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Abstract—In orthogonal frequency division multiplex-
ing (OFDM) systems, carrier frequency offset (CFO) and
in- and quadrature-phase (IQ) imbalance are two critical
hardware impairments that may lead to severe amplitude
and phase mismatches and therefore greatly degrade the
demodulation performance. Due to the noise impact and the
coupling effects between different hardware impairments, it is
considered to be highly challenging to perform joint estimation
of CFO and IQ imbalance. In this paper, we propose a novel
multi-task learning-based hardware impairment estimation
network (HIENet) to simultaneously estimate the CFO and IQ
imbalance in OFDM systems. The proposed HIENet can address
the noise impact by averaging the task-dependent noise patterns
and overcome the coupling effects by extracting correlated
features from different estimation tasks. Numerical results show
that the proposed HIENet can achieve comparable estimation
accuracy to conventional one-shot and iterative methods, while
at the same time having the smallest computation time.

Index Terms—Carrier frequency offset, hardware impairment
estimation, IQ imbalance, multi-task learning.

I. INTRODUCTION

Orthogonal frequency division multiplexing (OFDM) is a

fundamental physical layer technology of modern wireless

networks. Although OFDM system achieves high spectral effi-

ciency, its practical performance is limited by radio-frequency

hardware impairments, including carrier frequency offset (C-

FO), in- and quadrature-phase (IQ) imbalance, phase noise,

etc [1]. These impairments can jeopardize the orthogonality

between subcarriers by introducing signal distortion and phase

shift, and therefore cause severe inter-subcarrier interference.

Thus, it is of great importance to estimate and compensate for

these hardware impairments.

Due to the coupling effect between different hardware

impairments, joint estimation of CFO and IQ imbalance

is considered to be a challenging task [2]. The existing

methods can be roughly classified into two categories: one-

shot method and iterative method. The former, such as IQ-

CFO-FD [3], is developed by using a sequential estimation

framework, where different hardware impairments are esti-

mated sequentially according to a predetermined order. The

This work was partially supported by the National Natural Science Foun-
dation of China under Grants 61931023 and U1936202.

one-shot method achieves low computational complexity but

suffers from high estimation bias as the estimation accuracy

of one type of hardware impairment can be highly affected by

the existence of other hardware impairments. To address the

coupling effect, an iterative method using the channel residual

energy (CRE) technique is proposed [4]. It performs iterative

matrix inversion calculation to search for the optimal param-

eter combination for the considered hardware impairments,

which results in high computational complexity. To balance

the estimation accuracy and the computational complexity,

the IsoTx method is proposed [5]. However, IsoTx requires

a large number of pilot resources, which may decrease the

overall spectral efficiency. Therefore, it is considered to be

difficult for conventional methods to achieve high estimation

accuracy while keeping low computational complexity [6].

Recently, deep learning (DL) methods have drawn much

attention in signal processing as they can extract effective

features from raw data without well-defined mathematical

models [7]. This property makes them highly efficient to

deal with problems without an analytical form [8]. In fact,

the DL-based signal processing method has shown superior

performance to the conventional model-based ones in the p-

resence of severe hardware impairments [9]–[11]. In addition,

DL methods can be utilized to accelerate the computation

of conventional signal processing methods by exploiting the

parallel structure of deep neural networks [12], [13]. As far

as the authors have known, hardware impairment estimation

has not been thoroughly studied in the context of DL.

In this paper, we develop a DL-based hardware impair-

ment estimation network (HIENet) using a multi-task learn-

ing (MTL) paradigm. The network is comprised of a shared

one-dimensional convolutional neural network and multiple

task-specific dense subnetworks, where the shared network is

dedicated to extracting commonly preferred representations,

and each subnetwork corresponds to the estimation of a

specific hardware impairment. We design a feature extraction

and denoising (FED) block to construct the shared network,

which is able to address the overfitting and gradient vanishing

problems. Numerical results demonstrate that the proposed

HIENet achieves comparable estimation accuracy to the con-

ventional one-shot and iterative methods, while having the

smallest computation time.978-1-6654-3540-6/22/$31.00 © 2022 IEEE
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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
∗ and |X| correspond to the complex conjugate and modulus

of X, respectively.

II. SYSTEM MODEL

Consider an OFDM system with K subcarriers. We denote

by ǫt and φt as the amplitude and phase mismatches between

the I/Q mixers of the transmitter, ǫr and φr as the amplitude

and phase mismatches of the receiver, and θ as the normalized

phase shift due to the CFO.

Let s ∈ C
K denote the pilot signal in the time domain. The

transmit signal with transmitter IQ imbalance is then given by

s̃ = µts+ νts
∗, (1)

where µt and νt are the complex weights of pilot signal s and

image interference s∗, respectively, written as [5]

µt =
1 + ǫte

−jφt

2
, νt =

1− ǫte
−jφt

2
. (2)

The CFO introduces circular phase shifts for each subcar-

rier. For subcarrier k, the phase rotation is

ek = ej2πθ(k+G−1)/K , (3)

where G represents the cyclic prefix length [3]. Thus, the

received signal in the time domain with CFO is given by

r̃ = EθHs̃+ n, (4)

where Eθ = diag(e1, e2, · · · , eK) is the phase shift matrix,

H is the circulant channel matrix in the time domain, and

n ∈ C
K is the additive white Gaussian noise [4].

The received signal is then given by

r = µr r̃+ νr r̃
∗, (5)

where µr and νr are the complex weights of signal r̃ and

image interference r̃∗, respectively, given by [5]

µr =
1 + ǫre

−jφr

2
, νr =

1− ǫre
−jφr

2
. (6)

By substituting Eqs. (1) and (4) into (5), we have

r =µr[EθH(µts+ νts
∗) + n]

+ νr[EθH(µts+ νts
∗) + n]∗.

(7)

To simplify the symbols, we define

α ,
νt
µt

, β ,
νr
µ∗

r

, (8)

and an equivalent channel matrix

H̃ , µtµrH. (9)

Thus, Eq. (7) can be rewritten as

r =(EθH̃(s+ αs∗) + n) + β(EθH̃(s+ αs∗) + n)∗. (10)

The overall CFO and IQ imbalance estimation problem is

max
θ,α,β

Pr(r|s). (11)

Fig. 1. Architecture of the proposed HIENet.

III. HIENET FOR JOINT CFO AND IQ IMBALANCE

ESTIMATION

The HIENet based on MTL adopts a hard parameter

sharing paradigm to estimate CFO and IQ imbalance jointly.

In this section, we present the architecture of HIENet and

the corresponding training process. Besides, we analyze the

online computational complexity of HIENet and explain its

advantages in addressing the coupling effect and averaging

the noise impact.

A. Architecture

The architecture of HIENet is shown in Fig.1. As we can

see, it consists of a one-dimensional convolutional neural

network C and three dense subnetworks D1, D2, and D3.

The input X is a 2K × 2 matrix representing the real and

imaginary parts of both the original pilot s and the received
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signal r, given by

X =




Re(s1) Im(s1)
Re(r1) Im(r1)

...
...

Re(sK) Im(sK)
Re(rK) Im(rK)



. (12)

Input X goes through the network C, which consists of

NC FED blocks. These blocks have the same architecture,

including two convolutional layers, a batch normalization

layer, a ReLu activation layer, an addition layer, and a pooling

layer. The kernel size of the first convolutional layer is

equally given by 1 in all blocks. While the kernel size of

the second convolutional layer is given by Mn for any FED

block 1 ≤ n ≤ NC . The output of C is then forwarded to all

three subnetworks.

The subnetworks {Di}i=1,2,3 share the same architecture

consisting of ND fully-connected layers, while their outputs

constitute the final output yp, where yp,1 is the output of D1

representing the estimated θ, yp,2 and yp,3 are the output of D2

representing the estimated real and imaginary parts of α, and

yp,4 and yp,5 are the output of D3 representing the estimated

real and imaginary parts of β.

B. Loss Function

We consider a mini-batch with Nb samples and the n-

th sample is represented by (·)<n>. For any input X, the

corresponding label yl is comprised of the related hardware

impairment parameters, given by

yl = (θ, Re(α), Im(α), Re(β), Im(β)). (13)

We adopt the MSE criterion as below

MSE =
1

Nb

Nb∑

n=1

(y<n>
p − y<n>

l )2. (14)

The losses of different hardware impairments are then given

by

Lθ =
1

Nb

Nb∑

n=1

(y<n>
p,1 − y<n>

l,1 )2, (15)

Lα =
1

Nb

Nb∑

n=1

3∑

i=2

(y<n>
p,i − y<n>

l,i )2, (16)

and

Lβ =
1

Nb

Nb∑

n=1

5∑

i=4

(y<n>
p,i − y<n>

l,i )2. (17)

Note that θ, α and β are on different orders of magnitude,

which may lead to the overfitting problem. Thus, we introduce

two weighting parameters λ and γ to weight the general loss

function L, given by

L = Lθ + λLα + γLβ . (18)

C. Complexity

The computational complexity in DL is usually measured

by floating operations (FLOPs). For the l-th convolutional

layer of any FED block, the FLOPs are given by (2Cl−1Ml−
1)WlCl, where Wl is the width of the input feature map, Ml

is the kernel size, and Cl−1 and Cl are the channel numbers of

the (l−1)-th and the l-th layers, respectively. For the l-th fully

connected layer in any subnetwork {Di}i=1,2,3, the number

of FLOPs are given by (2Nl−1 − 1)Nl, where Nl−1 and Nl

present the input and the output dimensions, respectively. The

overall FLOPs are given by

F =

NC∑

1

2∑

l=1

(2Cl−1Ml − 1)WlCl + 3

ND∑

l=1

(2Nl−1 − 1)Nl.

(19)

D. Advantages

The estimation of θ, α and β can be treated as three

highly correlated tasks, for which the proposed HIENet shows

advantages in the following aspects.

• Bias Reduction: For joint estimation problems, the

coupling effect may highly decrease the individual es-

timation accuracy. In the proposed HIENet, independent

subnetworks {Di}i=1,2,3 force the shared network C to

give representations that are preferred by all estimation

tasks. Thus, the inherent correlation between CFO and

IQ imbalance can be utilized to extract common features,

which in return decreases the estimation bias and allevi-

ates the impact of the coupling effect [14].

• Noise Averaging: For classic DL methods, all estimation

tasks suffer from sample noise with different patterns,

which deviates the learned model from the ground truth.

In the proposed HIENet, the weighted loss function is

designed to learn multiple tasks simultaneously, which

averages the task-dependent noise patterns and enables

the model to learn more general representations [15].

Thus, it improves the estimation accuracy with noisy

samples.

IV. NUMERICAL RESULTS

We compare the performance of the proposed HIENet with

three classical hardware impairment estimation methods, i.e., a

one-shot estimation method, IQ-CFO-FD [3], and two iterative

methods, CRE [4] and IsoTx [5]. First, we compare the

estimation accuracy of θ, α and β with different SNRs using

normalized MSE (NMSE), given by

NMSE =
1

N

N∑

n=1

|y<n>
p − y<n>

l |2

|y<n>
l |2

, (20)

where N is the number of samples for online estimation.

Then, we show the coupling effect by presenting the CFO

(IQ imbalance) estimation performance as a function of the

level of IQ imbalance (CFO). At last, we measure the average

computation time on Intel i7 central processing unit and RTX

2060 graphic processing unit (GPU).
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TABLE I
LAYER SETTING FOR THE ONE DIMENSIONAL CNN

Type of layer Annotation Output size

FED Block 1
Convolutional Kernel = 1 128 × 128

Convolutional Kernel = 16 128 × 128

Normalization Power Normalization 128 × 128

ReLU Activation 128 × 128

Addition Add Convolutional layers 128 × 128

Pooling Pool Size = 4, Step = 2 64 × 128

FED Block 2
Convolutional Kernel = 1 64 × 64

Convolutional Kernel = 8 64 × 64

Normalization Power Normalization 64 × 64

ReLU Activation 64 × 64

Addition Add Convolutional layers 64 × 64

Pooling Pool Size = 4, Step = 2 32 × 64

FED Block 3
Convolutional Kernel = 1 32 × 64

Convolutional Kernel = 8 32 × 64

Normalization Power Normalization 32 × 64

ReLU Activation 32 × 64

Addition Add Convolutional layers 32 × 64

Pooling Pool Size = 4, Step = 2 16 × 64

FED Block 4
Convolutional Kernel = 1 16 × 64

Convolutional Kernel = 4 16 × 64

Normalization Power Normalization 16 × 64

ReLU Activation 16 × 64

Addition Add Convolutional layers 16 × 64

Flatten Tensor Conversion 256

Dense Activation = Linear 400

TABLE II
LAYER SETTING FOR SUBNETWORKS

Type of layer Annotation Output size

Subnetwork D1

Dense Activation = ReLU 100

Dense Activation = ReLU 100

Dense Activation = Linear 25

Dense Activation = Linear 2

Dense Activation = Linear 1

Subnetworks D2 and D3

Dense Activation = ReLU 100

Dense Activation = ReLU 100

Dense Activation = Linear 25

Dense Activation = Linear 2

Dense Activation = Linear 2

A. Parameter Setting

1) OFDM System: In the considered OFDM system, the

number of subcarriers is K = 64, the subcarrier frequency in-

terval is ∆f = 15 kHz, the cyclic prefix length is G = 16, and

the modulation scheme is quadrature phase-shift keying. We

adopt a 6-path channel model according to COST 207, where

channel propagation delays are [0, 0.1, 0.2, 0.3, 0.4, 0.5] µs

and power attenuations are [0,−4,−8,−12,−16,−20] dB.

2) Network Parameter: In HIENet, the number of FED

blocks is NC = 4, and the layer numbers of subnetworks

{Di}i=1,2,3 is ND = 5. The network parameters of FED

blocks and subnetworks are detailed in Table I and Table II,

respectively. The overall FLOPs are F = 75.7 million, and
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Fig. 2. NMSE of the CFO parameter θ against the SNR.

the memory usage is 29.6 MB. The numbers of training,

validation and test samples are given by Ns = 2 × 105,

Nv = 2 × 103, and Nt = 1 × 103, respectively.

The training samples are generated by varying the CFO

parameter θ ∈ [−0.8, 0.8] and the IQ imbalance parameters

ǫt/ǫr ∈ [0.8, 1.2], φt/φr ∈ [−0.35, 0.35], as well as the SNR

in [−15, 20] dB.

3) Network Traning: We adopt the mini-batch gradient de-

scent algorithm and the Adam optimizer for network training,

where the batch size is Nb = 100, and the learning rate is

1 × 10−4 for initial training and 0.8 × 10−5 for finetuning.

The exponential decay rates for moment estimates are given

by 0.9 and 0.999. The weight parameters in (18) are equally

set as 1 at the beginning and then adjusted in the finetuning

phase. The final values are λ = 0.2 and γ = 0.1.

B. Estimation Accuracy

We compare the estimation accuracy of all methods by

presenting the NMSEs of θ, α and β as a function of

SNR. Specifically, we fix θ = 0.25, ǫt = ǫr = ǫ = 1.1,

φt = φr = φ = 0.25, and SNR ∈ [−15, 20] dB.

Fig. 2 shows the NMSE of the CFO parameter θ against

the SNR. In the low SNR region [−15,−5] dB, conventional

methods show low estimation accuracy as they cannot effec-

tively address the noise impact. HIENet can average the noise

patterns of different tasks by using the weighted loss function,

which implies it can fit the random noise and alleviate the

noise impact by using the training samples. Thus, HIENet

provides higher estimation accuracy. In the high SNR region

[5, 20] dB, the estimation performance of IQ-CFO-FD is

limited by the coupling effect, and the NMSE flattens with the

SNR. However, HIENet utilizes the shared network to extract

the correlated feature to address the coupling effect, and

iterative methods can minimize the effect by using alternative

optimization. Thus, their NMSEs continue to decrease.

Fig. 3 illustrates the NMSE of the transmitter IQ imbalance

parameter α against the SNR. Since IQ-CFO-FD only consid-

ers the receiver IQ imbalance, it is not shown in this figure.
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Fig. 3. NMSE of the transmitter IQ imbalance parameter α against the SNR.
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Fig. 4. NMSE of the receiver IQ imbalance parameter β against the SNR.

In the low SNR region [−15,−5] dB, HIENet outperforms

the conventional methods because it can alleviate the noise

impact by averaging the noise pattern of different tasks. In

the high SNR region [0, 20] dB, all methods can address the

coupling effect due to the same reason in Fig. 2, and their

NMSEs continue to decrease.

In Fig. 4, we depict the NMSE of the receiver IQ imbal-

ance parameter β against the SNR. In the low SNR region

[−15,−5] dB, HIENet outperforms the conventional methods

due to the same reason in Fig. 3. In the high SNR region

[10, 20] dB, the proposed and iterative methods can address the

coupling effect, and their NMSEs keep decreasing. The NMSE

of IQ-CFO-FD flattens since the estimation performance is

limited by the residual CFO [3].

C. Coupling Effects

In this subsection, we show the impact of the coupling effect

by presenting the NMSE of CFO (IQ imbalance) as a function

of IQ imbalance (CFO). We first fix SNR = 15 dB, ǫ = 1.1
and φ = 0.25, and vary θ ∈ [0, 0.8]. Then, we set θ = 0.25,

and vary the IQ imbalance parameters as ǫ = 1 + 0.2δ and

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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Fig. 5. NMSE of the CFO parameter θ against the IQ imbalance degree δ.
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Fig. 6. NMSE of the transmitter IQ imbalance parameter α against θ.

φ = 0.35δ, where δ ∈ [0, 1] is the IQ imbalance degree.

In Fig. 5, we compare the NMSE of the CFO parameter θ
against the IQ imbalance parameter δ. The NMSE of IQ-CFO-

FD increases with δ as it cannot address the IQ imbalance

impact when estimating the CFO. The NMSE of CRE increas-

es slightly with δ as it can reduce the IQ imbalance impact

using alternative optimization. IsoTx presents even better

performance and its NMSE keeps unchanged as the number

of iterations increases. HIENet can alleviate the impact of IQ

imbalance by using the MTL technique, which utilizes the

shared network to fit the coupling effect by extracting the

correlated features. Hence, it provides similar performance as

iterative methods.

In Fig. 6, we present the NMSE of the transmitter IQ

imbalance parameter α against the CFO parameter θ. Since

IQ-CFO-FD only considers the receiver IQ imbalance, it is not

shown in this figure. For conventional methods, it is difficult to

estimate θ accurately or eliminate the residual CFO when the

impact of the CFO is relatively small as compared to the IQ

imbalance, which deteriorates the estimation accuracy of α.

As θ increases, it can be accurately estimated, and the residual
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Fig. 7. NMSE of the receiver IQ imbalance parameter β against θ.
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Fig. 8. Average runtime of the considered methods.

CFO can be eliminated. Thus, the NMSE of α decreases with

θ. HIENet achieves a low NMSE of α for any level of θ due

to the same reason in Fig. 5.

Fig. 7 shows the NMSE of the receiver IQ imbalance pa-

rameter β against the CFO parameter θ. For iterative methods,

the NMSE of β decreases dramatically when θ varies from 0

to 0.2 and flattens when θ > 0.2 due to the same reason in

Fig. 6. HIENet achieves a low NMSE of β for any level of θ
due to the same reason in Fig. 5. While IQ-CFO-FD cannot

address the residual CFO, of which the NMSE remains high.

D. Runtime

In Fig. 8, we provide the average runtime of considered

methods with 1000 simulations. The average runtime of

CRE, IsoTx, IQ-CFO-FD, and HIENet are 480 µs, 240 µs,

30 µs, and 20 µs, respectively. CRE and IsoTx require

several iterations to achieve convergency, which leads to large

processing delays. IQ-CFO-FD performs simple algebraic

operations with low computational complexity, which leads to

small computation time. HIENet can be directly deployed on

parallel processors due to its parallel architecture and achieves

the lowest computation time of 20 µs.

V. CONCLUSION

In this paper, we have proposed an MTL-based estimator,

HIENet, to jointly estimate the CFO and IQ imbalance in

OFDM systems. The proposed HIENet can alleviate the

noise impact by averaging the task-dependent noise patterns

and address the coupling effect between the two hardware

impairments by extracting correlated features from different

tasks. As compared to conventional data-aided methods, the

proposed HIENet can obtain comparable estimation accuracy,

while having the smallest computation time.
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