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Abstract. Ocular ultrasound is a critical imaging modality for assess-
ing vitreoretinal pathologies, such as retinal detachment, vitreous hem-
orrhage, and intraocular tumors. However, interpretation requires spe-
cialized expertise and exhibits substantial inter-rater variability, limit-
ing access in resource-constrained settings. Although prior studies have
applied deep learning (DL) to ocular ultrasound analysis, progress has
been constrained by the lack of public datasets and standardized bench-
marks. In this work, we introduce Oculo, a publicly available multi-label
dataset comprising 1,630 B-scan images from 1,242 patients, annotated
for five ophthalmic abnormalities. We systematically benchmark the per-
formance of four DL backbones and three domain-specific foundation
models, across two task settings and three training strategies. We find
that EfficientNet-B0 [27] with full-finetuning achieves the best mean per-
formance (F1 = 0.77) across pathology labels. Oculo provides a founda-
tion for standardized evaluation and future methodological advances in
automated ocular ultrasound analysis. Dataset and source code available
here: https://sri-kanchi-kamakoti-medical-trust.github.io/Oculo/
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1 Introduction

Ocular ultrasound is the preferred imaging modality for assessing and monitoring
vitreoretinal health, especially when media opacities in the eye obscure direct vi-
sualization by slit lamp or ophthalmoscope. It is widely used to diagnose vitreous
hemorrhage and retinal detachments; detect, measure, and monitor ocular tu-
mors such as choroidal melanomas and retinoblastomas; and identify intraocular
foreign bodies following trauma. However, interpretation of ocular ultrasounds
is challenging and requires specialized training to differentiate between subtle
pathological features. Typically, specialists are accessible only in tertiary clinical
settings and specialized ophthalmic centers, thereby limiting access in primary
care and resource-constrained settings, and even in emergency rooms [3,10, 17,
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25,28, 29]. Additionally, interpretation exhibits significant inter-rater variability
[4]. Automated ocular ultrasound analysis is therefore needed to improve access
and standardization in vitreoretinal care.

Prior studies have explored deep learning (DL) models for interpreting ocular
ultrasound to detect various ophthalmic disorders (Table 1), including vitreous
opacities [6], retinal detachment [1,4], contour abnormalities [13], and intraoc-
ular tumors [30]. However, these works rely on private institutional datasets.
This lack of public datasets and code limits reproducibility and hinders objec-
tive evaluation of novel advancements in the field. With the emergence of self-
supervised learning, domain-specific foundation models have been developed in
ultrasonography (e.g., OpenUS [31]) and ophthalmology (e.g., VisionFM [18]).
Due to the unavailability of public datasets, VisionFM is pretrained on pro-
prietary data, and OpenUS does not include ocular ultrasound. Recently, the
ERDES (Eye Retinal DEtachment ultraSound) dataset [17] was released as the
first public ocular ultrasound dataset, but its annotations are limited to reti-
nal detachment. Beyond ocular ultrasound, AI has been increasingly adopted
across ophthalmology [7,15] for surgical workflow understanding [14, 22|, com-
plication detection [23], clinical decision support [24], and patient education [19],
highlighting the growing role of Al throughout the ophthalmic care continuum.

In this work, we introduce Oculo, a multi-label dataset for identifying oph-
thalmic abnormalities from ocular ultrasound (also called B-scan) images. The
dataset comprises 1,630 B-scan images from 1,242 patients, annotated for five
abnormalities, including vitreous dot echo (508 cases), retinal detachment (186),
mass lesion (115), and contour abnormalities (92 cases). Next, we benchmark
existing DL models across architectures, task-settings, pretraining regimes, and
finetuning strategies. Our best-performing approach, based on EfficientNet-B0
[27], achieves a mean F1 score of 0.92 (single-task setting) and 0.77 (multi-task
setting), across labels. Specifically, we make the following contributions:

1. We introduce Oculo, the first publicly available ocular ultrasound dataset
annotated for five ophthalmic abnormalities, spanning vitreous, retinal and
choroidal conditions.

2. We benchmark four DL backbones on Oculo under single-task and multi-task
settings. We observe that EfficientNet-B0 [27] with full-finetuning achieves
the best overall performance.

3. We also evaluate three domain-specific foundation models - VisionFM [18§]
(ophthalmology) and USFM [11], OpenUS [31] (ultrasonography) - across
three training strategies (full-finetuning, LP — FT[12], and linear probing).
VisionFM and USFM demonstrate strong transferability, with linear probes
achieving performance comparable to fully-finetuned EfficientNet-B0O model.

2 Oculo: An ocular ultrasound dataset

Data Collection. The dataset was collected at Sankara Eye Hospital, a tertiary
eye hospital in India, comprising 15 ophthalmologists (including 3 vitreoretinal
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Table 1: Summary of prior work on deep learning-based ocular ultrasound anal-
ysis. Notably, Oculo is the first publicly available ocular ultrasound dataset with
annotations for multiple ophthalmic abnormalities.

Public Ophthalmic Abnormalities considered
Study dataset Vitreous  Vitreous Retinal ~ Abnormal Mass
Dot Echo Detachment Detachment Contour Lesion
Feng et al. [6] X v X X X X
Chen et al. [4] v v v X
Adithya et al. [1] X v v v X X
Li et al. [13] X v v v v X
Wang et al. [30] X v X v v v
Navard et al. [17] v X X v X X
Oculo (ours) 4 v 4 v v v

specialists), over 10 optometrists, and a daily patient volume >500. Scans were
acquired over ~4 years (May 2022 - January 2026). Informed consent was ob-
tained from all patients.

The study protocol was approved by the hospital’s Institutional Review
Board (#SEH/BLR/EC/2024/256).

B-scan images were captured using the Appasamy Marvel IT [2] ultrasound
system. The device uses a 12 MHz transducer in B-scan mode to visualize the
posterior segment, including the vitreous cavity, retina, optic nerve head, and
surrounding tissues. For image acquisition, patients were seated with eyes closed.
The probe was placed over the eyelid after a sterile water-soluble coupling gel
was applied to prevent signal attenuation. Real-time visualization on a connected
display enabled optimal probe positioning, after which still frames were captured.
Multiple orientations were captured per patient to ensure adequate visualization
of pathology.

Images were exported in PNG format (resolution 900 x 900) to prevent com-
pression artifacts. During offline quality control, images with obscured fields of
view (due to improper probe placement or orientation) were excluded. The final
dataset consists of 1,630 images from 1,242 patients.

Data Annotation. The dataset was annotated for eight binary labels corre-
sponding to distinct ophthalmic abnormalities (summarized in Table. 2). Two
senior ophthalmologists with expertise in ocular ultrasound interpretation inde-
pendently performed the annotations. Prior to labeling, they jointly annotated
a calibration set to establish consensus-based guidelines. Inter-rater agreement
was high, with a mean Cohen’s x of 0.86 (96.7% agreement) across labels, indi-
cating reliable annotation quality. All annotations were subsequently reviewed
by a senior retina specialist with 16 years of clinical experience, who adjudicated
ambiguous cases to finalize the ground truth labels.

Dataset Characteristics. Of the 1,630 B-scan images, 854 (52.4%) show no
abnormality, 415 (25.5%) contain one abnormality, 228 (14.0%) contain two,
107 (6.6%) contain three, and 26 (1.6%) contain four or more concurrent abnor-
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Table 2: Description and prevalence of pathologies annotated in Oculo. The three
rare labels (grayed) are released but excluded from evaluation.

Pathology Description Prev.
Vitreous Dot Scattered bright specks in the vitreous cavity; commonly 508
Echo seen in vitreous hemorrhage or vitritis (31.2%)
Membranous . . . . 339
Echo Presence of thin strands in the vitreous cavity (20.8%)
Retinal High-amplitude membranous echo tethered to the optic 186
Detachment nerve head (11.4%)
Mass Lesi Solid well-defined bright mass on posterior globe wall; may 115

ass Leslon  .»use posterior acoustic shadowing (e.g., retinoblastoma) (7.1%)
Abnormal Deformed globe wall morphology; typically a bulge or 92
Contour flattening of the sclera (e.g., posterior staphyloma, coloboma) (5.6%)
Choroidal . . 29
Detachment Thick, smooth, dome-shaped or biconvex membrane (1.8%)
Phthisis Small, irregularly shaped globe with loss of anatomical 19
Bulbi landmarks. (1.2%)
Pgsterlor Thin, linear membrane separated from the retinal surface; 17
Vilimeeis may (not) be separated from the optic disc (1%)
Detachment

malities. The maximum observed co-occurrence is six abnormalities in a single
scan. The prevalence of each label is summarized in Table 2, and representative
examples are shown in Figure 1.

The dataset exhibits significant class imbalance. Vitreous Dot Echo is the
most prevalent label (31.2%), whereas Posterior Vitreous Detachment (PVD),
Choroidal Detachment (CD), and Phthisis Bulbi (PB) have limited positive sam-
ples - 17 (1%), 29 (1.8%), and 19 (1.2%), respectively. CD and PB are inherently
uncommon conditions. Although PVD is common in general population, only
complete PVD was labeled positive in our dataset, as partial PVD is difficult to
reliably identify from static images. Partial PVD cases were labeled as membra-
neous echo (ME) when appropriate. Owing to their low prevalence, PVD, CD,
and PB are excluded from our evaluation experiments. Nevertheless, all labeled
images are released to support future research on rare conditions.

3 Benchmarking Deep Learning (DL) Models on Oculo

We evaluate multiple DL models on the Oculo dataset.

Models. We benchmark four image classification architectures: EfficientNet-
B0 [27], ResNet50 [9], VGG-19-BN [26], and ViT-B-16 [5]. ResNet and Vision
Transformers (ViT) are standard architectures for image classification, while Ef-
ficientNet and VGG represent parameter-efficient and overparameterized vari-
ants, respectively. Additionally, given the recent surge in foundation models,
we evaluate three foundation models (FMs): VisionFM [18], USFM [11], and
OpenUS [31]. USFM and OpenUS are pretrained on large corpora of ultrasound
images spanning multiple anatomical regions (excluding ocular scans), thereby
incorporating modality-specific priors. In contrast, VisionFM is an ophthalmic
FM trained on diverse ophthalmic images, including fundus photography, optical
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(d) Mass Lesion

(g) PB (h) PVD

Fig.1: Representative samples for pathological labels annotated in the
Oculo dataset. VDE: Vitreous Dot Echo, ME: Membranous Echo, RD: Retinal
Detachment, AC: Abnormal Contour, CD: Choroidal Detachment, PB: Phthisis
Bulbi, PVD: Posterior Vitreous Detachment.

coherence tomography (OCT), ocular ultrasounds, slit-lamp biomicroscopy, and
external eye images, thereby incorporating anatomical priors of the eye.

Task Settings. Models are evaluated in both single-task and multi-task settings.
In the single task setting, separate models are trained for each pathology label.
In the multi-task setting, a single model is trained for all labels, i.e., a shared
encoder backbone is trained with label-specific linear heads, and the overall loss
is computed as the average of individual losses.

Training Strategies. All models are initialized with pretrained weights. CNNs
and ViTs use ImageNet [21] initialization, whereas FMs use their pretrained
weights. We evaluate three training paradigms: full-finetuning, linear probing,
and linear-probe-then-finetune [12]|. All paradigms use a randomly initialized lin-
ear head atop representations extracted from the backbone. In full-finetuning, all
model parameters are updated simultaneously from the onset of training. How-
ever, to mitigate the risk of pretrained feature distortion due to noisy gradients
from the linear head [12], we also experiment with the linear-probe-then-finetune
paradigm (LP — FT). In this setup, the backbone is initially frozen while only
training the linear head. This is followed by full finetuning. In linear probing,
the backbone is always frozen and only the linear head is trained. Hence, linear
probing is applied only to FMs, since they already possess prior information
about the task.
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Table 3: Comparison of average performance across architectures in single-task
and multi-task settings. Best performance in the single-task setting is highlighted
in bold, and best performance in the multi-task setting is underlined.

Performance Metrics
Acc. Prec. Rec. Spec. F1 AUROC
Single-Task 95.2 96.2 88.6 98.4 0.92 0.98
Multi-Task 93.2 80.4 74.8 96.8 0.77 0.96
Single-Task 94.2 86.7 78.8 97.8 0.83 0.94
Multi-Task 89.8 59.4 72.3 95.8 0.65 0.90
Single-Task 97.3 90.6 81.4 98.2 0.86 0.98
Multi-Task  90.4 77.0 67.8 96.6 0.70 0.93
Single-Task 90.7 76.7 52.9 96.3 0.61 0.94
Multi-Task 929 85.4 72,9 96.3 0.78 0.95

Model Setting

EfficientNet-B0 [27]

ResNet50 [9]

VGG-19-BN [26]

ViT-B-16 [5]

Evaluation. Performance is assessed per label using binary classification met-
rics: accuracy, precision, recall (sensitivity), specificity, F1 score, and AUROC.
Mean performance across labels is used for model performance comparison.

The dataset is randomly split into training, validation, and test sets (75 / 10
/ 15). All models are trained and evaluated on identical splits. Since the dataset
contains multiple images per patient, the dataset is split at the patient level
to prevent data leakage. Average results from 5 independent runs are reported.
As mentioned earlier, PVD, CD, and PB classes were excluded, due to limited
sample sizes; results are reported on the remaining five labels.

We provide all implementation details - data splits, learning rate schedules,
hyperparameter configs, data augmentation, etc. in our code repository.

4 Results

Performance of DL models.

Table 3 compares the average performance of the four DL architectures under
single-task and multi-task configurations. CNN backbones demonstrate strong
single-task performance, with EfficientNet-B0 achieving the highest mean F1
score of 0.92 (accuracy 95.2%) across labels. This finding is consistent with
prior studies [1,4,6,13,30]. However, CNN performance declines significantly
in the multi-task setting (EfficientNet-B0O F1 score drops to 0.77). In contrast,
the transformer-based ViT-B-16 exhibits the opposite trend: multi-task training
improves its performance significantly, with the F1 score increasing from 0.61
(single-task) to 0.78 (multi-task), achieving the best multi-task performance.
We attribute its weaker single-task results to the lack of image-specific inductive
biases, which makes it suboptimal in limited-data settings [5]. Multi-task training
likely provides richer supervision to ViT, enabling the model to leverage cross-
label correlations and learn more robust representations.

Finally, the reduced multi-task performance of other backbones indicates that
jointly optimizing multiple pathological labels is a challenging task.
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Fig. 2: Comparison of single-task and multi-task performance of EfficientNet-B0
(left) and ViT-B-16 (right) across individual pathology labels. VDE: Vitreous
Dot Echo, AC: Abnormal Contour, ME: Membranous Echo, RD: Retinal De-
tachment, ML: Mass Lesion.
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Fig. 3: Comparison of Foundation Models (linear probe) and EfficientNet-B0 (full
fine-tuning) performance across individual pathology labels.

Figure 2 shows per-label performance for EfficientNet-BO and ViT-B-16.
Across settings, EfficientNet-B0O performs better on texture-dependent patholo-
gies (e.g., VDE, ME) than on shape-dependent ones (e.g., AC). In contrast,
ViT-B-16 achieves higher performance on shape-related tasks than on texture-
based tasks. (Note: We do not analyze ViT-B-16 in the single-task setting due to
its poor performance under data-constrained training.) These findings align with
previous studies on inductive biases: CNNs exhibit a texture bias [8], whereas
ViTs show a shape bias [16]. Both models perform well on mass lesions as they
present characteristic shape (mushroom- or button-shaped) and texture (hyper-
echoic blobs).

Performance of Foundation Models.

Table 4 summarizes the performance of foundation models in ultrasonog-
raphy (OpenUS [31], USFM [11]) and ophthalmology (VisionFM [18]). These
models demonstrate strong transferability to Oculo, with USFM (F1: 0.76) and
VisionFM (F1: 0.76) closely matching the performance of the best task-specific
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Table 4: Comparison of fine-tuning strategies across models. We choose the best-
performing dedicated backbone, EfficientNet-B0, as baseline.

Performance Metrics

Model Training Strategy Acc. Prec. Rec. Spec. F1 AUROC
Full FT 87.7 735 393 944 046 0.77
OpenUS [31] Linear Probe 92.1 831 62.0 96.3 0.69 0.93
LP - FT 91.1 76.6 62.1 941 0.66 091
Full FT 91.8 834 70.0 96.2 0.75 0.93
USFM [11] Linear Probe 922 87.8 70.6 98.4 0.76 0.95
LP - FT 904 778 66.8 959 0.71 0.92
Full FT 88.2 735 413 973 0.52 0.90
VisionFM [18] Linear Probe 929 86.1 70.2 97.7 0.76 0.94
LP —- FT 914 822 675 971 0.73 0.89
Full FT 93.2 804 74.8 96.8 0.77 0.96

EfficientNet-B0 [27] LP — FT 91.3 745 655 958 0.69 0.93

model, EfficientNet-B0 (F1: 0.77). While VisionFM’s performance is expected
given its pretraining on ocular ultrasound data, the performance disparity be-
tween the two general-purpose ultrasound models (USFM and OpenUS) is no-
table. Although neither is pretrained on ocular scans, USFM (F1: 0.76) signif-
icantly outperforms OpenUS (F1: 0.69). This difference can be attributed to
the scale of their pretraining datasets: USFM was pretrained on 2M images,
compared to 300K for OpenUS. These findings provide empirical evidence that
large-scale pretraining can compensate for the lack of domain-specific data and
generalize effectively to unseen medical domains.

Figure 3 shows per-label performance of linear probes trained on frozen foun-
dation model representations. USFM and VisionFM achieve strong performance
on Mass Lesions (F1: 0.94). While per-label performance depends on multiple
factors (including pretraining dataset size, architecture, and hyperparameters),
interestingly, USFM exhibits divergent performance on VDE and AC. We hy-
pothesize that this behavior stems from its frequency-domain pretraining objec-
tive, which utilizes a focal frequency loss, that effectively emphasizes low spatial
frequencies to capture macro-structural morphology (like in AC). Consequently,
the model tends to categorize high-frequency specular data as inherent noise,
leading to poor performance on VDE.

Table 4 also compares different training strategies. Interestingly, across all
models, we observe that full finetuning reduces average model performance (F1
score) compared to training linear probes on frozen model representations. Po-
tential explanations include domain shift, class imbalance, and the modest size
of our dataset relative to the foundation models. Notably, Ruffini et al. [20]
similarly observed that finetuning biomedical foundation models on small, im-
balanced datasets can underperform linear probing.
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5 Conclusion

In this work, we presented Oculo, a publicly available multi-label dataset for au-
tomated analysis of ocular ultrasound images, and established benchmark results
across diverse deep learning and foundation model architectures. By addressing
the lack of open datasets, our work enables reproducible evaluation and objec-
tive comparison of emerging methods for ocular ultrasound interpretation. We
anticipate that Oculo will catalyze future research, enabling the development
of improved representation learning strategies for ocular ultrasonography, more
robust multi-label modeling approaches, and the incorporation of ocular ultra-
sound data into future ophthalmic and ultrasonography foundation models. A
limitation of Oculo is that it is currently single-center and single-device; we be-
lieve its public release will enable future studies on generalization across sites,
populations, and devices. Broadly, progress in automated ocular ultrasound anal-
ysis has the potential to improve accessibility, standardization, and scalability
of retinal screening, particularly in resource-constrained and non-specialist set-
tings.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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