University Library

o o A gateway to Melbourne's research publications

Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Gunasekara, S;Smith, P;Kuijper, M;Senanayake, R

Title:
Joint Coherent/Non-Coherent Detection for Distributed Massive MIMO: Enabling
Cooperation Under Mixed Channel State Information

Date:
2025-11-01

Citation:

Gunasekara, S., Smith, P., Kuijper, M. & Senanayake, R. (2025). Joint Coherent/Non-
Coherent Detection for Distributed Massive MIMO: Enabling Cooperation Under
Mixed Channel State Information. Sensors, 25 (21), pp.6800-. https://doi.org/10.3390/
$25216800.

Persistent Link:
https://hdl.handle.net/11343/367880

License:
cCcBY


CC%20BY

Sensors

Article

Joint Coherent/Non-Coherent Detection for Distributed Massive
MIMO: Enabling Cooperation Under Mixed Channel
State Information

Supuni Gunasekara *{, Peter Smith 2(0, Margreta Kuijper !

check for
updates

Academic Editor: Antonio Guerrieri

Received: 2 October 2025
Revised: 31 October 2025
Accepted: 3 November 2025
Published: 6 November 2025

Citation: Gunasekara, S.; Smith, P.;
Kuijper, M.; Senanayake, R. Joint
Coherent/Non-Coherent Detection for
Distributed Massive MIMO: Enabling
Cooperation Under Mixed Channel
State Information. Sensors 2025, 25,
6800. https://doi.org/10.3390/
525216800

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

and Rajitha Senanayake !

1
2

Department of Electrical and Electronic Engineering, University of Melbourne, Parkville, VIC 3010, Australia
School of Mathematics and Statistics, Victoria University of Wellington, Wellington 6140, New Zealand

*  Correspondence: supuni.gunasekara@student.unimelb.edu.au

Abstract

Beyond-5G wireless systems increasingly rely on distributed massive multiple-input
multiple-output (MIMO) architectures to achieve high spectral efficiency, low latency,
and wide coverage. A key challenge in such networks is that cooperating base stations (BSs)
often possess different levels of channel state information (CSI) due to fronthaul constraints,
user mobility, or hardware limitation. In this paper, we propose two novel detectors that
enable cooperation between BSs with differing CSI availability. In this setup, some BSs
have access to instantaneous CSI, while others only have long-term channel information.
The proposed detectors—termed the coherent/non-coherent (CNC) detector and the differ-
ential CNC detector—integrate coherent and non-coherent approaches to signal detection.
This framework allows BSs with only long-term information to actively contribute to the
detection process, while leveraging instantaneous CSI where available. This approach
enables the system to integrate the advantages of non-coherent detection with the precision
of coherent processing, improving overall performance without requiring full CSI at all co-
operating BSs. We formulate the detectors based on the maximum likelihood (ML) criterion
and derive analytical expressions for their pairwise block error probabilities under Rayleigh
fading channels. Leveraging the pairwise block error probability expression for the CNC
detector, we derive a tight upper bound on the average block error probability. Numerical
results show that the CNC and differential CNC detectors outperform their respective
single-BS baseline-coherent ML and non-coherent differential detection. Moreover, both
detectors demonstrate strong resilience to mid-to-high range correlation at the BS antennas.

Keywords: cell-free networks; coherent detection; cooperative communications; distributed
antenna systems; massive MIMO; non-coherent detection

1. Introduction

Massive multiple-input multiple-output (MIMO) systems are a cornerstone of modern
wireless communication systems, offering significant improvements in spectral efficiency,
reliability, and network capacity [1,2]. By employing a large number of antennas at the
base station (BS), massive MIMO systems are able to provide substantial improvements in
data rates and serve multiple users simultaneously, leveraging spatial multiplexing and
diversity gains.

Traditional approaches to user signal detection in massive MIMO systems can be
broadly classified into two categories: coherent detection [3-9], which depends on in-
stantaneous channel state information (CSI), and non-coherent detection [10-19], which
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operates using long-term channel information. Using pilot-based mechanisms to acquire
channel estimates, coherent detection offers excellent performance under ideal circum-
stances [5]. Several works [3-5] have examined the performance of such systems under
centralized and decentralized architectures. However, these systems are susceptible to
channel variations and require regular CSI updates, which impose substantial overhead in
terms of signaling and computational complexity. Recent studies have proposed scalable
and practical solutions to mitigate these challenges. For instance, ref. [6] introduces sub-
set minimum mean squared error receivers to reduce computational burden, while [7-9]
propose partial joint processing and clustering architectures that reduce network overhead
while maintaining performance.

In contrast, non-coherent detection relies on long-term channel information, which
often results in a substantially inferior performance compared to coherent detection [14].
However, BSs operating non-coherently benefit from low computational complexity, power
consumption [20] and reduced overhead associated with CSI updates. Several non-
coherent detection strategies have been proposed for use in massive MIMO systems. These
systems, mainly utilize approaches based on differential detection [10-13] and energy
detection [14-17]. Differential detection strategies encode information in the phase dif-
ference across time without requiring CSI. For example, refs. [10,12] explore differential
phase shift keying schemes under various fading environments, while ref. [11] studies
non-coherent detection from a system-level perspective. Works such as [13,18,19] exam-
ine the effect of spatial correlation and distributed implementations, providing insight
into practical performance in large-scale arrays. Energy-based non-coherent detection
relies on received signal strength rather than phase information. While [15-17] examine
energy-based modulation schemes in various setups, ref. [14] proposes constellation design
strategies for energy based non-coherent massive MIMO systems. In addition to these
traditional paradigms, several works have explored joint channel estimation and signal
detection [21-23], where the channel state and transmitted data symbols are estimated
simultaneously-circumventing the need for dedicated pilot signaling.

In non-cooperative cellular networks, users located near the cell edge suffer from
significantly lower signal-to-interference-noise ratios (SINR) compared to those closer to
the center. This degradation occurs for two main reasons: as users move farther from
the BS, the received signal power diminishes rapidly with the propagation distance [24].
Additionally, because each user is exclusively served by a single BS, signals from users
in neighboring cells are treated as interference. The combined impact of these factors
leads to a notable reduction in SINR at the cell edge, which in turn causes substantial
variations in data rates across the cell. These disparities present challenges for maintaining
the high data rates required by modern mobile networks. Distributed massive MIMO
systems have been proposed as a solution, with coherent and non-coherent approaches
addressing the problem in different ways. Here, geographically distributed BSs equipped
with massive MIMO arrays are interconnected via fronthaul links to a central processing
unit (CPU). Note that, in this work, the term CPU refers to the central processing unit of
the network, i.e., the entity where signals from distributed BSs are aggregated via fronthaul
links and jointly processed. This setup enables the CPU to detect signals from all users
within the cooperating cells, effectively managing network resources and improving overall
service quality. Coherent cooperative systems can combat interference by exploiting the
CSI of traditionally interfering users, thus improving the SINR [25]. On the other hand,
non-coherent cooperative systems enhance performance by accumulating more signal
power from the additional antennas provided through cooperation, despite not relying on
real-time CSI [18].
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1.1. Motivation

Conventionally, cooperation in wireless systems has been limited to BSs utilizing
the same type of processing: either coherent-to-coherent [3,9,26] or non-coherent-to-non-
coherent [18,19] coordination. The underlying idea is that cooperation is most effective
when the detection capabilities of the BSs are aligned. Nonetheless, there may be in-
stances where enhancing system performance is crucial, yet locating BSs that share the
same processing techniques for cooperation can be problematic. In such cases, involv-
ing BSs with alternative processing techniques could help maintain the required level of
error performance.

In the literature, coherent and non-coherent detection methods are typically applied in
isolation, with systems rarely utilizing both approaches simultaneously. A hybrid demodu-
lation approach that attempts to combine the benefits of both techniques was introduced
in [27]. This method uses differentially-encoded data streams instead of traditional pilot
symbols, and the data is demodulated using non-coherent detection at the BS to support
channel estimation. However, this system still applies coherent and non-coherent detection
in two separate layers rather than truly integrating them. Moreover, these methods perform
well when the system operates under uniform channel conditions or when all cooperating
BSs can provide coherent channel estimates. However, they do not address the increas-
ingly common situation in modern wireless systems where some BSs may only be able to
provide non-coherent signal observations due to hardware limitations, synchronization
issues, fronthaul constraints, or high user mobility. More importantly, even if coherent CSI
could be acquired at more BSs, doing so involves significant signaling and computational
overhead. Therefore, limiting the number of BSs that acquire instantaneous CSI is not only
realistic but also a strategy to reduce system complexity and improve scalability.

Building on these insights, in this paper, we propose two novel detectors that integrate
coherent and non-coherent detection schemes into a unified approach for user data detec-
tion, enabling both methods to work simultaneously. In contrast to conventional detection
approaches restricted to a single mode of cooperation, the proposed method provides a
fresh perspective by jointly exploiting both coherent and non-coherent modes to enhance
user performance. As discussed earlier, coherent detection leverages phase-aligned signals
using known CSI, while non-coherent detection relies on energy or amplitude without
requiring precise phase knowledge. Although fundamentally different, both types of
information contribute to the likelihood of each symbol hypothesis. The coherent com-
ponent provides a phase-sensitive term, while the non-coherent component contributes
a phase-invariant, energy-based term. The joint likelihood function naturally integrates
both, making the joint detection approach not only feasible but also highly relevant for
next-generation wireless networks.

1.2. Contribution

We consider a distributed massive MIMO network where BSs cooperate to serve a
single-antenna user (A natural extension is the multi-user case; however, this lies beyond
the present scope as it would introduce inter-user interference and scheduling aspects.).
While some BSs possess instantaneous CSI, another set of BSs contribute to the cooper-
ative detection process by relying solely on long-term channel information. We use the
terms coherent and non-coherent to categorize BSs according to their access to user channel
information, distinguishing between those with instantaneous user channel information
and those with only long-term channel information. The coherent and non-coherent BSs
are linked to a CPU through a fronthaul network. The user channel information (be it
instantaneous or long-term) and the user signals received at these BSs are transmitted to
the CPU, where user signals are jointly detected. Our objective is to evaluate the poten-
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tial performance improvements when a user is supported by additional BSs that operate
differently from their primary BSs. It should be noted that the term primary is adopted
solely for explanatory purposes to refer to the BSs initially serving the user. In practice,
there is no distinction between cooperating BSs beyond whether they operate in coherent or
non-coherent mode. We study this in two complementary perspectives as discussed below.

We further consider a scenario where the user is initially served by a primary BS-
operating either coherently or non-coherently, depending on its processing capability. If
this link’s quality degrades due to fading, mobility, or interference, neighboring BSs may
assist opportunistically in whichever mode their CSI availability allows.

*  Coherent primary BSs with non-coherent assistance: In the first scenario, we consider
a user primarily served by a set of coherent BSs, without differential encoding. As
the user signals are being detected coherently, the instantaneous user channels from
the user to this set of BSs are known. Some other BSs, while able to contribute to
the detection of user signals, lack the capability to access instantaneous user channel
information and are restricted to using long-term channel information. We introduce
one or more such non-coherent BSs to assist in the detection process, allowing the
system to leverage non-coherent benefits in conjunction with coherent detection.
Given that this novel detector leverages both coherent and non-coherent approaches
for data detection, we term this as the coherent/mon-coherent detector (CNC detector). We
propose that this method could be implemented as an inter-tier cooperative scheme
for heterogeneous networks [28,29]. For example a massive MIMO BS in the coverage
tier can provide aid in detection non-coherently to a set of BSs working cooperatively
in the hotspot tier. This method will also be useful in scenarios where a handover
process is initiated for a user, but the target BS set lacks the resources to serve the user
coherently. Until the process is finalized, and the target BS set learns the instantaneous
user channel, the user can be jointly served by the two sets of BSs, so that a disruption
to service will not occur. Another use case for this detector would be a scenario
where non-coherent detection may serve as a fallback or resilience mechanism-for
example, during rapid channel fluctuations or sudden fading events-when coherent
CSI becomes temporarily unreliable or unavailable.

¢ Non-coherent primary BS with coherent assistance: In the second scenario, we focus
on a user employing differential encoding, served by a non-coherent BS that utilizes
differential detection. Adding distant non-coherent BSs provides little benefit, as
noted in [18], but a distant coherent BS could still support the system by working with
instantaneous channels, even if the estimated channel quality is not ideal. In this study,
we explore how a coherent BS can offer additional support to a non-coherent system
while maintaining differential detection at the CPU. As this detector is a variation of
the CNC detector, we refer to this detector as the differential CNC detector.

The above dual analysis examines both configurations, thereby enabling a comprehensive
characterization of the performance gains achievable through coherent and non-coherent
BS cooperation.

The ability to opportunistically extract gains from a mixed set of BSs—regardless
whether they provide coherent or non-coherent support-enables greater adaptability and
resilience in practical deployment scenarios, especially where single-mode cooperation
cannot be guaranteed. The proposed detectors are especially relevant in scenarios where
a user is served by BSs with varying CSI capabilities, but not enough BSs support the
same cooperation mode (e.g., all coherently or all non-coherently), rendering conventional
cooperative schemes ineffective. The proposed joint detection approach addresses this
limitation by offering a practical solution for those users as well as the users in constrained
conditions-such as those at the cell edge, with limited CSI, or in a deep fade-where per-
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formance degradation requires timely support. Moreover, hybrid detection is well-suited
for beyond-5G systems where infrastructure components operate with varying levels of
CSI and where there is a critical need to balance performance with resource and over-
head efficiency. For instance, in cell-free massive MIMO networks [24], nearby BSs with
accurate CSI can contribute coherently, while distant BSs with only statistical CSI can
contribute non-coherently. Recent studies have also investigated the integration of cell-free
massive MIMO with emerging paradigms such as reconfigurable intelligent surfaces (RIS)
and unmanned aerial vehicle (UAV) [30-33], demonstrating the flexibility of distributed
architectures in supporting heterogeneous devices and service requirements. These devel-
opments underscore the importance of hybrid detection and cooperation strategies, which
motivate our proposed CNC and differential CNC detectors for scenarios with heteroge-
neous CSI availability. Accordingly, the joint detection framework introduced in this paper
lays the foundation for adaptive, overhead-aware receiver designs that are expected to
become increasingly important as wireless networks continue to evolve. In this context,
RIS-assisted communications [34] and UAV-assisted systems [35] are natural application
domains, where the CPU can apply the proposed detectors to combine instantaneous CSI
from ground BSs with non-coherent contributions from RIS or UAV nodes that typically
lack precise CSI.

The proposed detectors consider L contiguous symbol times and perform an ex-
haustive search over all possible symbol combinations to detect the transmitted symbol
sequence. While the detectors, which are based on the maximum likelihood (ML) criterion,
are straightforward, the mathematical analysis proves to be challenging. Hence, while
an exact analysis of error performance is challenging, we provide upper bounds on the
average error probability using the exact block error probability expressions. Consequently,
this paper offers the following key contributions:

¢ We formulate two novel detectors where BSs cooperate to detect user signals having
two levels of user channel information. Specifically, one group of BSs accesses instan-
taneous CSI, while a second group possesses only long-term channel information of
the user. User signals are detected using either the CNC detector or the differential
CNC detector, which are derived using the ML criterion. It is important to emphasize
that the proposed detectors are not derived based on any assumptions on the channel
model, and remain model-agnostic, thereby possessing the flexibility to operate across
a range of fading environments depending on the system conditions. As explained
later in the text, one part of the detectors operate with access to finer channel char-
acteristics such as correlation structures or line-of-sight (LOS) component strengths,
while the other does not and therefore contributes to the detection process based solely
on the received channel powers. Due to this setup, the proposed detectors are not
optimized for such channels; however, they offer the best performance possible with
the available information and remain applicable under these conditions.

*  Assuming correlated Rayleigh channels, we derive analytical expressions to determine
the pairwise block error probability of a user when detected using the CNC detector
and the differential CNC detector. Based on the derived pairwise error probability
expression we provide an upper bound on the average block error probability of the
CNC detector.

*  Based on numerical results, we identify the following key insights:

1.  The CNC detector outperforms coherent detection at a single BS, with its perfor-
mance gains increasing as the user moves closer to the non-coherent BS.

2. The differential CNC detector surpasses the error performance over non-coherent
differential detection at a single BS, with performance gains increasing as the
user moves closer to the coherent BS.
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3. The performance degradation due to correlation at the BS antennas is minimal
for both the CNC and differential CNC detectors, highlighting their robustness
under such conditions.

The rest of the paper is structured as follows: Section 2 outlines the system model
used in this analysis. In Section 3, we present the CNC detector, followed by Section 4,
where we analyze the error performance of the proposed detector. Section 5 presents the
differential CNC detector and derives an expression to calculate the pairwise block error
probability. Section 6 analyzes key system-level factors. Numerical examples are given in
Section 7, and the paper concludes in Section 8.

Notation: We use (-)* for complex conjugate, ()T for transpose, and (-)! for conjugate
transpose. The m x n null matrix is indicated by 0,,x, and I, denotes an m x m identity
matrix. R is the set of real numbers. P[-] denotes probability whereas Fx(x) denotes the
cumulative distribution function (CDF) of X evaluated at x.

2. System Model

This section introduces the system model employed in the rest of the paper. We
examine the uplink of a communication network where a total of M, + M. antennas (M,
non-coherent antennas and M, coherent antennas) collaborate to serve a user as shown
in Figure 1. These antennas may be part of multiple co-located multi-antenna BSs, where
at least one BS operates coherently, and the rest operate non-coherently. Alternatively,
they could be distributed throughout the service area, functioning as single-antenna access
points (APs). For illustrative purposes, Figure 1 employs single-antenna APs, which
simplifies the problem formulation and improves notational clarity, thereby allowing a
clear distinction between long-term and instantaneous user channels available at each
antenna. Among these antennas, an antenna m € [1,... M| possesses only long-term
information regarding the user channel whereas an antenna m € [Myc + 1, ... My + M|
obtains instantaneous CSI regarding the user channel. This setup is depicted in Figure 1, in
which we have shown the possession of long-term channel information by dotted lines, and
the possession of instantaneous CSI by solid lines. We define long-term channel information
as the combined effect of distance-based gain and shadow fading. Consequently, the first
set of antennas will aid in user symbol detection non-coherently, while the second set of
antennas will aid detection coherently. We consider that the desired user is equipped with
a single antenna and all M, + M, antennas are connected to a CPU through a delay-free
fronthaul network. In this work, ideal fronthaul links with negligible latency are assumed
to focus on the core design of the joint coherent and non-coherent detection framework. In
practical deployments, fronthaul limitations such as transmission delays and bandwidth
constraints could impact performance, particularly by affecting the availability and aging
of CSL

In this scenario, the vertically stacked received signal vectors at time instant [, for the
non-coherent and coherent antenna groups are expressed, respectively, as

My x1
Tyel = hncsl + Ny l, rnc,lrhnC/ Ny | € CMinex ’ (1)

and
—h h e CMex1 2
te; = hesp+ 1, re1 he,ne) : ()
Here s; denotes the transmitted data symbol at time instant /. The corresponding noise
vectors at the non-coherent and coherent antennas are n,.; = [ny,...,n Mm,l]T and
N = [MpM+1,0r - M+ MC,I]T, respectively, with n,, | representing the noise at antenna
m at time instant /. We assume that each noise component follows a complex Gaussian

distribution, characterized by a zero mean and a variance of 02.In (1) and (2), the channel
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vectors hy,. = [hy,..., hMm]T and he = [hp, 11, - - .,thCJrMC]T collect the unknown chan-
nel coefficients from the user to the non-coherent antennas and known channel coefficients
from the user to the coherent antennas, respectively. In these channel vectors, 1, represents
the channel from the user to antenna m.

CPU

e o
éAPl APM”Cé ¢ee e X

, AP Myet1 APy i,

Pu, i Aot +1 hat,. 101,

U

Figure 1. System model. The ith AP is denoted by AP;. Single antenna APs are shown to simplify the
figure. APy to APy, have only the long-term channel information of the user whereas APy, 1 to
APy, +M, possess instantaneous user channel information.

Note that we intentionally refrain from specifying statistical properties of the channel
vectors to maintain generality. The proposed detection framework is designed to be flexible
and broadly applicable to many propagation environments. As the analysis progresses,
we introduce specific assumptions-only when needed to support tractable derivations or
provide simulation results. Importantly, the proposed detector does not rely on a fixed
channel model and can operate under diverse propagation conditions, making it well-suited
for deployment in heterogeneous network environments.

3. CNC Detector

The first main contribution of this paper, which is the design of the CNC detector is
presented in this section. We use the ML estimation criterion to derive the CNC detector.

Let us first consider an observation window of L time steps, and defines = [s1,5s5. .., 5[]
as the sequence of transmitted symbols and the matrix R = [ry,1p,...,1.] € C Mnc+Me) <L
where 1) = [rz;c,l’ rCT,l}T, as the joint received signal matrix associated with this block. As the
received signals at coherent and non-coherent antennas are independent, the joint probabil-
ity distribution function (PDF) of the received signals at time instant ! for coherent (i.e., r. ;)
and non-coherent (i.e., r,,. ;) antennas conditioned on the transmitted symbol sequence s,
and the channel coefficients h. and h,,; follows a multivariate Gaussian distribution with
joint PDF given by

2 2
exp(— pp (Ll o penl,

(7{02) (Mnc"!‘Mc"!‘Mc)L

fR(R|hc/hnc/ 5) = (3)

In (3), we assume additive white Gaussian noise with identical variance o2 at each antenna.
We consider that the channel coefficients to both coherent and non-coherent antennas
remain constant over the L time-steps considered, making a subscript of / unnecessary.
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1 L H H
6510-267072 Z;lzl (rc,lr0r1+rnc/1r”€r1) L

[T

We define the base signal constellation denoted by M, to represent the set of symbols
available for transmission at a single time instant. To model transmissions across L time
instants jointly, we further introduce the extended constellation, ML, defined as the set of
all ordered L-tuples (s1,sy, ...s;) where each s; € M. Thus, M’ encompasses all possible
sequences of transmitted symbols over L consecutive uses of the channel. Now, based
on (3), the ML detection problem is given as,

sML — argmax fg(R | h,3), 4)

seML

where 5 is the hypothesis for the transmitted symbols and sM is the detected symbol
sequence according to the ML principle. In order to apply the ML principle to (3), we first
need to eliminate hy,., which is unknown at the CPU. One approach to do this is to average
fr(R|h¢, hye, s) over the unknown channel hy,. [11]. To accomplish this, we must have prior
knowledge of the distribution of h,.. However, non-coherent processing operates under
the assumption that only channel powers are accessible at the antennas, and therefore the
CPU lacks awareness regarding the channel properties. Given this lack of information, the
most rational approach for decision-making is to rely on a model that solely utilizes the
available knowledge, namely, the channel powers. Hence, we presume that the channels
are independent and Rayleigh distributed across the antennas, i.e., h;,c ~ CN (0,Pyc). Note
that the diagonal, non-coherent long-term channel information matrix, Py, is defined as
P,. = diag(Py,..., Py, ) where Py, denotes the aggregation of distance-dependent path
gain and shadow fading between the user and antenna m. While no such assumption was
made for the coherent antennas, we have assumed that the non-coherent antennas are
uncorrelated. In reality, correlations may exist among the non-coherent antennas. However,
since the detector can only utilize the information available at the BSs, the detector is
developed based on the model outlined above.

Given these assumptions, we obtain an expression for fg (R|h,, s) as expressed in (5).

2

fR(R‘hc, S) =

(2)HMet M) geg(p,, ) o>\ =

1
exp(—2 Z (rflhcsl + hfrcllsl* — hfsl*slhc) + ). (5)

L

— *
Y Erycis)
=1

In (5), we have introduced the diagonal weighting matrix & = diag(y,...,&m,, ) with
weighting factors defined as

P 1/2

m

= . 6
G <02 +Pu Yl s;‘sl> (©)

In order to simplify the decoding process, we assume that the power of the trans-
mit symbols is constant in the utilized modulation scheme (as is usual in non-coherent
systems [10-13]), more specifically ||s||> = 1V¥s € M. To adhere to such a criterion, we can
employ either M, -ary phase shift keying (PSK) or M, -ary differential PSK modulation
schemes [36]. Here and in the next section, we discuss the CNC detector using M,s-ary
modulation, and later, in Section 5 we will examine its application to M,s-ary differential
PSK. Hence, for the CNC detector the signal constellation, M, can be expressed as

M = {eﬂm/MPs’K,i =0,..., Mpsk_1 } (7)

As a result, the value of &, in (6) could be simplified as

Pm 1/2
Cf.m = <02+me> . (8)
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Note that ¢, in (8), which weights the non-coherent antennas relative to the long-term
power at that antenna, shares a similar structure to the weighting coefficients utilized for
the non-coherent antennas as in [18].

By considering the log-likelihood of (5) and disregarding terms that do not depend on
the hypothesis, 5, we can reformulate the detection problem as

L L 1-1
ML Hy = H m2 = =
s = argmaxRe Z rc,lhcsl + 2 E Lo 1= I‘nc,jSzS;f ’ )
seML I=1 I=2j=1
Coherent Non-coherent component
component

in which we have utilized the fact that 575, = 1, since each symbol 3; is an element of the
constant-modulus transmit vector § with [|5]|> = 1.

Disregarding the non-coherent component in (9) and restricting the observation win-
dow to a single time slot (L = 1), simplifies the detection rule to the conventional coherent
ML detection (and therein the maximum ratio combining receiver). The non-coherent com-
ponent, which correlates the received signals at different time instants, closely resembles
the ML detector for differential encoding outlined in [18]. Note that, due to the weighting
matrix &, which weights each non-coherent antenna according to (8) the signals received
at the non-coherent antennas are scaled in accordance with the power received at each
antenna. Consequently, in the CNC detector, the non-coherent antennas which receive a
higher power from the user will exert a greater influence on the final detection outcome.
This method of weighting non-coherent antennas resembles the maximum ratio combining
for coherent antennas, where the signals from different antennas are weighted according to
the SNR of each branch, allocating more weight to signals with a higher SNR.

The coherent and non-coherent components in (9) approach symbol detection differently.

(a) Coherent component: Evaluates which symbol at each time-step maximizes the
hypothesis, thereby verifying if the symbol at each time-step is correct (5; = s;).

(b) Non-coherent component: Checks whether the product between each pair of symbol
hypotheses at each time-step yields the correct result, ie., ;5] = s;s;, thereby
maximizing the overall hypothesis. Notably, this may still hold true even if 5; # s,
and §; # s;.

While the coherent component tries to alleviate single time-step errors, the non-coherent

component aims to correct multi-symbol errors by ensuring that the products of symbol

pairs match expected outcomes across time-steps. Essentially, CNC chooses the symbol set
that best meets both criteria. As such, the performance improvement of the CNC detector
is largely attributed to its ability to account for both these factors, with the emphasis on
each one determined by the power levels received at the respective BSs (coherent or non-
coherent). If the user can deliver greater power to the non-coherent BSs, then more weight
is placed on ensuring that the multiplications are correct. However, when more power is
directed to the coherent BSs, the priority shifts to detecting individual symbols accurately.

Note that, when L = 1, the non-coherent term disappears resulting in the coherent

ML detector. As such, to implement the CNC detector, we need L > 2. In the remainder

of this paper we use (9) with L > 2 and consider different user locations to analyze the

performance of the CNC detector.

4. Error Analysis for the CNC Detector

In this section, we analyze the error performance of the CNC detector in (9).
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Given that the proposed detector examines L consecutive time-steps to jointly deter-
mine the transmitted symbols, we evaluate the probability of erroneously detecting the
symbols in the detection period. As such we refer to this probability as the block error
probability. We first derive an analytical formula for the pairwise block error probability,
where the symbol set s = [s1,s),...,s.] is erroneously decoded as § = [$1,5y,...,51], and
then leverage it to determine an upper bound on the average block error probability.

In the following error analysis, we model both the coherent and non-coherent channels
as correlated Rayleigh channels (if a different fading model—e.g., Rician were assumed, the
analytical expressions would change accordingly), with X, and X, being the covariance
matrices of the coherent channel, h, and the non-coherent channel, h;,, respectively. It is
worth noting that we designed the system under the assumption that the non-coherent
channels were independent, based on the fact that only long-term user power information
was accessible at the non-coherent antennas, leaving correlation matrices unavailable. As
a result, when correlation exists in the non-coherent channels, the detector is not fully
matched to the actual channel model. However, simulation results presented later in
the manuscript demonstrate that the proposed detector continues to operate effectively
even in the presence of channel correlation, highlighting its robustness and adaptability in
realistic settings.

4.1. Pairwise Block Error Probability

From (9), the pairwise block error probability of deciding on § when s was transmitted
can be formulated as

L I-1
Ps_s =P Re(Z rclhcsl + Z Yy o« B 2t 81 AJ)
1 1=2j=1 (10)
L 1-1
> Re Z rihes + Y Y Er sis]
I= 1=2j=1
By employing the constants,
11125751—1, b,zél—sl,
— o*c.8,8% P .8, 8%
dlj = s/si815; — 1, e, = 88157 — s, 11
f1] = S?§l§] — S] 81,]‘ = §l§;< — SlS}k,

we reorganize the expression in (10) to Ps_,s = P[T > 0], where the full expression for the
pairwise test statistic [37,38], T, is given in (12).

L L -1
TZRe(Z(alh h:.+bn lhc>+22(dl] o= hnc+el] ncl‘—‘ hncJFfl,] CY nnc1+gl,] ncl‘—‘ nnc])) (12)

I=1

1=2j=1

Note that, in (12), we have decomposed the received signal at the coherent and non-coherent
antennas using (2) and (1), respectively. This decomposition allows us to clearly separate
the user channel-related terms from the noise components.

At first glance, (12) appear quite complex, as it involves the summation of multiple
products containing both channel and noise terms. However, with some strategic rear-
rangement and considerable algebra, we transform it into a more tractable quadratic form
in the following analysis. We begin by representing T in matrix form, which enables us
to derive an expression for the CDF of T. Leveraging this CDF, the pairwise block error
probability of deciding on § when s was transmitted can be obtained by

Pss = 1— Fr(0). (13)
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Gnc =

In order to represent T in matrix form, we begin by introducing the vectors

h Ehe
n En
y, = o1 c (C(L+1)Mcx1/ 7. = ne,1 c (C(L+1)Mnc><1/ (14)
fleL Ennc,L
and the matrices
Vi (ap+a))ly, bily, ... bily
by IMC 0, e 0,
Gc = . . ) c C(L+1)MC><(L+1)MCI (15)
iIMC OMC “ee OMC
and G,,.€ CLA)Mucx (L+1)Muc
_ i L . _ -
) Y ST ey L =) L P
i f 1M, 0, &ailm, - 8 11m, ... g Iu,
(21513 feat 62'1) T, 8211m, O, . 812Im, . 81 2IM,
- | ' (16)
(Zézl“ fiy+ T ) I 8111M, . ... O, - 81 IM,
<fE,L71 + Z]‘L;12 EL,j) I, 8r-1,11m,, : Ous. gilLilIMw
L Z]'Lz_ll er,iIm, grilm,, Sr2Im,, e e sur1lm, O,
Now, expressing T in matrix format yields
T
Where 11 — [ﬂZI ”Z;C:I and
G= G 0(L4+1) Mo (L+1) Mie € CILAD(Muct Mo X (L) (MuctMe) (1)

0(L+1) Myex (L+1) M, Gie

Let us now define h, = Zé uy, hye = Z,%Cuhm, n.; = ouy,, and n,.; = ou,, where
wy,, uy, ~ CN(0,Ip,), uy, , up,. ~ CN(0,Ip, ). We next introduce the covariance matrix
of i, Ly,

X, =
) Op.xML  OMexMue  OM.xM,L

)
0pM,Lx M, ol VY N2 OpM.LxMue  OM.LxMycL (19)

7

=2
OrexMe  OMyex ML E e 00, x My L

22
Op,eLxM,  OMuLxM.L OMuLxM, O EIm,L
_ [T T T T T T 1 (L+1) (Mye+M,
and the vector x = uhc,unf,...,unc,uhm,unnc,...,unm]6(C (L+1)(Mnc+Mc)  We are now

able to express (17) as
T =x"E,/2GL)*x = x"0F AOx = % Ax. (20)

In (20), to obtain the second equality we have utilized the fact that 2,17/ 2GZ,11/ 2 is Hermitian,
allowing it to be expressed in terms of the unitary matrix ) and the diagonal matrix A,
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which contain the eigenvalues of 2,17/ ZGE}/ 2. Note that when a complex Gaussian vector
x is multiplied by a unitary vector, the resulting vector X remains Gaussian in nature,
following the same distribution characteristics as the original Gaussian vector. Therefore,
X~ CN (0, LMo M) (L +1))' Using (20), the characteristic function (CF) of T is given by

. n 1
pr(t) =E [e]tT} = H mr (21)
i=1 !

where 7; € R are the eigenvalues of the matrix GE,, and n = (Mc 4+ Muc)(L+1). To
obtain the final result in (21) we have used [39] (Lemma 2). Using the inverse Fourier
transformation on (21), the CDF of T can be obtained as [36]

Fr(y) = % /io /j:o pr(t)e 1dtdz. (22)

The inversion approach in (22) can be simplified to a single numerical integral as in [40]
(Equation (3.1)). This approach is well-known and can be conveniently computed using
the gx2cdf (..., ‘method’, ‘imhof’) function from the Matlab toolbox ‘Generalized
chi-square distribution’ [41], which implements the methodology from [40].

4.2. Upper Bound on the Average Block Error Probability
L
-1

For the CNC detector using an M, modulation over L time slots, there are M,

potential erroneous detections. By summing over all the possible erroneous detection
combinations we can gain an upper bound on the average block error probability of CNC:

1
Paye < Py = MT Z Z Pq—niz (23)
K qeS geS\{q}

where S is the set of all possible symbol sequences, P,y is the average block error prob-
ability and Py; is the union based upper bound for the CNC detector. However, given
that this bound considers all conceivable erroneous scenarios, it remains relatively loose.
Nevertheless, an approximation on the average block error probability of the CNC detector
can be obtained by using the nearest-neighbor (NN) approximation.

To commence, let us first identify the NN errors for the CNC detector. For an arbi-
trary symbol, s; = e/27/Mrs< the closest erroneous detections would be e/27(i+1)/Mrs< and
e/27t(i=1)/Mesc Note that, s; is the transmitted symbol at time instant, [, and is independent
of i € [0, Mpsx — 1] which denotes the phase of the transmitted symbol. Nonetheless, to
determine the NN error sequences for CNC, we should consider the erroneous symbol
combinations that satisfy (a) and (b) given in Section 3.

* Considering (a), the NN errors occur when only s; is incorrectly detected as
8 = 2 (i+1)/ Mesc (or §; = /270(i=1)/Mrs) while all other symbols are correctly identi-
fied (i.e, §x = sg, k € [1,..., L] \ {I}). Hence, there are 2L such NN sequences (For the
special case of binary PSK, there are only L such NN sequences.).

* Considering (b), the symbol sequences that contain double errors which satisfy
the multiplication §;8] = ss but §; = el2r(i+1)/ Mesi (or § = e/27t(i=1)/Mescy and
8 = o2+ 1)/ Mesc (or g = ¢/270(i=1)/Mrsc) are also NN error sequences.

By denoting the NN error sequences of a particular symbol sequence q as Ng, we can
formulate an approximation on the average block error probability as

1
Pave ~ P = MT Z Z Pq—)fl/ (24)
PSK qeS qeNg
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where Py is the NN approximation for the CNC detector.

In Section 7, we provide simulations demonstrating that the analytical CDF obtained
by inverting (21) matches perfectly with the numerically generated CDF of T. We also
present simulations that demonstrate the effectiveness of (23) and (24).

5. CNC Detector with Differential Encoding

Earlier, in Section 3, we introduced the CNC detector based on M, -ary PSK, which
can also be adapted to operate with M,s-ary differential PSK, referred to as the differential
CNC detector. In this section, we present the differential CNC detector.

5.1. Differential Encoding

We begin by explaining the differential encoding process, which serves as a foundation
for introducing the differential CNC detector. At each time step, I, the user transmits a
symbol, 5;, which is differentially encoded via

sp=ms;—1, s1=1 (25)

The information symbols, 11, are drawn from an M,-ary PSK constellation, M, as defined
in (7).
5.2. Differential CNC Detector

With differential encoding, the ML detection problem in (4) is reformulated as

sMbd — argmax  fr(R | he,5). (26)
se ML, 5=1

Note that, the key difference between (4) and (26) is that (26) assumes 5; = 1, while (4) does
not, as there is no differential encoding involved in the former. Hence, following the same
procedure outlined in Section 3, the final detection problem will be given by

L L 1-1
sML-d — argmax Re E rf,hﬁz + E Z ranJ EZrnc,jgl §; : (27)
seML, 5 =1 1=2 1=2j=1
Coherent Non-coherent component
component
ML—-d

However, the resulting symbol set s in (27) does not estimate the set of information
symbols (i.e., m;). In Section 3, the information symbols directly matched the transmitted
symbols, eliminating the need for any further steps. Conversely, in this section, due to the
differential encoding implemented at the user end, we are required to take an extra step to

estimate the information symbols:
iy =85, § ¢€sMd (28)

As is evident from (28), the detection process compares consecutive symbols, allowing
errors in one symbol to propagate to subsequent ones, thereby increasing overall detection
errors. Consequently, the differential CNC detector, much like the non-coherent differential
detector, is susceptible to error propagation.

5.3. Error Analysis of the Differential CNC Detector

The most basic and frequently adopted differential detection scheme is achieved with
L = 2. Therefore, this subsection analyzes the differential CNC detector error probability
for the case of L = 2.
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Ta= Re((S§§z — 1)h'h + (82 — so)nbhe + (s35198] — 1)h)LE hy,c

For L = 2, the first symbol, sy, is always estimated in the immediately preceding cycle,
while s; is estimated in the current cycle. However, there are two ways a correct detection
of the information symbol, 5, can occur.

e 31 =31, and $; = sy, therefore 171, = my.
4 $1 # s1,and 8, # sy, but 11y :§2§T = my.

Hence, the pairwise error probability of deciding on 71, when m; was transmitted is

P[T; > 08 =s1,% # 52,
Puny—iiny =  P[Ty > 0] 81 # 51,82 = s2], (29)
P[Td >0 ‘ $1 # 51,52 75 Sp, 1ty 75 11’l2],

in which the pairwise test statistic, T, is expressed in (30) where we have separated the
user channel-related terms from the noise components, as previously done in Section 3.
The derivation of (29) and (30) follows the same approach used for (10), but utilizing (27)
for the differential CNC detector.

(30)

38281 — STMEEE N1 + (518287 — s2)nllyE2 N, + (58] — 5257 )nft 221 )
Despite being considerably simpler than T in (12), T; in (30) still comprises a summation
of products that involve channel and noise terms. However, it shares a similar structure
with (12), which permits us to transform it into a quadratic form as in Section 3.

T
By defining 7, = |hl,nl,, Eh], Eng o1 Enl ,| € C(@Me+3Muc) <1 with the covariance

matrix
)2 OmoxMe  OMexMpe  OMox2Me
2
£, = 0, x M, oIy, OpexMue  OMox2Mye € C(2Me+3Muc) % (2Me+3Muc) - (31)
a =2 12
OrMuexMe  OMyex M, &% e OM,,e x2Mye

2m2
Oonex M Oonex M. OoMyex M, 0 E I,

and G, as given in (32),

(S;SAZ—.—SQSA; _2)IMC SA; —S;IMC OMcme OMcanC OMcanC
(82 — s2)Ip, 01, O M, x My O M, x Myc 0 M, x Myc
G, = 01, M, OMuoxM, (55515287 + 52876381 —2)Inp,. (558285 —s7)Im,. (575581 —s5)Im,. |, (B2)
On,,e x M. Opt,,e x M, (28581 — 51) I, O, (8581 — 5551) Iy,
Op,,c x M. Op,e x Mc (518285 — 52) I (8285 — 5257 ) I, (Y

we represent T; in matrix form:
Ty = 1 Gatly- (33)

Following the same approach as in Section 3, the CDF of T; can be evaluated by inverting
the CF of Tj:

ny 1
o1, (t) E 1—jty;

where ; € R are the eigenvalues of the matrix G4XZ,,, and n; = 2M, + 3My,. Similar to
Section 5.3, the CDF of T, can be calculated using the gx2cdf (..., ‘method’, ‘imhof’)
function from the Matlab toolbox ‘Generalized chi-square distribution” [41]. In Section 7,
we present simulations showing that the analytical CDF obtained using (33) aligns perfectly
with the numerically computed CDF of T;.
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Note that, there is an interdependency between the symbols transmitted in the two
time-steps, s; and s, as well as between the information symbol m; and the symbols s;
and sp. Moreover, as noted previously in Section 5.2, due to the inherent iterative approach,
differential CNC is prone to error propagation. Systems characterized by error propagation
present considerable challenges for effective error analysis [42]. As such, it is not possible
to derive a generic upper bound on the average error probability for the differential CNC
using the union bounding technique (or the NN approach) on the pairwise error probability,
Piny—ini,, as was done in Section 5.3. Nonetheless, by assuming previously detected symbols
are error-free (Note that this assumption is a valid approximation in the high SNR regime,
where the probability of the previous symbol being detected incorrectly is low [42,43].),
we are able to derive an upper bound on the average symbol error probability (SEP) by
employing the union bounding technique:

P01<1

ave = pr1 Z P[Td >0 | 81 =51,% 7é 52] = PSB’ (35)

PR seEM e M\ {50}

where P, is the average SEP for the differential CNC detector and PY, is the union based
upper bound for the differential CNC detector.

In Section 7 we evaluate and compare the differential CNC detector with the CNC
detector. We also provide simulations showing that (35) effectively serves as an upper
bound on the average SEP for the differential CNC detector in the high SNR regime.

6. System-Level Considerations

In this section, we examine key system-level factors that impact the practical de-
ployment of the proposed detection framework. Specifically, we analyze three important
aspects: the computational complexity associated with the detection process, the network
overhead arising from the exchange of channel information between BSs and the CPU
and the performance implications of adding additional cooperative BSs—both coherent
and non-coherent—to the proposed detectors. We provide comparisons for the complexity
and network overhead incurred by the proposed approaches against two appropriate
baseline schemes: fully coherent ML detection and fully non-coherent ML detection. These
benchmarks represent the two extremes in terms of CSI availability and cooperation mod-
els, and provide a meaningful context for evaluating the proposed middle-ground joint
detection approach.

To quantify the associated complexity, we decompose the computational cost into
two components: (i) the number of complex operations required for channel estimation,
and (ii) the complexity of ML detection. We assume that all cooperating BSs use the same
channel estimation method, and that estimating the channel of the target user at any BS
requires C complex operations. Consequently, the total channel estimation complexity
depends on both the number of participating BSs and the type of CSI each BS provides
during detection. We further characterize the ML detection complexity by the number of
complex multiplications (Due to their low hardware cost, additions and subtractions are
not considered [44].) required to evaluate the detection rule. Similarly, we quantify network
overhead by the number of instantaneous channel coefficients that must be transmitted
to the CPU in a coherence block. A detailed comparison of the three considered schemes
is presented in Table 1. To emphasize that the number of cooperative antennas in fully
coherent and fully non-coherent modes are different to that used in CNC and differential
CNC, we denote the number of antennas in fully coherent and fully non-coherent mode as
MF and ML, respectively.
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Table 1. Comparison of computational complexity and network overhead between the proposed
detection schemes and baseline approaches.

Channel Estimation ML Detection Network Overhead
Fully coherent CME LME Mpsk ME
Fully non-coherent - L(L{l) ME M2 -
CNC CM, LMcMpsk + 252U M, M2y M.
Differential CNC CM;, McMpsg + MncMpg Mc

The proposed scheme relaxes the need for acquiring instantaneous CSI from all co-
operating BSs, resulting in a significant reduction in both signaling overhead and channel
estimation complexity compared to fully coherent cooperative systems that require real-
time CSI at every BS. However, this comes at the cost of a higher overhead relative to fully
non-coherent cooperative systems. In Section 7, we demonstrate that, given the same over-
head for channel estimation and network signaling, the proposed approach outperforms
both fully coherent and fully non-coherent schemes.

It is worth emphasizing that while this work focuses on full ML detection to establish
a performance benchmark for joint coherent and non-coherent processing, the exhaustive
search involved can become computationally demanding with higher-order modulations or
longer detection windows. To address this, low-complexity alternatives such as sphere de-
coding [45,46], lattice reduction-aided detection [47], or sequential search techniques [48,49]
can be applied to reduce computational burden while preserving near-ML performance.
Incorporating these complexity-reduction strategies into the hybrid detection framework is
a promising direction for future work and practical system design.

Next, we discuss the impact of adding additional cooperative BSs-both coherent and
non-coherent-on system level performance of the CNC and differential CNC detectors.
From (9) and (27), it can be observed that the influence of each non-coherent antenna on
the final decision metric is weighted by the power it captures. Therefore, increasing the
number of non-coherent BSs does not always result in performance improvement (although
performance does not degrade)-especially when the received signal powers at those BSs
are uneven. In cases where one BS dominates in received power, the contribution from
additional, weaker BSs becomes marginal, offering limited combining gain in the overall
detection process. This phenomenon mirrors that of [18], where it was noted that the
effectiveness of cooperation hinges largely on cooperating non-coherent BSs receiving
nearly equal powers from the user. In contrast, adding more coherent BSs tends to yield
more consistent and substantial performance gains. This is due to the phase-aligned nature
of coherent combining, which allows effective signal addition even when received powers
vary moderately. However, this improvement comes at the cost of higher system-level
complexity: each coherent BS must perform accurate instantaneous channel estimation
and transmit this information to the central processor. As a result, coherent cooperation
introduces significant overhead in terms of CSI acquisition and coordination. This trade-
off underscores a key strength of the joint detection scheme. The proposed detectors
enable the system to opportunistically adapt to available resources, utilizing coherent
BSs where CSI is reliable and supplementing with non-coherent BSs in a low-overhead,
power-aware manner.

While this work focuses on the design and performance evaluation of the joint detec-
tors, we acknowledge that a practical deployment would benefit from a more systematic
strategy to classify BSs as coherent or non-coherent. Such a strategy could be based on
real-time factors such as signal quality, mobility patterns, or service-level requirements. We
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consider this another valuable direction for future work, aimed at enhancing the adaptabil-
ity and efficiency of joint cooperative detection in dynamic networks.

7. Numerical Results

In this section, we evaluate the performance of the proposed CNC and differential
CNC detectors through Monte Carlo simulations. The complete simulation setup and
parameters are summarized in Table 2. To investigate the impact of user location on
detector performance, we consider three representative user positions, also listed in Table 2.
The layout of the BSs and the three user scenarios is illustrated in Figure 2. Note that
since shadowing effects are not included in the channel model, the user’s position directly
determines the received power levels at the BS antennas. Unless specified otherwise, the
subsequent figures present the average SEP versus the received signal-to-noise ratio (SNR),
comparing the performance of the proposed detectors with that of the baseline counterparts.
The cooperation gain achieved by the proposed detectors across various configurations is
evident from the improvements in average SEP depicted in the in those figures.

Figure 2. Simulation model: three hexagonal cells each equipped with a BS located at the cell center.

In Figure 3, we illustrate the performance gains experienced by the user (located
corresponding to Sc;) when signals are detected using the CNC detector, compared to
detection by a non-cooperative coherent BS. Here, we assume that BS; possesses instanta-
neous CSI of the user, while BS, and BS;3 only have access to long-term channel information.
The light blue dashed curve represents the error performance of the user when detected
coherently at BS;. If BS; also had instantaneous CSI and both BS; and BS, were used
for coherent detection, the user would obtain the error performance depicted in the dark
blue curve. However, since BS, only possesses long-term channel information, this level
of performance is unachievable. Thus, employing the CNC detector with BS; operating
coherently and BS, operating non-coherently results in the error performance illustrated by
the light purple curve, which demonstrates a notable improvement over coherent detection
alone (e.g., at SNR = 18 dB the average SEP decreases from 3.3 x 10~* with coherent ML
detection to 5.8 x 10~° with the proposed CNC detector, corresponding to an improvement
of approximately 83%). Notably, the CNC detector outperforms coherent detection while
maintaining the same channel estimation and signaling overhead. The light orange dashed
line represents the average SEP when both BS; and BS; operate in a fully non-coherent
mode, relying solely on long-term channel information to cooperatively detect the user’s
signal. As observed, even with cooperation, the performance of the non-coherent detector
remains significantly limited.
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Table 2. Simulation Setup and Parameters.

Category Details

Hexagonal cell with three BSs (BS;, BS;, BS3) at fixed positions
and are equipped with M;, M and M3 antennas, respectively.

Antennas per BS M; =My =Mz =32*%

System model

User Single-antenna user
Scenario 1 (Scq): User 20% closer to BS; compared to Scp
User positions Scenario 2 (Scp): User equidistant from BS; and BS,
Scenario 3 (Sc3): User 20% farther from BS; compared to Sc;
Modulation QPSK (M = 4)
Channel model Independent Rayleigh fading *

Distance-dependent path decay with path loss exponent = 4. To
ensure simplicity in numerical results, only distance-based path
loss was considered in the simulations. Incorporating shadow

Path loss fading would have introduced variability that could obscure key
performance trends. Nonetheless, as shadow fading is
incorporated in the detector design, the derived detectors could
be readily used in systems where shadow fading is present.

Block length L=2*

Proposed: CNC, Differential CNC
Baselines: Fully coherent ML, Fully non-coherent ML

Detectors compared

* Unless otherwise stated.

Figure 3 also demonstrates the error performance of the CNC detector when more
than one non-coherent BS cooperates with a coherent BS to detect user signals. The orange
dotted line shows the error performance when BS; is also included in the CNC detector as
a non-coherent BS, contributing only a very minor increase in performance compared to
the CNC detector with just BS; and BS;. This performance improvement is very small with
32 antennas at each BS, and both curves seem to be on top of each other. For lower number
of antennas at each BS this improvement is more discernible. As explained in Section 6,
the marginal improvement associated with incorporating BS3 into the detection process
stems from the fact that the signals at this BS are weighted based on the received power.
Due to the distant location of BS3 (compared to that of BS;), the aid supplied by BS; for the
CNC detector is minimal. Alternatively, doubling the antennas at BS; (or adding another
non-coherent BS obtaining similar power to BS;), rather than incorporating BS3, would
result in a greater performance improvement as depicted by the green dotted curve. This is
attributed to the higher weighting factor at BS,. As such, in the subsequent simulations
(except Figure 8) we consider only BS; and BS,.
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Figure 3. Error performance of the user: Performance comparison as the number of coherent and
non-coherent antennas change.

The error performance of the CNC detector as L increases is depicted in Figure 4. As
expected, the trends illustrated in Figure 4 suggest that the performance gains of the CNC
detector diminish with each additional increase in L. Additionally, it appears that as L
tends towards infinity, the performance of the CNC detector is constrained by the error
performance achievable through coherent detection at both BSs.
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Figure 4. Performance of the CNC detector as L increases.

Figure 5 illustrates how the performance gains of the CNC detector vary as the user
moves away from the non-coherent BS (BS;). We observe that the performance gain of the
CNC detector is highest in Sc; i.e., when the user is positioned closer to BS,. The reason for
this improvement is that being closer to BS; allows it to capture stronger signals from the
user, which increases the scaling factor and consequently, enhances the benefits derived
from adding the non-coherent BS in the detection process. Additionally, both CNC and
coherent detectors show improved performance as the user approaches the coherent BS.
This improvement is due to the improved channel conditions at the coherent BS, which
enables more accurate decoding of the user’s signals.
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Figure 5. Performance gain of the CNC detector as user moves away from the non-coherent BS.

In Figure 6, we demonstrate that the accuracy of the analytical expressions for the
CDF of the pairwise test statistics, T and T;, which were obtained via inversion of (21)
and (34), respectively. For the CNC detector, we plot the CDF where both signals are
detected incorrectly (i.e., 1 # s; and §; # sp). For the differential CNC detector, we
analyze two specific error cases: first, when s; is correctly detected while s, is in error
(i.e., 81 = 51,8 # s3), and second, when s; is correctly detected while s; is in error (i.e.,
81 # 51,52 = s7). We observe that the derived expression aligns with the simulated CDFs in
all three cases.

1
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Figure 6. Analytical and simulated CDF of the pairwise test statistic.

In Figure 7, the effectiveness of the union-based upper bound (23) and the NN approx-
imation (24) on average block error probability of the CNC detector is demonstrated for the
three considered scenarios. Both the upper bound and the NN approximation accurately
capture the error behavior of the CNC detector for all three scenarios. Additionally, as SNR
increases, both the bound and the approximation become tighter, eventually converging,
with the NN approximation and union-based bound yielding the same results.
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Figure 7. CNC detector: A comparison of simulations and bounds.

Figure 8 illustrates how CNC compares to differential CNC as the user location
changes. We assume that BS; and BS; have access to instantaneous CSI, while BS; has
only long-term channel information of the user. For comparison, the error performance for
single BS coherent detection (denoted by Coh. in the plots-BS; in Figure 8a—c, and BS3 in
Figure 8d) and non-coherent differential detection (denoted by Diff. NC in the plots-BS,)
are also shown. Similar to Figure 5, Figure 8a—c, demonstrate the increasing performance
gain of the CNC detector as the user approaches the non-coherent BS. As we progress
from Figure 8a—d, the differential non-coherent detector (as well as the differential CNC
detector) begins to outperform the coherent detector as the user moves farther from the
coherent BS. This phenomenon likely occurs because, as the user moves away from the
coherent BS, the precise channel estimates no longer yield superior error performance
compared to processing the user at a nearby BS with long-term information. To achieve
good performance from the non-coherent BS, differential encoding and detection are
required to cancel out the channel effect. Furthermore, as the user continues to move
away, the differential CNC detector begins to outperform the CNC detector. This trend is
more noticeable in Figure 8d, where the distant coherent BS (BS3) performs poorly, and
using CNC with BS, and BS; instead of differential non-coherent detection at BS, degrades
the system’s error performance. However, differential CNC with BS, and BS; can only
marginally improve performance as BS; is too distant to provide significant assistance.

100 100 100 100
R s T SN t-0-e $ogoy by
e x * ® : 1 * . ! . : (] : .
10-1 o iy 10-1 LR, 10-1 X9 ] . ®
® 'y (3 10—1
x % o * +
-V ) A ¥ o o
ZRLN % g 107 * g2 « . d
5 L) v e * O 10-2 s
g ] ? S . 510 s
g10°? . g10°? % g10°? v 9
< e Coh.BS, b < o Coh. BS, L] < o Coh.BS, v < 10-3|® Coh. BS,
10~ |4 Diff. NC B, 10~ |-4-Diff. NC BS, x 104} -+-Diff. NCBS, +-Diff. NCBS, ¢
+ CNC x +CNC + + SI'\:‘ECNC + CNC x
- Diff. CNC - | ~*- Diff. CNC _ [ % bt x iff.
10522 3 1075 1075 10—+ [ Diff. CNC
5 10 15 5 10 15 5 10 15 5 10 15
SNR (dB) SNR (dB) SNR (dB) SNR (dB)
(a) (b) (c) (d)

Figure 8. Performance comparison of CNC and differential CNC (Diff. CNC): (a) BS; — BS; coop-
eration for Scz. (b) BS; — BS; cooperation for Scy. (¢) BS; — BS; cooperation for Sc;. (d) BS; — BS3
cooperation for Scy.
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Figure 9 further demonstrates the above discussed trend in detector performance as
the user moves from the vicinity of the coherent BS (BS;) to the non-coherent BS (BS,). The
x-axis represents the user’s position along the line between the two BSs. As expected, the
performance of the fully coherent detector (Coh. BS;) degrades as the user moves away
from BS; due to weaker signal strength. Conversely, the performance of the differential
non-coherent detector associated with BS, (Diff. NC BS;) improves, as it approaches
BS;. The proposed joint detectors in particular differential CNC detector exhibit strong
adaptability. These detectors effectively combine the strengths of both coherent and non-
coherent processing, resulting in consistently lower average SEP compared to using either
BS in isolation.
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Figure 9. Performance of the detectors as the user moves away from the coherent BS (BS;) towards
the non-coherent BS (BS;).

Similar to Figure 7, Figure 10 highlights the effectiveness of the upper bound given
in (35) in capturing the behavior of the average SEP of the differential CNC detector in the
high SNR regime. The results show that the upper bound effectively captures the error
behavior in all three considered cases, making it a practical tool for understanding system
dynamics with differential CNC detector in high-SNR conditions.
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Figure 10. Differential CNC detector: A comparison of simulations and bounds.
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Figure 11 assesses the impact of correlation at BS antennas on the error performance
of the proposed detectors. We model the user channels at both coherent and non-coherent
BSs as exponentially correlated Rayleigh channels using [50]. Hence, the correlation matrix
at the coherent BS is defined by (Rc);; = plcifj ‘, and at the non-coherent BS we have

(Ryc)ij = plfc_ ] ‘, where p. and p;, represent the correlation coefficient between neighboring
receive branches at the coherent and non-coherent BS, respectively. In Figure 11a, the light
orange curves show the performance of the coherent detector at BS;, while the pink curves
depict the performance of the CNC detector if the user channels at the non-coherent BS,
BS,, were independent. In Figure 11b, the light orange curve represents the performance of
the non-coherent differential detector, while the green curve shows the performance of the
differential CNC detector, both assuming independent user channels at the non-coherent
BS. Since both CNC and differential CNC detectors are designed under the assumption
of uncorrelated non-coherent antennas, the presence of correlation at these antennas is
likely to result in some performance loss. Accordingly, when the user channels at the
non-coherent BS are correlated with p,. = 0.8 exp(j7r/4), a performance drop is observed,
as depicted by the blue lines (for both CNC and differential CNC) in the plots. Since the
non-coherent differential detector encounters the same issue as the CNC and differential
CNC detectors, it also experiences a performance loss, illustrated by the pink curve in
Figure 11b. Nevertheless, we observe that, even with a mid-to-high correlation coefficient,
the performance loss is minimal across all three scenarios for the CNC detector, with
degradation becoming even less noticeable as the user approaches the coherent BS. For the
differential CNC detector in Figure 11b we have only shown the performance curves for Sc;
and Sc; as adding in Scz would add clutter to the plot. We observe that, for the differential
CNC detector in both scenarios, the performance degradation is minimal. Similar to the
CNC detector, the performance loss due to correlation between non-coherent antennas
diminishes as the user moves farther from the non-coherent BS.
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Figure 11. Effect of correlated channels on the proposed detectors: (a) CNC detector. (b) Differential
CNC detector.

Figure 12 illustrates the sensitivity of the proposed detectors to channel estimation
errors. We model the estimation error using the framework described in [51], which
captures the statistical properties of errors arising from the use of a linear minimum mean
squared error (LMMSE) channel estimator. For this evaluation, the training SNR is set
equal to the detection SNR to highlight the impact of estimation inaccuracies-despite this
conservative assumption, the performance degradation remains low in both considered
scenarios. It is important to note that, in practical systems, the training SNR is typically
higher than that of the detection SNR, which would result in even smaller estimation-
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induced degradation. To maintain the presentation clarity, the performance curves for Sc;
have been omitted, and only Sc; and Sc3 are shown. In the configuration represented by
scenario Scz, where coherent BSs contribute more significantly to the detection process,
the system exhibits slightly increased sensitivity to estimation error, consistent with its
heavier reliance on accurate coherent CSI. The behavior of Sc; follows trivially, exhibiting
even lower—effectively negligible—performance degradation due to the minimal influence
of coherent channels in that configuration. As such, the proposed CNC and differential
CNC detectors exhibit strong robustness to imperfect CSI, with performance loss closely
matching that of the conventional coherent detector. It is important to emphasize that the
performance degradation experienced by the proposed detectors under channel estimation
errors is highly dependent on the choice of estimation algorithm. With a robust approach
such as LMMSE, the degradation remains limited and aligns closely with that of the
conventional coherent detector.
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W o
n 107 e e e
A s S
5 -3
. / A
g 10 @ Coherent - h,
< ®- Coherent - flc Sc3
A-CNC - h,
10~4. -4-CNC-h,
-%- Diff. CNC - h,
-x-Diff. CNC - h, “g
10*5 I I I I I I I +
8 9 10 11 12 13 14 15 16
SNR (dB)

Figure 12. Impact of channel estimation errors on the proposed detectors. The dotted curves represent
detector performance under perfect channel knowledge (h.), while the solid curves correspond to
performance when estimated channels (he) are used in the detection process.

8. Conclusions

We introduced a novel detector termed the CNC detector which enables cooperation
among BSs that have access to different levels of user channel information. In this setup,
some BSs possess instantaneous user channel information and are able to detect user signals
coherently, while others relying on long-term information of the user’s channel can detect
user signals non-coherently. The CNC and differential CNC detectors combine the coherent
and non-coherent methods of signal detection and enables cooperation among these two
sets of BSs. We derived analytical expressions for the pairwise block error probability for
both detectors and provided a tight upper bound on the average block error probability for
the CNC detector. Our numerical evaluations demonstrated that the CNC detector and
the differential CNC detector outperform coherent detection and non-coherent differential
detection, respectively, at a single BS. Notably, the performance of the CNC detector
improves as the user moves closer to BSs cooperating with long-term channel information,
while the differential CNC detector shows higher gains as the user approaches BSs utilizing
instantaneous CSI. Furthermore, we note that both detectors exhibited strong resilience
to mid-to-high correlation at the BS antennas, and channel estimation errors highlighting
their robustness in practical deployment scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

MIMO  Multiple-input Multiple-output

BS Base Station

CSI Channel State Information
CNC Coherent/Non-coherent
ML Maximum Likelihood

SINR Signal-to-Interference-and-Noise Ratio
SNR Signal-to-Noise Ratio

CPU Unmanned Aerial Vehicle

RIS Reconfigurable Intelligent Surfaces
AP Access Point

PDF Probability Distribution Function
PSK Phase Shift Keying

CDF Cumulative Distribution Function
CF Characteristic Function

NN Nearest Neighbor

SEP Symbol Error Probability
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