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Abstract
Aim: Real-time image guidance using deep learning is being increasingly used in surgery. This systematic review 
aims to characterize intraoperative systems, mapping applications, performance and latency, validation practices, 
and the reported effects on workflow and patient-relevant outcomes.

Methods: A systematic review was conducted on PubMed, Embase, Scopus, ScienceDirect, IEEE Xplore, Google 
Scholar, and Directory of Open Access Journals from December 31, 2024. Eligible English-language, peer-reviewed 
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diagnostic accuracy, cohort, quasi-experimental, or randomized studies (2017-2024) evaluated the learning for 
real-time intraoperative guidance. Two reviewers screened, applied the Joanna Briggs Institute checklists, and 
extracted the design, modality, architecture, training, validation, performance, and latency. Heterogeneity 
precluded the meta-analysis.

Results: Twenty-seven studies spanning laparoscopic, neurosurgical, breast, colorectal, cardiac, and other 
workflows met the criteria. The modalities included red-green-blue laparoscopy or endoscopy, ultrasound, optical 
coherence tomography, cone-beam computed tomography, and stimulated Raman histology. The architectures 
were mainly convolutional neural networks with frequent transfer learning. Reported performance was high, with 
classification accuracy commonly 90%-97% and segmentation Dice or intersection over union up to 0.95 at 
operating-room-compatible speeds of about 20-300 frames per second or sub-second per-frame latency; 
volumetric pipelines sometimes required up to 1 min. Several systems demonstrated intraoperative feasibility and 
high surgeon acceptance, yet fewer than one quarter reported external validation and only a small subset linked 
outputs to patient-important outcomes.

Conclusion: Deep-learning systems for real-time image guidance exhibit strong technical performance and 
emerging workflow benefits. Priorities include multicenter prospective evaluations, standardized reporting of 
latency and external validation, rigorous human factors assessment, and open benchmarking to demonstrate 
generalizability and patient impact.

Keywords: Deep learning, image-guided surgery, intraoperative imaging, real-time guidance, convolutional neural 
networks, systematic review

INTRODUCTION
Surgery remains a cornerstone of modern healthcare, with approximately 313 million operations performed 
worldwide each year; paradoxically, only 6% of these are performed in the world’s poorest nations[1]. 
Postoperative mortality is now recognized as a major global health burden, with an estimated 4.2 million 
deaths within 30 days of surgery each year, accounting for 7.7% of all deaths[2]. Real-time image guidance 
has been shown to mitigate intraoperative errors; for instance, three-dimensional (3-D) imaging prompts a 
revision of surgical plans in roughly 20% of orthopedic cases[3], while augmented-reality overlays improve 
spatial orientation and usability in laparoscopic liver surgery[4]. Deep learning (DL) has accelerated these 
advances in recent years. High-resolution optical coherence tomography (OCT) has > 90% sensitivity and 
specificity for breast-margin assessment[5], and stimulated Raman histology matched board-certified 
pathologists with 94.6% diagnostic accuracy in a multicenter randomized trial[6]. In workflow analytics, DL 
models now recognize surgical phases with > 90% accuracy across millions of laparoscopic frames[7,8]. 
Regulatory activity mirrors this momentum: the United States Food and Drug Administration (FDA) has 
authorized more than 690 artificial intelligence (AI)/machine learning (ML)-enabled medical devices to 
date, although most target preoperative or diagnostic imaging rather than intraoperative support[9]. 
However, translating these capabilities into routine operating-room practice remains difficult: adoption 
typically requires high up-front capital expenditure (CAPEX) for operating room (OR)-grade imaging and 
computing, substantial staff training and credentialing, workflow redesign to meet real-time constraints, 
and organizational change management to overcome resistance; interoperability and data governance 
hurdles further slow integration[10,11].

Despite encouraging test-bench metrics, external validation, generalizability, and real-time integration 
remain under-reported. Critical reviews highlight small, single-center datasets, opaque “black-box” 
reasoning, and inconsistent latency reporting, which hamper bedside adoption[12]. Even mature 
interpretability techniques lack consensus guidelines for surgical imaging[13]. Regulatory frameworks and 
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evidence standards are evolving, and forthcoming United States advisory committee hearings have only 
begun to address the safety of generative AI in surgical devices[14]. Consequently, surgeons, developers, and 
policymakers lack a consolidated view of where DL already works reliably in the OR, where the evidence is 
insufficient, and which methodological decisions influence its clinical relevance. Emerging directions, such 
as generative AI for synthetic intraoperative data and multimodal fusion that combines endoscopic video 
with ultrasound and preoperative computed tomography (CT), may enhance robustness and context 
awareness but will require rigorous clinical validation and governance[15,16]. Given the high stakes of 
intraoperative decision-making and the sheer pace of algorithmic innovation, a systematic synthesis is 
needed to map the applications, technical pipelines, and reported clinical impacts of real-time DL systems in 
image-guided surgery. By linking performance metrics to workflow context and annotation quality, this 
study aims to clarify whether impressive accuracies translate into tangible reductions in revision rates, 
operating time, or margin-positive resections.

METHODS
Reporting framework and protocol registration
This systematic review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) 2020 statement[17]. The protocol was prospectively registered in the International Prospective 
Register of Systematic Reviews (PROSPERO) database (registration ID: CRD420251012412).

Eligibility criteria
We included peer-reviewed original studies, diagnostic test accuracy, cohort, quasi-experimental, and 
randomized controlled trial designs that evaluated DL-based systems for real-time intraoperative image 
guidance in human surgical procedures and were published between January 1, 2015, and December 31, 
2024. Studies were eligible regardless of surgical specialty, imaging modality, geographic setting, or sample 
size. We excluded reviews, editorials, commentaries, conference abstracts, letters, single-patient case 
reports, and non-English articles to ensure methodological consistency in reporting.

Information sources, search strategy, and study selection
A comprehensive search was conducted in seven electronic databases [PubMed, Embase, Scopus, 
ScienceDirect, IEEE Xplore, Google Scholar, and the Directory of Open Access Journals (DOAJ)] from 
inception to December 31, 2024. Controlled vocabulary [e.g., MeSH (Medical Subject Headings), Emtree 
(Excerpta Medica Tree)] and free-text terms for DL (“deep learning,” “neural network,” “machine learning,” 
“artificial intelligence”) were combined with real-time imaging (“real-time,” “live,” “immediate”) and 
surgical guidance (“image-guided,” “surgery,” “procedure,” “augmented reality”) using Boolean operators. 
All retrieved citations were imported into Rayyan systematic review software[17] for duplicate removal and 
screening. Two reviewers (MMA and OK) independently screened the titles and abstracts and then assessed 
the full texts for eligibility. Discrepancies were resolved through discussion, and the IA adjudicated the 
matter when necessary. The selection process is illustrated in Figure 1.

Quality appraisal and data extraction
The methodological quality of the included studies was assessed by two reviewers (OK and ZKO) using the 
Joanna Briggs Institute critical appraisal checklists appropriate for each design (diagnostic test accuracy, 
cohort, and quasi-experimental studies)[18]. Disagreements were resolved by consensus or consultation with 
MMH. Data extraction was performed independently by IA and MMH using a standardized form to 
capture the study characteristics (authors, year, country), surgical context, imaging modality, DL 
architecture, training protocol, preprocessing/augmentation methods, validation approach, annotation 
procedures, performance metrics, real-time capability, and reported or inferred clinical relevance. Real-time 
performance was defined variably across studies, most commonly as ≥ 20 frames per second (FPS) or 
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Figure 1. PRISMA flow chart of study selection. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses; DOAJ: 
Directory of Open Access Journals; IEEE: Institute of Electrical and Electronics Engineers. The PRISMA flowchart was created with 
Rayyan (https://www.rayyan.ai/).

inference latency ≤ 1 s per frame; studies self-reporting “real-time” outside these bounds were still included 
but noted as such. The extracted data were cross-checked, and any inconsistencies were clarified through 
consultation with the MMA. No studies were excluded based on their risk of bias ratings, and the appraisal 
findings informed the narrative interpretation of the results.

https://www.rayyan.ai/
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Data synthesis
Substantial heterogeneity in study designs, imaging modalities, algorithmic architectures, training regimens, 
and outcome measures precluded quantitative meta-analysis. The findings were synthesized narratively as 
follows. We present tables detailing the study characteristics, technical pipelines, preprocessing strategies, 
annotation quality, core performance metrics, inference latencies, and real-time capabilities alongside the 
reported clinical impacts [Figure 2].

RESULTS
This systematic review synthesized data from 27 peer-reviewed studies published between 2017 and 2024, 
each evaluating the performance, training approaches, and clinical relevance of DL systems applied to 
surgical or image-guided interventions [Table 1]. The studies targeted a broad array of surgical procedures, 
with purely laparoscopic interventions being the most frequent (n = 7): laparoscopic hepatectomy[18], 
laparoscopic cholecystectomy[23,25,26,32], laparoscopic tubal sterilization[20], laparoscopic sigmoidectomy[8], and 
liver resection or staging laparoscopy with SmartLiver augmented reality (AR) guidance[15].

The imaging modalities were equally diverse. Red-green-blue (RGB) laparoscopy dominated minimally 
invasive workflows[8,18-20,25,26,32], while RGB endoscopy served endoscopic applications[19,33,36,37]. Ultrasound 
techniques, including transthoracic and transoesophageal ultrasound[21], 3-D intraoperative ultrasound[38], 
and intraoperative ultrasound[40], are prominent in cardiac and oncologic settings. OCT has enabled high-
resolution tissue assessment in breast-conserving surgery[5,30] and ex vivo colorectal resection[34]. Cone-beam 
CT underpinned image-guided neurosurgery[24] and orthopedic procedures[39]. Confocal laser 
endomicroscopy provides in vivo histology[22], and stimulated Raman histology offers label-free 
intraoperative diagnosis[6].

Architecturally, convolutional neural networks (CNNs) and their variants form the backbone of studies. 
Segmentation tasks predominantly employed U-Net and its derivatives, U-Net for catheter and prostate 
segmentation[19] and U-Net+MobileNet for catheter overlays[35], with ensemble methods incorporating U-
Net for colorectal tumor delineation[40]. Classification and margin assessment leveraged Inception-v3 for 
OCT-based breast margin evaluation[5] and Inception-Residual Network-v2 (ResNet) for stimulated Raman 
histology diagnosis[6]. Localization and tracking combined ResNet-18 with spatial-channel attention and 
You Only Look Once version 5 (YOLOv5) plus Deep Simple Online Real-Time Tracking (DeepSORT) in 
cardiac ultrasound[21]. Phase and instrument recognition utilized Xception pretrained on ImageNet for 
laparoscopic hepatectomy workflows[18] and ResNet-50 with squeeze-and-excitation plus long short-term 
memory (LSTM) for Cholec80 tool detection[32].

The performance metrics uniformly indicated high diagnostic quality [Table 2]. OCT-based margin 
assessment achieved 90% accuracy, 90% sensitivity, and 91.7% specificity[5], with follow-up studies reporting 
94% accuracy and 96% sensitivity[30]. Colorectal optical biopsy models exceeded 99% specificity and reached 
100% sensitivity[34]. Segmentation Intersection over Union (IoU) peaked at 0.95 for catheter overlays in 
urologic laparoscopy[19], and ultrasound-based tumor segmentation achieved a Dice coefficient of 0.84 in 
real-time colorectal workflows[40]. In pituitary surgery, landmark detection ran at 298 FPS with an IoU of 
67% and 88.7% surgeon approval[33].

Several tools supported real-time decision support in the OR. The dissection-line guidance overlay 
developed by Smithmaitrie et al. achieved 95.7% surgeon acceptance[26], and multitask model developed by 
Jalal et al. for simultaneous phase and instrument recognition ran at 32 FPS with a tool mean average 
precision (mAP) of 95.6% and a phase F1 score of 70.1%[32]. The real-time AR registration model reported by 
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Table 1. Study characteristics, datasets, and technical details

Author(s) Year References Study objective Study design Dataset (type & size) Surgical context Imaging modality Deep-learning 
architecture Training protocol

Padovan 2022 [19] Develop real-time 3-D 
model registration from 
laparoscopic RGB video

Diagnostic test 
accuracy study

971 real frames 
(segmentation) + 115,000 
synthetic frames (rotation) + 
96 evaluation frames

Robot-assisted radical 
prostatectomy & 
partial nephrectomy

RGB endoscopy U-Net (segmentation); 
ResNet-50 (rotation)

70%/15%/15% 
train/validation/test; 
synthetic rotation data

Boonkong 2024 [20] Detect uterus and fallopian 
tubes (even when 
occluded) in laparoscopic 
sterilization

Diagnostic test 
accuracy study

800 manually annotated 
frames + 5 cadaveric 
laparoscopic videos

Laparoscopic tubal 
sterilization

RGB laparoscopy YOLOv10 with key-
point & ellipse heads

80%/10%/10% split; fine-
tuned on YouTube data

Singla 2018 [5] Distinguish malignant vs. 
healthy breast tissue using 
OCT

Diagnostic test 
accuracy study

219,000 image patches from 
48 specimens

Breast-conserving 
surgery margin 
assessment

Optical coherence 
tomography

Inception-v3 (transfer 
learning)

Fine-tuning with 
augmentation

Zeye Liu 2023 [21] Identify, localize, and track 
cardiac structures during 
surgery

Diagnostic test 
accuracy study

17,114 labeled ultrasound 
views (79 videos)

Structural-heart 
interventions

Transthoracic & 
transoesophageal 
ultrasound

ResNet-18 + spatial-
channel attention; 
YOLOv5 + DeepSORT

Supervised learning

Kimimasa 
Sasaki 

2022 [18] Automatic recognition of 
surgical steps in 
laparoscopic hepatectomy

Diagnostic test 
accuracy study

40 videos (~8.1 million 
frames)

Laparoscopic 
hepatectomy

RGB laparoscopy Xception pretrained on 
ImageNet

Supervised learning

Marc 
Aubreville 

2017 [22] Classify oral squamous-
cell carcinoma from CLE 
images

Diagnostic test 
accuracy study

11,000 images from 12 
patients (116 video 
sequences)

Oral cancer surgery Confocal laser 
endomicroscopy

Custom CNN; 
Inception-v3 transfer 
learning baseline

From-scratch & transfer

Chinedu I. 
Nwoye

2023 [23] Benchmark action-triplet 
detection (instrument + 
action + target)

Diagnostic test 
accuracy study

100,900 frames from 50 
laparoscopic 
cholecystectomies

Laparoscopic 
cholecystectomy

RGB laparoscopy Eleven submitted 
architectures (CNNs, 
Transformers, MIL, 
GNNs)

Supervised + weak 
supervision

Xiaoxuan 
Zhang 

2023 [24] Improve intra-operative 
CBCT with uncertainty-
guided DL synthesis

Diagnostic test 
accuracy study

20 simulated CBCT cases + 7 
patient cases

Image-guided 
neurosurgery (tumor, 
epilepsy, trauma)

Cone-beam CT 3-D Bayesian 
conditional GAN

Supervised with Monte-
Carlo dropout

Schneider 2020 [15] Assess feasibility of 
SmartLiver AR navigation

Cohort study 18 laparoscopic liver 
procedures

Liver resection or 
staging laparoscopy

3-D laparoscopic 
video + CT

CNN liver-surface 
segmentation

Supervised learning

Caballas 2020 [25] Visual guidance for 
motion-based 
laparoscopic palpation

Diagnostic test 
accuracy study

428 polygon-annotated 
images

Laparoscopic 
cholecystectomy

RGB laparoscopy YOLACT++ Supervised learning

Smithmaitrie 2024 [26] Detect anatomical 
landmarks and guide 
dissection line

Diagnostic test 
accuracy study

3,200 frames from 40 videos Laparoscopic 
cholecystectomy

RGB laparoscopy YOLOv7 Supervised learning

Török 2018 [27] Segment submucous 
fibroids and dissection 
plane

Diagnostic test 
accuracy study

6,288 images from 13 videos Hysteroscopic fibroid 
resection

Hysteroscopic video FCN-8s/16s/32s 
ensemble

Supervised learning

Combine 3-D shape 
reconstruction and 

Structured-light RGB 
+ hyperspectral 

CNN (shape); SSRNet 
(spectral super-

Lin 2018 [28] Diagnostic test 
accuracy study

Qualitative dataset (size not 
specified)

Minimally invasive 
laryngeal surgery

Supervised learning
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hyperspectral imaging imaging resolution)

Blokker 2022 [29] Classify glioma vs. normal 
brain with THG 
microscopy

Diagnostic test 
accuracy study

12,624 images (23 patients) Brain tumor surgery Third-harmonic-
generation 
microscopy

Fully convolutional 
network

Monte-Carlo cross-
validation

Mojahed 2019 [30] Classify cancerous vs. non-
cancerous breast OCT 
regions

Diagnostic test 
accuracy study

36,800 B-scans (46 
specimens)

Breast-conserving 
surgery

Optical coherence 
tomography

Custom 11-layer CNN Five-fold cross-validation

Tai 2021 [31] AR-haptic guidance for 
precise lung biopsy

Quasi-
Experimental 
study

341 COVID-19 patients + 
1,598 controls + 24 surgeons

CT-guided lung biopsy CT-based augmented 
reality

WPD-CNN-LSTM; 
ResNet

Five-fold cross-validation

Jalal 2023 [32] Surgical phase and tool 
recognition in Cholec80

Diagnostic test 
accuracy study

80 laparoscopic 
cholecystectomy videos

Laparoscopic 
cholecystectomy

RGB laparoscopy ResNet-50 + squeeze-
excitation + LSTM

Supervised + weak 
supervision

Hollon 2020 [6] Rapid brain-tumor 
diagnosis using SRH

Randomized 
control trial

2.5 million SRH patches (415 
patients) + 278 trial patients

Brain tumor resection Stimulated Raman 
histology

Inception-ResNet-v2 Supervised learning

Mao 2024 [33] PitSurgRT: real-time 
localization in pituitary 
surgery

Diagnostic test 
accuracy study

635 annotated frames from 
64 surgeries

Endoscopic trans-
sphenoidal pituitary 
surgery

RGB endoscopy HRNet dual-task heads Five-fold cross-validation; 
staged training

Kitaguchi 2019 [8] Automatic phase 
recognition in 
sigmoidectomy

Diagnostic test 
accuracy study

7.8 million frames (71 cases) Laparoscopic 
sigmoidectomy

RGB laparoscopy Inception-ResNet-v2 + 
LightGBM

Hold-out validation (63/8 
cases)

Zeng 2020 [34] PR-OCT classification of 
colorectal tissue

Diagnostic test 
accuracy study

26,000 OCT images (24 
patients)

Colorectal resection (
ex-vivo)

Swept-source OCT RetinaNet (ResNet-18 
+ feature pyramid)

Supervised learning

Tanzi 2021 [35] Catheter segmentation 
and 3-D overlay in RARP

Diagnostic test 
accuracy study

15,570 frames (five videos) Robot-assisted radical 
prostatectomy

RGB laparoscopy U-Net + MobileNet 
backbone

Supervised learning

Podlasek 2020 [36] Real-time CNN polyp 
detection in colonoscopy

Diagnostic test 
accuracy study

79,284 frames + 2,678 
photos

Diagnostic 
colonoscopy

RGB endoscopy RetinaNet + 
EfficientNet-B4

Supervised learning

Sato 2022 [37] Segment recurrent 
laryngeal nerve during 
oesophagectomy

Diagnostic test 
accuracy study

3,040 images (28 patients) Thoracoscopic 
oesophagectomy

RGB endoscopy DeepLab v3+ Transfer learning from 
PASCAL-VOC

Canalini 2019 [38] Register intra-operative US 
volumes in glioma surgery

Diagnostic test 
accuracy study

31 3-D ultrasound volumes 
(RESECT + BITE datasets)

Glioma neurosurgery 3-D intra-operative 
ultrasound

3-D U-Net Supervised learning

Mekki 2023 [39] 3-D localization of 
guidewires from two 
fluoroscopy views

Diagnostic test 
accuracy study

10,000 simulated images + 
36 CBCT sets (five cadavers)

Orthopedic trauma 
guidewire placement

Fluoroscopy + cone-
beam CT

Mask R-CNN + Key-
point R-CNN

Simulated supervised 
training

Geldof 2023 [40] Real-time tumor 
segmentation in colorectal 
ultrasound

Diagnostic test 
accuracy study

179 ultrasound images (74 
patients)

Colorectal cancer 
surgery

Intra-operative 
ultrasound

Ensemble of 
MobileNetV2, ResNet-
18/50, U-Net, Xception

Transfer learning; 
augmentation

3-D: Three-dimensional; RGB: red-green-blue; OCT: optical coherence tomography; CLE: confocal laser endomicroscopy; CNN: convolutional neural network; CNNs: convolutional neural networks; MIL: multiple 
instance learning; GNNs: graph neural networks; CBCT: cone-beam computed tomography; DL: deep learning; CT: computed tomography; GAN: generative adversarial network; AR: augmented reality; YOLACT++: 
You Only Look At CoefficienTs++; FCN: fully convolutional network; THG: third-harmonic generation; OCT: optical coherence tomography; COVID-19: Coronavirus Disease 2019; WPD: weighted pyramid 
decomposition; LSTM: long short-term memory; SRH: stimulated Raman histology; PR-OCT: polarization-resolved optical coherence tomography; RARP: robot-assisted radical prostatectomy; PASCAL-VOC: Pattern 
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Analysis, Statistical Modelling and Computational Learning - Visual Object Classes; US: ultrasound; CBCT: cone-beam computed tomography; R-CNN: region-based convolutional neural network.

Padovan et al. registered 3-D overlays at 25-30 FPS with intersection-over-union up to 0.95 and rotation errors ≤ 5°, improving intraoperative spatial 
orientation[19]. The guide-wire navigation system developed by Mekki et al. in orthopedic trauma achieved tip and directional errors of 1.8 mm and 2.7° in 
under 5 s per step, reducing radiation exposure while enhancing placement accuracy[39]. Nwoye established a public benchmark for fine-grained instrument-
action-target analytics in laparoscopic cholecystectomy, reporting triplet average precision (AP) of 18.8%-35% on over 100,000 frames[23]. OCT-based margin 
assessment is promising for real-time margin status, potentially reducing re-excisions[5]. Pathologist-level diagnosis without an on-site neuropathologist was 
achieved in less than 150 s per case[6]. Intraoperative OCT segmentation can reduce re-excision via immediate feedback[30]. The colorectal ultrasound model has 
the potential to reduce positive margins intraoperatively[40]. Real-time cardiac structure tracking matches specialist performance and streamlines the workflow 
in areas where echocardiography expertise is scarce[21]. SmartLiver AR navigation has demonstrated feasibility and high surgeon acceptance[15]. A summary 
linking the core metrics to the reported clinical/workflow outcomes is provided in Table 3.

DISCUSSION
This systematic review synthesizes 27 peer-reviewed studies (2017-2024) encompassing laparoscopic, neurosurgical, breast, colorectal, cardiac, and other 
image-guided surgical workflows. The findings indicate that contemporary DL pipelines can achieve high diagnostic performance at clinically viable frame 
rates while also beginning to report task-level effects in the OR. This pattern aligns with a broader transition from isolated proofs-of-concept to context-aware 
assistants that integrate recognition of anatomy, instruments, and workflow, and begin to assess their effects on decision-making, ergonomics, and safety. 
Recent systematic reviews addressing DL applied to surgery have also emphasized that most applications are still early in the validation cycle, requiring more 
robust clinical evidence on which to ascertain real-world utility[41]. Simultaneously, developments can also be seen in surgical phase recognition, particularly in 
laparoscopic cholecystectomy where DL architectures had been able to reach robust frame-level classification and intraoperative usage[42]. Further studies have 
highlighted the need for and importance of harmonized evaluation schemes between institutions due to the effect of dataset splitting strategies and center-
specific differences, which compromise the generalizability of models[43,44]. Contemporary syntheses in surgery and endoscopy similarly suggest that real-time 
feasibility is now common when models are engineered for throughput, although standardized reporting for end-to-end latency, human factors, and failure 
modes remains inconsistent across studies[45-47].

A central finding was the practical viability of video-rate inference in the OR. Many of the included systems paired lightweight backbones with task-specific 
pre- and post-processing, reflecting reports that one-stage detectors, efficient segmenters, and tracker stacks can sustain clinical frame rates on commodity 
hardware. External commentaries note that “FPS” claims are often hardware-dependent and rarely audited under OR load, complicating comparisons and 
necessitating shared measurement templates for total pipeline latency and integration overhead[48,49]. The task-level effects observed in this study are consistent 
with the growing evidence in several specialties. In neurosurgery, stimulated Raman histology combined with DL has repeatedly demonstrated near real-time 
intraoperative diagnosis with prospective clinical validation, supporting the feasibility claim without reiterating the metrics from our results[50].
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Table 2. Preprocessing techniques, annotation quality, performance, and clinical relevance

Author(s) References Preprocessing/augmentation Core performance 
metrics

Real-time 
capability

Reported/inferred clinical 
relevance

Padovan [19] Manual frame selection; three-class 
masks; synthetic rotation augmentation

IoU: 0.95 (catheter), 
0.73 (prostate), 0.86 
(kidney); rotation error 
≤ ± 5°

25-30 FPS Enables accurate intra-
operative 3-D overlay for 
improved spatial orientation

Boonkong [20] Rotation, flip, blur, and colour 
adjustments (Albumentations)

Multi-class F1 > 0.90; 
ellipse fit error < 4 
points

30 FPS Rapid identification of 
occluded reproductive 
anatomy, enhancing safety

Singla [5] Curvature flattening, intensity 
normalization, patch extraction (150 × 
150 px)

Accuracy 90%, Sens 
90%, Spec 91.7%

≈ 1 s per B-
scan

Promising for real-time margin 
status, potentially reducing re-
excisions

Zeye Liu [21] Image cropping to 227 × 227 px; 
normalization

AUC ≥ 0.93, frame-
accuracy ≥ 0.85

< 40 ms 
inference

Matches specialist 
performance; streamlines 
workflow where echo 
expertise is scarce

Kimimasa 
Sasaki 

[18] 30 fps frame extraction; resizing; codec 
normalization

Accuracy 0.89-0.95; 
F1 up to 0.97

21 FPS Provides context-aware phase 
display and potential 
automated alerts

Marc 
Aubreville 

[22] Patch extraction, zero-mean whitening, 2
× rotation

Accuracy 88%, AUC 
0.96

50 ms per 
frame 
(prototype)

Near-real-time tumor 
delineation during ablation

Chinedu I. 
Nwoye

[23] Frame extraction; bounding-box and 
weak labels

Triplet AP 18.8%-35% Not tested live Establishes public benchmark 
for detailed OR analytics

Xiaoxuan 
Zhang

[24] Metal-artefact correction, scatter in-
painting, Gaussian smoothing

SSIM ↑ 15%-22%; 
lesion Dice ↑ ≤ 25%

< 1 min per 
volume 
(parallel 
pipeline)

Improves soft-tissue contrast 
and registration accuracy

Schneider [15] Stereo reconstruction, iterative closest 
point alignment, camera calibration

Registration error: 
manual 10.9 ± 4.2 mm; 
semi-auto 13.9 ± 4.4 
mm

Setup 5-10 min 
then live 
overlay

Demonstrates feasibility and 
surgeon acceptance of AR 
navigation

Caballas [25] Polygon mask annotation Box AP 92.2%, Mask 
AP 88.4%

20.6 FPS Proof-of-concept for real-time 
palpation cues

Smithmaitrie [26] Image resizing; Mosaic augmentation Landmark mAP 0.85; 
precision 0.88

Deployed live 95.7% surgeon acceptance of 
guidance overlay

Török [27] 500 × 500 px tiles; ensemble prediction 
fusion

Pixel accuracy 86.2% Offline Could aid plane visualization 
though not yet live

Lin [28] Structured-light projection; RGB-HSI 
fusion

3-D recon 12 FPS; HSI 
2 FPS

Yes Enables dual-modality AR 
overlay in theatre

Blokker [29] Frequency-domain noise filtering; 
normalization

Accuracy 79%, AUC 
0.77, Spec 95.9%

35 ms per 1 k×1 
k image

Rapid histology-like feedback 
during resection

Mojahed [30] Down-sampling; z-score normalization; 
dropout

Accuracy 94%, Sens 
96%

0.1 s per B-
scan

Could reduce re-excisions via 
immediate feedback

Tai [31] Wavelet-packet decomposition; 
normalization

AR-guided lung biopsy Accuracy 97%, 
RMSE 0.013

900 Hz haptic loop

Jalal [32] Resizing to 375 × 300 px; spatiotemporal 
pooling

Tool mAP 95.6%; 
phase F1 70.1%

32 FPS OR decision support and 
automated video indexing

Hollon [6] 300 × 300 px sliding window; affine 
transforms

CNN accuracy 94.6% 
vs. pathologist 93.9%

≤ 150 s per 
case

Pathologist-level diagnosis 
without on-site 
neuropathologist

Mao [33] Shift, zoom, rotation, brightness/contrast 
augmentation

IoU (sella) 67%; 298 
FPS (TensorRT)

298 FPS 88.7% surgeons deem output 
clinically useful

Kitaguchi [8] Frame extraction every 1/30 s; manual 
phase labels

Phase accuracy 91.9%; 
action accuracy 82-
89%

32 FPS Real-time phase display and 
coaching

Zeng [34] Resizing to 608 × 608 px; patient-wise 
split; Xavier initialisation

Sens 100%, Spec 
99.7%, AUC 0.998

Instant B-scan Real-time neoplasia triage

Tanzi [35] Manual masks; resizing to 416 × 608 px IoU 0.89 ± 0.08; 
overlay error ≈ 4 px

8 FPS Improves biopsy localization in 
robotic surgery

24-57 FPS 
(GPU 

Podlasek [36] Resizing to 224 × 224 px; flips, rotations; 
class balance

Detection 94%; F1 
0.73-0.94

Increases ADR on commodity 
hardware
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dependent)

Sato [37] Surgeon-annotated masks; data 
augmentation

Dice 0.58 (AI) vs. 0.62 
(experts)

30 FPS Assists nerve preservation, 
especially for less experienced 
surgeons

Canalini [38] Manual sulci masks; 3-D patch training mTRE reduced 3.5 → 
1.4 mm

Offline (~2 
min)

Low-cost alternative to intra-
operative MRI

Mekki [39] Log transform; affine projection; noise 
injection

Tip error 1.8 mm; dir. 
error 2.7°

< 5 s per step-
and-shoot

Reduces radiation and 
improves accuracy

Geldof [40] Cropping, normalization, rotation, 
gamma correction; gradient-weighted 
Dice loss

Dice 0.84; margin 
error 0.67 mm; AUC 
0.97

Near real-time Potential to reduce positive 
margins intra-operatively

IoU: Intersection over Union; FPS: frames per second; 3-D: three-dimensional; OCT: optical coherence tomography; AUC: area under the curve; 
CLE: confocal laser endomicroscopy; OSCC: oral squamous cell carcinoma; AP: average precision; OR: operating room; CT: computed 
tomography; SSIM: structural similarity index measure; AR: augmented reality; CNN: convolutional neural network; mAP: mean average precision; 
RGB: red-green-blue; HSI: hue-saturation-intensity; THG: third - harmonic generation; RMSE: root mean square error; F1: F1-score; SS-OCT: 
swept-source optical coherence tomography; GPU: graphics processing unit; ADR: adenoma detection rate; RLN: recurrent laryngeal nerve; AI: 
artificial intelligence; US: ultrasound; mTRE: mean target registration error; MRI: magnetic resonance imaging; CBCT: cone-beam computed 
tomography.

Table 3. Summary of model performance and reported clinical or workflow outcomes

Clinical task and setting Performance and runtime Reported clinical or workflow 
outcome References

Breast margin assessment during 
breast-conserving surgery using optical 
coherence tomography

Accuracy 90%, sensitivity 90%, specificity 
91.7%; one second per cross-sectional scan

Supports intraoperative margin 
status, with potential to reduce re-
excisions

[5]

Breast margin assessment follow-up 
using optical coherence tomography

Accuracy 94%, sensitivity 96%; 1/10 of a second 
per cross-sectional scan

Immediate margin feedback, with 
potential to reduce re-excisions

[30]

Intraoperative brain tumor diagnosis 
using stimulated Raman histology

Model accuracy comparable to pathologists; no 
more than 150 s per case

Enables pathologist-level diagnosis 
without an on-site neuropathologist

[6]

Landmark localization in endoscopic 
trans-sphenoidal pituitary surgery

Intersection over union 67% for the Sella; 298 
frames per second

Deemed clinically useful by most 
surgeons in user assessment

[33]

Dissection guidance in laparoscopic 
cholecystectomy

High landmark detection performance; operated 
in real time

95.7% surgeon acceptance of the 
guidance overlay

[26]

Phase and instrument recognition in 
laparoscopic cholecystectomy

Mean average precision for tools 95.6%; F1 score 
70.1% for phases; 32 frames per second

Decision support and automated 
video indexing in the operating room

[32]

Three-dimensional registration for 
augmented reality overlays in urologic 
laparoscopy

Intersection over union as high as 0.95; rotation 
error not exceeding 5°; 25 to 30 frames per 
second

Improved intraoperative spatial 
orientation with stable overlays

[19]

Cardiac structure tracking during 
intraoperative ultrasound

Area under the receiver operating characteristic 
curve at least 0.93; frame-level accuracy at least 
0.85; per-frame processing below 40 ms

Matches specialist performance and 
streamlines workflow where expertise 
is scarce

[21]

Tumor segmentation during colorectal 
surgery with intraoperative ultrasound

Dice coefficient 0.84; margin error 0.67 mm; 
operated near real time

Potential to reduce positive margins 
during surgery

[40]

Guidewire navigation in orthopedic 
trauma under fluoroscopy and cone-
beam computed tomography

Tip error 1.8 mm; directional error 2.7°; per step 
under 5 s

Reduced radiation exposure and 
improved placement accuracy

[39]

Augmented reality navigation feasibility 
in laparoscopic liver surgery

Registration error around 11 to 14 mm; live 
overlay after a short setup period

Feasibility demonstrated with high 
surgeon acceptance

[15]

Optical biopsy for colorectal tissue 
using swept-source optical coherence 
tomography (ex vivo)

Sensitivity 100%; specificity 99.7%; 
instantaneous per scan

Real-time triage of neoplasia during 
specimen assessment

[34]

Catheter segmentation and overlay in 
robotic prostatectomy

Intersection over union 0.89 with a standard 
deviation of 0.08; overlay error 4 pixels; 8 
frames per second

Improved biopsy localization during 
robotic surgery

[35]

Polyp detection during diagnostic 
colonoscopy

Detection accuracy 94%; F1 score from 0.73% to 
0.94%; 24 to 57 frames per second depending 
on hardware

Real-time detection on common 
hardware, with potential to increase 
adenoma detection rate

[36]
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Figure 2. AI in surgical diagnostics: techniques and applications. AI: Artificial intelligence. The figure is available at this link: https://
simadeduso-my.sharepoint.com/:p:/g/personal/momustafahmed_simad_edu_so/IQC6ZWrC08ocR4mCaevyYq6bAY8GGf
Rtkb42bPbiwSHFmtM?e=H9QjU2.

Studies and meta-analyses of breast-conserving surgery indicate that intraoperative OCT can inform margin 
status and may reduce re-excisions when integrated into the live workflow, aligning with our interpretation 
of clinical utility rather than offline accuracy alone[51,52]. In hepatic surgery, recent clinical experiences and 
narrative reviews have reported high surgeon acceptance of AR navigation when registration quality and 
display ergonomics are adequate, echoing the acceptance signals in our model[49,50]. In comparative studies of 
surgical workflow and skill analysis ML algorithms, it has been found that benchmark standardization and 
multicentric validation are crucial, as performance can vary significantly depending on dataset design and 
institutional variability[53,54]. Cardiac imaging reviews similarly describe automated structure tracking and 
measurements that approach expert performance and can alleviate bottlenecks where echocardiography 
expertise is scarce, corresponding to the workflow benefits we noted for the intraoperative 
echocardiography[41,55].

However, the generalizability of these findings remains a limiting factor. Multicenter studies consistently 
show that models trained on single-center surgical videos degrade when tested elsewhere and that technique 
and camera heterogeneity drive performance variability. Comparative analyses and multicenter datasets of 
laparoscopic procedures quantify this gap and recommend explicit external validation and domain-robust 
training over reliance on pretraining alone. Our interpretation that per-site excellence does not guarantee 
portability is consistent with these results and broader reviews cataloging dataset biases and split pathologies 
in common benchmarks[56-58]. Human factors significantly influence the adoption of technology, comparable 
to the impact of accuracy. Reviews of automation bias and clinician trust underscore the importance of 
interface design, transparency regarding uncertainty, and the establishment of clear guidelines for 
enhancing team performance and safety, particularly under time constraints. These findings support our 
caution that explanation features should elucidate system limitations and that escalation and fallback 
mechanisms must be integrated into OR assistants rather than being assumed[59-61]. Equity considerations are 
also pertinent to the use of surgical AI. The United Kingdom independent review on equity in medical 
devices highlights the need to address differential performance across subgroups and the sociotechnical 
factors affecting access and outcomes, reinforcing the importance of subgroup reporting and post-
deployment monitoring in surgical contexts[62].

Regulatory pathways are beginning to align with these considerations. In the United States, AI-enabled 
surgical software is generally regulated as software for medical devices under existing device frameworks. 
The FDA’s final guidance on Predetermined Change Control Plans outlines expectations for pre-specifying 

https://simadeduso-my.sharepoint.com/:p:/g/personal/momustafahmed_simad_edu_so/IQC6ZWrC08ocR4mCaevyYq6bAY8GGfRtkb42bPbiwSHFmtM?e=H9QjU2
https://simadeduso-my.sharepoint.com/:p:/g/personal/momustafahmed_simad_edu_so/IQC6ZWrC08ocR4mCaevyYq6bAY8GGfRtkb42bPbiwSHFmtM?e=H9QjU2
https://simadeduso-my.sharepoint.com/:p:/g/personal/momustafahmed_simad_edu_so/IQC6ZWrC08ocR4mCaevyYq6bAY8GGfRtkb42bPbiwSHFmtM?e=H9QjU2
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permissible model updates, verification and validation plans, and real-world monitoring, which is 
particularly relevant to video systems that will undergo iterations post-launch. The Good Machine Learning 
Practice (GMLP) principles, co-published by the FDA, Health Canada, and the Medicines and Healthcare 
products Regulatory Agency (MHRA), along with the International Medical Device Regulators Forum’s 
(IMDRF) 2025 final GMLP document, emphasize lifecycle quality, data governance, and transparency. In 
the European Union, the new Medical Device Coordination Group (MDCG) Document 2025-6 Frequently 
Ask Questions (FAQ) clarifies how the high-risk obligations of AI Act will be assessed alongside the 
Medical Device Regulation (MDR) or In Vitro Diagnostic Regulation (IVDR) during the conformity 
assessment, necessitating that teams plan technical documentation and post-market surveillance to satisfy 
both regulatory regimes[59-62].

This study has several limitations. The restriction to English-language sources may introduce language and 
publication bias by excluding pertinent non-English evidence, potentially skewing our conclusions. 
Additionally, the inclusion was limited to complete calendar years from January 1, 2017, to December 31, 
2024, to ensure a consistent sampling frame. Although several studies from 2025 were discussed to 
contextualize current trajectories, they were not eligible for inclusion in the evidence synthesis and were 
cited narratively. We adopted a pragmatic operationalization in which real-time was most interpreted as at 
least 20 FPS or at most 1 s per frame; studies that self-described as real-time outside these bounds were 
retained and explicitly flagged. Frames-per-second and per-frame latencies were extracted when available 
and coded as not reported when absent. This variability introduces measurement noise that can affect cross-
study comparability, underscoring the value of reporting frameworks for early clinical AI evaluations that 
emphasize the explicit documentation of technical performance and human-AI interaction during live use.

In conclusion, the evidence suggests that contemporary DL pipelines can meet OR constraints and are 
beginning to offer clinically significant support. However, their widespread applicability and accuracy are 
contingent on rigorous multicenter validation, explicit management of domain shifts, meticulous human 
factors engineering, and adherence to evolving regulatory frameworks that prioritize lifecycle quality. A 
revised version of this review should expand the search to include non-English sources and gray literature 
and extend the inclusion criteria to encompass the most recent calendar year, as several studies from 2025 
have already expanded the evidence base for label-free pathology, AR navigation, and real-time workflow 
analysis.
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