal to the expected value of the five correspondirgjdastvalues frordy. We
denote the resulting tree .

The results for the two scenario trees are presented in Table 6. Analpg¢mtise previous tests,
we see that a better description of stochasticity leads to larger bookings finsthrage. Actually,
in the case of tred, the total number of booked vehicles is equal to 1260, that is the customer’s
unloading capacity. This is due to the fact that we use a rather low initial toselevel I, = 2000,
this being the actual case from January 2007.

Just as in the previous section, we have to remember that the values@ddaacrable 6 represent
in-sample values, so the costs are not directly comparable. To be able to estimateettieoéfising
a better scenario tree, we have to compareotitef-sample costs. For this purpose, we decl&teto
be the true representation of the real world and use itl@nehmark to evaluate the cost of optimal
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Table 6: Solution to the in-sample test in Section 3.3. For both sgeneees, the table shows the
number of scenario§ and stage§’, the optimal number of booked vehiclég for each supplier
i € Z, and the optimal costs in the root and in the first two stagespectively.

tree S T|AG CS PA VV|costl€) costsl1+2€)
T 14 3[400 0O 563 131 448764 455744

7, 70 3]426 21 603 210 538101 494 894

solutions obtained using other trees. The solutions are evaluaterbbimg-horizon basis, that is we
start by rooting each of the tested trees at node 0 offfesolve the model, fix the first-stage solution
and then repeat the procedure with trees rooted at the second-sthapelrd 4 of tredy.

Now, since the model does not have any constraints that would “cutsd¢hesscenarios, solving
the model on treeZy with all the root variables fixed is equivalent to solving fourteen two-stage
models, conditional on the fixed values at node 0. This simplifies the testingg aamsolve all the
trees rooted at nodes 1-14 at once, by solving the model oriitre€he details of the procedure are
provided separately for every scenario-tree structure tested:

T 'tree This can be tested exactly in the way described above, that is

1. Solve the model on tHE? tree and store values of the first-stage (root) variahl@s
2. Solve the model on treg;, with X? fixed to the stored values.

Note however, that this test actually simulates a situation where we use ordgygeand model
att = 2, so it can be expected to underestimate the true quality of the tree. This Bvdpan
unavoidable consequence of havihgas a benchmark tree.

7, tree This case is analogous to the previous one, this time without any problemns at

1. Solve the model on th& tree and store values of the first-stage (root) variailgs
2. Solve the model on tref;, with X7 fixed to the stored values.

deterministic This case differs from the previous one in that we can not use/fraeStep 2 above,
as this would simulate a situation where we use a deterministic modef is at but a stochas-
tic (one-period) model at = 2 and therefore overestimate the quality of the deterministic
approach. Instead, we have to use #f# tree att = 2, since it has a deterministic second
period:

1. Solve the deterministic model and store the solufigh

2. Solve the model on treE?, with X? fixed to the stored values. Store all the second-stage
variables.

3. Finally, solve the model on treg, with all the first- and second-stage variables fixed to
the stored values.

Results of the tests are presented in Table 7. We see tiawwhs the correct representation of
the world, there would be significant advantage to using a even the simplegteviod stochastic-
programming approach, instead of solving the deterministic problem on thegrbllinzon basis.
Furthermore, having two proper stagég)(is better than having only on&/{ and 7;"), thought
the difference is much smaller. In addition, we observe that there is a vendifféeence between
performance of the solutions froy and 7.7V, most likely due to the fact that the end-of-horizon
issues of the former are mitigated by using it in a rolling-horizon fashion.
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Table 7: Solution to the out-of-sample test in Section 3.3. The tahlaws the cost in the first two
stages plus the total cost for solutions computed usingdisfarent tree structures, all evaluated on

tree7y.

Solution from\ cost 1+2€) obj. value €)
deterministic| 469110 1012065.0

tree7; 458 602 907 827.0
tree 7Y 460951 905505.0
tree7, 494 894 900883.5

3.4 Effect of extra periodson a model with two proper stages

This test is analogous to the one presented in Section 3.1, except thahgideranodels with two
proper stages. Again, we want to determine how maxtra-periods we have to add to the scenario
tree7, to mitigate the end-of-horizon effects. For this, we introduce two extraesetree structures
75 (see Figure 6) andg, obtained by adding respectively one and two extra-periods.to

FOu
I (D) () 3) (@) ) (6) (1) (8) (9 W @ @ @3

Feb Q0000 OOO000 OO0000 OO0 OO0O000 COO00 OO0O000 OO0O000 COOO00 OOOO00 OOO000 OO0 OOOO00 OOO00O0

1\/Iar Q0000 O0000 O0O000 OO0O000 OO000O0 OO0000 OO000 O000O0 O0O000 OO000 O0O000 O0O000 O0O000 00000

Figure 6: Scenario treds.

The results of the tests are reported in Table 8. Just as in Section 3.1nsectnat the first-stage
solution X? stabilizes just by addingne extra-period to the scenario tre&;. And just as before, the
difference between thsgtable solution and the solution from treg, is that the former has slightly
more expensive first-stage solution—even though this time the number ofegetmes not change,
since it was on its upper bound already in the case offie€However, additional tests with higher
value of the initial inventory level, show that tree/; indeed leads to more booked vehicles in the
cases where treg, produces orders below the upper bound.) We may also notice that eweghtho
the trees7; and7s lead to equal first-stage solution, the latter has a more expensive ssteqyed-
solution. This is caused by a very minor end-of-horizon effect in the madgltree 75, an effect
analogous to what we observed in Section 3.1.

Table 8: Solution to the test in Section 3.4. For each scenario tresidered, the table shows the
number of scenarioS and stageq’, the optimal number of booked vehiclég for each supplier
i € Z, and the optimal costs in the root, the first two and first tistages, respectively.

tree S T \ AG CS PA VV|costlE) costsl1l+2€) costl+2+3€)

7y, 70 31426 21 603 210 538101 494 894 900 883
7 70 41417 30 603 210 543933 498 782 934 058
T 70 5]417 30 603 210 543933 498 853 936115
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3.5 Sensitivity with respect to parameter o

In this section, we investigate the sensitivity of the optimal solution to the cancalfeae: € [0, 1],
for two different scenario tree structures. We start with results of thsitbdty analysis on the two-
stage model with scenario trée, presented in Table 9.

Table 9: Sensitivity analysis with respect tg tested on scenario trég. For each value of, the
table presents the optimal number of booked vehicles fan sapplieri € Z, the total number of
booked vehicles and the optimal objective value, i.e. theimml cost.

o |AG CS PA VV total| obj. val.
0.0[401 60 563 236 1260334541
0.2]416 33 563 248 1260 384550
0.4 | 400 0 563 117 1080 422096
0.6 | 303 0 563 116 979 451662
0.8 | 303 0 537 110 950 476524
1.0| 300 0 533 110 943 500484

We see that the optimal number of ordered vehicles decreases wittile the total cost increases.
While this might looked counter-intuitive, it is a natural consequence of #yewe model the booking
and cancellation process: when the cancellatiorofézlow, we can book vehicles that we are going
to need only in some of the scenarios, as long as the expected price of lexytia clinker is higher
than the expected cancellation fees. Alternatively, we can rewrite thetivbjfienction (1) as

1 S I
min aq» tX;+» p* [bYs +(1- a)qztizﬂ> (1)
=1 s=1 1=1

which suggests a different (but equivalent) interpretation of the modelpay the cancellation fee
upfront and then pay the rest of the price for the vehicles we actuallyFusen this formulation it is
easy to see why small values@fhould lead to bigger values &f;’s.

Let us for a moment consider the extreme case 6f 0, i.e. zero cancellation fees. From (1),
we immediately see that the objective function in this case becomes

S 1
min Zps {bYS + thiZf] ,
s=1 =1

that is the first stage completely disappears from the model. In other wibette,are no longer any
decisions done under uncertainty (in the first stage). It follows thatdke« = 0 is equivalent

to the so-calledvait-and-see (WS) solution corresponding to models withe [0, 1], see Birge and
Louveaux (1997) or Kall and Wallace (1994) for more information. Thigiin allows us to compute
theexpected value of perfect information (EVPI), given by the difference between the objective values
of the stochastic and wait-and-see solutions. In the case-6f).5, used in all the previous tests, we
get

EVPI = obj. val(7;) — obj. val(W.5)
= 438404 — 334541 = 103763

This means that we should be willing to pay as much as a hundred thousarfdreitve possibility to
postpone the orders til after we have observed the actual demandaghatipon level. Note that this
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is almost a quarter of the total costs, suggesting that the company coulsigaifieant amounts if it
could postpone the orders, or at least improve its estimates of the stoclzmativgpers.

To check whether the above results hold also in the multiperiod case, wedpeated the tests
for scenario tre€s. As we can see from Table 10, the pattern is the same as above, that igeittereb
value increases with, while the number of vehicles booked in the first stage decreases. dgwev
the case of zero cancellation costs no longer corresponds vettrand-see solution, as zero cancel-
lation costs allow postponing the decision one period, while the WS model impktggrong all the
decisions to the last stage of the model.

Table 10: Sensitivity analysis with respect tq tested on scenario trég. For each value of;, the
table presents the optimal number of booked vehicles fdn sapplieri € Z, the total number of
booked vehicles, the cost in the first two stages and the aptibjective value, i.e. the total cost.

a |AG CS PA VV total| cost1+2 obj. val.
0.0| 425 33 592 210 1260 389186 1102282
0.2 | 433 0 603 224 1260 435228 1174898
0.4] 426 21 603 210 1260 476651 1240520
0.6 372 30 630 210 1242510520 1303512
0.8| 316 33 563 163 1075513426 1356732
1.0 303 33 563 133 1032525885 1397606

4 Conclusions

We have proposed a two-stage and a multistage stochastic models for tresstosingle-sink trans-
portation problem and tested it on data provided by the biggest Italian cqromhicer. Our tests
show that for trees with one or twwoper stages, it is enough to add one extra-period to mitigate the
undesirable end-of-horizon effects. Furthermore, we have shtiveeativantage of using a stochastic
model, compared to a deterministic one, as well as the additional advantageirng B model with
more than one proper stage. Finally, a sensitivity analysis of the optimal swutiovalue of can-
cellation fee revealed the importance of this parameter; In addition, the testedlics to compute
the expected value of perfect information (EVPI) and thus show that a good estimate of the stochastic
parameters could lead to significant savings for the company.
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