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Abstract. We consider resource assignment and power allocation prob-
lem in femtocells under channel estimation errors. Our formulation is
to maximize the throughput of femtocell users that share spectrum
resources with macrocell base station (MBS) while limiting interference
between macrocell and femtocells. Using cognitive capabilities, femto-
cell basestations (FBS) can acquire the needed information about the
neighboring MBS users to reduce cross-tier interference between FBS
and MBS users. We analyze the distributions of signal to interference
and noise ratio (SINR) of MBS users and signal to interference ratio
(SIR) of FBS users. Based on the analytical results, we present resource
assignment and power allocation solutions to maximize the mean sum
rate subject to SINR and SIR outage constraints, along with simulation
verifications.

Keywords: Cognitive femtocell - Cross-tier interference - Resource
assignment - Outage constraint - Power allocation

1 Introduction

For nearly a century, wireless capacity has doubled every 30 months. Capacity
analysis shows that the capacity increased 25x due to wider spectrum, 5x from
dividing spectrum into smaller portions, 5x from enhancements in modulation
techniques, and 1600x through reducing the cell sizes and accordingly the com-
munication distances [1]. Despite such high capacity growth, consumer demand
for capacity rises even higher. Recent studies show that nearly 50% of voice traf-
fic and 70% of data traffic take place from indoor consumers and it is predicted
that this indoor traffic will increase to 60% and 90% for voice and data traf-
fic respectively [1][2]. Femtocell is one promising solution to the traffic growth
problem under limited spectrum. Femtocell basestation (FBS) is a short range,
low-power and low-cost basestation, installed by users with internet connection,
in order to provide better service for local or indoor users.
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A number of other existing works have focused on the interference problem
that arises because of spectrum sharing between MBS and FBS [3]. Among
various solutions, cognitive radio (CR) may effectively add the needed spectrum
awareness functions to the FBS [4][5]. Such FBS with cognitive capabilities may
obtain spectrum information needed to control interference level on the shared
resources. The authors of [6] presented an algorithm for optimal power allocation
in order to solve the downlink interference problem, requiring prior knowledge
of all the system channel gains collected by a fusion center. In [7] the authors
presented a decentralized interference management method for LTE-A femtocells
by sharing measured pathloss information among neighboring femtocells. The
authors in [8] formulated the optimization problem of the resource allocation as
a Stackelberg game. They focused on the energy efficiency aspect of the shared
spectrum in heterogeneous networks. Further, authors of [9] used game theory to
model the resource allocation problem and introduced cognitive radio resource
management and strategic game based radio resource management schemes to
solve the given problem.

In this paper, we study the underlay femtocell scheduling and power assign-
ment problem. Our main objective is to derive a decentralized technique for FBS
resource scheduling so as to maximize the total capacity of home user equipments
(HUESs) served by the FBS while keeping SINR, of nearby macro-user equipments
(MUEs) above a given threshold when sharing the same resources. We incorpo-
rate some sensing capabilities at the FBS for collecting needed information on
the shared resources and for measuring the femtocell impact on nearby cochannel
MUESs. Our main contribution is in considering an estimation error in FBS-to-
HUE and MBS-to-HUE channel gains. By formulating the problem based on this
channel uncertainty, we analyze the distributions of HUESs signal to interference
ratio (SIR) and MUEs SINR. Another main contribution in this work is the
analytical reduction of the given problem into a much simpler problem [10]. We
further present two decentralized methods to solve the resulting channel assign-
ment and power allocation problem based on the optimal Hungarian algorithm
and a greedy suboptimal algorithm.

We organize our manuscript as follows: in section 2 we introduce the system
model and our problem formulation to maximize the average sum rate subject
to SINR and SIR outage constraints. section 3 provides the distribution analysis
on SIR of HUEs and SINR of the MUEs. We present our proposed solution for
the given optimization problem in section 4 and simulation results in section 5.

2 System Model

2.1 Network Architecture

Our underlying heterogeneous network consists of two tiers: a central macrocell
and several femtocells. Each femtocell shares assigned bandwidth (BW) with
the macrocell without intra-tier interference with other femtocells. This can be
achieved by orthogonal bandwidth assignments for adjacent femtocells. The fem-
tocells operate in closed access mode.
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Where:

C-RNTI: Cell-Radio Network Temporary Identifier
TPC-RNTI: Transmit Power Control-RNTI
PDCCH: Physical Downlink Control Channel
PUCCH: Physical Uplink Control Channel
PUSCH: Physical Uplink Shared Channel

Fig. 1. The action sequence to identify the femtocell neighbors.

We assume cognitive capabilities in each FBS in order to assist in the schedul-
ing and power assignment process. Given the cognitive capability plus indirect
coordination of the macrocell base station (MBS), FBS can identify the neighbor-
ing MUEs as well as their power and channel assignments. Fig. 1 illustrates the
actions of FBS, MBS, and MUEs in order for the FBS to acquire the needed infor-
mation. Each FBS schedules its actions separately. In this paper, resource block
(RB) and channel are synonymous. Before proceeding, here are some important
notations we use:

Ye(t) /75 (t): SINR of the HUE u / MUE v on channel ¢ at time t.
CQIS(t): The overheard channel quality information (CQI) report of the
MUE v on channel ¢ at time ¢.

— 0S(t): SIR of the HUE u on channel ¢ at time ¢.

- OpveLs/YmuEers: The minimum SIR / SINR for the HUE / MUE that can
guarantee reliable connection with the FBS / MBS.
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- HS (t)/H§_,@&)/HS_,(t)/Hg_, (t): Complex channel gains for the FBS-
HUE / MBS-HUE / MBS-MUE / FBS-MUE.

— P, (t)/Pg(t): MBS / FBS assigned power on channel ¢ at time .

— P, (t): Power as&gned for the HUE u by the FBS on channel ¢ at time ¢

- Out( )/CL,.(t)/CHN . (t): Normalized total capacity of HUEs at time t over
all / overlapped / non-overlapped assigned resources.

— Nyuyge/Nyug: Number of HUEs / MUEs.

— «, 3: Probability values from 0 to 1.

- [ (t)]/V]g(t)]: Mean / Variance of ¢(t).

— x ?(k, \): Non-central chi square distribution with k¥ degrees of freedom and
non-centrality parameter \ .

2.2 Problem Formulation

Assume the MBS has Njpp users (neighboring the FBS) and N; available RBs
while the FBS has Nyy g users assigned with No RBs (N3 < N7). Normally not
all the N» RBs are occupied with neighboring MUEs. We can divide the total
HUEs capacity according to

Cout(t) = Cour(t) + Coua(8), (1)

where overlapped resources are RBs occupied by neighboring MUEs and assigned
to HUE by the FBS for sharing whereas non-overlapped resources are either
empty or occupied by far away MUEs.

In our problem formulation, we will consider maximizing HUESs capacity over
shared RBs, in other words we are just considering optimizing the scheduling
and power assignment over the interfered channels.

Let Ny be the background noise power. Egs. (2) and (3) define the SINR and
SIR of HUE u respectively as

2

e Puc@|Hg (1)
9C(t)= Ol t)|2. (3)
’ rH [

Because we only consider the overlapped channels, P§,;(t) > 0 and conse-
quently Ny < P§; (t)‘Hf\/[fu(t)}z, Hence ~&(t) ~ 05(t), from which we can define
the normalized capacity of the HUEs over the overlapped channels by

Nuup Ncon

Cout(t) = D (Y aij(t)logy(1 +6](1)) (4)

=1 j=1

where N¢y, is the number of overlapped channels and a; ;(t) is the action by the
FBS such that:

() 0, if Channel j is not assigned to HUE ¢
a: (1) =
" 1, if Channel j is assigned to HUE i



96 H.M. Elmaghraby et al.

Since channel gains are estimated by the HUE u before being sent to the
FBS, according to estimation error model provided in [11], we can represent the
channel gains as Random Variables (RVs) as shown in (5)

Hp_,(t) = Hp_ () + Hy_,, (5)

where f[f;_u(t) is a constant complex value representing the estimated channel
at time t and H¢_, is a complex normal distributed RV represent the estimation
error such that H , ~ CN(0,20%_,). Therefore HS () can be modeled as

a complex normally distributed RV such that H§_ (t) ~ CN'(HE_,(t),20%_,)
Similarly we have R R
Hiyo(t) = Hiyp—y(8) + Hyy o, (6)

where Hf,;_,(t) can be modeled as a complex normally distributed RV such that
HS, (t) ~CN(HS, ,(t),202, ). We also define the SINR of the MUE v

POl O]
Plg(t)}H%—v(t)P + NO

Yolt) = (7)

We assume that the MBS shares its power assignment information with the FBS
in order to reduce the interference from FBS frequency reuse. In order to gain
some information about H§,_, (¢) and Hf_, (t), we assume that the channel is
slow-fading channel, such that the channel gain is approximately constant in 3
consecutive time slots.

From this assumption, for t — 2 < T < t we have

H]C\/va(T) = chwfv? (8)
Hp_(T)=Hp_,. 9)
Therefore,
2
PS¢ ()| HS
s L L TR (10)
PE(t)|Hf_,|” + No
and )
P5(t—1)|HS,_,
vt —1)=—2>N | L | : (11)
Pe(t—1)|He_,|” + No
2
PS¢ (t—2)|H¢

CPu(t—2)|H P+ Ny

As a result of FBS’s cognitive capabilities, the FBS can overhear CQIS(t — 1)
and CQIS(t — 2), which represent quantized versions of v5(t — 1) and v5(t — 2),
respectively. Therefore, CQIS(T) indicates the interval of v$(7") such that

At CQINT) = K — 7;(T) € [a,b], (13)
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where K represent the overheard CQI value and a, b represent the interval

boundaries corresponding to K that v5(T) lies in. Therefore at time t, we can

estimate H{, , and H§,;_, (assuming CQIS(t — 1) # CQI5(t — 2)) from Eqs.

(11) and (12), thereby allowing us to find P(yS(¢)|CQIS(t—1), CQIS(t—2)) > 5.
We now formulate the maximization of HUE capacity:

Nuuge Ncon

max B[C,()] = max( Z (D aij()E[logy(1 + 67 (1)) (14a)

e i=1 j=1

NuvEe

st Y ai(t)<1 (14b)

i=1
Ncn

Z auj(t) =1 (14c)

Nen
P() " au;(t)0)(t) > 0nueLs) > o (14d)
Ncn Nen
P &7 >’YMUELB‘ Z £ (HCQIY(t - 1),
1

" Nen ‘
> &, (CQI(t—2) > 8 (14e)
j=1

’LL:].72...NHUE, 'U:]-727-~NMUE7 C:].,z,...]\fch7

where &, ;(t) is the participation indicator at time t based on overheard schedul-
ing information:

€0 i(t) = 0, if Channel j is not scheduled to MUE v
Y7711, if Channel j is scheduled to MUE v )

Note that [12] provides a Gaussian approximation for the objective function
as:
VI65 ()]
Ellog, (1 + 6,(t))] = logy (1 + E[0,(t)]) — ———————, (15)
[logs )] o [0(8)]) 211 Bl (1))

which provides our approximate objective function:

BICH (0] = gt 3 (3 0 loza(1 + 50—~ 5]
P out —max i law (logs( 201+ B0 (1))

(16)
The constraints shown in Eqgs. (14b) and (14c¢) aim to ensure that each chan-
nel is occupied once and that each HUE gets only one channel respectively.
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While the constraints in Eqs. (14d) and (14e) are to guarantee that there exists
a minimum acceptable SIR and SINR levels for each HUE and MUE to sustain
a reliable transmission with the FBS and MBS respectively.

In order to solve the shown problem, we need to analyze the distributions of
~5(t) and 0 (t) as well as calculating the first order statistics of 65 (t).

3 SIR and SINR Distribution Analysis

3.1 SIR Distribution Analysis

According to the channel model of (5), we define

Hp_(t) = Hp—u(t)/oF—u; (17)
Hyy o (t) = Hiy—o () forr—u, (18)

Therefore - )
00 (t) _ Pu@(t)o—%—u’H%—u(t)‘
u - — 27
Pir(t)os | Hp—o(1)]

where the random variable H¢ _ (t) ~ CN (%, 2) and accordingly

u

. 2
ry7c 2 ’ HC 7u(t)
OF—uy
And similarly we have
5, 0|
—c 2 , _u
|H; ()] ~x 22, |2 ). (21)
OM—u
Then we will have - )
HS:  (t
0 (t) =m M (22)

— 2 .
5 (t)]
———
H
Therefore, from [13] we conclude that H has a doubly non-central F-Distribution
2 . 2
AHS () /on—v| ), from which the

probability density function (PDF) of 6¢(t) is also known.

with parameters (2,2,"&%7“(15)/0'17‘,“

3.2 SINR Distribution Analysis

In order to evaluate the constraint shown in equation (14e), we need to calculate
the cumulative distribution function (CDF) of v5(¢). To do so we will start by
substituting in Eq. (10) by Egs. (11) and (12), to get the form in equation (23)

K- g - 2)
Koys(t — 1) + Kayi(t —2)°

V5 (t) (23)
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where

Ky = Py (t)(Pp(t —2) — Pp(t — 1))

Ky = Py (t = 2)(Pg(t) — Pp(t — 1))

Ky = Py (t = 1)(Pp(t — 2) — Pr(t))
and since we do not know the exact values of v5(¢t — 1) and vS(t — 2), we only
can overhear their CQI level as we mentioned earlier. Therefore we can model
~vé(t — 1) and v5(t — 2) as random variables uniformly distributed within the

known interval based on the CQI level.
Starting from equation (23), at Ky # 0

Ky o5t =19t —2)

Yo (t) = (K2 ye(t —1) + %’Yﬁ(t - 2)’ .
50 = (s, (2)

where
Yot — Dyt —2) (26)

=D+ kgt —2)
and k = K3/K>. Applying Eq. (26) and PDFs of 7$(t — 1) and ~5(t — 2), we
evaluated a closed-form PDF of S which is then used to determine v5(¢t) PDF
and CDF.

4 Proposed Solution

In this section we will introduce a solution to the given problem by first focusing
on a power selection policy.

4.1 Optimum Power Level Selection

Considering the objective function (14a), Eqs. (14b) and (14c) guarantee that no
channel assigned to more than one HUE and that every HUE gets only one chan-
nel, while equations (14d) and (14e) specify the minimum and maximum power
limits respectively. Thus, for a valid assignment we can rewrite our problem as
follows:

max B[C],(1)] = max( Z Z a; ;(t)Ellogy(1+ 6/ (1)) (27a)
s.t. '
P;”Cm <P, < P;”C’“” (27Db)

Lemma 1: For the objective function (27a) with any valid channel assignment, if
there exists P, . for HUE u to satisfy (27b), then its optimum power assignment
equals P

Proof: We can show that our objective function is monotonically increasing in
P,.c. The details are omitted here.
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4.2 Main Structure of the Solution Algorithm

In order to explain the proposed solution, we will first describe the reduction/
transformation used to transfer the given problem equivalently into an assign-
ment problem. The term “problem reduction” is very popular in complexity
theory. The main idea is in transform underlying problem from an unknown
form (non-convex optimization problem) to a known one such that there exists
an optimal and efficient algorithm to solve it. One common use of problem reduc-
tion is to show that a specific problem belongs to a certain class of complexity
like P, NP and NP-complete. This reduction is based on the analytical results
from the previous sections and it is described in the algorithm given below.
These steps should be made regardless of the method we will use later to solve
the assignment problem.

Algorithm: Optimum Channel Allocation (main structure)

1. Combining the calculated CDF of ~;(¢) (section 3.2) and the constraint in (14e),
we will be able to evaluate the maximum power (P, <) for all the available RBs.

2. The results of section 3.1, enable us to calculate the distribution of the random
variable 677 (t) as well as its first order statistics for each HUE at each RB.

3. Using the first order statistics of 6;;'a" (t), we will be able to calculate the maximum
capacity for each HUE on every channel.

4. In order to apply the constraint in equation (14d) we will use the 632" (¢t) CDF to
verify that all HUEs SIR exceeds 0nv LB, otherwise exclude this channel assign-
ment from the result.

Result: a lookup (rate) table (i, j) representing the maximum capacity for each HUE
at each channel (i =1,..Nyyg and j = 1,...Ncp)

where 0,707 (t) is the maximum SIR of the HUE u on channel ¢ at time ¢

_ Pres)|Hp_, (0]
Py (0)| 5y (0]

Basically we start our solution by using the results in section 3 to calculate
the lookup (rate) table or matrix R (where R = [r(i,5)] for i = 1,..Ngyg and
j =1,..Ngyp). After completing the 4 steps, we will proceed to find the channel
assignment to maximize the objective function.

0771(11} (t)

u,c

(28)

4.3 Channel Assignment Algorithms

Given matrix R which represents the lookup table, we can also view this as the
edge weight matrix of a bipartite graph. On one end of the bipartite graph are
the user nodes, while on the opposite end of the bipartite graph are the available
channels. To find the best pairing to maximum the sum rate, we can either use
a simpler greedy algorithm or resort to the well known Hungarian Algorithm
designed to solve such assignment problem optimally in shorter time.
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Greedy Algorithm. The lookup table is a matrix R with HUEs as rows and
channels as columns. We can determine the suboptimum channel assignment by
applying a greedy algorithm to find the maximum pairing in each iteration. Let
a matrix P; = R. For the i-th iteration, our greedy algorithm find the maximum
element in matrix P; as a pairing choice before forming the next matrix Pjyq
by removing the corresponding row and column of the maximum element from
P;. We continue until all HUESs or channels are exhausted.

In the greedy algorithm, successful HUE acquires the maximum capacity from
the available channels regardless the remaining HUEs. Although the complexity
of greedy solution is very low and its time consumption grows linearly with
increasing problem size, it is generally not optimal.

Hungarian Algorithm. Starting from the rate lookup table, our problem is
viewed as an assignment problem in which the Hungarian algorithm has proven
to solve optimally and in polynomial time [14][15]. The Hungarian algorithm
is a combinatorial optimization algorithm first introduced in 1955 to solve an
equivalent assignment problem [14].

In order to achieve the optimum channel assignment we add one more step on
the algorithm main structure in section 4.2 by adopting the Hungarian algorithm.
Unlike [16], we did not use the Hungarian algorithm to work on the original
scheduling problem which may result near optimal solutions. Instead, we used
Hungarian algorithm to determine the optimal combination from the rate lookup
table.

5 Performance Evaluation

We will present our simulation results in three parts, in the first part we verify the
analysis in section 3 with numerical examples. We will compare the two proposed
solutions in the second part. The third part compares the results according to
our channel gain estimation error assumption and the assumption of zero channel
gain estimation error.

Fig. 2 shows both numerical and analytical distributions of MUE SINR, from
which we can see excellent verification of the analytical results in section 3. We
also presents both numerical and analytical distributions of HUE SIR, from
which we also observe evident verification.

In Fig. 3, we present the maximum capacity against the estimation error
standard deviation. We plot the Hungarian algorithm solution along with the
solution from the greedy algorithm. Clearly, the Hungarian algorithm achieves
optimal solution. The results from the greedy algorithm show sub-optimality but
require lower complexity (O(n)) while the Hungarian algorithm requires O(n?)
[17]. In Fig. 4 we compare two results: one from being ignorant of the channel
estimation error existing in the channel gain by assigning resources based on
purely the estimated channel (assuming estimation error = 0), another account
for the channel estimation error and assign the resources based on this consid-
eration as in our proposed algorithms.
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Fig. 3. The Hungarian and Greedy algorithms results.

For small variance in channel estimation error, the results of both cases are
nearly the same. However, as channel estimation error variance grows, the first
result starts to deteriorate to less than optimal while the second results remains
optimum (as circled and diamond curves).

Moreover in the first case, the total capacity estimation is constant (Asterisk
line) regardless of the value of the real capacity (diamond line) and the total
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Fig. 4. Results due to zero and non-zero estimation error assumptions.
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Fig. 5. Results according to error assumptions for different .

capacity estimation error increase with growing channel error variance. On the
other hand, for the second case, the total capacity estimation (dashed line) tracks
the actual capacity (circled line).

Finally, in Fig. 5 and Fig. 6 we compare the performance of the two error
assumptions illustrated earlier for different 5. In Fig. 5, we can see that as §
increases the total capacity decreases. This follows from (14e), as G affects the



104 H.M. Elmaghraby et al.

46

T T T T
—»— Mean Capacity (Hung. Alg.— Est. err.=0)
= % = Mean Capacity (Hung. Alg.—- Est. err. = 0)
—O— Mean Capacity (Greedy Alg.— Est. err.= 0)}
— © - Mean Capacity ((Hung. Alg.— Est. err. = 0)|

458

IS
IS
T

Est. err.#0

I
»
T

Mean of HUEs Capacity in b/Hz/s
IS
T
L

B --—--t---- 61z
P TrBraa 4
Tl

Est.err.=0 ‘e_,‘::\~~\&
40+ R T
~SIx
(5]

39 1 1 1 1 1 1 1 1
0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

Fig. 6. Solutions results according to error assumptions for different 3.

maximum allowed power on the occupied channel. Still our performance is opti-
mal whereas the performance according to the zero estimation error assumption
is not. Moreover the performance gap between the two results remains almost
constant regardless the value of 5. In Fig. 6, we compare performances of the
two solutions according to the different error assumptions.

From the simulation results thus far, we have verified our analytical results
in section 3, and established the optimality of applying the reduction algorithm
followed by the Hungarian algorithm for the given problem. Lastly we illustrated
the importance to account for the channel estimation error assumption instead
of ignoring the error.

6 Conclusion

In this work we focused on downlink cross-tier interference problem in a two-
tier heterogeneous network. In order to control the cross-tier interference while
maximizing the femtocell capacity, we exploit the cognitive capabilities of FBS
to acquire nearby MUE scheduling. Our problem formulation take into account
channel estimation error and we provide full analysis for the distribution of the
HUE SIR and MUE SINR. Both analytical results are verified via simulations.
Based on our analysis we developed a problem reduction method for the given
problem. We also suggested two solutions for the reduced problem based on the
Hungarian and greedy algorithms, respectively, with demonstrated simulation
results.



Downlink Scheduling and Power Allocation 105

References

10.

11.

12.

13.

14.

15.

16.

17.

Chandrasekhar, V., Andrews, J., Gatherer, A.: Femtocell networks: a survey. IEEE
Communications Magazine 46(9), 59-67 (2008)

Al-Rubaye, S., Al-Dulaimi, A., Cosmas, J.: Cognitive femtocell. IEEE Vehicular
Technology Magazine 6(1), 44-51 (2011)

Andrews, J., Claussen, H., Dohler, M., Rangan, S., Reed, M.: Femtocells: Past,
present, and future. IEEE Journal Selected Areas in Communications 30(3),
497-508 (2012)

Wang, W., Yu, G., Huang, A.: Cognitive radio enhanced interference coordination
for femtocell networks. IEEE Communications Magazine 51(6), 37-43 (2013)

Oh, D., Lee, H., Lee, Y.: Cognitive radio based femtocell resource allocation. In:
International Conference on Information and Communication Technology Conver-
gence (ICTC), pp. 274279, November 2010

Sun, D., Zhu, X., Zeng, Z., Wan, S.: Downlink power control in cognitive femtocell
networks. In: International Conference on Wireless Communications and Signal
Processing (WCSP), pp. 1-5, November 2011

Zhang, L., Yang, L., Yang, T.: Cognitive interference management for LTE-A fem-
tocells with distributed carrier selection. In: IEEE 72nd Vehicular Technology Con-
ference Fall (VTC 2010-Fall), pp. 1-5, September 2010

Xie, R., Yu, F., Ji, H.: Spectrum sharing and resource allocation for energy-efficient
heterogeneous cognitive radio networks with femtocells. In: IEEE International
Conference on Communications (ICC), pp. 1661-1665, June 2012

Lien, S., Lin, Y., Chen, K.: Cognitive and game-theoretical radio resource man-
agement for autonomous femtocells with QoS guarantees. IEEE Transactions on
Wireless communication 10(7), 2196-2206 (2011)

Karp, R.M.: Reducibility among combinatorial problems. In: A Symposium on the
Complexity of Computer Computations, pp. 85-103 (1972)

Yoo, T., Goldsmith, A.: Capacity and power allocation for fading mimo channels
with channel estimation error. IEEE Transactions on Information Theory 52(5),
2203-2214 (2006)

Teh, Y., Newman, D., Welling, M.: A collapsed variational Bayesian inference algo-
rithm for latent Dirichlet allocation. Advances in Neural Information Processing
Systems 19, 1353-1360 (2007)

Walck, C.: Handbook on Statistical Distributions for Experimentalists. University
of Stockholm press, Sweden (2000)

Kuhn, H-W.: The hungarian method for the assignment problem. Naval Research
Logistics 52(1), 7-21 (2005)

Munkres, J.: Algorithms for the assignment and transportation problems. Society
for Industrial and Applied Mathematics 5(1), 32-38 (1957)

Tamura, S., Kodera, Y., Taniguchi, S., Yanase, T.: Feasiblity of hungarian algo-
rithm based scheduling. In: IEEE International Conference on Systems Man and
Cybernetics (SMC), pp. 1185-1190, October 2010

Bellur, U., Kulkarni, R.: Improved matchmaking algorithm for semantic web ser-
vices based on bipartite graph matching. In: IEEE International Conference on
Web Services, ICWS 2007, pp. 86-93, July 2007



	Downlink Scheduling and Power Allocation in Cognitive Femtocell Networks
	1 Introduction
	2 System Model
	2.1 Network Architecture
	2.2 Problem Formulation

	3 SIR and SINR Distribution Analysis
	3.1 SIR Distribution Analysis
	3.2 SINR Distribution Analysis

	4 Proposed Solution
	4.1 Optimum Power Level Selection
	4.2 Main Structure of the Solution Algorithm
	4.3 Channel Assignment Algorithms

	5 Performance Evaluation
	6 Conclusion
	References




