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Abstract. Data collection and annotation have been a longstanding
bottleneck for computer vision applications, particularly in the medical
domain, where data is limited by high annotation costs and low disease
prevalence. Computer-aided detection and diagnosis (CADe/x) require
substantial data for clinical relevance, yet current approaches rely on
manual collection of high-quality images or post hoc keyframe selection
from video, both time-consuming and tied to subjective quality assess-
ment. To accelerate CADe development, we propose a quality-controlled
keyframe selection algorithm that samples clinically relevant and diverse
frames from video, leveraging endoscopic foundation model features and
a computer-aided quality system to reject low-quality frames. We eval-
uate our approach by training downstream CADe models exclusively
on the extracted frames for Barrett’s neoplasia detection. Results show
an improvement in Area Under the Receiver Operating Characteristic
curve of up to 4.7% over uniform sampling, alongside an 80% reduction
in data requirements at similar performance. The code is available at
github.com/HaikoMid /GastroKey.

Keywords: Video summarization - Endoscopy - Data diversity - Foun-
dation models

1 Introduction

Esophageal cancer remains a significant global health challenge. While Barrett’s
esophagus (BE) is the primary precursor to esophageal adenocarcinoma (EAC),
the detection of Barrett’s neoplasia still presents a significant diagnostic hurdle.
Early-stage neoplastic lesions are often subtle and frequently prevent detection
by non-expert endoscopists [BJ23]. Given the high mortality rate of EAC, early
detection and intervention are critical to improve patient prognosis [4].
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To support endoscopists, computer-aided detection (CADe) systems have
emerged, largely integrated with deep learning techniques [2[T2]. Despite their
potential, data scarcity and inconsistent image quality remain critical barri-
ers to clinical translation. Data scarcity is driven by the low prevalence of
BE (1% to 2%) and the even lower risk of progression to high-grade dyspla-
sia (HGD) or EAC [26]. Moreover, most CADe models are trained on curated,
expert images, creating a distribution mismatch when deployed in real-time clin-
ical settings, where non-expert practitioners encounter lower-quality data [3I1T],
often further degraded by motion blur or overexposure [g].

To mitigate these issues, researchers have turned to computer-aided quality
(CAQ) systems [TISIITII0] for quality control, data augmentation [16] for robust-
ness, or video data to increase the dataset size in the medical domain [25/T§].
However, video data introduces its own limitations, as frames are often tem-
porally correlated and their individual quality is typically lower than that of
static images. Recent advancements utilize deep learning-based methods to ex-
tract relevant keyframes from videos [I4]. While the results show improvement in
the performance of downstream vision-language models, it remains unclear how
effectively these summarization techniques translate to the nuances of medical
imaging, where both diversity and quality are essential.

This work introduces a quality-controlled keyframe sampling algorithm built
on an endoscopic foundation model. While this method can be integrated into
various data-curation pipelines, such as automatic frame selection for annota-
tion, we focus here on its utility in model development. We validate our ap-
proach by training CADe models for Barrett’s neoplasia detection on the sam-
pled keyframes, demonstrating superior performance over models trained via
uniform sampling. These downstream gains serve as a validation of selection qual-
ity rather than the algorithm’s sole objective. Through a series of experiments,
we systematically evaluate various foundation models and sampling strategies,
improving Area Under the Receiver Operating Characteristic curve (AUC) per-
formance and robustness by up to 4.7% and 3.6%, respectively, over uniform
sampling, while reducing data storage by 80% at similar performance to uni-
form sampling at higher frame rates.

2 Methodology

2.1 Motivation

Generic video summarization techniques may not translate well to endoscopic
imaging, where both semantic diversity and diagnostic quality must be pre-
served. Early approaches relied on low-level statistical characteristics [22] or
depth information [2I], which fail to capture the semantic complexity of endo-
scopic procedures [22]. We instead build on endoscopic foundation models whose
latent representations have been shown to improve downstream CADe perfor-
mance [IJ9], making them a suitable basis for keyframe selection.

A second problem is specific to combining quality and diversity: low-quality
frames are often semantically distinct from high-quality ones due to corrup-
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tions such as motion blur or overexposure. Standard diversity-maximization al-
gorithms are therefore prone to mistaking this visual difference for informa-
tiveness. This motivates filtering frame quality before diversity-based selection,
rather than relying on diversity alone to discard poor-quality frames.

/ Videos Barrett’s neoplasia data Images Frames \

NDBE

NDBE
V i
-

Neo
Neo

N

Model development

CAD model

5-fold

K Cross-validation /
/ Evaluation A

Peak
E i

( ) ( )

Fig. 1: Overview of the data and framework used for quality-controlled keyframe
sampling, model development, and evaluation.

2.2 Proposed pipeline

To develop an algorithm that summarizes videos into relevant frames, we pro-
pose a two-stage pipeline. An overview of the pipeline is shown on the bottom
left side of Fig. [I| In the first stage each frame, f;, is processed using a CAQ
model [7], which assigns a quality score Q(f;) € [0,5]. Frames falling below a
predefined quality threshold, (Tyuaiity), are excluded from the candidate pool of
frames to ensure the algorithm only considers clinically relevant frames. In the
second stage, all candidate frames are passed through a pretrained foundation
model encoder to extract latent representations that capture the semantic and
diagnostic content of each frame, rather than relying on raw pixel-level simi-
larity. These embeddings provide a compact, domain-informed representation in
which visually similar frames lie close together in the latent space, while frames
depicting distinct characteristics are further apart. Using these embeddings, we
compare several sampling techniques to identify a subset of keyframes.

Quality algorithm To assess the impact of image quality on downstream per-
formance, we implement a CAQ model [7] that effectively distinguishes between
poor and good mucosal visualization. We explore the quality—diversity trade-off
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by adjusting the quality threshold, since stricter thresholds boost frame quality
at the expense of temporal diversity. Evaluating these variations allows us to
determine the optimal balance for frame sampling in clinical settings.

Encoder selection Given the domain-specific properties of endoscopic images,
various foundation model encoders are evaluated. These include domain-specific
encoders developed using DINO frameworks with the GastroNet-5M [J] (GN-
5M) dataset. Specifically, we consider a ResNet-50 (RN-50) and several Base
Vision Transformers (ViT-B) developed using DINOv1 (Dvl), DINOv2 (Dv2)
and DINOv3 (Dv3). We also include the DINOv3 baseline provided by Meta, as
it has demonstrated strong transferability in the medical domain [15].

Keyframe selection technique We evaluate four latent keyframe sampling
techniques.

Greedy cosine similarity. Cosine similarity has been used to remove redundant
images in large-scale datasets [20]. Specifically, a greedy cosine algorithm is im-
plemented that establishes the initial keyframe by selecting the first frame that
exceeds a predefined quality threshold. Subsequent keyframes are iteratively
identified using a diversity maximization strategy that calculates the similar-
ity between all candidate frames with respect to the currently selected frames.
Frame selection proceeds sequentially by adding frames that have the smallest
absolute maximum similarity to the existing pool until the target frame count
is satisfied.

Multi-level cosine similarity. To capture both fine-grained and semantic image
characteristics, we extend the greedy cosine approach by concatenating hierar-
chical latent representations extracted from various network depths. The afore-
mentioned greedy selection algorithm is then applied directly to these aggregated
multi-scale feature vectors.

K-means clustering. Since clustering in high-dimensional spaces is not triv-
ial [I3/19], the features are first reduced using principal component analysis
(PCA) to a two-dimensional space. In this reduced space, k-means clustering
is performed, where the number of clusters is set to the requested amount of
keyframes. The embeddings with the lowest Euclidean distance to the cluster
centers are selected as key frames.

Maz-volume sampling. For max-volume [17)24]6] sampling, we follow an imple-
mentation similar to the approach of Li et al. [I4], but employ PCA in place of
SVD.

2.3 Evaluation protocol

We evaluate our summarization method by extracting a fixed number of keyframes
to train Barrett’s neoplasia CADe models. For comparison, we train identical
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models using standard uniformly sampled frames. We then benchmark both ap-
proaches by analyzing their peak performance and robustness using images and
frames as illustrated in Fig. [I}

Sample rate To assess the influence of the sample rate on the performance of
the CADe models, an ablation experiment is performed where the sample rate is
changed from 0.25 to 0.1 and 0.5 frames per second (FPS), respectively. These
experiments give insight into how the algorithms excel in video summarization
with various data constraints.

3 Experimental Setup

This section introduces the dataset and implementation details used in this work
for the downstream experiments.

3.1 Dataset

This study utilizes Barrett’s esophagus videos and images categorized as non-
dysplastic (NDBE) or neoplastic (Neo). Visual examples of the data are shown
at the top of Fig. [II The video dataset comprises 720 clips (431 NDBE from
58 patients; 289 neoplastic from 80 patients) with an average duration of 19.5
seconds (max 117.7s). A clinical research fellow trimmed the Neo clips to ensure
continuous lesion visibility. All data were captured using Olympus HQ190 or
EZ1500 gastroscopes paired with CV-190 or X1 processors (Olympus Corp.,
Tokyo, Japan). Extracted video frames were partitioned into five patient-level
folds to prevent data leakage during CADe model training and validation, as
conceptually illustrated in the top right of Fig. [1l To benchmark downstream
performance, 2 holdout test sets consisting of images or frames are used. The
frame test set serves as a robustness benchmark, since frames sampled from
video clips introduce corruptions such as motion blur and compression artifacts.
Detailed dataset quantities, patient counts, and video durations are summarized
in Table Il

3.2 Implementation Details

The experiments are carried out using an H100 GPU (NVIDIA Corp., CA, USA)
equipped with 96 GB of VRAM. For sampling, the resolution is fixed to the
native foundation model resolution. For the downstream task, the models are
trained for a maximum of 10 epochs with an initial learning rate of 1 x 107°.
This learning rate is reduced by a factor of 10 if no validation improvements
are observed for 5 epochs. All downstream experiments apply standard data
augmentation, including resized cropping, flipping, and rotation.
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Fig.2: A 2D latent visualization of the video frames. The excluded frames due
to low quality are shown in gray. The selected indices of the frames are shown
for both uniform sampling and the proposed method.
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Fig.3: Comparison of selected keyframes: (a) Uniform sampling and (b) the
proposed method.
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Table 1: Comprehensive dataset and video duration statistics for both non-
dysplastic Barrett’s esophagus (NDBE) and dysplastic Barrett’s esophagus
(Neo) patients.

Test Sets (Count / pt)

‘ Video Dataset

Data Type Neo NDBE | Range (s) Video Count
Images 316 (42 pt) 432 (56 pt) 0-10 118
Frames 1018 (39 pt) 1624 (56 pt) 10 - 20 396

20 - 30 111

30 — 40 38

40+ 57

Table 2: Downstream evaluation of CADe models developed using sampled
frames. Models are compared using the AUC (1) across images and frames.

Encoder Quality Technique AUC (1)
Threshold Images Frames
— — uniform 0.828 £ 0.014 0.789 & 0.012
RN-50 (Dv1 GN-5M) 0.831 + 0.019 0.786 £ 0.022
ViT-B (Dv2 GN-5M) 9 cosine similarit 0.825 + 0.017 0.787 + 0.023
ViT-B (Dv3) Y 0.837 £0.012  0.788 £ 0.016
ViT-B (Dv3 GN-5M) 0.841 + 0.029 0.797 £ 0.027
3 0.838 £ 0.018 0.794 4+ 0.011
ViT-B (Dv3 GN-5M) 2 cosine similarity 0.841 4+ 0.029 0.797 + 0.027
1 0.838 + 0.014 0.782 + 0.014
cosine similarity 0.841 4+ 0.029 0.797 4+ 0.027
. multi-level cosine 0.843 £+ 0.014 0.798 + 0.021
ViT-B (Dv3 GN-5M) 2

0.833 & 0.017  0.789 £ 0.015
0.826 £ 0.021  0.785 + 0.024

kmeans centers
max-volume

4 Results and Discussion

The experimental results are presented in Table[2] The findings indicate that the
pre-trained DINOv3 model, when fine-tuned on GN-5M, achieves the highest
downstream performance. Moreover, the model yields optimal results on images
when applying a quality threshold of 2, which filters out poor-quality candidate
frames. Although the performance gains on images are minimal with an increas-
ing quality threshold, the improvements on frames are more pronounced, demon-
strating increased robustness. The multi-level cosine sampling technique appears
to be the most effective method to sample diverse frames from latent represen-
tations. Given that it achieves both superior peak performance and robustness,
we select this algorithm as the proposed method for the remainder of this work.
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Table 3: Data efficiency. Comparison of AUC (1) performance across sampling
rates on images and frames.

FPS Technique AUC (1)
Images Frames
0.10 uniform 0.794 £+ 0.011 0.757 £ 0.015
’ multi-level cosine 0.831 £ 0.020 0.784 + 0.020
0.25 uniform 0.828 + 0.014 0.789 £ 0.012
’ multi-level cosine 0.843 + 0.014 0.798 £ 0.021
0.50 uniform 0.832 £+ 0.014 0.783 £ 0.022

multi-level cosine 0.841 £+ 0.014 0.802 + 0.016

When compared to the baseline, this proposed method showed increases in peak
performance and robustness AUC of 0.015 and 0.009, respectively.

A qualitative analysis of the proposed keyframe selection algorithm is pre-
sented in Fig.[2] Video frames are projected into a 2D representation using PCA
based on the foundation model extracted embeddings. The color gradient de-
notes the temporal progression of the video, revealing the underlying semantic
trajectory. Frames failing to meet the quality threshold are marked in gray and
excluded from the selection process. Selected keyframes are highlighted with
distinct markers, comparing the temporal coverage of standard uniform sam-
pling against the proposed method. The visual appearance of the corresponding
keyframes is detailed in Fig. [3] While the proposed method identifies diverse,
clinically relevant keyframes that span the temporal progression of the proce-
dure, uniform sampling fails to account for image degradation, often selecting
frames compromised by overexposure, blur, or obscuring artifacts.

To evaluate the summarization effectiveness of our method, Table [3| sum-
marizes performance across varying sampling rates (0.1, 0.25, and 0.5 FPS). As
expected, uniform sampling demonstrates a strong dependency on the sampling
frequency, with increased performance at higher rates and significant degrada-
tion at lower rates due to reduced video coverage. Conversely, our proposed
algorithm maintains high downstream performance, even at the lowest sampling
rate of 0.1 FPS, outperforming the uniform baseline with an AUC of 0.037 on im-
ages. Moreover, we show that CADe models trained on our method’s keyframes
at 0.1 FPS match the performance of a model trained on uniformly sampled
frames at 0.5 FPS, an 80% reduction in data requirements. From the perspec-
tive of video summarization, this stability is highly desirable and confirms the
summarization performance, showing that aggressive temporal compression can
be achieved without losing valuable information for downstream tasks.
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5 Conclusions and Future Work

This work proposes a keyframe sampling algorithm for endoscopic video summa-
rization. Quantitative experiments demonstrate the effectiveness of the sampling
algorithm, showing superior downstream performance over uniform sampling.
These findings suggest that leveraging latent features from endoscopic founda-
tion models, paired with quality-informed sampling algorithms, provides a more
representative and diagnostically rich keyframe selection than traditional uni-
form sampling. By producing a versatile and information-rich set of keyframes,
this sampling framework can serve as a preprocessing pipeline across multiple
distinct endoscopic vision tasks. For future work, the algorithm could be adapted
to automatically select a proper amount of keyframes from a video based on the
quality and diversity per video without input from the user. Furthermore, evalu-
ation of the method on extended endoscopic procedures and other environments,
such as surgical scenes, will be essential to validate its broader clinical benefit.
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