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PREFACE  

PREFACE 

The Visual Question Answering (VQA) system represents an innovative fusion of 

computer vision and natural language processing, facilitating the capability of 

machines to respond to queries grounded in visual stimuli. In this scholarly task, we 

present a tailored VQA framework meticulously crafted for skeletal imagery, 

leveraging sophisticated techniques for extracting both visual and textual features. 

These techniques enable the system to comprehend the structural aspects of the 

skeletal system and gain insights from radiographic or medical imaging data. By 

effectively transforming the questions into textual features, the system gains a deeper 

understanding of the user's inquiries and can provide accurate answers. The fusion of 

both visual and textual features is achieved using sophisticated integration methods, 

ensuring a seamless correlation between the image content and the textual context. 

This integration empowers the system to reason effectively and formulate responses 

that are contextually relevant and adequate. To examine the effectiveness of our 

proposed VQA system, we conducted extensive experiments on a diverse dataset of 

skeletal images and corresponding textual queries. The results demonstrate the 

system's capability to provide accurate and insightful answers, showcasing its 

potential for applications in the healthcare domain, radiology of skeletal images, and 

beyond. 

A novel skeletal image of the proposed approach is based on B12 FRCNN and Kai-

Bi-LSTM approaches is introduced in this paper to address the different challenges.  

The proposed system aims to enhance communication between medical professionals 

and patients by providing accurate answers to visual questions related to medical 

images. The system uses advanced methods like B12 FRCNN for object localization 

and Kai-Bi-LSTM for sequential processing to try to understand and interpret medical 

image queries better. This should lead to better interactions between patients and 

doctors. 
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INTRODUCTION 

The proposed approach represents a dynamic and interdisciplinary domain situated at 

the convergence of computer vision and natural language processing (NLP). It 

represents a significant advancement in artificial intelligence, enabling machines to 

comprehend visual information and answer questions related to images, videos, or any 

visual content. 

The idea behind VQA is to give intelligent machines the ability to interpret and reply 

to questions in natural language regarding the contents of the image in question. This 

integration of vision and language opens up a plethora of practical applications, 

ranging from robotics and autonomous systems to assistive technology development 

and vision impairment accessibility. 

 

 

 

 

 

 

 

 

Fig. 1: Visual Question Answering system with medical image 

1.1 Common discussion about VQA in healthcare domain 

The primary aspiration is to develop a robust system adept at comprehending and 

addressing inquiries pertaining to bone characteristics and irregularities. Leveraging 

leading-edge for skeletal image representation algorithms, we emphasize on 

extracting visual features to encode the distinctive traits and patterns observed in 

skeletal images. Simultaneously, on the textual front, we employ advanced natural 

language processing algorithms to effectively process and extract meaningful insights 

from textual queries inputted into the Visual Question Answering (VQA) system. 

Recognizing that optimal communication between healthcare professionals and 

patients is paramount in obtaining accurate information concerning bodily conditions 
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and overall health, our endeavors aim to facilitate seamless interaction and 

understanding within this domain. Engaging in discussions concerning health matters 

may pose challenges for patients when faced with the technical terminology 

commonly employed by healthcare professionals. Successfully addressing patient 

concerns thus requires a multifaceted skill set, encompassing object localization, 

attribute identification, scene comprehension, reasoning, and counting. Attaining the 

requisite level of accuracy in these endeavors typically hinges on the availability of 

extensive labeled datasets, upon which most supervised learning algorithms heavily 

rely. 

The fundamental challenge in VQA lies in uniting the space between the different 

modalities of information: visual data represented by pixels and textual data 

represented by natural language. To address this challenge, VQA systems employ 

sophisticated techniques for both visual and textual feature extraction. 

1.2 Image and Textual feature representations 

Image Feature Extraction: At the heart of VQA is the process of extracting 

significant information from healthcare skeletal images or videos. Convolutional 

Neural Networks (CNNs) are commonly used for visual feature extraction, allowing 

the system to capture intricate patterns, objects, and visual context. These visual 

features are then encoded into a compact representation that captures the essence of 

the image's content. 

Textual Feature Extraction: To comprehend and process the questions, VQA 

systems employ natural language processing techniques. Recurrent neural networks 

(RNNs) or transformer-based models are frequently used to convert textual input into 

meaningful embeddings. These textual features encode the semantics and context of 

the question, enabling the system to understand the user's inquiry. 

Integration of Visual and Textual Information: Once the Image and textual 

features are extracted, the VQA system fuses these representations to build a cohesive 

understanding of the input. Various fusion mechanisms, such as attention mechanisms 

or multimodal embeddings, are used to align the visual and textual domains 

effectively. This fusion facilitates the correlation between the question and the visual 

content, allowing the system to reason and generate appropriate answers. 
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Applications of Visual Question Answering: VQA systems find application in 

numerous real-world scenarios. For instance, they can assist autonomous vehicles in 

understanding their surroundings and responding to spoken instructions. In healthcare, 

VQA systems can aid medical professionals in diagnosing medical images or assist 

visually impaired individuals in understanding visual content. 

Challenges and Future Directions: While significant progress has been made in 

VQA, challenges persist, such as handling complex questions, handling ambiguous 

queries, and ensuring robustness to noisy input. Researchers continue to explore novel 

approaches, leveraging pre-training, multimodal reasoning, and larger datasets to 

improve VQA system performance. 

1.3 Question Answer Processing 

This system incorporates interrogative response systems to assist patients, as depicted 

in Fig. 1. To achieve accurate output prediction, a substantial amount of data needs to 

be trained, including Enormous datasets containing subjective and descriptive answers 

to numerous questions. 

However, dealing with such massive datasets poses challenges due to the 

computational resources required to process them effectively. Thus, a critical aspect 

of the system is to reduce the size of data without losing any important information. 

This data reduction process is crucial for optimizing machine efforts, speeding up 

performance, and enhancing the system's learning capabilities. 

The system employs feature extraction techniques to store high-quality datasets in a 

new location. Utilizing pattern analysis techniques, particularly the classification 

algorithm, the system can classify and To accurately forecast the output answer based 

on the question posed about the image is to efficiently interpret and derive the most 

suitable response aligned with the inquiry. 

During testing, the system takes an image and processes various questions to predict 

the appropriate answer using the data mining classification algorithm. If necessary, 

the system may suggest related images to further clarify the input images and 

questions, ensuring better support and understanding for patients using the VQA 

system. 
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Thousands of images are uploaded for training in the Visual Question Answering 

(VQA) system, along with corresponding relevant questions and answers for each 

individual image. It is common to have multiple questions and answers associated 

with a single image, capturing different aspects and interpretations of the visual 

content. 

During the training process, the VQA system learns to map the images to their 

respective question-answer pairs, enabling it to comprehend the association between 

the visual features and textual information. By analyzing diverse question-answer 

combinations, the model acquires a more comprehensive knowledge of the image 

context and improves its ability to generate appropriate responses. 

Having multiple questions and answers for a single image enhances the system's 

capability to handle variations in phrasing, question structure, and answer styles. This 

variability in the training data helps the VQA system generalize better to real-world 

scenarios where users may express their queries differently. 

To achieve optimal performance, it is essential to curate a diverse and well-balanced 

dataset, ensuring a wide representation of questions and answers that cover various 

aspects of the images. This data diversity elevates the overall functionality and 

versatility of the VQA system in addressing a broad spectrum of visual inquiries. 

In a specialized Visual Question Answering (VQA) system designed for medical 

images, users can pose diverse questions about the content of the images. These 

questions encompass a range of medical inquiries. For instance, users can ask about 

the identification of specific anatomical structures or abnormalities, measurements of 

sizes, potential diagnoses based on visual findings, recommended treatments, imaging 

modalities used, disease severity assessments, common medications, and treatment 

response evaluations. 

The system aims to generate accurate and contextually relevant answers to aid 

healthcare professionals in medical diagnosis, treatment planning, and patient care. To 

achieve this, the VQA system relies on a comprehensive knowledge base of medical 

data, allowing it to respond with precision and provide valuable insights into the 

medical images. Careful validation of the answers by medical experts ensures the 
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appropriateness and reliability of the information provided, making the VQA system a 

valuable tool in the medical domain. 

1.4 Different Question Types with corresponding Answers 

In a Visual Question Answering (VQA) system tailored for medical images, users can 

ask various types of questions about the content of the images. Here are some 

common question types and their corresponding types of answers in a medical VQA 

system: 

1. Anatomical identification questions: 

o Question: "What part of the body is shown in the image?" 

o Answer: A label representing the anatomical structure or body part 

depicted in the medical image (e.g., "liver," "lung"). 

2. Abnormality Detection Questions: 

o Question: "Is there any abnormality or pathology in the image?" 

o Answer: A binary response indicating the positive or negative of any 

medical abnormality (e.g., "Yes" or "No"). 

3. Quantitative Measurement Questions: 

o Question: "What is the size of the tumor in the image?" 

o Answer: A numerical value representing the size or measurement of a 

specific anatomical structure or pathology (e.g., "5 cm"). 

4. Differential Diagnosis Questions: 

o Question: "What could be the possible diagnosis based on the image?" 

o Answer: A list of potential medical conditions or diagnoses that could be 

associated with the visual findings in the image. 

5. Treatment or Intervention Questions: 

o Question: "What is the recommended treatment for this condition?" 

o Answer: A description or a list of treatment options or medical 

interventions for the identified medical condition. 

6. Image Modality Questions: 

o Question: "Is this image obtained from an X-ray or an MRI?" 

o Answer: A label representing the imaging modality used to acquire the 

medical image (e.g., "MRI"). 

7. Disease Severity Questions: 
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o Question: "How severe is the disease shown in the image?" 

o Answer: A qualitative descriptor or a numerical score indicating the 

severity of the identified medical condition. 

8. Medication Questions: 

o Question: "What medications are typically prescribed for this condition?" 

o Answer: A list of common medications used in the treatment of the 

identified medical condition. 

9. Treatment Response Questions: 

o Question: "Is the patient's condition improving after treatment?" 

o Answer: A qualitative response indicating the response of the patient's 

condition to a specific treatment. 

It's important to note that medical VQA systems require specialized knowledge and 

access to accurate and reliable medical databases to provide accurate and relevant 

answers. The answers generated by the system should be well-vetted by medical 

professionals to ensure their accuracy and appropriateness for clinical decision-

making. Such systems have competence to provide support to healthcare professionals 

in medical diagnosis, treatment planning, and patient care. 

1.5 Motivation of VQA in healthcare domain 

To construct a Visual QA (VQA) system in the healthcare industry is motivated by 

several key factors: 

1. Improved Patient Care: A VQA system improves the healthcare outcomes 

and personnel make better decisions about patient care by offering easy access 

to essential information. For example, doctors can ask questions about medical 

images, such as X-rays or MRIs, to obtain insights about a patient's condition, 

potential diagnoses, or treatment options. 

2. Efficient Diagnosis: Healthcare professionals often need to examine the large 

volumes of skeletal images to diagnose diseases or identify abnormalities. A 

VQA system can help streamline this process by automatically extracting 

relevant information from images and answering queries posed by clinicians. 

This can result in faster and more accurate diagnoses, ultimately improving 

patient outcomes. 
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3. Enhanced Medical Education: VQA systems have the potential to serve as 

effective educational aids for medical students, residents, and other healthcare 

professionals. By allowing users to ask questions about the skeletal images 

and receive informative responses, these systems can facilitate learning and 

knowledge retention in a more interactive and engaging manner. 

4. Remote Consultations: In scenarios where specialists may not be physically 

present, such as in rural or underserved areas, a VQA system can enable 

remote consultations between healthcare providers. Clinicians can share 

medical images and ask questions to obtain expert opinions and guidance, 

leading to better patient management and care coordination. 

5. Research and Innovation: VQA systems can support medical research 

efforts by providing access to huge datasets of annotated skeletal images. 

Researchers can use these systems to pose research questions, analyze image 

data, and gain insights into various medical conditions and treatments. 

Additionally, VQA systems can foster innovation by enabling the 

development of advanced image analysis algorithms and machine learning 

models. 

Overall, the development of VQA systems in the healthcare industry is driven by the 

goal of improving patient care, enhancing medical education, facilitating remote 

consultations, and advancing medical research and innovation. By leveraging the 

power of computer vision and natural language processing technologies, these 

systems have the potential to transform various aspects of healthcare delivery and 

contribute to better health outcomes for patients worldwide. 

1.6 Scope of VQA system in the healthcare domain 

The scope of developing a Visual QA (VQA) system in the healthcare domain is vast 

and encompasses numerous opportunities for innovation and improvement in patient 

care, medical education, research, and more. Below are some key aspects that 

illustrate the scope of VQA systems in healthcare: 

1. Diagnostic Support: 

o VQA systems can assist healthcare professionals in diagnosing medical 

conditions by providing additional context and insights from medical 

images. 
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o Clinicians can ask questions about specific features or anomalies in 

images, and the VQA system can generate responses based on its 

understanding of the images. 

2. Treatment Planning and Decision Support: 

o VQA systems can aid in treatment planning by providing relevant 

information about treatment options, potential side effects, and patient 

outcomes based on similar cases. 

o Healthcare providers can ask questions about treatment protocols, drug 

interactions, and surgical procedures, and the VQA system can provide 

evidence-based recommendations. 

3. Medical Education and Training: 

o VQA systems can serve as valuable educational assets for healthcare 

professionals in training, residents, and other healthcare professionals 

by providing interactive learning experiences. 

o Learners can ask questions about skeletal images and receive detailed 

explanations, helping them understand complex medical concepts and 

procedures. 

4. Remote Consultations and Telemedicine: 

o VQA systems can facilitate remote consultations between healthcare 

providers and patients, remarkably in underserved or remote areas 

where access to specialists may be constrained. 

o Patients can share medical images with their healthcare providers and 

ask questions about their condition, treatment options, and follow-up 

care. 

5. Research and Data Analysis: 

o VQA systems can support medical research efforts by providing access 

to huge datasets of annotated skeletal images and associated clinical 

data. 

o Researchers can use VQA systems to analyze image data, extract 

meaningful insights, and identify patterns or correlations that may 

inform new research directions or treatment strategies. 

6. Patient Engagement and Empowerment: 
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o VQA systems can empower patients by providing them with a better 

understanding of their medical conditions and treatment plans. 

o Patients can ask questions about their medical images, laboratory 

results, or treatment options, and the VQA system can provide clear 

and understandable explanations, helping patients make informed 

decisions about their health. 

7. Quality Improvement and Clinical Decision Support: 

o VQA systems can contribute to quality improvement initiatives by 

assisting healthcare providers in making more accurate and timely 

clinical decisions. 

o By analyzing large volumes of medical image data and providing 

relevant information in real time, VQA systems can help clinicians 

optimize their workflow and improve patient outcomes. 

The scope of developing VQA systems in healthcare is broad and multifaceted, 

encompassing various aspects of patient care, medical education, research, and quality 

improvement. By leveraging advances in computer vision, natural language 

processing, and machine learning, VQA systems have the potential to revolutionize 

healthcare delivery and contribute to better health outcomes for patients worldwide. 

1.7 Hypothesis of VQA system in healthcare industry 

The hypothesis of a Visual QA (VQA) system in the healthcare industry posits that 

integrating computer vision and natural language processing techniques can 

significantly enhance medical image analysis, clinical decision-making, patient 

engagement, and healthcare outcomes. 

1. Improved Diagnostic Accuracy: The VQA system can assist healthcare 

providers in accurately interpreting medical images by answering specific 

questions related to visual patterns, abnormalities, and diagnostic criteria. By 

leveraging both visual and textual information, the system aims to enhance 

diagnostic accuracy and reduce errors in image interpretation. 

2. Enhanced Clinical Decision Support: Through intelligent analysis of 

skeletal images and contextual understanding of clinical questions, the VQA 

system can provide timely and personalized decision support to healthcare 
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professionals. This support includes treatment recommendations, differential 

diagnoses, and prognostic insights based on image features and patient data. 

3. Efficient Workflow Integration: By seamlessly integrating into existing 

clinical workflows and electronic health record systems, the VQA system aims 

to streamline image interpretation, consultation, and reporting processes. This 

integration facilitates efficient communication between healthcare providers, 

reduces turnaround time, and improves overall workflow efficiency. 

4. Empowered Patient Engagement: The VQA system empowers patients to 

take an active role in their healthcare journey by providing understandable 

explanations and insights into their medical images. Patients can ask 

questions, seek clarification, and make informed decisions about their 

treatment plans, leading to increased engagement, satisfaction, and adherence 

to therapy. 

5. Facilitated Medical Education and Training: Medical students, residents, 

and healthcare professionals can leverage the VQA system as a valuable 

educational tool for learning about medical imaging interpretation, anatomy, 

pathology, and clinical reasoning. The system provides interactive learning 

experiences, case-based tutorials, and real-time feedback to support 

continuous professional development. 

6. Accelerated Research and Innovation: Researchers and scientists can 

leverage the VQA system to analyze large-scale medical image datasets, 

identify novel biomarkers, and discover patterns indicative of disease 

progression, treatment response, and therapeutic efficacy. This accelerated 

research process enables the development of innovative diagnostic tools, 

predictive models, and precision medicine approaches. 

7. Enhanced Quality of Care and Patient Outcomes: Ultimately, the 

hypothesis suggests that the adoption of VQA systems in healthcare can lead 

to improvements in diagnostic accuracy, clinical decision-making, patient 

engagement, workflow efficiency, medical education, research productivity, 

and, most importantly, patient outcomes. By harnessing the power of artificial 

intelligence and human expertise, VQA systems have the ability to completely 

transform healthcare delivery and enhance patient care across various medical 

specialties and settings. 
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The hypothesis proposes that VQA systems hold immense promise for revolutionizing 

healthcare by leveraging advanced technologies to augment human intelligence, 

improve diagnostic capabilities, and ultimately enhance the quality of care provided to 

patients. 

Here are some examples illustrating the potential applications and benefits of a Visual 

QA (VQA) system in the healthcare industry. 

 Diagnostic Assistance 

 Surgical Planning 

 Patient Consultations 

 Medical Education 

 Remote Monitoring 

 Research and Development 

 Clinical Decision Support 

A radiologist can use a VQA system to examine the skeletal images such as X-rays, 

MRIs, or CT scans. By asking specific Queries concerning the presence of 

abnormalities, tumor characteristics, or organ functionality, the system can provide 

relevant insights and assist in making accurate diagnoses. Surgeons can utilize a VQA 

system to better understand the anatomical structures visible in pre-operative imaging 

studies. By asking questions about optimal incision sites, critical landmarks, or 

potential complications, the system can help plan surgical approaches and anticipate 

challenges during procedures. During patient consultations, physicians can employ a 

VQA system to explain medical images to patients in a more understandable manner. 

Patients can ask questions about their condition, treatment options, or expected 

outcomes, and the system can provide personalized explanations and visual aids to 

facilitate shared decision-making. Medical students and residents can use a VQA 

system as a learning tool to enhance their understanding of medical imaging and 

pathology. By asking questions about image interpretation, disease mechanisms, or 

treatment strategies, learners can receive immediate feedback and guidance to 

reinforce their knowledge and skills. In telemedicine settings, healthcare providers 

can leverage a VQA system to remotely assess patients' conditions based on uploaded 

images or video consultations. By asking questions about symptom severity, treatment 
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adherence, or recovery progress, the system can help monitor patients' health status 

and provide timely interventions. Researchers can employ a VQA system to analyze 

large-scale medical image datasets and identify patterns associated with disease 

progression or treatment response. By asking questions about imaging biomarkers, 

genetic correlations, or clinical outcomes, researchers can gain valuable insights to 

inform drug development, clinical trials, and precision medicine initiatives. Clinicians 

can integrate a VQA system into clinical decision support systems to assist in 

interpreting complex skeletal images and laboratory results. By asking questions 

about differential diagnoses, prognostic factors, or treatment guidelines, the system 

can provide evidence-based recommendations to guide patient care and improve 

outcomes. These examples highlight how a VQA system can be applied across 

various healthcare scenarios to enhance diagnostic accuracy, improve patient 

communication, support medical education, facilitate research endeavors, and 

ultimately, optimize the delivery of healthcare services. 

1.8 Research contribution to the society 

Research contributions to society for Visual QA (VQA) systems in the healthcare 

domain are significant and multifaceted. Some key contributions include: 

1. Improved Diagnostic Accuracy: VQA systems assist healthcare 

professionals in interpreting medical images more accurately by providing 

contextual information and answering specific questions about abnormalities, 

anatomical structures, or disease characteristics. This can lead to more exact 

diagnosis and treatment strategies, hence improving patient outcomes and 

lowering medical errors. 

2. Enhanced Patient Care and Communication: VQA systems facilitate better 

communication between healthcare providers and patients by translating 

complex medical information into understandable visual representations. 

Patients can ask questions about their condition, treatment options, or test 

results, and receive personalized explanations from the system, leading to 

increased patient satisfaction and engagement in their care. 

3. Efficient Medical Education: VQA systems serve as valuable Educational 

assets for healthcare professionals in training, residents, and practicing 

clinicians by offering interactive learning experiences and real-time feedback 
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on medical image interpretation and diagnostic reasoning. This contributes to 

the continuous professional development of healthcare professionals and 

ensures the delivery of high-quality care. 

4. Accelerated Research and Innovation: VQA systems enable researchers to 

analyze large-scale medical image datasets more efficiently and extract 

meaningful insights into disease mechanisms, treatment responses, and 

prognostic factors. By automating the process of image analysis and 

interpretation, these systems expedite the discovery of new biomarkers, 

therapeutic targets, and diagnostic algorithms, leading to advancements in 

medical science and technology. 

5. Accessible Healthcare Services: VQA systems have the potential to 

democratize access to healthcare services by extending the reach of medical 

expertise to underserved populations and remote areas. Telemedicine 

platforms equipped with Visual QA (VQA) capabilities enable patients to 

receive timely consultations and diagnostic assessments from specialists 

without requiring physical visits, thereby reducing healthcare disparities and 

fostering health equity. 

6. Data-driven Decision Support: VQA systems generate valuable insights 

from medical imaging data that can inform clinical decision-making and guide 

evidence-based practice. By integrating VQA capabilities into clinical 

decision support systems, healthcare providers can access relevant information 

and recommendations at the point of care, leading to more informed treatment 

decisions and better patient outcomes. 

Overall, research contributions in the development and implementation of VQA 

systems in the medical domain have the potential to revolutionize healthcare delivery, 

improve patient care, and advance healthcare knowledge, ultimately benefiting 

society as a whole. 
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1.9 Application of VQA 

Visual Question Answering (VQA) has numerous applications across various 

domains, including but not limited to: 

1. Healthcare: 

o Medical Image Analysis: VQA can assist healthcare professionals in 

interpreting skeletal images such as X-rays, MRIs, and CT scans by 

answering questions about the content of the skeletal images, aiding in 

diagnosis and treatment planning. 

o Clinical Decision Support: VQA systems can provide real-time 

assistance to healthcare providers by answering questions related to 

patient data, treatment protocols, and medical literature, helping them 

make informed decisions. 

o Patient Education: VQA applications can be used to create interactive 

educational materials for patients, allowing them to ask questions 

about their medical conditions, treatment options, and lifestyle 

changes. 

2. Education: 

o Interactive Learning: VQA can enhance traditional educational 

materials by allowing students to ask questions about visual content 

such as diagrams, charts, and graphs, facilitating deeper understanding 

and engagement. 

o Assessment and Feedback: VQA systems can be used to 

automatically generate questions based on educational content and 

provide immediate feedback to students, allowing for personalized 

learning experiences. 

o Language Learning: VQA applications can help language learners 

improve their skills by providing visual prompts and answering 

questions about vocabulary, grammar, and cultural context. 

3. E-commerce: 

o Product Recommendation: VQA can be integrated into e-commerce 

platforms to assist shoppers in finding products that meet their specific 
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needs and preferences by answering questions about product features, 

compatibility, and usage. 

o Customer Support: VQA systems can provide automated customer 

support by answering questions about product specifications, pricing, 

shipping, and returns, improving user experience and reducing the 

workload of customer service representatives. 

o Visual Search: VQA can enable visual search functionality, allowing 

users to find products by asking questions about their appearance, 

brand, and category, complementing traditional text-based search 

methods. 

4. Navigation and Assistive Technologies: 

o Smart Assistants: VQA-powered smart assistants can assist users in 

navigating their surroundings, providing information about landmarks, 

directions, and points of interest based on visual cues captured by 

cameras or sensors. 

o Accessibility: VQA applications can enhance accessibility for 

individuals with disabilities by providing spoken answers to questions 

about their environment, enabling them to interact with digital and 

physical spaces more independently. 

5. Social Media and Content Creation: 

o Content Moderation: VQA systems can assist social media platforms 

in moderating content by automatically detecting and answering 

questions about potentially inappropriate or harmful visual content. 

o Content Generation: VQA can be used to generate captions, 

descriptions, and tags for images and videos uploaded to social media 

platforms, enhancing content discoverability and engagement. 

These are just a few examples of the diverse applications of Visual Question 

Answering across different domains. As technology advances, we should expect to 

see more inventive applications of VQA in the future. 

1.10 Organizations of Thesis 

This thesis report is critical for presenting your study findings in an understandable, 

logical, and complete manner. The following is a potential thesis organization 
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structure. This was followed by a literature review, which included a review of 

relevant material and past research in the subject of visual question answering systems 

in general, as well as specific applications. The application focuses on medical care 

and radiology imaging, with several question and answer pairings. Chapter 2 covered 

four types of literature reviews: a review of the visual question answer system, a 

review of the radiology image dataset, research on current methodology techniques 

and algorithms, and finally a discussion on the strategy of extracting the features of 

both visual and textual datasets. Then identify the issues and gaps in the following 

chapters. Then, discuss the problem statement and the proposed approach's objectives. 

Then we'll talk about key concepts, theories, and methodology. The methodology 

chapter provides an overview of the research design and technique used. Explanation 

of data collection methods, tools, and procedures. Discuss the data analysis 

methodologies and statistical methods used. Presentation of study results, data, and 

analysis. To highlight crucial findings, use tables, figures, and graphs. Discuss any 

surprising findings or abnormalities. Then Discussion of how to interpret results in 

light of the research topic or hypothesis. Results were compared to prior literature. 

Analyze the study's merits, shortcomings, and implications. Finally, consider the 

conclusion and future scope. Summary of key discoveries and their significance. 

Restate the research question and aims. Recommendations for future research or 

applications. 

1.11 Problem Statement for Visual Question Answering System 

In the contemporary era, various technological applications have been developed in 

the healthcare domain, and answering questions related to medical images is a 

significant concept in the medical sector. Several technologies assist in understanding 

the human health status through radiographic images. In many hospitals, a plethora of 

scanning techniques and instruments are employed to gain insights into human health. 

Radiology visuals consist of scanned images, and various levels of images can be 

obtained based on the patient's health condition. Existing approaches for medical 

imaging are often inadequately supported, and the collection of medical datasets poses 

challenges due to their limited local availability. 

Present VQA models employ CNNs to extract localized feature vectors for specific 

regions and LSTMs to encode feature vectors for the corresponding questions. 
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Nevertheless, when the response encompasses two neighboring local regions in the 

skeletal image and the query comprises a complex sentence, the accuracy of the 

attention mechanisms' answers is not entirely satisfactory. The current computer-aided 

diagnosis technology is generally limited to a single condition. The complexity of 

supplementary diagnostic technology, which utilizes analysis of a singular skeletal 

imaging type to deliver a thorough, specific portrayal of a patient's condition akin to a 

clinician's diagnosis, presents a significant constraint. The existing approach is 

unsuitable for dealing with such complex data, and vector construction produces 

inferior outcomes. The current method can only remember the preceding contextual 

details of the question and does not have the capability to make use of subsequent 

information. This limitation leads to errors in extracting the question feature. 

1.12 Objectives for VQA's proposed approach 

1. To propose an optimal feature extraction method for radiology images in 

the VQA system: 

o This objective aims to identify and develop a feature extraction method 

specifically tailored for radiology images in the visual or imaginary 

QA (VQA) system. 

o The model should effectively capture the relevant visual information 

from radiology images, such as anatomical structures, abnormalities, 

and other diagnostic features. 

o Various techniques for feature extraction, including conventional 

techniques and deep neural network methodologies, will be explored 

and evaluated. 

o The optimal feature extraction method should balance computational 

efficiency with the ability to represent complex visual patterns present 

in radiology images accurately. 

o Performance metrics such as feature distinctiveness, discriminability, 

and computational cost will be considered in selecting the optimal 

method. 

2. To offer an automated solution for answering the user's questions in 

radiology images: 
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o This objective involves designing and implementing an automated 

system that can generate accurate answers to questions asked by users 

based on medical images. 

o The system will integrate the proposed optimal feature extraction 

method with advanced natural language processing (NLP) techniques 

for question understanding and answer generation. 

o It will utilize the models based on deep learning, like Recurrent Neural 

Networks (RNNs) or Transformers to efficiently handle textual queries 

and generate suitable responses. 

o The system will be trained on a high dimensional dataset of skeletal 

images paired with corresponding question-answer pairs to learn the 

associations between visual features and textual queries. 

o Emphasis will be placed on the machine's accuracy, speed, and growth 

potential to manage a broad spectrum of medical images and questions 

effectively. 

3. To suggest an innovative method for dictionary formation concerning 

images and Question-Answer (QA) pairs: 

o This objective aims to develop an innovative approach for developing 

a comprehensive dictionary that maps visual features extracted from 

medical images to corresponding question-answer pairs. 

o The algorithm will utilize advanced machine learning and data mining 

techniques to automatically identify and categorize relevant visual and 

textual features present in the image-QA pairs. 

o It will consider semantic similarities, contextual information, and 

relevance scores to establish meaningful associations between images 

and their corresponding questions and answers. 

o The dictionary creation algorithm will be designed to be scalable and 

adaptable, allowing it to accommodate new image-QA pairs and 

update existing mappings over time. 

o The resulting dictionary will serve as a valuable resource for the 

automated VQA system, facilitating accurate and contextually relevant 

question answers. 
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4. To analyze the performance of the proposed approach in comparison to 

established techniques and showcase the originality of the proposed 

strategy: 

o This objective involves conducting a comprehensive evaluation of the 

proposed methodology against current techniques and cutting-edge 

methods in the field of healthcare VQA. 

o Evaluation criteria such as accuracy, precision, recall, F1-score, and 

computational efficiency will be used to assess the effectiveness and 

robustness of the proposed methodology. 

o Comparative experiments will be conducted using benchmark datasets 

and real-world medical image-QA pairs to emphasize the strengths of 

the proposed method. 

o Statistical analysis and qualitative assessments will be performed to 

highlight the strengths, limitations, and unique capabilities of the 

proposed methodology compared with existing approaches. 

o The novelty of the proposed technique will be validated through 

empirical results, innovative design choices, and contributions to 

advancing cutting-edge methods in medical VQA research. 

By achieving these objectives, the proposed research aims to advance the field of 

medical VQA by introducing novel methodologies, algorithms, and systems that 

enable accurate, automated, and contextually relevant question answering based on 

radiology images. 
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The use of supporting diagnostic digitally-enabled entirely on the examination of a 

single form of skeletal imaging has a significant constraint in producing accurate and 

concise descriptions of a patient's condition that are comparable to a diagnostic 

evaluation by a clinician. Addressing this constraint, the Healthcare Image QA model 

delivers on its promise by offering a feasible solution. Despite having access to a 

large volume of training data, the existing Healthcare Image QA datasets frequently 

encounter difficulties that require improvement. 

The presence of faulty data within these datasets can lead to a decline in classification 

accuracy, even with the support of substantial training data. Therefore, refining the 

quality of Healthcare Image QA datasets is of utmost importance to enhance the 

system's overall performance and reliability. 

2.1 Review of relevant literature and previous research: 

• Review on Visual Question Answer System 

• Review on Radiology Image Datasets 

• Research on Current Methodology Techniques and Algorithms 

• Feature Extraction Techniques for Visual and Textual Datasets 

2.1.1 Review on Visual Question Answer 

The significance of Healthcare Image QA lies in its potential impact on scientific 

research. By effectively combining visual question answering with medical imaging, 

it opens new avenues for supporting medical professionals in their diagnostic process 

and facilitates advancements in the field of skeletal image analysis. However, 

continuous efforts to address data quality and further refine the system will be crucial 

in leveraging the complete capacity of Healthcare Image QA in medical research and 

clinical applications. 

The subject matter of Visual QA (VQA) for skeletal imaging is still in its early 

phases, with many unknown technologies and issues to handle. Because there are few 

standardized data sources in the medical arena, it is critical to make the Healthcare 

Image QA model data adaptable. This study provides numerous options to make the 

Healthcare Image QA system more accessible for patient consultation and medical 

research, laying the groundwork for future research. 
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The graph in Figure [2]  illustrates a remarkable evolution in research output within 

the field of visual question answering (VQA). Prior to 2015, the volume of scholarly 

articles on this subject was notably sparse. The dataset for this graph is derived from a 

Google Scholar search query using the specified qualification of "visual question 

answering" and is organized by year. 

Beginning in 2017, there has been a substantial surge in research activities within the 

domain. Over the six-year span from 2015 to 2021, the annual count of research 

articles has surged from 73 to 3,400—an increase of over 40 times. This exponential 

growth underscores a burgeoning interest and engagement in the field of VQA. 

The escalating trend in scholarly contributions suggests a heightened enthusiasm and 

recognition of the significance of VQA within the broader academic and research 

community. This surge in research output also signifies a collective endeavor to 

address challenges, explore innovations, and advance the understanding and 

application of visual question answering methodologies. 

 

 

 

 

 

 

 

 

 

Fig. 2 : Trends in Visual Question Answering Research 

The raw data regarding the number of Visual Question Answering (VQA) articles per 

year is sourced directly from Google Scholar. This dataset reflects the quantitative 

representation of scholarly publications in the field of VQA over the specified time 

frame. The figures demonstrate the evolving landscape of research activities and 

scholarly contributions within the VQA domain. 
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This information serves as a foundational basis for understanding the trajectory of 

research output, highlighting the growing interest, and providing valuable insights 

into the expanding body of knowledge in Visual Question Answering. 

Some of the specific challenges faced by the Healthcare Image QA system include: 

1. Processing Medical-Specific Vocabulary: Medical texts and images often 

contain specialized medical terminology that requires specific processing to be 

understood accurately by the VQA system. 

2. Combining Multi-Modal Features: Integrating information from various 

sources, such as skeletal images and textual descriptions, at different levels 

poses a challenge that needs to be addressed effectively. 

3. Addressing Question-Visual Interaction: Understanding the combination of 

the questions and the visual information derived from medical texts is crucial 

for accurate and contextually relevant answers. 

To advance the capabilities of Healthcare Image QA, researchers need to focus on 

developing innovative solutions to handle these challenges and improve the model's 

performance. By addressing the specific needs and complexities of the medical 

domain, Healthcare Image QA can become a valuable tool for medical professionals, 

aiding in patient care and advancing medical research. However, continuous efforts 

and research are essential to leveraging the complete capacity of Healthcare Image 

QA in the medical field. 

The visual transformer model employed in [1], incorporating a textual encoder 

transformer and a multi-modal decoder, is utilized for answer generation. The study 

encompasses two distinct datasets, namely PathVQA and Radiological Image 

Question Answering Platform, both comprising radiology images. 

The study outlined in [2] focuses on the analysis and comparison of various 

techniques. Through the application of feature extraction methods, the analysis aims 

to discern prevalent faults within datasets, thereby facilitating an examination of 

alternative approaches to addressing Visual Question Answering (VQA) tasks. The 

authors underscore that, while prior endeavors have sought to mitigate linguistic bias, 

their approach capitalizes on the capacity to comprehend context without diminishing 

the significance of individual instances. 
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To facilitate this analysis and comparison, the study employs alternative 

methodologies, including the use of the Consolidated Tool for vqa. Benchmarking is 

incorporated, which not only evaluates model accuracy but also considers 

uncertainties and biases, providing valuable insights into their behavioral patterns. 

Additionally, interactivity is introduced, allowing end-users to select metrics for 

analysis and determine the scope of data evaluation. The investigation into 

Multimodal continuous visual Attention mechanisms underscores the potential 

drawback of discrete attention mechanisms—despite their exceptional versatility, 

there exists a risk of losing focus due to the generation of scattered attention maps. 

Various methodologies are currently under examination, including "Unshuffling Data 

for Improved Generalization in Visual Question Answering," "Structured Multimodal 

Attentions for TextVQA," and "Zero-shot Visual Question Answering Using 

Knowledge Graph," among others. 

The computational process known as VQA involves the input of an image and a 

corresponding question, with the computer generating the correct answer to the query. 

The aspiration within the realm of AI research has long been the development of 

robots capable of comprehending visual information and providing responses akin to 

human understanding. Notably, recent recognition has been accorded to research 

endeavors in the domain of VQA. Specifically, in the context of medical visual 

question answering (Med-VQA), a clinical inquiry is paired with a radiological 

image. [3] 

The work by [4] provides an in-depth analysis of methodologies, findings, potential 

advancements, and challenges in the field. The paper delves into contemporary 

datasets sourced from reputable outlets such as journals, conferences, and pertinent 

articles, with a specific focus on computational multimedia in skeletal image 

computing and computer-assisted intervention. It meticulously delineates the four 

integral components of the framework, namely the Image representation module, 

Language representation module, Multi-modal integration unit, and Answer 

generation component. This comprehensive examination contributes valuable insights 

to the scholarly discourse in the domain. 
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The Review of attention method used in [5] where multimodal fusion technique is 

used for both visual and textual feature extraction also discussed the classification 

application of existing attention mechanisms. 

The review paper serves as a comprehensive enhancement on the notable 

advancements in visual question answering (VQA) utilizing images, particularly 

focusing on recent developments. Drawing insights from the referenced study [7], the 

review underscores the growing importance of multimodal approaches in enhancing 

visual question answering systems. 

The exploration of various aspects and benefits of visual question answering is a 

prominent feature of this review. It builds upon the foundation laid by the referenced 

study and incorporates subsequent updates in the field, offering a nuanced and up-to-

date perspective on the subject matter. The formal tone maintains the academic rigor 

appropriate for a review of this nature. 

A limited number of surveys have delved into the realm of Visual Question 

Answering (VQA), addressing diverse methodologies for accomplishing this task and 

the introduction of new datasets to enhance existing benchmarks. Existing surveys 

predominantly aim to establish an organizational framework for the models and 

datasets employed in VQA, with some concentrating on specific subdomains of this 

field [4], while others present a more expansive exploration of the subject [8, 7, 9, 

10]. This section offers a fundamental comparison between the present work and prior 

surveys within the domain. The tone maintains a formal demeanor suitable for 

scholarly discourse. 

The study outlined in [8] offers a comprehensive introduction to this research domain, 

encompassing classical and established Visual Question Answering (VQA) datasets 

alongside emerging ones. The paper delves into evaluation metrics, providing insights 

into understanding and gauging various aspects of VQA models. Additionally, it 

explores diverse architectural approaches utilized in VQA, considering aspects like 

scene-text incorporated into specific datasets [32, 33]. On the other hand, [7] embarks 

on a meticulous evaluation in VQA, furnishing intricate descriptions and explanations 

concerning current methodologies, datasets, and evaluation procedures. The study 

critically assesses the present landscape of the field and contemplates potential future 
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trajectories. The tone adheres to a formal style suitable for academic discourse. The 

work delineated in [9] encompasses the recent strides in Visual Question Generation 

(VQG), a pivotal facet of Visual Question Answering (VQA), focusing on the 

creation of new datasets. The authors scrutinize the prevailing techniques in VQG, 

methodologies for evaluating the efficacy of generated questions, prevalent 

algorithms in this subfield, and the extant challenges. On a parallel note, [9] furnishes 

a comprehensive exploration of the tools and approaches employed for answering 

queries related to skeletal imaging. This survey meticulously delves into notified 

datasets within the healthcare domain, evaluating approximately 45 papers. 

Furthermore, [10] scrutinizes existing VQA datasets, metrics, and models, providing a 

comprehensive assessment of their advancements and persisting challenges. The tone 

maintains a formal style suited for scholarly communication. 

2.1.2 Review on Radiology Image Datasets 

Establishing a robust dataset for Visual Question Answering (VQA) poses a 

formidable challenge, necessitating the involvement of numerous annotators and 

domain experts. This is particularly crucial in the context of deep learning, where 

substantial amounts of data are essential for models to generalize effectively. The 

process is intricate, and not all datasets are constructed de novo; some opt for the 

creation of new subsets within existing inputs. In this section, we delve into an 

exploration of the frequently employed datasets derived from the scrutinized 

publications, shedding light on their significance in advancing research in the field of 

VQA. This metic\ulous approach ensures a comprehensive understanding of the 

datasets that underpin the advancements in VQA. 

There are various public-available skeletal images VQA datasets up to date 

Healthcare Image QA-2018 [67], Radiological Image QuestionAnswering Platform 

[68], Healthcare Visual Q&A 2019 [69], RadVisDial [70], PathVQA [71], Healthcare 

Image QA-2020 [72], SLAKE [74], and Healthcare Image QA-2021 [73].Additional 

dataset is used for research such as VQA v1, VQA v2, VQA CP v1, VQA CP v2. 

Healthcare Image QA-2018 [67] represents a landmark dataset introduced through 

ImageCLEF 2018, marking the inception of publicly available datasets in the medical 

domain. The dataset's creation employed a semi-automatic methodology for 

generating Question-Answer (QA) pairs based on image captions. A rule-based 
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Question Generation (QG) system played a central role, simplifying sentences, 

identifying answer phrases, creating questions, and subsequently ranking candidates. 

The QA pairs produced by this system underwent meticulous evaluation, being 

scrutinized twice by professional human annotators, one of whom possessed expertise 

in clinical medicine. This dual-check process involved validating semantic 

consistency and ensuring clinical relevance in relation to the associated medical 

images. This approach not only laid the foundation for Healthcare Image QA-2018 

but also set a benchmark for the careful curation and validation of datasets in the 

medical visual question answering domain. 

Radiological Image Question Answering Platform [68], unveiled in 2018, is a dataset 

crafted specifically for radiology applications. The dataset's image collection exhibits 

balance, featuring examples from the head, chest, and abdomen sourced from 

MedPix. In a bid to simulate a real-world scenario, the author presented these images 

to medical professionals, prompting them to pose spontaneous inquiries. Clinicians 

were tasked with formulating questions in both free-form and template formats. 

Subsequently, the generated Question-Answer (QA) pairs underwent manual scrutiny 

and categorization to ascertain their clinical focus. The answers in this dataset 

encompass both closed and open-ended formats. Despite its modest size, the 

Radiological Image Question Answering Platform dataset furnishes valuable insights 

for the development of AI systems tailored for radiological applications. 

Healthcare Visual Q&A 2019 [69] constitutes the second iteration of the Healthcare 

Image QA series, introduced as part of the CLEF Image Retrieval and Classification 

Task 2019 challenge. Aligned with the Radiological Image QuestionAnswering 

Platform [68] model, Healthcare Visual Q&A 2019 specifically targets four prevalent 

question categories: modality, plane, organ system, and abnormality. These question 

classifications were derived from patterns identified in hundreds of spontaneously 

generated and validated questions sourced from Radiological Image Question 

Answering Platform [68]. While the first three categories (modality, plane, and organ 

system) are amenable to classification problem-solving approaches, the fourth 

category (abnormality) introduces a more intricate challenge, necessitating answer 

generation capabilities. The outline of the healthcare VQA datasets and their 

fundamental qualities are described. VQA 2.0 [75] has 204000 images and 614000 
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question answer pair datasets. It is very huge to load it into a model. The source of 

these datasets is Microsoft COCO [76]. Question Answers are created manually and 

the categorization of questions in different types, like object, color, sport, count, etc. 

The Healthcare Image QA 2018 [67] dataset has 2,866 image data points and 6413 

question answer pairs. The source of the image and content is Pub Central Articles. 

The creation of questions and answers is synthetical. The question categories are 

mentioned, such as location, finding, Yes/ No questions, and other questions. From 

Radiological Image QuestionAnswering Platform [68], there are 315 image and 3515 

question answer pairs present; the source of images and content is the MedPix 

database contains head axial single-slice CTs or MRIs, chest X-rays, and abdominal 

axial CTs. The question answer creation is in Natural; the question categories are 

Modality, Plane, Organ System, Abnormality, Object/Condition Presence, Positional 

Reasoning, Color, Size, Other Attributes, and Counting. 

In Healthcare Visual Q&A 2019 [69], 4,200 images were used and 15,292 question 

answer pairs were created. The source of images and content is the MedPix database, 

which is various in 36 modalities, 16 planes, and 10 organ systems. The question 

answer creation is synthetic; here the question categories are modality, plane, organ 

system, and abnormality. RadVisDial [70] for Sliver-standard has 91,060 images and 

455,300 question answer pairs. The source of the image and content is MIMIC_CXR 

[77] Chest X-ray posterior-anterior (PA) view. The creation of the question answer is 

Synthetical and the question category is abnormality. RadVisDial [70] for Gold-

standard has 100 images and 500 question answer pairs. The source of the image and 

content is MIMIC_CXR [77]. Chest X-ray posterior-anterior (PA) view. The creation 

of the question answer is natural, and the question category is Abnormality. In 

PathVQA [71], 4,998 images and 32,799 question answer pairs were used, and the 

source of the images and content is electronic pathology textbooks in the PEIR Digital 

Library. The creation of questions and answers is synthetic. The categories of 

question from PathVQA [71] are color, location, appearance, shape,e etc. 

Healthcare Image QA 2020 and Healthcare Image QA 2021 [72, 73] used 5,000 

images and 5,000 question answer pairs. The source of the image and content is from 

MedPix databases, the question was synthetical, the category of the question is 

abnormality. The dataset SLAKE [78] has 642 images and 14000 question answer 
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pairs. The source of the images and content is medical segmentation decathlon [79], 

NIH chest X-ray [80], and CHAOS [81] with chest X-rays/CTs, abdomen CTs/MRIs, 

head CTs/MRIs, neck CTs, and pelvic cavity CTs. The creation of the question 

method is natural, and the categories are organ, position, knowledge graph, 

abnormality, modality, plane, quality, color, size, and shape. 

Table 1 : Descriptive Statistics of Existing visual and textual dataset 

Image Dataset Question Answer Pair Dataset 

Mean 31818.1 Mean 115181.9 

Standard Error 21051.62017 Standard Error 70964.36826 

Median 4599 Median 10206.5 

Mode 5000 Mode 5000 

Standard Deviation 66571.06818 Standard Deviation 224409.0364 

Sample Variance 4431707119 Sample Variance 50359415620 

Kurtosis 5.629002365 Kurtosis 2.227660663 

Skewness 2.408398774 Skewness 1.892712375 

Range 203900 Range 613500 

Minimum 100 Minimum 500 

Maximum 204000 Maximum 614000 

Sum 318181 Sum 1151819 

Count 10 Count 10 

Largest(1) 204000 Largest(1) 614000 

Smallest(1) 100 Smallest(1) 500 

Confidence Level 

(95%) 

47622.07327 Confidence Level 

(95%) 

160532.5536 

 

Table 2 : Correlation of Existing visual and textual dataset 

 Image dataset Question Answer Pair dataset 

Image 1  

Question Answer Pair 0.9696640705 1 
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Table 3 : Covariance of Existing visual and textual dataset 

 Image dataset Question Answer Pair dataset 

Image 3988536407  

Question Answer Pair 13037360656 45323474058 

 

Table 4 : Cumulative Frequency of Existing visual and textual dataset 

Image Dataset Question Answer Pair Dataset 

Bin Frequency Cumulative % Bin Frequency Cumulative % 

100 1 5.56% 5000 4 22.22% 

315 1 11.11% 100 1 27.78% 

500 1 16.67% 315 1 33.33% 

642 1 22.22% 500 1 38.89% 

2866 1 27.78% 642 1 44.44% 

3515 1 33.33% 2866 1 50.00% 

4200 1 38.89% 3515 1 55.56% 

4998 1 44.44% 4200 1 61.11% 

5000 4 66.67% 4998 1 66.67% 

5000 0 66.67% 6413 1 72.22% 

5000 0 66.67% 14000 1 77.78% 

5000 0 66.67% 15292 1 83.33% 

6413 1 72.22% 32799 1 88.89% 

14000 1 77.78% 91060 1 94.44% 

15292 1 83.33% 455300 1 100.00% 

32799 1 88.89% 5000 0 100.00% 

91060 1 94.44% 5000 0 100.00% 

455300 1 100.00% 5000 0 100.00% 

More 0 100.00% More 0 100.00% 
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Fig 3 :  Histogram of existing collective dataset with its frequency 

 

 

Fig 4 :  Total data present in various image and question answer pair dataset 
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2.1.3 Research on Current Methodology with existing techniques and 

Algorithms 

In their research, Fuji Ren et al. [11] introduced an innovative model named 

CGMVQA, which integrates categorization and answer generation skills to dissect the 

intricate Visual Question Answering (VQA) task into smaller components. The model 

involves tokenizing text and incorporating image data, employing the pretrained 

ResNet152 architecture to consolidate three disparate varieties of embeddings and 

extract visual features for handling textual data. 

The CGMVQA model performed exceptionally well on the CLEF Image Retrieval 

and Classification Task 2019 Healthcare Image QA dataset, with a rate of 

classification of 0.6401, a word matching rate of 0.658, and a conceptual similarity 

score of 0.679. These results demonstrated the model's superiority over existing 

approaches to accurately answering medical visual questions. 

The study suggested that CGMVQA holds the potential to assist medical 

professionals in clinical examination and diagnosis, providing valuable insights and 

support in the medical field. By effectively addressing medical visual questions, the 

CGMVQA model can aid medical professionals in making informed decisions and 

improving patient care. 

Lubna A. et al.'s investigation into Visual QA (VQA) for medical images within the 

context of the CLEF Image Retrieval and Classification Task 2019 medical VQA 

dataset [12] focused on addressing the intricacies associated with answering questions 

tailored to different medical image modalities. These modalities encompass X-rays, 

computed tomography (CT), ultrasound (US), magnetic resonance imaging (MRI), 

and various others. This study's approach consisted of two steps: The input medical 

image is first classified into its respective modality class using a convolutional neural 

network (CNN), and the correct solution for the VQA problem is then delivered based 

on the CNN output. The model achieved a testing accuracy of 83.8%, demonstrating 

its effectiveness in answering questions related to diverse medical image modalities. 

This performance was equivalent to the methods used during that time, showcasing 

the potential of the proposed approach in addressing the challenges of VQA in the 

medical domain. 
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In their research, Fazal Muhammad et al. [13] utilized reverse frequency allocation 

(RFA) and emphasized both decoupled DL-UL association (De-DUA) and coupled 

DL-UL association (Co-DUA) techniques to explore their performance in wireless 

communication systems. 

In the De-DUA approach, a user was randomly connected to base stations (BSs) 

belonging to two separate tiers—one for downlink (DL) communication and another 

for uplink (UL) communication. This decoupling of DL and UL associations aimed to 

enhance the system's performance. 

Additionally, the researchers employed reverse frequency allocation (RFA) as part of 

their methodology. RFA involves allocating frequencies in the reverse direction 

compared to conventional frequency allocation schemes, potentially improving 

overall system performance. 

The study's findings indicated that De-DUA, combined with RFA, outperformed Co-

DUA with regard to coverage performance. This suggests that the Decoupled DL-UL 

Association, along with the utilization of Reverse Frequency Allocation, offers 

advantages over the traditional Coupled DL-UL Association in the context of wireless 

communication systems. 

In their research, Dhruv Sharma et al. [14] developed MedFuseNet, an attention-based 

multimodal deep learning network specifically designed for visual question answering 

(VQA) on medical images. MedFuseNet aimed to address the complexities involved 

in VQA for medical images by decomposing the problem into simpler components 

and maximizing learning efficiency. 

MedFuseNet utilized attention mechanisms, directing the model's attention towards 

the important regions of the medical images while processing the associated 

questions. This attention-based approach aimed to amplify the model's effectiveness 

and interpretability. 

The study addressed two critical aspects of VQA for medical images: (1) 

categorization of the images and (2) generation of two different types of answer 

predictions. By addressing these aspects, MedFuseNet provided more comprehensive 

and accurate answers to the given medical questions. 
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The experimental results demonstrated that MedFuseNet outperformed state-of-the-art 

VQA techniques for skeletal images, showcasing its superior performance in 

answering medical visual questions. Additionally, the attention visualization provided 

Illuminating the model's decision-making process, increasing its interpretability and 

transparency. 

The development of MedFuseNet highlights the potential of attention-based 

multimodal deep learning networks in advancing VQA systems for skeletal images, 

offering valuable support to medical professionals in clinical decision-making and 

enhancing the understanding of the model's predictions. 

In their research, Shengyan Liu et al. [15] introduced a novel bi-branched model 

named BPI-MVQA, which stands for Parallel Networks and Image Retrieval for 

Medical Visual QA. The BPI-MVQA model was designed specifically for Medical 

Visual Question Answering (MVQA) tasks. 

The initial branch of the BPI-MVQA model utilized a transformer topology based on 

a parallel network, allowing for the effective extraction of both image sequence 

features and spatial features, providing complementary benefits for the MVQA task. 

To fuse the multi-modal features extracted from medical images and textual 

questions, the researchers employed a multi-head self-attention mechanism. This 

method allowed for the implicit fusion of information from different modalities, 

enhancing the model's ability to process diverse information sources. 

The second branch of the BPI-MVQA model used the relative proximity of imagine 

features provided by the VGG16 network to produce suitable text labels. This 

approach allowed for effective image retrieval and the association of the most relevant 

text labels with the given medical images. 

Experimental results demonstrated that the BPI-MVQA model achieved state-of-the-

art performance on three Healthcare Image QA datasets. The model's cutting-edge 

results showcased its effectiveness in answering medical visual questions, making it a 

valuable tool in medical image analysis and diagnosis. 

In this study, the researchers introduced a new and innovative bi-branched model 

called BPI-MVQA, aiming to tackle medical visual question-answering tasks. The 
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BPI-MVQA model utilizes parallel networks and image retrieval techniques to 

enhance its performance. 

The first branch of BPI-MVQA incorporates a transformer structure based on a 

parallel network. This design enables the model to extract spatial and image sequence 

features efficiently, benefiting from the complementary strengths of both approaches. 

To merge the multi-modal characteristics effectively, the researchers employed a 

multi-head self-attention mechanism. This mechanism allows the model to implicitly 

combine information from various modalities, enhancing its ability to process diverse 

visual and textual information. 

The second branch of the BPI-MVQA model leverages the visual features collected 

by the VGG16 network. These visual features are then used to generate relevant text 

labels, aiding in the association of appropriate textual information with the given 

medical images. 

The proposed BPI-MVQA model represents a promising advancement in medical 

visual question answering, as it combines parallel networks, transformer structures, 

multi-head self-attention, and image retrieval techniques to accomplish top-tier 

performance in responding to medical visual queries. 

Rahhal and Mohamad Mahmoud AI [16] proposed a method for extracting visual 

information using the Vision Transformer (ViT) paradigm and a transformer encoder-

decoder structure. The system generates autoregressive answers by combining textual 

and visual representations and using a multi-modal decoder. The proposed model was 

verified against radiological imaging datasets from the Radiological Image 

QuestionAnswering Platform and PathVQA. 

Visual Question Answering (VQA) is a recent advancement in computer vision aimed 

at improving picture captioning by allowing users to ask questions about specific 

characteristics of images [17]. Transformers, unlike recurrent neural networks 

(RNNs), learn connections between sequence components rather than processing them 

recursively and considering only the current context. Transformer designs facilitate 

long-range associations by attending to entire sequences. 

One of the frequently used models for representing textual data is BERT 

(Bidirectional Encoder Representations from Transformers) [18]. BERT is a language 
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model that uses large-scale unsupervised corpora and a bidirectional attention 

mechanism to generate context-sensitive representations for each word in a given 

phrase. 

By incorporating the Vision Transformer model and leveraging the power of 

transformers like BERT, Rahhal's proposed method demonstrates promising potential 

for addressing visual question answering tasks and enhancing the understanding of 

visual content in medical imaging datasets. 

To extract comprehensive image features, we propose using a parallel structure based 

on ResNet152 [19, 20] and Gate Recurrent Unit (GRU) [21]. This approach allows us 

to capture both full-scale image features and local features effectively. 

For preserving spatial feature data from images captured in various dimensions, we 

retain sequential encoding of the feature information from the original three-channel 

images. Subsequently, we convert these images into single-channel grayscale images 

and pass them through the stacked GRU network. 

The characteristics received from the GRU network, as well as the features created by 

each layer of ResNet152, are then merged to provide comprehensive and informative 

image features. This combination of characteristics from the ResNet152 and GRU 

networks ensures that the visual content is fully represented. 

By adopting this parallel structure approach, we can effectively capture both global 

and local image features, enabling better image understanding and enhancing the 

performance of visual analysis tasks. 

The main building block of our multi-classification model is the transformer structure, 

which has proven to be effective in understanding complex biomedical literature. To 

achieve this, we leverage the power of Biobert [22], which surpasses the performance 

of Bidirectional Encoder Representations from Transformers (Bert) [23] in various 

biomedical text mining tasks and biomedical data training. 

In contrast to the traditional input format of the Bert model, we adopt a novel 

approach. Instead of using just the textual information, we concatenate both the 

picture features and question features as the input to the transformer. By leveraging 

the diverse qualities of both types of features, we aim to improve the model's 

understanding of the data. 
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To further enhance the model's performance, we introduce the multi-head self-

attention process. This innovation allows the model to effectively integrate and 

process the input properties, leading to better outcomes in our multi-classification 

tasks. 

By synthesizing the strong points of the transformer structure, Biobert, and the multi-

head self-attention mechanism, our model demonstrates promising potential in 

biomedical text mining and classification tasks. It allows for a comprehensive 

understanding of complex biomedical data, contributing to advancements in the 

biomedical field. 

The growth of visual question answering in the medical arena (Healthcare Image QA) 

has resulted in the birth of various novel ways for achieving VQA goals. These 

strategies may also be useful in the field of Healthcare Image Quality Assurance. In 

healthcare image quality assurance, the feature extractor is conventionally a 

traditional convolutional neural network (CNN) that has been pre-trained using 

ImageNet. On the other hand, the picture feature extractor often uses a recurrent 

neural network (RNN) or a transformer-based model. 

One specific model that has been proposed for Healthcare Image QA is the multi-

modal factorized bilinear pooling model (MFB) by Peng et al. [24]. This model is a 

deep network that combines ResNet152 and LSTM (long Short-Term memory) 

components. The MFB model is designed to effectively pool information from 

different modalities and encode it into a unified feature representation, enhancing the 

model's ability to answer questions based on both visual and textual information. 

The integration of these innovative methods, such as MFB, with classical CNNs and 

RNNs can lead to more advanced and powerful Healthcare Image QA systems. These 

models open up new possibilities for medical professionals in clinical analysis, 

diagnosis, and research by providing accurate and interpretable answers to skeletal 

visual questions. 

In the CLEF Image Retrieval and Classification Task 2019 Healthcare Image QA 

competition, the Zhejiang University team secured first place with their creative 

model [25]. Their model incorporated Bert to extract question characteristics and 

visual attributes from the middle layer of VGG16. This innovative combination 
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allowed for effective information extraction from both textual and visual inputs, 

leading to their success in the competition. 

Kornuta et al. [26] The study introduced a modular pipeline architecture grounded in 

transfer learning and multitask learning methodologies. This approach enabled them 

to achieve impressive results in the ImageCLEF competition, showcasing the power 

of combining different learning techniques in a structured manner. 

For the ImageCLEF2021 Healthcare Image QA test, Liao et al. [27] utilized the 

Skeleton-based Sentence Mapping (SSM) knowledge inference methodology. This 

approach allowed them to infer relevant knowledge from the textual information, 

contributing to their success in the competition. 

Al-Sadi et al. [28] finished second in the ImageCLEF 2021 Healthcare Image QA 

exam by efficiently using data augmentation approaches. Data augmentation is the 

process of creating new training data by performing modifications on existing data, 

which improves the model's robustness and performance. 

To address various difficulties in Med-VQA, Zhang et al. [29] proposed a novel 

conditional reasoning framework. This framework automatically develops suitable 

reasoning techniques for different Med-VQA challenges, showcasing the potential of 

adaptive reasoning in medical visual question-answering tasks. 

Overall, these innovative approaches and successful models have demonstrated the 

potential of advanced techniques in Healthcare Image QA competitions, contributing 

to advancements in the fields of medical image analysis and question answering. 

2.1.4  Survey on visual and textual Feature Extraction Technique 

This survey investigates contemporary methodologies in feature extraction applied to 

multimodal datasets, encompassing both visual and textual domains. Feature 

extraction serves as a pivotal step in artificial intelligence systems, particularly in 

tasks involving computer vision and natural language understanding. The survey 

delves into the diverse techniques employed for extracting informative features from 

visual and textual data, highlighting their applications, strengths, and challenges. 

There are various visual feature extraction techniques such as Traditional Computer 

Vision Approaches, Convolutional Neural Networks (CNNs), Transfer Learning 

Strategies, Attention Mechanisms in Visual Feature Extraction and ect. Bag-of-Words 
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Models, Word Embeddings (e.g., Word2Vec, GloVe), Transformer-Based 

Architectures (e.g., BERT, GPT) and Hybrid Models are the Textual Feature 

Extraction model. 

The object detection methodology founded on deep neural networks represents a 

pioneering technique that has undergone substantial advancements in recent years. 

This method demonstrates the capacity to derive abstract high-level features by 

amalgamating low-level features from samples. The resulting characteristics exhibit 

robust expressive and generalization capabilities, marking a significant stride in the 

evolution of computer vision methodologies. The object detection technique based on 

candidate boxes, commonly referred to as a two-stage algorithm, follows a distinctive 

process involving region proposal extraction and subsequent candidate box 

recognition and regression. An example in this category is the R-CNN series [82, 83, 

84]. R-CNN [84] initiates the process by employing a selective search method to 

identify candidate frames, proceeds to extract features using deep neural networks, 

and concludes with support vector machines for target classification. In the evolution 

of this approach, Fast R-CNN [82] has been introduced, which streamlines the process 

by pooling features for each candidate frame and replacing the support vector 

machine with a softmax classifier. A notable efficiency enhancement is achieved by 

extracting image features only once, contributing to accelerated training and inference 

speeds. Faster R-CNN [83] revolutionizes the object detection landscape by utilizing 

neural networks to generate candidate boxes, eliminating the need for selective search 

techniques. This ensures a genuinely end-to-end process for object identification. 

Notably, Faster R-CNN integrates convolution characteristics for region proposal, 

classification, and regression, fostering improved accuracy and processing efficiency. 

In contrast, the regression-based object detection method, exemplified by YOLO [85] 

and SSD [86], adopts a single-stage paradigm. This approach skips the traditional 

candidate box extraction stage and treats object detection as a regression problem. 

Neural networks are employed to determine both the categories and positions of 

targets in each image block, marking a departure from the two-stage algorithms. 

Convolutional Neural Networks (CNNs) are a Subset of deep neural networks 

particularly designed for tasks involving visual data, such as image recognition, 

classification, and segmentation. They have become a cornerstone in computer vision 
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and image processing. Here are key aspects of CNNs: CNNs scan input data using 

convolutional layers and learnable filters or kernels.. These filters detect patterns, 

edges, and textures in the input. Convolutional operations help capture spatial 

hierarchies of features. CNNs use convolutional layers to scan the input data with 

learnable filters or kernels. These filters detect patterns, edges, and textures in the 

input. Convolutional operations help capture spatial hierarchies of features. Following 

convolution, pooling layers minimize the spatial dimensionality of the resulting 

feature maps. Max pooling is a typical approach that retains the maximum value in a 

set of neighboring pixels, thus downsampling the data. The convolution and pooling, 

fully connected layers are employed for high-level reasoning. These layers establish 

connections between each neuron in one layer and every neuron in the subsequent 

layer, creating a dense representation. Non-linear activation functions, such as ReLU 

(Rectified Linear Unit), are commonly utilized after convolutional and fully 

connected layers. ReLU adds nonlinearity to the system, facilitating its acquisition of 

intricate patterns. CNNs are trained by backpropagation and optimization techniques 

such as stochastic gradient descent. The network learns how to modify the weights of 

filters and neurons to reduce the discrepancy between expected and real outputs. 

Dropout is a regularization approach that prevents overfitting in CNNs. During 

training, it randomly removes a subset of neurons, driving the network to acquire 

more robust characteristics. CNNs that have been pre-trained on huge datasets (such 

as ImageNet) can be fine-tuned to do specific tasks. This transfer learning technique 

uses knowledge obtained from one job to boost performance on another. CNNs are 

capable of not only classifying images but also localizing and detecting objects within 

images. Techniques like region-based CNNs (R-CNN) and its variants have been 

successful in object detection. 

The architecture of a Deep Belief Network (DBN) is structured as a stack of layers, 

including visible and hidden layers. A typical DBN comprises multiple layers of 

latent variables that form a hierarchical, generative model. The bottom layer of the 

network represents the visible layer. Nodes in this layer correspond to the observed 

variables or input features. This layer is when external information enters the network. 

There is at least one hidden layer above the visible layer. Each hidden layer captures 

more abstract and complicated features. The number of neurons in each hidden layer 
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is predetermined based on the complexity of the task at hand. Every neuron in one 

layer is connected to every neuron in the subsequent layer, with weights determined 

during the training process. To train a Deep Belief Network (DBN), each pair of 

adjacent layers undergoes training as a Restricted Boltzmann Machine (RBM). An 

RBM comprises two layers: visible and hidden, with connections between nodes 

within each layer but not between layers. The network is trained incrementally 

through unsupervised learning, with RBMs learning to reconstruct their inputs. Once 

trained, the DBN functions as a generative model. It can produce new samples that are 

similar to the training data. Following pre-training, the network can be fine-tuned with 

supervised learning for specific tasks such as classification or regression. Each node 

in the hidden layers typically uses a sigmoid activation function, facilitating the 

modeling of complex, non-linear relationships. The top layer of the network is 

frequently utilized for the task at hand. For example, in a classification task, this layer 

could represent the class labels. The weights between nodes are modified during 

training to reduce the difference between the input and the reconstructed input. The 

layer-wise training approach, starting from the visible layer and moving upward 

through the hidden layers, helps in the efficient learning of hierarchical 

representations of the input data. The learned hierarchical features make DBNs 

effective in capturing intricate patterns in data, particularly in unsupervised or 

generative modeling tasks. 

BERT, initially designed for tasks in natural language processing, has been 

repurposed for multimodal applications, such as Visual Question Answering (VQA). 

In the context of VQA, BERT extends its capabilities to jointly understand textual and 

visual information. BERT is a transformer-based language model renowned for its 

ability to leverage bidirectional context in discerning the meanings of words within a 

given phrase. Pretrained on extensive corpora, BERT excels in acquiring contextual 

representations of words, thereby adeptly capturing intricate linguistic nuances. In 

VQA, BERT is used to fuse information from both the textual question and the visual 

content (image). The textual question is encoded using BERT's language model. The 

image features are typically extracted using a Convolutional Neural Network (CNN). 

BERT generates embeddings for the textual question, capturing its contextual 

information. The image features are transformed into a compatible embedding space. 
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The embeddings from the textual question and visual features are combined either 

through simple concatenation or attention mechanisms. Concatenation results in a 

unified representation that captures both textual and visual information. The 

combined representation is then fed into a classification head to forecast the answer to 

the given question as text. The classification head is typically a fully connected layer 

or a sequence of layers for answer prediction. The model is often trained in a 

supervised manner using datasets where each question is paired with its 

corresponding image and answer. The training consists of minimizing a loss function, 

such as cross-entropy loss, between the expected and ground truth answers. BERT for 

VQA can be trained on enormous amounts of linguistic data before being fine-tuned 

on VQA-specific datasets. Fine-tuning adapts the model to the specifics of the VQA 

task. BERT's bidirectional context understanding is advantageous in capturing 

nuanced relationships between words in questions. The multimodal fusion allows the 

model to leverage both textual and visual information for accurate answers. 

Integrating vision and language models can be computationally intensive. Managing 

long sequences (question + image features) might require strategic attention. BERT 

for VQA finds applications in various domains, including medical image analysis, 

robotics, and accessibility technologies. BERT for VQA leverages the strengths of 

transformer-based language models to jointly understand textual and visual content, 

enabling more context-aware and accurate answers to questions about images. 

Table 5 : Describes the publications obtained and reviewed during the current 

survey 

S.No. Survey on existing methodology in brief highlights Reference 

1. Bias has a negative impact on the content branch, whereas it 

has a beneficial impact on the context branch. This 

architectural innovation aims to mitigate the impact of bias 

within the learning process, acknowledging the nuanced 

relationship between content and context in order to enhance 

overall model performance and fairness 

34 

2. Novel digital framework for analyzing, evaluating, and testing 

models and datasets. 

35 
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S.No. Survey on existing methodology in brief highlights Reference 

3. The attention mechanisms utilized in VQA models are depicted 

as multimodal feature functions, aiming to emulate human 

attention more effectively. 

36 

4. This paper proposes a new dataset and evaluation method for 

assessing models' generalization abilities outside of 

distribution. 

37 

5. Enact data partitioning and training environments to mitigate 

false correlations while preserving genuine correlations. 

38 

6. Novel modules have been introduced to facilitate the extraction 

of textual information from images and annotations for the 

TextVQA dataset. These modules represent a significant 

advancement in the capability to accurately read and 

comprehend text embedded within visual content. The 

incorporation of these enhancements reflects a commitment to 

refining the performance and versatility of systems operating 

on the TextVQA dataset, ultimately contributing to the 

progress of text-based visual question answering. The 

introduction of such modules aligns with the formal evolution 

of methodologies in the pursuit of more effective and 

comprehensive solutions for handling textual information 

within visual contexts. 

39 

7. The image or visual QA algorithms are zero-shot modeled 

using external knowledge graphs and a new dataset. 

40 

8. Creates a question-based reasoning module for healthcare 

Visual QA systems. 

41 

9. Answers questions using a model-agnostic implication 

generator. 

42 

10. Creates a new method for evaluating VQA models based on 

"skills and concepts" shown in the image. 

43 

11. This technique aims to identify and mitigate negative bias 44 
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S.No. Survey on existing methodology in brief highlights Reference 

during training. 

12. Proposes a network structure for decomposing visual concepts 

to provide better contextualized answers. 

45 

13. A psycholinguistic approach to comprehending and addressing 

Visual Question Answering (VQA) and catastrophic forgetting 

is employed. 

46 

14. A trilinear model was developed to accommodate images, 

questions, and information in the responses. 

47 

15. Unsupervised radiological image learning using contrast and 

posterior representation distillation in a VQA context. 

48 

16. Uses a basic yet effective bimodal fusion strategy for CQA. 49 

17. It describes an embedding method for obtaining region-of-

interest and Prognosticate information from image-question 

pairings. 

50 

18. This proposal includes a unique job for automatic image 

caption generation based on scene text, two datasets, and a 

model for solving the problem. 

52 

19. This document details their participation in the 2021 

Healthcare Image QA competition and the model they built. 

51 

20. Proposes regularizing attention layers to enhance visual 

information extraction. 

53 

21. Proposes adding detailed synthetic annotations to the CLEVR 

dataset. 

54 

22. Proposes a method for training VQA models separately by 

mixing each trained model. 

55 

23. To reduce bias in model learning, overfit biassed data and fine-

tune on unbiased data. 

56 

24. To compensate for the loss caused by biased functions, an 

objective function is created based on the language of the 

inquiry.. 

57 
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S.No. Survey on existing methodology in brief highlights Reference 

25. This concept proposes employing a dual-encoder dense 

retrieval to enhance VQA models with external unstructured 

data. 

58 

26. The authors employ scanned documents and metamorphs to 

solve ST-VQA. 

59 

27. A transformer-based model is proficient in answering questions 

in multiple languages. 

60 

28. An interactive visual analytics tool has been developed to 

facilitate visual and language reasoning within transformer 

models. 

51 

29. Transfer learning from a perfect-sighted model improves the 

resilience of VQA models. 

61 

30. Improved visual feature extraction to enhance Visual QA 

performance with transformers.Increased the robustness of 

Visual QA models using transfer learning of a perfect-sighted 

model. 

62 

 

  



 

 
CHAPTER-II                         REVIEW OF LITERATURE 

FACULTY OF ENGINEERING                        Page 45 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5 :  Insight of Literature Survey 
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2.2 Identification of challenges and gaps in existing research 

Preparing numerous appropriate queries for the image while integrating both visual 

and textual information is a challenging task. These questions should be categorized 

as near end, open end, descriptive, summary, etc. High resolution is essential when 

examining radiology images, and [31] enumerates various types of radiological 

images, each differing in shape, size, quality, and depiction. For each image, a natural 

language question is provided, and the objective is to analyze image attributes and 

delineate a bounding box around the object that answers the question. Several 

challenges arise in this context: 

Object Detection Limitations: Object detection faces two types of limitations, 

namely object boundary boxes and non-object boundary boxes. Object recognition 

restricts the subset of the object, localizing and labeling the boundary box for all 

relevant images. 

Semantic Segmentation Challenges: Finding and recognizing objects in an image or 

video sequence, performing semantic segmentation on meaningful images, and 

classifying them into a specified class while labeling each pixel with the class item 

pose as some of the more challenging tasks in VQA datasets. 

Effectively assessing the quality of brief answers, as well as answers with significant 

variation in spelling, phrasing, and grammar, poses a challenge. 

2.2.1 Challenges in VQA System 

Training accurate and reliable VQA models requires large datasets with diverse and 

well-annotated medical images and corresponding questions. Developing extensive 

datasets in the healthcare domain is difficult due to privacy concerns, the necessity for 

expert annotations, and the wide range of medical disorders. Medical questions often 

involve complex scenarios, requiring a deep understanding of anatomical structures, 

clinical context, and nuanced information. VQA models may struggle with the 

complexity of medical queries, especially when dealing with rare conditions or 

questions that demand a profound medical knowledge base. VQA models trained on 

specific datasets may struggle to generalize well to new, unseen scenarios or diverse 

medical imaging practices.The lack of standardization in medical imaging and the 

diversity of clinical settings can hinder the generalizability of VQA models. VQA 
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models heavily rely on the quality of features extracted from medical images. 

Inaccuracies in feature extraction, especially in complex images like MRIs or CT 

scans, can lead to incorrect answers. Improving feature extraction methods is crucial. 

Implementing Visual QA in healthcare entails resolving ethical problems such as 

patient privacy, data security, and model biases. Adhering to strict ethical standards 

and compliance with healthcare regulations becomes paramount, adding complexity 

to the deployment of VQA systems. Embedding VQA systems seamlessly into 

clinical workflows poses a significant challenge. Clinicians often work with a variety 

of tools, and integrating VQA into existing systems without disrupting clinical 

processes requires careful consideration. Interpreting and explaining the decisions of 

VQA models is crucial in healthcare for gaining the trust of medical professionals. 

Black-box models may be met with skepticism in healthcare, where understanding the 

reasoning behind a decision is crucial for acceptance. VQA systems may require 

significant computational resources, impacting real-time processing. In healthcare, 

especially during critical decision-making processes, delays caused by resource-

intensive VQA models could be detrimental. The medical field is dynamic, with 

ongoing discoveries and updates to medical knowledge. VQA models may become 

outdated if not regularly updated to incorporate the latest medical findings and 

practices. Medical questions often involve uncertainty, requiring models to provide 

nuanced and probabilistic responses. VQA models need to incorporate mechanisms to 

handle uncertainty and express confidence levels in their answers. Understanding and 

mitigating these limitations are critical for the responsible and effective deployment 

of Visual Question Answering systems in the healthcare sector. 

2.2.2 Inhibitions of Datasets 

Medical datasets for VQA are often smaller and less diverse compared to general 

VQA datasets. This limitation arises due to challenges in collecting and annotating 

medical images. Medical images are sensitive and subject to strict privacy regulations. 

Obtaining consent and anonymizing data while maintaining its usefulness for training 

can be challenging. Annotating medical images and generating meaningful questions 

can be more complex than in other domains. Domain expertise is required, making the 

annotation process labor-intensive and potentially prone to errors. Medical imaging 

encompasses various modalities such as X-rays, MRIs, CT scans, etc. Building a 
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comprehensive dataset that covers these modalities requires significant effort and 

collaboration with healthcare institutions. Rare medical conditions may not have 

sufficient annotated examples in datasets, limiting the model's ability to handle 

queries related to uncommon diseases. Different medical professionals may interpret 

images differently, leading to inter-observer variability. This variability can introduce 

ambiguity in annotations, affecting the reliability of the dataset. Medical conditions 

often involve changes over time. Capturing longitudinal data and ensuring that 

datasets represent the temporal evolution of diseases is a challenge. Lack of 

standardization in medical imaging practices and formats can hinder the creation of 

uniform datasets. 

Harmonizing data across institutions is difficult due to variations in equipment and 

protocols. The data collection process may inadvertently introduce biases, such as 

over-representation of certain demographics or conditions, impacting the 

generalizability of the model. Detailed annotations at a fine-grained level, such as 

lesion boundaries or specific anatomical structures, are often lacking. This limits the 

potential for training models for specific diagnostic tasks. Domain shifts may cause 

models trained on one dataset to not generalize adequately to new datasets, 

particularly if the datasets come from different healthcare institutions with variations 

in imaging protocols. VQA datasets may not adequately represent the complexity of 

real-world clinical scenarios, which involve interacting with patients, understanding 

diverse medical histories, and considering various contextual factors. Overcoming 

these inhibitions requires collaborative efforts between the AI research community, 

healthcare professionals, and institutions to create diverse, representative, and 

ethically sourced datasets for training robust VQA models in the medical domain. 

2.2.3 Drawbacks on various techniques 

Clinical requirements for developing practical and effective applications present six 

crucial challenges: Question heterogeneity, additional healthcare information, 

comprehension, extrapolation, utilization of high language models, and seamless 

fusion into the healthcare workflow. These challenges are proposed to inspire 

researchers to develop mature and accurate medical Visual or image QA systems that 

can significantly contribute to clinical decision-making [4]. 
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2.3 Gap Identification from Existing Research 

Several innovative methods have emerged for addressing Visual Question Answering 

(VQA) tasks, driven by the intriguing challenges presented in Healthcare Image QA. 

These strategies hold potential for application in the medical domain, although 

Healthcare Image QA is still in its initial stages of development. Prior to Healthcare 

Image QA, the medical domain already had question-and-answer (QA) systems 

primarily employed for databases, information retrieval, and other technologies. 

The planned research initiative aims to develop an advanced Visual or image 

Question Answering (QA) system with the potential to offer significant societal 

benefits. The primary goal is to develop an optimal methodology for extracting image 

and text features from radiological images, with a focus on high accuracy and 

outperforming existing methods. To achieve this goal, the selective search technique 

is employed to create about 2,000 region proposals from the input images, which are 

then downsized to a predetermined, set size. The following initiatives collect a feature 

vector of length 4,096 from each region suggestion. Finally, a pre-trained Support 

Vector Machine (SVM) algorithm is employed in the third module to classify each 

region proposal into either the background or any of the object classifications. 

The Kaiming initialization method is used in the research project to extract textual 

features, allowing extensively layered models (over 30 layers) to converge effectively 

by precisely modeling the ReLU non-linearity. The ideal weight distribution 

following ReLU would have a little higher mean layer by layer and a variance close to 

one. To do this, the weight initialization uses a normal distribution with a mean of 

zero and a variance of one. 

By combining these carefully designed strategies and techniques, the research project 

aims to build an advanced VQA system for medical images, contributing to improved 

medical decision-making and diagnosis. 

In a technologically advanced society, operating an automated Visual or imaginary 

QA system in the health domain is a tedious task, as users require accurate responses 

to questions about medical images. Since it involves people's health, ensuring precise 

communication becomes crucial. Therefore, this research aims to propose an 

automated system that can accurately answer user queries related to medical images. 
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One of the significant challenges in this context is the presence of numerous complex 

medical terms that users may find difficult to comprehend. To address this issue, the 

research will focus on creating a dictionary of medical terms to aid the VQA system. 

This dictionary will play a significant role in enriching the system's ability to provide 

relevant and easily understandable answers. 

The study will introduce a groundbreaking algorithm for dictionary creation that will 

encompass both image and Question-Answer (QA) pairs. By combining the 

information from these pairs, the algorithm will effectively compile a comprehensive 

and contextually relevant medical dictionary. 

To assess the proposed system's performance, numerous models will be compared 

using various datasets. The goal is to select the model that performs best and 

improves the overall system. 

The research will also analyze the proposed methodology's performance in 

comparison to existing techniques. This investigation attempts to assess the proposed 

approach's uniqueness and efficacy in providing accurate and reliable replies to 

medical image-related inquiries. 

Identifying the gaps in a Visual QA (VQA) system specifically designed for 

healthcare images involves recognizing areas where the current system falls short or 

lacks adequate solutions. Here are some key gaps that can be addressed to improve 

the VQA system for medical images: 

1. Limited Medical Domain Expertise: 

o Many existing VQA systems for medical images are developed by 

computer vision and natural language processing experts without 

extensive healthcare domain knowledge. 

o There is a need to collaborate with medical professionals to ensure 

accurate understanding of medical images and proper annotation of 

questions and answers. 

2. Lack of Large-Scale Medical VQA Datasets: 

o Creating large-scale datasets with diverse medical images, relevant 

questions, and accurate answers is challenging due to privacy and 

ethical concerns. 
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o Efforts should be made to curate comprehensive and representative 

medical VQA datasets for training and evaluation. 

3. Addressing Biases in Medical VQA: 

o Biases in the data can lead to biased predictions in VQA systems, 

affecting fairness and trustworthiness. 

o Identifying and mitigating biases in the medical VQA system is 

essential to ensuring equitable and reliable performance. 

4. Handling Ambiguity in Medical Questions: 

o Medical questions can be complex and ambiguous, Necessitating 

profound comprehension of medical context and expertise in domain-

specific knowledge. 

o The VQA system needs to handle such ambiguity effectively to 

provide accurate and informative answers. 

5. Explainability and Interpretability: 

o Medical professionals often need explanations for the system's 

predictions to trust and validate the results. 

o Developing explainable VQA models that provide clear reasoning for 

their answers is critical in medical settings. 

6. Integration with Electronic Health Records (EHRs): 

o Integrating the VQA system with EHRs could enhance clinical 

decision-making and streamline the diagnostic process. 

o However, challenges related to privacy, data sharing, and compatibility 

with different EHR systems need to be addressed. 

7. Handling Rare or Unseen Medical Conditions: 

o Medical images may contain rare or previously unseen conditions that 

the VQA system might struggle to recognize. 

o Strategies like transfer learning or meta-learning could be explored to 

improve performance in rare cases. 

8. Multimodal Fusion for Medical VQA: 

o Efficiently fusing information from medical images and textual 

questions remains a challenge in VQA systems. 

o Investigating advanced multimodal fusion techniques to capture the 

relationship between medical images and textual context is essential. 
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9. Adapting to Multilingual Settings: 

o In a diverse medical environment, the VQA system should be 

adaptable to answer questions in multiple languages. 

o Extending the system to handle multilingual settings can improve 

accessibility and usability. 

Addressing these gaps will lead to more robust and accurate VQA systems for 

medical images, providing valuable support to medical professionals in clinical 

decision-making and advancing the field of medical image analysis. 
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In the domain of visual question answering (VQA), the computational task involves 

presenting a computer with an image along with a relevant question, eliciting a 

response that adequately addresses the inquiry. A longstanding objective in the sphere 

of artificial intelligence research has been the development of machines capable of 

comprehending visual content and providing responses akin to human understanding. 

Notably, visual question answering (VQA) has emerged as a prominent academic 

discipline. Within the specific domain of medical visual question answering (Med-

VQA), clinical queries are accompanied by radiological images, aiming to devise a 

system that can accurately generate responses based on the visual data contained in 

the images. 

3.1 Description of the research design and methodology used 

The system architecture for a Visual QA (VQA) system in the context of skeletal 

images typically involves several key components designed to process and understand 

both skeletal image and textual knowledge in the current era. Here's an overview of a 

generalized architecture with Input module their Image and question as the input, This 

module handles the medical images. It may utilize various techniques like 

Convolutional NN (CNNs) for visual feature extraction. Pre-trained models like 

ResNet or VGG might be employed for this purpose. The textual input includes 

questions related to the medical images. Natural Language Processing (NLP) 

approaches are often used to preprocess and encode the textual data. Image and text 

features are extracted separately. For images, CNNs are employed to capture visual 

patterns and features. For text, embedding layers and recurrent networks like Long 

Short-Term Memory (LSTM) or bidirectional LSTMs may be used to understand the 

context and relationships in the question. 

Multimodal fusion pertains to the amalgamation of extracted features from both 

modalities, namely images and text. This fusion can occur at various levels, 

encompassing concatenative fusion, which requires integrating features at a basic 

level, and subsequent fusion, which integrates features at a higher, more abstract 

level. Techniques for multimodal fusion include concatenation, element-wise 

multiplication, and attention processes. The resultant fused features may undergo 

further processing, potentially within additional neural network layers. This stage 

facilitates the comprehension of intricate correlations between visual and textual 



 

 
CHAPTER-III              METHODOLOGY 

FACULTY OF ENGINEERING                        Page 54 

 

 

information. Ultimately, the final layer is tasked with making predictions or guesses, 

with a softmax layer commonly employed in classification challenges. In regression 

tasks, a linear layer is commonly employed. The training of the entire system involves 

utilizing a dataset consisting of paired medical images, associated questions, and 

corresponding responses. During training, the network's parameters are optimized to 

minimize the disparity between expected and actual answers. Following training, the 

system undergoes evaluation on a separate dataset to assess its effectiveness, 

frequently assessed using measures like accuracy, precision, recall, and F1 score. 

Post-processing techniques may be implemented based on specific needs, which could 

involve refining the answer or providing additional context. 

This design is adaptable and can be tailored to unique needs and the nature of the 

medical VQA assignment at hand. Various model topologies, pre-processing 

processes, and fusion procedures can be investigated to optimize performance. 

This section underscores the diverse visual feature extraction methods available for 

distinct datasets, with a specific emphasis on medical radiological images. The 

primary objective of the research is to proficiently train models using a variety of 

medical images, queries, and associated responses. To accomplish this, two distinct 

feature extraction methodologies were employed for the dataset. 

The feature extraction process involves two pivotal components—visual and textual. 

In the context of this proposal, the focus is directed towards medical radiological 

images.  The datasets are divided into a 70:30 training-to-testing ratio, which means 

that 70% of the dataset is allocated for training, while the remaining 30% is allocated 

for testing. 

There are various models of processing mentioned in this chapter, which  are 

highlighted below. 

User Interaction: The user initiates the process by inputting a medical image into the 

model along with relevant questions. 

Image Feature Extraction: The system meticulously extracts features from the input 

images, diligently searching for distinctive patterns. 
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Text Feature Extraction: Simultaneously, the text entered as a question undergoes 

feature extraction, ensuring that relevant textual features are identified. 

Question Classification and Prediction: The loaded question is subjected to 

classification, and the model employs predictive analysis to furnish accurate 

responses. 

This formal description elucidates the systematic approach adopted in the research, 

encompassing the selection of feature extraction methods, dataset distribution, and the 

intricate processes involved in model training and prediction. 

3.1.1 Morphology of a Radiology Image 

Radiology is a specialized field within the medical profession that employs various 

imaging techniques to detect, diagnose, and address a spectrum of disorders [63]. 

Within radiology, there are two key subspecialties: diagnostic radiology and 

interventional radiology [64]. 

Diagnostic Radiology: 

Diagnostic radiology enables radiologists to meticulously examine internal bodily 

structures, facilitating the identification of the root causes of symptoms, screening for 

health issues, and monitoring the body's response to treatment. Common modalities in 

diagnostic radiology encompass plain radiographic images, computed axial 

tomography (CT), magnetic resonance tomography, positron emission tomography 

(PET), and ultrasound imaging [65]. These modalities are adept at visualizing a 

diverse range of ailments, including but not limited to breast cancer, colon cancer, and 

heart disease. 

Diagnostic Imaging Modalities: 

CT (Computerised Tomography): Often referred to as CAT (Computerised Axial 

Tomography), CT is a widely utilized diagnostic radiology examination. It includes 

various applications such as CT angiography, fluoroscopy with upper gastrointestinal 

(GI) studies, MRI (Magnetic Resonance Imaging) and MRA (Magnetic Resonance 

Angiography) scans, mammography, bone scans, thyroid scans, plain x-rays, PET 

(Positron Emission Tomography) images, PET scans, PET-CT scans, and ultrasound 

[64, 31]. 
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System Functionality: 

When a user submits a medical image to the system, the system conducts a 

comprehensive comparison with its database. Subsequently, the system provides the 

user with pertinent information crucial for guiding the next phase of medical analysis 

and decision-making. This formal elucidation underscores the significance of 

diagnostic radiology in medical practice, elucidating its various modalities and their 

essential roles in disease detection and characterization. 

 

 

 

 

 

 

 

 

Fig 6 :  Types of Radiology Image 

The above figure indicates the different types of radiology images used for VQA 

systems. Each image describes a different description in a different angle. Based on 

the image the modality of question and answer will change. Fig (b) is from [66] which 

has lots of information about it, same for other images too. So collect a huge amount 

of information regarding images, question and answer. Remaining chapters elaborate 

the significance and methodology of current vqa system, architecture, uses, its error 

rate, accuracy. Then finally our proposed system projects the limitations of other 

models and introduces the new model to answer the question with high ratings. 

Specifically, many Visual or imaginary QA models have focused on how they 

incorporate question and skeletal inputs into the model. Various Visual or image QA 

techniques were reviewed in the previous chapters. Different datasets used for various 

methodology, based on the problem state, the models will differ. 
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3.2 Explanation of data collection methods, tools, and procedures 

As of the last knowledge update in September 2022, several Visual or imaginary QA 

(VQA) models have been proposed and applied in the healthcare sector. However, the 

field is dynamic, and new models may have been developed since then. Here are some 

notable VQA models that were relevant in healthcare. MedVQA is specifically 

designed for radiology visual question answering. The system employs convolutional 

neural networks (CNNs) to analyze images and recurrent neural networks (RNNs) to 

handle textual queries. Inspired by BERT (Bidirectional Encoder Representations 

from Transformers), Medical-BERT utilizes transformer-based models to respond to 

queries regarding both textual and visual content in medical images. The MQR-VQA 

(Multi-Modal Quality-Aware Relevance) model aims to assess the relevance and 

quality of regions in medical images to answer questions. It combines visual attention 

mechanisms with textual information. The MedVQA-Transformer model employs 

transformer architectures for processing both visual and textual information. 

Recognized for their effectiveness in capturing long-range dependencies in sequences. 

DeepMedQA uses a combination of deep learning techniques, including CNNs for 

image processing and recurrent networks for text. It is designed to answer questions 

related to medical images. The Attention-Gated CNN-LSTM model integrates 

attention mechanisms into a network composed of convolutional neural networks 

(CNNs) and long short-term memory (LSTM) units. The attention mechanism directs 

the model's attention to relevant sections of medical imagery.  Healthcare Image QA 

is a framework developed for skeletal visual or image question answering systems. It 

utilizes deep learning models to process both visual and textual data, enabling the 

model to answer questions about medical images. Remember to check for recent 

publications, conferences, or preprint archives for the latest advancements in the field. 

Additionally, the specific requirements of a healthcare application may lead to the 

development of specialized models tailored to particular tasks or medical domains. 

In this section, we are looking forward to current methodologies such as Linear 

classifier, k-nearest neighbors algorithm, Softmax classifier, support vector machine, 

Convolutional Neural Network (CNN), regions with convolutional neural networks 

(R-CNN), fast regions with convolutional neural networks (FR-CNN), Faster regions 
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with convolutional neural networks (FR-CNN), Deep Belief Networks (DBN), Long 

short-term memory (LSTM) AND Bidirectional Long short-term memory (BiLSTM). 

3.3 Current Methodology on Both Visual and Textual Feature Extraction 

Techniques 

3.3.1 Linear Classifier 

The purpose of this document is to investigate and analyze the application of linear 

classifiers in the domain of skeletal imaginary questions and answers specifically 

tailored to medical images. The focus will be on understanding how linear classifiers, 

known for their simplicity and interpretability, can contribute to answering questions 

related to complex medical visuals. Through a thorough exploration, we aim to 

uncover the strengths, limitations, and potential advancements that linear classifiers 

bring to the challenging task of VQA within the medical context. This exploration 

encompasses the entire pipeline, from the extraction of features from healthcare 

related images to the design, training, and optimization of linear classifiers, with a 

keen eye on their practical applications and performance evaluation metrics in the 

medical domain. Ultimately, this document seeks to provide insights into the role of 

linear classifiers as a valuable tool in enhancing the interpretability and accuracy of 

VQA systems when dealing with medical imagery. 

Linear classifiers are a category of machine learning models designed to categorize 

input data points into discrete groups or classes. The fundamental concept behind 

linear classifiers is based on the idea of drawing a decision boundary in the feature 

space, which separates the data instances belonging to various classes. This decision 

boundary is a hyperplane, a subspace with one dimension less than the input space, 

and is determined by a set of parameters. 

The linear classifier's decision-making process involves categorizing an input based 

on which side of the decision boundary the point falls on. The decision boundary is 

defined by a linear combination of the input features, each multiplied by a weight, 

plus an additional bias term. Mathematically, it can be represented as: 

𝑓(𝑥)  =  𝑠𝑖𝑔𝑛(∑𝑛
𝑖=1 𝑤𝑖. 𝑥𝑖 + 𝑏)                                                                          (1) 
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Here: 

 f(x) is the decision function. 

 xi represents the input features. 

 wi represents the weight associated with each feature. 

 B represents the intercept or bias term 

 Sign is the sign function, determining the class label based on the sign of the 

expression. 

Training a linear classifier entails determining the best values for the weights and 

bias. This is typically achieved through optimization algorithms that aim to minimize 

a certain objective function, often associated with the misclassification of training 

data. Key characteristics of linear classifiers include simplicity, interpretability, and 

efficiency. They work well when the relationship between features and classes is 

approximately linear. However, they may struggle with more complex, non-linear 

relationships in the data. Linear classifiers are frequently employed across diverse 

applications, including picture classification, text categorization, and, depending on 

your environment, visual or picture question answering (VQA). In the healthcare 

domain, linear classifiers can be useful for tasks such as disease diagnosis using visual 

data. 

3.3.2 Traditional Neural Network 

Suppose if the image pixel size is 1000 ✕ 1000, then their will be a total of 3 (rgb 

size) ✕ 1000 ✕ 1000 features, which means 3 million input features are their. The first 

layer of the neural network will have 1000 input characteristics that reflect the neural 

network's weight, or a connected layer of two layers. So the whole amount of weight 

is given below. 

No. of weights = 3 ✕ 106 ✕ 103  which means 3 ✕ 109 

So, there are 3 billion weight parameters in a single layer. 

The size is too large to load into the system and model. Also, it is very difficult to 

manage using laptops or our PCs because of this drawback. The time requirement to 

train the model is very high. The traditional neural network is overfitting for the 
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object detection concept. To overcome this drawback, a new technique arrived on the 

market that we called the Convolutional Neural Network (CNN). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 7 :  Traditional Neural Network with a Single Layer 

3.3.3 The prime Idea behind a Convolutional Neural Network for image 

feature extraction 

The primary idea behind a neural network that uses convolution is to use filters. These 

filters are located on sliding windows. This filter is tasked with identifying the 

characteristics of objects and patterns in the image 

 

 

 

 

Fig: 8 :  RGB Image and Gray scale Image to find features of the image 
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The features of the above image are Shape, Size, Edges, Colors etc. We can use the 

images with vertical edge detector and horizontal edge detector, when combine  then 

it will be 3 ✕ 3 pixel filter which means 9 pixel size, Thus we reduce the number of 

parameters from the objects. 

1 0 -1 

1 0 -1 

1 0 -1 

Fig 9 :  3 ✕ 3 pixel object 

 

Fig 10 :  Structure of CNN process from Input object to final output object with 

feature extraction 

The RGB image converts to a black and white image; every pixel value starts at 0, 

which means black color, and ends with 255, which means white. 

 

 

 

 

 

 

 

 

Fig 11 :  The value of Black and white colors 0 to 255 
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Example: 

6 ✕ 6 Pixel images convolution operation with 3 ✕ 3 (RGB), then the Output Image 

size will be 4 ✕ 4 Pixel. 

 

Fig 12 :  How the convolution operation take place with 6 ✕ 6 Pixel images and  3 

✕ 3 image 

The output result calculated as for first pixel is (1 ✕ 1) + (2 ✕ 1) + (3 ✕ 1) + (6 ✕ 0) + 

(5 ✕ 0) + (7 ✕ 0) + (9 ✕ (-1)) + (1 ✕ (-1)) + (4 ✕ (-1)) = -8 

(𝑛 × 𝑛) ∗ (𝑓 × 𝑓) = (𝑛 − 𝑓 + 1) × (𝑛 − 𝑓 + 1). 

 

 

 

 

 

 

Fig 13 :  Black and white input image for convolution operation to identify the 

vertical edge 
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Fig 14 :  Black and White image with 3 ✕ 3 px vertical edge filter the output is in 

4 ✕ 4px 

 

Fig 15 :  Output image from above figure after 3 ✕ 3 px convolution with 6 ✕ 6 px 
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The output result calculated as for first pixel is (1 ✕ 1) + (1 ✕ 1) + (1 ✕ 1) + (1 ✕ 0) + 

(1 ✕ 0) + (1 ✕ (-1)) + (1 ✕ (-1)) + (1 ✕ (-1)) = 0 

The remaining calculation will be done the same way for other pixels. 

 

Fig 16 :  Image 3 ✕ 3 px horizontal edge filter 

 

Fig 17 :  n ✕ n ✕ 1 for Gray scale image with f ✕ f ✕ c number of filters the output 

will be multiple images. 

 

 

 

 

 

 

 

 

 

Fig: 17.  n ✕ n ✕ 1 for Gray scale image with f ✕ f ✕ c number of filters the 

output will be multiple images. 
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When dealing with a colored or RGB image with dimensions n×n×3, the convolution 

process involves using a three-channel filter with dimensions f×f×3. Each channel of 

the filter aligns with the corresponding channel of the input image. The filter, being a 

3D cube, consists of a total of 27 values (3 values per channel, totaling 9 values per 

layer). To perform convolution between the input image and the filter, we overlay the 

two images and multiply the values in each corresponding cell. These products are 

then added together to form a single output value, which is displayed in the first cell 

of the output image. This operation is repeated, shifting the filter one pixel to the right 

until the entire input image is covered. 

When converging an n×n×3 image with a f×f×3 filter, the resulting output image will 

have dimensions (n−f+1)×(n−f+1). This output represents a single image resulting 

from the convolution operation. In a convolutional neural network (CNN), multiple 

such filters are utilized in a single layer. Each filter may have different parameter 

values, which are acquired throughout the training procedure. For instance, in the 

example provided, a filter with hardcoded values such as (1, 1, 1), (0, 0, 0), and (-1, -

1, -1) may behave as a vertical filter. 

However, during training, these parameter values will adjust autonomously, allowing 

the filters to recognize relevant features in the images. The process of parameter 

adjustment during training enables the filters to effectively identify and extract 

meaningful patterns from the input data. 

In convolutional neural networks (CNNs), the parameters of the filters are adjusted 

during the training process, enabling them to adapt and identify specific features 

within input images. This capacity allows CNNs to accomplish tasks like image 

categorization, object identification, and image segmentation. 
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Fig 19 :  Multiple filter convolution with multiple output 

To mitigate this limitation, we can employ padding within the CNN architecture. 

When applying a 3 x 3 filter to a 6 x 6 image, for instance, the resulting output image 

would be reduced to a 4 x 4 size. This reduction in image size may lead to the loss of 

valuable information, especially when multiple layers of convolution are applied in a 

CNN. 

Additionally, the convolution process typically involves moving the filter one pixel at 

a time across the input image. As a result, some pixels may only be explored once 

during the convolution operation. To address this issue, the concept of padding is 

introduced. 

Padding entails arranging additional rows and columns of zeros around the input 

image. By padding the picture boundaries with zeros, we ensure that each pixel in the 

input image is examined several times during the convolution process. This helps to 

preserve spatial information while also preventing image size reductions caused by 

subsequent convolutional layers. 

By incorporating padding into the CNN architecture, we can maintain the spatial 

dimensions of the input images and ensure that valuable information is retained 

throughout the convolutional layers. This enhances the network's ability to effectively 

extract features and learn complex patterns from the input data. 

  

8 X 8 3 X 3 6 X 6 

Fig 20 : Padding in Convolutional Neural Network 
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There are two main choices when it comes to padding VALID and SAME. When 

VALID performs the convolution operation with no padding at all,. After performing 

the convolution operation, the output image should be the same size as the input 

image. The size of new image will be  

n’ = n +2p, where p is amount of padding that we are applying 

(n’ - f + 1) = n that is (n + 2p - f + 1) = n the value of p is given below 

𝑝 = (𝑓 −  12 ) 

If we use the Tensor Flow framework and apply a convolution layer, we just specify 

what kind of padding we want. 

tf.nn.conv2D(X, W1, strides = [1, 1, 1, 1], padding = ‘VALID’). Here ‘f’ is usually 

taken as an odd number. If we take an even number, then we will need to apply 

uneven or asymmetric padding. 

For example, we might need 1 pixel of padding on one side of the image, and on the 

other side, we might need 2 pixels. 

Max Pooling is the most powerful operation on CNN. There can be many types of 

pooling layers. In CNN, the function pooling layer is to reduce the size of the 

dimension of the image by preserving the feature on it. For the max pooling operation, 

we need to fix a filter for a particular size and stride a particular amount. This filter 

can be of any size or amount. Usually, any amount of stride is taken from the same 

size as the side length of the filter. For example, the filter size is 2 ✕ 2 and the stride is 

2. After the performance, the output will be an image with a 2 ✕ 2 matrix. Performing 

the max pooling operation, we will see the filter image in the top left column of the 

input image,  then we will extract the maximum value of the window where the filter 

image is as per stride size for the next maximum value. This will be repeated till the 

last pixel. Why might we want to do this max pool? 

The first  reason is that it reduces the image size and, thus, the computational cost. So 

that we can get the output faster and train the model faster. We want to do our 

operations quickly. Even though it reduces the size of the image, it still preserves the 

features of that image, and max pooling works in such a way that it sharpens the 



 

 
CHAPTER-III              METHODOLOGY 

FACULTY OF ENGINEERING                        Page 68 

 

 

features or enhances the features. Suppose the input image has a vertical edge; this 

vertical edge is still preserved but actually enhanced in the output image. As shown in 

one window of an image, we can say that the maximum value holds the maximum 

intensity of the features. When they extract the maximum value, it sharpens the 

features. Now where do we need max pooling in CNN? 

The standard procedure in convolutional neural networks (CNNs) involves applying a 

max pooling layer after the convolutional layer. This step effectively reduces the size 

of the output image from the convolutional layer while also enhancing the extracted 

features. The convolution layer itself executes the convolution process using multiple 

filters. Suppose if we use 5 numbers of filters in one convolution layer then we know 

that it will generate 5 numbers of output images. Thus after performing the max 

pooling operation we will again get the same number of output images. Which means 

5 numbers of images in the output of the max pooling layer. From the entire CNN we 

will use many convolution layers and max pooling layers. Here there is a small side 

note that it does not always use max pooling layer after every convolution layer. We 

may use convolution layers and may skip max pooling layers or just fewer numbers of 

max pooling layers than the number of convolution layers. The reason for that is the 

max pooling layer reduces the size of the image but we might not reduce the size too 

much, if we are using a very big convolutional neural network. The use of max 

pooling will improve the performance of CNN. There are no parameters in it or no 

training in it. Another pooling method is average pooling, which takes the average of 

values filter size and image size pixel. 

To perform the convolutional layer we use the convolutional operation of the input 

radiology image to get the value of the input skeletal image which leads to it being 

scaled properly. So, we add a ‘bias’ which denotes ‘b’ and assign it to the nonlinear 

function. This non linear function can be tanh or ReLU but most commonly ReLU is 

used after that we will get the output as size as compared with input image. So the 

entire convolution is one applying the convolution operation and one applying ReLU 

operation or nonlinear activation function. These combain we called convolution 

layers. 
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If we use multiple layers, the bias will also be changed, and we will get multiple 

outputs, as shown in the below figure. 
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Let we see one image of MRI Brain as input which has the size 32 X 32 pixel with 

RGB value 3. So the image size is 32 x 32 x 3. First we will convolve the input image 

with the particular filter size 5 x 5 x 3 and use strider 1 with 4 filters so the output size 

will be 28 x 28 x 4. Here the 28 is n - f + 1 = 28. As we use 4 numbers of filters we 

will get 4 dimensional output. After convolving this image we pass this to a max 

pooling layer. So here we are using max polling 1 with the filter size 2 x 2 and slider 

2. Thus the dimension image will become half, which means 28 x 28 will become 14 

x 14 x 4 and the number of channels will remain the same. In the traditional CNN 

both convolutional layer and max pooling layer will be considered in one layer. So, 

now this output 14 x 14x 4 will pass another convolutional layer which we name 

Conv2. Here we will use another filter size 3 x 3 but the 4 will remain the same. In the 

Conv 2 layer we used a filter so the output has 8 channels, again it passes through the 

max pooling layer and we will get the output half of the input image size. In this we 

consider layer 2. So, we can continue these layers as many times as we want. It 

depends on the type of application. If we are performing a completed application like 

healthcare then we might need our complex or large convolutional architecture. Also 
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the another thing is that we can completely skip this max pooling operation if we  are 

building big CNN architecture because maxpooling will reduced the size of images 

that we are dealing with, and we might not want to reduce the size of images that we 

are dealing with, and we might not want to reduce size too much. 

So once we are done with all convolutional layers and max pooling layers then it's 

time to add fully connected layers, before we apply these connected layers we need to 

flatten the final output image. So, the 6 x 6 x 8 will be flatten only into the 1D factor 

which is 288 units in one flatten. Now once flattened it is now connected with a fully 

connected layer. This will represent FC3(Fully Connected layer), which indicates it as 

3 layers in our CNN architecture. Let we keep 120 neurons in FC3 so it will connect 

with all nodes of flatten output. So the number of weight parameters is 288 x 120. 

Now we add multiple fully connected layers as much as we want but, it is not fair 

adding fully connected layers highly increases the amount of parameters we need to 

deal with. Then in the final layer we will apply the sigmoid or softmax activation 

function depending on the types of applications we are making. For example if we are 

using binary classification then we will be using sigmoid or we will be using softmax 

activation. So, the final layer is called sigmoid or softmax or FC4 layer. In the 

softmax layer, there are huge numbers of neurons that must correspond to the number 

of output categories. This final layer is responsible for generating the predicted value. 

Prior to making predictions, it is imperative to train the system to ensure the factors 

are appropriately adjusted. Subsequently, the final predictor is utilized to compute the 

cost function, which quantifies the extent of inaccuracies in the model's predictions. 
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Now the question is which cost function is used? The answer is if we are using binary 

classification then it will be ‘Bn’  binary entropy cost function. If we are performing 

multiclass classification then we can use categorical class entropy classification. The 

goal is to lower the cost function so that we can train and improve our model's 

accuracy. So, how do we conduct the training? We employed the same old back 

propagation model as in our Artificial Neural Network or Neural Network. 

In Artificial Neural Networks we use dense networks. There is lots of redundancy. 

The parameters are very high but we can reduce the amount of factors by using 

convolutional and max pooling. So we can reduce the size by convolutional layer and 

max pooling layer. The implementation of the back propagation algorithm in CNN is 

actually very complicated because here we also need to calculate the 𝞭 cost/ 𝝳 w. The 
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challenge is that the ‘w’ parameters are actually inside the filters used for the 

convolution operation. 

Thus calculating this 
𝛿𝑐𝑜𝑠𝑡𝛿𝑤  and applying the greadent descent is very complicated in 

CNN. To make this job easy we use the Tensorflow framework in python. It makes 

our implementation very quick and easy. We do not need to deal with the details in 

the integrity of the complex technique but we can just mention the name. Example 

just mention what cost function we need or the name of back propagation we want to 

use Adam, or Momentum or greadent descent. So, tensorflow automatically 

implements for us. The advantage is to make CNN and find that the accuracy is not 

pretty good so you may want to add or remove some layer or modify the network. 

Whenever we modify the network layer we also need to do the same modification in 

back propagation as well. There are chances to lead to errors while doing back 

propagation. Thus all these will be very complicated and very time consuming and we 

won’t be able to focus on the architecture properly but in tensorflow we just mention 

the type of layer like conv layer and parameters like stride, padding etc. If we want to 

use max pooling then mention it in there and so on. 

 
Fig: 25 :  The Traditional Architecture of Artificial Neural Network 

3.3.4 Deep Belief Network model, the feature extraction of skeletal image 

A Deep Belief Network (DBN) is a form of artificial neural network made up of 

several layers of stochastic, latent variables known as hidden units. DBNs function as 
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generative models and are Well-suited for unsupervised learning tasks such as feature 

learning, dimensionality reduction, and data generation. 

A DBN typically consists of several layers of neurons systematized in a hierarchical 

pattern. The network's initial layer is the visible layer, and it interacts directly with 

input data. The following layers are made up of hidden layers, with each layer having 

a unique number of neurons. DBNs frequently feature a symmetric architecture, with 

connections between each layer and its neighboring layers but not inside the same 

layer. Restricted Boltzmann Machines (RBMs) are probabilistic, generative neural 

networks that serve as the foundation of Deep Belief Networks. RBMs comprise two 

layers: visible and hidden, connected by symmetric connections. The architecture 

follows a bipartite graph structure, where neurons in the visible layer connect to 

neurons in the hidden layer, with no connections within each layer. RBMs adopt a 

probabilistic approach, employing binary units to represent the presence or absence of 

features. During training, RBMs learn to reconstruct input data by altering connection 

weights with approaches like Contrastive Divergence (CD) and Persistent Contrastive 

Divergence (PCD). DBNs are often trained using a greedy layer-wise strategy, which 

involves training each layer of the network independently before fine-tuning the entire 

network. The first layer (visible layer) is learned directly on the input data using 

unsupervised learning techniques like RBMs. After the first layer is trained, its output 

is utilized as input to train the next layer, and so on until all layers are trained. After 

training each layer independently, the complete network is fine-tuned using 

supervised learning techniques like backpropagation. Fine-tuning changes the weights 

of connections across the network to improve performance on a specific job, such as 

classification or regression. DBNs have been effectively used for a variety of 

applications, including image identification, audio recognition, natural language 

processing, and collaborative filtering. They are especially good at learning 

hierarchical representations of complex data and extracting significant features from 

high-dimensional input spaces. In general, a Deep Belief Network is a hierarchical, 

generative neural network design made up of numerous layers of RB Machine. Using 

a greedy layer-wise training technique, Deep BNs may learn hierarchical data 

representations and extract valuable features for a variety of machine learning tasks. 
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Fig 26 :  Two-layer probabilistic neural network, RBM Architecture 

Deep Belief Networks (DBNs) can be used in visual question answering (VQA) 

systems to extract meaningful features from both the visual and textual modalities of 

input data. In a VQA system, the input consists of both images and textual questions. 

The initial phase involves extracting features from both modalities. Regarding the 

visual modality, the DBN can be used to extract hierarchical representations of image 

features. Each DBN layer learns more abstract and complicated features from the 

image's raw pixel values. Similarly, for the textual modality, the DBN can process the 

text input (questions) to learn hierarchical representations of word embeddings or 

semantic features. Once features are extracted from both modalities, they must be 

joined or fused to form a single representation that captures the relationship between 

the image and the question. The extracted features from the visual and textual 

modalities can be concatenated, merged, or processed using additional layers of 

neural networks to create a joint representation. The composite representation should 

include relevant inputs derived from both the image and the question, allowing the 

VQA system to generate precise predictions. The DBN-based VQA system is trained 

using a massive dataset of matched images and questions, as well as their responses. 

During training, the DBN layer parameters, as well as any additional layers used for 

fusion and prediction, are optimized using backpropagation and stochastic gradient 

descent algorithms. The goal is to reduce the prediction error between the forecasted 

and ground-truth responses in the training data. Once trained, the DBN-based VQA 

system can be used to answer questions about unseen images. Given a new image and 

a question, the system first extracts features from both modalities using the trained 
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DBN. The retrieved characteristics are then integrated to form a joint representation, 

which is used by the prediction layer to generate the answer. The projected answer is 

often the result of a softmax layer, which represents the probability distribution of 

probable replies. 

The performance of the DBN-based VQA system is examined using performance 

metrics such as accuracy, precision, recall, and F1 score. The system's ability to 

correctly answer questions about unseen images is assessed using a separate test 

dataset, and its performance is compared to other VQA systems using benchmark 

datasets. DBNs can be integrated into VQA systems to extract the features from both 

skeletal image and question-answer modalities, which are then fused to generate a 

joint representation for answering questions about images. By leveraging hierarchical 

feature learning, DBNs can capture complex relationships between visual and text, 

leading to improved performance in visual question-answering tasks. 

A neural network of beliefs is a deep learning model made up of numerous layers of 

probabilistic latent variables that are often placed in a stack of restricted Boltzmann 

machines (RBMs). A DBM design consists of alternating levels of visible and hidden 

units, with each layer fully connected to the next. An RBM is a generative 

probabilistic neural network that represents the joint probability distribution of visible 

and hidden units. On an RBM, each visible unit is linked to every hidden unit, 

Nevertheless, there are no inter-unit connections within the same layer.. The 

connections between visible and hidden units are weighted, and each connection has 

its own weight parameter. RB Machines (RBMs) comprise a visible layer that 

represents input data, such as pixel values in an image, and one or more hidden layers 

that capture latent features or representations of the input. Deep Belief Networks 

(DBNs) are constructed by stacking multiple RBMs, creating a deep architecture. 

Each RBM's visible layer is connected to the hidden layer of the subsequent RBM, 

forming a feedforward chain. This enables the network to acquire hierarchical 

representations of the input data. Typically, DBNs are trained using layer-wise 

pretraining followed by fine-tuning via backpropagation. The pretraining step in a 

DBN initializes the weights of the RBMs layer by layer, allowing each layer to 

acquire informative data representations before fine-tuning the entire network. After 

layer-wise pretraining, the complete DBN undergoes fine-tuning using supervised 
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learning techniques such as backpropagation. This process involves training the DBN 

on a labeled dataset using gradient-based optimization algorithms to minimize a 

predetermined loss function, such as cross-entropy loss. Fine-tuning adjusts the 

weights of the entire network, enhancing its capability for classification or data 

generation. Each unit, whether visible or hidden, typically applies an activation 

function to its input to produce an output. The logistic sigmoid function, hyperbolic 

tangent function, and rectified linear unit (ReLU) function are all examples of 

common activation functions used in deep neural networks. The output layer of a 

DBN is determined by the individual task being handled. For example, in a 

classification assignment, the output layer could be made up of softmax units that 

represent different classes. 

Overall, the architecture of a DB network consists of stacked RBMs with alternating 

layers of visible and hidden units. By learning hierarchical representations of 

leveraging the input data, DBNs have the capacity to apprehend complex patterns and 

dependencies, thereby proving effective in tasks such as feature acquisition, 

categorization, and generation. 

 

Fig: 27 :  Overall architecture of a Deep Belief Network 

A restricted Boltzmann machine is trained in a fundamentally different way from 

neural networks, which use stochastic gradient descent. There are two main steps to 
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train our dataset: the first one is Gibbs sampling, and the other one is the Contrastive 

Divergence Step. 

Gibbs collection is the initial stage of training. When we are provided an input vector, 

we use the following 𝑝(ℎ|𝑣)) to forecast the hidden values h. However, if we know 

the hidden values h, we may utilize 𝑝(𝑣|ℎ) to forecast the new input values. 𝑝(𝑣𝑖 = 1 | ℎ) = 11+𝑒(−(𝑎𝑖+𝑤𝑖ℎ𝑗)) = 𝑜′(𝑎𝑖 + 𝛴ℎ𝑗𝑤𝑖𝑗)                                                      (1) 

This action is performed k times, generating a new input vector v_k that is derived 

from the initial input value v_0. 

𝑝(𝑣𝑖 = 1 | 𝑣) = 11+𝑒(−(𝑏𝑖+𝑤𝑖𝑣𝑗)) = 𝜎(𝑏𝑗 + ∑𝑖 𝑣𝑗𝑤𝑖𝑗)                                              (2) 

The contrastive divergence stage modifies the weight matrix. The vectors v_0 and v_k 

are utilized to compute the activation probability of the hidden variables h_0 and h_k. 

𝑝(𝑣𝑖 = 1 | ℎ) = 11+𝑒(−(𝑎𝑖+𝑤𝑖ℎ𝑗)) = 𝑜′(𝑎𝑖 + 𝛴ℎ𝑗𝑤𝑖𝑗)                                                     (3) 

The update matrix is calculated as the difference between the outer products of the 

probabilities with input vectors v_0 and v_k, as shown in the matrix below. 𝛥𝑊 = 𝑣𝑜 ⊗ 𝑃(ℎ𝑜|𝑣𝑜) − 𝑣𝑘 ⊗ 𝑃(ℎ𝑘|𝑣𝑘) − 𝑣𝑘                                                                (4) 

We can now utilize this updated weight matrix to calculate new weight using gradient 

descent, as stated in the equation below. 𝑊𝑛𝑒𝑤 = 𝑊𝑜𝑙𝑑 + 𝛥𝑊                                                                                                         (5) 

To apply the architecture of a DB Network (DBN) to the task of visual question 

answering (VQA) using medical images, we need to adapt the network to handle both 

visual and textual input. The input layer of the DBN will consist of two components: 

Visual input: This component represents the medical images. Each image is 

represented as a vector of pixel values or a higher-level feature representation 

extracted using techniques such as convolutional neural networks (CNNs). 
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Textual input: This component represents the textual questions associated with each 

image. Each question is represented as a vector using techniques such as word 

embeddings or one-hot encoding. 

The DBN architecture will consist of alternating layers of visible and hidden units, 

similar to the traditional DBN architecture. However, each visible layer will now have 

two components: one for visual input and one for textual input. Each RBM in the 

stack will learn joint representations of the visual and textual inputs, capturing the 

relationships between the image content and the corresponding questions. During the 

layer-wise pretraining phase, each RBM in the stack will be trained independently 

using both visual and textual input. The pretraining phase initializes the weights of the 

RBMs, allowing them to learn hierarchical representations of both visual and textual 

features. After layer-wise pretraining, the entire DBN will be fine-tuned using 

supervised learning techniques.The network will undergo training using a dataset 

comprising labeled pairs of images and corresponding questions, aiming to predict 

accurate answers for each question based on the associated image. The output layer of 

the DBN will consist of units representing potential responses to inquiries, potentially 

employing a softmax activation function to produce probability distributions across 

potential answers. Integration of visual and linguistic components throughout the 

network will facilitate capturing the relationships between image content and textual 

queries. Through the hidden layers, the DBN will acquire composite representations 

of visual and linguistic attributes, enabling comprehension of the correlations between 

questions and images. By adapting the architecture of a DBN in this way, we can 

leverage its ability to learn hierarchical representations of complex data to effectively 

tackle the task of visual question answering in the medical domain. The network will 

be capable of understanding both the visual content of medical images and the textual 

queries associated with them, enabling it to provide accurate answers to a wide range 

of medical questions. 

3.3.5 The deep insights of Region-based Convolutional Neural Network (R-

CNN) for visual classification 

The Region-based CNN (R-CNN) represents a seminal advancement in object 

recognition methodology, seamlessly integrating deep learning with conventional 

computer vision methodologies. Introduced by Ross Girshick et al. in 2014, it has 
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emerged as a foundational model in the realm of object detection. R-CNN, along with 

its subsequent iterations, has laid the groundwork for contemporary object detection 

architectures such as Faster R-CNN and Mask R-CNN. Unlike traditional object 

detection methods which relied on handcrafted features and disparate algorithms for 

localization and classification, R-CNN endeavors to unify these tasks within a unified 

deep learning framework, facilitating end-to-end training and enhanced performance. 

R-CNN begins by generating region recommendations via a selective search method. 

This algorithm looks for probable object regions in an image using color, texture, and 

other low-level information. Each region suggestion is then sent into a pre-trained 

CNN, such as AlexNet or VGG-16, which produces fixed-length feature vectors. The 

collected characteristics are then utilized to train a linear SVM classifier for object 

categorization. Each SVM is taught to distinguish between various object categories 

(for example, person, automobile, and dog). R-CNN also adds a bounding box 

regression step to refine the location of detected objects. This phase teaches how to 

change the bounding box coordinates predicted by the selective search method. R-

CNN employs selective search to generate boundary recommendations from an user's 

input medical image. Each region suggestion is warped to a specific size and sent into 

a pre-trained CNN to extract features. The features are then sent via distinct SVM 

classifiers for object classification. Finally, the bounding box regression step adjusts 

the predicted bounding boxes to improve localization accuracy. 

 R-CNN is trained in multiple stages: 

o Pre-training: The CNN is trained in advance on an extensive dataset. 

(e.g., ImageNet) for feature extraction. 

o Fine-tuning: The CNN is adapted on the target dataset for object 

detection. 

o SVM training: Separate SVM classifiers are trained for each object 

category using the extracted features. 

o Bounding box regression: Another model is trained to learn the 

adjustment needed for bounding box coordinates. 

R-CNN has several limitations, including its slow inference speed due to the 

sequential processing of region proposals and the need to extract features for each 

proposal independently. This inefficiency makes it impractical for real-time 
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applications. Another limitation is the difficulty of end-to-end training, as the SVM 

classifiers and bounding box regressors are trained independently of the CNN. Several 

variants of R-CNN have been offered to address its limitations, including Fast R-

CNN, Faster R-CNN, and Mask R-CNN. These variations strive to increase object 

detection speed and accuracy by using innovations like region proposal networks 

(RPNs) and shared feature extraction. 

R-CNN takes a skeletal image as input and detects and localizes items in it. R-CNN 

starts by creating region proposals, which are candidate bounding boxes that may 

contain objects. These recommendations are often created with selective search, a 

standard computer vision technique that finds regions of interest based on color, 

texture, and other low-level properties. Selective search generates a huge number of 

area recommendations with different scales and aspect ratios. Each region proposal is 

cut from the input image and scaled to a predefined size, which typically corresponds 

to the input size predicted by a pre-trained convolutional neural network (CNN). The 

pre-trained CNN functions as a feature extractor and is often loaded with weights 

learned from a large-scale image classification challenge like ImageNet. The region 

proposals are fed through the CNN to produce fixed-length feature vectors. These 

feature vectors carry detailed semantic information about the content of each region 

proposal. The extracted feature vectors are subsequently fed into a sequence of fully 

connected layers, followed by a softmax layer for object categorization. Each 

completely linked layer serves as a classifier for a certain item category (such as a 

human, automobile, or dog). The softmax layer generates a probability distribution 

over the object categories, showing the likelihood that each region suggestion belongs 

to a specific category. In addition to object classification, R-CNN incorporates a 

bounding box regression phase to improve the localization of discovered objects. This 

phase teaches how to alter the coordinates of the bounding boxes predicted by the 

region proposal algorithm, improving their accuracy. Bounding box regression is 

often accomplished using a separate set of fully connected layers that forecast the 

offsets required to change the bounding box positions. The ultimate output of R-CNN 

comprises identified objects, their corresponding bounding boxes, and class labels. 

Each detected object is associated with a bounding box that precisely delineates its 

location within the input image, alongside a class label denoting its category. 
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 Training Stages of R-CNN in various steps: 

o Pre-training: The Convolutional NN is pre-trained on a large dataset 

(e.g., ImageNet) for feature extraction. 

o Fine-tuning: The Convolutional NN is optimized on the target dataset 

for object detection. 

o Object classification and bounding box regression: The fully connected 

layers in charge of object categorization and bounding box regression 

are trained by backpropagation and gradient descent. 

R-CNN has inspired several variants, including Fast R-CNN, Faster R-CNN, and 

Mask R-CNN, which enhance upon its speed and accuracy by introducing innovations 

such as region proposal networks (RPNs) and shared feature extraction. 

Region-based Convolutional Neural Network (R-CNN) can be used in a Visual 

Question Answering (VQA) system for image feature extraction by first selecting 

regions of interest within the image, and then extract features from these regions to 

answer image-related questions. 

R-CNN starts by generating region proposals within the input image. These region 

proposals are possible bounding boxes that may contain objects of interest. These 

region suggestions can be generated using selective search or another region proposal 

algorithm that takes into account low-level image properties like color, texture, and 

shape. Once the region proposals have been developed, R-CNN crops and warps each 

one from the original image to a defined size. The cropped regions are then fed into a 

pre-trained CNN, such as VGG, ResNet, or Inception, to extract features. The CNN 

functions as a feature extractor and is often trained on a large-scale picture dataset 

such as ImageNet. The output of the CNN is a fixed-length feature vector that 

encodes rich semantic information about the content within each region proposal. In 

parallel to extracting image features, the input question is processed using natural 

language processing (NLP) techniques to standardize it into a fixed-length vector 

representation, known as a question embedding. Techniques like word embedding 

(e.g., Word2Vec, GloVe) and recurrent neural networks (RNNs) or transformer 

models (e.g., BERT) can be used to encode the question into a numerical vector. The 

feature vector obtained from the image regions and the question embedding are then 

fused or concatenated to create a joint representation that combines both visual and 
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textual information. Various fusion methods can be employed, such as element-wise 

addition, concatenation, or attention mechanisms, to successfully integrate image 

characteristics and question embeddings effectively. The joint representation is then 

passed through a classifier, such as a multi-layer perceptron (MLP) or a softmax 

layer, to predict the answer to the input question. The classifier learns to map the joint 

representation to a probability distribution over a predefined set of answer options. 

The entire VQA system, including the R-CNN for image feature extraction, is trained 

end-to-end using a large dataset of image-question-answer triplets. During training, 

the parameters of the CNN, question embedding model, fusion method, and classifier 

are optimized using backpropagation and gradient descent to minimize the prediction 

error. During inference, given a new image and question, the trained VQA system 

predicts the most likely answer by passing the image through the R-CNN for feature 

extraction, processing the question to obtain its embedding, fusing the image features 

and question embedding, and finally predicting the answer using the trained classifier. 

By leveraging R-CNN for image feature extraction in a VQA system, the model can 

effectively extract visual features from specific regions of interest within the 

radiology image, enabling it to accurately answer questions about the content of the 

image. 

 

Fig: 28: Faster Region-based Convolutional Neural Network (R-CNN) 

Faster R-CNN enhances the original R-CNN by integrating a Region Proposal 

Network (RPN) directly into the architecture. This integration facilitates end-to-end 

training, leading to improved efficiency and accuracy in object detection tasks. The 
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RPN operates as a fully convolutional network, leveraging feature maps extracted 

from input images to generate region proposals, which represent potential bounding 

boxes containing objects. By sliding a tiny network across the feature map, the RPN 

anticipates the presence of objects ("foreground") within each anchor box and refines 

their positions. The Region Proposal Network (RPN) in Faster R-CNN generates 

region proposals by integrating expected bounding box coordinates with anchor boxes 

of different scales and aspect ratios. This process aims to efficiently cover potential 

object locations across the image. Additionally, Faster R-CNN utilizes a deep 

convolutional neural network (CNN) as a feature extraction backbone to extract high-

level features from the input image. Commonly used backbone networks include 

VGG, ResNet, and MobileNet, which are pretrained on extensive image classification 

datasets like ImageNet. These backbone networks process the input image to produce 

a feature map containing detailed spatial information.  After generating region 

proposals, Faster R-CNN uses RoI pooling to extract fixed-size feature vectors from 

each proposal. RoI pooling partitions each proposed region into a predetermined 

number of spatial bins, subsequently performing max pooling within each bin to yield 

a feature vector of fixed dimensions. 

This ensures that the features extracted from different-sized region proposals have the 

same spatial dimensions, which is essential for feeding them into subsequent layers of 

the network. RoI pooling generates fixed-size feature vectors, which are used in fully 

connected layers for object classification and bounding box regression. The 

classification branch assigns a class label to each proposal based on its likelihood to 

contain an item. The regression branch refines the coordinates of the bounding box to 

better localize the object within the proposal. Both the classification and regression 

branches are typically implemented as fully connected layers on top of the shared 

feature representation. After generating region proposals, Faster R-CNN employs 

Region of Interest (RoI) pooling to derive fixed-size feature vectors from individual 

proposals. This process entails segmenting each area proposal into a predefined 

number of spatial bins and subsequently applying max pooling within each bin to 

produce a fixed-size feature vector. This process ensures that features extracted from 

region proposals of different sizes have consistent spatial dimensions, which is 

necessary for subsequent layers in the network.The resulting fixed-size feature vectors 
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are then input into fully connected layers for object classification and bounding box 

regression. The classification branch determines the likelihood that each proposal 

contains an object and assigns a class label. 

Faster R-CNN can help with feature extraction for visual or skeletal image question 

answering (VQA) in radiology images by efficiently detecting and localizing relevant 

objects or regions within the images. Faster R-CNN can accurately localize and 

identify regions of interest (ROIs) within radiology images that contain anatomical 

structures, abnormalities, or other medically significant features. These ROIs can 

serve as the basis for answering questions related to specific areas or abnormalities 

within the image. Once the relevant regions are identified, Faster R-CNN can extract 

high-level features from these regions using RoI pooling. This process involves 

pooling characteristics from the convolutional layers of the network within the 

identified regions, allowing for the extraction of rich and discriminative feature 

representations. By detecting and localizing objects within radiology images, Faster 

R-CNN helps in understanding the semantic content of the images. This semantic 

understanding can be crucial for answering questions that require interpretation of the 

visual content, such as identifying anatomical structures, pathologies, or medical 

devices. 

Faster R-CNN offers cutting-edge performance in object detection tasks, providing 

accurate localization of objects with high precision and recall. This improved 

accuracy ensures that the extracted features are relevant to the task at hand, thereby 

enhancing the performance of the VQA system. Faster R-CNN can be seamlessly 

integrated into the VQA pipeline, allowing for end-to-end training of the system. This 

integration enables joint optimization of the object detection and question answering 

components, leading to better alignment between the visual and textual modalities and 

improved overall performance. 

Overall, Faster R-CNN serves as a powerful tool for feature extraction in VQA 

systems for radiology images, facilitating the identification of relevant visual content 

and enhancing the system's ability to provide accurate and informative answers to 

medical-related questions. 
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Multiple CNN-based object detection algorithms have been developed to address 

various challenges in computer vision tasks. These algorithms include R-CNN [87], 

SPPnet[88], Fast R-CNN [89], Faster R-CNN [90], You Only Look Once (YOLO) 

[91], and Single Shot Multibox Detector (SSD) [92]. Among these, Faster R-CNN 

stands out for its cutting-edge performance in object detection tasks. 

Faster R-CNN is renowned for its accuracy and ability to precisely localize objects 

within images. While it may have a slightly slower processing speed compared to 

newer approaches like YOLO and SSD, its performance and versatility make it an 

ideal choice for many applications, including visual or skeletal image question 

answering in the healthcare domain. 

One of the principal advantages of Faster R-CNN lies in its capacity to efficiently 

execute object identification tasks. It achieves this by employing a region proposal 

network (RPN) to create region recommendations directly from convolutional feature 

maps. These region proposals are then used to localize objects within the image, 

allowing for precise object detection. 

Another important characteristic of Faster R-CNN is its flexibility in handling images 

of varying sizes. Unlike some other object detection algorithms that require fixed 

input image sizes, Faster R-CNN can efficiently process images of different sizes 

using a sliding window approach. This makes it particularly useful for dealing with 

large medical images commonly encountered in radiology. 

Furthermore, Faster R-CNN does not compromise on accuracy despite its efficiency. 

It leverages deep convolutional neural networks (CNNs) to extract rich feature 

representations from images, enabling robust object detection and classification. 

Additionally, it incorporates advanced techniques such as region of interest (RoI) 

pooling to further enhance its performance. 

Faster R-CNN consists of two main modules: the region proposal network (RPN) and 

the object detection network. The RPN is responsible for generating region proposals, 

while the object detection network classifies the objects within these proposed 

regions. 

The workflow of Faster R-CNN begins with the radiology input image being 

processed by a feature extractor, typically a convolutional neural network (CNN) with 
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convolutional and pooling layers. This feature extractor generates feature maps, which 

contain high-level representations of the image that capture important visual 

information. 

The feature maps extracted from the input image are subsequently fed into the region 

proposal network (RPN) which examines them to determine whether regions are 

likely to contain objects. The RPN achieves this by traversing a small window 

(typically 3x3) across the feature maps, predicting the presence of an object within 

each window, and generating bounding box proposals for these regions. This process 

allows the network to propose candidate regions of interest for further analysis and 

classification. 

Once the region proposals are generated by the RPN, they are passed to the object 

detection network, which further processes each region to classify the objects within 

them and refine their bounding box coordinates if necessary. This network typically 

consists of additional convolutional and fully connected layers, followed by 

classification and regression heads. 

In the original Faster R-CNN architecture, the feature extractor often relies on 

established CNN architectures such as VGG-16. However, alternative models may 

offer better performance. For instance, Inception-ResNet, which merges the Inception 

and ResNet architectures, surpasses VGG-16 in certain applications. 

The region proposal network (RPN) of Faster R-CNN examines feature maps using a 

sliding window approach. However, utilizing a fixed-size window could be limiting, 

especially when dealing with objects of diverse shapes and sizes. Faster R-CNN 

mitigates this concern by introducing the notion of anchor boxes. 

Anchor boxes are predetermined bounding boxes with diverse scales and aspect ratios 

that are distributed across the image. These anchor boxes provide reference points for 

spotting items of various shapes and sizes.By using multiple anchor boxes, the RPN 

can better capture the variability in object shapes within the image. 

During the sliding window operation, each anchor box generates two scores: one 

indicating whether the window contains an object (foreground) or not (background), 

and the other indicating the class of the object if it is present. Specifically, for each 

anchor box, the RPN produces 4 × k pieces of information corresponding to the 
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bounding box coordinates (i.e., the coordinates of the box's top-left corner and 

bottom-right corner) and 2 × k pieces of information corresponding to the objectness 

score and the class score. 

Using anchor boxes with multiple scales and aspect ratios, the RPN can successfully 

handle objects of various forms and sizes, improving object detection accuracy in 

Faster R-CNN. This approach allows Faster R-CNN to perform consistently over a 

wide range of object types and combinations in input images. R-CNN's region 

proposal network (RPN) produces 4k × W × H pieces of area information and 2k × W 

× H pieces of class information, where k is the number of anchor boxes used and W × 

H is the size of the feature map. 

Initially, Faster R-CNN typically utilizes 9 anchor boxes (k = 9), each with a 

combination of scales and aspect ratios. However, to improve the detection of specific 

types of objects, such as glomeruli in medical images, the number of anchor boxes 

can be increased. In this case, 12 anchor boxes (k = 12) were employed, including 

variations in scale and aspect ratio to better capture the diversity of object shapes and 

sizes. 

Since the RPN may propose multiple candidate regions for the same object, it 

introduces redundancy in the detection process. To address this issue, non-maximum 

suppression (NMS) is applied based on the class scores associated with the proposed 

regions. NMS is a technique used to remove redundant bounding boxes by selecting 

the most confident detection and discarding overlapping detections with lower 

confidence scores. By applying NMS, the number of proposed regions of interest 

(ROIs) is typically reduced to a more manageable number, typically around 300, 

ensuring that only the most relevant and confident detections are retained for further 

processing. 

In Faster R-CNN, the region of interest (ROI) pooling technique is employed to 

convert ROIs of varying sizes into fixed-sized feature vectors. ROI pooling ensures 

that the input to subsequent layers remains consistent in size, regardless of the size or 

shape of the original ROIs. This process is crucial for maintaining spatial information 

while enabling the network to handle inputs of different dimensions. 
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Following ROI pooling [87], the fixed-sized feature vectors are sent through a fully 

linked layer. This layer is responsible for two major tasks: bounding box regression 

and object classification. 

Bounding box regression predicts the coordinates of the bounding boxes that surround 

the identified items. These coordinates usually contain the upper-left and lower-right 

corners of the bounding box. 

Object categorization seeks to assign a class label to every identified object. In the 

case of Faster R-CNN, the classification problem is distinguishing between different 

object classes, with an additional class for the background. The network is trained to 

classify objects into n + 1 classes, where n represents the number of distinct object 

categories, and the additional class represents the background. 

Both bounding box refinement and object classification are supervised tasks, meaning 

that the network's predictions are compared to ground truth annotations during 

training to optimize the network parameters and improve its performance. 

 

Fig 29 :  Understanding the Fast RCNN and Faster RCNN Architecture 

3.3.7 Long Short-Term Memory networks for question answering system 

Long Short-Term Memory Networks (LSTMs) are a sort of a recurrent neural 

network (RNN) architecture developed to solve the vanishing gradient problem., 

which impedes the training of standard RNNs on long sequences. LSTMs have 



 

 
CHAPTER-III              METHODOLOGY 

FACULTY OF ENGINEERING                        Page 91 

 

 

emerged as powerful tools for modeling sequences, with applications in natural 

language processing, speech recognition, and time series analysis. LSTMs are 

designed to capture long-term dependencies in sequential data while limiting the 

influence of disappearing gradients. They use a memory cell and a set of gates to 

regulate information flow, allowing them to selectively keep or discard information 

over time. The memory cell is the central component of an LSTM, temporally 

persistent storage The memory cell has a self-connected recurrent connection, 

allowing it to maintain its state over multiple time steps. The cell state, denoted as 𝐶𝑡 

is updated at each time step based on the input, previous cell state, and gate 

activations. 

 LSTMs use three types of gates to control the flow of information: input gate 

(𝑖𝑡), forget gate (𝑓𝑡), and output gate (𝑜𝑡). 

 Each gate is made up of a logistic function or the normal logistic function, 

which produces values ranging from 0 to 1 that indicate how much 

information should be allowed through. 

 The input gate regulates the flow of new information into the cell state. 

 The forget gate controls the extent to which previous information should be 

forgotten from the cell state. 

 The output gate controls how much of the cell state is revealed to the network 

output. 

The gates are computed using following equations 𝑖𝑡 = 𝜎(𝑊𝑖 . [ℎ𝑡−1,𝑥𝑡]  +  𝑏𝑖)                                                                                                 (6) 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1,𝑥𝑡]  +  𝑏𝑓)                                                                                                (7) 

𝑜𝑡 = 𝜎(𝑊𝑜 . [ℎ𝑡−1,𝑥𝑡]  +  𝑏𝑜)                                                                                              (8) 

σ represents the sigmoid activation function, 𝑊 denotes weight matrices, ℎ𝑡−1 is the 

previous hidden state, and 𝑥𝑡is the current input. 

The cell state is updated using following equations 𝐶𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 . [ℎ𝑡−1,𝑥𝑡]  + 𝑏𝑐                                                                           (9) 
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𝐶𝑡  =  𝑓𝑖  . 𝐶𝑡−1 + 𝑖𝑡 . 𝐶𝑡                                                                             (10) 𝐶𝑡 represents the new candidate values to be added to the cell state. 

Finally, the output of the LSTM at time step 𝑡, denoted as ℎ𝑡, is computed as: ℎ𝑡 = 𝑜𝑡  . tanh(𝐶𝑡) 

The output gate regulates the exposure of the cell state 𝐶𝑡to produce the final hidden 

state ℎ𝑡  for the current time step. 

LSTMs are commonly trained using optimization techniques such as backpropagation 

through time (BPTT) or gradient descent, with gradients computed using 

backpropagation through time (BPTT) or more sophisticated methods like Long 

Short-Term Memory networks in deep learning. Throughout the training process, the 

LSTM's parameters, including gate weights and biases, are iteratively adjusted to 

minimize a specified loss function, such as cross-entropy loss or mean squared error. 

Several strategies and versions of Long Short-Term Memory (LSTM) networks were 

created to address certain difficulties or suit particular use cases. The conventional 

LSTM design is made up of memory cells, input gates, forget gates, and output gates, 

as indicated in the previous detailed perspective. BiLSTMs analyze input sequences in 

both forward and backward orientations, allowing the network to collect data from 

both past and future contexts concurrently. This leads to a better understanding of 

context and enhanced performance in tasks such as sequence labeling and sentiment 

analysis.. The placed LSTMs are made up of many LSTM layers placed on top of one 

another. Each layer gets input from the preceding layer and produces output for the 

subsequent layer. Stacking LSTMs enables the model to acquire hierarchical 

representations of sequential data, facilitating the capture of intricate patterns and 

dependencies. Alternatively, GRUs offer a simpler architecture with fewer parameters 

compared to LSTMs. GRUs consolidate the functionalities of input and forget gates 

into a single "update gate," enhancing computational efficiency while preserving 

long-term dependencies. Additionally, attention mechanisms enhance LSTM 

networks by enabling them to direct attention towards specific segments of the input 

sequence during output generation. Attention mechanisms enable the model to 

adaptively allocate its focus to salient information, dynamically assigning varying 

degrees of importance to different segments of the input sequence. This dynamic 
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weighting facilitates improved performance across various tasks such as machine 

translation, image captioning, and summarization. Several LSTM variations have 

been created to solve distinct issues in different domains. For example, medical 

LSTM variants may incorporate domain-specific features or pre-training on medical 

data to improve performance in healthcare-related tasks. Researchers and practitioners 

often develop customized LSTM architectures tailored to specific tasks or datasets. 

These customized architectures may include additional layers, connections, or 

modifications to the standard LSTM architecture to optimize performance for the 

given task. 

 

Fig 30 :  Architecture of Long Short-Term Memory (LSTM) networks 

3.4 The proposed Approach for Visual Question Answering System (VQAS) 

for skeletal Images 

The Visual Textual System or VQA model represents a significant advancement in 

artificial intelligence research, aiming to equip machines with the ability to grasp 

visual content and effectively respond to questions posed about it. In the domain of 

medical visual question answering (Med-VQA), this technology takes on added 

importance as it endeavors to provide accurate responses to clinical queries based on 

radiological images. 

In Med-VQA, the task involves presenting the computer with a radiological image 

alongside a relevant clinical question. The objective is to develop a sophisticated 

system capable of analyzing the visual information within the image and generating 
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appropriate answers to the posed questions. This demands a comprehensive 

understanding of both medical imaging and natural language processing, making 

Med-VQA a challenging yet promising field of study. 

The ultimate goal of Med-VQA is to enhance medical diagnostics, decision-making, 

and patient care by leveraging the capabilities of artificial intelligence to assist 

healthcare professionals in interpreting radiological images and extracting valuable 

insights from them. By seamlessly integrating image analysis with question answering 

capabilities, Med-VQA has the capability to innovate medical imaging interpretation 

and make a substantial contribution to the advancement of healthcare practices. 

Through rigorous research and development efforts in Med-VQA, we aim to achieve 

breakthroughs that not only augment the efficiency and accuracy of clinical decision-

making but also enhance patient outcomes and overall healthcare delivery. With its 

formalized methodologies and interdisciplinary approach, Med-VQA represents a 

pivotal area of exploration at the intersection of artificial intelligence and healthcare, 

with far-reaching implications for the future of medical diagnostics and treatment. 

3.4.1 Skeletal image Feature Extraction using Block_12_add Faster R-CNN 

(B12- FRCNN) algorithm  

Block_12_add Faster R-CNN (B12-FRCNN) extends the Faster R-CNN (Region-

based Convolutional Neural Network) approach, which is widely used for object 

detection. B12-FRCNN improves the performance of the Faster R-CNN architecture 

by including an additional block known as Block 12. 

B12-FRCNN has two basic components: The region proposal network (RPN), as well 

as the object detection network. The RPN creates region proposals, which are 

candidate bounding boxes that may include objects of interest. The object detection 

network refines and classifies these proposals before producing the final detection 

findings. 

B12-FRCNN inserts Block 12 into the Faster R-CNN network's feature extraction 

backbone. This block is often made up of numerous convolutional layers, followed by 

activation functions and pooling layers. Block 12's goal is to extract additional 

discriminative features from the input skeletal images, increasing the accuracy of 

object detection. 
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Block 12's design may change depending on the application and task requirements. It 

can be tailored to the complexity of the dataset, the diversity of the items to be 

detected, and the availability of computer resources. 

Overall, B12-FRCNN extends the capabilities of the original Faster R-CNN algorithm 

by incorporating additional layers for feature extraction, thereby enhancing its ability 

to detect objects accurately and efficiently. This makes it a valuable tool for a wide 

range of computer vision applications, including object detection in images and 

videos, surveillance, autonomous driving, and medical imaging. 

Block_12_add Faster R-CNN (B12-FRCNN) represents an enhanced iteration of the 

Faster R-CNN approach, renowned for its state-of-the-art capabilities in object 

detection within images. B12-FRCNN elevates the efficacy of Faster R-CNN by 

integrating a novel component known as Block 12 into its architecture. This pivotal 

block is seamlessly integrated into the feature extraction backbone of the network and 

is specifically designed to extract more discriminative features from input images. 

Faster R-CNN, a two-stage object detection methodology, comprises the region 

proposal network (RPN) and the object detection network. The RPN is responsible for 

generating region proposals, which serve as candidate bounding boxes potentially 

containing objects of interest. Subsequently, the object detection network refines and 

categorizes these proposals, ultimately yielding the definitive detection outcomes. 

B12-FRCNN adds an additional block, known as Block 12, to the Faster R-CNN 

network's feature extraction backbone. Block 12 is made up of many convolutional 

layers, subsequent to activation functions and pooling layers. The goal of Block 12 is 

to extract additional discriminative features from the input images, allowing the 

network to catch finer details and subtleties in the visual information. In the feature 

extraction process, the input image is transmitted via Block 12's convolutional layers. 

Each convolutional layer uses a sequence of learnable filters to extract features from 

the input image, including edges, textures, and forms. Activation functions, such as 

ReLU (Rectified Linear Unit), are then used to add nonlinearity to the network and 

allow it to learn complex patterns.Pooling layers play a crucial role in feature map 

downsampling, effectively reducing spatial dimensions while retaining essential 

information. In the case of Block 12, retrieved feature maps undergo integration into 

the Faster R-CNN framework. These enhanced feature maps serve as the foundation 
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for both the region proposal network (RPN) and the object detection network. The 

RPN utilizes these feature maps to generate region ideas, subsequently refined and 

categorized by the object detection network to discern objects within the image. 

Through the incorporation of Block 12 into the Faster R-CNN architecture, B12-

FRCNN achieves notable enhancements in object detection accuracy and efficiency. 

The additional layers within Block 12 enable the network to extract more intricate and 

nuanced characteristics from input images, thereby augmenting detection 

performance. B12-FRCNN is particularly effective in scenarios where detecting small 

or intricate objects is challenging, as it can extract finer-grained features from the 

images. 

In the proposed approach system, the feature extraction process plays an 

indispensable role in extracting discriminative features from radiology images to 

enable accurate question answering. Choosing the best feature extraction layer is 

critical for obtaining good performance in the visual question answering (VQA) 

assignment. Input data for the training phase includes radiological images and 

question-and-answer pairs. The goal is to train the VQA system to correctly answer 

questions concerning radiological images. The first stage of the training process 

involves extracting features from radiological images using the suggested 

Block_12_add Faster R-CNN (B12-FRCNN) method.  B12-FRCNN is used to extract 

image characteristics because it can capture finer-grained visual information than the 

current Faster R-CNN method. In B12-FRCNN, the "block_12_add" layer is used as 

the visual feature extraction layer instead of the conventional "activation_40_relu" 

layer used in Faster R-CNN. This modification addresses the gradient vanishing 

problem associated with the "activation_40_relu" layer and improves the quality of 

the extracted features from medical images. The selection of the optimal feature 

extraction layer, such as "block_12_add," is a critical aspect of the training phase. 

Empirical analysis is conducted to evaluate the performance of different feature 

extraction layers and determine which layer yields the best results for the VQA task. 

This analysis involves training the VQA system using different feature extraction 

layers, including "block_12_add" and other candidate layers. Each configuration's 

performance is appraised using measures such as accuracy, precision, recall, and F1-

score on a validation dataset. The layer that achieves the highest performance metrics 
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is selected as the optimal feature extraction layer for the VQA system. After selecting 

the optimal feature extraction layer, the VQA system is validated on a separate 

validation dataset to ensure its generalization performance. Fine-tuning may be 

performed to further optimize the VQA system's performance in accordance with the 

validation results. In the testing phase, the trained VQA system is evaluated on unseen 

radiology images and question-answer pairs to assess its performance in real-world 

scenarios. By empirically analyzing and selecting the optimal feature extraction layer, 

the proposed system ensures that the VQA system can effectively leverage visual 

information from radiology images to generate accurate answers to clinical questions. 

 

 

 

 

 

 

 

 

Fig 31 :  B12-FRCNN, the "block_12_add" layer 

B12-FRCNN begins by extracting features from medical images using a CNN 

backbone. Let's denote the input image as II, and the feature extraction function as 𝐶𝑁𝑁(𝐼) . The output of this process is a set of feature maps denoted as 𝐹𝑒𝑎𝑡 ={𝑓𝑒𝑎𝑡1, 𝑓𝑒𝑎𝑡2, . . . . . . , 𝑓𝑒𝑎𝑡𝑁}, where each 𝑓𝑒𝑎𝑡𝑖 represents a feature map produced by 

the CNN backbone. 

The RPN generates candidate regions of interest (RoIs) by scanning the feature maps 

Feat. Let 𝑝𝑖 denote the position and scale information of the 𝑖𝑡ℎ anchor box, and 𝑓𝑖 
denote the feature vector extracted from the corresponding region of the feature map. 

The RPN predicts the probability 𝑝(𝑜𝑏𝑗𝑒𝑐𝑡) and adjusts the coordinates 𝑝𝑖  to refine 

the proposed bounding boxes. RoI pooling extracts fixed-size feature vectors from 

each RoI to facilitate subsequent processing. Let 𝑅𝑜𝐼𝑖   denote the 𝑖𝑡ℎ  RoI, and 
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𝑓𝑒𝑎𝑡𝑅𝑜𝐼𝑖, denote the feature vector extracted from 𝑅𝑜𝐼𝑖. The RoI pooling operation 

transforms variable-sized RoIs into fixed-size feature vectors by dividing the RoI into 

a grid and applying max pooling within each grid cell. The extracted RoI features are 

passed through classification and regression heads. Let 𝑓𝑅𝑜𝐼𝑖 denote the feature vector 

of 𝑅𝑜𝐼𝑖 after RoI pooling. The classification head predicts the probability distribution 

over object classes 𝑝(𝑐𝑙𝑎𝑠𝑠|𝑅𝑜𝐼𝑖, 𝐹𝑒𝑎𝑡) , while the regression head refines the 

bounding box coordinates 𝑝𝑖  based on the extracted features Feat. Finally, B12-

FRCNN integrates with a question answering (QA) module to answer clinical queries 

based on the detected objects and their contextual information. The QA module 

processes textual questions 𝑄 related to the medical images and utilizes the detected 

objects' features 𝐹𝑒𝑎𝑡  to generate appropriate answers. The integration of object 

detection and question answering can be represented as follows: 𝐴𝑛𝑠𝑤𝑒𝑟 = 𝑄𝐴(𝐹𝑒𝑎𝑡) This equation indicates that the answer generated by the QA module is a 

function of the textual question 𝑄 and the extracted features 𝐹𝑒𝑎𝑡 from the medical 

images. 

Overall, B12-FRCNN combines advanced object detection techniques with question 

answering capabilities, leveraging both skeletal image and question answer 

information to provide accurate and meaningful responses to clinical queries related 

to medical images. 

3.4.2 The proposed approach Kai-Bi-LSTM for Question Answering feature 

extraction 

The Question-Answer (QA) pairs undergo preprocessing, starting with the splitting of 

the question text into individual words. Subsequently, stop word removal eliminates 

frequently occurring words like "a", "an", and "the", which do not contribute to the 

text's meaning. The root forms of words are then extracted via stemming, which 

condenses words with different suffixes under the same root word. This process 

minimizes the index size and improves computational efficiency. 

After preprocessing, keywords are extracted from the question, representing highly 

relevant information. Keyword extraction entails obtaining relevant information from 

a text. For the response, text-only splitting is used. This step's output is in string 
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format, which is then translated to numerical format for effective categorization. This 

conversion is based on the word representation hypothesis. 

LogishBERT is used for this purpose, a variation of Bidirectional Encoder 

Representations from Transformers (BERT) that employs a Logarithmic Swish 

activation function to handle complex data more effectively than the traditional 

GELU activation function. It is an activation function commonly used in deep 

learning models, significantly in neural networks. GELU is designed to approximate 

the Gaussian cumulative distribution function and has been found to perform well in 

various tasks, including natural language processing and computer vision. It is defined 

mathematically as: 𝐺𝐸𝐿𝑈(𝑥) = 𝑥. 𝑃(𝑋 ≤ 𝑥) = 𝑥. 𝛷(𝑥).            (10) 

where 𝛷(𝑥) represents the cumulative distribution function of the standard normal 

distribution. 

LogishBERT converts the output from its fully connected layer into numerical data, 

referred to as a score value. 

The radiological imagine feature and LogishBERT score value are merged and used 

to train a Kai-Bi-LSTM classifier to predict answers. This classifier employs 

Bidirectional Long Short-Term Memory (BiLSTM) networks to address dependencies 

and different timelines. The Kaiming Initialization function is used to set the 

activation value for the forget gate. 

During the testing phase, the system receives a sample image and question, initiating 

feature extraction and preprocessing procedures akin to those employed during 

training. The extracted features and corresponding scores are then fed into the 

classifier, which predicts a score value corresponding to the answer. Subsequently, 

this score value and the question are cross-referenced with the LogishBERT lexicon 

to determine the appropriate response. 

In the results analysis section, the performance of the proposed system is assessed by 

juxtaposing it against existing methodologies, scrutinizing its innovative aspects, and 

evaluating various performance metrics including accuracy, precision, recall, and F-

measure. Figure 31 illustrates a block diagram delineating the proposed technique. 
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LogishBERT is an adaptation of Bidirectional Encoder Representations from 

Transformers (BERT), a pre-trained Linguistic-focused model understanding tasks. 

BERT has gained significant attention in the field of textual feature extraction 

processing due to its effectiveness in capturing contextual information and semantic 

relationships in text data. LogishBERT enhances the traditional BERT model by 

introducing a logarithmic swish activation function, which aims to handle complex 

data more effectively. BERT, an acronym for the same, adopts a transformer-based 

methodology to glean contextual insights from input text. Its architecture comprises 

multiple layers of bidirectional encoders, facilitating the extraction of nuanced 

contextual information. BERT undergoes pre-training on extensive text corpora, 

engaging in two unsupervised learning tasks: masked language modeling (MLM) and 

next sentence prediction. Renowned for its exceptional performance, BERT has 

showcased state-of-the-art results across a spectrum of natural language processing 

tasks, encompassing text classification, named entity recognition, and question 

answering. The traditional BERT model uses the GELU (Gaussian Error Linear Unit) 

activation function in its fully connected layers. LogishBERT replaces the GELU 

activation function with a logarithmic swish activation function. The logarithmic 

swish function is defined as. 𝑙𝑜𝑔𝑖𝑠ℎ(ℎ)  =  ln (1 +  𝑒∧𝑥                                                                                         (11) 

Compared to the GELU function, the logarithmic swish function introduces a 

logarithmic term in the activation function, which helps in handling complex data 

distributions more effectively. The logarithmic swish function is believed to provide 

smoother gradients and better performance on tasks with complex data distributions. 

After processing the input text data through the LogishBERT model, the output from 

the fully connected layers is converted into numerical scores. These numerical scores 

represent the likelihood or confidence of different answers or predictions. The scores 

are typically obtained by applying a softmax function to the output vector, which 

normalizes the values to probabilities, ensuring that they sum up to one. LogishBERT 

is particularly useful in question answering systems, where it can effectively process 

and understand textual data to generate accurate answers to user queries. It is 

integrated into the proposed system architecture described earlier, where it plays a 
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crucial role in converting textual input (questions and answers) into numerical 

representations for further processing and classification. 

The Kaiming Initialization, also referred to as He Initialization, is a technique utilized 

to instigate the parameters of deep neural networks, including RN networks (RNNs) 

such as the Bidirectional LSTM (BiLSTM) model. This initialization method 

determines the initial weights of the neural network layers, encompassing the 

recurrent connections within the BiLSTM model. Its primary objective is to set the 

weights' initial values in a manner that prevents them from being excessively small or 

large, thereby mitigating issues related to vanishing or exploding gradients during the 

training process. Kaiming Initialization takes into consideration the activation 

function employed by the network, such as hyperbolic tangent (tanh) or rectified 

linear unit (ReLU), to ensure optimal performance. It adjusts the scale of initialization 

based on the characteristics of the activation function to ensure that the activations do 

not saturate too quickly, leading to gradient convergence/divergence issues. In the 

case of the BiLSTM model, which consists of multiple recurrent layers with forward 

and backward connections, the Kaiming Initialization function initializes the weights 

of both the forward and backward connections. It ensures that the weights of the 

recurrent connections are initialized in a way that allows information to flow 

effectively in both directions through the network during training. By initializing the 

weights appropriately, the Kaiming Initialization function helps in stabilizing the 

learning dynamics of the neural network. It facilitates smoother and more efficient 

training by preventing the gradients from becoming too small or too large, which can 

hinder the convergence of the optimization process. The Kaiming Initialization 

function combined with the BiLSTM algorithm can increase learning performance, 

accelerate convergence, and improve generalization to previously unknown material. 

It aids in overcoming the difficulties involved with training deep recurrent neural 

networks, particularly in tasks that require sequential data processing, such as natural 

language processing and time series analysis. 
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Fig 32 : Block diagram of QA System in the Training phase 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 33 :  Block diagram of QA System on Testing Phase 
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The experimental results showcase the accuracy of both the B12 FRCNN and Kai-

BiLSTM m–odels. Additionally, they highlight the comparative performance of the 

existing system, which combines skeletal image feature extraction via Convolutional 

Neural Network (CNN) and textual or question answer feature extraction using Long 

Short Term Memory (LSTM) models, exhibiting an accuracy of 83.9 percent across 

visual and textual datasets. 

Existing feature detection algorithms, leveraging deep belief networks (DBN) and 

LSTM, demonstrate an accuracy rate of 85.9%. Various models employing LSTM for 

textual feature analysis and Recurrent Neural Networks (RNN) for feature extraction 

achieve an accuracy of 89.1946. Furthermore, the accuracy of other existing models, 

such as CNN and BiLSTM, analyzing visual and textual data, reaches 91.222%. 

There is potential for further precision enhancement in the proposed model by 

leveraging updated datasets. Leveraging the new B12 FRCNN (Block12 Faster 

RCNN) model and the Kai-BiLSTM model, introduced with a remarkable 96.9% 

accuracy in this study, could significantly contribute to this improvement. 

4.1 Experimental Result on VQA 

The CLEF initiative labs are organizing the CLEF Image Retrieval and Classification 

Task 2019 campaign, inviting teams worldwide to participate in various research 

tasks. To ensure a focused evaluation, the questions are categorized based on 

modality, plane, organ system, and abnormality. These categories aim to challenge 

text creation and classification techniques effectively. Specifically, medical questions 

in this VQA challenge focus on individual characteristics, allowing for assessment 

solely based on visual content, without requiring specialized medical expertise. 

The Healthcare Visual Q&A 2019 Training Set provides the most frequent answers 

for each category. For instance, modality options include xr-plain film, t2, us-

ultrasound, and more. Similarly, the plane category lists axial, sagittal, coronal, and 

other planes. The organ system category comprises responses like skull and contents, 

musculoskeletal, gastrointestinal, and others. Finally, the abnormality category 

includes responses such as yes, no, meningioma, glioblastoma multiforme, and more. 

To uphold precision, the responses generated during testing underwent manual 

validation by both a physician and a radiologist. A total of thirty-three responses were 
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adjusted, primarily to incorporate optional elements, enhance the range of viable 

responses, or refine automated replies. Because the training and validation sets were 

created using the same data generation procedures, the error rate should be similar. 

The test set includes 500 medical images and 500 related questions. 

Evaluation metrics are crucial for assessing the performance, efficiency, and success 

of a system, process, or strategy. These metrics, which can be statistical or 

interpretive, serve as accurate measurements or indicators and are often based on key 

performance indicators (KPIs). They are widely utilized across various domains such 

as business, marketing, healthcare, education, and technology to evaluate the 

effectiveness of strategies or procedures, identify areas for improvement, and derive 

insights from collected data. In the realm of VQA research, a key goal is to develop 

computer vision systems capable of performing diverse tasks rather than specializing 

in just one area like object recognition. 

The Precision metric in Visual Question Answering (VQA) quantifies the proportion 

of questions within a dataset for which the model generates correct answers. In VQA, 

the system receives an image along with a natural language question and is tasked 

with producing a suitable response. 

In the context of Visual QA (VQA), the accuracy metric is often calculated by 

dividing the total number of right answers by the total number of questions in the 

dataset. For example, if a VQA model correctly answers 800 out of 1,000 questions in 

a dataset, its accuracy will be 80%. Accuracy is a crucial evaluation metric that 

indicates how well a model understands visual content and responds to related 

questions. To acquire a more complete knowledge of a model's performance, 

additional measures such as precision, recall, and F1 score are conceivably used. 

These measures provide nuanced insights beyond accuracy, allowing for a more 

complete assessment of the model's capabilities. The assessed accuracy of our model 

remains at approximately 50%. 

By comparing generated translations to a reference translation, the metric known as 

BLEU (Bilingual Evaluation Understudy) is frequently used in machine translation to 

assess the standard of the output. To assess the effectiveness of visual question-

answering (VQA) systems, BLEU has also been modified. 
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The BLEU score in VQA evaluates how closely the system's generated responses 

correspond to the reference responses given in the dataset. For each question-answer 

combination, the metric is first calculated by altering the n-gram precision, which 

quantifies the overlap of n-gram sequences between the generated and reference 

answers. The geometric mean of the n-gram precisions for each question in the dataset 

is then computed using the revised n-gram precision. 

A higher BLEU (0-1) score indicates superior performance. Although the BLEU score 

can offer some indication of the quality of outputs from a VQA system, it is crucial to 

acknowledge its substantial limitations. These limitations include its failure to capture 

semantic similarity across responses and its inability to consider the diversity of valid 

answers to a given question. Consequently, it is advisable to employ a range of 

evaluation measures, including BLEU, to obtain a comprehensive understanding of 

the effectiveness of a VQA system. 𝑚𝑖𝑛(1 − 𝑟𝑐 , 0) + ∑4𝑛=1 𝑙𝑜𝑔 𝑝𝑛4                                                                      (12) 

where: 

The reference_length attribute denotes the length of the reference answer, while the 

output_length attribute specifies the length of the generated answer. 

Blue_ngram_weights refer to the weights utilized for computing n-gram precisions, 

where pn signifies the n-gram precision for n-grams of length n in the generated 

response. Here, n represents the length of the n-grams employed to determine 

precision. 

The weights utilized to compute n-gram precisions are typically predetermined, 

although they can alternatively be derived from data. For instance, if unigrams (n=1) 

and bigrams (n=2) are selected, the weights may be assigned as [0.5, 0.5] to evenly 

distribute the significance of each precision. 

The geometric mean of the BLEU score is calculated by aggregating the corrected n-

gram precisions obtained from each item in the dataset. The discrepancy in length 

between the reference and generated responses is factored in during the computation 

of the adjusted n-gram precision. Specifically, it is computed as the exponentiation of 

the arithmetic mean of the log-transformed n-gram precisions. The outcome analysis 
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of the first phase dataset Healthcare Visual Q&A 2019 for each type of Visual 

Question Answering System. 

 
Fig 34 : Confusion Matrix 

The F-measure, often known as the F-score or F1 metric when the β value is 1, is a 

weighted harmonic mean of Recall and Precision. This metric is utilized for several 

reasons. The harmonic mean is typically the appropriate choice when averaging rates 

or frequencies. Additionally, a set-theoretic rationale for its use will be addressed 

subsequently. The more general form denoted as F allows for variable weighting of 

Recall and Precision, although it is common practice to assign them equal weight, 

resulting in the F1 score, which is the prevalent reference when discussing the F-

measure. 

A variant of accuracy not affected by negatives, single value measures(compare, tune 

systems). Harmonic mean of P and R is mentioned in equation (12) 𝐹𝛽 = (𝛽2+1).𝑃.𝑅𝛽2𝑃+𝑅                                                                                         (13) 

where 𝛽 = 1, which gives 𝐹1 = 2𝑃𝑅𝑃+𝑅                                                                                              (14) 

Geometric interpretation the percentage overlap between relevant and retrieved which 

followed by 

𝐹1 = 2𝑃𝑅𝑃+𝑅 = 2(1𝑃 + 1𝑅) −1                                                                     (15) 
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𝐹1 = 2(𝑇𝑃+𝐹𝑃𝑇𝑃 + 𝑇𝑃+𝐹𝑁𝑇𝑃 ) −1 = 2 𝑟𝑒𝑙.𝑟𝑒𝑡𝑟𝑒𝑙+𝑟𝑒𝑡                                                (16) 

Precision is a statistical metric utilized to assess the accuracy of positive predictions 

generated by a classifier. It is calculated as the quotient of true positive predictions 

divided by the total number of positive predictions made by the classifier, irrespective 

of their correctness. 

The formula for precision is: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

Another way to describe accuracy is as the percentage of correctly predicted positive 

cases (true positives) out of all instances identified as positive by the classifier. 

Here's a breakdown of the terms used in the formula: 

 True Positives (TP): The number of occurrences accurately recognised as 

positive by the classifier that are also true positives. 

 False Positives (FP): The number of cases that the classifier wrongly classified 

as positive despite being negative. 

To calculate precision, you need to count the number of true positives and false 

positives from the classifier's predictions and then plug them into the formula. The 

calculated ratio will fall within the range of 0 to 1, where higher values correspond to 

higher precision, indicating fewer false positive predictions made by the classifier. 

Recall, also known as sensitivity or true positive rate, is a statistic that assesses a 

classifier's ability to properly identify positive occurrences among all actual positive 

examples in a dataset. It calculates the proportion of true positive predictions made by 

the classifier compared to the total number of actual positive cases. 

The formula for recall is: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 

Recall is defined as the ratio of accurately predicted positive cases (true positives) to 

total positive instances (true positives + false negatives). 

Here's a breakdown of the terms used in the formula: 
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 True Positives (TP): This refers to the count of instances that are genuinely 

positive and are accurately identified as such by the classifier. 

 False Negatives (FN): This indicates the count of positive occurrences that the 

classifier incorrectly identifies as negative. 

To calculate recall, you need to count the number of true positives and false negatives 

from the classifier's predictions and then plug them into the formula. The resulting 

value will be a ratio between 0 and 1, where a higher value indicates better recall (i.e., 

fewer false negatives). 

The F1 score, often known as the F-measure or F-score, is a metric for assessing the 

effectiveness of a classification model. It takes into account both the model's precision 

and recall in order to compute a single score that balances the trade-offs. 

The F1 score is calculated using the following formula: 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 
Where: 

 Precision is the percentage of accurate positive predictions from all positive 

predictions provided by the model. It assesses the accuracy of optimistic 

predictions. 

 Recall is the proportion of true positive predictions among all positive 

instances in the dataset. It evaluates the model's ability to correctly identify 

positive cases. 

 The F1 score represents the harmonic mean of precision and recall. It ranges 

from 0 to 1, with higher values indicating better performance. 

In classification, sensitivity, also referred to as recall or true positive rate, evaluates 

the classifier's capability to correctly identify positive instances from the entirety of 

actual positive examples within the dataset. Sensitivity holds particular importance in 

scenarios where the cost associated with overlooking positive examples (false 

negatives) is significant. It serves as a metric to gauge the classifier's effectiveness in 

capturing all pertinent instances of a specified class. 

Mathematically, sensitivity is calculated using the following formula: 
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𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑅𝑒𝑐𝑎𝑙𝑙)  =  𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 

 True Positives (TP) are instances that the model effectively classifies as 

positive. 

 False Negatives (FN) are situations that are genuinely positive but are 

misclassified as negative by the model. 

Sensitivity is a fraction that runs between 0 and 1, with a number closer to 1 

indicating more sensitivity or memory. A sensitivity of one suggests that the classifier 

properly recognises all positive examples, whereas a sensitivity of zero indicates that 

the classifier fails to identify any positive instances. 

Sensitivity is widely utilized in medical diagnostics, anomaly detection, and other 

applications where identifying true positives is critical. 

Classification specificity evaluates a classifier's capacity to accurately recognize 

negative instances among all genuine negative examples in a dataset. It serves as a 

complement to the false positive rate and is particularly advantageous in scenarios 

where the consequences of false alarms (false positives) are significant. 

Mathematically, specificity is calculated using the following formula: 

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 +  𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

Where: 

 True Negatives (TN) are events that were accurately categorized as negative 

by the model. 

 False Positives (FP) are events that are truly negative but are misclassified as 

positive by the model. 

Specificity, represented as a fraction between 0 and 1, signifies the degree of accuracy 

in identifying negative instances by the classifier. A value closer to 1 suggests higher 

specificity, indicating that the classifier adeptly detects all negative occurrences. 

Conversely, a specificity value nearing zero implies the classifier fails to identify any 

negative examples. This metric holds significance in various domains, including 
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medical diagnostics and spam detection, where minimizing false alarms is paramount 

for effective decision-making. 

Table 6 : Most Frequent Answers for various Question Type and Answer count 

Question Types Most Frequent Answers Total No. of Answers 

 

 

 

 

MODALITY 

No 554 

Yes 552 

xr-plain film 456 

t2 217 

us-ultrasound 183 

t1 137 

constrast 107 

noncontrast 102 

ct non contrast 84 

 

 

 

 

PLANES 

axil 1558 

sagittal  478 

coronal  389 

ap  197 

lateral 151 

frontal 120 

pa  92 

transverse 76 

oblique 50 

 

 
 

ORGAN SYSTEM 

genitourinary 214 

face, sinuses and neck 191 

vascular and lymphatic 122 

heart and great vessels 120 

breast 65 

muscloskeletal  438 

 

 

Yes 62 

No 48 
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Question Types Most Frequent Answers Total No. of Answers 

 

 

 

 

 

ABNORMALITY 

meningioma 30 

glioblastoma multiforme 28 

pulmonary embolism 16 

acute appendicitis 14 

arteriovenous malformation 

(avm) 

14 

arachnoid cyst 13 

schwannoma 13 

tuberous sclerosis 12 

brain, cerebral abscess 12 

ependymoma 12 

fibrous dysplasia 12 

multiple sclerosis 12 

diverticulitis  11 

langerhan cell histiocytosis 11 

sarcoidosis 11 

 

 

Fig 33 :  Most frequent answers from different question types 
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Fig 36 : Different methods of question for various question types 

Table 7 :  Total count of Visual and Textual dataset 

Images 3200 

No. of Questions and Answer 12792 
 

 

Fig 37 :  Total count of Image and questions from CLEF Image Retrieval and 

Classification Task 2019 Dataset 
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The table provided indicates the distribution of questions and answers across different 

types of questions, namely Modality, Plane, Organ, and Abnormality. Here's a 

detailed explanation: 

1. Modality: This category pertains to questions related to the imaging modality 

used to capture medical images, such as X-ray, MRI, CT scan, ultrasound, etc. 

The table indicates that there are a total of 3200 questions and answers 

associated with the Modality category. 

2. Plane: Refers to questions concerning the imaging plane or orientation of the 

captured medical images, such as axial, sagittal, coronal, etc. Similar to the 

Modality category, there are also 3200 questions and answers related to the 

Plane category. 

3. Organ: Represents questions regarding specific organs or organ systems 

depicted in the medical images. Examples include questions about the brain, 

lungs, heart, musculoskeletal system, etc. Again, there are 3200 questions and 

answers allocated to the Organ category. 

4. Abnormality: Denotes questions pertaining to the identification or diagnosis 

of abnormalities or pathologies present in the medical images. This could 

include conditions like tumors, fractures, infections, etc. There are slightly 

fewer questions and answers in this category, totaling 3192. 

Overall, each category has an equal number of questions and answers, except for the 

Abnormality category, which has a slightly lower count. These questions and answers 

are crucial for training and evaluating models in medical image analysis and 

interpretation tasks, contributing to advancements in healthcare and diagnostic 

capabilities. 
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Fig 38 : Total number of data from both question and answer for various types 

 

 

 

 

 

 

 

 

 

 

 

Fig 39 : Count of boolean questions for Modality 
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Fig 40 : Various types of question for Modality question answering data type 

 

 

Fig 41 : Various types of question for Plane question answering data type 
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Fig 42 :  Various types of question for Organ question answering data type 

 

 

 

 

 

 

 

Fig 43 : Various types of question for Abnormality question answering data type 

 

 

 

 

 

 

 

Fig 44 : Overall count of different question types  
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Fig 45 : Sample code function on Existing CNN  algorithm 

4.2 Code Implementation 

This Python class ExistingCNN contains several methods related to a convolutional 

neural network (CNN) model, such as activation functions (sigmoid, relu, softmax), 

weight manipulation, and updating trained weights. Here's a brief explanation of each 

function: 

1. Activation Functions: The class provides implementations for common 

activation functions used in neural networks, including sigmoid, ReLU, and 

softmax. 

2. layers_weights: This method extracts the weights of all layers in the model 

and returns them as an array. It can return either the initial weights or the 

trained weights depending on the initial parameter. 
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3. layers_weights_as_matrix: Similar to layers_weights, but it returns the 

weights of each layer reshaped as a matrix instead of an array. 

4. layers_weights_as_vector: Similar to layers_weights, but it returns the weights 

of each layer flattened into a vector. 

5. update_layers_trained_weights: This method updates the trained weights of 

each layer in the model using the provided final_weights array. 

 

 

Fig 46 : Construction of Existing DBN structure for Medical Images 
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1. DBN Initialization: An illustration of the ExistingDBN class is delivered with 

specified parameters such as input size (n_ins), number of hidden layers and 

their sizes (hidden_layer_sizes), output size (n_outs), and random number 

generator (rng). 

2. Pre-training: The DBN is pre-trained using unsupervised learning 

(contrastive divergence algorithm) to learn the weights in an unsupervised 

manner. The learning rate (pretrain_lr) and number of pre-training epochs 

(pretraining_epochs) are specified. 

3. Fine-tuning: After pre-training, the DBN is fine-tuned using supervised 

learning (backpropagation) to adjust the weights based on labeled data. The 

learning rate (finetune_lr) and number of fine-tuning epochs (finetune_epochs) 

are specified. 

4. Testing: Test data (x) is provided to the trained DBN, and predictions are 

made using the predict method of the ExistingDBN class. 

5. Training Method: The training method is defined, which appears to be used 

for training the DBN model. It parses command-line arguments for training 

data, validation data, test data, number of epochs, batch size, pre-trained 

weights, and saved model name. 

6. Data Validation: The code checks if the training inputs have the correct 

dimensions and if the number of input samples matches the number of labels. 

If not, it raises a ValueError. 

7. Training Loop: The code iterates over epochs and samples, feeds each sample 

to the network, makes predictions, calculates network error, and updates the 

weights based on the error using the update_weights method. 
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Fig 47 : Code function on Proposed Kai_BiLSTM 

4.3 Comparison analysis of Feature extraction techniques 

Table 8 : The table presents the performance metrics for a certain method across 

different evaluation criteria 

Method Accuracy 

Manhattan Distance (MD) 50.40% 

Euclidean Distance (ED) 57.80% 

Jaccard Similarity Coefficient (JSC) 58.90% 

Cosine Similarity (CS) 60.10% 

This metric computes the ratio of correct predictions generated by the method. It 

quantifies the spatial separation between two points within a grid-based framework by 

summing the absolute disparities in their respective coordinates. Here, the method 
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achieved an accuracy of 50.40% when evaluated using Manhattan Distance. 

Euclidean Distance metric calculates the straight-line distance between two points in 

space. The method achieved an accuracy of 57.80% Jaccard Similarity Coefficient 

measures the similarity between two sets by comparing their intersection to their 

union. The method achieved an accuracy of 58.90% Cosine Similarity: This metric 

measures the angle between two vectors, indicating their similarity. The method 

achieved an accuracy of 60.10% as denoted in Table 8. 

 

 

 

 

 

 

 

 

 

Fig 48 : The performance metrics for a certain method across different 

evaluation criteria 

The KNN Classifier demonstrated an accuracy of 28.20 percent. KNN, or K-Nearest 

Neighbours, presents a straightforward approach to classifying data points by 

assigning them to the majority class among their nearest neighbors. 

The Soft-Max Classifier achieved an accuracy of 34.10 percent. Widely employed in 

multiclass classification scenarios, the Soft-Max Classifier computes the probability 

distribution across all classes. 

With an accuracy of 37.40 percent, the SVM Classifier employs Support Vector 

Machine techniques, particularly effective for binary and multiclass classification 

tasks, by determining optimal hyperplanes between classes. 
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The CNN Classifier, achieving the highest accuracy of 85.97 percent, relies on 

Convolutional Neural Network architecture tailored for image classification tasks. 

Through hierarchical feature extraction facilitated by convolutional layers, CNNs 

excel in discerning intricate patterns within images. These findings are summarized in 

Table 9. 

Table 9 : The accuracy achieved by different classification algorithms 

Classification Algorithm Accuracy 

K-NN Classifier 28.20% 

Soft-Max Classifier 34.10% 

SVM Classifier 37.40% 

CNN Classifier 85.97% 

 

 

Fig 49 : The accuracy achieved by various classification techniques for current 

methodology 
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As mentioned in Table 10, The current BiLSTM achieved an F-measure of 91.23314. 

BiLSTM (Bidirectional Long Short-Term Memory) is a recurrent neural network 

architecture that is capable of capturing long-term dependencies in sequential data 

from both forward and backward directions. So for  RNN it achieved an F-measure of 

89.22156. RNN (Recurrent Neural Network) is a type of neural network architecture 

commonly used for sequential data processing tasks. For current DBN achieved an F-

measure of 85.78629. The Deep Belief Network (DBN) is a generative neural network 

model composed of multiple layers of stochastic and latent variables. The 

Convolutional Neural Network (CNN) achieved an F-measure of 84.09091. CNN, 

short for Convolutional Neural Network, is a sophisticated deep learning architecture 

specifically designed for processing structured grid data, such as images. 

Table 10 : The table shows the F-measure achieved by different algorithms 

Algorithms FMeasure 

Existing BiLSTM 91.23314 

Existing RNN 89.22156 

Existing DBN 85.78629 

Existing CNN 84.09091 
 

 

Fig 50 : F-measure achieved by different algorithms 
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Table 11 highlights the comparison of different algorithms which exist and with 

proposed algorithms. The convolutional neural network (CNN), dense based network 

(DBN), recurrent neural network (RNN) and Bidirectional LSTM are the  current 

algorithms which are used for analysis. In which the highest F Measure is for the 

BiLSTM model. But when it is compared with the proposed Bidirectional LSTM the 

accuracy is high which is at 96.9%.   So the proposed system predicts accurate output. 

This leads to the diagnostic system being very high quality. 

Table 11 : The table compares the accuracy of both Proposed and Current 

algorithms 

Algorithm Accuracy 

Proposed BiLSTM 96.9 

Existing BiLSTM 91.33333 

Existing RNN 89.1946 

Existing DBN 85.9 

Existing CNN 83.9 

 

 

Fig 51 : Comparison with existing algorithm and proposed algorithm 
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Table 12 : The comparative analysis between Existing CNN and Existing 

BiLSTM with Proposed BiLSTM 

Algorithm Accuracy 

Proposed BiLSTM 96.9 

Existing BiLSTM 91.23 

Existing CNN 85.97 

 

 

Fig 52 : The Comparison Result of Proposed and Existing algorithms 

4.4 Snapshot on demonstration 

 

Fig 53 : Starting page of Application 
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Fig 54 : Load the Training dataset both Image and Question Answer pair 

 

 

Fig 55 : Feature Extraction for Image dataset 
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Fig 56 : Pre-process the Question dataset 

 

 

Fig 57 : Pre-process for Answer Dataset 
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Fig 58 : Done with Preprocessing for both Question and Answer dataset 

 

 

Fig 59 : Word Embedding for Question Dataset using BERT model 
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Fig 60 : Word Embedding for Answer Dataset using LBERT model 

 

 

Fig 61 : Training the dataset for both visual and textual dataset 
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Fig 62 : Load the Testing dataset both Image and Question Answer pair 

 

 

Fig 63 : Feature Extraction for Testing image dataset 

  



 

 
CHAPTER-IV        EXPERIMENTAL RESULT AND ANALYSIS 

FACULTY OF ENGINEERING                        Page 131 

 

 

 

Fig 64 : Pre-processing for Question Datasets using LBERT model 

 

 

Fig 65 : Testing both visual and textual dataset 
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Fig 66- : Precision measure for proposed and existing models 

 

 

Fig 67 : Recall measure for proposed and existing models 
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Fig 68 : Classification of FMeasure for proposed and existing models 

 

 

Fig 69 : Classification Sensitivity measure for proposed and existing models 
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Fig 70 : Classification Specificity measure for proposed and existing models 

 

 

Fig 71 :  True Positive Rate (TPR) measure for proposed and existing models 
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Fig 72 : Positive Predictive Value (PPV) measure for proposed and existing 

models 

 

 

Fig 73 : Measure False Negative Rate (FNR) for proposed and existing models 
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Fig 74 : To display Graphs and Tables 

 

 

Fig 75 :  Load the skeletal Image 
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Fig 76 :  Feature Extraction for Loaded Image using B12-FRCNN 

 

 

Fig  77 :  Users Input Question 
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Fig 78 :  Preprocess the Input Question 

 

 

Fig 79 : Word Embedding for Input Question 
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Fig 80 : Classification using Kai-BiLSTM model 

 

 

Fig 81 :  Predicated answer with calculated score value for the answer 
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Visual Question Answering (VQA) systems hold significant promise for enhancing 

the capabilities of medical practitioners by offering automated assistance in the 

analysis of medical images. These technologies have the potential to improve medical 

diagnosis, practice efficiency, patient education, research and development, and 

remote telemedicine. With the rapid advancements in visual information processing 

and speech language processing, it is anticipated that VQA systems will become 

increasingly sophisticated and accurate, This improves patient consequences and the 

performance of medical treatments. As a result, VQA systems for medical imaging 

are expected to become indispensable tools for healthcare professionals in the near 

future. 

The future adoption and efficacy of medical Visual Question Answering (VQA) 

systems will be determined by a number of factors, including the adequacy and 

caliber of medical Visual Question Answering (VQA) datasets, the creation and 

assessment of medical VQA models, and the assimilation and application of these 

systems within clinical environments. Addressing present dataset limits is critical, 

demanding the development of large and diverse medical VQA datasets that cover a 

wide range of modalities, symptoms, queries, and responses. Such initiatives are 

crucial for fostering advancements in medical VQA technology and its seamless 

integration into healthcare practices. 

The B12FRCNN model is employed to extract visual feature knowledge, while 

BiLSTM is utilized for extracting textual feature information. The Kai-BiLSTM 

approach is then applied for data classification, achieving an impressive accuracy of 

96.9% compared to other existing models. This advancement significantly enhances 

the quality of the visual question-answering system, enabling healthcare assistants to 

perform their tasks more efficiently. Notably, this model is adaptable to any dataset 

and yields reliable accuracy. 

Our experimentation involved training and testing on CLEF Image Retrieval and 

Classification Task 2019, ImageCLEF 2020, and ImageCLEF 2021 datasets. Moving 

forward, leveraging additional datasets can further improve accuracy, potentially 

achieving 100%, and elucidating solutions within images to enhance users' 
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understanding of various scan reports. With access to large datasets, the model can be 

optimized for rapid accessibility, facilitating expedited analysis. 

Future enhancements for visual question answering systems in the healthcare domain 

may include, Continuously gather and curate larger, more diverse, and comprehensive 

datasets specific to medical imaging. This includes datasets covering various 

modalities, conditions, anatomical structures, and abnormalities. Further refine 

existing models such as B12FRCNN and BiLSTM by fine-tuning their parameters 

and architectures to better suit the intricacies of medical imaging data. This could 

involve optimizing hyperparameters, exploring novel architectures, or incorporating 

domain-specific knowledge. Explore advanced feature extraction techniques tailored 

to medical images, such as attention mechanisms, graph-based methods, or self-

supervised learning. These techniques can help capture more nuanced information 

from images and improve the performance of VQA systems. Investigate methods for 

effectively integrating data from diverse modalities, including imaging data, clinical 

text, and patient metadata. Fusion strategies such as late fusion, early fusion, or 

attention-based fusion can enhance the understanding of complex medical scenarios. 

Develop techniques for domain adaptation to mitigate the domain gap between 

training and deployment environments. This involves transferring knowledge from 

existing datasets to new domains, such as different hospitals or imaging protocols, to 

ensure the generalizability of VQA systems. Enhance the explainability and 

interpretability of VQA systems by incorporating mechanisms to provide reasoning or 

justification for the generated answers. This can improve trust and acceptance among 

healthcare professionals by making the decision-making process more transparent. 

Conduct rigorous clinical validation studies to assess the real-world performance and 

utility of VQA systems in clinical settings. Collaborate with healthcare professionals 

to ensure that the systems meet their needs and integrate seamlessly into existing 

workflows. Develop scalable and accessible VQA solutions that can be deployed 

across different healthcare settings, including hospitals, clinics, and remote areas with 

limited resources. Consider factors such as computational efficiency, ease of 

deployment, and user-friendly interfaces. Implement mechanisms for continual 

learning to adapt VQA systems over time as new data becomes available. This allows 

the models to stay up-to-date with evolving medical knowledge and adapt to changes 
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in clinical practices. Address ethical and regulatory considerations surrounding the 

deployment of VQA systems in healthcare, including patient privacy, data security, 

bias mitigation, and compliance with regulatory standards such as HIPAA. Ensure 

that the systems adhere to ethical guidelines and safeguard patient interests. 
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