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Abstract—In industrial IoT networks, the critical information
of monitoring applications is required to be delivered with high
reliability and low latency. Moreover, different monitoring applications usually have heterogenous requirements on the transmission
performance, and sensors deployed in the field to collect and deliver
information are generally powered with batteries. In order to
alleviate the restriction on transmission reliability, transmission capacity and energy efficiency, this paper proposes a NOMA-assisted
on-demand transmission scheme for monitoring applications in industrial IoT networks. Then, an constrained optimization problem
is formulated to maximum the energy efficiency under constraints
of heterogenous transmission requirements and limited spectrum
resources. In the solution process, the proposed scheme determines
the successive interference cancellation (SIC) decoding order by
taking advantage of the heterogenous requirements of different
applications, which significantly reduces the solution complexity
caused by the tight coupling of decoding order, power control
and channel assignment. Moreover, the pairwise matching based
algorithm and the minimum cost flow based algorithm is designed
to solve the formulated mixed integer programming problem effectively. Finally, simulation results demonstrate that the proposed
scheme could meet the transmission requirements for heterogenous
monitoring applications with limited spectrum resources and has
advantages on improving the energy efficiency for the industrial
IoT network with battery-powered sensors.
Index Terms—Industrial IoT networks, monitoring applications,
heterogenous transmission requirements, spectrum limitation,
NOMA-assisted transmission.
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I. INTRODUCTION
BIQUITOUS situation awareness plays a crucial role in
the industrial automation, where critical monitoring information is expected to be delivered reliably and timely over
wireless networks. Moreover, different monitoring applications
usually have heterogenous requirements on the data transmission performance [1]–[5]. For example, in the temperatureestimation application, in order to satisfy the condition of estimation convergence, the outage probability of measurements cannot exceed a certain threshold. On the other hand, the vibration
monitoring of conveyance rollers (equipment-health monitoring
application) concerns about the data volume obtained within the
specified deadline, since the fast sample rate of vibration sensor
will generate a large number of monitoring data in each control
period. Thus, different industrial applications have heterogenous
requirements of transmission performance.
In general, a mass of sensors are deployed in the field to
obtain sufficient sensing information for industrial monitoring
applications [6]–[8]. In addition, the more the sensing data of
sensors are successfully got, the better the monitoring performance is [9]–[11]. In nowadays, the orthogonal multiple access
(OMA) mechanism has been widely used to provide the required
transmission reliability for many applications [12]–[15]. Some
existing works use the OMA technique to improve the transmission reliability by assigning the dedicated resource [16]–
[18]. However, these above OMA-based transmission schemes
provide satisfied transmission reliability at the cost of reducing
spectrum utilization and transmission capacity, which are not
suitable for the industrial network with limited spectrum resources. Moreover, the sensors deployed in the field are generally
powered by batteries and required to work for a long time
without maintenance. If the transmission power is increased
too much, the battery will be drained quickly, and thus is not
practical [19]. Therefore, how to guarantee the transmission
reliability to enhance the transmission capacity with the limited
spectrum and energy resource is of significant importance for
providing the satisfied quality of service for different monitoring
applications.
The power-domain non-orthogonal multiple access (NOMA)
together with the successive interference cancellation (SIC)
technique makes it possible to simultaneously deliver the packets
of multiple sensors on the same resource block without considerable interference [20]–[25]. Recently, the NOMA technique has
been applied to facilitate the spectrum utilization improvement
in existing studies [26]–[28]. Considering that NOMA-assisted
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transmission could enhance the access ability and transmission
performance, Refs. [29] and [30] integrated the NOMA and
beamforming techniques into the considered system to increase
the achievable sum rate and the number of served devices/users.
Qian et al. [31] applied the NOMA technique into vehicular
networks to enhance the long-term system-wide performance
and reduce the handover rate by jointly optimizing the cell
association and the power control. Diamantoulakis et al. [32]
investigated the downlink/uplink of wireless powered networks
and proposed two different NOMA protocols to fairly maximize
the downlink and uplink users’ rates based on the priority
weights. In [33], an analytical framework for NOMA downlink
and uplink multi-cell wireless systems was developed, and the
system outage probability and average achievable rate were
derived by using the stochastic geometry approach. Since the
NOMA technique could achieve an effective interference management and improve the spectrum utilization, we employ the
NOMA technique to access more sensors for multiple monitoring applications with limited spectrum.
For the NOMA-assisted transmission, this paper takes full
advantage of the different requirements on transmission performance to determine the SIC decoding order, which will maintain
the advantage of NOMA and reduce the complexity caused by
the tight coupling of decoding order, power control and channel
assignment. Furthermore, due to the error propagation in the
operations of SIC, the failure in properly decoding the superimposed signals and extracting the corresponding signal of each
individual sensor will increase when a larger number of devices
use the same resource, especially in the circumstance of limited
spectrum resources. As a solution, data packets of the same application are simultaneously delivered over different channels to
mitigate the intra-application interferences. Moreover, NOMA
is employed among different monitoring applications to mitigate
the inter-application interferences induced by using the same
resource block to deliver data packets for different applications.
Based on this, this paper proposes a NOMA-assisted on-demand
transmission (NDT) scheme to meet the heterogenous requirements of transmission performance for different monitoring
applications. The contributions of this paper are threefold as
follows.
r The proposed NDT scheme could simultaneously guarantee the transmission reliability for the temperature estimation application and improve the sum data rate for
equipment-health monitoring applications with limited
spectrum resource. Moreover, the NDT scheme has advantages on improving the energy efficiency for the industrial
network with battery-powered sensors.
r Considering the heterogenous requirements of different
applications, this paper explores the relationship between
the application priority and the SIC decoding order, using
which the solution complexity of joint decision of channel
allocation, NOMA cluster and power control could be
effectively reduced.
r The mixed interfered maximization problem is solved effectively by designing the pairwise matching based polynomial time algorithm for the two-application case and the
minimum cost flow based low-complexity algorithm for
the multi-application case.
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Fig. 1. Network architecture for applications in hot rolling process. (Hot metal
detectors take charge to collect the temperature information and provide sensing
serves for the state estimation application.Vibration transducers take charge to
collect the vibration information of equipment and provide sensing serves for
the equipment-health monitoring application.)

The remainder of this paper is organized as follows. The
system model and the problem formulation are presented in
Section II. Section III proposes and optimizes the NOMA assisted on-demand transmission scheme for industrial applications. Section IV designs the low-complexity algorithms for the
on-demand transmission in the multi-application cases. Simulation results and conclusion are given in Section V and Section VI,
respectively.
II. SYSTEM MODEL AND PROBLEM FORMULATION
In this paper, we consider a typical paradigm of the monitoring
task in industrial automation, i.e., the situation awareness for
dynamic hot rolling process, as shown in Fig. 1. In order to
ubiquitously perceive the physical plant, a large number of
different types of sensors are deployed, e.g. hot metal detectors,
vibration transducers, and so on [34]. Different types of sensors
serve for different applications. Particularly, the hot metal detectors are deployed to collect the temperature information, which
is then used to serve the temperature estimation application.
Considering that equipment fault may make the vibrational
frequency of conveyance rollers change, the vibration transducers are deployed to collect the vibration information for
the equipment-health monitoring application. Moreover, different industrial applications have heterogenous requirements
of transmission performance. For the temperature-estimation
application, in order to satisfy the condition of estimation
convergence, the outage probability of measurements cannot
exceed a certain threshold. On the other hand, the vibration
monitoring of conveyance rollers (equipment-health monitoring
application) concerns about the data volume obtained within the
specified deadline, since the fast sample rate of vibration sensor
will generate a large amount of monitoring data in each control
period.
A. State Estimation Based on Kalman Filter
In this paper, the considered temperature estimation application is described as a discrete-time linear system, which is
expressed as
xt+1 = Axt + wt ,
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where xt is the state vector, A is the state transition matrix, and
wt ∈ κx is the system noise with zero mean and covariance
matrix Ξ w  0. The initial state x0 is a Gaussian random
vector with covariance matrix of W0|0  0. The system state
is cooperatively monitored by sensors ST , which is expressed
as
ys,t = Cs xt + vs,t , s ∈ ST ,

(2)

where ys,t ∈ Rκy is the measurement cooperatively monitored
by sensors ST , Cs is the measurement matrix, and vs,t ∈ Rκy is
the observation noise with mean of 0 and covariance matrix of
Ξsv  0. We consider that the tuple of (A, Ξw ) is controllable,
and the tuple of (A, Cs ) is observable.
The unreliable channels and limited spectrum make the received measurements intermittent, which is modeled as a random binary variable with Bernoulli distribution αs,t [35]. αs,t =
1 means that the measurement of the s-th sensor is received
successfully. Otherwise, αs,t = 0. Let Pr(αs,t = 0) denote the
outage probability of the raw measurements delivered by sensor
s ∈ S at the end of time t. Then, the measurement equation of
each sensor is
s,t , s ∈ ST ,
s,t = ηs Cs xt + v
y

(3)

s,t = (αs,t − ηs )Cs xt + vs,t is the zero-mean white
where v
T
 v = E{
s,t
vs,t v
} = ηs (1 − ηs )×
noise with covariance Ξ
s,t
T
T
v
Cs E{xs,t xs,t }Cs + Ξs,t , ηs = E{αs,t } = Pr(αs,t = 1). According to [36], the state estimation is convergent if and only if
the following condition holds:
Pr (αs,t = 0) ≤

1
,
ρ2 (A)

(4)

where ρ(·) is the maximum eigenvalue of a matrix. The equation (4) shows that the transmission reliability required by the
state estimation convergence. In other words, if the packet loss
1
rate achieved by the transmission strategy is larger than ρ2 (A)
,
the state estimation is divergent. Therefore, we will investigate
the transmission strategy to offer satisfactory transmission reliability for the temperature estimation application to guarantee
the estimation convergence.
In addition, as the equipment-health monitoring application
concerns about the data volume obtained within each control
period, the sum data rate is employed to describe the requirement
of this application.
B. NOMA-Assisted Transmission
In the considered scenario, there are two kinds of interferences
among the sensors’ transmissions, i.e., the inter-application
interference which is induced by the sensors of different applications reusing the same channel, and the intra-application
interference which is caused by the sensors of the same application reusing the same channel. Fortunately, the power-domain
NOMA allows multiple sensors to simultaneously transmit on
the same channel by employing the SIC at the remote estimator,
which is beneficial for accessing more sensors and increasing the
sum data rate. Considering that the large number of sensors on
the same channel will increase the co-channel interference, data

packets of the same application are simultaneously delivered
over different channels to mitigate the intra-application interferences. Furthermore, the power control is integrated into the
channel assignment to further improve the transmission reliability for the temperature estimation application and sum data rate
for the equipment-health monitoring application, respectively.
In particular, take the two-application case for example. Let
set M denote all available channels. All single-antenna field
devices (such as sensors and the remote estimator) are powered
with batteries. Let ps,m denote the transmission power of the s-th
sensor on the m-th channel with the maximum pM . In this paper,
the channel gains of all channels are assumed to be independent
and follow the Rayleigh block-fading model. The channel gain
between the s-th sensor and the remote estimator on the m-th
channel is hs,m , which depends on the path loss and shadowing
fading. The sensors deployed for temperature estimation and
equipment-health monitoring applications are denoted by ST
and SH , respectively. δs,m = 1 means that the m-th channel is
allocated to sensor s ∈ ST ∪ SH . Otherwise, δs,m = 0. Without
loss of generality, the cardinality of ST or ST is no more than
that of M. For the NOMA-assisted transmission, the following
conditions should be satisfied to avoid the intra-application
interference:

δs,m ≤ 1,
(5)
s∈ST



δs, m ≤ 1.

(6)

s ∈SH

Furthermore, in order to tackle the received signals from
multiple orthogonal channels, the remote estimator adopts the
maximum ratio combination (MRC) method to enhance the
strength of received signal. In this case, the signal to interference plus noise ratio (SINR) out of the diversity combiner is
the sum of the SINRs on each channel. Therefore, the SINR
of the
received signal on all assigned channels is denoted by
Γs = m∈M δs,m γs,m , where γs,m is the SINR for the s-th
sensor on the m-th channel and the detailed expression of
γs,m is shown as Section III-A. Then, the outage probability is
Pr(αs,t = 0) = Pr{Γs ≤ Γth } = εs and the achieved data rate
Γs ). The overall transmission
of the s-th sensor is Cs = log2 (1 +
power of the s-th sensor is Ps = m∈M δs,m ps,m . Due to the
outage probability, the efficient throughput is defined as the data
rate of successfully transmitted information, Cs (1 − εs ).
In general, higher transmission reliability leads to better
estimation performance. Therefore, the sensors will increase
transmission power to improve the transmission reliability of
state information. However, it is not advisable to increase the
transmission reliability as high as possible, especially when the
transmission power of battery-powered sensor is limited and
the mutual interference is heavy and complex. In this regard,
the transmission scheme should guarantee the provided transmission reliability to meet the requirement of state estimation
with lower power consumption. In the considered industrial IoT
network, the transmission power of battery-powered sensor is
limited, thus the energy efficiency [37] is regarded as a performance metric to evaluate the transmission scheme, which
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is expressed as the ratio of efficient throughput and power
consumption, shown as


U=

Cs (1 − εs )/Ps .

(7)

s∈ST ∪SH

C. Transmission Performance Optimization
This paper aims to maximize the energy efficiency (7) subject
to the tolerable outage probability (4). The detailed problem
formulation is as follows:
P0 :



max

δs,m ’s ∈{0,1},

ps,m ’s ≥0,
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III. OPTIMIZATION OF NOMA-ASSISTED TRANSMISSION WITH
CHANNEL ASSIGNMENT AND POWER CONTROL
The Dinkelbach method [38] is used to transform the
fraction-form objective function to a polynomial form. To
be specific, the maximum energy efficiency can be transformed to polynomial form with the iterative method
such that μ∗s = max Cs (1 − εs )/Ps . μ∗s is achieved, if and
only if max Cs (1 − εs ) − μ∗s Ps = (Cs (1 − εs ))∗ − μ∗s Ps∗ = 0,
Cs (1 − εs ) ≥ 0 and Ps > 0. For a fixed μs , the objective function could be rewritten as

P1 : max
Cs (1 − εs ) − μs Ps
δs,m ’s ∈{0,1},

ps,m ’s ≥0, s∈ST ∪SH

Cs (1 − εs )/Ps

s.t. (8a) ∼ (8e)

(8)

(9)

s∈ST ∪SH

s.t. εs ≤


1
ρ2 (A)

A. Network-Wide Revenue Optimization With Power Control
, ∀s ∈ ST ,

δs,m ≤ 1, ∀m ∈ M,

(8a)
(8b)

s∈ST



δs,m ≤ 1, ∀m ∈ M,

(8c)

s∈SH



δs,m ≤ 1, ∀s ∈ ST ∪ SH ,

(8d)

m∈M



δs,m ps,m ≤ pM ,∀s ∈ ST ∪ SH . (8e)

m∈M

In the above problem formulation, (8a) is the relationship between the state estimation and NOMA-assisted transmission.
(8b) and (8c) represent that one channel could be simultaneously
used by at most two sensors of different applications. (8d) is the
single-channel transmission constraint of each sensor, and (8e) is
the transmission power constraint of each sensor. The networkwide revenue (7) can be improved by properly designing the
channel and power allocations, i.e., jointly determining the 0-1
integer variable δ and the continuous variable p. Problem P0 is
a mixed integer nonlinear programming.
For the general case of multiple channels, it is difficult to
obtain the optimal solution of (8), since the channel-sensor
mapping relationship influences the objective function, and
the sensor pairing and the power allocation are influenced by
the channel allocation among the sensors. In next section, we
will propose an efficient low-complexity solution methodology
which can achieve suboptimal yet close-to-optimal solution. A
suboptimal solution is obtained by solving two sub-problem
iteratively. One is the network-wide revenue optimization with
given channel assignment by optimizing the power control.
The other is the channel assignment among all sensors with
given transmission power. This iterative process is guaranteed
to converge, since both the updated transmission power and
the updated channel assignment can improve the previous ones
in terms of the network-wide utility while the network-wide
utility is upper bounded due to the limited spectrum and energy
resources.

We firstly consider a special case that one channel can be
simultaneously used by at most two sensors of two different
types. In this case, we study how to optimize the revenue for
each channel with proper power control. Specifically, for each
channel m, the value of pair (δi,m , δj,m ) has two cases, which
are elaborated as below.
1) Case 1: Assign the mth Channel to Only the Temperature
Estimation Sensor, i.e., (δi,m , δj,m ) = (1, 0). In this case, Γi =
pi,m |hi,m |2
and p∗j,m = 0. Since Ci increases with the growth
σ2
of decoding error probability εi , and moreover its first-order
derivative with respect to Γi is positive. The maximum decoding
1
error probability allowed by the estimation convergence is ρ2 (A)
.
In this regard, we have


Γth
1
,
≤ 2
1 − ηi = 1 − exp −
Γi
ρ (A)
which yields that the lower bound of acceptable SINR is Γi =
Γth
ln(1+1/(ρ2 (A)−1)) . Then, the first constraint (8a) can be rewritten
as
pi,m ≥

ln(1 +

σ 2 Γth
2
1/(ρ (A) −

1))|hi=1,1 |2

.

Putting all constraints into consideration, the problem in this
case is formulated as


P2 : max C i 1 − 1/ρ2 (A) − μi pi,m
{pi,m ’s }

s.t.

σ 2 Γth
≤ pi,m ≤ pM ,
ln[1 + 1/(ρ2 (A) − 1)]|hi,m |2
(10)
p

|h

|2

where C i = log2 (1+ i,mσ2i,m ). Since the objective function
is unimodal, the optimal transmission power p∗i,m could be
obtained with the golden section method [39].
2) Case 2: Assign the mth Channel to the Sensors Deployed for Both the Temperature Estimation Application and the
Equipment-Health Monitoring Application Simultaneously, i.e.,
(δi,m , δj,m ) = (1, 1). In the NOMA-assisted transmission, the
sum capacity is independent of the decoding order of the signals.
However, the transmission rate of each individual sensor tightly
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relies on the decoding order. For the considered two-application
example, we can have
γs,m =

ps,m |hs,m |2
, s ∈ ST , s  ∈ SH ,
δs, m Im (s, s )ps, m |hs, m |2 +σ 2

γs, m =

ps, m |hs, m |2
,s ∈ ST ,s ∈ SH ,
δs, m [1−Im (s, s )]ps,m |hs,m |2 +σ 2

P4 : max Cj (1− εj )−μj pj,m + Ci∗ (1− εi )−μi p∗i,m
{pj,m ’s }

s.t. pj,m |hj,m |2 ≥ p∗i,m |hi,m |2 , ∀j ∈ SH ,



where Im (s, s ) indicates the decoding order. If sensor s decodes the information in front of sensor s , then Im (s, s ) = 1.
Otherwise, Im (s, s ) = 0. Moreover, the optimal decoding order
is equivalent to the decreasing order of received power [40].
Based on this fact, Im (i, j) = 1, if and only if pi,m |hi,m |2 ≥
pj,m |hj,m |2 and δi,m δj,m = 1.
In the considered scenario, in order to meet the convergence condition of state estimation with intermittent measurements, the slab-temperature estimation application has higher
requirements on the transmission reliability compared with
the equipment-health monitoring application. In this case, the
temperature monitoring sensor has higher priority than the
equipment-health monitoring sensor, which motivates us to assume that the jth equipment-health monitoring sensor is decoded
before the ith temperature monitoring sensor, i.e., the received
power should satisfy the condition that
pj,m |hj,m |2 ≥ pi,m |hi,m |2 .
p

|h

|2

As a result, for sensor i ∈ ST , there exists γi,m = i,mσ2i,m .
For the jth sensor, the achievable SINR of received signal
pj,m |hj,m |2
is γj,m = pi,m
|hi,m |2+σ 2 . In order to guarantee the estimation
convergence, the decoding error probability of the ith sensor
1
. Under this circumstance, we adjust the
should not exceed ρ2 (A)
transmission power pi,m and pj,m to maximize U while meeting
the following condition


1
Γth σ 2
.
1−exp −
≤ εi ≤ 2
pi,m |hi,m |2
ρ (A)
Since the transmission parameters of the j-th sensor does
not affect the achieved transmission rate of the i-th sensor,
the transmission power pi,m is firstly adjusted the following
optimization problem:



Γth σ 2
−μi pi,m
P3 : max Ci 1−exp −
pi,m |hi,m |2
{pi,m ’s }


Γth σ 2
1
, ∀i ∈ ST , (11)
s.t. 1−exp −
≤ 2
2
pi,m |hi,m |
ρ (A)
Γth σ
where the range of transmission power is |h
2 ≤ pi,m ≤
i,m |
p̂M . Furthermore, the lower bound of pi,m could be obΓth σ 2
1
tained based on the equation 1−exp(−pi,m
|hi,m |2 ) = ρ2 (A) . It
yields
2

pLB
i,m = min

Γth σ 2
Γth σ 2
,
|hi,m |2 [ln(ρ2 (A)) − ln(ρ2 (A) − 1)]|hi,m |2

given p∗i,m and Ci∗ , the maximum network-wide revenue could
be obtained by

.

We then search the optimal p∗i,m in terms of maximizing (11)
with the golden section method in the range of [pLB
i,m , p̂M ]. With

(12)

which could be solved with the same method that is used to solve
problem (11).
B. Channel Assignment Among Sensors Deployed for
Different Applications
In the general case with multiple channels and two arbitrary
kinds of applications, once the matching relationship between
sensor-pairs and channels is known, the transmission powers
of sensors working on each channel can be determined by the
solution procedure provided in Section III.A. As a consequence,
the next step is to investigate the three-dimension pairing problem to determine the matching relationship (m, i, j) between
channel m ∈ M and a sensor i ∈ ST used for slab-temperature
estimation, and a sensor j ∈ SH used for equipment-health
monitoring. Our objective is to find the optimal matching to
maximize the network-wide energy efficiency under the given
transmission power. In order to provide high transmission
performance for ensuring the estimation convergence, sensor
j ∈ SH is decoded before sensor i ∈ ST (i.e., the decoding
order indicator Im (i, j) = 0), when the channel m is occupied
by two kinds of sensors. Thus, the following requirement is
needed
pj,m |hj,m |2 ≥ pi,m |hi,m |2 , i ∈ ST , j ∈ SH ,

(13)

since the decoding order at the receiver in the uplink transmission depends on the strength of received signal. In order
to guarantee the successful decoding for two kinds of sensors, the transmission power should satisfy the following two
constraints:
(σ 2 + pi,m |hi,m |2 )Γi
≤ pj,m ≤ pM , j ∈ SH ,
|hj,m |2
σ 2 Γi
≤ pi,m ≤ pM , i ∈ ST .
|hi,m |2
For the special case in which the channel m is allocated to only
σ2 Γ
sensor i ∈ ST , the transmission power range is also |hi,mi|2 ≤
pi,m ≤ pM . Similarly, if the channel m is allocated to only senσ2 Γ
sor j ∈ SH , the transmission power range is |hj,mi|2 ≤ pj,m ≤
pM . Taking the estimation convergence into consideration, the
initialization of transmission power for sensor i ∈ ST is given
σ2 Γ
by p̂i,m = |hi,mi|2 . In this case, the initialization of transmission
σ 2 (1+Γ )Γ

power for sensor j ∈ SH is expressed as p̂j,m = |hj,mi|2 i .
The original problem P0 with the given transmission powers
(p̂i,m and p̂i,m ) is transformed into a binary programming
problem.
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P5 :

max



{δs,m ’s ∈{0,1}}
s∈S

Cs (1− εs )−





μs

s∈S


δs,m p̂s,m

(14)

1
, ∀i ∈ ST ,
s.t. εi ≤ 2
ρ (A)

δi,m ≤ 1, ∀m ∈ M,

(14a)

δj,m ≤ 1, ∀m ∈ M,

(14c)

j∈SH



δi,m ≤ 1, ∀i ∈ ST ,

(16c)

δj,m ≤ 1, ∀j ∈ SH ,

(16d)

m∈M

m∈M

θi,j,m = δi,m δj,m .

(16e)

C. Low-Complexity Algorithm for Channel Assignment
δs,m ≤ 1, ∀s ∈ ST ∪ SH .

(14d)

m∈M

Since each sensor
 can obtain at most one channel,
we have log2 (1 + m∈M δs,m γs,m ) = m∈M δs,m log2 (1 +
γs,m ), and moreover, the objective function of (14) decreases
when εs increases. As a consequence, the inequality constraint
(14a) becomes equality, when the objective function is maximized. In the considered scenario, we consider that there are
more sensors than spectrum resources, i.e., ST + SH > M .
However, in practice, it is challenging to ensure that the
packets of all sensors in set ST are always decoded before those
of the sensors belonged set SH on all channels. Therefore, we
will focus on solving this three-dimensional assignment problem directly. Define a new three-dimensional binary variable
θi,j,m = δi,m δj,m , and its corresponding utility function is given
by:
θi,j,m Qi,j,m +(1− θi,j,m )(δi,m Qi,m +δj,m Qj,m ),


1
Qi,j,m = log2 (1 + γ̂i,m ) 1− 2
ρ (A)
1
log2 (1 + γ̂j,m ) − (μi p̂i,m + μj p̂j,m )
2


1
Qi,m = log2 (1 + γ̂i,m ) 1 − 2
− μi p̂i,m
ρ (A)
+

Qj,m =

(16b)



(14b)

i∈ST



δj,m ≤ 1, ∀m ∈ M,

j∈SH



m∈M
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1
log2 (1 + γ̂j,m ) − μj p̂j,m .
2

(15)

(15a)
(15b)
(15c)

When θi,j,m = 1 and p̂i,m |hi,m |2 ≥ p̂j,m |hj,m |2 , it yields that
p̂i,m |hi,m |2
p̂j,m |hj,m |2
Im (i, j) = 1, γ̂i,m = p̂j,m
. On
|hj,m |2+σ 2 and γ̂j,m =
σ2
the contrary, if p̂i,m |hi,m |2 < p̂j,m |hj,m |2 , we can obtain
p̂
|h
|2
p̂j,m |hj,m |2
that Im (i, j) = 0, γ̂i,m = i,m σ2i,m and γ̂j,m = p̂i,m
|hi,m |2+σ 2 .
Based on the above result, once the variable θi,j,m is determined,
we can determine the decoding order for each channel based on
the transmission power and channel gain. According to (15), the
problem (14) is transformed to
 
P6 :
max
{θi,j,m Qi,j,m
(16)
δi,m ’s ∈{0,1},

δj,m ’s ∈{0,1}, i∈ST j∈SH m∈M
θi,j,m ’s ∈{0,1}

+ (1−θi,j,m )(δi,m Qi,m +δj,m Qj,m )}

δi,m ≤ 1, ∀m ∈ M,
(16a)
s.t.
i∈ST

The reconstructed problem (16) is a mixed binary nonlinear
programming problem, and thus, the optimal solution can be
obtained by using the branch-and-bound method with the cost
of high computation complexity (especially when the number of
channels and sensors are large). In order to overcome this challenge, a pairwise matching-based greedy algorithm is designed
for the case with multiple channels. This motivates us to propose
a low-complexity greedy algorithm (called as low-complexity
channel assignment (LCCA)) to determine the values of θi,j,m
with given transmission power. The LCCA algorithm is constituted of three sub-procedures. Subprocedure-I aims to determine
the best sensor-pair for each channel. In this way, a sensor may
be assigned to more than one channel. Thus, Subprocedure-II
is further performed to determine the best channel for each
single-channel sensor. After that, Subprocedure-III is designed
to check whether there are unassigned but available channels. As
Qi,j,m monotonically increases with the growth of γ̂i,m and/or
γ̂j,m , it is employed to evaluate the contribution of channel m
to the objective function of (16). How to determine the threedimensional matching relationship is elaborated in Algorithm
1.
In Subprocedure-I, initialize the candidate list m for each
channel m ∈ M by sorting all sensor-pairs in the descending
order of Qi,j,m , ∀i ∈ ST , ∀j ∈ SH (Step 4). Then, number the
channels in the descending order of the first element in the list
m (Step 5). For each of the maximum m elements in list m ,
∗
) = arg max{i∈ST ,j∈SH } Qi,j,m
extract the coordinates (i∗m , jm
∗
and then add it into the candidate set Cm ← (i∗m , jm
) (Step
9). It means that channel m is allocated to the sensor-pair
∗
∗ ,m = 1.
), which is mathematically denoted by θi∗m ,jm
(i∗m , jm
In order to ensure that other channels are no longer assigned
∗
), remove i∗ and j ∗ from ST and
to this sensor-pair (i∗m , jm
SH and M, respectively. This operation of element remove is
mathematically denoted by the set update, i.e., ST ← ST \i∗ and
SH ← SH \j ∗ (Step 10).
In Subprocedure-II, we firstly find out the elements in set
∗
∗
C with i∗m = i∗m or jm
 = jm , and the maximum sensor-pair in
terms of Qim ,jm ,m . The number of selected elements will not
exceed two. For notation simplicity, let
∗

(i−
m , jm , m ) = arg
−

(i∗m , jm
 , m ) = arg
−
(i−
m , jm , m) = arg

max

Qim ,jm ,m ,

(17)

max

Qim ,jm ,m ,

(18)

{i∈ST \i∗m ,j∈SH }
∗ }
{i∈ST ,j∈SH \jm

max

∗ }
{i∈ST \i∗m ,j∈SH \jm


Qim ,jm ,m .
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Algorithm 1: LCCA.
Input: The sets of each kind of sensors ST and SH ,
transmission power p̂i,m and p̂j,m for sensors i and j , the
corresponding SNRs γ̂i,m and γ̂j,m ;
2: Output: Three-dimensional matching relationship θ;
3: Initialize: Utilization matrix Q based on (15a)-(15c), and
channels used by all sensor-pairs Mtriple = ∅;
Subprocedure-I: Determine the best sensor-pair for each
channel
4: Build the candidate sensor-pair list m for each channel
m ∈ M by sorting all sensor-pairs in the descending order
of Qi,j,m ;
5: Number the channel in the descending order of the first
element in the sensor-pair list (i,e, m [1]);
6: for Each channel m ∈ M do
∗
(i∗m , jm
) = arg max{i∈ST ,j ∈SH } Qi,j,m ;
7:
∗
∗
∗

8:
if im = i∗m and jm
= jm
 (m ∈ {1,· · ·, m −1}) then
∗
∗
∗ ,m = 1 and Cm ← (i
θi∗m ,jm
9:
m , jm );
10:
ST ← ST \i∗ and SH ← SH \j ∗ ;
11:
Mtriple ← Mtriple ∪ m;
12:
else
13:
Subprocedure-II;
14:
end if
15: end for
Subprocedure-II: Update overlapped sensor-pairs
−
∗

∗

16: Obtain the coordinates (i−
m , jm , m ), (im , jm , m ),
−
−
(im , jm , m) based on (17)–(19);
∗ ,m + Q −
∗ ,m + Qi∗
17: if {Qi∗m ,jm
im ,jm
,j − ,m >

m m
∗
∗
∗
∗
−
Qi−m ,jm
,m + Qim ,jm ,m + Qim ,jm ,m } then
∗ ,m = 1, θi∗ ,j ∗ ,m = 0, θi∗
θi∗m ,jm
18:
,j ∗ ,m = 0;
m m
m m
∗ ,m
−
∗
θi∗m ,jm
=
θ
=
1;
19:

im ,jm ,m

∗ ,m = θ ∗
−
θi∗m ,jm
 = 1;
im ,jm

 ,m
20: else
−
∗ ,m = θ −
θi∗m ,jm
21:
im ,jm
,m = 1;
22: end if

∗ ,m ;
23: return Qtriple = m∈Mtriple Qi∗m ,jm
Subprocedure-III: Reassign remaindering channels
24: while |Mtriple | < |M| do
25:
if ST = ∅ then
i∗m = arg max{i∈ST } Qi,m ;
26:
δi∗m ,m = 1, Mtriple ← Mtriple ∪ m;
27:
28:
else
29:
if SH = ∅ then
∗
jm
= arg max{j ∈SH } Qj,m ;
30:
∗ ,m = 1, Mtriple ← Mtriple ∪ m;
δ jm
31:
32:
else
†
33:
(i†m , jm
, m† ) = arg minθi,j,m =1 Qi,j,m ,
θi†m ,jm
†
,m† = 0;
34:
MB ← M\Mtriple ∪ m† ;
†
;
35:
ST ← ST ∪ i†m , SH ← SH ∪ jm
†
†
(im , jm ) = argmax{i∈ST ,j ∈SH }Qi,m + Qj,m ,∀m ∈
36:
MB ;
37:
δi†m ,m = 1, δjm
†
,m = 1;
38:
end if
39:
end if

40:
Qdual = Qdual + m∈MB (Qi†m ,m + Qjm
†
,m );
41: end while
42: return Qtotal = Qtriple + Qdual .
1:

a sensor may be assigned to more than one channel, thus SubProcedure-II is performed to determine the
best channel for the single-channel sensor. Then, deal
with the problem of overlapped sensor-pairs (Step 17Step 22). The channel m will be allocated to the sensor∗
∗ ,m + Q −
), if the condition Qi∗m ,jm
pair (i∗m , jm
∗ ,m +
im ,jm
∗ ,j ∗ ,m + Qi∗ ,j ∗ ,m is satis−
+
Q
Qi∗m ,j −  ,m > Qi−m ,jm
i
,m
m m
m m
m
−
fied. Otherwise, channel m is assigned to sensor pair (i−
m , jm ).


In addition, channels m and m are allocated to sensor-pairs
−
∗
) and (i−
(i∗m , jm
m , jm ), respectively. At last, return the set of
channels used by all sensor-pairs Mtriple and the achieved
Mtriple
∗ ,m (Step 23).
Qi∗m ,jm
utilization Qtriple = m=1
In SubProcedure-III, if the number of sensor-pairs is less
than that of all available channels (i.e., |Mtriple | < |M|), the
residual channels are firstly assigned to only one sensor in set
ST (Step 25–Step 27). After that, if ST = ∅ and SH = ∅, each
channel in set M − Mtriple is assigned to only one sensor
in set SH (Step 29-Step 31). If there are still some remaining
channels when ST = ∅ and SH = ∅, break up some sensor-pairs
and assign to each sensor a channel to improve the transmission
performance by avoiding the co-channel interference. In particular, select the already built three-dimensional matching pair
(i† , j † , m† ) with minimum utility Qi,j,m . Then, break up the
sensor-pair (i† , j † ) and let θ(i† , j † , m† ) = 0 (Step 33). Finally,
select the best two channels in set MB = M\Mtriple ∪ m†
for sensors i† and j † in terms of maximizing (Qi,m + Qj,m )
(Step 36). The reassigning procedure continues until all available
channels have been used. At the end of three sub-procedures, the
three-dimensional matching problem has been solved with the
proposed algorithm, whose performance is evaluated by comparing with the two-dimensional assignment algorithm based on
the allocation of channels to each kind of sensors.
For the sake of notation simplicity, define the input size as
Z = max{|ST |, |SH |, |M|} during the complexity analysis. In
SubProcedure-I, the main part of time complexity is the sorting
operation in Step 4, which is O(Z 2 log(Z)). To be specific,
the time complexity of Step 5 is O(Z log(Z)), and the conditional statements (Step 9-Step 11) will be executed at most
Z times. In SubProcedure-II, the time complexity of updating
overlap matching pairs for all channels is O(Z), and thus the
time complexity of the for-loop is O(Z). In SubProcedure-III,
the while-loop will be executed at most |M − Mtriple | times,
which is less than Z. Therefore, the time complexity of reassigning remaindering channels is O(Z). In summary, the overall
time complexity of the proposed algorithm is O(Z 2 log(Z)),
indicating that it is a polynomial time algorithm. For easy to
follow, the diagram of detailed solution process, as shown in
Fig. 2. In particular, the Dinkelbach method is used to transform
the fraction-form objective function in the original problem P0
to a polynomial form, and the transformed problem is expressed
as P1 . Considering P1 as a mix-integer nonlinear programming
problem, the near optimal solution is obtained by iteratively
solving two sub-problems. One is to optimize the transmission
power to improve the network-wide revenue by power control,
and the other is the channel assignment with given transmission
power.
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Fig. 2.

The diagram of solution process.

IV. MULTIPLE APPLICATIONS WITH GRAPH-BASED MINIMUM
COST FLOW METHOD
In this section, we consider more general cases that involve
multiple applications and each application consists of multiple
sensors. In these cases, the time complexity of aforementioned
LCCA algorithm is exponential-time, i.e., O(Z (Z+1) log(Z)).
We adopt the network flow technique to solve the problem of
channel assignments among multiple kinds of sensors deployed
for different applications.
A. Preliminaries About the Graph-Based Minimum Cost Flow
The minimum cost flow is usually mathematically formulated
with a directed graph G = {V, W}, where V is a set of V nodes,
and W is a set of W directed arcs [41]. Let [κ, κ ] denote the arc
from node κ to node κ and χ( [κ, κ ]) denote the flow on the arc
[κ, κ ]. Each arc ∈ W has an associated cost C( ), which
denotes the cost
 of per unit flow. Then, the total cost of a flow χ is
expressed as ∈W C( )χ( ), which is the objective function
of the minimum cost flow problem. Each arc should meet the
capacity constraint, i.e., B − ( ) ≤ χ( ) ≤ B + ( ), where the
upper bound B − ( ) and the lower bound B + ( ) denote the
maximum and minimum amounts that can flow on the arc ,
respectively. Moreover, each arc is associated with β(κ), and the
sign of β(κ) denotes the role of node in the network. In particular,
β(b) > 0 denotes that the amount of flow is generated from
the source node b, while β(d) < 0 denotes that the amount of
flow is destroyed at the sink node d. Besides, β(κ) = 0 denotes
that κ ∈ V\{b, d} acts as the intermediate node. In short, the
minimum flow problem, whose main idea is to determine a flow
from the source node to the sink node with the objective of
minimizing the total cost under the condition of satisfying the
capacity and divergence constraints.

12271

case, the vertex set in graph constructed for the k-th application
is Vk = M Sk {b, d}. The number of nodes in the built
graph is |Vk | = M Sk + 2. Each arc in the graph represents
the association between channels and sensors, whose capacity
bounds is defined as B − ( ) = 0 and B + ( ) = 1. It means that
0 ≤ χk ( ) ≤ 1, and the value of χk ( ) is an integer. If there
exists a flow on the arc between channel m and sensor ik in the
k-th graph, χk ( [m, ik ]) = 1. Otherwise, χk ( [m, ik ]) = 0.
The cost Ck ( ) is related to its starting point and ending point,
which is elaborated as follows:
r The arc { [b, m]|m ∈ M} starts from the source node
and ends at the intermediate node, whose cost is defined as
Ck ( [b, m]) = 0 by regarding it as a virtual connection.
r The arc { m,i |m ∈ M, ik ∈ SK } starts from the interk
mediate node and ends at the intermediate node, whose
cost is defined as Ck ( [m, ik ]) = −Uik ,S k ,m . In particular,
Uik ,S k ,m denotes the achieved utility for the k-th application,
Uik ,S k ,m = log2 (1+γ̂ik ,S k ,m )(1−εik )−μik p̂ik ,m , (20)
with γ̂ik ,S k ,m =

r The arc {

k−1 
k =1

p̂ik ,m |hik ,m |2

j∈S

k

χ  ([m,jk ])p̂j
 k

k

,m |hj  ,m |
k

2+σ 2

.

ik ,d |ik ∈ SK } starts from the intermediate node
and ends at the sink node, whose cost is defined as
Ck ( [ik , d]) = 0 by regarding it as a virtual connection.
Note that the values of χk ( )(k  ∈ {1,· · ·, k−1}) are known
when solving the minimum flow problem for the k-th application. Therefore, we can get the values of achieved utility Uik ,S k ,m
and cost Ck ( ). Without loss of generality, we assume that
the maximum allowable number of transmitters on the same
resource unit is K0 , due to the error propagation of the SIC.

C. Channel Assignment in the Case With Multiple
Applications
After the graph construction, the revenue optimization for the
k-th application is mathematically expressed as

−Uik ,S k ,m χk ( [m, ik ])
(21)
Pk : min
χk

∈W

s.t. 0 ≤ χk ( [m, ik ]) ≤ 1, ∀m∈ M, ∀ik∈ Sk ,
(21a)

χk ( [b, m]) +
χk ( [m, ik ]) = 0,∀m∈ M, (21b)
ik ∈SK


χk ( [m,ik ]) + χk ( [ik , d]) = 0,∀ik∈ Sk ,

(21c)

m∈M



χk ( [b, m]) = βk (b),

(21d)

χk ( [ik , d]) = βk (d),

(21e)

m∈M

B. Graph Construction for the Channel Assignment Problem
Our considered channel assignment problem among multiple
applications with different-priority sensors can be modeled as
the minimum cost flow problem. In the considered scenario with
multiple different-priority applications, all applications in set K
are sorted in the decreasing order in terms of priority. The higher
transmission reliability the application requires, the higher priority the application has. Moreover, a set of sensors Sk (k ∈ K)
are deployed to provide service for the k-th application. In this



ik ∈SK

βk (d) = −βk (b),

(21f)

where integer βk (b) ∈ [0, min{M,Sk }] denotes the number of
channel-sensor pairs for the k-th application. According to [42],
all integral capacities and divergences in the constructed graph
make Pk always have an optimal integer solution, and thus
the integrality constraints on the flux of all arcs is considered.
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In particular, as shown in (21a), the flow of arc χk ( [m, ik ])
indicates whether channel m is allocated to sensor i (belonged
to application k) nor not. The flux spread to nodes belonged
to set Sk will not exceed
 one due to the divergence constraint
(21b). It means that ik ∈SKχk ( [m, ik ]) ≤ 1,∀m∈ M, which
guarantees that the channel m can be used by at most one sensor
belonged to set Sk . Similarly, the node ik ∈ Sk is possible to
receive M flux from nodes belonged to set M, but at most one
flux can go into the node ik ∈ Sk due to the capacity constraint
on the arc χk ( [ik , d])
 (21a) and the divergence constraint
(21c). In other words, m∈Mχk ( [m,ik ]) ≤ 1,∀ik∈ Sk , which
restricts that each sensor can obtain at most one channel. The
constraints (21d)–(21f) guarantee that the number of channelsensor pairs for the k-th application will not exceed a threshold
(i.e. min{M,Sk }).
All above discussions reveal that for each application, (21b)
and (21c) in Pk can satisfy the constraints of orthogonal channel
assignment and single channel transmission, i.e., (16a) and

. Due to the similar objective between (16)
(16c) in P{0,1}

and (21), the binary integer programming problem P{0,1}
is
equivalent to the minimum flow cost problem Pk . In this regard, the optimal solution of (16) can be obtained by seeking
the minimum flow cost through searching the integer β(b)
in the range of [0, min{M,Sk }]. Based on the existing work
[24], the optimal integer solution of problem Pk with certain β(b) ∈ [0, min{M,Sk }] can be obtained by employing
the linear optimal distribution algorithm with the complexity
O((M + Sk + 2)3 ). Therefore, for all possible integer βk (b),
the complexity of solving minimum flow problem (21) is no
more than O(8Z(Z + 1)3 ). In other words, the problem (21)
can be optimally solved in polynomial time.
For the general scenario with multiple applications and
different-priority sensors deployed for multiple applications, the
transmission power of each sensor on the assigned channel can
be obtained with the similar procedure for solving problems
(10) and (12) under the given channel assignment. Moreover,
the updated transmission power can be used to re-handle the
channel assignment problem (21).

V. SIMULATION RESULTS
A. Simulation Scenario and Settings
The considered case study is the hot rolling process, where the
dynamic system involved in the temperature estimation application refers to [1]. The considered schemes are evaluated in a startopology network covering a rectangular area [0, 450] × [0, 50],
wherein 10 temperature sensors and 13 vibrating sensors are
placed, as shown in Fig. 3. All types of sensors share 13
Rayleigh block-fading wireless channels, and the bandwidth of
each channel is 200 KHZ. Considering the sensors are powered
with battery, the maximum transmit power of each sensor is
10 dBm.
Due to the limitation of transmission power and spectrum
resources, this paper employs the ratio of effective throughput
and power consumption and the ratio of effective throughput
and the number of channels to assess the energy efficiency and
the spectrum efficiency, respectively. In the next subsection, the

Fig. 3.

The network topology of considered hot rolling process.

achieved revenue, energy efficiency and spectrum efficiency are
regarded as three main performance metrics.
B. Performance Comparisons
For the purpose comparison, two different transmission
schemes are implemented in the following simulations, i.e.,
the OMA-based on-demand transmission (ODT) scheme and
the NOMA-assisted optimal transmission (NOT) scheme with
the exhaustive method. For the comparison in the case with
multiple applications, the duration of one time slot is divided into K sub-slots and the sensor deployed for each application delivers data packets in one sub-slot. In the TSPT
scheme, the fraction of one-slot assigned to the transmission of sensor ik ∈ Sk , k ∈ K is denoted by ρik ,m . Then, the
network-wide revenue achieved
by sensors on
 the m-th chan 
ODT
= k∈K ik ∈Sk ρik ,m Rik (1−εik ,m) −
nel is given by Um

μik ,m pik ,m . Taking the maximum transmission power into account, the constrained optimization problem in the OMA mode
with given channel assignment is shown as

ODT
Um
(22)
PODT : max
{p,ρ}

m∈M

s.t.0 ≤ ρik ,m ≤ 1, ∀i ∈ Sk , k ∈ K, ∀m ∈ M,

(22a)

εik ≤ εth
k , ∀i ∈ Sk , k ∈ K,

(22b)

0 ≤ pik ,m ≤ pM , ∀i ∈ Sk , k ∈ K,

(22c)

where εth
k is the allowable maximum outage probability of
the k-th application. When ρik ,m is given, problem (22) can
ODT
is
be solved with the method designed for (11). As Um
monotonic in term of ρik ,m with given transmission power,
the optimal solution is reached at the bounds of ρik ,m . In this
regard, we solve (22) with each bound of ρik ,m , and then select
ODT
as the optimal solution. The
the one with maximum Um
energy-efficient
throughput
achieved
with the ODT scheme is


ODT
= k∈K ik ∈Skδik ,m (Rik −μik ,m pik ,m).
Um
1) Performance Comparisons Among Different Schemes:
The achieved transmission performance with temperature estimation and equipment-health monitoring applications are shown
in Fig. 4. It can be seen that the ratio of efficient throughput and
energy consumption achieved with NDT scheme is much larger
than that with ODT scheme. This performance improvement
comes from the NOMA technique, since it enables one resource
block to serve multiple applications and then increases the
transmitted data volume.
The energy efficiency comparison among NDT, ODT and
NOT schemes is shown in Fig. 5(a). It can be seen that the
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Fig. 4. The energy efficiency comparison among NDT, ODT, and NOT
schemes with 1000 random simulations.

Fig. 7. Transmission performance comparison among different numbers of
temperature-estimation sensors. (a) Energy consumption. (b) Efficient throughput.

Fig. 5. Transmission performance comparison among different schemes.
(a) The energy efficiency with 1000 random simulations. (b) The energy consumption. (c) The efficient throughput.

Fig. 6.

The energy efficiency with different maximum transmission power.

NOMA has superiority on the energy efficiency than the OMA
in time domain. The reason is that the data packet of each sensor
can only be delivered in a portion of the duration of one time slot.
As a result, the sensor has to increase the transmission power
to complete the data-packet transmission within the specific
and short duration. The energy consumption of the ODT is
significantly larger than those of NDT and NOT schemes, as
shown in Fig. 5(b). However, the efficient throughput of ODT
is significantly less than those of NDT and NOT schemes, as

shown in Fig. 5(c). Therefore, NOMA assisted transmission
scheme outperforms the OMA one in both energy efficiency
and efficient throughput.
Since the sensors are powered by the batteries, we further
show the effect of the maximum transmission power of each
sensor on the transmission performance in Fig. 6. It can be seen
that with the growth of the maximum transmission power, the
network-wide revenues achieved by three schemes will increase
and then keep steady at the maximum. The ceiling effect shows
that it is impossible to improve the transmission performance
by only increasing the transmission power. Therefore, the joint
design of channel assignment and power control is of crucial importance to enhance the information transmission performance
for industrial monitoring applications.
2) Performance Comparisons With Different Numbers of
Sensors and Wireless Channels: The impact of the number of
sensors is shown in Fig. 7 and Fig. 8. In particular, Fig. 7(a) and
Fig. 7(b) show that energy consumption and efficient throughput increase with the increasing number of sensors. Furthermore, Fig. 8(a) shows that with the increasing of the number
of temperature estimation sensors, the variation trends of the
network-wide revenues achieved with different schemes are
similar. As different channels have diverse channel conditions,
the growth of the number of sensors makes some sensors have
to work on the relatively worse channels. As a result, larger
transmission power will be employed to satisfy the transmission
requirement, leading to a decrease in energy efficiency, shown
as the blue and black curves in Fig. 8(b). The reason is that for
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Fig. 9. Energy efficiency with different numbers of applications. (a) Two kinds
of applications. (b) Four kinds of applications.

higher transmission performance. In particular, the NOMAassisted transmission schemes (NDT and NOT), the reason is
that the co-channel interferences from sensors deployed for
other applications is lower. For the TDMA based transmission
scheme (ODT), this result is due to the fact that larger fraction
of the transmission duration is assigned to the application with
higher priority to satisfy the more stringent performance-quality
requirements.
VI. CONCLUSION
Fig. 8. Transmission performance comparison among different numbers of
sensor sand wireless channels. (a) Energy efficiency. (b) Energy efficiency.
(c) Energy efficiency.

equipment-health monitoring sensors, the SINR of the received
signal is relatively poor due to the co-channel interference
from temperature estimation sensors. Furthermore, the lower
the SINR is, the less the efficient throughput per power unit
is. Therefore, the equipment-health monitoring sensors have
to increase the transmission power to improve the effective
throughput. Fig. 8(c) shows that the more the channels, the larger
the energy efficiency. The reason is that the more channels, the
larger probability of selecting better channels as well as the less
co-channel interference due to the fewer sensors working on the
same channel.
3) Performance Comparisons With Different Numbers of
Applications: The performance comparisons among multiple
applications are shown in Fig. 9. It can be seen that the achieved
energy efficiency with the NDT scheme is larger than that
with the ODT scheme but smaller than that with NOT scheme.
Furthermore, the application with higher priority can obtain

In this paper, the proposed a NOMA assisted on-demand
transmission scheme simultaneously guarantee the transmission
reliability for the temperature estimation application and improve the sum data rate for equipment-health monitoring applications with limited spectrum resource. Moreover, the proposed
scheme has superiorities in improving the energy efficiency
for the industrial network with battery-powered sensors. By
taking advantage of the heterogenous requirements of different
applications, the proposed scheme separates the SIC decoding
order from the tight coupling of decoding order, power control
and channel assignment, which makes it possible to reduce
the design and solution complexity. Furthermore, a mixed integer programming problem is formulated to further improve
the scheme performance, which then is solved effectively with
the designed the pairwise matching based algorithm and the
minimum cost flow based algorithm. Simulation results have
demonstrated that the proposed scheme can effectively improve the transmission performance. For our future work, we
will investigate both uplink and downlink on-demand transmission scheme for feedback control applications in industrial
automation.
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