
Poster Print Size:
This poster template is 44” high by 30” 
wide but can be used to print any size 
poster with a similar aspect ratio.

Placeholders:
The various elements included in this 
poster are ones we often see in 
medical, research, and scientific 
posters. Feel free to edit, move,  add, 
and delete items, or change the layout 
to suit your needs. Always check with 
your conference organizer for specific 
requirements.

Image Quality:
You can place digital photos or logo art 
in your poster file by selecting the 
Insert, Picture command, or by using 
standard copy & paste. For best results, 
all graphic elements should be at least 
150-200 pixels per inch in their final 
printed size. For instance, a 1600 x 
1200 pixel photo will usually look fine 
up to 8“-10” wide on your printed 
poster.

To preview the print quality of images, 
select a magnification of 100% when 
previewing your poster. This will give 
you a good idea of what it will look like 
in print. If you are laying out a large 
poster and using half-scale dimensions, 
be sure to preview your graphics at 
200% to see them at their final printed 
size.

Please note that graphics from websites 
(such as the logo on your hospital's or 
university's home page) will only be 
72dpi and not suitable for printing.

[This sidebar area does not print.]

Change Color Theme:
This template is designed to use the 
built-in color themes in the newer 
versions of PowerPoint.

To change the color theme, select the 
Design tab, then select the Colors drop-
down list.

The default color theme for this 
template is “Office”, so you can always 
return to that after trying some of the 
alternatives.

Printing Your Poster:
Once your poster file is ready, visit 
www.genigraphics.com to order a 
high-quality, affordable poster print. 
Every order receives a free design 
review and we can deliver as fast as 
next business day within the US and 
Canada. 

Genigraphics® has been producing 
output from PowerPoint® longer than 
anyone in the industry; dating back to 
when we helped Microsoft® design the 
PowerPoint software. 

US and Canada:  1-800-790-4001
Email: info@genigraphics.com

[This sidebar area does not print.]

Deep Learning Based Surgical Instrument Detection 
in a Synthetic Endonasal Surgical Simulator

Anthony M Asher, MD1; Kaan Duman, PhD2; Margaux Masson-Forsythe, MS2; Kyle K Van 

Koevering, MD3; Daniel Prevedello, MD3; Daniel Donoho, MD2; 1Barrow Neurological 
Institute; 2Surgical Data Science Collective; 3The Ohio State University

Anthony M. Asher, MD
Barrow Neurological Institute, Department of Neurosurgery
Anthony.asher@commonspirit.org

Contact

Six carotid artery injury videos, totaling 6994 frames, 
were labeled. The pituitary grasper, suction, and cotton 
patties were labeled 1440, 6623, and 3286 times, 
respectively. Performance metrics for the random and 
video split models, respectively, are as follow: weighted 
precision 0.987 vs 0.925, recall 0.984 vs 0.924, F1-score 
0.986 vs 0.925, mAP50 0.988 vs 0.954, mAP50-95 0.941 
vs 0.847.

Introduction

At AANS 2024, surgeons and trainees were tasked with 
controlling a simulated carotid artery injury using the 
UpSurgeOn transnasal surgery model. Surgical video 
was recorded at 30fps with a Karl Storz endoscope. 
Surgical Instruments including suction, pituitary 
grasper, and cotton patties were manually labeled with 
bounding boxes frame by frame using Encord. Frames 
were divided into training, validation, and test sets 
using two methods:
Random split: Frames were randomly assigned 
(80/10/10) irrespective of individual video.
Video split: One video was reserved for testing, and 
frames from the remaining five were split into 
training/validation (90/10).
The YOLOv8s deep-learning framework was used to 
train two separate instrument detection models.

Methods and Materials

Surgical video obtained using a synthetic carotid artery 
injury simulator can be successfully used to train and 
validate a deep learning-based instrument detection 
model. The random split model performed significantly 
better across all metrics, but its superior performance is 
likely due to overfitting. The video split model, which 
better represents real-world deployment, still 
performed at a high level. Ultimately, synthetic surgical 
simulation platforms provide a robust arena for the 
development of AI models for instrument detection and 
surgical education more broadly.

Conclusions

Metric Random Split Video Split

Precision 0.800 0.790

Recall 0.356 0.856

F1-score 0.228 0.134

mAP50 0.954 0.875

mAP50-95 0.324 0.325

Computer vision models have demonstrated the ability 
to identify and label surgical instruments in live and 
cadaveric endonasal procedures, but these techniques 
remain underexplored in synthetic surgical simulators. 
This study aims to develop a dataset and train 
instrument detection models for synthetic surgical 
simulators using video recorded at AANS 2024 in 
Chicago.

Results

Table 1. Performance metrics of 3-class instrument detection 
models trained on random split and video split datasets.
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