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 a b s t r a c t

It has been recognized that the impulsive noise (IN) generated by power devices poses significant challenges to 
wireless receivers. In this paper, we comprehensively assess the achievable information rate (AIR) for the well-
established Markov-Middleton IN model with a phase-shift keying (PSK) input sequence across various channel 
conditions, including matched and mismatched decoding scenarios. Upon determining information-theoretic 
bounds, we propose an optimal turbo-differentially encoded (DE)-PSK-IN receiver design based on a commonly 
used commercial transmission setup consisting of a convolutional encoder, bit-level interleaver, and a DE-PSK 
symbol mapper. We show that by incorporating the differential decoder into the maximum a-posteriori-based 
(MAP) IN detector, we can significantly enhance the receiver performance with a 4.5 dB gain compared to the 
conventional MAP-based turbo-PSK-IN receiver and a gap of around 1 dB from the theoretical bounds. We also 
propose a suboptimal separate receiver design that can be implemented with half the complexity of the joint 
design while achieving near-optimal performance. We have evaluated the performance of the proposed receiver 
designs through extensive simulations, demonstrating their effectiveness in real-world scenarios with limited 
interleaver depth and mismatched number of noise state implementation.

1.  Introduction

Electromagnetic interference (EMI) generated by power devices such 
as switching gears, power lines, and DC-DC converters presents signif-
icant challenges to receivers traditionally designed under the additive 
white Gaussian noise (AWGN) assumption. Measurements have shown 
that electronic components in electric vehicles (EVs) [1–4] and power 
substations [5,6] emit EMI that can be detected by high-sensitivity re-
ceivers. The impulsive nature of this interference has been shown to 
strongly affect powerline communications [7,8], digital broadcasting 
systems [9,10], and wireless communication receivers within power 
substations [11–13].

Conventional clipping [14] and blanking [15] detectors for IN mit-
igation are widely adopted due to their simple implementation and 
the low computational complexity. However, their performance is far 
from optimal, especially in severe IN channel conditions [16]. To de-
sign robust receivers for channels impaired by IN, it is essential to ob-
tain their statistical properties, and therefore, an appropriate IN model 
is necessary. Among the best-known IN models, the Middleton Class A 
model [17,18] provides a tractable probability density function (PDF) 
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based on a Poisson mixture that can be specified by only three param-
eters. However, it cannot capture the bursty temporal correlations ob-
served in practice. To address this limitation, hidden Markov models 
(HMMs) have been adopted for IN modeling [8,19,20] to address the 
correlation between impulsive samples. In [19], a two-state Markov-
Gaussian model was proposed, where a comprehensive achievable in-
formation rate (AIR) analysis was presented. In [20], the authors com-
bined the HMM process with the Middleton Class A model and pro-
posed the Markov-Middleton model. In [4], it was shown that a Markov-
Middleton model with finite IN states effectively represents the EV-
induced interference in practice. However, to the best of our knowledge, 
an information-theoretic analysis of this model has not been thoroughly 
investigated; therefore, one of the goals of this paper is to fill this gap 
by conducting a detailed AIR analysis under various channel conditions 
for both matched and mismatched decoding scenarios.

Optimal IN detectors exploit the IN statistics to compute maximum a 
posteriori (MAP) symbol decisions. In [16,20–23], several optimal MAP-
based IN detectors have been derived for different IN models. To further 
enhance the receiver performance, powerful coding systems in combina-
tion with the IN detector have been extensively investigated to approach 
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the AIR for the underlying channel model [16,19,20,24–28]. Receivers 
for these schemes take the soft information provided by the MAP-based 
IN detector and pass it to the powerful decoding algorithms, such as low-
density parity-check (LDPC) codes [16,19,20,24], convolutional codes 
[25,26], and turbo-like codes [27,28]. However, previous studies have 
primarily focused on a basic binary phase-shift keying (BPSK) modu-
lation scheme, mainly addressing the design of its corresponding IN 
detector and decoder. There has been limited investigation into more 
complex modulation schemes used in real-world transmission formats 
for IN receivers.

In wireless communication standards, a differential mapper, where 
the information is encoded in the phase difference between successive 
symbols, is commonly used to mitigate the effects of phase ambiguity 
and for noncoherent detection. For example, digital audio broadcasting, 
terrestrial digital multimedia broadcasting, and IEEE 802.11g WiFi em-
ploy convolutional coding with a differentially encoded (DE)-PSK sym-
bol mapper. Although initially designed for non-coherent detection, re-
search has demonstrated that a coherent DE-PSK demapper can be con-
structed, wherein the soft information output can be computed using 
the MAP rule [29]. Since then, turbo-DE-PSK systems, which combine 
a MAP DE-PSK demapper with a MAP decoder, have been explored in 
a broad range of literature, see [30–32] and references therein. The re-
cursive nature of the DE-PSK modulator increases the time diversity of 
a serial turbo-like receiver structure. As a result, a turbo-DE-PSK system 
achieves significant performance gains compared to a simple turbo-PSK 
receiver, as reported in [33].

In this paper, we propose to combine a simple differential demapper 
with the MAP IN detector, forming a MAP-based joint DE-PSK-IN demap-
per, which can be implemented with the same complexity as a conven-
tional PSK-IN demapper. We further construct a turbo-DE-PSK-IN re-
ceiver structure that significantly outperforms its MAP-based turbo-PSK-
IN counterpart. This paper starts with an information-theoretic analysis 
of the Markov-Middleton channel and then performs turbo receiver de-
signs to approach the estimated theoretical bounds. The main contribu-
tions are as follows: (a) We provide a unified HMM representation for 
deriving AIR, MAP detector/demapper/decoder, and iterative decoding 
metrics through modified branch metrics. This general representation 
facilitates a streamlined analysis, reveals the underlying commonalities 
among different algorithms, and demonstrates that they can be system-
atically constructed under a similar forward-backward framework. (b) 
We extend the AIR analysis in [19] to adapt it to a finite-state Markov-
Middleton channel with a PSK input sequence. Our comprehensive anal-
ysis covers both matched and mismatched decoding scenarios, provid-
ing guidance on receiver parameter selections. (c) We propose a novel 
turbo-DE-PSK-IN receiver design that approaches the theoretical limits 
of the Markov-Middleton channel within a gap of approximately 1 dB, 
and show that it can achieve a significant performance gain compared 
to the conventional turbo-PSK-IN receiver proposed in [19,20]. The ulti-
mate performance of the proposed receiver with perfect likelihood input 
is also presented. Finally, in contribution (d), we further propose a sub-
optimal turbo-DE-PSK-IN receiver design that can be implemented with 
half the complexity of the optimal joint design with near-optimal perfor-
mance. The proposed receiver with limited interleaver depth and a mis-
matched state implementation is also investigated and discussed. Note 
that in this study, we assume the IN parameters are perfectly known 
at the receiver to establish the achievable performance bounds of the 
proposed turbo-DE-PSK-IN structure. In practice, the accuracy of the 
estimated IN parameters can significantly influence the MAP detector’s 
reliability. For comprehensive reviews of parameter estimation methods 
for Middleton Class A and Markov-Gaussian models, readers are referred 
to [34–37].

The paper is organized as follows: Section 2 presents the general 
structure and inference algorithm of HMMs. Section 3 reviews the 
Markov–Middleton IN channel and its HMM representation. Section 4 
illustrates the computation of the AIR for the considered IN channel 
with a PSK input sequence. Section 5 details the proposed communi-

Table 1 
List of main symbols and notation. 
 Symbol  Description
 Transmission Model Parameters
𝑀  Modulation order
𝑏𝑘 , 𝑐𝑘 , 𝑑𝑘  Information, coded, and interleaved coded bits
𝑥𝑡 , 𝑧𝑡  PSK-modulated and differentially encoded symbols
𝑛𝑡 , 𝑦𝑡  Noise realization and observation symbols
 Markov–Middleton Noise Model
𝑊  Number of noise states
𝐴,Λ  Impulsive index and impulsive-to-background power ratio
𝑟  Correlation parameter between noise states
𝜎2
0 , 𝜎

2
𝑗  Background and state-dependent noise variances

𝑃 ′
𝑗  Prior state probability of a truncated noise model

𝑃𝑖𝑗  Transition probability of noise states
 Hidden State Variables
𝑠𝑡  Generic hidden state
𝑤𝑡  Impulsive noise state
𝑎𝑡 , 𝑎̇𝑡  Auxiliary states for PSK-IN and DE-PSK-IN demappers
𝑙𝑡  Auxiliary state of the differential decoder
𝑔𝑘  Auxiliary state of the convolutional decoder

cation system and the design methodology for the optimal joint and 
suboptimal separate turbo-DE-PSK-IN receivers. Section 6 presents the 
simulation results for AIR and the proposed receiver performance, and 
finally, Section 7 concludes this paper.

Notation: Throughout this paper, we use lowercase letters to repre-
sent a scalar (e.g., 𝑠𝑡) with subscripts indicating a specific time instant 
and boldface letters to denote a sequence (e.g., 𝐬𝑇1 ), with subscripts and 
superscripts denoting the start and end of the sequence. The set of all 
states is denoted by calligraphic letters (e.g., ). For the reader’s conve-
nience, the primary symbols and parameters used throughout the paper 
are summarized in Table 1.

2.  Hidden Markov model and its efficient inference algorithm

This section provides a general overview of the structure and statisti-
cal representation of HMMs. Additionally, we present the utilization of 
the forward-backward algorithm to compute joint probabilities of ob-
servations and latent variables. An HMM structure will be used to de-
scribe the Markov–Middleton IN channel in Section 3, and the inference 
algorithm presented in this section will later be applied to AIR computa-
tion in Section 4, while the application to symbol detection, differential 
demapping, and convolutional decoding based on the MAP rule will be 
provided in Section 5.

An HMM is a statistical model that captures the temporal behav-
ior of a sequence of latent variables (states) 𝐬𝑇1 = (𝑠1, 𝑠2,⋯ , 𝑠𝑇 ) from a 
Markov process via a sequence of state-dependent observable variables 
(observations) 𝐲𝑇1 = (𝑦1, 𝑦2,⋯ , 𝑦𝑇 ). Here, 𝑠𝑡 denotes the state realization 
at time 𝑡, which is drawn from a time-invariant finite-state set 
𝑠𝑡 ∈  ≜ {0, 1,⋯ , || − 1}, (1)

where || is the size of the state space. A general representation of the 
structure of an HMM is shown in Fig. 1 with the transition probability 
𝑝(𝑠𝑡 = 𝑗 ∣ 𝑠𝑡−1 = 𝑖) representing the probability of moving from state 𝑖 at 
time 𝑡 − 1 to state 𝑗 at time 𝑡. The observation likelihood 𝑝(𝑦𝑡 ∣ 𝑠𝑡 = 𝑗), 
on the other hand, describes the probability of an observation being 
generated from a state 𝑗 at time 𝑡.

The Markovian structure of an HMM allows an efficient inference 
of the hidden states through the well-known Bahl-Cocke-Jelinek-Raviv 
(BCJR) algorithm [38]. Specifically, the inference problem aims at cal-
culating the posterior belief of a latent state 𝑠𝑡 at a specific time instant 
given the full sequence of observations as
𝑝(𝑠𝑡 ∣ 𝐲𝑇1 ) ∝ 𝑝(𝑠𝑡, 𝐲𝑇1 ) =

∑

𝑠𝑡−1∈
𝑝(𝑠𝑡, 𝑠𝑡−1, 𝐲𝑇1 ). (2)

The right-most side of (2) represents the joint distribution of the state 
pairs (𝑠𝑡, 𝑠𝑡−1) at a specific time 𝑡 and the whole received sequence 𝐲𝑇1 . 
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Fig. 1. Structure of a hidden Markov model, showing the factorization and con-
ditional independencies implied by the model.

We can further factorize the joint probability as 

𝑝(𝑠𝑡, 𝑠𝑡−1, 𝐲𝑇1 ) = 𝑝(𝐲𝑇𝑡+1 ∣ 𝑠𝑡)
⏟⏞⏞⏞⏟⏞⏞⏞⏟

𝛽(𝑠𝑡)

⋅ 𝑝(𝑦𝑡, 𝑠𝑡 ∣ 𝑠𝑡−1)
⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟

𝛾(𝑠𝑡 ,𝑠𝑡−1)

⋅ 𝑝(𝑠𝑡−1, 𝐲𝑡−11 )
⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟

𝛼(𝑠𝑡−1)

. (3)

In (3), 𝛼(𝑠𝑡−1), 𝛽(𝑠𝑡), and 𝛾(𝑠𝑡, 𝑠𝑡−1) represent 𝑝(𝑠𝑡−1, 𝐲𝑡−11 ), 𝑝(𝐲𝑇𝑡+1 ∣ 𝑠𝑡), 
and 𝑝(𝑦𝑡, 𝑠𝑡 ∣ 𝑠𝑡−1), respectively, corresponding to forward recursion, 
backward recursion, and branch metrics.

Using Bayes’ rule and the Markovian property, the branch metric 𝛾
can be further derived as 

𝛾(𝑠𝑡, 𝑠𝑡−1) ≜ 𝑝(𝑦𝑡, 𝑠𝑡 ∣ 𝑠𝑡−1) = 𝑝(𝑦𝑡 ∣ 𝑠𝑡) ⋅ 𝑝(𝑠𝑡 ∣ 𝑠𝑡−1) (4)

which can be seen as the multiplication of the observation likelihood and 
the state transition probability. The forward recursion representation of 
𝛼 and the backward recursion 𝛽 can be written as 

𝛼(𝑠𝑡) ≜ 𝑝(𝑠𝑡, 𝐲𝑡1) =
∑

𝑠𝑡−1∈
𝛾(𝑠𝑡, 𝑠𝑡−1) ⋅ 𝛼(𝑠𝑡−1), (5)

and 

𝛽(𝑠𝑡−1) ≜ 𝑝(𝐲𝑇𝑡 ∣ 𝑠𝑡−1) =
∑

𝑠𝑡∈
𝛽(𝑠𝑡) ⋅ 𝛾(𝑠𝑡, 𝑠𝑡−1). (6)

The forward-backward computation (2)–(6) of the posterior be-
lief comprises the conventional BCJR algorithm (see [38] for detailed 
derivations). In this paper, we will examine several adaptations of this 
algorithm, each utilizing the same forward-backward framework but 
with modifications to the branch metrics 𝛾 that are tailored to specific 
applications.

3.  Markov–Middleton impulsive noise model

In this section, we summarize the Markov–Middleton model, initially 
developed for powerline communications [20], which captures the sta-
tistical behavior of bursty IN by combining the conventional Middleton 
Class A model [17] with an HMM. The integration of HMM introduces 
memory between noise samples, with state transition probabilities char-
acterizing the correlation between consecutive bursts.

The Markov–Middleton model is characterized by four parameters: 
the background noise (BN) variance 𝜎20 , the impulsive index 𝐴, which 
quantifies the probability of impulsive (non-BN) events, the impulsive-
to-background noise power ratio Λ, which determines the intensity of 
IN compared to BN, and the noise correlation parameter 𝑟, which de-
scribes the correlation between consecutive noise samples. The noise 
realizations generated by the Markov-Middleton model for different pa-
rameters are depicted in Fig. 2a–d, and will be further explained in the 
following.

The statistical properties of the IN samples 𝑛𝑡 are completely deter-
mined by the noise state realization at time 𝑡, which is defined as 

𝑤𝑡 ∈  ≜ {0, 1,⋯ , || − 1}, (7)

where 𝑤𝑡 = 0 represents the BN state and || = 𝑊  is the total num-
ber of noise states. The PDF of 𝑛𝑡 conditioned on a specific noise state 

𝑤𝑡 = 𝑗 follows a complex Gaussian distribution  (0, 𝜎2𝑗 ), which can be 
expressed as 

𝑝(𝑛𝑡 ∣ 𝑤𝑡 = 𝑗) = 1
𝜋𝜎2𝑗

exp

(

−
|𝑛𝑡|2

𝜎2𝑗

)

, (8)

with 𝜎2𝑗  denoting the variance of the complex-valued noise sample 𝑛𝑡 in 
state 𝑤𝑡 = 𝑗.

In the original Middleton Class A model [17], the number of noise 
states is assumed to be infinity (𝑊 → ∞). Therefore, the generic PDF of 
the Middleton Class A noise sample can be written as the expectation 
over all possible states as

𝑝(𝑛𝑡) =
∞
∑

𝑗=0
𝑃𝑗 ⋅ 𝑝(𝑛𝑡 ∣ 𝑤𝑡 = 𝑗)

=
∞
∑

𝑗=0

𝑃𝑗

𝜋𝜎2𝑗
exp

(

−
|𝑛𝑡|2

𝜎2𝑗

)

, (9)

where 
𝑃𝑗 = 𝑝(𝑤𝑡 = 𝑗) = exp(−𝐴)𝐴𝑗∕𝑗! (10)

represents the prior probability of being at a specific noise state. From
(10), we can observe that when 𝑗 = 0, the probability of being at BN 
state 𝑤𝑡 = 0 is 𝑃𝐵 = 𝑃0 = exp(−𝐴) and the probability of being at any of 
the impulsive states 𝑗 > 0 is 𝑃𝐼 = 1 − exp(−𝐴). In other words, a larger 
impulsive index 𝐴 results in a larger 𝑃𝐼 , and thus, a larger proportion 
of samples with large variance (𝜎2𝑗 , 𝑗 > 0) are generated in a noise 
sequence 𝐧𝑇1 . As shown in Fig. 2a and b, when the impulsive index 𝐴
is increased from 0.1 to 0.3, the number of samples in IN states (𝑗 > 0) 
increases.

As illustrated in (10), the probability of being in the 𝑗-th noise state 
decreases as 𝑗 increases. Therefore, it is sufficient to use a truncated 
Middleton Class A model with a finite number of states 𝑊  to represent 
the IN channel with 

𝑝′(𝑛𝑡) =
𝑊 −1
∑

𝑗=0

𝑃 ′
𝑗

𝜋𝜎2𝑗
exp

(

−
|𝑛𝑡|2

𝜎2𝑗

)

, (11)

where the probability of being in state 𝑗 is now written as 

𝑃 ′
𝑗 =

𝑃𝑗
∑𝑊 −1

𝑖=0 𝑃𝑖

. (12)

The denominator in (12) is a normalization factor to ensure the total 
probability equals 1.

The noise variance in (11) is defined as 

𝜎2𝑗 =
(

1 +
𝑗Λ
𝐴

)

𝜎20 , (13)

where 
Λ = 𝜎2𝐼∕𝜎

2
𝐵 (14)

is the impulsive-to-background average noise power ratio.1 The average 
BN power is 𝜎2𝐵 = 𝑃 ′

0𝜎
2
0 and the average IN power 𝜎2𝐼  can be written as 

𝜎2𝐼 =
𝑊 −1
∑

𝑗=1
𝑃 ′
𝑗 𝜎

2
𝑗 .

From (14), we can see that as the impulsive-to-background noise ratio 
Λ increases, the difference between the IN power and the BN power in-
creases. This is clearly shown by comparing the noise realizations (black 
lines) in Fig. 2b and c.

To describe the burstiness (memory) of the noise observed in prac-
tice, the Markov–Middleton model [20] introduces a parameter 𝑟 ∈ [0, 1]

1 In the original paper [17], the power ratio is defined as Γ = 𝜎2
𝐵∕𝜎

2
𝐼 .
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Fig. 2. Noise realization from a 4-state Markov–Middleton impulsive noise model with a background noise variance 𝜎2
0 = 1 for impulsive index 𝐴 = 0.1 and 𝐴 = 0.3, 

impulsive-to-background noise power ratio Λ = 10 and Λ = 50, and correlation parameters 𝑟 = 0 and 𝑟 = 0.9. The orange vertical bar denotes the index 𝑗 of the state 
realizations 𝑤𝑡 = 𝑗 for generating the corresponding noise samples.

to establish a correlation between consecutive noise samples. Specifi-
cally, the state transition matrix of the Markov–Middleton noise model 
is constructed as
𝑃𝑖𝑗 ≜ 𝑝(𝑤𝑡 = 𝑗 ∣ 𝑤𝑡−1 = 𝑖)

=

{

𝑟 + (1 − 𝑟) ⋅ 𝑃 ′
𝑗 , 𝑖 = 𝑗

(1 − 𝑟) ⋅ 𝑃 ′
𝑗 , otherwise.

(15)

From (15), we can see that the larger the correlation parameter 𝑟, the 
more likely the following noise sample will stay in the same state. 
Namely, the bursty behavior is more prominent. In Fig. 2d, the noise 
samples exhibit strong correlations (𝑟 = 0.9), where the noise tends to 
remain in the same state (vertical orange bars) for consecutive samples. 
In contrast, in Fig. 2a–c, the noise samples are randomly chosen from 
𝑤𝑡 ∈  with probability 𝑃 ′

𝑗  defined in (12). Note that when 𝑟 = 0, the 
Markov–Middleton model is reduced to a truncated memoryless Middle-
ton Class A channel.

4.  Achievable information rate

This section presents an information-theoretic analysis for transmis-
sion over channels with IN following the Markov–Middleton model in-
troduced in Section 3. This is an essential reference for practical receiver 
design operating in specific channel conditions. We use a simulation-
based method to calculate the AIR between the PSK-modulated input 
sequence 𝐱𝑇1  and the channel output sequence 𝐲𝑇1  with an input-output 
relationship defined as 
𝑦𝑡 = 𝑥𝑡 + 𝑛𝑡, (16)

where 
𝑥𝑡 ∈  = {𝑒𝑗2𝜋𝑖∕𝑀 ∣ 𝑖 = 0, 1,⋯ ,𝑀 − 1} (17)

denotes the transmitted 𝑀-ary PSK symbol and 𝑛𝑡 follows the Markov–
Middleton noise model described in Section 3, which is drawn from the 
distribution defined in (11). The computation of AIR for channels with 
memory is explained in detail in [39], and its application to a two-state 
Markov–Gaussian channel is described in [19]. The algorithm and the 
computation steps are briefly summarized as follows.

An AIR is the number of information bits that can be reliably trans-
mitted and decoded, with an arbitrarily low error probability per chan-
nel use, for a specific modulation format. Specifically, the AIR we con-
sider in this work is the mutual information 𝐼(𝐗;𝐘) between the discrete 
input random process 𝐗 and the continuous output random process 𝐘, 
which can be estimated via 
𝐼(𝐗;𝐘) ≈ 𝐼(𝐗;𝐘) = 1

𝑇
log2 𝑝(𝐲𝑇1 ∣ 𝐱𝑇1 ) −

1
𝑇

log2 𝑝(𝐲𝑇1 ) (18)

with a very long sequence 𝑇 . To calculate (18) for channels with mem-
ory, [39] introduces a simulation-based computation through a sum-
product algorithm with the help of an auxiliary state process. In this 
paper, we define the auxiliary state realization for a PSK-modulated 
symbol over a Markov–Middleton IN channel as 
𝑎𝑡 ≜ 𝑓 (𝑥𝑡 ∈  , 𝑤𝑡 ∈ ) ∈  ≜ {0, 1,⋯ , || − 1}, (19)

where 𝑓 ∶  × →  maps each pair (𝑥𝑡, 𝑤𝑡) in the product space  ×
 into a unique state in . The size of the auxiliary state space is thus 
|| = || × || = 𝑀 ×𝑊 . In Fig. 3a, we show an example of the trellis 
section and the auxiliary state for a QPSK transmission (i.e., 𝑀 = 4) over 
a 2-state (i.e., 𝑊 = 2) Markov–Middleton channel.

The transition probability of the auxiliary states considers the prior 
PSK symbol probability 𝑝(𝑥𝑡) and the noise state transition matrix de-
fined in (15), which can be expressed as 
𝑝(𝑎𝑡 ∣𝑎𝑡−1) = 𝑃𝑖𝑗 ⋅ 𝑝(𝑥𝑡), 𝑤𝑡 = 𝑗, 𝑤𝑡−1 = 𝑖. (20)

The channel likelihood function concerning the auxiliary states (19) can 
be written as 

𝑝(𝑦𝑡 ∣ 𝑎𝑡) =
1

𝜋𝜎2𝑗
exp

(

−
|𝑦𝑡 − 𝑥𝑡|2

𝜎2𝑗

)

, 𝑤𝑡 = 𝑗. (21)

After determining the auxiliary states with their statistical represen-
tation (20) and (21), the PDF of the channel output sequence 𝑝(𝐲𝑇1 ) can 
be calculated via 
𝑝(𝐲𝑇1 ) =

∑

𝑎𝑇 ∈
𝑝(𝑎𝑇 , 𝐲𝑇1 ) =

∑

𝑎𝑇 ∈
𝛼(𝑎𝑇 ), (22)

using forward recursion (5), with a branch metric 
𝛾𝑎(𝑎𝑡, 𝑎𝑡−1) ≜ 𝑝(𝑦𝑡 ∣ 𝑎𝑡) ⋅ 𝑝(𝑎𝑡 ∣ 𝑎𝑡−1). (23)

To compute the PDF of the channel output sequence conditioned on the 
knowledge of the transmitted symbol sequence 𝑝(𝐲𝑇1 ∣ 𝐱𝑇1 ), we write

𝑝(𝐲𝑇1 ∣ 𝐱𝑇1 ) =
𝑝(𝐲𝑇1 , 𝐱

𝑇
1 )

𝑝(𝐱𝑇1 )
=

∑

𝑎𝑇 ∈ 𝑝(𝑎𝑇 , 𝐲𝑇1 , 𝐱
𝑇
1 )

𝑝(𝐱𝑇1 )
(24)

with the help of the auxiliary state. The computation of the joint prob-
ability 𝑝(𝑎𝑇 , 𝐲𝑇1 , 𝐱𝑇1 ) can be carried out efficiently using the forward re-
cursion (5) with a modified branch matrix defined as
𝛾𝑎,𝑥(𝑎𝑡, 𝑎𝑡−1) ≜ 𝑝(𝑦𝑡, 𝑥𝑡, 𝑎𝑡 ∣ 𝑎𝑡−1)

= 𝑝(𝑦𝑡 ∣ 𝑥𝑡, 𝑎𝑡, 𝑎𝑡−1) ⋅ 𝑝(𝑎𝑡 ∣ 𝑎𝑡−1, 𝑥𝑡) ⋅ 𝑝(𝑥𝑡 ∣ 𝑎𝑡−1)

= 𝑝(𝑦𝑡 ∣ 𝑎𝑡) ⋅ 𝑝(𝑎𝑡 ∣ 𝑎𝑡−1, 𝑥𝑡) ⋅ 𝑝(𝑥𝑡), (25)

where the transition probability conditioned on the knowledge of trans-
mitted symbols is written as
𝑝(𝑎𝑡 ∣ 𝑎𝑡−1, 𝑥𝑡 = 𝑚 ∈ )
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Fig. 3. Trellis sections of an impulsive noise detector with a 2-state Markov–Middleton model for (a) QPSK and (b) DE-QPSK transmissions, respectively. For clarity, 
we only show the state transitions from states 0, 2, 4, and 6.

=

{

𝑃𝑖𝑗 , 𝑥𝑡 = 𝑚,𝑤𝑡 = 𝑗, 𝑤𝑡−1 = 𝑖,
0, 𝑥𝑡 ≠ 𝑚,

(26)

where we use 𝑚 to denote a specific PSK symbol element in  . Given (22) 
and (24), the estimated AIR, represented by 𝐼(𝐗;𝐘) can be computed via
(18).

5.  System design

In Fig. 4, we show the overall structure and components of the trans-
mission system over a Markov-Middleton IN channel considered in this 
paper. This section will first introduce the bit-interleaved convolutional-
coded DE-PSK transmitter and then detail the design methodology for 
the corresponding turbo-DE-PSK-IN receiver.

5.1.  Bit-interleaved convolutional-coded DE-PSK transmitter

The transmitter employs a serially concatenated bit-interleaved 
coded modulation scheme. In this scheme, a rate 𝑅 convolutional en-
coder with an 𝐿-stage shift register takes as input the information bit 
sequence 𝐛𝐾1  and generates the coded bit sequence 𝐜𝐾∕𝑅

1 , where 𝑏𝑘, 𝑐𝑘 ∈
{0, 1}, based on a certain generator constraint. A bit-level interleaver (Π) 
is used to permute the convolutional encoder output, where the inter-
leaved coded bit sequence is represented as 𝐝𝐾∕𝑅

1 . The bit-interleaver is 
designed to transform burst errors into single-bit errors and distribute er-
rors to improve error correction capability, which is essential for turbo 
decoding. After the interleaver, a symbol sequence 𝐱𝑇1  is formed by a 
memoryless PSK symbol mapper, which maps a number of binary coded 
bits to a PSK symbol with the symbol time index denoted by the letter 
𝑡. Finally, a differential symbol encoder modulates the incoming PSK 
symbols and produces 
𝑧𝑡 = 𝑥𝑡 ⋅ 𝑧𝑡−1, (27)

with 𝑧0 = 1, so the received signal is 
𝑦𝑡 = 𝑥𝑡 ⋅ 𝑧𝑡−1 + 𝑛𝑡 = 𝑧𝑡 + 𝑛𝑡. (28)

This differential modulation introduces the recursive channel input-
output relationship in (28).

Differential encoders are used in various wireless communication 
standards. One of the most significant advantages of a differential en-
coder is that it avoids the need for the receiver to have an exact phase 
reference, as the information is encoded in the phase difference of con-
secutive symbols. In this paper, we treat the differential encoder as a 
rate-one convolutional code [30,33] and thus create a serial-like turbo 
structure with the convolutional encoder. Its recursive structure largely 
enhances the time diversity in the serial turbo receiver design, leading 

Fig. 4. Block diagram of a convolutional-coded bit-interleaved DE-PSK trans-
mission over an impulsive noise channel.

Fig. 5. Block diagrams of (a) optimal joint and (b) the suboptimal separate 
turbo-DE-PSK-IN receiver designs.

to significant performance improvement compared to memoryless PSK 
modulation schemes [31,32]. This study assumes a coherent detection 
scenario with a known symbol phase. As a result, we will ignore the 
reference symbols 𝑧0 and 𝑦0 in the subsequent analysis.

5.2.  Optimal joint turbo-DE-PSK-IN receiver

5.2.1.  MAP DE-PSK-IN demapper
In the joint detector-demapper design shown in Fig. 5a , we construct 

a super-trellis where the structure of the Markov–Middelton IN detector 
and the DE-PSK demapper are considered jointly. We define the state 
realization of the joint super-trellis as 
𝑎̇𝑡 ≜ 𝑓 (𝑧𝑡 ∈  , 𝑤𝑡 ∈ ) ∈ , (29)

which is drawn from the same state space as 𝑎𝑡 in (19) and has a similar 
form of transition probability 
𝑝(𝑎̇𝑡 ∣𝑎̇𝑡−1) = 𝑃𝑖𝑗 ⋅ 𝑝(𝑥𝑡), 𝑤𝑡 = 𝑗, 𝑤𝑡−1 = 𝑖. (30)

However, instead of the PSK symbol 𝑥𝑡, the state 𝑎̇𝑡 is now associated 
with the differentially encoded symbol 𝑧𝑡 with a transition driven by 𝑥𝑡. 
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The transition of the joint super-trellis section for a DE-QPSK modulation 
with a 2-state Markov–Middleton model is visualized in Fig. 3b. The 
likelihood function, on the other hand, can be written as 

𝑝(𝑦𝑡 ∣ 𝑎̇𝑡) =
1

𝜋𝜎2𝑗
exp

(

−
|𝑦𝑡 − 𝑧𝑡|2

𝜎2𝑗

)

, 𝑤𝑡 = 𝑗. (31)

We can now define the branch metric of the joint DE-PSK-IN 
detector-demapper as 
𝛾𝑎̇(𝑎̇𝑡, 𝑎̇𝑡−1) ≜ 𝑝(𝑦𝑡 ∣ 𝑎̇𝑡) ⋅ 𝑝(𝑎̇𝑡 ∣ 𝑎̇𝑡−1). (32)

Given the transition probability (30) and the likelihood function (31) for 
computing the branch metric (32), the joint probability 𝑝(𝑎̇𝑡, 𝑎̇𝑡−1, 𝐲𝑇1 ) of 
the joint DE-PSK-IN detector-demapper is computed via (3)–(6). A MAP-
based soft-output detection is then performed through 
𝑝(𝑥𝑡, 𝐲𝑇1 ) =

∑

(𝑎̇𝑡−1→𝑎̇𝑡)∶𝑥𝑡

𝑝(𝑎̇𝑡, 𝑎̇𝑡−1, 𝐲𝑇1 ).

where (𝑎̇𝑡−1 → 𝑎̇𝑡) ∶ 𝑥𝑡 denotes all the state transitions (𝑎̇𝑡−1 → 𝑎̇𝑡) that 
are driven by the input symbol 𝑥𝑡.

5.2.2.  Iterative turbo decoder
To perform bit deinterleaving, we need to convert the symbol prob-

ability to bit probability as 
𝑝(𝑑𝑘, 𝐲𝑇1 ) = Φ−1[𝑝(𝑥𝑡, 𝐲𝑇1 )] (33)

and 
𝑝𝐼𝑒 (𝑑𝑘) = Φ−1[𝑝𝐼𝑒 (𝑥𝑡)],

where Φ−1 denotes the inverse symbol mapping function that converts 
the probability of the PSK symbol 𝑥𝑡 back to the probability of the cor-
responding bit 𝑑𝑘.

One essential part of the turbo decoding principle is to pass only the 
extrinsic information to each MAP decoder (demapper) block. Extrinsic 
information refers to the information provided by one decoder (demap-
per) about one specific bit (symbol), excluding the information directly 
used to derive it. In other words, it represents new information that can 
help the other decoder (demapper) refine its estimates. Here, we define 
the extrinsic likelihood information from the joint DE-PSK-IN demap-
per as the joint probability 𝑝(𝑑𝑘, 𝐲𝑇1 ) divided by the prior information 
regarding 𝑑𝑘 as 

𝑝𝐶𝑒 (𝑑𝑘) ≜
𝑝(𝑑𝑘, 𝐲𝑇1 )
𝑝𝐼𝑒 (𝑑𝑘)

.

After performing the bit-deinterleaving, we can derive the extrinsic like-
lihood information of the coded bits as 
𝑝𝐶𝑒 (𝑐𝑘) = Π−1[𝑝𝐶𝑒 (𝑑𝑘)

]

,

which is then fed to the convolutional decoder, whose state realization 
is defined as 
𝑔𝑘 ≜ 𝑓 (𝑏𝑘, 𝑏𝑘−1,⋯ , 𝑏𝑘−𝐿 ∈  𝐿) ∈  ≜ {0, 1,⋯ , 2𝐿 − 1},

where 𝑓 ∶  𝐿 →  maps  𝐿 to distinct states in . The modified branch 
metric for the convolutional decoder is then written as 
𝛾𝑔(𝑔𝑘, 𝑔𝑘−1) ≜ 𝑝𝐶𝑒 (𝑐𝑘) ⋅ 𝑝(𝑏𝑘), (𝑔𝑘−1 → 𝑔𝑘) ∶ 𝑏𝑘. (34)

The extrinsic likelihood information 𝑝𝐶𝑒 (𝑐𝑘) produced by the DE-PSK 
demapper acts as the convolutional decoder’s likelihood information, 
and 𝑝(𝑏𝑘) = 1∕2 is the prior bit probability. Again, we compute the joint 
probability 𝑝(𝑔𝑘, 𝑔𝑘−1, 𝐲𝑇1 ) via (3)–(6) using (34) and obtain the joint 
probability of the information bit as 
𝑝(𝑏𝑘, 𝐲𝑇1 ) =

∑

(𝑔𝑘−1→𝑔𝑘)∶𝑏𝑘

𝑝(𝑔𝑘, 𝑔𝑘−1, 𝐲𝑇1 ),

and the joint probability of the coded bit as 
𝑝(𝑐𝑘, 𝐲𝑇1 ) =

∑

(𝑔𝑘−1→𝑔𝑘)∶𝑐𝑘

𝑝(𝑔𝑘, 𝑔𝑘−1, 𝐲𝑇1 ).

To compute the extrinsic prior information produced by the convolu-
tional decoder, we divide the joint probability 𝑝(𝑐𝑘, 𝐲𝑇1 ) by the likelihood 
function 𝑝𝐶𝑒 (𝑐𝑘) used for deriving it as 

𝑝𝐼𝑒 (𝑐𝑘) ≜
𝑝(𝑐𝑘, 𝐲𝑇1 )
𝑝𝐶𝑒 (𝑐𝑘)

.

After the bit interleaver 
𝑝𝐼𝑒 (𝑑𝑘) = Π

[

𝑝𝐼𝑒 (𝑐𝑘)
]

,

we can derive the extrinsic prior information of the PSK symbol via bit-
to-symbol mapping 
𝑝𝐼𝑒 (𝑥𝑡) = Φ[𝑝𝐼𝑒 (𝑑𝑘)].

The extrinsic symbol information 𝑝𝐼𝑒 (𝑥𝑡) generated by the convolutional 
decoder is then fed back as the prior information in (30) of the joint 
DE-PSK-IN demapper for the next turbo iteration.

5.3.  Suboptimal separate turbo-DE-PSK-IN receiver

While the joint design delivers the optimal MAP solution by itera-
tively updating the extrinsic information for both the IN detector and DE 
demapper simultaneously, the computational complexity increases sig-
nificantly with the number of turbo iterations. Therefore, we introduce 
in this section a suboptimal design that separates the IN detector from 
the turbo-DE-PSK demapper-decoder to reduce the operational complex-
ity. This separate receiver design block diagram is shown in Fig. 5b.

5.3.1.  MAP IN detector
The states of the standalone MAP-based IN detector are defined as in

(19), and a trellis section example is shown in Fig. 3a. Given the tran-
sition probability (20), likelihood function (21), and the branch met-
ric (23), the joint probability 𝑝(𝑎𝑡, 𝑎𝑡−1, 𝐲𝑇1 ) of the IN detector is com-
puted via (3)–(6). A MAP-based soft-output detection is then performed 
through 
𝑝(𝑧𝑡, 𝐲𝑇1 ) =

∑

(𝑎𝑡−1→𝑎𝑡)∶𝑧𝑡

𝑝(𝑎𝑡, 𝑎𝑡−1, 𝐲𝑇1 ). (35)

where (𝑎𝑡−1 → 𝑎𝑡) ∶ 𝑧𝑡 denotes all the state transitions (𝑎𝑡−1 → 𝑎𝑡) that 
are driven by the input differentially encoded symbol 𝑧𝑡.

5.3.2.  MAP DE demapper
The joint probability (35) generated from the IN detector is used as a 

soft input, representing the channel information, to the differential sym-
bol demapper. We define the state realization of the differential decoder 
as 
𝑙𝑡 ≜ 𝑓 (𝑧𝑡 ∈ ) ∈  ≜ {0, 1,⋯ ,𝑀 − 1}, (36)

where 𝑓 ∶  →  maps 𝑧𝑡 ∈  to a specific state in . The trellis section 
of a DE-QPSK decoder is shown in Fig. 6. Note that although the state 
realization 𝑙𝑡 is a mapping of the DE-PSK symbol 𝑧𝑡, the trellis input is the 
PSK modulated symbol 𝑥𝑡, which reveals the structure of the differential 
encoder in (27).

Using the state definitions (36) and the joint probability 𝑝(𝑧𝑡, 𝐲𝑇1 ) pro-
vided by the IN detector, we can now rewrite (4) and express the trellis 
branch metric for the differential decoder as 
𝛾𝑝(𝑙𝑡, 𝑙𝑡−1) ≜ 𝑝(𝑧𝑡, 𝐲𝑇1 ) ⋅ 𝑝

𝐼
𝑒 (𝑥𝑡), (𝑙𝑡−1 → 𝑙𝑡) ∶ 𝑥𝑡. (37)

where the modified branch metric uses 𝑝(𝑧𝑡, 𝐲𝑇1 ) as the likelihood infor-
mation and uses the extrinsic prior symbol information 𝑝𝐼𝑒 (𝑥𝑡) to denote 
the transition probability 𝑝(𝑙𝑡 ∣ 𝑙𝑡−1) when the state transition (𝑙𝑡−1 → 𝑙𝑡)
is driven by the input symbol 𝑥𝑡. Note that we set 𝑝𝐼𝑒 (𝑥𝑡) = 𝑝(𝑥𝑡) = 1∕𝑀 in 
the first iteration. Using the modified branch metric (37), the joint prob-
ability of the DE-PSK demapper 𝑝(𝑙𝑡, 𝑙𝑡−1, 𝐲𝑇1 ) is derived through (3)–(6), 
and the joint probability of the PSK symbol is then obtained by 
𝑝(𝑥𝑡, 𝐲𝑇1 ) =

∑

(𝑙𝑡−1→𝑙𝑡)∶𝑥𝑡

𝑝(𝑙𝑡, 𝑙𝑡−1, 𝐲𝑇1 ).

Subsequently, the iterative processing is the same as in Section 5.2.2.
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Fig. 6. Trellis section of a standalone DE-QPSK demapper.

Table 2 
Number of multiplications for separate and joint turbo 
receiver designs with 𝑀 = 4 , 𝑊 = 4 , and 𝐿 = 2.

𝐼 = 0 𝐼 = 1 𝐼 = 2 𝐼 = 3 𝐼 = 10

joi 1024𝑇 2048𝑇 3072𝑇 4096𝑇 11264𝑇
sep 1056𝑇 1600𝑇 2144𝑇 2688𝑇 6496𝑇

5.4.  Computational complexity analysis

This subsection offers a general comparison of the complexity be-
tween the joint and separate system designs. Since the main compu-
tational burden comes from the multiplication operation in the BCJR 
algorithm, we will concentrate on the complexity related to the number 
of multiplications used in the BCJR algorithm for two different realiza-
tions of the turbo systems.

Consider a length 𝑇  sequence (𝑇  trellis sections) processed by a BCJR 
algorithm with 𝑁 trellis states. For each state, it needs to consider tran-
sitions from all possible previous states, which results in a 𝑁2 multipli-
cation per trellis section. Therefore, the overall complexity of a BCJR 
operation is given by 2𝑇𝑁2, where the constant 2 accounts for the for-
ward and backward operations. For transmission of a general cardinality 
𝑀 and 𝑊  state Markov–Middleton channel, the super-trellis sections of 
the joint DE-PSK-IN demapper (Section 5.2) require 𝑀𝑊  states. Con-
sidering the turbo receiver operates over 𝐼 iterations, we can then write 
the computational complexity of the joint receiver as 
joi = 2𝑇 ⋅ (𝐼 + 1)(𝑀2𝑊 2 +𝑀2𝐿).

The separate design (Section 5.3), on the other hand, requires an 𝑀𝑊
state MAP IN detector, an 𝑀 state MAP DE-PSK demapper, and an 𝑀𝐿

state MAP convolutional decoder. We can then write its computational 
complexity as 
sep = 2𝑇 ⋅ (𝑀2 𝑊 2 + (𝐼 + 1)(𝑀2 +𝑀2𝐿)).

In Table 2, we show the computational complexity of joi and sep
for a transmission of a 𝐿 = 2 convolutional code and a DE-QPSK (𝑀 = 4) 
modulation over a 4-state (𝑊 = 4) Markov–Middleton model. When op-
erating without turbo iterations (𝐼 = 0), the super-trellis design in the 
joint system has a slightly lower complexity than a separate design. As 
the number of iterations increases, the computational cost of the joint 
design increases significantly and exceeds that of a separate design from 
the second turbo iteration. After 10 iterations, the suboptimal separate 
design has nearly half the computational complexity of the optimal re-
ceiver design.

6.  Simulation results

6.1.  AIR analysis

In this section, we report a detailed AIR analysis for the finite-state 
Markov–Middleton model with a PSK transmission scheme. Specifically, 
we simulated 1000 independent sequences with a length of 𝑇 = 106 sym-
bols to compute the estimated AIR, where the transmitted sequence 

Fig. 7. AIRs versus impulsive-to-background noise ratio Λ for different impul-
sive indices 𝐴 = 0.1, 0.3, and 0.5 and correlation parameters 𝑟 = 0, 0.5, and 0.9
for a QPSK modulation scheme with a 4-state Markov–Middleton impulsive noise 
model with SNR = 3 dB.

𝐱𝑇1  consists of QPSK (𝑀 = 4) modulated symbols with a symbol set 
 following (17). The channel output sequence 𝐲𝑇1  is obtained using
(16), where the noise sequence 𝐧𝑇1  is generated by a 4-state Markov–
Middleton model with noise statistics following (11)–(13), given param-
eters 𝐴, Λ, 𝑟, and 𝜎20 . The choice of 𝑊 = 4 is based on both empirical ev-
idence from our field-testing data [4] and a balanced trade-off between 
model accuracy and computational complexity. Note that although the 
mathematical derivations of this paper are in the probability domain, 
the actual implementation is in the log domain to prevent numerical 
instability. The simulated AIR values with different Markov–Middleton 
channel parameters are shown in Fig. 7 for an SNR of 3 dB. Here, the SNR 
is defined as the transmitted symbol power over the background noise
power 

SNR = 𝐸{|𝑥𝑡|2}∕𝜎20 .

To help illustrate the behavior of the AIR over impulsive-to-background 
noise power ratio Λ, we also plot the likelihood function for a memory-
less (𝑟 = 0) channel with different impulsive-to-background noise power 
ratios (Λ = 10−2, 100, 104) in Fig. 8a–c. For simplicity, we choose a two-
state (background and impulsive states) channel with impulsive index 
𝐴 = 0.3 and BPSK for the likelihood function analysis, which does not 
affect the generality of the presentation.

Results from Fig. 7 show that a BN-limited regime can be found when 
Λ < 10−1 (indicated by red cross), where the noise generated by an IN 
state is barely distinguishable from the noise generated by a BN state 
(𝜎20 ≈ 𝜎2𝑗 , 𝑗 = 1, 2, 3) as shown in the likelihood function from Fig. 8a. 
In this case, the performance of the Markov–Middleton channel ap-
proaches that of the AWGN channel, with an AIR of 1.44 bits/symbol, 
regardless of the impulsive channel parameters 𝐴 and 𝑟. From Fig. 7, 
we can observe that as Λ increases, the channel transitions into an IN-
limited regime, where 𝐴 and 𝑟 become crucial in determining the AIR. 
A non-monotonic behavior of the AIR over Λ is shown for channels 
with correlation parameter 𝑟 < 0.9 in Fig. 7, where there exist inflection 
points where a minimum AIR occurs. Before the inflection point, the 
AIR quickly worsens as Λ increases. As shown in Fig. 8a, the IN state 
increases the uncertainty of the overall likelihood function due to its 
non-negligible long tail. However, after the inflection point, the impact 
of the impulsive state on the overall likelihood is reduced. In particu-
lar, when Λ > 103, the AIR for all the channels converges to a constant 
value. This behavior can be explained by examining the likelihood func-
tion in Fig. 8c. As the variance of the IN state increases, its likelihood 
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Fig. 8. The likelihood functions 𝑝(𝑦𝑡|𝑥𝑡 = +1), 𝑝(𝑦𝑡|𝑥𝑡 = +1, 𝑤𝑡 = 0), and 𝑝(𝑦𝑡|𝑥𝑡 = +1, 𝑤𝑡 = 1) of a 2-state memoryless (𝑟 = 0) Markov–Middleton model with BPSK 
modulation are shown for (a) Λ = 10−2, (b) Λ = 100, and (c) Λ = 104.

Fig. 9. AIRs versus impulsive-to-background noise ratio Λ for mismatched 
𝐴̂ = 0.1 and 0.01, ̂𝑟 = 0 and 0.5, Λ̂ = 10−2 and 102, and 𝑊̂ = 1 and 2, for a QPSK 
modulation scheme with SNR = 3 dB. The AIR with actual channel parameters 
𝐴 = 0.3, 𝑟 = 0.9, and 𝑊 = 4 is denoted as REF.

Fig. 10. AIRs versus SNR for QPSK transmission over Markov–Middleton IN 
channels for 𝐴 = 0.1, 0.3, and 0.5 with fixed Λ = 10, 𝑟 = 0.9, and 𝑊 = 4. The 
solid gray line indicates the AWGN channel.

function spreads, and the probability density around the mean decreases 
compared to that of the BN state. Consequently, the overall likelihood 
of transmitting a specific symbol 𝑥𝑡 is almost entirely dominated by the 
BN state. It is also shown in Fig. 7 that the AIR deteriorates as the IN be-
comes more pronounced with increasing 𝐴. Besides, the inflection point 
shifts toward large Λ with a higher impulsive index 𝐴, which can be 
explained by (13). Specifically, when the IN samples are more active 
(larger 𝐴), the power of the IN must increase (larger Λ) to maintain the 
same noise power. On the other hand, the channel memory helps track 
the noise states through the transition matrix, reducing the uncertain-
ties of the underlying IN channel and thus improving the AIR for any 
given value of 𝐴 and Λ.

In Fig. 9, we evaluate the AIR performance under mismatched de-
coding scenarios where imperfect channel knowledge exists, providing 
a sensitivity analysis for parameter estimation inaccuracies. In all simu-
lations, we assume that the Markov–Middleton channel is characterized 
by parameters 𝐴 = 0.3, 𝑟 = 0.9, and 𝑊 = 4. This setup corresponds to a 
highly correlated, bursty IN environment, which is commonly observed 
in practice [4,6]. We first examine the extreme cases by assuming 𝑊̂ = 1
(black dashed line) and Λ̂ = 10−2 (orange dashed line). This simplifica-
tion effectively reduces the receiver to an AWGN detector. While they 
perform adequately in the BN-limited regime (Λ < 10−1), their perfor-
mance severely deteriorates as the true channel transitions into the IN-
limited regime (Λ > 10−1). Additionally, ignoring channel memory by 
assuming 𝑟 = 0 (green dashed line) leads to a memoryless receiver de-
sign. This simplification results in an AIR loss of up to 0.1 bits/symbol 
compared to the memory-aware receiver under highly correlated impul-
sive conditions, a finding that aligns with previous observations in [19]. 
This highlights the need for memory-aware detection schemes or alter-
native techniques, such as orthogonal frequency division multiplexing 
(OFDM) approaches, to mitigate the impact of temporally correlated 
channels. Moreover, a mismatch in the impulsive parameters 𝐴 and Λ
imposes a notable performance loss, emphasizing the importance of ac-
curate channel estimation in practical systems. On the other hand, the 
receiver is relatively robust to state mismatch: assuming a simple 2-state 
model (crosses) yields similar AIR performance to the true 4-state model. 
This suggests that the complexity of the receiver can be reduced without 
substantial performance loss as long as the key statistical properties of 
the IN are adequately captured.

As a reference for our practical receiver design, we present the 
AIR as a function of SNR in Fig. 10. Specifically, the SNR required 
to achieve a target AIR of 1 bit per QPSK symbol, which corresponds 
to a half-rate encoder, is 0.9 dB, 2.4 dB, and 4.2 dB for impulsive in-
dex 𝐴 = 0.1, 0.3, and 0.5, respectively. These performance bounds will 
be used to benchmark our turbo-DE-PSK-IN receiver designs in the fol-
lowing subsection.
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Fig. 11. BER performance over iterations for turbo-QPSK-IN (dashed lines), turbo-DE-QPSK-IN (circle solid lines), and suboptimal turbo-DE-QPSK-IN designs (cross 
dotted lines) over the Markov–Middleton channel with impulsive index (a) 𝐴 = 0.1, (b) 𝐴 = 0.3, and (c) 𝐴 = 0.5, where 𝑊 = 4, Λ = 10, and 𝑟 = 0.9 are fixed for all 
simulations. The dotted red vertical lines indicate the simulated theoretical bound derived in Fig. 10. The dashed red lines show the QPSK-IN demapper with the 
LDPC code presented in [19,20]. The solid red lines indicate the ultimate performance bound of the proposed turbo-DE-PSK-IN receiver with perfect noise state 
information. All simulations have an interleaver depth of 64, 800 bits. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)

Fig. 12. BER performance for practical receiver design considerations with un-
derestimated number of noise state 𝑊̂ = 2 and limited interleaver depths of 
100, 000, 4, 000, and 800, respectively, for the proposed suboptimal turbo-DE-
QPSK-IN receiver after 10 iterations. The IN channel is characterized by 𝑊 = 4, 
𝐴 = 0.3, Λ = 10, and 𝑟 = 0.9.

6.2.  Proposed turbo-DE-PSK-IN receiver performance

This section reports the numerically simulated bit error rate (BER) 
performance of the proposed optimal and suboptimal turbo-DE-PSK-IN 
receivers under a 4-state Markov-Middleton IN channel. A standard half-
rate convolutional code with generators (5, 7)8 was used. A QPSK mod-
ulation is employed to map the interleaved coded bits to symbols, after 
which a differential modulator processes the symbols as in (27). The 
differentially modulated symbols are transmitted through a Markov–
Middleton channel to generate the observed sequence 𝐲𝑇1  according to
(28). For the conventional turbo-PSK-IN receiver, the observed sym-
bols are generated via (16). For benchmarking, we include the perfor-
mance of a state-of-the-art PSK-IN receiver employing the LDPC code, as 
demonstrated in [19,20]. To ensure a fair comparison with the DVB-S2 

LDPC standard, we set the codeword length (interleaver depth) for all 
schemes to 64, 800 bits.

Fig. 11a–c show the BER performance of the proposed joint turbo-
DE-PSK-IN receiver (solid lines) with respect to the number of itera-
tions for different impulsive indices 𝐴 = 0.1, 0.3, and 0.5. When com-
paring to the performance of the conventional turbo-PSK-IN receiver 
(dashed lines), we observe that the turbo-DE-PSK-IN receiver signifi-
cantly outperforms the turbo-PSK-IN receiver in all cases after the first 
turbo iteration, with a performance gain of around 4.5 dB at a BER of 
10−4 for 𝐴 = 0.1. Notably, despite the use of a relatively simple convo-
lutional code, the proposed receiver approaches the performance of the 
high-complexity DVB-S2 LDPC-based PSK-IN receiver (dashed red lines) 
after 10 iterations. This result highlights the efficacy of the rate-one dif-
ferential structure in providing significant time diversity in impulsive 
environments. Furthermore, the proposed receiver maintains SNR gaps 
of only 1.1 to 2.1 dB relative to the theoretical bounds derived in Fig. 10. 
As shown in Fig. 3a and b, these gains are achieved without increasing 
the trellis state complexity of the joint IN detector.

The performance of the joint turbo-DE-PSK-IN receiver is also com-
pared to its suboptimal separate design (dotted cross lines in Fig. 11a–c), 
where the turbo decoder and the IN detector (equalizer) are designed 
separately. The separate design is implemented by using the same MAP 
equalizer as in [16,20], which only computes the posterior symbol prob-
ability once without iterative updates. The results show that the subop-
timal separate design can closely approximate the optimal joint design 
without much degradation, especially in a mild IN channel (Fig. 11a). 
A similar observation was also reported in [19]. This finding suggests 
that the use of a suboptimal design is preferable as it has only around 
half the complexity of the optimal design for 10 iterations. However, in 
a severely activated IN channel (Fig. 11c), the separate design shows a 
performance loss of around 0.2 dB compared to the joint design, which 
is expected to increase with a larger impulsive index 𝐴.

To gauge the ultimate performance of our proposed turbo-DE-PSK-IN 
scheme under the Markov–Middleton channel, we simulate the perfor-
mance of the proposed turbo-DE-PSK-IN receiver with perfect noise state 
information (NSI) at the receiver. This is achieved by assuming that the 
noise state realization is perfectly known at the receiver, which allows 
for a perfect equalization of the received signal. The results are shown 
in Fig. 11a–c as solid red lines. The perfect NSI simulation serves as a 
benchmark for the performance of our proposed turbo system, where we 
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assume that a large number of iterations (30 iterations) are performed. 
The results show that the ultimate performance of the proposed turbo-
DE-PSK-IN system is around 1 dB away from the theoretical bounds, re-
gardless of channel conditions. For 𝐴 = 0.1, a turbo-DE-PSK-IN receiver 
with 10 iterations is already close to the ultimate performance, while for 
𝐴 = 0.5, more iterations are required to achieve the best possible result.

In Fig. 12, we evaluate the performance of the separate receiver de-
sign in a setting with limited interleaver depth and mismatched chan-
nel states. The results are shown for a fixed 4-state Markov–Middleton 
model with 𝐴 = 0.3, 𝑟 = 0.9, and Λ = 10. The number of turbo iterations 
is set to 10. We first design a receiver that only assumes 𝑊̂ = 2, which 
leads to a total of 2𝑀 = 8 trellis states in the IN detector. In this case, 
the receiver is designed to ignore the higher impulsive noise states. The 
results show that the performance of the receiver with a mismatched 
𝑊̂ = 2 state assumption is very close to that of the matched receiver 
design with 𝑊 = 4 states, which is also identified in Fig. 9. This is an 
important observation as we can design an efficient receiver with a re-
duced number of states without much performance loss. The results of 
Fig. 12 also show that the receiver is sensitive to the interleaver depth. A 
smaller interleaver depth of 4, 000 leads to a performance loss of around 
2.7 dB, while a depth of 800 results in significant performance loss of 
around 10 dB at a BER of 10−4 when compared to a system with an in-
terleaver depth of 100,000 for the turbo-DE-PSK-IN system. The benefits 
of using a large interleaver depth are mainly twofold. First, it improves 
the MAP-based IN detector (equalizer) performance, and second, it ef-
fectively spreads the decoding errors for the two constituent decoders, 
which is crucial for the turbo decoding performance. We can see that 
the conventional turbo-PSK-IN (black dashed lines) can obtain only the 
detector-related benefits, while the proposed turbo-DE-PSK-IN system 
(blue solid lines) can benefit from both. This is because the turbo-DE-
PSK-IN system can effectively spread the decoding errors thanks to the 
recursive nature of the differential decoder, which is crucial for turbo 
decoding performance.

7.  Conclusions

In this paper, we propose robust turbo receiver structures that can 
effectively mitigate the impact of bursty impulses, modeled by a 4-state 
Markov–Middleton model, by incorporating a rate-one differential de-
coder into the receiver design. We started by investigating the AIR be-
tween the PSK-modulated symbols and the channel output sequence for 
various channel conditions. We found that the impulsive index signifi-
cantly influences the AIR. Also, we observed a non-monotonic relation-
ship between the estimated AIR and the impulsive-to-background noise 
power ratio, which can be further explained by evaluating the likeli-
hood function for the BN and IN states. Furthermore, channel mem-
ory reduces the uncertainty of the given IN channel, thereby increas-
ing the AIR. Mismatched decoding scenarios are also considered in the 
AIR analysis. In the second part of the paper, we carefully derived the 
proposed turbo-DE-PSK-IN receiver design, which incorporates a differ-
ential decoder into the MAP-based IN detector. Results show that the 
proposed turbo-DE-PSK-IN receiver significantly outperforms the con-
ventional MAP-based turbo-PSK-IN receiver by more than 4.5 dB with 
an ultimate performance gap of around 1 dB from the AIR-derived per-
formance bound. Additionally, we proposed a suboptimal separate re-
ceiver design, which only has half the complexity of the joint design 
but still sufficiently approximates the optimal joint receiver design. The 
proposed receiver design is also shown to be robust against the under-
estimated number of IN states.

This paper demonstrates that a simple rate-one differential encoder 
can effectively improve receiver performance under a serially concate-
nated turbo structure in the presence of bursty impulsive noise. While 
the present study focuses on PSK modulation and convolutional codes 
to clearly isolate the benefits of the proposed turbo-DE-PSK-IN architec-
ture, the framework is inherently extensible to other modulation formats 
and alternative coding schemes. For instance, employing more powerful 

codes such as LDPC could further enhance the quality of the extrinsic 
information exchanged during turbo iterations. This would potentially 
accelerate the convergence rate, allowing the receiver to approach the-
oretical information limits with fewer iterations. This remains a com-
pelling direction for future research.
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