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BACKGROUND RESULTS

e Overall Performance (Test Set)

THECOOPERUNION

e Real-time instrument tracking can improve surgical workflow

optimization and training’ o 322 images, 218 instances, inference time 4.1 ms/image
e Manual video review is time-intensive, difficult to scale, and prone o Precision (P): 96.4%:; Recall (R): 94.8%; mAPS50: 96.6%
to inter-rater variability? e Instrument-Level Performance (Fig. 1)
e Recent advances in deep learning-based computer vision, o Bovie - P: 100%: R: 100%: mAP50: 99.5%
particularly object detection and image segmentation, enable o Microdebrider - P: 100%; R: 99.9%; mAPS30: 99.5%
automated, high-fidelity analysis of surgical video® o Frazier - P: 95.4%; R: 93.0%; mAP50: 96.5%
e Affordable, high-resolution action cameras allow unobtrusive o Forceps - P: 93.9%; R: 94.3%; mAPS50: 95.5%
capture of operative video, creating a practical platform for o Freer elevator - P: 92.9%; R: 86.7%; mAP30: 91.9%
widespread implementation in the operating room?* e Background most commonly misclassified as Frazier (67%)

e Confusion matrix (Fig. 2) and sample predictions demonstrate

METHODS accurate instrument detection with confidence scoring

e Data Collection

o 4 endoscopic sinus/skull base surgeries recorded

o Insta360 GO camera (4K, 30 fps) placed on surface across

operating table from surgeon

o Total footage: 6h 21min 40s
e Dataset

o Frames sampled every 12 seconds

o 2,159 images: training (1515), validation (322), testing (322)
e Annotation & Model

o Ground truth labeling performed in CVAT

o YOLO11n object detection model (Ultralytics 8.3.203)

o Trained using PyTorch 2.8.0 with CUDA acceleration
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e Computer vision-based instrument detection in endoscopic sinus
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40 and skull base surgery is feasible, accurate, and efficient

Microdebrider - e High model performance and rapid inference support potential
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real-time applications without disruption to surgical workflow
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- 20 e Scalable video capture using compact action cameras enables
10 broad adoption across operating environments
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