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Abstract

In this paper, we present a non-coherent energy detection scheme for spatial modulation (SM)

systems. In particular, the use of SM is motivated by its low-complexity implementation in comparison

to multiple-input multiple-output (MIMO) systems, achieved through the activation of a single antenna

during transmission. Moreover, energy detection-based communications restrict the knowledge of the

channel state information to the magnitude of the fading gains. This consideration makes the design

applicable for low-cost low-powered devices since phase estimation and its associated circuitry are

avoided. We derive an energy detection metric for a multi-antenna receiver based on the maximum-

likelihood (ML) criterion. By considering a biased pulse amplitude modulation design, we develop an

accurate analytical framework for the error rate at high signal-to-noise ratios. Numerical results show

that the diversity order is proportional to half the number of receive antennas; this result stems from

having partial receiver channel knowledge. In addition, we compare the performance of the proposed

scheme with that of the coherent ML receiver design and show that the SM energy detector outperforms

its coherent counterpart in certain scenarios, particularly when utilizing non-negative constellations.

Ultimately, we implement an SM testbed using software-defined radio devices and provide experimental

error rate measurements that validate our theoretical contribution.
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I. INTRODUCTION

Motivated by the recent growth in the number of connected devices and the evolution of

Internet-of-Things (IoT) applications [2], future wireless communication systems require an

intelligent utilization of the available resources. Specifically, due to the unparalleled increase in

data traffic, new transmission technologies have been studied to minimize transceiver complexity

and cost. A strong candidate that addresses this challenge is index modulation (IM), which was

initially introduced in the context of spatial modulation (SM) for multiple-input multiple-output

(MIMO) systems [3]. In SM, in addition to the information carried by a modulation symbol,

extra information bits are sent by activating a single antenna index at the transmitter. This

technology has proven to achieve high spectral and energy efficiency while maintaining a simple

design architecture in comparison to traditional MIMO and single-antenna systems [3], [4]. At

the receiver side, SM detection is twofold, i.e., the detection of the active transmit antenna index

as well as the detection of the data symbol transmitted over the activated transmit antenna. Since

only one antenna is activated, a single radio-frequency (RF) chain is sufficient for transmission,

hence significantly reducing energy consumption. Consequently, inter-antenna synchronization

at the transmitter and inter-channel interference at the receiver are avoided [4], [5].

The availability of channel state information (CSI) holds significant importance in signal

design and detection [6]. The techniques for detecting signals can be broadly classified into

two categories based on the availability of CSI: coherent detection and non-coherent detection.

Coherent detection relies on the receiver’s ability to estimate the CSI accurately and is thus

suitable for systems with sufficient resources for CSI estimation. In contrast, non-coherent

detection refers to scenarios where obtaining accurate CSI is not practical and hence relies on

statistical CSI obtained by averaging the channel response over an extended period. However,

this process may lead to undesirable delays in the communication system [7]. On the other hand,

the deployment of large-scale IoT networks requires low-cost, low-power, and low-complexity

devices. Accordingly, energy detection-based non-coherent systems have been exploited to meet

the requirements of the IoT due to their capability of operating with partial CSI knowledge [8].

In other words, only channel magnitude estimates are available at the receiver whereas phase

estimates are ignored. Inherently, this makes the energy detector easier to implement than the
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coherent detector since phase synchronization circuitry is avoided, such as oscillators and mixers

[9]. However, this decrease in complexity comes at the cost of sub-optimal performance compared

with coherent systems. Thus, a tradeoff between complexity and performance is introduced.

Another advantage that motivates the use of energy detection is in terms of channel estimation.

More specifically, the complexity of channel estimation for a non-coherent energy detector is

lower than that of channel estimation for a coherent detector and is at least half of that of

coherent detection since the energy detector only requires the estimation of channel magnitudes

[10]. Moreover, since the receiver incorporates a form of square-law detection, the symbol energy

levels used must be chosen to limit the symbol error probability. A popular constellation design

consists of non-negative (biased) signaling, such as biased pulse amplitude modulation (PAM)

[8]. The use of non-coherent systems with biased PAM constellations has been documented

for the emerging 60-GHz millimeter-wave (mmWave) wireless personal area networks based on

the ECMA-387 standard, specifically for devices with low power consumption [11, Sec. 1.5.2].

In this context, non-coherent energy detection has been proven to achieve a better rate-energy

tradeoff than its coherent counterpart for systems with energy harvesting modules, especially

when incorporating an integrated architecture of energy harvesters and information decoders for

simultaneous wireless information and power transfer (SWIPT) [12].

Various detection schemes corresponding to different complexity levels have been explored

for SM. For instance, the maximum-likelihood (ML) detector, which characterizes joint detection

and searches over all possible transmit antennas and constellation symbols was first introduced

in [13]. The results showed that by employing an ML detector, significant performance gains

(around 4 dB) can be achieved as opposed to the scheme in [3]. In contrast, to mitigate

the considerable search complexity involved in ML detection, various studies have addressed

alternative suboptimal detection methods that reduce computational complexity such as sphere

decoding [14], maximal ratio combining (MRC) [15], and signal vector-based detection [16].

Nevertheless, these solutions consider optimal and sub-optimal architectures with full receiver

CSI knowledge, which in some cases cannot be perfectly obtained, especially for low-complexity

devices. Concerning non-coherent communication, several techniques have been studied for SM

systems from a differential encoding/decoding standpoint [17]. Such detection schemes are based

on observation of the received signal for more than a single symbol interval, where a high level
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of synchronization accuracy is needed, as well as requiring additional bandwidth to transmit the

difference between consecutive symbols, which can reduce the overall spectral efficiency [18].

Despite the rigorous theoretical contributions of SM systems, the experimental validations are

limited. For instance, the first practical implementation of SM is demonstrated in [19] in an

indoor environment. The work in [20] collected realistic channel measurements for correlated

and uncorrelated Rayleigh fading channels to analyze the performance of SM. More recently,

the authors in [21] implemented the first space shift keying (SSK) system under Rician channel

conditions. However, the detection in SSK is simpler than in SM since no actual constellation

symbols are being transmitted. An experimental study of SM with a reconfigurable antenna

in which radiation patterns act as the index for modulation has been implemented in [22].

The work in [23] investigated the performance of SM systems with an experimental testbed

in mixed line-of-sight/non-line-of-sight environments. In this regard, and to the best of our

knowledge, the use (or implementation) of a true energy detection scheme for SM, which takes

advantage of the energy of both the channel coefficients and the information symbol, has yet to

be accomplished. Therefore, in this work, we investigate a scheme that combines SM techniques

at the transmitter with non-coherent energy detection at the receiver. Particularly, by considering

a biased modulation specifically designed for energy detection, we analyze the performance of

the proposed scheme in terms of error rate. Furthermore, we examine the performance of the

SM energy detection scheme by establishing a simple experimental prototype to validate our

analysis. Accordingly, the contributions of this paper are threefold:

• We develop a low-complexity SM energy detector with multiple receive antennas, which

only takes into account knowledge of the channel magnitudes and energy of the symbols.

The performance of the proposed energy detection scheme is analytically studied, whereby

a non-negative real constellation is considered. Owing to the complexity of the problem, we

provide an accurate analytical framework for the computation of the overall error rate for

SM at high signal-to-noise ratios (SNRs) for an arbitrary number of transmit and receive

antennas by considering union-bound methods.

• A thorough diversity analysis over slow-fading channels is provided. It is shown that the

diversity order of the energy detector-based SM system is equal to half the number of receive

antennas. This loss in diversity is due to the absence of full channel knowledge and the fact
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that the receiver relies on energy detection. Numerical results reveal that the proposed SM

energy detector outperforms its coherent counterpart for specific scenarios where the receiver

is equipped with double the number of receive antennas, and a non-negative constellation

is used.

• Finally, we implement an experimental SM testbed using software-defined radio (SDR)

hardware tools for the proposed energy detection scheme with a biased modulation design,

for the purpose of verifying our simulation and analytical results concerning the error rate

performance. We show that the experimental error rate performance follows a similar trend

as the simulation results, thereby validating our theoretical contributions. As a result of its

low complexity, we conclude that the SM energy detector design is appropriate for low-cost

low-powered devices.

The paper is organized as follows. In Section II, we present the system model for the non-

coherent SM energy detection scheme. In Section III, we derive analytical error rate expressions

for the SM energy detector and provide an analysis regarding its diversity order. In Section V, we

describe the experimental setup for the SM system with energy detection. Section VI provides

the experimental and numerical results, and Section VII gives the concluding remarks.

Notation: Lower and upper case boldface letters denote vectors and matrices, respectively;

[·]T denotes the transpose; 0N and IN are the N × 1 zero-vector and N × N identity matrix,

respectively; | · | and | · |2 denote the absolute value and square absolute value, respectively;

P{·} and E{·} represent the probability and expectation operators, respectively;
(·
·

)
denotes

the binomial coefficient; Ik(·) denotes the modified Bessel function of the k-th order and the

first kind; Γ(·) and γ(·, ·) are the complete and lower incomplete gamma function, respectively;

Qm (·, ·) denotes the generalized Marcum-Q function of order m and 2F1 (·, ·; ·; ·) is the Gaussian

hypergeometric function.

II. SYSTEM MODEL

A. Topology

We consider an Nt×Nr SM system with Nt transmit antennas and Nr receive antennas. At the

transmitter, the information bits are simultaneously sent over two streams; one is mapped onto
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Fig. 1: Transceiver structure for the energy detector-based non-coherent SM system.

the spatial constellation diagram of size Nt, whereas the other stream is mapped onto the signal

constellation diagram of size M . The bit stream is divided into blocks of log2(NtM) bits. Each

block is split into two parallel streams of log2(Nt) and log2(M) bits, respectively. The former

stream activates one of the transmit antennas, and the latter is used to determine a symbol in

the signal constellation diagram. More specifically, these log2(NtM) bits are mapped onto a

constellation vector x of size Nt. In SM, only one antenna remains active during transmission,

hence only one element in the constellation x is non-zero, which is at the position of the active

antenna. In particular, given that the antenna index is used as an additional resource to transmit

information, the active antenna and the symbol index constitute a mapping strategy, and the

output vector is written as

x ≜
[
0 · · · 0 sm︸︷︷︸

nth position

0 · · · 0
]T

, (1)

where n = 1, 2, . . . , Nt represents the active antenna, and sm is the m-th information-bearing

symbol from the M -ary constellation at the n-th position. Fig. 1 schematically depicts the

considered system model.

In addition, since the receiver performs energy detection, the amplitude levels in the con-

stellation must be asymmetric in order to avoid having two symbols with the same energy. In

consequence, we consider a biased PAM, in which we design non-negative constellation points
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belonging to the set [10]

S =
{
0,
√

Emin, 2
√

Emin, . . . , (M − 1)
√
Emin

}
, (2)

where Emin represents the minimum energy difference between adjacent constellation points.

Hence, the energy of the m-th symbol is Em = m2Emin, for m = 0, . . . ,M − 1. Assuming all

symbols are equally likely to be transmitted, the average symbol energy is given by [24]

Eav =
(M − 1)(2M − 1)

6
Emin. (3)

Furthermore, at the receiver, the transmitted data from both the activated transmit antenna and

the modulation must be detected. Throughout this work, we assume that these two detection

processes are independent1.

B. Channel Model

With the focus being on a low-complexity receiver structure, we employ a non-coherent

energy detector with knowledge of the fading channel magnitudes [10]. Specifically, the signal

is transmitted over an Nr ×Nt wireless channel H, and experiences an Nr-dimensional additive

white Gaussian noise (AWGN) vector w = [w1 . . . wNr ]
T . We assume that the signals from all the

receive antennas are combined, and the communication channel is quasi-static Rayleigh fading.

The NrNt entries of H are thus independent and identically distributed (i.i.d) random variables,

each following a complex circular Gaussian random variable with zero mean and variance σ2
h,

i.e., having a CN (0, σ2
h) distribution. In addition, the AWGN vector w follows a CN (0Nr , σ

2
wINr)

distribution, where σ2
w is the variance of each element in w. We assume a complex baseband

signal representation and symbol-by-symbol detection, in which the sampled signal at the i-th

receive antenna when sm is transmitted from the n-th antenna is written as

ri = hi,nsm + wi, (4)

where hi,n is the channel coefficient from the n-th transmit antenna to the i-th receive antenna,

and sm is the m-th information-bearing symbol belonging to the constellation set S.

1The validity of this assumption lies in the fact that the channel paths are considered uncorrelated, otherwise, the detection
processes would be dependent [3].
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Moreover, the receiver is assumed to have knowledge of the energy of the signal, hence the

output of the energy detector at the i-th receive antenna is

yi = |ri|2 = |hi,nsm + wi|2. (5)

Using energy detector-based receivers, the magnitude of the fading gain from the n-th transmit

antenna to all received antennas, |hi,n|, i = 1, . . . , Nr, can be obtained by transmitting non-zero

training symbols, known apriori by the receiver, on the n-th transmit antenna while the other

antennas remain idle. Since the receiver has only knowledge of the magnitudes of the fading

channel gains, then from (5), the observation yi represents a non-central chi-squared random

variable with two degrees of freedom, non-centrality parameter |hi,nsm|2 and variance σ2
w. By

defining βi,n ≜ |hi,n|2, the conditional probability distribution function (PDF) of yi conditioned

on βi,n and Em, denoted by fyi|βi,n,Em(yi | βi,n, Em), is [25, Eq. (2.44)]

fyi|βi,n,Em(yi | βi,n, Em) =
1

2σ2
w

exp

(
−yi + βi,nEm

2σ2
w

)
I0

(√
yiβi,nEm

σ2
w

)
. (6)

We observe from (6) that the PDF depends on βi,n and Em. Therefore, it is sufficient to consider

only the magnitude of the channel coefficients and non-negative, real-valued symbols.

C. ML Decision Rule

Given that the receiver is equipped with multiple antennas, and due to the independence of

the Nr branches, the joint PDF of the received signal is calculated as the product of the marginal

PDFs, i.e.,

fy|βn,Em(y | βn, Em) =
Nr∏
i=1

fyi|βi,n,Em(yi | βi,n, Em). (7)

In order to derive the detection metric, the receiver follows the ML decision rule, which jointly

searches for βn and Em that maximizes the natural logarithm of the likelihood function in (6),

and is given by [26, Ch. 7, Sec. 7.3]

[n̂, m̂] = argmax
n,m

Nr∑
i=1

[
ln

{
I0

(
2
√
yiβi,nEm

σ2
w

)}
− Em

σ2
w

βi,n

]
, (8)
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where n̂ and m̂ respectively represent the estimated antenna index and symbol. To apply non-

coherent detection to low-complexity receivers, we need to consider a simplification of the

optimal decision rule in (8). One such simplification is based on the asymptotic expansion of

the Bessel function I0(·) and its logarithm which is valid at high SNRs, by considering that

ln{I0 (|x|)} ≈ |x|, for large |x| [10]. Therefore, the sub-optimal ML decision rule2 becomes

[n̂, m̂] = argmax
n,m

Nr∑
i=1

[√
Em

√
yiβi,n −

Em

2
βi,n

]
. (9)

In the next section, we present an analytical framework to derive the error rate expressions for

the energy-based non-coherent SM detector, defined in (9).

III. ENERGY-BASED NON-COHERENT SM DETECTION

A. Error Rate Performance

Owing to the distinct signal structure of SM as described in Section II, the transmit vector

x can be accurately retrieved only when both the transmit antenna index and the transmitted

symbol are accurately estimated. Furthermore, the complexity of the detection problem increases

significantly when multiple receive antennas are taken into consideration. Hence, for the sake

of analytical tractability, we split the theoretical analysis into two parts, as we show in the

sequel. We begin our analysis by focusing on the symbol error rate (SER) Ps, which denotes the

probability that the transmitted symbol sm is received incorrectly. Under equiprobable signaling,

Ps can be expressed as

Ps =
1

M

M−1∑
m=0

Pe|sm , (10)

where Pe|sm is the probability of error when the symbol sm is transmitted. Since the decision

variable y represents a non-central chi-squared random variable with PDF given by (6), and by

employing the decision rule in (9), the probability of detecting Em+1 while Em was transmitted

refers to the upper tail of the PDF in (6), which can be characterized by a chi-squared cumulative

distribution function (CDF). By symmetry, the probability of detecting Em−1 while Em was

2The receiver is sub-optimal due to the simplification of the non-linear Bessel function in (8), which makes it applicable to
low-complexity receivers [10].
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transmitted can also be characterized by a chi-squared CDF. Hence, we obtain the following

three cases for Pe|sm depending on the value of m

Pe|sm =


1− Fy (ρm | β,Em) , m = 1,

Fy (ρm−1 | β,Em) + 1− Fy (ρm | β,Em) , 1 < m < M,

Fy (ρm−1 | β,Em) , m = M,

(11)

where ρm, m = 0, 1, . . . ,M−2, is the m-th detection threshold, β=
∑Nr

i=1 βi, and Fy (ρm | β,Em)

is the conditional CDF represented as [25, Eq. (2.45)]

Fy (ρm | β,Em) =

∫ ρm

0

fy|β,Em(y | β,Em)dy = 1−QNr

(√
2Emβ

σ2
w

,

√
2ρmβ

σ2
w

)
. (12)

We note that the detection thresholds ρm, m = 0, 1, . . . ,M − 2, can be approximated as3

ρm ≈ (Em + Em+1)

2
. (13)

Ultimately, by using (11), we can reformulate (10) as

Ps =
1

M

M−2∑
m=0

Eβ

{
QNr

(√
2Emβ

σ2
w

,

√
2ρmβ

σ2
w

)
+ 1−QNr

(√
2Em+1β

σ2
w

,

√
2ρmβ

σ2
w

)}
. (14)

The following proposition gives the final expression for the average SER of the transmitted

symbol.

Proposition 1: The average SER for detecting the transmit symbol sm is given by

Ps =
1

M

M−2∑
m=0

[
A(Em) + B(Em) + C(Em+1)

]
, (15)

where, and A(Em), B(Em) and C(Em+1) are given by

A(Em) =

(
σ2
w

δ

)Nr
[
2F1

(
Nr

2
,
Nr + 1

2
; 1;

4Emρm
δ2

)
+ 2

Nr−1∑
k=1

(k +Nr − 1)!

k! (Nr − 1)!

(
Em

√
Em

δ
√
ρm

)k

×2F1

(
k +Nr

2
,
k +Nr + 1

2
; k + 1;

4Emρm
δ2

)]
,

(16)

3We assume that for high SNRs, the PDFs of the decision variables start to resemble a symmetrical distribution, and the
thresholds can be bounded by the midpoint of adjacent symbols’ energy levels [27].
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B(Em) =
∞∑
n=0

(ρm/σ
2
w)

n

Γ(Nr)

((
ρm + σ2

w

σ2
w

)−n−Nr

Γ(n+Nr)−
(
Em

σ2
w

)−n−Nr Γ(2n+ 2Nr)

Γ(n+Nr + 1)

×2F1

(
n+Nr, 2n+ 2Nr;n+Nr + 1;−ρm + σ2

w

Em

))
,

(17)

and

C(Em+1) =
∞∑
n=0

(Em+1/σ
2
w)

n

Γ(Nr)

((
Em+1 + σ2

w

σ2
w

)−n−Nr

Γ(n+Nr)−
(
ρm
σ2
w

)−n−Nr Γ(2n+ 2Nr)

Γ(n+Nr + 1)

×2F1

(
n+Nr, 2n+ 2Nr;n+Nr + 1;−Em+1 + σ2

w

ρm

))
,

(18)

Proof. See Appendix A.

Next, we focus on Pa, which is defined as the probability that the antenna index estimate

is incorrect. In general, the operation of finding the active transmit antenna is equivalent to

solving an Nt-hypothesis testing problem at the receiver which involves the computation of

multidimensional integrals. Therefore, it is common in the SM literature to compute the average

error rate by exploiting union-bound methods. More specifically, the antenna index error rate

can be expressed as [28]

Pa ≤
1

2(Nt−1)

Nt∑
u=1

Nt∑
v=u+1

Pa (hu, hv) , (19)

where Pa (hu, hv) is defined as the probability of error of detecting the index of the active transmit

antenna, between antennas u and v. In what follows, we focus on calculating Pa (hu, hv), which

is given by

Pa(hu, hv) =
1

2

[
Pa(hu, hv)|n̂=u + Pa(hu, hv)|n̂=v

]
. (20)

Let us start by computing Pa(hu, hv)|n̂=u. We denote the transmitted symbol energy by E .

Furthermore, the squared channel magnitude is denoted by βn, for n = u, v. By referring to

the ML detector in (9), we can write

Pa(hu, hv)|n̂=u=


P
{
|
√
Er| < E

2
(βu + βv)

}
, if βu≥βv,

P
{
|
√
Er| > E

2
(βu + βv)

}
, if βu<βv,

(21)
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Pa(hu, hv)=
1

2
Eβu,βv

{
1−QNr

(√
Eβu√
σ2
w

,

√
E (βu+βv)√

2σ2
w

)
+QNr

(√
Eβv√
σ2
w

,

√
E (βu+βv)√

2σ2
w

)∣∣∣∣∣βu≥βv

}

+
1

2
Eβu,βv

{
1−QNr

(√
Eβv√
σ2
w

,

√
E(βu+βv)√

2σ2
w

)
+QNr

(√
Eβu√
σ2
w

,

√
E(βu+βv)√

2σ2
w

) ∣∣∣∣∣βu<βv

}
(25)

where the sum received signal r=
∑Nr

i=1 ri. Hence, the received signal amplitude |r| can be

represented as a Rice distribution with the following CDF [25, Eq. (2.22)]

F|r| = 1−QNr

(√
Eβu√
σ2
w

,

√
E (βu + βv)√

2σ2
w

)
. (22)

Therefore, Pa(hu, hv)|n̂=u is equivalently written as

Pa(hu, hv)|n̂=u =


1−QNr

(
√
Eβu√
σ2
w

,

√
E(βu+βv)√

2σ2
w

)
, if βu ≥ βv,

QNr

(
√
Eβu√
σ2
w

,

√
E(βu+βv)√

2σ2
w

)
, if βu < βv.

(23)

Following similar steps with Pa(hu, hv)|n̂=u, we can express Pa(hu, hv)|n̂=v as

Pa(hu, hv)|n̂=v =


1−QNr

(
√
Eβv√
σ2
w

,

√
E(βu+βv)√

2σ2
w

)
, if βv ≥ βu,

QNr

(
√
Eβv√
σ2
w

,

√
E(βu+βv)√

2σ2
w

)
, if βv < βu.

(24)

Hence, by combining equations (23) and (24), we can write (20) as given in (25) on top of

the page. To obtain the average antenna index error rate, we need to evaluate the terms of

(25) by averaging over the channel magnitudes. Upon careful examination, we observe that the

computation of the conditional joint expectation over the channel magnitudes for one case is

analogous to that of the other. Thus, to avoid redundancy, our attention is directed towards

computing the error rate for the scenario where βu ≥ βv. The following proposition gives the

final form for the average error rate of the antenna index detection.
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D1 =
∞∑
n=0

∫ ∞

0

∫ βu

0

exp

(
−Eβu

2σ2
w

)(
Eβu

2σ2
w

)n γ
(
Nr + n, E(βu+βv)

4σ2
w

)
Γ (Nr + n)

fβu(βu)fβv(βv)dβvdβu
(27)

D′
2 =

Nr−1∑
k=1−Nr

∫ ∞

0

∫ βu

0

exp

(
−E(βu + 3βv)

4σ2
w

)(
2βv

βu + βv

) |k|
2

Ik

(
E
√

βv(βu + βv)√
2σ2

w

)
× fβu(βu)fβv(βv)dβvdβu

(28)

D′′
2 =

∞∑
n=0

∫ ∞

0

∫ βu

0

exp

(
−E (βu + βv)

4σ2
w

)(
E (βu + βv)

4σ2
w

)n γ
(
Nr + n, Eβv

2σ2
w

)
Γ(Nr + n)

× fβu(βu)fβv(βv)dβvdβu

(29)

Proposition 2: The average error rate Pa(hu, hv) for detecting the index of the active antenna

between antennas u and v is given by

Pa(hu, hv) =
1

2

2∑
n=1

[
Dn + Fn

]
, (26)

where Dn and Fn, for n = 1, 2, are the average error rate terms for the cases where βu ≥ βv

and βu < βv, respectively. The terms D1, D′
2, and D′′

2 are given in (27)-(29) on top of the page,

where D2 = D′
2 +D′′

2 .

Proof. See Appendix B.

Our analysis leads to the conclusion that, in contrast to the calculation of Pa using conventional

union-bound methods, the determination of Ps is based on the exact error probability associated

with the signal constellation diagram. This implies that no union bound is employed in computing

this quantity. The exact computation of Ps avoids the potential inaccuracies inherent in relying

on the union-bound for the performance of conventional modulation schemes. Ultimately, since

we split our analysis into two parts, i.e., computed Ps and Pa separately, we can express the

overall average probability of error, Pe, for the energy-based non-coherent SM detector as

Pe ≤ Pa + (1− Pa)Ps = Pa + Ps − PaPs, (30)

where Ps is given in (15) and Pa is the average antenna index error rate given in (19).
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B. Diversity Analysis

To simplify the derived expressions and provide more insight into the analysis, we aim in this

section to compute the diversity order attained by the proposed energy detector for SM, which

represents the slope of the error rate curve. In other words, the error rate expression decays

as γ−d
m at high SNR, where γm is the SNR of the m-th symbol and d is an arbitrary diversity

order [29]. In our case, the expression we look to evaluate is given in (30). Hence, we decide

to split our analysis to first find the diversity order of the SER, followed by the antenna index

error rate. To tackle this problem, we need to simplify the expressions derived in the previous

section. Starting with SER, by defining γm = Em/σ
2
w, and ρ̄m = ρm/σ

2
w, we can rewrite the

SER expressions in (16)-(18) as

A(γm) = (1+γm+ρ̄m)
−Nr

[
2F1

(
Nr

2
,
Nr + 1

2
; 1;

4γmρ̄m
(1+γm+ρ̄m)2

)
+2

Nr−1∑
k=1

(k +Nr − 1)!

k! (Nr − 1)!

(
γm
ρ̄m

)k

×
(

γmρ̄m
(1 + γm + ρ̄m)2

)k
2

2F1

(
k +Nr

2
,
k +Nr + 1

2
; k + 1;

4γmρ̄m
(1+γm+ρ̄m)2

)]
,

(31)

B(γm) =
∞∑
n=0

(ρ̄m)
n

Γ(Nr)

(
(ρ̄m + 1)−n−Nr Γ(n+Nr)− (γm)

−n−Nr
Γ(2n+ 2Nr)

Γ(n+Nr + 1)

×2F1

(
n+Nr, 2n+ 2Nr;n+Nr + 1;− ρ̄m + 1

γm

))
,

(32)

and

C(γm+1) =
∞∑
n=0

(γm+1/σ
2
w)

n

Γ(Nr)

(
(γm+1 + 1)−n−Nr Γ(n+Nr)− (ρ̄m)

−n−Nr
Γ(2n+ 2Nr)

Γ(n+Nr + 1)

×2F1

(
n+Nr, 2n+ 2Nr;n+Nr + 1;−γm+1 + 1

ρ̄m

))
.

(33)

In particular, we notice from (31) and (33) that that the exponent terms involving the SNR γm

are dominated by Nr. Hence, according to (15), the average SER achieves a diversity order equal

to the number of receive antennas, i.e., achieves full diversity. The following proposition states

the diversity order of the antenna index error rate.



15

CDA-2990

Ethernet

switch

USRP 2920

Tx

USRP 2920

Rx

LabVIEW

software

Fig. 2: Hardware experimental setup for the realization of the 2× 2 SM system.

Proposition 3: At high SNR, the diversity of the antenna index error rate for the non-coherent

SM energy detection scheme is proportional to half the number of receive antennas, i.e., ∝ Nr/2.

Proof. See Appendix C.

Ultimately, by examining the overall error rate expression in (30), as the diversity of Ps and

Pa are respectively proportional to γ−Nr , and γ−Nr/2, we conclude that the SM energy detector

achieves a diversity of Nr/2, i.e., half the number of receive antennas.

IV. EXPERIMENTAL VALIDATION

In this section, we aim to analyze the performance of the proposed energy detector for SM

via an experimental setup using SDR tools. We start by describing the hardware system setup,

then explain the software configurations related to the implementation.

A. Hardware Setup

We consider an SM system with two transmit and two receive antennas. The purpose of

employing a 2 × 2 SM system is to introduce and validate the SM energy detection scheme

with a simple and tractable configuration using the available equipment. More specifically, the

hardware consists of four National Instruments Universal Software Radio Peripheral (NI USRP)

2920 devices [30]. Each USRP is equipped with a single antenna, as shown in Fig. 2. The
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TABLE I: System setup equipment details.

Equipment Description
Computer HP Probook 16 GB RAM Core i5 processor
SDR USRP-2920 series, transmit power: 15 to 18 dBm at 1.2 GHz
Antennas VERT400 Tri-band omnidirectional antenna, gain: 3.4 dBi at 1.2 GHz
MIMO cable USRP MIMO data and sync cable
Clock distribution CDA-2990 8-channel clock distribution module
Ethernet switch D-Link Gigabit Ethernet switch
Connectors SMA cables from clock to USRP, Ethernet cables from USRP to switch

antennas operate at three different frequency bands, i.e., 144 MHz, 400 MHz, and 1.2 GHz; in

this experiment, we use the 1.2 GHz band. The transmitter and receiver distance is set to 1 m.

Note that the antenna separation at each end of the transmission is equal to λ/2 = 12 cm, where

λ is the transmission wavelength, which should result in little to no spatial correlation. Given the

physical location and hardware connections, we try to avoid placing the receiver across from the

transmitter in an effort to limit the channel to a non-line-of-sight component. The SDR devices

are connected to the same network with the use of a Gigabit Ethernet switch. In general, the

USRP-2920 devices require an external hardware component to synchronize the transmission. In

particular, we use the CDA-2990 clock distribution module [31], which is an external device that

connects to both sides of the transmission. Specifically, it generates and distributes 106 pulse per

second signals for synchronization. To emulate a MIMO setup, we link a pair of USRP-2920

devices together with the help of a MIMO expansion cable at both sides of the transmission.

Moreover, given that every USRP has its own RF chain, we control the activation of the transmit

antennas using software which is explained in the next subsection. In this way, we ensure that

a single transmit antenna is activated at each transmission time, hence achieving the single-RF

chain property of SM. Further details on the hardware equipment are provided in Table I.

B. Software Configuration

The signal processing at the transmitter and receiver is realized using the NI LabVIEW

programming environment. The transmitter generates the information and applies SM to send

the data through the wireless channel. Then, the receiver processes the received signal to identify
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Fig. 3: Step-by-step data transmission and reception block diagram with hardware connections.

the active transmitting antenna and the transmitted symbol. The block diagram in Fig. 3 depicts

the step-by-step signal processing steps at the transmitter and receiver.

1) USRP Transmitter: The transmitter performs the following steps:

• Random bits and framing: A random bit stream is generated and split into blocks of

log2(MNt) bits before passing through the SM mapper.

• SM mapper: The SM mapper selects the first log2(Nt) bits to specify the active transmit

antenna, and the remaining log2(M) bits are used to choose a symbol from the biased M -

PAM signal constellation. In this experiment, we have two transmit antennas (Nt = 2) and

choose a biased 4-PAM (M = 4) modulation.

• Training sequence: The training signal is arranged to ensure that the antennas transmit

the training symbols sequentially, i.e., one of the two USRP devices transmits the sequence

while the other is idle.

• Pulse shaping and upsampling: A pulse-shaping filter is applied to minimize inter-symbol

interference. In this scenario, we apply a root-raised cosine filter with a roll-off factor equal

to 0.5. Moreover, each frame is upsampled with an oversampling factor of 12.

2) USRP Receiver: The signal received by the USRPs is processed to recover the original

data stream. The steps are as follows:

• Downsampling and matched filtering: The received signal is downsampled by a factor of

12 before applying a matched filter using the same parameters as the transmitter side.
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• Frame and symbol synchronization: This step guarantees that the data gathered by the two

receiving antennas are received within the same time frame. More specifically, we implement

the Schmidl and Cox algorithm [32] which searches for the portion of the received signal

where two consecutive streams are highly correlated.

• Channel estimation: The channel estimation operation is achieved by using the least squares

algorithm to calculate the channel magnitudes.

• SNR calculation: Each USRP device has a gain parameter that can be tuned from 0 to 31

dB. Having a higher gain value means having a higher output power. Thus, the process of

varying the gains to get an estimate of the SNR is repeated 104 times for every SNR point.

• ML energy detection: The demodulation process is achieved by applying the ML energy

detector in (5) to recover the original bit stream.

• Error rate calculation: The recovered bits from the output of the ML detector together

with the SNR measurements are then used to get the average error rate performance for the

SM energy detection scheme.

V. EXPERIMENTAL AND SIMULATION RESULTS

In this section, we present numerical results of the proposed energy detector for non-coherent

SM. In the simulations, we consider a flat Rayleigh fading channel with AWGN and channel

magnitude knowledge at the receiver. We consider two schemes as benchmarks for performance;

C-ML is the SM coherent ML receiver [13], where βi,n is replaced by h2
i,n in (9), and MRC

is the SM MRC receiver in [3]. The proposed receiver is denoted by ED-ML. Ultimately, we

evaluate the performance in terms of the average error rate versus the SNR.

We first validate our theoretical error rate analysis in Fig. 4 where we show the performance

of the proposed ED-ML receiver for Nt = 2, Nr = 2, 4, and M = 2, 4. For the analytical results,

the summations with infinite limits are truncated to twenty terms. The results demonstrate that

there is a perfect match between the numerical and the analytical/theoretical error rate for various

cases. We also validate our analysis for the case where Nt = 4, which shows the tightness of

the bound at high SNR for the antenna index detection in (19). In addition, we remark that the

energy-based SM detector system achieves a diversity order equal to half the number of receive

antennas. More specifically, we observe for the case where Nt = Nr = 2, that the ED-ML
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Fig. 4: Validation of theoretical analysis for different combinations of system parameters Nt,
Nr, and M .

receiver achieves a diversity order of 1. Similarly, for the case where Nr = 4, the proposed

scheme achieves a diversity order of two.

We then compare the performance of ED-ML with that of C-ML and MRC for a spectral

efficiency η of 2 and 3 bps/Hz in Fig. 5. We first observe that the proposed ED-ML scheme

outperforms the MRC in the low SNR regime. This result comes from the fact MRC requires

full channel knowledge to achieve a good performance. This result is known in the SM literature

as constrained channels [13], [15]. Moreover, we perceive that with the increase in modulation

order, non-coherent energy detection outperforms its coherent counterpart. For instance, at an

error rate of 10−5, the gap between biased 2-PAM (dashed lines) and biased 4-PAM (solid lines)

is around 9 dB for C-ML, 7.5 dB for MRC, and 6 dB for ED-ML. This result highlights the

importance of employing a non-negative constellation design which is only optimal for the case

of energy-based non-coherent reception. In addition, we plot the performance of the ED-ML

scheme for the case where the receiver is equipped with Nr = 8 antennas (triangle markers).

We observe that in order to outperform the C-ML scheme for the same modulation order, the

receiver must be equipped with double the number of antennas, hence achieving a diversity

order of Nr/2 as was shown in Section III-B. This loss in diversity is due to the absence of full
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Fig. 5: Performance of ED-ML versus C-ML and MRC for η = 2, 3 bps/Hz.

channel knowledge and the fact that the receiver relies on energy detection.

Furthermore, to quantify the performance of the proposed ED-ML scheme for high spectral

efficiencies, we compare its performance with the C-ML detector in Fig. 6. More specifically, we

consider two scenarios; the first one where we fix the number of transmit antennas and vary the

modulation order, and the second one where we fix the modulation order and vary the number of

transmit antennas. Note that the ED-ML receiver is equipped with twice the number of receive

antennas to achieve the same diversity order as the C-ML receiver. For the first scenario, we

observe that the gap between ED-ML and C-ML decreases with increasing M until we reach a

crossover point after M = 8. After that, we see that the ED-ML outperforms the C-ML detector.

This result highlights again the importance of employing a biased PAM for non-coherent energy

detection receivers. As for the second scenario, we notice that for a low number of transmit

antennas (Nt ≤ 8), the ED-ML outperforms the C-ML detector. In contrast, the C-ML performs

better for a high number of transmit antennas. This result is expected since the receiver jointly

detects the transmitted symbol and the index of the active antenna. Thereafter, by employing

a biased modulation, we enhance the detection performance, especially when the receiver is

restricted to knowledge of the channel gains. However, when the number of transmit antennas
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Fig. 6: Performance of ED-ML versus C-ML for different system parameters (SNR = 30 dB).

increases, the performance is largely affected by the antenna index detection. In summary, we

conclude that there is a tradeoff between the number of transmit antennas and modulation order,

as we saw that it is preferable to have a higher modulation order and a lower number of transmit

antennas for a certain spectral efficiency.

In Fig. 7, we present the experimental results of our setup of the 2 × 2 SM system. For the

proposed ED-ML scheme, we plot the simulation results, and we show as well experimental

results for the case of coherent detection, i.e., the C-ML detector. The experimental results are

generated by having a stream of 4000 bits per transmission, and repeating the experiment 104

times for each SNR point in order to obtain good accuracy. Further details on the parameter

specifications for the software configuration are in Table II. We notice from Fig. 7 that the

maximum measured SNR is 18 dB. One reason for this limitation is that the USRP local oscillator

may cause non-constant noise density [33], which affects the SNR measurement. Another reason

is having to simultaneously tune the gain parameter of multiple USRP devices to vary the

signal power, which changes among devices. Note that other reasons that might contribute to

performance degradation exist, however, it is difficult to identify all the imperfections from a

hardware perspective. One solution to this issue is to add a power amplifier to boost the output
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Fig. 7: Performance comparison between simulation and experimental results for ED-ML and
C-ML, at η = 3 bps/Hz.

TABLE II: Software parameters settings.

Parameter Specification
Operating frequency 1.2 GHz
USRP gain range 0 to 31 dB
Sampling rate 12 MS/s
Modulation Biased 4-PAM
Bits per packet 4000
Training sequence length 40
Oversample factor 12

power, thereby achieving a higher SNR. Nevertheless, we observe from the results that for both

schemes, the experimental results follow the same trend as the simulation given the physical

environment and hardware constraints, thereby validating the energy detection scheme for SM.

We should emphasize that the aim of this experiment is to introduce the use of energy detection

in SM systems using the available SDR equipment.
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VI. CONCLUSION

In this paper, we presented and analyzed a non-coherent SM energy detection scheme based

on the ML criterion, with channel magnitude knowledge at the receiver. By considering a biased

(non-negative) PAM, we studied the performance of the SM energy detector by deriving an

accurate analytical framework of the error rate at high SNRs. Moreover, we proved that the

diversity order of the proposed SM scheme is equal to half the number of receive antennas.

Our results showed that the performance of energy detector-based non-coherent SM is superior

to that of its coherent counterpart when employing non-negative constellations. Moreover, we

demonstrated in a simple experimental setup that the error rate performance of the proposed

energy detection scheme for SM follows the same trend as the simulation results. Finally, due

to its low complexity and partial CSI knowledge, an important application for energy-based

non-coherent SM is for low-cost low-powered IoT devices.

APPENDIX A

PROOF OF PROPOSITION 1

It is important to note that due to the complexity and intractability of the Marcum Q-function,

it is not straightforward to average the SER over the channel magnitude β. Therefore, we first

propose to rewrite the Marcum function in a suitable form to solve the problem at hand, and

then obtain the average SER performance at high SNRs. More specifically, we use the following

series representation of the generalized Marcum Q-function [34]

QNr(a, b) = 1− exp

(
−a2

2

) ∞∑
n=0

(
a2

2

)n γ
(
Nr + n, b

2

2

)
Γ(Nr + n)

. (34)

By applying the following symmetric relation between QNr(a, b) and QNr(b, a)

QNr(a, b) +QNr(b, a) = 1 + exp

(
−(a2 + b2)

2

) Nr−1∑
k=1−Nr

(a
b

)k
Ik(ab), (35)
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and after a few algebraic manipulations, the first term on the right hand side of (14) is given by

Eβ

{
QNr

(√
2Emβ

σ2
w

,

√
2ρmβ

σ2
w

)}
=Eβ

{
Nr−1∑

k=1−Nr

exp

(
−(Em+ρm)β

σ2
w

)(
Em

ρm

)k

Ik

(
2β

√
Emρm
σ2
w

)}
︸ ︷︷ ︸

A(Em)

+ Eβ


∞∑
n=0

exp

(
−ρmβ

σ2
w

)(
ρmβ

σ2
w

)n γ
(
Nr + n, Emβ

σ2
w

)
Γ(Nr + n)

︸ ︷︷ ︸
B(Em)

.

(36)
Similarly, the second term on the right hand side of (14) is

C(Em+1) ≜ Eβ

{
1−QNr

(√
2Em+1β

σ2
w

,

√
2ρmβ

σ2
w

)}
=Eβ

{
∞∑
n=0

exp

(
−Em+1β

σ2
w

)(
Em+1β

σ2
w

)n

×
γ
(
Nr + n, ρmβ

σ2
w

)
Γ(Nr + n)

 .

(37)

For a conditional error function that is non-zero around the origin and that approaches zero with

increasing SNR, the SER is dominated by the near-origin behavior of the PDF of the channel

gain and characterizes a high SNR performance [29]. Moreover, the Rayleigh distribution of

|hi| leads to an exponential distribution of βi, since β =
∑Nr

i=1 βi,n =
∑Nr

i=1 |hi,n|2. Therefore, β

represents a gamma distribution with PDF

fβ(β) = β(Nr−1) exp

(
− β

(Nr − 1)!

)
.

Thus, A(Em) in (36) can be calculated as

A(Em) =
Nr−1∑

k=1−Nr

∫ ∞

0

exp

(
−(Em + ρm)β

σ2
w

)(
Em

ρm

)|k|

Ik

(
2β

√
Emρm
σ2
w

)
fβ(β)dβ

=

(
σ2
w

δ

)Nr Nr−1∑
k=1−Nr

(|k|+Nr − 1)!

|k|! (Nr − 1)!

(
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√
Em

δ
√
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)|k|

× 2F1

(
|k|+Nr

2
,
|k|+Nr + 1

2
; |k|+ 1;

4Emρm
δ2

)
,

(38)
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where the final form is given in (16), and δ ≜ Em + ρm + σ2
w. Correspondingly, we notice that

(37) and B(Em) in (36) and can be evaluated in a similar manner. Therefore, using the following

integral representation for the lower incomplete Gamma function

γ(a, z) =

∫ z

0

ta−1 exp(−t)dt,

we obtain the final forms of B(Em) and C(Em+1) given in (17) and (18), respectively.

APPENDIX B

PROOF OF PROPOSITION 2

As we can see from (25), due to the intractability of the Marcum Q-function, we follow the

same methodology for the computation of the average SER by applying the series representation

of the generalized Marcum Q-function in (34). We can also notice from (25) that each error rate

expression depends on both channel magnitudes βu and βv. Since we consider the case of i.i.d

random variables, the fading channel magnitudes are therefore uncorrelated. In consequence, the

joint PDF fβu,βv (βu, βv) can be written as the product of the marginal PDFs, i.e., fβu,βv (βu, βv) =

fβu(βu)fβv(βv). Thus, Eβu,βv

{
1−QNr

(
√
Eβu√
σ2
w

,

√
E(βu+βv)√

2σ2
w

) ∣∣∣∣ βu ≥ βv

}
in (25) is given by
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which is rewritten in (27). Using (34) and (35), Eβu,βv
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can be split into two separate expressions given by
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and

D′′
2 =Eβu,βv
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Therefore, D2 ≜ D′
2+D′′

2 . Due to the symmetry of the problem, the error rate expressions for the

case where βu < βv can be computed by following the same reasoning as the case of βu ≥ βv,

with the exception that the order of the integrals is inverted. Finally, the antenna index error rate

is obtained as given in (26).

APPENDIX C

PROOF OF PROPOSITION 3

To prove that the diversity of the antenna index error rate is proportional to Nr/2, it is sufficient

to calculate the diversity order of the first term on the right hand side of (26), i.e.,
∑2

n=1 Dn.

By using the fact that γ = E/σ2
w, we can express D1 as

D1 =
∞∑
n=0
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0
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0
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(42)

and split D2 into
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2 =
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(43)

and
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fβu(βu)fβv(βv)dβvdβu.

(44)

Since we are analyzing the diversity of the SM energy detector, we can afford to approximate

the derived error rate expressions in order to reveal the system diversity order. By taking this

into account, we assume a high SNR regime and start by evaluating D1. At high SNRs, the lower

incomplete gamma function can be approximated by γ (a, b) → Γ (a). Using this simplification,

we obtain the following closed-form expression (in terms of an infinite sum) for D1
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This result shows that the diversity order of D1 is proportional to Nr, as the exponent terms

involving γ are dominated by Nr. Next, by inspecting (43), we notice that the term inside the

modified Bessel function (specifically the term under the square root) prevents us from obtaining

a significant solution, due to the coupling of βu and βv. Consequently, we provide a lower bound

for Ik(·), hence a lower bound for D′
2. Specifically, we use the following bound [35]
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2
. (46)

Therefore, we can rewrite Ik

(
γ
2

√
2βv(βu+βv)

)
as

Ik

(
γ
√
2

2

(
βvβu + β2

v

) 1
2

)
>

1

Γ(k + 1)

(
γ
√
2

4

(
βvβu + β2

v

) 1
2

)k

=

(
γ
√
2/4
)k

Γ(k + 1)

k/2∑
j=0

(
k/2

j

)
βj
uβ

k+j/2
v ,

(47)

where we used the binomial theorem expansion for (βvβu+β2
v)

k/2, i.e.,

(
βvβu + β2

v

)k/2
=

k/2∑
j=0

(
k/2

j

)
(βvβu)

j βk−j/2
v .

Then, by using the fact that Ik(z) = I−k(z), we plug the lower bound for the Bessel function

in (43) and obtain the following lower bound for the expression of D′
2



28

D′
2 >

Nr−1∑
k=1−Nr

|k|/2∑
j=0

21−|k|Nr

(
1 + 3γ

4

)−2j−|k|−Nr
γ|k| (4 + γ)−Nr/2

(|k|/2
j

)
Γ(1 + |k|)Γ(1 +Nr)2

×
(
(4 + 3γ)−Nr/2Γ(1 +Nr/2)Γ(2j + |k|+Nr)

(
1− (4 + γ)−Nr/2

)
×2F1

(
Nr

2
, 2j + |k|+Nr; 1 +

Nr

2
;− 4 + γ

4 + 3γ

))]
,

(48)

where we again used the binomial theorem expansion for
(

2βv

βu+βv

)|k|/2
, i.e.,

(
2βv

βu+βv

)|k|/2

= (2βv)
|k|/2 1∑|k|/2

j=0

(|k|/2
j

)
βj
uβ

−j+|k|/2
v

.

We deduce from (48) that the exponent terms involving γ are dominated by Nr/2. This results

states that D′
2 decays as γ−Nr/2, hence achieving a diversity order of Nr/2. Finally, D′′

2 can

be solved in the same manner as D1 by considering the simplification of the lower incomplete

gamma function. Thus, an expression for D′′
2 is given by

D′′
2 =

∞∑
n=0

∫ ∞

0

∫ βu

0

exp

(
−γ (βu + βv)

4

)(
γ (βu + βv)

4

)n

fβu(βu)fβv(βv)dβvdβu

=
∞∑
n=0

n∑
j=0

[
2−j+2Nrγn(4 + γ)−n−NrΓ(j +Nr)

(
n
j

)
Γ(Nr)2

×
(
Γ(−j + n+Nr)−

Γ(n+Nr)

Γ(1+j+Nr)
2F1 (Nr + j, n+Nr; 1 + j +Nr;−1)

)]
,

(49)

which achieves a diversity order proportional to Nr. We conclude from the analysis of the error

rate terms (45), (48), and (49) that the antenna index error rate decays with γ−Nr/2 at high SNR,

which represents the smallest SNR exponent among D1, D′
2, and D′′

2 .
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