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Abstract: In this article, we propose a multi-label convolution neural network (MLCNN)-aided
transmit antenna selection (AS) scheme for end-to-end multiple-input multiple-output (MIMO)
Internet of Things (IoT) communication systems in correlated channel conditions. In contrast to
the conventional single-label multi-class classification ML schemes, we opt for using the concept
of multi-label in the proposed MLCNN-aided transmit AS MIMO IoT system, which may greatly
reduce the length of training labels in the case of multi-antenna selection. Additionally, applying
multi-label concept may significantly improve the prediction accuracy of the trained MLCNN model
under correlated large-scale MIMO channel conditions with less training data. The corresponding
simulation results verified that the proposed MLCNN-aided AS scheme may be capable of achieving
near-optimal capacity performance in real time, and the performance is relatively insensitive to the
effects of imperfect CSI.

Keywords: MIMO; antenna selection (AS); Internet of Things (IoT); machine learning; multi-label
convolution neural network

1. Introduction

In recent years, as an emerging communication paradigm, the Internet of Things (IoT) has drawn
researchers’ substantial attention due to its capability of providing massive low cost connections for
a wide range of smart applications [1]. In practical IoT systems, the devices are usually sensitive to
the power constraint, which may significantly limit the throughput and coverage performance of
the overall IoT systems. In this case, the novel concept of multiple-input-multiple-output (MIMO)
communications was introduced in IoT systems for the sake of offering higher data throughput, wider
signal coverage and lower power consumption [2–4]. However, classical MIMO systems are usually
equipped with multiple antennas, which are linked to the same number of radio-frequency (RF)
chain pairs. This not only imposes high computational complexity, but also requires multiple RF
chains in the communication process, which greatly raises the hardware costs and may increase the
power consumption. As a remedy, the antenna selection (AS) technologies were proposed for the
sake of reducing MIMO complexity and hardware costs, while retaining the advantages of MIMO
communication systems.

Generally, there are two types of AS schemes, namely the norm-based AS (NBAS) and
capacity-based AS (CBAS). The idea of NBAS criterion is to select the antennas subset associated
with the highest channel gain to obtain the maximum equivalent signal-to-noise ratio (SNR) [5–7],
while the CBAS schemes select the antennas subset associated with the highest channel capacity [7,8].
Usually, AS-related research is based on the assumption of independent MIMO channels, while in
practice, the physical size of MIMO facilities and devices is often limited. Therefore, as the number

Sensors 2020, 20, 2250; doi:10.3390/s20082250 www.mdpi.com/journal/sensors

http://www.mdpi.com/journal/sensors
http://www.mdpi.com
https://orcid.org/0000-0002-8371-7036
http://www.mdpi.com/1424-8220/20/8/2250?type=check_update&version=1
http://dx.doi.org/10.3390/s20082250
http://www.mdpi.com/journal/sensors


Sensors 2020, 20, 2250 2 of 12

of antennas used for transmitting and/or receiving increases, the correlation between antennas may
increase as well. In this case, the NBAS may experience severe performance loss [9–11]. This is because
that in correlated MIMO environments, antennas associated with similar channel gain are usually
closely located. In this case, antennas with higher channel gains may be selected by NBAS and may
lead to even higher inter-antenna correlation [12], thus causing MIMO performance loss. On the
other hand, CBAS algorithms are based on the capacity performance of the selected antennas, which
would not cause higher inter-antenna correlation after AS process [13]. Therefore, in correlated MIMO
systems, especially in massive MIMO systems, the CBAS criterion is usually considered. However,
the optimal performance of CBAS is usually achieved by ergodic search-based methods, which may
significantly increase the computational complexity in MIMO systems. Several works focused on
sub-optimal CBAS criteria with lower computational complexity. For example, refs. [14–16] proposed
incremental successive selection algorithm (ISSA) to seek out optimal set of transmit and receive
antennas, which started with an empty antenna set, and then in each step, it added the antenna
that contributed the most to the system’s capacity to the AS set. Refs. [17,18] studied the genetic
algorithms (GA) for joint transmit and receive AS (JTRAS). Specifically, ref. [17] proposed a simplified
GA using bit string and basic binary operation to select joint transmit and receive antennas based
on the maximum instantaneous capacity. Additionally, the JTRAS based on priority GA is proposed
in [18], which modified the two main steps of crossover and mutation of conventional GA, then
inserted the priority mechanism into the modified GA. Furthermore, ref. [13] exploited a cross entropy
optimization (CEO)-based AS algorithm, which was shown to be a global random search process with
fast convergence performance. In addition, a G-circles method based on the characteristics of matrix
determinant and geometric analysis was also analyzed for AS in [19]. All of the these above mentioned
AS methods are capable of achieving near-optimal CBAS performance, and relatively reducing the
computational complexity of AS compared to the optimal ergodic search-based methods. However, it
should be noticed that these AS algorithms are purely mathematical optimization driven algorithms,
which still require certain realtime computation resources, and thus cause high power consumption
and latency in MIMO IoT systems.

Recently, an increasing number of works started to focus on applying machine learning (ML)
technologies in a wide range of communication applications due to the fact that ML is capable
of transfering the conventional mathematical optimization problems into data-driven problems
for achieving lower online realtime computational complexity [20–22]. More specifically, it has
been well recognized that the ML schemes, i.e., convolutional neural network (CNN), exhibit
excellent performance in image processing, especially in classification problems [23–26]. Based on
the intuitive thought that a channel state information (CSI) matrix in MIMO communications can
be regarded as a two-dimensional image, it is promising to similarly consider the ML schemes in
MIMO communications as in image processing. In particular, ref. [20] applied ML technique to
wireless communication systems, and interpreted the AS for MIMO communications to multi-class
classification learning. Ref. [20] provided insights into the potential of introducing the concept
of ML into wireless communications, and verified the feasibility of the ML-based AS algorithms by
comparing the performance of the learning-based AS using K-nearest neighbors (KNN) and multi-class
support vector machine (SVM) schemes to the conventional mathematical optimization-based AS
methods. Moreover, ref. [21] employed the KNN and multi-class SVM classification algorithms for
the transmit AS in untrusted relaying networks, where the corresponding numerical results showed
that compared to conventional AS schemes, ML-based schemes were capable of achieving nearly
the same security performance with less computation overhead. Additionally, ref. [22] proposed
the LeNet model for receiving AS schemes, which is a single-label multi-class classification CNN
model. The proposed method used convolutional structure to extract the rich features from the channel
matrices, and numerical experimental results showed that the LeNet model-based AS outperformed
the state-of-the-art baselines. However, it is worth mentioning that the above mentioned ML-based
AS methods only considered in small-scale and independent MIMO channel conditions. With the
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increase of the antenna scale under the correlated MIMO channel conditions, the complexity of these
multi-class classification learning schemes may increase with degraded performance.

Against this background, the novel contribution of this work is that we propose a multi-label
convolutional neural network (MLCNN)-aided CBAS algorithm for correlated MIMO systems by
exploiting the advantages of the ML schemes. First, in contrast to the conventional single-label
multi-class classification ML schemes, our proposed MLCNN-based AS scheme may greatly reduce the
length of training labels in the case of multi-antenna selection and significantly improve the prediction
accuracy of the trained MLCNN model under correlated large-scale MIMO channel conditions with
less training data. Secondly, different from the conventional CNN-based ML schemes, the pooling
operation is removed from our proposed MLCNN for the sake of fully extracting the characteristics
of the MIMO CSI. The corresponding simulation results verified that the proposed MLCNN-aided
AS scheme may be capable of achieving near-optimal capacity performance in real time, and the
performance is relatively insensitive to the effects of imperfect CSI.

The following notational conventions are adopted throughout our discussions. Boldface capital
and lower-case letters stand for matrices and vectors respectively, while (·)T and (·)H represent the
transpose operator and conjugate transpose operator, respectively. |h| denotes the magnitude of
complex value h. max {H} and min {H} denote the element with the maximum value and the element
with the minimum value in all elements of matrix H, respectively. Additionally, the M×M identity
matrix is denoted by IM, H(i, j) is the element in i-th column and j-th row of matrix H.

The rest of this contribution is organized as follows. Section 2 describes the MIMO wireless
communication system model, while our proposed MLCNN-based transmitter AS is detailed in
Section 3. The simulation results and discussion are shown in Section 4, while our conclusions are
given in Section 5.

2. System Model

We consider an end-to-end MIMO wireless communication system, where the transmitter is
equipped with NT transmit antennas (TAs) associated with Lt (Lt ≤ NT) available RF chains and the
receiver is configured NR receive antennas (RAs) associated with the same number of RF chains over
an uplink narrowband flat correlated Rayleigh fading channel. We only consider the correlation at the
transmitter and assume that there is enough scatterers at the receiver. The corresponding full MIMO
channel matrix H ∈ CNR×NT may be expressed as

H = GR1/2
T (1)

where G ∈ CNR×NT is the channel matrix of which the elements are independent identically distributed
(i.i.d) and obeys Gaussian random distribution of CN (0, 1), RT ∈ CNT×NT denotes channel spatial
correlation matrix at the transmitter, and we adopt an exponential model of it [11], the calculation
formula of the model element is as follows

RT(l1, l2) = ρ
|l1−l2|
t ∈ [0, 1); l1, l2 = 1, · · · , NT (2)

where corrt denotes spatial correlation coefficient between antennas at transmitter. Under the above
assumptions, our received signal y ∈ CNR×1 may be expressed by [27]

y = Hx + v (3)

where x ∈ CNT×1 denotes the transmitted signal, v ∈ CNR×1 is denotes as the additive white Gaussian
noise (AWGN) obeying the distribution of CN (0, a2

n).
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3. CBAS Aided MIMO

It was mentioned in Section 1 that in correlated MIMO systems, CBAS is usually preferred since it
is insensitive to the MIMO channel correlation. For a MIMO system equipped with NT TAs and NR
RAs, the system’s MIMO channel capacity may be expressed as [28]

C = log2

[
det

(
INR +

p
NT · a2

n
HHH

)]
(4)

where p denotes the total transmit power. Let us assume that the CSI is known at the transmitter, then
the optimal CBAS may be performed at the transmitter side through selecting Lt TAs from the total of
NT TAs by

Hmax = arg max
sm∈S

{
log2

[
det

(
INR +

p
NT · a2

n
HsmHH

sm

)]}
(5)

where Hsm∈ CNR×Lt is the subset of full channel matrix H ∈ CNR×NT , S = {s1, s2, · · · , sm, · · · , sλ}
represents all possible combinations of TAs with λ = (NT

Lt
). The optimal solution Hmax∈ CNR×Lt of

CBAS is usually achieved by ergodic capacity comparison of all possible combinations, while the
computational complexity may dramatically increase as the number of antennas increases. Several
suboptimal CBAS algorithms [12–19] were proposed for the sake of reducing the computational
complexity at the cost of certain performance loss. Additionally, for the critical delay and speed
requirements of the 5G networks, the online realtime computational complexity of the above mentioned
suboptimal CBAS methods is still considered to be relatively high. Therefore, we propose a new
MLCNN-aided CBAS algorithm for the sake of reducing the online AS processing time.

3.1. Proposed MLCNN

The block diagram of the proposed MLCNN algorithm is depicted in Figure 1, where it may
be seen that the MLCNN scheme is generally consisted of three operation phases, namely the data
pre-processing, offline AS training and online AS process. More specifically, the simple yet efficient
data pre-processing is to ensure the validity of the input data for both offline AS training process and
online AS decision process. The offline AS training process is adopted for MLCNN model training,
while the online AS process is used for realtime AS decision making. It worths mentioning that the
AS training process may be of high computational complexity. However, the training is an offline
process and imposes no online realtime delay to the overall system. Therefore, the proposed MLCNN
is capable of reducing AS delay since the overall delay is only imposed by a simple data preprocessing
and an efficient online AS process. Now let us detail our proposed MLCNN-aided CBAS.

Figure 1. The block diagram of the MLCNN-aided CBAS.
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3.1.1. Data Pre-Processing

It was recognized that data normalization may significantly affect the performance of the system
when the CNN-based ML schemes are used for recognition and selection purposes [29,30]. In this
case, data pre-processing becomes a necessity to normalize the original data for further process,
which may help to reduce both the data selection errors and the calculation time during the training
process. This is because that data normalization is capable of narrowing the range of data feature
differences, while making the network to obtain the ideal weights set in a short time during the
training process [29,30]. In the proposed MLCNN-aided CBAS scheme, the complex-valued full MIMO
channel of H ∈ CNR×NT is adopted as the samples for the training process. Since in CNN the training
samples must be real-valued data, the complex-valued full MIMO channel matrix H ∈ CNR×NT is
firstly pre-processed and normalized by the following three steps:

• Generate M full MIMO channel matrices H ∈ CNR×NT for training process.
• Take the magnitude of the full MIMO channel matrix elements as Hk(i, j) = |Hk(i, j)|, where

Hk ∈ CNR×NT is the kth full channel matrix and k = {1, · · · , M}.
• Normalize the amplitude information of Hk ∈ CNR×NT to the range of [0, 1] by discrete

standardization operation of the following transformation formula as [29]

Hk(i, j) =
Hk(i, j)−min {Hk}

max {Hk} −min {Hk}
(6)

where i = 1, · · · , NR, j = 1, · · · , NT .

3.1.2. Data Labeling

To select the optimal CBAS antenna index of Hmax∈ CNR×Lt from all possible combinations of S,
we opt for using the channel capacity C as the key performance indicator to generate the multi-label
corresponding to each training sample, i.e., the full MIMO channel matrix H ∈ CNR×NT . Moreover, for
the sake of enhancing the performance of the multi-label generation process, the ergodic search-based
optimal CBAS method is applied to obtain the optimal transmit antenna subset. The multi-label
generation process is summarized in Algorithm 1, where Sk is referred to as all the λ = (NT

Lt
) possible

subsets generated by Hk ∈ CNR×NT , Ck,τ stands for the channel capacity of the selected channel matrix
subset Hsk,τ∈ CNR×Lt associated with the maximum MIMO capacity value of Ck,max, bk with a length
of NT denotes the multi-label of Hk ∈ CNR×NT .

Algorithm 1 Multi-label generation process

Input: M initialized binary multi-label vectors bk = [0, 0, · · · , 0]T, M pre-processed full channel

matrixs Hk ∈ CNR×NT

1: Initialize k = 1
2: while k ≤ M do
3: Generate Sk = {sk,1, sk,2, · · · , sk,τ , · · · , sk,λ} for Hk ∈ CNR×NT

4: Calculate Ck,τ of Hsk,τ∈ CNR×Lt according to (4) and (5)
5: Find sk,max in Sk corresponding to Ck,max and max = {1, · · · , λ}
6: Set the corresponding position in multi-label vector bk to 1 according to sk,max

7: k = k + 1
8: end while

Output: M multi-labeled vectors
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More specifically, the multi-label used in our proposed MLCNN scheme is a vector consisting
of NT binary bits. Each binary bit in the vector corresponds to an antenna. The binary bit of value 1
indicates that the corresponding antenna is selected, while value 0 means not selected. By contrast,
the general single-label used in ML scheme is a vector composed of multiple binary bits [22] with the
length of the vector equal to the total number of AS combinations of the ergodic search process, with
bit value 1 corresponding to an antenna combination, noting that in single-label scheme, only one
binary bit in the vector equals to 1. Table 1 shows a comparison example of our multi-label and the
general single-label corresponding to NT = 4 and Lt = 2, where it may be seen that as the number of
AS combinations increases, the multi-label scheme may achieve significantly lower complexity than
that of the conventional single-label ML schemes.

Table 1. Example of Multi-Label and Single-Label comparison with NT = 4 and Lt = 2.

Optimal Antenna Indices Combination Multiple-Label Single-Label

s1 = [1, 2] 1100 100000
s2 = [1, 3] 1010 010000
s3 = [1, 4] 1001 001000
s4 = [2, 3] 0110 000100
s5 = [2, 4] 0101 000010
s6 = [3, 4] 0011 000001

3.1.3. MLCNN Model

The general architecture of the proposed MLCNN model is illustrated in Figure 2, which is
consisted of four main layers, namely the input layer, the convolution layers, the full connection layer,
and the output layer. The Adam optimization method with initial learning rate of 0.0001 is adopted,
and the binary cross-entropy is used as the loss function. The specific architecture of MLCNN is
summarized in Table 2, where (None, 1, NR, NT) specifies that the size of input matrix is NR × NT
and the number of channels is 1. num and ratio denote the number of neurons and dropout ratio,
respectively, and both parameters can be adjusted according to the training situation. The dropout
ratio is generally set as [0.1, 0.5]. The construction and training of the MLCNN model is implemented
in the framework of Keras.

Table 2. MLCNN Architecture.

Layer Architecture

Input layer Pre-processed full CSI matrix H ∈ CNR×NT

Convolution layer1 data_format=’channels_first’
batch_input_shape = (None, 1, NR, NT)

filters = 16
kernel_size = (2,2)

strides = 1
padding = ’same’
Activation (’relu’)

Convolution layer2 data_format=’channels_first’
filters = 16

kernel_size = (2,2)
strides = 1

padding = ’same’
Activation (’relu’)

Full connection layer Flatten function
num neurons

Activation (’relu’)
Dropout (ratio)

Output layer NT neurons
Activation(’sigmoid’)
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Figure 2. Proposed architecture diagram of MLCNN.

It may be seen from Table 2 that the most significant difference between the proposed MLCNN
model and the conventional CNN model is that MLCNN has no pooling layer in the convolution layers.
This is because that the main functions of the pooling layer employed in conventional CNN models
are down sampling, dimensionality reduction, redundant information removal, compression features
and over fitting reduction [31]. These functions may be useful for processing the highly redundant
data processing, i.e., image processing. However, in AS-aided MIMO IoT systems, CNN model is used
for processing the MIMO CSI data, and each element in the MIMO channel matrix corresponds to a
specific physical channel. Eliminating any data from the full MIMO channel matrix may destroy the
structure of MIMO channel. As a result, the pooling layer is avoided in the proposed MLCNN model
for AS-aided MIMO systems. Additionally, for the sake of fully extracting the characteristics of full CSI
matrix H ∈ CNR×NT in MLCNN, we generate 160,000 training samples and equally divide training
samples into 4 groups. In the training process, we set the training batch size to 500 and use each group
of training samples to train the model for 10 rounds.

3.2. Complexity Analysis

It was recognized that the overall training complexity of a CNN model is mainly imposed by
the time complexity of the convolution layers, whereas the time cost of fully connected layers only
contributes 5–10% computational time of the whole network. The online prediction time complexity of
the network takes around 1/3 of the training time complexity. According to [32], the total training
time complexity of all convolutional layers may be presented as

O
( d

∑
l=0

nl−1 · sl
2 · nl ·ml

2
)

(7)

where l is the index of a convolutional layer, d corresponds to the number of convolutional layers. nl
is referred to as the number of filters in the l-th layer, while nl−1 is known as the number of input
channels of the l-th layer. sl represents the spatial size of the filter of the l-th layer and ml is the spatial
size of the output feature map of the l-th layer. It was previously mentioned that the overall delay of
the AS-aided MIMO systems determined by the online AS prediction process. Therefore, we mainly
focus on the overall online prediction time complexity of the proposed MLCNN algorithm, which may
be calculated as

1
3
·O[(1 · 22 · 16 · NR · NT) + (16 · 22 · 16 · NR · NT)] ∝ O(NR · NT) (8)

LeNet model is a state-of-the-art data-driven AS method and was shown to be capable of operating
in real time scenario [22]. As a comparison, the overall online prediction time complexity of LeNet
model may be expressed as

1
3
·O[(1 · 32 · 32 · NR

2
· NT

2
) + (32 · 32 · 64 · NR

4
· NT

4
)] ∝ O(NR · NT) (9)
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It may be seen that the prediction time complexity of the proposed MLCNN model is quite close
to that of the LeNet model. Therefore, it may be concluded that the proposed MLCNN model can also
operate in real time. At the same time, comparing the convolution layer structure of MLCNN model
with that of LeNet model, we may find that our proposed MLCNN model structure has significantly
fewer convolution kernels and smaller convolution kernel size than those of LeNet model structure, so
the proposed MLCNN model structure needs far fewer training parameters than LeNet model structure
does. Therefore, the proposed MLCNN model structure is easier to train than LeNet model structure.

4. Simulation Results

In this article, a quasi-static correlated Rayleigh fading environment was considered. The MIMO
IoT system equipped with NT TAs and NR RAs, as well as employing Lt transmit RF chains and
Lr = NR receive RF chains, is denoted by (NT , NR; Lt, Lr). 256 neurons and the dropout ratio of
ratio = 0.2 were considered in the full connection layer. We considered (8, 8; 2, 8) and (32, 32; 2, 32)
MIMO IoT systems and included the LeNet-based AS of [22] and NBAS of [7] as for performance
comparison, where we employed same training data and training method to train LeNet model.

The MIMO channel capacity performance of the proposed MLCNN-aided CBAS (8, 8; 2, 8) MIMO
IoT system under perfect CSI with the channel correlation coefficients of corr = 0.50 and 0.95 is shown
in Figure 3, in comparison to the performance of LeNet-based AS, NBAS and the optimal AS. It may
be seen from Figure 3 that when corr = 0.50, the above three AS algorithms were capable of achieving
the optimal AS capacity performance. When the MIMO correlation coefficient increased to corr = 0.95,
both MLCNN and LeNet-based AS achieved the optimal capacity performance, while the NBAS
experienced significant performance loss due to the increased channel correlation. More specifically,
there showed around 1.42 bit/s/Hz performance gap between the NBAS- and MLCNN-based AS
or LeNet-based AS at SNR of 25 dB. In addition, LeNet is a multi-class classification CNN model,
which is not suitable for large-scale MIMO IoT system. This is because that the increase of antenna
scale makes the total category space of LeNet-based AS significantly increase. To train this multi-class
classification model for a large category space, we may need a larger training data set and a GPU
with larger memory, or even a GPU cluster, which may be extremely costly and not be suitable for IoT
applications. Unlike the classical LeNet, the proposed MLCNN is a multi-label classification CNN
model, which achieve much lower labeling and training complexity in large-scale MIMO conditions.
Take (32, 32; 2, 32) MIMO IoT system as an example, the LeNet has a total category spaces of (32

2 ) = 496,
and an output layer size of 496 as well, while the proposed MLCNN only needs an output layer of size
32. Figure 4 illustrates that the MIMO channel capacity performance of the proposed MLCNN-aided
CBAS for (32, 32; 2, 32) MIMO IoT system under the channel correlation coefficients of corr = 0.50,
in comparison to the performance of NBAS. It may be seen that when corr = 0.50, the the proposed
MLCNN-aided CBAS and NBAS achieved nearly the same capacity performance. Additionally,
Figure 4 illustrates that the MIMO channel capacity performance of the proposed MLCNN-aided
CBAS for (32, 32; 2, 32) MIMO IoT system under the channel correlation coefficients of corr = 0.95,
in comparison to the performance of LeNet-based AS and NBAS, where the training samples were
160,000 for both proposed MLCNN and LeNet. It may be seen that when corr = 0.95, MLCNN-aided
CBAS achieved a significant performance gain of around 1.79 bit/s/Hz at SNR of 25 dB over NBAS
and a significant performance gain of around 0.80 bit/s/Hz at SNR of 25 dB over LeNet-based AS.
Experimental results of both Figures 3 and 4 demonstrated that the proposed MLCNN-aided CBAS
scheme was capable of outperforming the NBAS scheme under highly correlated MIMO channel
environment, and was capable of outperforming LeNet in large-scale MIMO IoT systems with the aid
of same number of training samples.
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Figure 3. Channel capacity performance comparison between MLCNN-aided AS, LeNet-based AS and
NBAS for (8, 8; 2, 8) MIMO IoT system under correlation coefficients of corr = 0.50 and 0.95.

Figure 4. Channel capacity performance comparison between MLCNN-aided AS, LeNet-based AS and
NBAS for (32, 32; 2, 32) MIMO IoT system under correlation coefficients of corr = 0.50 and 0.95.

The MIMO channel capacity performance of the proposed MLCNN-aided CBAS (8, 8; 2, 8) and
(32, 32; 2, 32) MIMO IoT systems under imperfect CSI with the channel estimation error of −5 dB and
−25 dB is shown in Figures 5 and 6, respectively, in comparison to that of the perfect CSI case. It can
be seen from Figure 5 that when corr = 0.50 and 0.95, the capacity performance of MLCNN under
imperfect CSI with channel estimation error of −5 dB only experienced a minor degradation of around
0.3 bit/s/hz compared to that of the perfect CSI case. In the case of channel estimation error of −25 dB,
the proposed MLCNN scheme achieved almost the same performance of perfect CSI scenario. Similar
phenomenon may be seen from the performance comparison of the (32, 32; 2, 32) MIMO IoT system of
Figure 6 as well. Therefore, it may be seen that the performance of the proposed MLCNN-aided CBAS
algorithm is relatively insensitive to the effects of imperfect CSI.
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Figure 5. Channel capacity performance comparison between the proposed MLCNN in imperfect CSI
and perfect CSI for (8, 8; 2, 8) MIMO IoT system under correlation coefficients of corr = 0.50 and 0.95.

Figure 6. Channel capacity performance comparison between the proposed MLCNN in imperfect CSI
and perfect CSI for (32, 32; 2, 32) MIMO IoT system under correlation coefficients of corr = 0.50 and 0.95.

5. Conclusions

We proposed a MLCNN-aided transmit AS scheme for end-to-end MIMO IoT communication
systems under correlated MIMO channel environments. We adopted the simple yet efficient concept
of multi-label in the proposed MLCNN-aided transmit AS MIMO IoT system, which may greatly
reduce the length of training labels in the case of multi-antenna selection. Additionally, applying
multi-label concept significantly improves the prediction accuracy of the trained MLCNN model
under correlated large-scale MIMO channel conditions with less training data. The corresponding
simulation results verified that the proposed MLCNN-aided AS scheme may be capable of achieving
near-optimal capacity performance in real time, and the performance is relatively insensitive to the
effects of imperfect CSI.



Sensors 2020, 20, 2250 11 of 12

Author Contributions: Conceptualization, S.Z.; Data curation, H.L.; Formal analysis, L.H.; Project administration,
P.Z.; Validation, J.X.; Writing—original draft, W.A. All authors have read and agreed to the published version of
the manuscript.

Funding: This work is supported in part by the Foundation of Guangdong Key Areas of “Service for Rural
Revitalization Plan” under Grant 2019KZDZX2014, in part by the Natural Science Foundation of China under
Grants 61601304, U1713217, U1501253, 61801297, and 61801302, in part by the Foundation of Shenzhen under Grant
JCYJ20170302142545828, and in part by Guangdong Laboratory of Artificial-Intelligence and Cyber-Economics
(SZ), Shenzhen University, Shenzhen, China.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Stankovic, J.A. Research Directions for the Internet of Things. IEEE Internet Things J. 2014, 1, 3–9. [CrossRef]
2. Huang, K.-C.; Wang, Z. Terahertz terabit wireless communication. IEEE Microw. Mag. 2011, 12, 108–116.

[CrossRef]
3. Tang, J.; So, D.K.C.; Zhao, N.; Shojaeifard, A.; Wong, K. Energy Efficiency Optimization With SWIPT in

MIMO Broadcast Channels for Internet of Things. IEEE Internet Things J. 2018, 5, 2605–2619. [CrossRef]
4. Li, Y.; Mallik, R.K.; Murch, R. Channel Magnitude-Based MIMO With Energy Detection for Internet of Things

Applications. IEEE Internet Things J. 2019, 6, 9893–9907. [CrossRef]
5. Heath, R.W.; Sandhu, S.; Paulraj, A. Antenna selection for spatial multiplexing systems with linear receivers.

IEEE Commun. Lett. 2001, 5, 142–144. [CrossRef]
6. Lu, D.; So, D.K.C. Performance based receive antenna selection for V-BLAST systems. IEEE Trans. Wirel. Commun.

2009, 8, 214–225. [CrossRef]
7. Zhang, P.; Chen, S.; Hanzo, L. Two-Tier Channel Estimation Aided Near-Capacity MIMO Transceivers

Relying on Norm-Based Joint Transmit and Receive Antenna Selection. IEEE Trans. Wirel. Commun. 2015, 14,
122–137. [CrossRef]

8. Hanzo, L.; Alamri, O.R.; El-Hajjar, M.; Wu, N. Near-Capacity MultiFunctional MIMO Systems: Sphere-Packing,
Iterative Detection and Cooperation; Wiley: Chichester, UK, 2009.

9. Shiu, D.S.; Foschini, G.J.; Gans, M.J.; Kahn, J.M. Fading correlation and its effect on the capacity of
multi-element antenna systems. IEEE Trans. Commun. 2000, 48, 502–513. [CrossRef]

10. Shin, H.; Lee, J.H. Capacity of multiple-antenna fading channels: Spatial fading correlation, double scattering,
and keyhole. IEEE Trans. Inf. Theory 2003, 49, 2636–2647. [CrossRef]

11. Chiani, M.; Win, M.Z.; Zanella, A. On the capacity of spatially correlated MIMO Rayleigh fading channels.
IEEE Trans. Inf. Theory 2003, 49, 2363–2371. [CrossRef]

12. Gharavi-Alkhansari, M.; Gershman, A.B. Fast antenna subset selection in MIMO systems. IEEE Trans.
Signal Process. 2004, 52, 339–347. [CrossRef]

13. Zhang, Y.; Ji, C.; Malik, W.Q.; O’Brien, D.C.; Edwards, D.J. Receive antenna selection for MIMO systems over
correlated fading channels. IEEE Trans. Wirel. Commun. 2009, 8, 4393–4399. [CrossRef]

14. Blum, R.S.; Xu, Z.; Sfar, S. A near-optimal joint transmit and receive antenna selection algorithm for MIMO
systems. In Proceedings of the 2009 IEEE Radio and Wireless Symposium, San Diego, CA, USA, 18–22
January 2009; pp. 554–557.

15. Sanayei, S.; Nosratinia, A. Capacity maximizing algorithms for joint transmit-receive antenna selection.
In Proceedings of the Conference Record of the Thirty-Eighth Asilomar Conference on Signals, Systems and
Computers, Pacific Grove, CA, USA, 7–10 November 2004; pp. 1773–1776.

16. Chen, C. A computationally efficient near-optimal algorithm for capacity-maximization based joint transmit
and receive antenna selection. IEEE Commun. Lett. 2010, 14, 402–404. [CrossRef]

17. Karamalis, P.D.; Skentos, N.D.; Kanatas, A.G. Selecting array configurations for MIMO systems:
An evolutionary computation approach. IEEE Trans. Wirel. Commun. 2004, 3, 1994–1998. [CrossRef]

18. Lu, H.; Fang, W. Joint Transmit/Receive Antenna Selection in MIMO Systems Based on the Priority-Based
Genetic Algorithm. IEEE Antennas Wirel. Propag. Lett. 2007, 6, 588–591. [CrossRef]

19. Zhang, H.; Dai, H. Fast MIMO Transmit Antenna Selection Algorithms: A Geometric Approach.
IEEE Commun. Lett. 2006, 10, 754–756. [CrossRef]

20. Joung, J. Machine learning-based antenna selection in wireless communications. IEEE Commun. Lett. 2016,
20, 2241–2244. [CrossRef]

http://dx.doi.org/10.1109/JIOT.2014.2312291
http://dx.doi.org/10.1109/MMM.2011.940596
http://dx.doi.org/10.1109/JIOT.2017.2785861
http://dx.doi.org/10.1109/JIOT.2019.2933216
http://dx.doi.org/10.1109/4234.917094
http://dx.doi.org/10.1109/T-WC.2009.070820
http://dx.doi.org/10.1109/TWC.2014.2334325
http://dx.doi.org/10.1109/26.837052
http://dx.doi.org/10.1109/TIT.2003.817439
http://dx.doi.org/10.1109/TIT.2003.817437
http://dx.doi.org/10.1109/TSP.2003.821099
http://dx.doi.org/10.1109/TWC.2009.071404
http://dx.doi.org/10.1109/LCOMM.2010.05.100017
http://dx.doi.org/10.1109/TWC.2004.837447
http://dx.doi.org/10.1109/LAWP.2007.911387
http://dx.doi.org/10.1109/LCOMM.2006.060604
http://dx.doi.org/10.1109/LCOMM.2016.2594776


Sensors 2020, 20, 2250 12 of 12

21. Yao, R.; Zhang, Y.; Qi, N.; Tsiftsis, T.A.; Liu, Y. Machine Learning-Based Antenna Selection in Untrusted
Relay Networks. In Proceedings of the 2019 2nd International Conference on Artificial Intelligence and Big
Data (ICAIBD), Chengdu, China, 22–24 June 2019; pp. 323–328.

22. Cai, J.X.; Zhong, R.; Li, Y. Antenna selection for multiple-input multiple-output systems based on deep
convolutional neural networks. PLoS ONE 2019, 14, e0215672. [CrossRef]

23. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. ImageNet Classification with Deep Convolutional Neural
Networks. NIPS Curran Associates Inc. 2012, 25, 1–9. [CrossRef]

24. Min, L.; Chen, Q.; Yan, S. Network In Network. arXiv 2013, arXiv:1312.4400.
25. He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual

Recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2015, 37, 1904–1916. [CrossRef] [PubMed]
26. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [CrossRef] [PubMed]
27. Zhang, P.; Chen, S.; Hanzo, L. Reduced-Complexity Near-Capacity Joint Channel Estimation and Three-Stage

Turbo Detection for Coherent Space-Time Shift Keying. IEEE Trans. Commun. 2013, 61, 1902–1913. [CrossRef]
28. Lee, W.C.Y. Estimate of channel capacity in Rayleigh fading environment. IEEE Trans. Veh. Technol. 2002, 39,

187–189. [CrossRef]
29. Sola, J.; Sevilla, J. Importance of input data normalization for the application of neural networks to complex

industrial problems. IEEE Trans. Nucl. Sci. 1997, 44, 1464–1468. [CrossRef]
30. Koval, S.I. Data preparation for neural network data analysis. In Proceedings of the 2018 IEEE Conference

of Russian Young Researchers in Electrical and Electronic Engineering (EIConRus), Moscow, Russia,
29 January–1 February 2018; pp. 898–901.

31. Boureau, Y.L.; Ponce, J.; LeCun, Y. A Theoretical Analysis of Feature Pooling in Visual Recognition.
In Proceedings of the ICML 2010, Haifa, Israel, 21–25 June 2010; pp. 111–118.

32. He, K.; Sun, J. Convolutional neural networks at constrained time cost. In Proceedings of the 2015 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, USA, 7–12 June 2015;
pp. 5353–5360.

c© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1371/journal.pone.0215672
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://www.ncbi.nlm.nih.gov/pubmed/26353135
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
http://dx.doi.org/10.1109/TCOMM.2013.031213.120283
http://dx.doi.org/10.1109/25.130999
http://dx.doi.org/10.1109/23.589532
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	System Model
	CBAS Aided MIMO
	Proposed MLCNN
	Data Pre-Processing
	Data Labeling
	MLCNN Model

	Complexity Analysis

	Simulation Results
	Conclusions
	References

