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ABSTRACT

This study’s primary objective is to examine different machine learning
and image processing techniques for ultrasound picture analysis. In order
to facilitate early diagnosis in medical field, new innovative skills should
be introduced to procure accurate result of ultrasound images. Methods:
The study pre-processes ultrasonic pictures using sophisticated image pro-
cessing methods like feature extraction, edge detection, and filtering. Ma-
chine learning techniques, such as Convolutional Neural Networks (CNN),
Support Vector Machines (SVMs), and decision trees, are used to clas-
sify and segregate pertinent information in the ultrasound scans. In order
to determine the most effective approaches for precise analysis, the study
compares the effectiveness of machine learning models with conventional
image processing methods. Findings: The findings demonstrate that ma-
chine learning-based strategies, especially deep learning approaches, per-
form faster and more accurately than conventional image processing tech-
niques. Specifically, CNNs show excellent accuracy in identifying and clas-
sifying important anatomical characteristics in ultrasound pictures. In order
to elevate model performance, the study also emphasizes the difficulties
associated with data annotation and the requirement for sizable obtained
datasets. Novelty: In order to give a thorough comparison for ultrasound
image analysis, this work presents a novel methodology by fusing con-
temporary machine learning algorithms with conventional image process-
ing techniques. Additionally, the study investigates how several machine
learning models might be integrated to produce hybrid solutions that max-
imize diagnostic results. By simplifying medical imaging processes, the
suggested framework may improve diagnostic precision and lower human
erTor..
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1 Introduction

A popular medical imaging method for observing soft tissues, blood flow and organs inside the human body is ultrasound
imaging, sometimes referred to as sonography [1,2] . It has a number of benefits, such as cost, non-invasiveness, and safety
(because it doesn’t employ ionizing radiation). Nevertheless, in spite of these advantages, ultrasound images frequently en-
counter typical problems such poor resolution, speckle noise, and the fluctuating acoustic characteristics of tissues. Therefore,
using sophisticated image processing techniques is crucial for enhancing image quality and assisting with correct identifica-
tion, as physical explanation of ultrasound images is sometimes indicate to inaccuracies [3,4].

Machine learning (ML) and artificial intelligence (AI) have become increasingly potent instruments for automated ultra-
sound image processing in recent years [5,6]. By fusing state-of-the-art machine learning algorithms with conventional image
processing methods, inventors are attempting to improve ultrasound image segregation, classification, and pattern recognition.
This paper examines a number of important techniques and strategies for evaluating ultrasound pictures, emphasizing their
possible uses, drawbacks, and directions for further investigation [7,8]

Artificial Machine Deer Data
Intelligence Learning Learning Science

Figure 1: Al vs ML vs DL vs Data Science

2 Literature Review

Ultrasound Image Processing Techniques: Ultrasound images frequently have low contrast and high noise levels, in con-
trast to images from other techniques like CT or MRI [9,10]. Several image processing methods are used to improve ultrasound
image quality and retrieve pertinent data for diagnostic purposes in order to overcome these problems.

2.1 Enhancement of Images:

Enhancing an image’s visual quality to make it easier to understand is known as image enhancement [11,12].

2.1.1 Typical methods include of:

¢ Contrast Enhancement: To improve image contrast and highlight structural elements, methods like adaptive histogram
equalization and histogram equalization are employed.

¢ Noise Reduction: Speckle noise frequently affects ultrasound imaging. To cut down on noise while maintaining crucial
image information, filtering methods such wavelet denoising, median filtering, and anisotropic diffusion are used.

* Edge Detection: The borders of structures in the ultrasonic image are highlighted using edge detection techniques such
as the Sobel operator, Canny edge detector, and Laplacian of Gaussian (LoG) to enhance segmentation and feature
extraction.

2.2 Segmenting Images:

The technique of splitting an image into Regions of Interest (ROISs) that correlate to Particular pathological or human physical
traits is known as image segmentation. For the objectives of diagnosis and treatment planning, precise segmentation of regions
such as organs, tumours, or blood arteries is essential [13,14] .

2.2.1 Ultrasound pictures are segmented using a variety of techniques:

e Thresholding: A straightforward method used on clearly defined structures that splits an image into segments according
to intensity values.

* Region-based Methods: These techniques divide an image into segments by assembling adjacent pixels with compa-
rable texture or intensity. Active contours (snakes) and area growth are two examples.
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* Edge-based Methods: These strategies define a region’s borders by utilizing the edges of the image. The Canny edge
detector and active contours are frequently used in edge-Based segmentation.

* Segmentation based on Machine Learning: Convolutional Neural Networks (CNNs), a recent development in deep
learning, have demonstrated encouraging outcomes in automating ultrasound image segmentation. Since CNNs can
learn complicated features straight from the raw picture data, manual feature extraction is not necessary.

2.3 Machine Learning Methods for Analysing Ultrasound Images :

Ultrasound image investigation has been transformed by machine learning, which makes automated feature extraction, classi-
fication, and segmentation possible. Specifically, methods for supervised learning, unsupervised learning, and deep learning
have demonstrated great promise in escalating diagnostic accuracy [15,16] . Learning Under Supervision Effective training of
supervised learning algorithms necessitates a labelled dataset, in which every image or region is linked to its corresponding
class or label [17,18].

2.3.1 Supervised Learning:

* Support Vector Machines (SVMs): SVMs categorize ultrasound images into normal and abnormal groups based on
attributes that have been retrieved. These techniques are appropriate for complex ultrasound pictures because they
function effectively in high-dimensional feature spaces.

* Random Forests (RF): For classification problems, RFs build an ensemble of decision trees. They are resistant to over
fitting and offer good classification accuracy for ultrasound pictures.

* K-Nearest Neighbours (KNN): KNN is a straightforward yet effective method that uses pixel pattern similarity to a
labelled training dataset to classify ultrasound pictures.
2.3.2 Unsupervised Learning

Learning Without Supervision Without labelled data, unsupervised learning techniques find patterns or clusters in the data
[19,20] . These methods are beneficial in situations where labelled data is difficult to get by or unavailable.

* K-Means Clustering: This method groups related pixels or regions of interest to help distinguish between different
tissue types or abnormalities in ultrasound pictures.

* Principal Component Analysis (PCA): PCA helps to extract the most significant features and reduce noise by reducing
the dimensionality of image data.

2.4 Deep Learning

Ultrasound image analysis has been greatly impacted by deep learning, especially with regard to Convolutional Neural Net-
works (CNNs). Because CNNs can instinctively pull out hierarchical features from raw image data, they are perfect for
complicated tasks including image classification, segmentation, and anomaly detection [21,22] .

Important uses:

CNN s have demonstrated to be effective in identifying and categorizing tumours in ultrasound pictures, and they have a rapid
rate in distinguishing between benign and malignant sprouting.

¢ Organ Segmentation: To enable automated analysis in clinical practice, deep learning models have been used to
segment organs from ultrasound pictures, including the liver, kidney, and heart.

* Anomaly Detection: Unusual patterns in ultrasound pictures, for instance aberrant tissue development or disease ag-
gravation, are found using auto encoders, a kind of deep learning model.

3 Methodology

Specialized image processing methods envelope pattern recognition, texture analysis and machine learning-based segmenta-
tion are needed to analyse ultrasound pictures. Some important strategies that can be used are listed below .

A. Sahaya Mercy, G. Arockia Sahaya Sheela (2026). Approaches for Analysing Ultrasound Images Using Image Processing
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3.1 Pre-processing of Images:

e Contrast Enhancement: Highlighting features with methods such as adaptive contrast enhancement or histogram
equalization.

* Noise Reduction: Speckle noise, which is frequently present in ultrasound images, can be eliminated by applying
Gaussian or median filters.
3.2 Characteristic Extraction:
o Texture analysis: identifying tissue properties by analysing changes in pixel intensity.
* Edge Detection: Outlining structures in an image with Sobel or Canny edge detectors.

» Shape Analysis: Recognizing anomalies or organ shapes in the ultrasound image.

3.3 Identification and Segmentation of Patterns :

* Thresholding: It is the process of dividing structures according to intensity levels.

* Region-Based Segmentation: Using techniques like active contours or watersheds to define anatomical areas.

* Machine Learning Models: Teaching artificial intelligence (AI) models, such as CNNs and U-Net, to instant categorize
and segment ultrasonic picture shapes.

3.4 Interpretation in Clinical Practice:

Assessing variations in echogenicity among several pictures is known as comparative analysis. Finding hypo echoic or hyper
echoic areas that might point to anomalies is known as lesion detection.

¢ Classifying Severity: Evaluating fibrosis or fatty infiltration in relation to liver or renal disorders.
* Finding patterns, textures, or anomalies in ultrasound images is known as image analysis.
» Finding edges, segmentation, or affected areas in the scans is known as feature extraction.

* Medical Data Mining: Using Al methods like machine learning or deep learning to glean insights from ultrasound
pictures.

4 Results and Discussions

Here the ultrasound images using image analysis techniques such as contrast enhancement, noise reduction, edge detection,
and pattern recognition to extract meaningful features. Here are the processed ultrasound images.

* Original Image: The original grayscale ultrasound scan.

* Edge Detection (Canny): Highlights structural details and boundaries within the scan, which can help detect anomalies.
* Thresholded Image: Enhances contrast, making certain features stand out for better analysis.

 Original Image: The raw ultrasound scan as uploaded.

* Contrast Enhanced: Improved visibility of anatomical features using histogram equalization.

* DE noised Image: Reduced speckle noise using Gaussian blur to enhance clarity.

* Edge Detection: Highlights boundaries and structures within the scan using the Canny algorithm. These enhancements
help in identifying anatomical structures, detecting anomalies, and improving diagnostic accuracy. If you need further
analysis, such as segmentation or pattern classification.

A. Sahaya Mercy, G. Arockia Sahaya Sheela (2026). Approaches for Analysing Ultrasound Images Using Image Processing
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Edge Detection

Figure 2: Ultrasound images using image analysis techniques such as contrast enhancement, noise reduction, edge detection,
and pattern recognition to extract meaningful features.

Active Contour Segmentation

Threshold-based Segmentation

Figure 4: Result for Ultrasound Image

* Threshold-Based Segmentation: This method separates different regions based on intensity values, highlighting major
anatomical structures.

e Contour Segmentation: This method refines boundaries using contour-based segmentation. However, due to the
complexity of the image, further tuning may be needed for better results. These results help in identifying key structures
and abnormalities in the ultrasound scans. If you require more detailed feature extraction or classification.

The segmented structures overlay for ultrasound images:
* The bounding boxes highlight the detected structures within the ultrasound scans.
 This segmentation helps in localizing key anatomical regions and potential abnormalities.

» The overlay visualization enhances interpretability by marking detected features on the original scans.

Figure 5: Result for Ultrasound Image

A. Sahaya Mercy, G. Arockia Sahaya Sheela (2026). Approaches for Analysing Ultrasound Images Using Image Processing
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Pre-processed the ultrasound images and performed anomaly detection using Isolation Forest. The updated table
includes:

* Cluster Classification: Grouping of segmented structures based on key features.

* Anomaly Detection: Identification of normal and anomalous structures.

Area Perimeter Eccentricity  Solidity Centroid Cluster  Anomaly
2 | B922 2047.154329 0.781815172 0.147349298 (95.65265635507734, 139.1928939699619) 2 Anomalous
3 18 18.62132034 0.986968971 0.666666667 (11.277777777777779, 26.555555555555557) 0 Normal
1 9 7 1 1 (10.0,72.0) 0 Normal
5 4082 463.4751801 0.429799086 0.796643247 (56.10558549730524, 85.03625673689368) 1 Anomalous
5 20 14.62132034 0.728935882 0.952380952 (11.65,111.95) 0 Normal
7 132 68.87005769 0.905209318 0.647058824 (17.8939393939393594, 128.34848484848484) 0 Normal
3 100 ©7.48528137 0.993201538 0.729927007 (11.72,241.22) 0 Mormal
E] 29 1824264069 0.755143783 1 (12.275862068965518, 268.48275862068965) 0 Normal
0 249 88.49137803 0.862689175 0.752265861 (16.136546184738958, 288.6024096385542) 0 Normal
1 35 23.44974747 0.958205067 0.833333333 (12.257142857142858, 135.9142857142857) 0 Normal
2 36 26.24264069 0.976225573 0.972972973 (13.055555555555555, 175.777 77777777777 0 MNormal
& 7 6.828427125 0.377964473 1 (15.285714285714286, 50.0) 0 Normal
4 6 6 0.790569415 1 (16.5,212.0) 0 Mormal
5 4220 336.8772004 0.668076553 0.915997395 (58.72014218009479, 234.22369668246446) 1 Normal
6 10 9.035533906 0.89235699 0.909090909 (26.3,215.1) 0 MNormal
7 25 24.20710678 0.994289658 0.892857143 (44.4, 141.6) 0 Normal
8 30 29 0.993572726 0.967741935 (43.96666666666667,301.53333333333336) 0 Mormal
9 1 o 0 1 (72.0, 169.0) 0 Normal
0 23 16.48528137 0.89754501 0.884615385 (86.08695652173913, 186.2173913043478) 0 MNormal
1 33 20.10660172 0.820770753 0.891891892 (92.93939393939394, 115.03030303030303) 0 Mormal
2 50 24.48528137 0.788853560 0.961538462 (93.32, 126.46) 0 Mormal
<) 25 18.24264069 0.817073806 0.833333333 (93.96, 274.04) 0 Nermal
4 34 24.86396103 0.780850892 0.772727273 (94.29411764705883, 285.47058823529414) 0 Normal
5 384 117.3553391 0.918895832 0.838427948 (131.5625, 126.86458333333333) 0 Nermal
% 169 79.89949494 0.990908792 0.880208333 (127.99408284023669, 83.7396449704142) 0 Nermal
7 45 31.65685425 0.976166952 0.9 (127.91111111111111, 181.8) 0 Nermal

Figure 6: Structures within the ultrasound scans

Feature Correlation Heat Map

The Feature Correlation Heat map for the extracted ultrasound characteristics:
* High correlation between Area and Perimeter (0.87): Suggests that larger regions naturally have a longer perimeter.

¢ Negative correlation between Solidity and Perimeter (-0.75): Indicates that less solid (irregular) structures tend to
have higher perimeters.

¢ Weak correlation between Eccentricity and other features: Suggests that shape elongation (eccentricity) does not
significantly influence other factors

Figure 7: Feature with grayscale Image

* Deep Learning-Based Classification: Using pre-trained models (such as CNNs) for more precise anomaly detection.

* Quantitative Analysis of Anomalous Regions: Measuring intensity variations and texture features.

A. Sahaya Mercy, G. Arockia Sahaya Sheela (2026). Approaches for Analysing Ultrasound Images Using Image Processing
and Machine Learning Techniques, Issue 5(1), 01-10.
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* Comparison with Medical Standards: If you have reference ultrasound images, I can compare them to detect abnor-
malities.

* Detailed Report Generation: A structured report summarizing all findings.
 Using a Pre-trained CNN Model

* Models such as VGG16, ResNet50, or EfficientNet can classify ultrasound images into categories (e.g., normal, benign
anomaly, malignant).

* These models can be fine-tuned on a dataset of ultrasound images.

Steps for External Analysis
» Use Google Colab or a local Python TensorFlow environment to run a model.
¢ Train or fine-tune a CNN model using Keras/TensorFlow with labeled ultrasound data.
¢ Use Transfer Learning with models like ResNet50 or InceptionV3.

* To set up a Convolutional Neural Network (CNN) for ultrasound image classification using Google Colab, follow these
steps:

* Access Google Colab: Navigate to Google Colab and sign in with your Google account.
* Create a New Notebook

* Set Up the Environment

Prepare the Dataset:

Upload Data: Use the file upload feature in Colab to upload your ultrasound images, organized into s subfolders for each
class (e.g., "Normal’, ’Benign’, "Malignant’).

Data Augmentation:

train_datagen = ImageDataGenerator(rescale=1./255,shear_range=0.2, zoom_range=0.2,
horizontal_flip=True, validation_split=0.2) # 20% for validation
train_generator = train_datagen.flow_from_directory(’path_to_your_dataset’, target_size=(150, 150),
batch_size=32, class_mode=’binary’, subset=’training’)
validation_generator = train_datagen.flow_from_directory(’path_to_your_dataset’, target_size=(150, 150),
batch_size=32, class_mode = ’binary’, subset=’validation’)
Build the CNN Model:
model = Sequential([Conv2D(32, (3, 3), activation=’relu’, input_shape=(150, 150, 3)),
MaxPooling2D(pool_size=(2, 2)),

Conv2D(64, (3, 3), activation=’relu’), MaxPooling2D(pool_size=(2, 2)),

Conv2D(128, (3, 3), activation=’relu’),MaxPooling2D(pool_size=(2, 2)), Flatten(),

Dense (512, activation=’relu’), Dropout(0.5),

Dense(1, activation=’sigmoid’)])model.compile(optimizer=’adam’, loss=’binary_crossentropy’,

metrics=[’accuracy’])

Train the Model:

history = model.fit(train_generator, steps_per_epoch=train_generator.samples
// train_generator.batch_size,

validation_data=validation_generator, validation_steps=validation_generator.samples
// validation_generator.batch_size, epochs=10)

Evaluate the Model:

A. Sahaya Mercy, G. Arockia Sahaya Sheela (2026). Approaches for Analysing Ultrasound Images Using Image Processing
and Machine Learning Techniques, Issue 5(1), 01-10.
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Plot Training and Validation Accuracy:

acc = history.history[’accuracy’]

val_acc = history.history[’val_accuracy’]

loss = history.history[’loss’]

val_loss = history.history[’val_loss’]

epochs_range = range(10)

plt.figure(figsize=(8, 8))

plt.subplot(1l, 2, 1)

plt.plot(epochs_range, acc, label=’Training Accuracy’)
plt.plot(epochs_range, val_acc, label=’Validation Accuracy’)
plt.legend(loc=’lower right’)

plt.title(’Training and Validation Accuracy’)
plt.subplot(l, 2, 2)

plt.plot(epochs_range, loss, label=’Training Loss’)
plt.plot(epochs_range, val_loss, label=’Validation Loss’)
plt.legend(loc=’upper right’)

plt.title(’Training and Validation Loss’)

plt.show()

Updation Accuracy:

acc = history.history[’accuracy’]

val_acc = history.history[’val_accuracy’]

loss = history.history[’loss’]

val_loss = history.history[’val_loss’]

epochs_range = range(10)

plt.figure(figsize=(8, 8))

plt.subplot(l, 2, 1)

plt.plot(epochs_range, acc, label=’Training Accuracy’)
plt.plot(epochs_range, val_acc, label=’Validation Accuracy’)
plt.legend(loc=’lower right’)

plt.title(’Training and Validation Accuracy’)
plt.subplot(l, 2, 2)

plt.plot(epochs_range, loss, label=’Training Loss’)
plt.plot(epochs_range, val_loss, label=’Validation Loss’)
plt.legend(loc=’upper right’)

plt.title(’Training and Validation Loss’)

plt.show()

S CONCLUSION

Ultrasound image analysis has changed dramatically with the advent of advanced image processing and machine learning
techniques. Because they improve diagnostic accuracy, decrease human error, and facilitate quicker decision-making, these
tactics have the potential to revolutionize clinical practice. Data scarcity, model generalization, and computing complexity
are still issues, though. It will take ongoing exploration and cooperation between engineers, data scientists, and medical
professionals to address these problems and advance the field of ultrasound image processing.
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