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Abstract—In this letter, a convolutional neural network-based
detection framework is proposed for the wireless communication
systems using orthogonal frequency-division multiplexing with
index modulation (OFDM-IM). In the proposed framework,
the received symbols are transformed to polar coordinates to
help the neural network detect the indices of the activated
subcarriers. We parallel the amplitude and the phase of the
received symbols to form 2-dimensional matrices and use 2-
dimensional convolutional layers to fully exploit the inherent
information in the OFDM-IM symbols. After offline training, the
proposed detector can be employed to implement online detection
of the OFDM-IM symbols. Simulation results demonstrate that
the proposed detector is capable of achieving near maximum
likelihood detection performance with much lower complexity.

Index Terms—Convolutional neural network, deep learning,
index modulation, polar coordinates, maximum likelihood.

I. INTRODUCTION

In the modern wireless communication systems, orthogonal
frequency-division multiplexing (OFDM) has been playing an
important role and has been adopted by various communica-
tion standards [1]. In OFDM, the entire bandwidth is divided
into many narrow-band subcarriers to mitigate inter-symbol
interference. OFDM with index modulation (OFDM-IM) is
an emerging technique, which allows flexible adjustments of
the number of activated subcarriers for a trade-off between
error performance and spectral efficiency [2]. In OFDM-IM,
only a subset of subcarriers is activated to transmit ordinary
amplitude phase modulation (APM) symbols. The information
bits are conveyed by not only the ordinary APM symbols, but
also the indices of the activated subcarriers [3]. Due to the
improved energy efficiency and error performance, OFDM-IM
has attracted significant attention and is regarded as a potential
candidate for the future wireless communication systems [2].

Deep learning, which utilizes neural networks to extract the
inherent features in high-dimensional data, has been used to
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power many aspects of modern society, such as image recog-
nition, object detection, and natural language processing [4].
In the various deep neural networks, convolutional neural net-
work (CNN) is one particular type, which uses convolutional
layers to exploit the local features of the data efficiently [5]. By
adopting the convolutional operations, the parameters of the
convolutional layers can be shared and the number of param-
eters can also be greatly reduced. Therefore, CNN has been
widely used in many computer vision problems. Recently, the
concept of deep learning has been introduced to the physical
layer design in wireless communication systems, including
channel modeling, decoding, and signal detection [6].

In the literatures, many signal detection methods have been
proposed for the OFDM-IM systems. In [7], a log-likelihood
ratio (LLR) detector is proposed for OFDM-IM to achieve
near-optimal detection performance. A low-complexity de-
tector based on the maximum-likelihood (ML) criterion is
proposed and analyzed in [8]. In recent research works, several
deep learning-based signal detection methods have been pro-
posed for the OFDM and OFDM-IM systems. In [9], a deep
learning-based channel estimation and signal detection method
is proposed for OFDM systems, which employs a neural
network consisting of five fully connected (FC) layers to detect
the OFDM signals. In [10], the authors use traditional com-
munication solutions as initializations for the neural network
to further improve detection accuracy. The research works
presented in [11] focus on signal detection of OFDM-IM
systems. A deep neural network (DNN) consisting of two FC
layers is adopted to detect the OFDM-IM symbols. However,
only the FC layers are taken into consideration in these
methods [9]-[11], which involve a large number of parameters
to be optimized and limit the detection performance.

In this letter, a CNN-based detection framework is proposed
for the OFDM-IM systems, which is termed as CNN-IM. In
the proposed CNN-IM framework, the convolutional layers
and pre-processing procedure are adopted to detect the OFDM-
IM symbols efficiently. The contributions of this letter can be
summarized as follows.

« Different from the state-of-the-art deep learning-based
methods [9]-[11], which concatenate the real part and
imaginary part of the received symbols to form 1-
dimensional input vectors, we arrange the received sym-
bols as 2-dimensional input matrices and use a 2-
dimensional convolutional layer to fully exploit the in-
herent information in the OFDM-IM symbols.

o We utilize a pre-processing procedure in the CNN-IM
detector to transform the OFDM-IM symbols to polar co-
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Fig. 1. Block diagram of the OFDM-IM communication system.

ordinates to help the neural network detect the indices of
the activated subcarriers and improve detection accuracy.

¢ The performance of the proposed CNN-IM detector is
evaluated through computer simulations. The results valid
that the proposed CNN-IM detector is capable of achiev-
ing near-ML detection performance with much lower
complexity under both perfect and imperfect channel
estimations.

The rest of the letter is organized as follows. In Section II,
the system model of the communication system using OFDM-
IM is illustrated. The details of the proposed CNN-IM detector
are presented in Section III, including the framework, the
offline training procedure, and the online deployment. In
Section IV, simulation results and corresponding discussions
are provided. Finally, this letter is concluded in Section V.

II. SYSTEM MODEL

We consider a wireless communication system using
OFDM-IM. The entire bandwidth is divided into Ny subcar-
riers. The subcarriers are further split into G groups, each
of which contains N = N;/G subcarriers. According to the
principle of OFDM-IM [2], only N, subcarriers are activated
to transmit the M-level APM symbols in each subcarrier
group, and the other (N — N,) subcarriers are zero padded.
Therefore, S1 = N,log,(M) bits can be transmitted through
the APM symbols and S, = [log, (11\\]: )J bits can be conveyed
by the indices of the activated subcarriers in each subcarrier
group, where () denotes the binomial coefficient. As a result,
S = §1+ 5> bits can be conveyed by each subcarrier group and
GS bits can be conveyed by the whole OFDM-IM symbol.

The block diagram of the system is shown in Fig. 1. At the
transmitter, the input bits b € BESX! are split into G blocks
b, € BSx1 (g = 1,2,---,G) to direct the index selector and
the OFDM-IM mapper in each subcarrier group. Then the
generated frequency-domain symbol X € CN™! is fed into
the N¢-point inverse fast Fourier transform (IFFT) module to
derive the time-domain symbol x € CN™!  After parallel-
to-serial (P/S) conversion and cyclic prefix (CP) insertion,
the time-domain symbols are transmitted through the wireless
channel. At the receiver, after CP removal and serial-to-parallel
(S/P) conversion, the received time-domain symbol y € CVrx!
is fed into the Nf-point fast Fourier transform (FFT) module
to derive the frequency-domain symbol Y € CM>!. Then

Equalization
Pre-
Processing
Decision

(N, 2) (N,C) (NC, 1) (P, 1)

Fig. 2. Framework of the proposed CNN-IM detector.

the proposed CNN-IM detector is utilized to recover the
information bits Bg € BS*! in each subcarrier group from Y.
Finally, they are combined as the estimated information bits
b € BYS*!. The frequency-domain transmission function can
be given as

Y=HeX+Q (1)

where H € CN™! denotes the Rayleigh fading channel
coefficient, the element of which follows H,, ~ CN(0,1) (n =
L,2,---,Nf). @ € CNI denotes the additive white Gaus-
sian noise (AWGN), the element of which follows €, ~
CN(0,0?). ® represents the element-wise multiplication.

III. PROPOSED CNN-IM DETECTOR

In this section, the framework of the proposed CNN-IM
detector is introduced in Section III-A. The corresponding
offline training procedure and the online deployment are
explained in Section III-B.

A. Framework of the CNN-IM Detector

The proposed CNN-IM detector consists of several modules
and neural network layers, including one equalization module,
one pre-processing module, one convolutional (Conv.) layer,
one flatten layer, two FC layers, and one hard decision module.
The functions and parameters of these modules and layers are
explained in the following paragraphs. An illustration of the
framework is given in Fig. 2.

Equalization: The equalization module is used to combat
the frequency-selective channel fading, which is supposed to
be known at the receiver. In this letter, we adopt the simplest
zero-forcing (ZF) equalization method. The symbols after
equalization can be given as

X=H'9Y=X+H'gQ. )

Pre-Processing: Firstly, we split the symbols X € CN<!
into G blocks X, € CVX! for decoding the information in
each subcarrier group. Then, the complex symbols fig need to
be transformed before they are fed into the following neural
network layers, which only take in real numbers [4]. Different
from the state-of-the-art deep learning-based methods [9]-
[11], which separate the real part and imaginary part of the
complex symbols as the inputs for neural networks, here, we
handle the received complex symbols based on polar instead
of Cartesian coordinate representations. Specifically, we utilize



the amplitude A, € R and phase ¢, € RV*! of the
symbols Xg as the inputs for the neural networks in order to
help the network detect the indices of the activated subcarriers.
This is based on the consideration that the activated subcarrier
and the non-activated subcarrier differ a lot in symbol am-
plitude when using OFDM-IM. Moreover, different from the
state-of-the-art deep learning-based methods [9]-[11], which
concatenate the real part and imaginary part of the symbols to
form 1-dimensional vectors, we parallel the amplitude and the
phase to form 2-dimensional matrices Dy = [Ag, ¢,] € RV
in order to fully exploit the inherent information between them.

Conv. Layer: Then, the matrices D, is fed into a 2-
dimensional Conv. layer with convolutional kernel K¢ =
[KE,K5] € R (¢ = 1,2,--+,C) of C output channels to
exploit the features in Dg. The widely used rectified linear
unit (ReLU) function frepy(x) = max(0, x) is utilized as the
activation function of the Conv. layer. We denote the output
of the Conv. layer as Dg) € RV*C which can be derived as

2
D[, c] = freLu (Z Dgln,i] x Kf + B"), 3)

i=1

where Dg)[n, c] denotes the element at the n-th row and the
c-th column of Di,l). Dg[n,i] denotes the element at the n-th
row and the i-th column of D,. B¢ denotes the bias for the
c-th output channel.

Flatten Layer: A flatten layer succeeds the Conv. layer to
transform the 2-dimensional matrix Dg) into a 1-dimensional
vector DY) € RNCX1,

FC Layers: After flatten, vector D(gz) is fed into two FC
layers. For the first FC layer, the ReLLU activation function
is adopted. We denote the weights and biases of the first FC
layer as Wy € RP*NC and b; € RP*!. The output vector
DE;) € RPX1 of the first FC layer can be expressed as

DY) = freu (Wi xDP +by). (4)

For the second FC layer, the Sigmoid activation function
fsigmoia(x) = 1/(1 + e™) is adopted to map the elements of
the output vector to the interval (0, 1). Therefore, the output
vector DS € RS¥! of the second FC layer can be expressed
as

DY = fsigmoia (Wz x DY + bz), ®)

where W, € RS*F and b, € RS*! denote the weights and
biases of the second FC layer, respectively.

Hard Decision: Finally, the estimated information bits f)g
can be derived by the hard decision decoding, which can be
expressed as

. 1, DP[s]>0.5
bs]=4{ &, =7 6
sls] {0, D[s] < 0.5, ©

where Bg[s] and Dg)[s] (s = 1,2,---,85) denote the s-th
element of vector f)g and Dg), respectively.

B. Offline Training and Online Deployment

The proposed CNN-IM detector needs to be trained offline
before online deployment. The training information bits are
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Fig. 3. Comparisons of the MSE loss of the proposed CNN-IM detector and
DNN-based detector with different training SNRs.

randomly generated and they are processed according to the
system model described in Section II. The training channel
coefficient and the noise are randomly generated based on their
statistic models, which are independently generated for each
OFDM-IM symbol. The parameters of the CNN-IM detector
can be summarized as

6 =K' KC B, .- B, W,b,Wyby}. (7)

These parameters are optimized in the offline training proce-
dure. In this letter, we adopt the mean-squared error (MSE)
loss function to measure the difference between the estimated
bits and the real training bits, which can be expressed as

. 1 ~
Lbg, by) = <lIb ~ bl1%. (8)

Then, the parameters 6 can be optimized through lots of
sophisticated optimizers, including the stochastic gradient
descent (SGD) optimizer, the adaptive moment estimation
(Adam) optimizer, and so on.

After offline training, the CNN-IM detector with the optimal
parameters 6* can be employed at the receiver to provide real-
time detection for the received symbols. Once the received
frequency-domain symbols Y and the channel coefficient H are
fed into the CNN-IM detector, it can estimate the information
bits f)g immediately according to the framework described in
Section III-A.

IV. SIMULATION RESULTS

In this section, the MSE loss, bit error rate (BER), and the
computational complexity of the proposed CNN-IM detector
are analyzed, respectively. We consider a an OFDM-IM system
with Ny = 64 subcarriers. The subcarriers are further split
into G = 16 groups with N = Ny/G = 4 subcarriers in each
group. 4QAM modulation is adopted and N, = 3 subcarriers
are activated in each subcarrier group. The proposed CNN-IM
detector is implemented on the PyTorch platform [12]. The
hyper-parameters for the neural layers are set to be C = 16
and P = 50. In the offline training procedure, the widely used
Adam optimizer is adopted with learning rate 7 = 0.005. Mini-
batch is utilized to accelerate the training procedure with B =
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Fig. 4. Comparisons of the BER performance of the proposed CNN-IM
detectors with different training SNRs.
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Fig. 5. Comparisons of the BER performance of the proposed CNN-IM

detector with the state-of-the-art detectors.

64 OFDM-IM symbols in each mini-batch. The training data
set and the testing data set contain 1.6 x 10° and 1.0 x 10*
randomly generated OFDM-IM symbols, respectively.

A. MSE Loss Analyses

We first analyze the MSE loss of the proposed CNN-IM
detector in the offline training procedure. The conventional
DNN-based detector is also simulated for comparison. The
DNN-based detector contains two FC layers, which have the
same number of neurons as the proposed CNN-IM detector
P = 50. The MSE loss with different training signal to
noise ratios (SNRs) are illustrated in Fig. 3. It can be seen
that the CNN-IM detector trained with a higher SNR has
much lower MSE loss. For all the simulated circumstances,
the proposed CNN-IM detector exhibits lower MSE than
the DNN-based detector. It shows the CNN-IM detector can
provide satisfactory detection performance within 50-epoch
training, which ensures the fast deployment of the detector.

B. BER Analyses

Firstly, we investigate the BER performance of the proposed
CNN-IM detector with different training SNRs. The group-
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Fig. 6. Comparisons of the BER performance of the proposed CNN-IM
detector under correlated frequency-selective channels.
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Fig. 7. Comparisons of the BER performance of the proposed CNN-IM
detector with channel estimation errors.

wise ML detector is also simulated for comparison. The
Rayleigh fading channel defined in Section II is considered.
After trained offline for 50 epochs, the CNN-IM detector is
deployed online to detect the symbols in the test data set. The
simulation results are shown in Fig. 4. It can be seen that the
proposed CNN-IM detector exhibits slightly different BERs
under different training SNRs. The CNN-IM detector trained
at SNR of 10 dB exhibits the best BER performance, only
1.2 dB worse than the ML detector at SNR of 20 dB.

Then, we compare the BER performance of the pro-
posed CNN-IM detector with state-of-the-art detectors under
Rayleigh fading channel conditions. The LLR detector [7],
the DNN-based detector [11], and the conventional greedy
detector [13] are also simulated for comparison. The CNN-
IM detector and the DNN-based detector are trained at SNR
of 10 dB for 50 epochs. As shown in Fig. 5, the BERs of
all the detectors decrease with the increase of the SNRs.
The greedy detector and the DNN-based detector achieve
the worst BER performance in the entire simulated SNR
region. The proposed CNN-IM detector has much better BER
performance than the DNN-based detector, which is mainly
because that the pre-processing and the convolutional layer can



TABLE I
COMPARISONS OF THE COMPUTATIONAL COMPLEXITY

Methods Complexity (flops)
CNN-IM 2PCGN +5CGN +2SPG +12GN + PG +3SG
ML (;\Z) x MN2 x (12GN)
LLR 14MGN +aMGN + GN? + (@ + 8+ 6)GN + 12MGN;,
DNN-IM 4PGN +2SPG +6GN + PG +3SG

 Here, @ and 8 denote the number of flops required for the exp(-) function
and the In(-) functions, respectively.

help the neural network exploit the inherent information in the
OFDM-IM symbols. The LLR detector can achieve better BER
performance than the proposed CNN-IM detector. However,
when using LLR detector, the variance of the AWGN noise
needs to be perfectly known at the receiver.

Finally, we investigate the BER performance of the CNN-
IM detector under realistic channel conditions [14]. In Fig. 6,
the correlated frequency-selective channel defined in [7] is
considered, where the channel impulse response is defined
as h = [hy,hy,---,hr], where L denotes the number of
channel taps, and each element follows #; ~ CN(0,1/L) (I =
1,2,---,L). The CNN-IM detector is trained under the
Rayleigh fading channel for 50 epochs, and is used to detect
the signals under the correlated frequency-selective channels
with 8 taps and 16 taps. It can be seen from Fig. 6 that
the proposed CNN-IM detector can achieve near-ML BER
performance under both channel conditions, which shows that
the proposed CNN-IM detector can serve as a promising
detector for the frequency-selective channels with different
number of channel taps. We also analyze the BER performance
with channel estimation errors. As defined in [7], the estimated
channel is given by H = H + €, where the estimation errors
follow € ~ CN (0, o-EINf). The AWGN noise and the channel
estimation errors are related via Q = o-?/02. The simulation
results are provided in Fig. 7 with Q = 1 and Q = 10.
The CNN-IM detector is trained under the Rayleigh fading
channel for 50 epochs. It can be seen that the proposed CNN-
IM detector exhibits better BER performance than the greedy
detector in both scenarios.

C. Complexity Analyses

In the end, we analyze the complexity of the CNN-IM
detector in the online detecting phase. The total number of
real floating-point operations (flops) are measured, including
addition, subtraction, multiplication, division, and other op-
erations for real numbers [15]. For each OFDM-IM sym-
bol, the equalization takes (6GN) flops. The pre-processing
procedure takes (6GN) flops for transforming the symbols
to polar coordinates. The Conv. layer and ReLU function
contain (SCGN) flops. The first and second FC layers with
corresponding activation functions contain (2PCGN + PG)
and (2SPG +3SG) flops, respectively. The total complexity is
summarized in Table I and the complexity of the group-wise
ML detector is also provided as a comparison. For example,
when 16QAM is adopted, the group-wise ML detector needs

about 1.3 x 107 flops, and the proposed CNN-IM only needs
1.2x10° flops. It validates that the proposed CNN-IM detector
can reduce the complexity greatly.

V. CONCLUSION

This letter presents our attempt to build a CNN-based
detection framework for the wireless communication systems
using OFDM-IM. The 2-dimensional convolutional layer is
adopted to extract the features in the OFDM-IM symbols
efficiently. Based on the structure of the OFDM-IM symbols,
pre-processing is conducted to improve the detection accuracy.
Simulations validate that the proposed CNN-IM detector can
achieve near-ML detection performance with greatly reduced
complexity. The proposed framework using 2-dimensional
convolutional layers can serve as a promising candidate for
the signal detections in the future communication systems.
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