
Anonymized examples of real data

*names are generated randomly and locations are randomly shuffled across all recordings 

Motivation

Table 1: Entity recognition model performance for name 

and location extraction. 

Results

Figure 2: Dataset creation and model evaluation pipeline 

Experimental pipeline
Jan 2022 Mar 2022 May 2022 Jul 2022 Sep 2022 Nov 2022

0

500

1000

1500

2000

2500

3000

3500

4000

Traffic accident

Other event

Discovery of a dead body

Illness

Missing person

Fire

Technical assistance

Criminal activity

Rescue of people and animals

Leakage of hazardous substances

Injury

nu
m

be
r 

of
 r

ec
or

di
ng

s

Figure 1: Number of calls per emergency event type 
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Extraction of key information from 
emergency calls

Shorten emergency calls and speed up the 
reaction of rescue teams.

Human is not capable to extract, verify and use 
relevant information fast enough, AI is faster.

Create models and labeled training datasets 
that can extract necessary information fully 
automatically.

  {"person": "nováková", "location":  ["veselím", "dalečíně"]},   {"person": "Petr", "location": "brno"} 


