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Abstract. Chronic dermatological ulcers are a public health concern, with clin-
ical assessment subject to inter-observer variability. Content-Based Image Re-
trieval (CBIR) systems offer decision support, yet Transformer-based feature
extractors remain underexplored in this domain. This work presents a CBIR
system augmented with a Large Language Model (LLM) layer that summarizes
retrieved cases in natural clinical language. To inform its configuration, we
compare five Transformer extractors against handcrafted descriptors and a ran-
dom reference on a dataset labeled by tissue composition, using Precision @K,
MAP, macro-mAP, and NDCG@K with graded Jaccard relevance. The study
identifies a configuration with consistent performance across all metrics.

1. Introduction and related work

Many areas of medicine rely on expert visual assessment for diagnosis, treatment selec-
tion, and patient follow-up. Such assessment is subject to inter-observer variability, a
condition particularly accentuated among trainees still building the clinical repertoire re-
quired to distinguish subtle visual patterns [Forti et al. 2026]. The challenge is especially
pronounced in chronic dermatological ulcer care, a growing public health concern: in
2022, chronic wounds affected approximately 10.5 million Medicare beneficiaries in the
United States [Sen 2023], and pressure ulcers in particular have shown a consistent rise in
global burden over the past decades [GBD 2021 Decubitus Ulcers Collaborators 2025].
Visual complexity compounds the problem: tissue composition is heterogeneous, com-
bining granulation (red, viable), fibrin (yellow, devitalized), necrosis (dark), and callus
(thickened borders) in variable proportions [Blanco et al. 2020], hindering both initial
categorization and longitudinal follow-up.

Content-Based Image Retrieval (CBIR) systems address this need by returning,
for a query image, the most visually similar cases from a database, narrowing the se-
mantic gap between visual content and clinical interpretation. In the pressure ulcer do-
main, prior work from our research group includes ICARUS [Chino et al. 2018], which
uses local descriptors aggregated as Bag-of-Signatures, and the approach of Blanco
et al. [Blanco et al. 2020], which combines superpixels with convolutional networks
for locally coherent wound representations. The state of the art has since advanced
with Transformer-based architectures [ Vaswani et al. 2017] and Vision-Language Models
(VLMs), which produce semantically rich embeddings. Their application to cutaneous ul-
cers remains underexplored, and it is unclear whether general-purpose pretraining suffices
for the domain or whether biomedical variants offer consistent gains.
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Beyond retrieval itself, the professional must translate visual patterns into clinical
terms, a step that is particularly demanding for those in training. Large Language Models
(LLMs) can serve as a complementary interpretive layer, summarizing, in natural clini-
cal language, the predominant characteristics of the retrieved set. This work proposes a
CBIR system for cutaneous ulcers augmented by such a layer, whose configuration is in-
formed by a comparative study of five Transformer-based extractors against handcrafted
(traditional) and random baselines.

The main contributions of this work are: (i) a comparative study of Transformer-
based extractors CLIP, BiomedCLIP, SigLIP 2, DINOv2, PMC-CLIP against handcrafted
and random baselines in the cutaneous ulcer domain; (ii) identifying a configuration
with consistent performance across the evaluated metrics, considering extractor, similarity
function, and indexing strategy; and (iii) a functional CBIR system with an LLM-based
interpretive layer (Gemini 2.5 Flash) intended to support wound-care trainees.

2. Methodology

Dataset. The dataset (referred to here as ULCER-A) is from [Cazzolato et al. 2021],
and has 217 chronic dermatological ulcer images from Hospital das Clinicas de Ribeirao
Preto, multi-labeled by tissue composition (G=granulation, F=fibrin, N=necrosis,
C=callus) and imbalanced.

CBIR pipeline. The CBIR pipeline adopted in this work follows the classical three-
stage structure illustrated in Figure 1. Each database image is processed by a feature
extractor that produces an embedding vector representing its visual content. The resulting
vectors are organized into an indexing structure that supports efficient querying. Given
a query image, its embedding is computed and compared against those in the database
via a similarity function, returning the most similar items. An LLM-based interpretive
layer (detailed below) is added on top, operating only on the labels and similarities of the
retrieved set without affecting the retrieval process itself.
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Figure 1. Three-stage CBIR pipeline: feature extraction with the same model ap-
plied to both the query image and the database images, indexing of the re-
sulting embeddings, and similarity-based retrieval of the top-/K most simi-
lar cases.

Feature extractors. We selected five Transformer-based extractors covering
three representational paradigms. CLIP [Radford et al. 2021] (ViT-L/14) and
SigLLIP 2 [Tschannen et al. 2025] (large variant) represent contrastive image-text align-
ment on general-purpose corpora, with SigLIP 2 incorporating sigmoid loss and self-
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distillation techniques that position it as state of the art in zero-shot retrieval. DI-
NOv2 [Oquab et al. 2024] (large) adopts a purely visual self-supervised paradigm, trained
without textual alignment on a curated set of approximately 142 million images. Biomed-
CLIP [Zhang et al. 2023] (ViT-B/16) and PMC-CLIP [Lin et al. 2023](community-
released ViT-L/14 checkpoint) are variants of the CLIP architecture pretrained on biomed-
ical corpora extracted from PubMed Central, with 15M and 1.6M image-text pairs, re-
spectively. This composition allows us to analyze both the effect of the pretraining
paradigm and the potential gain from biomedical specialization for the target domain.

As low-level baselines, we considered seven traditional (handcrafted) descrip-
tors, each computing a feature vector over the same images as the Transformer extrac-
tors: LBP, edge histogram, color layout, scalable color, color structure, texture spectrum,
and a normalized color histogram. These descriptors capture isolated aspects of texture,
color, and contour, serving as a reference point to measure the effective gain provided by
Transformer-based extractors.

Images were processed using each model’s official preprocessing routines. Em-
beddings were used off-the-shelf, without fine-tuning, given the study’s focus on compar-
ing the quality of the pretrained representations themselves.

Indexing and similarity-based search. Embedding similarity is computed via co-
sine distance, with embeddings L2-normalized so that cosine similarity is equivalent
to the inner product. Indexing is performed with FAISS [Johnson et al. 2019] using
IndexFlatIP for exact search, kept for pipeline modularity. Queries return the top-
K items with the highest cosine similarity to the query embedding.

Evaluation metrics. Retrieval evaluation under multi-label scenarios, as in the dataset
used here, requires a careful definition of relevance. We adopt the Jaccard index between
the class sets of the query and the retrieved item: in binary form (strict Jaccard, threshold
0.5) for P@K, R@K, AP, and MAP, avoiding the metric inflation observed under looser
criteria in the presence of a dominant class, and as a continuous value for the graded gain
of NDCG @K, partially rewarding partial class overlaps.

To mitigate the strong imbalance (class G is present in roughly 74% of the images),
we also report macro-mAP per base class: for each class (G, F, N, C), we compute the
average AP over the queries whose label contains that class, and take the unweighted mean
of the four values. As an additional reference, we compute a random baseline in which,
for each query, the ranking of gallery items is drawn as a uniformly random permutation
rather than ordered by similarity; all retrieval metrics are then computed over this random
ranking. This is repeated via Monte Carlo (100 independent draws per query), and we
report the lift of each model as the ratio of its mean metric to the baseline’s.

LLMe-assisted interpretive layer. The interpretive layer transforms the retrieved set into
a descriptive reading expressed in natural clinical language. It is implemented with Gem-
ini 2.5 Flash, accessed via its official API, at a temperature of 0.3, balancing stylistic
stability with output fluency.

The prompt is structured in three parts. First, it provides context on the dataset’s
labeling criterion — tissue composition into granulation, fibrin, necrosis, and callus — and
the clinical meaning of each class, anchoring the model’s vocabulary to the wound-care
domain. Second, it presents the queried case, indicating only its label. Third, it provides
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a numbered list of the retrieved neighbors in descending order of similarity, with their
respective labels and similarity values. A central design choice is that the model receives
only labels and similarity values; no images are sent to the LLM. This grounds the textual
analysis on what the retrieval system actually returned, rather than on independent visual
reasoning about the lesion, and as a useful side effect allows the interpretive output to be
displayed in clinical contexts where exposing patient images would be undesirable.

Response guidelines instruct the model to describe the predominant tissue char-
acteristics of the retrieved set, comment on its internal coherence, and remark on any
divergence relative to the queried case’s label. As a safeguard, the prompt actively re-
stricts the model from issuing diagnostic statements or recommending treatment, keeping
the output as a descriptive reading of the retrieved set rather than an assessment of the
queried lesion.

3. Experiments and results

Experimental setup. Experiments were run in Python using PyTorch, t ransformers,
and FAISS. We adopt 5-fold cross-validation grouped by patient_id and stratified by
tissue composition: in each iteration, four folds form the search gallery and the remaining
fold provides the queries, ensuring that images from the same patient never appear simul-
taneously on both sides and preventing information leakage. The random seed is fixed
(seed=42) and all models share the same folds; each metric is reported as the mean over
five folds; standard deviations were below 0.10 for all models and metrics.

Comparative evaluation. Table 1 consolidates the results of the comparative evaluation
between Transformer-based extractors, the best handcrafted descriptor, and the random
baseline, aggregated over the five folds. Among the Transformers, SigLIP 2 appears at
the top of the ranking in every reported metric (macro-mAP of 0.747 and P@1 of 0.798),
being the only model to display this pattern. PMC-CLIP, CLIP, and BiomedCLIP occupy
close positions to each other, with the relative ordering varying by metric, and DINOv2
falls into the last position among the Transformers, still clearly above the baselines.

Table 1. Comparative evaluation of extractors in the ULCER-A dataset. Each
value is the average over five folds. The best results are in bold.

Model macro-mAP mAP P@1 NDCG@1 P@5 NDCG@10
SigLIP 2 0.747 0.821 0.798 0.618 0.773 0.549
PMC-CLIP 0.707 0.804 0.782 0.583 0.737 0.531
CLIP ViT-L/14 0.712 0.797 0.757 0.551 0.740 0.521
BiomedCLIP 0.670 0.792 0.760 0.561 0.742 0.538
DINOv2 0.700 0.782 0.739 0.560 0.721 0.519
Color Structure (Best handcrafted) 0.623 0.734 0.672 0.447 0.660 0.445
Random Baseline 0.578 0.705 0.638 0.432 0.630 0.433

Handcrafted descriptors stay close to the random baseline in macro-mAP (the best
of them, color structure, reaches 0.623 against 0.578 for the random baseline), indicating
that isolated aspects of color, texture, and contour do not capture sufficiently discrimina-
tive features for the task.

The discrepancy between micro and macro metrics also deserves attention. In
micro-mAP, the separation between Transformers and handcrafted descriptors is subtler.
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In macro-mAP, this gap widens, indicating that Transformers gain consistency when per-
formance is balanced across the four tissue classes. This reinforces the relevance of re-
porting metrics that control for the imbalance effect in clinical datasets like ULCER-A.

The gap also widens at the top of the ranking: in NDCG@1, SigLIP 2 reaches
0.618 against 0.432 for the random baseline (lift of 1.43 ), while in NDCG@ 10 this ratio
drops to 1.27 x. The advantage of Transformer-based extractors therefore concentrates in
the first positions of the ranking, exactly where the operational impact of the system is
greatest.

Patient identity analysis. Since ULCER-A contains multiple images per patient across
different healing stages, we ask whether retrieval surfaces lesions with comparable tissue
composition or other images of the same lesion. For each query and K, the intra-patient
lift 1s the ratio between the share of top-K neighbors sharing patient_id with the
query and the share expected under uniform random sampling. Values near 1 indicate
no preference for same-patient images; values above 1 indicate systematic intra-patient
retrieval. Unlike the patient-grouped split of the comparative evaluation, this analysis uses
a within-fold protocol where the query and gallery come from the same fold (excluding
the query itself), so that same-patient images are present and the intra-patient tendency
can be measured. Results are averaged across folds.

Table 2. Intra-patient lift at K = 1, 5, and 10. Values above 1 indicate that the
model retrieves images of the same patient more often than expected un-
der uniform random sampling. Edge Histogram is reported as the hand-
crafted descriptor with the highest intra-patient lift.

Model liff@l lift@5 lift@10
SigLIP 2 989 536  3.54
PMC-CLIP 955 514 339
DINOV2 902 489  3.19
CLIP ViT-L/14 8.68 476 3.9
BiomedCLIP 862 464  3.17

Edge Histogram (Best handcrafted)  1.83 1.04 1.00

Table 2 shows a consistent pattern among the Transformers: high lifts at X' = 1
(8.6-9.9), decreasing but still substantial at X' = 10 (3.2-3.5). Handcrafted baselines
stay near 1 at all &', showing no such tendency. The pattern holds on the ULCER-A ROI
variant (images cropped to the lesion, removing background and adjacent skin), indicating
the behavior is driven by lesion features rather than context. Notably, SigLIP 2 — the most
consistent extractor in Table 1 — also shows the highest intra-patient lift; both stem from
finer-grained visual discrimination and characterize the retrieval behavior of Transformer-
based extractors rather than confound the comparison.

In real deployment, where the gallery is not partitioned by patient, this tendency
may cause recurring patients to dominate the top- /K, impoverishing case diversity. Di-
versification by patient_id at retrieval time can mitigate this without changing the
extractor.

System interface. The proposed configuration is delivered as an interactive St reamlit
application, illustrated in Figure 2. Given a query image, the professional sees the & most
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Figure 2. Streamlit interface: the query image and top-K retrieved cases with
labels and similarity scores (left), and the interpretive layer’s textual syn-
thesis (right).

similar cases (for direct visual validation) together with the textual synthesis generated by
the interpretive layer over the retrieved set. Because the LLM operates exclusively on la-
bels and similarity values, the image display and the textual analysis remain independent:
in scenarios where direct exposure of referenced patient images is undesirable, the textual
output can be presented alone.

4. Conclusion and future work

This work presented a Content-Based Image Retrieval system for cutaneous ulcers, aug-
mented by an LLM-based interpretive layer, with configuration informed by a compar-
ative study of five Transformer-based extractors, handcrafted baselines, and a random
baseline on the ULCER-A dataset. The proposed configuration combines SigL.IP 2
(large) with cosine similarity, FAISS exact indexing, and Gemini 2.5 Flash as the in-
terpretive layer; SigLIP 2 stood out as the only model at the top of every reported metric,
while PMC-CLIP and CLIP performed comparably and can replace it without structural
changes. We also identified that Transformer-based extractors tend to retrieve other im-
ages of the same lesion at high rates — a behavior absent in handcrafted baselines and
relevant to the operational design of the system.

Several limitations condition the results. The dataset comes from a single clinical
center and is small in scale, restricting the generalization of the conclusions and pre-
cluding the investigation of fine-tuning strategies without substantial overfitting risk. The
intra-patient retrieval tendency, while not compromising the relative comparison between
models, motivates the inclusion of diversification mechanisms for real clinical use. Future
work includes expanding the dataset through multi-center curation, evaluating domain-
specific fine-tuning strategies, incorporating patient-level diversification at retrieval time,
and validating the system with wound-care trainees through a qualitative study.
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