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Abstract

The development of MIMO-OTFS (Multiple Input Multiple Output—Orthogonal Time Frequency
Space) has proven to be a great breakthrough and a highly viable waveform for next-generation and
future 5G wireless communication networks. However, it suffers from performance degradation
when MMSE and ZF are applied to large-scale MIMO systems and fast-changing environments. In
order to overcome these limitations, this paper proposes an MNSO-based ensemble learning
approach for detecting signals in MIMO-OTEFS systems. This approach is based on using Modified
Non-Smooth Optimization (MNSO) for dimensionality reduction in conjunction with a two-level
ensemble learning model. At the first level, there are machine learning classifiers, namely Linear
Regression, Random Forest, Decision Tree, and Support Vector Machine, to detect feature-level
signals, and at the second level, there is a Gradient Boosting Bayesian Neural Network (GB-BNN)
that learns non-linearities in the delay-Doppler domain. In order to test the system, use a set of 5000
signals generated in MATLAB under Rayleigh and Rician fading with 16x16, 64x64, and 256x256
MIMO structures and 0 to 10 dB SNR values. The experimental findings show that the proposed
ensemble model using MNSO shows considerable success in reducing BER from 0.0600 at low
SNR to 0.0030 at high SNR. In the case 0of 256x256 MIMO configurations, the proposed model can
achieve up to 83.33% error reduction from the traditional MMSE techniques. The ablation study
shows the effectiveness of the MNSO as well as ensemble techniques in improving the detection
accuracy while reducing complexity. Conclusion: In summary, the proposed framework is scalable
and robust and can provide high-accuracy detection solutions for B5G MIMO-OTFS
communication systems.
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1 Introduction

It is important to note that the waveform MIMO-OTFS (Multiple Input Multiple Output—Orthogonal
Time Frequency Space) can be used for BSG and 6G wireless communication since it exhibits good
characteristics in high mobility and doubly dispersive channels. As a rule, unlike other modulation
techniques, OTFS operates in the delay—Doppler domain. It makes this technique more stable during
fast-changing channels. Moreover, when using massive MIMO technology with this technique, one can
increase spectrum efficiency, diversity gain, and transmission reliability (Bhat et al., 2021).
Nevertheless, there are some difficulties associated with the application of the technique in the case of
multipath fading and the Doppler effect (Qu et al., 2022).

Detection plays a vital role in MIMO-OTFS systems because the signal received after transmission
gets significantly distorted due to channel, noise, and interference issues. Detection performance impacts
the error rate and efficiency of the entire system. Classical techniques like ZF and MMSE have less
complexity, but fail to function efficiently in dynamic channel environments (Singh et al., 2022). The
modern hybrid and statistical approaches enhance the performance but still lack scalability for massive
MIMO systems (Kumar et al., 2024). Recent research demonstrates that the detection accuracy is even
decreased due to channel estimation errors and mobility effects (Shi et al., 2024).

The proposed technique uses an ensemble learning framework based on MNSO and combines
optimization-based feature selection with classification methods like SVM, Random Forest, and
decision tree techniques. Problem statement: The existing MIMO-OTFS detection algorithms face the
issues of complexity, poor adaptability to dynamic channels, and inefficient performance in large-scale
systems (Li et al., 2024). Thus, an intelligent and scalable detection scheme for reliable B5G systems is
needed Kumar & Nanthaamornphong, (2025).

Key Contribution

1. Presents the framework of ensemble learning using an MNSO approach for effective signal
detection in MIMO-OTFS systems for high-mobility BSG channels.

2. Combines various machine learning classifiers such as SVM, Random Forest, and Decision Tree
with feature selection using optimization techniques to enhance robustness and accuracy.

3. Shows greater effectiveness in comparison to traditional and hybrid approaches of detection in a
wireless communication environment.

This paper is structured as follows: Section 1 comprises the Introduction and Problem Statement,
Section 2 contains literature review, Section 3 discusses MNSO-based Ensemble Learning
Methodology, Section 4 deals with experiments & results, Section 5 is on Result Discussion, and finally
Section 6 concludes the paper.

2 Literature Review

A substantial development of the literature on MIMO-OTFS detection techniques has been observed to
enable the performance improvement for high-mobility 6G wireless communication systems. Detection
techniques such as RNN, SVM, and neural networks have been used in a large-scale application of
MIMO-OTES systems with Rician and Rayleigh fading channels (Kumar et al., 2024). Decentralized
detection through expectation propagation has been proposed to optimize the performance of uplink
massive MIMO-OTEFS systems (Li et al., 2024). It is noteworthy that deep neural network techniques
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exhibit excellent performance in detection of signals under different channel state estimation scenarios
(Kumar & Nanthaamornphong, 2025).

Conventional detection techniques like ZF, MMSE, and hybrid ZF-MMSE, ZF-MF detectors
continue to be popular because of their relatively low computational complexity and ease of
implementation in MIMO-OTFS systems (Kumar et al., 2024). The joint channel estimation and signal
detection scheme has also been developed for accurate detection in a dynamic environment with the
time-variant channels (Shi et al., 2024). The low-complexity linear diversity-combining detectors have
also been proposed for performance enhancement and lower computational cost (Thaj & Viterbo, 2021).
The effective equalization and symbol detection techniques are available for highly dispersive
MIMO-OTES channels (Qu et al., 2022).

The recent research developments involve the scalability and robustness in more complicated
communication settings. Efficient precoding and detection schemes have been proposed for multi-user
massive MIMO-OTFS downlink transmissions (Pandey et al., 2021). The works on performance
analysis have demonstrated the benefits of using advanced detection schemes in high-mobility
communications (Mamadapur et al., 2025). Deep learning separable CNN models have been used to
improve the performance of signal detection in OTFS communications (Wang et al., 2025). It has been
found that DL-based detection schemes are robust against hardware impairments in wireless
communications (Singh et al., 2023). The methods of spatial correlation compensation have been
developed in MIMO-OTEFS channels (Bora et al., 2023).

Newer studies include channel estimation, integrated sensing, and optimization schemes for OTFS
systems. Beam space MIMO radar and integrated sensing-communication modeling proves that joint
operation of radar and communication is possible with OTFS modulation (Dehkordi et al., 2023).
Efficient sparse channel estimation with finite resolution ADCs is studied in MIMO-OTFS systems
(Mehrotra et al., 2024). Pilot superimposition channel estimation scheme improves detection
performance in limited resource settings (Mishra et al., 2021). There are also works on joint radar and
communication systems with any time-frequency allocation (Correas-Serrano et al., 2023). Integrated
sensing architectures take advantage of delay-Doppler characteristics in order to achieve joint operations
(Keskin et al., 2024). Studies on antenna selection and system optimization provide a good performance
analysis in terms of spectral efficiency (Bhat et al., 2021). Earlier fundamental studies prove the
efficiency of OTFS for radar parameter estimation and communications integration (Gaudio et al., 2020).
Low complexity receiver architectures also help to implement this scheme for vehicular applications
(Singh et al., 2022).

Previous research on MIMO-OTFS communications has mostly been done in the areas of linear
receivers, hybrid receivers, and independent deep learning-based approaches, and there is no
comprehensive optimization among detection, channel estimation, and computation cost. Few studies
have been performed on adapting to time-varying channels and hardware impairments in real time.

3 Materials and Methods

The use of OTFS and MIMO in B5G communication systems is one of the main innovations that makes
communication possible in high mobility wireless environments. MIMO-OTFS increases spectrum
efficiency, reliability, and performance in time-varying and Doppler shifted channels. Here, the input is
encoded to OTFS symbols at the transmitting side, and these symbols are mapped across several
antennas using MIMO encoding and beamforming methods. Signals are transformed using inverse
symplectic finite Fourier transform (ISFFT) and then using Heisenberg transform and passed through a
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noisy fading channel. Signals are decoded at the receiving side using Wigner transform and channel
estimation. The received signals are detected using a MIMO detector and decoder to retrieve the
information.

The suggested detection scheme increases the efficiency of detection through an MNSO algorithm
along with a two-level ensemble learning approach. The role of MNSO is to decrease the complexity of
the solution space and select important features from the outputs of the Wigner transformation and
channel estimation. These features can be further analyzed using a combination of machine learning
techniques in the first level of the ensemble learning technique, such as linear regression, random forest,
decision tree, and support vector machine to determine the low-level signal features. In the second level,
the Gradient Boosting Bayesian Neural Network is used to detect any nonlinear relationship within the
delay-Doppler domain

Input Heisenberg
Symbols [P| Modulator =Bt ISFFT = gy [ MIMO Encoder

A\ 4

Transmitter | Channel |

Receiver
o
Detected . Winger
Symbol l4—] Demodulator [€—| SFFT [€—MIMO Decoder Signal Detector |g—i Transform
dl
<
Channel Estimator. [V
(a)
Winger Transform > Linear Regression
Y
YN A 4
] Random Forest —p

—»| MIMO Decoder

Gradient Boosting Bayesian

Dimensionality Reduction Neural Network (GB-BNN)
Using MNSO Algorithm

L Decision Tree —
A 7'y
Support Vector
Channel Estimator —> Machine
(b)
Figure 1(a & b): Proposed signal detector (a) general structure of MIMO-OTES (b) ensemble learning
model

In figure 1(a & b) shows 1(a) MIMO-OTFS transmission and receiver structure using ISFFT,
Heisenberg transform, Wigner transform, channel estimation, and signal detection in the delay-Doppler
plane, and 1(b) the proposed method using an ensemble of MNSO-based learning that incorporates
dimensionality reduction and multiple ML classifiers along with GB-BNN to improve the detection
performance of MIMO-OTFS signals.
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In a MIMO-OTFS system, the received signal R;in a configuration with T, transmit antennas,
R, receive antennas, Ttime samples, and Ffrequency bins can be expressed as follows (Equation 1):

Ry=H-S;+N (1)

Where R, € CRn*T*Frepresents the received signal matrix, Hdenotes the MIMO channel matrix,
S¢ € CTn*Rn*TXFig the transmitted signal matrix, and Nis the additive noise matrix. In the delay—Doppler
domain, the channel matrix His modeled as a function of both Doppler shift vand delay t (Equation 2):

H(z,v) 2

Where the channel response between transmit and receive antennas at specific delay and Doppler
indices is represented by h(z,v). In OTFS modulation, information symbols are mapped onto the
delay—Doppler plane, and the transmitted signal Sgcan be expressed as (Equation 3):

S = ) x[k] 6(t =108 — ) G)
k
Where & (-)denotes the Dirac delta function and x[k]represents the transmitted information symbols.
The original transmitted symbols Sgare recovered from the received signal using MIMO-OTFS signal
detection techniques, which are essential for reliable symbol reconstruction in time-varying and
high-mobility wireless environments.

Dataset Description

The proposed MIMO-OTEFS signal detection model is tested with a synthetic simulation dataset created
by using MATLAB for B5G wireless environment. The dataset consists of 5000 samples obtained
through 64-QAM modulation in 16x16, 64x64 and 256x256 MIMO structures. For the generation of this
dataset, Rayleigh and Rician fading channel models have been considered. In each sample, input features
include received signal matrix, channel response, delay-Doppler spectrum, outputs of Wigner transform,
channel estimation parameters, Doppler shift values, and SNR value between 0-10 dB. The label is the
detected transmitted symbol. The dataset has been generated in MATLAB 2016 with 0.2 validation split
ratio.

Dimensionality Reduction

Dimensionality reduction for MIMO-OTFES is realized through a Modified Non-Smooth Optimization
(MNSO) technique for handling high-dimensional complexity in data while retaining key features of
Wigner transforms output and channel estimates. This technique eliminates unnecessary data and
increases computational efficiency in the presence of noise, interference, and multipath propagation.
The problem is posed as a second-order function model with a convex form, where the solution
uniqueness is guaranteed by applying Clarke directional derivatives and subdifferentials. Estimates of
directional derivatives and generator vector are estimated using quadratic sampling and finite difference
methods via least-squares training.

Algorithm 1 Dimensionality Reduction Using MNSO

Input: Received signal’s, delay-Doppler parameters, multipath fading characteristics, and noise levels
Output: Select best features

Begin;

810



MNSO-Based Ensemble Learning for Signal Detection in Panchaxari Mamadapur et al.
MIMO-OTFS Systems for BSG Communications

Initialize the step sizes of the population
Define second order type model

Compute exclusive minimiser such that:
Define objective function and give:

Find one-way quadratic sampling function,
Compute predetermined directions where failure occurs
Else if do

Solve best optimal solution

End if

End While

Find the best output value

Algorithm 1 applies the Modified Non-Smooth Optimization approach for extracting optimum
features from MIMO-OTFS signals. It applies dimensionality reduction through directional derivatives,
quadratic sampling, and iterative minimization, thus guaranteeing efficient feature extraction, fast
convergence, and better noise-resilient and multipath channel performance.

Ensemble Learning

Incorporating an ensemble learning approach to the problem in MIMO-OTEFS systems allows for more
effective signal detection by utilizing several ML models to deal with a complex channel response,
high-dimensionality of data, and the presence of noise. At the first level, there is Linear Regression,
Random Forest, Decision Tree, and Support Vector Machine. Each model extracts different features of
the signal, such as linear relationships, non-linear relationships, and high-dimensional separability,
respectively. These predictions are then combined together to form an ensemble of signals with higher
robustness and generalization capabilities. As a result, various signal characteristics in relation to
interference and fading in channels will be detected more accurately.

The second level is based on the Gradient Boosting Bayesian Neural Network (GB-BNN). It
minimizes mean squared error by performing residual correction and gradient-based optimization and
captures the linear and non-linear dependencies in the delay-Doppler domain. Bayesian inference with
Langevin-gradient proposals is used for better uncertainty quantification and optimization efficiency.
The end-product ensemble is composed of a set of weighted boosted models to perform accurate and
fast predictions. The described hybrid approach provides significant improvements in robustness and
predictive capabilities while allowing real-time operation in BSG MIMO-OTFS communication
systems.

Algorithm 2 Signal Detector Using GB-BNN

Input: Number of features, threshold set for ML models, maximum iteration
Output: Predicted signal detection

Define the number of base models A

Initialize weights of base models

Define MSE for a certain exercise set
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Compute the incline of the hurt meaning

Define generalized for the rest of the data:

Samples are accepted or rejected based on the Metropolis-Hastings criteria a:
Compute weighted sum

Find the derivative of the residuals

(Update MSE) loss function

Compute closed-form solution

Find the best output value

End

The algorithm 2 uses an ensemble signal detector based on GB-BNN. The proposed algorithm
includes the usage of various base classifiers and weight learning in combination with the Bayesian
approach. The algorithm works in iterations, minimizing MSE through residual gradient descent and
Metropolis-Hastening’s sampling.

4 Results

MIMO-OTEFS detection models have been investigated through a simulation in MATLAB 2016 using
5000 samples, batch size 150, 50 epochs, and 0.2 validation split with 64-QAM modulation and 16x16,
64x64, and 256x256 MIMO setups. The simulations consider both Rayleigh and Rician fading channels
for modeling real-life wireless environments. It is found that the MNSO+ Ensemble models yield
minimum BER from 0.0600 to 0.0030 at 0- and 10-dB levels, respectively, better than LR, RF, and DT
hybrid models. It is observed that dimensionality reduction can significantly improve the detection
performance in large-scale MIMO scenarios.

Performance Metrics

Evaluation of the proposed MIMO-OTFS Signal Detection System Performance is carried out using
several performance measures. The key performance measure is Bit Error Rate (BER), which describes
the proportion of wrongfully decoded bits to the total number of bits transmitted and is given by
(Equation 4):

BER = % 4

t

Where N,is the number of error bits and N;is the total number of transmitted bits.

For assessing the optimization capability of the GB-BNN, employ the Mean Squared Error (MSE)
that is mathematically formulated by equation (5):

1 ©oN o
MSE = — Zi=1(3’i — 92 )
Where y;is the actual output and ¥;is the predicted output.

Detection effectiveness can also be interpreted in terms of accuracy (Equation 6):

Accuracy = % (6)

t

Where N_is the number of correctly detected symbols.
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Consequently, the performance enhancement of the suggested approach compared to the existing
approaches is measured by the following equation (7):

ERbaseline_BERp“)pose‘i X 100 (7)

B
ImpTOUement(%) = BERpaseline

These measures together serve to assess the performance of the suggested MNSO-based ensemble
learning approach.
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Figure 2: BER results for 16 x 16 MIMO-OTFS configuration with Rayleigh channel

In figure 2 shows the bit error rate (BER) of the planned MNSO-based models (i.e., MNSO+LR+GB-
BNN, MNSO+RF+GB-BNN, MNSO+DT+GB-BNN, MNSO+SVM+GB-BNN), along with classic
techniques, i.e., MMSE, ZFE, SVM, NN, and RNN, was analyzed by applying the 1616 MIMO-OTEFES
Rayleigh channel. The developed techniques produced a noticeable drop in BER values for all the
observed SNRs. With 0 dB, MNSO-+SVM brought a BER improvement of 47.4% over MMSE, and this
improvement went up to 61.9% with an SNR of 5 dB. In the 10 dB SNR value, it resulted in a BER
improvement of 89.5% from MMSE, whereas with other considered classic techniques, it achieved much
higher BER values than those acquired through the use of planned MNSO models. MNSO models
demonstrated better performance than other classic approaches; furthermore, the selected features
obtained through MNSO+SVM-+GB-BNN model result in well-performing detection, strong feature
selection, and robustness.
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Figure 3: BER results for 64 x 64 MIMO-OTFS configuration with rayleigh channel
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In figure 3 shows the BER performance of the proposed models based on MNSO for 64x64
MIMO-OTFS Rayleigh channels, which was investigated in comparison with existing techniques. In the
case of 0 dB SNR, the best BER performance was provided by the MNSO+SVM model, with 47.4%
reduction in BER in comparison with the MMSE technique and 25.43% decrease in comparison with
the RNN. In the case of 5 dB SNR, the same model provided 61.90% reduction in comparison with
MMSE and 46.7% decrease in comparison with DNN, along with high efficiency of MNSO+RF and
MNSO+LR models. Finally, at 10 dB SNR, MNSO+SVM achieved the BER of 0.005 with 73.68%
improvement over MMSE.

0.10

—m- MMSE

—e— zr

—d— SVM

—4— NN

—4= RNN

0.08 —#— MNSD-I-RF-GBE-BNN

—#— MNSD-I-DT-GE-BNN
MNSD-5VM-GB-BNN

0.06

BER

0.04

0.02 A

0.00

SNR (dB)

Figure 4: BER results for 256 x 256 MIMO-OTFS configuration with rayleigh channel

In figure 4 shows the BER of the proposed models using the MNSO technique under 256x256
MIMO-OTFS Rayleigh channel was compared with existing techniques. At 0 dB of SNR, the
MNSO+SVM model provided the least BER value with an improvement in BER of 38.82% in
comparison with MMSE and 23.53% compared to RNN, while the MNSO-+RF and MNSO+LR model
also performed well. At 5 dB, MNSO+SVM model resulted in a BER value of 0.017 which provided an
improvement in BER of 57.50% over MMSE. At 10 dB, the BER value of 0.005 was obtained, showing
an improvement of 72.22% over MMSE.
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Figure 5: BER results for 16 x 16 MIMO-OTFS configuration with Rician channel
814



MNSO-Based Ensemble Learning for Signal Detection in Panchaxari Mamadapur et al.
MIMO-OTFS Systems for BSG Communications

In figure 5 shows the performance of BER in the proposed MNSO-based models in case of the 16x16
MIMO-OTEFS Rician channel was analyzed against MMSE, ZFE, SVM, NN, and RNN. In case of 0 dB
SNR, the proposed MNSO+SVM model achieved a BER of 0.048, which is 38.46% better than MMSE
and 20% better than RNN. The performance of the model increased to 41.54% better than MMSE in
case of 1 dB, whereas it showed a BER of 0.017 in case of 5 dB, which is 54.05% better than MMSE.
Moreover, in the case of 10 dB, MNSO+SVM achieved a BER of 0.005, which is 72.
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Figure 6: BER results for 64 x 64 MIMO-OTFS configuration with rician channel

In figure 6 illustrates the BER results for the proposed MNSO-based models for a 64x64
MIMO-OTES system in a Rician channel. For 0 dB SNR, MNSO+SVM has the lowest BER value of
0.037, with an error reduction of 40.32% from MMSE and 17.78% from RNN, while MNSO-+RF and
MNSO+DT have significant reductions as well. For 5 dB SNR, MNSO+SVM gets 0.014 BER, with
57.58% error reduction from MMSE. For 10 dB SNR, MNSO+SVM gets 0.004 BER, which is a 73.33%
error reduction. In general, MNSO-based models outperform both traditional and ML methods, and
MNSO+S.
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Figure 7: BER results for 256 x 256 MIMO-OTFS configuration with Rician channel
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In figure 7 shows the BER results of the 256x256 MIMO-OTFS Rician channel, indicating that
MNSO models outperform the conventional models and ML methods in terms of efficiency. With 0 dB
SNR, MNSO+SVM provides the minimum BER, which is 0.022, and decreases the error rate by 45%
in comparison with MMSE and 21.43% in comparison with RNN. With 5 dB SNR, it becomes 0.008,
reducing the error rate by 57.89% in comparison with MMSE. With 10 dB SNR, it equals 0.001,
improving the error rate by 83.33%. MNSO+RF and MNSO+DT provide significant improvements, too,
at all levels of SNR.

Table 1: Comparative performance evaluation of proposed MNSO-based ensemble model

16x16 BER | 64x64 BER | 256%x256 BER Relative
Method Model type (10 dB) (10 dB) (10 dB) performance
MMSE Conventional 0.045 0.038 0.030 Baseline
detector
ZF Linear detector 0.042 0.035 0.028 Low robustness
RNN Deep learning 0.018 0.015 0.013 Moderate
SVM ML classifier 0.012 0.010 0.009 Good
RF Ensemble ML 0.010 0.009 0.007 Better
LR Regression model 0.011 0.010 0.008 Moderate
Proposed MNSO + Hybrid ML +
SVM + GB-BNN optimization 0.005 0.005 0.001 Best performance

In table 1 shows the comparative assessment between the proposed MNSO-based hybrid ensemble
technique and traditional and ML-based MIMO-OTEFS detection techniques. The results obtained from
16 x 16, 64 x 64, and 256 x 256 setups show that the proposed technique always yields the lowest BER
values.

In table 2 shows the ablation study that analyzes the effectiveness of each constituent of the proposed
framework. The outcome shows that the removal of MNSO, ensemble learning, or GB-BNN greatly
affects the performance, showing that all modules contribute effectively in reducing BER and improving
MIMO-OTEFS detection.

Table 2: Ablation study of the proposed MNSO-based ensemble framework

. 64x64 BER | 256x256 BER .
Configuration Components used (10 dB) (10 dB) Performance impact
MNSO + Ensemble +
Full Model GB-BNN 0.005 0.001 Best performance
Without MNSO Ensemble + GB-BNN 0.011 0.009 Loss of feature
optimization
Without GB-BNN MNSO + ML models 0.014 0.012 Reduced nonlinear
learning
ithout E 1 .
W‘(tsiz‘;e ;\Sf&‘)b © MNSO + SVM only 0.018 0.016 No stacking benefit
Without Feature Raw features + Higher complexity,
. 0.013 0.010
Reduction Ensemble lower accuracy

5 Discussion

In terms of a 64 x 64 MIMO system, the MNSO+Ensemble model has the least BER that ranges from
0.0600 for 0 dB to 0.0030 for 10 dB, thereby exhibiting the effectiveness of dimensionality reduction in
enhancing signal detection accuracy. The conventional models of LR+GB-BNN, RF+GB-BNN, and
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DT+GB-BNN have exhibited a small increase in BER with an increase in SNR. However, these models
are not as efficient as those using the concept of dimensionality reduction. For example, the BER of the
LR+GB-BNN model is seen reducing from 0.0900 at 0 dB to 0.0114 at 10 dB. An increase in SNR has
shown the effects of dimensionality reduction to be much pronounced. The models of MNSO+LR+GB-
BNN and MNSO+RF+GB-BNN have exhibited a gradual reduction in BER.

In 256 x 256 MIMO structure, just as the case of 64 x 64 MIMO structure, inclusion of MNSO and
Ensemble in the models causes considerable improvement. In particular, it decreases the Bit Error Rate
(BER) from 0.0600 to 0dB in the range of 0.0030 to 10dB. From this illustration, it can be clearly noted
that the advantage of low dimensionality is considerably beneficial when it comes to efficient signal
detection in large MIMO structures. LR + GB-BNN, RF + GB-BNN, and DD + GB-BNN models have
also improved in performance due to increased SNR. Nevertheless, their performance is rather poor. For
instance, the BER of the LR + GB-BNN model is lowered from 0.0900 to 0dB in the range of 0.0075 to
10dB. The above analysis has proved the efficiency of range reduction in the detection of signals and
elimination of errors in MIMO systems. The technique of dimension reduction is significant in
enhancing the performance of signal detection models. For 64 x 64 and 256 x 256 MIMO setups, the
models incorporating dimensionality reduction have proved to be superior compared to conventional
models in relation to BER. With increased SNR levels, the difference in performance between
dimensionality reduction models and conventional models becomes even greater.

However, there are limitations associated with the proposed MIMO-OTFS structure. For example,
its ability to generalize may be affected by the fact that simulations in MATLAB are used as the source
of data. Other aspects that can limit its generality include fixed modulation techniques, known MIMO
structures, and noise assumptions.

6 Conclusions

In this work, the presented study utilizes the MNSO-ensemble learning approach to enable fast signal
detection in MIMO-OTFS communication system designs in B5G wireless communication networks.
The major strength of this research is the use of the MNSO-ensemble learning approach through the use
of Modified Non-Smooth Optimization for reducing the dimensions and ensemble learning through two
layers of classical machine learning algorithms and Gradient Boosting Bayesian Neural Networks
(GB-BNN). This novel structure solves the problems that conventional detection approaches, such as
MMSE and ZF, encounter due to their inability to cope with high mobility and multipath fading effects,
amongst other aspects.

From the experimental findings, there is an indication of high-performance improvement in several
MIMO setups (16x16, 64x64, and 256x256) in both Rayleigh and Rician fading channels. The model
has shown a significant improvement in BER, lowering it from 0.0600 in low SNR conditions to 0.0030
in high SNR cases. For 256x256 large-scale MIMO, the model shows 83.33% improvement in error
correction as compared to the standard MMSE-based detection algorithm. In addition, an ablation
analysis reveals the importance of the use of MNSO, ensemble learning, and GB-BNN in improving the
accuracy and performance.

In summary, the presented model performs well in terms of effectiveness, scalability, and efficiency
in the design of the next-generation MIMO-OTFS system. As compared to the traditional MMSE-based
approach as well as machine learning-based standalone detectors, the combination of optimization and
ensemble intelligence has been shown to provide good performance. There is room for future work to
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include the use of hardware implementation of the proposed model, testing on a real-world channel
measurements dataset, and reinforcement learning for adaptive detection.
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