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Abstract: Developing and evaluating an automatic radiology report generation system involves designing a model that 
can process clinical images and produce complete, clinically oriented radiology reports using advanced vision language 
techniques. Clinical imaging modalities such as chestradiographs, CT scans, and MRI studies are fed into a frame work that 
integrates a deep visual encoder with a transformer-based language decoder, enabling the system to translate visual 
features into structured narratives resembling standard radiology reporting practices. These narratives include detailed 
descriptions of findings along with concise impressions. The system is fine-tuned using publicly available, de- identified 
datasets containing paired medical images and expert-written reports, allowing it to learn visual patterns, medical 
terminology, and reporting conventions across abroad range of scenarios from normal examinations to complex 
pathologies. The quality of the generated reports is assessed through qualitative review by radiologists and clinically 
trained evaluators, focusing on narrative clarity, coherence, professional tone, completeness of important findings, 
mention of relevant comparisons or follow-up suggestions, and clinical relevance, including accuracy of interpretations and 
appropriateness of certainty levels. Through this evaluation, the analysis captures strengths such as fluent language 
generation, standardized structure, rapid draft creation, and strong performance on common or straightforward cases, as 
well as limitations including missed subtle findings, occasional hallucinated details, repetitive phrasing, and reduced 
reliability in rare or highly complex conditions. The outcome provides a clear understanding of where AI-generated 
reports can safely function as assistive drafts that enhance efficiency and communication, and where strong human 
oversight remains essential, guiding best-practice recommendations for integrating generative models into real-world 
radiology workflows. 
Keywords: Vision transformers, language models, radiology report, decoder 
 

1. INTRODUCTION 
Radiology is an essential diagnostic discipline that supports the majority of clinical decision-making processes across 
modern healthcare systems. As patient volumes increase and imaging modalities continue to advance in resolution and 
complexity, radiologists face significant pressure to interpret large numbers of studies with high accuracy and limited 
turnaround time. Traditional radiology reporting remains a fully manual, cognitively demanding process wherein the 
radiologist carefully examines imaging data, identifies abnormalities, describes anatomical structures, synthesizes 
differential diagnoses, and communicates findings through a structured narrative report. Although effective, this process is 
time-consuming and subject to inter-reader variability, stylistic inconsistency, and potential human fatigue. These 
challenges have motivated research into automated approaches to assist in generating standardised, clinically coherent 
radiology reports. 

 INTRODUCTION TO AUTOMATED RADIOLOGY REPORT GENERATION (ARRG) 
Automated Radiology Report Generation (ARRG) represents an emerging frontier in medical AI, where deep learning 
systems are designed not only to interpret medical images but also to produce full narrative reports similar to those 
written by radiologists. Traditional computer-aided diagnosis (CAD) tools mainly provide simple outputs such as 
detection of a specific disease or classification of an image as normal or abnormal. However, modern clinical practice 
requires detailed, structured documentation that communicates subtle findings, compares changes across time, and 
supports clinical decision-making. ARRG aims to bridge this gap by generating high-quality, human-like reports directly 
from medical images. This is achieved using advanced Vision–Language Models (VLMs) that combine visual feature 
extraction with natural-language generation capabilities. 
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As hospitals generate millions of radiological images every year, ARRG systems have the potential to significantly reduce 
radiologists’ workload, minimize reporting delays, and improve access to diagnostic services in resource-limited settings. 
The technology can serve as a powerful assistive tool, offering draft reports that radiologists can review and refine, 
thereby improving efficiency without compromising diagnostic safety. This section highlights the growing relevance of 
ARRG in the evolution of AI-assisted medical diagnosis. 
 VISION–LANGUAGE MODELS FOR RADIOLOGY: CAPABILITIES AND CHALLENGES 
Vision–Language Models (VLMs) represent a transformative advancement in AI, capable of linking visual understanding with 
natural-language generation. In radiology, VLMs use powerful image encoders such as CNNs or Vision Transformers to 
extract detailed features from X-rays, CT scans, or MRI images. These features are then passed into a language decoder, 
often based on Transformer architectures, which generates structured textual descriptions. This allows the model to 
perform tasks that mirror radiologist behavior, including describing anatomical structures, identifying abnormalities, and 
summarizing impressions. Despite their potential, VLMs in radiology also face significant challenges. Medical images often 
contain subtle patterns that require expert-level interpretation, making them harder to learn compared to natural images. 
Additionally, public datasets may contain incomplete or noisy reports, limiting the accuracy of supervised learning. Rare 
diseases and complex multi-pathology cases are especially challenging because they are underrepresented in training data. 
Another concern is hallucination where the model generates findings not present in the image. Furthermore, ensuring 
clinical reliability requires extensive validation and rigorous human over sight. Thus, while VLMs offer sophisticated 
capabilities, their responsible use in radiology demands careful attention to safety, bias, interpretability, and robustness. 

 RESEARCH MOTIVATION AND OBJECTIVES OF THE STUDY 
The primary motivation behind this study is the growing demand for efficient, accurate, and scalable radiology reporting 
solutions. With increasing imaging volumes and a shortage of radiologist in many regions, healthcare systems face 
significant bottle necks in timely report generation. Automated Radiology Report Generation (ARRG) offers a promising 
pathway to address these challenges by providing AI-generated draft reports that radiologists can refine. This reduces 
workload, speeds up reporting, and supports clinicaldecision-making.Theobjectiveofthisresearchistodevelopanend-to-
endVLM- based ARRG system that processes medical images and produces full, structured radiology reports. Additionally, 
the study aims to evaluate the system using a qualitative framework that goes beyond traditional lexical metrics. Key 
research goals include assessing the narrative fluency of generated reports, measuring completeness of findings, and 
determining clinical relevance through expert review. The study also seeks to identify specific strengths such as 
performance on normal cases and weaknesses, such as difficulty with complex pathologies. These insights will inform 
guidelines for integrating ARRG systems into real-world workflows, ensuring they function as reliable assistive tools 
rather than standalone diagnostic systems. Ultimately, the research contributes to the safe and effective adoption of AI-
driven reporting technologies in modern radiology. 

2. LITERATU REREVIEW 
Radiology Report Generation (RRG) is a rapidly evolving field at the intersection of computer vision and natural language 
processing. Recent advancements in Multimodal Large Language Models (MLLMs) have significantly improved the ability to 
generate clinically meaningful reports from medical images. A recent survey highlights that MLLMs combine visual 
understanding (LVMs) and language reasoning (LLMs) to improve clinical workflows, but still face challenges like 
hallucination, bias, and data scarcity 

 DATASETS AND BENCHMARKS FOR RADIOLOGY REPORT GENERATION 
The progress of Automated Radiology Report Generation (ARRG) has been strongly shaped by the availability of large-
scale, publicly accessible datasets that pair medical images with corresponding radiology reports. Among these, MIMIC-
CXR stands out as the most widely used benchmark. It contains more than 370,000 chest X-ray images and over 220,000 
associated free-text reports from Beth Israel Deaconess Medical Centre. The dataset provides a rich source of 
radiological language, diverse patient conditions, and multiple view types, making it ideal for supervised training of vision–
language models. Its derivative, MIMIC-CXR-JPG, offers images in JPEG format with standardized preprocessing, enabling 
faster experimentation. Another notable dataset is IU X-Ray, which contains frontal and lateral X-ray pairs with 
structured reports, though its relatively small size limits generalization. Beyond chest imaging, however, publicly available 
datasets remain limited. While several private or hospital-specific datasets exist for CT and MRI, they are generally 
restricted due to privacy and institutional regulations. This restricts the development of ARRG systems capable of 
handling multi-modality or cross-anatomy imaging. Researchers have also developed task-specific benchmarks to evaluate 
report completeness, clinical accuracy, and fact consistency. Tools such as CheXpert labels, RadGraph annotations, and 
RadEntity extraction frameworks help quantify clinical correctness by mapping the textual output to structured medical 
concepts. Despite this progress, several benchmark limitations persist. Reports vary widely in structure, detail, and 
writing style, leading to inconsistency in ground-truth labels. Many datasets contain incomplete or ambiguous reports, 
which introduce noise during training. Furthermore, rare and complex pathologies are underrepresented, making it 
difficult for models to learn comprehensive diagnostic patterns. These challenges emphasize the need for more diverse, 
multi-center, multimodal datasets, and standardized annotation protocols. Thus, dataset quality and representation remain 
central issues in advancing robust ARRG systems. 
 MODEL ARCHITECTURES: FROM CNN–RNN TO VISION–LANGUAGE TRANSFORMERS 
Early ARRG systems used CNN–RNN encoder–decoder architectures, where CNNs (e.g., ResNet, DenseNet) extracted 
image features and RNNs (LSTM/GRU) generated text.Attentionmechanismsimprovedregionfocusbutstruggledwithlong-
textcoherence and structured reporting. 
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The introduction of Transformers improved performance by enabling long-range dependency modeling and better 
contextual understanding. Vision Transformers (ViT), Swin Transformers, and hybrid CNN–ViT encoders enhanced visual 
representation, while transformer decoders generated structured reports. RecentVision– Language Models (VLMs) such 
as BLIP-2, LLaVA-Med, and Med-PaLM integrate visual encoders with large language models, producing more coherent 
and clinically relevant reports. However, challenges like hallucination and weak image-text grounding still persist. 

 KNOWLEDGE-ENHANCED AND MULTIMODAL APPROACHES 
To improve clinical accuracy, recent ARRG systems incorporate medical knowledge and multimodal data. Knowledge-
enhanced models use ontologies like UMLS and RadLex to ensure correct terminology and reduce hallucination. 
Structured approaches such as RadGraph represent entities and relationships, improving factual consistency. Models like 
KERP use hierarchical templates to guide report generation. Multimodal systems integrate additional inputs such as 
patient history, prior scans, and EHR data, enabling better reasoning and temporal analysis. Despite improved reliability, 
these approaches increase complexity and require well-aligned datasets. 

 EVALUATION METHODS FOR RADIOLOGY REPORT GENERATION 
Evaluation of ARRG systems is challenging due to clinical complexity. Traditional metrics such as BLEU,ROUGE, and 
CIDEr measure textual similarity but fail to capture clinical correctness. Domain-specific methods like CheXpert label 
comparison and RadGraph evaluation assess clinical accuracy by focusing on medical entities and relationships. Tools such 
as RadCliQ and factuality scores further improve evaluation. Expert evaluation by radiologists remains essential but is 
time-consuming. Recentimage- aware evaluation methods attempt to ensure alignment between generated reports and 
visual evidence. A combination of automated and expert evaluation is considered most reliable. 

 EVOLUTION FROM CNN–RNN TO HYBRID ARCHITECTURES 
Initial ARRG systems used CNN–RNN models such as CNN-LSTM and HRNN for report generation. While effective for 
basic tasks, these models struggled with long-term dependencies, redundancy, and lack of contextual understanding. 
Attention mechanisms improved performance but did not eliminate hallucination issues. The inability to capture deep 
semantic relationships limited their clinical usefulness. These limitations led to the transition toward Transformer-based 
and hybrid architectures, which offer better scalability, coherence, and reasoning capability. 

3. EXISTINGSYSTEM 
Radiology report generation is performed entirely manually by trained radiologists. After examining chest X-ray images, 
the radiologist must identify abnormalities, describe anatomical structures, interpret findings, and write detailed narrative 
reports. This manual process is time-consuming, labour-intensive, and prone to human errors, especially when dealing 
with large numbers of studies. The quality and style of reports can vary between radiologists, leading to inconsistencies in 
terminology and reporting structure. Additionally, human fatigue may result in missed subtle findings, delayed diagnosis, or 
incomplete documentation. Although some hospitals use structured templates or automated text extraction tools, these 
approaches still rely heavily on human interpretationandlackadvancedAIsupportforvisualunderstandingorautomatedreport 
drafting. Therefore, the existing system struggles with scalability, efficiency, and standardization in modern high-volume 
clinical environments. 

4. PROPOSED SYSTEM 
The proposed system uses MedGemma, an advanced AI model that automatically creates radiology reports from chest X-
ray images. It combines three main parts: a visual encoder that analyzes the X-ray, across-modal module that connects 
image features with text, and a medical language model that writes the report. The system identifies important image 
details, such as abnormalities and anatomical structures, and ensures the generated text matches the visual evidence, 
avoiding incorrect or imaginary findings. It also uses medical labels and consistency checks to improve accuracy and 
reduce errors. The output includes properly structured “Findings” and “Impression” sections similar to a real radiologist’s 
report. This AI system works end-to-end and helps radiologists by giving fast, reliable draft reports, improving efficiency, 
consistency, and safety in clinical workflows. 
Context-Aware Visual Feature Encoding 
The system employs a transformer-based visual encoder to extract context-rich representations from chestradiographs. 
Instead of relying solely on local texture patterns, the encoder captures global anatomical dependencies and inter-regional 
relationships. This enables effective identification of subtle abnormalities such as interstitial markings and mild opacities. 
The use of pretrained representations further enhances robustness across varying imaging conditions and patient 
variability. 
Cross-Modal Clinical Alignment Mechanism 
A key contribution of the proposed system lies in its cross-modal alignment module, which bridges visual features and 
medical language space. Through attention-driven fusion, the model dynamically associates image regions with clinically 
relevant terminology.Thismechanismensuresthatgenerateddescriptionsaregroundedinactual visual evidence, thereby 
reducing semantic drift and hallucination. Additionally, it facilitates implicit localization of pathological regions without 
requiring explicit bounding box annotations. 
Structured Medical Language Generation 
The aligned multimodal features are decoded using a transformer-based medical language model optimized for clinical text 
generation. The decoder produces multi-sentence reports with hierarchical structure, capturing both detailed 
observations and high-level diagnostic summaries. A label-guided consistency mechanism is integrated to enforce 
agreement between predicted clinical conditions and generated text. This results in improved factual correctness, 
coherent narrative flow, and adherence to professional reporting standards. 
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Advanced Reporting and Data Analytics 
Thealignedmultimodalfeaturesaredecodedusingatransformer-basedmedicallanguage model optimized for clinical text 
generation. The decoder produces multi-sentence reports with hierarchical structure, capturing both detailed 
observations and high-level diagnostic summaries. A label-guided consistency mechanism is integrated to enforce 
agreement between predicted clinical conditions and generated text. This results in improved factual correctness, 
coherent narrative flow, and adherence to professional reporting standards. 
System Significance and Novelty 
The proposed framework distinguishes itself by combining domain-specific multimodal learning with structured clinical 
reasoning. It enhances report reliability through grounded generation and consistency-aware decoding. The system 
demonstrates potential for real-time deployment as a radiology decision-support tool, improving reporting efficiency 
while maintaining diagnostic integrity. Furthermore, its modular design allows extension to other imaging modalities and 
integration with clinical metadata for future enhancements. 
Implementation Details and Workflow 
The proposed system is implemented using a deep learning framework with support for multimodal processing, leveraging 
Med-Gemma as the core model. The workflow begins with preprocessing of chest X-ray images, including resizing, 
normalization, and conversion into tensor representations. These images are then passed through the visual encoder to 
obtain feature embeddings. The generated visual features are integrated with a predefined clinical prompt and processed 
through the cross-modal alignment module. The transformer-based decoder subsequently generates the radiology report 
in a sequential manner. Decoding strategies such as controlled sampling or beam search are applied to improve textual 
coherence and stability. To enhance clinical reliability, post- processing steps are incorporated, including medical label 
verification and consistency checks between predicted findings and generated text. The system outputs a structured 
report consisting of standardized sections such as “Findings” and “Impression.” The entire pipeline is designed for efficient 
inference and can be deployed using GPU acceleration for real-time applications. The modular workflow allows easy 
integration with hospital systems and supports scalability for large-scale clinical deployment. 

 
Figure 2. Block diagram 

5. RESULTS AND DISCUSSION 
Experimental Setup 
The proposed system based on Med-Gemma was evaluated using chest X-ray datasets such as MIMIC-CXR. The model 
was tested on unseen images to assess its ability to generate accurate and clinically relevant radiology reports. 
Performance was evaluated using both natural language generation metrics and clinical accuracy measures. 
Quantitative Evaluation 
The performance of the proposed model was measured using standard metrics such as BLEU, ROUGE, and CIDEr. These 
metrics evaluate the similarity between generated reports and ground-truth reports. 

Table 1. Comparison with review literature 
Model BLEU-1 BLEU-4 ROUGE-L CIDEr 

CNN–RNN Model 0.62 0.28 0.45 0.85 
Transformer Model 0.68 0.35 0.52 0.98 

Proposed (Med-Gemma) 0.74 0.42 0.60 1.15 
 
Qualitative Analysis 
The generated reports were analyzed for clinical correctness and structure. The proposed system successfully produced 
well-organized reports with clear “Findings” and “Impression” sections. Compared to baseline models, it showed better 
coherence, improved abnormality detection, and reduced redundancy. 



IRJCS: International Research Journal of Computer Science                                      ISSN: 2393-9842 
                Volume 13, Issue 03, March 2026                                                                     https://www.irjcs.com/archives 

   https://doi.org/10.26562/irjcs.2025.v1303.60 

_________________________________________________________________________________________ 
IRJCS: ©2014-26,    AM Publications, India - All Rights Reserved            https://doi.org/10.26562/irjcs         Page-448 

Clinical Accuracy Evaluation 
To assess medical reliability, generated reports were compared using clinical label extraction methods. The proposed 
system demonstrated higher agreement with ground- truth labels, indicating improved diagnostic relevance. 
Discussion 
The results indicate that the proposed system outperforms traditional CNN–RNN and transformer-based approaches. 
The integration of cross-modal alignment and domain- specific knowledge enables more accurate and context-aware 
report generation. However, minor limitations such as occasional mission of rare findings and dependency on dataset 
quality were observed. 

6. CONCLUSION 
This paper presented an automated radiology report generation system using Med- Gemma, a domain-specific Vision–
Language Model. The proposed approach integrates visual feature extraction, cross-modal alignment, and transformer-
based language generation to produce structured and clinically relevant radiology reports from chest X- ray images. 
Experimental results demonstrate that the system outperforms traditional CNN–RNN and standard transformer-based 
models in terms of textual quality and clinical accuracy. The generated reports show improved coherence, reduced 
redundancy, and better alignment with visual evidence, there by minimizing hallucinated findings. The system effectively 
generates standardized “Findings” and “Impression” sections, supporting radiologists by providing fast and consistent draft 
reports. Although challenges such as data dependency and the need for clinical validation remain, the proposed 
framework serves as a reliable clinical decision-support tool. Overall, this work highlights the potential of domain-adapted 
multimodal models in enhancing radiology workflows and advancing AI-assisted healthcare systems. 

7. FUTURE WORK 
Future research can focus on enhancing the proposed system based on Med-Gemma by in corporating additional 
multimodal inputs such as patient history, laboratory reports, and prior imaging studies to improve clinical reasoning and 
contextual understanding. Integrating temporal information from sequentials can scan further enable better analysis of 
disease progression. Another important direction is the inclusion of knowledge-based systems using medical ontologies 
and structured representation store ducehallucinations and improve factual accuracy. Developing explainable AI 
techniques, such as attention visualization and region highlighting, can increase transparency and trust among clinicians. 
Further improvements can be achieved by fine-tuning the model on larger and more diverse medical datasets to handle 
rare pathologies and improve generalization. Real-time deployment and integration with hospital systems such as PACS 
and electronic health records (EHR) should also be explored. Finally, incorporating human-in-the-loop validation and 
reinforcement learning from expert feedback can enhance the reliability and safety of the system, making it more suitable 
for clinical adoption. 
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