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Abstract—Design of the scheduling algorithm that satisfies the
stringent timing and reliability requirements of control systems,
while considering the delay and packet errors in the wireless
channel, and limited battery resources of the sensors is the main
challenge of ultra-reliable machine-to-machine (M2M) control
applications. Transmission delay and energy consumption of a
sensor node are determined by the transmission power and rate of
that sensor node and the concurrently transmitting nodes. Hence,
the transmission schedule, and the power and rate parameters of
the nodes should be jointly optimized. Joint optimization problem
for M2M control applications has been previously formulated
and solved by adopting a static channel. In this paper, we extend
this framework for fading channels. First, we propose an offline
scheduling algorithm that exploits the periodic nature of the
transmissions under a priori known channel. Then we propose
an online scheduling algorithm based on the prediction of the
channel information by using previous measurements, scheduling
of the nodes using offline algorithm, and modification of the
schedule and the transmission parameters of the nodes under the
actual channel information as time evolves. Extensive simulations
demonstrate the near optimal performance of online and offline
scheduling algorithms for different network sizes and densities.
Index Terms—machine-to-machine, wireless networks, ultrareliable communication, control systems, scheduling, energy efficiency, fading channel.

I. I NTRODUCTION
The main challenge of ultra-reliable M2M control applications is the design of a robust scheduling algorithm that
satisfies the packet generation period, transmission delay and
reliability required to maintain a certain control system performance, with the limited battery resources of the sensor nodes
[1], [2]. Since the transmission delay and energy consumption
of a sensor node are determined by the transmission power
and rate of that sensor node and the nodes that are scheduled
for concurrent transmission, the schedule should be optimized
jointly with the transmission power and rate of the sensor
nodes.
Joint optimization of power control, rate adaptation and
scheduling has been previously formulated and solved by
including the uniform distribution of packet transmissions
over time to satisfy the robustness requirement of wireless
networked control systems (WNCSs) [3], [4]. The formulation also includes the periodic data generation and reliability
requirements of control applications, and energy consumption
requirements of the sensor nodes. It has been shown in [4] that
the optimization of power control and rate adaptation for each
node subset can be separately formulated, solved and then used

in the scheduling algorithm in the optimal solution of the joint
optimization of power control, rate adaptation and scheduling
problem. The power control and rate adaptation problem
has been formulated for both continuous rate transmission
model, in which Shannon’s channel capacity formulation for
an AWGN wireless channel is used in the calculation of the
maximum achievable rate as a function of SINR [3], [4],
and discrete rate transmission model, in which only a finite
set of discrete transmission rate values are supported [5].
The previously proposed scheduling algorithms for WNCSs,
however, assume a priori known fixed channel information. On
the other hand, the literature on ultra-reliable communication
mostly aim to predict the future reliable channels based on
the assumption of a fading channel [6]. However, they do not
consider the periodic packet transmission of the sensor nodes
in control applications.
The goal of this paper is to design a scheduling algorithm
that provides ultra-reliable communication between sensor
nodes and controllers in WNCSs, while meeting the individual
power, energy, delay and reliability requirements of the sensor
nodes satisfying a certain control performance, in fading
channels. We extend the previous works in two directions and
the original contributions of this paper are listed as follows:
•

•

We present an offline scheduling algorithm under a priori
known channel information. We propose a novel heuristic
offline scheduling algorithm that exploits the periodic
nature of the sensor nodes and meets the individual
transmission power, energy and latency constraints of
the sensor nodes to provide ultra-reliable communication
within the network.
We propose a novel online scheduling algorithm based on
the prediction of the expected channel information using
the previous measurements, scheduling of the nodes using
offline policies, and modification of the schedule and the
transmission parameters of the nodes under the actual
channel information.

The rest of this paper is organized as follows. Section II
describes the system model and assumptions used throughout
this paper. Sections III and IV present offline and online
scheduling algorithms, respectively. Performance results of the
proposed algorithms are presented in Section V. The final
review of our work and the ideas for future research are given
in Section VI.

II. S YSTEM M ODEL AND A SSUMPTIONS
1) The network contains sensor nodes, controllers and
actuators. Controller receives sensor data, performs new
control computation and sends the output to the actuator.
We assume that the controller can receive packets only
from one sensor node at a time.
2) We consider only one-hop links between the machines
(nodes) and the corresponding controller. Multi-hop
transmission of the sensor data packets to the controllers
is out of scope of this paper and subject for future work.
3) Central controller is selected randomly from the existing
controllers in the network and responsible for network
synchronization, resource allocation and scheduling of
the sensor nodes. Central controller is assumed to have
complete network topology, however the method for
topology learning is out of scope of this paper.
4) TDMA is used as a Medium Access Control (MAC)
protocol due to its superior delay and energy performance for the networks with predetermined topology
and data generation pattern [7]. The time is divided into
subframes which are further divided into beacon and
time slots. The controller sends the beacon at the beginning of each subframe and includes the scheduling and
resource allocation information of each scheduled node
within the subframe. If there exist sensor nodes outside
the transmission range of the central controller then the
central controller uses the corresponding controllers to
relay the beacon to these nodes.
5) We only consider the energy consumption for the data
packet transmission of each sensor node since the energy
consumption in active mode is much larger than that in
sleep and transient modes, and the energy consumption
in the reception of the beacon packets is not subject
to optimization. We define the maximum allowed per
packet energy consumption to achieve a certain lifetime
by el for sensor node l.
6) The transmission power can take any value below Pmax .
This continuous power assumption is frequently used
in previous scheduling algorithm designs since practical
radios support a large number of discrete power levels,
resulting in high approximation accuracy with lower
complexity.
7) The network contains L sensor nodes with Z distinct
packet generation periods such that T1 < T2 < ... < TZ .
The packet generation periods are multiples or aliquots
of each other. This can be given as a constraint to the
control applications.
8) The subframe length S is chosen such that it is smaller
than the coherence time of all the links between sensor
nodes and their corresponding controllers, and all the
packet generation periods are integer multiples of S,
i.e. Ti = ki S, ki ∈ Z+ for all i ∈ [1, L]. The first
assumption ensures that the channel is static within the
subframe. The second assumption represents ki different
periodic assignments for node i. The frame length is

then defined as the maximum packet generation period,
denoted by F , containing M = kZ subframes.
9) We use the discrete rate transmission model in which the
finite number of transmission rates r = (r1 , r2 , ..., rQ )
corresponding to a finite number of SINR levels γ =
(γ 1 , γ 2 , ..., γ Q ) are determined such that node l can
transmit at rate rq if the SINR achieved at the correpl glk
, is greater than
sponding link, i.e. γl = N0 +P
l6=k pl glk
q
or equal to γ , where pl is the transmit power of node l,
N0 is the background noise power and Q is the number
of discrete transmission rate levels. Each rate level ri ,
i ∈ [1, Q] is determined based on the SINR-rate mapping
function f (γ), i.e. ri = f (γ i ), i ∈ [1, Q], which satisfies
2
f (γ)
≤ 0. This constraint is
the constraint given by ∂ ∂γ
2
satisfied for Shannon’s capacity formulation which is
commonly used in AWGN channels.
10) The goal of the scheduling algorithm is to provide
ultra-reliable communication between sensor nodes and
controllers with maximum robustness, accommodating
packet losses, topology and sensor requirement changes.
The total active length of a subframe m, denoted by
am , is defined as the sum of the length of the time slots
allocated to subframe m. The robustness of the schedule
requires distribution of data transmissions as uniformly
as possible over the scheduling frame. The objective is
therefore quantified as minimizing the maximum total
active length of all the subframes in a frame.
To illustrate the scheduling, let us assume the example network consists of 4 sensor nodes. Sensor node
1 has packet generation period of 1 ms, and packet
transmission time of t1 = 0.15 ms. Sensor nodes 2,
3 and 4 have packet generation period of 2 ms, and
their packet transmissions require time slot allocations
of lengths t2 = 0.20 ms, t3 = 0.25 ms and t4 = 0.30
ms, respectively, when no concurrent transmissions are
allowed. Let us assume that the concurrent transmission
of nodes 2 and 3 takes 0.30 ms, i.e. t2,3 = 0.30 ms.
Here, the subframe length S = 1 ms and the frame
length F = 2 ms, containing 2 subframes. Fig. 1 shows
the robust schedule that minimizes the maximum total
active length of the subframes in the presence of the concurrent transmissions. The maximum total active length
is equal to max(a1 , a2 ) = max(t1 +t2,3 , t1 +t4 ) = 0.45
ms.

Fig. 1: Illustration of the robust scheduling algorithm for
the network of 4 nodes.

11) We adopt Longest Transmission Time First (LTTF)
algorithm for the power control and rate adaptation of
the subset of nodes within our proposed scheduling
framework. LTTF has been shown to be the optimal
polynomial time algorithm determining the power and
rate of a subset of nodes, with the goal of minimizing
the time required for their concurrent transmission,
while satisfying their transmission delay and energy
consumption requirements, and adopting discrete rate
transmission model [5].
III. O FFLINE S CHEDULING IN FADING C HANNEL
The offline scheduling aims to assign the nodes to the subframes to minimize the maximum total active lengths among
all subframes, based on the assumption that the channel state
information (CSI) for all subframes is available beforehand.
The scheduling algorithm consists of two parts. In the
first part of the algorithm, the nodes are assigned to the
subframes. This assignment considers the periodic packet
generation requirements and the transmission constraints of
the nodes in terms of transmission power, energy, rate, signalto-interference-plus-interference ratio (SINR) and latency. It
also takes into account the different transmission time lengths
of the nodes in different subframes due to the fading channel.
Previously in [3] and [4], where the channel is assumed to
be static within the time frame, it was sufficient to calculate
the transmission time of the node in only one subframe. The
second part of the algorithm determines the subset of nodes
assigned to the subframes that can concurrently transmit. Two
or more nodes may not significantly interfere with each other
and be eligible for simultaneous transmission. If nodes spend
less time compared to their individual transmissions in total,
the algorithm can schedule them to transmit together. We name
the first and second parts of the algorithm as Minimum Length
Assignment algorithm (MLA) and Maximum Improvement
based Concurrency Allocation algorithm (MIC), respectively.
The general framework of the algorithm is given in Figure 2.
MLA algorithm is illustrated in Algorithm 1 and described
as follows: MLA assigns the nodes to the subframes in a way
that the maximum total active transmission time is minimized.
Algorithm runs for each node i ∈ [1, L] and decides which
periodic assignment of the node i has the least ”cost” (Lines
1 − 2). findTotalActiveLength function takes the node i,
the index j ∈ [1, ki ], which represents the j-th of the ki
different assignment options for node i, and the current total
active lengths of all subframes a as an input, and returns the
maximum total active length over all subframes. To find the
transmission time of a single node in any subframe, algorithm
takes the maximum rate out of Q different rate values that
meets the individual constraints of sensor node. Lastly, MLA
assigns the node i starting from subframe j ∗ with period Ti
within the time frame using the assignPeriodically function
(Line 3).
The second part of the algorithm uses the difference between the total transmission of two disjoint node subsets and
their concurrent transmission as a metric. Let L1s and L2s be
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Apply Minimum Length
Assignment (MLA) algorithm to
node i
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Apply Maximum Improvement based
Concurrency Allocation (MIC) algorithm
Power Control and Rate
Adaptation Algorithm
LTTF

Output: Cs
TERMINATE

Fig. 2: General framework of the offline scheduling
algorithm.
Algorithm 1 Minimum Length Assignment (MLA) algorithm
Input: L number of nodes
Output: Ls : set of sensor nodes in subframe s
1: for each node i ∈ [1, L] do
2:
j ∗ = argmin∀j∈[1,ki ] findTotalActiveLength(i, j, a)
3:
assignPeriodically(i, j ∗ , ki )
4: end for
two disjoint subsets in Ls and let t(L1s ) and t(L2s ) be the
transmission time of L1s and L2s . Then the gain is given as
G(L1s , L2s ) = t(L1s ) + t(L2s ) − t(L1s ∪ L2s )

(1)

After assigning all the nodes to subframes with MLA, MIC
algorithm, given in Algorithm 2, aims to allocate the nodes
concurrently to shorten the total active transmission time as
for each subframe s ∈ [1, M ].
The set of concurrently transmitting node subset Cs is
initialized to the set of sensor nodes Ls for all subframes
s ∈ [1, M ] (Lines 1 − 2). In each iteration, algorithm finds the
two disjoint subsets Cs1 and Cs2 within set Cs which yields
maximum gain G(Cs1 , Cs2 ) (Line 4). If the maximum gain G∗
is positive, algorithm replaces Cs1 and Cs2 with their union
Cs1 ∪Cs2 (Lines 6-8). Algorithm terminates when the maximum
gain is non-positive (Line 10) and performs the same actions
for all remaining subframes s ∈ [1, M ].
We can now illustrate the MLA algorithm with the following
example:
Let us enumerate the nodes from 1 to 5 and set ki = 2
for all nodes. Let us now assume that nodes 1 to 4 are
already assigned to the subframes as it is illustrated in Figure

Algorithm 2 Maximum Improvement based Concurrency
Allocation algorithm (MIC)

the other hand, the complexity of the MIC algorithm is
O(M QL7 ). The maximum number of iterations is M L, since
there are M subframes and the maximum number of times
Input: Ls : set of sensor nodes in subframe s, s ∈ [1, M ]
Output: Cs : set containing subsets of concurrently transmit- positive gains can be achieved is L − 1. The algorithm checks
all the node subset pairs in each iteration, with worst case
ting nodes in subframe s, s ∈ [1, M ]
complexity of O(L2 ). Calculating the gain corresponding
1: for each subframe s = 1 : M do
to each such pair has O(QL4 ) complexity since the LTTF
2:
Cs = Ls
algorithm needs to run in the computation of transmission
3:
while TRUE do
4:
(Cs1∗ , Cs2∗ ) = argmaxCs1 ∈Cs ,Cs2 ∈Cs ,Cs1 ∩Cs2 =∅ G(Cs1 , Cs2 ) times [5].
5:
G∗ = G(Cs1∗ , Cs2∗ )
IV. O NLINE S CHEDULING IN FADING C HANNEL
6:
if G∗ > 0 then
Online scheduling algorithm aims to schedule the trans7:
Cs ← Cs − Cs1∗ − Cs2∗
mission of the nodes to minimize the maximum total active
8:
Cs ← Cs + {Cs1∗ ∪ Cs2∗ }
length among all subframes, under the assumption that the
9:
else
channel information of the following subframes is not given.
10:
BREAK
The scheduling algorithm first executes offline scheduling
11:
end if
algorithm to pre-assign the nodes to the subframes based on
12:
end while
the prediction of the expected channel information by using
13: end for
the previous measurements, and then modifies the schedule
and the transmission parameters of the nodes under the actual
3 (a): nodes 1 and 3 are assigned to subframe 1 and nodes channel information before each subframe.
The online scheduling algorithm, given in Algorithm 3,
2 and 4 to subframe 2, such that a1 = 0.5 ms, a2 = 0.4
is
described as follows. The input of the algorithm is the
ms and subframe length S = 1 ms. findTotalActiveLength
transmit
time ti for all nodes i ∈ [1, L]. ti is calculated
∗
function returns [0.6, 0.8] ms and hence, optimal decision j
by
finding
the ratio of the packet size to the transmission
∗
is found as assigning the node 5 to subframe
  1, i.e. j = 1.
rate
of
node
i, which is found by using the corresponding
3
Lastly in MIC phase, algorithm checks
possible pairs estimated channel gain value. Since the channel gain over the
2
for concurrency allocation for subframe 1 and finds G(3, 5) subframes is not given in online scheduling, the channel gain
with maximum gain. Lastly, nodes (2, 4) are scheduled for needs to be predicted for the next M subframes based on
concurrent transmission and the final schedule is given in the statistical knowledge of the last subframes. The methods
Figure 3 (c). Since no more concurrency allocation is possible, of channel prediction in Rayleigh fading channels, such as
the resulting maximum total active length over two subframe Recursive Least Squares (RLS) and Kalman filter, are broadly
discussed in [8], [9], [10]. However, these estimation methods
is 0.5 ms in this example.
cannot be directly used in this paper since they focus on
a1
a2
predicting the next channel state information based on the
t1
t3
t2
t4
knowledge of the history of the past channel measurements.
Sensor 4
Sensor 2
Sensor 1
Sensor 3
In this paper, however, we require the channel estimation of
Subframe 1 (1 ms)
Subframe 2 (1 ms)
the next M subframes at the beginning of the frame. Since we
(a)
cannot predict the exact channel variations over the subframes,
0.2 ms
0.3 ms
0.2 ms
0.2 ms
t5
we simply use the expected predicted channel value over all
S5
S5
Sensor 4
Sensor 2
Sensor 1
Sensor 3
subframes, calculated by taking the average of the past channel
0.6 ms
0.8 ms
gain values. Any channel estimation algorithm can actually be
(b)
integrated to the proposed scheduling algorithm.
0.2 ms
0.3 ms
0.35 ms
The algorithm starts by initializing the variable Pis , which
Sensors (2,4)
Sensor 1
Sensors (3,5)
represents the priority index of the sensor node i in subframe
s.
Priority index is used to reschedule the pre-assigned nodes
(c)
under the actual channel information and initialized as TTZi × TS1
Fig. 3: Offline scheduling algorithm assigns node 5 to
(Line 1). If the algorithm cannot transmit all of the nodes in the
the subframes: (a) 4 nodes are scheduled in 2 subframes.
subframe it moves the node with the least priority index value
(b) Node 5 is assigned to subframe 1 by MLA algorithm
to the next subframe with incremented priority to provide the
since the maximum total active length is minimum under
fairness among all nodes in the scheduling policy.
this decision. (c) Nodes are scheduled for concurrent
In the first part of the algorithm, the nodes are pre-assigned
transmission.
The overall complexity of the offline scheduling algorithm to the subframes based on the transmit time ti for all i ∈ [1, L],
is O(M QL7 ). The complexity of the MLA algorithm is calculated by using the predicted channel information, since
O(M QL). The algorithm checks at most Q number of rate the exact channel information is not known (Lines 2 − 9).
transmissions for each of L nodes in M subframes. On At each iteration, the node with maximum transmit time i∗

is assigned to the subframe s∗ with the lowest total active
length as over all subframes s ∈ [1, M ] (Lines 3 − 4). J
represents the index of subframes, which node i∗ is assigned
periodically with period Ti∗ . Here, we use the ratio ki∗ = TSi∗ ,
since J stores the index values of the subframes (Line 5). eij is
a binary decision variable that takes 1 if node i is assigned to
subframe j and 0 otherwise. Therefore, node i∗ is periodically
assigned to all subframes j ∈ J (Lines 5 − 6). In the last step
of Pre-Assignment phase, the total active transmit times of all
subframes are updated (Line 7) and node i∗ is moved to set
PreAssigned (Line 8).
After pre-assigning the nodes to the subframes, algorithm
runs for each subframe (s ∈ [1, M ]) and checks if all the
assigned nodes can transmit together under the actual channel
information (Lines 10 − 19). Algorithm first concurrently allocates the nodes in the subframe by using the MIC algorithm,
given in Section III, and checks if this allocation is feasible
(Lines 11 − 12). If the allocation is not feasible, algorithm
moves the node with the least priority index value to the next
subframe and increments it by one (Lines 13 − 16). Then the
remaining nodes are concurrently allocated (Line 17) . The
algorithm continues until the final allocation of the nodes in
subframe s is feasible (Line 12). The algorithm returns the
scheduling information Cs for all subframes (Line 20).
Algorithm 3 Online Scheduling Algorithm
Input: ti , for i ∈ [1, L]
Output: Online schedule information of the nodes
T
T
1: Psi = TZ × S1 , ∀i ∈ [1, L], ∀s ∈ [1, M ]
i
{Pre-Assignment}
2: while ∃ node i s.t. i ∈
/ PreAssigned do
3:
s∗ = argmins∈[1,M ] as
4:
i∗ = argmaxi∈[1,L],i∈PreAssigned
ti
/
5:
J = {s∗ + nki∗ | n ∈ Z, s∗ + nki∗ ≤ M }
∗
6:
eij = 1, ∀j ∈ J
7:
aj = aj + ti∗ , ∀j ∈ J
8:
PreAssigned ← i∗
9: end while
{Online Scheduling under actual CSI}
10: for s = 1 : M do
11:
Cs = MIC({i | eis = 1})
12:
while t(Cs ) ≥ S do
13:
i∗ = argmini∈[1,L] {Psi | eis = 1}
∗
14:
eis = 0
∗
15:
eis+1 = 1
∗
i∗
16:
Ps+1
= Psi + 1
17:
Cs = MIC({i | eis = 1})
18:
end while
19: end for
20: return Cs , ∀s ∈ [1, M ]
The complexity of the online scheduling algorithm is
O(M 2 QL8 ). In the pre-assignment phase of the algorithm, at
each iteration, the subframe with minimum total active length
is chosen for the node transmission of maximum length and

repeated over the frame, with complexity O(M ). Since there
are L iterations, the complexity of the first part is O(M L). In
the online scheduling phase of the algorithm, there are at most
LM iterations. Since the complexity of the MIC algorithm is
O(M QL7 ), the complexity of the online scheduling phase is
O(M 2 QL8 ).
V. S IMULATION R ESULTS
Simulations are performed in MATLAB. Sensor nodes and
controllers are uniformly distributed over the square area. Each
node chooses the nearest controller for transmission. Figures
show the average of 100 independent random topologies.
The packet generation period and the packet transmission
requirements of each node are randomly chosen from the sets
[1, 2, 4, 8] ms and [50, 100] respectively. Subframe length S is
selected as 0.5 ms. Number of controllers is fixed and is equal
to 3. Discrete rate transmission model adopts 4 discrete rate
levels corresponding to 4 different SINR level values, which
are equal to [−∞, 10, 20, 30] dB, calculated by Shannon’s
capacity formulation. The channel attenuation is calculated
by using Rayleigh fading with scale parameter set to the
mean power level determined by using the large scale statistics
modeled as
P L(d) = P L(d0 ) + 10α log(d/d0 ) + Z

(2)

where d is the distance between the node and the controller,
α is the path loss exponent, P L(d) is the path loss at distance
d, P L(d0 ) is the path loss at reference distance d0 = 1 m,
and Z is the Gaussian random variable with zero mean and
standard deviation σz . All the simulation parameters are given
in Table I, where pmax is the maximum transmit power and
W is the bandwidth.
TABLE I: Simulation Parameters
P L(d0 )
α
N0

70 dB
3.5
10−8 W/Hz

pmax
σz
W

250 mW
4 dB
100 MHz

Fig. 4 shows the normalized maximum total active length
of the offline and online scheduling algorithms for different
number of nodes at 5 nodes/m2 density. The normalized
maximum total active length is defined as the ratio of the
maximum total active length of the algorithm to that of the
optimal solution. Since there are 3 ECUs, the optimal solution
here is obtained by generating all triple combinations of 100
nodes in every subframe, and deciding the schedule that
minimizes the objective function. The reason for using this
as a performance metric is to observe the performance of the
algorithm compared to the optimal solution. The performance
gaps between the offline and online algorithms, and these
algorithms and the optimal solution, increase as the number
of nodes in the network increases. This is mainly due to
the increasing number of possible combinations of the link
transmissions in the network. Also, the online scheduling
algorithm always performs worse than the offline algorithm,
as expected, due to the lack of actual channel information at
the beginning of the frame.

cation in fading channels. Offline scheduling algorithm is
based on first assigning the nodes to the subframes and then
concurrently allocating them while satisfying the individual
constraints of each sensor node. Online algorithm, on the other
hand, is based on the prediction of the channel information
by using previous channel measurements, scheduling of the
nodes using offline algorithm, and modification of the schedule
and the transmission parameters of the nodes under the actual
channel information as time evolves. Extensive simulations
show that online algorithm performs very close to offline
algorithm and optimal solution. The performance gap between
the online algorithm and optimal solution is minimal at low
and high network densities, and small network size, due to
decreasing number of link combinations. In the future, we are
planning to extend this research for multi-hop and large-scale
M2M applications.
Fig. 4: Normalized maximum total active length of offline
and online scheduling algorithms for different number of
nodes at 5 nodes/m2 density.
Fig. 5 shows the normalized maximum total active length
of the offline and online scheduling algorithms in a network of
100 nodes at different network densities. The performance of
both algorithms decreases at high and low node densities. This
is mainly due to the decreasing number of combinations of the
links for concurrent transmission: At low node densities, the
number of link combinations suitable for concurrent transmission is limited since the nodes are located far away from each
other, causing minimal interference. At high node densities,
however, the number of node subsets that are separated enough
from each other for concurrent transmission is limited due to
the massive interference caused among each other.

Fig. 5: Normalized maximum total active length of offline
and online scheduling algorithms at different network
densities in a network of 100 nodes.
VI. C ONCLUSION
In this paper, we propose offline and online scheduling
algorithms to provide ultra-reliable machine-type communi-
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