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AIM: Videomics, the application of deep learning (DL) to endoscopic video, enables real-time tissue segmentation and anatomical
recognition. Within endoscopic endonasal approaches, these methods may improve intraoperative visualization, tumor delineation, and
surgical precision. Despite growing interest, its translation into routine clinical practice is still limited and not yet fully characterized.
This systematic review aimed to synthesize current evidence on DL-based segmentation in endoscopic endonasal surgery, focusing on
model architectures, segmentation targets, and reported outcomes.

METHODS: This review was conducted according to Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020 guidelines. A systematic search of PubMed, Scopus, and Web of Science was performed on 12 January 2025, and updated on 5
June 2025. Studies published between 2018 and 2025 were included, as no eligible studies were available prior to 2018. Studies were
included if they involved human endoscopic endonasal procedures and applied DL techniques to endoscopic video for segmentation
purposes. Data extraction included sample size, image resolution, annotated datasets, DL architectures, segmentation targets, and model
performance metrics. Study quality was assessed using the Newcastle-Ottawa Scale, and descriptive statistics were used to summarize
findings.

RESULTS: Out of 223 screened articles, 28 studies met the inclusion criteria, encompassing 154,989 patients and 1,028,440 annotated
images. The most common segmentation targets included nasal polyps (25%), nasopharyngeal carcinoma (21.4%), and pituitary ade-
nomas (7.14%). ResNet and YOLO architectures were each used in 5 studies (17.9%), while transformer-based models such as Swin
Transformer, NasVLM, and NaMA-Mamba were increasingly utilized in recent years. Performance metrics were high across studies:
area under the receiver operating characteristic curve (AUC-ROC) ranged from 87.4% to 99.2%, mean intersection over union [loU]
(mloU) from 61.2% to 81.7%, and mean average precision (mAP) [0.50] from 53.4% to 94.9%. Inference times varied from 0.14 ms to
100 ms per image. However, only 35.7% of studies reported segmentation tools, and dataset heterogeneity was common.
CONCLUSIONS: DL-based videomics demonstrates high segmentation accuracy across various pathologies and anatomical targets in
endoscopic endonasal surgery. Models such as Swin Transformer and YOLO show potential for real-time surgical support. However,
translation into clinical practice remains limited by dataset heterogeneity and variability in reporting.
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conceptual and methodological foundation for the present

work. In gastrointestinal endoscopy, convolutional neural
Introduction networks (CNNs) have been successfully applied to polyp
detection and segmentation [4,5]. In laryngoscopy, DL has
been used to delineate cancer boundaries and enhance di-
agnostic accuracy [6,7]. Similar applications have been
described in sinonasal surgery, where models enabled the
recognition and segmentation of nasal polyps and papillo-

mas [8]. These early contributions highlight the feasibil-
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Videomics, the convergence of video-endoscopy and arti-
ficial intelligence (Al), is rapidly emerging as a transfor-
mative approach in surgical practice [1-3]. Previous stud-
ies on videomics and deep learning (DL) have provided the
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niques to endoscopic video data, videomics enables real-
time analysis of anatomical structures, lesion recognition,
and tissue segmentation [1,2,9,10]. This integration not
only enhances diagnostic capabilities but also holds signifi-
cant promise for improving intraoperative decision-making
across various surgical domains [1,3,9,11].

Initially explored in gastrointestinal, dermatological, and
upper aerodigestive tract procedures, videomics has
demonstrated the capacity to automate lesion detection,
guide navigation through complex anatomy, and assist in
disease characterization [4—6,9,12,13]. Central to this de-
velopment is the use of DL models, particularly CNN,
which excel at identifying and segmenting visual features
in large-scale image data [14,15]. Through methods such as
transfer learning and data augmentation, these models can
be effectively trained even with limited clinical datasets,
making them viable for specialized surgical environments
[16,17].

The EEA has become a cornerstone technique in skull
base surgery, providing minimally invasive access to mid-
line structures such as the sellar, suprasellar, and clival re-
gions [18,19]. Despite its advantages, EEA presents in-
herent challenges, including limited visual fields, complex
and variable anatomy, and suboptimal lighting conditions
[19,20]. These factors can hinder the surgeon’s ability
to precisely identify anatomical landmarks or pathological
tissue, especially during critical phases of resection [21].
In this context, videomics offers an opportunity to aug-
ment the surgeon’s perception by delivering automated,
high-resolution analysis of intraoperative video in real time
[22,23].

Automated segmentation, one of the most promising appli-
cations of videomics, can help delineate critical structures,
highlight areas of interest, and support safe and complete
resection of pathological tissue [13,24]. During EEA, this
is particularly relevant for navigating around neurovascu-
lar structures and differentiating between normal tissue and
residual disease. The potential impact spans not only onco-
logic outcomes but also the reduction of surgical complica-
tions such as cerebrospinal fluid (CSF) leaks or damage to
adjacent critical anatomy [18-20].

Among the most studied applications of videomics in EEA
is its role in the management of pituitary adenomas (PAs)
[2,3]. Although typically benign, PAs present technical
challenges during resection due to their proximity to the op-
tic apparatus and normal pituitary tissue. Accurate intraop-
erative identification of residual tumor remains a key deter-
minant of long-term outcomes [25,26]. Deep learning tech-
niques have shown promise in segmenting adenoma tissue
from surrounding structures on endoscopic video, particu-
larly during the final stages of tumor removal, when visual
cues are minimal. By enhancing intraoperative awareness,
these tools may contribute to more complete resections and
improved postoperative results [2,3].
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To our knowledge, this is the first systematic review dedi-
cated specifically to DL-based segmentation in endoscopic
endonasal surgery. It aims to identify the main anatomical
and pathological targets studied, evaluate the performance
of different DL architectures, and highlight challenges re-
lated to methodological heterogeneity and clinical transla-
tion.

Methods
Study Design

This systematic review was carried out following the Pre-
ferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines [27]. A comprehensive lit-
erature search was independently performed by two review-
ers (EA and AP) using three electronic databases: PubMed,
Scopus, and Web of Science. The initial query was con-
ducted on 12 January 2025, and a final search update was
completed on 5 June 2025.

Search Strategy

The search strategy was developed to capture studies in-
vestigating Al-based video analysis in the context of endo-
scopic endonasal procedures. A combination of keywords
and Boolean operators was used to construct the search
string as follows: (videomics OR artificial intelligence OR
machine learning OR deep learning OR convolutional neu-
ral network OR segmentation) AND (endonasal OR nasal
OR pituitary OR sella* OR parasellar) AND (endoscop™).
Manual searches of the reference lists from relevant articles
were also conducted to identify any additional studies not
captured through the initial electronic search.

Eligibility Criteria

Studies were included if they met the following criteria:
(1) written in English; (2) involved human subjects under-
going endoscopic endonasal surgery; and (3) explored the
use of videomics or DL-based video analysis techniques,
particularly segmentation, during endoscopic procedures.
Eligible studies had to present original data and describe
applications such as anatomical recognition, intraoperative
guidance, lesion segmentation, or tissue differentiation. No
restrictions were placed on the type of DL architecture:
CNNs, transformer-based models, and hybrid approaches
were all considered eligible if applied to segmentation tasks
in endoscopic endonasal surgery. This ensured the com-
prehensiveness of the included studies. Studies were in-
cluded if they applied DL to segmentation in endoscopic en-
donasal surgery, even when certain methodological details
(e.g., image resolution, validation split) were incompletely
reported. Missing information was explicitly coded as “Not
Available (NA)” in the extraction sheet and in Table 1 (Ref.
[2,3,7,8,10-12,28-48]). This approach maximized com-
prehensiveness while making reporting gaps visible, under-
scoring the need for greater methodological transparency
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Table 1. Summary of videomics data of the studies included in the systematic review.

Patients Annotation dataset
Author, Year DL model Performance (%**)
Total Patients Total images Training dataset Validation dataset Testing dataset ~ Image resolution .
Segmentation Evaluated target
N N N (%) (% or N*) N (%) (pixel x pixel)
software
Li et al. [39], 7951 27,536 70 20 10 500 x 500 NA Nasopharingeal endoscopic Accuracy: 88.7
2018 malignancy images-based
nasopharyngeal
malignancy detection
model (eNPM-DM)
Girdler et al. 297 297 75 10 15 224 x 224 NA IP, NP ResNet-152 Accuracy: 74.2
[46], 2021
Bieck et al. [8], 30 180,000 80 20 NA NA NA Five anatomical ResNet-50 F1-Score: 47.0
2022 landmarks during FESS
Ay et al. [40], 80 4640 80 300* 20 550 x 550 NA NP 3CH-CNN Accuracy: 98.3
2022
Bi et al. [48], NA 3179 80 996* 20 256 x 256 NA AH grading MIB-ANet Accuracy: 76.8
2023
F1-Score: 76.3
Inference time: 50 ms
Chen et al. [47], NA 405 80 NA 20 765 x 570 LabelMe Nasal bleeding ETU-Net IoU: 94.6
2023
F1-Score: 97,2
Das et al. [41], 64 635 80 NA 20 1280 x 720 NA Sella, clival recess, eight PAINet ToU sella: 66.1
2023 parasellar landmarks
IoU clival recess:
54.1
MPCK-20% eight
landmarks: 53.2
Inference time: 100
ms
Yui et al. [37], 53 143,167 87.5 NA 12.5 224 x 224 NA 1P MobileNet-V2 AUC-ROC: 87.4
2023
Accuracy: 84.3
Fuse et al. [3], 50 605 60 20 20 128 x 128 VoTT PA ResNet-50 Accuracy: 75.1
2023
F1-Score: 75.1
wide-ResNet-50-2 Accuracy: 76.8
F1-Score: 76.6
DenseNet-161 Accuracy: 75.3
F1-Score: 75.2
Kwon et al. [42], 4340 4340 60 400* 40 224 x 224 or 331 x 331 OpenCV Normal nasal cavity, NP, Xception Accuracy: 82.0

2024

benign tumor, malignant

tumor

F1-Score: 81.0
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Table 1. Continued.

Patients Annotation dataset
Author, Year DL model Performance (%**)
Total Patients Total images Training dataset Validation dataset Testing dataset Image resolution .
Segmentation Evaluated target
N N N (%) (% or N¥) N (%) (pixel x pixel)
software
Phoommanee et 73 8972 NA NA 2257 384 x 384 NA Nasal obstruction ViT-tin Accuracy validation set: 94.8
al. [29], 2024 grading
F1-Score validation test: 89.4
Accuracy testing test: 71.1
F1-Score testing set: 33.1
Inference time: 37.04 ms
SVM Accuracy validation set: 79.6
F1-Score validation test: 60.3
Accuracy testing test: 69.6
F1-Score testing set: 31.8
Inference time: 0.14 ms
Phoommanee et 62 779 NA NA 22 512 x 512 NA Nasal septum, IT, MT, Mask2Former mloU validation set: 81.7
al. [33], 2024 NP, others, airway
(Swin-T) mloU testing set: 61.2
Inference time: 68.7 ms
Tai et al. [43], 1442 1442 70 10 20 256 x 256 NA NP, IP InceptionResNetV2 NP accuracy: 82.7
2024
NP F1-Score: 84.1
IP accuracy: 82.7
IP F1-Score: 61.2
Mao et al. [l11], 64 635 80 NA 20 1280 x 720 NA Sella, clival recess, PitSurgRT IoU sella: 67.0
2024 four parasellar
landmarks
IoU clival recess: 45.9
MPCK-20% four landmarks: 97.9
PitSurgRT + Inference time (fps32): 44.1 ms
TensorRT
Inference time (fps16): 33.5 ms
Ganeshan et al. NA 2111 80 15 5 1024 x 768 CocoAnnotator IT, MT YOLOv8 Accuracy: 91.5
[10], 2024
F1-Score: 93.1
Rampinelli et al. 52 342 80 10 10 640 x 640 Roboflow NP YOLOVS8.0.28 Precision: 91.0

[28], 2024

Recall: 83.9
mAP [0.50]: 94.9
IoU (mAP [0.50:0.95]): 67.9

Inference time: 9.8 ms

‘v 32 ‘17]02 24DS2))
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Table 1. Continued.

Author, Year

Patients

Annotation dataset

Total Patients Total images Training dataset Validation dataset Testing dataset Image resolution

DL model

Performance (%**)

) ) Segmentation Evaluated target
N N N (%) (% or N*) N (%) (pixel x pixel)
software
Xu et al. [38], 1050 6300 60 20 20 576 x 720 NA NP, IP, fungal sinusitis, nasal Att-Res2-UNet Accuracy: 97.9
2024 malignant tumor
Yue et al. [34], 2134 38,073 70 10 20 224 x 224 NA NPC, AH, allergic rhinitis, Nose-Keeper (Swin Accuracy: 92.3
2024 chronic rhinosinusitis with Transformer)
nasal polyps, deviated nasal
septum, NOR, rhinosinusitis
Lei et al. [30], NA 4000 NA NA NA NA NA NOR ResNet-50 Accuracy: 98.6
2025
F1-Score: 98.6
Recall: 98.7
Liu et al. [35], 67,900 271,600 90 10 NA 224 x 224 NA NOR, benign hyperplasia, NasVLM NPC accuracy: 94.5
2025 NPC
NPC AUC-ROC: 99.2
Wang Z et al. NA 25,278 97 NA 3 224 x 224 NA AH grading Xception Accuracy: 95.5
[12], 2024
AUC-ROC grade I: 93.0
AUC-ROC grade II: 94.0
AUC-ROC grade I1I: 97.0
AUC-ROC grade IV: 91.0
Bidwell et al. NA 2111 80 5 15 NA CocoAnnotator IT, MT YOLOVS (all) Average:
[31], 2025
F1 score: 92.9
Accuracy: 87.0
Inference time: 90.9 ms
YOLOvV8-nano F1 score: 92.0
Accuracy: 86.0
Inference time: 25.6 ms
He et al. [44], 906 8816 70 10 +2818* 20 512 x 512 LabelMe NPC NPC-SDNet Diagnostic accuracy: 95.0
2025 (WLI), 95.8 (NBI)
Segmentation accuracy:
94.7 (WLI), 92.2 (NBI)
IoU: 83.7 (WLI), 83.4
(NBD)
Staartjes et al. 146 19,000 NA NA 20%* NA VoTT Anatomical landmarks in the YOLOv7 mAP [0.50]: 53.4
[71, 2025 nasal and sellar phase of TSS

approach
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Table 1. Continued.

Patients Annotation dataset
Author, Year DL model Performance (%**)
Total Patients Total images Training dataset Validation dataset Testing dataset Image resolution

N N N (%) (% or N*) N (%) (pixel x pixel)

Segmentation Evaluated target

software

Mao et al. [45], 64 635 80 NA 20 1280 x 720 NA Sella, clival recess, four ConsisTNet IoU sella: 66.8
2025 parasellar landmarks
ToU clival recess: 45.1
F1-Score sella: 80.6
F1-Score clival recess:
60.2
MPCK-20% four
landmarks: 96.3
ConsisTNet + Tensor  Inference time (fps32):
RT 8.8 ms
Inference time (fps16):
5.0 ms
Levi et al. [32], 311 1242 80 10 10 224 x 224 Encord Sinonasal masses EfficientNet-B2 Accuracy: 90.5
2025

970 ‘€ L6 M1y “[pIf uuy 97y

F1-Score: 89.7
nnUNet Segmentation accuracy:
72.3 (polyp) and 72.8
(tumor)
Wang W et al. 67,900 271,600 90 10 NA 224 x 224 NA NOR, NPC NaMA-Mamba NPC accuracy: 92.7
[36], 2025
NPC F1-Score: 90.7
NPC AUC-ROC: 96.3
Agosti et al. [2], 20 700 80 10 10 640 x 640 Label Studio PA YOLOv8x-seg mAP [0.50]: 83.7
2025
mAP [0.50:0.95]: 50.9
DSC: 83.0
Swin Transformer mAP [0.50]: 91.3
mAP [0.50:0.95]: 60.1
DSC: 89.0
Recall: 91.0
Precision: 88.0

Abbreviations: AH, adenoidal hypertrophy; AUC-ROC, area under the receiver operating characteristic curve; DL, deep learning; DSC, Dice Similarity Coefficient; FESS, Functional Endoscopic Sinus Surgery; IoU,
intersection over union; IP, inverted papilloma; IT, Inferior Turbinate; mIoU, mean IoU; MPCK-20, mean percentage of correct keypoints within 20%; MT, Middle Turbinate; ms, milliseconds; N, Number; NA, Not
Available; NBI, Narrow Band Imaging; NOR, NORmal nasal cavity and nasopharynx; NP, Nasal Polyps; NPC, Nasopharhyngeal Carcinoma; PA, Pituitary Adenoma; TSS, Trans-Sphenoidal Surgery; VoTT, Visual object
Tagging Tool; WLI, White Light Imaging; eNPM-DM, endoscopic images-based nasopharyngeal malignancy detection model; 3CH-CNN, 3-Chamber view Convolutional Neural Network; MIB-ANet, Modified Inception
Block-Adenoid Network; ETU-Net, Efficient Transformer and convolutional U-style connected attention network; PAINet, Pituitary Anatomy Identification Network; PitSurgRT, Pituitary Surgery Real-Time; ViT-tin, Vision
Transformers Tiny; mAP [0.50], mean average precision at [oU threshold 0.50; mAP [0.50:0.95]: mean average precision across loU thresholds from 0.50 to 0.95 in steps of 0.05.

N*: Additional images out of the total images; **: The inference time is always specified to be measured in ms. When the articles reported it in frames per second (fps) (i.e., Mao et al. [11], 2024 and Mao et al. [45], 2025),
it was converted to ms.

‘v 32 ‘17]02 24DS2))
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in future studies. Exclusion criteria comprised: (1) review
articles, editorials, or opinion pieces; (2) conference ab-
stracts lacking peer review; (3) technical or methodological
studies without clinical context or human data; and (4) an-
imal or phantom-only research. Additionally, studies were
excluded if they did not clearly describe the Al methodol-
ogy or failed to report clinically relevant outcomes.

Study Selection

All references were managed using EndNote X9 software
(Build 15659, Clarivate Plc, Philadelphia, PA, USA). Du-
plicate entries were removed prior to the screening process.
Two reviewers (EA and AP) independently screened all ti-
tles and abstracts for relevance. Full texts of potentially el-
igible studies were then assessed. Inter-rater reliability was
assessed using Cohen’s kappa at the title/abstract screening
stage, resulting in x = 0.82, which indicates strong agree-
ment. Discrepancies were resolved through consensus or,
when necessary, consultation with a third reviewer (PPP).

Data Extraction

A structured data collection sheet was employed to system-
atically extract information from each included study. The
following variables were recorded: first author, year of pub-
lication, total number of patients, number of patients in-
cluded in the annotated dataset, total number of images, and
the distribution of data into training, validation, and testing
sets (reported as either number or percentage). Technical
specifications such as image resolution (in pixels), the seg-
mentation software used, the specific evaluated anatomi-
cal or pathological target, and DL models were also col-
lected. When methodological details such as segmentation
software or image resolution were not reported, these were
recorded as “Not Available (NA)” in the extraction sheet.
Authors were not contacted for additional information, as
the aim of this review was to synthesize published evidence.
This limitation was explicitly considered when interpreting
the reproducibility of included studies.

In terms of performance evaluation, key metrics were ex-
tracted to assess the effectiveness of each videomics ap-
proach. These included: accuracy, Fl-score, sensitivity,
specificity, precision, recall, area under the receiver op-
erating characteristic curve (AUC-ROC), intersection over
union (IoU), mean IoU (mloU), mean average precision
at IoU threshold 0.50 (mAP [0.50]), IoU across specific
anatomical regions (e.g., sella, clival recess), mean percent-
age of correct keypoints within 20% (MPCK-20), and infer-
ence time.

Qutcomes

The primary objective of this systematic review was to
catalog and evaluate the current clinical applications of
videomics and DL-based segmentation in endoscopic en-
donasal surgery. This included assessment of model func-
tionality in real-time surgical guidance, anatomical struc-

ture identification, tumor or tissue boundary detection, and
impact on intraoperative workflow or surgical outcomes.
Secondary outcomes included classification of DL tech-
niques used, dataset characteristics, and performance met-
rics reported.

Risk of Bias Assessment

Given that most studies included in this review were retro-
spective observational studies based on clinical endoscopy
datasets, the Newcastle-Ottawa Scale (NOS) was em-
ployed to assess study quality and potential bias [49]. The
scale assesses research methodology across three domains:
cohort selection, definition of inclusion and exclusion cri-
teria, and outcome assessment (Supplementary material
1).

Methodological quality assessment was conducted for each
study using the NOS. Scores guided the narrative synthesis,
explored the robustness of study findings, and identified po-
tential sources of heterogeneity. Quality scores for each in-
cluded study are summarized in Supplementary material
2.

Statistical Analysis

Descriptive statistics were applied to summarize the char-
acteristics of the included studies, videomics methodolo-
gies, and model performance metrics. Results were pre-
sented using medians, ranges, and proportions as appropri-
ate. Due to the methodological heterogeneity across stud-
ies, including differences in DL architectures, segmenta-
tion targets, validation techniques, and clinical endpoints,
a meta-analysis was not performed. All statistical analyses
and visualizations were performed using R (version 4.2.0;
https://www.r-project.org).

Results
Literature Review

Following the removal of duplicate records, a total of 223
records were screened. After screening titles and abstracts,
44 studies were deemed potentially relevant and were re-
trieved for full-text evaluation. Upon detailed assessment,
28 studies satisfied the eligibility criteria and were included
in the final review. The remaining 16 articles were excluded
for the following reasons: 14 were not aligned with the core
objectives of this review and 2 lacked relevant outcome
data. A detailed summary of the study selection process
is illustrated in the PRISMA flow diagram (Fig. 1). The
PRISMA checklist is available in Supplementary material
3. Study quality, as assessed by the NOS, ranged between
7 and 9 points for all the included studies, classifying them
as high quality (Supplementary material 2).

Data Analysis

A total of 28 studies published between 2018 and 2025
were included, collectively analyzing 154,989 patients and
1,028,440 annotated endoscopic images. All studies re-
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Identification of studies via databases and registers
SR )
Records removed before
c ) ) screening:
. Records identified from: Duplicate records removed (n
s Pubmed (n = 125) = 184)
- Scopus (n = 167) > Records marked as ineligible
s Web of Science (n = 118) by automation tools (n = 0)
= Records removed for other
reasons (retired from
l publication) (n = 3)
Records screened \ Records excluded
(n=223) (n=178)
Reports sought for retrieval | Reports not retrieved
g’ (n = 45) (n=1)
§
; '
n
Reports assessed for eligibility
(n =44) Reports excluded:
Not relevant to the research
topic (n = 14)
Not reporting selected
outcomes (n = 2)
—
)
3 Studies included in review
S (n=28)
S Reports of included studies
& (n=28)
—

Fig. 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow chart.

ported the use of annotated datasets, but the number of
frames varied substantially, from fewer than 700 to more
than 270,000 images. Data were typically split into train-
ing, validation, and testing sets in ratios ranging between
60-97%, 10-20%, and 3—40%, respectively, although sev-
eral studies also reported absolute numbers (e.g., 400 im-
ages in validation sets). Studies allocating less than 10% of
their data to test sets frequently reported disproportionately
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high-performance metrics, raising the possibility of overfit-
ting and inflated accuracy estimates. This methodological
weakness highlights the importance of balanced data split-
ting to ensure generalizable performance. Image resolution
ranged from 128 x 128 to 1280 x 720 pixels, with 224
x 224 (28.6% of studies) being the most frequently used
format. Despite the importance of annotation methodol-
ogy, only 10 studies (35.7%) disclosed the software used,
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including LabelMe, Visual object Tagging Tool (VoTT),
CocoAnnotator, Roboflow, OpenCV, Encord, and Label-
Studio, whereas 64.3% omitted this information. These
methodological differences illustrate a significant source of
heterogeneity that affects reproducibility.

Segmentation targets were diverse, reflecting both onco-
logic and anatomical applications. Nasal polyps were the
most frequent focus (7 studies, 25%), followed by nasopha-
ryngeal carcinoma (6 studies, 21.4%). Other targets in-
cluded sinonasal masses such as inverted papilloma (5 stud-
ies, 17.9%), inferior and/or middle turbinates (5 studies,
17.9%), clival/sellar landmarks (4 studies, 14.3%), ade-
noidal hypertrophy (3 studies, 10.7%), and PAs (2 stud-
ies, 7.1%). This distribution demonstrates the dual role
of videomics in disease characterization and intraoperative
navigation.

The included studies covered a wide spectrum of DL ar-
chitectures, ranging from traditional CNNs (ResNet, Xcep-
tion, InceptionResNetV2, MobileNet-V2) [3,8,30] to ob-
ject detection models (YOLOv7, YOLOvVS) [2,10,28,31],
and emerging transformer-based frameworks (Swin Trans-
former, NasVLM, NaMA-Mamba) [2,33-36]. This distri-
bution reflects the methodological diversity of the field.
CNNs such as ResNet-50 and ResNet-152 were reported
in 5 studies (17.9%), while YOLO-based architectures
(YOLOvV7, YOLOvV8) were also used in 5 studies (17.9%).
Other CNN-based models included Xception, Inception-
ResNetV2, MobileNet-V2, EfficientNet-B2, and nnUNet.
More recently, transformer-based approaches were increas-
ingly adopted, including Swin Transformer (3 studies),
NasVLM (1 study), and NaMA-Mamba (1 study). This
trend reflects a methodological shift toward architectures
with greater capacity for multi-scale contextual analy-
sis.  Models such as YOLOv8 and Swin Transformer
achieved top-performing metrics and serve as benchmarks
of both technical advancement and translational innovation
in videomics.

Performance outcomes were generally high, but with con-
siderable variability. Reported accuracy ranged from
71.1% to 98.6%, F1-score from 33.1% to 98.6%, and recall
from 83.9% to 98.7%. Area under the receiver operating
characteristic curve (AUC-ROC) values spanned 87.4% to
99.2%. Segmentation-specific metrics demonstrated simi-
lar heterogeneity: IoU ranged from 45.1% to 94.6%, mloU
from 61.2% to 81.7%, mAP [0.50] from 53.4% to 94.9%,
and MPCK-20 from 53.2% to 97.9%. Notably, studies with
larger and higher-resolution datasets, or with standardized
annotation protocols, tended to achieve superior boundary
delineation and generalization ability.

Inference time was inconsistently reported, with only 8
studies (28.6%) providing data. Reported times ranged
from 0.14 ms per image for lightweight SVM-based mod-
els to approximately 100 ms for more complex multi-stage
networks. YOLOVS achieved inference times as low as
9.8 ms per image, while transformer-based frameworks
(e.g., Swin Transformer, NaMA-Mamba) reported longer

but still clinically feasible times when optimized with en-
gines such as TensorRT. These findings suggest a trade-
off between segmentation accuracy and processing speed,
with CNNs favoring efficiency and transformers excelling
in precision. Reported inference times were not normal-
ized to hardware specifications, as only a minority of stud-
ies provided full details of GPU type, memory, or acceler-
ation engines. As a result, cross-study comparisons should
be interpreted cautiously. Subgroup comparison of CNN-
based versus transformer-based models showed that trans-
former architectures achieved superior segmentation accu-
racy (mAP [0.50], mloU), whereas CNN-based models,
particularly YOLO variants, consistently achieved faster in-
ference times. This highlights a trade-off between precision
and computational efficiency, which is relevant for clinical
translation.

Discussion

This systematic review highlights the rapid advancement
of deep learning-based videoomics approaches (includ-
ing segmentation-focused research protocols) in transnasal
endoscopic surgery and their potential clinical applica-
tions, particularly in PA resection [2,3]. Among the 28
studies reviewed, a diverse array of convolutional and
transformer-based architectures was employed for intra-
operative video analysis, with consistently high perfor-
mance across metrics. Notably, models such as ResNet-50
[3,8,30], YOLOvVS [2,10,28,31], and nnUNet [32], along
with emerging transformer-based architectures like Swin
Transformer [2,33,34], NasVLM [35], and NaMA-Mamba
[36], demonstrated superior multi-scale spatial represen-
tation, positioning them as leading candidates for clinical
translation.

Emerging Role of Transformer-Based Architectures

Among the DL models identified, transformer-based archi-
tectures such as Swin Transformer, NasVLM, and NaMA-
Mamba have demonstrated superior capabilities in anatomi-
cal segmentation by capturing long-range dependencies and
multi-scale contextual features [2,33—36]. While traditional
CNNss like ResNet-50 and MobileNet-V2 were widely uti-
lized, they often rely on local receptive fields and may fall
short when dealing with the complex, variable anatomy
of the skull base [3,8,30,37]. In contrast, Swin Trans-
former achieved state-of-the-art performance, surpassing
CNN-based models such as YOLOv8 and Mask R-CNN
[2,33,34]. These results demonstrate the innovative role
of DL in surgical video analysis. While earlier CNNs es-
tablished feasibility [3,8,30,37], transformer-based models
represent a step change by enabling fine-grained anatomi-
cal delineation and robust generalization [2,33—36]. These
features are critical for clinical adoption and underscore
the importance of DL beyond feasibility, highlighting tan-
gible improvements in accuracy, boundary detection, and
resilience to intraoperative variability. These findings are
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consistent with prior reports (e.g., PitSurgRT and U-Net-
based systems), where CNNs improved localization but
were constrained by segmentation accuracy and generaliza-
tion ability, particularly in challenging intraoperative en-
vironments [11,32,38]. Comparative benchmarking indi-
cates that transformers achieve their best performance in
high-resolution, well-annotated datasets, while CNN-based
models, particularly YOLO variants, remain more robust
in smaller or heterogeneous datasets. This underscores that
dataset quality and annotation practices are decisive modi-
fiers of model performance. CNNs also maintain a consis-
tent advantage in inference speed, reinforcing their suitabil-
ity for real-time integration, whereas transformers deliver
superior segmentation accuracy at a higher computational
cost.

Overall, CNNs and transformers should be considered com-
plementary. CNNs provide lightweight, rapid solutions for
intraoperative support, while transformers expand the fron-
tier of precision and generalization. Together, they repre-
sent a major advance toward clinically viable videomics in
endoscopic endonasal surgery.

Videomics in PA Surgery

The clinical utility of videomics in PA surgery is increas-
ingly evident, particularly in aiding the differentiation be-
tween tumor and normal pituitary tissue, an essential re-
quirement for maximizing resection while minimizing com-
plications. Fuse et al. [3] conducted one of the carliest
pilot studies applying DL to intraoperative endoscopic im-
ages for PA identification, using a Wide-ResNet architec-
ture. Although their model achieved a modest accuracy of
76.8%, it demonstrated the feasibility of using deep neural
networks for intraoperative tissue classification, highlight-
ing limitations related to small datasets and variability in
intraoperative imaging conditions.

Building on this foundational work, Agosti et al. [2] de-
veloped a more comprehensive videomics pipeline incor-
porating both YOLO-based and transformer-based segmen-
tation models trained on a curated dataset of 700 anno-
tated endoscopic frames. Among the proposed models, the
Swin Transformer outperformed all others across nearly ev-
ery evaluation metric. Its hierarchical self-attention mech-
anism enabled robust capture of multi-scale spatial fea-
tures, crucial for delineating complex anatomical bound-
aries such as residual adenoma margins in the sellar region
(Fig. 2). Compared to the YOLO variants—which, while
fast and efficient, tended to trade off fine-grained segmen-
tation accuracy for inference speed—the Swin Transformer
maintained high boundary precision even under challeng-
ing intraoperative conditions, achieving a test segmenta-
tion mAP [0.50] of 0.913 and mAP [0.50:0.95] of 0.601
[2,7,10,28,31,33,38]. Mask R-CNN models, traditionally
strong performers in image segmentation tasks, showed
good overall accuracy but were more prone to overfitting
and underperformed in generalization compared to Swin,
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particularly after prolonged training [2,32]. YOLOv8x-seg,
the best-performing YOLO model, delivered a respectable
mAP [0.50] of 0.837 but demonstrated reduced generaliza-
tion on more nuanced segmentation tasks, as reflected in
its lower mAP [0.50:0.95] [2]. These results suggest that
while YOLO-based models may be suitable for rapid detec-
tion tasks, transformer-based architectures are better suited
for tasks demanding high-resolution spatial awareness and
precision. The combination of superior generalization, ac-
curate edge delineation, and resilience to intraoperative vi-
sual noise marks the Swin Transformer as a promising can-
didate for integration into real-time surgical guidance sys-
tems [2,33,34].

Segmentation of Anatomical and Pathological Targets

The application of videomics to the segmentation of
anatomical and pathological targets in endoscopic en-
donasal surgery extends beyond PAs, encompassing a broad
spectrum of mucosal pathologies (e.g., nasal polyps and
nasopharyngeal carcinoma) and endoscopic and skull base
landmarks, including turbinates, and clival and sellar re-
gions [2,3,7,8,11,28,32-36,38-45]. This breadth reflects
the growing recognition of intraoperative video as a rich
source of spatial-temporal data for surgical navigation and
decision support. Several studies demonstrated the ca-
pacity of DL models to generalize across different target
types with consistently high performance, suggesting ro-
bust feature extraction and contextual learning capabilities
[7,8,10,32,33,35,38,41,42,45,46].

The segmentation of oncologic lesions, such as Na-
sopharhyngeal Carcinoma (NPC), is particularly promising
for enhancing intraoperative margin assessment and mini-
mizing residual disease [34-36,39,42,44]. Likewise, accu-
rate identification of anatomical landmarks can aid in avoid-
ing critical structures, potentially reducing complications
and operative time. These applications align with broader
trends in surgical data science, where real-time tissue recog-
nition and context-aware assistance are pivotal for precision
surgery [7,8,11,41,45]. However, variability in annotation
tools (e.g., LabelMe, COCO Annotator, Roboflow, Label
Studio) [2,10,28,31,44,47] and the frequent omission of la-
beling protocols in over 60% of studies point to a press-
ing need for standardized dataset curation. Furthermore,
the wide range of input resolutions (i.e., from 128 x 128 to
1280 x 720 pixels) introduces heterogeneity that may af-
fect model reproducibility and generalizability. Establish-
ing consensus on image acquisition standards and bench-
marking metrics (e.g., loU, mloU, MPCK-20) will be es-
sential to validate model performance across institutions
and pathologies, thereby facilitating clinical translation.

Integration and Real-Time Feasibility

Real-time integration remains a critical factor for clinical
adoption. While several studies reported inference times
under 10 milliseconds, the variation in computational se-
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Fig. 2. Sequential endoscopic frames from a PA procedure during Swin Transformer testing. Green: manual segmentation; blue:
model prediction; purple: overlap. AUC-ROC: 1.00. (A) Early stage: PA identified after dural flap retraction. (B) Mid-stage: PA tissue
removed with a curette. Source: Original image material from the University of Brescia. Patient consent was obtained.

tups and model complexities limits direct comparison [11,
28,29,31,33,41,45,48]. Nonetheless, models like YOLOVS
and NaMA-Mamba showed high potential for intraopera-
tive deployment due to their balance of speed and segmen-
tation accuracy [2,28,31]. Real-time surgical guidance, in-
cluding detection of neurovascular landmarks and residual
tumor margins, was evaluated in multiple studies, indicat-
ing not only feasibility but a tangible impact on surgical
decision-making and outcomes such as extent of resection
and complication rates (e.g., CSF leaks) [3,7,10,41,44,45].
Beyond technical performance, the clinical implications of
DL-based videomics are substantial. Real-time segmen-
tation can enhance intraoperative decision-making, reduce
the risk of complications such as CSF leaks, and support
surgical education by providing automated visual feedback.
These aspects highlight the potential of videomics not only
for research but also for tangible improvements in patient
safety and surgical outcomes.

However, despite these promising results, the translation of
DL-based videomics into clinical practice remains limited.
Key barriers include regulatory and ethical approval pro-
cesses, which require demonstration of safety, robustness,
and explainability before clinical deployment; difficulties
in cross-institutional data sharing due to privacy and stan-
dardization concerns; hardware and computing costs, espe-
cially in resource-limited settings; and the challenge of en-
suring real-time performance within the constraints of op-
erating room environments. Furthermore, clinicians may
be hesitant to rely on algorithmic outputs without trans-
parent validation and interpretability. These obstacles help
explain why, despite excellent experimental performance,
widespread clinical implementation has not yet occurred.

Limitations of the Study

Many of the included studies were single-center and ret-
rospective, potentially limiting generalizability. Sample
sizes varied widely, and some used fewer than 400 an-
notated images for validation. Manual segmentation re-
mains the primary method of annotation, which introduces
inter-observer variability. Furthermore, less than half of
the studies disclosed full methodological details, including
segmentation software and DL pipeline parameters. More-
over, performance validation across multiple institutions
and endoscopic platforms remains scarce. Another impor-
tant limitation relates to the lack of systematic discussion of
non-technical barriers. Even though the algorithms demon-
strate excellent accuracy, issues of regulatory approval, eth-
ical governance, data privacy, and infrastructure costs re-
main largely unaddressed in the literature, further delay-
ing clinical adoption. To address these issues, future stud-
ies should focus on multi-institutional collaborations, stan-
dardized data sharing frameworks, and the development of
semi-automated annotation tools to scale dataset creation
while maintaining accuracy. Equally, prospective clinical
trials and partnerships with regulatory bodies will be essen-
tial to assess real-world feasibility and ensure compliance
with ethical and legal frameworks. Another limitation is
that most of the included studies were published within the
last three years, reflecting the very recent development of
this field. This short research period means that evidence is
still preliminary, follow-up is scarce, and long-term clini-
cal outcomes remain underreported. These factors limit the
strength of conclusions and highlight the need for longitu-
dinal and multicenter validation before widespread clinical
implementation.
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Conclusions

Deep learning-based segmentation has shown potential
to transform intraoperative guidance into endoscopic en-
donasal surgery. With architectures like ResNet, YOLO,
and Swin Transformer achieving high performance on in-
traoperative endoscopic video data, these tools could of-
fer a pathway to safer and more precise surgical orientation
and tumor resection. Nevertheless, translation into routine
clinical practice remains constrained by regulatory, ethical,
technical, and economic challenges, in addition to the need
for robust multicenter validation. Addressing these barriers
will be crucial for moving from promising research results
toward widespread clinical adoption.
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