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Abstract
Introduction: Colorectal cancer remains a major cause of cancer-related mortality, 
although many cases are preventable when precursor polyps are detected and 
removed during colonoscopy. Real-time computer-aided detection may assist 
endoscopists, but reliable localization is challenging because polyps vary in 
size, shape, color, contrast, boundary clarity, and visibility across heterogeneous 
endoscopic conditions. 
Objective: This study benchmarked recent You Only Look Once (YOLO)-based 
detectors for single-class colorectal polyp localization by comparing architectural 
families and model scales ranging from nano to x-large. 
Methods: YOLO12, YOLOv13, and YOLO26 models were evaluated using 
PolypGen2021, Polyp Imaging Classification for Colonoscopy using Optical Learning 
Outcomes (PICCOLO), and ETIS-Larib. PolypGen2021 was split at the patient level for 
model development; the predefined patient-level PICCOLO split was preserved, and 
ETIS-Larib was reserved exclusively for external testing. Performance was assessed 
using precision, recall, mean average precision (mAP) 50, mAP50–95, parameter 
count, giga floating-point operations per second (GLOPs), and inference time. 
Results: On ETIS-Larib, YOLO26x achieved the highest mAP50–95 (0.6475) and the 
highest recall (0.7736). On the PICCOLO test set, YOLOv13x achieved the highest 
mAP50–95 of 0.6630, whereas YOLO26x reached the highest precision of 0.9118. 
Across both test sets, YOLO26x achieved the highest average mAP50–95 (0.6462). 
YOLO26n provided the most efficient profile, with 2.3750 million parameters, 5.1894 
GFLOPs, and inference times below 3 ms per image. 
Conclusion: YOLO26x was the strongest accuracy-oriented detector, while YOLO26n 
offered the most practical lightweight alternative for real-time colonoscopy support.

Keywords: Colorectal cancer; Colonoscopy; Polyp detection; You Only Look Once; Deep 
learning; Computer-aided detection

Eurasian Journal of Medicine  Eurasian Journal of Medicine  
and Oncologyand Oncology

*Corresponding author: 
Ishak Pacal  
(ishakpacal@igdir.edu.tr) 

Citation: Pacal I. Real-time You 
Only Look Once-based colorectal 
polyp detection for cancer screening 
across independent colonoscopy 
datasets. Eurasian J Med Oncol. 
doi: 10.36922/EJMO026220238

Received: May 26, 2026

Revised: June 27, 2026

Accepted: July 3, 2026

Published online: July 16, 2026

Copyright: © 2026 Author(s). 
This is an Open-Access article 
distributed under the terms of the 
Creative Commons Attribution 
License, permitting distribution, 
and reproduction in any medium, 
provided the original work is 
properly cited.

Publisher’s Note: AccScience 
Publishing remains neutral with 
regard to jurisdictional claims in 
published maps and institutional 
affiliations.

1. Introduction
Colorectal cancer remains a major contributor to cancer incidence and cancer-related 
mortality worldwide.1,2 Most sporadic colorectal cancers develop gradually from 
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precursor lesions through well-characterized neoplastic 
pathways, which makes early detection and removal of 
polyps a clinically meaningful opportunity for prevention.3 
Colonoscopic polypectomy has been associated with a 
sustained reduction in colorectal cancer incidence and 
mortality, supporting the central role of colonoscopy in 
screening and surveillance programs.4

The effectiveness of colonoscopy depends not only 
on access to screening but also on the quality of mucosal 
inspection. Adenoma detection rate is one of the most 
important quality indicators, and even modest differences 
in detection performance are associated with clinically 
relevant differences in interval cancer risk.5,6 Missed lesions 
remain a persistent problem, particularly when polyps are 
small, flat, pale, serrated, partially hidden behind folds, or 
visually similar to the surrounding mucosa.7,8 Endoscopic 
visibility is further affected by bowel preparation, 
withdrawal technique, camera motion, illumination, 
bubbles, residual fluid, mucus, specular reflections, and 
endoscopist fatigue.9 These sources of variability pose 
a difficult visual recognition problem and have driven 
sustained interest in computer-aided detection systems to 
support real-time colonoscopy.

Artificial intelligence-assisted colonoscopy has moved 
from experimental image analysis toward clinical evaluation. 
Prospective studies have reported improved adenoma or 
polyp detection with computer-aided detection, although 
the measured benefit may depend on screening indication, 
withdrawal time, endoscopist behavior, adjunctive imaging 
techniques, and the baseline quality of colonoscopy.10,11 
From a technical perspective, this clinical setting requires 
algorithms that are not only accurate but also fast, stable, 
and capable of operating across heterogeneous endoscopic 
appearances. Earlier computer-aided approaches relied 
heavily on handcrafted features, including color, texture, 
shape, edge, and geometric descriptors.12,13 Such methods 
provided useful proof of concept, but their robustness was 
limited by variation in illumination, mucosal background, 
lesion morphology, and imaging devices. Deep learning 
reduced this dependence on manually designed features 
by learning hierarchical representations directly from 
image data and quickly became the dominant approach in 
colonoscopy image analysis.14,15

Public datasets have been essential for this progress 
because they allow methods to be evaluated under more 
transparent conditions. ETIS-Larib, computer vision 
center-derived benchmarks, Kvasir-SEG, Polyp Imaging 
Classification for Colonoscopy using Optical Learning 
Outcomes (PICCOLO), and PolypGen have contributed 
to the development and validation of automated polyp 
analysis systems.12,16-19 These datasets differ in acquisition 

centers, imaging modes, annotation protocols, lesion 
appearances, frame selection, and test-set composition. 
Such diversity is valuable, but it also complicates direct 
comparison across studies. A detector that performs 
strongly on one benchmark may not preserve the same 
behavior when evaluated on an independent distribution.

Object detection models are especially relevant for real-
time colonoscopy because they provide immediate lesion 
localization without requiring dense pixel-level annotation. 
The You Only Look Once (YOLO) family has been widely 
adopted in this setting because it performs detection in a 
single forward pass and offers a favorable balance between 
speed and accuracy.20-22 Several YOLO-based studies have 
improved colorectal polyp detection through transfer 
learning, negative-sample training, activation-function 
optimization, hyperparameter search, feature-pyramid 
refinement, and attention-based feature enhancement.23-28 
More recent work has explored lightweight attention 
mechanisms, wavelet-enhanced reverse attention, custom 
detection necks, real-time transformer-based detectors, 
and synthetic data augmentation to improve small-lesion 
sensitivity and robustness in complex backgrounds.29-33 
These studies show the rapid evolution of the field, but 
they also make the literature harder to interpret because 
reported gains may reflect differences in architecture, 
model scale, dataset choice, training protocol, or evaluation 
setting.

Segmentation studies provide a complementary view 
of the same problem. Boundary-aware and U-Net-derived 
models, lightweight generative adversarial network-based 
approaches, adaptive feature-fusion networks, and efficient 
segmentation architectures have improved pixel-level 
delineation of polyps under challenging conditions.34-36 
These methods are important when precise contour 
estimation is required. Detection, however, remains a 
distinct and clinically practical task: the immediate goal 
is to alert the endoscopist to the location of a suspicious 
lesion with sufficiently low latency. For this reason, 
bounding-box detection remains a relevant benchmark, 
particularly when localization accuracy is evaluated 
alongside computational cost.

Several methodological issues remain insufficiently 
resolved in current polyp detection benchmarks. First, 
many studies evaluate a single modified detector against 
selected baselines, making it difficult to separate the 
detector’s contribution from model capacity or training 
configuration. Second, within-family scaling is often 
treated as secondary, although nano, small, medium, 
large, and x-large variants differ substantially in memory 
demand, latency, and deployment feasibility. Third, 
external testing is still not applied consistently, even 
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though cross-dataset behavior is one of the most important 
indicators of practical robustness. Finally, mean average 
precision (mAP) 50 alone may be too permissive for 
medical object detection, as a predicted box can satisfy the 
0.50 Intersection over Union (IoU) threshold even if it only 
partially covers the lesion. mAP50–95 provides a stricter 
localization estimate by averaging performance across 
multiple IoU thresholds and is therefore more informative 
when spatial precision matters.

The present benchmark was designed to examine 
how recent YOLO detector families behave when trained 
and evaluated under the same protocol for single-class 
colorectal polyp localization. YOLO12, YOLOv13, and 
YOLO26 were compared across available model scales 
to assess both family-level differences and capacity-
dependent behavior.37-39 PolypGen2021 and PICCOLO 
were used for model development, with patient-level 
splitting applied to PolypGen2021 and the predefined 
patient-level PICCOLO split preserved. ETIS-Larib was 
reserved exclusively for external testing. The evaluation 
combined precision, recall, mAP50, and mAP50–95 with 
parameter count, giga floating-point operations per second 
(GLOPs), and inference time. This design was intended to 
provide a standardized benchmark rather than to introduce 
a new detector architecture or to infer a macroscopic or 
histological polyp subtype. The main contributions of this 
work are as follows:

(i)	 A unified benchmark of YOLO12, YOLOv13, and 
YOLO26 is provided for colorectal polyp localization 
under a shared experimental protocol, reducing the 
influence of inconsistent training and evaluation 
settings.

(ii)	 Model scales from nano to x-large are evaluated 
within the same framework, allowing accuracy gains 
to be interpreted together with computational cost, 
latency, and deployment feasibility.

(iii)	The experimental design uses public datasets with 
clearly separated roles, including patient-level 
development data, a held-out patient-level test subset, 
and an external test set.

(iv)	 mAP50–95 is used as the primary ranking metric to 
emphasize strict localization quality across multiple 
IoU thresholds, with mAP50, precision, and recall 
reported as complementary detection indicators.

(v)	 The benchmark distinguishes between accuracy-
oriented and lightweight deployment-oriented 
choices, which is essential for real-time colonoscopy 
systems where the largest model may not always be 
the most practical option.

2. Materials and methods

2.1. Datasets

Three publicly available colorectal polyp datasets were used 
in this benchmark: PolypGen2021, PICCOLO, and ETIS-
Larib.12,18,19 The experiments were formulated as single-
class object detection, and the target class was defined 
as polyp. The detection subsets used in the reported 
experiments consisted of images with visible polyp 
bounding-box annotations. Negative-only images without 
polyp bounding-box annotations were not included in the 
evaluated subsets, because the objective was to compare 
localization performance for the annotated polyp class 
under a consistent protocol.

PolypGen2021 was used as one of the model 
development datasets. Since patient-level information 
was available, the dataset was divided into training and 
validation subsets at the patient level. This strategy was 
preferred over image-level random splitting because 
multiple colonoscopy frames from the same patient may 
contain visually correlated lesions, repeated camera views, 
similar mucosal texture, or near-duplicate appearances. 
The final PolypGen2021 split contained 1,342 training 
images and 194 validation images with polyp annotations.

The PICCOLO dataset was included because it provides 
a predefined patient-level split. Its original training, 
validation, and test partitions were preserved without 
reshuffling. The PICCOLO training subset contained 2,203 
polyp-annotated images, the validation subset contained 
897 polyp-annotated images, and the test subset contained 
333 polyp-annotated images. The predefined test subset 
was not used during training, validation, early stopping, 
threshold inspection, or model selection, and was treated 
as an independent held-out test set.

ETIS-Larib was used only for final external testing. 
It contained 196 polyp-annotated images and was 
not included in any stage of model development. This 
design enabled an additional assessment of cross-dataset 
generalization under visual conditions that differ from the 
training and validation data. The datasets were used as still-
image detection datasets; no video-level frame extraction 
or temporal sampling was performed by the authors. 
Representative examples from PolypGen2021, PICCOLO, 
and ETIS-Larib are presented in Figure 1.

2.2. Data split strategy

The data split strategy was designed to reduce leakage and 
provide a realistic estimate of model generalization. In 
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colonoscopy datasets, image-level random partitioning can 
inflate performance because frames from the same patient 
or video may share highly similar lesion appearance, 
camera trajectory, background texture, and illumination. 
To reduce this risk, PolypGen2021 was split at the patient 
level, and the predefined patient-level split of PICCOLO 
was preserved.

The final model development data consisted of the 
training and validation subsets from PolypGen2021 and 
PICCOLO. Two test settings were then used for final 
evaluation. The first was the predefined PICCOLO test 
subset, which provided a held-out evaluation within the 
official dataset structure. The second was ETIS-Larib, 
which was kept completely independent from model 
development and served as an external test set. No image 
from the PICCOLO test or ETIS-Larib was used during 
training, validation, early stopping, hyperparameter 
selection, confidence threshold inspection, or model 
selection. The dataset distribution and experimental role 
of each dataset are summarized in Table 1.

2.3. You Only Look Once model families and 
architectural rationale

The evaluated detector families were selected because 
they represent three recent and distinct directions in 
YOLO development: attention-centric real-time detection 
in YOLO12, hypergraph-enhanced adaptive visual 

perception in YOLOv13, and deployment-oriented end-
to-end detection in YOLO26.37-39

2.3.1. General You Only Look Once detection 
formulation

The YOLO family formulates object detection as a single-
stage prediction problem. Instead of generating region 
proposals in a separate stage, YOLO detectors estimate 
bounding boxes, objectness scores, and class probabilities 
directly from the input image. This design is well suited 
to colonoscopy-based computer-aided detection because 
the model must localize suspicious polyp regions with low 
latency while preserving sensitivity to small, low-contrast, 
or partially visible lesions.

For an input colonoscopy image I , a YOLO detector 
with trainable parameters θ  produces a set of candidate 
detections (Equation 1):

( ) ( ) 1{ , ,ˆ̂ }ˆ N
i i i if I b s cθ == = 	 (1)

where îb  denotes the predicted bounding box, îs  is the 
confidence score, îc  is the predicted class label, and N  
is the number of candidate detections. Since the present 
benchmark was formulated as single-class object detection, 
all positive annotations were assigned to the polyp class. 
The detector output therefore represents the localization of 

Figure 1. Representative examples from the colorectal polyp datasets used in this study. Representative colonoscopy images from PolypGen2021, 
PICCOLO, and ETIS-Larib are shown. The examples illustrate differences in polyp size, morphology, illumination, boundary visibility, mucosal texture, 
and background complexity.
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a visible polyp candidate rather than macroscopic subtype 
classification or histological prediction.

Spatial agreement between a predicted bounding box 
and a ground-truth bounding box was measured using 
IoU (Equation 2):

( ) ˆ
ˆ,ˆ b bIoU b b
b b
∩

=
∪

∣ ∣

∣ ∣
	 (2)

where b̂ is the predicted bounding box and b  is the 
corresponding ground-truth bounding box. A higher IoU 
indicates stronger spatial overlap between the predicted 
and annotated lesion regions. This measure is central to the 
calculation of mAP50 and mAP50–95, because a detection 
is considered correct only when its overlap with the ground 
truth satisfies the relevant IoU threshold.

During training, YOLO models optimize a multi-
component detection objective that combines localization, 
classification, and regression refinement terms. The general 
form of the loss can be written as Equation 3:

total box box cls cls reg regλ λ λ= + +    	 (3)

where box  penalizes bounding-box localization error, 
cls  penalizes class prediction error, and reg  represents 

the architecture-specific regression refinement term 
used by the implementation. The coefficients boxλ , clsλ
, and regλ  control the relative contribution of these loss 
components.

These coefficients were not optimized separately in 
this study. They were kept fixed according to the training 
configuration used by the YOLO implementation to 
maintain a consistent comparison across detector families 
and model scales. Specifically, the loss weights were set 

to 7.5 for bounding-box loss, 0.5 for classification loss, 
and 1.5 for the regression refinement term. No separate 
grid search, Bayesian optimization, or dataset-specific 
tuning was performed for these coefficients. This choice 
was aligned with the benchmark design, where the aim 
was to compare recent YOLO families under a shared 
protocol rather than to obtain an individually optimized 
configuration for each architecture.

The benchmark included both cross-family and within-
family comparisons. YOLO12, YOLOv13, and YOLO26 
were evaluated as recent YOLO detector families, and 
each family was examined across available capacity scales. 
YOLO12 included nano, small, medium, large, and x-large 
variants. YOLOv13 included nano, small, large, and x-large 
variants because the medium checkpoint was not included 
in the evaluated model set. YOLO26 included nano, small, 
medium, large, and x-large variants. This design allowed the 
analysis to capture differences between YOLO generations 
as well as the effect of increasing model capacity within the 
same architectural family.

2.3.2. You Only Look Once 26 family

The YOLO26 family was included as the most recent 
detector family in the benchmark and was selected for 
detailed visualization because it provided the strongest 
cross-dataset balance in the final analysis [39]. The family 
is designed for deployment-oriented object detection, with 
emphasis on efficient inference, simplified prediction flow, 
and practical use in real-time systems. These properties are 
relevant for colonoscopy, where computer-aided detection 
must operate continuously and with minimal delay.

Five YOLO26 variants were evaluated: YOLO26n, 
YOLO26s, YOLO26m, YOLO26l, and YOLO26x. These 
variants represent a capacity progression from nano to 
x-large. The nano variant was expected to provide the most 

Table 1. Dataset distribution and experimental role

Dataset Experimental role Training images with 
polyp annotations

Validation images with 
polyp annotations

Test images with 
polyp annotations

Target 
class Split strategy

PolypGen2021 Model 
development 1,342 194 – Polyp Patient-level split

PICCOLO
Model 
development and 
held-out testing

2,203 897 333 Polyp Predefined patient-
level split

ETIS-Larib External testing – – 196 Polyp Test-only dataset

Note: The benchmark was formulated as single-class polyp detection. The table reports images with polyp bounding-box annotations used in each split. 
Negative-only images without polyp annotations were not included in the evaluated detection subsets.
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favorable computational profile, whereas the x-large variant 
provided the highest representational capacity. Evaluating 
the full-scale range was important because the best model 
for clinical deployment may not be the largest model. A 
smaller detector can be preferable if it retains adequate 
sensitivity while reducing latency and computational 
demand. A general overview of the YOLO26-based 
detector is provided in Figure 2. Figure 2 is intended to 
describe the backbone, neck, and detection head used by 
the detector at a high level, rather than to present a newly 
proposed architecture.

2.3.3. You Only Look Once v13 family

The YOLOv13 family was included because it represents 
a correlation-enhanced detection direction within recent 
YOLO development.38 Its design emphasizes richer 
feature interaction and adaptive correlation modeling, 
which may be useful in medical object detection where 
lesion boundaries are subtle, and background structures 
can resemble target objects. In colonoscopy frames, local 
texture alone may not be sufficient to separate true polyps 
from folds, reflections, bubbles, or mucosal irregularities.

Four YOLOv13 variants were evaluated: YOLOv13n, 
YOLOv13s, YOLOv13l, and YOLOv13x. These variants 

allowed scale-wise analysis within the family. The x-large 
version provided the highest capacity and achieved strong 
performance on the PICCOLO test subset, whereas 
the smaller variants allowed assessment of whether the 
architectural design remained competitive under more 
efficient configurations.

2.3.4. You Only Look Once 12 family

The YOLO12 family was included as an attention-oriented 
real-time detection family.37 Attention-based feature 
refinement is relevant in colonoscopy because polyps 
may occupy small regions and may be distinguished from 
surrounding mucosa only by subtle texture, contour, or 
color changes. At the same time, attention mechanisms 
must remain computationally efficient for real-time 
medical imaging.

The evaluated YOLO12 variants were YOLO12n, 
YOLO12s, YOLO12m, YOLO12l, and YOLO12x. This 
enabled an internal capacity comparison from lightweight 
to high-capacity models. The inclusion of YOLO12 also 
allowed attention-oriented detection behavior to be 
compared with the correlation-enhanced YOLOv13 family 
and the deployment-oriented YOLO26 family under the 
same dataset and evaluation protocol.

Figure 2. General architecture of the YOLO26-based detector used for colorectal polyp detection. The detector follows a single-stage design composed of 
a feature extraction backbone, a multi-scale feature aggregation neck, and a detection head that predicts polyp bounding boxes and confidence scores. The 
figure provides an architectural overview of the YOLO26 model family evaluated in this benchmark.
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2.4. Transfer learning, training protocol, and data 
augmentation

All models were trained for single-class colorectal polyp 
detection using bounding-box annotations in YOLO 
format. Transfer learning was performed by initializing 
each detector with its corresponding pretrained checkpoint, 
followed by full-network fine-tuning on colonoscopy 
images.40 No layers were frozen during training, allowing 
both low-level visual features and higher-level lesion 
representations to adapt to the endoscopic domain.

Training was conducted on a workstation equipped 
with an NVIDIA GeForce RTX 5090 GPU, 64 GB RAM, 
and an Intel Core Ultra 7 processor. The experiments 
were implemented using the Ultralytics framework. 
Deterministic training was enabled with a fixed random 
seed of 0 to improve reproducibility across model runs.

The input image size was set to 640 × 640 pixels, and 
the batch size was 16. No manual image enhancement, 
denoising, contrast correction, artifact removal, or dataset-
specific preprocessing was applied before training. Images 
were processed through the standard YOLO input pipeline, 
with aspect-ratio-preserving letterbox resizing applied 
when required. Pixel-value normalization and tensor 
conversion were handled internally by the implementation. 
Training was allowed to continue for up to 400 epochs, with 
early stopping patience set to 100 epochs. Validation was 
performed during training using the predefined validation 
split. 

The optimizer was selected automatically by the 
training framework. The initial learning rate was 0.01, 
the final learning-rate factor was 0.01, momentum was 
0.937, and weight decay was 0.0005. Warm-up training 
was applied for three epochs, with warm-up momentum of 
0.8 and warm-up bias learning rate of 0.1. Mixed precision 
training was enabled, eight data-loading workers were 
used, and the maximum number of detections per image 
was set to 300. The IoU threshold used for non-maximum 
suppression during validation was set to 0.7. The loss 
coefficients were kept fixed as described in Section 2.3.1 
and were not separately optimized for individual model 
families.

Data augmentation was applied only to the training 
images after the dataset split stage. Validation and test 
images were not augmented and were kept unchanged apart 
from standard model-input formatting. The augmentation 
policy included moderate hue, saturation, and value 
adjustments at 0.015, 0.7, and 0.4, respectively. Translation 
was set to 0.1, scale augmentation to 0.5, and horizontal 
flipping to 0.5. Mosaic augmentation was enabled during 
training and disabled during the final ten epochs to 

stabilize late-stage optimization. RandAugment was used 
as the automatic augmentation policy, and random erasing 
was set to 0.4.

Rotation, vertical flipping, shear, perspective 
transformation, MixUp, CutMix, and copy-paste 
augmentation were not used. These operations were 
excluded because aggressive geometric or compositional 
transformations may distort lesion boundaries or create 
anatomically implausible polyp-background relationships 
in colonoscopy images. The augmentation strategy was 
kept moderate to improve visual diversity while preserving 
clinically plausible lesion appearance.

2.5. Evaluation metrics

Model performance was evaluated using detection 
accuracy metrics and computational efficiency indicators. 
This combined evaluation was necessary because a 
clinically useful polyp detector should not only localize 
lesions accurately but also operate with feasible latency 
and computational cost. Precision was used to measure the 
proportion of predicted polyp detections that were correct, 
as shown in Equation 4:

TPPrecision
TP FP

=
+

	 (4)

where TP  denotes true-positive detections and FP
denotes false-positive detections. High precision indicates 
that the detector produces fewer false alarms. Recall was 
used to measure the proportion of true polyps that were 
detected, as shown in Equation 5:

TPRecall
TP FN

=
+

	 (5)

where FN denotes false-negative detections. Recall is 
particularly important in colonoscopy because a false-
negative result corresponds to a missed polyp. Average 
precision was calculated from the precision–recall curve, 
as shown in Equation 6:

( )
1

0
AP P R dR= ∫ 	 (6)

where ( )P R  denotes precision as a function of recall. 
Since this was a single-class detection task, the mean 
average precision corresponded to the average precision of 
the polyp class. mAP50 was defined as average precision at 
an IoU threshold of 0.50, as shown in Equation 7:

0.5050mAP AP= 	 (7)

mAP50–95 was calculated by averaging average 
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precision values across IoU thresholds from 0.50 to 0.95 
with a step size of 0.05, as shown in Equation 8:

{ }0.50,0.55, ,0.95

150 95
10 t

t

mAP AP
∈ …

− = ∑ 	 (8)

mAP50–95 was used as the primary ranking metric 
because it evaluates localization quality under increasingly 
strict overlap thresholds. This is important for polyp 
detection because a model should not only identify 
suspicious regions but also provide spatially reliable 
bounding boxes around the lesion. Computational 
efficiency was assessed using parameter count, GFLOPs, 
and inference time per image. Parameter count reflected 
model size, GFLOPs estimated computational complexity, 
and inference time indicated practical speed under the 
evaluation setting. These indicators were interpreted 
together with detection metrics to distinguish the best 
accuracy-oriented detector from the most efficient 
lightweight alternative.

3. Results

3.1. Benchmark setting and evaluated models

The experimental results were analyzed across two 
independent test settings to assess both detection 
accuracy and generalization behavior. The evaluated 
detectors included YOLO12, YOLOv13, and YOLO26 
model families. Within these families, available model 
scales from lightweight to high-capacity versions were 
included, allowing both architecture-level and scale-
level comparisons. YOLO12 was evaluated with nano, 
small, medium, large, and x-large variants. YOLOv13 was 
evaluated with nano, small, large, and x-large variants, 
because the medium checkpoint was not included in the 
evaluated model set. YOLO26 was evaluated with nano, 
small, medium, large, and x-large variants.

The final evaluation was performed on the ETIS-
Larib external test set and the PICCOLO held-out test 
set. ETIS-Larib was not used during training, validation, 
early stopping, threshold inspection, or model selection, 
and therefore provided a strict external test setting. The 
PICCOLO test subset was also excluded from model 
development and was used according to its predefined 
patient-level split. Detection performance was assessed 
using precision, recall, mAP50, and mAP50–95, while 
model efficiency was examined using parameter count, 
GFLOPs, and inference time per image. Since mAP50–95 
evaluates localization quality across multiple intersection-
over-union thresholds, it was used as the primary ranking 
metric.

3.2. Detection performance on the ETIS-Larib 
external test set

The ETIS-Larib dataset provided the most stringent test 
condition because it was kept completely separate from 
model development. This dataset is visually challenging 
because polyps may appear under variable illumination, 
low contrast, mucosal folds, bubbles, reflections, and 
heterogeneous background texture. The quantitative 
results on ETIS-Larib are presented in Table 2.

On ETIS-Larib, YOLO26x achieved the highest mAP50–
95 value of 0.6475, indicating the strongest localization 
performance under strict IoU-based evaluation. The same 
model also obtained the highest recall, 0.7736, which is 
important for polyp screening because missed lesions 
represent a clinically relevant failure. These findings 
suggest that the x-large YOLO26 model was more sensitive 
to externally tested lesions and preserved better spatial 
localization across multiple IoU thresholds.

YOLO26n showed a different but equally important 
profile. It achieved the highest precision (0.8792) and the 
highest mAP50 (0.8507), while also having the smallest 
parameter count (2.3750 M), the lowest computational 
cost (5.1894 GFLOPs), and the fastest inference time 
(2.8929 ms/img). This result is notable because the smallest 
YOLO26 model outperformed larger models in several 
practical indicators. It suggests that compact detector 
design can remain highly competitive when the target 
class is well-defined, and the training data are sufficiently 
focused.

The lowest mAP50–95 value on ETIS-Larib was 
obtained by YOLOv13x at 0.5805. This is an important 
observation because YOLOv13x was one of the largest 
models in the benchmark. The result indicates that a 
larger capacity does not automatically translate into better 
external test behavior. In polyp detection, cross-dataset 
performance is influenced not only by model size but also 
by how feature representations respond to subtle lesion 
boundaries, mucosal texture, illumination changes, and 
background artifacts.

3.3. Detection performance on the PICCOLO held-
out test set

The PICCOLO test subset provided a complementary 
evaluation setting. Unlike ETIS-Larib, PICCOLO 
includes predefined patient-level train, validation, and 
test partitions. The test subset was not used during model 
development and therefore served as an independent held-
out evaluation within the same benchmark source. The 
results on the PICCOLO test set are reported in Table 3.
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Table 2. Detection performance of You Only Look Once models on the ETIS-Larib external test set 

Model Precision Recall mAP50 mAP50–95 Params (M) GFLOPs Time (ms/img)

YOLO12n 0.8424 0.7217 0.8100 0.6117 2.5569 6.3199 3.5111

YOLO12s 0.7814 0.7075 0.7915 0.5886 9.1944 21.1518 4.1464

YOLO12m 0.8690 0.6557 0.7973 0.6245 20.1057 67.1149 3.8531

YOLO12l 0.8140 0.6811 0.7815 0.6143 26.3398 88.5459 6.2124

YOLO12x 0.8643 0.7212 0.8316 0.6358 59.0445 198.5223 7.5016

YOLOv13n 0.7117 0.7102 0.7578 0.5834 2.4481 6.2021 5.6854

YOLOv13s 0.8142 0.7264 0.8162 0.6210 9.5297 21.2898 5.7336

YOLOv13l 0.7120 0.7075 0.7739 0.5903 27.5136 88.0929 8.6126

YOLOv13x 0.7881 0.6842 0.7695 0.5805 63.8863 198.7226 9.0252

YOLO26n 0.8792a 0.7211 0.8507a 0.6364 2.3750a 5.1894a 2.8929a

YOLO26s 0.8010 0.6415 0.7713 0.6103 9.4656 20.5225 2.9779

YOLO26m 0.8603 0.6679 0.7902 0.6205 20.3502 67.8484 3.3063

YOLO26l 0.8278 0.7075 0.8078 0.6356 24.7465 86.0955 4.5278

YOLO26x 0.8333 0.7736a 0.8470 0.6475a 55.6347 193.3677 5.9053

Note: a indicates the best result in each column. For Params, GFLOPs, and Time, lower values are better. 
Abbreviations: GFLOPs: Giga floating-point operations; mAP: Mean average precision; Params: Parameters; YOLO: You Only Look Once. 

The PICCOLO results followed a different pattern from 
ETIS-Larib. YOLOv13x achieved the highest mAP50–95 
(0.6630) and the highest mAP50 (0.8286). This indicates 
that YOLOv13x localized PICCOLO test polyps more 
accurately than the other evaluated models. YOLOv13n 
achieved the highest recall (0.7238), showing that a smaller 
YOLOv13 variant was more sensitive to lesion retrieval in 
this dataset.

YOLO26x reached the highest precision on PICCOLO, 
with 0.9118, but its recall was lower than that of several 
other models. This suggests a more conservative detection 
behavior. The model produced fewer false-positive 
predictions, but this selectivity came with reduced lesion 
retrieval. In screening-oriented colonoscopy, this trade-off 
should be interpreted carefully, because recall is critical 
when the main objective is to reduce missed polyps.

Efficiency results again favored YOLO26n. It required 
only 2.3750 M parameters and 5.1894 GFLOPs, with an 
inference time of 2.6825 ms/img. In contrast, YOLOv13x 
achieved the best PICCOLO mAP50–95 but required 
63.8863 M parameters and 198.7226 GFLOPs. This 

contrast emphasizes that the best detection score and the 
most deployable model may not be the same. For resource-
limited or real-time settings, compact models such as 
YOLO26n may offer a more practical balance.

3.4. Cross-dataset ranking based on mAP50–95

Since the best-performing model differed between 
ETIS-Larib and PICCOLO, a cross-dataset ranking was 
calculated to avoid selecting a model based on a single 
test set. The mAP50–95 values from both test sets were 
averaged for each model. This ranking is presented in Table 
4 and provides a more balanced estimate of external and 
held-out test performance.

The cross-dataset ranking identified YOLO26x as the 
most balanced detector, with the highest average mAP50–
95 of 0.6462. This result supports its selection for detailed 
curve-based and qualitative analysis. Although YOLOv13x 
was the strongest model on PICCOLO, its weaker ETIS-
Larib result reduced its average ranking. This confirms that 
a single test dataset can lead to a different conclusion than 
a cross-dataset evaluation.
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YOLO26m and YOLO12m followed YOLO26x 
with average mAP50–95 values of 0.6366 and 0.6363, 
respectively. YOLO26l also showed stable behavior, with 
nearly identical values on ETIS-Larib and PICCOLO. 
These results suggest that medium and large variants may 
provide reliable localization without necessarily requiring 
the largest model in every family.

YOLO26n deserves separate attention despite ranking 
sixth by average mAP50–95. It provided the most 
favorable efficiency profile on both test sets and remained 
competitive in detection performance. In practical terms, 
YOLO26x appears more suitable when maximum cross-
dataset localization performance is prioritized, whereas 
YOLO26n is more appropriate when real-time deployment 
and computational efficiency are the main constraints.

3.5. Training and validation dynamics of the 
selected You Only Look Once 26x model

After the cross-dataset ranking, YOLO26x was selected for 
additional training-dynamics analysis because it achieved 
the highest average mAP50–95 across the ETIS-Larib and 
PICCOLO test sets. The training and validation curves 

of the selected model are presented in Figure 3. These 
curves provide complementary evidence on optimization 
behavior and help determine whether the final model 
performance was obtained through stable convergence 
rather than abrupt late-stage fluctuations.

Figure 3 shows the evolution of training loss, validation 
loss, precision, recall, mAP50, and mAP50–95 during 
model optimization. The solid green curves represent 
the recorded epoch-wise values, whereas the dotted 
burgundy curves indicate the smoothed trends. Training 
box loss, classification loss, and distribution focal loss 
decreased progressively, showing that the model learned 
both lesion localization and class-specific representations 
during fine-tuning. The mAP50 and mAP50–95 curves 
increased during the early and middle training stages 
and then stabilized in the later epochs. Validation losses 
showed moderate fluctuations after the initial convergence 
phase, which is expected in heterogeneous colonoscopy 
images because polyp size, illumination, mucosal texture, 
lesion boundary clarity, and background artifacts vary 
considerably across frames.

The training curves indicate that YOLO26x followed a 

Table 3. Detection performance of YOLO models on the PICCOLO held-out test set 

Model Precision Recall mAP50 mAP50–95 Params (M) GFLOPs Time (ms/img)

YOLO12n 0.8034 0.7023 0.7758 0.6102 2.5569 6.3199 3.2992

YOLO12s 0.8251 0.6771 0.7823 0.6166 9.2313 21.2108 3.3361

YOLO12m 0.8906 0.6536 0.8040 0.6480 20.1057 67.1149 3.6232

YOLO12l 0.8127 0.7057 0.7882 0.6197 26.3398 88.5459 5.9319

YOLO12x 0.8674 0.6458 0.7824 0.6274 59.0445 198.5223 6.5566

YOLOv13n 0.8176 0.7238a 0.8026 0.6507 2.4481 6.2021 5.4562

YOLOv13s 0.8502 0.6693 0.7858 0.6238 9.5297 21.2898 5.4445

YOLOv13l 0.8693 0.6582 0.7960 0.6258 27.5136 88.0929 8.4023

YOLOv13x 0.8743 0.6901 0.8286a 0.6630a 63.8863 198.7226 8.5792

YOLO26n 0.8710 0.6327 0.7667 0.6265 2.3750a 5.1894a 2.6825a

YOLO26s 0.8625 0.6207 0.7807 0.6276 9.4656 20.5225 2.7534

YOLO26m 0.8489 0.6615 0.7889 0.6526 20.3502 67.8484 3.0749

YOLO26l 0.8419 0.6641 0.7780 0.6358 24.7465 86.0955 4.1674

YOLO26x 0.9118a 0.6380 0.7885 0.6449 55.6347 193.3677 5.6760

Note: a indicates the best result in each column. For Params, GFLOPs, and Time, lower values are better. 
Abbreviations: GFLOPs: Giga floating-point operations; mAP: Mean average precision; Params: Parameters; YOLO: You Only Look Once. 
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stable optimization pattern. The training box, classification, 
and distribution focal losses declined steadily, suggesting 
that the detector continued to improve localization and 
polyp-specific feature learning throughout training. In 
parallel, precision and mAP values increased rapidly 
during the early epochs and reached a stable range in the 
later phase. Recall showed a mild decline after its peak, 
which may reflect the model becoming more selective as 
optimization progressed. This behavior is consistent with 
the high precision observed on the PICCOLO test set and 
the strong cross-dataset mAP50–95 obtained by YOLO26x.

The validation curves should be interpreted together 
with the independent test results rather than in isolation. 
Although validation box, classification, and distribution 
focal losses fluctuated and increased mildly in the late 
training stage, the detection metrics remained stable, and 

no collapse was observed in mAP50 or mAP50–95. Such 
divergence between validation loss and detection metrics 
can occur in polyp detection because small changes in 
bounding-box regression loss may not always translate 
into lower average precision, particularly when lesions 
are small, low contrast, or boundary ambiguous. The final 
selection of YOLO26x was therefore based on its cross-
dataset test performance rather than validation loss alone. 
This choice is important because the model achieved the 
best average mAP50–95 across the independent ETIS-
Larib and PICCOLO test sets.

3.6. Precision–recall behavior of the selected You 
Only Look Once 26x model

The cross-dataset ranking favored YOLO26x, and its 
precision–recall behavior was therefore examined on 

Table 4. Cross-dataset ranking based on mAP50–95

Rank Model ETIS-Larib mAP50–95 PICCOLO mAP50–95 Average mAP50–95 Interpretation

1 YOLO26x 0.6475 0.6449 0.6462 Best cross-dataset model

2 YOLO26m 0.6205 0.6526 0.6366 Strong balanced detector

3 YOLO12m 0.6245 0.6480 0.6363 Competitive mid-size model

4 YOLO26l 0.6356 0.6358 0.6357 Highly consistent across datasets

5 YOLO12x 0.6358 0.6274 0.6316 High-capacity but less efficient

6 YOLO26n 0.6364 0.6265 0.6315 Best lightweight alternative

7 YOLOv13s 0.6210 0.6238 0.6224 Moderate balanced performance

8 YOLOv13x 0.5805 0.6630 0.6218 Best on PICCOLO but weaker on 
ETIS-Larib

9 YOLO26s 0.6103 0.6276 0.6190 Efficient small model

10 YOLOv13n 0.5834 0.6507 0.6171 Sensitive on PICCOLO but less stable 
externally

11 YOLO12l 0.6143 0.6197 0.6170 Moderate cross-dataset performance

12 YOLO12n 0.6117 0.6102 0.6110 Lightweight baseline

13 YOLOv13l 0.5903 0.6258 0.6081 Limited cross-dataset balance

14 YOLO12s 0.5886 0.6166 0.6026 Lowest average mAP50–95

Abbreviations: mAP: Mean average precision; YOLO: You Only Look Once. 
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both independent test settings. This analysis helps clarify 
how the selected model balances false-positive control 
and lesion retrieval at different operating thresholds. The 
corresponding curves are shown in Figure 4.

On ETIS-Larib, YOLO26x achieved an mAP50 of 
approximately 0.847, consistent with the value reported in 
Table 2. The curve remained in the high-precision region 
over a broad recall interval, indicating that the model 
preserved reliable predictions across a range of confidence 
thresholds. The decline at higher recall values reflects the 
difficulty of detecting subtle or ambiguous lesions without 
accepting additional uncertain predictions.

On PICCOLO, the mAP50 of YOLO26x was 
approximately 0.789. The curve was consistent with the 
quantitative result in Table 3, where the model achieved 
very high precision but lower recall. This behavior indicates 
that YOLO26x was more selective on the PICCOLO test 
set. Such a profile may be useful when false alarms must be 
minimized, but threshold calibration would be required if 
higher screening sensitivity is preferred.

3.7. Qualitative detection results

Quantitative metrics are necessary for benchmarking, 
but visual assessment is also important for interpreting 

localization quality in medical object detection. Because 
mAP50–95 evaluates detection performance across 
increasingly strict IoU thresholds, representative examples 
were examined with both ground-truth boxes and 
YOLO26x predictions. Figure 5 shows paired overlays  
from ETIS-Larib and PICCOLO, allowing spatial 
agreement and boundary mismatch to be assessed visually.

The qualitative examples indicate that YOLO26x 
localized visible polyp regions across heterogeneous 
appearances, including variable illumination, partial 
boundary ambiguity, mucosal background similarity, and 
differences in viewing angle and contrast. In well-defined 
lesions, the predicted boxes closely followed the annotated 
regions. In more difficult images, partial boundary 
mismatch was observed, particularly when lesion margins 
were indistinct or merged with folds, shadows, specular 
reflections, or low-contrast mucosa.

These examples help explain why mAP50 alone may 
be insufficient for colorectal polyp detection. A predicted 
box may overlap the lesion at an IoU threshold of 0.50 
while still failing to capture the lesion boundary precisely 
at stricter thresholds. The ground-truth and prediction 
overlays therefore provide a visual counterpart to the 
mAP50–95 analysis and support a stricter interpretation 
of localization performance.

Figure 3. Training and validation dynamics of the selected YOLO26x model. The curves show the evolution of training losses, validation losses, precision, 
recall, mAP50, and mAP50–95 during fine-tuning. The model showed progressive reduction in training losses and stabilization of detection metrics in the 
later training stage, indicating stable optimization without abrupt metric collapse.
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3.8. Failure case analysis

A separate failure analysis was included to avoid an 
overly favorable interpretation based only on successful 
detections. In medical imaging, aggregate metrics may 
obscure clinically relevant errors, especially when false 
negatives involve small or subtle lesions. Representative 
challenging cases are shown in Figure 6.

False-positive detections were mainly associated with 
mucosal folds, specular reflections, bubbles, residual 
content, and local texture changes that resembled polyp-
like structures. These patterns are expected in colonoscopy 
because background anatomy and imaging artifacts may 
share similar visual cues with true lesions. In such cases, 
increasing model capacity alone may not resolve the 
problem unless the model learns more discriminative 
lesion-background representations.

False negatives and weak detections were more 
common in small, flat, low-contrast, or partially visible 

polyps. Boundary mismatch was also observed when lesion 
margins were indistinct or when the polyp extended into 
shadowed or saturated regions. These findings indicate 
that future improvement should focus on small-object 
sensitivity, boundary-aware localization, and robustness to 
illumination artifacts.

The failure analysis provides a realistic interpretation of 
the benchmark. YOLO26x achieved the best cross-dataset 
mAP50–95, but the model still showed clinically relevant 
limitations in difficult frames. For deployment-oriented 
colonoscopy systems, performance should therefore be 
evaluated not only by aggregate mAP values but also by 
subgroup behavior in small lesions, flat lesions, low-
contrast frames, and artifact-heavy scenes.

3.9. Practical interpretation

The benchmark results indicate that model selection 
should depend on the intended use case. YOLO26x is the 
strongest candidate when the goal is maximum cross-

.Figure 4. Precision–recall curves of YOLO26x on the independent test sets. Precision–recall curves are shown for (A) ETIS-Larib and (B) PICCOLO. The 
curves illustrate how YOLO26x balances false-positive control and lesion retrieval across confidence thresholds, with different operating behavior across 
the external and held-out test distributions.
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dataset localization performance. It achieved the highest 
average mAP50–95 across ETIS-Larib and PICCOLO and 
also produced the best mAP50–95 and recall on the ETIS-
Larib external test set.

YOLO26n is the most practical lightweight alternative. 
It had the smallest parameter count, the lowest GFLOPs, 
and the fastest inference time on both test sets, while still 
maintaining competitive detection performance. This 
profile is important for real-time colonoscopy systems, 
where latency and hardware constraints may influence 
whether a model can be integrated into clinical workflow.

The comparison also shows that model family and 
model size should not be interpreted in isolation. 
YOLOv13x achieved the strongest PICCOLO mAP50–95, 
but it did not generalize as well to ETIS-Larib. YOLO26x 
provided the best cross-dataset balance, while YOLO26n 
delivered the best efficiency. This separation between 

accuracy-oriented and deployment-oriented choices is one 
of the main findings of the benchmark.

4. Discussion

4.1. Cross-dataset behavior of You Only Look Once 
model families

The present study compared recent YOLO12, YOLOv13, 
and YOLO26 model families for colorectal polyp detection 
using three public datasets with distinct experimental 
roles. Rather than evaluating a single detector or a single 
model scale, the analysis considered both architectural 
family differences and within-family capacity changes 
from lightweight to high-capacity variants. This design is 
important for polyp detection because model performance 
may depend not only on the detector generation but also 
on the balance between feature capacity, localization 
ability, and computational cost.

Figure 5. Representative ground-truth and YOLO26x prediction overlays on (A) ETIS-Larib and (B) PICCOLO. Green bounding boxes denote ground-
truth polyp annotations, whereas blue bounding boxes denote YOLO26x predictions with confidence scores. The examples illustrate spatial agreement and 
boundary mismatch across heterogeneous endoscopic appearances, including variable illumination, low contrast, mucosal folds, specular reflections, and 
differences in lesion size and boundary visibility. 

mailto:10.36922/EJMO026220238


Eurasian Journal of  Eurasian Journal of  
Medicine and OncologyMedicine and Oncology YOLO-based colorectal polyp detection

Volume X Issue X (2026)	 15� doi: 10.36922/EJMO026220238

The results showed that the best-performing model 
was not identical across the two test sets. On the ETIS-
Larib external test set, YOLO26x achieved the highest 
mAP50–95 and recall, indicating stronger localization and 
lesion retrieval under a more challenging external setting. 
On the PICCOLO held-out test set, YOLOv13x achieved 
the highest mAP50–95 and mAP50, whereas YOLO26x 
produced the highest precision. This difference suggests 
that model ranking is sensitive to dataset characteristics, 
including illumination, lesion morphology, background 
texture, image sharpness, and annotation properties.

The cross-dataset ranking provided a more balanced 
interpretation. YOLO26x obtained the highest average 
mAP50–95 across ETIS-Larib and PICCOLO, making 
it the most stable accuracy-oriented model in this 
benchmark. However, the performance gap between 

models was not uniform across datasets. For example, 
YOLOv13x performed strongly on PICCOLO but showed 
weaker generalization on ETIS-Larib. This finding supports 
the use of more than one independent test setting in polyp 
detection studies. A detector that performs well on a 
familiar test distribution may not show the same behavior 
when image appearance and lesion presentation change.

The results also indicate that increasing model size 
alone is not a sufficient strategy for robust polyp detection. 
Some large models produced strong results on one dataset 
but did not maintain the same advantage externally. 
In contrast, several mid-size and lightweight models 
remained competitive, especially when efficiency was 
considered. This is relevant for colonoscopy applications, 
where deployment conditions may favor models that 
are fast and stable rather than models that only provide 
marginal gains in aggregate accuracy.

Figure 6. Representative challenging cases and failure patterns. Representative examples illustrate false-positive detections, weak localization, and missed-
detection patterns observed during qualitative assessment. Common sources of error included mucosal folds, specular reflections, bubbles, residual 
content, low-contrast lesions, partial visibility, and ambiguous lesion boundaries. (A) Low-confidence detections; (B) boundary mismatch cases; (C) false-
positive detections; and (D) missed or weakly localized lesions. 
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4.2. Accuracy, efficiency, and clinical interpretation

The primary ranking metric in this study was mAP50–95 
because it evaluates localization quality across multiple 
IoU thresholds. This is stricter than mAP50 and more 
appropriate for medical object detection, where a predicted 
box should not merely overlap a lesion but should also 
localize it with acceptable spatial precision. The difference 
between mAP50 and mAP50–95 in the present results 
confirms that relying only on mAP50 may overestimate the 
practical quality of a detector.

From an accuracy perspective, YOLO26x was the 
strongest overall model. Its highest average mAP50–95 
across the two test sets indicates that it provided the most 
balanced localization performance. Its high recall on ETIS-
Larib is also clinically meaningful because false-negative 
detections correspond to missed polyps. In screening-
oriented colonoscopy, sensitivity is particularly important, 
since diminutive, flat, pale, or low-contrast lesions may be 
overlooked during visual inspection.

However, the efficiency results point to a different 
model choice. YOLO26n had the lowest parameter count, 
the lowest GFLOPs, and the fastest inference time on 
both test sets, while maintaining competitive detection 
performance. This makes YOLO26n a strong lightweight 
alternative for real-time or hardware-constrained 
environments. Therefore, the model choice depends on the 
intended use. YOLO26x is more suitable when maximum 
cross-dataset detection performance is required, whereas 
YOLO26n is more appropriate when low latency, small 
model size, and computational efficiency are prioritized.

The precision–recall curves and qualitative examples 
provided additional insight beyond the tabular results. 
YOLO26x maintained strong precision over a broad recall 
range on ETIS-Larib, but the curve declined when recall 
was pushed to higher values. This reflects the expected 
trade-off in polyp detection: recovering more subtle lesions 
often increases the number of uncertain predictions. On 
PICCOLO, YOLO26x showed a more conservative pattern, 
with very high precision but lower recall. Such behavior 
may be acceptable in some decision-support settings, but 
threshold calibration would be needed if the system is 
intended primarily for screening assistance.

The failure cases were consistent with known difficulties 
in colonoscopy-based detection. False-positive predictions 
were often associated with mucosal folds, specular 
reflections, bubbles, residual content, or local texture 
changes that resembled polyp-like structures. Missed or 
weakly localized lesions were more often small, flat, low-
contrast, partially visible, or located near visually complex 
regions. These errors suggest that future improvement 

should focus on small-lesion sensitivity, boundary-aware 
localization, and robustness to illumination artifacts rather 
than simply increasing network capacity.

4.3. Implications for polyp detection benchmarking

The findings have several implications for future 
benchmark studies. First, polyp detection models should 
be assessed using both held-out and external test sets 
whenever possible. Internal validation alone may not reveal 
how a model behaves under dataset shift. The difference 
between ETIS-Larib and PICCOLO rankings in this study 
illustrates why a single test set can lead to an incomplete 
conclusion.

Second, benchmark studies should report efficiency 
metrics together with detection metrics. Parameter count, 
GFLOPs, and inference time are not secondary technical 
details in colonoscopy applications. They directly affect 
whether a model can be deployed in real-time clinical 
environments. A model with slightly lower mAP50–95 
but substantially faster inference may be more useful in 
practice than a larger model with only marginal accuracy 
gains.

Third, qualitative analysis remains necessary. Aggregate 
metrics summarize detection behavior but do not reveal 
whether errors occur in clinically important cases. For 
this reason, successful detections and failure cases should 
both be presented. In the present study, the failure analysis 
showed that the remaining errors were mainly related to 
visually difficult lesion presentations and background 
artifacts. This type of evidence is important for interpreting 
the clinical relevance of model performance.

4.4. Limitations and future work

This study has several limitations that should be 
considered when interpreting the benchmark results. First, 
the experiments were conducted using public still-image 
datasets. Although PICCOLO and ETIS-Larib provide 
useful visual diversity, they cannot fully reproduce the 
variability of routine colonoscopy. Real clinical deployment 
may involve different endoscopy systems, imaging 
modes, bowel preparation quality, patient populations, 
lesion prevalence, frame sampling patterns, withdrawal 
technique, and operator-dependent acquisition conditions. 
Multi-center prospective validation is therefore required 
before the benchmark results can be translated into clinical 
decision-support use.

Second, the task was formulated as single-class polyp 
detection. This design is appropriate for computer-aided 
detection systems whose primary function is real-time 
localization of suspicious polyp regions, but it does not 
address lesion characterization. The included datasets 
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did not provide a consistent lesion-level taxonomy for 
macroscopic morphology or histological diagnosis 
across all images. As a result, the present analysis 
cannot determine whether detector performance differs 
among pedunculated, sessile, flat, depressed, serrated, 
adenomatous, hyperplastic, dysplastic, or malignant 
lesions. Future datasets should include verified lesion-
level endoscopic and histopathological metadata so that 
localization performance can be examined together with 
morphology, histology, size, anatomical location, and 
malignancy risk.

Third, lesion-level subgroup analysis was not performed 
because harmonized subtype labels were not available 
across the included datasets. This is clinically relevant 
because errors may occur disproportionately in diminutive, 
flat, low-contrast, serrated, partially visible, or artifact-
obscured lesions. Without reliable lesion-level metadata, 
these categories could not be evaluated statistically. 
Future benchmarks should report performance separately 
by lesion size, macroscopic morphology, histological 
category, anatomical location, image quality, and artifact 
burden. Such analyses would make detection results more 
interpretable for clinical use, especially when comparing 
models with similar aggregate mAP values.

Fourth, negative-only images without polyp annotations 
were not included in the evaluated subsets. The benchmark 
therefore primarily assesses localization performance on 
polyp-positive images and does not fully characterize false-
positive behavior on completely polyp-free colonoscopy 
frames. This limitation is important because routine 
colonoscopy contains long periods without visible polyps, 
during which false alarms may affect workflow, attention, 
and user trust. Future work should include negative-only 
frames and longer video segments to evaluate false alarm 
rate, false alarm persistence, and threshold behavior under 
screening-like conditions.

Fifth, the evaluation was based on still images rather 
than continuous colonoscopy videos. Still-image analysis 
is useful for controlled benchmarking, but real-time 
colonoscopy involves temporal continuity, camera motion, 
repeated lesion views, transient blur, changing insufflation, 
and frame-level redundancy. Video-based evaluation 
would allow clinically relevant endpoints such as temporal 
stability, detection delay, missed-lesion duration, frame-to-
frame flickering, and persistent false alarms to be assessed 
more directly. Future models may benefit from temporal 
smoothing, tracking, or video-level aggregation, but these 
additions should be validated without introducing delayed 
or unstable alerts.

Sixth, the comparisons were interpreted as benchmark-

based numerical comparisons rather than formal claims 
of statistical superiority. Formal confidence intervals and 
paired p-values were not reported for mAP50 or mAP50–
95 because valid statistical inference for these threshold-
integrated detection metrics requires image-level 
prediction outputs and repeated metric recomputation 
under paired resampling. Aggregate table values alone are 
not sufficient for a statistically valid paired test. For this 
reason, small differences between closely ranked models 
should be interpreted cautiously, particularly when the 
performance gaps are narrow. Future benchmark studies 
should retain image-level prediction outputs and report 
paired bootstrap confidence intervals for the primary 
localization metric.

Seventh, a unified training configuration was used to 
ensure a fair comparison across model families and scales. 
This protocol supports direct benchmarking, but it may not 
represent the optimal setting for every architecture. Some 
detectors may benefit from model-specific augmentation 
policies, learning-rate schedules, confidence thresholds, 
loss-weight tuning, or longer optimization. Future work 
should compare fixed-protocol benchmarking with 
separately optimized model-specific training strategies, 
while keeping independent test sets unchanged.

Finally, confidence calibration, uncertainty estimation, 
and reader interaction were not evaluated. In clinical use, 
confidence scores should be reliable because overconfident 
false positives and false negatives may affect trust and 
workflow integration. The practical value of a detector also 
depends on how endoscopists respond to alerts, whether 
false positives interrupt inspection, and whether threshold 
selection can be adjusted for screening-oriented sensitivity. 
Future studies should evaluate calibration, uncertainty-
aware detection, threshold selection, reader studies, 
and prospective deployment under real colonoscopy 
conditions.

5. Conclusion
This study presented a unified benchmark of YOLO12, 
YOLOv13, and YOLO26 model families for colorectal polyp 
detection using PolypGen2021, PICCOLO, and ETIS-Larib 
datasets. The experimental design included patient-level 
splitting for PolypGen2021, preservation of the predefined 
patient-level PICCOLO split, and external testing on 
ETIS-Larib. By evaluating both family-level differences 
and model-scale variations from nano to x-large, the study 
provided a practical comparison of detection accuracy, 
localization quality, computational cost, and inference 
speed. The results showed that model performance varied 
across test settings. On the ETIS-Larib external test set, 
YOLO26x achieved the best mAP50–95 of 0.6475 and the 
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highest recall of 0.7736, indicating the strongest external 
localization and lesion retrieval performance. On the 
PICCOLO held-out test set, YOLOv13x obtained the 
highest mAP50–95 of 0.6630 and the highest mAP50 of 
0.8286, while YOLO26x reached the highest precision of 
0.9118. When the two test sets were considered together, 
YOLO26x achieved the highest average mAP50–95 of 
0.6462, making it the most balanced cross-dataset detector 
in this benchmark. The comparison between lightweight 
and large models revealed an important deployment trade-
off. YOLO26x provided the strongest overall detection 
performance, but YOLO26n achieved the most favorable 
efficiency profile on both test sets, with only 2.3750 M 
parameters, 5.1894 GFLOPs, and inference times of 2.8929 
ms/img on ETIS-Larib and 2.6825 ms/img on PICCOLO. 
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