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Abstract
In this paper, we present the participation of UMUTeam in the ImageCLEFmed Caption 2025 challenge. We
participated in two subtasks: caption prediction and concept detection, for which we used a two-stage vision-
language system. For caption prediction, we fine-tuned the BLIP model on a large-scale radiology dataset,
optimizing with a composite relevance metric that combines BERTScore, ROUGE-1, and exact match similarity.
Our approach achieved the highest overall score in this subtask, ranking first with a final score of 0.3771. For
concept detection, we implemented a hybrid pipeline combining named entity recognition based on SciSpacy and
SapBERT-based embedding retrieval with a BERT-based sequence classifier for reranking and filtering UMLS
concept candidates. Although the semantic retrieval component ensured high recall, false positives caused by
class imbalance and entity ambiguity limited the system’s performance, resulting in a final F1-score of 0.2398.
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1. Introduction

Interpreting medical images is a central task in clinical diagnostic and follow-up workflows. It remains
one of the most time-consuming and resource-intensive tasks in healthcare. Imaging modalities such as
X-rays, computed tomography (CT), and magnetic resonance imaging (MRI) produce large volumes
of visual data that must be carefully examined by trained specialists. This process demands extensive
medical training and clinical expertise, making it both costly and labor-intensive. Several studies have
shown that manual analysis of medical images significantly slows clinical workflows, affecting multiple
stages, from initial screening to generating final diagnostic reports [1, 2].

In this context, automatic systems designed to support medical image interpretation have emerged
as a promising solution for enhancing clinical efficiency. In particular, the development of models
based on Machine Learning (ML) and Deep Learning (DL) techniques capable of generating informative
and clinically relevant textual descriptions from visual data, commonly referred to as medical image
captioning, has attracted increasing attention in recent years. Unlike traditional image captioning in
general computer vision, generating captions for medical images requires the integration of structured
biomedical knowledge and a high degree of semantic accuracy, since even minor errors can have serious
consequences [2]. This challenge is addressed by the ImageCLEFmed Caption task [3], a dedicated
subtask of the broader ImageCLEF initiative [4], which is held annually as part of the Conference and
Labs of the Evaluation Forum (CLEF).

The ImageCLEFmed Caption task directly addresses these challenges by proposing a benchmarking
framework to evaluate automatic systems that associate medical images with semantically meaningful
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textual output. The task has evolved significantly over the years, incorporating lessons learned and
responding to community feedback. In the first two editions, held in 2017 and 2018, the dataset featured a
wide variety of medical content and imaging contexts. In 2019, the training set was restricted exclusively
to radiology images, and in 2020, modality-specific metadata was introduced to support pre-processing
and multi-modal approaches. The 2021 edition focused on enhancing the clinical relevance of the data
by using real radiology images annotated by medical professionals. However, acquiring large numbers
of such high-quality images remains a challenge. In 2022, an extended version of the 2020 dataset was
adopted. New evaluation metrics were introduced for the caption prediction subtask, with the aim of
improving evaluation fidelity. By 2023, the dataset had undergone several improvements, addressing
issues such as excessive concept granularity, lemmatization errors, and duplicate captions. Based on
the results of those editions, BERTScore was adopted as the primary evaluation metric for caption
prediction.

The 2025 edition of the ImageCLEFmed Caption task includes the following subtasks:

• Concept Detection Task: This subtask focuses on identifying relevant medical concepts based
on the visual content of images. It forms the foundation for understanding image scenes by
detecting the components from which captions are composed. Detected concepts can also support
downstream tasks such as context-aware image retrieval. Evaluation is performed using standard
set coverage metrics, including precision, recall, and F1-score.

• Caption Prediction Task: In this subtask, the objective is to generate full, coherent captions
for each image, using both the visual information and the detected concept vocabulary. In this
case, BERTScore will be the primary evaluation metric, complemented by ROUGE as a secondary
metric. Additional metrics such as MedBERTScore, MedBLEURT, and BLEU will also be reported.

For this edition, an automatic system was proposed by our research group for both caption prediction
and concept detection. For the captioning subtask, the BLIP model1 [5] was fine-tuned on the official
training dataset, which consists of image–caption pairs derived from PubMed Central articles. During
training, a composite relevance metric combining BERTScore, ROUGE, and lexical similarity was
employed to guide model selection and evaluate semantic fidelity.

For the concept detection subtask, biomedical entities were first extracted from the generated captions
using SciSpacy [6]. These entities were then normalized to UMLS Concept Unique Identifiers (CUIs) using
semantic similarity based on SapBERT embeddings [7]. To improve precision, a reranking mechanism
was introduced based on a BERT-based sequence classification model, fine-tuned to distinguish valid
entity–concept pairs from unrelated matches. This model served as a semantic filter, refining the
top-n CUI candidates by predicting their relevance to the original entity mention. The reranker helped
reduce false positives and increased the accuracy of concept detection by ensuring that only clinically
meaningful matches were retained.

These working notes are structured as follows. Section 2 provides a summary of key aspects related
to the task setup and background. Section 3 describes our approach in detail, outlining the architecture
and components of our system. The results of our experiments are presented and discussed in Section 4.
Finally, Section 5 concludes the paper with a summary of our findings and directions for future work.

2. Related works

The task of generating structured textual descriptions from medical images intersects multiple research
domains, including computer vision, Natural Language Processing (NLP), and multimodal representation
learning. In recent years, this field has experienced significant growth due to the increasing availability
of annotated medical data and the emergence of pretrained models for both vision and language.

Medical image captioning aims to automatically produce descriptive text that summarizes the visual
content of medical images. This is particularly relevant in different medical domains, such as radiology,
CT, and among others, where textual reports accompany each scan and provide critical information for
1https://huggingface.co/Salesforce/blip-image-captioning-base

https://huggingface.co/Salesforce/blip-image-captioning-base


diagnosis and treatment decisions. Unlike generic image captioning datasets, such as MSCOCO [8] or
Flickr30k [9], medical captioning requires models to handle domain-specific terminology, high levels of
semantic precision, and context-dependent information.

Initial approaches in this area relied on encoder-decoder architectures, typically using Convolutional
Neural Networks (CNNs) for image encoding [10] and Recurrent Neural Networks (RNNs) or LSTM
variants [11] for text generation. In [12], the authors proposed a hierarchical LSTM with co-attention
mechanisms trained on the IU X-ray dataset, which became a benchmark in this field. In addition, [13]
further improved fluency and accuracy by incorporating clinical entity constraints and reinforcement
learning to guide caption generation.

As transformer-based models gained popularity, researchers began adapting pretrained architectures
for radiology. The BLIP model [5] introduced a unified vision-language framework based on image
transformers and vision-language pretraining, demonstrating promising results in general and medical
domains. Recently, models such as GIT [14] and Flamingo [15], have also been explored in biomedical
captioning tasks, although they often require domain-specific fine-tuning to maintain clinical validity.
It should be noted that evaluation for this type of task remains a challenge. Traditional metrics such
as BLEU or ROUGE often fail to capture clinical correctness. BERTScore, which leverages contextual
embeddings, has been shown to correlate more closely with expert judgments in medical NLP tasks and
has become a standard evaluation metric in benchmarks such as ImageCLEFmed since 2021.

The detection and normalization of biomedical concepts from image descriptions or free text is another
critical subtask, particularly when aiming to build explainable or retrievable multimodal representations.
Named Entity Recognition (NER) and Concept Normalization (CN), also referred to as Medical Entity
Linking, are often addressed jointly in medical NLP pipelines.

Traditional tools utilize rule-based systems and dictionary lookups over the UMLS to identify and
normalize clinical terms. However, their rigidity and limited scalability have led to the development
of embedding-based approaches. To address this, SciSpacy [16] has emerged as a modern NLP library
built on spaCy and pretrained on biomedical corpora. It provides NER capabilities along with flexible
entity linking modules and fast inference times. With the advent of contextualized language models
and pretrained architectures such as BERT [17], RoBERTa [18], and XLM-RoBERTa [19], it is now
possible to perform similarity-based retrieval more effectively. SapBERT [20] and PubMedBERT [21]
are two domain-specific transformers trained on biomedical literature and concept alignment tasks.
These models project entity mentions and concept definitions into a shared embedding space, enabling
semantic retrieval of the most relevant UMLS concept for a given span.

Nevertheless, embedding similarity alone may produce noisy or semantically close but incorrect
matches. To address this, recent work has introduced reranking mechanisms, where a secondary model
(typically a sequence classifier) is trained to assess the compatibility between the entity and candidate
concept definitions.

For this reason, a similar multi-stage approach was adopted in our system. The pipeline combined
domain-adapted embeddings from SapBERT for initial concept retrieval with a BERT-based sequence
classification model trained to rerank and validate candidate CUIs. This design allowed high recall to be
maintained while improving concept relevance and overall precision in the concept detection subtask.
Similarly, for caption generation, the system built upon state-of-the-art vision–language models such
as BLIP, leveraging both pretrained image–text alignment and domain-specific fine-tuning to generate
clinically meaningful descriptions.

3. Methodology

Our system addressed the two subtasks of the ImageCLEFmed Caption 2025 challenge: caption pre-
diction and concept detection. We designed a modular architecture that integrates state-of-the-art
vision–language models for caption generation with an entity linking pipeline based on biomedical
embeddings and a reranking mechanism for concept normalization.



3.1. Dataset

For both subtasks, the ROCOv2 (Radiology Objects in Context Version 2) dataset [22], provided by the
organizers, was used. This dataset is an updated and extended version of the original ROCO dataset. It
was specifically designed for medical image understanding and is derived from open-access articles in
the PubMed Central (PMC) OpenAccess subset. The dataset includes curated radiology images extracted
from biomedical literature, each accompanied by a descriptive caption and manually controlled UMLS
concept annotations. This structured metadata supports both semantic evaluation and downstream
tasks such as information retrieval and concept linking.

The dataset is divided into the following subsets: 80,091 radiology images for training, 17,277 images
for validation, and 19,267 images for testing. In this work, the dataset was specifically used for the
first task, caption prediction, where the objective is to automatically generate descriptive and clinically
meaningful captions for radiology images.

For the second subtask, concept detection, the same dataset (ROCOv2) was also used to extract
biomedical entities from the image captions and associate them with UMLS concepts. To train a BERT-
based reranking model for concept normalization, a labeled dataset was generated based on the original
training and validation splits. The SciSpacy framework was employed to extract medical named entities
from the captions, and for each entity, the top 20 most similar UMLS concepts were retrieved using
cosine similarity over embeddings produced by a SapBERT model.

These candidate pairs were then labeled as positive or negative depending on whether the associated
CUI was present in the gold standard annotations. Additionally, for concepts missed during the top-20
retrieval, semantic similarity between the UMLS term and the detected entities was used to construct
additional positive examples. This process resulted in a balanced dataset for training and validating the
BERT-based sequence classifier, which was employed to rerank and filter noisy candidate concepts. The
resulting dataset statistics are presented in Table 1.

Table 1
Datasets statistics for training a reranked model based on BERT

label train val total

positive 387.828 62.305 450.133
negative 2.275.520 508.996 2.784.516

total 2.663.348 571.301 3.234.649

3.2. Caption prediction task

To generate captions from medical images, we adopted a fine-tuning strategy based on the BLIP
architecture. Specifically, we used the Salesforce/blip-image-captioning-base [23] model,
which was selected due to its strong performance on general image captioning benchmarks and its
design as a unified vision-language model. BLIP integrates a Vision Transformer (ViT) encoder with
a language model decoder in a flexible framework that supports both generation and understanding
tasks.

We fine-tuned this model on the dataset provided by the task organizers using the HuggingFace
Trainer API 2. The training set consisted of radiological images paired with expert-authored captions,
providing strong supervision for clinical image description. Each image was preprocessed using the
BLIP processor, which converts raw images and textual annotations into the appropriate tensor format
through normalization, tokenization, and padding/truncation.

Our training configuration was as follows: 5 training epochs, batch size of 4 for both training and
validation, a learning rate of 2 × 10−5, and evaluation at the end of each epoch. To evaluate model
performance, we designed a custom metric called relevance, which is the average of:

2https://huggingface.co/docs/transformers/main_classes/trainer
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• BERTScore (F1) [24], computed using the microsoft/deberta-xlarge-mnli [25] model,
which captures semantic similarity between predicted and reference captions.

• ROUGE-1 [26], which measures unigram overlap, serving as a proxy for lexical similarity.
• Exact Match Similarity, a binary score (1 or 0) that checks whether the predicted caption

exactly matches the reference.

These metrics were computed at the sentence level, and their means were combined into a single
scalar relevance score per batch. The final relevance score is computed as:

Relevance =
1

3
(BERTScore𝐹1 + ROUGE-1 + ExactMatch) (1)

This relevance metric served as the reference metric during training. At the end of each epoch,
the model checkpoint that achieved the highest relevance score on the validation set was saved and
used as the best model for downstream tasks. This approach ensured that model selection was based on
a comprehensive measure of clinical and semantic adequacy, rather than surface-level overlap alone.

3.3. Concept detection task

Following caption generation, the second subtask involved extracting standardized biomedical con-
cepts—specifically UMLS CUIs—from the generated captions. This task was approached using a hybrid
pipeline consisting of three components: entity recognition, candidate retrieval via embedding similarity,
and reranking via classification.

Biomedical named entities were first extracted from each caption using the en_core_sci_lg model
provided by SciSpacy [16], a high-performance NLP library designed for scientific and biomedical text.
This model was selected due to its training on relevant corpora and its ability to provide accurate
tokenization and entity segmentation for complex medical expressions.

Each extracted entity was then normalized by retrieving its top-𝑛 most semantically similar UMLS
concepts. For this step, SapBERT [27], a transformer-based model pretrained for biomedical concept
alignment, was employed. Embeddings were computed for both the entity mention and a dictionary of
UMLS terms (from the 2022AB UMLS release), and similarity was calculated using cosine distance.

This embedding-based retrieval strategy was chosen for its ability to capture synonyms and variations
in expression, which are common in medical language. Unlike simple string matching, SapBERT enabled
robust retrieval of conceptually aligned terms even when there was no exact lexical overlap.

While embedding similarity was effective at achieving high recall, it often introduced false positives
due to semantically adjacent but incorrect matches. To improve precision, a reranking module based on
bert-base-uncased was introduced and trained as a binary sequence classifier. This model received
the entity and a candidate concept term as input and predicted whether the candidate was a correct
normalization for the entity. As a result, the BERT-based classifier acted as a semantic filter that
eliminated noisy or ambiguous matches, yielding cleaner and more clinically accurate predictions.

At inference time, the pipeline proceeds as follows:

1. Extract named entities from the generated caption using SciSpacy.
2. For each entity, compute its embedding and retrieve the top-𝑛 closest UMLS concept candidates

using SapBERT similarity.
3. Use the BERT-based reranker to classify each candidate as relevant or not.
4. Return the CUIs that are positively classified. If no valid CUIs are detected, assign the label

UNKNOWN.

For the reranking stage, we fine-tuned a bert-base-uncased model as a binary classifier to
distinguish correct from incorrect entity-to-concept pairs. The model was trained with a batch size of
32, a learning rate of 2e-5, and maximum input sequence length set to 512 tokens. Tokenization was
performed with the corresponding pretrained tokenizer, and all inputs were padded to a fixed length.
Only the best-performing checkpoint was saved based on validation performance. An overview of
the full pipeline, including both caption generation and concept detection components, is shown in
Figure 1.
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Figure 1: Overview of our two-stage system pipeline for caption prediction and concept detection. The
model first generates a clinically relevant caption using a fine-tuned BLIP model. Biomedical entities are
then extracted and normalized to UMLS CUIs via embedding-based retrieval and re-ranking. Image source:
ImageCLEFmedical_Caption_2025_valid_0, CC BY, Shahzad et al., 2023.

4. Results

We submitted runs for both subtasks of the ImageCLEFmed Caption 2025 challenge and evaluated the
performance of our system according to the official metrics provided by the organizers.

For the Concept Detection subtask, performance was evaluated using the F1 score. Each prediction
was compared against the ground truth concepts using binary arrays, and the F1 score was calculated
per instance and averaged across the test set. Two types of F1 scores were reported: a primary score
considering all predicted and ground truth concepts, and a secondary score restricted to manually
annotated concepts.

For the Caption Prediction subtask, evaluation was based on two key aspects: relevance and factuality.
Relevance was assessed using semantic similarity (via embeddings), BERTScore, ROUGE-1, and BLEURT.
Factuality was evaluated through UMLS Concept F1 (using MedCAT and QuickUMLS) and AlignScore



(based on RoBERTa for factual alignment). The final system ranking was determined by the average
score across all six metrics, providing a balanced evaluation of both linguistic relevance and clinical
factual accuracy.

4.1. Caption prediction results

In the caption prediction subtask, our submission achieved the best overall performance among all
teams, with an overall score of 0.3432. Key evaluation metrics included:

• Overall: 0.3432
• Similarity: 0.9271
• BERTScore (Recall): 0.5977
• ROUGE-1: 0.2594
• BLEURT: 0.3230
• Relevance Average: 0.5268
• UMLS Concept F1: 0.1816
• AlignScore: 0.1375
• Factuality Average: 0.1596

To better understand the behavior of the model across epochs during training, we recorded the
evolution of the eval_relevance score. As shown in Table 2, the best checkpoint (epoch 4) achieved
a relevance score of 0.3581, which was selected as the final model for test submission.

Table 2
Validation relevance scores per epoch during BLIP fine-tuning on the validation split.

Epoch Eval Loss Relevance Score

1 0.1889 0.3462
2 0.1799 0.3539
3 0.1775 0.3573
4 0.1793 0.3581
5 0.1823 0.3569

This consistent improvement confirms the effectiveness of using a relevance-driven training criterion,
combining semantic and lexical measures to guide model selection.

4.2. Concept detection results

To improve concept selection precision on the validation split, we trained a reranking classifier using a
BERT-based sequence classification model. On the validation set of the reranked dataset, the classifier
achieved an overall accuracy of 90.42% and a macro-averaged F1-Score of 0.8002, as shown in Table 3.

Table 3
Validation results of the reranking model on the concept detection task on the validation split.

Label Precision Recall F1-score

Negative (0) 0.9787 0.9124 0.9444
Positive (1) 0.5392 0.8377 0.6561

Macro avg 0.7589 0.8751 0.8002
Weighted avg 0.9308 0.9042 0.9129

Finally, our approach obtained an official F1-Score of 0.2398, with a secondary F1-Score of 0.5377.
Although our score was lower than the top-ranking systems (F1 up to 0.5888), our pipeline produced



interpretable predictions based on semantic similarity and concept verification. However, a key limita-
tion of our method is that it lacks visual interpretability. This means that the model’s outputs cannot
be directly traced back to specific regions in the image, making it harder to understand which visual
features influenced the generated captions or extracted concepts.

4.3. Discussion

The overall performance of our system in the caption prediction subtask was strong, achieving the
best score across multiple semantic and relevance-based metrics. The use of a fine-tuned BLIP model,
coupled with relevance-driven model selection, allowed for the generation of coherent and clinically
meaningful image captions. In contrast, the concept detection subtask yielded more modest results.
Although our pipeline integrated advanced techniques such as SapBERT-based semantic retrieval and
BERT-based reranking, the final F1-Score on the test set was relatively low (0.2398). One of the main
limitations observed was the high number of false positives introduced during the retrieval stage.

As shown in our validation set statistics (Table 1), only 62,305 positive instances (correct UMLS
concepts) were available, compared to over 2.27 million negative instances. This extreme class imbalance
caused the reranking model to be highly sensitive to noise in the top-𝑛 retrieved concepts, especially
when entities were ambiguous or not well aligned semantically with UMLS entries. Despite achieving
high precision on the majority class (negative), the model struggled to confidently identify correct
concepts among the candidates. It should be noted that, in cases where no CUI could be retained,
we applied a fallback strategy by assigning the label UNKNOWN. This occurred in 10.81% of the test
instances. While this strategy ensured the robustness of the system, it affected the performance of
concept detection, especially in borderline cases where concepts were partially recognized, as shown in
the results obtained in the ranking.

5. Conclusions and further work

In this paper, we described the participation of UMUTeam in both subtasks of the ImageCLEFmed 2025
shared task in CLEF, using a modular system for concept detection and caption prediction.

For caption prediction, we fine-tuned the BLIP model using a relevance-based metric that combines
semantic, lexical, and exact-match evaluations. This resulted in strong performance, achieving the
highest overall score across all participants in this subtask.

For concept detection, we implemented a multi-stage pipeline combining entity recognition based on
SciSpacy with SapBERT-based semantic retrieval and a BERT-based reranker to filter noisy candidates.
While the system design is robust and interpretable, its performance was limited by a high number
of false positives and a strong class imbalance in the training data. The system showed difficulty in
confidently detecting correct concepts, especially when dealing with ambiguous or underrepresented
entities.

Thus, in future work, we aim to reduce both false negatives and false positives by training the
reranking model on a more balanced dataset. In addition, we plan to explore recent transformer
architectures capable of fusing image and text inputs (e.g., LLaVA) to enable end-to-end training for
captioning and concept detection within a shared embedding space. For example, in [28] explores
different approaches for fusing embeddings from multiple modalities, such as audio and image, for a
classification task. Furthermore, we intend to incorporate LLMs as selectors, leveraging their strong
performance in various NLP tasks, such as hate speech classification, as demonstrated in [29] and [30].
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