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Robust Electrical Impedance Tomography for
Respiratory Monitoring
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Abstract—Thoracic electrical impedance tomography (EIT)
is a crucial bedside monitoring tool, particularly valuable in
pulmonary and critical care medicine. However, its routine
clinical application is restricted in the presence of poorly con-
tacting electrodes, patient movements, medical interventions, and
nursing procedures. This is because these practical factors induce
impulsive noise in EIT boundary voltages, severely degrading
EIT imaging performance. In this article, to handle this issue,
we devise a robust EIT (REIT) imaging method, which is able
to promote the clinical application of thoracic EIT. We first
reformulate the EIT boundary voltage change model, where
the additive noise is separated into dense Gaussian and sparse
outlier components. We then exploit `2-norm and `0-norm to
formulate the optimization problem, in which the former and
the latter are employed to resist the Gaussian noise and the
impulsive noise, respectively. Subsequently, we adopt proximal
alternating minimization (AM) and projected gradient descent
(PGD) to tackle the resultant optimization task. Despite that
the suggested method introduces an auxiliary parameter, we
propose an adaptive strategy for its determination. Furthermore,
we prove that the objective value sequence is convergent and the
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variable sequence converges to a critical point with at least a
sublinear rate. Numerical simulation and phantom experiment
exhibit that the devised approach reconstructs higher quality
EIT images than the state-of-the-art (SOTA) algorithms when
EIT boundary voltages comprise strong interference. Finally, we
test the suggested algorithm on two patients data measured in
real clinical environments to show its practical robustness.

Index Terms—Electrical impedance tomography (EIT), impul-
sive noise, robust algorithm, sparse recovery.

I. INTRODUCTION

ELECTRICAL impedance tomography (EIT) is a medi-
cal imaging modality that attaches conducting surface

electrodes to the skin around the body part. Subsequently,
small alternating currents are applied to partial electrodes or
all of the electrodes. In the meantime, current stimulations and
surface voltages are integrated to visualize internal impedance
distributions, that is, a tomographic image of a body part [1],
[2], [3], [4]. The noninvasive nature and radiation-free charac-
teristics make it an attractive real-time imaging tool that can be
used at the patient’s bedside [5], [6]. Its potential usefulness
in clinical scenarios has gained considerable interest in the
medical community. Specifically, it can be applied to monitor
lung ventilation, track cryosurgery injury progress, facilitate
early breast cancer detection, and monitor fetal movements
[7], [8], [9], [10]. Among these applications, thoracic EIT
is the most active and promising as it is able to optimize
tidal volumes [11], assess lung recruitability [12], quantify
the impact of recruitment maneuvers [13], analyze the effects
of suctioning or rehabilitation [14], and evaluate regional lung
function [15], [16]. In addition, thoracic EIT garners increasing
acceptance for pulmonary and critical care medicine due to
its unique capability to provide regional information on lung
ventilation and perfusion [17].

As a soft-field imaging modality, thoracic EIT is an
ill-conditioned and ill-posed mathematical inverse problem,
making it highly sensitive to noise [18]. This sensitivity
constitutes a significant barrier to the standardization of tho-
racic EIT as a medical tool as it is vulnerable to various
clinical interferences [19]. In practice, the interferences arising
from poorly contacting electrodes, patient movements, medical
interventions, and nursing procedures induce severe fluctua-
tions. The interference corrupts the respiratory EIT impedance
signals, thereby posing challenges for the interpretation and
evaluation of EIT data. For instance, a patient requires an
examination to assess changes in lung ventilation follow-
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ing pulmonary parenchymal resection. Despite of employing
minimally invasive techniques, patient movement attributable
to postanesthesia incision pain results in impulsive noise in
EIT boundary voltages, which obstructs the assessment of
EIT-based ventilation indices [20]. In the context of EIT
measurement, the impulsive noise refers to brief, sudden, and
often large voltages with sharp, while it rapidly changes over a
short period. Similarly, in clinical trials assessing patients with
chronic obstructive pulmonary disease using EIT, the standard
forced vital capacity (FVC) test, which requires forceful
exhalation, causes significant chest movement. This movement
disrupts electrode contact and introduces strong interference in
EIT boundary voltages, leading to severe artifacts into the EIT
images and consequently preventing accurate calculations of
pulmonary function indices [21].

Although it is possible to collect data again when poor
electrode contact or a sudden disconnection of an electrode
is detected, this approach is impractical in most clinical sce-
narios. For example, when a patient requires saline injection to
observe ventilation-perfusion dynamics, safety concerns make
it inadvisable to administer hypertonic saline again within
a short period. Similarly, for elderly patients with chronic
obstructive pulmonary disease undergoing routine pulmonary
function test combined with EIT monitoring, repeating FVC
actions can exacerbate symptoms, such as dyspnea. In such
cases, prioritizing patient safety, physicians are likely to ter-
minate the pulmonary function test. Therefore, there is an
urgent need to enhance the EIT robustness by mitigating
the impact of strong interference on EIT images to facilitate
clinical adoption. To this end, researchers have proposed sev-
eral approaches, which can be classified into two categories,
namely, methods to improve the quality of EIT boundary
voltages and robust algorithms for EIT imaging in the presence
of impulsive errors.

Under the assumption that all valid measurements are
related by the image reconstruction model, while those from
erroneous electrodes are unrelated, Asfaw and Adler [22]
propose to automatically detect erroneous electrodes and then
compensate for the erroneous electrode using a technique
in [23]. To improve the performance of erroneous elec-
trode detection, Hartinger et al. [24] utilize the principle
of voltage-current reciprocity for real-time management of
faulty electrodes, which enables EIT image reconstruction
without the prior knowledge of electrode status. However,
these algorithms encounter limitations when dealing with a
large number of interfered electrodes. Besides, the discrete
wavelet transform is exploited to compensate EIT measure-
ments corrupted by common clinical motion artifacts [25],
whereas its application is limited as it requires selecting
an appropriate wavelet basis function for each patient. In
recent, the deep learning techniques have been applied to
compensate the invalid data when partial electrodes disconnect
[26], [27], [28]. Although the deep learning-based approaches
have shown good performance in phantom experiments,
their limited generalization ability may restrict their clinical
application.

On the other hand, the postprocessing approach to remove
movement artifacts is proposed. Herzberg et al. [29] introduce

a novel graph-based fully convolutional network to postprocess
EIT image on irregular finite element (FE) meshes, while
Ye et al. [30] suggest a multiscale 1-D residual convolutional
network to remove chaotic noise and interference from the
conductivity distribution data and retain the target feature data.
Beyond these neural network-based solutions, Mason et al.
[31] develop a noise-based correction (NBC) method for
improving the quality of EIT images. They also test the
performance of NBC in EIT reconstructions with different
injection-protocols, perturbations, and noise.

Furthermore, the robust EIT (REIT) imaging methods have
been proposed. Dai et al. [32] combine temporal sequence
reconstruction with electrode movement compensation to
improve image quality when several electrodes move. How-
ever, it is worth mentioning that this method cannot effectively
restrain dramatic electrode interference. To counteract the
strong interference, Borsic and Adler [33] propose substituting
`2-norm with `1-norm to minimize the estimation error, yield-
ing a rosbut EIT imaging method. This robust algorithm is able
to attain good performance in low-intensity interference, while
its imaging quality degrades in the presence of high-intensity
noise.

This article aims at devising a robust imaging method for
thoracic EIT in the presence of impulsive errors in EIT bound-
ary voltages. To this end, we first formulate the additive noise
as two components, namely, dense Gaussian and sparse outlier
constituents. To characterize the sparsity, we employ the
nonconvex and nondifferential `0-norm, which is able to resist
the impulsive errors. Besides, the Gaussian noise is restrained
using `2-norm. Therefore, the thoracic EIT imaging task is
formulated as a sparse recovery problem consisting of `2-norm
and `0-norm terms. To tackle the resultant problem, we adopt
proximal alternating minimization (PAM) [34], [35] as the
solver, resulting in an alternating optimization procedure. One
subtask comprises three `2-norm terms, and the other subprob-
lem includes the `0-norm regularization term. In particular, we
exploit the projected gradient descent (PGD) method [36] to
directly tackle the latter. Furthermore, theoretical properties of
the suggested method, including computational complexity, as
well as the convergence behaviors of the loss function value
and variable sequence, are provided. Numerical simulation
and phantom experiment demonstrate the superiority of our
method over the conventional algorithms. Besides, we conduct
patient experiments in real clinical environment to show the
practical usefulness of the proposed algorithm. Our main
contributions are summarized as follows.

1) Novel Thoracic EIT Imaging Formulation: We propose
a novel thoracic EIT imaging method that is robust to
impulsive errors in boundary voltages by formulating
additive noise as a combination of dense Gaussian noise
and sparse outliers.

2) New Objective Function: To handle the impulsive errors,
we employ the nonconvex and nondifferentiable `0-norm
to characterize the sparse outlier component, combined
with an `2-norm to model the Gaussian noise, resulting
in a nonconvex optimization problem for EIT imaging.

3) Efficient Algorithm: Despite that the proposed method
is an iterative procedure, it is able to obtain the solu-
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Fig. 1. Illustration of 16-electrode EIT system with the protocol of opposite-excitation and adjacent measurement.

tion in dozens of iterations. In addition, the suggested
algorithm has the theoretical convergence guarantee, that
is, the objective value sequence is convergent, while the
variable sequence converges to a critical point with at
least a sublinear rate.

4) High-Quality Imaging: Numerical results using syn-
thetic, phantom, and patient data demonstrate that the
devised method is superior to state-of-the-art (SOTA)
approaches when thoracic EIT boundary voltages are
corrupted by impulsive noise.

The remainder of this article is organized as follows. In
Section II, we introduce notation and review the contempo-
rary signal models. Problem formulation and the proposed
algorithm are presented in Section III, where the convergence
behavior and computational requirements of the proposed
method are analyzed as well. In Section IV, numerical exper-
iments are included to evaluate the devised method. Finally,
concluding remarks are given in Section V.

II. BACKGROUND

In this section, notation and signal model are presented, and
relevant works are reviewed.

A. Notation

Italics indicate scalars, bold lowercase letters represent
vectors, and bold uppercase letters denote matrices. For a
matrix A ∈ RM×N , the (i, j) entry is represented by Ai, j or
ai, j. The `p-norm with 0 < p ≤ 2 of the vector is defined as

‖a‖p =
�PN

j=1 ap
i

�1/p
, while the `0-norm corresponds to the

number of nonzero entries. The transpose operator is denoted
as (·)T, and the inverse operator is represented by (·)−1.

B. Signal Model

In general, a thoracic EIT system, such as commercial
Ventom-100, Medias Corporation, Suzhou, China, is equipped
with 16 electrodes. If the system exploits the protocol of
opposite excitation and adjacent measurement to collect data,
one pair of opposite electrodes generates excitation, while the
remaining 12 pairs of adjacent electrodes measure the resultant
surface voltages. Then, the system switches the excitation pair
until all pairs of opposite electrodes serve as excitation, which
can be considered as a cycle. This procedure is depicted in
Fig. 1. Therefore, EIT boundary voltage is obtained from

16 × 12 = 192 channels and thus can be represented as a
vector vt ∈ R

192, where the subscript t indicates the time
index. Collecting T instants, the EIT measurements can be
represented as a matrix V ∈ R192×T .

Before reconstructing an EIT image, the boundary voltage
change should be calculated

∆v = vt2 − vt1

= ∆ṽ + n (1)

where ∆ṽ ∈ R192 is the noise-free boundary voltage change,
n ∈ R192 is the measurement noise vector, while vt2 ∈ R

192 and
vt1 ∈ R

192 are the boundary voltages at t2 and t1, respectively.
Under the assumption that n obeys Gaussian distribution,

Grychtol et al. [37] propose exploiting ∆v to reconstruct the
corresponding EIT image of conductivity change ∆σ between
two time samples via the following optimization problem:

min
∆σ



eW (∆v − J∆σ)


2

2 + λ1


eQ∆σ



2
2 (2)

where J ∈ R192×N is the Jacobian (sensitivity) matrix of
the forward map evaluated at an initial guess of the back-
ground conductivity, λ1 > 0 is a penalty parameter, whileeW ∈ R192×192 and eQ ∈ RN×N are defined as [37]eWTeW = W = (Σn)−1 (3a)eQTeQ = Q = (Σt)−1 (3b)

where Σn is the estimated noise covariance and Σt is the
effective covariance of the training targets, while Q is the
inverse of the effective covariance matrix. In general, Σn is
a scaled identity matrix σ2

nI, where σ2
n is the variance of

noise. Since (2) is a linear least squares problem with an `2-
norm regularization term, we can attain its optimal solution
via setting its gradient with respect to ∆σ to zero

2JTeWTeWJ∆σ − 2JTeWTeW∆v + 2λ1eQTeQ∆σ = 0 (4a)

⇒ JTWJ∆σ − JTW∆v + λ1Q∆σ = 0 (4b)

⇒ ∆σ∗ =
�
JTWJ + λ1Q

�−1
JTW∆v. (4c)

However, the performance of (2) will be degraded when
the EIT boundary voltages include impulsive noise that can
be caused from patient movement, perspiration, manipulations
by clinical staff, and defective electrode leads or electronics.
The reason is that the `2-norm amplifies the power of outliers,
which is much larger than that of the Gaussian noise [38].
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To resist outliers, Borsic and Adler [33] suggest exploiting
`1-norm to formulate the optimization problem, resulting in

min
∆σ
‖eW (∆v − J∆σ) ‖1 + λ1‖eQ (∆σ − ∆σ0) ‖22 (5)

where ∆σ0 is a prior model state. Then, the resultant task is
handled using the primal-dual interior-point framework.

Compared with the `2-norm, the `1-norm weakens the
impact of impulsive noise on the reconstructed EIT image,
and thus, it is able to attain better imaging performance than
`2-norm in the presence of outliers. It should be noted that
as the `1-norm is an entrywise function, it considers that
all channels of EIT boundary voltages ∆v contain impulsive
noise [38], [39],whereas only a small partial of the channels is
corrupted by outliers in practice. As a result, (5) is a bias model
due to the adoption of the `1-norm, leading to a suboptimal
solution.

III. ALGORITHM DEVELOPMENT

In this section, we present the devised method for thoracic
EIT. We then analyze its convergence behavior and computa-
tional complexity.

A. Proposed Model

First, we reformulate the boundary voltage change as

∆v = ∆ṽ + n

= ∆ṽ + g + o (6)

where n is separated into dense Gaussian component g ∈ R192

and sparse outlier constituent o ∈ R192. Based on (6), we can
employ two different norms to resist g and o, respectively. The
`2-norm is the optimal selection to restrain the former [40],
while the `0-norm is the accurate measurement to characterize
the latter [41]. Therefore, we formulate the thoracic EIT task
as the following problem:

min
∆σ,o
‖eW (∆v − J∆σ − o) ‖22 + λ1‖eQ∆σ‖22 + λ2‖o‖0 (7)

where λ2 > 0 is a penalty parameter to control the sparsity
of o. Compared to (2), the objective function of (7) has an
additional regularization term for sparse outliers. With this
term, the proposed optimization method has the capability to
resist impulsive noise. In addition, we suggest a strategy to
adaptively determine λ2 for clinical application promotion in
Section III-B.

B. Proposed Algorithm

It is apparent that (7) is an unconstrained optimization
problem with two variables, namely, ∆σ and o. Generally,
alternating minimization (AM) [42] can be adopted as the
solver, whereas it is difficult to guarantee the convergence
of the variable sequence. To ensure the convergence, we
exploit the proximal AM (PAM) [34], [35] to tackle (7),
leading to the following alternating iterative procedure:

∆σk+1 = arg min
∆σ



eW �
∆v − J∆σ − ok�

2

2 + λ1


eQ∆σ



2
2

+ µ


∆σ − ∆σk



2
2 (8a)

ok+1 = arg min
o



eW �
∆v − J∆σk+1 − o

�

2
2 + λ2 ‖o‖0

+ µ


o − ok



2
2 (8b)

where µ > 0 is a predefined proximal parameter and the
last terms in (8a) and (8b) are called proximal regularizers.
Note that µ can be set as a very small value as its role is
to facilitate the convergence analysis. Next, we present the
detailed procedure to handle (8a) and (8b), respectively. First,
as (8a) is a linear least squares problem with two `2-norm
regularizers, we take its derivative with respect to ∆σ, set the
gradient to be zero, and then obtain its closed-form solution,
given by

∆σk+1 =
�
JTWJ+λ1Q+µI

�−1�
JTW

�
∆v−ok�+µ∆σk� . (9)

Subsequently, we seek the solution to (8b). Prior to this,
we analyze the structure of eW to convert (8b) to a tractable
problem. In (3a), as W is a diagonal matrix, eW is also a
diagonal matrix and satisfiesewi,i =

√
wi,i. (10)

Therefore, (8b) is equivalent to the following scalar-form
subproblems:

ok+1
i = arg min

oi

�ewi,i
�
nk+1

i − oi
��2

+ λ2|oi|

+ µ
�
oi − ok

i

�2
, i ∈ [1, 192] (11)

where nk+1
i is the ith entry of nk+1 = ∆v − J∆σk+1. Then, for

(11), an optimal solution can be obtained using the following
method [43], [44]:

ok+1
i

=

8̂<̂
:
ew2

i,in
k+1
i + µok

iew2
i,i + µ

, if λ2ew2
i,i
≤
�
nk+1

i

�2
+

µok
iew2

i,i
−
µ
�

ok
i −nk+1

i

�2

ew2
i,i+µ

0, otherwise.
(12)

From (12), it is known that the solution to (8b) is affected
by λ2. Consequently, we provide a strategy to adaptively
determine it before updating (8b). To facilitate the analysis
of λ2, we set the proximal parameter µ to be 0, resulting in

ok+1
i =

(
nk+1

i , if
q

λ2ew2
i,i
≤
ˇ̌�

nk+1
i

�ˇ̌
0, otherwise.

(13)

If nk+1 is considered as the fitting error with zero mean,
−(λ2/ew2

i,i)
1/2 < nk+1

i < (λ2/ew2
i,i)

1/2 is considered as a
confidence interval to identify outliers, namely, nk+1

i withq
λ2/ew2

i,i ≤ |(n
k+1
i )|. To obtain a robust confidence interval in

the presence of outliers, we suggest adopting the normalized
median absolute deviation [45], [46] to calculate the standard
deviation

σn = 1.4826×Med
�ˇ̌

nk+1 −Med
�
nk+1�ˇ̌� (14)

where Med(·) is the sample median operator. As a rule
of thumb, the normalized median absolute deviation is not
influenced very much by the presence of large outliers and
thus provides a good robust alternative to the sample standard
deviation [47].
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Algorithm 1 REIT
Input: ∆v ∈ R192, J ∈ R192×N , η = 3, λ1 = 10−2, µ = 10−8,

and Kmax = 50
for k = 1, 2, . . . ,Kmax do

1) Update ∆σk using the following procedure:
∆σk+1 =

�
JTW J + λ1Q + µI

�−1�
JTW

�
∆v − ok

�
+ µ∆σk

�
.

2) Update ok using the following procedure:
2.1) nk+1 = ∆v − J∆σk+1

2.2) σn = 1.4826×Med(|nk+1 −Med(nk+1)|)
2.3) τ = (nk+1) � (nk+1) + µok./diageW � eW) −
µ2(ok − nk+1) � (ok − nk+1)/diag(eW2) + µ

2.4) ok+1
i =

8̂<̂
:
ew2

i,in
k+1
i + µok

iew2
i,i + µ

, if ησn≤τi,

0, otherwise.
end for

Output: ∆σ∗

Then, λ2 is updated vias
λ2ew2

i,i
= η× σn (15a)

⇒ λ2 =
�
η× σn ×ewi,i

�2 (15b)

where η > 0 controls the range of confidence interval.
The proposed approach is referred to as REIT, which is

summarized in Algorithm 1. After Algorithm 1 attains ∆σ∗,
we can exploit the method in [48] to transform ∆σ∗ into an EIT
image with standard dimensions of either 22× 32 or 32× 32.

C. Selection of η

With an appropriate σn, the 3σn rule has been adopted
for outlier detection [49], [50]. Specifically, the samples that
fall outside 3σn interval are likely to be outliers as 99.7%
of samples fall within 3σn interval for normal distribution.
For unimodal distributions, the probability of being within the
interval is at least 95% by the Vysochanskij-Petunin inequality
[51]. Therefore, the interval [−3σn, 3σn] can be considered
as a baseline to identify outliers, indicating that η ≈ 3. In
Section IV, we investigate the impact of η on EIT performance
to verify the abovementioned analysis.

D. Convergence Analysis

In this section, the convergence behavior of the proposed
REIT is analyzed in the following theorems. The first one
studies the convergence of the objective values.

Theorem 1: Let f (∆σk, ok) be the objective value generated
by Algorithm 1. Then, the following hold.

1) The sequence { f (∆σk, ok)}k∈N is nonincreasing.
2) f (∆σk, ok) is lower bounded.
As a result, { f (∆σk, ok)}k∈N is convergent.
Proof: See Appendix A.
We then analyze the sequence behavior in Theorem 2.
Theorem 2: Let {(∆σk, ok)}k∈N be the sequence generated by

Algorithm 1. Additionally, {(∆σk, ok)}k∈N is considered to be
bounded. Then, the following hold:

1)

lim
Kmax→+∞

KmaxX
k=1

�

∆σk+1 − ∆σk


2

2 +


ok+1 − ok



2
2

�
< +∞. (16)

Hence, we obtain

lim
Kmax→+∞

�

∆σk+1 − ∆σk




2 +


ok+1 − ok




2

�
= 0. (17)

2) The objective function f is bounded below and has the
Kurdyka–Łojasiewicz (KŁ) property, and the function
(x, o) 7→ ‖eW(∆v−J∆σ−o)‖22+λ1‖eQ∆σ‖22 has a Lipschitz
gradient. Then, the sequence {(xk, ok)}k∈N converges to a
critical point of (7).

3) Algorithm 1 converges with at least a sublinear rate.
Proof: See Appendix B.

E. Computational Complexity

In this section, we analyze the computational complexity
of REIT. First, we denote the channel number as N that is
determined by the excitation measurement method, while the
dimensions Jacobian matrix are N×M. Generally, M is larger
than N. Then, the primary computational burden in the update
of ∆σk+1 incurs a cost of O(M3). For the task of updating
ok+1, the complexity is O(N log(N)). As a result, the total
computational complexity is O(M3).

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the REIT based on numerical
simulation, phantom experiment, and human experiment. All
experiments are implemented using MATLAB (R2023a) on
a computer with Inter1 Core2 i9-14900k 6.0-GHz CPU and
64-GB memory.

A. Measurement Index

To evaluate the restoration performance, we exploit image
error and image correlation coefficient (Corr), which quantify
the difference and similarity, respectively, between the recon-
structed EIT image and ground truth or reference

Error =
‖R∗ − R‖1
‖R‖1

(18a)

Corr =

P22
i=1
P32

j=1

�
R∗i, j − R̄∗

� �
Ri, j − R̄

�
‖R∗ − R̄∗‖F‖R − R̄‖F

(18b)

where Ri, j is the (i, j) pixel of the EIT image, R∗ is the rebuilt
EIT image based on the corrupted EIT boundary voltages, R is
the ground truth or reference, while R̄∗ and R̄ are the average
values of all pixels in R∗ and R, respectively.

In addition, four clinical indices are employed, namely,
center of ventilation (CoV) [52], global inhomogeneity (GI)
[53], ventral to dorsal side ratio (VtoD) [20], and right to
left lung ratio (RtoL) [20]. Specifically, CoV measures the

1Registered trademark.
2Trademarked.
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ventilation distribution influenced by gravity or various lung
diseases

CoVR =

P22
i=1
P32

j=1

�
Yi, j × Ri, j

�P22
i=1
P32

j=1 Ri, j
(19)

where Yi, j is the height of the (i, j) pixel relative to the ventral
side.

GI is used to classify the heterogeneity of lung ventilation,
which is given by

GIR =

P
(i, j)∈lung |Ri, j −median

�
Rlung

�
|P

(i, j)∈lung Ri, j
(20)

where Rlung denotes all the pixels in the lung area. A high
GI index implies high variation among pixel tidal impedance
values.

The index VtoD characterizes the difference in ventilation
between the ventral and dorsal areas

VtoDR =

P
(i, j)∈ventral Ri, jP
(i, j)∈dorsal Ri, j

(21)

in which the ventral area consists of all pixels in 1–16 rows
and dorsal area involves 17–32 rows of the EIT image.

Similarly, RtoL characterizes the difference in ventilation
between right and left lungs

RtoLR =

P
(i, j)∈right RRRi, jP
(i, j)∈left RRRi, j

(22)

where the right area consists of all pixels in 1–16 columns
and left area involves 17–32 columns of the EIT image.

Based on the four indices, the differences between the EIT
images constructed from corrupted and normal EIT boundary
voltages are calculated to quantify the recovery performance.
For example, CoVerr is calculated as

CoVerr = |CoVR − CoVR∗ | . (23)

Similarly, GIerr, VtoDerr, and RtoLerr are computed using the
rebuilt EIT image with the corrupted EIT boundary voltages
and the reference EIT image.

Note that, for CoVerr, GIerr, VtoDerr, and RtoLerr, a smaller
value indicates better imaging performance.

B. Parameter Investigation

This section investigates the influence of η on imaging
performance by exploiting the synthetic data generated from
an FE model that is created by the Netgen software. The
FE model consists of 21 396 triangular FEs, while includes
realistic thorax and lung contours segmented from a computed
tomography (CT) image located between the fourth and fifth
ribs of an adult male. Its 16 electrodes with 10 mm diameter
are equidistantly set on the surface of the thorax according
to the locations of the sternum and the spine. Besides, the
conductivity of nonlung area is set to 1 S/m, while that of
lung areas is set to 1 and 0.3 S/m to simulate two states
of lungs, respectively (i.e., two different amounts of gas in
the lungs). Furthermore, the EIT boundary voltages under
the two situations are calculated by applying opposite current
excitation-adjacent voltage measurement mode. As described

Fig. 2. EIT image errors with different intensity levels of impulsive noise
and η.

Fig. 3. Success rate versus η.

in the commercial EIT system manual, the electrode data qual-
ity becomes poor when the electrode-skin contact impedance
is greater than 300 Ω. Furthermore, the current of 1 mA at
50 kHz is used to perform EIT data collection.

Then, the synthetic data are used to study the impact of η on
the performance with different intensities of impulsive noise.
Specifically, noise is introduced to the 25th channel of the
EIT boundary voltage at intensities that scale the normal entry
value by factors of 1, 2, . . ., 9, 10, 20, . . ., 90, 100, resulting in
19 levels in total. Subsequently, the corrupted EIT boundary
voltages are exploited to reconstruct respiratory EIT images
in different values of η. The results are shown in Fig. 2,
where η varies from 1 to 8 with the step size of 0.2. We
see that, in low-intensity levels, the error between the EIT
image based on the contaminated EIT boundary voltages and
the ground truth decreases and then increases when η increases
from 1 to 8. When the intensity level is larger than 5, the EIT
imaging performance improves along with the growth of η.
However, if η increases continuously, the performance will be
degraded. This is because a small amplitude of impulsive noise
requires a narrow confidence interval to identify, and thus, the
appropriate value of η is from 2 to 3.5. When the amplitude of
impulsive noise is large, a wide confidence interval is able to
distinguish the normal entries and outliers. As the confidence
interval widens, it will not identify the outliers. Moreover,
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Fig. 4. Performance comparison of different methods in seven intensity levels of impulsive noise.

we validate the empirical 3σn rule using the synthetic data
generated from the FE model, where the intensity level of
impulsive noise is set to 11 in the 25th channel. We first exploit
(14) to calculate the standard deviation. Then, the success rates
of normal value estimation and outlier estimation are 100%
when η controlling the confidence interval varies from 2.2 to
3.8. To conduct further verification, we exploit the synthetic
data with a large number of samples. Specifically, we generate
a vector of 10 000 samples following the zero-mean Gaussian
distribution. Then, we randomly select 10% samples and add
impulsive noise to them, where the amplitudes of outliers are
100 times greater than those of the original samples. The
average results with 1000 trials are plotted in Fig. 3, where η
varies from 2.2 to 3.8. It is seen that, as η increases, the success
rate of normal value estimation increases, while that of outlier
estimation decreases. This is because a larger confidence
interval will contain more normal values and outliers, resulting
in that fewer normal points are misclassified as outliers, while
more anomalies are considered as normal points. That is, the
3σn confident interval is able to accurately identify outliers,
while misidentifies less than 0.1% of normal values.

C. Numerical Simulation

In this section, we compare the proposed algorithm with a
nonrobust method EITL2 (GREIT) [37] and a robust approach
EITL1 [33] using the synthetic data.

Fig. 4 shows the reconstructed EIT images by different
algorithms versus seven intensity levels of impulsive noise. We
observe that EITL2, EITL1, and the suggested REIT are able to
attain high-quality imaging performance in intensity level 2.
When the level is larger than 2, outliers deform the left lung in
EIT images generated by EITL2 and EITL1, while REIT obtains
a high-quality EIT image. As the intensity level reaches 40,
EITL2 cannot achieve a correct EIT image, but EITL1 and REIT
can attain a satisfactory EIT image, where the image quality of
REIT is higher than that of EITL1. In addition, the errors and
correlation coefficients are illustrated in Fig. 5. We see that
the REIT attains the smallest errors and largest correlation
coefficients in all intensity levels. The errors and correlation

Fig. 5. Measurement indices of different methods in 19 intensity levels of
impulsive noise. (a) Error versus intensity level. (b) Correlation coefficient
versus intensity level.

coefficients of EITL2 increase and decrease, respectively, with
the intensity level grows. For EITL1, its performance degrades
and then stabilizes.

Furthermore, the proposed algorithm is evaluated with dif-
ferent numbers of channels corrupted by impulsive noise. The
three situations are designed to simulate realistic scenarios,
in which 24, 48, and 96 channels are contaminated. They
correspond to the three real-world scenarios, where the contact
impedance of electrode #1 changed, electrode #1 is detached,
while both electrodes #1 and #8 are detached. In these
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Fig. 6. Performance comparison of different methods in three outlier-
contaminated channel numbers.

Fig. 7. Measurement indices of different methods in three outlier-
contaminated channel numbers. (a) Error versus outlier-contaminated channel
number. (b) Correlation coefficient versus outlier-contaminated channel
number.

scenarios, the voltages of the selected channels are multiplied
by 20, which models the additive impulsive noise. Electrode
#1 is used to excite current and involved in excitation and
measurement, while both electrode #1 and #8 are involved
in excitation and measurement. The EIT images reconstructed
by EITL2, EITL1, and REIT are exhibited in Fig. 6. It is seen
that EITL2 cannot reconstruct correct EIT images in all cases.
For EITL1, the EIT image in 24 outlier-contaminated channels
presents two lungs, but the image deviates from the ground
truth. When the number of the noisy channels reaches 48
and 96, its performance degrades severely. In contrast with
EITL2 and EITL1, REIT attains high-quality EIT images in all
situations. The corresponding indices are plotted in Fig. 7. It
is observed that EITL1 is superior to EITL2 and EITL1 in terms
of both error and correlation coefficient.

Fig. 8. Resistor phantom.

Fig. 9. Illustration of EIT images by different algorithms with detached
electrodes.

TABLE I
PERFORMANCE BY DIFFERENT ALGORITHMS ON PHANTOM

DATA WITH DETACHED ELECTRODES

D. Phantom Experiment

In this section, we compare the three algorithms using
phantom data. Fig. 8 shows the devised resistor phantom. In
detail, it consists of 136 resistors of 200 Ω with a precision of
0.01% and 24 digital potentiometers with a resistance change
range from 4.68 Ω to 1.2k Ω. Controlled by a microcontroller,
the 24 potentiometers are divided into two units to simulate
impedance changes caused by ventilation on both sides of
the lungs. Based on the breathing waveform of a healthy
male, the inhalation time and exhalation time are set to 1.85
and 2.4 s, respectively. The resistor phantom is connected to
the EIT system (Ventom-100, Medias Corporation, Suzhou,
China) through 16 ports.

To simulate impulsive noise caused by EIT electrode detach-
ment in clinical practice, the conduction wire of electrode #1 is
cut, and then, respiratory EIT boundary voltages are collected
for 1 min. Subsequently, the same procedure is carried out
for electrode #8. The EIT boundary voltages without electrode
detachment are exploited to reconstruct a reference EIT image
that can be considered as the ground truth.

Fig. 9 shows the EIT images reconstructed by EITL2,
EITL1, and REIT. It is observed that the EITL2 and EITL1
cannot rebuild effective EIT images when electrode #1 is
detached, as well as when both electrodes #1 and #8 are
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TABLE II
EVALUATION INDICES BY DIFFERENT ALGORITHMS ON HUMAN DATA OF SUBJECT 1

Fig. 10. Illustration of electrode contact impedance on Case 1 of human
data. (a) Contact impedance with electrode #1 being affected. (b) Contact
impedance with electrodes #1 and #8 being affected.

detached. By contrast, REIT reconstructs the EIT images
that are comparable to the ground truth. In addition, two
metrics are calculated to evaluate EITL2, EITL1, and REIT. The
results are tabulated in Table I. It is known that REIT attains
the lowest errors and highest correlation coefficients among the
three approaches.

E. Human Experiment

In this section, we further evaluate the proposed algorithm
using the human data. The two human trials have been
approved by the Ethics Committees of the Air Force Medical
University (KY20224101-1) and the Human Research Ethics
Committee of the Tangdu Hospital of Air Force Medical Uni-
versity (NO. K202212-13). Written informed consent has been
obtained from all the subjects. Specifically, the EIT boundary
voltages of the first subject are collected in the laboratory.
A healthy male (age: 36 years old; height: 175 cm; weight:
75 kg) wears a commercial EIT electrode belt (Ventom-
100, Medias Corporation, Suzhou, China) located between the
fourth and fifth ribs. The subject keeps quite breathing in a
standing position. After guarantee of good contact between all
electrodes and skin (electrode contact impedance < 200 Ω),
thoracic EIT boundary voltages are collected for 1 min. Then,
a piece of paper is inserted between electrode #1 and skin for
electrode detachment to generate strong interference and then
thoracic EIT data are collected for 1 min. Following that, the
same procedure is executed for electrode #8. Thoracic EIT
boundary voltages are collected for 1 min to ensure that the

Fig. 11. Illustration of EIT images reconstructed by different methods on
human data of Subject 1.

TABLE III
RUNTIME COMPARISON OF DIFFERENT METHODS

ON HUMAN DATA OF SUBJECT 1

corrupted data are obtained. In addition, 1 min enables us to
observe the stable periodic variations of the signal. Fig. 10
illustrates the electrode contact impedance when electrode #1
is affected, while both electrodes #1 and #8 are influenced. We
see that the contact impedance of well-contacted electrodes is
less than 200 Ω, while that of affected electrodes is larger than
300 Ω.

Similar to the phantom experiment, the image metrics and
EIT clinical indices of tidal EIT images are exploited to
evaluate the performance of the proposed algorithm. The
reconstructed EIT images by different methods on Subject
1 are shown in Fig. 11. It is apparent that the rebuilt EIT
image by REIT is almost the same to the reference EIT image,
while EITL2 and EITL1 cannot reconstruct correct EIT image
with electrode #1 being affected. When electrodes #1 and #8
are influenced, REIT still rebuilds a satisfactory EIT image
that is much better than the EIT images reconstructed by
the competing algorithms. In addition, the six measurement
indices are tabulated in Table II. We see that the proposed
REIT has an absolute advantage in image quality indices
and clinical indices. Furthermore, we compare the runtime
of different methods in Table III. It is observed that the
proposed method is much faster than EITL1 but lower than
EITL2. As our algorithm requires dozens of iterations, it may
not allow real-time monitoring. However, its efficiency can
be improved using several techniques. Note that updating
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Fig. 12. EIT digital voltage calculated as the sum of absolute values of
192 channels.

Fig. 13. Illustration of EIT images reconstructed by different methods on
human data of Subject 2.

∆σ requires computing the inverse of a matrix, leading to
high computational complexity. Therefore, we can employ
the steepest gradient descent method to replace the current
scheme, which is able to decrease the runtime. In addition, for
iterative multivariable optimization, optimizing one variable
while fixing remaining variables is not so beneficial. This is
because a perfect optimization of one part might be rendered
obsolete when the other part is altered. Thereby, we can
substitute gradient descent for the steepest gradient descent
method and then tune the corresponding step-size to decrease
the iteration number, further reducing the running time. On
the other hand, o is updated in scalar form, and thus, parallel
computing can be employed to decrease runtime.

For Subject 2, the clinical EIT data are acquired from a
patient suffering from left pulmonary nodule, who is scheduled
for laparoscopic lung parenchymal resection in the Depart-
ment of Thoracic Surgery of Tangdu Hospital, Air Force
Medical University, Xi’an, China. The EIT boundary volt-
ages are collected preoperatively in the right lateral position
with a commercial EIT system (VenTom-100). During data
collection, the patient keeps spontaneous breathing, whereas
deliberate movement, medical treatment, and nursing are not
restricted. Therefore, the EIT boundary voltages are inevitably
corrupted, and Fig. 12 plots the sum of digital voltages of
192 channels, where the 391st, 392nd, and 393rd frames are
corrupted by impulsive noise. We select the 393rd frame with
the strongest interference to reconstruct an EIT image for
evaluating the proposed REIT.

The EIT images rebuilt by different algorithms are plotted
in Fig. 13. It is seen that the imaging performance of EITL2
is the worst, such that two lungs cannot be discovered. In the
EIT image by EITL1, only the right lung can be identified

TABLE IV

EVALUATION INDICES BY DIFFERENT ALGORITHMS
ON HUMAN DATA OF SUBJECT 2

although its shape is changed. By contrast with EITL2 and
EITL1, REIT obtains a higher quality EIT image that exhibits
the real situation of the patient. Besides, Table IV lists six
indices, viz. error, Corr, CoVerr, GIerr, VtoDerr, and RtoLerr.
It is seen that REIT demonstrates superiority over EITL2 and
EITL1 in all image quality indices and clinical indices.

V. CONCLUSION

In this article, we reformulated the boundary voltage change
model for thoracic EIT imaging, where the noise is divided
into dense Gaussian and sparse outlier components. We then
established the optimization problem using `2-norm and `0-
norm, where the former and the latter are exploited to handle
the Gaussian noise and the outliers, respectively. Besides,
we adopted proximal AM and PGD to tackle the resultant
optimization task. Although the proposed REIT introduced
a penalty parameter related to the `0-norm, we provided an
adaptive strategy for its determination. Specifically, it can be
considered as a threshold to differentiate the normal and faulty
channels. We also analyzed convergence behavior of REIT.
Specifically, we proved that the objective value sequence is
convergent, while the variable sequence converges to a critical
point. Experimental results based on synthetic, phantom, and
human data demonstrated that REIT achieves higher quality
EIT images than conventional algorithms in the presence of
impulsive noise.

As our algorithm requires dozens of iterations, it may not
allow real-time monitoring. Hence, one future research direc-
tion is to decrease the computational complexity to reduce the
processing time within 0.05 s. Besides, we will consider the
boundary shape mismatch problem to enhance the robustness
of our algorithm against this factor.

APPENDIX A
PROOF OF THEOREM 1

Property 1): As (9) attains the optimal solution to (8a), we
obtain the following inequality:
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On the other hand, since (12) seeks an optimal solution of
(8b), we have
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Combining (24b) and (25b) results in
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�
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2
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ok+1 − ok


2

2

�
≤ 0 (26)

which indicates that f (∆σk, ok) is nonincreasing after updating
the variables. The proof is complete. �

Property 2): Since f (∆σ, o) is comprised of three terms
based on `2-norm and `0-norm, respectively, f (∆σk, ok) ≥ 0
must hold.

As a result, based on Properties 1) and 2), the convergence
of { f (∆σk, ok)}k∈N is guaranteed. The proof is complete. �

APPENDIX B
PROOF OF THEOREM 2

Property 1): We re-express (26) as
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By induction on k, we obtain

lim
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Therefore, we have
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(29)
The proof is complete. �

Property 2): It is apparent that f is bounded as follows.
In addition, as the `0-norm is semi-algebraic, it is definable
in an o-minimal structure [54]. We conclude that f has the
Kproperty.

Then, we prove that (x, o) 7→ ‖eW(∆v − J∆σ − o)‖22 +
λ1‖eQ∆σ‖22 has a Lipschitz gradient. Its second derivative with
respect to ∆σ is
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When ‖J‖F and ‖Q‖F are finite, we attain
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Thereby, the function (x, o) 7→
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2
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2 has a Lipschitz gradient with respect to ∆σ.

We then prove that it has a Lipschitz gradient with respect
to o
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As a result, the function



eW(∆v − J∆σ − o)
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eQ∆σ



2
2

has a Lipschitz gradient.
Furthermore, as min∆σ,o f (∆σ, o) is solved using PAM and

(∆σk, ok)k∈N is bounded, {(∆σk, ok)}k∈N converges to a critical
point of (7) based on [55, Theorem 6.2]. The proof is complete.
�

Property 3): As f has the Kproperty, based on Theorem 1
in [54], our method converges at least sublinearly. The proof
is complete. �
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