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ABSTRACT Classification of randomly oriented objects from electromagnetic data is important in appli-
cations such as remote sensing and security screening, where robustness to simulation/measurement
configuration and data variability is critical. While prior work has shown that attention mechanisms can signif-
icantly improve classification performance for long, highly structured electromagnetic scattering sequences,
their benefit in simpler data regimes remains unclear. In this numerical work, we study classification using
plane-wave excitation and electromagnetic field data recorded by a limited number of receiver antennae,
resulting in short input sequences. We show that under these conditions, a simple one-dimensional convo-
Iutional neural network achieves nearly the same accuracy as attention-based models. We further compare
neural networks with classical machine learning methods, including support vector machines (SVMs) and
extreme gradient boosting (XGB), and demonstrate that for large datasets these methods perform comparably
to neural networks, whereas neural networks offer a clear advantage in the small-data regime. However, neural
networks’ tuning and training times can be substantially higher than those of SVMs and XGB. These results
provide practical guidance on selecting model complexity for electromagnetic classification based on dataset
size and structure, computational resources, and time.

INDEX TERMS Machine learning, electromagnetic waves, classification, neural networks.

I. INTRODUCTION

LECTROMAGNETIC inversion and electromagnetic

classification represent two complementary approaches
for interpreting wave—matter interactions from the electro-
magnetic field data. Electromagnetic inversion focuses on
reconstructing the spatial distribution of material (such as
permittivity, conductivity, or permeability [1], [2], [3], [4],
[5], [6], [7]) or structural properties (such as shape [8]) of
an object or medium, by solving an ill-posed and nonlinear
inverse problem. Due to the dispersive nature of electro-
magnetic wave propagation, inversion problems are often
computationally intensive and sensitive to noise, requiring
careful regularization and iterative [1], [2], [3], [4] or machine
learning [6], [7] based solvers to obtain physically meaning-
ful solutions.

Electromagnetic classification, in contrast, seeks to iden-
tify or categorize objects directly from their electromagnetic
response without explicitly reconstructing their internal mate-
rial distributions [9], [10], [11], [12], [13]. Rather than esti-
mating continuous-valued parameters, classification assigns
discrete labels based on characteristic signatures embed-

ded in the scattered fields. This is particularly appealing in
applications where object recognition is the primary objective
and detailed reconstructions are unnecessary. Given the high
dimensionality and structured nature of electromagnetic scat-
tering data, machine learning (ML) methods have emerged
as effective tools for both inversion [5], [14], [15], [16], [17]
and classification [9], [10], [11], [12], enabling data-driven
extraction of discriminative features that are difficult to cap-
ture analytically.

While it is well-established that qualitative methods in
inverse scattering theory, such as those pioneered in [8], are
highly effective at retrieving the support or shape of targets,
particularly when the scatterer size is comparable to the
wavelength (e.g., 1/2), the objective of the present study is
fundamentally different. Qualitative methods focus on geo-
metric reconstruction and solving the inverse problem to
determine the physical boundary of an object. In contrast, the
approach proposed here bypasses explicit inversion entirely.
By adopting machine learning models for direct object classi-
fication, we aim to map scattered electromagnetic signatures
to discrete labels without the intermediate step of shape
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reconstruction. Much like optical character recognition, the
challenge here is not merely to recover a geometric boundary,
but to recognize the identity of the class despite significant
variations in object orientation, as discussed next. Thus, what
we propose here can serve as a complementary tool for sce-
narios where categorical identification is the primary goal,
and where the computational overhead of full or qualitative
reconstruction may be unnecessary for decision-making.

A key challenge in electromagnetic classification is robust-
ness to object orientation [9], [13], [18], [19]. Classical
ML methods such as support vector machines (SVMs),
extreme gradient boosting (XGB), and conventional neural
networks (NNs) can achieve high classification accuracy
(87%) when objects are observed under fixed or known
orientations [9]. However, their performance might degrade
significantly for arbitrarily oriented targets; for example, the
accuracy reported in [9] drops to approximately 57% under
random orientations. This sensitivity to orientation-induced
variability limits the practicality of such approaches in real-
istic sensing scenarios [18], [19]. In [18], a physics-based
model is developed that is parameterized by decay constants
(Laplace-plane poles) derived from the measured electro-
magnetic induction response. These poles are theoretically
invariant to object position and orientation. The researchers
jointly estimate location, orientation, and pole parameters
using a maximum-likelihood framework, and demonstrate
that the extracted poles can serve as robust classification fea-
tures, particularly under high signal-to-noise ratios. Similarly,
in [19], the researchers employ the singularity expansion
method to obtain compact representations of ultra-wideband
scattered fields that are independent of object orientation
and observation angle. By coupling singularity-expansion-
based preprocessing with convolutional neural networks, they
show improved classification robustness across varying noise
levels and object sizes not included in the training set.

In our prior work [13], we addressed this limitation by
introducing an attention-based neural network architecture
tailored to highly structured, long-sequence electromagnetic
data. In that study, the scattered field data were collected from
12 receiver antennae for each of 12 transmitting antennae,
excited sequentially. This simulation configuration produced
long sequences (i.e., 12 x 12 x 2 components = 288 or
576 real-valued entries) and the attention mechanism played
a critical role by selectively emphasizing the most informa-
tive transmitter—receiver interactions, leading to a substantial
improvement in classification accuracy compared to conven-
tional architectures (87% vs. 81%).

In the present study, however, the data characteristics
are fundamentally different. We consider plane-wave excita-
tions and data collected at 16 uniformly distributed receiver
antennae, resulting in a significantly shorter (i.e., 16 x
2 components = 32 or 64 real-valued entries), more homo-
geneous input sequence. Because the temporal and spatial
dependencies in the data are far less complex, the representa-
tional power of an attention mechanism is no longer essential.
Our results show that a simple one-dimensional convolutional
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FIGURE 1. Schematic of a 2D electromagnetic scattering problem. The artificial
boundary (aT'), shown with a red dashed curve, divides the computational domain
into Regions | and II. The two shapes represent the scatterers. A plane wave is
excited along the x-axis.

neural network (1D CNN) is sufficient to capture relevant
scattering features and achieves nearly the same classification
accuracy as more complex attention-based models. In this
regime, attention constitutes an unnecessary overhead rather
than a performance-enabling component.

Moreover, a systematic comparison across dataset sizes
reveals an important trade-off between model complexity
and data availability. When the dataset is large, classical ML
methods such as SVM and XGB achieve accuracies compa-
rable to those of neural networks, albeit with substantially
lower training and inference complexity. As evidenced by our
results, SVM and XGB performances steadily improve with
increasing data volume and approach neural network accu-
racy for sufficiently large datasets. In contrast, the primary
advantage of neural networks becomes evident in the small-
data regime, where they consistently outperform SVM and
XGB by learning more robust feature representations from
limited training samples. These observations underscore that
the choice of model architecture should be guided not only
by achievable accuracy, but also by the size and structure of
the available electromagnetic dataset.

The remainder of this paper is organized as follows.
Section II briefly reviews the hybrid spectral integral-finite
element (SI-FE) method used for electromagnetic field simu-
lations. Section III describes the construction of the numerical
dataset. Section IV details the hyperparameter tuning pro-
cess, the NN architectures used in this study, and presents
numerical results and performance comparisons with classi-
cal machine learning techniques. Then, we conclude.

Il. SPECTRAL INTEGRAL-FINITE ELEMENT METHOD
Consider a general 2D inhomogeneous object or a collection
of objects in an unbounded homogeneous medium, as illus-
trated in Fig. 1.

The objects are assumed to be infinitely long in the z
direction so that the problem can be modeled in two dimen-
sions in the x—y plane. The structure is illuminated by a
single transverse magnetic (TM) polarized plane wave whose
magnetic field is polarized along the z direction. The inci-
dent plane wave propagates along the positive x-axis, i.e.,
Hzi"c(x, y) = Hoe7** where Hy is the amplitude of the
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incident magnetic field and k;, is the wavenumber of the
homogeneous background medium in Region II.

To compute the electromagnetic fields scattered by the
objects using the finite-element method (FEM), a radiation
boundary condition (RBC) is required to truncate the com-
putational domain, enabling FEM to be applied within the
interior region (Region I). By imposing an appropriate RBC
on the boundary dI", the electromagnetic field in the homo-
geneous exterior region (Region II) can be determined once
the solution for Region I, including its boundary, is obtained.
In Region I, the material properties vary spatially, charac-
terized by a relative permeability wu,(x,y) and a relative
permittivity &,(x,y). In contrast, Region II consists of a
homogeneous medium with constant relative magnetic per-
meability u, , and relative permittivity &, ,, encompassing
Region L.

Because the objects are invariant along the z direction, the
electromagnetic problem reduces to a 2D scalar formulation
for TM polarization. The only nonzero magnetic field compo-
nent is the longitudinal field H,(x, y). Although the governing
equation is scalar, the associated electric field remains vecto-
rial and has components in the x and y directions given by
1 0H; E 1  0H;

= Ey=- (1)

E - —
Jjweoe, 0x

Y7 jwsoe, dy

where w is the angular frequency and &, is the relative per-
mittivity of the medium.

For transverse magnetic (TM) waves, the total magnetic
field H,(x, y) in Region I (bounded by dI") is determined by
solving the following scalar wave equation:

V- (7 e VH) + R, DH, = Sy, (@)

where ko is the wavenumber in free space, and S(x, y) rep-
resents the excitation. To discretize Eq. (2), we multiply the
equation by a testing function W,,(x, y), where m is the index
of the testing function, and integrate over Region I. Applying
vector identities and Gauss’s theorem, we derive the weak-
form equation:

1
/ / [kguerHZ — —VW,, - VHZ:| dxdy
r Er

1 9H,
+ W — ds = WuSdxdy, 3)
ar & On r

where 7 is the outward unit normal vector on the boundary
ol'. Note that in Eq. (3), &, iy, Wy, and S are all functions
of x and y.

To solve Eq. (3) using the FEM scheme, Region I is
discretized into triangular elements. A linear pyramid basis
function P, (x, y) is used to expand the magnetic field H,(x, y)
in the interior region, while a triangular basis function
Tn(x,y) is employed to expand the boundary value H; , on
oI'. The nodal points of the boundary basis function are
collocated with those of the pyramid basis function on the
boundary. We use pyramid functions for testing as well and
obtain the final set of linear equations [20]. Since there are

more unknowns than the number of equations, we need addi-
tional conditions to obtain a unique solution of the system.
In this work, the spectral integral method (SIM) [13], [20],
[21] serves as an RBC to provide these additional conditions
by relating the fields inside Region I to those on the outer
boundary dI'. To achieve this, we utilize Green’s theorem
to derive a surface integral equation that expresses the field
outside dI" in terms of the field values on the boundary.

We define the boundary integral equation using Green’s
function G(kp, R) and its normal derivative dG(kp, R)/dn’
[21]. We express the fields along dI" in terms of a smooth
boundary parameterized by 6. By leveraging Fourier series
expansions, we approximate the field H(0") and its normal
derivative dH,(0")/9n’ using a finite number of Fourier coef-
ficients. This transforms the integral equation into a system of
algebraic equations in Fourier space. However, since Green’s
function is singular at 6 = 0’, we apply a singularity subtrac-
tion technique to improve numerical convergence [21].

Once we compute the Fourier coefficients of the unknown
magnetic field and its normal derivative, we obtain the
final equation in matrix form, allowing us to enforce the
RBC at discrete boundary points. By using the fast Fourier
transform (FFT) and spectral interpolation, we efficiently
compute these coefficients, resulting in fast convergence and
high spectral accuracy. Note that the SIM RBC effectively
suppresses spurious solutions (such as fictitious resonant
frequencies) commonly encountered in integral equation
solvers. This makes our solver a robust and efficient approach
for coupling FEM with an accurate radiation boundary
condition.

lll. DATASET CREATION

The Modified National Institute of Standards and Technology
(MNIST) dataset, a widely recognized resource in machine
learning and computer vision, provides a collection of hand-
written digits, as detailed in [22]. This dataset is frequently
employed for training and evaluating algorithms, particularly
those designed for image classification and character recog-
nition. Each image in MNIST is a 28 x 28-pixel grayscale
square representing a handwritten digit, ranging from O to 9,
with each image accompanied by a corresponding label indi-
cating the digit’s identity.

In this study, we utilize 12,000 digital images from the
MNIST dataset to construct a scatterer database. Specifi-
cally, the grayscale intensity of each pixel, denoted as d, .,
where u and v represent the row and column indices ranging
from 1 to 28, is converted into relative electrical permittivity
values. These pixel values, scaled between 0 and 255, where
0 signifies white and 255 signifies black, are transformed
into permittivity values ranging from €™" to €™ using the
following linear relationship:

min dMaV

€& ) 255 “)

where u and v are the row and column numbers. We set

€M — | and €™ = 4. Note that increasing """ strengthens

€r(u, v) = €M 4 (emax
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FIGURE 2. lllustration of the computational domain. 16 receiver antennae, shown
with red circles, are placed uniformly on the circular boundary with a radius of 21 /3.
The permittivity values of the triangles where the scatterer resides are determined via
a 2D interpolation from the MNIST images using Eq. (4).

the scattering contrast. A stronger contrast produces more
distinctive scattering signatures, and this makes classification
easier [9]. To keep the problem more challenging and avoid
trivial discrimination, we intentionally limited the €** to 4.

The computational domain, illustrated in Fig. 2, features
16 receiver antennae, shown with red circles. These antennae
are uniformly positioned at radial distances of p = 24 /3. The
permittivity values within the triangular elements of the scat-
terer are determined by 2D interpolation of randomly rotated
MNIST images, providing an approximate representation of
the digit’s shape in the simulation environment.

The maximum length of the scatterers is limited to A /2.
Since all the dimensions are given in terms of A and we
assume lossless materials, the frequency does not matter.
However, we used f = 3 GHz in our SI-FE simulations and
stored the real and imaginary parts of the x and y components
of the electric field at 16 receiver points for 12,000 scatterers
created from the MNIST dataset.! Since E, is proportional
to dH,/dy and Ey is proportional to dH,/dx, by providing
these components, we are effectively giving the network local
gradient features, so that the network sees edge/shape infor-
mation of the scattering pattern, similar to gradient features
used in classical computer vision.

In this study, receiver antennae are modeled as ideal
point-like field sampling probes. Mutual coupling, radiation
patterns, and antenna loading effects are neglected in order
to isolate the impact of data structure and sequence length on
classification performance. In practice, real receiving anten-
nae may influence the measured scattered fields in several
ways. Finite aperture size may introduce spatial averaging
effects, non-ideal receiving patterns may modify angular

I The dataset and codes implementing all the neural networks can be found
at https://github.com/simsekergun/RandomlyRotated

sensitivity, polarization impurity may mix field compo-
nents, and mutual coupling between closely spaced receivers
may distort the measured signals. In addition, impedance
mismatch, finite bandwidth, amplifier characteristics, and
measurement noise may alter the amplitude and phase of the
recorded data. All of these effects may alter the statistical dis-
tribution of the input features and, if not properly accounted
for, affect classification accuracy.

IV. NUMERICAL RESULTS

A. HYPERPARAMETER OPTIMIZATION AND MEMORY
USAGE

In our earlier study [13], we reported that NNs, SVMs, and
XGB were more accurate than linear regression, k-nearest
neighbor, and random forests for object classification from
electromagnetic data. This is why we use NNs, SVMs, and
XGB for classifying randomly oriented objects to present a
comparative evaluation. To ensure a fair and well-regularized
comparison among the machine learning classifiers, we first
performed hyperparameter tuning as follows.

For the CNN, hyperparameter tuning was performed using
Bayesian optimization, which models the validation loss as
a probabilistic function of the hyperparameters and itera-
tively selects promising configurations for evaluation. The
search space included architectural and regularization param-
eters, and a maximum of twenty distinct hyperparameter
configurations were explored. To limit the overall compu-
tational burden, each trial was trained for a maximum of
fifty epochs, and a strict early-stopping criterion based on
the validation loss was applied. Training was terminated
when no improvement was observed over twelve consecutive
epochs, and the weights corresponding to the best valida-
tion performance were restored. Despite these measures, the
total elapsed time for the Bayesian optimization process was
approximately 3 hours and 41 minutes, reflecting the high
computational cost associated with repeatedly training deep
neural networks, even for relatively compact one-dimensional
architectures.

Figure 3 illustrates the optimized CNN architecture. The
input is a tensor of size 16 x 4, where the sequence length
corresponds to the number of receiver antennae and the fea-
ture dimension represents the recorded electromagnetic field
components (real and imaginary parts of the electric field’s x
and y components).

The first convolutional layer applies 192 one-dimensional
filters with a kernel size of three to enable the network to learn
local spatial correlations among neighboring receiver data.
A rectified linear unit (ReLU) activation introduces nonlin-
earity, while £, weight regularization with coefficient A =
1.35 x 1073 constrains the model complexity and mitigates
overfitting. Batch normalization is subsequently applied
to stabilize the training dynamics by normalizing inter-
mediate feature distributions, followed by spatial dropout,
which randomly suppresses entire feature maps to encour-
age robustness against channel-wise co-adaptation. A second
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FIGURE 3. One-dimensional CNN-based neural network for electromagnetic object
classification. Conv1D: one-dimensional convolution layer, Norm: normalization,
Glob. Ave. Pool.: global average pooling.

convolutional layer with 448 filters and a larger kernel size
(five) further increases the network’s representational capac-
ity and captures longer-range spatial dependencies across the
receiver array. As in the first layer, ReLU activation and
£, regularization are employed to balance expressiveness and
generalization. Batch normalization is again used to improve
convergence. The resulting feature maps are then aggregated
using global average pooling, which collapses the spatial
dimension by computing the mean response of each feature
map. This operation reduces the number of trainable parame-
ters, enforces translation-invariant representations, and serves
as an implicit regularizer. The pooled features are passed to
a fully connected layer with 320 neurons and ReLU activa-
tion, enabling nonlinear mixing of the learned convolutional
features into a compact latent representation suitable for clas-
sification. Dropout is applied at this stage to further reduce
overfitting by randomly deactivating a fraction of the neurons
during training. The final output layer consists of a fully con-
nected softmax classifier with ten units, corresponding to the
number of object classes, and produces a normalized prob-
ability distribution over class labels. The network is trained
using the Adam optimizer with a learning rate of 1074,
which provides adaptive moment-based updates for efficient
and stable convergence. The sparse categorical cross-entropy
loss function is used to accommodate integer-valued class
labels, and classification accuracy is monitored as the primary
performance metric. All the codes were executed on Google
Colaboratory using T4 GPU accelerators.

The memory footprint of CNN is dominated by the stor-
age of trainable parameters and intermediate activations
during training. The total number of trainable parameters,
determined by the convolutional, fully connected, and batch
normalization layers, is approximately 5.8 x 10°. Using
single-precision floating-point representation, the model
parameters require approximately 2.3 MB of memory. During
training, additional memory is required to store intermediate
feature maps and their gradients. For the largest dataset con-
sidered, the peak memory usage during training, including

- sV
9 P
s 7
g |dy
S 40b —&— Training Accuracy ||
< —e— Validation Accuracy
0 5 10 15 20 25 30 35 40
Epoch
® 3

o —o— Training Loss
2L —&— Validation Loss | |

0 5 10 15 20 25 30 35 40
Epoch

FIGURE 4. (a) Accuracy and (b) loss vs. epoch for CNN after hyperparameter
tuning.

activations, gradients, and optimizer states, remained on the
order of tens of megabytes. While this memory requirement
is higher than that of SVM and XGB, as reported below,
it remains modest compared to large-scale deep learning
architectures and is well within the limits of modern GPU
accelerators.

To demonstrate that our CNN model indeed learns, we pro-
vide Fig. 4, where we plot accuracy and loss as a function of
epoch number, where 90% of the dataset is used for training,
and the remaining 10% is used for testing. We observe that
the model learns extremely quickly in the first 10 epochs,
jumping from 25.5% to over 80% accuracy, indicating that
the architecture and learning rate are well-suited to the fun-
damental patterns in our dataset. However, starting around
epoch 24, a gap begins to widen between the training and
validation accuracies. Training accuracy continues to climb
steadily toward 93.5%, whereas the validation accuracy
plateaus and fluctuates between 87% and 89%. Despite this
moderate overfitting, we consider an accuracy of over 87% in
classifying randomly oriented objects a success.

For the SVM classifier, hyperparameter selection was per-
formed via an exhaustive grid search over the regularization
parameter C and the radial basis function kernel width param-
eter y. A five-fold cross-validation scheme was used to
estimate the classification accuracy for each parameter com-
bination, and parallel computation was enabled to accelerate
the search. The optimum parameters were determined to be
C = 100 and y = 0.01. Due to the relatively small number
of tunable parameters and the convex nature of the SVM opti-
mization problem, the total grid search time was significantly
shorter, approximately 936 seconds. This substantial reduc-
tion in tuning time highlights the computational efficiency of
classical kernel-based methods when the dimensionality of
the hyperparameter space is limited. The memory footprint
of the SVM classifier is dominated by the storage of the
training data and the support vectors and scales as O(Nsy D),
where D = 16 x 4 = 64 is the feature dimension. For
the largest dataset considered in this study, the total memory
usage remained below 10 MB.
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TABLE 1. Time spent during hyperparameter optimization for three machine
learning models.

Classifier NN SVM XGB
Optimization Time (min.) 221 15.5 60
87.17+1.1 | 87.42+1.2 | 84.084+0.9

Accuracy (%)

The XGB classifier was trained using a fixed set of
commonly adopted hyperparameters, including the num-
ber of trees, learning rate, tree depth, and subsampling
ratios, which were selected to balance model expressiveness
and overfitting. The hyperparameter optimization converged
to a moderately deep gradient-boosted tree ensemble with
311 estimators, a learning rate of 0.1, and balanced regular-
ization (o = 0.05, A = 1.5), indicating that strong nonlinear
modeling capacity combined with controlled model complex-
ity and stochastic subsampling ratios of 0.6 and 0.633 for
rows and columns of the dataset, respectively, were essen-
tial for achieving optimal performance. The hyperparameter
search time for XGB was approximately an hour, exceeding
that of the SVM grid search and approaching the cost of
the neural network tuning procedure. This relatively long
duration is due to the sequential nature of gradient boosting,
in which multiple decision trees are trained iteratively and
evaluated on a validation set. The memory footprint of the
XGB classifier is primarily determined by the storage of the
ensemble of decision trees and the input data. For gradient-
boosted trees, the model memory scales as O(T x 2d), where
T is the number of trees and d is the maximum tree depth.
The optimized model uses a maximum depth of d = 6,
corresponding to at most 2° = 64 nodes per tree. Each node
stores a small number of floating-point values, including the
split threshold, feature index, child pointers, and leaf weights,
resulting in a modest per-node memory cost. Consequently,
the total model memory remains on the order of a few
megabytes. Including the storage required for the training and
test datasets, the total memory usage of the XGB classifier for
the largest dataset considered remained below 15 MB.

B. ACCURACY AND TRAINING TIME VS. TRAINING
DATASET LENGTH

All models are trained and tested on the same numerically
generated scattering dataset to ensure a fair comparison. The
performance is assessed using classification accuracy and
training time as functions of the training dataset size as
follows.

Our entire dataset consists of scattered electromagnetic
field data recorded at 16 uniformly distributed receivers
around the scatterers. We reserve 10% of this data for
testing. Hyperparameter tuning was performed using the
remaining dataset. To assess the dataset size required for
highly accurate classification, we increase the dataset size
from 1000 to 10,000 in steps of 1000, and we record their
training time and validation accuracy.

90
85
S
=801
2
275
<
—svM
70F —XGB |
NN
65 ‘ ‘ ‘
2000 4000 6000 8000 10000

Training Dataset Length

FIGURE 5. Validation accuracy vs. training dataset length.

The yellow curve in Fig. 5 shows that the CNN demon-
strates stable classification performance across all dataset
sizes, achieving high accuracy even in the small-data regime.
For training sets containing only 1000 samples, the neural
network already achieves an accuracy exceeding 85%, and
this performance remains relatively consistent as the data
set size increases. This behavior highlights the convolutional
architecture’s ability to learn physically meaningful features
from limited scattering data, owing to its inductive bias
toward local spatial correlations among receiver data. How-
ever, this robustness comes at the cost of increased training
time, Fig. 6, which grows substantially with dataset size due
to the iterative optimization of a large number of trainable
parameters. Interestingly, the total training time exhibited
a slight decrease at the largest dataset scales (9,000 and
10,000 samples). This can be attributed to the improved
convergence stability provided by larger data batches and
the early-stopping mechanism implemented, which termi-
nated the training process in fewer epochs as the gradient
updates became more representative of the underlying data
distribution.

In contrast, classical machine learning methods (SVM
and XGB) exhibit a stronger dependence on the availabil-
ity of training data. Both classifiers show comparatively
lower accuracy for small datasets, but improve steadily as
the number of training samples increases. For large datasets
containing 10, 000 samples, both SVM and XGB achieve
classification accuracies that approach those of the neu-
ral network, differing by only a few percentage points.
However, as shown in Fig. 6, these methods require signif-
icantly less training time than the neural network, even when
accounting for hyperparameter tuning, making them attrac-
tive alternatives when large labeled datasets are available, and
computational efficiency is a priority.

A key observation from these results is that model com-
plexity should be matched to both the size and structure of
the data. In the present study, the use of plane-wave excitation
and a limited number of receiver antennae results in short,
relatively simple input sequences. Under these conditions,
the proposed one-dimensional CNN captures the essen-
tial scattering features without requiring more sophisticated
mechanisms such as attention. Furthermore, when sufficient
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FIGURE 6. Time spent during training vs. training dataset length.

training data are available, classical methods such as SVM
and XGB perform competitively with neural networks, sug-
gesting that deep architectures are not strictly necessary in
this regime. Overall, our numerical results demonstrate that
while neural networks provide a clear advantage in data-
limited scenarios, their benefit diminishes as the dataset size
increases.

C. ATTENTION MECHANISMS AND SHORT SEQUENCES
Despite having short sequences, we also designed a hybrid
convolutional—attention network as shown in Fig. 7. Initial
feature extraction is performed using two consecutive 1D
convolutional layers (128 filters, kernel size 3) with ReLU
activation, each followed by batch normalization to stabilize
training. Temporal resolution is reduced via max pooling, and
dropout is applied for regularization. To capture long-range
dependencies beyond local convolutional receptive fields,
a multi-head self-attention block is introduced after the first
convolutional stage. This block consists of layer normal-
ization, four-head self-attention, and a residual connection,
followed by a position-wise feed-forward network with an
additional residual path. This structure enables adaptive
weighting of sequence elements while preserving the original
feature dimensionality. Following attention, a deeper convo-
lutional block with increased channel capacity (256 filters)
further refines learned representations. Global maximum
pooling is then applied to aggregate temporal information into
a fixed-length feature vector. The pooled features are pro-
cessed by fully connected layers with £, regularization and
batch normalization. Channel-wise recalibration is achieved
using a squeeze-and-excitation (SE) mechanism, which adap-
tively modulates feature importance. Final classification is
performed using a softmax output layer. The model is trained
using the AdamW optimizer with weight decay, sparse cat-
egorical cross-entropy loss, and accuracy as the evaluation
metric. The training took approximately 18 minutes.

The overall accuracy of this hybrid convolutional—attention
network is 87.8%, the highest among all the machine learn-
ing models implemented. Figure 8 is the confusion matrix
demonstrating the strong and well-balanced classification
performance across all ten object classes. The majority
of samples lie along the main diagonal, indicating high
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FIGURE 7. Architecture of the hybrid CNN-attention model for 1D sequence
classification. Conv1D: one-dimensional convolution layer, Norm: normalization, SE:
squeeze-and-excitation.

w

IS

True Object
(&

=)

~

©

9 3

0 1 2 3 4 5 6 7 8 9
Predicted Object

FIGURE 8. Confusion chart for the object classification performed with the hybrid
CNN-attention model illustrated in Fig. 7.

per-class accuracy and effective discrimination among most
scatterer types. Several classes (e.g., 0, 1, 4, 6, 7, and 9)
exhibit particularly high true-positive rates with minimal
confusion, suggesting that their learned feature representa-
tions are highly distinctive. Misclassifications are generally
sparse and concentrated between a small number of closely
related classes (e.g., classes 2-4, 3-5, and 8-9), which
likely share similar scattering or temporal characteristics.
Importantly, no systematic bias toward a particular incorrect
class is observed, and off-diagonal errors remain low rela-
tive to the diagonal entries. This pattern indicates that the
self-attention mechanism effectively captures global contex-
tual dependencies, while the convolutional layers preserve
local discriminative features.

Although the hybrid convolutional-attention network
achieves a marginally higher overall accuracy (87.8%) com-
pared to the simpler 1D CNN baseline (87.17%), the absolute
improvement of 0.63 percentage points is modest. From
a purely aggregate performance perspective, this gain may
not, by itself, justify the increased architectural complexity,
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TABLE 2. Classification accuracy under varying levels of random noise.

CNN Attention SVM XGB
Noise Level (%) (%) (%) (%)
No Noise 87.17+£1.1 | 87.80+1.0 | 87.42+1.2 | 84.084+0.9
10% 86.21£1.3 | 87.10£1.1 | 79.92+4.9 | 83.83+1.1
20% 83.85+2.9 | 8592+1.8 | 78.92+5.0 | 81.92+1.9

computational cost, and training time associated with the
attention-based model.

D. NOISE SENSITIVITY

To evaluate the robustness of the machine learning mod-
els in realistic sensing environments, we conducted a noise
sensitivity study by injecting Gaussian random noise into
the scattered field components. We tested two levels of
degradation: 10% and 20% relative random noise. Table 2
summarizes the classification accuracies under these two
noise levels. We observe that neural-network-based models
exhibit superior robustness compared to classical methods.
The hybrid CNN-attention model proved to be the most
resilient, maintaining an accuracy of 85.92% even at a 20%
noise level. The SVM classifier, while highly efficient in
the “No Noise” regime, suffered the most significant per-
formance degradation, dropping nearly 8.5 percentage points
under high noise. This collapse occurs because SVMs define
arigid decision boundary in a high-dimensional kernel space;
even small perturbations in the input field can shift a sample
across the margin, leading to misclassification. XGB demon-
strated remarkable stability, with performance remaining
relatively flat between 10% and 20% noise. As an ensemble
of decision trees, XGB’s splitting process naturally tends
to ignore features with high variance (noise) in favor of
dominant scattering signatures, making it a reliable, low-cost
alternative to NNs in moderately noisy environments. The 1D
CNN maintains a strong balance, outperforming the classical
methods in noisy conditions without the extreme training
overhead of the attention model. We can conclude that for
short-sequence electromagnetic data, the local feature extrac-
tion of convolutional layers provides sufficient “denoising”
capability for most practical applications.

To assess the robustness of the trained classifier to vari-
ations in material contrast, we conducted a small additional
test in which the relative permittivity of the targets exceeded
the range used during training. Recall that the training dataset
consisted of targets whose maximum relative permittivity did
not exceed €™ = 4. When the network was tested with tar-

n
gets having €™ = 5, it correctly identified 7 out of 10 cases,

;
indicating that the model can tolerate modest extrapolation
beyond the permittivity range represented in the training data.
However, when the permittivity contrast was increased signif-
icantly to e["®* = 12, the classification performance degraded
substantially, with only one correct prediction among the
ten test cases (corresponding to the target with the “I”

shape). This behavior is expected because increasing the

permittivity contrast alters the scattering amplitudes and
phase distributions in a way that falls outside the statistical
distribution learned during training. We can conclude that
these machine learning models primarily interpolate within
the permittivity range represented in the training dataset
and that reliable generalization to higher-permittivity targets
would require including a broader range of material contrasts
during training.

V. CONCLUSION

In this work, we numerically investigated the classification
of randomly oriented objects under plane-wave excitation.
We demonstrated that a simple 1D CNN is sufficient
to capture the dominant scattering features and achieves
classification accuracy comparable to that of more com-
plex attention-based architectures. By explicitly evaluating
a hybrid convolutional-attention model, we showed that
although self-attention can marginally improve overall accu-
racy, the absolute gain over the baseline CNN is modest
(less than 1%). Hence, we conclude that attention mech-
anisms do not provide a decisive performance advantage
for randomly oriented scatterers. Instead, they introduce
additional architectural complexity and computational over-
head. We further compared neural networks with classical
machine learning methods, SVMs and XGB, across varying
dataset sizes. Our results reveal a clear trade-off between
model complexity, data availability, and computational cost.
Neural networks—both convolutional and attention-based—
exhibit superior performance in the small-data regime due to
their ability to learn robust feature representations. However,
as dataset size increases, SVM and XGB classifiers achieve
accuracies comparable to neural networks while requiring
substantially lower training and hyperparameter-optimization
time. Furthermore, a noise sensitivity analysis reveals that
while classical models suffer moderate performance degra-
dation under realistic noise conditions, neural-network-based
architectures demonstrate superior robustness, maintaining
high accuracy even at 20% noise levels. We conclude that
model selection for electromagnetic classification should be
guided by the structure and length of the input data, the size
of the available training set, and practical computational con-
straints. In particular, the use of attention mechanisms should
be motivated by the presence of long-range correlations
and complex inter-channel dependencies in the electromag-
netic scattering data, rather than adopted by default. For
short-sequence, limited scattering data, carefully designed
convolutional architectures offer an efficient and effective
solution with minimal loss in accuracy.
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