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Abstract. With the rollout of fifth-generation (5G) communications,
researches for beyond fifth generation (B5G) communications are being
launched globally. In this paper, we explore for possible ways to inte-
grate two promising techniques, including non-orthogonal multiple access
(NOMA) and statistical signal transmission (SST), seeking a feasible per-
spective to promote the development of B5G communications. Specifi-
cally, NOMA allows multiple users to occupy the same spectrum resource,
which can greatly improve spectrum efficiency. On the other hand, SST
utilizes higher-order moments to convey additional data over traditional
first-order moment signals, which is capable of supporting inter-system
data exchange. To verify the feasibility of combining NOMA and SST,
in this paper we outline the transceiver architecture, and conceive the
workflow for this promising NOMA-SST system. Considering that NOMA
users at a same spectrum resource have intrinsic energy gaps, we further
design a dedicated transmission strategy for NOMA-SST technique, aim-
ing at compensating the performance for NOMA users with lower power
levels. Numerical results reflect that the proposed technique can achieve
satisfactory detection performance, which is promising for applications.

Keywords: NOMA · Beyond 5G · Spectrum efficiency · Statistical
signal transmission · Differential window integration

1 Introduction

Wireless communication technologies have experienced incredible growth in the
past decades. Now the human society has already initiated a global fifth-generation
(5G) communication era [1–5]. Currently, the wireless communication community
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starts to research the beyond fifth generation (B5G) communication systems [6–8].
B5G is envisioned as a multifarious ecosystem, which contains multi-type subsys-
tems, large amount of different applications and diversified services [9–11]. Accord-
ingly, how to (i) effectively support the accompanying tremendous data in B5G
ecosystem [12,13], while (ii) maintaining efficient collaborations among different
systems and applications [14–16], becomes a critical challenge.

Non-orthogonal multiple access (NOMA) technique is regarded as an
enabling technique for B5G systems [17–19]. Relying on the aid of successive
interference cancellation (SIC), NOMA allows multiple users to occupy the same
spectrum resource. Lots of studies have proved that NOMA outperforms tradi-
tional orthogonal multiple access from multiple aspects, especially in spectrum
efficiency [20–22]. On the other hand, statistical signal transmission (SST) is
another emerging technique, which can deliver additional data streams over
regular signals. The SST data stream is formed in the shape of higher-order
moments, it neither affects the transmission performance; nor causes extra spec-
trum sacrifice from the underlying regular signals (in first-order moment) [23,24].
Moreover, SST is also easy to be implemented and is compatible with common
communication systems [25,26]. Therefore, SST can facilitate efficient collabo-
rations among different subsystems and applications for future B5G ecosystem.

Referring to the advantages of the two techniques above, we imagine that
if NOMA and SST can be well merged: (i) spectrum efficiency can be doubly
refined, thus the huge wireless traffic burden will be alleviated; (ii) efficient col-
laborations among systems and applications will be facilitated. Accordingly, the
union technique of NOMA-SST has the potential to promote a smooth evolution
from 5G to B5G. However, existing literature still lacks the answer of whether
NOMA and SST can work together. To answer this question, in this paper, we
probe for possible ways to combine NOMA and SST. Particularly, the major
contributions can be summarized as follows.

– First, we analyze the working principles of both NOMA and SST, then we
outline the preliminary transceiver architecture for the union technique of
NOMA-SST.

– Second, based on the transceiver architecture, we further conceive the oper-
ational workflow for NOMA-SST technique.

– Third, considering that NOMA users at the same spectrum resource have
intrinsic energy gaps, we dedicatedly design an enhanced transmission strat-
egy to compensate the weaker users.

– Forth, we provide numerical results and demonstrate that the proposed
NOMA-SST technique has satisfactory detection performance.

The reminder of this paper can be organized as follows. First in Sect. 2,
we design the transceiver architecture and detection workflow for NOMA-SST
technique. The properties of the proposed technique are discussed as well. Then
in Sect. 3, we provide the differential window integration strategy to further
strengthen the ability of NOMA-SST technique. Section 4 showcases simulation
results to verify the performance of the proposed technique. Finally, our work of
this paper is concluded in Sect. 5.
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Fig. 1. Downlink NOMA scenario with two users.

2 System Design

NOMA technologies usually exploit power level difference for multiple users to
occupy the same spectrum resource [27,28]. Figure 1 illustrates an example of a
typical downlink NOMA scenario with two users. The two users are transmitting
data on the same spectrum resource. Specifically, User 1 has higher power level
than User 2. Since the distinct power level difference, the data of User 1 can be
directly detected at the receiver of User 1, while the data of User 2 is regarded
as a part of noise. On the other hand, for the receiver of User 2: when receiving
the mixed signals, the SIC mechanism first decodes data of User 1; after that,
the receiver of User 2 subtracts the content of User 1’s data, then successively
decodes data of User 2 [29,30].

2.1 Transceiver Architecture Design

Based on the typical NOMA scenario above, we design the transceiver architec-
ture for NOMA-SST, as Fig. 2 shows. At the transmitter, the SST-data of one
user (User 1 or User 2), which is performed in the form of high order moment,
is embedded into the first order moment of traditional frequency data. Thus,
the two kinds of data streams of one user (User 1 or User 2) are combined into
the same physical stream. After that, referring to the power level difference, the
two users’ physical streams further mix together. At last, four paralleled data
streams are transmitted at the same band.

Without loss of generality, in this paper we adopt a classical two-antenna
transmitting configuration [31]. The detailed operational principle of NOMA-
SST can be elaborated as follows. SST signal is produced by a cyclic delay
diversity [32,33] based orthogonal frequency division multiplexing (OFDM) sys-
tem. Before transmitting, the SST data is mapped into a dynamic cyclic delay
sequence. Then during the transmission, the first transmitting antenna (antenna-
A) sends typical OFDM symbols; at the same time, such symbols are cyclically
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Fig. 2. Transceiver architecture of downlink NOMA-SST technique.

shifted according to the aforementioned dynamic cyclic delay sequence, and sent
by the second transmitting antenna (antenna-B). Therefore, SST data is embed-
ded into the frequency data. This implementation does not induce extra band-
width cost. Particularly, the signal sent by antenna-A can be written as

sA (n) =
√

P1s1,A (n) +
√

P2s2,A (n) , (1)

where P1 and P2 are transmitting power of User 1 and User 2, respectively. We
set User 1 has the higher power level than User 2, thus P1 > P2. The signal
components

s1,A (n) =
1√
2N

+∞∑

l=−∞
g (n − lM)

N−1∑

k=0

αl,kW
k[(l+1)M−n]
N (2)

and

s2,A (n) =
1√
2N

+∞∑

l=−∞
g (n − lM)

N−1∑

k=0

βl,kW
k[(l+1)M−n]
N (3)

belong to User 1 and User 2, respectively. In (2) and (3), N is the Fast Fourier
Transform size, M = N+ cyclic prefix length. WN = e

−j2π
N , α and β are OFDM

data from User 1 and User 2, respectively. l and k denote sequence number of
symbol and subcarrier of OFDM signal, respectively. g(n) is the window function,
which can be expressed as

g(n) =
{

1, n ∈ [0,M − 1],
0, otherwise. (4)

Antenna-B sends the identical data as that in antenna-A, but the data should
be cyclically shifted before transmitting, which can be expressed as

sB (n) =
√

P1s1,B (n) +
√

P2s2,B (n) , (5)

with

s1,B (n) =
1√
2N

+∞∑

l=−∞
g (n − lM)

N−1∑

k=0

αl,kW
k[(l+1)M−n]
N W kΔ

N (6)
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and

s2,B (n) =
1√
2N

+∞∑

l=−∞
g (n − lM)

N−1∑

k=0

βl,kW
k[(l+1)M−n]
N W kΔ̄

N . (7)

In (6) and (7), s1,B and s2,B are shifted signal components from User 1 and User
2, respectively. Δ and Δ̄ are cyclic delays, which are extracted from User 1 and
User 2’s dynamic cyclic sequences, respectively. The final transmitted signals
can then be represented as

S(n) =
[
sA(n)
sB(n)

]
. (8)

2.2 Detection Work Flow Design

In this subsection, we elaborate the detection work flow. The received signal can
be written as

r(n) = hS(n) + v(n), (9)

where v(n) denotes the additive white Gaussian noise, h represents the channel
gain, and we have

h = [hA, hB ]. (10)

Referring to Fig. 2, when the receiver gets the signal, the processing modules
of frequency domain and SST domain work in parallel. For the frequency domain,
it first regards User 2’s data as a part of noise, and directly detects User 1’s data.
After getting User 1’s reconstructed data, the SIC process subtracts it from the
mixed signal, and then detects User 2’s data. Since the NOMA detection process
in frequency domain has been well studied in lot of researches, the follow-up
details are omitted in this paper.

On the other hand, the SST module works simultaneously in the frequency
domain. In particular, it contains three submodules:

– Cyclic autocorrelation function (CAF) estimation;
– Feature identification;
– User classification.

CAF estimation is the first step of SST detection. Notice that manmade sig-
nals are mostly cyclostationary random processes [34]. Hence a signal stream’
CAF can be represented as waveforms in a three-dimensional coordinate sys-
tem. Such a coordinate system is usually established by lag parameter, cyclic
frequency parameter, and coherence energy value [35,36]. Based on this theory,
CAF estimation submodule extracts the peak information of CAF waveforms
from the mixed signal. Given L as observation window length of symbol unit,
the value of CAF can be estimated as

C(L) (b, τ) =
1

LM

LM−1∑

n=0

r(n)r∗(n + τ)W bn
M , (11)
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where τ ∈ [1,M ] and b ∈ [1,M ] are lag parameter and cyclic frequency param-
eter, respectively.

After obtaining CAF value, the feature identification submodule exploits
a multiple hypothesis test to operate the detection process. Note that cyclic
delays have the symmetric property [24], for one user there are N/2 distinct
SST features in an N -subcarrier system. To avoid conflicts, we set Δ �= Δ̄.
Hence, for each hypothesis we have

HΔ :
{

C(L) (b,Δ) = C̃(L) (b,Δ) + ε(L)
r (b,Δ)

C(L) (b, τ) = ε(L)
r (b, τ)

for τ ∈ (1, 2, · · · , N/2) , τ �= Δ,

(12)

HΔ̄ :
{

C(L)
(
b, Δ̄

)
= C̃(L)

(
b, Δ̄

)
+ ε(L)

r

(
b, Δ̄

)

C(L) (b, τ) = ε(L)
r (b, τ)

for τ ∈ (1, 2, · · · , N/2) , τ �= Δ̄,

(13)

and

Hj : C(L) (b, τ) = Cv
(L) (b, τ)

=
1

LM

LM−1∑

n=0

v(n)v∗(n + τ)W bn
M (14)

for τ ∈ (1, 2, · · · , N/2) ,

where j ∈ (
1, 2, · · · , N

2

)
and j �= {Δ, Δ̄}; C̃(L), Cv

(L) and ε
(L)
r are symbol

coherency components, noise coherency components and unrelated coherency
components within observation window length L, respectively.

Next, the user classification submodule could extract a local two-dimensional
CAF value from the entire three-dimensional coordinate system, and classify the
locations of two users’ feature peaks. Here we take the CAF value at b = M as
an example, and the local feature peaks can then be presented as

Γ (L)(τ) =
∣∣C(L) (M, τ)

∣∣. (15)
for τ ∈ (1, 2, · · · , N/2)

Given available feature location sets as

Ω = {1, 2, · · · , N/2} (16)

and
Ω̄ = Ω − {Δ}, (17)

respectively. The classification processes for User 1 and User 2 can be performed
as

Δ = arg max
τ∈Ω

Γ (L)(τ) (18)

and
Δ̄ = arg max

τ∈Ω̄
Γ (L)(τ), (19)

respectively.
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Fig. 3. Detection workflow comparison between SST and NOMA-SST schemes. Boxes
represent OFDM symbols in time domain, different color coverages indicate different
cyclic delay ranges.

To visualize the difference between SST and NOMA-SST, Figs. 3 and 4 exhibit
detection workflow comparison and feature comparison between SST and NOMA-
SST schemes, respectively. In particular, Fig. 3(a) illustrates a classical SST
scheme. In this case, every moment there is always one unique cyclic delay state
(i.e. Δi series). The detection process is essentially a single-pole feature identifica-
tion problem, which can be reflected in Fig. 4(a). While in a default NOMA-SST
case as Fig. 3(b) shows, multiple cyclic delay states (belonging to different NOMA
users) coexist and overlap with each other (i.e. Δi series and Δ̄i series). The detec-
tion process becomes a multi-pole feature identification problem. We can perceive
such a phenomenon in Fig. 4(b). Fortunately, although the CAF estimation pro-
cesses are simultaneously implemented for different NOMA users, their SST fea-
tures can be easily distinguished owing to the power level gap.
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Fig. 4. Feature comparison between SST and NOMA-SST schemes. This illustration
is obtained under a 256 − Ω size SST system with L = 10 and SNR = 10 dB.

2.3 Properties of NOMA-SST Detection Process

It is noteworthy that NOMA-SST detection process has two major advantages,
which are much different from the detection process in frequency domain of pure
NOMA systems.

– (i) No apriori information is required from one user to others. Note
that the SIC procedure subtracts reconstructed content of user with strongest
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Fig. 5. Detection workflow for NOMA-SST scheme with differential window integration
strategy.

power from the mixed signal, and then successively detects the weaker users
in a decreasing order of power level. Therefore, a user should at least know
the detailed apriori information from users with higher power level than itself,
or it cannot obtain its content successfully. However, such a situation is much
different in SST domain detection process. According to the workflow (espe-
cially the user classification submodule) in the previous subsection, we can
find that it is unnecessary for any weaker user to learn the detailed contents
of stronger users, only its order of power level is needed.

– (ii) The error propagation effect is barely involved. It is widely noticed
that there is an error propagation effect [30] existing in frequency domain
detection of NOMA systems. Specifically speaking, if the data of stronger
users is detected incorrectly, the detection accuracy of the weaker users will
be largely hindered. Different from that, the error propagation effect in SST
domain detection process is quite slight. Still referring to classification sub-
module in the previous subsection, we know that even if a stronger user’
feature classification goes wrong, the feature classification of a weaker user
will hardly be affected. For example, in a 256 − Ω size NOMA-SST system,
even if an error detection occurs for the stronger user, the error propagation
probability is only 3.9 × 10−3 for the weaker user, which can be neglected in
practice.

3 Differential Window Integration Strategy

The previous section has elaborated the operational principle for NOMA-SST
technique. However, referring to Fig. 3(b), we notice that the intrinsic power
level gaps among NOMA users will inevitably lead to energy gaps among SST
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Fig. 6. Feature presentation under NOMA-SST scheme with differential window inte-
gration strategy: User 1’s Perspective. This illustration is obtained under a 256−Ω size
SST system with P1 = 4P2, L = 10 and SNR = 10 dB. Here Δ̄j is set as 60 for User
2; Δi, Δi+1, Δi+2 are set as 150, 180 and 210 for User 1, respectively. The differential
window configuration is User 1: User 2 = 1:3.
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Fig. 7. Feature presentation under NOMA-SST scheme with differential window inte-
gration strategy: User 2’s Perspective. This illustration is obtained under the exact
same situation as that in Fig. 6.

features. Especially under low signal-to-noise ratio (SNR) conditions, the weaker
users’s SST features are more likely to be inundated by noise. Accordingly, the
SST domain detection performance will be quite deviated for different NOMA
users.

Confronted with such a circumstance, we dedicatedly design an enhanced
transmission strategy for NOMA-SST technique, aiming at compensating SST
detection performance for weaker NOMA users. Specifically, the principle is
to allocate diverse observation window lengths to different power level users:
users with lower power level utilize longer observation window lengths for better
accumulations of feature energy; while users with higher power levels retain or
decrease the default observation window lengths. The strategy above is named
as “Differential Window Integration Strategy”.

Figure 5 displays the detection workflow for NOMA-SST scheme with dif-
ferential window integration strategy. In this example, we use a 3:1 differential
window configuration. The higher power user (User 1, occupies Δi series) adopts
default observation window length L, while the lower power user (User 1, pos-
sesses Δ̄j series) exploits a wider observation window length 3L. Since the CAF
estimation moments are not synchronized, the detection process here is much
different from those of classical SST and default NOMA-SST. Particularly, the
feature identification procedure should be divided in two perspective.
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Table 1. Simulation parameters.

Parameters Values

FFT size 128

Cyclic prefix length 32

Channel coding Convolutional code (5, 7)

Coding rate 1/2

Antenna configuration 2 × 1

Channel model Rayleigh fading

Modulation QPSK

Number of multiplexed NOMA users 2

NOMA mode Downlink

Proportion of power distribution Strong user:weak user = 4:1

Default observation window length 10 unit

Differential window configuration Strong user:weak user = 1:3

– (i) Perspective of higher power level user. Figure 6 reveals the feature
presentations from User 1’s perspective. The three subfigures correspond to
the Δi, Δi+1 and Δi+2 periods in Fig. 5, respectively. In a User 1’s round, it
directly calculates the CAF value for past L duration, explores the highest
peak from the available feature location range of Ω, and returns the informa-
tion of the highest peak of Figs. 6(a), 6(b) and 6(c) for Δi, Δi+1 and Δi+2,
respectively. The whole identification process above ignores the interference
from the weaker power level user since the energy gaps.

– (ii) Perspective of lower power level user. Figure 7 shows the feature
presentation from User 2’s perspective, which corresponds to the Δ̄j period in
Fig. 5. As we can see in Fig. 7, through the triple-window energy accumulation,
User 2’s feature energy is comparable to those of User 1’s. Direct identification
might cause misjudgments. Therefore, the feature identification submodule of
User 2’s perspective should first collect the identified Δi, Δi+1 and Δi+2 from
User 1’s perspective. Then searches the highest peak from a limit range of
Ω̄ = Ω − {Δi,Δi+1,Δi+2}. At last, the peak information is returned to Δ̄j .

4 Numerical Results

In this section, we evaluate the performance of NOMA-SST technique through
numerical analysis. Considering that the frequency domain detection perfor-
mance of NOMA techniques has been well studied in existing literature, in this
section we focus on the SST domain detection performance. The basic simulation
parameters are listed in Table 1.

Figure 8 shows the SST domain detection performance of NOMA-SST tech-
nique under default mode. It can be observed that the higher power user (User 1,
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Fig. 8. SST domain detection performance of NOMA-SST under default mode. (Color
figure online)

blue curve) achieves an excellent detection performance. It easily gets a bit error
rate (BER) of 10−5 level after SNR surpasses 0 dB. By contrast, the performance
of lower power user (User 2, red curve) is not quite satisfactory. It cannot even
reach a 10−2 level within the given SNR condition range.

Figure 9 exhibits the detection performance of NOMA-SST technique under
differential window integration strategy. Specifically, the differential window con-
figuration is default L for User 1 and triple L for User 2; other system parameters
equate to those of Fig. 8. The performances of User 1A, User 1B and User 1C are
obtained from anterior, middle and posterior L coverages of User 2’s 3L observa-
tion window, respectively. From the blue, green and purple curves in this figure,
we can find two phenomenons: (i) three curves nearly overlap with each other,
which reflects that User 1’s performance is quite steady under different coverages
of User 2’s observation window; (ii) User 1’s performance in Fig. 9 is very close
to that of Fig. 8. This result reveals that differential window integration strategy
hardly affects the SST detection performance of higher power user in NOMA
system. On the other hand, compared with that in Fig. 8, User 2’s performance
in Fig. 9 distinctly upgrades by a great order of magnitude: the average gain is
about 10 dB throughout the given SNR range of Fig. 8 and Fig. 9, in which the
highest gain is 21.7 dB (obtained at SNR = 1 dB). Thus, the effectiveness of
differential window integration strategy is verified.

Another interesting phenomenon in Fig. 9 is to find that User 2’s performance
slightly outperforms those of User 1 at low SNR situations. Note that the differ-
ential window configuration is 1:3 for two NOMA users. Theoretically speaking,
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Fig. 9. SST domain detection performance of NOMA-SST under differential window
integration strategy. (Color figure online)

such a differential compensation cannot reverse User 2’s energy shortage, as the
power distribution is 4:1. As such, User 2’s performance should be inferior to
User 1. Nonetheless, Fig. 9’s curve trend at low SNR situations is still reasonable.
Because User 2’s observation window covers longer time duration than that of
User 1. Accordingly, when a sudden adverse channel condition (e.g. deep fad-
ing) occurs, User 1’s detection performance is easier to be affected; while User 2
has higher possibility to restrain the negative effect, since those sudden adverse
channel conditions cannot last long time under power control techniques. There-
fore, although the upper bound performance of User 2 is inferior of that of User
1, it is more robust to sudden adverse channel conditions than the latter. This
advantage is especially remarkable at low SNR situations.

5 Conclusion

This paper presented a feasible way for integrating NOMA and SST tech-
niques, aiming to seek novel solutions for B5G communications. Specifically,
the transceiver architecture, operational workflow and a specialized transmis-
sion strategy were successively provided to support the NOMA-SST technique.
Numerical results demonstrated that the proposed technique has satisfactory
detection performance, which is able to be further enhanced by implementing
the add-on differential window integration strategy.
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Continuing from the initial research outlined in this paper, future work will
be undertaken to further study relationship between user power level gap versus
SST detection performance in both uplink and downlink scenarios.
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