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Abstract: 
With the advancement of technology and the expansion of the use of artificial intelligence systems in the medical 

field, opportunities have been provided to improve the accuracy and efficiency of diagnosing and treating 

diseases. One of the methods used in this field is the processing of medical images and the use of different models 

to improve the accuracy of diagnosing diseases and answering visual questions. Among the challenges of using 

the integration of different modalities, including natural language processing models and deep neural networks, 

is to improve the answers to visual questions in the medical field. This can be done with the methods of extracting 

features from images and processing medical text, which can significantly improve the accuracy and efficiency 

of answering visual questions in the medical field. Also, the use of BioBERT, which is an advanced natural 

language model for processing medical text, can play an important role in improving the answers to visual 

questions in the medical field. The proposed method combines image features extracted using the VGG19 network 

with question features extracted from the BioBERT model. A multimodal factorized binomial (MFB) layer is used 

to merge these features and capture interactions and dependencies between the modals. The image features are 

further processed through a series of convolutional (Conv) layers and ReLU activation functions, which increase 

the resolution and achieve higher-level representations. The final output is obtained using a softmax layer, which 

generates a probability distribution over the classes. Parallel processing is applied to the question features using 

BioBERT, followed by Conv and ReLU layers, and a softmax layer. The model was trained for 100 epochs using 

the Adam optimizer and achieved significant accuracy in training and validation without overfitting. The 

performance evaluation includes top-1 accuracy, top-5 accuracy, and BLEU benchmark, tested on the VQA-Med-

2019 dataset. The results show that the proposed model has achieved a higher accuracy of 0.21 compared to the 

baseline papers and a BLEU score of 0.5and an efficiency of 0.398 . 
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I. Introduction 
More than forty-five percent of countries in the world had at most one doctor per 1,000 people in 2021, 

according to the World Health Organization . As a result, healthcare workers have to spend a lot of time, which 

increases the rate of human error. Artificial intelligence (AI) can help in analyzing medical images and automate 

this process, as medical image analysis takes up a large portion of doctors’ working time (Anot et al., 2015). 

Today, artificial intelligence researchers are increasingly focusing on the challenges of visual question answering 

(VQA), which has led to the development of models capable of understanding the broader context of images and 

solving problems that require human-level reasoning. One of the major unresolved challenges in this field is 

determining the most effective way to integrate information from two different types of models: language models, 

typically based on recurrent neural networks, and image models, which often rely on convolutional neural network 

(CNN) architectures. 

Visual Question Answering (VQA) is a modern and promising research area that lies at the intersection 

of computer vision and natural language processing (Gupta, 2017). In VQA systems, the input consists of an 

image and a question expressed in natural language, and the output is the correct answer. This answer may be as 

simple as yes/no, a multiple-choice selection, a single word, or even a complete sentence. 

At first glance, the VQA task appears highly complex. Traditional computer vision techniques used to 

extract meaningful information from images differ significantly from natural language processing approaches 

applied in question answering, making their integration challenging. Moreover, generating a plausible answer 
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from such diverse and multimodal data further increases the difficulty. Fortunately, recent advances in deep 

learning have paved the way for the development of more robust and efficient VQA algorithms. 

To generate answers to specific questions, VQA technology must first interpret the semantic content of 

images and incorporate prior knowledge, which requires the combined use of natural language processing and 

computer vision techniques. With the growing interest in healthcare applications, integrating VQA into the 

medical domain has become particularly attractive. This integration can support physicians in diagnosis and 

treatment planning while also enabling patients to access medical information directly, thereby improving the 

effectiveness of healthcare services. Early intelligent medical systems such as MYCIN demonstrated the potential 

of simulating diagnosis and recommending treatments using medical knowledge and predefined rules  (Shortliffe, 

2012). 

Several datasets are widely used for training and evaluating VQA systems, including COCO-QA, VQA-

Dataset, FM-IQA, Visual Genome, Visual7W, and CLEVR. Early VQA datasets mainly focused on basic image 

attributes such as location, color, and object counting. Later, more complex tasks involving commonsense 

reasoning were introduced. In the medical domain, the most prominent VQA-Med datasets include 

ImageCLEF2018 VQA-Med, ImageCLEF2019 VQA-Med, and VQA-Rad (Kafle et al., 2017). These datasets 

primarily contain radiological images categorized into different question types, along with corresponding 

question-answer pairs and sets of possible answers for each question type (Li et al., 2018) 

 

II. Research Problem And Objectives 
Problem Statement 

Visual Question Answering (VQA) for the medical industry faces unique challenges in addition to the 

problems of machine vision and natural language processing. The lack of labeled data is the biggest obstacle for 

any supervised machine learning task in the medical domain. This is mainly due to the limitation in access to 

information due to privacy concerns. Furthermore, due to the lack of medical professionals, the spontaneous 

classification of medical data is an issue. When we examine VQA databases for practical and medical domains, 

there are many datasets for VQA related to real images. The number of data points in medical VQA datasets is in 

the thousands, while the number of data points in real VQA datasets is hundreds of times higher. Due to the 

inherent need for large data sets to train deep models, the application of deep learning methods for VQA in the 

medical field is a challenge. A natural language query and a related image are the two inputs for VQA, so it is 

crucial that multimodal data is managed properly to maximize the use of data collected from both modes. 

Furthermore, medical data is inherently complex due to the large amount of information contained in a clinical 

report or radiology scan. The data may have additional problems due to interferences created during scanning. 

Furthermore, instead of having an independent system for each body part, an ideal VQA system for medical 

images should be able to answer any type of query related to each organ system. Developing a solution to this 

challenge is also another difficult component. To generate answers, the model must generate a meaningful string 

of words. Therefore, developing an ideal deep learning framework that accurately integrates medical data to 

reduce the answer prediction error is crucial. The concerns and obstacles that medical VQA faces are different 

from those we face in general-domain VQA. Many of these obstacles relate to processing different types of images 

for different body parts and identifying regions that vary significantly with different medical conditions and 

diseases. The ability to understand questions and translate highly technical medical terminology in addition to 

frequently used non-medical terminology constitutes a second set of difficulties. There are many limitations in 

using these models and integrating them into a single model, and significant resources may be required to solve 

all of these problems. A standard deep learning solution for VQA consists of four main parts: feature extraction 

from the image, feature extraction from the query, fusion of two feature vectors, and an answer prediction 

component. 

 

Objectives of the study 

Our goal is to reduce the complexity of the model while maximizing the learning capacity of the model. 

In order to maximize the knowledge gained from the combination of input feature vectors, we propose a model 

for VQA in the medical domain that focuses on 

1. Accurately representing the knowledge from multimodal inputs 

2. The most efficient combination of feature vectors and conduct in-depth research to determine the importance 

of each model component and identify the essential components of the model that produce the best performance 

metrics. 

Due to the availability and availability of patient health records, patients can now access and review their 

health records in relation to treatment, which helps them better understand their diseases. This raises the need for 

an automated process that is able to answer specific medical questions and display relevant images to verify the 

question and provide the correct answer. This is exactly the task addressed in this study. Given a medical image 

and a set of relevant clinical questions, the task aims to answer the questions using visual input images. 
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III. Deep Learning 
The development of artificial neural networks began with the work of Frank Rosenblatt, whose paper on 

the perceptron model laid the foundation for this field (Ren et al., 2018). The perceptron was inspired by biological 

neurons, which receive signals from multiple inputs and transmit an output signal once a certain activation 

threshold is reached. 

A Multilayer Perceptron (MLP) consists of at least three layers: an input layer, one or more hidden 

layers, and an output layer. The architecture may include multiple hidden layers, each containing several neurons. 

Because every neuron in one layer is connected to every neuron in the next, the MLP is considered a fully 

connected feed-forward network in which information flows from the input layer to the output layer without 

forming cycles. An MLP that contains at least one hidden layer is known as a universal approximator, meaning it 

can approximate any finite continuous function with an arbitrarily small error (Gao et al., 2015). 

 

 
Figure (2-1) Perceptron model versus multilayer perceptron model 

 

Convolutional Neural Networks for Computer Vision 

A type of deep neural network widely used in image processing is the convolutional neural network 

(CNN). One of the problems with using MLPs for image processing is the high dimensionality of the input 

(Krishna et al., 2017). The number of all pixels and weights (parameters) needed to learn, so that each hidden 

layer has a weight for each pixel, will be very large, even in low-resolution images. CNNs combine smaller, 

simpler patterns into larger, more complex patterns using their understanding of the data structure. In other words, 

images may be combined into a format that is easier to transport, while preserving key information and spatial 

localization in a way that standard MLPs cannot(Zhu et al., 2016). 

 

 
Figure (2-2) LeNet CNN architecture from Lecun et al. 

 

Convolutions, nonlinear projections, and pooling operations are all performed by a CNN on the input. 

While the final layers identify the high-level features that are specifically at work, the initial layers identify low-

level aspects of the image, such as corners and edges. These processes act as automatic feature extractors, and the 

output is fed into a fully connected network to produce the final output of the network. In the final layer, a softmax 

function is typically used to provide a probability distribution over the possible labels for classifying the input. 

On the input, a sliding window called a kernel performs the convolution process. This kernel is formed by the 

inner product between the kernel weights and the input that the kernel has chosen, and produces a feature map. 

Stride is the number of pixels that the filter moves per calculation. While a larger stride may ignore some input 

locations, reducing the dimensionality of the feature map may still be useful. Padding can be used to apply the 

convolution process to each input point. In other words, it places a frame of pixels around the image, usually with 

zero padding. The convolution operation is performed on each image channel because images are typically 

composed of many channels (Johnson et al., 2017). 
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Residual Connections and Dense Networks 

Over the past 10 years, convolutional neural networks have consistently produced improved results on 

image classification challenges. The success of this approach is largely attributed to the deeper networks that are 

made possible by adding more layers. He and colleagues showed that adding layers to a basic model alone is not 

enough because deeper models often perform worse. This problem is exacerbated by vanishing gradients, 

although He and colleagues suspect that deeper models may perform worse than shallower models because deeper 

layers make it more difficult to map the identity function to zero. 

 

 
Figure (2-3) Residual blocks and bottleneck residual blocks used in ResNets[11]. 

 

Transformers 

Sequence-to-sequence models that use recurrent or synchronous neural network designs, exploiting 

encoder and decoder architectures, are constrained by sequence operations (e.g., the computation of an RNN 

hidden state depends on the outcome of the previous hidden state). Vaswani et al. (2017) ] introduced a 

transformer design that depends only on attention mechanisms. This allows for parallelization, which significantly 

speeds up the training process. Dependencies may be modeled by attention mechanisms, regardless of how far 

apart they are in the input or output sequences (Vaswani et al., 2017). 

The transformer architecture is encoder-decoder. The encoder consists of a stack of layers (the authors 

initially chose N = 6) with a feedforward neural network and an automatic attention layer as two sublayers in each 

layer. Each of the two sublayers has a residual connection that is applied to it before normalization. The decoder 

similarly consists of a stack of layers, in this case consisting of three sublayers. In addition to the two encoder 

sublayers, a third layer monitors the output of the encoder stack. Each sublayer also has a residual connection that 

is then normalized. Applying masking to the automatic attention layer modifies the decoder, preventing it from 

paying attention to input locations that are after the position being processed. 

 

 
Figure (2-4) Transformer model architecture, with the encoder on the left and the decoder on the 

right[14]. 

Visual Question Answering (VQA) 

The theoretical foundations of the methods used in the visual question answering (VQA) task were 

reviewed in the previous sections. VQA involves providing open-ended, free-form responses to questions about 

an image. This task formally calls for a model to learn to match (Q, I) → A a question Q and an image I to an 

answer A. The model must combine linguistic and visual knowledge to produce an accurate answer. Three major 

guidelines have been used in most VQA studies to tackle this task. The first principle is that the task is considered 

as a supervised-learning problem, where a model is trained using pairs of questions and images that match the 

desired answers. The second principle requires perceiving the task as a classification challenge rather than a 

production problem. This means that instead of producing an open-ended response, a probability distribution over 
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the most likely answer is expected. An answer as open-ended as possible would be ideal because it best represents 

the diversity that exists in the real world. However, this would increase the task complexity, which is already high 

for a neural network. Furthermore, in some of the most important datasets used in VQA research (Weu et al., 

2016) , the answers often come from a relatively narrow range of words. Therefore, it is possible to reduce the 

possible set of answers and apply a classification strategy that requires a forced selection from a possible set of 

N answer words. It was a wise decision to start the study in this challenging field with this approach. 

 

Joint Embedding 

In the joint embedding method for VQA, a classification structure is superimposed on a joint embedding 

of textual and visual embeddings to arrive at an answer. There are several methods for combining textual and 

visual embeddings. The more popular method is to use independent fully connected layers that first map the 

embeddings to a common space. This is then combined using a method such as component multiplication. 

Different models extract textual and visual embeddings from the question and image, respectively. In most cases, 

a final softmax layer is placed between the two fully connected layers that form the classification structure. The 

joint embedding is used as input in order to predict the most likely answer. Figure (2.6) shows a typical illustration 

of this system(Reimers & Gurevych, 2019). 

 

 
Figure (2-6) shows the framework of the common embedding method for visual queries. The textual and 

visual embedding modules are two different but interchangeable concepts or techniques. A fully 

connected layer is represented by FC (Devlin et al., 2019). 

 

VQA-Med-2021 

VQA-Med-2021 The ImageCLEF 2021 competition will release the VQA-Med-2021 dataset. The same 

guidelines used to generate VQA-Med-2020 will be used to create VQA-Med-2021. The VQA-Med-2020 dataset 

is the same as the training set. Medical experts will manually evaluate the newly collected dataset and the 

validation set and test set. 

 

 
Figure  (2-7) Examples of images and question-answer pairs from the aforementioned data sets. Q = 

question, A = answer. The data sets are presented in chronological order . 
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IV. Proposed Method 
This study discusses the selection of medical images for the VQA-Med-2019 dataset, including types, 

contexts, situations, and diagnostic methods. It also details the question categories and formats covering various 

medical imaging scenes. The dataset consists of 3,200 images for training and 500 images for validation. The test 

set undergoes manual binary validation by a physician and a radiologist. Finally, this chapter presents the 

proposed method for feature extraction and integration into the VQA-Med-2019 dataset. This chapter explains 

the steps for extracting image features using the VGG19 network and the multimodal bilinear (MFB) analysis 

technique to improve representation by detecting interactions and dependencies between image features and 

question features. 

 

Dataset 

The VQA-Med-2019 dataset was built through an automated process to create training, validation, and 

test sets. This process involved applying various filters to select relevant images and their associated annotations. 

In addition, templates were created to generate questions and their corresponding answers. To ensure the quality 

and accuracy of the test set, it was manually validated twice by two expert clinicians. The evaluation also noted 

that the dataset is publicly available, allowing researchers and practitioners to access it for their own research. 

Figure 1 shows examples of the VQA-Med-2019 dataset, providing visual representations of the data in the 

dataset. 

 

 
Figure 3 - 1 Examples from the VQA-Med-2019 test suite 

 

Medical Images 

For the VQA-Med 2019 dataset, relevant medical images were selected from the MedPix5 database 

using various filters. The selection process included considering image titles as well as criteria such as types, 

levels, locations, categories, and diagnostic methods. Specifically, only those cases where the diagnosis was based 

on the image itself were included in the dataset. The selection process ensured that the dataset included images 

where the diagnosis was made using a variety of diagnostic methods, including CT/MRI imaging, angiography, 

imaging appearance, radiography, imaging features, ultrasound, and diagnostic radiology. This broad, purposeful 

selection approach was intended to provide a diverse and representative collection of medical images for the 

VQA-Med 2019 dataset. 

 

Training and Validation Sets 

The training set of the VQA-Med 2019 dataset consists of 3,200 medical images. These images are 

accompanied by a total of 12,792 question-and-answer (QA) pairs, with an average of 3 to 4 questions per image. 

It may provide details about the categories (model, level, organ system, and abnormality) and lists the common 

answers associated with each category. In addition, the validation set of the VQA-Med 2019 dataset consists of 

500 medical images. These images are accompanied by 2,000 question-and-answer (QA) pairs, representing an 

average of 4 question-and-answer pairs per image in the validation set. Both the training and validation sets 

provide abundant data for training and evaluating models in the VQA-Med 2019 challenge, allowing researchers 

to test and evaluate their question-and-answer systems on real medical imaging data. 
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Medical Image Features 

The first step in your research involved using the VQA-Med 2019 dataset and extracting image features 

from the images. This was done using a VGG19 model. The first step of the research involved exploiting the 

VQA-Med 2019 dataset to extract relevant image features. To do this, a ResNet50 model was used, which 

facilitates the extraction of meaningful visual representations from input images. The process begins by passing 

the input image through a series of convolutional layers that perform spatial filtering to identify important image 

features. Then, batch normalization is applied to normalize the output of the convolutional layers, which improves 

the stability and efficiency of the network. An activation function is then used to introduce nonlinearity into the 

feature extraction process. Maximization layers are then used to downscale the feature map, reducing its spatial 

dimension and preserving vital information. This dimensionality reduction helps to discover more salient features 

while reducing computational complexity. To capture more abstract, higher-level features, the resulting feature 

map is reprocessed by passing through a sequence of residual layers. These residual layers allow the network to 

learn and represent more and more complex visual patterns and relationships. After the last residual layer, an 

adaptive averaging layer is applied to transform the feature map into a fixed-size representation. 

This fixed-size representation is then reshaped into a one-dimensional tensor to facilitate further 

processing. The reshaped tensor is passed to a fully connected layer that applies linear transformations to the input 

features. An activation function and a dropout layer are then applied to introduce nonlinearity and reduce 

overfitting, respectively. The output of the fully connected layer is then reprocessed by another fully connected 

layer that produces the final image features. If the size of the image features is compatible with batch 

normalization (i.e., the batch size is greater than 1), the batchnorm operation is applied to normalize the image 

features, which promotes stable and efficient training. Finally, the image features are reshaped and transposed to 

obtain the shape (1472, 1), which is consistent with the desired format for subsequent calculations and analysis. 

This transformation and transposition process enables efficient management and use of image features in 

subsequent stages of research. Overall, this method, including the VGG19 model and the aforementioned layers, 

extracts informative features from the VQA-Med 2019 dataset, which allows for further investigation and analysis 

of the relationship between image content and relevant medical questions. 

 

Medical Question Features 

For question features, we use a separate process. Specifically, we use a Biobert model to encode and 

represent the question text. The Biobert model uses procedural text word embedding and captures the contextual 

meaning of the question. This step allows us to extract meaningful features from the question text that can be used 

for further analysis or downstream tasks. 

 

The medical question feature extraction methodology includes the following steps: 

1. Text preprocessing: Preprocess the input text by removing trailing whitespace. 

2. Tokenization: Tokenize the preprocessed text using the BIOBERT tokenizer, add special tokens, limit or pad 

the text to the maximum possible length, and create attention masks. 

3. Encoding: Pass the tokenized input through the tokenization layer of the BIOBERT model. 

4. Encoding layers: Use the initial encoding layers of the BIOBERT model to obtain the hidden states in each 

layer. 

5. Representation calculation: Calculate the representation of the question_word by averaging the outputs of 

encoding layers 10 and 11. 

 

V. Result 
Performance Measures 

In the proposed medical Q&A tasks, two types of performance measures are used: language-based 

measures and classification-based measures. The general measures used in classification tasks, such as accuracy 

and F1 score, are known as classification-based measures. They calculate the exact match accuracy, precision, 

and recall by considering the answer as the classification result. Classification-based measures are used as 

performance measures in all eight activities of the paper. For tasks that involve sentence evaluation, the general 

measures are known as language measures. The tasks VQA-Med-2018, VQA-Med-2019, PathVQA, VQA-Med-

2020, and VQA-Med-2021 are among the tasks that use language-based measures. All four tasks use these four 

measures, including BLEU, which measures the phrase similarity between two sentences. However, BLEU was 

originally a benchmark for machine translation and is also used in medical report generation tasks. 

Accuracy is a metric that measures the ratio of correct answers predicted by the model to the total number 

of instances. This metric indicates the overall performance of the model in providing accurate answers to the 

given questions. On the other hand, BLEU score is a metric that evaluates the similarity between the answers 

predicted by the model and the actual answers provided in the dataset. This metric calculates the n-gram overlap 

between the predicted and actual answers, taking into account both linguistic and retrieval. BLEU score provides 
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a quantitative measure of how well the answers predicted by the model match the actual answers. Both accuracy 

and BLEU score are commonly used as evaluation metrics in the visual Q&A field. Accuracy provides a simple 

measure of the correctness of the model, while BLEU score provides a more nuanced assessment by considering 

the linguistic similarity between the predicted and actual answers. 

 

Model Training 

During the training of the VQA model, the training accuracy, validation accuracy, and training loss were 

measured in each epoch. We trained the model for 100 epochs. An Adam optimizer was used in the training 

process to optimize our learning model. This optimizer adjusts the model parameters based on the calculated 

gradients to minimize the loss function and improve the model performance. The optimizer parameters are, for 

example, the learning rate is 0.0001 and the batch size is 64. Figure (4.1) shows precisely how the training and 

validation loss of the model are expressed over the course of 100 epochs. This clearly shows that the model did 

not suffer from overfitting, a phenomenon in which the model becomes too specialized to the training data and 

exhibits unstable performance on new and unknown data. 

 

 
Figure (4-1) Training / Loss of Credit 

 

Superior Accuracy 

Traditional accuracy, known as p-1 accuracy, requires that the model’s prediction with the highest 

probability be exactly the same as the expected response. This value measures the percentage of instances where 

the predicted label exactly matches the target singleton. Figure (4.2) shows superior accuracy for training and 

validation. 

 

 
Figure (4-2) Superior Accuracy 
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Figure (4.3) shows a graph of training and evaluation scores measured using the BLEU (Bilingual 

Evaluation Understudy) metric for question and answer models evaluated on the VQA-Med-2019 dataset. The 

BLEU metric is typically used to assess the quality of machine-generated translations by comparing them to 

human references. 

 

 
Figure (4.3) shows a graph of training and evaluation scores measured using the BLEU 

 

Results and Comparison with Baseline Studies 

Table 4.1 presents a comprehensive comparison of our proposed model with other existing models, using 

BLEU and accuracy metrics as performance measures. Our model shows the highest accuracy among the 

compared models, indicating its superior ability to provide correct answers. Furthermore, our model achieves a 

BLEU score of 0.4, which is considered good compared to Paper 63. However, the BLEU values of Paper 64, 

which include all the models, make us realize its exceptional performance in producing answers that are closely 

similar to human references. 

 

Table 1. Comparison of the Proposed Model with Baseline Methods Using BLEU Score and Accuracy 
Method BLEU Accuracy 

proposed method 0.5 0.8 

Research Paper (Johnson et al., 2019) 0.21 0.398 

Research Paper (Thanki & Makkithaya, 2019) 0.460 0.13 

 

VI. Conclusion 
In this study, we conducted experiments and presented results for the visual question-and-answer (VQA) 

task in the medical domain, specifically using the VQA-Med 2019 dataset. We evaluated the performance of our 

proposed model and compared it with existing and state-of-the-art models. The experimental results showed that 

our proposed model outperformed the compared models in terms of accuracy and demonstrated superior ability 

to provide correct answers to medical questions. Furthermore, our model achieved a good BLEU score of 0.5, 

indicating its efficiency in producing answers that match well with human references. Furthermore, we visualized 

and analyzed the model output for selected images from the VQA medical dataset. This visualization provided 

insights into the model performance by showing cases where the model correctly predicted the answers and cases 

where it was far from reality. Overall, our experimental results confirm the effectiveness and potential of our 

proposed model for visual question-and-answer tasks in the medical domain. These results indicate that the model 

has the ability to understand and answer medical questions and is effective in providing valuable insights and 

contributions in the medical field. 
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