
Computer-Assisted Intervention in Capsule
Endoscopy: A Real-Time Edge-AI Auditing

System

Diego Bravo1[0000−0003−1957−1615], Josué Ruano-Balseca2,1[0000−0003−4801−8229],
Fabio A. González3[0000−0001−9009−7288], and Eduardo Romero1

1 CIM@LAB, Universidad Nacional de Colombia, Bogotá, Colombia
2 imec-Vision Lab, University of Antwerp, Antwerp, Belgium

3 MindLab, Universidad Nacional de Colombia, Bogotá, Colombia
edromero@unal.edu.co

Abstract. Video capsule endoscopy (VCE) is the preferred first-line
modality for visualizing the small bowel mucosa and evaluating obscure
gastrointestinal bleeding. However, each examination generates over 50
thousand frames, making manual review time-consuming and prone to
missed findings and inter-observer variability. Most AI systems rely on
single-frame analysis, overlooking temporal dynamics and limiting their
ability to distinguish anatomical transitions from transient artifacts. We
propose a real-time auditing framework that jointly identifies the anatom-
ical region along the gastrointestinal tract and detects anomalies through
intrinsic temporal modeling. Consecutive frames are encoded using an
endoscopy-pretrained CNN and processed by a lightweight Vision Trans-
former operating in a sequence-to-sequence manner, enabling frame-level
predictions without post-processing. Evaluated on the multi-center Galar
dataset (∼3.5 million frames), the proposed system achieves a macro F1-
score of 90% for anatomical classification and 67% macro recall for bi-
nary anomaly detection within a unified multi-task learning framework,
outperforming prior frame-wise approaches. Deployment on a low-power
edge device confirms real-time performance (30.5 ms per frame, ∼33
FPS), enabling continuous monitoring of incomplete procedures, cap-
sule retention, and persistent abnormalities. Our code is available at
https://github.com/DiegoBravoH/CapsuleAudit.
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1 Introduction

Video capsule endoscopy (VCE) is a minimally invasive diagnostic modality that
enables visualization of the gastrointestinal (GI) tract, particularly the small
intestine, which is difficult to assess by standard gastroscopy and colonoscopy
[1]. Patients swallow a pill-sized wireless camera that passively traverses the GI
tract, capturing images for subsequent review. VCE is currently recommended
as the first-line examination for obscure gastrointestinal bleeding (OGIB) and
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other small bowel disorders [2]. Each examination typically generates 50,000–
80,000 images, requiring 40–120 minutes of focused interpretation [3]. Diagnostic
accuracy depends heavily on sustained expert attention, and prolonged review
may increase variability and the risk of missed findings, with reported detection
rates of only ∼46% and moderate interobserver agreement (κ ≈ 0.44) [4]. Despite
technological advances in VCE [5], these limitations persist [6], underscoring
the need for real-time computational support through AI-assisted procedural
auditing.

Artificial intelligence (AI) is increasingly being integrated into VCE for as-
sisted lesion detection and anatomical classification, with the potential to im-
prove diagnostic consistency and reduce interobserver variability [7,8]. However,
much of the reported performance is derived from retrospective evaluations or
carefully curated datasets rather than full-length examinations under routine
clinical conditions, limiting the reliability and generalizability of current systems
[9]. Methodologically, most current approaches rely on single-frame classification
using Convolutional Neural Networks (CNNs) to detect anatomical regions or
pathological abnormalities [10,11,12]. Temporal consistency is typically enforced
through post-processing techniques, such as Hidden Markov Models (HMMs) to
constrain anatomical transitions [13,14]. Although performance improves, frame-
level predictions remain unstable without post-processing, reflecting limited in-
trinsic temporal modeling. Furthermore, random sampling and class balancing
strategies disrupt the natural temporal distribution of VCE data. Consequently,
temporal coherence is imposed heuristically rather than learned directly from se-
quential data, limiting robust sequence-level modeling and the ability to capture
long-range dependencies spanning anatomical transitions and subtle pathological
evolution throughout consecutive frames in real-world VCE examinations.

This work presents a real-time computer-assisted intervention system for
video capsule endoscopy (VCE) that jointly performs anatomical localization
and anomaly detection. Operating at 30.5 ms/frame on an NVIDIA Jetson
Nano, the system enables continuous auditing of capsule progression, examina-
tion completeness, potential capsule retention, and abnormal findings. By com-
bining multi-task learning and temporal modeling, the proposed approach out-
performs frame-wise methods without heuristic post-processing. Code, trained
models, and a real-time prototype are publicly available to support reproducibil-
ity.

2 Method

Multi-Frame Feature Extraction. Given a video dataset composed of clips
(temporal windows), a batch of input segments is denoted as: X ∈ RB×3×F×H×W

being B the batch size, F the number of frames (tokens) per segment, and H×W
the spatial resolution. Each frame is independently processed by a single pre-
trained ResNet-50 backbone [15]. Let xi,t ∈ R3×H×W denote the t-th frame
of the i-th segment. The CNN encoder maps each frame into a D-dimensional
embedding (with D = 2048): zi,t = fResNet50(xi,t) ∈ RD. The frame-level embed-
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Fig. 1. Overview of the proposed multi-frame VCE auditing framework. Consecutive
frames are independently encoded by a single pretrained CNN with shared weights,
applied sequentially to each frame, into D-dimensional embeddings, projected and pro-
cessed by a temporal Vision Transformer in a sequence-to-sequence manner. The model
produces frame-wise predictions for anatomical localization and binary anomaly detec-
tion, which are aggregated to generate real-time clinical quality indicators.

dings are stacked along the temporal dimension to form the ordered sequence:
Zi = [zi,1, zi,2, . . . , zi,F ] ∈ RF×D, which serves as input to the projection layer
(see Fig. 1A).

Sequence-to-Sequence Temporal Modeling. The CNN embeddings are
projected through a trainable linear layer to match the transformer embedding
dimension: z̃i,t = Wzi,t ∈ Rd, d = 384. The projected sequence is there-
fore Si = [z̃i,1, . . . , z̃i,F ] ∈ RF×d. To capture temporal dependencies, we em-
ploy a Vision Transformer (ViT-Small [16]) operating over this sequence. Un-
like standard ViT architectures that tokenize spatial patches, our model treats
each projected frame embedding as a temporal token. The transformer pro-
duces a refined representation: S′

i = fViT(Si) ∈ RF×d. Temporal interactions
are modeled using Multi-Head Self-Attention (MSA [17]): Attention(Q,K, V ) =
softmax(QK⊤/

√
dk)V, where Q,K, V are learned linear projections. We perform

token-level prediction without using a CLS token. Each temporal token outputs
a frame-level prediction rather than a single label per sequence, preserving tem-
poral resolution and enabling real-time inference (Fig. 1B–C).

Task Definition and Report Quality Indicators. To enable automated
auditing of VCE examinations, we address two tasks. Anatomical localization
supports monitoring of capsule progression, detection of retrograde events, and
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early identification of potential capsule retention, while anomaly detection iden-
tifies clinically relevant findings during the examination. 1) Anatomical sec-
tion classification: For each frame t in segment i, the model predicts yanat

i,t ∈
{1, . . . , C}, where C = 5 (mouth, esophagus, stomach, small intestine, colon).
2) Binary Anomaly Detection: The model simultaneously predicts yanom

i,t ∈
{0, 1} (see Fig. 2). Using fixed-length sliding windows (stride 1), each frame ap-
pears in multiple windows. Let pk

i,t denote the predicted probability vector for
frame t in window k. Final frame-level probabilities are obtained by averaging
the predicted probability vectors across all windows (soft voting over probabili-
ties). Uncertainty is estimated via Shannon entropy computed over the averaged
probabilities: Hi,t = −

∑
c p̄c log(p̄c+ϵ), where ϵ ensures numerical stability. The

entropy is normalized by division by logC to scale it to [0, 1]. Higher entropy
indicates temporal disagreement and supports frame-level quality assessment.

3 Experiments and Results

3.1 Experimental Setup

Datasets. Experiments were conducted on the recently released Galar video
capsule endoscopy dataset [18] (2025). Galar comprises 80 fully annotated VCE
studies with 3,513,539 frame-wise labeled images collected from two centers and
multiple capsule systems (OlympusTM and PillCamTM). In this work, we directly
use the provided frame-level annotations without modification and adopt the
official split of 60 studies for training/validation and 20 for testing, ensuring
patient-level separation. To evaluate cross-dataset robustness, we additionally
tested the trained anatomical model on the Rhode Island GI VCE dataset [19].
The official test split was used for inference without any fine-tuning, employing
the anatomical model trained on Galar (Cases 1–60). As this study uses open-
access human subject data released under the Creative Commons Attribution 4.0
International (CC BY 4.0) license, no additional ethical approval was required.

Implementation Details. Both the CNN and transformer backbones are
initialized from GastroNet-5M foundation models [15], pretrained using self-
supervised DINO learning on >5 million gastrointestinal endoscopy images col-
lected from eight clinical centers [20]. The temporal encoder employs a ViT-Small
backbone (∼ 21.7M parameters) adapted to process variable length temporal se-
quences (F ∈ [5, 195] frames). Each frame (resized to 224×224) is encoded by a
ResNet50 backbone (∼ 23.5M parameters), producing a 2048-dimensional em-
bedding. These embeddings are projected via a trainable linear layer (∼0.79M
parameters) into a 384-dimensional token representation before being fed into
the transformer encoder. The model follows a sequence-to-sequence formulation,
generating frame-wise predictions for both anatomical classification (5 classes:
mouth, esophagus, stomach, small intestine, colon) and binary anomaly detec-
tion (see Fig. 1-C). The classification heads consist of two parallel MLP layers
operating on the refined temporal representations. Training is performed in two
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phases. During a warm-up stage, only the projection and classification heads are
trained for 10 epochs using a fixed learning rate of 1× 10−3 to stabilize conver-
gence. In the fine-tuning stage, all layers are unfrozen and optimized for up to
30 additional epochs, with early stopping based on validation macro F1-score
(patience = 5 epochs). To balance the Multi-Task Learning (MTL), we employ
homoscedastic uncertainty weighting [21], which learns task-specific log-variance
parameters to automatically scale each loss: L = e−saLanom+sa+e−sbLanat+sb,
where sa and sb are learnable parameters that adaptively adjust the relative con-
tribution of each task, avoiding manual loss weighting. The model is implemented
in PyTorch. Optimization is performed using Adam with a weighted Focal Loss
(γ = 2.0) to mitigate class imbalance and emphasize hard-to-classify samples.
The learning rate is reduced by a factor of γ = 0.1 every 3 epochs. Training
was conducted on a single NVIDIA RTX 4500 GPU. The temporal transformer
encoder operates on fixed temporal windows and is designed for causal inference
without future frames.

Ablation Study. This study was conducted to evaluate the contribution of
the temporal modeling component to both anatomical classification and bi-
nary anomaly detection. Specifically, we compared the full sequence-to-sequence
model across different temporal window sizes against a frame-wise baseline (see
Tables 1 and 2). We further evaluated temporal post-processing (smoothing) to
assess its effect on anatomical prediction stability (see Table 1, HMM column).
Importantly, post-processing was evaluated but is not considered part of the
core framework, as the primary objective of this study is to preserve real-time
streaming inference on an edge AI device.

3.2 Model Validation

Task 1/2 Anatomical. Table 1 summarizes the performance for anatomi-
cal classification under single-frame and multi-frame settings. In the single-
frame analysis, linear probing using endoscopy-pretrained embeddings (Gas-
troNet [20,15]) significantly outperformed ImageNet-pretrained features (macro
F1: 77% vs. 51%), underscoring the importance of domain-specific pretraining.
Temporal modeling significantly improved performance across all anatomical
classes under both Single-Task Learning (STL) and Multi-Task Learning (MTL),
compared to state-of-the-art frame-wise approaches [12,14]. Performance gains
were most pronounced in mouth, followed by esophagus, stomach, colon, and
small intestine (S. Bowel). Overall, these results demonstrate that intrinsic tem-
poral modeling improves anatomical consistency over frame-wise approaches.
Werner et al. [14] serves as our primary baseline, reporting single-frame MTL
results with and without HMM post-processing; we compare our model against
their best reported performance. In contrast, we retain all samples to preserve the
intrinsic temporal structure and natural class distribution of VCE data. Clin-
ical VCE data are inherently imbalanced, altering this distribution may limit
the representativeness of real-world performance. In the STL setting, an abla-
tion study compared CNN+GRU (Gated Recurrent Unit) and CNN+ViT (with
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Table 1. Performance comparison between single-frame and multi-frame approaches
for anatomical classification. Models were trained/validated in 60 studies (∼3.2M
frames) and evaluated in 20 independent test studies (∼234K frames). 95% confidence
intervals were calculated using stratified bootstrapping with 1,000 resamples by case.
Results are reported as class-wise F1-scores and macro F1. HMM denotes Hidden
Markov Model post-processing and the column reports the resulting macro F1-score.
STL: Single-Task Learning (task: anatomy) and MTL: Multi-Task Learning (tasks:
anatomy, anomaly). The shaded row (MTL-75) denotes the model selected for edge
deployment.

Ablation Study F1-score(%) — Anatomical Task — Single-frame
Token=1 Mouth Esophag. Stomach S. Bowel Colon Macro F1 HMM
ImageNet 10.1±5.0 26.7±15.6 61.2±11.5 90.0±3.6 68.5±12.1 51.3±6.0 88.7±6.5
GastroNet 60.9±11.3 69.0±18.4 82.4±7.5 94.0±3.5 81.0±10.4 77.5±5.8 93.3±4.4

Tokens≥5 — Endoscopy-pretrained CNN+ViT (Multi-frame)
STL 5 80.7±8.7 87.2±9.9 89.6±4.6 95.3±3.4 85.6±11.1 87.7±5.0 93.7±4.9
STL 31 88.8±6.4 91.1±7.1 93.7±3.5 94.5±3.6 81.8±12.0 90.0±4.6 93.9±3.9
STL 75 88.4±6.5 89.8±6.6 93.3±4.3 95.4±3.7 84.6±11.7 90.3±5.0 93.9±3.9
STL 195 87.4±7.2 89.3±7.8 93.3±3.7 96.0±3.6 87.3±12.0 90.7±4.7 93.2±4.2
MTL 5 58.7±20.2 72.8±17.5 85.6±6.5 94.5±3.5 82.8±10.6 78.9±6.5 92.4±5.1
MTL 31 70.0±19.1 89.7±7.7 93.1±3.5 94.4±3.8 81.7±11.8 85.8±6.5 93.8±4.0
MTL 75 87.0±7.6 89.5±7.7 92.1±4.7 95.9±3.5 86.9±11.2 90.3±5.3 93.0±4.2
MTL 195 22.9±12.1 67.4±18.2 92.5±4.4 95.4±3.5 85.5±11.2 72.8±6.4 92.4±4.1

Comparison with state-of-the-art single-frame approaches (same dataset)
Token=1 Mouth Esophag. Stomach S. Bowel Colon Macro F1 HMM
[12] 2025 42.0 65.0 78.0 93.0 75.0 71.0 -
[14] 2025 - - - - - 65.1 92.4

randomly initialized ViT) models across different temporal window sizes. Macro
F1-scores (%) for 5, 31, and 75 tokens were 87 vs. 89, 89 vs. 89, and 85 vs. 89,
respectively.

Similar experiments under the MTL configuration yielded macro F1-scores
(%) of 73 vs. 74 (5 tokens), 89 vs. 67 (31 tokens), and 88 vs. 81 (75 tokens), show-
ing that endoscopy-pretrained ViT initialization improved performance overall
(see Table 1). Given the clinical objective of minimizing missed abnormalities,
model selection prioritized sensitivity in the anomaly detection task while main-
taining strong anatomical classification performance within a single multi-task
framework. Based on these criteria, MTL-75 was selected as the final deployment
model across all evaluated window sizes and learning settings. Although STL-
195 achieved the highest anatomical macro F1-score (90.7%), MTL-75 achieved
comparable anatomical classification performance (90.3%) while providing the
highest anomaly macro recall (66.7%, see Table 2).

Post-Processing – Hidden Markov Model. The HMM was replicated
as reported in the baseline study [14], confirming performance gains in all cases,
particularly for single-frame models (see Table 1, HMM column). However, it
assumes a strictly forward transition sequence (Mouth → Esophagus → Stomach
→ Small Intestine → Colon) with a fixed initial state at the mouth. Although
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anatomically plausible, this constraint biases early predictions and may distort
minority classes. Moreover, as a Viterbi-based post-processing step requiring full-
sequence access, it is not suitable for real-time deployment. Clinically, enforcing a
unidirectional structure may obscure retrograde events (e.g., gastro-esophageal
or duodeno-gastric reflux, linked to Barrett’s metaplasia and cancer [22]; see
reflux case 28, Galar dataset), potentially masking relevant pathological findings.

Robustness. The MTL-75 model was cross-evaluated with the Rhode Is-
land GI VCE test set (∼1M frames) [10] without fine-tuning or post-processing.
It achieved F1-scores (%) of 68 (esophagus), 91 (stomach), 94 (small intestine),
and 62 (colon). As the mouth class is not annotated in this dataset, all pre-
dictions assigned to this category (n=347) were treated as false positives. Per-
formance degradation in the esophagus and colon likely reflects domain shift
between datasets.

Task 2/2 Anomaly. Table 2 reports binary anomaly detection performance fol-
lowing the state-of-the-art evaluation protocol of [23,14], using the same dataset,
grouping strategy (Normal: Clean Mucosa; Anomaly: Polyp, Blood, Active
Bleeding, Angiectasia, Erosion, Erythema, Ulcer), and test set (patient IDs
61–80). In clinical practice, sensitivity is critical, as missing an anomaly is
more detrimental than generating a false positive alert. Under this criterion, the
best-performing model was MTL-75, with endoscopy-pretrained initialization
of both CNN and ViT backbones, achieving a macro recall of 67% and weighted
recall/precision/F1 of 77%/81%/79%, respectively. This model was therefore se-
lected for deployment on the edge AI device. In comparison, the same CNN+ViT
architecture evaluated under STL/MTL settings with alternative temporal win-
dow sizes (5, 31, and 195 tokens) achieved macro F1-scores (%) of 52/59 (5 to-
kens), 55/62 (31 tokens), and 59/55 (195 tokens), respectively. A major challenge
is frame-level label inconsistency (e.g., anomaly–normal–anomaly sequences, see
Fig. 2 anomaly ground truth and entropy). Anomalies frequently occupy only
a small portion of the frame, while visual artifacts such as bubbles or luminal
fluids can obscure mucosal details, making consistent annotation difficult.

Table 2. Performance comparison of single-frame and multi-frame approaches for bi-
nary anomaly detection using deep learning architectures. Same data split and 95% CI
estimation as in Table 1. The shaded row (MTL-75) corresponds to the final deploy-
ment model used in the edge AI prototype. Note: Anomaly category was extended to
include inflammatory bowel disease, foreign body, hematin, cancer, and lymphangiec-
tasis, as these findings are clinically considered abnormal.

Task 2/2 Anomaly — Single-frame and Multi-frame (STL, MTL)
Method Micro F1 Macro F1 Macro Prec. Macro Rec. Model Embedded
[14] 2025 87.7 54.4 54.1 54.7 ResNet50 No
[23] 2025 87.3 37.0 26.6 60.9 MobilNet-S No
GastroNet 79.5±6.9 61.6±8.4 61.7±8.4 62.4±9.1 ResNet50 Yes
STL 75 85.7±9.3 59.7±11.1 76.8±15.7 58.2±7.8 CNN+ViT Yes
MTL 75 77.0±6.2 62.8±10.3 61.9±9.4 66.7±13.8 CNN+ViT Yes
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AnomalyMouth Esophagus Small IntestineStomach ColonTask 1/2 - Anatomy Task 2/2 - Anomaly

9076 framesGroundTruth
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1/2 Anatomy - Macro F1-score: 90.7% Macro Recall: 92.0% Macro Precision: 92.2% Accuracy: 98.6%

2/2 Anomaly - Macro F1-score: 74.4% Macro Recall: 78.4% Macro Precision: 71.9% Accuracy : 86.5%

Fig. 2. Quality indicator report for Patient #71. Ground-truth and MTL-75 frame-
level predictions (no post-processing) for anatomy and anomaly tasks are shown, along
with entropy-based uncertainty and edge inference latency (Jetson Nano).

3.3 Real-Time Deployment on an Edge AI Device: Performance
Analysis and Practical Considerations

To evaluate feasibility beyond retrospective offline benchmarking, the proposed
CNN+ViT multi-task framework was deployed on a low-power NVIDIA Jetson
Nano edge device (100×80 mm, 5–10 W) to assess real-time performance. The
system integrates video acquisition (HDTV capture card with smartphone-based
signal emulation, Fig. 1-I), feature extraction (ResNet50 backbone), temporal
modeling (75-frame window), and multi-task prediction (anatomy and anomaly)
within a fully parallelized pipeline. The trained PyTorch model (.pth and .ckpt)
was converted to Open Neural Network eXchange (ONNX) and subsequently
optimized using TensorRT. For real-time operation, temporal windows contain
only past and present frames, ensuring causal online inference without future-
frame access. Each frame is encoded once by the ResNet50 backbone and reused
across overlapping windows (stride = 1), while the ViT-Small temporal encoder
produces frame-level (token) prediction within the window. Predictions from
overlapping windows are aggregated through soft voting with entropy-based un-
certainty estimation (see Section 2). As illustrated in Figure 2 (Patient #71),
stable frame-level predictions are maintained throughout the examination (9,076
frames) with an average latency of 30.5 ms per frame (≈33 FPS), exceeding the
typical 2–6 FPS acquisition rate of standard small-bowel VCE systems [24]. Im-
portantly, deployment does not rely on post-processing (e.g., HMM smoothing),
demonstrating that temporal consistency emerges directly from learned repre-
sentations. These results demonstrate operational feasibility for intra-procedural,
edge-based deployment, supporting on-device monitoring of examination com-
pleteness and potential capsule retention, which occur in 0.7–1.4% of exami-
nations and contribute to incomplete visualization (∼12%) [25]. Such real-time
monitoring is particularly relevant in high-risk populations, including pediatric
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and inflammatory bowel disease patients [7]. Further clinical and system-level
validation is required prior to integration into routine practice. Code and trained
models are publicly available.

4 Conclusions

We present a real-time, edge-deployable system for video capsule endoscopy that
intrinsically models temporal dependencies to jointly perform anatomical local-
ization and binary anomaly detection at the device’s native acquisition rate,
without heuristic post-processing. Although evaluated on a multi-center, multi-
device dataset (Galar), the cohort was predominantly pathological, which may
limit generalization to fully normal examinations. Further validation on larger
and more diverse adult and pediatric cohorts is warranted. Future work will
focus on clinical validation studies and the development of a standardized vali-
dation and alerting protocol for real-time deployment, including expert-defined
thresholds for incomplete examinations, prolonged segmental transit, capsule re-
tention, and persistent anomalies. In parallel, advances in spatiotemporal model-
ing, interpretability, capsule-specific foundation models for VCE, and alternative
sequence architectures (e.g., state-space models such as Mamba) will be explored
to improve robustness and energy-efficient deployment.

Disclosure of Interests. The authors have no competing interests to declare.
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