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ABSTRACT

Early diagnosis of cardiac abnormalities plays a crucial role in effective treatment and
management of cardiovascular diseases. In this project, a novel approach for small object
detection and classification in cardiac images to facilitate improved early diagnosis. Our
method involves a comprehensive pipeline consisting of input image preprocessing, edge
detection, boundary extraction, KAZE feature extraction, region mapping, morphological
analysis, ensemble learning, and convolutional neural network (CNN) classifier for decision
making. The preprocessing stage aims to enhance image quality and reduce noise, preparing
the input for subsequent analysis. Edge detection techniques are employed to identify
prominentedges within the images, followed by boundary extraction to isolate potential regions
of interest. KAZE feature extraction is utilized to capture key features from these regions,
facilitating robust representation for subsequent classification tasks. Through region mapping
and morphological analysis, extracted featuresare further refined to delineate small objects of
interest within the cardiac images. An ensemble learning approach is then applied to integrate
information from multiple classifiers, enhancing classification accuracy and robustness.
Finally, a CNN classifier is employed for decision-making, leveraging deep learning
techniques to classify detected objects into relevant categories indicative of cardiac
abnormalities.

Keywords: Medical image processing; convolution neural network; Heart tumor detection;
early prediction;Image enhancement.

1 Introduction

Cardiovascular diseases (CVDs) remain a leading cause of mortality worldwide, necessitating
thedevelopment of advanced diagnostic techniques for early intervention and treatment. In
recent years, medical imaging has emerged as a valuable tool for the early detection of cardiac
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abnormalities, facilitating timely medical interventions and improving patient outcomes.
However,the accurate detection and classification of small objects, such as anomalies, in
cardiac images present significant challenges due to their subtle appearance and complex
anatomical structures. To address these challenges, this paper presents a novel approach for
small object detection and classification in cardiac images, aiming to enhance early diagnosis
and prognosis in cardiovascularmedicine. The proposed methodology integrates state-of-the-art
techniques from image processingand machine learning, including input image preprocessing,
edge detection, boundary extraction, KAZE feature extraction, region mapping, morphological
analysis, ensemble learning, convolutional neural network (CNN) classification, and decision-
making mechanisms. The initialstage of the proposed approach involves preprocessing the
input cardiac images to enhance their quality and reduce noise, thus improving the
effectiveness of subsequent analysis. Subsequently, edge detection techniques are employed to
identify potential regions of interest, followed by boundary extraction to delineate object
boundaries with greater precision. KAZE feature extraction is then applied to capture
discriminative features from the identified regions, facilitating more robust object detection
and classification. To further refine the detected regions and improve classification accuracy, a
region mapping approach is utilized, followed by morphological analysisto enhance object
segmentation. The integration of ensemble learning methods enables the combination of
multiple classifiers, enhancing the overall performance of the system. Additionally, a CNN
classifier is trained on the extracted features to classify the detected objects into relevant
categories, providing automated diagnosis capabilities. Moreover, a decision-making
mechanism is employed to interpret the classification results and provide actionable insights
for healthcare professionals, aiding in clinical decision-making and treatment planning. By
leveragingadvanced image processing and machine learning techniques, the proposed approach
offers a promising solution for the early detection and classification of small objects in cardiac
images, ultimately contributing to improved patient care and outcomes in cardiovascular
medicine.

2 Literature Survey

The paper "Detecting Small Objects in Urban Settings Using Slim Net Model" by Yang et al.
(2019) proposes a novel approach for detecting small objects in urban environments leveraging
the Slim Net model. In urban settings, small objects like vehicles, pedestrians, and
infrastructure components pose significant challenges for traditional object detection methods
due to their smallsize, occlusion, and cluttered backgrounds. [1]

The paper titled "Multiple Resolution Residually Connected Feature Streams for Automatic
Lung Tumor Segmentation from CT Images"” by Jiang et al. (2019) presents an innovative
approach forautomatically segmenting lung tumors from CT (computed tomography) images.
Lung tumor segmentation is a critical step in computer-aided diagnosis systems for lung cancer
detection and treatment planning [2].
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The paper titled "A Predictive Model for Personalized Therapeutic Interventions in Non-small
Cell Lung Cancer" by Kureshi, Abidi, and Blouin (2016) proposes a predictive model aimed
at tailoring therapeutic interventions for patients with non-small cell lung cancer (NSCLC).
NSCLC is a prevalent form of lung cancer, and personalized treatment strategies can
significantly improvepatient outcomes. [3]

The paper titled "Knowledge-based Collaborative Deep Learning for Benign-Malignant Lung
Nodule Classification on Chest CT" by Xie et al. (2019) introduces a novel approach for
classifying lung nodules as benign or malignant using chest CT scans. Lung nodules are small,
roundish growths in the lungs that can indicate the presence of lung cancer, and accurately
distinguishing between benign and malignant nodules is crucial for early diagnosis and
treatment.[4]

The paper titled "Lung tumor detection and diagnosis in CT scan images" by Amutha and
WahidaBanu, presented at the 2013 International Conference on Communication and Signal
Processing, focuses on the development of a method for detecting and diagnosing lung tumors
in CT scan images. Lung tumors are a critical aspect of diagnosing lung cancer, and accurate
detection and diagnosis are essential for effective treatment planning and patient management.
The authors propose a methodology that involves preprocessing the CT scan images to enhance
image qualityand reduce noise. Then, the preprocessed images undergo segmentation to isolate
the lung regionand identify potential tumor areas. [5]

The paper titled "Research on Small Object Detection and Tracking Based on Particle Filter"
by Wei and Liu, presented at the 2009 Second International Conference on Intelligent
Computation Technology and Automation, addresses the challenge of detecting and tracking
small objects in visual data. Small object detection.

and tracking are essential in various fields, including surveillance, autonomous navigation, and
medical imaging The authors propose a methodology based on the particle filter framework for
detecting and tracking small objects in visual scenes. Particle filters are a probabilistic
frameworkcommonly used for object tracking, where particles represent possible object
states and are propagated and updated over time based on observed data. [6]

The paper titled "Small Object Detection Based on Deep Learning™” by Wei, presented at the
2020IEEE International Conference on Power, Intelligent Computing and Systems (ICPICS),
addressesthe challenge of detecting small objects using deep learning techniques. Small object
detection isa critical task in computer vision applications such as object recognition,
surveillance, and autonomous driving. The author proposes a methodology based on deep
learning models for accurately detecting small objects in images. Deep learning has shown
remarkable performance invarious computer vision tasks due to its ability to automatically
learn hierarchical representationsfrom data.[7]

The paper titled "Improving Small Object Detection™ by Krishna and Jawahar, presented at the
2017 4th IAPR Asian Conference on Pattern Recognition (ACPR), focuses on enhancing the
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performance of small object detection in images. Small object detection poses a significant
challenge in computer vision tasks due to factors such as limited spatial resolution, occlusion,
andcluttered backgrounds. [8]

The paper by Z. Wei and Y. Liu, presented at the 2009 Second International Conference on
Intelligent Computation Technology and Automation, focuses on the research and development
ofa method for detecting and tracking small objects using the particle filter framework. Particle
filtersare probabilistic techniques commonly used for object tracking in computer vision
applications. The authors propose a methodology that utilizes particle filters to detect and track
small objects invisual data. [9]

The paper titled "RAU-Net: U-Net Model Based on Residual and Attention for Kidney and
Kidney Tumor Segmentation” by Guo, Zeng, Yu, and Xiao, presented at the 2021 IEEE
International Conference on Consumer Electronics and Computer Engineering (ICCECE),
introduces a novel deep learning architecture for segmenting kidneys and kidney tumors in
medical images. The authors propose the RAU-Net, a modified version of the U-Net model
that incorporates residual connections and attention mechanisms to improve segmentation
accuracy. [10]

3 Existing Method

In existing method a comprehensive approach for detecting liver tumors in medical images.
The methodology combines deep learning-based segmentation techniques with the Coot
Extreme Learning Model (ELM) for classification, performance validation, and selection of
optimallearning parameters using the Cuckoo Search Optimization Algorithm (COA). The
process beginswith preprocessing the input medical images to enhance their quality, reduce
noise, and improve the effectiveness of subsequent analysis. Deep learning-based segmentation
techniques are appliedto the preprocessed images to identify and delineate liver tumors. Once
the tumors are segmented,the extracted features are fed into the Coot Extreme Learning Model
for classification. ELM is a type of artificial neural network known for its fast learning speed
and high classification accuracy,making it suitable for medical image analysis tasks. The
Cuckoo Search Optimization Algorithm (COA) is employed to select optimal learning
parameters for the ELM model. COA is a metaheuristic optimization algorithm inspired by the
brood parasitism of some cuckoo species, and it is used here to fine-tune the ELM parameters
for optimal classification performance. This method for detection of Liver tumor.

Page 147 of 159



ISSN (Online): 2583-7052

sy,

International Journal of Advanced Trends in Engineering and Management (IJATEM)
pp. 144-159

Article Title: Deep Learning-Enabled Cardiac Abnormality Detection: A Comprehensive Pipeline for Early
Prediction and Image Enhancement in Medical Imaging

Input Image

F
Preprocessing
r
Segmentation
with DL based Tumour
model Extraction [—*
Classification using N Selection of Optimal
ELM "|  Learning rate by COA

Performance
Validation

Figure 1: Cardiac abnormality detection using ELM Classifier

4 Proposed Work Explanation

e Early diagnosis of cardiac abnormalities is crucial for effective treatment and
management of cardiovascular diseases.

e In this project, we propose a novel approach for small object detection and
classificationin cardiac images, aimed at enhancing early diagnosis capabilities.

e Our method integrates advanced techniques spanning input image

The effectiveness of our approach, achieving high accuracy and reliability in detecting and
classifying small objects in cardiac images. By automating these processes, our methodology
aids healthcare professionals in early diagnosis, leading to timely intervention and improved
patient outcomes in the management of cardiovascular diseases.The main goal is to create a
pipeline that includes pre-processing, feature extraction, and classification steps in order to
efficiently identify and categorize small objects in medical images that may be signs of cardiac
problems. The goal is to create methods that can effectively manage these difficulties and yield
precise results for various imaging modalities and patient populations. Effective treatment and
management of cardiovasculardisorders depend on early detection of cardiac abnormalities. In
order to improve the capacity for early diagnosis, we provide a novel method in this research
for small item recognition and classification in cardiac pictures. Our approach combines
cutting-edge approaches such as morphological analysis, ensemble learning, boundary
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extraction, edgedetection, KAZE feature extraction, region mapping, and convolutional neural
network (CNN) classification for decision-making in input image pre-processing. The efficacy
of our method, which successfully detects and classifies minute objects in cardiac pictures with
great accuracy and dependability. Our methodology automates these processes to helpmedical
practitioners diagnose patients earlier, which improves patient outcomes and allows for quicker
intervention in the management of cardiovascular illnesses.

INPUT IMAGE |, | PRE-PROCESSING » | EDGEDETECTION |~
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Figure 2: Cardiac Abnormality Detection using CNN Classifier

4.2 Methodology

Data Acquisition: Obtain a diverse dataset of cardiac images, including heart MRI scans,
containing a range of cardiac abnormalities and normal cases, ensuring representative samples
for training and evaluation.

Image Pre-processing: Standardize and enhance image quality through techniques such as
noise reduction, contrast adjustment, and normalization, to ensure consistency and improve the
performance of subsequent analysis steps.

Edge Detection and Boundary Extraction: Identify the boundaries of cardiac structures using
edge detection algorithms such as Canny edge detector or Sobel operator, followed by boundary
extraction to isolate regions of interest.

Feature Extraction using KAZE: Employ KAZE (Accelerated Segment Test with a KAZE
Detector) feature extraction method to capture informative key points and descriptors from
cardiac images, facilitating robust representation of local image features.

Region Mapping: Utilize segmentation techniques to partition the cardiac image into distinct
regions, enabling the localization and analysis of specific anatomical structures or
abnormalities.
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Morphological Analysis: Apply morphological operations such as erosion, dilation, opening,
and closing to refine the segmented regions, remove noise, and enhance object boundaries,
improving the accuracy of subsequent classification.

Evaluation and Validation: Assess the performance of the developed approach through
quantitative metrics such as accuracy, precision, recall, and F1-score, using cross-validation
techniques and independent test datasets to validate the generalization capabilities of the
models.

Decision Making: Incorporate decision-making algorithms to interpret the classifier outputs,
providing actionable insights and aiding healthcare professionals in clinical decision-making
processes.

Optimization and Fine-tuning: Iterate on the methodology to fine-tune parameters, optimize
algorithms, and incorporate feedback from domain experts to enhance the robustness and
effectiveness of the proposed approach.

By systematically following this methodology, we aim to develop a robust and accurate system
for small object detection and classification in cardiac images, contributing to improved early
diagnosis and treatment of cardiac abnormalities.

4.3 IMPLEMENTATION

1. Environment Setup: Configure the development environment with necessary software
libraries and tools for image processing (e.g., OpenCV), machine learning (e.g., scikit
-learn, Tensor Flow), and deep learning frameworks (e.g., Keras).

2. Data Preprocessing: Load the cardiac image dataset and perform preprocessing steps
such asresizing, normalization, and augmentation to ensure uniformity and enhance
modelgeneralization.

3. Edge Detection and Boundary Extraction: Implement edge detection algorithms
such as Canny or Sobel operators to identify edges within the cardiac images. Extract
boundaries usingcontour detection methods like the OpenCV find Contours function.

4. Feature Extraction with KAZE: Implement the KAZE feature extraction algorithm
to detectkey points and extract descriptors from the cardiac images using libraries like
OpenCV or a dedicated KAZE implementation.

5. Segmentation and Region Mapping: Develop segmentation algorithms (e.g.,
thresholding, region-growing) to partition the cardiac images into relevant regions of
interest. Map these regions for further analysis and classification.

6. Edge Detection and Boundary Extraction: Implement edge detection algorithms
such as Canny or Sobel operators to identify edges within the cardiac images. Extract
boundaries usingcontour detection methods like the OpenCV find Contours function.

7. Feature Extraction with KAZE: Implement the KAZE feature extraction algorithm
to detectkey points and extract descriptors from the cardiac images using libraries like
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OpenCV or a dedicated KAZE implementation.

Segmentation and Region Mapping: Develop segmentation algorithms (e.g.,
thresholding, region-growing) to partition the cardiac images into relevant regions of
interest. Map these regions for further analysis and classification.

Morphological Analysis: Implement morphological operations (e.g., erosion, dilation)
using functions provided by image processing libraries to refine segmented regions,
remove noise, and enhance object boundaries.

Classifier Training: Train ensemble classifiers (e.g., Random Forest, Gradient
Boosting) and CNN models using the extracted features as input. Fine-tune
hyperparameters and optimize model performance using techniques like grid search or
Bayesian optimization.

Evaluation Metrics: Implement functions to calculate evaluation metrics such as
accuracy, precision, recall, and F1-score based on model predictions and ground truth
labels. Utilize cross-validation techniques to assess model performance robustness.
Decision Making Integration: Develop decision-making algorithms to interpret
classifier outputs and provide actionable insights for clinical decision-making. This
may involve thresholding techniques, rule-based systems, or probabilistic models.
Testing and Validation: Evaluate the implemented system on independent test datasets
to validate its effectiveness in small object detection and classification in cardiac images.
Conduct performance analysis and iterate on the Implementation as needed for
optimization.

Documentation and Reporting: Document the implementation details, including
code methodologies, and results, to facilitate reproducibility and dissemination. Prepare
comprehensive reports or manuscripts for publication in academic journals or
presentation at conferences.

By systematically implementing these steps, we aim to develop a functional system for small
object detection and classification in cardiac images, contributing to improved early diagnosis
and treatmentoutcomes in clinical practice.

5 Software And Hardware Description

Requirements

Hardware

Hard Disk-1GB
RAM-4GB
LAPTOP
Windows-7 OS
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Software
e MATLAB 2013a Version

MATLAB
MATLAB is a high-performance language for technical computing. It integrates computation,

visualization, and programming in an easy-to-use environment where problems and solutions
are expressed in familiar mathematical notation. MATLAB is an interactive system whose
basic data element is an array that does not require dimensioning. This allows you to solve
many technical computing problems, especially those with matrix and vector formulations, in
a fraction of the time itwould take to write a program in a scalar no interactive language such
as C or FORTRAN. The name MATLAB stands for matrix laboratory. MATLAB was
originally written to provide easy access to matrix software developed by the LINPACK and
EISPACK projects. Today, MATLAB engines incorporate the LAPACK and BLAS libraries,
embedding the state of the art in software for matrix computation.

MATLAB has evolved over a period of years with input from many users. In university
environments, it is the standard instructional tool for introductory and advanced courses in
mathematics, engineering,and science. In industry, MATLAB is the tool of choice for high-
productivity research, development, and analysis. MATLAB features a family of add-on
application-specific solutions called toolboxes. Very important to most users of MATLAB,
toolboxes allow you to learn and apply specialized technology. Toolboxes are comprehensive
collections of MATLAB functions (M-files) that extend theMATLAB environment to solve
particular classes of problems. Areas in which toolboxes are availableinclude signal processing,
control systems, neural networks, fuzzy logic, wavelets, simulation, and many others.

5.1 Implementation Steps:

Step 1: Preprocessing and Edge Detection
e Assuming 'image’ is the input cardiac image
e Preprocessed _image = im2double(image); % Convert image to double
o Apply preprocessing techniques (e.g., noise reduction, contrast enhancement)
e Edge detection using Canny edge detector
e edges = edge (preprocessed _image, 'Canny');

Step 2: Feature Extraction and Region Mapping
e Extract features using KAZE (or any other feature extraction method)
e For simplicity, let's assume 'features' contains extracted features
e Map features to corresponding regions
e For simplicity, let's assume 'regions' contains mapped regions

Step 3: Morphological Analysis
e Apply morphological operations to refine regions (optional)
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e For simplicity, let's assume 'refined _regions' contains refined regions

Step 4: Classifier Training
e Assuming 'labels' contains ground truth labels for regions

e Train a classifier (e.g., SVM) on the extracted features
e classifier = fitcecoc(features, labels); % Example for SVM classifier

Step 5: Decision Making
e Assuming 'test _image'is a new cardiac image for testing

e Repeat steps 1 to 3 for preprocessing, edge detection, feature extraction, region
mapping, andmorphological analysis on the test image

e Use the trained classifier to predict labels for regions in the test image

e Predicted _labels = predict (classifier, test _features); % Example for SVM classifier

e Display results or perform further analysis

6 Simulation Results

The simulation results For a Novel Approach for Small Object Detection & Classification in
Cardiaclmages for the Improvised Early Diagnosis for the proposed system are shown in the
following figures

Input Image

Figure 3: Input image for proposed method
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Gray image Histogram

Figure 4: Histogram of an image

Filtered image

Figure 5: Filtered image
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Proposed MethodReplicate, dilated, filling image:

Figure 6: Replicate, dilated and filling image

KAZE Enhancement:
After applying the images of figure 8 we get the KAZE enhanced image.
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Figure 7: KAZE enhanced Image

Mask and segmented heart image:

Figure 8: Mask and segmented heart image

Sensitivity and ROC:
The image gives the ROC value.
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Absolute ROC = 0.78516

Flgure 9: Roc value obtalned
‘\ Neu;; N:Mork Tralnlng (nntr‘alntool) 7 = >

Neural Network

SN ImE oﬁ mE = S

Algorithms

Training: RProp (trainrp
Performance: Mean Squared Error  (mise
Derivative: Default (defaultderiv)
Progress
Epoch: o 17 iterations 7000
Time: 0:00:00
Performance: 711 6.95e-07 1.00e-05
Gradient: 1oe [ Toooess. 1.00e-05
Validation Checks: o | o &
Plots
[ Performance | plotperform)

Training State plottrains

Regression plotregression

Piot Interval: @ 1 epochs

L

File Edn

Performance goal met.

Figure 10: Neural Network Tralnlng

B Neural Network Training Training State (plottrainstate), Epoch 17, Perfor. o =<

View Insert Tooks Deskrop Window Help

2 Gradient = 0 0029471, at epoch 17
107 v v v
10°
§ 10‘3 - R
107
Validation Checks = 0. at epoch 17
1
os
=
= Y W 9 W @ W S e W W e W W e
-
0.5
"2 A A A i 4. A " A
o 2 B 6 8 10 12 14 16
17 Epochs

Figure 11: Neural network training state Graphs on Accuracy
Fig.6 shows the comparative performance of existing system and proposed system and its
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references. The proposed system uses the static data for developing the Novel structure. Further
the system need to be improvedwith respect to real time data and dynamic analysis.
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Figure 12: Comparative Accuracy of Proposed System
Challenges

The development of VGG net creates difficulty in tuning the layers since the parameters ofthe heart
vary. According to the static dataset the CNN layers are tuned, whereas in case of application of
dynamic dataset theaccuracy and statistical performance is affected. Improving the number of

images for training, obviously improve the performance of the convolution process.

7 Conclusion

The proposed novel approach for small object detection and classification in cardiac images
offers a promisingsolution for improving early diagnosis and intervention in cardiovascular
diseases. By leveraging advanced image processing techniques, feature extraction methods,
and machine learning algorithms, the methodology aims to enhance the accuracy and efficiency
of cardiac image analysis, ultimately benefiting patient care and clinical decision-making
processes. Through a comprehensive pipeline encompassing preprocessing, edge detection,
feature extraction, and classification stages, the proposed approach facilitates the automated
detectionand classification of small objects indicative of cardiac abnormalities. By automating
these processes, the methodology reduces the burden on healthcare professionals, improves
diagnostic accuracy, and enables timelyintervention, leading to improved patient outcomes.
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8 Future Scope

Explore alternative feature extraction methods beyond KAZE. Techniques like Scale-Invariant
FeatureTransform (SIFT) or Speeded up Robust Features (SURF) could be compared for their
effectiveness in capturing relevant features of small cardiac objects. Combine features
extracted from traditional image processing and deep learning models. This might leverage the
strengths of both approaches for more robust classification.
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