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In this paper, we present an innovative approach for spectrum sensing in mmWave 
massive multiple-input multiple-output (MIMO) systems by leveraging a 
hierarchical Bayesian model integrated with Stacked Denoising Autoencoders 
(SDAEs). The proposed method significantly improves the accuracy of spectrum 
sensing by effectively estimating the unknown covariance of the CSCG noise. By 
incorporating Bayesian deep learning principles into the model, a robust estimation 
of noise characteristics is achieved, enhancing the detection performance of weak 
signals amidst noise with unknown covariance. The use of Collaborative Deep 
Learning (CDL) allows for adaptive learning of complex noise patterns and 
provides a more accurate characterization of the spectrum. Extensive simulations 
are conducted to validate the effectiveness of the proposed CDL-based spectrum 
sensing method in mmWave massive MIMO systems. The simulations compare the 
performance of the Bayesian deep learning approach against traditional spectrum 
sensing techniques and state-of-the-art methods. The results demonstrate superior 
performance in terms of detection accuracy, noise robustness, and computational 
efficiency. Detailed performance metrics and analysis are provided to showcase the 
practical advantages of integrating CDL with SDAEs for spectrum sensing in real-
world mmWave scenarios. 
Keywords: Cognitive radio network, Spectrum sensing, Baysian deep learning, 
Massive MIMO. 

  

1. Introduction 

fficient utilization of the radio frequency spectrum has 

become a critical challenge due to the rapid growth of 

wireless communication services. Spectrum sensing is a 

fundamental function of cognitive radio networks, enabling 

secondary users to detect spectrum availability while 

avoiding harmful interference with licensed users [1]. 

Reliable spectrum sensing is particularly crucial in 

emerging wireless systems, where dynamic environments, 

hardware impairments, and noise uncertainty significantly 

affect detection performance [2]. 

With the advent of mmWave massive MIMO systems, 

spectrum sensing faces new challenges. Although 

mmWave communication offers large bandwidth and high 

data rates, it is highly sensitive to noise, blockage, and 

channel impairments. In practical scenarios, the noise 

characteristics—especially the noise covariance—are often 

unknown or time-varying, which severely degrades the 

performance of conventional spectrum sensing techniques. 

E
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Traditional methods typically assume white Gaussian noise 

with known variance, making them unreliable in realistic 

mmWave massive MIMO environments. 

To overcome these limitations, machine learning (ML) 

and deep learning (DL) techniques have been increasingly 

adopted for spectrum sensing. Data-driven approaches 

enable more flexible modeling of complex signal 

environments and have shown improved performance 

compared to classical methods [3, 4]. Supervised learning 

algorithms such as Support Vector Machines (SVMs) and 

Decision Trees have been widely used to classify spectrum 

occupancy based on extracted features. SVMs, in 

particular, are effective in separating signal classes by 

constructing optimal hyperplanes in high-dimensional 

feature spaces [5], while Decision Trees provide 

interpretability and can efficiently handle mixed data types 

[6]. However, supervised methods rely heavily on labeled 

datasets, which are often difficult to obtain in dynamic 

wireless environments [7-9]. 

Unsupervised learning techniques, including clustering 

algorithms such as K-means, alleviate the need for labeled 

data by discovering inherent structures in received signals 

[10]. In addition, dimensionality reduction methods such as 

Principal Component Analysis (PCA) are commonly 

employed for feature extraction and complexity reduction 

when dealing with high-dimensional spectrum data [11]. 

While these approaches improve scalability, they still lack 

robustness against noise uncertainty and complex 

interference patterns. 

More recently, deep learning methods have 

demonstrated superior capability in modelling nonlinear 

and high-dimensional spectrum data. Convolutional Neural 

Networks (CNNs) have been successfully applied to time–

frequency representations to capture spatial features and 

enhance signal detection and classification performance 

[12, 13]. Recurrent Neural Networks (RNNs), particularly 

Long Short-Term Memory (LSTM) networks, are effective 

in learning temporal dependencies in dynamic spectrum 

environments [14, 15]. Furthermore, Generative 

Adversarial Networks (GANs) have been utilized to 

generate synthetic spectrum data, improving model 

generalization and robustness [16, 17]. Despite these 

advances, most existing DL-based spectrum sensing 

approaches implicitly assume known or stationary noise 

statistics, limiting their effectiveness in practical mmWave 

massive MIMO systems with unknown colored noise. 

In this context, Bayesian learning provides a powerful 

framework for spectrum sensing under uncertainty. By 

explicitly modeling prior knowledge and uncertainty, 

Bayesian methods offer probabilistic inference mechanisms 

that improve robustness in noisy and incomplete 

information scenarios. Bayesian networks and Bayesian 

inference techniques enable systematic updating of beliefs 

regarding spectrum occupancy based on observed data [18]. 

Recent studies have focused on improving the 

computational efficiency of Bayesian methods, making 

them increasingly suitable for real-time spectrum sensing 

applications [18]. However, traditional Bayesian 

approaches alone may struggle to scale efficiently in high-

dimensional mmWave massive MIMO systems. 

Motivated by these observations, this paper proposes a 

Bayesian deep learning-based collaborative framework for 

cooperative spectrum sensing in mmWave massive MIMO 

cognitive radio networks. By integrating hierarchical 

Bayesian modeling with Stacked Denoising Autoencoders 

(SDAEs), the proposed approach jointly estimates the 

unknown covariance of circularly symmetric complex 

Gaussian (CSCG) noise and performs reliable spectrum 

sensing. The collaborative deep learning (CDL) framework 

enables efficient denoising and feature extraction from 

high-dimensional received signals, thereby enhancing 

detection performance in challenging noise conditions. The 

main contributions of this paper can be categorized as 

follows: 

 An innovative approach is proposed for 

spectrum sensing in mmWave massive MIMO 

systems by leveraging a hierarchical Bayesian 

model integrated with Stacked Denoising 

Autoencoders (SDAEs). This method 

significantly improves the accuracy of 

spectrum sensing by effectively estimating the 

unknown covariance of the CSCG noise. By 

incorporating Bayesian deep learning principles 

into our model, we achieve a robust estimation 

of noise characteristics, which in turn enhances 

the detection performance of weak signals 

amidst noise with unknown covariance. The 

use of CDL allows for adaptive learning of 

complex noise patterns and provides a more 

accurate characterization of the spectrum. 

 A collaborative deep learning (CDL) 

framework is introduced specifically tailored 

for spectrum sensing in massive MIMO 
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systems. This framework utilizes SDAEs to 

perform denoising and feature extraction from 

received signals. The hierarchical Bayesian 

model embedded within the CDL framework 

enables the joint optimization of noise 

covariance estimation and signal detection. By 

integrating multiple SDAEs in a collaborative 

manner, our approach efficiently handles the 

high-dimensional nature of mmWave signals 

and improves the robustness of spectrum 

sensing in challenging environments. 

 To validate the effectiveness of our proposed 

CDL-based spectrum sensing method, we 

conduct extensive simulations in mmWave 

massive MIMO systems. The simulations 

compare the performance of our Bayesian deep 

learning approach against traditional spectrum 

sensing techniques and other state-of-the-art 

methods. Results demonstrate that our 

approach offers superior performance in terms 

of detection accuracy, noise robustness, and 

computational efficiency. We provide detailed 

performance metrics and analysis to showcase 

the practical advantages of integrating CDL 

with SDAEs for spectrum sensing in real-world 

mmWave scenarios. 

Existing spectrum sensing approaches, including 

classical energy detection and sparse Bayesian learning 

methods, generally rely on predefined or stationary noise 

statistics, which limits their robustness in practical 

mmWave massive MIMO environments characterized by 

high-dimensional signals and noise uncertainty. Recent 

deep learning–based techniques, such as CNN- and LSTM-

based spectrum sensing frameworks, have demonstrated 

improved feature extraction capabilities; however, these 

methods typically operate under implicit noise assumptions 

and do not explicitly model uncertainty in the noise 

covariance. 

Closely related studies, including prior works by the 

authors and other recent contributions (e.g., [1, 3, 19]), 

primarily focus on signal detection under known channel or 

noise conditions, or consider spectrum sensing without 

fully exploiting collaborative sensing in the presence of 

unknown coloured noise. In contrast, the proposed 

Bayesian collaborative deep learning framework integrates 

hierarchical Bayesian inference with stacked denoising 

autoencoders, enabling joint noise-aware feature learning 

and uncertainty modeling. This design makes the proposed 

approach particularly suitable for collaborative spectrum 

sensing in mmWave massive MIMO systems, where noise 

statistics may vary over time and across sensing nodes.   

The rest of this paper is organized as follows. Section 2 

presents the system model of the proposed network. In 

Section 3, the problem formulation and solutions are 

explained. Numerical results are provided in Section 4, and 

finally, Section 5 concludes the paper. 

1.1. SYSTEM Description 

In this paper, we consider large-scale CRN model which 

is composed of several PUs and SUs, which sense the 

spectrum using L and K antennas, respectively. The number 

of active PUs is unknown to the SUs, and each PU is active 

or inactive with a certain probability. The network is 

organized in a cluster topology, so the proposed model, as 

depicted in Figure 1 is a large-scale cooperative MIMO 

system. 

 

Figure 1. Proposed system model for massive MIMO spectrum 

sensing 

In the proposed system, when an SU requests to use the 

spectrum, it attempts to find an available channel. 

Specifically, the SU must sequentially scan all channels 

until it either finds an available channel or fails. To check 

the status of the PU in the spectrum, two states H0 and H1 

are considered, representing the spectrum being occupied 

by the PU and the spectrum being unused, respectively. 

The spectrum usage is formulated as follows: 

 

𝑦(𝑛) = ൜
𝑤(𝑛)                         𝐻଴

𝐻𝑥(𝑛) + 𝑤(𝑛)       𝐻ଵ
        (1) 
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where 𝑥(𝑛) ∈ ℂ௅×ଵ represents the 𝑛-th sample of the 

received signal from the PU antennas. It is assumed that 

this signal is a circularly symmetric complex Gaussian 

(CSCG) with zero mean and unknown covariance. 𝑤(𝑛) ∈

ℂ௅×ଵ denotes CSCG white noise with zero mean and 

unknown variance. 𝐻 ∈ ℂ௅×௄ is the channel gain matrix 

between the PU and SU. 

In next-generation networks, the increasing number of 

users and limited space for antennas lead to the 

phenomenon of mutual coupling between antennas. 

Antennas interfere with each other, and the greater the 

distance between them, the less the interference. The 

interference between antennas is characterized by a matrix 

that is applied to the received signals from the transmitting 

and receiving antennas. It is also important to note that the 

coefficients of the mutual coupling matrix vary under 

different temperature conditions, meaning that the coupling 

matrix is not constant. The system model, assuming mutual 

coupling between antennas, is defined as follows: 

 

𝑦ො(𝑛) = ൜
𝑀௠௖

ோ 𝑤(𝑛)                         𝐻଴

𝑀௠௖
ோ (𝐻𝑥ො(𝑛) + 𝑤(𝑛))       𝐻ଵ

        (2) 

 

↶ෝ (𝑛) = 𝑀௠௖
் 𝑧(𝑛)                                            (3) 

 

where 𝑀௠௖
ோ  and 𝑀௠௖

்  represent the mutual coupling 

matrices of the transmitting and receiving antennas, 

respectively. 𝑧(𝑛) ∈ ℂ௅×ଵ is the input signal to the antennas 

before being affected by mutual coupling. The signal 𝑥ො(𝑛) 

is the transmit signal after applying the mutual coupling of 

the transmitting antennas. 

In this paper, our goal is to explore the use of neural 

networks (NN) and machine learning (ML) classification to 

detect the status of the primary user in the context of 

cooperative spectrum sensing. 

2. Proposed Solutions 

2.1. Neural Netwoks 

Deep learning usually refers to neural networks with 

more than two layers. To better understand deep learning, 

we will examine multi-layer perceptrons (MLPs), which are 

one of the simplest types of neural networks. Essentially, 

an MLP is a sequence of parametric nonlinear 

transformations. We want to train an MLP for regression 

that maps an $ M$-dimensional input vector to a D-

dimensional output vector. The input matrix is denoted as 

𝑋଴ (where 0 denotes the 0-th layer of the perceptron), and 

the M-dimensional vector 𝑋଴,௝∗ represents the j-th row of 

the input matrix. The output of the problem is denoted by 

Y, and similarly, 𝑌௝∗ is a D-dimensional row vector. The 

MLP problem with L layers can be formulated as follows 

[19, 20]: 

 

min
ௐ೗,௕೗

∥ 𝑋௅ − 𝑌 ∥ி+ 𝜆 ෍ ∥ 𝑊௟ ∥ி
ଶ

௟

 

Subject to 𝑋௟ = 𝜎(𝑋௟ିଵ𝑊௟ + 𝑏௟),    𝑙 = 1, … , 𝐿 − 1   (4) 

𝑋௅ = 𝑋௅ିଵ𝑊௅ + 𝑏௅ 

 

where 𝜎(. ) is the sigmoid function, given by 𝜎(𝑥) =
ଵ

ଵାୣ୶୮ (ି௫)
 . 𝜆 is the regularization parameter, and ∥ . ∥ி 

denotes the Frobenius norm. Instead of the sigmoid 

function, functions like tanh 𝑥 and max (𝑥, 0) can also be 

used to provide nonlinear transformations. 

The network's output XL can be easily computed using 

the input data, coefficients, and bias values. However, the 

coefficients and biases are unknown to us. In reality, we 

have selected a configuration of neurons across different 

layers, but what drives the network's training is adjusting 

the weights and biases of the neurons. Next, a cost function 

E is defined according to the problem type, and ultimately, 

the network weights are adjusted using the 

Backpropagation algorithm and stochastic gradient descent. 

Gradients are calculated as follows using the chain rule: 

 
𝜕𝐸

𝜕𝑋௅

= 2(𝑋௅ − 𝑌) 

𝜕𝐸

𝜕𝑋௟

= (
𝜕𝐸

𝜕𝑋௟ାଵ

) ∘ 𝑋௟ାଵ ∘ (1 − 𝑋௟ାଵ) ⋅ 𝑊௟ାଵ 

𝜕𝐸

𝜕𝑊௟

= 𝑋௟ିଵ
் ൭

𝜕𝐸

𝜕𝑋௟

∘ 𝑋௟ ∘ (1 − 𝑋௟)൱        (5) 

𝜕𝐸

𝜕𝑏௟

= 𝑚𝑒𝑎𝑛 ൬
𝜕𝐸

𝜕𝑋௟

∘ 𝑋௟ ∘ (1 − 𝑋௟), 1൰ 

 

where 𝑋௟ for 𝑙 = 1, … , 𝐿 − 1 represents the hidden units. 

The regularization term has been omitted. The only free 

parameters in conventional deep learning models are 𝑏௟  and 

𝑊௟ , which are obtained through training algorithms, while 

other parameters are computed using these two parameters. 
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2.2. Hierarchical Bayesian Model 

2.2.1. Generalized Bayesian Model 

In the introduced MLP network, suppose the network 

input is the noisy version of the data 𝑋଴ and the output is 

the clean version of the data 𝑋௖ [9]. The process of 

generating the generalized Bayesian model is as follows: 

For each layer 𝑙 of the network: 

 For each column 𝑛 of the weight matrix 𝑊௟: 

𝑊(௟,∗௡) ∼ 𝒩൫0, 𝜆௪
ିଵ𝐼௄೟

൯     (6) 

 

 For the bias vector 𝑏௟: 

 

𝑏௟ ∼ 𝒩൫0, 𝜆௪
ିଵ𝐼௄೟

൯            (7) 

 

 For each row 𝑗 of 𝑋௟: 

 

𝑋(௟,௝∗) ∼ 𝒩൫𝜎൫𝑋(௟ିଵ,௝∗)𝑊௟ + 𝑏௟൯, 𝜆௦
ିଵ𝐼௄೟

൯     (8) 

 

 For each 𝑗 of 𝑋௖: 

 

𝑋(௖,௝∗)~𝒩൫𝑋(௅,௝∗), 𝜆௡
ିଵ𝐼஻൯        (9) 

 

If 𝜆௦ tends to infinity, the Gaussian distribution in (8) 

becomes a Dirac delta distribution centered at 

𝜎൫𝑋(௟ିଵ,௝∗)𝑊௟ + 𝑏௟൯. In this model, the first 𝐿 ∕ 2 layers of 

the network are used for encoding and the last 𝐿 ∕ 2 layers 

are used for decoding. Maximizing the posterior probability 

is equivalent to minimizing the reconstruction error while 

considering weight decay. 

2.2.2. Collaborative Deep Learning 

Using the generalized Bayesian model as a step, the 

process for generating Collaborative Deep Learning (CDL) 

is defined as follows: 

 Generate generalized Bayesian variables. 

 For each item 𝑗: 

 Set the hidden item deviation vector ∈௝∼

𝒩(0, 𝜆௩
ିଵ𝐼௄) 

 Set the hidden item vector 𝑉௝ = ∈௝+ 𝑋(௅ ଶ⁄ ,௝∗)
் . 

 Set the hidden user vector for each user 𝑖: 

 

𝑢௜ ∼ 𝒩(0, 𝜆௨
ିଵ𝐼௄)            (10) 

 

 Set the ranking 𝑅௜௝ for each pair (𝑖, 𝑗): 

𝑅௜௝ ∼ 𝒩൫𝑢௜
்𝑣௝ , 𝐶௜௝

ିଵ൯            (11) 

 

where 𝜆௪, 𝜆௡, 𝜆௨, 𝜆௦, 𝜆௩  are the problem parameters. 

Note that the middle layer 𝑋(௅ ଶ⁄ ) acts as a bridge between 

ranking and content information. This middle layer, along 

with the hidden deviation 𝜖௝, is key for CDL to 

simultaneously learn effective features and capture 

relationships between items and users. For computational 

efficiency, 𝜆௦ can be made to tend to infinity. 

2.2.3. Learning 

Based on the above CDL model, all parameters can be 

considered as random variables to apply fully Bayesian 

methods such as Markov Chain Monte Carlo or Variational 

Inference methods [21, 22]. However, such solutions 

typically have high computational costs. Consequently, 

CDL uses an Expectation-Maximization (EM) model 

algorithm to obtain MAP estimates, such as in [7]. To 

maximize the posterior probability, we maximize the joint 

log-likelihood of the variables 𝑈, 𝑉, {𝑋௟}, 𝑋௖ , {𝑊௟}, {𝑏௟}, 𝑅 

with respect to the parameters 𝜆௪ , 𝜆௡, 𝜆௨, 𝜆௦, 𝜆௩: 

 

𝐿 = −
𝜆௨

2
෍ ∥ 𝑢௜ ∥ଶ

ଶ

௜

−
𝜆௪

2
෍(∥ 𝑊௟ ∥ி

ଶ +∥ 𝑏௟ ∥ଶ
ଶ)

௟

 

−
𝜆௩

2
෍ ∥ 𝑉௝ − 𝑋(௅ ଶ⁄ ,௝∗)

் ∥ଶ
ଶ

௝

                        

−
𝜆௡

2
෍ ∥ 𝑋(௅,௝∗) − 𝑋(௖,௝∗) ∥ଶ

ଶ

௝

                (12) 

−
𝜆௦

2
෍ ෍ ∥ 𝜎൫𝑋(௟ିଵ,௝∗)𝑊௟ + 𝑏௟൯ − 𝑋(௟,௝∗) ∥ଶ

ଶ

௝௟

 

− ෍
𝐶௜௝

2
௜,௝

൫𝑅௜௝ − 𝑢௜
்𝑉௝൯

ଶ
                                  

 

If 𝜆௦ tends to infinity, we have: 

 

𝐿 = −
𝜆௨

2
෍ ∥ 𝑢௜ ∥ଶ

ଶ

௜

−
𝜆௪

2
෍(∥ 𝑊௟ ∥ி

ଶ +∥ 𝑏௟ ∥ଶ
ଶ)

௟

 

−
𝜆௩

2
෍ ∥ 𝑉௝ − 𝑓௘(𝑋(௅,௝∗), 𝑊ା)் ∥ଶ

ଶ

௝

                        

−
𝜆௡

2
෍ ∥ 𝑓௥(𝑋(଴,௝∗), 𝑊ା) − 𝑋(௖,௝∗) ∥ଶ

ଶ

௝

                (13) 

−
𝜆௦

2
෍ ෍ ∥ 𝜎൫𝑋(௟ିଵ,௝∗)𝑊௟ + 𝑏௟൯ − 𝑋(௟,௝∗) ∥ଶ

ଶ

௝௟
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− ෍
𝐶௜௝

2
௜,௝

൫𝑅௜௝ − 𝑢௜
்𝑉௝൯

ଶ
                              

The encoding function 𝑓௘(⋅, 𝑊ା) takes the noisy content 

vector 𝑋(଴,௝∗) of item 𝑗 as input and computes the encoding 

of the item. The function 𝑓௥(⋅, 𝑊ା)  also takes 𝑋(଴,௝∗) as 

input, computes the encoding, and then reconstructs the 

content vector of item 𝑗. For example, if the number of 

layers 𝐿 = 6, 𝑓௘(𝑋(଴,௝∗), 𝑊ା)  is the output of the third 

layer, while 𝑓௥(𝑋(଴,௝∗), 𝑊ା) is the output of the sixth layer.

 

𝑝൫𝑊(௟,∗௡)
ା ห𝑋(௟ିଵ,௝∗), 𝑋(௟,௝∗), 𝜆௦൯ ∝ 𝒩൫𝑊(௟,∗௡)

ା ห0, 𝜆௪
ିଵ𝐼൯𝒩൫𝑋(௟,∗௡)ห𝜎൫𝑋(௟ିଵ)

ା 𝑊(௟,∗௡)
ା ൯, 𝜆௦

ିଵ𝐼൯                (14) 

 

𝑝(𝑋(௟,௝∗)|𝑊௟
ା, 𝑊(௟ାଵ)

ା , 𝑋(௟ିଵ,௝∗), 𝑋(௟ାଵ,௝∗), 𝜆௦) ∝ 𝒩(𝑋(௟,௝∗)|𝜎൫𝑋(௟ିଵ,௝∗)
ା 𝑊௟

ା൯, 𝜆௦
ିଵ𝐼)𝒩൫𝑋(௟ାଵ,௝∗)ห𝜎൫𝑋(௟,௝∗)

ା 𝑊(௟ାଵ)
ା ൯, 𝜆௦

ିଵ𝐼൯            (15) 

 

2.3. Bayesian Collaborative Deep Learning 

In addition to MAP estimates, a sampling-based 

algorithm for solving Bayesian CDL explained here. This 

algorithm is a Bayesian and generalized version of the 

well-known backpropagation algorithm. We list the key 

conditional densities as follows: 

 For 𝑊ା: We denote the connection 𝑊(௟,∗௡) 

and 𝑏௟
(௡) as 𝑊(௟,∗௡)

ା . Similarly, 𝑋(௟,௝∗)
ା  denotes 

the connection 𝑋(௟,௝∗) and 1. Ignoring the 

subscripts I: 

 For 𝑋(௟,௝∗) where 𝑙 ≠ 𝐿 ∕ 2: Similarly, we 

denote the connection 𝑊௟ and 𝑏௟  as 𝑊௟
ା: 

 

Note that for the last layer 𝑙 = 𝐿, the second Gaussian 

distribution is replaced with 𝒩(𝑋(௖,௝∗)|𝑋(௟,௝∗), 𝜆௦
ିଵ𝐼). 

 For 𝑋(௟,௝∗) where 𝑙 = 𝐿 ∕ 2: 

2.4. Variable ADAM Method 

Recent deep learning methods have achieved significant 

successes in areas where prediction accuracy is critical, 

such as computer vision and speech recognition [23]. 

However, for these methods to be useful across various 

domains, they must be aware of the uncertainty in their 

predictions. One of the goals of Bayesian inference is to 

provide uncertainty estimates using the posterior 

distribution obtained via Bayes' theorem. Unfortunately, 

using this theorem in large models, such as Bayesian neural 

networks, is impractical. In this section, we use natural 

gradient methods to address the problem of Bayesian neural 

networks with a natural movement approach, combined 

with a series of approximations. The main modification 

involves perturbing the network weights during gradient 

computation. Uncertainty estimates can be easily obtained 

using vectors that adapt the learning rate. This method 

requires less memory, computation, and implementation 

effort compared to existing methods while yielding 

uncertainty estimates of comparable quality. 

Here, we propose a natural movement method that 

provides updates similar to Adam. The typical natural 

gradient methods are as follows, utilizing the Polyak heavy 

ball method: 

 

𝜃௧ାଵ = 𝜃௧ + 𝛼ത௧∇ఏ𝑓ଵ(𝜃௧) + 𝛾̅௧(𝜃௧ − 𝜃௧ିଵ)       (16) 

 

where 𝑓ଵ is the function we want to maximize, and the 

last term represents the movement term. A natural gradient 

version of this algorithm has been proposed in [24], which 

uses the natural gradient instead of the gradient. Assuming 

𝑞 is an exponential-family distribution with natural 

parameter 𝜂, the natural movement method in the natural 

parameter space is given by: 

 

𝜂௧ାଵ = 𝜂௧ + 𝛼ത௧∇௡෤𝐿௧ + 𝛾̅௧(𝜂௧ − 𝜂௧ିଵ)       (17) 

 

where ∇௡෤  represents the natural gradient in the natural 

parameter space. In [25], it is shown that for 𝑞(𝜃) being 

Gaussian, the above update can be expressed as a VON 

update with momentum: 

 

𝜇௧ାଵ = 𝜇௧ − 𝛼ത௧ ቈ
1

𝑠௧ାଵ + 𝜆ሚ
቉ ∘ ൫∇ఏ𝑓(𝜃௧) + 𝜆ሚ𝜇௧൯ 

+𝛾̅௧ ቈ
𝑠௧ + 𝜆ሚ

𝑠௧ାଵ + 𝜆ሚ
቉ ∘ (𝜇௧ − 𝜇௧ିଵ)           (18) 

𝑠௧ାଵ = (1 − 𝛼ത௧)௦೟
+ 𝛼ത௧∇ఏ𝜃ଶ𝑓(𝜃௧)      (19) 

 

where 𝜃௧~𝒩(𝜃|𝜇௧ , 𝜎௧
ଶ) with 𝜎௧

ଶ =
ଵ

ே(௦೟ାఒ෩)
. This is a 

similar update to equation (3-20), but here the learning 

rates are adaptive. Notably, this update is very similar to 

Adam. Specifically, Adam's update can be expressed as an 

adaptable version of equation (3-20) as follows: 
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𝜃௧ାଵ = 𝜃௧ − 𝛼ത௧ ቈ
1

ඥ𝑠̂௧ାଵ + 𝛿
቉ ∘ ∇ఏ𝑓(𝜃௧) 

+𝛾෤௧ ቈ
ඥ𝑠̂௧ + 𝛿

ඥ𝑠̂௧ାଵ + 𝛿
቉ ∘ (𝜃௧ − 𝜃௧ିଵ)           (20) 

 

𝑠̂௧ାଵ = 𝛾ଶ𝑠̂௧ାଵ + (1 − 𝛾ଶ)[𝑔ො(𝜃௧)]ଶ          (21)       

 

where 𝛼෤௧ and 𝛾෤௧  are defined in terms of Adam's learning 

𝛼 and the following relationships: 

 

𝛾෤௧ ≜ 𝛾ଵ
(ଵିఊభ

೟షభ)

(ଵିఊభ
೟)

                                          (22) 

 

𝛼෤௧ ≜ 𝛼
(ଵିఊభ)

(ଵିఊభ
೟)

                                              (23) 

 

Using a method similar to the Vprop derivative, we can 

express the update as an Adam-like update, which we call 

Variable Adam or simply Vadam. The pseudocode for the 

Vadam algorithm is shown in Algorithm 1. 

Algorithm 1 Pseudocode for the Vadam Algorithm 

Repeat 

𝜃 ⟵ 𝜇 + 𝜎 ∘ 𝜖 where 𝜖~𝒩(0,1) and 𝜎 ←
ଵ

ඥேೞାఒ
 

Randomly sample data for example 𝐷௜  

𝑔 ⟵ −∇ log 𝑝(𝐷௜|𝜃)  

𝑚 ⟵ 𝛾ଵ𝑚 + (1 − 𝛾ଵ)(𝑔 +
ఒഋ

ே
)  

𝑠 ⟵ 𝛾ଶ𝑠 + (1 − 𝛾ଶ)(𝑔 ∘ 𝑔)  

𝑚ෝ ⟵
௠

ଵିఊభ
೟ and 𝑠̂ ⟵

௦

ଵିఊమ
೟ 

𝜇 ⟵ 𝜇 −
ఈ௠ෝ

√௦̂ା
ഊ

ಿ

  

𝑡 ⟵ 𝑡 + 1  

Until Convergence 

3. Problem Formulation 

In this section, we model the problem presented in (2) as 

a binary classification problem with two classes: signal and 

noise, and we solve it using deep learning (DL). During the 

training phase, we use a variety of signal types and noisy 

data to train the network as much as possible, with the 

expectation that the trained network model can adapt to 

different unknown signals. The input in this method is the 

received signal power, and this approach is essentially 

robust for scenarios with uncertainty in noise power. 

Additionally, most traditional spectrum sensing methods 

assume that channel noise is additive white Gaussian noise 

(AWGN), which does not necessarily align with real-world 

conditions. Since DL can automatically learn noise 

characteristics based on input data, our proposed method is 

expected to detect non-Gaussian noise effectively. We will 

then evaluate the performance of our proposed method. 

Here, we approach solving the binary classification 

problem using maximum likelihood estimation (MLE). 

Given that we do not have access to the channel and noise, 

or in other words, these parameters are ambiguous to us, we 

use a Bayesian framework. The Bayesian framework helps 

us to view the problem as an unknown function. On the 

other hand, there are situations where the noise is not 

Gaussian or where the number of network users is high, 

complicating the problem. The proposed solution to this 

challenge is the use of a NN. Employing a convolutional 

neural network (CNN) at this stage helps us solve the 

problem quickly; to increase the accuracy and precision of 

the solution, the number of hidden layers and neurons can 

be increased. 

To solve the MLE problem and obtain the distribution of 

the unknown parameters (mean and variance of the 

unknown parameter), we use the Adam method. However, 

the results indicate that this method performs poorly. To 

obtain a more accurate solution, we introduce changes to 

the mean and variance in this method; in other words, we 

add a degree of uncertainty to the parameter. These changes 

cause the algorithm to be less confident in its initial results 

and to search for the best solution in surrounding areas as 

well. In fact, the algorithm defines a region for decision-

making; depending on the type of problem, this region is 

identified very quickly or through various iterations. Given 

that the problem under consideration here is a binary 

classification problem, the solution is found quickly using 

the Vadam method. 

Once the unknown parameter is obtained, it is multiplied 

by the received signal from the antenna, 𝑦ො(𝑛) (as per (2)), 

resulting in the signal 𝑧̂(𝑛). To detect the presence or 

absence of the PU, the signal 𝑧̂(𝑛) is compared with a 

decision threshold. If the signal value is greater than the 

decision threshold, it indicates the presence of the PU; 

otherwise, it indicates the absence of the PU. The decision 

threshold is determined based on the probability of false 

alarm (𝑃௙௔).  

4. Performance Evaluation 

In this section, simulation results are presented to 

evaluate the performance of the proposed Bayesian deep 

learning (BDL)–based spectrum sensing framework. The 

impact of channel conditions and the number of receiving 

antennas on detection performance is investigated. The 
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proposed method is compared with several benchmark 

approaches, including CNNs, LSTM networks, and SBL. 

4.1. Simulation Setup 

A cognitive radio network is considered with two 

primary users (PUs) and four secondary users (SUs) 

randomly distributed across three clusters. Each user is 

equipped with four receiving antennas and performs 

cooperative spectrum sensing. To rigorously assess 

detection robustness, simulations are conducted under both 

AWGN and Rayleigh fading channels. 

The dataset used for training, validation, and testing is 

synthetically generated to accurately reflect realistic 

mmWave massive MIMO spectrum sensing scenarios. All 

simulations are conducted using MATLAB. For each 

realization, the received signal samples are generated under 

two hypotheses, namely 𝐻଴ (absence of the primary user) 

and 𝐻ଵ (presence of the primary user), considering both 

AWGN and Rayleigh fading channels. The noise is 

modeled as CSCG with unknown and potentially time-

varying covariance to reflect practical uncertainty in noise 

statistics. 

The input to the deep learning models consists of 

received signal power vectors with fixed sample lengths 

(128 and 256 samples), collected from multiple antennas in 

a cooperative sensing setting. Corresponding binary labels 

are assigned to indicate spectrum occupancy. The dataset 

includes multiple modulation schemes, including BPSK, 

QPSK, and 64-QAM, and spans a wide range of low signal-

to-noise ratios (SNRs) from −30 dB to 10 dB. In total, 

20,000 samples are used for training, 8,000 samples for 

validation, and an independent test set is generated for 

performance evaluation. 
Since power-based spectrum sensing performance 

degrades significantly at low signal-to-noise ratios (SNRs), 

simulations are carried out over a low SNR range to 

highlight the effectiveness of different methods in 

challenging conditions. The main simulation parameters are 

summarized in Table 1 , which is consistently used across 

all experiments. 
All deep learning models were trained using standard 

training procedures with early stopping to prevent 

overfitting. Default activation functions and regularization 

strategies commonly adopted in the literature were 

employed to ensure fair comparison across models . 

Table 1. Simulation Parameters [27] 

Parameter Value 

Number of filters in each Conv 
layer 

60 

Filter Size 16 

Number of cells in each LSTM 
layer 

128 

Number of neurons in each FC 
layer 

128 

Optimizer Adam 

Initial learning rate 0.001 

Modulation scheme BPSK, QAM, 64 QAM 

Number of samples per symbol 8 

Sample length 256, 128 

SNR range −30 ~ 0 dB in 1-dB increments 

Number of training samples 20000 

Number of validation samples 8000 

4.2. Performance Under AWGN Channel  

Figure 2 illustrates the detection accuracy of different 

spectrum sensing methods for 128-sample QAM signals in 

an AWGN channel. As shown, both the proposed BDL 

approach and the CNN-based method outperform LSTM 

and SBL across the entire SNR range. 

At low SNR values, the performance gap becomes more 

pronounced. For example, at −10 dB SNR, the proposed 

BDL method achieves a detection accuracy of 

approximately 92%, compared to 89% for CNN, while 

LSTM and SBL exhibit significantly lower accuracy. This 

improvement can be attributed to the Bayesian modeling of 

noise uncertainty, which enhances robustness in low-SNR 

environments. 

 

Figure 2. Detection performance of different DL models in the 

AWGN channel 
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4.3. Performance Under Rayleigh Fading Channel 

To evaluate robustness against channel fading, detection 

performance under Rayleigh fading is presented in Figure 

3. Compared with the AWGN scenario, all methods 

experience performance degradation due to multipath 

fading. However, the proposed BDL method maintains a 

clear advantage over competing approaches. 

At an SNR of −10 dB, the proposed method achieves 

approximately 89% detection accuracy, whereas the best-

performing benchmark (CNN) reaches only about 81%. 

This result demonstrates that the proposed method 

effectively captures the statistical relationships among 

received samples rather than relying solely on raw signal 

characteristics, making it particularly robust in fading 

environments. 

 

Figure 3. Detection performance of different DL models in the 

Rayleigh fading channel 

4.4. Impact of the Number of Receiving Antennas 

The effect of the number of receiving antennas on 

detection performance is investigated in Figure 4.  As 

expected, increasing the number of antennas improves 

detection accuracy for all considered methods due to the 

resulting SNR gain and spatial diversity. 

The proposed BDL approach consistently outperforms 

other algorithms for all antenna configurations. However, 

the results also indicate that beyond a certain number of 

antennas, performance improvements begin to saturate. 

This behavior can be attributed to mutual coupling effects 

among closely spaced antennas, which limit further gains in 

effective SNR. 

 

 

Figure 4. Detection performance of different DL models based on 

the number of receiving antennas 

5. Conclusion  

In this paper, a cooperative spectrum sensing framework 

for cognitive radio networks operating in mmWave 

massive MIMO environments was investigated. 

Considering the inherent uncertainty in noise and channel 

parameters in practical wireless systems, a Bayesian deep 

learning–based approach was proposed to jointly model 

noise characteristics and perform reliable spectrum sensing. 

Simulation results under both AWGN and Rayleigh fading 

channels demonstrate that the proposed method 

significantly outperforms conventional CNN-, LSTM-, and 

SBL-based approaches, particularly in low-SNR regimes. 

The superiority of the proposed framework is primarily 

attributed to its ability to explicitly model noise uncertainty 

and exploit hierarchical Bayesian inference combined with 

deep feature learning. Additionally, the analysis of antenna 

scaling confirms that the proposed approach effectively 

leverages spatial diversity while remaining robust to 

practical limitations such as antenna coupling. 

Overall, the results validate the effectiveness and 

robustness of the proposed Bayesian deep learning 

framework for spectrum sensing in challenging mmWave 

massive MIMO scenarios. Future work will extend this 

framework to jointly address spectrum sensing and energy 

efficiency optimization, enabling more intelligent and 

sustainable cognitive radio network designs. 
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