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Abstract—In dynamic spectrum access (DSA), unlicensed sec-
ondary users can estimate the idle probability of each primary
channel by using historical sensing results and access the channel
with the highest idle probability for opportunistic transmission.
Most of the existing works assume that each primary channel
is associated with a constant idle probability, which can be
accurately estimated by sensing the channel multiple times.
However, due to the rapid traffic change and irregular user
mobility, primary channels can be highly dynamic and the
associated idle probability is generally time-varying. In this paper,
we consider DSA in non-stationary environments where the idle
probabilities of primary channels vary with time. Specifically,
we propose a DSA scheme based on the Thompson sampling
method with a change-detection technique, which is capable of
detecting the variation of channel statistics and adjusting the
channel access strategy accordingly. Numerical results show that
the proposed algorithm outperforms the existing algorithms in
terms of successful transmission ratio in various settings.

Index Terms—Dynamic spectrum access, multi-armed bandit,
non-stationary environments, Thompson sampling.

I. INTRODUCTION

Due to the static spectrum management policy, a large
portion of the spectrum is underutilized. While at the same
time, there is an increasing demand for spectrum resources due
to the emerging wireless applications such as machine-type
communications and vehicular communications [1]. Therefore,
to improve spectrum utilization, a dynamic spectrum manage-
ment policy is considered for future wireless networks, where
unlicensed secondary users (SUs) can opportunistically access
the network when licensed primary users are absent, and it is
referred to as the dynamic spectrum access (DSA) [2].

One of the key challenges of DSA is to find the primary
channel with the highest idle probability such that the potential
transmission opportunities for the SU are maximized. Howev-
er, due to the hardware limitations, only a limited number of
channels can be sensed in each time slot [3], [4]. Therefore,
the SU needs to determine the current best primary channel
with incomplete sensing observations. In the literature, such an
online decision process is formulated by using the multi-armed
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bandit (MAB) model [5]–[9]. In the MAB model, the SU is
seen as a player in front of a bandit machine with multiple
arms. Each arm represents a specific primary channel with an
unknown idle probability. In each round, the SU pulls an arm
and receives a reward if the corresponding channel is idle at
the corresponding slot. The goal of the SU is to maximize its
total reward within a given number of rounds.

In [5], the time slots are split into staggered exploration and
exploitation slots. In the exploration slots, the SU randomly
chooses a primary channel to access. In the exploitation slots,
the SU accesses the channel having the largest number of idle
observations in the previous exploration slots. In [6], the upper
confidence bound (UCB) algorithm is introduced to efficiently
balance the exploitation of the currently best channel and
the exploration of potential better channels. The authors also
consider the multi-SU scenario and propose a pre-agreement
scheme to schedule the SUs in a round-robin fashion. In [7], a
modified UCB algorithm is proposed, where the SU stays on a
channel until an idle state is observed and then the UCB index
is updated according to the sequence of sensing observations.
In [8], the UCB algorithm is introduced for each SU and a
rank-based scheduling scheme is proposed to orthogonalize
multiple SUs on different channels. In [9], a modified UCB
algorithm is proposed to reduce the number of suboptimal
accesses, which converges more quickly as compared to the
classical UCB algorithm.

The existing works only consider a stationary environment
where the idle probability of each channel is time-invariant.
However, in practical networks, the primary channels can be
highly dynamic due to the rapid change of primary traffic
and the irregular mobility of both primary and secondary
users. The primary channels are generally non-stationary and
the associated idle probabilities are time-variant. Therefore,
the existing DSA algorithms based on stationary models may
suffer from severe performance degradation when the changes
in channel statistics are not detected in time.

In this paper, we consider DSA in a non-stationary envi-
ronment, where the state of each primary channel follows
a non-stationary Bernoulli process with a time-varying idle
probability. Specifically, we formulate a non-stationary MAB
problem and propose a Thompson sampling with change978-1-6654-3540-6/22/$31.00 © 2022 IEEE
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detection (TSCD) method to track the network dynamics. The
proposed TSCD algorithm does not need prior knowledge
of the channel statistics and achieves an efficient tradeoff
between the exploration and exploitation of primary channels.
Numerical results show that the proposed TSCD algorithm
improves the successful transmission ratio as compared to the
existing algorithms in various network settings.

II. SYSTEM MODEL

We consider a slotted DSA network with K = {1, 2, . . . ,K}
independent channels. The entire time horizon is given by T .
In any slot t ∈ [1, T ], we denote the instant state of channel k
as sk(t) ∈ {0, 1}, where sk(t) = 1 represents the channel is
idle and sk(t) = 0 represents the channel is occupied by PUs.
We assume that there is only one single SU and the SU seeks
transmission opportunities in every slot.

Considering the hardware capabilities and resource con-
straints, we assume the SU can sense only one channel in
each slot and the sensing result is always correct. We denote
the sensing action of the SU at slot t as at ∈ K and the
corresponding sensing result is given by sat(t). If sat(t) = 0,
the SU does not transmit and waits for the next slot. If
sat(t) = 1, the SU transmits on channel at.

A. Non-Stationary Environment

We assume the time horizon is split into V piecewise-
stationary segments by slots φ1, φ2, . . . , φV−1. In each seg-
ment v ∈ [1, V ], the idle probability of channel k is unchanged
and denoted by pk,v . For simplicity, we set φ0 = 0 and
φV = T . Thus, for any channel k ∈ K in segment v, we
have

sk(t) =

{
1, with probability pk,v

0, otherwise,
(1)

where φv−1 < t ≤ φv . Note that pk,v and φv are unknown
to the SU. Also, we define the average idle probability as
λ =

∑K
k=1

∑V
v=1 pk,v/KV , which reflects the average traffic

load of all primary channels.

B. Problem Formulation

Since sat(t) determines whether the SU can successfully
transmit at slot t, the successful transmission ratio (STR) of
the SU is then given by

STR =
1

T

T∑
t=1

E[sat(t)]. (2)

An ideal DSA policy is to sense and access the channel with
the highest pk,v in each segment v. However, due to the lack
of information of pk,v and φv , no practical policy can achieve
the ideal performance. Here, we aim to maximize the STR
while considering the practical constraints of the SU.

We note that the considered DSA problem can be formu-
lated as a non-stationary MAB problem. The SU is the player
that pulls an arm at and gets a reward r(t) = sat(t) in round
t. To evaluate the performance of practical online algorithms,
we introduce the regret metric R(T ), which is defined as the

total reward gap between the ideal policy and the considered
DSA policy, i.e.,

R(T ) =
V∑
v=1

φv∑
t=φv−1+1

pk∗v ,v −
V∑
v=1

φv∑
t=φv−1+1

E[pat,v], (3)

where k∗v = argmaxk∈K pk,v is the best channel in segment v.
Therefore, in each slot t, the SU needs to minimize its regret
by choosing its access channel at online based on its historical
sensing results.

III. PROPOSED ALGORITHM

A. Change Detection

The change detection (CD) technique aims to detect the
change of the idle probability by using a sequence of historical
sensing observations. We denote by ∆k,v the actual change of
the idle probability of channel k at the end of the v-th segment,
i.e., ∆k,v = |pk,v+1 − pk,v|, v ∈ [1, V − 1]. A successful
detection should raise an alarm about the change of pk,v in
the v + 1-th segment as early as possible.

We denote the total access times of channel k as nk.
The corresponding observations are denoted by Hk =
{hk,1, hk,2, . . . , hk,nk

}. The CD algorithm detects the change
of pk,v by using the latest 2w observations in Hk. The CD
statistic of channel k is defined as the difference between the
average values of the first half and the last half of the 2w
observations, which is given by

Dk,w =

∣∣∣∑nk

i=nk−w+1 hk,i −
∑nk−w
i=nk−2w+1 hk,i

∣∣∣
w

. (4)

In the stationary environments, the 2w observations follow
the same distribution. The corresponding statistic Dk,w is
a zero-mean random variable and its variance decreases as
the observation window 2w increases. However, in the non-
stationary environments, a part of the 2w observations follow
the distribution with parameter pk,v and the rest observations
follow the distribution with parameter pk,v+1, which results in
a positive drift of Dk,w. Thus, we can set a threshold δ and
the CD algorithm raises an alarm when Dk,w > δ.

We assume that the actual change ∆k,v always exceeds the
threshold δ, i.e., ∆k,v ≥ δ. For any ∆k,v = δ+ c (c > 0), we
have [10]

P(Dk,w > δ) ≥ 1− 2exp(−w(∆k,v − δ)2

2
)

= 1− 2exp(−wc
2

2
), (5)

where the first inequality is derived by using the McDiarmids
inequality. Therefore, when the last 2w observations crosses
two segments, the CD algorithm raises an alarm with proba-
bility at least 1− 2exp(−wc2/2).

It has been shown that if idle probability pk,v changes by
amount ∆k,v ≥ δ, then w ≥ 1/2δ2 is sufficient to detect
the change [11]. There exists a tradeoff between detection
timeliness and detection accuracy. If δ is large, the CD
algorithm can detect the changes with fewer observations at
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the expense of neglecting the minimum changes. If δ is small,
the CD algorithm can detect smaller changes but requires
more observations, which can result in a large detection delay.
For the considered DSA problem, a small change of the idle
probability probably does not change the channel with the
highest idle probability, and even if it does, such a suboptimal
access decision only leads to a limited regret. Therefore, we
tend to set a relatively large value for δ such that a large
change of idle probability can be detected quickly.

B. Thompson Sampling Based Channel Access
Thompson sampling (TS) is a randomized Bayesian al-

gorithm, which is asymptotically optimal for the stationary
MAB problem and achieves a lower regret than the classical
UCB algorithm [12]. Therefore, in each piecewise stationary
segment, we apply TS to decide the channel at to sense. In
each segment v detected by the CD algorithm, the true idle
probability pk,v of channel k is approximated by a random
variable Θk following a beta distribution Beta(Sk, Fk), the
probability density function of which is given by

P (Θk) =
Γ(Sk + Fk)

Γ(Sk)Γ(Fk)
ΘSk−1
k (1−Θk)Fk−1, (6)

where Γ is the Gamma function, Sk > 0 and Fk > 0 are
distribution parameters. For beta distribution Beta(Sk, Fk), the
mean is given by Sk/(Sk + Fk) and the variance is given by
SkFk/[(Sk + Fk + 1)(Sk + Fk)2].

At slot t in segment v, the SU draws a sample θk(t) from
Beta(Sk, Fk) for each channel k ∈ K, which is assumed to
be an approximation of pk,v . To maximize the opportunity for
successful transmission, the SU chooses the channel with the
highest sampling value, i.e.,

at = argmax
k∈K

θk(t). (7)

Upon observing the channel state sat(t), the SU updates the
parameters of beta distributions as,

Sat = Sat + sat(t), (8)
Fat = Fat + 1− sat(t). (9)

We note that Sat represents the total number of idle slots,
and Fat represents the total number of busy slots. Sat +Fat =
nat represents the total access times of channel at. Thus,
the mean of the beta distribution represents the frequency of
idle slots. According to the law of large numbers, the mean
converges to the true idle probability pat,v as the number of
observations increases to infinity

lim
nat→∞

Sat
Sat + Fat

= pat,v. (10)

Also, the variance of beta distribution decreases to zero
as the number of observations increases to infinity, i.e.,
limnat→∞

SatFat

(Sat+Fat+1)(Sat+Fat )
2 = 0, as we have

0 ≤ lim
nat→∞

SatFat
(Sat + Fat + 1)(Sat + Fat)

2

≤ lim
nat→∞

1

4(Sat + Fat + 1)
= 0. (11)

Therefore, the sample θk(t) drawn from the time-varying beta
distribution converges to the true idle probability pk,v , i.e.,
limt→∞ θk(t) = pk,v .

On the one hand, the TS method ensures that the sample
θk(t) in each slot t converges to the authentic idle probability.
Thus, the channel with the highest pk,v is chosen by the SU
with probability 1, which maximizes the total reward in the
long term. On the other hand, during the limited piecewise-
stationary segment, the sampling method based on the beta
distribution implies that each channel has a chance to be
selected. Thus, the channel characteristics can be explored.
Therefore, the TS method achieves an efficient tradeoff be-
tween exploitation and exploration of primary channels.

Next, we demonstrate that the TS is asymptotically optimal
for the DSA problem in each detected piecewise-stationary
segment. Consider there is a piecewise-stationary segment with
segment length τ . Thus, the superscript v can be omitted
without any confusion. The idle probability of channel k is
pk and the best channel is given by k∗. The regret of a DSA
algorithm is given by

R(τ) =
τ∑
t=1

pk∗ −
τ∑
t=1

E[pat ]. (12)

An algorithm is asymptotically optimal if its regret R(τ)
satisfies [13]

lim
τ→∞

R(τ)

lnτ
=
∑
k∈K

pk∗ − pk
d(pk∗ ||pk)

, (13)

where d(pk∗ ||pk) = pk∗ ln(pk∗
pk

) + (1 − pk∗)ln( 1−pk∗
1−pk ) is

the Kullback-Leibler divergence between the two Bernoulli
distributions with parameters pk∗ and pk.

To bound the regret of TS, we rewrite the regret as

R(τ) =
τ∑
t=1

pk∗ −
τ∑
t=1

E[pat ]

=
∑
k∈K

(pk∗ − pk)E[nk], (14)

where E[nk] is the expected number of selections of channel
k and pk∗ − pk is the performance gap between the best
channel k∗ and a suboptimal channel k. Thus, (pk∗−pk)E[nk]
represents the performance loss due to the selection of channel
k. The regret is the sum of performance loss of all suboptimal
channels. For simplicity, we denote the performance gap as
ζk = pk∗−pk. Since the gap ζk is fixed, we only need to bound
the expected number of selections E[nk]. For each suboptimal
channel k ∈ K and ε > 0, there exists a constant Q(ε, pk∗ , pk)
such that [14]

E[nk] ≤ (1 + ε)
lnτ + lnlnτ
d(pk∗ ||pk)

+Q(ε, pk∗ , pk). (15)

Substituting in Equation (14), we get

R(τ) ≤ (1+ε)
∑
k∈K

ζk(lnτ + lnlnτ)

d(pk∗ ||pk)
+C(ε, p1, . . . , pK), (16)
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Algorithm 1 The proposed TSCD for DSA

1: initialize Sk = 1, Fk = 1, nk = 0 and Hk = ∅ for all
k ∈ K

2: for t = 1, 2, . . . , T do
3: for each k ∈ K do
4: Draw θk(t) ∼ Beta(Sk, Fk)
5: end for
6: sense channel at given by (7) and observe state sat(t)
7: update Sat and Fat according to (8) and (9)
8: nat ← nat + 1, hat,nat

= sat(t)
9: Hat ← Hat ∪ {sat(t)}

10: if nat ≥ 2w & Dat,w > δ then
11: Hk ← ∅, ∀k ∈ K
12: Sk = Fk = 1, nk = 0, ∀k ∈ K
13: end if
14: end for

where C(ε, p1, . . . , pK) = ζ1Q(ε, pk∗ , p1) + ζ2Q(ε, pk∗ , p2) +
. . .+ ζKQ(ε, pk∗ , pK) is a problem depend constant. The fact
that the inequality (16) holds for every ε > 0 proves the
asymptotically optimality of TS.

C. TSCD

The proposed TSCD algorithm consists of two components,
i.e., the CD part and the TS part. The CD algorithm is respon-
sible for detecting the changes in the idle probability of each
channel in non-stationary environments. The TS algorithm is
responsible for balancing the exploration and exploitation of
channel selection in each piecewise-stationary segment.

In each slot t, we first apply TS to decide the channel
at to access and update the corresponding parameters Sat
and Fat based on the sensing observation sat(t). The total
number of observations nat is increased by 1 and the his-
torical observations set Hat is updated by adding current
observation sat(t), i.e., Hat ← Hat ∪ {sat(t)}. Then we
apply CD to detect the variation of pat,v . If a change is
detected, i.e., Dat,w > δ, we reset the historical observations
Hk ← ∅,∀k and reinitialize the corresponding parameters
Sk = Fk = 1, nk = 0,∀k. Details of the TSCD algorithm are
summarized in Algorithm 1.

IV. NUMERICAL RESULTS

In this section, we present the numerical results in two
typical cases. In case 1, the idle probabilities of successive
segments are independent from each other, which represents
the scenario when the SU moves from one primary cell
to another. In case 2, the idle probability varies with time
gradually, which represents the variations of primary traffic.

In case 1, we set the entire time horizon T = 20000 and the
number of piecewise-stationary segments V = 6 with φ1 =
2000, φ2 = 5000, φ3 = 10000, φ4 = 12000, φ5 = 15000.
For each channel k in segment v, the idle probability pk,v is
sampled uniformly between 0 and 1.

In case 2, we assume the idle probability pk,v changes at
every slot, i.e., V = T = 20000 and φn = n, 1 ≤ n < T . For
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Fig. 1: Selection probability as a function of time in networks
with two channels.

each channel k, we set the initial idle probability as pk,1 = 0.5,
and for any slot t ≥ 2, the idle probability pk,v is statistically
given by

pk,v = f(pk,v−1 + 0.02µ(v)), (17)

where µ(v) is a random variable following a uniform distri-
bution U [−0.5, 0.5], and f(x) is given by

f(x) =


x, x ∈ [0, 1],

0, x < 0,

1, x > 1.

(18)

We compare the proposed TSCD algorithm with the modi-
fied UCB (MUCB) [9], the TS [14] and the sliding window TS
(SWTS) [15] algorithms. Parameters of these algorithms are
tuned as suggested in the corresponding papers. Specifically,
the sliding window of the SWTS algorithm is set as the
optimal value 2

√
T logT/(V − 1) for the segment number V ,

which however is generally unknown in practice. In addition,
we also present the performance of an oracle as the upper
bound, which always knows the channel with the highest
idle probability in each segment. The CD parameters of the
proposed TSCD algorithm are set as w = 156 and δ = 0.08
based on a series of numerical experiments. All the numerical
results are averaged by 1000 Monte Carlo simulations.

A. Example

We first give an example to show the ability of the proposed
TSCD algorithm to track the best channel. In the considered
network, there are K = 2 channels and the time horizon is split
into 2 segments of length 1000. Channel 1 is the best channel
in the first segment with p1,1 = 0.9 and p2,1 = 0.3. In the
second segment, channel 2 is the best channel with p1,2 = 0.3
and p2,2 = 0.9. Fig. 1 shows the selection probability of each
channel as a function of time. The proposed TSCD algorithm
accesses the best channel in each segment with a probability
of almost 1. As we can see, TSCD can detect the change of
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Fig. 2: Regret as a function of time in the considered two
cases.

p1,1 within a short period and quickly converge to channel 2
in the second segment.

B. Regret Performance

Fig. 2a shows the regrets of different DSA algorithms as
a function of time in case 1 for K = 20. Since the regret
of the oracle is zero, we don’t show the oracle curve in the
figure. The regrets of other algorithms increase with t and the
proposed TSCD algorithm achieves the lowest regret during
the entire time horizon.

As we can see, the proposed TSCD algorithm can quickly
detect the change in idle probability and converge to the
best channel in each segment. The SWTS algorithm can also
adapt to the changes of channel statistics. However, it only
uses recent observations in the sliding window, which results
in information loss and reduces its capability to exploit the
best channel. The MUCB and TS algorithms cannot track
the changes in channel statistics and their regrets increase
significantly with time.

Fig. 2b shows the regrets of different DSA algorithms as a
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Fig. 3: STR as a function of channel number K in the
considered two cases.

function of time in case 2 for K = 20. Due to the highly non-
stationary environments, no algorithms can achieve a sublinear
regret. The proposed TSCD algorithm again achieves the
lowest regret. When the cumulative change of idle probability
exceeds the CD threshold, the proposed TSCD algorithm can
detect the change and reset the past outdated observations.
Thus, the proposed TSCD algorithm achieves a lower regret
than the other algorithms. For the SWTS algorithm, the
window size is 2

√
logT ≈ 6, which is even smaller than

the number of channels K. Thus, it cannot track the channel
statistics at all with such a small window size, and generates
the highest regret among all considered algorithms.

C. Successful Transmission Rate

Fig. 3a shows the STRs of different DSA algorithms as a
function of channel number K in case 1. The proposed TSCD
algorithm achieves the highest STR among all considered algo-
rithms except for the oracle. Based on the first-order statistics,
the maximal idle probabilities of all channels increase with
the number of channels. Thus, the STR of the SU should
increase with the number of channels. However, the increasing
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Fig. 4: STR as a function of average idle probability λ.

number of channels also increases the difficulty of tracking
the best primary channel, as the sensing capability of the SU
stays the same. As we can see, the STR of the SU increases
with the channel number for all algorithms, but the curve
flattens when the channel number is large. Note that the sliding
window of SWTS 2

√
T logT/(V − 1) is independent from the

channel number. The difficulty introduced by extra channels
offsets the additional transmission opportunities. Thus, the
performance of SWTS keeps unchanged when the channel
number increases.

Fig. 3b shows the STRs of different DSA algorithms as
a function of channel number K in case 2. The STRs of
the TSCD, TS and MUCB algorithms increase with K as
the maximal idle probability increases with K. The proposed
TSCD algorithm achieves the highest STR due to its capability
to better track channel statistics. For the SWTS algorithm
with sliding window 2

√
logT ≈ 6, it cannot track the channel

statistics at all. Its performance is further aggravated by the
large number of candidate channels. Thus, the STR of the
SWTS algorithm decreases with the number of channels.

Fig. 4 shows the STRs of different DSA algorithms as a
function of average idle probability λ in case 1. As we can see,
the STRs increase with λ for all considered algorithms, since
a larger λ implies more transmission opportunities. When the
primary channels are fully occupied, i.e., λ = 0, or fully
unoccupied, i.e., λ = 1, there is no difference between all DSA
algorithms. Thus, all considered algorithms achieve the same
performance in those extreme scenarios. When the primary
channels are partially occupied, the proposed TSCD algorithm
outperforms the other algorithms as it can detect the changes in
channel statistics and keep a balance between the exploitation
of the currently best channel and the exploration of potential

better channels.

V. CONCLUSION

In this paper, we considered the DSA problem in non-
stationary environments and proposed the TSCD algorithm
to track the dynamics of primary channels. Specifically, the
proposed TSCD algorithm can effectively detect the change
of the idle probability of each primary channel and achieve
an efficient tradeoff between the exploitation of the currently
best channel and the exploration of potential better channels.
Therefore, the proposed TSCD algorithm enables the SU to
quickly converge to the best primary channel in non-stationary
environments. Numerical results show that the proposed TSCD
algorithm improves the successful transmission ratio as com-
pared to the existing algorithms in various settings.
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