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Abstract— Recent spectrum auction results have shown that
the spectrum is usually sold at a very high unit price. Small
network providers may not be able to afford it individually.
Inspired by the group buying service on the Internet, group
buying strategy has been introduced into the design for spectrum
auctions to increase the buying power of small network providers
as a whole. In this paper, we consider cognitive radio networks
with multiple secondary networks, each of which consists of
one secondary access point and a number of secondary users
interested in accessing channels licensed to the primary user.
We propose TRUBA, a truthful group buying-based auction
to take advantage of the collective buying power of secondary
users within each secondary network. We carefully design the
budget extraction for each secondary access point within the
secondary network to maximize the budget collected from the
secondary users. In addition, we allow the primary user to assign
its channels strategically so as to maximize its profit on each
secondary network. These two features together make TRUBA
significantly improve the system performance, compared to the
existing group buying-based auction, in terms of the number of
successful transactions (up to 105% in the evaluation results),
the number of winning secondary users (up to 129%), the utility
of secondary access points (up to 463%), and the utility of the
primary user (up to 119%).

I. INTRODUCTION

Since the transition from analog to digital television broad-
cast signals, spectrum originally assigned for TV broadcast sig-
nals becomes largely underutilized. Meanwhile, with the advent
of mobility applications, the proliferation of wireless devices,
e.g. smartphones, tablets, and laptops, drives the demand for
spectrum to increase rapidly. To redistribute the underutilized
spectrum, government regulators, e.g. FCC (Federal Communi-
cations Commission), have conducted auctions of licenses for
spectrum. However, the scaringly high price tags in the final
auction results have been ruling out the possibility of spectrum
license acquisitions from small wireless service providers. For
example, in February 2013, the UK’s 4G spectrum auction
resulted in five mobile network operators paying $3.26 billion
for 16 spectrum blocks in the 2.6GHz band and 800MHz
band, averaging the price for each spectrum block at more
than $200 million [2]. Later in May 2013, ACMA (Australian
Communications and Media Authority), announced that three
mobile network providers won 10 spectrum blocks at the price
$2 billion, which makes the average price for each block at

Yang is affiliated with Colorado School of Mines, Golden, CO 80401. Xue
and Zhang are affiliated with Arizona State University, Tempe, AZ 85287.
Email:djyang@mines.edu, {xue, xiang.zhang.8}@asu.edu. This research
was supported in part by ARO grants W911NF-12-1-0470, W911NF-09-1-
0467, and NSF grant 1217611. The information reported here does not reflect
the position or the policy of the federal government.

$200 million [1]. As small wireless service providers, they
may put their budgets together and bid for the spectrum as
one unit, in order to increase their chances of winning the
spectrum. This is especially true in cognitive radio networks,
where dynamic spectrum access techniques allow unlicensed
users, referred to as secondary users (SUs), to make more
productive use of the limited spectrum resource by utilizing
the idle spectrum from licensed users, referred to as primary
users (PUs). Inspired by group buying-based websites, e.g.
Groupon [7], Lin et al. [9] proposed a group buying-based
spectrum auction, called TASG, where buyers in the same
secondary network are grouped together to compete against
other secondary networks and share the whole channel if their
secondary network wins the auction. The group buying concept
is different from the spectrum reusability design in the literature
[3, 8, 10, 15]. For the spectrum reusability design, interference-
free SUs are randomly grouped together, and each SU is able
to enjoy the whole channel if the group wins a channel. In
addition, the group budget is calculated without fully taking
advantage of the potential collective buying power.

Phase I.

Phase II.

Phase III.

PU

SN

SU

SAP

Fig. 1. Group buying-based auction

In this paper, we consider cognitive radio networks with
one PU and multiple secondary networks (SNs) (as shown
in Fig. 1), each of which consists of one secondary access
point (SAP) and a number of SUs willing to join the group
buying-based auction. The design of spectrum auctions for
these networks needs to take into consideration the perspectives
of different users. From SUs’ perspective, they would like to
be able to access channels from the licensed PU with payments
below their budgets. From the SAPs’ perspective, they are
interested in winning the auction and maximizing their profit,
which is the difference between the payments collected from
the SUs within the network and the payment paid to the PU.
From the PU’s perspective, its objective is to maximize its own
profit, which is the difference between the payments paid by
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the SAPs and its reserve prices for the allocated channels. One
of the main factors determining the results for all three types
of users is the number of successful transactions between the
PU and the SAPs. Only when the SAP wins a channel in
the auction between the PU and the SAPs, can the SUs in
the corresponding SN have the opportunity to win a channel.
Only when the SAP wins a channel can the SAP have a
positive profit. The profit of the PU is a function of the
number of successful transactions. In order to obtain a high
percentage of successful transactions, much care has to be taken
while computing the group budget and allocating channels. In
TASG [9], the SAP of each SN selects a random number of
SUs to sacrifice and extracts the group budget from the rest of
the SUs using a single-price auction, where all the winning SUs
pay the same price. During the auction between the PU and the
SAPs, the PU finds a random matching between the SAPs and
the channels, and then charges each SAP the smallest bid by
other SAPs between the reserve price and the bid of this SAP.
If such bid does not exist, the considered SAP loses the auction.
Both the randomness of the matching and the searching for a
bid in a specific range hold back the possibility of broad-scale
successful transactions.

To overcome the shortcomings of TASG, we design TRUBA,
a truthful group buying-based auction, which significantly im-
proves TASG in terms of the number of successful transactions,
the number of winning SUs, the profit of the SAPs, and the
profit of the PU. For budget extraction within each SN, we
use the Random Sampling Profit Extraction auction of [6]
to compute a budget that is within a constant factor of the
optimal budget. For channel assignment, we let the PU assign
channels in a greedy manner such that each SAP is assigned a
channel that maximizes the PU’s profit. We prove that TRUBA
is computationally efficient, individually rational, and truthful.
Evaluation results on randomly generated networks demonstrate
that TRUBA can increase the number of successful transactions
by up to 105%, the number of winning SUs by up to 129%,
the utility of SAPs by 465%, and the profit of the PU by up
to 119% compared to TASG.

The remainder of this paper is organized as follows: In
Section II, we briefly describe related spectrum auctions in
the literature. We introduce the system model and the auction
formulation in Section III. In Section IV, we design a truthful
group buying-based auction, named TRUBA, to take advantage
of the collective buying power of SUs. In Section V, we
evaluate the performance of TRUBA. We conclude this paper
in Section VI.

II. RELATED WORK

In this section, we briefly review other spectrum auction in
the current literature.

As a pioneering work, Zhou et al. proposed VERITAS,
a truthful and computationally efficient auction, to allocate
spectrum in an eBay-like dynamic spectrum market [14]. As-
suming the knowledge of the bidder’s valuation distribution,
Jia et al. designed a VCG-based auction to maximize the
expected revenue of the seller based on the concept of virtual

valuation [8]. In [10], Wu and Vaidya designed a truthful
auction, called SMALL, to guarantee that the spectrum owner’s
utility is nonnegative. In [16], Zhu et al. extended the spectrum
auction to multihop secondary networks. The proposed auction
maximizes the social welfare while trading homogeneous chan-
nels between a seller and SNs.

The above auctions only involve the competition among buy-
ers. The first double auction involving both buyers and sellers
is proposed by Zhou and Zheng [15]. The designed auction,
TRUST, is based on McAfee auction and satisfies individual
rationality, budget balance, and truthfulness. Later, Feng et al.
extended the auction to heterogeneous spectrums [4]. In [11],
Xu et al. modeled the spectrum trading as a multi-unit double
auction and designed a truthful auction to maximize the total
utility of all participating users.

None of the above works takes advantage of the collective
buying power of buyers, who are interested in the same
channels but cannot afford it. The auction that is most closely
related to ours is proposed by Lin et al. [9]. The authors
designed a Groupon-like auction, TASG, to allow the SAP
of each SN to collect the bids within the network, compute
a group budget, and compete against SAPs from other SNs.
Along the same line, in this paper, we design a truthful group
buying-based auction, named TRUBA, to significantly improve
the performance of the auction compared to TASG, in terms of
the number of successful transactions, the number of winning
SUs, the utility of SAPs, and the utility of the PU.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we present the system model and formulate
the problem to be studied.

A. System Model

As in [9], we consider a cognitive radio network with one
primary user (PU) and a set of n secondary networks (SNs).
Each SN is an infrastructure-based network consisting of one
secondary access point (SAP) ai and a set {s1i , s2i , . . . , s

ni
i } of

ni secondary users (SUs). The primary user PU possesses K
heterogeneous channels {c1, c2, . . . , cK} for leasing out to the
SNs and has a reserve price rk for each channel ck, for 1 ≤
k ≤ K, which is the lowest price the PU is willing to accept
for the channel. The reserve price is private to the primary user
and not public to others. In the secondary network, each SU
sji has a valuation ṽji (k) for exclusively using channel ck and
a budget b̃ji (k). Assume that there are n′i ≤ ni SUs sharing
channel ck. Each SU sji then gains ṽj

i (k)

n′
i

based on the channel
access method, e.g. Time Division Multiple Access (TDMA).
The budget b̃ji (k) represents the highest price that sji is willing
to pay for ck.

B. Auction Formulation

We adopt the framework in [9] to take advantage of the
collective buying power of a group of SUs in the secondary
networks. In this paper, we design a Truthful Group Buying-
based Auction (TRUBA) for spectrum leasing in cognitive
radio networks. TRUBA consists of two single-round sealed-bid
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multi-item auctions, which are called outer auction and inner
auction, respectively. The outer auction is between the SAP and
the SUs in each secondary network. In this auction, the SAP
is the seller, while the SUs are buyers. The inner auction is
between the PU and the SAPs from all the secondary networks.
In this auction, the PU is the seller, while the SAPs are buyers.

The outer auction is conducted first within each secondary
network. In this auction, each SU sji submits a bid, which is a
pair of vectors

{
(vji (k))Kk=1, (b

j
i (k))Kk=1

}
, to SAP ai to report

its valuation and budget on each channel. Note that vji (k) may
not be equal to ṽji (k), and bji (k) may not be equal to b̃ji (k).
This happens when doing so can improve sji ’s utility, which
will be defined later. Upon receiving the bids from all the SUs
within the network, ai then computes the total potential revenue
for each channel, denoted by Rk

i . TRUBA then proceeds to the
inner auction. In this auction, each SAP ai submits a bid vector
(Bk

i )Kk=1 to the PU. Here Bk
i is not necessarily equal to Rk

i

for the same reason discussed above. Upon collecting all the
bids from the SAPs, the PU decides how to allocate channels to
SNs, subject to the constraint that each channel can be allocated
to at most one SN and each SN can be allocated at most one
channel. Based on the allocation, the PU selects a subset of
SAPs as winners, denote by W . In addition, it computes the
payment Pi for each winning SAP ai, i.e. ai ∈ W . Based on
the outcome of the outer auction, each SAP ai decides a subset
of SUs as winners, denoted by Wi. For each SU sji ∈ Wi, ai
computes the payment pji . Hence the utility of SU sji is

uj
i =

{
ṽj
i (k)

|Wi| − pji , sji ∈ Wi

0, sji 6∈ Wi,
(1)

where ck is the channel assigned to ai. The utility of SAP ai
is

ui =

{
Rk

i − Pi, ai ∈ W
0, ai 6∈ W,

(2)

where Rk
i =

∑
sji∈Wi

pji (k) is the total payment from Wi. The
utility of the PU is

u =

K∑
k=1

uk, (3)

where

uk =

{
Pi − rk, if ck is assigned to ai

0, otherwise,
(4)

is the profit on channel ck.

C. Desirable Properties

While designing an auction, it is desirable to consider the
following properties:
• Computational Efficiency: The time complexity of the

designed auction is a polynomial function of the input
(i.e. n, ni, and K).

• Individual Rationality: Each participating agent (i.e. sec-
ondary assess points and SUs) can expect a nonnegative

utility by biding its true valuation (i.e. vji (k) = ṽji (k) and
bji (k) = b̃ji (k) for each SU, and Bk

i = Rk
i for each SAP

ai).
• Truthfulness: No agent can improve its utility by bidding

different from its true valuation.
In this paper, we aim to design a group buying-based auction

for cognitive radio networks, which is computationally efficient,
individually rational, and truthful. Compared to TASG in [9],
we improve the system performance in terms of the number of
successful transactions, the average number of winning SUs,
the utility of the SAPs, and the utility of the PU.

IV. GROUP BUYING-BASED AUCTION DESIGN

In this section, we design a TRUthful group Buying-based
Auction, named TRUBA, for cognitive radio networks. TRUBA
satisfies all the properties described in Section III-C. Specifi-
cally, TRUBA consists of two auctions, an outer auction and an
inner auction. TRUBA proceeds in three phases. Phase I: In the
outer auction, all the SUs submit their bids, consisting of their
valuation vector and budget vector on channels, to the SAP of
the SN they belong to. Each SAP then computes its budget and
a potential winning SU set for each channel. Phase II: In the
inner auction, all the SAPs submit their bids to the PU. The
PU then assigns its channels based on the submitted bids from
the SAPs and its reserve price for each channel. The SAPs who
are assigned channels are winning SAPs. In addition, the PU
computes the payment for each winning SAP. Phase III: Back
to the outer auction, each winning SAP decides the payment
for each SU in the potential winning SU set corresponding
to its assigned channel. We will explain these three phases in
details in the following subsections.

A. Phase I: Budget Computation for Each SAP

The key challenge in Phase I is how to maximize the
collective buying power of the SUs in each SN. In other
words, the SAP needs to maximize its budget by collecting
the payments from the SUs. Single price auctions have been
adopted by researchers for many applications [9, 12, 13, 15] in
the current literature due to its simplicity and truthfulness. In
these type of auctions, bids are sorted in a nonincreasing order.
A number of bids are sacrificed (i.e. corresponding participants
are disqualified from winning the auction) depending on the
application. The clearing price is computed based on the
sacrificed bids (e.g. the highest bid), and the payment of all
the remaining participants is set to the clearing price.

In TRUBA, we compute the budget for each SAP based
on the Random Sampling Profit Extraction auction [6]. We
first introduce the notion of the optimal single-price auction.
Assume that b is a sorted array of budgets in a nonincreasing
order. Let OPT (b) denote the profit of the optimal single-price
auction, defined by

OPT (b) = max
1≤i≤|b|

ibi, (5)

where |b| denotes the length of the array, and bi denotes the
ith budget in b.



4

Phase I of TRUBA is illustrated in Algorithm 2. For each
channel ck, SAP ai computes its budget. First, the budgets
of all the SUs are sorted in a nonincreasing order, resulting
in an array b. The array b is then uniformly split into two
arrays b′ and b′′ for sampling purpose. SAP ai then computes
R′ = OPT (b′) and R′′ = OPT (b′′). Depending on the
values of R′ and R′′, si extracts the smaller value from the
vector corresponding to the larger value. Because this budget
extraction is guaranteed to be successful. In case that R′ = R′′,
si extracts the budget from both vectors. The equal share of
the extracted budget among the contributing SUs is set as the
clearing price. SAP ai then sorts the SUs, who can contribute
the extracted budget, in a nonincreasing order according to their
valuations. Starting from the last SU, si scans the SUs until an
SU, whose valuation on its share of the channel is no less than
the clearing price, is reached. This reaches the end of Phase I.

Algorithm 1: CompBudget
(
b, R, (vji (k))ni

j=1

)
Input: Sorted budget vector b, potential budget R, and

valuation vector (vji (k))ni
j=1

Output: Budget considering the valuation
1 Find the largest j in b such that jbj ≥ R;
2 p← R

j ;
3 Let v denote the sorted valuations of secondary users

corresponding to the first j budgets in b;
4 while j ≥ 1 and vj < jp do
5 j ← j − 1;
6 end
7 return jp

Algorithm 2: Phase I of TRUBA for SAP ai

Input: bji (k) for all 1 ≤ j ≤ ni and 1 ≤ k ≤ K
Output:

1 for k ← 1 to K do
2 Let b denote the sorted array of (bji (k))ni

j=1 in
nonincreasing order;

3 Divide b uniformly at random into two bid arrays b′

and b′′;
4 R′ ← OPT (b′), R′′ ← OPT (b′′);
5 if R′ < R′′ then
6 Rk

i ← CompBudget
(
b′′, R′, (vji (k))ni

j=1

)
;

7 else if R′ > R′′ then
8 Rk

i ← CompBudget
(
b′, R′′, (vji (k))ni

j=1

)
;

9 else
10 Rk

i ← CompBudget
(
b′′, R′, (vji (k))ni

j=1

)
+

CompBudget
(
b′, R′′, (vji (k))ni

j=1

)
;

11 end
12 end
13 return (Rk

i )Kk=1

The difference between Phase I of TRUBA and Phase I of
TASG lies in the way the budget is computed. In TASG, the
number of sacrificed SUs is a random number. Whereas in
TRUBA, we try to maximize the budget by selecting SUs
strategically. The following example shows that TRUBA can
significantly improve the extracted budget, compared to TASG.
Assume that ni ≥ 3 and

bji (k) =

{
ni, j = 1, 2
1

j−1 , 3 ≤ j ≤ ni,
(6)

for any 1 ≤ k ≤ K. According to the budget computation
algorithm in [9], ai randomly chooses m ∈ [1, ni − 1] such
that the last ni −m SUs are sacrificed. The clearing price is
set to bm+1

i , and thus the budget is at most mbm+1
i . Therefore

the expected budget of ai is

ETASG[Rk
i ]

= niPr[m = 1] +

ni−1∑
j=2

j · 1

j
Pr[m = j]

= ni ·
1

ni − 1
+

ni−1∑
j=2

j · 1

j
· 1

ni − 1

= 2 (7)

By [6, Theorem 6.11], our algorithm guarantees that the
expected budget of ai is

ETRUBA[Rk
i ] ≥ 1

4
max
j≥2

jbji (k) =
ni

2
(8)

We can see that the ratio of the expected achieved by TRUBA
to that by TASG is ETRUBA[Rk

i ]

ETASG[Rk
i ]

= Ω(ni).
To illustrate how Algorithm 2 works, we use the follow-

ing example: There are 8 SUs with bids for channel ck as
(20, 10), (21, 9), (12, 7), (10, 6), (15, 4), (9, 2), (11, 1.5), and
(13, 1), where in each pair the first number is the valuation
and the second number is the budget on the channel. Hence
b = {10, 9, 7, 6, 4, 2, 1.5, 1}. Assume that b′ = {10, 7, 4, 1}
and b′′ = {9, 6, 2, 1.5}. Thus R′ = 14, and R′′ = 12. We
then extract R′′ from b′ since R′′ < R′. The mapping between
the sorted valuations and the sorted budgets in b′ is shown in
Fig. 2. The largest value of j in Line 1 of Algorithm 1 is 3,
as 3× 4 ≥ 12, and the correspond valuations are {20, 15, 12}.
Hence v = 20, 15, 12. Since v3 ≥ 12, SUs s1i , s3i , and s5i are
potential winners. The budget of the SAP for channel ck is 12.

20

10 7 4 1

15 13 12

Fig. 2. Illustration of Algorithm 1, where squares represent valuations, and
circles represent budgets.
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B. Phase II: Channel Assignment

In Phase II of TRUBA, the PU matches the SAPs and the
channels, based on the submitted bids and its reserve price
for each channel. In TASG, the PU finds a random matching
between the SAPs and the channels, and then charges each
SAP ai the smallest bid by other SAPs between rk and Bk

i ,
where ck is the channel assigned to ai. If such bid does not
exist, SAP ai loses the auction. Both the randomness of the
matching and the searching for a bid in a specific range hold
back the possibility of broad-scale successful transactions.

The inner auction of TRUBA is shown in Algorithm 3. The
PU assigns a channel to each SAP in a greedy manner. For
each SAP ai, the PU finds the channel ci to maximize Bk

i −rk.
To break a tie, the PU always chooses the channel with the
minimum index. This seemingly simple auction, which is called
fixed price auction [5], has been proved to be truthful.

Algorithm 3: Inner Auction

Input: Bk
i for all 1 ≤ i ≤ n and 1 ≤ k ≤ K

Output: W and Pi

1 C ← {c1, c2, . . . , cK}, W ← ∅;
2 for i← 1 to n do
3 ck ← arg maxck∈C(B

k
i − rk);

4 if Bk
i − rk ≥ 0 then

5 W ←W ∪ {ai};
6 Pi ← rk;
7 C ← C \ {ck};
8 end
9 end

10 return W and Pi

C. Phase III: Payment Computation for SUs

In Phase III of TRUBA, each winning SAP determines the
winning SUs and their payments. First, each winning SAP ai
announces that the winning SU set, Wi, consists of all the
SUs who contribute to the aggregate budget Rk

i , where ck is
the channel assigned to si. In other words, the first j SUs at the
end of CompBudget algorithm together constitute the winning
SU set Wi. Then the payment for each SU in the winning SU
set is set to the clearing price, i.e., pji =

Rk
i

|Wi| for each si ∈ Wi.

D. Proof of Properties

In this section, we prove that TRUBA satisfies all the
properties in Section III-C, which is given in the following
main theorem.

Theorem 1. TRUBA is computationally efficient, individually
rational, and truthful.

The proof follows directly from Lemmas 1 to 3.

Lemma 1. TRUBA is computationally efficient.

Proof: For Algorithm 2, sorting takes O(ni log ni) time.
Uniformly splitting b and computing R′ and R′′ take

O(n) time. CompBudget takes O(ni log ni) because of sort-
ing vji (k). Hence the time complexity of Algorithm 2 is
O(ni log ni). For the Inner Auction, for each ai, finding the
channel takes O(K) times. Hence the time complexity of the
Inner Auction is O(nK). Therefore TRUBA is computationally
efficient.

Note that TRUBA has the same time complexity as TASG.

Lemma 2. TRUBA is individually rational.

Proof: According to the condition in Line 1 of Algo-
rithm 1, we know that bji (k) ≥ p for any SU sji ∈ Wi.
According to the condition in Line 4 of Algorithm 1, we
assure that vji (k) ≥ |Wi| ∗ p. Hence it is guaranteed that
uj
i =

ṽj
i (k)

|Wi| − pji ≥ 0 if sji bids its valuation and budget. Hence
we have proved the individual rationality for the SUs.

According to the condition in Line 4 of Algorithm 3, we
assure that Bk

i ≥ Pi = rk for any SAP ai ∈ W . Hence it is
guaranteed that ui = Rk

i − Pi ≥ 0 if ai bids its true budget.
We proved the individual rationality for the SAPs.

Lemma 3. TRUBA is truthful.

Proof: Compared to the Outer Auction in [9], we only
change the procedure of choosing the clearing price. Hence it
suffices to prove that this part is truthful for SUs, because the
rest can be proved similarly as in [9, Lemma 3]. Since the
clearing price computation is based on the Random Sampling
Profit Extraction (RSPE) auction [6]. The truthfulness of this
part is guaranteed by the truthfulness of RSPE [6].

Now we prove the truthfulness for the SAPs. For each SAP
ai ∈ W , the maximum utility it can obtain is maxck∈C(R

k
i −

rk). If it bids Bk
i = Rk

i , this is the exact utility it obtains. For
any SAP ai 6∈ W , it loses the auction when biding truthfully
because maxck∈C(R

k
i−rk) < 0. Since bidding Bk

i < Rk
i would

not change the result, ai can only bid Bk
i > Rk

i to be able to
win. Even if ai wins, its utility is u′i = Rk

i − Pi = Rk
i − rk ≤

maxck∈C(R
k
i − rk) < 0. Therefore no SAP ai can improve its

utility by bidding Bk
i 6= Rk

i .

V. SIMULATIONS

In this section, we evaluate the performance of TRUBA and
compare it with the existing auction, TASG.

A. Evaluation Setup

The parameter setup mostly follows that in [9]. We set n =
20 and K = 20. We varied ni from 50 to 100 with an increment
of 10. The valuation vji (k) and the budget bji (k) are uniformly
distributed in [50, 100] and [0, 10], respectively. The reserve
price rk is uniformly distributed in [40, 80]. For each setting,
we randomly generated 100 instances and averaged the results.

Performance Metrics: The performance metrics are the
number of successful transactions (|W|), the average number
of winning SUs in each SN (

∑n
i=1 |Wi|

n ), the average utility of
SAPs (

∑n
i=1 ui

n ), and the utility of the PU (u).
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B. Evaluation Results

Fig. 3 shows the number of successful transactions achieved
by TASG and TRUBA. We notice that this number increases
for both TASG and TRUBA as ni increases, because more SUs
may lead to higher budget for each SAP. In addition, TRUBA
significantly outperforms TASG by 70% to 105%. We also
show the results of all the random instances for one parameter
setting (ni = 20) in Fig. 3(b). We see that TRUBA generates
more successful transactions than TASG for all instances.
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Fig. 4, Fig. 5, and Fig. 6 show the average number of
winning SUs in the SN, the average utility of SAPs, and the
utility of the PU, respectively. The results in Fig. 4 verify our
speculation that the randomness of value m may result in a
smaller number of winning SUs compared to TRUBA. We
conclude that, with the same valuations and budgets, there are
more winnning SUs in TRUBA than in TASG. Fig. 4 shows
that this improvement is between 62% and 129%. The results
in Fig. 5 are dramatic (364% to 463% improvement) because
both the budget computation algorithm (Algorithm 1) and the

number of successful transactions contribute to the average
utility of the SAPs. With the results above, it is not surprising
to see that the utility of the PU in TRUBA is higher than that
in TASG, ranging from 72% to 119%.

In summary, TRUBA significantly outperforms TASG, in
terms of the number of successful transactions, the average
number of winning SUs in each SN, the average utility of
SAPs, and the utility of the PU.

VI. CONCLUSIONS

In this paper, we designed TRUBA, a truthful group buying-
based auction for cognitive radio networks with multiple SNs.
Each SN consists of one SAP and a number of SUs interested
in accessing the channels licensed to the PU by paying prices
within their budgets. In order to compete against large network
providers, we take advantage of the collective buying power of
the SUs. Compared to the current group buying-based auction,
TRUBA allows each SAP to compute a group budget that
is within a constant factor of the optimal group budget and
the PU to assign channels to SAPs in a greedy manner such
that each SAP is assigned a channel maximize the PU’s profit
on this channel. We proved that TRUBA is computationally
efficient, individually rational, and truthful. Evaluations results
on randomly generated networks showed that TRUBA signif-
icantly improves TASG, in terms of the number of successful
transactions (up to 105%), the number of winning SUs (up
to 129%), the average utility of SAPs (up to 463%), and the
utility of the PU (up to 119%).
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