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When a disaster occurs, the single agent does not have complete knowledge
about the circumstances of the disaster. Therefore, the rescue agents should
coordinate with each other to perform their allocated tasks efficiently.
However, the task allocation process among rescue agents is a complex
problem, which is NP-complete problem, and determining the rescue agents
that will perform the tasks efficiently is the main problem, which is called
the winner determination problem (WDP). This paper proposed an enhanced
approach to improve rescue agents’ tasks allocation processes for WDP in
reverse combinatorial auctions. The main objective of the proposed approach
is to determine the winning bids that will perform the corresponding tasks
with  minimum cost. The task allocation problem in this paper was
transformed into a two-dimensional array, and then the proposed approach
was applied to it. The main contribution of the proposed approach is to
shorten the search space size to determine the winners and allocate the
corresponding tasks for a combination of agents (i.e., more than two agents).
The proposed approach was compared to the genetic algorithm regarding the
execution time, and the results showed good performance and effectiveness
of the proposed approach.
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1. INTRODUCTION

In managing disasters, the coordination processes among rescue agents in multi-agent system
(MAS) means the ability of rescue agents to work together to achieve some goals [1]. Coordination includes
sharing for both tasks (i.e., how tasks are allocated for other individual agents) and information sharing
relevant to their subtasks. It can be proactively, i.e., one agent sends information to another interested agent,
or reactively, i.e., an agent sends information in response to a previously sent request [2]. In this sense,
Andrea [3] suggested three processes to solve the task allocation and coordination problem among agents.
First, direct supervision means that the agent can send or receive an order from another agent. The second is
a mutual adjustment, which means the agent adapts to enhance the coordination processes. The third process
is standardization, which means that there are rules in coordination among the agents. This paper concerns
first process (i.e., direct supervision), also called centralized approaches, which means that one agent is
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responsible for making all decisions independently, and it is usually called a decision-making agent or
supervisor agent. One of the most centralized approaches to efficiently allocating tasks is a market-based
mechanism [4]. The current marked-based mechanism of the research community interest is the auctions.
There are clear rules to determine the prices and resource allocation based on bids in an auction. Therefore,
auctions are practical and efficient to allocate resources to agents [5]. Two main parts in an auction are the
auctioneer (seller) and the bidders (buyers), where the seller wants to sell the items with the highest price
available, and the buyers want to get the item with the lowest price [3].

Auctions were used widely for task allocation and coordination in MAS [6]. In this sense, a wide
range of possible auctions has been identified, and the combinatorial auctions are most frequently used. In
combinatorial auctions, multiple bidders can place bids for combinations of items (i.e., tasks) for only one
auctioneer [7], which means that multiple bidders are required to fulfil a combination of tasks according to a
given criterion. The criterion can maximize the utility (i.e., cost) or minimize the accomplished time for all
tasks. The main objective of combinatorial auctions is to obtain the maximum benefit for the auctioneer by
determining the appropriate set of winning bids (i.e., the winners). Determining the winning bids that will
perform the corresponding tasks is regarded as one of the main problems in the combinatorial auction, which
is called the winner determination problem (WDP). A combinatorial auction problem is a winner
determination problem which is still one of the main challenges of combinatorial auctions [8]. Indeed, WDP
in combinatorial auctions is a complex problem, and it is an NP-complete problem, which is equivalent to a
weighted set packing problem [9].

The WDP problem stated as follows: Let us consider a set of m tasks, T =1, 2 ... m to be auctioned
and a set of n bids, B = By, B ... Bn. A bid Bj is a tuple (Ti, Cj) where Ti is a set of tasks, and Cj is the cost of
Bj. Then, a Bj can place a bids bj(S) > 0 for any combination of S €T (i.e., the winning bids). The WDP is
the problem of finding winning bids that maximize the auctioneer’s revenue, which is computed as the sum
of the cost of the winning bids, under two constraints that each task can be allocated to at most one bidder
and all tasks should be covered. The WDP can be modelled as (1).

Max 3.°_ b; (S,C) 1)

Under the following constraints:

1) Each solution is a sequence of disjoints bids, which means that no tasks are shared. Therefore, it holds that
SlﬂSzﬂ... ﬂSjZQ

2) All tasks should be covered in the solution; it holdsthat S; US, U ... US;=T.

This paper suggest to improve task allocation processes in a combinatorial auction by minimizing
the cost of performing the tasks as quickly as possible rather than maximizing the cost contrary to the
traditional combinatorial auction, the reverse case. The roles of auctioneers and bidders in the reverse
combinatorial auction are exchanged. According to [10], reverse combinatorial auctions are widely used in
procurement, where the auctioneer wants to gain the tasks with minimum possible cost from an appropriate
set of bidders to perform the corresponding tasks [11]. The auctioneer can hold a reverse auction to try to
obtain the tasks, more formally, the WDP in a reverse combinatorial auction finds winning bids that
minimize the auctioneer’s revenue under the same constraints. Therefore, the WDP in the reverse
combinatorial auction can be modelled as (2).

Min 3" b; (5,C) 2

A few studies have addressed the WDP in reverse combinatorial auctions. The most popular methods that
have been used for solving this problem are evolutionary algorithms (EAs) such as genetic algorithm (GA)
[12]-[15], swarm intelligence (SI) algorithms such as ant colony optimization (ACO) [16]-[17], lagrangian
relaxation [18]-[20] and bidtree formulation [3], [21].

The previous studies noted that the WDP in reverse combinatorial auctions had been solved in
different methods as mentioned above. However, each method has drawbacks to reaching the optimal
solution, such as the genetic algorithm (GA) [12]. The main drawback of this method needs comparatively
many generations. In addition, computational time increases significantly with increasing the number of tasks
and bidders. In swarm intelligence (SI) [16], the main drawback is the average cost of the bidder, which is
considered constant (i.e., there is no significant difference in costs among items). In addition, the improved
algorithm is effective for the auctioneer to find an optimal solution for small scale only. While the lagrangian
relaxation method [18] can only find near-optimal solutions for minor problems without considering the large
scales. Finally, the bidtree formulation method requires complex steps to prepare the bidtree structure before
applying the search algorithm. In addition, the Ax algorithm had been used for searching for the optimal
solution, while one major practical drawback of the Ax* algorithm is space complexity.
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As mentioned in the literature, few algorithms have solved WDP in a reverse combinatorial auction,
where the Bidtree structure and GA algorithm were the most popular methods in solving this problem. The
Bidtree was introduced by Andrea [3] and Lopez et al. [21], which is a binary tree that allows for searching
bids based on item content. Bidtrees are used to determine how bids are considered during searching and
ensure each bid combination is tested at least once. The problem with this approach is required many
complex steps before preparing the bidtree structure. As well as the Bidtree method was fit to find the
optimal solution for only two combinations of bidders, which means that the bidtree method will fail to find
the optimal solution if the optimal solution is combined with more than two bidders [22]. On the other hand,
in the GA algorithm, when the number of tasks and bidders are exposed to mutation is large there is often an
exponential increase in search space size, and this makes it extremely difficult to use the technique on
problems such as WDP in reverse combinatorial auction [23].

Considering the drawbacks of the previous method in solving WDP in reverse combinatorial
auctions, this paper proposed an enhanced approach to improve task allocation processes after formulating
the WDP in a reverse combinatorial auction to a 2D Array. The 2D Array Amxn has m rows and n columns,
where m represents the tasks and n represents the bids. The main contribution of the proposed approach is to
shorten the search space size in determining the winning bidders efficiently. In addition, the proposed
approach will be efficient in allocating the corresponding tasks for a combination of bidders (i.e., more than
two bidders) in contrast to some existing methods such that bidtree method.

2. THE PROPOSED APPROACH AND METHOD
2.1. Anenhanced approach for solving WDP in reverse combinatorial auctions

In this subsection, the steps of the proposed approach were discussed and explained. However,
before starting the approach steps, the following example explains the problem description and formulation.
Suppose we have nine tasks with the following identification: Taskl1, Task2...Task9, and assume that the
auctioneer has received twenty bids for the mentioned tasks as shown in Figure 1.
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Figure 1. An illustrative example

As we explained earlier in this paper, the main objective of the WDP in reverse combinatorial
auctions is to obtain the maximum benefit for the auctioneer by determining the appropriate set of winning
bids with minimum cost [24]. To reach this objective, the bids and their corresponding tasks have been
formulated into 2D Array Am« as shown in Table 1, taking into consideration that each sell will be 1 if the
bidder has solved the corresponding task or 0 otherwise. After preparing the 2D array, the overall steps of the
proposed approach were outlined below, while the flowchart of the proposed approach was described in
Figure 2.
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Table 1. Formulated array

@
N
joe}
@
vg)
=
vs)
a
us)
>
@
J

B8 B9 B10 Bll1 B12 B13 Bl14 B15 B16 B17 B18 B19 B20

Bids
Tas|

Taskl
Task2
Task3
Task4
Task5
Task6
Task7
Task8
Task9
Costs

HSorocoocoococorr &
Yroocooroooo
corooococoo
CcoococorRrRrRO
Srocococoocokrro
Kooocoocoocoroo
Kroocoocoocoococoo
mroooorooo
cororoocoo
Noorooooro
Yroococorocor
corrORrROO
cococorococoo
BRooocoorrro
Norooroooo
oOrocoorocokr
Hooorrrooo
coocorrooO
corocooocoro
Sroocorroor

[N
o
w
©
N
~
N
o
o))
o
=
(3]
w
©
N
©
N
w

Step 1: re-ordering the array according to the tasks in increasing order. Considering that if there is more than
one bid that has solved the same task set, take the lowest cost and remove the others, since these bids will
never generate the optimal solution.

Step 2: re-ordering the array according to the bids (i.e., the bid that solves the most tasks is the first).
Considering that the bids that solved the most frequent task to be left side bids (LSB), the other bids will be
right side bids (RSB). After the first two steps, the array will be as shown in Table 2.

Table 2. Re-ordered array
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Step 3: based on the prepared array, there are two cases to find the winner bidders:
Step 3.1 (Case 1): if the bids that solved the last task are located in LSB in the repeated array, these bids will
be a part of the solution. Let Bls = {Bls, Bls; ... Blsy} be the set bids that solved the least task located in
LSB. Let Brc = {Brcy, Brc, ... Breo} be the complement bids of Bls in RSB.
The following sup-steps are to solve the winning bidders for Case 1:
Step 3.1.1: Set solution (Sn) = {}
Step 3.1.2: For each Bls, find Brc (i.e., the complement bids from RSB).
Step 3.1.3: If Bls; U Brcs found all tasks, Then Bls: U Brcy will be a solution to be saved in Sn.
Step 3.1.4: In case, Bls; U Brc; found some tasks, take the combination of Bls; and Brc; then find the
complement with the remaining bids in Brc.
Step 3.1.5: Repeat the previews steps for the next Bls.
Step 3.2 (Case 2): if the bids that solved the last task are located in RSB in the repeated array, these bids will
be also a part of the solution. Let Brs = {Brs;, Brs; ... Brs,} be the set bids that solved the least task located
in RSB. Let Blc = {Blcs, Blc; ... Blcq} be the complement bids of Brs in LSB.
The following sup-steps are to solve the winning bidders for Case 2:
Step 3.2.1: Set solution (Sn) = {}
Step 3.2.2: For each Brs, find Blc (i.e., the complement bids from LSB)
Step 3.2.3: Find the complement of {Brs1 U Blc1} from {RSB — Brs1}.
Step 3.2.4: If {Brs; U Blci} U {RSB — Brs;} found all tasks, Then {Brs: U Blc:} U {RSB — Brsi}
will be a solution to be saved in Sn.
Step 3.2.5: In case, {Brs; U Blci} U {RSB — Brs;} found some tasks, take the combination of {Brs;
U Blci} U {RSB — Brsi} then find the complement with the remaining bids in Brsp.
Step 3.2.6: Repeat the previews steps for the next Brs.
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Figure 2. Flowchart of the proposed approach
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2.2. Method

In this subsection, we will apply the method of the proposed approach to the actual example,
suppose we have five tasks with the following identification: Taskl, Task2, Task3, Task4 and Task5, assume
that the auctioneer has received ten bids for the mentioned tasks as shown in Figure 3. So, the transformed
2D array of this example is shown in Table 3. Now, we need to apply the steps of the proposed approach to
the prepared array.

Stepl: re-ordering the array according to the tasks in increasing order. Taking into account that B3
has the same tasks set as B5 and the cost of B5 is the highest cost of B3. So, B5 will be erased from the bids
set, as B5 will never generate the optimal solution. While Task 3 will be in the first order and Task 5 will the
last one as shown in Table 4.

Step 2: re-ordering the array according to the bid that solves the most tasks will be the first, taking
into account that the bids that solved the most frequent task (i.e., Task3) will be LSB, and the other bids will
be RSB as shown in Table 5.

Step 3: depending on the prepared array in Table 5, if there are bids that solve the most frequent task
(i.e., Task3) and Least frequent (i.e., Taskb) at the same time, Start from these bids, which will certainly be a
part of the solutions. Therefore, B9 from LSB or B7 from RSB will be a part of the solutions.

Step 3.1 (Case 1): for B9 that solved the last task (i.e., Task 5) which is located in LSB.

Step 3.1.1: Set solution (Sn) = {}

Step 3.1.2: find the compliments Bids of B9 from RSB only, which are B1, B2, and B6.
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Figure 3. A working example

Table 3. A formulated array of the working example

\Ta%:gs\ Bl B2 B3 B4 B5 B6 B7 B8 B9 BIO

Taskl 0 1 0 1 0 0 0 0 0 0
Task2 1 1 0 1 0 0 0 1 0 0
Task3 0 O 1 1 1 0 0 1 1 1
Taskd 1 0 0 0 0 1 0 1 0 1
Taskb 0 0 0 0 0 0 1 0 1 0

Costs 19 15 10 25 12 8 7 25 14 22

Table 4. The re-ordered array according to tasks appearing
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Table 5. The re-ordered array according to bids
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Step 3.1.3 to Step 3.1.5 are:

Find {B9 U B1}, if the combination solved all tasks then stop, and save the solution in Sn. If not
then find ((B9 U B1) U B2) if the combination solved all tasks, then stop and save the solution in Sn. If not,
then find (((B9 U B1) u B2) U B6) and so on for the remaining bids (i.e., B2 and B6) as explained:

- For {B9 U B1} as shown in Table 6, we can conclude that there is no conflict, but the combination
did not solve all tasks. Therefore, we need to find the compliment from the remaining bids (i.e., B2 and B6).
For ((B9 U B1) U B2) as shown in Table 7, as we can see there is a conflict in Task2 (i.e., there are two bids
solved for the same task at the same time). In this case, skip B2 and find the combination with the next bid,
which is B6. For ((B9 U B1) U B6) as shown in Table 8, as we can see there is a conflict in Task4. As long
as we finished the remaining bids without finding a solution, then we need to find the combination of B9 with
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the next complement bids in RSB, which is B2. Now, find {B9 U B2}, if the combination solved all tasks
then stop and save the solution in Sn. if not then find ((B9 U B2) U B6) if the combination solved all tasks
then stop and save the solution in Sn. as explained:

- For {B9 U B2} as shown in Table 9, we can conclude that there is no conflict, but the combination
did not solve all tasks, still, Task 4 is not solved. Therefore, we need to find the compliment from the
remaining bids, which is B6. For ((B9 U B2) U B6) as shown in Table 10, we can see this combination has
solved all the tasks. Therefore, the combination of ((B9 U B2) U B6) is a solution that will save in Sn.
Finally, for (B9 U B6), as long as the combination of (B9 U B6) did not solve all tasks then the proposed
approach will stop. Repeat the previous step if there are bids in LSB solved the least frequent (i.e., task 5).

Table 6. The combination of B9 U B1 Table 7. The combination of ((B9 U B1) U B2)
B9 Bl B9UBIL BOuBl B2 (B9UBl)uU B2
1 0 1 1 0 1
0 1 1 1 1 conflict
0 1 1 1 0 1
0o o0 0 0 1 0
1 0 1 1 0 1
14 19 33 33 15 48
Table 8. The combination of ((B9 U B1) U B6) Table 9. The combination of (B9 U B2)
BOUBl1 B6 (B9UBL)UB6 B9 B2 B9 UB2

1 0 1 1 0 1

1 0 1 0 1 1

1 1 conflict 0 0 0

0 0 0 0 1 1

1 0 1 1 0 1

33 8 4 14 15 29

Table 10. The combination of ((B9 U B2) U B6)
B9 UB2 B6 (B9 UB2) UB6
1 1

1
0
1
1

[ceNoNaN e Nl
N e

N
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w
]

Step 3.2 (Case 2): for B7 that solved the last task (i.e., Task 5) which is located in RSB.
Step 3.2.1: Set solution (Sn) = {}

Step 3.2.2: find the complement bids of B7 from LSB, which are B8, B4, B10 and B3.
Step 3.2.3: find the complement of (B7 U each {B8, B4, B10, B3}) from RSB — B7.
Step 3.2.4 to Step 3.2.6 are explained:

- For B8 fined the combination of (B7 U B8). Then find the compliments of (B7 U B8) from the
bids that are located in RSB - B7, which are B1, B2 and B6. For ((B7 U B8) u B1) as shown in Table 11, we
can see there is a conflict between Task 2 and Task 4. In this case, skip B1 and find the combination with the
next bid, which is B2. For ((B7 U B8) U B2) as shown in Table 12, we can see there is a conflict in Task 2. In
this case, skip B2 and find the combination with the next bid, which is B6. For ((B7 U B8) U B6) as shown in
Table 13, we can see there is a conflict in Task 4. Therefore, there is no solution for the compliments of (B7
U B8) from LSB. Now, check the complement of B7 with the next bid in step 3.2.3, which is B4. For B4
fined the combination of (B7 U B4). Then find the compliments of (B7 U B4) from the bids that are located
in RSB - B7, which is B6 only. For ((B7 U B4) u B6) as shown in Table 14, we can see this combination has
solved all the tasks. Therefore, the combination of ((B7 U B4) U B6) is a solution that will save in Sn. Next,
check the complement of B7 with the next bid in step 3.2.3, which is B10. For B10 fined the combination of
(B7 U B10). Then find the compliments of (B7 U B10) from the bids that are located in RSB - B7, which is
B2 only. For ((B7 u B10) U B2) as shown in Table 15, we can see this combination has solved all the tasks.
Therefore, the combination of ((B7 U B10) u B2) is a solution that will save in Sn. Next, check the
complement of B7 with the next bid in step 3.2.3, which is B3. For B3 fined the combination of (B7 U B3).
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Then find the compliments of (B7 U B3) from the bids that are located in RSB - B7, which are B1, B2 and
B6. For B1, the combination of ((B7 U B3) U B1) there is no conflict but this combination didn’t solve all
tasks, in this case, take the new combination and find the compliments from the remaining bids (i.e., B2 and
B6). The combination of (((B7 U B3) U B1) U B2) there is a conflict in Task 2. Check for the last bid which
is B6, The combination of (((B7 U B3) U B1) U B6) there is a conflict in Task 4. We conclude that there is
no solution for B1. For B2, the combination of ((B7 U B3) U B2) there is no conflict, but this combination
didn’t solve all tasks, still Task4 not solved, in this case, take the new combination to find the compliments
from the remaining bids (i.e., B6). As we can see from Table 16, the combination of (((B7 UB3) U B2) U B6)
has solved all tasks. Therefore, this solution will save in Sn.

Finally, for B6, if the combination of ((B7 U B3) U B6) has not solved all tasks then the proposed
approach will stop. Repeat the previous step if there are bids in RSB solved the least frequent (i.e., task 5). As
long as the bids that solved the least task have been finished in this example, get the optimal solution from
Sn, which is the combination of (B9 U B2) U B6) with a total cost of 37.

Table 11. The combination of ((B7 U B8) U B1) Table 12. The combination of ((B7 U B8) u B2)
B7UB8 Bl (B7UB8)UBIL B7UB8 B2 (B7UB8)uB2
1 0 1 1 0 1
1 1 conflict 1 1 conflict
1 1 conflict 1 0 0
0 0 0 0 1 1
1 0 1 1 0 1
32 19 51 32 15 47
Table 13. The combination of ((B7 U B8) U B6) Table 14. The combination of ((B7 U B4) U B6)
B7UB8 B6 (B7UB8)U B6 B7UB4 B6 (B7UB4) UBS6
1 0 1 1 0 1
1 0 1 1 0 1
1 1 conflict 0 1 1
0 0 0 1 0 1
1 0 1 1 0 1
32 8 40 32 8 40

Table 15. The combination of ((B7 U B10) U B2)  Table 16. The combination of (((B7 U B3) u B2) U B6)

B7 U BI0 B2 (B7 U B10) U B2 (B7UB3)UB2 B6 ((B7U B3)UB2)UB6
1 0 1 1 0 1
1 1 1 0 1
0 0 1 0 1 1
1 1 1 1 0 1
1 0 1 1 0 1
29 15 44 32 8 40

3. RESULTS AND DISCUSSION

To justify the performance and effectiveness of the proposed approach, this section was divided into two
main sections. Firstly, three experiments were conducted on three specific cases to show the proposed approach
performances. Secondly, to justify the effectiveness of the proposed approach, a comparative experiment was
conducted against the GA approach proposed by [12]. The proposed approach was implemented in Python, and all
experiments have been executed on a Dell laptop equipped with an Intel(R) Core(TM) i7 CPU 1.73 GHz, 1.73
GHz with 8.00 GB of RAM operated with 64-bit Windows 10 Professional operating system.

For the performances of the proposed approach, three cases were applied to determine the
appropriate set of winning bids with minimum cost, there was a small case, a medium case and a large case.
Where a 20 2D array generated in each case with two parameters, n parameter represents the number of
bidders and m parameter represents the number of tasks, and for credibility, we deliberately entered bidders
that solved a few tasks in the arrays. In the first experiment, we conduct a small random dataset with specific
parameters of n=5 and m=5. Then, we extracted the execution time (in seconds) for each ran array as shown
in Figure 4. For the second experiment, we conduct a medium random dataset with specific parameters of
n=20 and m=10. Then, we extracted the execution time for each ran array as shown in Figure 5. Finally, we
conduct a large random dataset with specific parameters of n=100 and m=30. Then, we extracted the
execution time for each ran array as shown in Figure 6.
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Previous results, shows that as the number of tasks and bidders increases, the time taken to solve the
problem increases because of the increase in computations. On the other hand, the proposed approach can
efficiently determine winners with more numbers of products and the bidders in a reasonable time. In
addition, it can also be seen that the proposed approach can suddenly solve the problem faster in some cases,
As we can see in the first experiment, Ex.1, Ex.9, Ex.13 and Ex.19 have solved the problem in a relatively
short time compared to other cases. As well as Ex.5 and Ex.11 in the second experiment and Ex.13 in the
third experiment, this is because the entered array had a task that was solved by only one bidder, where the
search space for the proposed approach was reduced.

For the effectiveness of the proposed approach, where reverse combinatorial auction finds more and
more applications in diverse domains but determining the winners in the reverse combinatorial auction is a
complex problem [25], this paper compared the proposed approach against GA approach proposed by [12],
where a similar public data was re-run for both approaches. In this section, two experiments were conducted
to determine the winner bidders in reverse combinatorial auctions, in the first experiment, a similar dataset
was run for a fixed number of tasks, and then we extracted the execution time of the proposed approach
compared to the GA approach. Figures 7-9 present the comparison of execution time (in seconds) versus the
number of bidders. As we can see, the test results show that the proposed approach takes far less time than
the GA approach. In addition, as the number of bidders increases, the execution times of the GA approach
increase exponentially, while the proposed approach increases steadily.

Another experiment was run for a fixed number of bidders, the comparison of execution time
between the proposed approach and the GA approach versus several tasks has been presented in Figures 10-12.
As we can see, the test results show that the execution time of the proposed approach and GA approach was
very close in task No.6 and task No.7 in most cases. While the number of tasks increases, the execution times
of the GA approach increase suddenly compared to the proposed approach.
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4. CONCLUSION

Reverse combinatorial auction finds more and more applications in diverse domains but determining
the winners in the reverse combinatorial auction is a complex problem. In this paper, an enhanced approach
was investigated for WDP in the reverse combinatorial auctions. Where, the optimal WDP in the reverse
combinatorial auction problem was transformed into a two-dimensional array with m rows and n columns, in
which m represents the tasks and n represents the bids, Then the proposed approach has been applied to the
transformed array to solve WDP in the reverse combinatorial auction. The performance of the proposed
approach has been justified through three different cases, there were a small, medium and a large number of
tasks and bidders, and the results showed that the proposed approach has been solved the problem in a
reasonable time. On the other hand, the proposed approach can efficiently determine the optimal solution
with more numbers of tasks and bidders, where a very competitive result has been achieved compared to the
GA approach proposed. The proposed approach was very effective in case of more than two bidders have to
solve a large number of tasks, where the proposed approach reduced the search space while finding the
winners for more than two combinations of bidders, exactly if there is a task that was solved by only one
bidder. Therefore, the proposed approach is not a competitor, It constitutes an exciting alternative approach
in special cases to finding the winners in the reverse combinatorial auction.
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