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Abstract—In cognitive radio (CR) networks, licensed spectrum
that can be shared by secondary users (SUs) is always restricted
by the needs of primary users (PUs). Although channel aggrega-
tion (CA) can enable each SU to utilize multiple channels at a
time, whether it is beneficial is subject to PU activity and radio
capability. In this paper, we study the efficiency of CA in con-
sideration of various such practical constraints and costs. First,
we propose a new channel usage model to analyze the impact
of both PU and SU behaviors on the availability of white spaces
(WS’s). This model is very general and can capture a wide range
of user behaviors. Next, we model the delay costs for performing
CA. User demands in both frequency and time domains are con-
sidered to evaluate the costs for making negotiation and renewing
transmission. Further, an optimal CA strategy is defined in order
to minimize the cumulative delay for transmitting certain data.
Numerical and simulation results based on real data of PU activ-
ity show that user demands on both aggregated bandwidth and
service duration should be carefully chosen in practice.

I. INTRODUCTION

Inefficient utilization of licensed spectrum has motivated the
development of cognitive radios (CRs) [1][2]. In CR networks,
unlicensed secondary users (SUs) can opportunistically access
the spectrum that is reserved for licensed primary users (PUs).

Usually, licensed spectrum is divided into a number of dis-
crete channels. As in the Shannon’s theorem, channel capacity
is proportional to channel-width (bandwidth). Hence, efficient
utilization of white spaces (WS’s) can be achieved by properly
enabling each SU to access multiple channels at a time [3]. In
this paper, we borrow the definition of channel aggregation
(CA) from IEEE 802.22 draft [4] to study the feature of assem-
bling noncontiguous channels for communication. Technically,
CA can be implemented based on orthogonal frequency divi-
sion multiplexing (OFDM) [1][8][10] or multiple radios [13].

Recently, the benefit of enabling CA in capacity expansion
has been recognized by the existing cognitive MAC protocols
[5]-[10]. However, none of them has considered the following
two facts at the same time. First, CA is only beneficial under
certain patterns of PU activity. Second, there are limitations on
radio capability to perform CA over a large spectrum range.
Thus, these work cannot accurately capture the constraints and
costs for implementing CA under the influence of PU activity
in both frequency and time domains. As a result, the possible
failures of SU service caused by PU activity are not correctly
reflected in [5]-[8][10], while the limited radio capability for
performing CA is not reflected in [5]-[9]. Besides, all the work
above neglect to analyze the appropriate use of CA in time
domain that also significantly affects the efficiency of CA.

Moreover, most of the existing channel usage models as-
sume that channel idle or service duration is exponentially
distributed in either frequency domain [9][11][12] or time do-
main (i.e. ON-OFF process) [5]-[8][10]. Unfortunately, recent
measurement study has shown that the distribution of call du-
ration in cellular networks is not exponential and is hard to fit
into any existing closed-form models [14]. In fact, modeling of
PU behavior is still an open job. The distribution of PU service
duration in other networks may not be exponential either.

To address these unsolved problems, in this paper, we study
the efficiency of CA considering various constraints and costs.
First, we propose a new channel usage model to investigate
the impact of both PU and SU behaviors on the availability of
WS’s for CA. Unlike the ON-OFF process, this general model
can capture a wide range of user behaviors. Next, we derive
the delay costs for performing CA under this model. User de-
mands in both frequency and time domains are considered to
evaluate the costs for making negotiation and renewing trans-
mission. Further, an optimal CA strategy is defined in order
to minimize the cumulative delay for transmitting certain data.
Finally, numerical analysis and discrete-event simulation are
conducted to validate our model and the optimal CA strategy.

The remainder of this paper is organized as follows. Basic
system model is formulated in section II. The delay costs for
utilizing CA are derived in section III. The optimal use of CA
is introduced in section IV. Numerical and simulation results
are discussed in section V. And conclusion is in section VI.

II. SYSTEM MODEL

For achieving higher accuracy of evaluating the availability
of WS’s for CA, in this section, a new channel usage model
based on general assumptions on user behaviors is proposed.
Prior to this, some basic assumptions are introduced at first.

A. Basic Assumptions
A distributed CR network is assumed to be overlaid upon a

general primary network. Both networks operate in the same li-
censed spectrum F = {f1, · · ·, fK}, which consists of K chan-
nels in total. Each SU with a b-channel bandwidth demand can
assemble b channels at a time so as to form an aggregated
channel A(b) = {f1′ , · · ·, fb′}⊂F for data communication. In
order to limit radio complexity, let b≤B and set B= 3. Note
that it is not hard to extend our model for the cases with B> 3.
To further make CA realizable, another constraint is required.
If any two channels, say fl and fl+δ , are too far apart in F , it
would be costly to aggregate them [10]. Then, a constraint ∆
is defined to limit δ≤∆ for CA. In other words, an A(b) can



only be selected from Cl,∆ = {fl, · · ·, fl+∆}⊂F , which is a
set of candidate channels satisfying such constraint.

In addition to the required CR operating on data channels,
each SU is assumed to be equipped with an extra scanner radio
(SR) following Microsoft’s KNOWS [15][16]. Regularly, SR
operates on a dedicated control channel located in unlicensed
spectrum to send or receive control messages. The access of
control channel can be via an IEEE 802.11-like MAC. Also,
SR is responsible for spectrum sensing to discover local WS’s.
At each SU, say n, the set of WS’sWn⊆F can be maintained,
which is detected and updated in n’s sensing region Vn.

Fig.1. An example of negotiation and transmission between n and n′.

As in Fig.1, whenever a sender n tries to send data packets
to its receiver n′, a negotiation between n and n′ via control
channel is necessary for an agreement on A(b). It is assumed
that each SU does not have full knowledge of spectrum usage
in its vicinity. Thus, multiple negotiation attempts between n
and n′ may be needed. Specifically, n should first sense a set
of channels to find common WS’s in both Vn and Vn′ . Here n
chooses a Cl,∆ to sense and checks whether |Tl,∆| ≥ b, where
Tl,∆ = Cl,∆ ∩Wn. If true, n initiates a handshake with n′ to
see whether |Pl,∆| ≥ b, where Pl,∆ = Tl,∆ ∩Wn′ . If still true,
n′ selects an A(b)⊆Pl,∆ and replies to n. Then, a transmis-
sion S(b) = {s1′ , · · ·, sb′} is initiated, which includes b parallel
subflows with a d-slot duration demand. Otherwise, a blocking
incident occurs due to either |Tl,∆|<b or |Pl,∆|<b. The pair
of n and n′ have to keep checking new Cl′,∆ until |Pl′,∆| ≥ b.

However, a successful negotiation does not mean a reliable
transmission, attributed to the low priority of SU service. To
overcome this, spectrum switching is employed. Specifically,
whenever a PU arrival to any fk ∈A(b) is detected, the pair of
n and n′ needs to vacate the preempted fk immediately and
then tries to renew the corresponding sk on a backup channel
fk′ ∈Bl,∆, where Bl,∆ =Pl,∆\A(b). For ease of presentation,
such spectrum switching is divided into two steps: “outward”
switching from fk and “inward” switching to fk′ . If |Bl,∆|= 0,
an interruption incident occurs to the expelled sk. But all the
other on-going ones in S(b) may not be affected as long as
the independence of these parallel subflows is guaranteed [9].

B. Channel Usage Model

In a certain SU n’s vicinity, any fc ∈F may be occupied by
an active PU or SU service for a period of time. As in Fig.2,
the average channel occupancy on such fc can be modeled as
a Markov chain, in which channel state transits on a slot basis
with a τ -second slot duration. Three groups of channel states
are defined as follows: i) idle state (0,0), in which fc can be a
WS; ii) PU service states (x,0)’s, x∈{1, · · ·, X}, in which fc

has been occupied by a PU service for x slots; iii) SU service
states (0,y)’s, y ∈{1, · · ·, Y }, in which fc has been occupied
by a SU subflow for y slots. Both X and Y are large enough
such that Pr[x>X] and Pr[y >Y ] are negligible. If there are
multiple PU or SU services sharing fc, the statistical data of
the service with maximum duration can be applied.

Fig.2. Channel usage model.

The availability of WS’s is characterized by the steady-state
probabilities of channel states, denoted by π(current state)’s, espe-
cially π(0,0) for idle state. To derive them, the transition prob-
abilities, denoted by ω(next state)

(current state)’s, are obtained as follows.
First, state transitions from (0,0) and (0,y)’s to (1,0) repre-

sent a PU arrival to fc. Each transition from (0,y) to (1,0) also
indicates an “outward” switching from fc. The transition prob-
abilities are actually equal to the PU arrival probability, de-
noted by λα, which further depends on the PU arrival process
with average arrival rate αn learnt in Vn. Namely, we have

ω
(1,0)

(0,0) = ω
(1,0)

(0,y) = λα, y ∈{1, · · ·, Y }. (1)

Next, state transitions from (x,0)’s to (0,0) and that among
(x,0)’s are defined by the distribution of PU service duration
on fc. Note that any closed-form distribution function is not
necessarily required here. Instead, one can directly input the
statistical distribution of service duration collected from a real
network to determine the following transition probabilities{
ω

(0,0)

(x,0) = Pr [(x−1)τ <Spu≤xτ ] , x∈{1, · · ·, X};

ω
(x+1,0)

(x,0) = 1−ω(0,0)

(x,0), x∈{1, · · ·, X−1},
(2)

where Spu denotes the random variable of PU service duration.
In a similar way, state transitions from (0,y)’s to (0,0) and

that among (0,y)’s are defined by the distribution of SU service
duration on fc, which can also be general. Hence, we have{
ω

(0,0)

(0,y) =
(

1−ω(1,0)

(0,y)

)
Pr [(y−1)τ <Ssu≤ yτ ] , y ∈{1, · · ·, Y };

ω
(0,y+1)

(0,y) = 1−ω(1,0)

(0,y)−ω
(0,0)

(0,y), y ∈{1, · · ·, Y−1},
(3)

where Ssu denotes the random variable of SU service duration.
Further, state transition from (0,0) to (0,1) can be triggered

by either a SU arrival or an “inward” switching to fc. For the
former trigger, the SU arrival probability, denoted by λβ , is
determined by the SU arrival process with average arrival rate
βn learnt in Vn. As for the latter one, an “inward” switching
may trigger state transitions from (0,0) to not only (0,1) but
also other (0,y)’s. Each transition from (0,0) to (0,y) indicates
the case that a sc′ switches to fc when it has last y-1 slots on
fc′ and should be renewed on fc starting from the yth slot.

For more details, we first derive the probability that a certain
subflow has successfully switched into fc, denoted by γ. Due
to the restriction placed by ∆, only the 2·∆ channels excluding



fc in Cc−∆,2∆ qualify for an “inward” switching to fc. If there
are u preempted channels and v idle channels out of such 2·∆
channels, γ is equivalent to the probability that one of the u
expelled subflows successfully chooses fc out of the total v+1
idle channels for an “inward” switching. Here the worst case
is analyzed, in which any incoming subflow neglects the idle
channels that are not included in Cc−∆,2∆. Then, we have

γ =
∑2∆
u=1

∑2∆−u
v=0

(2∆)!
u!v!(2∆−u−v)!

[
λα
(∑Y

y=1 π(0,y)

)]u (
π(0,0)

)v
·
[
1−λα

(∑Y
y=1 π(0,y)

)
−π(0,0)

]2∆−u−v
min

{
u
v+1

, 1
}

.
(4)

Given that a subflow, say sc′ , has switched into fc, we further
derive ξ(0,y), the probability that sc′ has finished y-1 slots on
fc′ . For a Y -slot subflow, if an “outward” switching is assumed
to occur in each slot with the same probability, we have

ξ(0,y) =
∑Y
z=y Pr [(z−1)τ <Ssu≤ zτ ] 1

z
, y ∈{1, · · ·, Y }. (5)

Using (4) and (5), we have the following transition probabilities ω
(0,1)

(0,0) =
(

1−ω(1,0)

(0,0)

)(
λβ+γξ(0,1)

)
;

ω
(0,y)

(0,0) =
(

1−ω(1,0)

(0,0)

)
γξ(0,y), y ∈{2, · · ·, Y }.

(6)

At last, we have the transition probability from (0,0) to itself

ω
(0,0)

(0,0) = 1−ω(1,0)

(0,0)−
∑Y
y=1 ω

(0,y)

(0,0) . (7)

III. COSTS FOR CHANNEL AGGREGATION

Both the negotiation and transmission between a sender n
and its receiver n′ involve some kinds of service failures and
some levels of delay costs. In this section, we investigate the
corresponding service failure probabilities and model the delay
costs for performing CA under the influence of PU activity.

A. Negotiation Costs

The efficiency of negotiation between n and n′ is restricted
by the availability of WS’s in both Vn and Vn′ all the time.
In general, the delay costs for making a successful negotiation
include: i) sensing delay T (b)

ss , which is the time required for
sensing channels at both sides of n and n′; ii) handshake delay
T

(b)
hs , which is the time required for accessing control channel

and making handshakes on it back and forth.
Intuitively, such negotiation costs are proportional to b, i.e.

the number of channels demanded, and r, which denotes the
number of blocking incidents caused by |Pl,∆|<b during the
entire negotiation. The blocking probability is defined as

θ(b) =
∑b−1
v=0

(
∆+1
v

) (
π(0,0)

)v (
1− π(0,0)

)(∆+1)−v
, (8)

in which π(0,0) is computed using αn,n′ = cn,n′ ·αn and βn,n′
= cn,n′ ·βn in Vn∪Vn′ , where cn,n′ denotes a correlation factor.
The entire negotiation should be given up as soon as r reaches
a threshold N̂bl. Define the negotiation failure probability as

ε(b) = 1−
∑N̂bl
r=0

(
θ(b)
)r (

1−θ(b)
)
. (9)

For a successful negotiation, the expected value of r is

N
(b)
bl =

∑N̂bl
r=0

(
θ(b)
)r (

1−θ(b)
)
r. (10)

Because n initiates a handshake only when |Tl,∆| ≥ b, we also
need to obtain θ̃(b), the blocking probability due to |Tl,∆|<b.

As defined in (8), θ̃(b) is as same as θ(b), but π(0,0) is computed
using αn and βn in Vn instead. For a successful negotiation,
the expected number of handshake attempts is

N
(b)
hs = N

(b)
bl

(
1− θ̃

(b)

θ(b)

)
+1, (11)

where 1−θ̃(b)/θ(b) denotes the probability that |Tl,∆| ≥ b but
|Pl,∆|<b. To get T (b)

ss , sequential sensing is assumed [5][17].
Specifically, whenever a new Cl,∆ is chosen, n needs to sense
the channels in it to keep Tl,∆ fresh, while n′ senses the chan-
nels in Tl,∆ to complete the entire negotiation. We have

T
(b)
ss = N

(b)
hs

[∑∆+1
v=b

(
∆+1
v

) (
π(0,0)

)v (
1−π(0,0)

)(∆+1)−v
v
]
τss

+
(
N

(b)
bl +1

)
(∆+1) τss,

(12)

where τss denotes the average time for sensing one channel,
and π(0,0) is computed using αn and βn. We also have

T
(b)
hs = N

(b)
hs (τma+τrt) , (13)

where τma denotes the average time for accessing control chan-
nel, which would be given by classic analytical models [18];
and τrt denotes the round-trip time for one handshake.

B. Transmission Costs

The success of transmission cannot be guaranteed due to the
occurrence of interruption incidents. In general, the delay costs
for completing a successful transmission include: i) switching
delay T (b,d)

sw , which is the time required for vacating the pre-
empted channels and renewing the corresponding subflows; ii)
transmission delay Ttx, related to data size and data rate.

Typically, such transmission costs depend not only on b but
also on d, i.e. the number of slots demanded for service dura-
tion after each successful negotiation. Sometimes, dividing a
large size of data into smaller segments and transmitting them
separately with a shorter duration can be a better choice. When
a PU arrival to A(b) is detected, the switching subflow in S(b)

can be interrupted if it finds |Bl,∆|= 0. It is also possible that
more than one subflow in S(b) is interrupted in the same slot.
Hence, to study such bandwidth reduction of A(b) in each slot,
we define a one-step interruption probability matrix

Φ =


ϕ0,0

ϕ1,0 ϕ1,1

ϕ2,0 ϕ2,1 ϕ2,2

ϕ3,0 ϕ3,1 ϕ3,2 ϕ3,3

,

in which each ϕi,j denotes the probability that i−j subflows
in S(i) are interrupted in one slot. Specifically,

ϕi,j =
∑i
u=i−j

(
i
u

)
(λα)u (1−λα)i−u

(
(∆+1)−i
u−i+j

) (
π(0,0)

)u−i+j
·
(
1−π(0,0)

)(∆+1)−u−j
, i∈{1, · · ·, 3}, j ∈{0, · · ·, i−1};

ϕi,i = 1−
∑i−1
j=0 ϕi,j , i∈{1, · · ·, 3}.

(14)

Further for a d-slot transmission, the d-step interruption proba-
bility matrix Φd =Φd−1Φ is used instead, in which each ϕ(d)

i,j

defines the corresponding bandwidth reduction of A(i) within
d slots. Besides, ϕ(d)

b,0 is referred to as the transmission failure
probability. Here we mainly derive T (b,d)

sw for a successful d-
slot subflow, since the subflows in S(b) are parallel. Given that



there has been no interruption, let χ(b) be the probability that
a switching operation successfully occurs in one slot. We have

χ(b) =
λα

[
1−(1−π(0,0))

(∆+1)−b]
1−λα(1−π(0,0))

(∆+1)−b , (15)

in which π(0,0) is computed using αn,n′ and βn,n′ . Note that
b in (15) may be reduced by interruption incidents. Here the
worst case is studied by fixing b to its initial value. Within d
slots, the expected number of switching operations is

N
(b,d)
sw =

∑d
z=0

(
d
z

) (
χ(b)

)z (
1−χ(b)

)d−z
z. (16)

Accordingly, for a successful d-slot subflow, we have

T
(b,d)
sw = N

(b,d)
sw τsw, (17)

where τsw denotes the time required for one switching oper-
ation. The sensing time for locating backup channels can be
negligible due to the simultaneous operations of CR and SR.

IV. OPTIMAL BANDWIDTH-DURATION DECISION

Based on the derived negotiation and transmission costs for
CA, in this section, we further define an optimal CA strategy.

A. Cumulative Delay

As shown above, the delay costs for CA are closely related
to the values of b and d, i.e. the user demands on aggregated
bandwidth and service duration. On one hand, the choice of b
should consider the trade-off between channel capacity and
blocking (interruption) probability during a negotiation (trans-
mission). More WS’s are needed to meet a higher requirement
of b. On the other hand, the choice of d should consider the
trade-off between negotiation overhead and interruption proba-
bility during a transmission. With certain data to transmit, one
can choose to divide the entire data into d-slot segments. A
larger value of d results in fewer data segments and thus fewer
negotiation operations. However, there may be more spectrum
resources wasted for nothing due to higher interruption prob-
ability. Therefore, we need to find the optimal combination of
b and d to achieve the efficiency of CA with confidence.

The cumulative delay T (b,d)
cm for transmitting the data with

a M -bit size is defined as the objective function. The average
data that can be successfully transmitted by each attempt is

M̃ (b,d) =
(

1−ε(b)
)(∑b

j=0 ϕ
(d)
b,jRjdτ

)
, (18)

where R denotes the bit rate on one channel. At each attempt,
consider: i) negotiation fails; ii) negotiation succeeds but trans-
mission fails; iii) both negotiation and transmission succeed.

T
(b,d)
cm = M

M̃(b,d)

{
ε(b)

(
T̂

(b)
ss +T̂

(b)
hs

)
+
(

1−ε(b)
)[
T

(b)
ss +T

(b)
hs

+ϕ
(d)
b,0

(
T

(b, d
2

)
sw + d

2
τ

)
+
(

1−ϕ(d)
b,0

)(
T

(b,d)
sw +dτ

)]}
,

(19)

in which T̂ (b)
ss and T̂ (b)

hs are computed by replacing N (b)
bl with

N̂bl in (12) and (13), respectively, and the expected duration
of failed service related to ϕ(d)

b,0 is assumed to be d/2.

B. Optimal CA Strategy

A CA strategy (b, d) is defined as the combination of both
bandwidth and duration demands. Then our objective is to find

the optimal (b∗, d∗) that minimizes T (b,d)
cm :

(b∗,d∗) = arg min
(b,d)∈G

T (b,d)
cm . (20)

It is not hard to find (b∗, d∗) by searching G, which denotes
the finite set that contains all possible (b, d)’s. Note that in CR
networks, both PU and SU behaviors that affect the availability
of WS’s are stochastic. Hence, the optimal CA strategy defined
in (20) is actually optimal in the sense of average performance.

For practical purpose, each n needs to manage a database
that records the recent history of sensing results in Vn besides
the real-time updated Wn. Also, each n needs to coordinate
with its every neighbor n′ to learn cn,n′ based on their local
observations. In this way, n can dynamically adjust its inputs
to our model and adapt (b∗, d∗) accordingly. For better real-
time performance, the optimal solution can be reached by sear-
ching only a subset of G following the previous decisions or
by searching a decision table that is built offline.

V. NUMERICAL AND SIMULATION RESULTS

In order to validate the effectiveness of our model and the
above optimal CA strategy, both numerical analysis and dis-
crete-event simulation are conducted in this section.

Here we focus on a pair of sender and receiver, n and n′,
in a distributed CR network to evaluate the efficiency of CA
between them. For PU behavior in both Vn and Vn′ , Poisson
PU arrival process is assumed. The distribution of PU service
duration is set according to the statistical distribution of call
duration collected from a real cellular network [14]. As for SU
behavior, Poisson SU arrival process and random SU service
duration are assumed. Note that the choice of service duration
for the pair of n and n′ is a part of their optimal decision,
but we fix the patterns of SU activity in the background.

Basically, we are interested in the impact of PU activity and
CA strategy on the efficiency of negotiation and transmission
between n and n′. The constant parameters are set as follows:
K = 50; βn = 0.02 user/s; cn,n′ = 1.5; E[Y ] = 3 s; τ = 10 ms;
τss = 10 ms [16][17]; τrt = 200 ms; τsw = 600 ms [5]; N̂bl = 5;
M = 50 Mb; R= 5 Mb/s. The others are viewed as variables.

As in (9), ε(b) defined for negotiation failure is connected
to θ(b) directly that characterizes the occurrence of blocking
incidents caused by |Pl,∆|<b. The impact of αn and ∆ on
ε(b) with fixed d·τ = 3 s is plotted in Fig.3. Generally, the nu-
merical and simulation results match well with each other un-
der the same settings. As what we have expected, the higher
demand on b the higher ε(b) has to be experienced. And ε(b)

climbs up to a high level as the availability of WS’s drops. In
addition, a relaxation of the hardware limitation on ∆ offers
more candidate channels and thus lowers down ε(b).

Moreover, any subflow between n and n′ may be terminated
halfway under the occurrence of interruption incidents. The
detailed bandwidth reduction caused by interruption is charac-
terized by Φd based on (14). Due to limited space, only the
impact of d on ϕ(d)

b,0 defined for transmission failure is shown
at this point. As in Fig.4 with fixed αn = 0.1 user/s, the nu-
merical and simulation results match well. Clearly, the higher
demand on d the higher ϕ(d)

b,0 has to be experienced. And ∆

also has its impact. However, unlike ε(b), a higher demand on
b achieves even better ϕ(d)

b,0 , which is because the transmission



Fig.3. Negotiation failure probability vs. PU arrival rate:
(i) ∆ = 10 (left); (ii) ∆ = 20 (right).

Fig.5. Cumulative delay (in log scale) vs. PU arrival rate:
(i) ∆ = 10 (left); (ii) ∆ = 20 (right).

consisting of more subflows would tolerant more interruption
incidents. The impact of αn on ϕ(d)

b,0 is similar to that on ε(b).
For the transmission of M -bit data, the related cumulative

delay T
(b,d)
cm has been chosen as our objective function as in

(19). In Fig.5 and Fig.6, the impact of αn and (b, d) on it is
plotted, respectively. It can be seen that T (b,d)

cm rises rapidly
with the increase of αn under the influence of ε(b) and ϕ(d)

b,0 ,
especially when b= 3. The greater radio capability on ∆ also
lowers down T (b,d)

cm . To achieve the lowest T (b,d)
cm , the optimal

CA strategy (b∗, d∗) is evaluated under different settings. In
Fig.6, the marked point that represents the optimal decision
varies significantly with the availability of WS’s. Obviously,
when there are plenty of WS’s as in Fig.6-i, the high demands
on both b and d can be the optimal solution to achieve the
highest utilization of licensed spectrum. Note that the range
of d differs for different values of b for transmitting the same
size of data. However, if there are few WS’s as in Fig.6-iii,
the demands on both b and d should be low to avoid the huge
costs for making negotiation and renewing transmission.

VI. CONCLUSION

In this paper, we have studied the efficiency of CA in con-
sideration of various practical constraints and costs. A new
channel usage model based on general assumptions has been
proposed to investigate the negotiation and transmission costs
for utilizing CA under the influence of PU activity. We have
found that user demands on both aggregated bandwidth and
service duration affect the delay performance a lot. Hence, an
optimal CA strategy has been defined and validated to achieve
the lowest delay for transmitting certain data with confidence.
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