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Abstract— This paper propose a novel transfer learning ap-
proach, Pseudo-Domain Adversarial Network (PDAN), to tackle
the issue of electrode displacement in Electrical Impedance
Tomography (EIT). Electrode displacement, caused by human
movement or improper operation, significantly affects the
accuracy of EIT by introducing data errors. Existing solutions
either modify the electrode assembly at a high cost or employ
recognition algorithms that require retraining from scratch.
To overcome these limitations, our work leverages the power
of transfer learning to enhance model performance in the
target domain by utilizing knowledge from a related task in
the source domain. PDAN extends the capabilities of deep
adversarial learning by incorporating noisy images to simulate
post-electrode rotation scenarios, aiding in the reduction of
negative impacts caused by minor electrode displacements. Our
method demonstrates superior performance in classifying leg
posture data, achieving around 90% accuracy, and proving ro-
bust against sensor electrode offset. Experimental results across
various datasets validate the effectiveness of PDAN, indicating
its potential in addressing complex real-world situations with
improved generalization capabilities.

I. INTRODUCTION

Electrical Impedance Tomography (EIT) is a non-invasive
imaging technique that measures the interior structural
impedance distribution of a conductive object [1]. Due to the
non-destructive of EIT, it has also been applied in the medical
field, such as neonatal skull imaging [2] and cancer detection
[3]. It has also been utilized in human-computer interaction
[4], such as equipment for leg health recognition [5] and
detection of a sensor-integrated soft robot [6]. However,
during the process of collecting impedance data by EIT,
electrodes may experience displacement [7] [8] as the human
body moves to cause data errors, making it challenging
to continue using models trained previously. The electrode
displacement can eventually result in serious consequences
such as difficulties in system calibration and data distor-
tion. Recognizing the significance of addressing this issue,
researchers have explored various solutions, ranging from
physical modifications to algorithmic approaches.

Olmos et al. [9] proposed physical modifications to
electrode arrangements and control systems to mitigate
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displacement-related challenges. However, this method en-
tails high hardware costs, limiting its scalability. On the
other hand, Kunori et al. attempted to insert electrodes
directly into the organism [10], directly exploring the activity
state of the rat’s cerebral cortex under different conditions
using cortical stimulation and optical imaging. Although this
operation does not require high costs, prolonged puncturing
can damage the organism. Electrodes in this state do not
possess long-term stability and biological compatibility.

While changing the electrode assembly method at the
physical level resolves the electrode displacement phe-
nomenon, it introduces issues of high cost or harm to the
human body. Therefore, some individuals approach the prob-
lem from the perspective of recognition algorithms. For ex-
ample, using the mathematical method of Non-negative Ma-
trix Factorization (NMF) [11] to decompose high-frequency
temporal features obtained before and after electrode ro-
tation, excluding interference factors, and evaluating the
effect through classification. Another approach involves es-
tablishing a set of suitable filters, such as Common Spatial
Patterns (CSP) [12], to recognize signals before and after
rotation. Alternatively, Shi et al. [13] established a prior
relationship matrix for conditions before and after electrode
offset, reducing its impact by modifying the matrix. These
studies directly address the electrode displacement problem
by focusing on temporal feature changes in signals generated
by electrode movement [11] [12]. These techniques aim
to address signal changes induced by electrode movement
but require frequent retraining, posing resource consumption
challenges and limiting their practicality.

To overcome the limitations of existing solutions, we
propose using transfer learning. Transfer learning improves
performance on a related task (target domain) by leverag-
ing knowledge learned on another task (source domain). It
involves applying models and knowledge trained on large
datasets to accelerate learning on new tasks. Transfer learn-
ing typically involves applying pre-trained base models to
new tasks. They are trained on large-scale datasets and
have proven to learn more general features, avoiding the
resource consumption associated with retraining [14] [15].
Meanwhile, by fine-tuning the final and label layers of
the network in transfer learning, preliminary results show
an improvement in classification accuracy after electrode
displacement. However, this has only been demonstrated in
theoretical models with two electrodes [16]. Furthermore, in
previous research, Tammina et al. [17] explored and com-
pared three methods: not using transfer learning, using only
data augmentation, and combining transfer learning with data
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Fig. 1. The overall process of using transfer learning to process leg electrical impedance imaging. In the first stage, collect data. The second stage involves
electrical impedance imaging and classification.

augmentation. The strategy of combining transfer learning
achieved the best results, demonstrating the effectiveness of
transfer learning.

Therefore, this paper proposes a new transfer learning
method called Pseudo-Domain Adversarial Networ (PDAN)
to address the issue of electrode displacement in complex
real-world situations. In real-world scenarios, models trained
with simple transfer learning often experience a decline
in generalization performance on the target domain [18],
while PDAN significantly extends the capabilities of deep
adversarial learning. By incorporating noisy images to sim-
ulate real-world scenarios, PDAN improves model robust-
ness, ensuring reliable performance even in the presence
of electrode displacement. During the training process of
the model to recognize real and noisy images, this helps
alleviate the negative impact transmission caused by minor
electrode displacement in the actual end-to-end framework
training process. Model evaluations based on the accuracy
of classifying the dataset and real-time classification results
demonstrate the effectiveness of PDAN in real-time classi-
fication tasks, highlighting its practical utility in dynamic
environments.

The organization of the article is as follows. In Section
2, we mainly focus on the main components of the entire
system. We describe the process of conducting experiments
to validate the leg posture classification model, analyzing the
classification results and possible causes in Section 3. Finally,
in Section 4, we discuss our findings and summarized our
work.

II. SYSTEM DESIGN

The entire EIT system architecture is shown in Fig.1. It
comprises three parts: data acquisition, data processing and
classification. Firstly, the impedance data of human tissues
is determined by homemade data acquisition system. The
leftmost part of the figure is the cross-section of the human
calf, mainly composed of muscles and bones. The black part
represents the electrode, which is attached to the surface
of the human body. Next, the acquisition circuit applies
current to the human calf to obtain the returned voltage data.
The data is transformed into impedance distribution images
through EIT. Finally, the image results are sent to a laptop

for training and recognition through transfer learning. The
returned label is the type of leg posture we predicted.

A. Data Acquisition

In Figure 2, we present the acquisition system consisting
of an AD5940 chip and ECG electrodes. Alcohol is first
applied to the calves of the human body to remove dust
and impurities to prevent further impact on data collection.
Then the electrodes are evenly attached to the calf of the
subject and connected to the acquisition chip through a
crocodile clip. The acquisition chip is designed utilizing
an AD5940 Impedance Analyzer as its foundation. This
chip includes a frequency generator and an on-board ADC
enabling impedance measurement within a specific frequency
range from 0 Hz to 100 KHz with a resolution of 0.1 Hz.

Fig. 2. The acquisition system includes the AD5940 chip and ECG
electrodes. The electrodes are tightly attached to the surface of the human
calf, and the extended wires are connected to the AD55940 chip.

We collect voltage data in a two-terminal scheme with
8 electrodes. Its working principle involves utilizing a pair
of electrodes for impedance measurement. In this system,
only two electrodes are employed for both current injection
and voltage measurements. The impedances between all elec-
trodes pairs were measured sequentially without repetition,
which resulted in 28 independent values. We opt for the
two-terminal scheme primarily because it necessitates fewer
electrodes for impedance measurement, thereby reducing
hardware complexity.
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The medical electrode consists of a conductive silicone
layer and other auxiliary layers. The silver layer ensures
the transmission of current, while the auxiliary layer ensures
intimate contact between the electrodes and the human body.
To differentiate between various gestures, it is imperative that
the surface electrodes are firmly attached to the skin, en-
suring consistent and stable contact impedance between the
electrodes and the skin throughout each test. Hence, we opt
for commercial medical electrodes that have a track record
of use in electromyography (EMG) signal measurement.

B. Data Processing

The imaging process of EIT involves forward and inverse
problems. The forward problem of EIT refers to the situation
where the conductivity distribution σ of the measured field
and the excitation signal are known, and the boundary
potential U of the field is solved.

U = F(σ) (1)

To save computational resources, we simplify the physical
model of EIT for the leg as follows: the conductivity of
the human body is isotropic and does not change with the
strength of the electric field. Therefore, we employ the finite
element method for solving, linearizing the problem leads to
Equation (1) transformed into

δU = JJJδσ (2)

where JJJ ∈ Rm×n is the sensitivity matrix, δU ∈ Rm is the
boundary voltages change, δσ ∈ Rn is the conductivity
change. The ultimate goal is to solve for the distribution of
conductivity, which means solving the inverse problem. The
most common method is Gaussian-Newton(GN) method:

δσ = MMMδU (3)

where MMM represents the linear, one-step reconstruction ma-
trix. It is defined as

MMM = (JJJTTTWWWJJJ+λ
2RRR)−1JJJTTTWWW (4)

In Equation (4), WWW is the weight of matrix, λ is a
regularization parameter chosen heuristically, RRR is regular-
ization matrix. Based on the finite element method and GN
algorithm, we obtained the imaging results of EIT.

The operation of solving inverse problems transforms
voltage vectors into images that contain a wealth of mean-
ingful information, especially regarding the spatial structure
of conductivity distributions. Compared with raw data and
EIT results, more shape and organizational information can
be used for training in convolutional neural networks.

Focusing on specific human impedance issues, we employ
only a two-terminal scheme [19] with eight electrodes for
conducting impedance analysis. As time passed, the arrange-
ment of electrodes may change due to human movement.
The possible arrangement have been shown before and after
rotation in Figure 3, followed by the collected voltage data
V1 and V2 in corresponding electrode arrangement. The
difference between V1 and V2 is not significant. However,

Fig. 3. The image first shows the electrode patterns before and after the
offset occurred during the collection time, followed by the voltage data they
collected at this moment. The corresponding EIT results are at the end.

EIT is ill-posed which meaning that small voltage data
changes on the surface do not necessarily represent that there
is little change in the impedance inside the target object.
The consequence may lead to judgment errors in practical
applications, such as medical image detection errors. To
address this issue, quantitative analysis of electrode motion
position in the subsequent experimental section will be used
to determine whether the proposed network is effective.

C. Classification

The process of classification can be divided into three
stages.

•The first stage aims to classify the initially collected
voltage data in the source domain. The collected voltage
data has 28 feature dimensions. To reduce measurement time
and get an acceptable accuracy, we generate a feature subset
by computing the variance of each dimension and applying
Pearson Correlation to filter irrelevant features. Nextly we
use t-distributed stochastic neighbor embedding (t-SNE) [20]
to mitigate dimensional collapse. As a result, we can obtain
basic classification for the source domain. Evaluation using
confusion matrices helps assess the impact of classification
operations across different datasets. The time required for
this phase is relatively short, approximately 500 ms. This
duration is closely related to the size of the training set.

•Complex background noise poses challenges in feature
extraction, particularly in accommodating electrode offset.
Hence, we have deployed a noise addition mechanism [21]
to strengthen the robustness of PDAN in the second stage.
The addition of Gaussian noise to the initially voltage
data as part of the adversarial network prevents the model
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Fig. 4. The PDAN architecture utilizes images as inputs. Employing transfer learning techniques, the network autonomously adjusts various parameters,
such as gradient flipping, cross-layer connections, neuron addition, and pruning. This process culminates in the generation of corresponding predicted labels
as output results.

from fitting the noise in the collection process. The images
with added noise are called ”pseudo-images”, which serve
as the dataset for training models to recognize data from
the source domain to the target domain. Pseudo-images
enable the model to understand electrode rotation operations
in real-world significance during the transfer process. The
images will be injected into three parallel Conv+ReLU
layers. The corresponding outputs are concatenated by four
Max pooling layers. Then, attention mechanisms and fully
connected layers optimize feature weighting, culminating in
enhanced model adaptability. Finally, the softmax function
creates a probability distribution matrix, which will output
the corresponding maximum probability.

•The final stage involves the process of knowledge transfer
shown the main modifications of the entire network in Fig.4.
A fine-tuning mode was applied during the adaption of a pre-
trained network (Vgg16) model. The feature maps was used
from coarse-graining through transfer learning. We adjusted
the output category optimization of the last layer of the VGG
model for knowledge fine-tuning. The addition of attention
mechanism enables the network to annotate the importance
of different features. It applies element-wise product between
the attention map and the source feature map to increase
the weight of pose features. The attention mechanism was
embed into the network model to adaptively add or remove
neurons. Besides, skip connections and adaptive aggregation
mechanisms have also been applied to trim larger network
areas. Instead of setting the levels and parameter settings
of the convolutional neural network, we utilize domain loss
to enable the network to autonomously select parameters. It
allows the network to automatically generate convolutional
features during forward and backward propagation.

We collected datasets of different leg postures in two
states: before and after electrode rotation. The dataset from
the former state was used for training, while the latter for
testing. In the context of applying EIT to human body, we use
pseudo-images to simulate noise [22] and variations in real-

world images, by adjusting the recognition of pseudo-images
by the label classifier and the domain classifier to minimize
the error function, thereby enhancing the model’s adapt-
ability to different data distributions and noise conditions.
We call the domain composed of pseudo-images a ”pseudo-
domain” and convert the traditional binary domain classifier
into a ternary classifier, which is a significant feature of our
designed PDAN. Traditional transfer learning is merely a
simple adversarial interaction, typically utilizing data under
ideal conditions. In the context of human body impedance
analysis, we use a pseudo-domain to simulate noise and
variations in real-world images, by adjusting the recognition
of ”pseudo-images” by the label classifier and the domain
classifier to minimize the error function. It helps the model
more easily avoid problems of similarity between some
original and target domain data caused by system errors,
thereby better resisting interference in the target domain.

In the actual process of training transfer, the more data
available, the better the model can understand different
postures, and the better the results. However, there is a lack
of publicly available datasets in the research of this paper. To
conduct experiments, we had to create our own dataset. The
process of creating a dataset is tedious, and the resources re-
quired to add labels are complex. Therefore, we incorporated
methods of data augmentation, comparing pixel-level con-
trasts in the image domain. The strategies employed include
random cropping, flipping, and color distortion. Through
these means, we can expand from a limited dataset to the
required amount, increasing the diversity and complexity of
the data. Furthermore, this approach addresses the scarcity
and incompleteness of data in the real world, which can help
us better learn features and construct the feature space for leg
posture classification tasks, thereby improving the model’s
generalization capability and robustness.

By incorporating Gaussian noise to introduce pseudo-
images, forming a pseudo-domain, and employing data aug-
mentation techniques, we increased data diversity. This helps
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to address the issue of data distribution differences between
the source and target domains in transfer learning. These
improvements bolster the model’s adaptability and robustness
in transfer learning scenarios.

III. EXPERIMENT

A. Leg Posture Set

Displayed in Fig. 5, three types of movements will be
tested. Throughout the entire experimental process, the par-
ticipant will sit on a comfortable chair. Placing the lower leg
in its natural resting position is labeled as ”relaxed”; slightly
lifting the lower leg to half knee height is labeled as ”lifted”;
crossing the legs with one leg placed above the other thigh
is labeled as ”crossed legs”.

Fig. 5. Test Motions

We utilized the acquisition system mentioned to record
the dataset, obtaining impedance imaging images of the
participant in different leg positions (relaxed, lift, crossed-
legged), capturing the distribution of internal conductivity in
the participant’s legs.

TABLE I
INITIAL AND EXPANDED DATASETS OBTAINED FROM THE PARTICIPANT

Relax Lift Cross-legged

Original Training Set 200 200 200

Original Test Set 200 200 200

Dataset with Data
Enhancement 400 400 400

Dataset with
Gaussian Noise 2000 2000 2000

The dataset shown in Table I mainly comes from four
aspects:

(1) Original Training Set: The dataset is collected with-
out electrode deviation. A participant keeps their legs still,
assuming the Relax, Lift, and Cross-legged postures respec-
tively, and then collects 200 sets of data for each posture.

(2) Original Test Set: The dataset is collected after elec-
trode deviation. A participant remain still, and then the
alligator clip is removed. The electrode is moved clockwise
by one position and then reconnected. 200 sets of data are
collected for each posture.

(3) Dataset with Data Enhancement: The dataset is ex-
panded after data augmentation. Based on the previous two
datasets, we applied different data augmentation techniques

(a) Original Training Set (b) Original Test Set

(c) Dataset with Data Enhancement (d) Dataset with Gaussian Noise

Fig. 6. Confusion matrix for: (a) Training using the training dataset.
(b) Training using the original test dataset. (c) Training using the data
enhancement dataset. (d) Training using the Gaussian noise dataset.

(flipping horizontally and vertically at four angles, rota-
tion, and zooming) to generate more samples, doubling the
dataset.

(4) Dataset with Gaussian Noise: The dataset is simulated
with added noise after deviation [23]. Gaussian noise is
added to the Training Set and Test Set to simulate changes
in data during deviation. This process increases the amount
of data 10 times.

B. Basic Setings

All training is conducted on a server with the following
configuration: Intel (R) Xeon (R) CPU E5-4600 v4 (4 cores)
@2.20GHz, Windows Server 2012 R2 operating system,
112.GB RAM, and PERC H330 Adapter. The input images
are converted into three convolutional layers according to the
RGB channels. Each layer performs feature calculation using
a 3×3 convolutional kernel, effectively extracting structural
and textural features from the images. Batch normalization
and rectified linear units are applied after each layer, and
the size of the feature maps is reduced using a 2×2 pooling
window. Finally, three fully connected layers map the high-
order features extracted by the convolutional layers to the
final output class space, and classification is performed using
the Softmax function. The learning rate for all layers is fixed
at 0.0001, the maximum batch size is 32, and the weight
decay is 0.0001.

C. Result

Applying the previously trained model for classification,
confusion matrices were obtained on four datasets, as shown
in Figure 6. Rows represent the true categories, while
columns represent the categories predicted by the model.
The performance difference of PDAN on different datasets
is not significant, which proves its universality in different
scenarios. Therefore, we will start testing on the fused dataset
and compare the performance of PDAN and other common
transfer learning methods on all datasets.
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(1) Fine-Tuning: Utilizing a model pretrained on a large
dataset, all layers except the final fully connected layer
are set to non-trainable. The final fully connected layer is
modified to 3 to adapt to the current work [24].

(2) RevGrad: Introducing a reverse gradient domain clas-
sifier during training, conducting classification tasks between
the source and target domains [25].

(3) DANN: Comprising three structures: feature extractor,
domain classifier, and label classifier. The feature extractor
aims to learn feature representations, the domain classifier
attempts to differentiate between the source and target do-
mains, and the label classifier utilizes the learned feature
representations from the feature extractor for classification
or regression predictions of the target task. It focuses more
on achieving similarity in feature representations between
different domains, rather than simply transferring knowledge
or features [26].

Fig. 7. Comparison of Training Methods

PDAN exhibites the best performance among four meth-
ods, reaching nearly 90% accuracy in Fig. 7. It is worth
noting that although Fine-Tuning performed well on the
action of ”relax” and ”cross-legged”, its overall performance
was still poor. We speculate that the poor performance
of Fine-Tuning in the second category is due to our use
of the voltage data from the ”relax” as the baseline for
differential imaging. Even slight muscle movements may
cause significant changes, making it easier for the model
to recognize the images of other poses as the first one. This
difference in accuracy may be attributed to the sensitivity of
differential imaging, resulting in loss of recognition ability in
the ”lift” category. Therefore, simple adjustments in the Fine-
Tuning method are inadequate for the scenario discussed
in this article. Meanwhile, PDAN outperformes RevGra
and DANN by nearly 10 percentage points, confirming its
efficiency and robustness. The improvement can be attributed
to the incorporation of pseudo-domain to simulate electrode
rotation, which helps the network understand the process of
rotating electrodes.

The network’s performance is primarily limited by the
acquisition speed of the AD5940 chip. Approximately 350
datasets are collected per minute, which has not yet reached
the performance limit of the four comparison networks.

Regarding computational costs, PDAN-based architectures
include additional components like pseudo domains and
attention mechanisms, leading to higher computational re-
quirements compared to simpler models like fine-tuning.
However, the performance improvements provided by these
additional components justify the increased computational
costs in many applications. To emphasize the universality of
the model, we further measured the stability of the recall
rate at a confidence level of 95%. This level is also the
reference value for determining the baseline performance of
most current models. With a sample accuracy rate of 0.9017,
we can infer with 95% confidence that the model accuracy
falls within the range of 87.79% to 92.56%. The model’s
stability and reliability are confirmed.

IV. CONCLUSION

In this study, we proposed a pseudo domain adversarial
network EIT system with adaptive adjustment to eliminate
the impact of human motion on the sliding of wearing device
electrodes. Our findings indicate that incorporating a pseudo-
domain to simulate electrode rotation significantly improves
model performance, achieving nearly 90% accuracy. More-
over, the model exhibits good stability and reliability, with a
confidence interval of 87.79% to 92.56% at a 95% confidence
level.

These results underscore the potential of our approach in
real-world applications, such as monitoring and analyzing
human body movements using EIT technology. By address-
ing challenges such as noise, data distribution differences,
and electrode rotation, our model shows promise in enhanc-
ing the accuracy and robustness of posture classification
systems.

Further research could focus on optimizing model ar-
chitectures, exploring additional augmentation techniques,
and expanding datasets to improve generalization and adapt-
ability. Additionally, real-world validation studies involving
diverse populations and conditions would be valuable to
validate the scalability and effectiveness of our approach in
practical scenarios.
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