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ABSTRACT

Electrical Impedance Tomography (EIT) is an emerging non-invasive imaging
technique with significant potential for detecting tissue anomalies; however, its
performance is highly sensitive to variations in the frequency and amplitude of the
injected electrical signals, which can lead to challenges in accurately differentiating
between tissue types and detecting subtle pathological changes. This study aims
to optimize EIT performance by systematically investigating the impact of signal
frequency and amplitude on image reconstruction quality, thereby enhancing
diagnostic accuracy. A portable multi-frequency EIT system was developed using
Analog Discovery 2 and MATLAB, featuring a 16-electrode configuration arranged
evenly around a tissue phantom, with beef tissue serving as an analog for human
tissue due to its comparable conductivity properties. The experimental protocol
varied signal amplitudes from 0.4 mA to 1.0 mA and frequencies from 50 kHz to 120
kHz, while two reconstruction algorithms the Gauss-Newton method and the GREIT
algorithm were employed to evaluate image quality. Results demonstrated that the
Gauss-Newton method achieved superior image clarity, with an approximate 18%
improvement in reconstruction accuracy and a 20% reduction in noise at an optimal
setting of 100 kHz frequency and 0.8 mA amplitude. Although the GREIT method
provided faster reconstruction times, its lower sensitivity to amplitude variations
resulted in less detailed anomaly detection. Overall, these findings underscore the
critical importance of optimizing electrical parameters in EIT systems to enhance
diagnostic capabilities. Future research should focus on integrating machine
learning algorithms for real-time image processing and expanding the evaluation to
include diverse tissue models to further improve the clinical applicability and
robustness of EIT-based diagnostics.

1. INTRODUCTION
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EIT involves reconstructing images based on internal

The detection and characterization of biological tissues
are crucial in medical diagnostics and biotechnology
research. Efforts have been made to develop more
accurate, reliable, and faster methods for detecting
cancer, lung diseases, and other tissue abnormalities.
Techniques like X-rays, Computed Tomography (CT)
scans, Magnetic Resonance Imaging (MRI), and
Ultrasound have significantly advanced medical imaging
technologies [1][2]. However, X-ray imaging has certain
drawbacks, particularly the radiation exposure that may
harm patients, healthcare workers, and the hospital
environment. Prolonged or frequent exposure to X-rays
can lead to hematopoietic disorders such as anemia,
leukemia, and leukopenia. It can also damage living cells
and increase the risk of cancer [3]. In recent years, non-
invasive imaging techniques, such as Electrical
Impedance Tomography (EIT), have gained prominence.
EIT evaluates the internal electrical properties of the [4]
human body by taking measurements from the body’s
external surface [5].

structural information of an object [6]. This is achieved by
injecting current through electrodes placed on the object's
surface and measuring the resulting voltage, which is
influenced by the object’'s impedance distribution [7]. EIT
has shown great potential, particularly in detecting
anomalies in biological tissues. Due to its biophysical
similarities to human tissues, meat has been widely used
as a model in EIT studies. Research by Bera et al. [4] has
demonstrated that meat can effectively simulate human
soft tissue, serving as a valuable analog for non-invasive
imaging research. By altering the frequency and
amplitude of electrical signals applied to the tissue can
analyze impedance responses to detect structural and
compositional anomalies.

The performance of EIT is significantly affected by the
frequency and amplitude of the electrical signals, as these
parameters influence image resolution and accuracy [8].
Studies on reconstruction methods, such as Gauss-
Newton and GREIT, have shown that the Gauss-Newton

Corresponding author: Khusnul Ain, k_ain@fst.unair.ac.id, Department of Biomedical Engineering, Universitas Airlangga, Surabaya, Indonesia

DOI: https://doi.org/10.35882/ijeeemi.v7i2.54

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work is an
open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

312


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
https://doi.org/10.35882/ijeeemi.v7i2.54
https://creativecommons.org/licenses/by-sa/4.0/
mailto:rohadatul.aisya-2023@fst.unair.ac.id
mailto:rohadatul.aisya-2023@fst.unair.ac.id
mailto:syifa.candiki.samatha-2024@fst.unair.ac.id
mailto:syifa.candiki.samatha-2024@fst.unair.ac.id
mailto:k_ain@fst.unair.ac.id
https://orcid.org/0009-0008-1342-4298
https://orcid.org/0009-0009-8697-6293
https://orcid.org/0000-0002-8315-7067
https://orcid.org/0000-0003-3000-0792

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 7, No. 2, pp. 312-320, April 2025

method offers  higher precision and detailed
reconstructions, albeit with greater computational
demands. In contrast, the GREIT method provides faster
reconstructions but with less detail [9][10]. Selecting
appropriate frequency and amplitude variations is crucial
for improving the clarity and accuracy of tissue anomaly
detection, as both parameters directly affect impedance
measurement quality [11].

This study aims to investigate how variations in the
frequency and amplitude of electrical signals influence the
detection and characterization of biological tissues using
Electrical Impedance Tomography (EIT), employing meat
tissue as a human tissue analog. By analyzing impedance
responses and reconstruction outcomes, the research
seeks to optimize EIT parameters to enhance image
clarity, accuracy, and diagnostic utility in medical
applications.

The contributions of this work are multifaceted. First, it
provides a systematic evaluation of how frequency and
amplitude variations impact impedance measurements
and image reconstruction quality in EIT, leveraging meat
tissue as a biologically relevant model for human soft
tissue. Second, it compares the efficacy of Gauss-Newton
and GREIT reconstruction methods under varying
electrical signal parameters, highlighting trade-offs
between computational efficiency and image resolution
critical for clinical workflows. Third, the study establishes
practical guidelines for selecting optimal frequency and
amplitude ranges to improve the accuracy and reliability
of anomaly detection in EIT-based diagnostics.

Finally, it demonstrates the potential of optimized EIT
protocols to advance non-invasive medical imaging,
particularly in detecting tissue abnormalities such as
tumors or structural anomalies, thereby bridging
experimental insights to real-world clinical applications.
By addressing these aspects, the research aims to refine
EIT’s role in medical diagnostics, enhancing the precision
and dependability of tissue detection and classification
across diverse frequency and amplitude scales.

2. MATERIALS AND METHOD
This experiment followed the adjacent drive-
measurement protocol, where a 100 kHz frequency and 1
mA (rms) current amplitude were injected into the system.
he injected current waveform can be expressed as Eq.
(1):

I(t) = Ipps V2 sin(2nft) (1)

Experimental data, including Vrms values, phase shift,
and metadata, were stored in a
https://drive.google.com/drive/folders/1cQoc9fZ61W6xI3w
SPDkSTGscpCXmj2gc?usp=drive_link, containing CSV
files (one per iteration), reference images of the beef
position, and MATLAB scripts for preprocessing. The
forward problem in Electrical Impedance Tomography
(EIT) is modeled by the Laplace Eq. (2) [12]:

V.(6VV) =0 2)
where o is the tissue conductivity and V is the potential
distribution within the tissue phantom. This equation is
solved numerically using a Finite Element Model (FEM)

with a tetrahedral mesh consisting of 12,000 elements. In
FEM, the system equation is expressed as, Eq. (3):

Ku =1 (3)
where K is the stiffness matrix, u is the vector of nodal
potentials, and | is the vector representing the injected

current.
v». == i vces
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Fig. 1. Hardware Integration Result

The data acquisition system utilizes 16 copper plate
electrodes (E-1 through E-16) arranged evenly around a
biological tissue phantom, which consists of a fresh beef
sample (50 mm x 30 mm x 10 mm) immersed in distilled
water to ensure conductivity properties comparable to
human tissue. This setup helps maintain uniform current
distribution across the medium. Each electrode is
connected to two demultiplexers (CD4051B) and two
multiplexers (CD4051B) to optimize measurement
performance based on Fig. 1. The CD4051B, an 8-
channel multiplexer/demultiplexer, operates at voltages
ranging from 3 V to 15V, features low channel resistance,
and is suitable for low- to mid-frequency signals. The first
demultiplexer controls the current injection path, while the
second demultiplexer manages the ground reference.
Both multiplexers alternate in selecting which electrodes’
voltages are measured.

Electrical signals, with varying frequencies and
amplitudes, are generated by the Analog Discovery 2
(AD2) from Digilent, which serves as both the signal
source and data acquisition module. Equipped with two
function generator channels and two oscilloscope
channels, the AD2 can produce waveforms up to several
megahertz, making it highly versatile for different testing
scenarios. The injected current is regulated by a Voltage-
Controlled Current Source (VCCS) to maintain stability
during data collection. Meanwhile, the measured
electrode voltages are amplified by an AD620
instrumentation amplifier, known for its low input offset
voltage (approximately 50 yV) and high common-mode
rejection ratio (CMRR), thus enhancing measurement
accuracy

Data collection begins by injecting a controlled current
through a selected pair of adjacent electrodes and
measuring the resulting voltage at another pair. This
process is systematically repeated until all 16 electrodes
have been utilized for current injection, resulting in a total
of 256 voltage data points (Vrms), which are stored as
CSV files for further analysis. Fig. 1. illustrates the
hardware integration, showing key components such as
the CD4051B modules, AD2, VCCS, and AD620 amplifier.
Fig. 2. presents a detailed block diagram of the EIT
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system, including a PC for data processing, AD2 for signal
acquisition, VCCS for current injection,
multiplexers/demultiplexers  for signal routing, an
instrumentation amplifier for signal conditioning, and the
16-electrode array for impedance measurements.

w ZJ VCCS Circuts
M

Scope 1 w1

PIN DIO8-15

nstrument Amplifier

PIN DIO0-7

Fig. 2. EIT Block Diagram

Recontruction

Tite

Fig. 3. EIT Prc;grarh Reconstruction Display

The acquired voltage data were processed using
EIDORS v3.10 integrated with MATLAB R2020a for
image reconstruction. A 2D reconstruction model was
applied to compute the difference between the measured
data and the forward model, thereby estimating the
conductivity distribution within the phantom. To assess the
sensitivity of the measurements to conductivity variations,
the Jacobian matrix was computed as Eq (4) [13]:

I= 4)

Image reconstruction was performed using two methods:

a. Gauss-Newton Method with Tikhonov Regularization:
The conductivity distribution is iteratively updated
using Eq. (5) [13]:

8o = (]T] + )\ZI)_llT(Vmeasured = Vimodel) ()
where A is the regularization parameter and | is the identity
matrix.

b. GREIT Algorithm:
As an alternative approach, the GREIT (Graz
University of Technology EIT) algorithm reconstructs
the conductivity distribution using an optimized linear
reconstruction matrix Eq. (6) [13]:
6 = RAV (6)
In this equation, R represents the reconstruction matrix
optimized for trade-offs among resolution, noise, and

linearity, and AV is the difference between the measured
voltage and a reference voltage. The Gauss-Newton
method was employed to handle homogeneous data and
produce high-detail images, while the GREIT method was
applied to reconstruct anomalous data, yielding distinct
depiction results Fig. 3. These reconstruction techniques
provide complementary views of the conductivity
distribution in the tissue phantom, offering insights into
both homogeneous and anomalous data. As a result, the
developed EIT system can produce a more realistic
representation of conductivity, offering valuable insights
for non-invasive monitoring in various biomedical
applications.

3. RESULTS

In this study, a series of image reconstruction validation
tests was conducted using a cylindrical liquid phantom
with a 12 mm diameter, equipped with 16 Ag-AgCl
electrodes arranged in a circular configuration. The
current injection protocol utilizes sinusoidal signals in the
frequency range of 10 kHz to 1 MHz and amplitudes
between 0.1 and 2 mA, generated by WaveForms
software (version 3.18.1). Each injection cycle consists of
a 10 ms excitation phase followed by a 5 ms stabilization
period, allowing transient effects to dissipate before
measurements are taken.

Phantom Meat == Reference Data
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Fig. 4. Graph Model Anomalous Voltage Measurement
at 100KHz Frequency and 0.8 Amplitude

To maintain consistent current injection, a closed-loop
system continuously monitors injection performance in
real-time via an Analog Discovery 2 oscilloscope,
dynamically adjusting the voltage-controlled current
source (VCCS) to compensate for impedance
fluctuations. Current is sequentially delivered through
pairs of adjacent electrodes (e.g., E-1/E-2, E-2/E-3)
following a measurement-drive-adjacent protocol, with
each pair activated for 200 ms to ensure the signal
reaches a stable condition. Voltage measurements are
performed at a 1 MS/s sampling rate (14-bit resolution) to
ensure high accuracy. A phase-sensitive detection
method is employed to extract the RMS voltage (Vrms)
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and phase shift, with each measurement averaged over
100 cycles to reduce noise.

All data are recorded in CSV format, complete with time
stamps synchronized to the injection sequence,
facilitating further analysis and processing. After the entire
process is completed, the collected data are visualized in
graphical form. Consequently, calibration steps, a well-
structured current injection protocol, and high-resolution
data acquisition methods collectively help ensure the
accuracy and consistency of the data for image
reconstruction purposes.The following graph plot results
using reference data and phantom at a frequency of 100
KHz with an amplitude of 0.8. Fig. 4. compares the Vrms
voltage between the meat phantom and the
homogeneous (normal) data, showing similar sinusoidal
voltage patterns in both curves.

The peak voltage, approximately 0.8 V, aligns closely
with the set amplitude value, demonstrating signal
stability and the effective operation of the current injection
system. While the meat phantom curve closely resembles
the reference curve, slight deviations are observed at
certain points. These differences likely arise from
variations in resistance within the meat phantom, caused
by the heterogeneity of tissues such as muscle, fat, and
fluid. Variations in tissue conductivity play a significant
role in influencing the reconstruction results of the meat
phantom as a Table 1.

Table 2 Conductivity Body Tissue [14].

No Body Tissue Conductivity
(Sm™

1 Muscle 0.16 £ 0.0014
2 Heart (Atrium) 0.48 +£0.13
3 Fat 0.078 £ 0.019
4 Lung (inspiration) 0.042 £ 0.014
5 Lung (expiration) 0.11 £ 0.0696
6 Liver 0.091 £ 0.024
7 Urine 1.87 £ 0.69
8 CSF (Cerebrospinal Fluid) 1.59+0.18
9 Blood 0.60 0.21

Overall, the measurement results align closely with the
optimal reconstruction, demonstrating that the EIT data
acquisition system performs effectively and can
accurately detect impedance variations within the
simulated tissue. This capability supports the accurate
interpretation of resistance distribution in body tissues.

In this experiment, a biological tissue phantom was
created using a fresh beef sample measuring 50 mm x 30
mm x 10 mm, immersed in distilled water to provide a
controlled and homogeneous medium for impedance
measurements. Although distilled water has a significantly
lower conductivity (~5.5 x 107 S/m at 25°C) compared to
human tissue (~0.2 S/m), its use eliminates variability
introduced by dissolved electrolytes [15], ensuring that
impedance changes are primarily influenced by the tissue
phantom itself rather than the surrounding medium [16].
This approach has been utilized in various EIT studies to

provide a baseline reference for
measurements [17].

The beef sample was placed as an anomaly between
electrodes E15 and E1 in a circular liquid phantom
arrangement, with an electrode spacing of approximately
30 mm and a depth of 15 mm from the water surface.
Electrodes E15 and E1 functioned as the primary current
injection pair, while the remaining electrodes (E2-E14
and E16) were used for voltage measurements. The use
water provides a homogeneous and stable measurement
medium, helping to isolate the impedance characteristics
of the tissue sample without the additional influence of
electrolytes, such as those in saline solutions [11]. This
setup ensures that the reconstructed images accurately
reflect impedance differences caused by the tissue
sample itself, rather than being significantly influenced by
the conductivity of the surrounding medium.

The reconstruction algorithm used was a modified
Gauss-Newton method with Tikhonov regularization (A =
1e-4), applying a convergence criterion of 0.1% error
tolerance or a maximum of 50 iterations [18]. Fig. 1.
presents the reconstructed conductivity distribution,
where the beef anomaly appears as a region with three
times higher conductivity than the background solution,
consistent with the electrical properties of biological
tissue.

conductivity

Fig. 2. Result recontruction image phantom. a)
Phantom image b) Reconstuction image create by
EIDORS

Since water is inherently conductive, some resistivity
elements may be visible in the image reconstruction from
comparison of homogeneous data capture with beef
phantom (body tissue) [19]. When the system is executed,
it will obtain voltage data which corresponds to the
resistivity of the body tissue in the meat (muscle, fat and
other constituent tissues) so that the results of image
reconstruction with variations in frequency and amplitude
can be shown as in Fig. 6.

Freq Amp Gauss-Newton GREIT
H-Parameter : H-Parameter :
0.01 0.05
50 KHz 0.4 o "
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Fig. 6. Recontruction result using model Gauss-
Newton anda GREIT

4. DISCUSSION

The results of image reconstruction using Electrical
Impedance Tomography (EIT) with the Gauss-Newton
and GREIT models can be evaluated based on image
clarity, anomaly shape accuracy, and sensitivity to
amplitude variations. The Gauss-Newton method has
been shown to produce clearer and more detailed images
compared to the GREIT model, particularly at amplitudes
ranging from 0.4 mA to 1.0 mA. Its iterative approach
effectively minimizes errors and generates a more
accurate conductivity distribution, while its stability is
enhanced through regularization techniques to address
nonlinear problems [20].

Furthermore, quantitative analysis of the reconstructed
conductivity maps demonstrates that the Gauss-Newton
method consistently achieves lower error margins and
higher reproducibility, as it can capture subtle variations in
tissue properties with greater accuracy [21]. The
regularization framework also helps reduce noise effects,
ensuring that even small anomalies can be precisely
identified—an essential aspect in clinical diagnosis and
treatment planning.

On the other hand, while the GREIT model offers
advantages in reconstruction speed, its results tend to be
blurrier and less precise in depicting anomaly shapes [22].
GREIT has lower sensitivity to amplitude variations,
limiting its ability to distinguish anomalies as effectively as
the Gauss-Newton method. In contrast, the iterative
refinement process in the Gauss-Newton method allows
for more stable convergence to an optimal solution, even
in challenging conditions [22]. Recent studies support
these findings, showing that advanced reconstruction
techniques, such as spatially invariant feature mapping
and convolutional neural networks, significantly enhance
imaging accuracy in EIT [23]. Therefore, while GREIT
provides faster processing times, the Gauss-Newton
method remains superior in generating high-quality
images essential for precise tissue evaluation.

Experiments using a beef tissue phantom further
reinforce these observations. The Gauss-Newton method
successfully reconstructed anomalies with shapes closely
resembling the actual phantom, as illustrated in Fig. 6. In
contrast, the GREIT model produced more blurred
reconstructions with rounded and less defined anomaly
shapes. Moreover, across different amplitude variations,
the Gauss-Newton method demonstrated superior
responsiveness in detecting tissue changes, whereas the
GREIT model struggled to capture fine anomaly details.
These findings confirm that the Gauss-Newton method is
more effective in improving EIT reconstruction quality,
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making it a more reliable approach for diagnostic

applications based on electrical impedance imaging.
() ®) (©

Fig. 7. Image Reconstruction Analysis Phantom with
EIDORS. a) Phnatom image b) Recontruction image at
100 KHz frequency with 0.8 Amplitude c)
Recontruction image at 100 KHz frequency with 0.4
Amplitude

The findings demonstrated that the Gauss-Newton
reconstruction method at an amplitude of 0.8 mA and a
frequency of 100 kHz provides optimal image
reconstruction quality as a present Fig. 7..These findings
align with studies such as Hu et al. [23], which employed
spatial invariant feature maps and convolutional neural
networks for EIT image reconstruction, achieving
significant accuracy improvements. Similarly, Hamilton et
al.[24] introduced the Beltrami-Net approach, combining
deep learning with the D-bar method, which showed
substantial image quality enhancement. Denker et al. [25]
further explored data-driven approaches for EIT image
segmentation, demonstrating increased reconstruction
accuracy and clinical potential.

In contrast, the poorest reconstruction quality occurs at
an amplitude of 0.4 mA and the same frequency, where
the image appears overly stretched and misaligned with
the phantom's true location Fig. 7(c). This highlights that
lower currents result in reduced reconstruction accuracy,
making it more challenging to accurately identify the
anomaly’s shape.

Furthermore, variations in the H-Parameter within the
Gauss-Newton model (ranging from 0.01 to 0.05)
significantly influence noise sensitivity. A slight increase in
the H-Parameter enhances image clarity without
substantially amplifying noise. Overall, the Gauss-Newton
model exhibits superior accuracy in detecting and
visualizing anomalies in body tissues [26] surpassing the
GREIT model in terms of detail and precision. However,
the GREIT method demonstrates a distinct advantage in
reconstruction speed, emphasizing a trade-off between
accuracy and processing time. This balance is critical for
practical applications, particularly in real-time monitoring
systems [27].

Another limitation of this study is the reliance on
homogeneous tissue phantoms, which may not fully
represent the structural and compositional complexity of
human biological tissues [28]. Additionally, as noted by
[29], EIT image reconstruction inherently faces
challenges due to its nonlinear and soft-field nature, which
limits image resolution and the accuracy of boundary
detection. These factors may contribute to the observed
variations in reconstruction quality under different current
amplitudes and H-Parameter settings in this study.

Moreover, the controlled laboratory conditions under
which the experiments were conducted might not
adequately reflect the variability encountered in clinical
environments, thus limiting the external validity of the
findings.

Despite these challenges, the implications of this study
highlight the promising potential of the developed EIT
system in medical diagnostics, particularly for detecting
tissue impedance changes. Future research should
prioritize the integration of machine learning algorithms to
further enhance reconstruction accuracy and the
development of real-time processing capabilities for
clinical applications [30]. Additionally, diversifying the
dataset to include a broader range of tissue phantoms and
testing under varied environmental conditions could
substantially improve the robustness and generalizability
of the system.

5. CONCLUSION

An advanced Multifrequency Electrical Impedance
Tomography (EIT) system has been successfully
developed utilizing Analog Discovery, with MATLAB
serving as the data acquisition platform. This device can
generate currents ranging from 0.4 mA to 1 mA and
operates within a frequency range of 50 kHz to 120 kHz,
enabling the detection of anomalies in a tissue phantom
(beef) immersed in a liquid-based phantom solution. The
study aimed to evaluate the effects of frequency and
amplitude variations on the reconstruction quality of EIT
images.

The optimal reconstruction outcomes were observed
at an amplitude of 0.8 mA and a frequency of 100 kHz,
using the Gauss-Newton reconstruction method. These
results exhibited superior quality, including better
anomaly differentiation, reduced noise, and a more
accurate shape alignment with the phantom's actual
anomaly, compared to the GREIT method. The findings
show that the Gauss-Newton method achieved an image
reconstruction accuracy improvement of approximately
18% and reduced noise levels by 20%, demonstrating its
effectiveness in anomaly detection.

The GREIT method showed a faster reconstruction
process, highlighting the trade-off between speed and
accuracy. These findings suggest that the EIT system can
effectively simulate and detect tissue impedance
variations, making it a promising tool for medical
diagnostics. Future research should focus on integrating
machine learning algorithms to further improve image
reconstruction accuracy in EIT. In addition, the
development of real-time processing systems is essential
for clinical applications, ensuring faster and more efficient
thoracic conductivity imaging. Expanding the dataset to
include different types of tissue phantoms and testing
under diverse environmental conditions will improve the
durability and generalizability of the system. Advancing
these aspects will contribute to a more reliable and
clinically viable EIT imaging system, ultimately improving
diagnostic capabilities and medical decision-making in
thoracic health.
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