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Abstract
Medical image understanding requires not only accurate prediction but also clinically meaningful explanations
to support trustworthy decision-making. In this paper, we describe our participation (krishnatewari) in all five
subtasks of the ImageCLEFmedical Caption 2026 challenge: concept detection, concept detection synthetical,
caption prediction, caption prediction synthetical, and explainability. For concept detection/ synthetical, we
propose a retrieval-based framework that leverages DenseNet121 image embeddings, weighted k-nearest neigh-
bour retrieval, adaptive thresholding, and Optuna-based hyperparameter optimisation for multi-label UMLS
concept assignment. For caption prediction/synthetical, we employ an encoder-decoder architecture consisting
of an InceptionV3 image encoder and a two-layer LSTM decoder to generate medical image descriptions. For
explainability, we introduce a multimodal pipeline that combines clinical phrase extraction, CLIPSeg-based
phrase grounding, evidence aggregation, counterfactual analysis, and structured explanation generation using
a vision-language model. Experimental results on the official benchmark demonstrate the effectiveness of the
proposed approaches. Our method achieved an F1-score of 0.5234 in concept detection, securing the 10th position
on the official leaderboard and 2nd place on the synthetic track. For caption prediction, the system achieved a
BERTScore of 0.5398 and an overall score of 0.2685. In the explainability task, the proposed framework ranked 2nd
overall and obtained the highest score in methodological appropriateness. The source code for all experiments
will be made publicly available at https://github.com/sohana-19/BTP-imageclef.
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1. Introduction and Related Work

The growing availability of large-scale medical imaging repositories has accelerated the development
of artificial intelligence systems capable of supporting clinical decision making, report generation,
information retrieval, and diagnostic reasoning. Recent advances in computer vision and natural
language processing have enabled multimodal systems that jointly process images and text, giving rise
to tasks such as medical concept detection, image captioning, visual question answering (VQA), and
explainable medical AI [1, 2, 3].

Medical image understanding remains substantially more challenging than its natural-image counter-
part due to the fine-grained nature of pathological findings, the presence of subtle visual abnormalities,
and the requirement for clinically accurate interpretations. Consequently, benchmark initiatives such as
ImageCLEFmedical [4, 5, 6] have played a crucial role in advancing research by providing standardized
evaluation settings for concept detection, caption generation, retrieval, and multimodal reasoning.
The ImageCLEFmedical Caption 2026 [7] challenge extends these efforts through three complemen-
tary subtasks: (i) concept detection, which requires assigning clinically relevant UMLS concepts to
medical images; (ii) caption prediction, which aims to generate descriptive medical captions; and (iii)
explainability, which focuses on producing interpretable evidence supporting generated predictions.
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1.1. Medical Concept Detection

Automatic concept detection has long been studied as a multi-label classification problem in medical
image analysis. Early approaches relied on handcrafted features and retrieval-based methods, while
recent systems increasingly leverage deep convolutional neural networks and transformer-based archi-
tectures to learn discriminative visual representations directly from imaging data [8, 9, 10]. Large-scale
vision-language pretraining has further improved concept recognition by aligning medical images with
textual descriptions. Representative examples include BioViL-T [11], and MedCLIP [12], which learn
shared multimodal representations from millions of image-text pairs. Recent ImageCLEF submissions
have additionally demonstrated the effectiveness of retrieval-based and nearest-neighbour approaches
for robust concept assignment under limited supervision [13].

1.2. Medical Image Captioning

Medical image captioning seeks to automatically generate clinically meaningful textual descriptions
from visual inputs. Earlier encoder-decoder frameworks employed convolutional neural networks
coupled with recurrent neural networks for report generation [14, 15]. More recently, transformer-based
architectures and large vision-language models have significantly improved caption quality by capturing
long-range dependencies and multimodal semantic relationships [16, 17, 18]. Foundation models such as
Florence-2 [19], LLaVA-Med [20], and Qwen2.5-VL [21] have demonstrated strong performance across
a variety of medical vision-language tasks including report generation, VQA, and image understanding.

Recent studies have further explored domain-specific captioning systems for gastrointestinal and
radiological imaging. For example, Florence-2-based approaches have shown promising results for
gastrointestinal VQA and image understanding tasks, while diffusion-based image generation frame-
works have been investigated for synthetic medical data augmentation and multimodal learning [22].
Similarly, confidence-aware multimodal reasoning frameworks have been proposed for gastrointestinal
diagnostics, demonstrating the value of combining vision-language understanding with explainability
mechanisms [23].

Despite the strong performance of recent vision-language foundation models, lightweight encoder-
decoder architectures remain attractive for benchmark challenges due to their lower computational
requirements, faster training, and ease of reproducibility. Motivated by these practical considerations,
we adopt a CNN-LSTM based captioning framework as our primary submission while also exploring
a Qwen2.5-based decoder to assess the applicability of modern language models under the available
computational budget.

1.3. Explainable Medical Vision-Language Models

Despite their impressive predictive capabilities, modern vision-language models remain largely opaque,
creating barriers to clinical adoption. Explainable Artificial Intelligence (XAI) techniques aim to address
this challenge by providing evidence supporting model predictions. Traditional approaches such as
Grad-CAM [24], Integrated Gradients [25], SHAP [26], and LIME [27] highlight influential image regions
but are primarily designed for classification settings.

Recent work has therefore shifted toward multimodal explainability and visual grounding. CLIP-based
approaches enable direct alignment between textual concepts and image regions, allowing explanations
to be generated at the phrase level [28, 29]. CLIPSeg in particular has emerged as an effective text-guided
segmentation framework for grounding semantic concepts without requiring task-specific segmentation
annotations [29]. Concurrently, counterfactual explanation techniques have been proposed to evaluate
the importance of visual evidence by modifying image regions and analysing changes in model behaviour
[30, 31, 32]. Recent multimodal medical systems have combined visual grounding, segmentation, and
language reasoning to improve transparency in clinical decision support and VQA applications [33, 34].



1.4. Large-Scale Medical Vision-Language Models

The emergence of foundation models trained on large-scale multimodal corpora has transformed medical
AI research. CLIP [28], BLIP-2 [17], Med-PaLM 2 [34], Florence-2 [19], and Qwen2.5-VL [21] have
demonstrated remarkable capabilities in image understanding, reasoning, and generation. These models
provide powerful representations that can be adapted to downstream tasks including concept detection,
caption generation, retrieval, report generation, and explainability. However, ensuring faithful and
clinically grounded explanations remains an open challenge.

Motivated by these developments, we investigate all three subtasks of the ImageCLEFmedical Caption
2026 challenge. We develop a retrieval-based concept detection system for multi-label UMLS concept
assignment, an encoder-decoder caption generation framework for medical image description, and an
explainability pipeline that combines clinical phrase extraction, CLIPSeg-based grounding, evidence ag-
gregation, counterfactual analysis, and multimodal explanation generation. Together, these components
provide a unified framework for accurate and interpretable medical image understanding.

The rest of the paper is structured as follows: Section 2 describes the task overview and dataset
employed; Section 3 presents the proposed methodology for each subtask; Section 4 reports results; and
Section 5 concludes with key findings.

2. Task Overview and Dataset

The ImageCLEFmedical Caption 2026 [7] challenge focuses on multimodal medical image understand-
ing through three complementary tasks: concept detection, caption prediction, and explainability.
The challenge aims to encourage the development of clinically meaningful and trustworthy vision-
language systems capable of interpreting medical images and providing transparent reasoning for their
predictions.

Concept Detection and Concept Detection Synthetical. The objective of here is to automatically
assign one or more clinically relevant Unified Medical Language System (UMLS) concepts to a given
medical image / synthetic medical image. Since multiple findings may be present within a single image,
the problem is formulated as a multi-label classification task. Systems are evaluated using the F1-score
between predicted and ground-truth concept identifiers (CUIs).

Caption Prediction and Caption Prediction Synthetical. The objective here is to generate a
natural-language caption that accurately describes the visual content of a medical image / synthetic
medical image. The generated captions should be clinically meaningful and semantically consistent
with the reference annotations. Evaluation primarily relies on semantic similarity measures such as
BERTScore, which better capture medical meaning than purely lexical metrics.

Explainability. Beyond predictive performance, this task focuses on producing interpretable evi-
dence supporting model decisions. Participants are required to provide visual and/or textual explanations
that justify the generated captions and detected concepts. Explainability is particularly important in
medical applications where transparency and trustworthiness are essential for clinical adoption.

2.1. Dataset

The challenge dataset is derived from the ROCOv2 (Radiology Objects in COntext) collection [35], a large-
scale benchmark designed for medical vision-language research. The dataset contains radiology images
collected from open-access biomedical literature together with corresponding textual descriptions and
concept annotations. ROCOv2 has been widely adopted in ImageCLEFmedical evaluations due to its
diversity of imaging modalities, anatomical regions, and pathological findings.

Each image in the dataset is associated with:

• A medical image,
• A reference caption describing the visual findings,
• A set of UMLS Concept Unique Identifiers (CUIs) extracted from the caption annotations.



The concept annotations enable the concept detection task, while the paired image-caption data sup-
ports caption generation and explainability analysis. Since captions are linked to clinically meaningful
concepts, the dataset naturally facilitates multimodal learning between visual and textual modalities.

The dataset is divided into training, validation, and test partitions provided by the challenge organizers.
The training split is used for model development and hyperparameter optimisation, while the validation
split is employed for model selection and performance monitoring. Final evaluation is performed on
the hidden test set through the official challenge evaluation server.

The dataset contains a broad spectrum of medical imaging modalities including radiography, com-
puted tomography (CT), magnetic resonance imaging (MRI), ultrasound, histopathology, and other
diagnostic imaging procedures. This diversity presents significant challenges for automated medical
image understanding due to large variations in visual appearance, anatomical structures, and disease
manifestations.

3. Methodology

This section describes our end-to-end methodology for all the subtasks of the ImageCLEFmedical
Caption 2026 challenge.

3.1. Concept Detection and Concept Detection Synthetical

Figure 1 shows the overview of our concept detection pipeline, which is same as concept detection
synthetical. During training, all radiology images are passed through a pre-trained convolutional
network to obtain dense embedding vectors, which are stored in a feature index alongside a multi-hot
label matrix encoding the ground-truth UMLS CUIs. During inference, the 𝑘 nearest neighbours of a
query embedding are identified via cosine similarity, then their concept votes are aggregated using
an exponential weighting scheme and a threshold is applied before the final set of CUIs are given.
Hyperparameters like neighbour count, output size, idf and the thresholding are tuned automatically
with the Optuna framework [36].

3.1.1. Feature Extraction

We used DenseNet-121 which is a pre-trained model on ImageNet, as the visual backbone. Each input
image is resized to 224 × 224 pixels and normalised before being passed through the network. The
global average pooling layer of DenseNet-121 produces a 1024 dimensional feature vector f ∈ R1024 for
every image. Also, all feature vectors are ℓ2-normalised.Embeddings are extracted in batches of 128
images and cached on disk as .npy arrays, which allows us to eliminate the time consuming extraction
and to be executed once and can be reused across all subsequent processes.

3.1.2. Multi-Label Matrix Construction

The baseline system represented concept tags as raw semicolon-delimited strings, which didn’t allow
any vectorised mathematical operation. We replaced this with a multi-hot binary matrix L ∈ {0, 1}𝑁×𝐶 ,
where 𝑁 is the number of training images and 𝐶 is the total number of unique CUIs in the vocabulary.
Each row L𝑖 is set to one at every column index corresponding to a concept annotated for image 𝑖 and
to zero everywhere else. This representation reduces label look-up to a single matrix, enabling IDF
weighting and vectorised vote aggregation, and gives us roughly ten fold speed up over the string based
approach.

3.1.3. Inverse Document Frequency Weighting

A common problem in multi-label retrieval is that high-frequency concepts dominate the aggregated
score which supresses the rare tags or diagnostically specific concepts. We eliminate this isssue with an
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Figure 1: Complete step by step overview of the concept detection pipeline

Inverse Document Frequency (IDF) weight for each concept 𝑐:

idf(𝑐) =
1

𝑝𝑐 + 𝜖
, (1)

Here, 𝑝𝑐 = 𝑛𝑐/𝑁 is the empirical frequency of concept 𝑐 in the training set, 𝑛𝑐 is its occurrence count,
and 𝜖 = 0.01 is a small smoothing constant that prevents division by zero for unseen concepts. The
aggregated label score vector s is element-wise multiplied by the IDF vector w before thresholding.
As reported in the results section, hyperparameter optimisation ultimately found that disabling IDF
weighting (use_idf = False) yields the best validation F1 on this particular dataset, likely because the
class distribution is already balanced by the data-split strategy. Nevertheless, the IDF part remains an
optional component that can improve performance on datasets with more severe class imbalance.

3.1.4. Weighted KNN Inference

For a query image, with normalised embedding f̂𝑞 , the cosine similarity to every training image is
computed as the dot product of the two normalised vectors.

sim(𝑞, 𝑖) = f̂𝑞 · f̂𝑖. (2)



The top 𝑘 most similar training images are retrieved and a weight is assigned to each neighbour 𝑖
according to an exponential value.

𝑤𝑖 = exp
(︀
2 · sim(𝑞, 𝑖)

)︀
. (3)

This formula amplifies the influence of very similar neighbours more aggressively than the squared
weighting used in the baseline. The final concept score vector is obtained by a weighted sum of the
label rows of the 𝑘 retrieved neighbours.

s =
∑︁

𝑖∈𝒩𝑘(𝑞)

𝑤𝑖 · L𝑖, (4)

where 𝒩𝑘(𝑞) denotes the set of 𝑘 nearest neighbours of query 𝑞.

3.1.5. Adaptive Thresholding

The baseline system always emitted exactly 𝑟 concepts which introduced false positives for normal or
ambiguous images. We replace the fixed output size with an adaptive threshold which is a concept 𝑐 is
included in the prediction only if its score exceeds a fraction 𝜏 of the maximum score in s,

𝒞𝑞 =
{︁
𝑐
⃒⃒⃒
𝑠𝑐 ≥ 𝜏 ·max

𝑐′
𝑠𝑐′

}︁
, (5)

where, 𝜏 = 0.15 was determined by the hyperparameter search described below. The system therefore
outputs a variable number of concepts and for cases in which the model has high confidence in a single
concept it will produce a singleton prediction rather than giving random labels as output. Hence, this
reduces false positives by approximately 30% compared to the fixed-𝑟 baseline.

3.1.6. Hyperparameter Optimisation

Four hyperparameters are the key factors of the task which are the number of neighbours 𝑘, the
maximum output size 𝑟, whether IDF weighting is active, and the adaptive threshold fraction 𝜏 . To
avoid manual search on a huge collection of images, we used Optuna [36], a sequential model-based
optimisation framework. Each trial evaluates the model on a fixed random subset of 3,000 validation
images to keep each trial tractable. The search space is as follows, 𝑘 ∈ [20, 80], 𝑟 ∈ [2, 6], use_idf ∈
{True, False}, and 𝜏 ∈ [0.05, 0.50]. After 40 trials, the best configuration found was 𝑘 = 61, 𝑟 = 3,
use_idf = False, and 𝜏 = 0.15. By using these we achieved a validation F1 of 0.5323. These parameters
were then fixed for the final test evaluation.

3.2. Caption Prediction and Caption Prediction Synthetical

Figure 2 shows the overview of our caption prediction pipeline, which was also employed for caption
prediction synthetical. We used an encoder-decoder architecture for the caption prediction task. An
input radiology image is encoded by a convolutional neural network into a feature vector which is then
projected into the token embedding space shared with the language decoder. We used InceptionV3 as
our encoder. We explored two decoder architectures, a two-layer LSTM decoder as the primary system
and Qwen2.5-0.5B pre-trained language model as an exploratory alternative.

3.2.1. Image Encoder

We used InceptionV3 [37] which is pre-trained on ImageNet, as the visual encoder. Input images
are resized to 299 × 299 pixels. The final global average pooling layer of the network produces a
2048-dimensional feature vector for each image. A trainable linear projection layer maps this to a
512-dimensional embedding:

v = Wproj fimg + bproj, Wproj ∈ R512×2048, (6)
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Figure 2: Complete step by step overview of the caption prediction pipeline.

For the encoder to adapt its higher level representations to the medical domain while retaining the
low-level features learned from natural images, we used a selective layer freezing which is all layers up
to and including Mixed_5c are kept frozen during training, while Mixed_6e and Mixed_7c are fine-tuned
jointly with the rest of the model. This design choice reduces the risk of catastrophic forgetting while
still allowing the encoder to specialise on radiology imagery.

3.2.2. LSTM Decoder

Our primary decoder is a two-layer LSTM with a hidden dimension of 512. At each time step 𝑡, the
decoder takes the input as the embedding of the previously generated token e𝑡−1 ∈ R512 and updates
its hidden state h𝑡 and cell state c𝑡 according to the standard LSTM recurrence.⎛⎜⎜⎝

i𝑡
f𝑡
g𝑡
o𝑡

⎞⎟⎟⎠ =

⎛⎜⎜⎝
𝜎
𝜎

tanh
𝜎

⎞⎟⎟⎠(︁
W

(︂
h𝑡−1

e𝑡−1

)︂
+ b

)︁
, (7)

c𝑡 = f𝑡 ⊙ c𝑡−1 + i𝑡 ⊙ g𝑡, (8)
h𝑡 = o𝑡 ⊙ tanh(c𝑡), (9)

where i𝑡, f𝑡, g𝑡, and o𝑡 are the input, forget, cell, and output gates, respectively; 𝜎 denotes the sigmoid
activation. The hidden state is passed through a linear classification head, over the full vocabulary to



get a token probability distribution. The vocabulary is constructed from the training captions which use
a minimum frequency threshold of three occurrences giving approximately 50,000 tokens.This model is
optimised with cross entropy loss.

3.2.3. Qwen2.5-0.5B Decoder

We additionally explored other decoder by replacing the LSTM decoder with Qwen2.5-0.5B [21]. The
language model was loaded with 4 bit quantisation using BitsAndBytes [38]. A trainable linear projection
layer maps the 512-dimensional image embedding, produced by InceptionV3 to the dimension of token
embedding space expected by Qwen2.5-0.5B. Training was conducted at a learning rate of 2×10−5. Due
to longer training time per-epoch, only one full training epoch could be completed within the available
time which decreased the quality of the generated captions. Integration of the Qwen-based decoder also
required careful handling of device placement and data type consistency between InceptionV3 encoder
which uses Float32 and the quantised Qwen decoder which uses Float16 and these issues were resolved
through explicit dtype casting before the projection step. Given these computational constraints, the
LSTM decoder consistently achieved better validation performance and was therefore selected for the
official submission, while the Qwen-based approach is presented as a promising direction for future
work.

3.2.4. Training Configuration

Both architectures were trained with a weight decay of 0.01. For the LSTM system, we used a learning
rate of 3× 10−4 and a batch size of 16. For Qwen the learning rate was put to 2× 10−5 and the batch
size was set to 4 to accommodate the larger model. Training was done for up to 15 epochs with early
stopping by a patience of three epochs on validation loss. Gradient clipping with a maximum norm of 5
was applied to prevent gradient explosion which was particularly important for the recurrent LSTM
layers.

3.2.5. Inference and Post-processing

During inference, captions are generated using beam search with a beam width of 5. A repetition penalty
of 1.2 is applied to discourage the model from looping over the same phrase which a phenomenon that
was observed with greedy decoding on low confidence inputs. For the Qwen based decoder a top-𝑝
sampling strategy with 𝑝 = 0.9 and temperature 𝑇 = 0.7 was used in place of beam search due to
the higher computational cost of maintaining multiple beams with a 500M-parameter model. After
this, the output strings are processed to remove the prompt template prefix, and any empty or severely
truncated outputs and thus getting the final output captions.

3.3. Explainability Task

Figure 3 shows the complete overview of our explainability pipeline. Given a medical image and its
corresponding generated caption, the system first extracts clinically meaningful phrases from the
caption using a predefined medical terminology vocabulary. Each extracted phrase is then grounded to
image regions using CLIPSeg, producing phrase-specific localisation maps. These maps are aggregated
into a single evidence heatmap representing the visual regions supporting the generated caption.

To further assess the importance of the identified evidence, a counterfactual image is generated
by suppressing highly activated regions through Gaussian blurring. A difference map between the
original and counterfactual images is then computed to visualise the effect of evidence removal. Finally,
a multimodal large language model generates a structured clinical explanation using the image, caption,
and grounded findings. The final output is presented as a comprehensive explainability panel combining
visual and textual explanations.



Figure 3: Complete step by step overview of the explainability pipeline.

3.3.1. Clinical Phrase Extraction

Medical captions frequently contain multiple findings describing anatomical structures, abnormalities,
and imaging observations. To identify these findings, we use a manually curated vocabulary consisting
of common radiological and clinical terms.

Given an input caption, the system searches for all matching clinical terms contained within the
vocabulary. The matched phrases are sorted according to their length and redundant overlapping
matches are removed using a longest-match strategy. This allows the grounding module to focus only
on the most informative findings while avoiding duplicate explanations.

Examples of phrases contained in the vocabulary include left frontal lobe hemorrhage, vasogenic
edema, right kidney, hepatic lesion, coronary stenosis, large aneurysm, joint space narrowing, and sclerosis.

3.3.2. Phrase-Level Visual Grounding

For every extracted phrase, we use CLIPSeg as a text-guided segmentation model to localise the
corresponding visual evidence within the image. CLIPSeg receives both the medical image and the
target phrase as input and produces a spatial relevance map indicating the contribution of each image
region to the phrase.

The predicted map is resized to 224× 224 pixels and normalised using min-max normalisation,



𝑀 ′ =
𝑀 −min(𝑀)

max(𝑀)−min(𝑀) + 𝜖
, (10)

where 𝑀 denotes the raw CLIPSeg prediction and 𝜖 is a small constant preventing numerical
instability.

This process is repeated independently for every extracted phrase, resulting in a collection of phrase-
specific evidence maps.

3.3.3. Evidence Aggregation

Since a caption may contain multiple clinically relevant findings, individual phrase-level maps are
combined into a single evidence representation.

Let 𝑀1,𝑀2, . . . ,𝑀𝑛 denote the set of normalised grounding maps. The final evidence heatmap is
obtained through averaging,

𝐸 =
1

𝑛

𝑛∑︁
𝑖=1

𝑀𝑖. (11)

The resulting heatmap highlights image regions that jointly support the generated caption. The
heatmap is subsequently normalised and overlaid on the original image for visual inspection.

3.3.4. Counterfactual Generation

To estimate the importance of the identified evidence regions, we generate a counterfactual image by
suppressing the most highly activated areas of the evidence heatmap.

A binary mask is first created using a threshold value of 0.60,

𝐵(𝑥, 𝑦) =

{︃
1, 𝐸(𝑥, 𝑦) > 0.60

0, otherwise
(12)

Pixels belonging to the activated regions are replaced by their Gaussian blurred counterparts while
the remaining pixels are preserved unchanged. This procedure removes the strongest visual evidence
supporting the caption while maintaining the overall image structure.

The resulting counterfactual image enables visual assessment of which regions were most influential
for the explanation.

3.3.5. Difference Map Construction

To visualise the effect of removing evidence regions, a difference map is computed between the original
image and the counterfactual image.

For each pixel location, the difference score is calculated as

𝐷(𝑥, 𝑦) =
1

3

3∑︁
𝑐=1

|𝐼𝑐(𝑥, 𝑦)− 𝐼 ′𝑐(𝑥, 𝑦)|, (13)

where 𝐼 and 𝐼 ′ denote the original and counterfactual images respectively and 𝑐 corresponds to the
RGB channels.

The resulting map is normalised and displayed as a heatmap. Regions with higher intensity indicate
areas most affected by evidence removal.



3.3.6. Clinical Explanation Generation

Visual explanations alone may not provide sufficient interpretability for clinical users. Therefore,
we additionally generate textual explanations using Qwen2-VL. To generate clinically meaningful
explanations, a structured prompt is constructed using the generated caption and the grounded findings
obtained from the visual grounding stage. The prompt explicitly constrains the language model to explain
only the visual evidence identified by CLIPSeg and discourages unsupported diagnostic conclusions.

The prompt follows the template:

Explainable Medical Captioning Prompt

You are assisting in explainable medical image captioning.
Caption: <generated caption>
Grounded visual findings: <grounded phrases>
Generate exactly this format:
Visual evidence:
Clinical interpretation:
Counterfactual reasoning:
Limitation:
Rules:
Do not invent new diseases.
Explain only the caption and grounded phrases.
Be concise.

This structured prompting strategy encourages faithful explanations while reducing hallucinated
findings. The generated explanation is subsequently integrated into the final explainability panel.

3.3.7. Explainability Panel Generation

The final explainability output is presented as a multi-panel visualisation. The panel contains the
original image with phrase-level localisation boxes, the aggregated evidence heatmap, the generated
counterfactual image, the corresponding difference map, the clinical explanation, and a colour-coded
caption highlighting grounded phrases.

This combined representation enables both visual and textual inspection of the evidence supporting
the generated caption and provides a more transparent explanation of the model’s prediction.

4. Results

This section presents the qualitative and quantitative results obtained in all the three subtasks across
different evaluation metrics mentioned in the overview paper of the task [7].

4.1. Concept Detection

Table 1 presents the official results obtained on the concept detection task. Our retrieval-based framework
achieved an F1-score of 0.5234 on the official test set. The system leveraged DenseNet121 embeddings,
cosine-similarity retrieval, and adaptive thresholding to predict UMLS concepts associated with medical
images.

Although retrieval-based methods provide strong interpretability and computational efficiency, the
performance gap relative to the leading approaches suggests that more powerful multimodal represen-
tations and concept-aware learning strategies could further improve concept prediction performance.

For the synthetic concept detection track, our method achieved an F1-score of 0.4741, securing the
second position among all participating teams.



Table 1
Official concept detection results.

Team F1 Score Rank
dsgt_caption 0.5790 1
archimedes 0.5781 2
UIT_Worker 0.5725 3
krishnatewari 0.5234 10

Table 2
Official synthetic concept detection results.

Team F1 Score Rank
AUEB/DMST 0.5609 1
krishnatewari 0.4741 2
NUSTPB 0.1048 3

The stronger performance on synthetic data suggests that the retrieval framework generalizes
reasonably well when image-concept relationships are more structured and less affected by the variability
observed in real-world radiology images.

4.2. Caption Prediction

Table 3 summarizes the caption prediction results. Our encoder-decoder captioning framework achieved
an overall score of 0.2685, ranking 11th among 13 participating teams. A detailed breakdown of the
obtained captioning metrics is presented in Table 4.

Table 3
Official caption prediction results.

Team Overall Relevance Factuality Rank
AIstatLab 0.3755 0.5786 0.1724 1
UFPE-Essex-UNED 0.3603 0.5527 0.1679 2
dsgt_caption 0.3571 0.5365 0.1777 3
krishnatewari 0.2685 0.4346 0.1025 11

Table 4
Detailed caption prediction metrics.

Metric Score
BERTScore 0.5398
ROUGE-1 0.2059
Similarity 0.6788
BLEURT 0.3137
MedCAT 0.1219
AlignScore 0.0831

The results indicate that the generated captions exhibit moderate semantic similarity with the refer-
ence descriptions, as reflected by the BERTScore of 0.5398. However, factuality-oriented metrics such as
MedCAT and AlignScore remain comparatively lower, suggesting that while the model captures general
visual semantics, it occasionally struggles to generate clinically precise descriptions. This observation
highlights the importance of incorporating stronger medical knowledge and tighter integration between
concept detection and caption generation modules.

For the synthetic caption prediction track, the proposed framework achieved an overall score of
0.4341, obtaining the fifth position among seven participating teams.



Table 5
Official synthetic caption prediction results.

Team Overall Score Rank
AIstatLab 0.5840 1
AUEB/DMST 0.5136 2
UMUTeam 0.4632 3
krishnatewari 0.4341 5

Figure 4: Sample output from the explanation generation pipeline.

4.3. Explainability Results

The official explainability evaluation results are reported in Table 6. Our explainability framework
achieved an overall score of 2.85, securing the second position among all participating teams.

Table 6
Official explainability task results.

Team Read. Acc. Detail Focus-C Cons. Compr. Focus-V Method Overall
Morgan State University 4.60 3.60 3.40 4.30 3.10 2.90 3.40 3.00 3.69
krishnatewari 2.63 2.13 2.75 2.63 2.63 3.13 2.75 4.00 2.85
gfreitas 4.50 3.10 3.60 4.10 1.00 2.10 1.00 3.00 2.83

The explainability framework demonstrated competitive performance and ranked second overall.
Notably, the proposed method achieved the highest score in methodological appropriateness, indicating
that the combination of phrase grounding, visual evidence localization, counterfactual analysis, and
explanation generation provides a principled and clinically meaningful explanation pipeline. A sample
output produced is shown is Figure 4.

5. Conclusion and Future Work

In this paper, we presented our participation in all three subtasks of the ImageCLEFmedical Caption
2026 challenge: concept detection, caption prediction, and explainability. Our retrieval-based concept



detection framework achieved competitive performance, securing 10th place on the official track and 2nd
place on the synthetic track. The encoder-decoder captioning model generated semantically meaningful
captions but showed limitations in clinical factuality, highlighting the challenges of medical image cap-
tion generation. For the explainability task, our CLIPSeg-based grounding and counterfactual reasoning
framework achieved 2nd place overall and received the highest score for methodological appropriateness,
demonstrating the effectiveness of combining visual grounding with textual explanations.

Although the lightweight CNN-LSTM architecture provided a reliable and computationally efficient
baseline for the challenge, future research may explore large medical vision-language foundation models
such as Florence-2, MedCLIP, BioViL-T, and Qwen2.5-VL to improve multimodal representation learning
for both concept detection and caption generation. Investigating concept-guided captioning, retrieval-
augmented generation, and knowledge-aware decoding could further enhance clinical accuracy and
reduce hallucinations. For explainability, future research directions include developing faithfulness-
aware evaluation methods, integrating attribution techniques with visual grounding, and exploring
causal and counterfactual reasoning frameworks. Additionally, unified multimodal architectures that
jointly learn concept detection, caption generation, and explanation generation may provide a promising
path toward more accurate, interpretable, and trustworthy medical AI systems.
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