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Abstract: At present, the traditional channel estimation algorithms have the disadvantages of over-reliance on initial conditions and high complexity. The bacterial foraging optimization (BFO)-based algorithm has been applied in wireless communication and signal processing because of its simple operation and strong self-organization ability. But the BFO-based algorithm is easy to fall into local optimum. Therefore, this paper proposes the quantum bacterial foraging optimization (QBFO)-binary orthogonal matching pursuit (BOMP) channel estimation algorithm to the problem of local optimization. Firstly, the binary matrix is constructed according to whether atoms are selected or not. And the support set of the sparse signal is recovered according to the BOMP-based algorithm. Then, the QBFO-based algorithm is used to obtain the estimated channel matrix. The optimization function of the least squares method is taken as the fitness function. Based on the communication between the quantum bacteria and the fitness function value, chemotaxis, reproduction and dispersion operations are carried out to update the bacteria position. Simulation results show that compared with other algorithms, the estimation mechanism based on QBFO-BOMP algorithm can effectively improve the channel estimation performance of millimeter wave (mmWave) massive multiple input multiple output (MIMO) systems. Meanwhile, the analysis of the time ratio shows that the quantization of the bacteria does not significantly increase the complexity.
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1  Introduction

The main expectation of the next generation wireless communication system is to obtain higher data rates and better user service quality, so as to meet the needs of national economic and social development. The communication system has gradually expanded to more and more application scenarios, such as intelligent transportation, cloud computing, medical treatment, automatic driving and other new fields. Therefore, data transmission with low latency, high throughput and high rate has become the requirement of communication development. In mmWave massive MIMO systems, the acquisition of channel state information is of great significance to the reliability of communication. Among them, the optimization and research of channel estimation for mmWave massive MIMO systems is a popular direction of research in the evolution of communication systems [1–3]. In 1997, Towsend et al. had completed the first multi-user quantum communication network experiment. In this experiment, the quantum communication terminal was used as the network controller, and multi-user key distribution was achieved through an optical splitter [4]. Since then, quantum communication has gradually entered the field of wireless transmission and successfully its unique superiority. Standardization is an important step to transform quantum communication from practicality to industrialization. However, the quantum communication involves various new technologies at present [5–10]. And there are too many unknown factors from theory to practical application, which brings many difficulties to the standardization of quantum communication [11–24].

In mmWave massive MIMO systems, due to the sparsity of mmWave, the combination of channel estimation and compressed sensing (CS) technology is a research hotspot [15–19]. The orthogonal matching pursuit (OMP) algorithms perform successfully in solving the problem of mmWave channel estimation based on CS. In [20], the channel estimation scheme based on simultaneous orthogonal match tracking (SOMP) was proposed. Firstly, the channel estimation problem in broadband beam space was considered as the multiple measurement vector (MMV) problem, and then the SOMP-based algorithm was used to estimate the channel. Lee et al. [21] used the OMP-based algorithm for preliminary estimation. Then, the refinement process based on the Newton method was added to improve the signal recovery accuracy. Wang et al. [22] proposed the OMP-LMM-based channel estimation algorithm. The basic idea of [22] was that the residual likelihood function of each path parameter was used for channel estimation. In [23], the multi-grid OMP based algorithm was proposed. This algorithm determined firstly the approximate regions of angle of departure (AoD) and angle of arrival (AoA) through the coarse grids and then refined the mesh, which greatly improved the estimation accuracy. Jing et al. [24] proposed the OMP-based algorithm for fine quantization of angular meshes. Under the hybrid beamforming structure, Tropp et al. [25] solved the problem of sparse restoration of parametric channel model based on AoD/AoA quantization through the OMP-based algorithm according to the sparsity of mmWave. The key point of [25] was that the redundant dictionary composed of array response vectors with fine quantization angle grid was generated. Weiland et al. [26] used the OMP-based algorithm to solve the design problem of analog digital mixed precoding, achieving better performance of mixed precoding. In [27], the differential channel feedback scheme based on OMP was proposed based on the time correlation of time-varying channels, which effectively reduced the feedback overhead. In [28], the rapid OMP-based algorithm was proposed to estimate samples by running atomic cycles. And the running time was several orders of magnitude faster in the actual scene. But Chatterjee et al. [28] did not give the situation in terms of estimation accuracy.

Traditional channel estimation algorithms are easy to fall into the local optimization and depend on initial conditions. However, the quantum optimization algorithms have the advantages of independent of initial conditions, independent of the solution space, and well-stabilized. In the quantum optimization algorithms, there are interaction between personals and between personal and environment, and thus it has good self-organization ability [29,30].

Dasgupta et al. [31] proposed the BFO-based algorithm. The basic idea of the BFO-based algorithm was that the position of the bacteria was expressed as the potential solution of the problem. The convergence of the entire bacterial population to the optimal solution was realized through the bacterial chemotaxis, reproduction, and dispersion operations. But the mathematical theory of the BFO-based algorithm was weak and it was easy to fall into local optimum. The QBFO-based algorithm was proposed in [32]. The bacterial population was represented by quantum bits with linear superposition, so that the quantum bacterial population can better represent diversity and parallelism. And Li et al. [32] used multiple benchmark functions to test the practicability of the QBFO-based algorithm. Simulation results showed that the QBFO-based algorithm was superior in terms of convergence speed and global search ability. For 3D MIMO downlink wireless communication system, the optimization scheme based on QBFO was proposed in [33]. The cell edge users were transmitted by introducing joint transmission technology. The total spectral efficiency of the cell was taken as the objective function. The beam down tilt angle and power sent to the cell center users and the cell edge users were optimized, and the QBFO-based algorithm was introduced to solve the non-convex optimization problem. Finally, the higher spectral efficiency was achieved for cell-edge users. In [34], the QBFO-based algorithm was applied to the non-orthogonal multi-access systems of cellular massive MIMO to solve the access point (AP) selection problem. Li et al. [34] turned the connection between AP and users into the form of quantum bits. By optimizing and updating the quantum bacterial population, the optimal solution of AP selection for all users was obtained. Meanwhile, the impace of the AP number, the number of user, the incomplete continuous interference cancellation and the number of AP antennas were analyzed for different AP selection schemes. It was proved that the proposed scheme effectively improved the downlink average rate of users and reduced the backhand overhead. In [35], the QBFO-based algorithm was used to study the channel estimation of 3D MIMO systems. Xue et al. [35] proposed the combinatorial estimation optimization criterion, which was used as the fitness function.

Inspired by the above works, the QBFO-BOMP-based algorithm is proposed for mmWave massive MIMO in this paper. When the measured value of signal is corrupted by noisy, the support set of the sparse signal can be recovered via the BOMP-based algorithm. The binary matrix is constructed depending on whether the atom is selected, and then the received signal is projected onto the linear subspace of the selected column to update the residual. In particular, the QBFO-based algorithm is used to obtain the channel matrix to be estimated. The optimization function of the least squares method is used as the fitness function. The bacterial population is measured to collapse into a classical state. The bacterial location is then updated by chemotaxis, reproduction, and dispersal operations. Finally, the optimal solution is obtained.

The remainder of this paper is summarized as follows. Section 2 is the signal model. The proposed QBFO-BOMP-based algorithm is specifically described in Section 3. Section 4 gives simulation figures to illustrate the estimation performance of the proposed algorithm. Section 5 is the conclusion.

2  System Model

MmWave massive MIMO systems is considered. The numbers of transmitter and receiver are Nt and Nr, respectively. The received signal is:

Y=UHHPs+n,(1)

where Y∈CNrRF×1 is the received signal, the hybrid precoding matrix and the hybrid combination matrixis are P∈CNt×NtRF and U∈CNr×NrRF, respectively. s is the pilot signal at transmitter, n is the additive Gaussian white noise (n∼𝒞𝒩(0,σ2I)). σ2 is the noise power.

H∈CNr×Nt is the channel matrix and is written as:

H=NtNrL∑l=1Lβlb(θr,l)bH(θt,l),(2)

where L is the number of scattering paths and satisfies L≪min(Nr,Nt). The gain of the l-th path is βl. b(θr,l) and b(θt,l) are the steering vectors at the transmitter and the receiver, respectively.

For the uniform linear arrays (ULA) adopted in this paper, b(θr,l) and b(θt,l) can be expressed as:

b(θr)=1Nr[1,ej2πdsin⁡θr/λ,…,ej2π(Nt−1)dsin⁡θr/λ]T,(3)

b(θt)=1Nt[1,ej2πdsin⁡θt/λ,…,ej2π(Nr−1)dsin⁡θt/λ]T,(4)

where λ is the wavelength. The distance between the array elements is specified as equal to the half-wavelength of the signal, that is, d=λ2.

Therefore, H can also be denoted as:

H=B(θr)βBH(θt),(5)

where β=NtNrLdiag[β1,…,βL], θr=[θr,1,…,θr,L]T, θt=[θt,1,…,θt,L]T, B(θr)=[b(θr,1),…,b(θr,L)]∈CNr×L, B(θt)=[b(θt,1),…,b(θt,L)]∈CNt×L.

Assuming that the channel remains stationary for the duration of the transmission unit training symbol, where a pilot transmitted signal is written as x=Ps. The transmitter sends N different pilot sequences. By collecting M received pilot signals, the p-th received signal can be expressed as [23]:

yp=UHHxp+np,(6)

where yp=[yp,1T,yp,2T…,yp,MT]T. So the received pilot signal can be simplified as:

Y=UHHX+N,(7)

where Y∈CN×M.

3  Description of the Proposed QMDOMP Based Algorithm

In this paper, a QBFO-BOMP-based algorithm is proposed for the channel eatimation.

3.1 Description of BOMP Based Algorithm

3.1.1 Sensing Matrix

Firstly, Y is vectorized:

Y^=vec(Y),(8)

where Y^∈CMN×1.

The grid, which quantizes the angular parameters, is defined as follows:

Γ={ϕv:ϕv∈[−π2,π2],v=1,…,V},(9)

where ϕ1=−π2, ϕV=π2. {ϕv} is selected from the definition of the steering vectors and related by {sin(ϕv)}, which satisfies:

sin(ϕv)=2V(v−1)−1,v=1,…,V(10)

where V≥max{Nr,Nt}. Eq. (10) is limited to [−π2,π2].

The corresponding rows of the array response matrix are orthogonal and can be represented as follows:

B~r=[br(ϕ1),…,br(ϕV)]B~t=[bt(ϕ1),…,bt(ϕV)].(11)

Thus, Eq. (5) can also be rewritten as:

H=B~rH~B~tH+C,(12)

where B~rH~B~tH is the quantizated-channel. H~∈CV×V is an L-sparse matrix. C is the quantizated error matrix. The sensing matrix can be represented as:

S~=(B~tTX)T⊗(UHB~r),(13)

where S~∈CMN×NrNt.

3.1.2 Selection Atom

The key point of the selection atom step is to find the atom that is highly correlated with the received signal. Although Λ=|S~HY| is a matrix operation, the maximum value needs to be chosen in the different ways to avoid the loop of the signal. For each atom with k cycles, the BOMP determines whether it has all samples with the maximum value.

The signal of the k-th atom with the highest residual does not have positive value in ∑(S~HY−(S~HY)k). Ik,Y reverts the binary Boolean value of the k-th atom and Y. Ik,Y can be denoted as [28]:

Ik,Y={1selected atom0not selected atom.(14)

3.1.3 Update Residual

In this paper, the residual error is updated in the following ways:

κ(t)=Y^−S~(t)h^k(t),s.t. ‖κ(t)‖2<υ,(15)

where υ is the error threshold. The value of υ needs to be set appropriately. If the value of υ is too large, the estimation accuracy is affected. When the value of υ is too small, the convergence speed of the algorithm is reduced. Therefore, it is necessary to choose an appropriate value of υ.

The specific processes of the BOMP-based algorithm are summarized in Algorithm 1. Noting, the QBFO-based algorithm is used to obtain the estimated channel matrix in Algorithm 1. The corresponding specific steps are described in Section 3.2.
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3.2 Description of QBFO Based Algorithm

3.2.1 Fitness Function

In this section, QBFO is applied to mmWave massive MIMO, and the fitness corresponding function is:

h^(t)=arg min‖Y^−S~(t)h^‖2f(h^)=exp(−μ|Ω(h^)|).(16)

Firstly, the quantum state bacteria is expressed as the possible value of the channel matrix by using binary coding. Each quantum state is then measured and collapsed to the binary of classical state. Finally, it is decoded into the decimal system, such that each bacterium represents the value of the channel matrix. In addition, the number of bacterial population K represents the corresponding value of the channel matrix in the first generation search for the optimal solution.

Therefore, the corresponding value of the channel matrix in K is substituted into the fitness function to obtain the fitness function value. Then, the chemotaxis, reproduction and dispersion operations are carried out according to the magnitude of K fitness function values and the relative positional relationship between the bacteria. Finally, the optimal fitness function value is obtained through multiple iterations. In other words, the channel matrix obtained by quantum bacteria decoding is the channel matrix obtained by using the QBFO-based algorithm to solve mmWave massive MIMO channel estimation.

3.2.2 Quantum Chemotactic Operation

In quantum theory, the quantum state can collapse by measurement. Specifically, the initial quantum state collapses to the state given by the measurement. The n-bit quantum bit is actually the superposition of 2n basic states, which is given by:

|η⟩=∑z∈{0,1}ncz|z⟩,(17)

where |η⟩ is the quantum state, and |z⟩ is a group of the orthogonal bases of the vector space, called the ground state of quantum state. |cz|2 indicates the corresponding probability amplitude, which satisfies the normalization condition ∑z∈{0,1}n|cz|2=1. Therefore, the quantum states have more randomness and the parallel operation.

In the QBFO-based algorithm, the position information of the bacteria is converted into multiple qubits via quantum states. So every bacteria is in a superposition state. However, the quantum state of each bacteria is determined by the probability amplitude. According to (17), the bacteria of n-bit quantum bit can be written as:

ci=[μ1ν1|μ2ν2|……|μzνz].(18)

The bacterial population composed of K bacteria is prepared as R(t), R(t)={c1t,…,cit,…,cKt}. R(t) collapses to the classical state W(t) after measurement. The measured bacterial population is represented as follows:

W(t)={w1t,…,wit,…,wKt},(19)

where wit is the representation of the classical state, which is obtained by collapsing cit through measurement.

The chemotactic operation refers to the optimization process of the entire bacterial population. The quantum rotating gate is used to update the quantum state of the bacteria in this paper. Fig. 1 is the schematic diagram of the quantum rotating gate. The purpose of the quantum rotating gate is to adjust the state of the qubit, so that it can rotate in the direction of the better value of the fitness function. (μi,νi)T becomes (μ¯i,ν¯i)T through the quantum rotating gate. For any qubit, the update mode of the bacteria state by the quantum rotating gate is [36]:

[image: images]

Figure 1: Schematic diagram of quantum rotating gate

(μ¯iν¯i)=(cosθirota−sinθirotasinθirotacosθirota)(μiνi),(20)

θirota=d(μi,νi)Δθirota,(21)

where θirota is the rotation angle of the i-th quantum bit. Δθirota denotes the rotation angle of the i-th qubit of the current bacteria. This paper realizes the adjustment of θirota through adaptive rotation operation.

d(μi,νi) expresses the direction of the rotation angle, and its specific expression is [37–39]:

d(μi,νi)=−sig(Ai).(22)

Ai=|μ0μiν0νi|.(23)

The direction of rotation can be positive or negative when Ai=0. The phase rotation direction is −sig(Ai) when Ai≠0. (μi,νi)T represents the probability amplitude of the i-th quantum bit of the current bacteria. (μ0,ν0)T denotes the probability amplitude corresponding to the historical best personal. Δθirota determines the step size of the quantum state adjustment and the speed of the algorithm convergence. The value of Δθirota is not fixed and the update method is [39,40]:

Δθirota=|θ0rota−θirotaπ/2−(−π/2)|(θmax−θmin)+θmin,(24)

where θmax is the upper bound of the rotation angle, and θmin is the lower bound.

3.2.3 Reproduction Operation

This paper uses the fitness function f of (16) as the standard of reproduction operation. It is randomly selected e bacteria from K bacteria, and the bacteria personal with the highest fitness function value is retained. K personals can be obtained by repeating K times. In order to keep the population size unchanged, e satisfies e=K/2. This reproduction operation has no requirements for the positive and negative values of personal fitness function. In addition, there is a high probability that the best personal can be selected. The specific operations are as follows:

(1)   It is determined that the number of bacteria entering the new population is one.

(2)   K bacteria are randomly selected from the bacterial population, and the personal with the largest fitness value is selected to enter the next generation population.

(3)   A new population is get by repeating K times.

3.2.4 Dispersion Operation

After the reproduction operation is completed, it enters the dispersion stage. At this stage, each bacteria corresponds to a random number. Given a dispersion probability gdis, if the random number of the bacteria is smaller than gdis, it is immediately cleaned. Furthermore, the corresponding alternatives appear randomly in the search space. This operation avoids the situation that the algorithm falls into local optimum.

The value of gdis affects the optimization results. When gdis is too large, most of the bacteria are dispersed, which makes the earlier chemotaxis and reproduction operations ineffective. When gdis is too small, the dispersion operation is meaningless, making the fitness function easily trapped in the local optimal solution.

Fig. 2 shows the final convergence under different dispersal probabilities. The value range of gdis is [0.1 0.6]. It can be seen from Fig. 2 that too large or too small gdis lead to a decrease in the success rate of convergence. Thus, according to the experimental results, gdis is taken as 0.3 in this paper.
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Figure 2: Convergence success rate vs. gdis
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The flow chart and steps of the QBFO-based algorithm are shown in Fig. 3 and Algorithm 2, respectively. Fig. 3 shows the important structure of the proposed QBFO-based channel estimation algorithm. Firstly, the population parameters are initialized, namely R(t) and R(t0). Then, R(t) is measured and collapsed to generate W(t). The fitness function value is calculated to record and track the information of the current optimal fitness value and the best personal. Finally, quantum chemotaxis, reproduction and dispersion operations are used to output the optimal personal and the optimal fitness value of the bacterial.
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Figure 3: Flow chart of the QBFO-based algorithm

The proposed QBFO-based algorithm does not have the process of derivation and inversion. Instead, the possible values of the channel matrix are directly given in terms of the actual situation. That is to get the minimum value of the fitness function. Therefore, the proposed QBFO-based algorithm is simple to operate and does not depend on the solution range space of the function.

Noting, the expression of the initial state of each quantum bacteria is [41–43]:

R(t0)=[1212|1212|1212……|1212].(25)

It can be shown from (25) that the quantum state of each bacterium in the initial state is the superposition of |1⟩ and |0⟩ with equal probability. As a result, quantum bacteria can represent more possible states during the renewal process.

4  Simulation Results

This paper selects the traditional OMP-based algorithm [21], the orthogonal matching pursuit levenberg marquardt method (OMP-LMM)-based algorithm [26], the binary orthogonal matching pursuit (BOMP)-based algorithm [28], and the bacterial foraging optimization (BFO)-based algorithm [40] as the comparison algorithms. Among them, the BFO-based algorithm is the basic algorithm, which is modified as the basis to obtain the proposed QBFO-BOMP algorithm.

4.1 Simulation Parameters

The parameters are set to: L=3, Nr=Nt=32, V=180, K=40, Kc=60, Kre=8, Ked=3, gdis=0.3, θmax=0.05π, θmin=0.3π, d=0.5, SNR={0,5,10,15,20,25} dB.

4.2 Simulation Results and Analysis

Fig. 4 shows the change curve of the fitness function value of the QBFO-based algorithm and the BFO-based algorithm with the number of iterations. It can be seen from Fig. 4 that the convergence rate of the BFO-based algorithm is faster than that of the QBFO-based algorithm at the beginning of the iteration. But in the later period of iteration, the convergence rate and accuracy of the QBFO-based algorithm is better than the BFO-based algorithm. The main reason is that the BFO-based algorithm is easy to fall into the local extreme value at the later iterations, which affects the convergence accuracy. After 50 iterations, the QBFO-based algorithm gradually reaches the optimal value, which indicates that the QBFO algorithm has strong global search ability.
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Figure 4: Fitness function value vs. number of iterations

Fig. 5 shows the normalized mean square error (NMSE) performance of different algorithms under different signal-to-noise ratios (SNRs). The estimation accuracy of the proposed QBFO-BOMP-based algorithm is higher than that of other comparison algorithms. The main reason is that the bacteria represented by multiple qubits in the proposed QBFO-BOMP-based algorithm are in the superposition state, which can significantly increase the search space of the algorithm. The worst simulation result is the traditional OMP-based algorithm, which indicates that it does not effectively estimate the channel matrix.
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Figure 5: NMSE vs. SNRs

Fig. 6 is the achievable spectral efficiency (ASE) of different algorithms under different SNRs. The proposed algorithm is superior to other comparison algorithms in ASE. The main reason is that the proposed QBFO-BOMP-based algorithm is simple to operate and does not depend on the solution range space of the function, which is different from the traditional channel estimation algorithm. The introduction of quantum basis has certain superiority. In addition, the ASE of the proposed algorithm is closer to the perfect CSI.
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Figure 6: ASE vs. SNRs

Fig. 7 compares the time ratio of the proposed QBFO-BOMP-based algorithm, the BFO-based algorithm, the BOMP-based algorithm and the traditional OMP-based algorithm. It can be observed from Fig. 7 that the time ratio between the proposed QBFO-BOMP-based algorithm and the traditional OMP-based algorithm is about 0.6. The proposed QBFO-BOMP-based algorithm obtains information through the chemotaxis, reproduction and dispersion operations of quantum bacteria, which saves the steps of channel matrix in traditional channel estimation algorithm. The time ratio between the BFO-based algorithm and the traditional OMP-based algorithm is about 0.9. It can be concluded that the complexity of the proposed QBFO-BOMP-based algorithm is similar to that of the BFO-based algorithm. Quantization of the bacteria does not significantly increase the complexity of the algorithm.
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Figure 7: Time rate vs. SNRs

5  Conclusions

This paper focuses on the channel estimation of mmWave massive MIMO systems and proposes the QBFO-BOMP-based algorithm. The quantum transmission technique is introduced to estimate the channel matrix. The proposed QBFO-BOMP-based algorithm mainly consists of two main components. The first part is the BOMP-based algorithm. Firstly, the BOMP-based algorithm is used to recover the support set of the sparse signal. The binary matrix is constructed according to whether the atom is chosen, and then the residual is updated by projecting the received signal onto the linear subspace of the selected column. The second part is to use the QBFO-based algorithm to get the estimated channel matrix. According to the communication between quantum bacteria and the fitness function value, chemotaxis, reproduction and dispersion operations are carried out to update the bacterial position. Simulation analysis shows that the proposed QBFO-BOMP-based algorithm has better estimation performance than other algorithms.
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Algorithm 1: The BOMP-based algorithm.

Input: Y, the sensing matrix S, error threshold v, the residual «® = ¥, I, = 0, 2 = ¢;
Output: H = A4,vec™ (ila) ;lj{;
Update the binary matrix I, by (14);
Get the unique columns () according to the unique (1,);
Calculate the inner-product of S and £©;
Select the atom 7, = argmax |<lc<"“, S‘,->
ﬂ(t) — Q(t—l) U {]},
~ (=1

Uptade S‘(t) =S Unp;

Estimate il,(:) via the QBFO-based algorithm;
Update the residual by (15);
End when [« < v.
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Algorithm 2: The proposed QBFO-based channel estimation algorithm.
Input: Number of bacterial population K, K,, K,., K,,, probability of dispersion g,,. Bacterial
population R (), R (2,);

Update R (¢) by using quantum rotary gates;

Measure R (1), and collapse to generate W (7);

Evaluate W (¢) and update the current optimal fitness value;

Selecte e bacteria from randomly, and the personal with the highest fitness value is selected to

enter the next generation population;

Repeat K times to get a new population;

6: Each bacterial randomly generates a random number with g, as the standard. If it is less than g,
this bacteria shall be subject to the dispersion operation;

7: Regenerate new bacteria at the position of the dispersed bacteria;

8:  When the maximum number of iterations is reached, the optimal value of the fitness function and
the corresponding position information are output.
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