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Abstract—Existing cellular infrastructures have to be revisited for emerging machine-to-machine (M2M) traffic as semisynchronized M2M arrivals may create a significant congestion
resulting in a high access delay. In such a case, there is a strong
need for service differentiation since the delay requirements of
IoT applications may vary greatly from delay-tolerant metering
applications to security applications with stringent requirements.
This problem has been receiving significant interest from the
research community in the context of the LTE-A random access
channel. Most studies, however, consider load control schemes
with few fixed service classes which can provide limited service
differentiation. We propose an alternative scheme where the
load is controlled by the price announced by the base station.
The proposed method controls the load effectively and provides
negligible delay for messages with the highest priority. It also
enables low-cost wireless access to delay-tolerant messages by
generating most of the revenue from high-priority messages. We
derive pricing-based load control schemes for throughput and
revenue maximization; and, present the relationship between
delay, revenue and cost in both schemes. Our results suggest
that dynamic pricing is a promising solution for major problems
associated with cellular M2M traffic.

I. I NTRODUCTION
According to the OECD estimates, there will be 50 connected devices per household in 2020 [1]. This number, which
does not include the devices outside of a household, indicates
the expected predominance of the Internet of Things (IoT) devices. Most of these devices will not directly be controlled by
a human being and will communicate autonomously, which is
enabled through machine-to-machine (M2M) communications.
This increase in M2M communications necessitates adapting
the existing cellular infrastructures which have been optimized
for human generated traffic.
Several requirements of M2M communications are not
successfully addressed in current cellular standards: First of
all, M2M communications may create a significant congestion
when a massive number of nodes transmit semi-synchronously
[2]–[7]. There is also a strong need for service differentiation
since the requirements of IoT applications may vary greatly
from delay-tolerant metering applications to security applications with stringent requirements [7]. Moreover, to enable
ubiquitous wireless access for all these devices, providing
affordable pricing schemes are essential [8].
There has been a growing interest on load control and
service differentiation for LTE random access channel (RACH)
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which is the bottleneck for M2M cellular communications.
Legacy techniques such as Access Class Barring and Extended
Access Barring define several service classes according to
the delay tolerance of users [5], [9]. At times of congestion,
some access classes are barred based on an access probability
announced by the base station. There are also numerous recent
studies of LTE RACH focusing on load estimation [10]–[17],
performance analysis [18]–[24] and service differentiation
[25]–[27]. In line with the current standards, most of these
studies consider load control schemes where the base station
announces an access probability and they assume fixed service
classes.
We propose an alternative approach for load control and
service differentiation for random access based cellular M2M
communications. In the proposed scheme, the base station
announces a price which has to be paid for successful channel
access. The load is controlled by adapting the price according
to the channel congestion. The proposed scheme addresses
major problems associated with LTE random access channel:
First, it is possible to control the load in the network by incentivizing delay-tolerant nodes to transmit when the congestion
relieved. Second, it is possible to provide a lower delay to
high-priority messages by eliminating competition from lowpriority price-sensitive devices. Third, it is possible to provide
discounted network access for low-priority messages during
off-peak times by obtaining most of the revenue from highpriority messages at times of congestion. Lastly, such a scheme
eliminates the need for defining fixed service classes and it
allows users to associate varying priority to different messages.
We develop the proposed pricing scheme for a multichannel slotted ALOHA system which is extensively used
in the analysis of LTE RACH [14], [15], [22], [23]. Our
proposal is also applicable for next-generation connectionless
M2M architectures for the cellular network [28]–[32] which
effectively convert the spectrum into a multichannel ALOHA
system [32].
We propose a pricing-based scheme for random access
based M2M communications and it is one of the first such
attempts along with our prior work [33]. Specific contributions
of the present paper are as follows:
• We present an algebraic derivation of throughputoptimum and revenue-optimum pricing schemes for massive M2M arrivals.
• We analytically show the relationship between the valuation of a message and the delay it experiences for
the throughput-optimum pricing scheme. The proposed
scheme performs as a service differentiation mechanism
by providing lower access delay for high-priority mes-
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sages. For messages willing to pay above a threshold,
the proposed scheme provides negligible delay. For other
messages, the delay linearly decreases with the price paid
for the message.
• We show that revenue-optimum pricing results in increased revenues for the operator at the expense of higher
delay. The difference between these two policies is more
apparent at lower loads where both the delay and the
revenue may be several times higher for the revenueoptimum policy.
• We show that most of the revenue is obtained from
high-priority messages at times of congestion and lowpriority messages can be provided low-cost access after
the congestion relieves.
• We show that if a binary exponential backoff mechanism
is employed by the messages, they pay lower prices at
the expense of higher delay.
By presenting a mathematical analysis of optimum pricing,
we complement our prior work which proposes a heuristic
algorithm for price determination without any mathematical
analysis [33]. Our results suggest that dynamic pricing is a
promising solution for some major problems associated with
M2M communications. We also argue that dynamic pricing
is a more realizable solution for M2M communications rather
than human-to-human communications because autonomous
IoT devices can respond to dynamic pricing better than humans.
The rest of the paper is organized as follows: Next section
presents the related work. Sec. III presents the studied system
model. Throughput-optimum and revenue-optimum pricing
schemes are presented in Secs. IV and V, respectively. Sec.
VI investigates the case for non-uniform arrivals. Numerical
results are presented in Sec. VII. A discussion on the feasibility of dynamic pricing is presented in Sec. VIII and the
conclusions are presented in Sec. IX.
II. R ELATED W ORK
The impact of M2M communications on the existing infrastructures has recently been an important focus of research.
The most important problem associated with M2M traffic is
the sporadic congestions created by a massive number of M2M
devices activating semi-synchronously. For the LTE standard,
the main bottleneck is the random access procedure through
which a device request channel access [2]–[7]. 3GPP has been
actively working on the analysis of M2M load on the cellular
architectures and proposing improvements [34]–[37].
There are numerous recent studies on the design and analysis of load control systems for M2M communications [9]–
[25]. Duan et al. proposed a heuristic method for controlling
the load [10]. Estimation techniques based on the history
of transmissions are also proposed [12]–[17]. Performance
analysis of LTE RACH for real-time traffic [19], for energy
consumption [18] has been proposed along with several other
studies on modeling and analysis of the LTE RACH [20]–[23].
Performance limits of the load control are investigated in [24].
Lin et al. proposed a prioritized access scheme for RACH [25].
Since the channel access procedure of the LTE standard
creates a significant overhead for short M2M messages, there

are also recent proposals for connectionless random-access
based transmissions [28]–[32]. In these schemes, collisions are
unavoidable as there is no channel reservation. As a result, a
connectionless M2M system turns into a multichannel slotted
ALOHA system [32].
For both frameworks, the study of the multichannel ALOHA
is crucial. Different from most of the previous studies on the
load control of this channel, our proposal is to use a pricingbased load control and service differentiation method for
multi-channel slotted ALOHA. To the best of our knowledge,
this is one of the first such proposals along with our prior
work [33]. Another recent work by Lin and Wei proposes a
two-stage auction based pricing mechanism for the random
access channel [27]. As opposed our proposal where the base
station simply announces a price which would be paid for each
successful message, this proposal requires M2M applications
to bid for preamble transmission rates for specific periods
which significantly increases the implementation complexity.
Our proposal has implications from an operator’s perspective: Business models for M2M communications have not been
settled [38]. Operators currently generate their revenue from
humans which usually subscribe to monthly plans with data
caps [39]. The operators generally employ tiered pricing where
the users pay an extra fee to increase their data caps. Hence,
the revenue collected from a user is roughly proportional to
her data consumption.
M2M communications, however, require a new approach to
pricing. M2M is characterized by small message transmissions
in the uplink such as the measurement updates transmitted by
a smart meter or the location-tracking messages of a vehicle
tracking application. Traditional pricing methods may not be
suitable for such applications as the amount of data consumed
by these nodes is insignificant. While M2M communications
have to be inexpensive to enable ubiquitous access, it should
also be profitable for operators. We believe that dynamic pricing can suggest a new business model for operators to generate
revenue from high-priority M2M devices while providing lowcost access for the rest of the devices.
Dynamic pricing has been applied to various domains with
different success levels. Hospitality and airline industries have
been applying dynamic pricing techniques to increase revenue
at times of high demand [40]. Similar approaches have been
proposed for sharing network resources since the early days of
the Internet [41]. Despite many theoretical efforts towards the
development of pricing schemes for networks [39], flat-rate
pricing schemes continue to dominate due to psychological
factors associated with price variations [42]. Here we also
argue that M2M communications have the potential to benefit
from dynamic pricing as the purchasing decisions (i.e. when
to transmit data) can be made by autonomous IoT devices
instead of their owners.
From a technical point-of-view, pricing of M2M communications necessitates a different framework from pricing studies
focusing on bandwidth sharing among users. Early studies
on pricing consider wireline network bandwidth sharing [43]–
[46]. More recent studies consider pricing in cellular wireless
networks especially for admission and power control [47].
The present study differs from these works significantly as
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we deal with a setting which is dominated by small message
transmissions instead of users with bandwidth requirements.
III. S YSTEM M ODEL
We consider a scenario where the messages are transmitted
through a multichannel slotted Aloha channel where each
message has a duration of one slot. This is similar to a smart
metering environment where there are a massive number of
nodes with small message requirements [48]. The channels
may correspond to different frequency bands in a connectionless architecture; or, they can be considered as different
preambles in an LTE framework. A node transmits its message
through a randomly selected channel from a set of M channels.
If two or more messages are transmitted using the same
channel in the same slot, all of these messages are failed.
We later relax this assumption and present simulation results
for the case of capture in Sec. VII-D.
In the LTE context, the channels in our system model can
be considered as different preambles. In this case, we assume
that the successful preamble transmission is followed by the
successful transmission of a small payload and the successful
reception of an acknowledgment message. Since the main
bottleneck of the LTE architecture for M2M transmissions is
the channel access procedure, we believe that pricing based
only on the successful preamble transmissions is suitable. We
only consider uplink transmissions, as M2M devices create
traffic mostly on the uplink.
A pricing method for M2M communications must incur
a low overhead. Complex pricing schemes such as auctions
require message exchanges which would create a significant
overhead. Hence, we consider a scenario where the price is
determined by the base station and broadcasted to all nodes.
In the proposed system, the base station announces a price
p 2 [0, 1] before each slot. The price will be paid only if
a message is successfully transmitted; that is, if it does not
experience a collision. Given a price p, a message is decided
to be transmitted depending on its priority indicated by its
valuation parameter ✓ 2 [0, 1] which also corresponds to the
willingness to pay [49]. The message is transmitted if its
valuation is greater than or equal to the announced price,
✓
p, and its transmission is deferred otherwise. Messages
with a high valuation correspond to emergency messages
which require low delay and are willing to pay a higher
price for immediate access. Messages with a low valuation
can be considered as delay-tolerant messages which can be
transmitted any time when the price drops sufficiently.
In the following analysis, we assume that the valuation
parameter of messages, ✓, is uniformly distributed between 0
and 1 as frequently used in the network economics literature
[50], [51]. In our analysis, we first assume that a message
is ready to be transmitted in the next slot if ✓ < p or the
transmission has collided. We later investigate the case where
the messages employ binary exponential back-off if ✓ < p.
The proposed scheme can also be considered a class-based
service differentiation scheme instead of a pricing mechanism:
The valuation parameters can be considered as the predefined
classes of nodes and the price announced by the base station

can be thought as the minimum access class that is allowed
to transmit. Although we will follow the jargon of pricing
throughout the paper, it should be noted that the proposed
scheme can also be implemented as an access class barring
system.
IV. T HROUGHPUT-O PTIMUM P RICING
A. Single Time Slot
We first analyze throughput-optimum pricing for a single
slot. Assume that there are B backlogged messages and their
valuation parameters, ✓, are uniformly distributed between 0
and 1. For a given price p, the expected number of transmitted
messages is Bt = B(1 p). If there are Bt messages randomly
transmitted over M channels, the probability of success for a
message can be written as:
Ps (Bt ) =

✓

1

1
M

◆Bt

1

(1)

which is the probability of no other message selecting the same
channel. Then, the channel throughput can be written as:
✓
T (p) = Bt Ps (Bt ) = Bt 1

1
M

◆ Bt

1

(2)

The maximum throughput is obtained when the number of
transmitted messages equals to the number of channels; i.e.
Bt = M [10], [14], [24], [52]. So, the throughput-optimum
pricing aims to have M transmitted messages at each slot:
✓
◆
M
p = max 0, 1
.
(3)
B
For B > M , the expected number of successful transmissions
under this throughput-optimum scheme can be approximated
as M/e where e is the Euler’s number [24].
This optimum price expression is derived for messages with
uniformly distributed ✓ over a single slot. If this scheme is
applied over successive slots, the distribution of ✓ among the
backlogged messages will differ from the initial distribution
due to the following: At each slot, messages with ✓ > p
will be transmitted and some of them will become successful
and exit the system. As a result, the proportion of messages
with ✓ < p will increase among the backlogged messages.
Hence, a selective accumulation of low-priority messages will
be observed as time progresses; and, the distribution of ✓ will
deviate from the initial distribution. We next study throughputoptimum pricing over successive slots.

B. Simultaneous Arrivals
Let us now consider the special case where all messages
arrive at time t = 0. This analysis will be useful for analyzing
the delay experienced by the backlogged messages in the later
parts.
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1) Pricing: Assume that there are N backlogged messages
at time t = 0 with uniformly distributed ✓ between 0 and
✓max . How should the price change over time to eliminate
this backlog as fast as possible? At the first slot, the price
should be
M
ps (0) = ✓max
(4)
N/✓max
so that M messages are transmitted. As a result, the backlog is
reduced by M/e messages on the average. In the second slot,
the price should be decreased so that M/e new messages are
transmitted along with the M M/e unsuccessful messages
from the first slot. Then, for the ith slot, the optimum price
can be written as
M
M/e
ps (i) = ✓max
i
(5)
N/✓max
N/✓max
which indicates that the optimum price reduces linearly till the
backlog is eliminated.
It should be noted that it is not certain that the unsuccessful
messages from a slot will be cleared in the successive slot.
It is possible that a message may be unsuccessful repeatedly
over successive slots.
2) Delay: We now investigate the delay experienced by a
message as a function of its ✓. A message is first transmitted
when the price reduces below its ✓. It would be the j th slot
which is the solution of ✓ = ps (j) as given by
◆
✓
◆✓
M
N/✓max
j = ✓max
✓
.
(6)
N/✓max
M/e
After the price reduces below ✓, it is not certain that the
message will be successful on its first transmission. A message
is needed to be transmitted e 1 times on the average since the
success probability is 1/e. Then, the expected delay is given
by
✓
◆✓
◆
M
N/✓max
ds (✓) = ✓max
✓
+ (e 1). (7)
N/✓max
M/e
For the case of simultaneous arrivals, the delay experienced
by a message linearly decreases with its valuation parameter.
C. Uniformly Distributed Arrivals
We now analyze the throughput-optimum pricing scheme
for the uniformly distributed arrival of users over a fixed time
interval.
1) Pricing: Assume that there are N messages arriving
according to the uniform distribution over an interval of T
slots and n = N/T be the average number of arrivals at a
slot. Assume that the valuations of the messages are uniformly
distributed between 0 and 1.
If n is less than the maximum possible number of successful
transmissions at a slot, i.e. n < M/e, the arrivals do not
overload the channel. In this case, the price should remain
zero to allow all messages to be transmitted:
pu (i) = 0,

if n  M/e.

(8)

If the arrival rate is larger than the channel capacity,
n > M/e, the price should be greater than zero to prevent
a congestion in the channel.

Since the arrivals are uniformly distributed, there is an
average steady-state throughput-optimum price, p⇤u . Assume
that this optimum price is announced before a slot and M
messages are transmitted. In that slot, M/e of them will be
successful on the average. In the next slot, n new messages
will arrive. Then, the throughput-optimum price should ensure
that only M/e out of these n messages will be transmitted so
that the total number of transmissions is kept at M .
Since the ✓ of the new arrivals is uniformly distributed
between 0 and 1, the solution of n(1 p⇤u ) = M/e yields
the throughput-optimum price:
M/e
, p⇤u , if n > M/e and i  T . (9)
n
In this analysis, we follow a mean-value analysis where
the number of newly arriving users with valuation greater
than p⇤u is assumed to be constant at n(1 p⇤u ) for each
slot. However, the number of users arriving at a specific slot
is stochastic. Due to this randomness, price fluctuations are
observed and our results indicate that the proposed analysis
slightly underestimates the actual prices. In-depth analysis
of the fluctuations in the price and the implications of our
assumptions are presented in Sec. VII-A.
At the end of arrivals, at time T , there will be an accumulated backlog of messages which could not be transmitted due
to non-zero prices. The number of backlogged messages will
be Nb = N T (M/e) as M/e messages transmitted on the
average at each of the T slots. The distribution of ✓ among
the backlog will be uniformly distributed between 0 and p⇤u .
Then, the analysis is similar to the simultaneous arrivals case
given by (5) and the optimum price for the rest of the time
can be written as:
pu (i) = 1

M
(i
Nb /p⇤u
if n > M/e and i > T .

pu (i) = p⇤u

T)

(M/e)
,
Nb /p⇤u
(10)

In summary, the optimum price stays around an average
steady-state level during the course of uniform-distributed
arrivals and decreases linearly after the end of arrivals.
In this pricing scheme, the messages with ✓ < p⇤u pay a
price of ✓ whereas messages with ✓ > p⇤u pay a price of p⇤u :
(
✓, if ✓ < p⇤u
cu (✓) =
(11)
p⇤u , if ✓ p⇤u .
This result states that the messages with the highest valuation
pay a price lower than they are willing to depending on the
congestion level.
2) Delay: We now express the relationship between the
delay experienced and the valuation of the message. For
messages with a valuation parameter greater than the steadystate price, the expected delay can be written as:
du (✓) = e

1,

if ✓

p⇤u .

(12)

since they are immediately transmitted with a success probability of 1/e. Other messages, however, need to wait at least
for the end of arrivals, T. Since the expected arrival time of
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messages is T /2, the expected waiting time till the end of
arrivals is T /2.
After the end of arrivals, a message has to further wait for
the price to reduce below its ✓. The analysis is similar to the
simultaneous arrivals case given by (7) and the average delay
for the backlogged messages can be written as:
✓
◆✓
◆
M
Nb /p⇤u
⇤
du (✓) = T /2+ pu
✓
+(e 1), (13)
Nb /p⇤u
M/e
if ✓ < p⇤u .
For uniform arrivals, the delay experienced by a message
with a valuation parameter greater than the steady-state price,
the delay turns out to be a few slots. Other messages, however,
need to wait till the end of congestion and also experience
additional delay inversely proportional to their valuation parameter. So, the proposed policy acts as an effective service
differentiation mechanism.
3) Revenue: In the proposed system, most of the revenue
is collected from messages which experience negligible delay.
N (1 p⇤u ) messages with ✓ > p⇤u pays a price of p⇤u . The other
N p⇤u messages, which can depart only after the congestion
ends, pay an average price of p⇤u /2. Then, the ratio of revenue
collected from the messages with negligible delay can be
written as:
N (1 p⇤u )p⇤u
1 p⇤u
=
(14)
N (1 p⇤u )p⇤u + N p⇤u (p⇤u /2)
1 p⇤u /2
As an example, for M = 54 and n = 30, pu = 0.34 and the
66% of the messages with ✓ > pu experience negligible delay
and pay 80% of the total revenue. For a worse congestion,
n = 60, pu = 0.67, 33% of the messages pay 50% of the
total revenue. Hence, the proposed mechanism allows charging
messages according to their priority. Such a differentiation also
enables low-cost access for messages willing to tolerate delay
as the most of the revenue will be collected from messages
with higher priority.
V. R EVENUE -O PTIMUM P RICING
So far, we have studied a pricing scheme which maximizes
the channel throughput and, as a result, minimizes the access
delay. From a provider point of view, however, the main goal
can be revenue maximization at the expense of increased delay.
In that case, the provider should announce a price higher
than the throughput-optimum price to increase the cost of
channel access and to increase the probability of successful
transmission of messages with a higher valuation.
Let Ps be the probability of success defined by (1) and ✓s is
the sorted list of valuation parameters of backlogged messages
in decreasing order. If the provider aims to maximize expected
revenue per slot, it should announce a price pr = ✓s (x) where
x can be found as follows:
x
X
arg max
✓s (i)Ps (i)
(15)
x

i=1

maximizing the sum of the expected revenue collected from
each message. If ✓ is distributed uniformly, the optimum p
which maximizes the total revenue for a single slot can be

derived as follows: For a price p, B(1 p) messages will be
transmitted with a success probability of Ps (B(1 p)). Then,
the total expected revenue can be written as:
◆B(1 p) 1
✓
1
⇡(p) = pBt Ps = pB(1 p) 1
(16)
M
which is maximized at the following revenue-optimum price:
q
1
1
B 2 log2 1 M
+ 4 + B log 1 M
+2
pr =
(17)
1
2B log 1 M
Approximating log 1
r

p ⇡

1
M
B
M

+

⇡
q

1
M,
B2
M2
B
2M

it can be rewritten as:

+4

2

.

(18)

In contrast to the throughput-optimum price which is zero
for B < M , the revenue-optimum price approaches to 1/2
as B/M ! 0. From a revenue perspective, it is not rational
to announce a price of zero even if the channel is underutilized. For the evaluation of revenue-optimum pricing against
throughput-optimum pricing under uniformly-distributed arrivals, we present simulation results in Sec. VII-B.
VI. N ON -U NIFORM A RRIVALS
The uniform arrival distribution results in a steady-state
average price during the course of arrivals but the price does
not have a steady-state average value for non-uniform arrivals.
In this section, we first analyze the case where the arrival
rate monotonically increases, and, then, the case where the
messages arrive according to a triangular distribution.
A. Monotonically increasing arrival rate
Assume that the arrival rate n(i) is a monotonically increasing function of i. In such a case, the throughput-optimum price
should be selected such that M/e messages departed in the
previous slot should be replaced from the n(i) newly arriving
messages. Hence, the throughput-optimum price can be written
as
M/e
p⇤m (i) = 1
(19)
n(i)
as long as the arrival rate increases.
At the end of arrivals, there will be a backlog of users;
and, different from the uniform arrivals case, the distribution
of ✓ among this backlog will not be uniform due to increasing
prices. The distribution will be skewed towards lower values;
hence, the optimum price will not decrease linearly during the
elimination of the backlog unlike the uniform arrivals case.
B. Triangularly distributed arrivals
In the LTE M2M communications literature, there are two
commonly investigated arrival distributions: uniformly distributed arrivals and beta-distributed arrivals [35]. Triangular
distribution provides an analytically tractable approximation to
the Beta distribution [53]. We have also previously shown that
the triangular distribution approximates the Beta distribution
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very well from the point of M2M communications [24].
Similarly, we here analyze triangularly distributed arrivals.
Let us consider the following triangular arrival distribution
for N messages arriving over an interval of T slots:
( 2N i
0  i/T  1/2,
T T /2
⌘
nt (i) = 2N ⇣
(20)
i T /2
1
1/2  i/T  1.
T
T /2
As the arrival rate is low at the beginning, the optimum price
stays at zero as long as nt (i) < M/e:
(M/e)(T /2)T
2N

if i <

pt (i) = 0,

(21)

.

Using (19), the optimum price after this point till the peak of
arrivals can be written as
M/e
,
nt (i)

pt (i) = 1

if

(M/e)(T /2)T
2N

< i/T < 1/2.

(22)

reaching a peak at
(23)

After the arrival rate reaches its peak, the price starts to
reduce. Each time the price is reduced, some of the backlogged
messages will be transmitted along with some of the newly
arriving messages. So, the reduction in the price will not be
as steep as its increase.
Different from the uniformly distributed arrivals, the distribution of ✓ among the backlogged messages at the peak of
arrivals will be skewed towards lower values. To simplify the
analysis, at the peak of arrivals, we assume that there is a
hypothetical backlog composed of both backlogged messages
by that time and the future arrivals. Colored area in Fig.
1 illustrates this backlog at time t = T /2. Similar to the
analysis in [24], the area marked as D in the figure represents
the number of messages that have transmitted prior to time
t = T /2 as M/e messages can be successfully transmitted
at each slot. The area marked as A denotes the backlogged
messages till time T/2 and areas marked by B and C denotes
the future arrivals.
Arrival rate

2N/T

A

B

D

C

M/e

0

T/2

We assume ✓ among this backlog is uniformly-distributed
between 0 and p⇤t . Then, similar to (5), the price during the
second half of arrival duration can be written as:
✓
◆
M
T
M/e
pt (i) = p⇤t
i
, if i/T > 1/2. (25)
⇤
Nb /pt
2 Nb /p⇤t
This assumption results in a minor inaccuracy as shown in
Sec. VII-C.
C. Delay
For messages with ✓ > p⇤t , the expected number of retransmissions is negligible as given by
db (✓) = e

M/e
, p⇤t .
2N/T

pt (i = T /2) = 1

Then, the total number of messages in this hypothetical
backlog can be computed as the area of colored regions in
the Fig. 1 as follows:
!✓
◆
T
N
T
N
2 (M/e)
Nb =
+
2
M/e
/2. (24)
2
2
T
2N
T

T

Slots

Fig. 1. The hypothetical backlog at time t = T /2 which both consists of
the backlog before time t = T /2 (marked by area A) and the future arrivals
(marked by B and C).

1,

if ✓ > p⇤t

(26)

p⇤t ,

For messages with ✓ <
the delay strongly depends on the
time of arrival. Before the arrival rate exceeds the capacity,
/2)T
i < (M/e)(T
, the delay experienced by the messages are
2N
e 1 regardless of their ✓. For messages arriving after this
point, the expected delay is still low if ✓ is higher than the
price at the time of arrival. Otherwise, the message waits till
the price drops below its ✓.
VII. S IMULATION R ESULTS
We have evaluated the proposed pricing scheme and analysis
using the simulation software that we developed. The following results are for throughput-optimum or revenue-optimum
prices announced by a base station which has the perfect
information about the valuation parameters of messages in
the network. In a situation where the base station has limited
information about the number of messages and their valuation
parameters, heuristic price determination methods similar to
the one that we have previously proposed [33] are needed.
Here our aim is to define the optimum pricing schemes and
to evaluate their delay, service differentiation and revenue
collection performance.
In the simulations, a message is transmitted if its valuation
is greater than or equal to the price announced. When a
collision occurs at a slot, none of the collided messages is
successful; i.e. we ignore the capture effect. We later relax
this assumpton in Sec. VII-D. Before each slot, the base
station announces a new price using the information about
the backlogged messages. If the throughput-optimum scheme
is employed, the base station announces a price such that only
M messages are transmitted at a slot. If the revenue-optimum
scheme is employed, the base station calculates the expected
revenue for different possible prices as explained in Sec. V
and selects the price which maximizes it. We first performed
simulations for persistent messages which stay backlogged if
they discover that the price is higher than their valuation. Then,
we consider the effect of the binary-exponential backoff in
Sec. VII-E.
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To compare the delay performance of the proposed policies,
we have used the optimum probabilistic access barring scheme
as the benchmark. In this scheme, the base station broadcasts
an access probability of q = min(1, M/N ) before each slot to
maximize the channel throughput. This scheme has also been
used in several studies as a benchmark [10], [15], [24].
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Fig. 3. Histogram of the throughput-optimum price during the arrivals (the
first 2000 slots) along with the predicted steady-state price.
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Fig. 2. Throughput-optimum price over the course of uniformly-distributed
arrivals over 2000 slots.

A. Throughput-Optimum Pricing for Uniformly Distributed
Arrivals
We first evaluate the analysis for uniformly distributed
arrivals presented in Sec. IV-C. Fig. 2 denotes the change
in the price during two sample simulations for the arrival
of N = 60 000 (n = 30) and N = 120 000 (n = 60)
messages over a duration of T = 2000 slots where there are
M = 54 channels. These parameters have been inspired by
the typical LTE RACH case studies where a massive number
of arrivals occur over a duration of 10 s where the random
access opportunities occur every 5 ms [35].
The analysis given by (9) and (10) matches the simulation
results well. Although there are price fluctuations in the
simulations, the average price shortly reaches a steady state
value closely predicted by our analysis and stays around the
same level till the end of arrivals after which it decreases
linearly. The steady-state price predicted by the proposed
analysis is 13% lower than the average price during the course
of arrivals for n = 30 and 4% lower for n = 60. After the
end of arrivals, the price difference between the analysis and
simulations is lower and bounded by 0.003 for both n.
Fig. 3 shows the histogram of the throughput-optimum price
at each slot during the first 2000 slots of the simulation for
n = 30 along the with the predicted steady-state price. The
difference between the analysis and the simulation is caused
by the stochastic behavior of arrivals which has been omitted
in our analysis. The price during the simulations tends to
be greater than the price predicted by the analysis due to
the following: At a given slot, there is a massive backlog of

messages with valuations below the steady-state price which
have never found a chance to be transmitted due to high
prices. For example, Fig. 4 shows the histogram of backlogged
messages at the 1000th slot for n = 30.
This backlog prevents the price to drop significantly. Suppose that there are few new arrivals in a slot: The price will
drop slightly since the valuations of messages are densely
distributed just below the steady state price. On the other hand,
in the opposite case where there are too many new arrivals
at a slot, a spike in the price will be observed. Hence, a
significant increase in the price is more likely than a significant
decrease in the price. For that reason, proposed analysis tends
to underestimate the price slightly.
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Fig. 5 plots the change in the delay experienced by the
messages as a function of their valuation parameter under
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B. Revenue-Optimum vs. Throughput-Optimum Pricing
We now compare the throughput-optimum pricing scheme
against the revenue-optimum pricing scheme defined in Sec. V.
Fig. 7 shows the change in the revenue-optimum price for the
same parameters with Fig. 2. The revenue-optimum prices are
higher than the throughput-optimum prices.
Fig. 8 shows the change in the average throughput-optimum
and revenue-optimum prices during the course of arrivals

n=60, Simula.
n=30, Simula.
n=60, mean, Simula.
n=30, mean, Simula.

0.8
0.7
0.6

Price

the throughput-optimum policy along with the analysis given
by (12) and (13). Points in the plot denote the average
delay experienced by messages with k  ✓ < k + 0.05
where k = 0, 0.05, ..., 0.95. Results indicate that the delay
is negligible for messages with ✓ greater than the steady
state price. For other messages, the average delay starts at
T /2 = 1000 slots and increases linearly as the valuation
parameter reduces. These results suggest that the proposed
mechanism successfully differentiates among the messages
according to their priority.
Fig. 5 also plots the delay achieved by the benchmark
throughput-optimum probabilistic barring algorithm. Since the
benchmark algorithm does not differentiate according to the
valuations of messages, the delay experienced by a message
is independent of its valuation parameter. The average delay
achieved by the throughput-optimum pricing algorithm is close
to the delay achieved by the benchmark algorithm. Average
delay comparison among these two algorithms is presented in
more detail in Fig. 9.
Fig. 6 shows the price paid by messages according to
their valuation parameter along with the analysis given by
(11). For messages with ✓ < p⇤u , the cost equals to their
valuation parameter. Other messages pay a maximum price of
p⇤u which is lower below their valuation. From the provider’s
perspective, a more severe congestion is better for generating
higher revenues by charging messages with prices closer to
their valuation parameters.
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Fig. 7. Revenue-optimum price for uniformly-distributed arrivals over 2000
slots.

(first 2000 slots) for different load levels along with the
analysis given by (9) and (10). The proposed expressions
for throughput-optimum prices slightly underestimates the
simulation results by an average price of 0.04. The main
difference between throughput-optimum and revenue-optimum
pricing is observed at lower load levels; and, they approach
each other as the network load increases. As derived in Sec.
V, the revenue-optimum price does not fall below 0.5 for a
single slot when the ✓ is uniformly distributed. In accordance
with this result, the simulations also indicate that the average
revenue-optimum price does not fall below 0.47 even at very
low loads. From a provider point-of-view, prices should not
be too low in order to optimize profits despite it may reduce
channel utilization.
Fig. 9 shows the change in delay for throughput-optimum
and revenue-optimum pricing along with the benchmark al-
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Fig. 8. Average price over the course of uniformly-distributed arrivals as a
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Fig. 10. The total revenue for throughput-optimum and revenue-optimum
pricing as a function of the channel load.

2500

the revenue-optimum policy collects more revenue. For lower
loads, the difference between the upper bound and the revenue
collected is more significant: For n = 10, the revenue
generated by the revenue-optimum policy is 29% lower than
the upper bound and the revenue generated by the throughputoptimum is 85% lower than the upper bound. At higher loads,
the revenue approaches to the upper bound: For n = 80,
revenue collected by the revenue-optimum and throughputoptimum policies is 4% and 5% lower than the upper bound,
respectively. Since there is less competition from the messages
at lower loads, most messages pay lower than their valuation
parameter. At higher loads, however, the price paid for a
message is closer to its valuation.
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Fig. 9. Average delay for throughput-optimum and revenue-optimum pricing
along with the benchmark algorithm as a function of the channel load.

gorithm as a function of the network load. In comparison
to the throughput-optimum policy, revenue-optimum pricing
results in increased delay. The increase in delay is more
apparent at lower loads due to the significant price difference
between the policies. For n = 20, for example, the average
delay is approximately 3 slots for the throughput-optimum
policy whereas it is 346 slots for the revenue-optimum policy.
The difference in delay reduces as the load increases since
both policies result in similar prices at higher loads. Delay
obtained by the throughput-optimum policy is very close to
the benchmark algorithm.
Fig. 10 shows the change in the total revenue collected
for both pricing policies along with the upper bound on the
revenue. The upper bound is the sum of valuation parameters
of messages which indicates the maximum amount that a
message is willing to pay. At the expense of increased delay,

C. Non-uniform Arrivals
We next evaluate the analysis for triangularly distributed
arrivals presented in Sec. VI-B. Fig. 11 denotes the change in
the price for N = 60 000 (n = 30) and 120 000 (n = 60) for
M = 54. The analysis given by (19) predicts the prices as the
arrival rate increases till time t = 5 s very well. Price change
during the decreasing arrival rate is predicted by (25) with less
accuracy due to the assumptions made in the analysis. Since
we assume a hypothetical backlog with uniformly distributed
valuation to analyze the price behavior after time t = T /2,
there is a difference between the simulation results and the
analysis.
D. Capture Effect
So far, we have assumed that if two or messages are
transmitted over the same channel at the same slot, none
of them can be correctly received. In practice, however, it
is possible to recover a message in the case of a collision
if its received SNR is sufficiently high. The capture effect
increases the throughput of the channel, hence affects the
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messages as soon as the price falls below their valuation.
In practice, however, the nodes may decide to backoff when
they notice that the price is higher than the valuation of the
message. Backing off may help nodes to preserve energy by
eliminating idle listening and transmitting at a lower cost when
the price is lower. We here investigate the effect of binary
exponential backoff (BEB) on the delay experienced by the
messages and the revenue collected.
In the BEB algorithm, a message waits for a random
number of slots selected between 0 and 2f 1 where f is
the number of times that the node discovers that the price
is higher than the valuation of the message. We assume a
message is retransmitted in the next slot if it failed due
to a collision. Since the success probability is 1/e for the
throughput-optimum scheme, a message will be transmitted
successfully in a short time as long as the price is lower than
its valuation.

Fig. 11. Throughput-optimum price over the course of triangularly-distributed
arrivals over 2000 slots.
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performance of the proposed pricing policies. To take this
effect into consideration, here we define a simple model of
capture where one of the colliding messages in a slot can be
recovered with a probability of pc . The case with no capture
corresponds to pc = 0 and the perfect capture case is pc = 1.
Fig. 12 shows how the price and delay change as the probability of capture increases for n = 30 under the throughputoptimum policy. Since the capture effect increases the channel
capacity, the delay reduces as the capture probability increases.
As a result of the increased throughput, there is a smaller
backlog of users which results in lower prices. This result
implies that the increased throughput may not result in greater
revenue for the provider in the single-provider scenario.
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Fig. 12. Delay and the average steady-state price as a function of the capture
probability for n = 30.

E. Binary exponential back-off
So far, we assumed that the nodes continue to listen to
the price announced by the base station and transmit their

Fig. 13 shows the change in throughput-optimum price
when the messages employ BEB. When compared with Fig. 2,
it can be seen that the price does not decrease linearly after
the end of arrivals. In this case, most of the messages backed
off during the congestion and they became active after their
backoff duration ends. BEB results in increased delay: Backlog
is eliminated at the 5120th slot when the BEB algorithm is
employed; but, it was eliminated at the 3003rd slot when the
messages persist.
Figs. 14 and 15 shows the change in the delay and the price
paid as function of the valuation parameter of the messages,
respectively. For n = 30, the average delay is 25% higher
when BEB is employed whereas the average price paid is 13%
lower. For n = 60, the delay is 15% higher and the price paid
is 23% lower when BEB is used. At the expense of increased
delay, BEB allowed price-sensitive low-priority messages a
lower-cost channel access. For high-priority messages having
a valuation greater than the maximum price, both the delay
and the cost of channel access stays the same.
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Fig. 15. Delay as a function of the valuation parameter of messages both
when the BEB algorithm is employed and the nodes persist.

by the users and the rest of the decisions can be left to the
autonomous agents. Still, the idea of purchasing decisions
made by their devices may be disengaging for users.
High-frequency dynamic pricing: It is possible to implement
high-frequency dynamic pricing algorithms when the decisions
are made by autonomous agents. M2M communications may
suffer from short-term severe congestion due to some external
event such as power recovery. Such congestions require a
quick reaction by the base station as it may result in severe
access delays both for M2M and human-to-human communications. Since M2M nodes can react quickly, it is possible
to manage congestions by high-frequency pricing updates
and shifting the traffic of delay tolerant nodes at times of
congestion. The downside here is that it requires frequent
processing by IoT devices which may be constrained in terms
of processing power and energy consumption.
The wide range of QoS requirements: The applications in
the IoT ecosystem will have a wide range of QoS requirements
ranging from alarm sensors to statistical monitoring applications. Moreover, it is possible that the service requirements
of various messages belonging to the same device can differ.
A temperature monitor, for example, would require immediate
service if there is a significant temperature increase, otherwise
it can delay the transmission of other messages to off-peak
times. Hence, preconfigured QoS plans for IoT devices may
not be adequate for next generation networking. Dynamic
pricing may be a viable alternative for static access class
schemes.
Regulations: Pricing is heavily regulated by governments
and such regulations may prevent the adoption of dynamic
pricing. Although deregulation has been occurring in several
markets such as in electricity [56], it may delay the adoption
of dynamic pricing.
Theoretical developments: Since the M2M requirements differ significantly from human-based communications, pricing
techniques has to be revisited. The present study is one of
the first steps towards such an aim; but, there are many open
issues such as pricing schemes for strategic users/providers or
multi-provider environments.
IX. C ONCLUSIONS

VIII. F EASIBILITY OF DYNAMIC PRICING FOR M2M
COMMUNICATIONS

Here we discuss several factors both in favor and against
dynamic pricing for M2M communications.
Elimination of behavioral factors: Complex pricing schemes
are known to be disliked by human users [42] and dynamic
pricing has been met by aversion in several different contexts
[54]. In M2M communications, however, purchasing decisions
will be made by smart devices which would eliminate the
emotional aspects of pricing. Google Adwords is a good
example of how complex pricing schemes be successful when
the decisions are made by autonomous agents [55]. Human
users configure several parameters in AdWords and individual
decisions are made on behalf of the user. Similarly, in M2M
communications, fundamental parameters can be configured

We have proposed a pricing scheme for multichannel slotted
Aloha systems which captures the behavior of LTE randomaccess channel. We have proposed a mathematical derivation of throughput-optimum and revenue-optimum pricing
schemes. In comparison to previous approaches which are
based on probabilistic barring of nodes based on predefined
access classes, the proposed scheme uses price incentives to
control the load. As well as controlling the load effectively, the
proposed scheme provides service differentiation among the
messages by providing a negligible delay for highest-priority
messages. Since these high-priority messages pay most of the
revenue by paying higher prices, it is possible to provide lowcost communications for the rest of the devices. As low-cost
wireless access is crucial to enable an IoT ecosystem, we
believe dynamic pricing can be a feasible tool for enabling
ubiquitous wireless access for all devices. We also believe
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that M2M communications will not suffer from psychological
downsides of dynamic pricing as the decisions will be made
by smart devices on behalf of their users.
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