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This paper presents an analysis of the bid construction phase of procurement auctions in disaster relief
and humanitarian logistics. Substitution and partial fulfillment options are presented in formulations to
allow bidders with fewer inventories to offer substitute item types and partial bids in auctions. During
the auction announcement phase, a coordinating platform for disaster locations (i.e., auctioneer) allows
substitution and partial fulfillment options to the relief suppliers (i.e., bidders) when acceptable. Thus,
suppliers with fewer inventories can offer substitute item types and participate in more auctions by
partially bidding. A genetic algorithm, a simulated annealing algorithm and an integer program are used
for the analysis of the bid construction phase with different announcement options. Heuristic solution
techniques and an IP formulation help understand the dynamics of the bid construction problem. It is
shown that the addition of substitution and partial fulfillment options is essential to diversify and
increase the usable capacity of the supplier base. Additionally, the partial fulfillment option enables
better usage of supplier inventories in an environment with scarce supplies.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

During the last decade, research on disaster planning and
disaster relief logistics has received an increasing interest from
many disciplines due to the emerging need for effective relief
operations. Many studies have investigated disaster planning and
relief logistics [1e3] whereas many others have focused on
resource allocation and procurement operations in an emergency
planning and response context [4e7]. Procurement is necessary to
have the required goods readily available for the relief operations.
Estimates show that 65% of the total disaster relief budget is
dedicated to the procurement of relief supplies and equipment [8],
which makes it the step in the disaster relief process where the
majority of donor funding is spent. In addition, organization of
fundingmechanisms, donor expectations, diversity of stakeholders,
unpredictability of disasters and resource scarcity/oversupply are
some of the factors [9] that contribute to the complexity of
the procurement operations. This complexity poses important
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decisions on the type, quantity, timing, source and destination, as
well as the method of delivery procuring relief goods.

Although a few humanitarian organizations have utilized
auction-based approaches in procurement by the help of logistics
software [10e13], the use of procurement auctions in disaster
relief still needs thorough and practical investigations. The
practice of Humanitarian Procurement Centres (HPC) of the Euro-
pean Commission (EC) is a practical example for the organized
procurement operations when the operations are conducted on
behalf of its partners [14]. During a typical procurement operation,
first, HPCs receive procurement requests from the partners. Then,
they consolidate these requests and conduct the procurement
following the principles of ethics, transparency, proportionality,
and equal treatment of potential suppliers [15]. This study proposes
a procurement auction-based approach for procurement opera-
tions in similar environments where a coordinating platform at the
disaster location represents the auctioneer and suppliers around
the disaster location represent the bidders.

Although the number of studies and publications on procure-
ment auctions has increased in recent years [16], this research area
could still benefit from the attention of OR/MS practitioners [17].
Besides, most of the research on this topic is in a commercial
context and usually concentrates on the auctioneer’s perspective.
This study focuses on the bidders’ perspective in a disaster relief
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context when there is a coordinating platformwhich collects needs
and conducts the auctions. The motivation for this study is to
enable the design of procurement auctions for an effective disaster
response. The research question that we seek to answer in this
paper is: “What are the specific design parameters for an effective
procurement auction in disaster relief setting?” The contribution of
this study is that we focus on the suppliers’ perspective in
a procurement auction and investigate different techniques for the
suppliers to construct bids effectively. New procurement auction
design parameters are introduced to facilitate following the EC
procurement principles and to better utilize suppliers’ capacities in
a scarce resource environment. Thus, the purpose of the paper is to
show that announcement options are beneficial to the suppliers as
well as the auctioneer.

2. Literature review

There are a number of factors that necessitate procurement in
disaster relief operations. First, pre-positioned inventories are
usually insufficient in many disaster relief operations [18]. Second,
a demand/supply mismatch and operational problems are
frequently observed in practice for gifts-in-kind [19e21]. Third,
funding for the disaster is proliferated after the disaster [22]
which requires dynamic spending strategies for the available
funds. One way to effectively acquire the needs in an environment
with scarce resources is procurement auctions. A procurement
auction is a mechanism that outlines procedures to establish
procurement of supplies based on bids submitted by participants
[23]. Two parties are defined for an auction: auctioneer and
bidder. A buyer and multiple sellers are present in a procurement
auction. In a disaster relief environment the buyer is typically
a coordinating platform near the disaster location and acts as the
auctioneer whereas the suppliers are bidders that bid on the
auctions.

Typically, procurement auction-based models include two main
phases: (1) the bid construction phase and (2) the winner deter-
mination phase [24,25]. In the bid construction phase, the bidders
evaluate the auction and construct a bid price considering
a number of objectives and constraints. When the auctioneer has all
the bid prices, the winning bid is determined by utilizing a winner
determination algorithm [26e28]. To date there is a limited amount
Fig. 1. Procurement a
of research in the literature that concentrates on the supplier’s
perspective and focuses on the bid construction phase, which
directly affects the auction. Many of the studies in the literature
focus on a commercial context [29e31], Trestrail et al. [32] is one of
the few studies that analyze the procurement process from the
bidders’ perspective and illustrate the remote procurement of the
world’s largest donor of food aid (i.e., United States Department of
Agriculture (USDA)). Bagchi et al. [33] proposes an optimal auction
mechanism for USDA to deter gaming of suppliers and enhance bid
preparation process by combining carrier and supplier bids. On the
other hand, Falasca and Zobel [34] present a two-stage stochastic
procurement model from the perspective of humanitarian organi-
zations (i.e., auctioneer’s perspective).

Equal treatment of potential suppliers is explicitly required
from HPCs in real disaster relief operations. Nevertheless, there is
usually an imbalance of quality and availability of relief goods
between local and global suppliers, whichmakes it harder for them
to follow this principle. Local (i.e., usually smaller) suppliers often
do not have the capacity to provide the best quality of relief
supplies and to hold inventory of large quantities. On the other
hand, procuring from local suppliers is encouraged especially in
the recovery phase of disaster relief to support local the economy
and contributions of local people [35,36]. Besides, it is logistically
cheaper to procure from local suppliers. In order to address this
issue, announcement options (i.e., substitution and partial fulfill-
ment) are proposed in procurement auctions to alleviate the
imbalance and to create an opportunity for local suppliers to bid. A
spillover effect of these announcement options would be in
increasing the usable capacity of the supplier base by removing the
quantity restriction.

This paper specifically focuses on the bid construction phase for
procurement auctions within the context of disaster relief opera-
tions. The bid construction phase includes decisions related to
quantities and types of items in the bids. The decisions are
compared using a Genetic Algorithm (GA), a Simulated Annealing
(SA) Algorithm, and an Integer Programming (IP) formulation of the
problem. A Linear Programming (LP) relaxation of the IP is used as
a benchmark in this comparison. Partial fulfillment and substitu-
tion of supplies are two major considerations introduced in this
auction process. The impacts of those considerations on bid
construction decisions are also analyzed.
uction processes.



procedure genetic algorithm
begin

t 0
initialize P(t)
evaluate P(t)
while (not termination condition) do
begin 

t t + 1
select P(t) from P(t - 1)
alter P(t)
evaluate P(t)

end
end

Fig. 2. Pseudo code of implemented GA.
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3. Methodology

3.1. Auction model

Procurement auctions considered in this study have one
auctioneer and multiple bidders. In the process, depicted in Fig. 1,
partners of the coordinating platform submit their need for relief
supplies to the auctioneer. The auctioneer bundles these needs,
creates the auction and announces it. The bidders receive the
announcement and construct their bids according to their on-hand
inventory. The objective of the auctioneer is to fulfill the needs of
the humanitarian organizations as much as possible. On the other
hand, the objective of the bidders is to enter into as many auctions
as possible and to supply the required items with their available
inventory. These objectives are complementary to each other when
both parties act on humanitarian grounds such as the disaster relief
environment.

Two announcement options are considered in this process,
namely substitution and partial fulfillment. Substitution is an option
that allows bidders to offer substitute supplies if they don’t have
enough quantity of the needed supply. The Partial Fulfillment
option, on the other hand, deals with offering only on-hand
supplies when bidders don’t have enough quantity to meet the
entire request.

These options are included in the procurement auction process
to fulfill the demand of the auctioneer as much as possible with the
on-hand inventories of bidders. Most commercial practices in
procurement auctions do not allow the bidders to enter the auction
if they do not possess enough quantity for the supplies requested
[37]. We hypothesize that inclusion of these options in the auction
process would be essential to let local (i.e., lower capacity)
suppliers bid and allow them to utilize their on-hand scarce
resources better. On the other hand, substitution and partial
fulfillment decisions are optional for the auctioneer. Each option
may or may not be allowed for different supply types in an
announcement.

Shipping and inventory replenishment decisions of the bidders
are not considered in this process. Only one substitute for each
supply type is considered; two or more order substitutes (i.e.,
substitute of a substitute) are not allowed. Also, an announcement
cannot have the original item and the substitute item at the same
time. The substitute item quantity is found by multiplying the
original item quantity by a factor. Let Qj be the original demand
quantity for item type j, and Fj be the substitute factor for item type
j. Then, Bj, which represents the substitute item quantity for supply
type j can be given as:

Bj ¼ Fj
XQj (1)

Here, without loss of generality, the range of Fj is assumed to be
within [1.0e1.5]. We acknowledge that this range is reasonable
only for certain supply types. Nevertheless, it can be applied to
many essential ones (e.g., food). An example of substitution can be
given for MRE (meals-ready-to-eat) items. A cup of pinto beans
Table 1
A sample announcement.

Index for
item type (j)

Original
quantity (Qj)

Substitute
factor (Fj)

Substitute
quantity (Bj)

Substitution
option (Sj)

Partial
fulfillment
option (Pj)

1 62 1.25 78 0 1
2 38 1.40 54 1 1
3 82 1.30 107 1 0
4 98 1.20 118 1 0
5 50 1.10 55 1 1
(206 kcal) might be a substitute for a cup of chickpeas (286 kcal)
[38]. The substitute factor is 1.38 (286/206) for these items. The
substitute factor is proposed for products where their substitute
quantities can be clearly defined [39] as in the case of calorie
comparison.

When an auctioneer releases the announcement data, bidders
need to construct bids. A bidder may have choices of satisfying the
demand with only original items, only substitute items, or a mix of
those depending on their on-hand inventory. Let Xj be the decision
variable for original quantity bid and Yj be the decision variable for
the substitute quantity bid of corresponding bidder. Let parameters
Vj and Wj be the values of original item type j and its substitute in
the inventory of corresponding bidder. The objective function used
in bid construction is formulated as:

Min
Xn

j¼1

XjVj þ
Xn

j¼1

YjWj (2)

The value of an item is a function of sales price, condition,
and age. The objective function represents the bid value and is
minimized to make use of the aged items as soon as possible. The
value of each supply in inventory is known by the bidder a priori.
The challenge in this decision is whether to include substitutes and
how much to include when it is allowed by the auctioneer. Since
the main aim is to fulfill the demand, registered suppliers are
Fig. 3. Pseudo code of implemented SA.



Table 2
Inventory situation of a bidder.

Index for
item type (j)

Original Substitute

Asset value
(Vj)

Inventory
on-hand (Ij)

Asset value
(Wj)

Inventory
on-hand (Hj)

1 16 77 39 79
2 73 20 92 74
3 12 72 15 58
4 73 66 20 80
5 6 78 27 73

Table 4
Bidder on-hand inventories.

Bidder index Parameters U(a,b)

1 U(0,50)
2 U(50,100)
3 U(50,100)
4 U(50,100)
5 U(50,100)
6 U(100,150)
7 U(100,150)
8 U(100,150)
9 U(100,150)
10 U(150,200)
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required to bid for the announcement if they can satisfy the
announcement (e.g., mixing substitute supplies with the originals).
This consideration is practical in disaster relief logistics where only
limited supply is available and the bidder needs to satisfy the
requirements in a short time with these supplies and can be
included in the contractual agreements with coordinating plat-
forms and their registered suppliers. Inventory status of each
bidder is also defined by the original and substitute item inventory
on hand quantity, represented by Ij for original item type j andHj for
substitute item type j, respectively. A sample announcement con-
structed by the auctioneer is given in Table 1 to illustrate the
substitution and partial fulfillment concepts. Announcement
options are represented by Sj and Pj, substitution and partial
fulfillment options respectively, where 1 represents allowing this
option and 0 represents otherwise.
3.2. Solution approaches

In this study, three solution approaches are tested for the bid
construction decisions: Genetic Algorithm (GA), Simulated
Annealing (SA) Algorithm, and Integer Programming (IP).

3.2.1. Genetic algorithm
Let P(t) denote a population of n individuals for iteration t. In this

definition, individuals represent a possible solution to the problem.
They are compared with each other using some fitness criteria.
Fitter individuals are selected by some selection criteria to serve as
parents. These parents are mated to form the next generation [40].
The structure of the GA is given in Figs. 2 and 3.

A dynamic real encoding scheme is used to represent the bid
quantities. Here, an individual of a possible solution is defined by
original and substitute bid quantities, represented by Xj and Yj
respectively for item type j where each item type represents
a different relief supply. Samples from various solutions are rep-
resented in the initial population. The fitness of individual i from
a population is found as follows:

fitnessðiÞ ¼ 1=½objectiveðiÞ � Best þ 1� (3)
Table 3
Initial population of size seven.

Individual Original Substitute

X1 X2 X3 X4 X5 Y1

1 62 8 50 66 48 0
2 62 20 40 32 50 0
3 62 20 72 32 8 0
4 62 20 38 32 48 0
5 62 20 38 32 50 0
6 62 10 66 44 36 0
7 62 18 38 32 50 0
where objective(i) is calculated with equation (2) for individual i
and Best is the smallest objective function value found up to that
iteration. One is added to the denominator to avoid division by zero
for the best individual. These fitness values are then mapped to
a percentage fitness to facilitate comparison.

The process of selecting the fittest individual will be illustrated
with an example. On-hand inventory and values for a bidder are
given in Table 2. Table 3 represents the initial population (i.e., P(0))
for the inventory status in Table 2 and the sample announcement in
Table 1. Here, five original item types and five substitute item types
are considered. The encoding scheme is dynamic because the
chromosome length is 2x(Number of Item Types) for each
announcement. Since this is the initial population, the smallest
objective function value (i.e., Best) of all individuals up to that
iteration is computed as 10,385. Note that each individual in Table 3
is feasible (i.e., has bid quantities less than or equal to the inventory
on-hand) with respect to the inventory situation in Table 2 and
announcement data in Table 1.

Three methods [41] are used in the GA to create diversity in the
next generation. Parents are selected 75 percent of the time using
tournament selection, 23 percent of the time using a roulette
wheel, and two percent of the time with an elitist strategy. The
elitist strategy preserves the best two individuals from previous
generations for the next generation. Parents are selected for the
next generation based on their fitness values in the roulette wheel
selection method. The smaller the objective function of an indi-
vidual, the greater the chance of being selected. Tournament
selection works as follows: It starts with selecting two individuals
randomly. The individual with the smallest objective function is
selected as a parent among the two. Then two other individuals are
selected randomly and the best is picked. Then, the two selected
individuals are used to mate. After selecting the parents, the next
population is generated by using a uniform crossover operator
where one XjeYj pair is changed between individuals. Utilizing this
approach results in feasibility being preserved and more alterna-
tives are being considered, which were not in the initial population.

After initial experimentation, the following GA parameters are
used in themodel: Population size of 100, number of generations as
Objective value Fitness (%)

Y2 Y3 Y4 Y5

42 42 39 3 12,637 0.04
26 55 80 0 10,385 92.95
26 13 80 47 11,156 0.12
26 58 80 3 10,475 1.02
26 58 80 0 10,406 4.22
40 0 65 16 11,354 0.10
28 58 80 0 10,444 1.55



Table 5
Demand vs. inventory match.

Percentage of all
announcements (%)

Satisfying proportion of
all bidders (%)

35.4 90
79.5 50
86.3 10
92.4 0
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100 and a crossover ratio of 0.7. Since the GA converges to one good
solution when using the three parent selection methods, all indi-
viduals in the last generation remain unchanged. One of the indi-
viduals from the last generation is selected as the bid for that
bidder.

3.2.2. Simulated annealing algorithm
SA is a stochastic local search algorithm, which enables the

search to escape from local optima in the solution space [42]. At
each iteration of the algorithm, the current objective function
value (vc) and newly selected solution (vn) from the neighborhood
of the current one are evaluated. If the new solution is promising,
then the search jumps to that solution. Even if vn is non-improving,
it is undertaken with some probability. The probability of accept-
ing an inferior solution decreases in consecutive iterations using
a temperature parameter (T) using a cooling schedule (a). In this
way, SA searches the current neighborhood extensively to
converge the best value in later iterations of the algorithm [40,41].
The pseudo code of the implemented SA algorithm is given
in Fig. 3.

The algorithm starts with finding a random feasible bid, which is
determined using the availability of the bidders. The objective
function used in eval(v) is given in equation (2). There are several
parameters in the SA that affect the goodness of the solution,
namely the neighborhood of a solution, the cooling schedule (a),
the initial temperature (T), the halting criterion and termination
condition. These SA parameters are experimented to find the best
combination of parameters specifically for the bid construction
problem.

For the cooling schedule, a geometric schedule is usedwhere T is
updated by aT. Here, a is the cooling parameter and is changed to
three levels: 0.95, 0.9, and 0.85. To find an estimate for the range of
the initial temperature, a formula from Gonzales et al. [43] is used
(T ¼ �Df*/ln(pa)). In this formula, Df*is the average objective
increase observed in a random change, and pa is the initial accep-
tance probability (0.8 is usually used). Approximately 10,000
random functions are observed and the average value was 400. To
find an initial value for T, values of 800, 500, and 300 are analyzed.
Similarly, 50 and 100 iterations are used to initiate the termination
criterion and 100 and 250 are used for halting criterion. Along with
Table 6
Results of experiments.

Number of items Average comp time (sec) Average min objectiv

GA SA IP LP bound GA SA

1 117.3 86.2 50.0 45.2 771.9 767.4
2 152.0 100.1 51.1 47.0 5109.4 5107.6
3 195.2 110.5 50.0 45.4 5243.2 5240.1
4 222.3 120.5 51.6 45.3 9200.2 9196.2
5 257.8 133.3 46.6 45.6 11,585.5 11,566.8
6 292.5 151.0 50.8 45.4 14,184.7 14,094.0
7 330.6 164.0 47.9 45.3 18,067.7 17,927.3
8 367.4 179.2 50.6 45.3 21,273.4 21,110.1
9 403.5 192.0 50.0 44.8 23,209.2 22,914.5
10 436.1 206.2 47.5 45.2 25,470.2 25,153.0
these levels, a minimum temperature of 0.0001 is used to halt the
algorithm (i.e. when the temperature reaches 0.0001).

Results of the initial experiments are compared with each other
using convergence criteria as well as whether the best bid is
found for a sample announcement. When the results from these
experiments are examined, one item neighbor, 0.85 for a in the
cooling schedule, 300 for T, 100 iterations for halting criterion,
and 100 iterations for termination criterion are the best
combination.

3.2.3. Integer programming formulation
The objective function, parameters and decision variables defi-

nitions in the following IP formulation are the same as Section 3.1
with an addition of M (i.e., Big-M) and zj. Big-M is a sufficiently
large integer and zj represents the availability of the bidder for the
announcement, and is calculated using the parameters given in the
announcement and on-hand inventory. The formula
(FjIj þ SjHj � FjQj) is used to compute zj for each item in the
announcement. If this inequality is valid (i.e., the bidder has enough
inventory to satisfy this item in the announcement), then zj ¼ 0;
else zj ¼ 1. The IP formulation uses the objective function in
equation (2) and the constraints are as follows:

FjXj þ SjYj � FjQj �Mzj cj (c.1)

Yj � MSj cj (c.2)

Xj � Ij cj (c.3)

Yj � Hj cj (c.4)

Xj � PjIj �M
�
1� zj

�
cj (c.5)

Yj � Sj Pj Hj �M
�
1� zj

�
cj (c.6)

Xj � 0 and integer cj (c.7)

Yj � 0 and integer cj (c.8)

The first two constraints are the announcement fulfillment
constraints. In constraint (c.1), the first term on the left hand side
represents the original quantity and the second term on the left
hand side is present only when substitutes are allowed (i.e., Sj ¼ 1).
The right hand side is the original quantity in the announcement. If
there is not enough inventory (i.e. zj ¼ 1), then this constraint is
redundant by the use of the Big-M. Constraint (c.2) forces substitute
bids to be 0 when substitution is not allowed. Constraints (c.3) and
(c.4) prohibit the supplier from bidding more than the on-hand
e value Average objective value

IP LP bound GA SA IP LP bound

767.1 766.1 2123.5 2104.9 2104.1 2102.2
5106.2 5099.0 6011.1 6008.7 6007.8 5990.8
5237.4 5228.6 8192.4 8173.6 8169.8 8160.1
9191.5 9121.4 10,935.2 10,911.5 10,906.9 10,874.7

11,560.1 11,469.5 14,060.7 14,016.8 14,010.1 13,974.9
14,089.1 14,072.4 17,008.0 16,923.8 16,916.6 16,899.9
17,919.1 17,883.1 19,990.9 19,864.5 19,857.1 19,834.1
21,101.8 20,984.3 23,306.7 23,135.5 23,124.8 23,079.8
22,905.4 22,882.1 25,996.0 25,793.0 25,779.1 25,757.1
25,146.1 25,121.2 28,558.0 28,315.6 28,299.6 28,276.1



Fig. 4. Optimality gap of average objective values from LP lower bound.
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inventory. Constraints (c.5) and (c.6) oblige bidders to provide
whatever they possess as a bid if they do not have enough inven-
tory to fully satisfy the announcement. Constraints (c.7) and (c.8)
are integrality constraints.

3.3. Experimental study

In this section, an experimental study is conducted to compare
the performances of the GA, SA and IP formulations in bid
construction and analyze the impacts of substitution and partial
fulfillment options. Demands for different supply types are con-
structed using a Poisson distribution with a mean of 100 demands/
day for a week long period. Poisson distribution has been used in
estimating the disaster relief demand [44] and inventory models
with emergency orders [45]. Each supply type is equally likely to be
demanded. The number of different supplies in an announcement
is altered from one to ten for different experiments. The number of
items in an announcement relates to the maximum number of
supply types allowed to be auctioned together.
Fig. 5. Optimality gap of average of minimum
Ten bidders with different capacities are used to simulate
system behavior with diverse suppliers. Studies on the commercial
context report that an advantage of procurement auctions is the
opportunity to find new diverse suppliers [46] and a diverse supply
base positively affects bundle performance [47]. The bidders have
different on-hand inventory levels with varying values to satisfy the
auctioneer’s demand. Capacity (i.e., on-hand inventory) is one of
the attributes of supply base heterogeneity in procurement
auctions [48]. Bidder inventory levels of all items are determined by
drawing from uniformly distributed random variables with
different parameters. The parameters of these uniform distribu-
tions for the bidders are given in Table 4.

While determining inventory levels for bidders, the values are
set to satisfy some portion of all announcements. This logic stems
from a practical figure of a previously studied transportation
services auctions [49]. The demand and on-hand inventory match
is given in Table 5. For example, approximately 90% of bidders can
bid on about 35% of all announcements and only 10% of bidders can
bid on about 86% of all announcements.
objective values from LP lower bound.



Table 7
Bid content where substitution is an option.

Bidder X (%) Y (%) XY (%) None (%)

IP SA IP SA IP SA IP SA

1st 13.7 10.9 3.2 3.2 50.0 52.4 33.1 33.5
Avg. 2nde5th

(stdev)
34.1
(5.9)

33.2
(6.2)

17.7
(4.6)

17.2
(4.3)

40.6
(1.9)

42.1
(2.8)

7.6
(0.9)

7.5
(0.2)

Avg. 6the9th
(stdev)

52.7
(7.5)

51.8
(7.2)

23.7
(4.5)

23.0
(3.8)

20.9
(3.5)

22.6
(4.1)

2.6
(0.2)

2.5
(0.1)

10th 62.7 61.3 25.0 25.0 11.1 12.5 1.2 1.2

Table 9
Bid content for partial fulfillment option.

Bidder Substitution allowed Substitution not allowed

Full (%) Partial (%) Full (%) Partial (%)

IP SA IP SA IP SA IP SA

1st 31.1 31.1 68.9 68.9 13.7 13.7 86.3 86.3
Avg. 2nde5th

(stdev)
84.6
(1.9)

85.5
(0.4)

15.4
(1.9)

14.5
(0.4)

51.9
(5.0)

52.5
(4.5)

48.1
(5.0)

47.5
(4.5)

Avg. 6the9th
(stdev)

93.4
(0.7)

93.1
(1.0)

6.6
(0.7)

6.9
(1.0)

77.9
(1.4)

79.0
(0.5)

22.1
(1.4)

21.0
(0.5)

10th 98.4 98.4 1.6 1.6 84.8 84.8 15.2 15.2

M.A. Ertem et al. / Socio-Economic Planning Sciences 46 (2012) 306e314312
The GA, SA, and IP are compared using three performance
metrics: (a) average computation time in seconds, (b) average
minimum objective value (given by the ten bidders), and (c)
average objective value. The GA and SA are coded in Visual Basic�.
The IP and LP are coded in AMPL� using the CPLEX 9.1.2� solver.
All experiments are conducted in a PC having an Intel Pentium D
3.2 GHz CPU and 2 GB RAM. The results of experiments are
summarized in Table 6. These average values are for problem
instances where bidders satisfy all of the announced items.

The IP model consistently outperforms the GA and SA models in
average computation time; however, the performance difference of
models in terms of average minimum objective value and average
objective value are much smaller. For further analysis the opti-
mality gaps between the three approaches and the LP lower bound
are calculated. The LP formulation relaxes the integrality constraint
for the decision variables in the IP formulation; therefore, non-
integer bids are allowed in the LP formulation, and the rest of the
constraints are kept the same as the IP formulation. Average
computation time, average minimum objective value, and average
objective value for the LP lower bound are calculated and the
results are also given in Table 6. The following formula is used to
calculate the optimality gap:

Optimality Gap ¼ 100xðcorresponding obj:val:

� LP obj:val:Þ=LP obj:val: (4)

The optimality gap for the average objective values are given in
Fig. 4. As seen in the figure, SA and IP outperform GA; they are more
stable as the number of items in an announcement increases. The
SA has a maximum optimality gap of 0.34% and the same value for
the IP is 0.30%.

The optimality gap between the averages of the minimum
objective values of all bidders is given in Fig. 5. It is observed that
GA performsworsewith increasing number of items. The IP and the
SA both vary approximately between 0.10% and 0.40%. The opti-
mality gap tends to decrease both in SA and IP with increasing
number of items.

After comparing different solution approaches, two sets of
experiments are conducted to study the impacts of substitution
(i.e., the first set) and partial fulfillment options (i.e., the second
set). The SA and IP models are selected for this study due to their
Table 8
Bid content where substitution is not an option.

Bidder X (%) Y (%) XY (%) None (%)

IP SA IP SA IP SA IP SA

1st 58.7 58.7 0.0 0.0 0.0 0.0 41.3 41.3
Avg. 2nde5th

(stdev)
81.4
(2.5)

81.0
(2.0)

0.0
(0.0)

0.0
(0.0)

0.0
(0.0)

0.0
(0.0)

18.6
(2.5)

19.0
(2.0)

Avg. 6the9th
(stdev)

92.3
(0.5)

92.2
(0.5)

0.0
(0.0)

0.0
(0.0)

(0.0)
(0.0)

(0.0)
(0.0)

7.7
(0.5)

7.8
(0.5)

10th 94.8 94.6 0.0 0.0 0.0 0.0 5.2 5.4
steady performance compared to the GA. Individual bid quantities
for ten supply types are considered for this analysis since they
incorporate other problem instances. The ten bidders are divided
into four categories with the same parameters. These categories
include the 1st bidder, the bidders 2nde5th, the bidders 6the9th,
and the 10th bidder from Table 4. The values for the second and
third category are averaged.

The impact of substitution option is analyzed in the first set of
experiments. Bid content is classified as follows: (1) bids where
only original item types (X) are used, (2) bids where only substitute
item types (Y) are used, (3) bids where both original and substitute
item types (XY) are used and (4) bids where no supply can be
offered with the on-hand inventory. The results for bids where
substitution is allowed are depicted in Table 7, the results for bids
where substitution is not allowed are given in Table 8.

Tables 7and 8 illustrate that if substitution is allowed, regard-
less of their inventory level category, the number of demands,
which bidders can bid on, increases. Standard deviation figures for
original item types decrease in Table 7 compared to Table 6, since
there is no flexibility of using substitute types. Bidders with fewer
inventories are allowed to bid with the inclusion of a substitution
option.

In the second set of experiments, the partial fulfillment option
for the bids is also enabled. Here, the bidders with fewer invento-
ries than the announced quantity are allowed to offer whatever
they have in their inventory. Bid content is classified into two
categories: full demand fulfillment and partial demand fulfillment.
The results for these categories where substitution is allowed and
not allowed are depicted in Table 9.

It can be concluded from Table 9 that when the bidders have
fewer inventories, the ratio of partial fulfillment increases. If
substitute items are allowed, all bidders have more chance of bid-
ding than in the prohibited case. The impact of the substitution
option is more substantial for bidders with fewer inventories than
for bidders with more inventories.
4. Conclusion and discussion

Humanitarian and disaster relief logistics involve control,
planning, and management of cumbersome operations in a disaster
relief environment where short-term crisis management strategies
are used to push products out in parallel systems. In order to
accomplish these tasks immediately and supply the demand at the
disaster locations effectively, the use of procurement auction-based
methods has a potential to increase. Coordinating platforms require
effective auction models designed specifically for procurement in
disaster relief environment. Bid construction and winner deter-
mination are the two major phases in typical procurement
auctions. In this paper, the bid construction phase is analyzed with
a Genetic Algorithm (GA), a Simulated Annealing (SA) Algorithm
and an Integer Program (IP). Substitution and partial fulfillment
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options are presented in formulations to allow bidders with fewer
inventories (i.e., local suppliers) to offer substitute types and
partially bid in auctions.

The results illustrate that inclusion of these options allows local
suppliers (i.e., the ones with less on-hand inventory) to bid in
procurement auctions, which in return helps the coordinating
platform (i.e., auctioneer) attain better diversity and higher
capacity in its supplier base. Heuristic solution techniques help
understand the dynamics of the bid construction problem and the
IP formulation gives a more structured and precise solution. It can
be concluded that the number of supply types in an announcement
affects the success of the auction positively, because the optimality
gap tends to decreasewith an increasing number of item types. This
result is complementary with case studies in Beall et al. [36], where
researchers report that if more items are auctioned together, this
gives suppliers more flexibility in determining bid content.
Computation time results depict that if there are too many supplies
in the auction to manage, the bid construction problem becomes
complex.

The use of substitution is beneficial both for relief suppliers and
the coordinating platform. In this way, suppliers can offer substi-
tute items in place of original supplies and better utilize their on-
hand inventory. The auctioneer makes use of this option in cases
when a more diverse and higher capacity supply base is desired. It
is shown with the proposed quantitative modeling approach that
the substitution option is more auspicious for the lower capacity
suppliers than the higher capacity suppliers. It is also noted that the
determination of a substitute factor is essential in converting the
original supply types to substitute types. This factor is for quanti-
ties, and if intangible specifications are considered, a substitute
factor needs to incorporate those specifications as well. A partial
fulfillment option enables better usage of supplier inventories.
Relief suppliers are allowed to bid less than the announced quan-
tity, which provides them the opportunity to offer their inventory
more quickly rather than waiting for an auction that fits their
specific inventory level. If partial fulfillment is not allowed, higher
capacity suppliers are more likely to be awarded an auction than
lower capacity suppliers.

One limitation of using procurement auctions might stem from
varying quality of relief supplies that are procured from different
bidders. If beneficiaries are exposed to different levels of supply
quality, it would be a clear violation of the equity principle. Thus,
coordinating platforms should clearly specify the product specifi-
cations when announcing the demand.
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