EgoEMS: A High-Fidelity Multimodal Egocentric Dataset for
Cognitive Assistance in Emergency Medical Services
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** Emergency Medical First Responders and Firefighters Have Access to
Substantial Amount of Data at the Incident Scene

[ Cognitive Assistance Requires Understanding Activities of Responders
from their Perspective

J Egocentric view and multimodal data provide rich information for a
cognitive assistant to understand, provide feedback and guidance

*** EgoEMS: First Egocentric Multimodal Dataset for EMS Procedures
with over 20 hours of data

. Simulated High-Fidelity Emergency Scenarios
* Realistic emergency scenarios performed by actual responders
with diverse EMS certification and expertise levels

1 Open-source Data Collection System
* Easily replicable low-cost multimodal data collection system

d Multitude of Annotations
* Fine-grained activity annotations with synchronized speaker-diarized

transcripts, and CPR quality ground truth.

1 Benchmarks
3 main benchmarks highlighting cognitive assistants' potential tasks
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Figure 1: High-level Overview of EgoEMS Egocentric Multimodal Dataset
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*** EgoEMS Scenarios & Taxonomy
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Figure 2: Methodology behind the Taxonomy

** Open-source Multimodal Data Collection System
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Figure 5: High-level Architecture of the
Data Collection System

** Annotations
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»* Al-Assisted De-identification Pipeline for Privacy Preservation
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Figure 4: Automated Audio

Figure 3: Al-based Video De-identification Pipeline De-identification Pipeline

] Semi-automatic Video De-identification for Faces, License Plates and
ID Cards

J Automated Audio Censoring of Identifying information

** Benchmarks

Keystep Segmentation [ CPR Quality Estimation
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Figure 6: Overview of Main Benchmarks

[ Keystep Classification
Classify EMS procedural keysteps from multimodal data segment

1 Keystep Segmentation
Online recognition of keystep and boundaries in streaming data

1 CPR Quality Estimation
Online recognition of compression rate and depth to provide

feedback

Experimental Results
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Figure 9: CPR Rate Detection Performance

*** Improving Real-time Keystep Recognition Using Multimodal Data

(1 Current SOTA methods lack sufficient performance for reliable cognitive assistance

** Multi-person Activity Recognition
J Extend activity recognition to multi-person, role-aware settings using multimodal
(vision—audio) cues

Acknowledgements

National Institute of
Standards and Technology
U.S. Department of Commerce

Public Safety Partnerships

% ™

O\ Since 1978 < This work was supported by the
Q \>
SCUESQN award 70NANB21H029 from the

U.S. Department of Commerce,
National Institute of Standards and
Technology (NIST)

Ocean Park  Charlottesville Western North Garden
Volunteer Albemarle Albemarle Fire
Rescue Squad Rescue Squad Rescue Squad Department

References

"Real-Time Multimodal Cognitive Assistant for Emergency Medical

Services." 2024 IEEE/ ACM Ninth International Conference on Internet-of-Things Design and
Implementation (loTDI)

* Ge, X., et al “DKEC: Domain Knowledge Enhanced Multi-Label Classification for Diagnosis

* Weerasinghe, Keshara, et al.

Prediction.” 2024 Conference on Empirical Methods in Natural Language Processing (EMNLP)




	Slide 1

