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Abstract—The widespread adoption of 5G cellular technology
is becoming the major driver for the growth of IoT-based
applications. In this paper we consider a Mobile Service Provider
(MSP) that launches a smart city service based on IoT data
readings. In order to serve IoT data collected across different lo-
cations, the MSP dynamically negotiates and rescales bandwidth
and service functions. 5G network slicing functions are key to
lease appropriate amount of resources over heterogeneous access
technologies and different site types. Also, different infrastructure
providers will charge slicing service depending on specific access
technology supported across regional sites and IoT data collection
patterns.

We introduce a pricing mechanism based on Age of Informa-
tion (AoI) to reduce the cost of MSPs. It provides incentives for
devices to smooth traffic by shifting part of the traffic load from
highly congested and more expensive locations to lesser charged
ones, while meeting QoS requirements of the IoT service. The
proposed optimal pricing scheme comprises a two-stage decision
process, where the MSP determines the pricing of each location
and devices schedule uploads of collected data based on the
optimal uploading policy. Simulations show that the MSP attains
consistent cost reductions tuning the trade-off between slicing
costs and the AoI of uploaded IoT data.

Index Terms—Age of Information, IoT, MDP, pricing

I. INTRODUCTION

Data collection at scale represents the key signature of

future IoT applications, posing significant challenges in the

integration of emerging 5G networks and IoT technologies

as identified in early studies [1]. In fact, pervasive object

readings play a decisive role in the context of smart cities

for both process monitoring and management. Using IoT, a

whole new set of applications will be able to feed local

information generated by both objects and mobile devices into

their databases.

In IoT networks, local data streams are collected from het-

erogeneous information sources. Examples of sources include

meters for water and electricity management, outdoor and

indoor positioning data, parking presence sensors and a whole

new set of user-generated contents related to application-

specific data. Such information streams are consumed for man-

agement and prediction purpose by services such as city air

management, smart waste management or traffic management

and demand-response schemes [2].
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Figure 1. System layers: 5G enables traffic offloading through slicing services,
and IoT requires aging control for its sensing services.

The long standing problem of integrated architectures and

protocols to support IoT data collection appears now solved

by the uptake of 5G connectivity [3]. In particular, slicing

techniques offered by 5G technology will allow Infrastructure

Providers (InP) to offer differentiated services to their cus-

tomers using shared resource pools. A slice, in this context, is

a share of mobile network infrastructure obtained by forming a

logical network on top of the physical one [4], [5]. Hence, the

5G technology enables traffic differentiation through slicing

by letting nodes offload selected traffic to slices dedicated to

target service verticals.

New Mobile Service Providers (MSP) will launch smart city

services to support IoT data readings: such services represent

one of the strategic vertical domains for the application of

slicing in 5G networks [2], and are henceforth referred to

as MSP slicing services. The MSP leases resources (radio,

processing, storage and radio resources) from one or multiple

InPs to which the fleet of devices taking part to the IoT sensing
service will connect, at a cost, in order to upload their sensed

data (see Figure 1).

The costs incurred by sensing services depend on a number

of factors, including the ownership of the sensing devices.

If sensing devices are owned by the MSP, for instance, and

the sensing services, e.g., offered as a smartphone app, are

designed and run by third parties, the sensing services involve

payments to the MSP [6]. If the MSP is in charge of the

sensing services and slicing services, in turn, it may still be the

case that the two are run by separate divisions inside the MSP,

again involving financial costs among them. However, non-

monetary costs – in the form of shadow prices [7] – can also

be used as a penalty to deter the upload of data at congested

regions by sensing devices.

IoT sensing services relying on 5G technology pose their

own challenges. The informative content of sensed data

changes over time depending on the profile of the IoT sensing

service. Mobility information, for instance, will retain its value

on the timescale of the tenths of minutes, whereas temperature

and pollution measurements will change in the timescale of the
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Table I
TABLE OF NOTATION

Variable Description
L = {1, . . . , L} set of regional locations
P = {p1, . . . , pK} set of upload unit prices
M = {1, . . . ,M} set of information age values
Πij transition probability from location i to j
πi occupation probability of location i
at action at time t
st = (xt, lt) state at time t
xt age of information at time t
lt location at time t

hours. Clearly, IoT devices require a mechanism to control

information staleness, the latter being also referred to as the

age of information (AoI). Such mechanism, known as aging

control, determines when IoT readings should be uploaded.

Aging control, required by IoT devices, must account for a
fundamental trade-off between the value of IoT sensing service
readings and the cost for uploading them using the 5G IoT
slicing service.

Motivated by the aging control problem intrinsic to IoT

devices, and by the traffic offloading capabilities enabled by

5G technology, we pose the following questions:

1) what is the optimal upload strategy for IoT sensing
service nodes, given the value of collected information

and the MSP charging rates?

2) how should the MSP charge users to incentivize them

to offload traffic and reduce the MSP slicing service
costs?

In this paper, we use the notion of age of information in

order to derive the optimal upload strategy for the IoT service

provider. Sensing devices will trigger the upload of sensed data

depending on two factors: the application profile and the price

available for the IoT sensing service. The application profile

will determine for how long sensed data will maintain their

value, whereas location-dependent prices will determine the

unit cost of sensed data uploads performed on the IoT slices.

We thus formulate the problem as a Markov decision process,

and provide the structure of the optimal solution based on the

average cost model. The optimal stationary policy solving the

problem results of threshold type: the upload of information

will occur depending on the upload price available to a tagged

device, i.e., in the cell it is connected to, and on the age of

data stored in the device memory.

Prior art. This work is motivated by two control prob-

lems: traffic offloading and aging control. Traffic offloading is

enabled by 5G technology in a smooth way through slicing.

Aging control is required by sensing applications, typical of

IoT systems. Although there is a vast literature on those two

problems [8], [9], [10], we are unaware of prior work that

considered the two problems in a unified framework. One of

our aims is to bridge that gap.

Main contribution. The main contribution of this paper is a

scheme for the cost efficient brokerage of IoT data using 5G

slicing. The proposed scheme encompasses several features

which appear new with respect to the related literature, at

the best of the authors’ knowledge. In fact, while several

IoT data offloading techniques have been designed in the

recent literature, e.g., in the context of vehicular networks

[11] or sensor networks [12], the solution proposed in this

work is tailored for 5G slicing and the upload control of IoT

data is optimized in a fully distributed and location-aware

fashion. Second, by means of a flexible pricing control, we

can minimize the cost incurred by the MSP in order to lease

slice resources from InPs. Third, our scheme includes a notion

of SLA rooted in the concept of age of information, able

to capture the latency requirements of IoT data readings, as

agreed by the MSP with her customers.

Structure of the paper. The remainder of this work is

organized as follows. First we introduce the considered system

model. Then, we discuss the two main pillars of our work,

namely, traffic offloading and aging control in Sec. III and in

Sec. IV, respectively. Section V bridges the two pillars in a

unified framework. We report numerical results in Section VI

and we revise related works in Section VII. A closing section

ends the paper.

II. SYSTEM DESCRIPTION

We begin by presenting the system of interest and intro-

ducing some basic terminology. The Mobile Service Provider
(MSP) provides Internet connectivity to IoT devices. We

consider a physical region wherein a single MSP acts as a

data broker. The MSP needs to support its customers, who are

willing to collect data from IoT devices across the region.

To that aim, the MSP federates and aggregates resources

leased from various available InPs at different locations in the

considered region. Although the latter counts with a single

MSP, it may be covered by multiple Infrastructure Providers
(InPs).

Each InP provides dedicated 5G slices for IoT data collec-

tion at a certain cost. Sensed data is relayed using a fleet of

mobile devices able to upload them at the need. Ultimately,

mobile relays are served through resources across a pool of

base stations covered by the selected InPs infrastructures.

The customers of the MSP require IoT data to comply to

certain service level agreement (SLA) requirements. Through-

out the paper, we consider the latency of delivered IoT data

as our reference SLA metric. The latency, in turn, is impacted

by the locations from which mobile devices upload sensed

data. Note that aggregated traffic may vary significantly across

regional locations, e.g., due to the presence of hotspots.

The MSP negotiates and adjusts the scale of bandwidth

and service functions using 5G network slicing, namely, by

orchestrating slicing functionality across heterogeneous access

technologies (5G, LTE, 3G, and WI-FI), over different site

types (macro, micro, and pico base stations) and over different

InPs. Ultimately, the costs of leased infrastructures depend

on chosen InPs, specific access technology supported across

regional sites and IoT data collection patterns; for the sake

of simplicity, we shall refer to bandwidth costs only, but

the whole framework may well include also costs for local

computation and/or storage [13].
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In order to comply with SLA agreements for IoT data

collection, the MSP dynamically determines the resources per

slice required to match current demand. In particular, larger

costs are incurred in crowded and congested locations across

the considered region. Therefore, the MSP designs an IoT data
collection policy by which freshness of IoT data is traded off

against costs. The upload of non-critical data can be deferred

to occur at a location incurring smaller costs.

We assume that the MSP uses dynamic pricing for load

balancing purposes, to incentivize users not to upload data

from congested locations. Such pricing is dynamically set, e.g.,

based on the congestion levels. Regional locations are tagged

by a price for the upload of an IoT unit data. Through pricing,

the MSP can shift the IoT traffic generated by mobile IoT

devices from locations where data are sensed to less crowded

ones, where leased slice resources are cheaper.

III. TRAFFIC OFFLOADING

We shall design pricing in order to minimize the total

cost incurred by the MSP. We formulate a control problem

accounting for the mobility pattern of devices and the delay re-

quirements of the IoT data collection service. At each location,

the MSP selects the corresponding InPs. Let L = {1, 2, .., L}
be the set of locations. We denote by Bi the maximum

bandwidth at location i, 1 ≤ i ≤ L, resulting in a maximum

bandwidth vector B.

Each location is tagged with a unit price, resulting in a price

vector p = (p(i), i ∈ L) ∈ RL
≥0. The price vector induces a

set of K different prices denoted by PK , PK = {P1, .., PK},
where P1 < . . . < PK , K ≤ L. Prices impact location-

dependent upload policies which determine when a mobile

device should upload sensed data, based on the current age

of information. The age of information represents the time

elapsed from sensor reading until upload. Let Δi be a random

variable characterizing the age of information – at upload

time – for data collected at location i. Let Ci the monetary

unit cost to lease bandwidth at location i. Let Di be the

amount of data generated by devices at location i during a

time slot. Finally, the upload control is represented by variable

Yij(p): it represents the average traffic rate for data collected at

location i and uploaded at location j. Notation is summarized

in Table I.

Pricing control. Next, we pose the optimization problem

faced by the MSP:

TRAFFIC OFFLOADING:

minimize
p

∑
i∈L

∑
j∈L

Cj Yij(p)

subject to∑
j∈L

Yji(p) ≤ Bi, ∀i ∈ L (1)∑
j∈L

Yij(p) = Di, ∀i ∈ L (2)

P (Δi(p) > d) ≤ εi, ∀i ∈ L (3)

Yij ≥ 0, ∀i, ∀j ∈ L (4)

where (1) is the per location constraint on the available band-

width for the IoT slice, (2) is a flow conservation constraint,

and (2) provides a tunable SLA constraint on the age of

information collected at specific location i ∈ L, depending

on a target latency value d > 0 and on tolerance εi > 0.

The main challenge to solve the TRAFFIC OFFLOADING

problem is to account for the mobility pattern of devices.

In fact, they collect data at some tagged location, and they

upload according to the chosen policy, in order to meet QoS

requirements. In practice, once a sensing device is associated

to a tagged location, it will be exposed a price available for

the IoT slicing service, so that the decision to upload or not

can be implemented onboard of sensing devices in a fully

distributed fashion. In the next sections, we shall provide a

simple algorithm able to determine the optimal price vector p.

Before that, in the next section we shall determine the optimal

upload control for an assigned price vector.

IV. AGING CONTROL

Each device decides to upload data or defer based on its

location, the vector of prices, and the age of information

collected and stored in its buffer. Let xt be the age of

information for data collected at time t by a tagged device:

xt = 1 when the device collects it, and increases by one at

every time slot, except when the device uploads data or the

collected data reaches the maximum age, denoted by M . We

let M = {1, . . . ,M} so that xt ∈M. Let U(x) be the utility

corresponding to uploading data with age of information x,

where U(·) is a non-decreasing function.

The state of a tagged device is denoted st = (xt, lt),
where xt is the AoI as described in the above paragraph

and lt is the device’s location at time t. Location lt ∈ L
is the state of a finite, discrete, ergodic Markov chain, whose

dynamics determines the mobility pattern. We denote by λlk

the transition probability between location l and k; Λ = {λlk},
is the corresponding transition probability matrix. Finally, let

π = [π1, π2, ..πL] be the steady state probability distribution.

The action set available at each device is to upload or defer,

i.e., A = {0, 1}, where 0 means “defer” and 1 “upload”; the

action taken at time t is denoted by at. Hence the dynamics

of the age of information at a tagged device is given by

xt+1 =

{
1 if at = 1

min(xt + 1,M) if at = 0

Next, we characterize the transition probability of the resulting

MDP. Let s = (x, l) be the current state of the device and let

s′ = (x′, l′) be its next state under action a. The transition

probability from s to s′, under action a, is given by

Γs,a,s′ =

⎧⎪⎨⎪⎩
λl,l′ if x′ = max(x+ 1,M) and a = 0

or x = 1 and a = 1

0 otherwise

(5)

Instantaneous reward. The instantaneous reward under the

state action pair (st, at) at time t, rt(st, at), is

rt(st, at) = U(xt)− p(lt) · at. (6)
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Figure 2. Structure of the multi-threshold policy; at the increase of the age of
information upload action is optimal for an increasingly larger set of prices.

Note that the instantaneous reward can be expressed as

rt(st, at) = Ũ(xt)− (p(lt)− P1) · at (7)

where Ũ(xt) = U(x) − P1. It follows from (7) that without

loss of generality we can assume P1 = 0. Therefore, in what

follows we let P1 = 0.

Upload Policy. The upload policy μ for a tagged device

is a probability distribution over the action space. In the rest

of the discussion, we restrict to stationary policies; since our

action space is a binary set, a policy simplifies into function

μ = μ(s) expressing the probability the device performs action

a = 1 in state s.

Problem statement: The objective of each device is to

maximize the expected average reward:

AGING CONTROL: max
μ

E[r, μ] (8)

E[r, μ] = lim
τ→∞

1

τ

τ−1∑
t=0

E[rt(xt, lt, at);μ]

In what follows we characterize the optimal control policy that

solves (8). We begin by introducing a special type of strategy,

referred to as a multi-threshold strategy.

Definition 1. A multi-threshold strategy is such that there
exists K and threshold values mj , j = 0, . . . ,K − 1 such
that 0 = m1 ≤ m2 . . . ≤ mK ≤M and

μ(x, l) =

{
1 if x ≥ mj and p(l) ≤ Pj

0 otherwise

A device using this multi-threshold strategy uploads the

collected data at its current location l at price p(l) = Pj if

the age of information exceeds mj−1. The following theorem

reduces the problem of finding the optimal strategy for the

AGING CONTROL problem to the one of finding the K
thresholds mj , j = 1, . . . ,K.

Theorem 1. The optimization problem (8) admits a unique
deterministic optimal multi-threshold strategy.

We now characterize some further properties of the optimal

thresholds. A qualitative description of the behavior of the

optimal policy is depicted in Fig. 2. We observe that a multi-

threshold strategy is a simple procedure to implement the

distributed IoT upload control. In practice, when data is stored

on a device, the AoI is one. Thus the device at the beginning

will start by uploading only at locations where the price is

P1 = 0. Whenever AoI reaches m2, i.e., x ≥ m2, the device

switches to a second phase wherein an upload occurs if prices

are less than or equal to P2, that is either in locations with

corresponding prices P1 or P2. Similarly, once a new threshold

is reached, say mj , the device will upload the collected data

at locations with a price less than or equal to Pj .

As an immediate consequence from the proof of the previ-

ous theorem we obtain the following corollary.

Corollary 1. Let 0 ≤ mK ≤ M . Then, μ(x, l) = 1 for x ≥
mK , irrespectively of location l.

The above corollary implies that the maximum age that can

be reached by a message is mK , where mK ≤M .

In general, the set of locations where a device is allowed

to upload data and the age of information when the upload

action is performed depend on the distribution of the prices

across the set of locations L used for the slice leased by the

MSP. Such distribution can be optimized to reduce the cost of

infrastructure utilization and yet satisfy the QoS requirements

of the IoT service. In the next section, we shall connect the

dynamics of AoI, the structure of the multi-threshold strategy

and the distribution of the prices. Before doing so, we shall

further characterize additional properties of the multi-threshold

policy. In particular, a key step is to characterize the number

of prices that the optimal threshold strategy uses with positive

probability.

Let Li = {l ∈ L|p(l) ≤ Pi} and KlPi
=

∑
l′∈Li

λll′ . In

addition,

S(i) =
M∑
x=2

(U(x)− U(M))(1−KlPi
) + U(1)− U(M) (9)

and

K̄lPi
= KlPi

−KlPi−1
. (10)

Theorem 2. Let U be the set of prices corresponding to
locations wherein the optimal policy is to upload. Then,
• U = {P1}, with P1 = 0, if and only if

S(1) < p(l), ∀l ∈ L/L1 (11)

• {Pi} ⊆ U , with Pi �= 0, if and only if

U(1)− (K̄lPi
U(2) + (1− K̄lPi

)U(M)) > Pi (12)

S(i) < p(l), ∀l ∈ L/Li, (13)

• {Pi, Pi+1, .., Pi+k} ⊆ U , if and only if condition (12) is
met and

S(i+ k) < p(l), ∀l ∈ L/Li+k (14)

Theorem 2 establishes conditions under which devices up-

load data if and only if they are found in a given finite set of

locations. In the following section, we leverage this result to

derive optimal pricing strategies minimizing MSP costs while

still satisfying users QoS requirements, under the framework

of joint aging control and traffic offloading.
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Figure 3. Joint traffic offloading and aging control.

V. JOINT AGING CONTROL AND TRAFFIC OFFLOADING

Once we determined the optimal distributed upload control,

we return to the TRAFFIC OFFLOADING problem introduced

in Sec. III.

A. Pricing as a tool for joint aging control and offloading

We recall that the MSP aims at setting optimally the value

of the shadow prices in order to reduce the total cost to lease

resource from different InPs. Let assume N IoT devices spread

over the set of locations L. Each device generates data to be

collected and sent to the IoT sever located in the core network

every T seconds. We let π the ergodic probability that a device

collects data at location i is πj – which in turns depends on the

mobility profile of devices. Hence, the total rate of collected

data by devices in location j is given by

Dj =
NπjF

T
(15)

where F is the size of collected data.

First, observe that if shadow prices are constant over lo-

cations, i.e., P (l) = P1, for l ∈ L, each device will transmit

immediately the collected data and then the total cost for MSP

writes immediately∑
j∈L

CjDj =
NF

T

∑
j∈L

Cjπj (16)

Our primary interest for the distributed upload control via

shadow pricing is to perform load balancing by shifting part

of the traffic load from highly congested locations, which

we expect indeed to be more expensive to lease, to lesser

charged locations. At same time, we aim at ensuring the QoS

requirements of the IoT service. Under shadow pricing vector

p, the total rate uploaded at location j under the optimal

threshold strategy is given by

Yj(p) =
∑
i∈L

Yij =
∑
i∈L

Diyij(p) =
NF

T

∑
i∈L

πiyij(p) (17)

where yij is the expected per device upload rate for data

collected at location i and uploaded at location j.

Hence the total cost writes∑
j∈L

CjYj(p) =
NF

T

∑
j∈L

Cj

∑
i∈L

πiyij(p) (18)

B. Pricing through constrained optimization
Next, we account for the AGING CONTROL problem intro-

duced in Sec. IV under the TRAFFIC OFFLOADING problem

introduced in Sec. III. The resulting joint problem writes

JOINT OFFLOADING AND AGING CONTROL :

minimize
p

∑
i∈L

πi

∑
j∈L

yij(p)Ci (19)

subject to (20)∑
i∈L

πiyij(p) ≤ f(Bj), ∀j ∈ L (21)

K∑
j=1

yij(p) = Di, ∀i ∈ L (22)

P (Δi(p) > d) ≤ εi, ∀i ∈ L (23)

yij(p) ≥ 0, ∀i, ∀j ∈ L
Figure 3 illustrates the impact of the joint traffic offloading

and aging control on devices decisions.
We can calculate yij(p) based on the threshold strategy:

we need to calculate the probability that a device collects

data at location i and uploads it at location j. The calculation

is performed by determining f(i, j, t), namely the probability

that a device collects data from location i and uploads it at

time t in location j. Such computation involves the use of

taboo probability, defined as follows:

Aλ
τ
ij = P{l1, .., lτ−1 �∈ A, lτ = j|l0 = i},

This is the probability of moving from location i to location

j in n steps without entering the taboo set A; such transition

probabilities are calculated in the standard way by considering

the τ -th power of the taboo matrix, which is obtained by

zeroing the columns and the rows of the transition probability

matrix corresponding to the taboo states, i.e., the states in A.

We shall define Li = {l ∈ L|p(l) ≤ Pi}, i = 1, . . . ,K.

Based on the optimal threshold strategy, if a device collects

data from a location i ∈ L1, it will immediately upload it.

Thus for i ∈ L1, we have

f(i, z, t) =

{
1 if z = i and t = 1

0 otherwise

For i �∈ L1 and z ∈ Lj , let us consider m̂t = max(mj |mj <
t) the explicit expression can be derived as follows

f(i, z, t) = 0, for t < mj (24)

f(i, z, t) =∑
l1 �∈L1

∑
l2 �∈L2

. . .
∑

lt−1 �∈Lm̂t

L1
λτ1
il1
· L2

λτ2
l1l2

. . . Lm̂t
λt−m̂t−1
lt−2lt−1

λlt−1j

for mj ≤ t ≤ mK (25)

f(i, z, t) = 0, for mK < t ≤M (26)

where τk = mk+1−mk, with mK+1 =M for k = 1, . . . ,K.

The expression of yiz for z ∈ Lj yields

yiz =

mK∑
t=mj

f(i, z, t) (27)
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Figure 4. Voronoi tessellation for the Cologne mobility trace.

Once we obtained the values of the f(i, z, t)s, we can derive

the stationary probability distribution for the age of informa-

tion – at the upload time – for the data collected at location

i, namely Δi(p), we obtain

FΔi(d) := P (Δi(p) > d)) =

mK∑
t=d+1

∑
z∈L

f(i, z, t) (28)

Finally, the expected age of collected data from location i ∈ L
is given by

E[Δi(p)] =

mK∑
t=0

∑
z∈L

t · f(i, z, t) (29)

The relation (28) provides an important measure for MSP: it

provides a metric to characterise whether an input shadow

price vector can meet the requirements for the IoT data

collected at a tagged location. Furthermore starting from

FΔi(d), it is possible to evaluate the deviation of the age of

collected data from its average value, e.g., by using Chebishev

inequality.

Solving the JOINT OFFLOADING AND AGING CONTROL

problem is made difficult the structure of function Y , which is

not convex over the shadow price vectors p, and, furthermore,

constraints are present. We are currently developing a low

complexity algorithm to solve the JOINT OFFLOADING AND

AGING CONTROL based on simulated annealing [14], and we

leave that topic as subject for future work.

VI. EVALUATION

To validate our theoretical results, we use vehicular mobility

traces of the city of Cologne (Germany), covering a region

of 400 km2 in a period of 24 hours in a typical work

day, involving more than 700, 000 individual vehicles. The

dataset is available at [15]. This dataset comprises the list

of users’ position records, each record including a sampling

timestamp, the user ID, and her position in (x, y) cartesian

coordinates. Positions are sampled each second. User mobility

is spanned across 230 (macro) cells and the coverage of

each cell is determined a posteriori according to the Voronoi

tessellation shown in Fig. 4. In order to generate the transition

probability across cells, we have restricted to a subset of

records corresponding to one hour of trace data. Then, we

have resampled our dataset at 2 second intervals to discretize

the process: within such a time step the probability for a user

to cross two cells is bounded below by 0.05; the resulting time

step is also the reference one ruling the evolution of the age

of information.

In the first set of experiments, we have validated our aging

control policy against traces. The computation of the optimal

policy using the proposed model requires to estimate the

transitions of the Markov chain Γ, AoI utility U(·) and price

pl of each location l ∈ L. In our reference setting, the

utility of message decays linearly over time, and remains

zero afterwards, U(x) = max(M − x, 0). We assume that

the device will collect data as soon as the existing data is

uploaded. Performance of the policy is evaluated over 67
epochs corresponding to a total duration of 134s for a device:

at each epoch a device would either upload or not based on

the multi-threshold policy obtained from the model. All 230
locations are divided into 3 effective groups, namely Range1,

Range2, and Range3, corresponding each to a specific cost

C1, C2, and C3, respectively, sorted in ascending order. The

idea is that the location with higher cost would be configured

with higher price. The results displayed in this section are

configured with three prices (P1, P2, P3), m1 = 0, two

effective threshold values (m2,m3) and M = 10. Location

that belong to Range 1, 2 and 3 are assigned P1 = 0, P2 and

P3, respectively.

Since the transition matrix Γ is derived from traces, it

is interesting to compare how the optimal policy obtained

by our model compares to real traces. This verification is

due since mobility traces in general are neither stationary

nor memoryless. Hence, in Fig. 5(a) we compared 1) the

theoretical optimal reward predicted by our model – i.e., using

the empirical transition matrix Γ, 2) the average reward ob-

tained simulating data collection and upload using the original

real traces under the optimal policy predicted by our model

and, finally, 3) the optimal reward obtained using the multi-

threshold policy calculated by exhaustive search on the real

traces. The match appears quite tight and also rather insensitive

to the variation of M . For this experiment, we have considered

P1 = 0, P2 = 6 and P3 = 9.

We now explore how prices can be used to affect the

freshness of information delivered by each device. To this

aim, Fig. 5(b) and 5(c) illustrate how the average reward –

i.e., the average AoI minus price – changes as function of the

price. Fig. 5(b) is achieved by fixing P1 and P3 and varying

P2 from 2 to 8. It shows that the average reward decreases

with price P2. Indeed, as P2 becomes larger, the device has

more incentive to upload the collected data to locations in

Range 1. It is possible that the age of collected data becomes

higher – that is upload occurs farer from the origin site –

which explains why the average reward decreases with P2.

We observe the same behavior by changing the price P3 and

making P1 and P2 fixed, as depicted in Fig. 5(c). In summary,

if we ignore QoS constraints, the MSP should indeed tend to

increase the price for locations in range 2 and range 3: the

effect is to shift all collected traffic to locations in Range 1,

which are less expensive to lease.
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Figure 5. a) Expected average rewards for i. theoretical model, ii. simulation and iii. exhaustive search; P1 = 0, P2 = 6 and P3 = 9. b) Effect of price P2

on the average reward; P1 = 0 and P3 = 9; M = 10. c) Effect of price P3 on the average reward P1 = 0 and P2 = 6; M = 10.

Figure 6a shows the relative volume of traffic uploaded in

Range 1, 2 and 3 under optimal pricing for increasing values

of d. From this simulation results we can get some useful

insights on the load balancing operated by the proposed pricing

scheme. The first point on x-axis correspond to the profile of

traffic obtained under uniform flat price, that is NoStrategy

(NS), meaning that all IoT traffic is uploaded where it is

produced. The remaining points correspond to the optimal

prices for different values of d. First, we observe that it is

possible to shift an important part of traffic (13% − 32%)

towards locations in Range1 (which corresponds to price

P1 = 0). A smaller part of traffic (1% − 12%) is instead

shifted to locations in Range 3. When d increases, we observe

more traffic is shifted since devices have more opportunity to

upload collected data in locations in Range 1.

Fig. 6b shows how the price impacts the cost incurred by the

MSN. A larger value of d for data generated at a given location

means lower sensitivity to delay, which in turn increases the

probability to upload at locations in Range 1, which explains

why the total cost is ultimately decreasing with d.

VII. RELATED WORK

Aging control and IoT. Aging control is at the core of

IoT sensing applications, as it captures the trade off between

staleness and upload costs. Given the increasing demand for

IoT systems, the literature on aging control is correspondingly

growing. Most of the work on aging control focuses on the

users standpoint, accounting for costs as perceived by the

devices whose age of informationis under control. When traffic

offloading is discussed, it is typically analyzed as a side

effect of aging control. In particular, the potential relationship

between AoI and traffic offloading has been signaled [8],

but previous work has mostly focused on computation and

task offloading [16], [9], [10] rather than traffic offloading. In

this paper, in contrast, we take both aging control and traffic

offloading as first class citizens of an ecosystem wherein users

and providers interact. We do so by assuming that providers

can influence users through pricing mechanisms, thus coupling

aging control and traffic offloading in a unified framework.

Traffic offloading and 5G. Utility service providers have

long performed IoT data collection to reduce operational

costs by using sms-based M2M technology over proprietary

SCADA systems. Those appear inadequate in the context of

emerging IoT systems, motivating the uptake of 5G technol-

ogy, whose second major driver, beyond multimedia traffic, is

the current growth of mobile IoT connections [3]. With the

new LTE-M radio interface and a new suite of architectures,

5G introduces key infrastructural assets able to ease both IoT

access to radio resources and computing at the edge of the

network. Flexible traffic offloading is enabled by 5G technol-

ogy through slicing. Technical aspects such as slice insulation

and fair slice allocation are still under development to upgrade

LTE technology towards 5G, with large effort by the research

community to overcome such technical issues [17][18][19].

Nevertheless, slicing techniques are currently under standard-

isation and specifications 5G system’s slicing architecture and

requirements are now available [13]. Ultimately, virtual private

networks will be shipped on top of the existing mobile network

infrastructure with dedicated customer support.

VIII. CONCLUSION

Future IoT service providers will need ubiquitous IoT data

collection, mandating in turn the support of IoT access at scale

over the 5G infrastructure. At the same time, new schemes to

control data generation and upload should permit IoT data

brokers to profit of diverse access resources made available

by concurrent infrastructure providers at different costs.

In this context, we have proposed a novel framework to

connect two fundamental aspects: the AoI for IoT data to be

uploaded and the cost of 5G resources leased to grant IoT data

access. Control of IoT data upload is performed in a distributed

way at the device level using optimal dynamic multi-threshold

policies. Such policies have been showed to outperform their

static counterparts. At same time, service providers can control

prices to match optimal multi-threshold policies to service

requirements while minimizing operational costs. We believe

that the scheme proposed in this work opens an interesting

direction in IoT research, since it indicates on a quantitative

basis how to trade-off data freshness for load balancing, the

two being critical factors in the design of IoT systems.
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APPENDIX

A. Proof of Theorem 1

Next, we present the proof of Thm.1. We begin by noting

that from [20] there exist a value function V (x, l) and a scalar

ρ satisfying the Bellman equation for the average cost MDP

problem

V (x, l) + ρ = max
(
U(x)− p(l) +

∑
l′∈L

λll′V (1, l
′),

U(x) +
∑
l′∈L

λll′V (min(x+ 1,M), l′)
)

(30)

An optimal policy μ able to select the per-state action

maximising the right hand side of (30) is an optimal solution

(8). Moreover, it is known that an unconstrained MDP admit

a deterministic optimal policy [20]. Since a multi-threshold

strategy belongs to this class of policies, we restrict our

discussion to the case of deterministic policies.

In what follows, we consider locations sorted by increasing

price order, that is p(l) ≤ p(l+1), for l = 1, . . . , L. Let define

the function H :M×L× {0, 1} → R as follows

H(x, l, 1) = U(x)− p(l) +
∑
l′∈L

λll′V (1, l
′) (31)

H(x, l, 0) = U(x) +
∑
l′∈L

λll′V (x+ 1, l′) (32)

ΔH(x, l) = H(x, l, 1)−H(x, l, 0) (33)

Hereafter we shall demonstrate that i) the value function is

decreasing in the age of information for any given location,

ii) that the optimal policy for any given location is switches
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from 0 to 1 at most once and finally iii) that if uploading is

optimal for a certain value of the age of information at a given

price, it is also optimal for larger prices as well. Such facts

are proved formally in the following lemma.

Lemma 1. For any optimal policy, for x = 2, . . . ,M the
following facts hold:
i. V (x− 1, l) ≥ V (x, l), ∀l ∈ L.
ii. ΔH(x− 1, l) ≥ 0⇒ ΔH(x, l) ≥ 0, ∀l ∈ L.
iii. ΔH(x, l − 1) ≥ 0⇒ H(x, l) ≥ 0, ∀l ∈ L.
iv. V (x, l − 1) ≥ V (x, l), ∀l ∈ L.

Proof. We show each of the four items above in the corre-

sponding order.

i. We can verify the result directly by backward induction

on (30). For a deterministic policy, we define

Zl(x) := V (x, l)− U(x) + ρ = (34)

= max
(
− p(l) +

∑
l′∈L

λll′V (1, l
′),

∑
l′∈L

λll′V (min(x+ 1,M), l′)
)

(35)

We shall prove that Zl(x) ≥ Zl(x+1). This implies V (x, l) ≥
V (x+1, l) since V (x, l)−U(x) ≥ V (x+1, l)−U(x+1) ≥
V (x + 1, l) − U(x), where the last step holds because U is

non increasing. First, we observe that

Z(M − 1) = (36)

max
(
− p(l) +

∑
l′∈L

λll′V (1, l
′),

∑
l′∈L

λll′V (M, l′)
)
= Zl(M)

so that the inductive basis holds true.

Now, in the general case we can observe that if the statement

is true for x+1, that is Zl(x+1, l) ≥ Zl(x+2, l), it needs to

hold for x as well. Using the induction hypothesis, we have

V (x+ 1, l) ≥ V (x+ 2, l) and thus

Zl(x) = max(−p(l) +
∑
l′∈L

λll′V (1, l
′),

∑
l′∈L

λll′V (x+ 1, l′))

≥ max(−p(l) +
∑
l′∈L

λll′V (1, l
′),

∑
l′∈L

λll′V (x+ 2, l′)) (37)

= Zl(x+ 1) (38)

which concludes the inductive step.

ii. It is sufficient to write ΔH(x − 1, l) − ΔH(x, l) =∑
l′∈L λll′ [V (x+ 1, l′)− V (x, l′)] ≤ 0.

iii. In this case, we can directly verify

ΔH(x, l − 1)−ΔH(x, l) = −p(l − 1) + p(l)

+
∑
l′∈L

(λ(l−1)l′ − λll′)[V (1, l
′)− V (x+ 1, l′)]

≥ κ
∑
l′∈L

(λ(l−1)l′ − λll′) = 0

where κ = supl′∈L{V (1, l′)− V (x+ 1, l′)}

iv. Immediate since p(l + 1) ≥ p(l).

In what follows, we complete the proof of Theorem 1.

Proof. The proof of the multi-threshold structure is a conse-

quence of Lemma 1. In particular, let us define

ml := max{x|ΔH(x, l) < 0}, l = 1, . . . , L.

so that in location l it is optimal to upload for x ≥ ml for all

prices p ≤ Pl; also, from ii., it follows that m1 ≤ m2 . . . ≤
mL. Furthermore, since ΔH(1, 1) =

∑
l′∈L λll′(V (1, l

′) −
V (2, l′)) ≥ 0, so that m1 = 0, which concludes the proof.

B. Proof of Theorem 2

Proof. (i) The following condition has to be satisfied for the

optimal policy to be always using price P1 = 0 :

ΔH(x, l) < 0, ∀l ∈ L/L1, x = 1, ..,M. (39)

From (31) and (32), the condition (39) yields∑
l′∈L

λll′ [V (1, l
′)− V (x+ 1, l′)] < p(l),

∀l ∈ L/L1, x = 1, ..,M − 1. (40)

Since the value function V is non-increasing, the conditions

in (40) are satisfied if and only if∑
l′∈L1

λll′ [V (1, l
′)− V (M, l′)]+∑
l′ /∈L1

λll′ [V (1, l
′)− V (M, l′)] < p(l), (41)

∀l ∈ L/L1. Since the device could upload its data only at

location l ∈ L1, from (30) we have

V (x, l)− V (x− 1, l) = U(x)− U(x− 1), ∀l ∈ L1 (42)

V (x, l)− V (x− 1, l) = U(M)− U(x− 1), ∀l ∈ L/L1 (43)

(42) and (43) yield, respectively,

V (1, l)− V (M, l) = U(1)− U(M), ∀l ∈ L1 (44)

V (1, l)− V (M, l) =
M∑
x=1

(U(M)− U(x)), ∀l ∈ L/L (45)

Plugging these values of V (1, l)−V (M, l) into (41) gives the

condition (11).

The derivations of (ii) and (iii) are similar to the above

proof.
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