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I. INTRODUCTION

Opportunistic spectrum access (OSA) is one of the apprsaehesioned for dynamic spec-
trum management [1]. It has received increasing attentiantd its compatible with the current
spectrum management policy and legacy wireless systenesbabic idea of OSA is to allow
secondary users to search for and exploit local and instaates spectrum availability in a
non-intrusive manner. Correspondingly, basic design amapts of OSA include 1) a sensing
strategy that specifies whether to sense and where in thérgmeto sense and 2) an access
strategy that determines whether to access based on thegeunscomes.

Related WorkThe design and implementation of OSA have been addresséd indrature (see
[2]-[8] and references therein). In [2], the authors adsltbe implementation of OSA in an ad
hoc secondary network overlaying a GSM cellular networl{3In[4], optimal distributed MAC
protocols are proposed within the framework of partiallysetvable Markov decision process
(POMDP). The proposed protocols ensure synchronous hgmbithe secondary transmitter and
receiver in the spectrum without introducing extra conin@ssage exchange. More recently, [5]
exploits the channel fading in the design of OSA for an effitiese of the secondary user’s
energy. In [6], a separation principle is established fa diptimal joint design of the physical
layer spectrum sensor and the MAC layer sensing and accdisgepoln [7], access strategies
for a slotted secondary user searching for opportunitieannun-slotted primary network is

considered, where a round-robin single-channel sensingnse is used. Modeling of spectrum
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occupancy has been addressed in [8]. Measurements obfaomedspectrum monitoring test-
beds demonstrate the Makovian transition between busydi@dhannel states in wireless LAN.
For an overview on challenges and recent developments in, @&2&lers are referred to [9].
Contributions This report extends [5] by incorporating the secondary 'sideaffic statistics
into the energy-constrained OSA design. Taking into actdo®m channel fading statistics and
the secondary user’s traffic and energy consumption clarsiits, we formulate the sequential
sensing and access decision-making problem as a POMDP. &¥etkht this POMDP terminates
in a finite but random time. The optimal sensing and accesdegies are thus given by the
stationary optimal policies of this POMDP.

By exploiting the rich structure of the underlying problene develop monotonicity results for
the optimal policies. In particular, we show for the onesaola case that there exists a threshold
on the conditional probability that the channel is avagaldbove which the secondary user
should always choose to sense. There also exists a threshalie channel fading condition,
above which the secondary user should never transmit ov®rcttannel. These monotonicity
results can help us accelerate the calculation of the opfwigies.

Numerical results show that the impact of the secondarysusesidual energy and traffic
statistics on its sensing and access decisions diminishélearesidual energy increases. We
also investigate the cases where the secondary user magechosense channels even if its

buffer is empty.

[I. SYSTEM MODEL

A. Primary Network Model

We consider a spectrum consisting @fchannels €.g.,different frequency bands or tones in
an OFDM system), each with bandwidifi, (n = 1,--- , N). TheseN channels are licensed to
a slotted primary network. Les, (t) € {0 (busy),1 (idle)} denote the occupancy of channel
n by the primary network in slot. We assume that the spectrum occupancy state (SOS)
S(t) 2 [S1(t), ..., Sn(t)] follows a time-homogeneous discrete Markov process witestpace
S defined as

S2{0,1}, where|S| =2V, (1)

The transition probabilities are denoted as

Ps(s'|s) 2 Pr{S(t) =¢|S(t—1)=s}, s,§ €S, )
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which represents the probability that the SOS transits fsom S to s’ € S at the beginning
of slot¢t. The transition probabilities of the SOS are determinedhagydtatistics of the primary

traffic. We assume that they are known or have been learned.

B. Secondary Network Model

Consider an overlay ad hoc secondary network whose useependently and selfishly seek
instantaneous spectrum opportunities in thésehannels. At the beginning of each slot, the
secondary user chooség (1 < M < N) channels to sense and determines whether to access
based on the sensing outcomes. The secondary user canrals¢o the sleeping mode in which
no channel will be sensed or accessed in this slot. The sequaroperations performed by the

secondary user in each slot is illustrated in Figure 1 antllveildetailed in Section 1lI-B.

Slot ¢
Decision Data Transmission Info.
Making (Reward Accumulating) Update

Sensing | Sensing | Access A(t) = A
Decision | Observ. | Decision | | B(t) — B(t +1)
A(t) o(t) Do () E(t) - E

Fig. 1. The slot structure. The secondary user’s knowledgkeoSOS is characterized by(¢), and its buffer state and residual

energy are denoted hi(¢) and E(t), respectively.

Our goal is to design the optimal OSA strategy for the secgndaer, which sequentially
specifies which channels to sense and whether to access. bibetive is to maximize the
throughput of the secondary user during its battery lifetiffor ease of presentation, we assume
M =1 (e.g.,the case of single carrier communications). Our formufattan be generalized to
M > 1.

Traffic Model The bursty traffic of the secondary user is modeled as a Roigsacess with

rate \. That is, the probability ofn packet arrivals in a slot is given by

A €A\

—, m=0,1,.... 3)
m!

m
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The transmission time of a packet is assumed equal to thelesigth. We assume that the
secondary user has a finite buffer with maximum diz@ackets are dropped when the buffer
overflows. LetB(t) € B denote the number of packets in the secondary user’s bufférea

beginning of slott, where B contains all possible buffer states:
B2{0 (empty) 1,...,1}. (4)

Channel ModelWe adopt a block channel fading model. Specifically, we asstivat the channel
gain between the secondary user and its destination is @amandriable (RV) identically and

independently distributed (i.i.d.) across slots but natessarily i.i.d. across channels.

Energy Model The secondary user is powered by a battery with initial gn€sg We consider
three types of energy consumption by the secondary user Intalet e, denote the energy
consumed in the sleeping mode andthe energy consumed in sensing the occupancy of a
channel. The energy consumed in transmitting over channgldenoted byE,,(n).

We assume that the secondary user only has a finite numlértransmission power levels
due to hardware and power limitations. According to the entrfading condition, the secondary
user adjusts its transmission power to ensure successiption at its destination. In general,
the better the fading condition, the lower the transmisgiower level. Hence, the transmission

energy consumptioti;,.(n) is a RV taking values from a finite sé},:
A L
Eio ={ekhis, 0<e1<...<ep <o, (5)

wheregy, is the energy consumed in transmitting at #te power level. The distribution of the
transmission energy consumpti@f,(n) is determined by the channel fading distribution, and
is denoted by

p(k)2 Pr{E,(n) =}, k=1,...,L, (6)

where>>r | pa(k) = 1.
Let F(t) denote the secondary user’s residual energy at the begirofislot ¢. Note that
E(t) is a RV depending on the fading conditions and the secondset/suactions in all previous

slots. Since the transmission energy consumption is céstrito the sef,,., the residual energy
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E(t) belongs to a finite sef:

L
e {E:Ezé’o—chsk—cses—cpepz();
k=1
; )

Cs Z chackacsacp € Z; Ck, Cs, Cp Z 0} U {0}7
k=1

wherec;, is the number of slots when the secondary user transmitseattthpower level,c,
is the number of slots when the secondary user senses a thamte, is the number of slots
when the secondary user operates in the sleeping mode. iNdtthe secondary user must sense

the channel before accessing it in order to avoid collisiwitb the primary users. We thus have

Cs 2 Zlﬁ:l Ck-

[1I. A D ECISION-THEORETIC FRAMEWORK

In this section, we formulate the energy-constrained OS#giteas an unconstrained POMDP.

A. Sequential Decision-Making

We illustrate in Figure 1 the sequence of operations in e&ath At the beginning of slot
t, the SOS transits t8(¢) € S according to the underlying Markovian primary traffic model
Ps(s'|s).

Sensing DecisiorBased on its knowledge of the SOS and its local buffer s&t¢ and residual

energyE(t), the secondary user first chooses a chantie) to sense:
A(t) € {0 (sleeping mode)l, ..., N}, (8)
where A(t) = 0 represents the sleeping mode.

Sensing Observationlf a channelA(t) = « > 0 is sensed, the secondary user observes the

channel occupancy and fading condition. The sensing owtdsnmenoted by
O(t) € {0 (busy) 1,..., L}, 9)

where©(t) = 0 indicates that the chosen channel is busy, @tt) = k& > 0 indicates that the

chosen channel is idle and the fading condition requiressdo®ndary user to transmit at the
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kth power level. We assume perfect spectrum sensing. HehedistributionU (k|s, a) of the

sensing outcom®(¢) given current SOS and chosen chanAét) = a > 0 is obtained as:
U(kls,a) 2 Pr{O(t) = k|S(t) =s, A(t) = a}

pa(k), if sa=1k#0, (10)

1, if s, =0,k=0.

Access DecisionBased on the sensing outcorfi¥t), the secondary user determines whether

to transmit over the chosen channé(t) > 0:
do(t) € {0 (no access)] (access). (1)

Let ®(¢) = [Dg(t), P1(t),..., P ()] denote the set of access decisions, one for each possible
sensing outcomé®(t) € {0, ..., L}. Clearly, whenO(t) = 0 (busy), the secondary user should
refrain from transmissioni.e., ®y(t) = 0. We also note that the secondary user should not
transmit (.e., o (t) = 0) when it does not have enough energy to combat the curremineha
fading (.e., E(t) < es + €g) or its buffer is emptyi(e., B(t) = 0). Let A.(B(t), E(t)) denote

the access action space, which includes all allowable aaesisionsp(t) given current buffer

state B(t) and residual energy(¢):
AB(t), B(t)) 2 {® = [®0, ..., B1] € {0, 1} : &g = 0;
O, =01if E(t) <es+ ¢y Or B(t) =0}. (12)
Information Update At the end of each slot, the secondary user can update itsl&dges of
the SOS by incorporating the decisions and observation® nmathis slot (see Section IlI-B for
details). The secondary user’s local state(t), £(t)) also changes due to the packet arrivals
and energy consumptions in this slot. Specifically, sineepicket arrival process is assumed to

be Poisson, the number of arrivals is i.i.d. across slotsicelethe evolution of the buffer state

is a Markov process whose transition probabilities are give
PL(b'|b) 2 Pr{B(t+ 1) = V'|B(t) = b,i packet was seft

= Z le[b’:max{b—i+m,l}}a ba v € Bv (13)

m=0
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wherei = 0, 1 is the number of packet delivered in this slot, dnd the maximum buffer size.

The residual energy reduces frofi(t) to
E(t+1) = Tp(EQ@)| A1), ®(1), O(1))

A | E@) — e, it A(t) =0, (14)

E(t) —es — lgo=11€0  Otherwise,
where 1j4,—1) indicates whether the secondary user has accessed thenctiusenel ande
is the energy required for a successful transmission. Nadé¢ no observations and access
decisions are made when the secondary user is in the slespdg. For simplicity, we write
Te(E(t)|A(t), ®(t),0(t)) asT(E(t)|0) when A(t) = 0.
The updated SOS knowledge, buffer stét¢ + 1), and residual energy(t + 1) are then

used to make optimal decisions in the next glet1.

The above procedure repeats until the secondary user igahlzof successful transmission
under any channel fading conditioris., its residual energy=(t) drops below the minimum

energy required to sense and access a chaanelmin &, = e, + ¢1.

B. A POMDP Formulation

The sequential decision-making process described in@etttA can be cast in the frame-
work of POMDP. Specifically, the system state can be chaiaete by the following three
components: 1) the SOS of the primary netw&k) € S; 2) the buffer stateB(¢) € B of the
secondary user; and 3) the residual endg¥) < £ of the secondary user. While the buffer state
and the residual energy are fully observable to the secgnasar, the current SOS cannot be
directly observed due to partial spectrum monitoring. Westhave a POMDP with composite
system state spac

S2£{(S,B,E):S€S,BeB,Ec&}, (15)

whereS, B, £ are defined in (1), (4), and (7) respectively.
Sufficient StatisticsAt the beginning of each slat the secondary user’s knowledge of the SOS

is provided by its decision and observation history(t) 2 { A(r), ©(7)}Z}. As shown in [10],

1Since we have assumed perfect spectrum sensing, the c@@®tinformation provided by the secondary user’s access

decisions is contained in the sensing outcome. The incatijpor of the sensing decisions and the observations suffices
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the statistical information on the SOS can be encapsulatedbielief vectorA () 2 {As(t) }ses,
where A (t) € [0,1] and ) s As(t) = 1. Each element\(t) represents the conditional
probability (given the decision and observation histodyattthe SOS iss at the beginning

of this slot prior to the state transitione.,
As(t) 2 Pr{S(t — 1) =s|Y (¢)}. (16)

The belief vector can be updated at the end of sloy incorporating the sensing decisietit)
and the observatio®(t) in this slot. Specifically, applying Bayes rule, we obtaie thpdated
belief vectorA(t + 1) 2 {Ay(t + 1)}ses as

A(t+1) = Ta(A(D)|A®), O(t), where

(17)
Sy As(t) Ps(sls), it A(t) =0,
Yoo A (t)Ps(s|s")U(kls, a)
s Nsr (1) Ps(s|s")U(kls, a)’
Note thatZ, (A(t)|A(t), ©(t)) will be written as7,(A(t)|0) when A(t) = 0.
The belief vectorA (¢) together with the fully observable buffer stabét) and residual energy

otherwise

E(t) are thus the sufficient statistics for making optimal semsind access decisions. A policy

7 of the POMDRP is given by a sequence of functions:
Wé[’ﬂ'l,ﬂ'g,...], (18)

where each functiom; maps from the current information stafd (¢), B(t), E(t)} to a sensing
decisionA(t) and a set of allowable access decisidng) € A.(B(t), E(t)) in slott. If 7, is

identical for allt, 7 is called a stationary policy.

Reward and ObjectiveA nature definition of the reward is the number of bits dekceiby
the secondary user in a slot, which is assumed to be propafttio the channel bandwidth.
Specifically, given buffer stat&(¢) and residual energy(t), the immediate reward%ggg(t)

can be defined as a function of acti¢d(¢), ®(¢)} and sensing outcom@(t):

AP A
R0 (1) = 1aws0li@wen. (50),50).00 0~ Ba, (19)
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wherel, is the indicator function of. Note thatl - = 1 iff the secondary user has sensed
a channel, andsca. (B, 201,06 )=1) = 1 iff the secondary user has successfully transmitted
a packet.

As noted in Section llI-A, the POMDP terminate<., no reward will be accumulated, once
the residual energy(¢) drops belowe, + ;. Hence, the total expected reward represents the
total expected number of bits delivered by the secondary diseng its battery lifetime. The
objective of the POMDP can thus be written as

- AP
> RGSA(M)

t=1

A1), E(1) = 50] : (20)

7 = argmax E,
K

whereA (1) is the initial belief vector, which can be set to the statigraistribution of the SOS

if no information on the initial SOS is available.

V. OPTIMAL ENERGY-CONSTRAINED OSA DESIGN

In this section, we derive recursive formulas for calcuigtine optimal policies of the POMDP

given in (20). We also develop structural results for effithe calculating the optimal policies.

A. Stationary Optimal Policy

Stationary policies are usually preferred due to reduceohong requirements and low com-
plexity in implementation. We show that the POMDP given if®)(has a stationary optimal
policy.

Proposition 1: For the energy-constrained OSA design gilkgr{20), there exist stationary
optimal sensing and access policies.

Proof: The proof is based on the fact that the POMDP given in (20) iteatas in a finite
but random stopping time. See Appendix A for detalils. ]

Proposition 1 enables us to focus on stationary policieeawit losing optimality. For brevity,

we omit the time index in subsequent sections.

B. Optimality Equation

The next step to solving (20) is to express the objective ieitlyl as a function of the
information state and the actions. Given current infororasitate A, B, E), we letQ(A, B, E|0)

and Q(A, B, E|A, ®) be the maximum expected total reward that can be obtainecligg
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actionsA =0 and{A > 0, ® € A(B, E)}, respectively. The value functiori(A, B, E), defined
as the maximum expected total reward that can be accumwtdeting from information state

(A, B, E), can be written in terms of th@-functions:

V(A,B,E)

= max{Q(A, B, E|0), n}ax Q(A,B,E|A, @)}, (21a)
PN

V(A,B,E) =0, if £<es+er. (21b)

We derive below iterative formulas for calculating the \&afunction and the&)-functions. In
the sleeping model = 0, no immediate reward will be obtained. Hence, the maximupeeted
total reward Q(A, B, E|0) is given by the future reward’(A’, B’, E’), where {A’, B', E'}
represents the updated information state. Specificallyphtain that

Q(A,B,E|0) = Y Py(B|B)V(TA(A|0), B', Tp(E|0)), (22)
B'eB
where P} (B’| B) governs the buffer state transition and is given by (4), th@ated belief vector
7A(A]0) and residual energ¥z(E|0) are given by (17) and (14), respectively.

In the sensing model > 0, the maximum expected total rewa€d A, B, E|A, ®) consists

of two parts: the immediate rewariaggg defined as (19) and the future rewdrdA’, B', E').

Averaging over all possible SOS, observations, and paakirabs, we obtain that

Q(A,B,E|A, ®)
= 37 APs(sls) Y Ukls, 4) [REE (23)
s,s'eS keO

+ ) PR (BIB)V(TA(A|A k), B', Te(E|A, @, k)| .
B'eB

where P°(B'|B), To(A|A, ©), andTp(E|A, ®,0) are given in (4), (17) and (7), respectively.
Using (21) — (23), we can solve the value function and ¢héunctions recursively in an

increasing order of the residual ener@y The optimal sensing and access decisions are then

given by the maximizers of (21). Algorithms for solving POMB exist in the literature [10]

and are applicable here.
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C. Monotonicity Results on Optimal Design

While powerful in problem modeling, POMDPs are generallynpotationally expensive.
Structural results are thus desirable since they can peamsights into the underlying problem
and accelerate computations [12]. By exploiting the ricbttire of the energy-constrained OSA
problem, we develop monotonicity results for the optimaissieg and access policies.

Proposition 2: Threshold Optimal Sensing Policy

Consider the one-channeNV(= 1) and single-buffer/(= 1) case. The optimal decision on
whether to sense is a threshold policy in terms of the camaidi probability that the channel is
available. Specifically, given buffer stafe= 1 and residual energy, there exists a threshold
r, € [min{Ps(1]0), Ps(1|1)}, max{Ps(1|0), Ps(1]1)}] such that the optimal sensing decision
A* is given by

e 1 if AgPs(1]0) + A1 Ps(1]1) > 7y (24)

0 otherwise
whereAPs(1]0)+ A, Ps(1]1) is the probability that the channel is available given cuntréelief
vector A = [Ag, Aq].
Proof: See Appendix B. ]

Recall that a stationary sensing policy is given by a fumctimat specifies a sensing decision
A for each possible information staf@, B, E'} (or equivalently{A;, B, E} sinceA; = 1—Ay).
Proposition 3 indicates that the optimal sensing policy alo be represented by a function
mapping from the secondary user’s local std@be F) to a threshold-;, on the sensing decisions.
Since the threshold,, € [min{Ps(1|0), Ps(1|1)}, max{Ps(1]0), Ps(1|1)}] belongs to a subset
of the belief space\; € [0, 1], the search for the optimal threshotg, is less complex than
finding the optimal decision for each belief vector.

Proposition 3: Threshold Optimal Access Policy

For a given sensing actioml > 0, the optimal access decision is non-increasing on the
channel fading condition. Specifically, given belief vectoand residual energy, there exists
a thresholdk,, € {1,..., L} such that the optimal access decisidp is given by

1 ifk<ky

P}, = (25)
0 otherwise
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Furthermore, the threshold,, is independent of the belief vector whéh= 1 (i.e., the one-
channel case).
Proof: See Appendix C. ]
Proposition 3 extends [5] by considering the buffer statd@&energy-constrained OSA design.

It enables us to reduce the access action spa¢8, E) to

ABE)={®: D =0;1>P > ... > P > 0;
(26)
O, =0if E(t) <es+ei 0r B(t) =0}.

Hence, the size of the access action space is reduced froomexgal 2> as given in (12) to
linear L in the number of power levels, leading to a more efficientdeéor the optimal access
policy.

Furthermore, Proposition 3 indicates that the optimal sep®licy is independent of the belief
vector whenN = 1. That is, the optimal access policy can be specified by a immehapping
from the secondary user’s local stdtB, ) to a thresholdk,, for the access decisions. Since
there are only finitely many local statéB, F), the complexity of calculating the optimal access

policy can be significantly reduced.

V. NUMERICAL RESULTS

In this section, we provide numerical results to study thpaot of the secondary user’s traffic
statisticsA and residual energy¥ on the optimal energy-constrained OSA design. In all figures
the optimal sensing and access decisions are determinedhong (21) recursively for the
information state{A, B, E'} of interest. We assume that the secondary user has a single-s
bufferi.e.,l = 1.

A. Optimal Decisions for Non-Empty Buffer

We first consider the case where the secondary user’s bgffieon-emptyB > 0. For sim-
plicity, we focus on the single-channel ca&e= 1 in which the SOS transition is characterized
by Ps(i|j) = Pr{S(t+ 1) =i|S(t) = j}, i,j = 0,1. The optimal sensing and access policies
are thus given by the thresholds, andk;;, as proven in Propositions 2 and 3.

In Figure 2, we plot the optimal sensing threshejd as a function of the residual energy

for different packet arrival rates. In the upper plot, we consider the cases whegél|1) = 0.7
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Fig. 2. Optimal thresholds,;, for making sensing decisiond™ when the buffer is non-empty., = 0.5, e, = 0.1, & =
{1,2,3,4}, [pn(1),pn(2),pn(3),pn(4)] = [0.4,0.3,0.2,0.1].

and Ps(1|0) = 0.3, i.e., the channel occupancy state remains unchanged with a lesbahility.
The opposite case wherBs(1|1) = 0.3 and Ps(1|0) = 0.7 is considered in the lower plot.
We see that when the residual eneifgyis small, the optimal threshold,, is highly dependent
on the packet arrival rata. As residual energy increases, the impact of on the optimal
thresholdr,, diminishes. We notice that the optimal thresholgs for different packet arrival

rates converge to a common steady value when the residuayefes large.
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Fig. 3. Optimal threshold,, for making access decisiods; when the buffer is non-emptys(1]1) = 0.7, Ps(1]0) = 0.3,
€p = 01' gtz = {17 27 37 4}1 [ n(l)ypn(2)7pn(3)7pn(4)] = [027 037 037 02]
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In Figure 3, we plot the optimal access threshalg for different packet arrival rates.
As expected, the optimal thresholkg, with the sensing energy consumptien (see [5] for
explanation). Similar to the optimal sensing threshoalgsthe optimal access thresholklg for
different packet arrival rates may differ from each other when the residual enefgys small
but a common steady value will be reached wiiers large.

Combining Figures 2 and 3, we see that the impact of the rakehergyE and the traffic
statistics\ on the optimal sensing and access decisions is negligibentiie residual energy
E is sufficiently large. This observation leads to a complertduced OSA strategy, which can
achieve nearly optimal performance. Specifically, the sdaoy user only needs to calculate the
optimal thresholds;, andk;;, for small residual energies < E*. WhenE > E*, the secondary

user can simply adopt the optimal sensing and access thdest@mputed forty = E*.

B. Optimal Decisions for Empty Buffer

We note that even if the buffer is empfy = 0, the secondary user may want to sense a
channel in order to gain information on the SOS for future. ¥§e are thus motivated to study
the optimal decisior4-- on whether to sense wheh = 0.

Consider two coupled channel§ = 2 where the SOS is eitheé8(t) = [0,1] (i.e., only
channel 2 is idle) o8(¢) = [1,0] (i.e.,only channel 1 is idle). We assume tha{([1, 0]|[0, 1]) =
Ps([0,1]][1,0]) = « so that the correlation between the SOS in two successiie sém be
characterized by a single paramejer= 1 — 2a. Extensive numerical results show that the
optimal decisionl;4-~¢ on whether to sense is non-decreasing on the SOS correlgtion
Specifically, given the secondary user’s residual engrgyhere exists a threshold, € [0, 1]
such that

L if |p| = pw,

Liaeso) = (27)
0, otherwise.

In Figure 4, we plot the threshold,; on the SOS correlation as a function of the residual
energyFE for different traffic statistics\. We see that the thresholg, decreases with the packet
arrival rate ). Intuitively, when\ is large, there is a high probability that packets will agrin
this slot, and hence the secondary user should be more actoa@lecting information on the

SOS for better channel selection in the next slot. We alsembghat the threshold,, increases
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Fig. 4. Thresholdg;, on the SOS correlation for making optimal sensing decisins-.o; when the buffer is empty. The

belief vectorA is given by the stationary distribution,, = 0.1, e; = 0.2, & = {1, 2}, [pn(1), pn(2)] = [0.6,0.4].

with the residual energy’. In the extreme case of = oo, the secondary user should always

choose to sense.

VI. CONCLUSION

Within the framework of POMDP, we incorporated the secondeser’s traffic statistics into
the energy-constrained OSA design. By exploiting the ugaey structure of the problem, we
developed monotonicity results on the optimal sensing amss policies. Numerical results
revealed that the impact of the secondary user’s traffiagstitz¢ and residual energy on the

optimal sensing and access decisions diminishes when $iictued energy is large.

APPENDIX A: PROOF OFPROPOSITION1

The belief update given in (17) reveals that the evolutiorthaf belief vector is a Markov
process. Hence, the POMDP given in (20) can be viewed asyadh#iervable Markov decision
process (MDP) with uncountable statgA(t), B(t), E(t)}.

The fact that the secondary user has a finite amount of irghi@rgy and consumes at least
min{e,, es} energy in each slot implies that the evolution of the systeategA(t), B(t), £(t)}
terminates in a finite but random time. The inevitable teation makes the POMDP given in
(20) an instance of stochastic shortest path MDP problenchwiinas stationary optimal policies

as shown in [13].
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APPENDIX B: PROOF OFPROPOSITION?Z2
When N = 1, the belief vectorA = [Ay, A;] can be characterized by a scalar since
Ao =1—Ay. LetQ(Ay, B, E|A) denote the maximum expected reward that can be obtained if
the secondary user chooses sensing actigiven that the current information state(is,, B, E).
For the single-buffer caske= 1, the Q-function can be obtained as
B=1:
Q(A,1,E|0) =V(T(A1),1,E —e¢,), (28a)
QAL LE[L) =1 =T(A)V(0,1, E—e) +T(A)Y(E), (28b)
B=0:
Q(A1,0,E|0) = V(T (A1),0,E —e,) + (1 —qo)V(T(A1),1, E —ep), (28c)
Q(A1,0,E|1) = (1 —T(A1))[qV (0,0, E —e5) + (1 — qo)V (0,1, E — )],
+ 7 (A)[@V (1,0, E —e5) + (1 —qo)V (1,1, E — e,)], (28d)
where ¢y is the probability that no packet arrives in the current gkse (3)),7 (A1) é(l —
A1)Ps(1|0) + Ay Ps(11) is the probability that the channel is available given therent belief

vector A;, andY (FE) is the maximum expected reward that can be obtained if thensias
sensed to be available in the current slot:
Y(E)2 ip(k) max{V (1,1, E — ¢,):
o (29)
Lgsetedll + @V (1,0, E —es — ) + (1 —qo)V(1,1, E — e — )]}
Note thatY (F£) is independent of the belief vector. The value function dreldptimal sensing

action can be obtained in terms of thefunctions, respectively, as

V(AlanE) = Arél{aO?%} Q(AlaB7E|A)7 (30)
and
A*(A1, B, FE) = arg max Q(Ay, B, E|A). (31)
Ae{0,1}

Lemma 1: Given current buffer stateé = 1 and residual energy”y, we have that for any
belief vectorA;,
Y(E)> V(AL E —e,), (32)
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whereY (F) is defined in(29).

Proof: We first show by induction that for any belief vectar,
Y(E) >V (A, 1, E —ey). (33)

When residual energ¥’ < e, + <1, the above inequality (33) holds since both sides are equal
to 0. Suppose that this inequality holds for all residual eresdi < E. Then, applying (28a)
and (28b) to (30), we obtain that for any belief vector,

V(Al, 1, E — 63)

= max{V(T(A),1,E —es—e,); (1 = T(A))V (0,1, E —2¢,) + T(A)Y(E —e,)}
3 5 ) (34)

<max{Y(E —e,); (1 =T (M))Y(E —e5) +T(M)Y(E —e5)}

= maX{Y(E —ep); Y(E —e)} < Y(E),
where the last inequality follows sincg(E) given in (29) is monotonically non-decreasing,
which follows from the fact the value function increaseshvitie residual energy. This completes
the proof of (33).

To show Lemma 1, we again use induction. Specifically, when e, +¢1, the inequality (32)

holds since both sides are equal0toSuppose that (32) holds for all residual energies: E.
Then, applying (28a) and (28b) to (30), we obtain that for baljef vectorA,,

V(Al, 1, E — 6]0)

= max{V (7 (A\y), 1, E— 2e,); (1 =T (A1))V (0,1, E—e, — ep) + T(Al)Y(E —e,)} (35)
<max{Y(E —e,); (1 = T(A))Y(E —e,) + T(M)Y(E —¢,)}

<Y(E —e¢,) <Y(E).

Note thatV (0,1, E — e, —e,) < Y(E —¢,) follows from (33). We point out that the proof of
(33) is not necessary in the casecof> ¢, sinceV (0,1, E —e,—e¢,) <Y (E—e,) < Y(E —¢,)
follows from directly from the monotonicity o¥ (E) in this case. O
Next, we prove Proposition 2 based on Lemma 1 and the compvekithe value function
in the belief vector. Suppose that the optimal sensing actit(A,,1, £) = 1 given current
belief vectorA,, i.e., Q(Ay, 1, E|1) > Q(Ay, 1, E|0). Consider any belief vectak, such that

T (A1) > T(Ay), whereT (Ay) = (1 — Ay)Ps(1]0) + Ay Ps(1]1). SinceY (E) defined in (29) is
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independent of the belief vector, we obtain from (28b) that
Q(Ay, 1, EJ) = (1= T(A))V(0,1,E — &) + T(Ay) Y (E)
Q(Ab 17 E|1) - AIY(E)

= (1-T(A) —Fay TR (E) ,
_1-T(Ay) T(A) —T (M)
1-T(Ay) T(A) —T (M)
> WQ(AMLEO) — T Y (E).
Applying (28a) and Lemma 1 to (36), we obtain that

i 1 - T (M) T(A) = T(A)
Q(A1>17E|1) > m —T(Al)

Since the value functiol is convex in belief vector, we obtain from (37) that

Q(A,1,E[1) >V (imT(Al) + T(f\l) —T(M) 1, E— ep>

V(T(M),1,E—e,) +

V(T(A),1,E —¢,). (37)

1—T(A) —T(M\) (38)

=V(T(A),1,E —¢,) = Q(Ay, 1, E|0).

Hence, the optimal sensing actiond$(A,, 1, E) = 1. This completes the proof of Proposition 2.

APPENDIX C: PROOF OFPROPOSITION3

Let GY(A, B, E|A, k) denote the maximum expected reward that can be obtained giveent
information state(A, B, E'), sensing actiord > 0, sensing outcom® = k € {1,...,L}, and
access decisio®;, = ¢ € {0,1}. Then, the optimal access decisi®) under sensing outcome
O = k is given by

®r = max G°(A,B,E|Ak), k=1,..., L (39)
$e{0,1}

We obtainG?(A, B, E|A, k) in terms of the value functiolt’ as

G'(A,B.E|Ak) =Y AyPs(s|s) Y PY(B'|B)V(A, B E—e,), (40a)
s,s’€S B'eB
GY'(A,B,E|A k) =
Upserer D Ao Ps(s|s)) |1y + > PR(B|B)V(A,B ,E—e,—2)|, (40b)
s,s'€S B'eB
where A’éﬂ(AM, k) denotes the updated belief vector as given in (17), whiclhéssame
for all sensing outcomek € {1,..., L}. From (40a), we find tha®°(A, B, E|A, k) is identical
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for all k € {1,...,L}. To this end, it suffices to show th&t'(A, B, E|A, k) given in (40Db)
is monotonically non-increasing on sensing outcorbes {1,..., L} since the optimal access
decision is given by (39).

As the sensing outcomé increases, the required energy consumptipras defined in (5)
increases and hencé — e, — ¢, decreases. Hence, the indicator functibps., ., iS non-
increasing on sensing outcomésFurthermore, since the value functidhis non-decreasing
in residual energies, the future rewdrdA’, B, E — e, — ¢;) is also non-increasing on sensing
outcomes. Therefore;!(A, B, E|A, k) given in (40b) is non-increasing on sensing outcomes,
and Proposition 3 follows.

When N = 1, the optimal access decisidrf, = 1 iff

]EB’NP]% [V(]_, B,, E — 68)] < 1[E283+8k][]- —|— ]EB’NP}%V(:[? B/, E — €5 — €k)], (41)

where B is the current buffer statdy is the residual energy, arEiB/NP% denotes the expectation
taken over the random variabi# according to the buffer transition probabiliti€g ( B’'| B) given
in (13). Clearly, the condition given in (41) and hence th@ropl access decision are independent

of the current belief vector.
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