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Abstract—Orthogonal frequency division multiplexing (OFD-
M) is widely adopted in narrowband Internet of Things (NB-
IoT). Nevertheless, the OFDM system is highly sensitive to the
impairments caused by imperfect radio-frequency hardwares,
which may greatly jeopardize the orthogonality between different
subcarriers and degrade the demodulation performance. Though
large efforts have been devoted to the hardware impairment
estimation, however, it is highly challenging to jointly estimate
multiple hardware impairments due to their coupling effects,
especially for the NB-IoT systems which usually work in low
signal-to-noise ratio (SNR) regions with limited computing and
radio resources. In this paper, we propose a parallel multi-task
learning (MTL) estimator to jointly estimate carrier frequency
offset and in- and quadrature-phase imbalance in NB-IoT
systems. Specifically, MTL is introduced to extract the inherent
correlations between different hardware impairments so as to
address the coupling effect and average the noise impact. In addi-
tion, we propose a parallel structure and a sliding window scheme
to reduce the network complexity and decrease the estimation
bias. Numerical results show that our proposed parallel MTL
estimator can jointly estimate multiple hardware impairments
with short pilot sequences, and outperform the conventional
methods in terms of estimation accuracy and computation time
in the typical SNR regions of the IoT devices.

Index Terms—Carrier frequency offset, in- and quadrature-
phase imbalance, multi-task learning, narrowband internet of
things, orthogonal frequency division multiplexing.

I. INTRODUCTION

Narrowband Internet of Things (NB-IoT) is a low power
wide area solution, which reuses most existing design prin-
ciples of 4G/5G systems, like orthogonal frequency division
multiplexing (OFDM), channel coding, and rate matching, to
achieve the stringent constraints of super coverage, massive
connection, and low cost [1]. In contrast, plenty of features
such as synchronization, random access, broadcast and control
channels, etc., are modified to better support the specific needs
of IoT communication [2]. Such modifications also give birth
to a host of new technical challenges, one of which is the
estimation of radio-frequency hardware impairments [3].

NB-IoT adopts OFDM for its low complexity and high
spectral efficiency, which however, is extremely sensitive
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to the impairments caused by the imperfection of radio-
frequency hardwares, such as carrier frequency offset (CFO),
phase noise, in- and quadrature-phase (IQ) imbalance, and
power amplifier nonlinearity [4]. On the one hand, these
hardware impairments can greatly jeopardize the orthogonality
between different subcarriers and result in severe magnitude
distortion and phase mismatch, which greatly degrades the
demodulation performance [5]. On the other hand, due to the
low cost and low power constraints, IoT devices may suffer
from severe hardware impairments [6].

In addition, low-cost chips with low-capacity flash are
equipped in IoT devices, of which the memory and computing
resources are highly limited, and thus most existing estimation
schemes can be intractable due to their heavy computation
loads [7]. Besides, the low power constraint of IoT devices
implies that the receiver generally works in the low and
medium signal-to-noise (SNR) regions, which leads to severe
noise impact and large estimation bias [8]. Therefore, these
limitations make the corresponding hardware impairment es-
timation highly challenging.

Besides the individual effect of each hardware impair-
ment, the coupling effects between them make the joint
estimation task even more challenging [9]. We take CFO
and IQ imbalance as an example. CFO is caused by the
frequency deviation of oscillators, which introduces inter-
carrier interference and leads to estimation bias of signal
detection and demodulation [10, 11]. IQ imbalance is caused
by the imperfect mixers of low-cost down-convertor receivers,
which introduces mirror interference and incomplete image
rejection [12]. When CFO and IQ imbalance coexist, the inter-
carrier interference caused by CFO introduces extra phase and
amplitude mismatches in I- and Q-branches, which causes a
large estimation bias in IQ imbalance estimation [13]. Also,
the mirror interference caused by IQ imbalance introduces
extra carrier frequency deviation, which breaks the phase
inconformity in CFO estimation [14, 15]. Hence, conventional
estimation methods focusing on single hardware impairment
may not be suitable when the coupling effects are severely
amplified in the low-performance radio frequency components
in NB-IoT.

The existing joint estimation of multiple hardware impair-
ments methods can be roughly classified into blind meth-
ods and data-aided ones. Blind methods utilize null sub-
carriers [16], constant modulus subcarriers [17], cyclic pre-
fix (CP) [18], and redundant information of multiple an-
tennas [5] to exploit the high-order statistical features in
both the time and frequency domains. They usually apply
grid search procedures or high-order polynomial rooting al-
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gorithms, which jointly process a large number of OFDM
symbols for feature extraction and cause high computational
complexity [19].

Data-aided methods have lower computational complexity
and higher estimation accuracy as compared to blind ones
as they can exploit the inconformity between the transmitted
and the received pilot sequences. Data-aided methods can be
further classified into one-shot methods [20-26] and iterative
methods [27-30]. One-shot methods adopt a serial estimation
framework, where the impairment parameters are estimated
sequentially in a predefined order. They usually achieve ex-
tremely low computational complexity but suffer from a high
estimation bias as they usually neglect the coupling effect-
s between different hardware impairments. While iterative
methods can achieve high estimation accuracy by applying the
alternative optimization algorithm, which iteratively updates a
single hardware impairment parameter according to the latest
estimation of other parameters. However, iterative methods
are of high computational complexity as they usually perform
iterative matrix inversion calculations. Therefore, it has be-
come a challenging jointly task to estimate multiple hardware
impairments with low computational complexity.

Recently, deep learning (DL) has drawn much attention
in the study of wireless communications. The associated
neural network can directly extract features from raw data
without giving rigid mathematical models [31]. In the physical
layer, DL methods have exhibited impressive performance
improvement as compared to the conventional methods based
on mathematical models and classical optimization algorithms,
especially for scenarios where there are a variety of influenc-
ing factors that cannot be described in analytical forms [32].
Specifically, deep neural network (DNN)-based signal detec-
tors have been proposed to compensate for hardware impair-
ments, including the CFO, the IQ imbalance, and the nonlinear
distortion caused by power amplifiers and clipping [33-36],
and also for multiple hardware impairments [37,38]. These
methods are purely data-driven methods without using any
prior knowledge of the considered hardware impairments [39],
however, they need a neural network with a huge number of
parameters, which suffers from heavy computational burden.

In this article, we design a parallel multi-task learn-
ing (MTL) estimator to jointly estimate CFO and IQ imbal-
ance in NB-IoT systems. Specifically, we introduce MTL to
address the coupling effects and the noise impact, and utilize
a parallel structure and a sliding window scheme to reduce
the network complexity. Our main contributions are fourfold
as below.

e We introduce MTL to extract the correlated features
of both CFO and IQ imbalance, which can efficiently
address the coupling effect and average the task-specific
noise patterns.

e We develop a parallel structure in the design of the
proposed estimator, which greatly reduces the number
of parameters of the neural network and thus decreases
the computation complexity in both the training and
inference phases.

e We design a sliding window technique to reduce the input
dimension of each MTL subnetwork by using the prior
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knowledge of CFO and IQ imbalance, which can highly
accelerate the convergence speed of the training phase.

e Numerical results show that the proposed parallel MTL

estimator can effectively address the coupling effect with
short pilot sequences, and achieves higher estimation
accuracy than conventional methods in typical SNR re-
gions of IoT devices. Also, the proposed parallel MTL
estimator can reduce the computation time as compared
to iterative methods and the single MTL method.

The remainder of this paper is organized as follows. In
Section II, we review the related works. Section III illustrates
system model. In Section IV, we give our proposed MTL
estimator in detail. Section V includes numerical results and
discussions. Section VI is the conclusion of this work.

Notations: Throughout this paper, we use boldface upper-
case letters, boldface lowercase letters, and lowercase letters
to denote matrices, column vectors, and scalars, respectively.
X*, X7, X', and |X| correspond to the complex conjugate,
the transpose, the transpose-conjugate, and modulus of X,
respectively. Re(X) and I'm(X) represent the real and the
imaginary parts of X, respectively. Pr(-) and max[-] denote
the probability and the maximization operation, respectively.

II. RELATED WORK
A. Data-Aided Methods

Data-aided methods can be roughly classified into one-shot
methods and iterative methods. One-shot methods infer all
hardware impairments by a predefined order, and most of them
only consider CFO and the receiver IQ imbalance, where the
transmitter IQ imbalance is assumed to be perfectly calibrated
before signal transmission [13]. The time-domain estimator
proposed in [20] adopts three consecutive pilot sequences to
estimate CFO and the receiver IQ imbalance, which aims
to minimize the estimation bias. The frequency-domain esti-
mator proposed in [21] aims to deal with tiny CFO, which
achieves extremely low computational complexity. In [22],
a novel generalized periodic pilot technique is proposed,
which utilizes multiple periodic OFDM symbols to improve
the estimation accuracy. However, the spectral efficiency is
reduced. The least square (LS) estimation method proposed
in [23] improves the spectral efficiency, which needs only
two repetitive short pilot sequences and achieves extremely
low computational complexity.

The transmitter IQ imbalance can be estimated at the
receiver as well, which however, requires extra pilot sequences
and specific pilot architectures to avoid the impact of channel
fading [24]. Hence, it may result in low spectral efficiency.
To increase the spectral efficiency, the generalized periodic
pilot schemes are proposed in [25] and [26]. The former
extends the effective estimation range of CFO by using three
pilot sequences. The latter further improves the IQ imbalance
estimation accuracy by using five long pilot sequences, each
of which consists of two OFDM symbols with 256 subcarriers
in the frequency domain.

Iterative methods iteratively estimate the parameters of one
hardware impairment by fixing the latest estimation of the oth-
er hardware impairments [27]. An expectation maximization-
based iterative estimator is developed in [28], which obtains
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high estimation accuracy. However, this method has high
computational complexity and low spectral efficiency since
it adopts a large number of pilot sequences and performs
iterative matrix inversion operations. The channel residual
energy (CRE) method is then proposed to improve the spectral
efficiency, which only requires one long pilot sequence [29].
The transmitter 1Q imbalance isolated estimator proposed
in [30] achieves an efficient trade-off between the estimation
accuracy and the computational complexity. In general, iter-
ative methods can effectively address the coupling effect but
suffer from heavy computation loads.

B. DL-Based Methods

The estimation performance of conventional data-aided
methods is highly limited by the computing and radio re-
sources, which motivates DL-based methods. DL methods
utilize a specific neural architecture to implicitly compensate
for hardware impairments [31]. In [33], a DL-based receiver is
developed based on a fully-connected (FC) DNN, which can
implicitly compensate for the non-linear distortions caused
by the clipping operation. However, the FC structure leads
to high computational complexity. A low-complexity serial
architecture that combines the conventional LS algorithm and
zero-forcing algorithm is proposed in [34], which can achieve
comparable bit error rate performance with fewer network
parameters. In [35], an end-to-end transceiver is developed,
which implicitly compensates for single hardware impairment,
including the CFO and IQ imbalance. A DenseNet-based
receiver is proposed in [36] to achieve a lower end-to-end
processing time delay and bit error rate.

In addition, DL methods can also be utilized to compensate
for multiple hardware impairments. In [37], a parallel CNN-
based network for joint channel estimation and signal detec-
tion is proposed, which can directly recover the transmitted
signals from the received signals when both CFO and 1Q im-
balance exist. In [38], a DNN is embedded into a conventional
linear minimum mean square estimator, which can accelerate
the joint estimation of phase noise and IQ imbalance.

C. MTL Technique

MTL is a supervised learning paradigm that aims to learn
multiple tasks simultaneously. The MTL model usually con-
sists of feature extraction networks and task-specific networks,
which are utilized to learn correlated features and achieve
task-specific objectives, respectively [40]. The design of the
feature extraction networks is the most essential part of MTL,
which can be roughly classified into hard and soft parameter
sharing. For the hard parameter sharing paradigm, all tasks
share the same feature extraction network, which significantly
reduces the training costs and improves the training efficien-
cy [41]. For the soft parameter sharing paradigm, the multiple
feature extraction networks of different tasks are different,
while at the same time, appropriate regularization techniques,
such as LS and minimum mean square error, are introduced
to encourage their network parameters to converge to similar
levels [42].
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The feature extraction network can learn to extract the
inherent correlations between different tasks, which are for-
warded into task-specific networks as shared input. In return,
the task-specific networks force the feature extraction network
to learn the representations that all tasks prefer, which signifi-
cantly improves the generalization performance [43]. Besides,
the training process for all networks shares the same loss func-
tion, which can average the task-specific noise patterns and
reduce the estimation bias [44]. Owing to such advantages,
MTL has shown superior performance compared to single
neural networks in addressing multiple related tasks and thus
has been widely utilized in the field of image recognition, text
classification, and advertising recommendation [45].

III. SYSTEM MODEL

Consider an OFDM system with K subcarriers and CP
length G. Denote s € CX and H as the original time-domain
signal at the transmitter and the circulant channel matrix with
the size of K x K, respectively, where the first column of H
is [R(0) -+ (L) 0 --- 0]T and L < G [29]. If there is no
hardware impairment, the received signal r is given by

r=Hs+n, (D

where n represents the additive white Gaussian noise.

Now suppose that there is transmitter 1Q imbalance, and ¢,
and ¢, indicate the amplitude and phase mismatches between
the IQ mixers of the transmitter, respectively [29]. The cor-
responding transmitter IQ imbalance impairment parameters
are defined as

1 _j¢t
= e 2)
2
and
1- —Jjb¢
Vi = % 3)

representing the degrees of the signal distortion and the image
interference, respectively. With the transmitter IQ imbalance,
the transmitter signal is given by

S = HS + VtS*, (4)
and the received signal is given by
r=HS+n. (5)

We denote A f as the frequency shift between the transmit-
ter and the receiver, and f as the subcarrier bandwidth. Thus,
the normalized CFO is given by [5]

Af
0=—. (6)
f
For the k-th subcarrier, the phase rotation ey, is given by
e = ej?ﬂ'@(k+G—1)/K. (7)
Hence, the received signal with CFO is given by
I‘, = ng‘
- ®)
= E@HS +1n,

where Ey = diag(ey, ea, -+, ex) indicates the phase rotation
matrix.
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Now suppose that there is the receiver IQ imbalance, and ¢,
and ¢, represent the amplitude and phase mismatches between
IQ mixers of the receiver, respectively [29]. The corresponding
receiver 1Q imbalance impairment parameters are defined as

1+e.e79%r
Lot )
a 2
and
— _j¢r
v, = }4412f3444,7 (10)
2

representing the degrees of the signal distortion and the image
interference, respectively. With the receiver 1Q imbalance, the
received signal is given by

(1D

By substituting (4) and (8) into (11), the received pilot
sequence T with all impairments is rewritten as

" A I
"’ =p, v’ + v’

v’ =p, [EgH(juss + v48*) + n] (12)

+ v [EgH(ugs + 148™) + n]”,
To simplify the notations, we define two complex parameters
for the IQ imbalance [26]

e 2 13
a=—,
" (13)
and
v,
Be—, 14
pr (9
and one equivalent channel matrix
H 2y, H. (15)
By substituting (13), (14), and (15) into (12), we have
v’ =(EgH(s + as™) +n
(Eofi(s +as") + ) 6

+ B(Egﬁ(s +as*)+n)”,

and the joint estimation of CFO and IQ imbalance can be
formulated as

Pr(r=r" 17
gnmé r(r=1"s), (17

which maximizes the conditional probability of r = r”” when
s is known by optimizing the values of 8, «, and f.

IV. PARALLEL MTL ESTIMATOR

The proposed parallel MTL estimator consists of a data
dimension reduction module, multiple MTL subnetworks, and
an addition layer, as illustrated in Fig. 1. The data dimension
reduction module utilizes a sliding window to divide the
original feature sample into 7' input samples, which are
then forwarded into 7' parallel MTL subnetworks. These
subnetworks share the same architecture, which consists of
a shared CNN for feature extraction and three FC networks
for parameter estimation. In addition, these subnetworks share
the same network parameters. Through the subnetworks, we
obtain 7" groups of estimated results, which are then averaged
in the addition layer to give the final output. The remainder of
this section details the design principle, the training process,
and the corresponding advantages.
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Fig. 1. Architecture of the proposed parallel MTL estimator.

A. Original Samples

First, we generate N,, N,, and N; original samples for
training, validation, and test datasets, respectively. Each origi-
nal sample consists of a feature sample I and a corresponding
label y;. Each feature sample I is comprised of p consecutive
pilot sequences, including the transmitted and received signal,
given by

[ Re(S11)  Im(Si,1) ]

Re(RLl) Im(RLl)

Re(Six)  Im(Six)

RB(RLK) Im(RLK)

I= : : , (18)

Re(Sp,l) Im(Sp,l)

RG(RPJ) Im(Rp,l)

Re(Spx)  Im(Sy.x)
-Re(Rp7K) ]m(Rp,K)_

where S and R correspond to the frequency-domain signals
of s and r”, respectively. The label y; corresponds to the CFO
parameter 6 and IQ imbalance parameters « and 3, defined
by

yi = (95 RG(OZ), Im(a)7 Re(6)7 Im(ﬂ))
Note that the dimension of the original feature sample is

positively correlated with the pilot length, which is usually too
large for the input of neural networks. Hence, it is necessary

19)

Authorized licensed use limited to: Nanjing University. Downloaded on February 13,2023 at 06:29:23 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/J10T.2022.3228292

to reduce the input dimension.

B. Dimension Reduction

we develop a sliding window to reduce the input dimension
of the MTL subnetwork, as shown in Fig. 1, where the
original feature sample I is divided into T" smaller input blocks
{X¢}t=1,2,...7, while the corresponding label y; remains un-
changed. The window size is given by L, x 2, where the
window length and width are L,, and 2, respectively. We adopt
a window width of 2 to guarantee that both the real and the
imaginary parts of an original feature sample are scanned. The
window length L,, is a hyperparameter, which is related to the
training efficiency, computational complexity, and estimation
accuracy of the MTL subnetwork. As a hyperparameter, the
optimal value of window length L., is determined by trial and
error.

IQ imbalance leads to both signal distortion and image
interference. To infer the IQ imbalance parameters, each
input sample must include at least one pair of conjugated
subcarriers. Note that the (% +1)-th subcarrier conjugates with
itself. Thus, as long as the input sample includes the (4-+1)-th
subcarrier, the IQ imbalance parameters can be successfully
estimated. Hence, considering that the input sample should
include both transmitted and received signals, the low bound
of the window size is given by

K
Ly22x (5 +1)=K+2 (20)

CFO causes consecutive phase shift between adjacent sub-
carriers, which implies that CFO is positively related to the
subcarrier intervals. To infer the CFO parameter, each input
sample is required to keep the same length to guarantee
that the shifts of all input samples are the same, and the
subcarriers of each input sample should be consecutive. These
two requirements are naturally satisfied by using a sliding
window. Hence, the upper bound of the window length L,, is
given by

Ly, < 2pK, 1)

where 2pK is the length of the original feature sample.
We denote L as the sliding step. Thus, the number of input
blocks is given by
K —
2pK = L
Ls

where |-| indicates rounding down operation.

T=| 1, (22)

C. MTL Subnetwork

We introduce multiple MTL subnetworks in the proposed
estimator, which share the same architecture and network
parameters. Hence, only one set of network parameters is
required to be trained during the offline training phase, which
significantly reduces the training cost.
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Fig. 2. Architecture of the subnetwork.

1) Architecture: We adopt the hardware parameter sharing
paradigm for the MTL subnetwork design to extract the
features of different estimation task. As compared to the
soft parameter sharing paradigm, it has much less training
parameters and highly reduces the training cost. The designed
MTL subnetwork consists of a shared one-dimensional CNN C
and three FC networks {D; },-1 2 3, as illustrated in Fig. 2. The
shared CNN is comprised of N¢ repeated feature extraction
blocks, which learn to extract the inherent correlation between
different tasks according to the input sample X;. All feature
extraction blocks reuse the same layer structure, including
two convolutional layers, one batch normalization layer, one
activation layer, one addition layer, and one pooling layer.
Each block is designed based on the basic architecture of
ResNet to avoid the gradient vanishing problem. The kernel
size is set to be different for different convolutional layers
to improve the diversity of the receptive fields, which helps
to extract features embedded in different parts of the input
signal. These blocks output the correlated features, which are
then forwarded into the following FC networks.

The FC networks D1, Dy and D3 are trained to infer the
CFO parameter 6, the transmitter IQ imbalance parameter «,
and the receiver IQ imbalance parameter /3, respectively. For
a given input sample X;, the corresponding outputs of Dy,
D5 and D3 are denoted by 6;, o and [, respectively. Note
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that a; and (3; are complex numbers, thereby we assign two
neurons for the output layers of Dy and D3 to match their real
and imaginary parts separately. By concatenating the outputs
of all FC networks, the output of the MTL subnetwork can
be written as

yvi = (0, Re(aw), Im(ay), Re(B:), Im(5)). (23)

2) Loss Function: The MTL subnetwork is trained based
on a specifically designed loss function based on the minimum
square error (MSE) function

L iy v
MSE=— ) |yi -y/'l"

Ny 2V l
where N, and (-)" stand for the batch size and the n-th
sample of the batch. The proposed loss function is related
to the estimation tasks of the CFO, the transmitter, and the

receiver 1Q imbalance, of which the MSEs are given by

(24)

1 My

Lo=—
Nb n=1

(v - i), (25)

1 N

3
_ no_,n 2
Ea = 2N, Z Z(yt,z yl,z) )

n=11¢=2

(26)

and
1 N5

Ls==—Y Y-k

27
2Nb n=14¢=4

respectively.

According to Egs. (25), (26) and (27), the general loss
function is given by

£:£9+)\(£a+£,@). (28)

Note that the hardware impairment parameters 6, « and (8
are on different orders of magnitude, which may lead to the
overfitting problem. Thus, we introduce a parameter A\ to
weight the general loss function, where A is a hyperparameter
and its optimal value is determined by trial and error.

3) Training: The MTL subnetwork training consists of
a forward propagation phase and a successive backward
propagation phase. During the forward propagation phase, the
neural network calculate the average loss of each mini batch
according to equation (28). During the backward propagation
phase, the subnetwork updates the weight parameters by using
the mini-batch gradient descent algorithm. Denote W and
W, as the network parameters for the shared CNN and the
i-th FC network, respectively. The gradient direction of the
FC network D; is given by

VW, = 0L/0OW,, (29)

which can be calculated according to the chain rule. The
gradient direction of the CNN C is given by

3.0 1
We-y2& 1
VWe =2 oW owe

(30)
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Based on (29) and (30), the subnetwork parameters can be
updated according to

Wi =We -nVWe,

f 3D
W, =W, -nvW,,

where W¢, and W/ are the updated network parameters for
the shared CNN and the ¢-th FC network, respectively, and 7
is the learning rate.

D. Addition Layer

The addition layer is utilized to average the outputs of
all subnetworks. As shown in Fig. 1, each original sample
I is divided into T input samples {X;};—1 .. in the data
dimension reduction module. The input samples are then
forwarded into T parallel MTL subnetworks, where the t-
th MTL subnetwork executes the estimation procedure with
the input sample X; and outputs estimation result y;. Finally,
the estimation results {y;}¢-1,2,... are added with the weight
parameter 1/T', and thus the final estimation result ¥ is given
by

1 T
==y (32)
t=1
Since each subnetwork is considered to perform an indepen-
dent sampling and estimation process, the final estimation bias
can be significantly reduced by taking the average value as the

final output.

]

E. Complexity Analysis

The complexity of the subnetwork is measured by floating-
point operations (FLOPs), which is mainly related to the
convolutional and dense layers as other layers, such as the
normalization, the addition, and the pooling layers are several
orders of magnitude lower than the convolutional and dense
layers [39]. For convolutional layers, the complexity of the
I-th layer is (2C;_1 M;—1)W,C}, where W/ is the input width,
M; is the kernel size, C;_; and Cj represent the number of
channels for the (I — 1)-th and I-th layers, respectively. For
dense layers, the complexity is given by (2/V;_; —1)N;, where
Nj_1 and N; are the input and output dimensions, respectively.
Thus, the overall complexity of the proposed network is given
by

Nc 2 Np
F=3 Y20 M; - 1)W,Ci + 33 (2N, - )N, (33)
1 i=1 =1
where Np is the number of the hidden layers in each FC
network.

V. NUMERICAL RESULTS

We consider the downlink of a NB-IoT system, where the
subcarrier interval is f = 15 kHz, the number of subcarriers
is K = 12, and the modulation scheme is quadrature phase
shift keying [3]. We utilize p = 4 equal pilot sequences,
each of which occupies 12 subcarriers. Hence, the dimen-
sions of the original feature sample are 96 x 2. The pilot
sequence is randomly generated to improve the generalization
performance [29,30]. The 6-path channel model suggested
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TABLE I
LAYER SETTING FOR THE SHARED CNN

TABLE II
LAYER SETTING FOR FC NETWORKS

by COST 207 is selected, of which the propagation de-
lays are [0,0.1,0.2,0.3,0.4,0.5] us, the power attenuation-
s are [0,-4,-8,-12,-16,-20] dB, and the user speed is
1.5 m/s [46]. The impairment parameters for the training
samples are randomly selected from 6 € [-0.75,0.75], e /e, €
[0.8,1.2], and ¢;/¢, € [-0.35,0.35] to represent the hardware
imperfection of typical IoT devices [6].

We generate N = 2 x 10%, N, =1 x 103, and N, = 1 x 103
original samples for training, validation and test datasets,
respectively. The length of the sliding window is L,, = 48 and
the sliding step is Ls = 1. Thus, original input can generate
T =49 parallel inputs for the MTL subnetworks. The shared
CNN and FC networks consist of N¢ = 4 feature extraction
blocks and Np = 5 dense layers, respectively. We adopt the
Adam optimizer, where the mini-batch size, the learning rate,
and the exponential decay rates are Ny = 128, n = 1 x 1074,
and (0.999,0.9) for the initial training, respectively. For the
finetuning, the learning rate is set as 7 = 8 x 107°. The
hyperparameter in the loss function is set as A = 0.1.

We compare the proposed parallel MTL estimator with
existing methods in terms of estimation accuracy, ability to
address coupling effect, symbol error rate (SER) performance,
and average computation time. Specifically, we consider the
serial estimator [21], the CRE method [29], the isolated
transmitter (IsoTx) method [30] as the baselines. In addition,
we show the performance of a single MTL to validate the
effectiveness of the proposed parallel MTL structure, of which
the network parameters are detailed in Table. I and Table. II.
According to these settings, the total FLOPs of the single
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Convolutional 96 x 128, kernel = 1 48 x 96, kernel = 1 Dense 100 100 RelLLU
Convolutional 96 x 128, kernel = 16 48 x 96, kernel = 8 Dense 100 100 RelLU
Normalization 96 x 128 48 x 96 Dense 25 25 ReLU
ReLU 96 x 128 48 x 96 Dense 2 2 ReLU
Addition 96 x 128 48 x 96 Dense 1 1 Linear
Pooling 48 x 128 24 x 96 Subnetwork D2 and Dsg

Feature Extraction Block 2 Dense 100 100 ReLU
Convolutional 48 x 64, kernel = 1 24 x 64, kernel = 1 Dense 100 100 ReLLU
Convolutional 48 x 64, kernel = 8 24 x 64, kernel = 8 Dense 25 25 ReLLU
Normalization 48 x 64 24 x 64 Dense 2 2 ReLLU
ReLLU 48 x 64 24 x 64 Dense 2 2 Linear
Addition 48 x 64 24 x 64
Pooling 24 x 64 24 x 64
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Normalization 12 x 64 12 x 24 g
ReLU 12 x 64 12 x 24
Addition 12 x 64 12 x 24
Flatten 256 256
Dense 400 400
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Fig. 3. MSE of CFO parameter 0 against different SNRs.

MTL method and the proposed parallel MTL method are
30 million and 5 million, respectively. Besides, the proposed
parallel MTL estimator achieves faster convergency than the
single MTL method, of which the convergence epochs are
around 200 and 1500, respectively.

A. Estimation Accuracy

In Fig. 3, we show the MSE of CFO parameter 6 against
different SNRs, where the impairment parameters are set as
0 =02 ¢ =¢ =11, and ¢; = ¢, = 0.18, and the SNR
varies from 0 dB to 30 dB. As we can see, the proposed
parallel MTL estimator achieves the lowest MSE as compared
to other methods in the low and medium SNR region of
[0,20] dB. As the proposed estimator applies the weighted
loss function to average the task-specific noise patterns, the
noise impact is relieved and thus the estimation accuracy is
improved. While the conventional methods neglect the noise
impact, which leads to severe performance degradation in the
low and medium SNR regions.

In the high SNR region of [20, 30] dB, the MSE of the serial
method flattens as it neglects the impact of IQ imbalance on
CFO estimation and thus cannot address the coupling effect.
The MSEs of the IsoTx and the CRE methods keep decreasing
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Fig. 4. MSE of 1IQ imbalance parameters against different SNRs: a) MSE
of the transmitter IQ imbalance parameter «; b) MSE of the receiver 1Q
imbalance parameter (.

as they can address the coupling effect by using the alternative
optimization. The MSEs of the single MTL method and the
proposed multiple MTL estimator also keep decreasing as they
can alleviate the coupling effect by using the feature extraction
blocks to extract the correlated features between CFO and
IQ imbalance. Besides, the proposed parallel MTL estimator
achieves lower MSEs than the single MTL in all SNR regions
as it utilizes prior knowledge of CFO and IQ imbalance
to reduce the input dimension, which further improves the
training efficiency and the estimation accuracy.

In Fig. 4(a), we show the MSE of the transmitter 1Q
imbalance parameter « against different SNRs for all methods
except for the serial method, as it only considers the CFO
and the receiver 1Q imbalance. The hardware impairment
parameter settings are the same as in Fig. 3. As we can
see, the proposed parallel MTL estimator achieves the lowest
MSE as compared to other methods in the low and medium
SNR region of [0,20] dB. As the proposed estimator applies
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Fig. 5. MSE of CFO parameter 6 against different IQ imbalance degrees.

the weighted loss function to average the task-specific noise
patterns, the noise impact is relieved and thus the estimation
accuracy is improved. While other methods neglect the noise
impact, which further improves the training efficiency and
the estimation accuracy. Besides, the proposed parallel MTL
estimator achieves lower MSE than the single MTL method
in all SNR regions as it utilizes prior knowledge of CFO and
IQ imbalance to reduce the input dimension, which further
improves the estimation accuracy.

In Fig. 4(b), we show the MSE of the receiver IQ imbalance
parameter 3 against different SNRs for all methods, where
the hardware impairment parameter settings are the same
as in Fig. 3. As we can see, the proposed parallel MTL
estimator achieves the lowest MSE as compared to other
methods in the low and medium SNR region of [0,20] dB
and outperforms the single MTL method in all SNR regions
for the similar reason given in Fig. 4(a). In the high SNR
region of [20,30] dB, the MSE of the serial method flattens
while the MSEs of the other methods keep decreasing for the
similar reasons given in Fig. 3.

B. Coupling Effect

In Fig. 5, we show the impact of the coupling effect by
presenting the MSE of CFO parameter € as a function of 1Q
imbalance. The hardware parameters are set as 6 = 0.2, ¢; =
€ = 1+0.150, and ¢; = ¢, = 0.156, where § € [0, 1] stands for
the degree of 1Q imbalance. The SNR is fixed at 15 dB. As we
can see, the MSE of the serial method increases dramatically
with IQ imbalance degrees since it cannot address the coupling
effect. The MSE of the CRE method increases slightly with
the increase of the IQ imbalance as it can address the coupling
effect by using the alternative optimization. The IsoTx method
shows better performance than the CRE method and the MSE
keeps unchanged when the IQ imbalance increases since it
executes more iterations to minimize the coupling effect.
The proposed parallel MTL estimator and the single MTL
method can also address the coupling effect as they can utilize
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Fig. 6. MSE of IQ imbalance parameters against different CFO degrees: a)
MSE of the transmitter IQ imbalance parameter a; b) MSE of the receiver
IQ imbalance parameter 5.

the shared feature extraction blocks to extract the correlated
features between CFO and IQ imbalance. Hence, they provide
similar performance as iterative methods. In addition, the MSE
of the proposed parallel MTL estimator is flatter than that of
the single MTL method as it applies a parallel structure to
average all outputs of the multiple MTL subnetworks, which
further decreases the estimation bias.

In Fig. 6(a), we show the MSE of the transmitter 1Q
imbalance parameter « against different CFOs for all methods
except for the serial method since it only considers CFO and
the receiver 1Q imbalance. The impairment parameters are set
as 0 € [-0.5,0.5], €, = € = 1.1, and ¢; = ¢, = 0.18, while
SNR is fixed at 15 dB. As we can see, the MSE of the IsoTx
and the CRE methods is much higher than the single MTL
method and the proposed parallel MTL estimator when CFO
is small. For the IsoTx and the CRE methods, it is difficult
to estimate 6 accurately or eliminate the residual CFO when
the impact of CFO is relatively small as compared to the 1Q
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imbalance, which deteriorates the estimation accuracy of a.
Thus, their MSEs of « decrease with CFO degrees. While the
single MTL method and the proposed parallel MTL estimator
achieve low MSE of « for any level of 6 for the similar reason
given in Fig. 3. In addition, the MSEs of our proposal and the
single MTL method are lower and flatter, and our proposal
outperforms the single MTL method for the similar reason
given in Fig. 5.

In Fig. 6(b), we show the MSE of the receiver IQ imbalance
parameter [ against different CFO degrees. For the serial
method, the MSE remains high for all CFOs since it cannot
effectively address the coupling effect due to the same reason
as that of Fig. 4. For the IsoTx and the CRE methods, the
MSE of (3 decreases dramatically when || varies from 0 to
0.2 and slowly when |f| > 0.2 for the similar reason given
in Fig. 6(a). For the single MTL method and the proposed
parallel MTL estimator, they achieve low MSE of /3 due to the
same reason in Fig. 3, and the latter show better performance
than the former for the similar reason given in Fig. 5.

C. Symbol Error Rate

In Fig. 7, we show the symbol error rate (SER) against
different SNRs, where the hardware impairment parameter
settings are the same as in Fig. 3. The ideal case with
perfect estimation and compensation is also included as the
baseline. For the considered estimation methods, we employ
the LS algorithm and the zero-forcing algorithm for channel
estimation and signal detection, respectively [47]. As we can
see, the proposed parallel MTL estimator obtains the lowest
SER as compared to other methods in low and medium SNR
regions [0,20] dB since the impairment parameter estimation
accuracy increases with SNR as shown in Fig. 3 and Fig. 4.
In the high SNR region of [20,30] dB, the parallel MTL
estimator and the CRE method have similar performance,
which is still significantly better than the other methods.
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D. Computation Time

In Fig. 8, we compare the computation time using the
Windows server with the Intel Core i7 central processing
unit (CPU). All results are averaged by 1000 Monte Carlo
simulations. The average computation time for the serial, the
CRE, the IsoTx, the single MTL and the proposed methods
are 25 us, 400 ps, 200 ps, 190 ups, and 55 us, respectively.
The serial method is a one-shot method, which only performs
several simple algebraic operations with low computational
complexity and thus obtains the lowest computation time. The
CRE and the IsoTx methods are iterative methods, which
require several iterations for convergence, and thus leads
to large processing delays. Our proposal achieves a short
computation time since the data dimension reduction module
is utilized to reduce the computational complexity, and thus
the online computation time is also reduced, which is better
than the IsoTx, the CRE and the single MTL methods.

Moreover, the proposed parallel MTL estimator can be
further accelerated by using parallel processors, such as
graphic processor units (GPUs), owing to its natural parallel
architecture. Note that the conventional methods cannot be
accelerated by the parallel computation capability of GPUs
since they adopt either a serial or an alternative framework.
When the estimator is deployed on the Nvidia RTX 2060
GPU, the computation time can be reduced to 10 yus.

VI. CONCLUSION

In this paper, we have proposed a parallel MTL estimator
to jointly estimate CFO and IQ imbalance in NB-IoT systems.
Specifically, the specific structure of the MTL can utilize
the correlation between CFO estimation and IQ imbalance
estimation, which highly reduces the coupling effect and noise
impact. In addition, the parallel structure and the sliding
window scheme can effectively reduce the network complexity
and decrease the estimation bias. Numerical results show
that the proposed parallel MTL estimator can address the
coupling effect with short pilot sequences and achieves higher
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estimation accuracy than conventional methods in typical SNR
regions of IoT devices. Also, the proposed parallel MTL
estimator can reduce the computation time as compared to
iterative methods and the single MTL method.
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