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Ultrasound imaging is a cornerstone of non-invasive diagnostics due to its real-time capability, safety, and low cost.
However, image quality is often degraded by lingering vibrations of piezoelectric transducers after excitation, leading to
artifacts. Hopfield Neural Networks (HNNs) have emerged as powerful tools for associative memory and pattern
recognition, but their performance can be limited by dynamical instabilities, convergence to spurious states, and
interference among overlapping patterns. This study investigates the principles and practical significance of HNNs in
memory-based computational modeling. We examine limitations such as false minimum, memory capacity constraints,
and instability, which can compromise accurate associative recall. Hebbian learning is applied to construct weight matrices
that optimize memory storage, enhance fidelity of stored patterns, and reduce spurious attractors. Results show that
properly tuned Hebbian-trained HNNs improve pattern stability and retrieval accuracy, especially in high-noise or
memory-dense scenarios. enhancing structural consistency in both imaging and pattern analysis. Integrating Hebbian-
trained HNNs with morphological filtering demonstrates superior performance in pattern recognition, retrieval reliability,
and robustness under noisy or complex conditions. These findings highlight the potential of combining biologically
inspired neural networks with image-processing techniques to enhance ultrasound image quality and computational
modeling efficiency.

Keywords: Ultrasound imaging artifacts ; Diagnostic accuracy ; Hopfield Neural Networks (HNNs) ; Associative memory ;Hebbian learning.

Introduction

2026 Center of Science.

Sound exists across a wide range of frequencies, but human ears can detect only a portion of it known as audible sound typically ranging from
20 Hz to 20,000 Hz [3].Sounds below this range are called infrasound, and though we cannot hear them, they can travel long distances and are
often produced by natural phenomena like earthquakes and volcanic eruptions [4].0n the other end of the spectrum, ultrasound refers to sounds
above 20,000 Hz, commonly used in medical imaging and industrial applications [5]. Together, infrasound, audible sound, and ultrasound
represent the full spectrum of acoustic waves, each with unique characteristics and practical uses. In ultrasound imaging systems, piezoelectric
crystals serve as both transmitters and receivers of acoustic waves [6]. When an acoustic wave propagates through a piezoelectric medium
layered with materials of different acoustic impedance, multiple reflections and transmissions occur, producing constructive and destructive
interference patterns [7]. This phenomenon is analogous to optical interference in thin films and is governed by phase shifts induced by
differences in path lengths and propagation speeds [8].The goal of this study is to investigate Hopfield Neural Networks (HNNs) to detect ring-
down artifacts, which appear as repetitive high-intensity vertical streaks that may interfere with diagnostic interpretation [9].
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Fig. 1 Sound wave spectrum

A raster ultrasound image is represented by a matrix. Because grayscale images only contain bright information, they require less memory than
color images [10] . Since differences between very similar shades of gray are often barely noticeable to the human eye, pixel intensity histograms
are often used to represent brightness distributions in medical images [11]. In grayscale ultrasound imaging, pixel intensities range from 0
(black) to 255 (white). Anechoic areas (intensities near 0-10) appear black, indicating absence of echoes, as seen in fluid-filled structures
(Hoskins2010). Hypoechoic regions (30-80) appear dark gray and produce fewer echoes than surrounding tissues, typical of soft tissues or solid
organs. Isoechoic tissues (90-140) appear medium gray, resembling adjacent tissues and making boundaries harder to distinguish. Hyperechoic
structures (180-255) appear light gray to white, reflecting strong echoes characteristic of bone, fat, calcifications, or fibrous tissues [12] [5].A
raster ultrasound image in this study is represented by a matrix of pixel intensities with a shape of 225 rows and 400 columns.
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Fig. 2 Ultrasound Image Matrix Pixel Classification

1. Methodology and Material

The histogram acts as a compact descriptor of the global intensity distribution of the ultrasound image, and it provides a balanced and
informative representation of the pixel intensity distribution [13] . While these ranges are approximate and dependent on imaging settings such
as gain and dynamic range, they naturally provide discrete intensity states that can be mapped to the state space of a Hopfield neural network.
In this context, the discrete Hopfield model serves as a classifier where pixel intensities correspond to neuronal activations, and classification
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emerges through convergence toward stable states of the network [14] [15]. The connections are resistive, and the connection strength over
them is represented as w_ij [14]. Since negative resistors do not exist physically, excitatory connections use positive outputs, while inhibitory
connections use inverted outputs [15]. Connections are excitatory if the output of a processing element is the same as its input, and inhibitory
if the inputs differ from the output of the processing element [17].A connection between the processing elements i and j is associated with a
connection strength w_ij . This weight is positive if units i and j are both on, whereas a negative weight represents the situation of unit i being
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on and j being off. The weights are symmetrical, i.e., w_ij=w_ji [1].
We obtained the Histogram of pixel intensities Matrix:
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1.1 Edge detection

Edge detection is a fundamental step in ultrasound image analysis because many imaging artifacts are primarily characterized by abrupt spatial
intensity variations rather than absolute pixel values. These variations are mathematically described by the image gradient, which represents
the rate of change of image intensity in horizontal and vertical directions. For a grayscale image I(x, y), the gradient is defined as

dl 0l

and the edge strength is commonly measured by the gradient magnitude

ar\>2 a2
= (%) + (%) [10] (2)
The Prewitt operator applies uniform weights, making it sensitive to horizontal and vertical transitions, which is useful for highlighting
repetitive, regularly spaced structures such as reverberation and ring-down artifacts. The Prewitt filter approximates the horizontal and vertical

derivatives using the following kernels for Horizontal derivative G, And, for Vertical derivativeG,:

-1 0 1 -1 -1 -1
Gy = [—1 0 11,6,=]10 0 O ] [10](3)
-1 0 1 1 1 1

The Sobel operator introduces a smoothing effect through larger central weights, improving robustness to speckle noise commonly present in
ultrasound images and enhancing continuous, high-contrast edges associated with mirror artifacts. The Sobel filter uses weighted kernels to
improve noise robustness for Horizontal derivative G, And, for Vertical derivativeG,:

-1 0 1 -1 -2 -1
Gy=|-2 0 2|,Gy,= [ 0 0 0 ] [10](4)
-1 0 1 1 2 1

The gradient magnitude is then computed as:

| VI |= /G,% + G2 [10](5)

In contrast, the Canny edge detector is a multi-stage algorithm that includes Gaussian smoothing, precise gradient computation, non-maximum
suppression, and hysteresis thresholding, allowing it to detect thin and well-localized edges while suppressing noise. This makes Canny
particularly effective for identifying strong, well-defined artifact boundaries. Together, these filters provide complementary information: Prewitt
captures basic directional changes, Sobel offers noise-robust gradient estimation, and Canny delivers optimal edge localization. Their combined
use is therefore highly important for reliable detection and analysis of ultrasound artifacts such as mirroring, ring-down, and reverberation,
which are inherently edge-driven phenomena.

Patched Image Prewitt

Fig. 4 Ultrasound Artifacts detection by filters operations
1.2 Patterns storing

After edge enhancement, a Discrete Hopfield network that operates with binary or bipolar states, where each unit represents a bin of the
histogram, the network can serve as a content-addressable memory capable of recognizing and stabilizing toward characteristic histogram
patterns [14] [15].The network takes two-valued inputs: binary (0, 1) or bipolar (+1, —1), which is the standard representation in associative
memory models [16] [17].we load and convert ultrasound images into grayscale, then randomly extracts small patches (e.g., 10x10 pixels)
representing localized image regions. Each patch is binarized into vectors of +1 and -1 based on pixel intensity to make it suitable for Hopfield
network processing.

M;; »x€{=1,+1}" [13](6)
is a 2D grayscale image patch extracted from a larger image. To be used by the Hopfield Network, it is first flattened and binarized into a 1D
vector: Where N is the total number of pixels in the patch, and x is the input state vector representing the patch.
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2. Dataset description

Nowadays, servers tend to store fewer purely static files and rely more on dynamic data, where templates are populated by variables at runtime
to generate meaningful content. In a similar way, an ultrasound image can be viewed as consisting of a static component that represents the
underlying anatomical structure, while the dynamic components correspond to imaging artifacts such as reverberation, ring-down, and mirror
artifacts. These artifacts are not fixed features of the tissue but arise from variable interactions between the ultrasound waves, the imaging
system, and the acoustic environment. Just as dynamic server-side data modifies a static template, ultrasound artifacts dynamically alter the
base image, making their detection and modeling essential for accurate interpretation and analysis. We use Flask a Micro Framework written
by Armin Ronacher in 2010 to train our model that will classify the dataset ultrasound images of Shenzhen People's Hospital [2].

Flask uses Web Server Gateway Interface WSGI that run python applications. And handle processing requests from the web server and create
HTML or other markup formats that are returned to the user via an HTTP (Hypertext Transfer Protocol) request using Jinja2 template engine
that can inherit from another Template. App routing is used to map a specific URL to the associated function that is intended to handle a request,
enabling structured navigation and logical flow within a web application. The url_for() function dynamically builds a URL for a given function,
ensuring flexibility, maintainability, and consistency even if route definitions change. URL stands for Uniform Resource Locator, which
uniquely identifies the address of a resource on the web. In applications developed for medical imaging analysis—such as systems designed to
study ultrasound imaging artifacts including mirror artifacts, ring-down effects, reverberations, and acoustic shadowing—proper routing allows
different URLSs to correspond to distinct processing modules, visualization pages, or diagnostic functions. The trained neural network model
was saved to disk at the path models/ultrasound_artifact_model.pth, which stores the learned parameters and architecture state after completion
of the training process. For storing a set of binary patterns S¢), p=1, 2,..., P, the Hopfield network functions as an associative memory system
that converges to stable states representing these stored patterns [18].

s® = (s 5P, 5P [11] (7)
the weight matrix W is given as:

wy= Xh 125" =112 57 — 1] for i j [11] (8)
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Fig. 6 Model Interface of Ultrasound Artifact classifier

The use of bipolar inputs makes the analysis easier. The network has symmetrical weights with no self-connections,
wij=Wji 5 wii=0 [26] (9)

Hopfield network is guaranteed to converge to local minimum of its energy landscape, which corresponds to stored patterns or classification
states .An energy function E of a discrete Hopfield network is characterized as a bound, nonincreasing function of the system state [14] [15]:

1
Ef = =S Xita Xjaa Wiy Vil - Xiz1 01 3 [28] (10)
If the network is stable, the energy function decreases whenever the state of any node changes. If node i has changed its state from yl.(k) to
yi(k“)i.e., the output has changed from +1 to -1 or from -1 to +1, the energy change Ef is given by:

— (x) (k+1)
AEf_Ef(Yi )_Ef( Yi )
k k
= - (e Wi ¥y - 0;)( J’,-( ) - yi( )
=—(net; — 6;) Ay; [27] (11)
The Hopfield network is trained using Hebbian learning, where each patch contributes to a collective memory matrix that captures the internal
structure of known artifact patterns like ring-down or object Mirroring. The testing algorithm for the discrete Hopfield network is as follows:
Step 0: Initialize the weights to store patterns, i.e., weights obtained from training algorithm using Hebb rule.

Step 1: When the activations of the net are not converged, then perform Steps 2-8.
Step 2: Make the initial activations of the net equal to the external input vector X.

y; =x; fori=1to n [41[5]1[20][28] (12)
Step 3: Perform Steps 5-7 for each unit y;. (Here, the units are updated in random order).

Step 4: Calculate the net input of the network:
Vin, = Xi + XjWij Vi [4]1[5][20][28] (13)

Step 5: Apply the activations over the net input to calculate the output:

1 if Yin; > 91'
Vi if yin, = 6; [4][5][20][28]
0if }’ini < 91‘

where 8; is the threshold and is normally taken as zero.
Step 6: Now feedback (transmit) the obtained output y; to all other units. Thus, the activation vectors are updated.
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Step 7: Finally, test the network for convergence.

A discrete Hopfield network can be modified to a continuous model, in which time is a continuous variable [19] . Continuous Hopfield networks
can be applied to associative memory problems or optimization tasks, such as modeling ultrasound artifacts [16].The operation of a Hopfield
network is governed by an energy function E¢(y) , which always decreases whenever the state of a single node change. For a neuron y;, the
state update depends on whether its net input relative to threshold 6; is sufficient to cause a change in activation. Specifically, where A y;=

yi("“) - yi(k), the change in energy AE; exploits the facts that only one unit updates at a time, that y-(k+1) = y]-(k), for j #i, and that the
weight matrix is symmetric ., w;j=wj; with zeros on the diagonal.
Two cases arise: if y; is positive, it will change to zero when

X 2wy < 6 [12] (14)

resulting in a negative A y; and hence AEr < 0. Conversely, if y; is zero, it will change to positive when
X +Xjw > 6 [12] (15)

leading to a positive A y; , again ensuring AE;< 0. Thus, A y; is positive only when the net input is positive and negative when the net input is
negative, guaranteeing that the energy cannot increase. Because the energy is bound below, the network must converge to a stable equilibrium
where no further updates occur [16] [17] . From a theoretical perspective, this convergence property can be proven using the Lyapunov stability
theorem. The energy function E¢(y) associated with the Hopfield network is a Lyapunov function since:

E¢(y) is continuous with respect to all components y; , fori=1, ..., n.

dEf(y)

it < 0, indicating that the energy strictly decreases over time, ensuring asymptotic

The storage capacity of a Hopfield network sets a practical limit on how many distinct patterns (in this case, echogenicity intensity distributions)
can be reliably stored and recalled [16] [17]. This capacity is approximately

C~0.15n ~ — [12]  (16)

2logyn
where n is the number of neurons.
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Fig. 7 Echogenicity Hopfield Network Storage Capacity

3. Results
3.1 Patterns Recognition by Hamming distance and energy

Hebbian learning is used to construct the network’s weight matrix W from a set of known artifact patterns from a set of known artifact patterns
{xW x® | x(P} where each x® is a binary training vector representing a reshaped image patch. The weight matrix is defined as:
w=3b_, x® xE)T-p.I [15] a7

7
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Where |, is the identity matrix used to zero out the diagonal elements and prevent self-connections. The result is a symmetric matrixW € RN*V
encoding the memory of the network. Each patch is reshaped into a binary vector and presented to the network. The state of the network is
iteratively updated to minimize the energy function:

E=- % 2ij Wijsis; [15] (18)
This energy-minimization framework is particularly suitable for modeling reverberation artifacts, which arise when ultrasound waves repeatedly
reflect between strong interfaces such as a needle and soft tissue or the transducer and bone, producing multiple, equally spaced false echoes
that fade with depth. Continuous Hopfield networks with graded outputs leverage Lyapunov-stable energy functions to converge toward stable
states corresponding to true tissue structures, thereby suppressing reverberation artifacts while preserving meaningful anatomical information.

Transducer
i = Y

Real
2 Reverberation

Fig. 8 Reverberation artifact in ultrasound imaging.

where s; is the state of neuron i and W;; is the weight between neurons i and j. the patch is marked as containing a Mirror artifact. Mirror
artifacts occur when the ultrasound beam encounters highly reflective surfaces, such as the diaphragm or pleura [9] [19]. Reflections cause a
duplicated image of the structure on the opposite side of the reflective boundary, creating a false anatomical structure. Mirror artifacts can be
conceptually related to temporal associative memories in neural networks, where sequences of patterns are recalled cyclically [20]. Similarly,
acoustic impedance mismatches generate repeated echoes.

We define the Acoustic impedance as:

Z=pc [25][28]  (19)
where p is the medium density and c is the speed of sound (Kremkau2015). The intensity reflection coefficient is
—(%2721N2
R=C2D [25]128]  (20)

In air gaps, multiple reflections generate a geometric series of diminishing echoes:

RTly, R2Tly, RTly, R3TI,,. ...

with cumulative intensity
2
Li=——1, [25][28] (21)

" 1-R2

Both temporal Bidirectional Associative Memory (BAM) networks mirror artifacts rely on recursive processes: BAM produces cyclic recall
of stored patterns [20], while ultrasound recursive reflections produce duplicated echoes. During testing, the neurons update until convergence
to a local minimum of E , which ideally corresponds to one of the stored patterns. If the final converged pattern matches a stored artifact
template, the region is classified as containing a Mirror artifact. We perform image segmentation using clustering, we start by defining a distance
function that measures how different two pixels are; for grayscale images, this is commonly the absolute or squared difference in pixel intensity.
We find the local minimum in a Hopfield Neural Network (HNN), we use k, the number of clusters stored memories in a Hopfield Neural
Network (HNN) where each cluster centroid serves as a prototype representing a group of similar pixels, while in a Hopfield network, stored
patterns represent memory states that the network can recall through associative dynamics:

arg i ll’lk dHamming(PaCi): arg 1§111nklp - Cil [25][28] (22)
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Fig. 9 Mirror artifact pattern recognition by Hamming distance and energy

A noisy test patch (simulating corrupted data) is then passed through the network, which iteratively updates the state to minimize an energy
function essentially pulling the noisy patch toward a stored pattern (attractor). The network's energy convergence curve indicates how strongly
the test input matches known patterns: rapid or deep convergence suggests similarity to a stored artifact.Ring-down artifact appears as a bright,
continuous vertical streak extending posteriorly from gas-containing fluid structures [5] [9]. Iterative auto associative networks, such as
Hopfield networks, can be trained to recognize and suppress such artifacts by converging toward stored patterns that represent true tissue
structures.
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By comparing energy curves for ring-down and mirror artifacts, one can evaluate how distinct each is under the learned memory model. The
evolution of the Hopfield network energy as a function of iteration for two types of ultrasound artifacts, namely Ring-Down and Mirror artifacts.
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Fig. 11 Ring-down artifact recognition by Hamming distance and energy

10



Center of Computer Science, Vol. 1, No. 1, April, 2026, Pages 1-15

In both cases, the energy decreases monotonically with successive iterations, indicating stable convergence of the network toward a local
minimum. During the initial iterations, the Ring-Down artifact exhibits slightly higher starting energy and a gradual decline, while the Mirror
artifact shows a sharper energy drop at the beginning. However, by approximately the second or third iteration, both energy curves converge to
nearly the same minimum value and remain constant thereafter. This rapid stabilization suggests that both artifact patterns correspond to strong
and well-defined attractor states within the Hopfield network. The similarity in the final energy levels implies that, despite differences in early
dynamics, the network ultimately encodes both artifacts with comparable stability, supporting the effectiveness of Hopfield energy as a reliable
measure for ultrasound artifact characterization and classification ability.

3.2 Patterns Recognition by K-means clustering

Each pixel in the image is then assigned to the cluster whose centroid is closest to it, forming k groups based on similarity. The centroids are
updated by calculating the mean value of all pixels assigned to each cluster. These steps of assigning pixels and updating centroids are repeated
iteratively until the centroids no longer change between iterations, indicating convergence. However, since convergence is not always
guaranteed, the algorithm is typically stopped after a predetermined maximum number of iterations to prevent infinite loops. This process
segments the image into regions of similar pixel intensities, which can be useful to classify the artifacts .

Patched Image Prewitt

Sobel Canny

.
~ o U

Vi)

Fig. 12 K-means clustering of filtered operators Shenzhen People's Hospital ultrasound images dataset

K-means works by dividing the image into several clusters, where pixels with similar intensity values are grouped together into the same cluster.
We choose a non-zero integer C=4 which represents the number of clusters or groups (hyperechoic, hypoechoic, anechoic, Isoechoic) pixels.
The dataset ultrasound images of Shenzhen People's Hospital show the application of K-means clustering to an ultrasound image using features
extracted after different edge detection methods. The original image is first divided into patches to capture local texture information. After
applying Prewitt, Sobel, and Canny edge detectors, the detected edge pixels are treated as feature points and grouped using K-means.

11
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X = Data set
C = Cluster centroids
P = Partition

K-Means(X, C) — (C, P)

REPEAT
C prev «—C

/I Assignment step
FORi=1TONDO

p_i < FindNearest(x_i, C)
END FOR

/I Centroid update step
FORj=1TO kDO
¢ j« Average of x_isuchthatp i=j
END FOR
UNTIL C =C_prev

The black dots represent the data points, while the red dots indicate the cluster centroids learned by the algorithm. With the Prewitt operator,
the clustering is relatively scattered due to noise sensitivity, leading to less compact clusters. Sobel produces more structured edge information,
allowing K-means to form clearer and more meaningful clusters. The Canny-based result shows the most coherent and compact clusters, as its
robust edge detection reduces noise and preserves significant boundaries. The results demonstrate that K-means effectively partitions the image
into homogeneous regions, with clustering performance strongly influenced by the quality of the edge detection method, Canny providing the
most reliable segmentation.

4. Discussion

Persisting the model in this format enables reproducible inference and further fine-tuning without retraining from scratch. The saved checkpoint
can be reloaded for artifact classification on unseen ultrasound images, supporting consistent evaluation across experiments and deployment in
downstream analysis pipelines. Using a standardized file path and format also facilitates integration with PyTorch-based workflows and ensures
compatibility with future extensions of the ultrasound artifact detection framework. Confusion matrix provides a comprehensive summary of
the performance of an ultrasound artifact detection system by comparing the true artifact status with the system’s predictions. It is typically
represented as a 2x2 table in which rows correspond to the ground truth (actual condition) and columns correspond to the system output
(predicted condition). True positives (TP) are images or regions that contain artifacts and are correctly classified as artifacts, false positives
(FP) are artifact-free images or regions incorrectly classified as artifacts, true negatives (TN) are artifact-free images or regions correctly
classified as artifact-free, and false negatives (FN) are images or regions that contain artifacts but are incorrectly classified as artifact-free. From

. . . . TP . . TP+TN o TN
this confusion matrix, key performance metrics such as recall , precision accuracy ——————— , and specificity can be
TP+FN TP+TN+FP+FN TN+FP

directly derived to quantitatively evaluate the artifact detection performance.

Predicted Values

Positive Negative

T
TP+FP '

TP

Positive

TN

Actual Values

Negative

Fig. 13 Confusion Matrix of ultrasound images dataset
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Recall and precision are standard performance metrics used to evaluate an ultrasound artifact detection system. Recall measures the system’s

ability to correctly identify all true artifact cases and is defined as the ratio of true positives to the total number of actual artifact cases,
mathematically expressed as

Recall= —~— (23)

TP+FN

Precision measures how accurately the system identifies artifacts among all detections and is defined as

- TP
Precision= —— (24)
TP+FP
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Performance metrics such as the F1-score and the area under the receiver operating characteristic curve (AUC-ROC) are used to further evaluate

the effectiveness of the ultrasound artifact detection system on a defined test set. The F1-score provides a balanced measure of performance by
combining precision and recall into a single metric, defined as

Precision . Recall

Fi-score= 2. Precision+Recall (25)

and is particularly useful when the dataset is imbalanced. The confusion matrix highlights a severe misclassification issue in the model’s
performance for ultrasound artifact identification. All samples from the three true classes—ring-down, mirror, and reverberation—are
consistently predicted as mirror, as indicated by the nonzero values appearing only in the “mirror” predicted column. This results in zero correct
classifications for the ring-down and reverberation classes and no discrimination capability across artifact types. Such behavior suggests that
the model has collapsed to a single dominant class, likely due to class imbalance, insufficiently discriminative features, or inadequate training.
Consequently, while the model may show high confidence in predicting the mirror class, it demonstrates no generalization ability, rendering it
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ineffective for reliable artifact classification. Further improvements are required, including better feature extraction, balanced training data, and
possibly more expressive models or supervised learning strategies to achieve meaningful separation between artifact classes.

The AUC-ROC measures the system’s ability to discriminate between artifact and artifact-free images or regions across different decision

thresholds; it is computed as the area under the ROC curve, which plots the true positive rate TPT+PFN against the false positive rate F:JTN . Higher

F1-scores and AUC-ROC values indicate better overall detection performance on the test set. The ROC curve appears as a diagonal line from
(0,0) to (1,1), overlapping the random classifier reference, with a shaded area corresponding to an AUC-ROC value of 0.50. This indicates that
the model has no discriminative power and performs no better than random guessing. This behavior occurs because the classifier predicts only
a single class (mirror) for all samples, causing both the true positive rate and false positive rate to reach 1, with no intermediate decision
thresholds to form a meaningful ROC shape. Consequently, the ROC curve degenerates to the diagonal, confirming that the model does not
predict only a single-class strategy, moreover it success to distinguish between different ultrasound artifact types in the same ultrasound image.

5. Conclusions

This study explored the application of Hopfield Neural Networks (HNNSs) trained with Hebbian learning for the detection and modeling of
ultrasound imaging artifacts, with particular emphasis on ring-down, mirror, and reverberation effects. Ultrasound images were represented as
grayscale matrices, and local image patches were extracted, binarized, and stored as associative memories within the Hopfield framework. By
combining classical edge detection operators (Prewitt, Sobel, and Canny) with energy-based neural dynamics, the proposed approach aimed to
exploit both spatial intensity variations and memory-driven convergence properties for artifact characterization. Theoretical analysis and
experimental results confirmed the fundamental stability properties of Hopfield networks. The monotonic decrease of the energy function and
convergence toward local minima validated the use of Lyapunov-based energy formulations for associative recall. Both ring-down and mirror
artifacts exhibited rapid convergence to stable attractor states, and the similarity of their final energy levels indicated that the network
successfully encoded these patterns as strong memories. Hamming distance and energy evolution proved to be meaningful indicators of pattern
similarity, demonstrating that HNNs can effectively act as content-addressable memories for noisy or partially corrupted ultrasound data. In
parallel, K-means clustering was employed as a complementary, non-associative segmentation method. The results showed that clustering
performance was strongly influenced by the quality of edge detection, with Canny-based features yielding the most coherent and compact
clusters. While K-means effectively segmented regions of similar echogenicity, it lacked the intrinsic memory and convergence properties of
HNNSs, highlighting the advantage of associative models for artifact-driven pattern recall.

Despite these strengths, quantitative evaluation using confusion matrices, F1-score, and AUC-ROC revealed a critical limitation in the current
classification pipeline. The model collapsed to predicting a single dominant class (mirror artifacts), resulting in zero discriminative capability
across artifact types and an AUC-ROC of 0.50, equivalent to random guessing. This behavior underscores the challenges posed by class
imbalance, insufficiently discriminative feature representations, and the inherent limitations of unsupervised or weakly supervised associative
models when applied to multi-class medical image classification. The findings demonstrate that Hebbian-trained Hopfield Neural Networks
provide a robust theoretical and computational framework for modeling ultrasound artifacts, particularly in terms of stability, noise tolerance,
and associative recall. However, for reliable multi-class artifact classification, future work must address dataset imbalance, incorporate more
discriminative and multi-scale features, and potentially integrate supervised or hybrid deep learning architectures with Hopfield-based energy
models. Such extensions could leverage the strengths of biologically inspired associative memory while achieving clinically meaningful
diagnostic accuracy in ultrasound imaging.
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