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Electrical Impedance Tomography Shape
Classification Using Deep Neural Networks
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Abstract— Electrical impedance tomography (EIT) is often
formulated as an inverse problem of reconstructing internal
conductivity distribution from boundary-voltage measurements.
In contrast to conventional image reconstruction approaches, this
work addresses a supervised task classification of the shape of
a single inclusion directly from experimentally acquired EIT
voltage data. The dataset consists of measurements obtained from
a circular saline-filled phantom instrumented with 16 boundary
electrodes and containing one polyethylene terephthalate glycol
(PETG) inclusion with circular, square, or triangular geometry.
A protocol-ordered voltage feature was used as input to a fully
connected deep neural network classifier. The proposed model
achieved approximately 97% test accuracy under the adopted
experimental split, while a random forest baseline produced
comparable performance. These findings show that measured EIT
voltage measurements signals contain discriminative information
for object-shape classification. However, they also indicate that
the dataset is strongly separable and that future work may
include additional phantom configurations, and comparisons with
reconstruction-based and convolutional approaches.

Keywords— Shape classification, Electrical Impedance Tomog-
raphy, Deep Neural Networks, phantom measurements, voltage-
domain classification.

I. INTRODUCTION

Electrical Impedance Tomography (EIT) is a non-invasive
imaging technique that estimates information about the internal
conductivity distribution of a domain from electrical currents
applied through boundary electrodes and the resulting boundary
electrical voltage measurements [1], [2]. The basic EIT forward
model is governed by the generalized Laplace equation, which
is given by:

∇ · (σ(r)∇V (r)) = 0, (1)

where σ(r), V (r), and r denotes the conductivity distribu-
tion, electrical potential, and spatial coordinates, respectively.
Estimating σ(r) from boundary measurements is difficult
because the inverse problem is nonlinear and ill-posed; small
measurement errors or modeling inaccuracies can produce
unstable reconstructions. For this reason, EIT image reconstruc-
tion methods often require regularization, accurate electrode
modeling, and robust noise-handling strategies.

Due to its non-invasive nature, low cost, portability, and
real-time imaging capability, EIT has attracted considerable
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attention in biomedical imaging [1], industrial process mon-
itoring [3], and geophysical exploration [4]. In biomedical
applications, EIT has been explored for lung monitoring,
breast imaging, and brain imaging because it does not expose
patients to ionizing radiation and can be implemented using
compact instrumentation [5]. Nevertheless, the computational
and mathematical difficulties of EIT reconstruction continue
to motivate alternative data-driven approaches for tasks such
as classification, detection, and decision support.

Machine learning and deep learning methods have attracted
increasing attention in EIT-related studies because they can
learn nonlinear relationships directly from measured or simu-
lated data [6], [7]. Particularly, Deep Neural Networks (DNNs)
are able to extract nonlinear features through multiple trainable
layers and have shown strong performance in high-dimensional
signal-processing problems [6], [7], [8], [9]. In EIT, such
models have been investigated for reconstruction support,
anomaly detection, and classification tasks [10], [11], [12], [13],
[14]. For instance, previous studies have used machine learning
models for impedance-based target classification, stroke-type
classification, and other EIT-related diagnostic problems [12],
[13], [14]. However, it is important to distinguish image
reconstruction from the task studied in this paper. The present
work does not reconstruct an EIT image. Instead, it classifies
the shape of a single inclusion directly from boundary-voltage
measurements.

Convolutional Neural Networks (CNNs) are widely used
when the input has an explicit spatial structure, such as images
or reconstructed conductivity maps [15], [16]. In this work,
however, the primary input is not an image. It is a fixed-length
voltage vector of protocol-ordered EIT voltage measurements.
Therefore, a fully connected DNN is adopted as a direct voltage-
domain classifier. CNN-based approaches using reconstructed
images or reshaped voltage maps remain relevant alternatives,
and they are identified as future comparisons rather than
presented as the main method of this study.

The experimental dataset used in this work was provided
by Krukewitt and Thönes (2023), and contains of EIT voltage
measurements acquired from a circular saline-filled phantom
with 16 boundary electrodes [17]. Each measurement corre-
sponds to a phantom containing one PETG inclusion whose
shape is circle, square, or triangle. The classification objective
is to map the measured voltage pattern to the corresponding
inclusion shape. To the best of our knowledge, this is the first
work employing this dataset for object shape classification
using deep learning techniques. The proposed approach utilizes
a fully connected DNN model trained on protocol-ordered
voltage measurements to classify the embedded object shape.
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Unlike conventional EIT studies that focus on reconstructing
conductivity images, the present work addresses a supervised
classification problem directly from voltage-domain data. The
results demonstrate that the measured voltage signals contain
discriminative information for shape classification task.

The paper is organized as follows. In section II, the neural
network architecture is explained, and the proposed sequential
neural network architecture is also described. The descriptions
of the the dataset, preprocessing steps, and training procedure
baselines, and ablation protocol is presented in section III. In
section IV, the discussion of the results is explained. Finally,
we conclude by summarize the key findings in section V.

II. DEEP NEURAL NETWORK MODEL

Deep neural networks (DNNs) are machine learning models
composed of multiple layers of trainable nonlinear transforma-
tions. Each layer maps its input to a new representation through
weighted connections and activation functions, allowing the
network to learn complex relationships directly from data
[6]. DNNs have been applied to many high-dimensional
signal-processing problems, including image classification [15],
speech recognition [18], and EIT-related learning problems
[19].

In this work, the objective is to classify the shape of a
single inclusion directly from measured EIT voltage data. Each
sample is represented by a feature vector x ∈ R196, composed
of 192 valid voltage measurements and four summary voltage
features such as mean, standard deviation, maximum value, and
minimum value. The classification problem is defined over the
class set C = {circle, square, triangle}. The hidden layers learn
intermediate feature representations from the voltage vector,
and the final layer maps these representations to the probability
of each shape class.

The proposed architecture is shown in Fig. 1. It is a fully
connected sequential DNN composed of dense layers with
rectified linear unit (ReLU) activation, batch normalization,
dropout, and L2 weight regularization. This architecture was
selected because the input is a vector of voltage measurements
rather than an image. Therefore, the network is designed as
a practical, moderate-capacity configuration rather than as a
theoretically optimal network. The first 256-unit block can
form nonlinear combinations across all voltage channels, and
the subsequent 128- and 64-unit blocks progressively compress
the learned representation before the three-class output. ReLU
activations provide nonlinearity, batch normalization supports
stable optimization [20], and dropout and L2 penalties provide
regularization. The output layer uses the softmax activation
function to produce class probabilities for the three possible
inclusion shapes. For a given sample, the output layer produces
the probability assigned to class c as

ŷc =
exp(zc)∑C
j=1 exp(zj)

, c = 1, . . . , C, (2)

where zc denotes the logit associated with class c, ŷc is the
predicted probability for that class, and C = 3 is the total
number of classes. The predicted label is then selected as the
class with the highest softmax probability. This architecture was

Fig. 1: Sequential fully connected DNN architecture used for
object-shape classification from EIT voltage features.

selected because the input is a vector of voltage measurements
rather than an image

III. METHODOLOGY

A. Experimental data and task definition

The dataset used in this study consists of experimental EIT
measurements acquired from a saline-filled circular phantom
equipped with 16 boundary electrodes [17]. A single PETG
inclusion was placed inside the phantom, and the classification
task was to identify whether the inclusion was a circle, a square,
or a triangle. Figure 2 illustrates the physical setup considered
in this work. It is important to note that this schematic is
provided only to clarify the experimental setup; the proposed
model receives measured boundary-voltage features as input
rather than an image of the phantom. The measurements

Fig. 2: Schematic representation of the controlled phantom
task. Only one PETG inclusion is present in each acquisition.

were obtained using an opposite current-injection protocol
combined with adjacent voltage measurements. In this protocol,
voltage values associated with current-injection electrodes are
not used, resulting in protocol-induced missing entries. After
excluding these entries and arranging the valid measurements
in a consistent order, each sample contains 192 valid voltage
values.
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Let V (k)
j denote the voltage measured at channel j during

repeated frame k, where k = 1, . . . , 20. The repeated frames
are averaged to reduce the influence of random measurement
noise. The mean voltage for channel j is computed as

V̄j =
1

20

20∑
k=1

V
(k)
j , j = 1, . . . , 192. (3)

A channel denotes one retained adjacent voltage difference
associated with one ordered current-injection pattern. The
implemented 192-column representation can be organized as
16 injection blocks with 12 retained adjacent differences per
block, giving 16×12 = 192 values. The four global descriptors
are then appended, producing 196 input features. The dataset
contains 3,293 samples for the circle class, 4,383 samples for
the square class, and 4,383 samples for the triangle class. This
distribution indicates moderate class imbalance, mainly due to
the smaller number of circle samples. Figure 3 presents class-
wise averages of the four descriptors. Figure 4 summarizes

Fig. 3: Class-wise averages of the per-sample voltage mean,
standard deviation, maximum, and minimum. Each bar sum-
marizes all samples of one class.

the protocol-ordered voltage measurements. The class means
differ at several indices, but the bands also show substantial
within-class variability. This observation supports the feasibility
of supervised shape classification directly from EIT voltage
measurements.

Fig. 4: Mean protocol-ordered voltage signatures for the three
classes. Each solid curve is the mean across all samples in
that class, and each translucent band represents the mean plus
or minus one standard deviation. Thus, the figure summarizes
multiple samples rather than a single acquisition. It is shown
across both columns to make the overlapping mean curves and
the large dispersion at selected indices easier to inspect.

B. Preprocessing

The preprocessing pipeline was designed to reduce data
leakage and improve reproducibility. First, valid voltage mea-
surements were concatenated into a 192-dimensional vector.

Second, four summary voltage features were added, giving a
196-dimensional feature vector. Third, the class labels were
encoded for multiclass classification. Fourth, the dataset was
split using stratified sampling: 15% was reserved for testing,
and the remaining data were divided into training and validation
sets, resulting in approximately 70% training, 15% validation,
and 15% testing. Fifth, missing feature values, if present, were
imputed using statistics estimated only from the training set.
Sixth, feature standardization was fitted only on the training
set and then applied to the validation and test sets. Finally, the
Synthetic Minority Over-sampling Technique (SMOTE) was
applied only to the training split to reduce the class imbalance
[21].

C. Model training

The DNN was trained using supervised learning. The model
parameters were optimized by minimizing categorical cross-
entropy, which is suitable for multiclass classification with a
softmax output layer [22]. For a single sample, the loss can
be defined as [23]:

LCE(y, ŷ) = −
C∑

c=1

yc log(ŷc), (4)

where y is the one-hot encoded ground-truth label, ŷ is
the predicted probability vector, and C = 3. For a dataset
containing M samples, the empirical cross-entropy loss is

Ltotal =
1

M

M∑
i=1

LCE

(
y(i), ŷ(i)

)
. (5)

L2 regularization was included in the training objective:

Lreg = Ltotal +
λ

2

∑
l

∥W(l)∥22, (6)

where W(l) is the weight matrix of layer l and λ = 10−4 is
the regularization coefficient. This term penalizes large weights
and is commonly used to reduce overfitting. Its empirical effect
in this study is evaluated in the ablation protocol rather than
assumed a priori. Besides, the model parameters were optimized
using the Adam optimizer [24]. The updated adaptive learning
rates for each parameter can be computed by using

θt+1 = θt − η
m̂t√
v̂t + ϵ

, (7)

where η is the learning rate, m̂t and v̂t are bias-corrected
estimates of the first and second moments of the gradient,
and ϵ is a small constant for numerical stability. The initial
learning rate was set to 5× 10−4. Early stopping was used to
stop training when the validation loss did not improve for 10
consecutive epochs, and the best model weights were restored.

D. Baselines and ablation protocol

To address whether the models can obtain comparable
performance, three baseline classifiers were trained using the
same feature representation and data split: multinomial logistic
regression, linear SVM, and random forest. These baselines
help clarify whether the high accuracy is specific to the DNN
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architecture or whether the voltage features are already strongly
class-discriminative.

An ablation study was also performed to examine the
influence of selected training components. Starting from the
full DNN configuration, three variants were evaluated: (i) DNN
without SMOTE, (ii) DNN without dropout, and (iii) DNN
without L2 regularization. This analysis supports a more careful
interpretation of the regularization and balancing techniques
used in the model.

IV. RESULTS AND DISCUSSION

A. Classification performance

The DNN model achieved approximately 97% test accuracy
under the adopted sample-level stratified split. Table I summa-
rizes the class-wise precision, recall, and F1-score. The results
show high performance for all three classes, with the circle
class being slightly easier to identify than the two polygonal
classes. The results indicate that the voltage vectors contain

TABLE I: Class-wise DNN performance on the test set.

Class Precision Recall F1-score

Circle 0.99 0.98 0.98
Square 0.96 0.97 0.96
Triangle 0.97 0.97 0.97

shape-dependent information that can be learned by supervised
classifiers. Misclassifications occur mainly between square
and triangle samples, which is physically plausible because
both polygonal inclusions may produce more similar boundary-
voltage perturbations than the circular inclusion. However,
because the experiment uses a controlled phantom with one
object at a time, these results should be interpreted as evidence
of feasibility rather than as a general solution for EIT image
interpretation.

B. Baseline comparison

Table II reports the results obtained by the baseline classifiers.
The random forest achieved performance comparable to the
DNN result. This result is important because it shows that the
dataset is highly discriminative under the adopted split. There-
fore, the main conclusion that voltage-domain classification
is feasible and that both deep and classical machine learning
models can exploit the information present in the measured
voltage features.

TABLE II: Baseline models trained on the same voltage-domain
feature representation.

Model Accuracy Macro F1

Logistic regression 0.93 0.94
Linear SVM 0.94 0.94
Random forest 0.97 0.97
DNN 0.97 0.98

C. Ablation results

Table III presents the ablation results for selected DNN
training components. Removing dropout reduced the accuracy
more clearly than removing SMOTE or L2 regularization, sug-
gesting that dropout contributed more strongly to generalization
in this split. The no-L2 variant obtained performance similar
to the full model, indicating that L2 regularization should
not be claimed as a major source of improvement without
further repeated experiments. Similarly, SMOTE produced a
modest improvement, which is reasonable because the class
imbalance is moderate rather than severe. These ablation results

TABLE III: Ablation study of the DNN training components.

DNN variant Accuracy Macro F1

Full DNN 0.97 0.97
Without SMOTE 0.96 0.96
Without dropout 0.95 0.95
Without L2 regularization 0.96 0.96

support a more balanced interpretation of the model design.
Dropout appears useful for this dataset, while SMOTE and
L2 regularization have smaller effects. Because neural-network
training can vary with random initialization and data splitting,
stronger claims would require repeated runs and grouped
evaluation protocols.

D. Learning curves

Figures 5 and 6 show the training and validation accuracy
and loss curves for full DNNs model. The training accuracy
increases steadily, while the validation accuracy stabilizes after
the initial epochs. The validation curves are used only for model
selection and early stopping; the model parameters are not
updated using validation data. This distinction is important to
avoid confusing validation monitoring with training adaptation.

Fig. 5: Training and validation accuracy across epochs.

Fig. 6: Training and validation loss across epochs.

The learning curves indicate stable convergence, although
the gap between training and validation performance shows that
overfitting remains a relevant concern. This justifies the use
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of early stopping and regularization. It also motivates future
evaluation under stricter data partitions, such as grouped splits
by object position or measurement session.

E. Limitations

The present study has four main limitations. First, the
dataset contains a controlled phantom configuration with
only one inclusion at a time. Second, only three simple
object shapes are considered. Third, the evaluation uses a
sample-level stratified split; if repeated measurements from
similar object positions appear in both training and test
sets, performance may be optimistic. Fourth, the proposed
model operates directly on voltage-domain features and is not
compared with reconstruction-based classifiers or CNNs trained
on reconstructed conductivity images. These limitations do not
invalidate the feasibility demonstrated by the results, but they
restrict the generality of the conclusions.

V. SUMMARY AND CONCLUSION

This paper investigated object-shape classification from
experimental EIT boundary-voltage measurements using a fully
connected DNN. Unlike conventional EIT image-reconstruction
studies, the proposed approach directly classifies the shape of
a single PETG inclusion from voltage-domain features. The
dataset contains measurements from a circular saline-filled
phantom with 16 boundary electrodes and three inclusion
geometries, such as circle, square, and triangle.

The final feature representation consisted of 192 protocol-
ordered voltage measurements augmented with four summary
statistics. The DNN combined dense layers, ReLU activations,
batch normalization, dropout, L2 regularization, and a softmax
output layer. Under the adopted stratified split, the DNN
achieved approximately 97% test accuracy. Baseline results
showed that random forest performance was comparable,
indicating that the voltage features are strongly discriminative
for this controlled task. The ablation study further showed that
dropout had the clearest positive effect among the evaluated
training components, while SMOTE and L2 regularization
produced smaller changes.

Overall, the results support the feasibility of voltage-domain
EIT object-shape classification. However, they should not be
interpreted as evidence that the DNN is generally superior
to simpler classifiers or that the approach is immediately
generalizable to more complex EIT scenarios. Future work
should evaluate grouped splits by object position, include
additional shapes and multiple inclusions, compare with CNNs
trained on reconstructed or reshaped inputs, test noise robust-
ness, and investigate physics-informed methods to improve
interpretability and generalization.
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