
1. Introduction
Large-scale space division multiple access or massive multi-input multi-output (MIMO) is now widely recog-
nized as a crucial enabler for the realistic implementation of 5G wireless communication networks (L. Miller 
& J. Lee, 1998; A. J. Viterbi, 1995). The transmitter and/or receiver terminals of the huge MIMO system use 
a high number of antennas as their primary design concept (K. P. Bagadi & S. Das, 2013). The spectrum effi-
ciency, channel capacity gain, and multiplexing gain can all be improved by strategically placing many antennas 
(K. P. Bagadi & S. Das, 2014). The point-to-point MIMO communication system was well-explained in the liter-
ature (K. Bagadi & S. Das, 2013). Researchers have recently moved their focus to large-scale multi-user MIMO 
(MU-MIMO) systems in order to address the enormous demand for high data rates (K. Bagadi & S. Das, 2014). 
MU-MIMO is a multi-data transmission system that allows the base station (BS) to deploy a huge array of anten-
nas (fewer than hundreds) while the user equipment (UE) only uses a small number of antennas (K. P. Bagadi 
et al., 2016). A key advantage of the MU-MIMO system over the standard MIMO approach is its higher spectral 
efficiency and higher power consumption (S. B. Weinstein & P. M. Ebert, 1971).

Large-scale implementations in the real world problems include computational complexity, acquisition of Chan-
nel State Information (CSI), and design of pre-coding and detection techniques for MU-MIMO systems (R. 
Prasad, 2004). Interference degrades wireless communication system performance, as is well-known (R. Prasad 
& S. Hara, 1997). Many antennas at the transmitter and/or receiver end of the MU-MIMO system create inter 
antenna interference (IAI) at the UE and multi-user interference (MUI) at the BS (McCormick and Al–Susa, 2002). 
Figure 1 depicts a huge MU-MIMO system with IAI at a UE and MUI at the BS, as shown in the figure. IAI 
occurs when the distance between each UE antenna is smaller than the typical half-wavelength rule. It is a prob-
lem in wireless communications. At the receiver, the MUI is generated (Kalapraveen & C. V. Ravikumar, 2016). 
MUI can occur as a result of impulse responses at each UE becoming almost identical in close proximity to one 
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another. The channel impulse response serves as a spatial signature for each UE in MU-MIMO systems. Most 
of the aforementioned research studies only deal with one or the other of IAI or MUI, but the present work 
focuses on both and achieves near-optimal performance with minimal computing complexity, which is a major 
difference. Pre-coding techniques are needed to reduce this IAI and improve signal data transmission accuracy 
(J. G. Proakis, 1995). Both IAI and computational complexities are reduced as a result of pre-coding approaches 
like this. One of the best pre-coders for bit error rate (BER) performance, ML (R. Steele & L. Hanzo, 1999) 
outperforms the rest. Even with a limited number of antennas, the computational cost is prohibitive. Because 
of their lower complexity structure, linear pre-coders such as zero-forcing (ZF) (S. Verdu, 1998) and minimum 
mean square error (MMSE) (Y. Yan & M. Ma, 2015) are more appealing. However, these pre-coding systems 
require a lot of transmit power and perform poorly, especially when the channel matrix is bad. Vector perturba-
tion is a non-linear pre-coding system (K. Bagadi et al., 2022) that addresses the closest lattice point problem 
using the sphere encoding technique. It achieves near-optimal performance but has non-deterministic polynomial 
time complexity. Tomlinson-Harashima Pre-coding is another non-linear pre-coding technique that is primarily 
recommended for suppressing inter-symbol interference (V. Erceg et al., 2001). However, the THP scheme's prac-
tical implementation is unsuitable for big MU-MIMO systems. Traditional pre-coding solutions clearly suffer 
from a performance-complexity trade-off. To address this issue, a Lattice Reduction (LR) scheme was imple-
mented (J. C. Patra et al., 1999). LR is primarily based on an orthogonal decomposition of a channel basis vector, 
which allows IAI at the UE to be eliminated. Pre-coding in wireless MIMO communication systems is made a 
lot easier with LR, a powerful metaheuristic approach. Using the LR technique, the original MU-MIMO channel 
matrix is changed into a better conditioned channel matrix (i.e., it provides a nearly orthogonal and shorter chan-
nel basis vector in the same lattice), and the encoding may be conducted with much more confidence. The LR 
pre-coding, unlike sphere decoding, does not suffer from the problem of shape.

As a result, the system is able to run at a near-optimal level with fewer computations. As a powerful and 
well-known reduction technique, LLL evaluates the new equivalent channel matrix with an average polynomial 
time complexity (M. D. Imaudin et al., 2020; C. V. Ravikumar & K. P Bagadi, 2016a, 2016b, 2017a, 2017b, 201
7c; C. V. Ravikumar & K. C. Saranya, 2016a, 2016b) among several LR algorithms. However, the LR pre-coding 
approach requires that the CSI is known at the transmitter. For the construction of LR-assisted linear detection tech-
niques, most recent literature has focused on advanced LR algorithms (Jayaprabath et al., 2019; C. V. Ravikumar 
& P. Venugopal, 2018). To the best of the author's knowledge, large-scale LR assisted MIMO pre-coding break-
throughs are yet possible. To eliminate channel correlation and IAI at the end user, LLL is the most feasible 
and often used LR method that transforms a non-orthogonal channel matrix into nearly orthogonal channel basis 
vectors. Each user's MIMO channel matrix is turned into nearly orthogonal channel basis vectors by applying LLL 
prior to LR-MIMO, which allows the system to achieve complete diversity gain with feasible complexity.

The MUI present at the receiver terminal is mitigated by using Multi-User Detection (MUD) scheme. Selection 
of efficient MUD scheme is a key challenge for large MU-MIMO systems. Various signal detection algorithms 
have been reported in the literature to address this issue (N. R.Challa & K. Bagadi, 2020; Jitish et al., 2020; C. 
V. Ravikumar & K. C. Saranya, 2016a, 2016b). Among all, Maximum Likelihood Detection|Maximum Likeli-
hood Detector (MLD) achieves optimal performance, due to its global search strategy. However, it suffers from
exponential time detection complexity even for small MIMO structure and higher order constellation schemes
(C. V.Ravi Kumar & B. Kalapraveen, 2019). In order to design a low complexity detection algorithm, a local
search-based detection algorithm can be considered as better alternative as they achieve near-optimal BER perfor-
mance with considerable time detection complexity. The Likelihood Ascent Search (LAS) algorithm is one such
search-based strategy (N. R.Challa & K. Bagadi, 2021; C.V. Ravikumar & K. P Bagadi, 2017a, 2017b, 2017c).
LAS is a search algorithm that iterates through a neighborhood in order to find the best solution.

For as long as the ML cost increases, the LAS algorithm searches for the optimal solution while altering its imme-
diate surroundings. The LAS algorithm's key strength is its basic structure and its ability to search for information 
within a certain geographic area. Because of this, detection takes a lot longer, but the BER is also improved. A 
high-order modulation method and huge MIMO structures are unquestionably supported by LAS.A considerable 
performance-complexity trade-off is achieved in this study by proposing an advanced and effective interference 
mitigation strategy for the uplink scenario of massive MIMO systems. The initial vector of the LAS detector is the 
LLL solution vector preceding the LR pre-coder, which performs the local neighborhood search operation until it 
reaches ML saturation. This is the proposed approach. Consequently, the suggested method achieves near-optimal 
BER performance with manageable complexity. It's as follows throughout the rest of the paper: Section 2 studies 
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the MU-MIMO system's mathematical model. The LR pre-coding with LLL technique is shown in Section 3 
of the paper. LAS-based linear detectors and traditional MUD methods are discussed in Section 4 of this docu-
ment. LR assisted LAS detector design is discussed in Section 5. Section 6 examines the simulation results and 
complexity analysis in depth, and Section 7 concludes with a summary.

2. Methods and Materials
Figure 2 shows a block diagram of the proposed MU-MIMO uplink system with LR pre-coding, which is shown. 
A large-scale MU-MIMO system's uplink consists of K independent UEs, each with MT transmitting anten-
nas, as described in this work. To sum it all up, there are NT transmitting antennas where NT = K × MT. On 
a single channel, all UTs communicate with a BS that has NR receiving antennas. A big MU-MIMO system is 
defined as one that has a large number of antennas at both the transmitter and receiver. The BS receiver is able 
to gain all of the CSI, but the kth UE is able to obtain its own CSI that the channel between the BS and the kth 

𝐴𝐴 𝒅𝒅𝑘𝑘 =
[

𝑑𝑑1𝑘𝑘, 𝑑𝑑2𝑘𝑘, . . . , 𝑑𝑑𝑀𝑀𝑇𝑇 𝑘𝑘

]𝑇𝑇  UE can be obtained. It is, however, unknown to the kth UE what other UEs' CSI is. 
Furthermore, we assumed that all UEs are unconnected and do not work together. The signal mapper first modu-
lates the kth UE bit vector, 𝐴𝐴 𝒃𝒃

𝑐𝑐

𝑘𝑘
=
[

𝑏𝑏1𝑘𝑘, 𝑏𝑏2𝑘𝑘, . . . , 𝑏𝑏𝑀𝑀𝑇𝑇 𝑘𝑘

]𝑇𝑇  where k = 1, 2, …, K, to construct an uncoded complex data 
symbol vector. Because of the LR pre-coding approach for mitigating IAI, these un-coded vectors are encoded as 

𝐴𝐴 𝒙𝒙
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]𝑇𝑇

 The kth UE's complex pre-coded signal vector is sent through a user-specific complex 
channel vector by MT transmitting antennas. As an example, let's say the channel coefficient matrix is composed 
of two MT antennas and two BS antennas.
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Figure 1. Massive Multi-User Multiple Input Multiple Output system representing Inter Antenna Interference at User 
Equipment and Multi-User Interference at base station.
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K simultaneous UEs' (NR × 1) dimensional complex signal vector is analytically described using the supplied 
channel matrix.

𝒚𝒚
𝑐𝑐
=

𝐾𝐾
∑

𝑘𝑘=1

𝑯𝑯
𝑐𝑐
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𝒙𝒙
𝑐𝑐

𝑘𝑘
+ 𝒏𝒏

𝑐𝑐 (2)

where 𝐴𝐴 𝒏𝒏
𝑐𝑐
=

[

𝑛𝑛𝑐𝑐
1
, 𝑛𝑛𝑐𝑐

2
, . . . , 𝑛𝑛𝑐𝑐

𝑁𝑁𝑅𝑅

]𝑇𝑇

 is the Independent Identical distribution Additive White Gaussian Noise 
(IID-AWGN) with the covariance matrix and a mean of zero. The complex MIMO system is modeled as an iden-
tical real-valued system for notational simplicity.
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Figure 2. Block diagram of a proposed Lattice Reduction pre-coded Likelihood Ascent Search detector.
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at this juncture, 𝐴𝐴 ℑ(.) and 𝐴𝐴 ℜ(.)components that are both real and fictitious

3. LLL Based LRPre-Coding Scheme
The main intension of performing the pre-coding scheme at a UE is to mitigate the IAI and improves the system 
performance. Several conventional pre-coding schemes have been discussed in literature (Buzzi & D’Andrea, 2018; 
Guo et al., 2021; Hong et al., 2020; Kibona et al., 2021). However, they are suffer from huge trade-off gap. Schemes 
that use linear regression to balance the performance-complexity trade-off have been developed. Pre-processing algo-
rithm LR has recently received a lot of attention. Near-optimal performance can be achieved with little computing 
cost using LR. LR pre-coding, on the other hand, necessitates that each UE have CSI data. The original MIMO chan-
nel vector is turned into an analogous nearly orthogonal channel basis vector via LR pre-coding (better-conditioned). 
This collection of N-dimensional vectors (denoted by) is called a lattice. As the name implies, the lattice basis set 
of basis vectors can be used to characterize a real-valued channel matrix. As defined by the dictionary, a lattice is

�(��) = �
(

�1,�2, ...,���

)

= ���� (4)

However, the same lattice is also traversed by the (2NR × 2MT) dimensional matrix 𝐴𝐴 �̃�𝑯𝑘𝑘, which is obtained by 
applying some basic column operation to the channel matrix 𝐴𝐴 𝑯𝑯𝑘𝑘 . Let, T be a (2MT × 2MT) dimensional unimod-
ular matrix 𝐴𝐴 (det|𝐓𝐓| = ±1) , then the matrix𝐴𝐴 �̃�𝑯𝑘𝑘 = 𝑯𝑯𝑘𝑘𝑻𝑻 𝑘𝑘 , generates same lattice as 𝐴𝐴 𝑯𝑯𝑘𝑘 , that is,

�
(

�̃�
)

= �(��) (5)

The primary purpose of the LR technique is to transform a given channel matrix 𝐴𝐴 𝑯𝑯𝑘𝑘 into a new basis, with the 
smallest Euclidean distance vector or, equivalently, with roughly orthogonal basis vectors. These roughly orthog-
onal columns of channel matrixmitigate IAI present at a UE.

�̃�𝑯𝑘𝑘 = 𝑯𝑯𝑘𝑘𝑻𝑻 𝑘𝑘 (6)

At the receiver terminal, the real valued LR pre-coded signal vector is given as

𝒚𝒚 =

𝐾𝐾
∑

𝑘𝑘=1

𝑯𝑯𝑘𝑘 (𝑻𝑻 𝑘𝑘𝒃𝒃𝑘𝑘) + 𝒏𝒏 (7)

From Equations 6 and 7 we have

𝒚𝒚 =

𝐾𝐾
∑

𝑘𝑘=1

𝑯𝑯𝑘𝑘𝑻𝑻 𝑘𝑘𝑻𝑻
−1

𝑘𝑘
𝑻𝑻 𝑘𝑘𝒃𝒃𝑘𝑘 + 𝒏𝒏 (8)

𝒚𝒚 =

𝐾𝐾
∑

𝑘𝑘=1

�̃�𝑯𝑘𝑘𝒃𝒃𝑘𝑘 + 𝒏𝒏 (9)

The pre-coding is performed with respect to the new channel matrix, which is a nearly orthogonal channel matrix.

4. Massive Multiuser Systems Multiple Inputs Multiple Outputs
In the huge MU-MIMO system, each user device performs Latice Reduction pre-coding to reduce interference 
from other antenna terminals installed in the same user device. In spite of this, MU-MIMO is still plagued by 
interference from other transmitting UEs in the same wireless mesh network. Multi-user interference is the 
name given to this type of disturbance (MUI). Effective Multiuser detection techniques can help control this 
MUI. It is the primary goal of the Multiuser detection schemes technology to delete the interference from the 
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nearby undesired UE in order to reconstruct the intended UE transmitted signal vector from the received signal 
vector.

4.1. Zero Forcing Detector

Spatial interference is an issue with large-scale MU-MIMO systems because of their nearby antennas. 
An orthogonal subspace vector is projected onto the received signal to cancel out this interference. Using 
Moore-Penrose pseudo inverse of the channel matrix, the ZF detector performs a linear transformation at the 
receiver. The interference is successfully reduced by the ZF detector.In addition, it suffers from noise ampli-
fication, particularly in the case of a very large antenna array.For large MIMO structures, noise amplification 
approaches infinity due to random matrix theory (N. R. Challa & Bagadi, 2021, M. D. Imaudin et al., 2020, 
L. Miller & Lee, 1998).

4.2. Maximum Likelihood Detector

It is the primary goal of the signal detection system, which minimizes the Euclidean cost to retrieve the broadcast 
signal from the received signal vector, to do so. It is an optimum detector, the MLD, which looks at every single 
send signal and generates the best possible solution 𝐴𝐴 𝐴𝐴 ∈ 𝐴𝐴2𝑁𝑁𝑇𝑇 .vectors have been mathematically characterized as

�̂�𝒃𝑀𝑀𝑀𝑀 = arg min
𝑏𝑏∈𝐴𝐴2𝑁𝑁𝑇𝑇

‖𝒚𝒚 −𝑯𝑯𝒃𝒃‖
2

(10)

4.3. Linear Detectors Using Lattice Reduction

It is the channel matrix realization that has an effect on the linear detector's performance. For example, if the 
channel matrix is orthogonal, the ZF detector will perform optimally. Noise amplification is a problem, however. 
Receiver-side MMSE-based detectors reduce noise amplification by filtering it out. The linear detector is applied 
to the receiver side of the LR pre-coder in order to obtain an orthogonal channel matrix. These linear detectors 
achieve uniform Signal-to-Noise Ratios (SNRs) for all receivers.

According to maximum a priori criteria, the ML detector is the most effective detector for estimating the transmit 
symbol vector from all conceivable transmit vectors. When using a modulation strategy, the real-valued signal set 
(A = [a1, a2, …, aL]) is used. For example, the Binary Phase Shift Keying (BPSK) signal is set to A = [–1, 1], but 
the 16–QAM signal is set to A = [–3, −1, 1, 3].This makes it challenging to implement ML in vast MIMO systems 
because of the exponential rise in computational complexity. As a result, linear and ML detectors have distinct 
performance and complexity trade-offs. A search-based technique is proposed for huge MU-MIMO systems to 
balance this trade-off. While linear detectors can provide superior performance because to their higher complex-
ity, likelihood ascent search (LAS) is a neighborhood search-based detector that can deliver sub-optimal results 
when compared to an ideal ML detector.

The LAS is recommended for large-scale MU-MIMO systems with LR pre-coding, which is briefly discussed in 
Section 5, in order to attain near-optimal performance. As a result, for BPSK and 16–QAM, L is equal to 2 and 
4, respectively.

5. Proposed MU-MIMO System Identification Using LLL-Based LR and LAS
For MU-MIMO systems, channel capacity grows linearly with the number of antennas at both transmitter and 
receiver terminals. If you want to maximize your spectral efficiency, you can put many antennas at both the 
user and the BS. The receiver complexity of large-scale MIMO systems is a major drawback. For large-scale 
MIMO systems, the likelihood ascent search (LAS) detector is recommended. With the LAS detector, linear 
average per-bit complexity is provided with acceptable BER performance, especially in huge structures. At 
each step of the algorithm's journey, the LAS algorithm attempts to find the most optimal set of bit vectors. The 
LAS update rule is used to design the bit vector sequence. It begins with an initial solution vector (the result 
of using either the ZF or MMSE detectors) and then searches for the best possible neighborhood solutions by 
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computing the ML detector, which then yields the best possible neighborhood solution. The new initial vector 
is chosen if the neighborhood solution vector is less expensive than the ML cost function. Repeating this until 
a minimum is reached, an output vector is then announced.

The LAS algorithm, in contrast to the ML detector, conducts a local search for every transmitted symbol. So, it's 
able to deliver satisfactory results with a less amount of calculations. Initial vector selection is another problem 
faced by the LAS algorithm. A LR pre-coded LAS detection for MU-MIMO systems has been presented that can 
reduce both MUI and IAI in order to address this issue. Algorithms for LR and LLL assisted detectors for the 
MIMO system are as follows:

6. Simulation Analysis
A large-scale MU-MIMO system's suggested LLL preceded LR assisted LAS detector was simulated and evalu-
ated. As an example, the suggested detector's simulation results are compared to those of traditional Zf (MMSE), Zf 

(LAS), and LAS detectors in terms of the number of bits per second that they 
can detect. The BER of UE1 is used to make these comparisons. Large-scale 
MU-MIMO systems' uplink models include a BS receiver with enormous 
antennae and many UEs. Rayleigh flat fading is supposed to represent the 
wireless channel between UEs and the BS (N. Yee & J. P. Linnartz, 1993). 
This large-scale MU-MIMO system's simulation parameters are listed in 
Table 1.

Different detectors are studied in terms of both BER execution and complex-
ity analysis. The results shown here are based on 1000 (NF) information 
frames, each of which contains 3000 (M) information symbols. Table  1 
outlines the rest of the simulation parameters. Between channel “a” and chan-
nel “b,” three distinct nonlinear properties can be added from [21]:

 NL = 0: b = a;
 NL = 1: b = tanh(a);
 NL = 2: b = a + 0.2a 2 – 0.1a 3;
 NL = 3: b = a + 0.2a 2 – 0.1a 3 + 0.5cos(πa);

Attributes Depiction

Antennas for each user (MT) 8

Users (K) 20

Frame data 200

Receiving antennas (NR) 256

Modulation type 16-QAM, BPSK

Size of each data frame's symbol set 2000

LR reduction factorδ 0.75

utilized channel Flat Fading Rayleigh

LLL maximum iterations 4

BPSK, Binary Phase Shift Keying

Table 1 
Attributes for Simulation
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 NL = 0 refers to a linear MC–CDMA model, while NL = 1 denotes a nonlinear model that may be caused by 
saturated power amplifiers in the system. Nonlinear models with N = 2 and NL 3 can be arbitrary.

Different nonlinear distortions and Eb/No values affect the average BER of four different MC–CDMA system 
users. The average BER for Maximal Ratio Combining (MRC), MMSE, and IB–DFE receivers has been calcu-
lated and compared to that of the ideal ML one. If the MC–CDMA system suffers from substantial non–linear 
distortion, linear detectors such as MRC fail to attenuate these distortions and leave residual interference, as 
shown in this picture. Consequently, while linear receivers work well in linear and mildly non-linear systems like 
NL–0, NL–1, and NL–2, they suffer a considerable performance loss in severe non-linear models (NL–3). It is 
possible to achieve acceptable performance in such a situation by employing interference cancellation feedback.

With increasing SNR, the suggested LLR-predecessor-assisted LAS detector is tested against the classical etector, 
and the BER performance is evaluated (SNR).BER omparison between several detector types utilizing a BPSK 
modulation technique is shown in Figure 3. For the 16-QAM modulation system, the BER of several detectors is 
shown in Figure 4. Lower order modulation techniques provide higher overall BER performance, as can be seen 
from these numbers, which show greater performance with BPSK modulation than with 16-QAM modulation. 
n-coded ZF detector results in poor BER performance because it mitigates partial MUI without nullifying IAI,
but LR pre-coded ZF detector mitigates partial MUI after IAI is nullified.LR–ZF detectors outperform un-coded
ZF detectors in this regard. As a result, the MUI is more important than the IAI in simulations since there are
more users than antennae in each UE. For this reason, it has a higher performance gain than ZF and LR–ZF
detectors when used with the ZF assisted LAS detector. Last but not least, the suggested LR precoded LAS is
constantly beating all conventional detectors as it attempts to minimize IAI and MUI at once.

LR-LAS detectors need an SNR of 6 dB, but ZF-LAS detectors need an SNR of 12 dB, while LR-ZF detectors 
need an SNR of 9.5 dB, and ZF-LAS detectors need an SNR of 6 dB. This is illustrated schematically in Figure 3. 
As shown in Figure 4, the suggested LR-LAS detector requires an SNR of 7.6 dB to achieve the same 10–4 error 
floor, whereas the SNR requirements for ZF, LR-ZF, and ZF-LAS detectors are each 13.8, 11.9, and 9.7 dB. For 
the ZF, LR-precoded and LR-assisted ZF, as well as the ZF assisted LAS and LR-assisted LAS detection schemes, 

Figure 3. All users' average bit error rate performance when sending Binary Phase Shift Keying signals with minimum mean 
square error, LR–MMSE, MMSE–LAS, and LR–LAS detectors.
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Figure 4. All users' average bit error rate performance when sending 16-QAM signals with minimum mean square error, 
LR–MMSE, MMSE–LAS, and LR–LAS detectors.

Figure 5. Average bit error rate performance of minimum mean square error, LR–MMSE, MMSE–LAS and LR–LAS 
detectors for increased number of users transmitting Binary Phase Shift Keying signals.
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the performance of the BER is further examined while adjusting the number of UEs, as shown in Figures 5 and 6. 
As the number of UEs grows, the MUI gets bigger.

As a result, as the number of UEs grows, so does the BER.

The LAS detector regularly outperforms the ZF and LR precoded ZF detectors in terms of preventing more seri-
ous MUI. In addition, as shown in Figures 5 and 6, the proposed LR assisted LAS is able to minimize both IAI 
and substantial MUI, resulting in similar outcomes for BPSK and 16-QAM.BER of 0.0007185 is achieved using 
the suggested LR-assisted LAS detector with BPSK signals from up to 10 UEs, while ZF, LR precoded ZF, and 
LAS detectors based on ZF each have BERs of 0.01845, 0.007477, and 0.00261268 (see Figure 5).Furthermore, 
while accommodating 10 users with 16QAM signals, the suggested ZF, precoded ZF, and ZF assisted LAS detec-
tors have BER values of 0.35291233, 0.1313625 and 0.02375413, respectively (Figure 6).

There are ML cost function evaluations in this complexity analysis, and the number of evaluations is shown in 
Table 2. Because the best ML detector uses a global search method, it has exponentially high computational cost, 
making it unsuitable for use in large-scale MIMO systems.

But because it searches for a solution locally at each transmitting antenna, the LAS is incredibly simple. On a 
per-bit basis, the average complexity of the search set in simulation analysis is O (NT).LAS is a simple detector 
in the low complexity detector family. It has a linear average bit complexity due to its usage of local search. 

However, the LAS detector's initial vector computation is the source of the 
detector's computational complexity. The initial solution vector for the LAS 
detector is typically the ZF/MMSE detector's solution vector. Consequently, 
the LAS algorithm's overall per-symbol complexity is O (NTNR), which 
makes it ideal for dealing with high numbers of dimensions. In addition, O 
(NTNR) computations can be performed using the LR assisted LAS detector. 
When using LR assisted LAS, the amount of computation required is signifi-
cantly less than when using ML detectors. Although the proposed detector is 
capable of near-optimal performance, it does not yet exist.

Figure 6. Average bit error rate performance of minimum mean square error, LR–MMSE, MMSE–LAS and LR–LAS 
detectors for increased number of users transmitting 16–QAM signals.

Detector Complicated nature of BPSK Complexity scale

ML Detector 2 240 ≈ 10 72 𝐴𝐴 𝐴𝐴2𝑁𝑁𝑇𝑇

Proposed LR-LAS 0.48 × 10 3 𝐴𝐴 2𝑁𝑁𝑇𝑇𝑋𝑋𝑋𝑋

BPSK, Binary Phase Shift Keying

Table 2 
Cost Function Evaluation Complexity of Various Detectors
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7. Conclusions
In this paper, an LLL-based LR aided LAS detector for large-scale MU-MIMO systems is suggested. It's not 
all good news for the MU-MIMO system, however, as it suffers from IAI at each user unit and MUI at the 
receiver unit BS. Making a MUI and IAI suppressing low-complexity receiver is a difficult task. According 
to the author's knowledge, the majority of previous studies focused on one or more of these interferences. The 
suggested work, on the other hand, successfully reduces the performance-complexity gap while also mitigating 
IAI and MUI.LLL-based pre-coding schemes for each UE handle IAI and MUI, while the LR-LAS detector miti-
gates MUI for each BS. The suggested LLL-based LR-LAS approaches, as compared to the traditional detectors, 
achieve ML performance and have a significant complexity gain over the ML detector. According to the results 
of the simulation, the suggested LR assisted LAS methodology has a gain of 4.95–11.9 dB over the standard 
methods. As a result, the technique under consideration provides better performance while requiring less compu-
tational complexity to implement.

Data Availability Statement
There are no specific data for this manuscript. All the results presented within this research work have been 
achieved by Matlab R2016a.
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