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Symbol Detection of Ambient Backscatter
Communications under IQ Imbalance
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Abstract—Ambient backscatter communications (AmBC)
have been mainly studied under the assumption of perfect
inphase/quadrature-phase (IQ) balance, which is hard to achieve
in practical AmBC networks. In this paper, we study the symbol
detection in AmBC under IQ imbalances. In particular, consider-
ing a differential encoding scheme at the AmBC transmitter and
an energy difference based detector at the AmBC receiver, we
derive the bit error rate (BER) and the near-optimal detection
threshold in closed forms. Since the near-optimal detection
threshold requires a priori knowledge of the channel state
information, the IQ imbalance parameters, the noise power
and the transmit power of the ambient source, which is not
readily known by the AmBC receiver, we propose a simple but
practical method to estimate the near-optimal detection threshold
by exploiting the received signal samples at the AmBC receiver.
Simulation results validate the accuracy of the derived BER and
detection threshold, and reveal that the studied detector is more
robust to the amplitude imbalance than to the phase imbalance.

Index Terms—Ambient backscatter communications, IQ im-
balance, symbol detection.

I. INTRODUCTION

Ambient backscatter communications (AmBC) have been
deemed a strong contender for low-power and low-cost In-
ternet of Things (IoT) [1], [2], where an IoT node acts as
an AmBC transmitter to modulate and backscatter incident
ambient signals, e.g., cellular signals, to realize information
transmission, and the AmBC receiver receives the ambient
source signal and the backscattered signal simultaneously.
Since the ambient source signal is usually much stronger
than the backscattered signal but is unknown by the AmBC
receiver, it is not a trivial task to detect the AmBC information
symbols from the composite received signal.

Leveraging the fact that the modulation rate of the ambient
source signal is much higher than that of the AmBC signal,
the authors in [3] eliminated the ambient source signal by
averaging the composite received signal over multiple ambient
source information symbols. Following this idea, a coherent-
based energy detector with an optimal detection threshold to
minimize bit error rate (BER) was proposed in [4], which
however required the channel state information (CSI). To cope
with this issue, by introducing the differential encoding into
AmBC, a non-coherent energy-based detector and an energy
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difference based detector were designed in [5] and [6], respec-
tively, and the corresponding near-optimal detection thresholds
were derived. Subsequently, the non-coherent energy-based
detector was extended from binary modulation to high-order
modulation for the AmBC transmitter [7]. For multi-antenna
AmBC receivers, a maximum-eigenvalue-based detector [8]
and a generalized likelihood ratio test based detector [9] were
proposed. In [10], the authors introduced orthogonal frequency
division multiplexing into AmBC, and jointly designed the
OFDM waveform and symbol detector for AmBC to cancel
out the ambient source signal. The application of deep learning
in AmBC to improve the symbol detection performance was
studied in [11].

All these studies on symbol detectors in AmBC have
largely ignored the hardware impairments (HIs), such as in-
phase/quadrature-phase (IQ) imbalance, which typically occur
in the low-cost direct-conversion transmitter/receiver and can-
not be avoided in AmBC [12]. It is important to understand
how these HIs impact the performance of AmBC. To date,
only two works considered HIs in AmBC. In [13], the authors
proposed to jointly estimate the parameters of HIs, while
in [14], the authors investigated the outage performance of
the AmBC under HIs. However, the symbol detection under
IQ imbalances has not been studied for AmBC, that is, the
impacts of IQ imbalance on the symbol detection are still an
open issue and worthy of investigation.

In this paper, we model and analyze the BER of the energy
difference based detector in the presence of IQ imbalances.
We derive a closed-form expression of the achievable BER
as a function of the detection threshold and IQ imbalance
parameters. The near-optimal detection threshold that results
in a near-minimum BER is also derived. Considering that a
priori knowledge of the CSI, the IQ imbalance parameters, the
noise power and the transmit power of the ambient source is
required by the AmBC receiver to calculate the near-optimal
detection threshold, which hinders its application in practice,
we devise a practical way to estimate the near-optimal de-
tection threshold by exploiting the received signal samples
at the AmBC receiver. Please note that the analysis of this
paper can be extended into other energy-based detectors as we
have derived the distribution of average power of the received
signal corresponding to one backscatter bit that is a key
point for analyzing the performance of energy-based detectors.
Finally, computer simulations are performed to reveal the
accuracy of our derived results and confirm the following
findings. First, IQ imbalance degrades the BER of the studied
symbol detector. Particularly, the phase imbalance degrades
the BER of the studied detector more significantly than the
amplitude imbalance. Second, the IQ imbalance has an impact
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on the near-optimal threshold. For example, when the relative
phase deviation increases and the relative amplitude decreases
simultaneously, the near-optimal threshold decreases.

The main notations used in this paper are listed be-
low. E[x], var[x], and |x| denote the expectation, the vari-
ance, and the absolute value of x, respectively. Q (x) =

1√
2π

∫∞
x

exp
(
− t

2

2

)
dt is the Q function. CN (a, b) denotes

the Gaussian distribution with mean a and variance b.

II. SIGNAL MODEL

We consider an AmBC network with one ambient source,
one AmBC transmitter, and an AmBC receiver, where the
AmBC transmitter adopts differential encoding. We assume
that all channels follow independent frequency flat block
fading, i.e., all the channel fading coefficients keep constant in
each transmission block, but may vary across adjacent blocks.

A. Signal Model under Perfect IQ Balance

Due to the modulation rate difference between the AmBC
transmitter and the ambient source, we assume that one AmBC
information bit is modulated into N consecutive ambient
source information bits. The N consecutive samples at the
AmBC receiver under perfect IQ balance are given by [6]

yideal (n) = µ (k) s (n)+w (n) ,n = 1, 2, · · ·, N, (1)

where the superscript ‘ideal’ denotes the ideal scenario with
perfect IQ balance, µ (k) = h + fgB (k), in which h, f
and g are the complex channel coefficient of the ambient
source to the AmBC receiver, the ambient source to the AmBC
transmitter, and the AmBC transmitter to the AmBC receiver,
respectively, B(k) = A(k) ⊗ B(k − 1) (k = 1, 2, · · · ,K) is
the k-th output bit of the differential encoder at the AmBC
transmitter, A(k) denotes the k-th information bit input to the
differential encoder, ⊗ denotes modulo 2 addition, s(n) ∼
CN(0, Ps) and w(n) ∼ CN(0, σ2

w) are the n-th ambient
source information bit and the additive white Gaussian noise,
respectively, and Ps is the ambient source’s transmit power.

By exploiting the feature of the differential encoder, an
energy difference based detector [6] is adopted to detect A(k)
from yideal(n), i.e.,{

Â (k) = 1, if Φideal
k

∆
=
∣∣Γideal
k − Γideal

k−1

∣∣ ≥ γideal
th

Â (k) = 0, if Φideal
k

∆
=
∣∣Γideal
k − Γideal

k−1

∣∣ < γideal
th

, (2)

where Γideal
k = 1

N

∑kN
n=(k−1)N+1

∣∣yideal (n)
∣∣2, which approx-

imately follows a Gaussian distribution [6], is the average
power of the N consecutive samples corresponding to B(k),
γideal

th is the detection threshold under perfect IQ balance, and
Â(k) is the estimated value of A(k).

The corresponding BER and the near-optimal detection
threshold can be, respectively, written as [6]

Pideal
BER = Pr

(
Â (k) = 0 |A (k) = 1

)
Pr (A (k) = 1)

+ Pr
(
Â (k) = 1 |A (k) = 0

)
Pr (A (k) = 0)

=
1

2
Q

(
γideal

th√
2ς20

)
− 1

2
Q

(
γideal

th + δideal√
ς20 + ς21

)

+
1

2
Q

(
γideal

th√
2ς21

)
+

1

2
Q

(
−γideal

th + δideal√
ς20 + ς21

)
, (3)

γideal
th,nopt =

∣∣δideal
∣∣

2
+
ς20 + ς21
|δideal|

ln

1+

√
1−e

− (δideal)2

ς20+ς21

 , (4)

where δideal = E
[
Γideal
k |B(k) = 1

]
− E

[
Γideal
k |B(k) = 0

]
,

E
[
Γideal
k |B(k) = 0

]
= |h|2Ps + σ2

w, E
[
Γideal
k |B(k) = 1

]
=

|h+ fg|2Ps + σ2
w, ς20 = var

[
Γideal
k |B(k) = 0

]
=

2
N |h|

2
Psσ

2
w, and ς21 = var

[
Γideal
k |B(k) = 1

]
=

2
N |h+ fg|2Psσ2

w.
Since the CSI, Ps, and σ2

w are not readily known by the
AmBC receiver, γideal

th,nopt can not be obtained in practical
AmBC. For the energy difference based detector in [6], by
ignoring the second term in (4), γideal

th was estimated as
E[|Φideal

k |]
2 , where E

[∣∣Φideal
k

∣∣] = 1
K

∑K
k=1

∣∣Φideal
k

∣∣.
B. Signal Model and Symbol Detection under IQ Imbalance

Under IQ imbalance, the signal samples at the AmBC
receiver can be written as [12]

yiq(n) = κ1y
ideal(n) + κ2

(
yideal(n)

)∗
= κ1µ (k) s(n)

+ κ2µ
∗ (k) s∗(n) + κ1w(n) + κ2w

∗(n), (5)

where κ1 = 1+ρe−jφ

2 , κ2 = 1−ρejφ
2 , the symbol ‘∗’ denotes the

complex conjugate, φ and ρ give the relative phase deviation
from the quadrature (90 degree) phase shift and the relative
amplitude imbalance between the I and Q branches. By
comparing (5) with (1), it can be seen that yiq(n) = yideal(n)
for φ = 0 and ρ = 1, i.e., the perfect IQ balance is a special
case of IQ imbalance.

Under IQ imbalance, the energy difference based detector
to detect A(k) from yiq(n) can be written as Â (k) = 1, if Φiq

k
∆
=
∣∣∣Γiq
k − Γiq

k−1

∣∣∣ ≥ γiq
th

Â (k) = 0, if Φiq
k

∆
=
∣∣∣Γiq
k − Γiq

k−1

∣∣∣ < γiq
th

, (6)

where γiq
th is the detection threshold under IQ imbalance, and

Γiq
k = 1

N

∑kN
n=(k−1)N+1

∣∣yiq (n)
∣∣2 (k = 1, 2, · · · ,K). Ac-

cording to the central limit theorem (CLT), Γiq
k approximately

follows a Gaussian distribution, the mean and variance of
which will be presented in the next section. Please note that
the IQ imbalance has impacts on the coherent detector1, e.g.,
[15], and this will be studied in our future work.

III. BER AND DETECTION THRESHOLD UNDER IQ
IMBALANCE

One can see from (3) and (4) that the BER and the near-
optimal detection threshold under perfect IQ balance are
determined by the mean and variance of Γideal

k . Similarly, if
the mean and variance of Γiq

k are derived, then the BER and

1As shown in (5), the signal samples are affected by the IQ imbalance
parameters, i.e., φ and ρ. This indicates that φ and ρ will affect the probability
density function (PDF) of signal samples and the coherent detector that is
related with the PDF of signal samples.
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Fig. 1. Empirical and analytical PDFs for Γiq
k with N = 50, Ps

σ2
w

= 1, h = −0.1603 − 0.6026i, and h+ fg = 1.2272 + 0.3346i: (a) perfect IQ balance;
(b) IQ imbalance with ρ = 0.95 and φ = π

36
.

near-optimal detection threshold under IQ imbalance can be
obtained. Towards this end, Theorem 1 is provided.

Theorem 1. For given φ and ρ, the mean and variance of
Γiq
k are, respectively, calculated as,

E
[

Γiq
k

∣∣∣B (k) = 0
]

= κ
(
|h|2Ps + σ2

w

)
E
[

Γiq
k

∣∣∣B (k) = 1
]

= κ
(
|h+ fg|2Ps + σ2

w

) (7)

 var
[

Γiq
k

∣∣∣B (k) = 0
]
' a(Ps|h|2+σ2

w)
2

2N

var
[

Γiq
k

∣∣∣B (k) = 1
]
' a(Ps|h+fg|2+σ2

w)
2

2N

(8)

where κ = 1+ρ2

2 , a = ρ4+1+2ρ2sin2φ.
Proof. Please refer to Appendix A. �

In Fig. 1 (a), for the case of perfect IQ balance (i.e.,
φ = 0 and ρ = 1), we compare the empirical PDF of Γideal

k

with the approximated Gaussian PFD of Γideal
k (with mean

and variance given in (3) and (4)) provided by [6] and the
approximated Gaussian PDF of Γiq

k (which equals Γideal
k for

φ = 0 and ρ = 1) given in Theorem 1. We can see that for
φ = 0 and ρ = 1, i.e., the case of perfect IQ balance, Theorem
1 provides a much more accurate PDF of Γideal

k than that given
in [6]. This is because in [6], Γideal

k was decomposed into two
terms (see (10)-(13) in [6] ) and one of them (i.e., (10) or (11)
in [6]) was treated as a constant in approximating its variance,
while in our work, we have not made any approximation in
deriving its variance. Hence, our derived variance of Γideal

k

is more accurate than that of [6]. Besides, Fig. 1(b) shows
that the analytical PDF of Γiq

k given by Theorem 1 matches
closely the empirical PDF of Γiq

k under IQ imbalances.
Lemma 1. Using (7) and (8) to replace the conditional

means and variances of Γideal
k in (3) and (4), we obtain

the expressions of the BER and the near-optimal detection

threshold under IQ imbalances as follows,

Piq
BER =

1

2
Q

(
γiq

th√
2∆2

0

)
+

1

2
Q

(
γiq

th√
2∆2

1

)

− 1

2
Q

(
γiq

th + δiq√
∆2

0 + ∆2
1

)
+

1

2
Q

(
−γiq

th + δiq√
∆2

0 + ∆2
1

)
, (9)

γiq
th,nopt =

∣∣δiq
∣∣

2
+

∆2
+

|δiq|
ln

1 +

√
1− e

− (δiq)2

∆2
+

 , (10)

where δiq = κPs

(
|h+ fg|2 − |h|2

)
, ∆2

0 =

var
[

Γiq
k

∣∣∣B (k) = 0
]
, ∆2

1 = var
[

Γiq
k

∣∣∣B (k) = 1
]
, and

∆2
+ = ∆2

0 + ∆2
1.

One observation from (10) is that
∣∣δiq
∣∣ and ∆2

+ are required
to calculate the near-optimal detection threshold γiq

th,nopt.
However, the exact values of

∣∣δiq
∣∣ and ∆2

+ depend on the CSI,
the IQ imbalance parameters φ and ρ, the noise power and
the transmit power of the ambient source, which are unknown
by the AmBC receiver. To address this problem, we devise a
simple but practical way to estimate

∣∣δiq
∣∣ and ∆2

+ as follows.
Lemma 2. Based on (B.2) of Appendix B, we have

∣∣δiq
∣∣ =√

2
(

var
[
Φiq
k

]
−∆2

+

)
, where ∆2

+ can be obtained by solving

the following equation for ∆+, i.e.,

E
[∣∣∣Φiq

k

∣∣∣] ≈√ 3

8π
∆+ +

∆+√
2π

exp

−var
[
Φiq
k

]
−∆2

+

∆2
+



+

√√√√var
[
Φiq
k

]
−∆2

+

π

∫ √
2(var[Φiq

k ]−∆2
+)

∆+

0

exp

(
− t

2

2

)
dt

(11)

where ∆+ <

√
var
[
Φiq
k

]
, and var

[
Φiq
k

]
= 1
K−1

K∑
k=1

(
Φiq
k

)2

and

E
[∣∣∣Φiq

k

∣∣∣] = 1
K

K∑
k=1

∣∣∣Φiq
k

∣∣∣ hold for a sufficiently large K.
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TABLE I

IQ imbalance parameter Our theoretical γiqth,nopt Our estimated γiqth,nopt Theoretical γidealth,nopt in [6] Estimated γidealth,nopt in [6]
ρ = 1, φ = 0 20.4682 19.5989 19.4799 11.0101

ρ = 0.95, φ = π/36 19.4804 18.6525 Not available Not available
ρ = 0.9, φ = π/18 18.5619 17.7560 Not available Not available
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Fig. 2. BER versus Detection threshold.

Proof. Please refer to Appendix B. �
Moving the third term on the right-hand side of (11) to the

left-hand side, we have

ϑ1 (∆+) = ϑ2 (∆+) , (12)

where

ϑ1(∆+)=

√
3

8π
∆+ +

∆+√
2π

exp

−var
[
Φiq
k

]
−∆2

+

∆2
+

 , (13)

ϑ2 (∆+) = E
[∣∣∣Φiq

k

∣∣∣]−
√√√√var

[
Φiq
k

]
−∆2

+

π

×
∫ √

2(var[Φiq
k ]−∆2

+)
∆+

0

exp

(
− t

2

2

)
dt. (14)

We note that ϑ1(∆+) and ϑ2 (∆+) are increasing functions
of ∆+ for ∆+ > 0. Since ∂ϑ1(∆+)

∂∆+
6= ∂ϑ2(∆+)

∂∆+
and

0 < ∆+ <

√
var
[
Φiq
k

]
, there exists a solution satisfying

ϑ1 (∆+) = ϑ2 (∆+) in the open interval
(

0,

√
var
[
Φiq
k

])
.

This value of ∆+ can be found by one-dimension search
methods. Once the value of ∆+ satisfying (11) is obtained,∣∣δiq
∣∣ can be calculated following Lemma 2. Substituting the

values of ∆+ and
∣∣δiq
∣∣ into (10), the near-optimal detection

threshold under IQ imbalance can be obtained.

IV. SIMULATION RESULT

The basic parameters are the same as those of Fig. 1. Unless
otherwise stated, the signal-to-noise ratio (SNR), 10 log Ps

σ2
w

, is
set as 15 dB. In Fig. 2, we study the relationships between
BER and detection threshold under different IQ imbalance
parameters, respectively. It can be seen that there exists an

0 5 10 15 20

SNR (dB)
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B
E

R

Simulation results

Theoretical results

N=50, 75,100

Fig. 3. BER versus SNR.
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Fig. 4. BER versus (1 − ρ) × 100% or φ
0.5π

× 100%.

optimal detection threshold minimizing BER and that the
optimal detection threshold decreases with the IQ imbalance.
This is because the IQ imbalance decreases the mean of ∆2

+

and
γiq

th,nopt

2 is the dominant one to calculate γiq
th,nopt. Table

I lists the theoretical and estimated near-optimal detection
thresholds. Our theoretical and estimated detection thresholds
are calculated by (10) using the exact and estimated

∣∣δiq
∣∣

and ∆2
+, respectively. The theoretical and estimated detection

thresholds provided in [6] are calculated by (4) and
E[|Φideal

k |]
2 ,

respectively. By comparisons between the optimal detection
threshold shown in Fig. 2 and the near-optimal detection
threshold listed in Table I, one can see that our theoretical
and estimated thresholds are closer to the optimal one than
those of [6] particularly for the estimated threshold. The main
reason is that the second term of (4) is ignored in [6] while
it is considered in our estimated one. One can also see from
Table I that our theoretical and estimated thresholds decrease
when φ increases and ρ decreases simultaneously.

Fig. 3 plots the BER versus SNR under the perfect IQ
balance. The threshold is calculated by (10). It can be seen
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that our derived BER matches simulation results well and
the accuracy of (10) increases with N . This validates the
correctness of our derived BER. It can also be seen that an
error floor exists. This is because the AmBC receiver suffers
from the direct link interference caused by the ambient source,
the same as the IQ balance case in [6].

In Fig. 4, we evaluate the impact of IQ imbalance on the
BER of the energy difference based detector. The percentages
of the amplitude and phase imbalances are calculated as
(1− ρ)×100% and φ

π/2×100%, respectively. One can see that
the BER increases with the percentage IQ imbalance, which
indicates that IQ imbalance degrades the performance. One
can also see that the performance degradation of the phase
imbalance is higher than that of the amplitude imbalance. This
indicates that the energy difference based detector is more
sensitive to the phase imbalance over the amplitude imbalance.

Finally, we study the impacts of K on the estimated
threshold in Fig. 5. One can see that for all the considered
values of K, our estimated threshold is closer to the theoretical
one than the estimated threshold provided in [6]. One can also
see that our estimated threshold approaches the theoretical
threshold when K increases. This is because a larger K results
in a more accurate approximation on var

[
Φiq
k

]
and E

[∣∣∣Φiq
k

∣∣∣].
V. CONCLUSION

In this paper, we have derived the BER and the near-optimal
detection threshold of the energy difference based detector
for differentially encoded AmBC in the presence of IQ im-
balances. We have proposed a method to estimate the near-
optimal detection threshold so that a blind symbol detection
can be achieved. Our simulation results have validated the
accuracy of the analytical results and shown that the energy
difference based detector is more robust to the amplitude
imbalance than to the phase imbalance in terms of BER.

APPENDIX A
Based on (5), Γiq

k can be calculated as

Γiq
k =

1

N

kN∑
n=(k−1)N+1

∣∣yiq(n)
∣∣2

=
1

N

kN∑
n=(k−1)N+1

(
a1Re2

[
yideal
d (n)

]
+ a2Im2

[
yideal
d (n)

])
+

1

N

kN∑
n=(k−1)N+1

2a3Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

]
, (A.1)

where a1 = 1 + ρ2sin2ϕ, a2 = ρ2cos2ϕ, and a3 =
−ρ2 cosϕ sinϕ.

Then, the mean of Γiq
k is given by

E
[
Γiq
k

]
=
a1
N

kN∑
n=(k−1)N+1

E
[
Re2

[
yideald (n)

]]

+
2a3
N

kN∑
n=(k−1)N+1

E
[
Re
[
yideald (n)

]]
E
[
Im
[
yideald (n)

]]

+
a2
N

kN∑
n=(k−1)N+1

E
[
Im2

[
yideald (n)

]]
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=

{
κ
(
|h|2Ps + σ2

w

)
, B (k) = 0

κ
(
|h+ fg|2Ps + σ2

w

)
, B (k) = 1

, (A.2)

where κ = 1+ρ2

2 . Due to the symmetry in IQ
branches, E

[
Re2

[
yideal
d (n)

]]
= E

[
Im2

[
yideal
d (n)

]]
=

1
2E
[∣∣yideal

d (n)
∣∣2] holds. Combining with E

[
yideal
d (n)

]
= 0,

and E
[
Γideal
k

]
= E

[∣∣yideal
d (n)

∣∣2], the last equality is derived.

The variance of T iq
k is written as (A.3), as shown at

the top of the next page, whose value of each term in
(A.3) is derived as follows. Applying CLT and the sym-
metry in IQ branches, it is not hard to derive that both

kN∑
n=(k−1)N+1

Re2
[
yideal
d (n)

]
and

kN∑
n=(k−1)N+1

Im2
[
yideal
d (n)

]
follow the Gaussian distribution with a mean NE[Γk]

2 and a
variance NE2[Γk]

2 when N is sufficient large. Similar as above,
kN∑

n=(k−1)N+1

Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

]
obeys the Gaussian

distribution with a mean zero and a variance NE2[Γk]
4 . Until

now, it is easy to determine the values for the first three terms.
Then we put our attention on calculating the values of the last
two terms. Through some convenient mathematical calcula-
tions, we obtain (A.4), as shown at the top of the next page,
where the last equality holds from E

[
Re3

[
yideal
d (n)

]]
=

E
[
Re
[
yideal
d (n)

]]
= 0. Similarly, it can be concluded that the

last term of (A.3) equals zero. Based on the above analyses,

(A.3) can be approximated as (ρ4+1+2ρ2sin2φ)E2[Γk]

2N .

APPENDIX B

Applying CLT, it is easy to know Γiq
k is approximated as

a Gaussian distribution. Combining this with Theorem 1, the
probability density function (PDF) of Φiq

k is approximated as

Φiq
k ∼


CN

(
0, 2∆2

0

)
, if B(k) = 0, B(k − 1) = 0

CN
(
0, 2∆2

1

)
, if B(k) = 1, B(k − 1) = 1

CN
(
δiq,∆2

+

)
, if B(k) = 1, B(k − 1) = 0

CN
(
−δiq,∆2

+

)
, if B(k) = 0, B(k − 1) = 1

(B.1)

Based on (B.1), the mean and the mean square value of
Φiq
k equal δiq (pb,10 − pb,01) and 2∆2

0pb,00 + 2∆2
1pb,11 +((

δiq
)2

+ ∆2
+

)
(pb,10 + pb,01), respectively, where pb,mn =



6

var
[
Γiq
k

]
=

a2
1

N2
var

 kN∑
n=(k−1)N+1

Re2
[
yideal
d (n)

]+
4a2

3

N2
var

 kN∑
n=(k−1)N+1

Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

]+
a2

2

N2

× var

 kN∑
n=(k−1)N+1

Im2
[
yideal
d (n)

]+
4a1a3

N2
cov

 kN∑
n=(k−1)N+1

Re2
[
yideal
d (n)

]
,

kN∑
n=(k−1)N+1

Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

]
+

4a2a3

N2
cov

 kN∑
n=(k−1)N+1

Im2
[
yideal
d (n)

]
,

kN∑
n=(k−1)N+1

Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

] . (A.3)

cov

 kN∑
n=(k−1)N+1

Re2
[
yideal
d (n)

]
,

kN∑
n=(k−1)N+1

Re
[
yideal
d (n)

]
Im
[
yideal
d (n)

]
=

kN∑
n=(k−1)N+1

E
[
Im
[
yideal
d (n)

]] (
E
[
Re3

[
yideal
d (n)

]]
− E

[
Re2

[
yideal
d (n)

]]
E
[
Re
[
yideal
d (n)

]])
= 0, (A.4)

Pr (B(k) = m,B(k − 1) = n), m,n ∈ {0, 1}. Due to the e-
quiprobable backscattered messages, A(k) = 0 and A(k) = 1,
and the adopted differential encoding scheme at the AmBC
transmitter, pb,00 = pb,11 = pb,10 = pb,01 = 1

4 . Thus, we have

var
[
Φiq
k

]
= E

[(
Φiq
k

)2
]
−E2

[
Φiq
k

]
=

(
δiq
)2

2
+ ∆2

+, (B.2)

where the second equality holds from E
[
Φiq
k

]
= 0. Similar

as above, it is not hard to derive E
[
Φiq
k

]
= 0. Since Φiq

k

follows the Gaussian distribution,
∣∣∣Φiq
k

∣∣∣ obeys the folded
normal distribution and its mean can be calculated as [16]

E
[∣∣∣Φiq

k

∣∣∣] =
(∆0 + ∆1)

2
√
π

+
∆+√

2π
exp

(
−
(
δiq
)2

2∆2
+

)

+
1

2
δiq

[
Q

(
− δ

iq

∆+

)
−Q

(
δiq

∆+

)]
(a)
≈
√

3

8π
∆+ +

∆+√
2π

exp

(
−
(
δiq
)2

2∆2
+

)

+

∣∣δiq
∣∣

√
2π

∫ |δiq|
∆+

0

exp

(
− t

2

2

)
dt, (B.3)

where step (a) holds from (∆0 + ∆1)
2

= ∆2
+ + 2∆0∆1 ≈

3
2∆2

+,
∫ δiq

∆+

0 exp
(
− t

2

2

)
dt =

∫ 0

− δiq

∆+

exp
(
− t

2

2

)
dt, and

δiq
∫ δiq

∆+

0 exp
(
− t

2

2

)
dt =

∣∣δiq
∣∣ ∫ |δiq|∆+

0 exp
(
− t

2

2

)
dt.
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