and Kjersti Engan'!

?Laerdal Medical AS, Stavanger, Norway

Abstract

Globally, 3-10% of newborns do not breathe spon-
taneously at birth and need resuscitation. Prompt
initiation of resuscitative interventions such as tac-
tile stimulation and positive pressure ventilation can
reduce neonatal mortality and morbidity associated
with birth asphyxia. Automated video analysis of
resuscitation episodes may be beneficial for evalua-
tion and debriefing purposes. In this work, a dataset
of 220 newborn resuscitation videos collected at the
Stavanger University Hospital (Norway) is used to
develop NBT-I3D, a deep neural network pipeline to
automatically recognize resuscitation activities. To
assess the task, both binary and multiclass networks
have undergone training, allowing for a comparison
of the two approaches. Results obtained for binary
classification show a mean precision and recall of
84.76% and 80.92%, respectively. For multiclass, a
mean precision and recall of 72.26% and 74.80% are
reported.

1 Introduction

Neonates are at the highest risk of dying during and
shortly after birth. Of the 2.4 million infants that
died in the first month of life in 2020, about 1 mil-
lion died within the first 24 hours [1]. The majority
of these deaths occur in low and medium-income
countries, but even high-income countries face sig-
nificant human and economic costs from neonatal
birth-related complications.

Birth asphyxia, defined as the failure to establish
breathing at birth, is one of the leading causes of
neonatal morbidity and mortality [2]. Early initi-
ation of resuscitation interventions within the first
minute after birth (called the golden minute) can re-
duce the risk of death and long-term damage related
to birth asphyxia [3]. Video analysis of newborn
resuscitation episodes has shown promise for eval-
uation and training purposes [4, 5], but it is time-
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Figure 1. Example of PPV (left) and CPAP (right). A
T-piece resuscitator is a manually operated, flow-driven
device used to deliver controlled breathing support at
specified pressures. For PPV, the valve of the T-piece
device should be intermittently blocked with a finger
30-60 times per minute, while for CPAP it is just held
in position.

consuming and raises privacy concerns. Therefore,
implementing artificial intelligence to automate this
analysis would offer substantial benefits and could
lead to the development of tools for newborn resus-
citation research, debriefing, quality improvement,
and real-time support.

According to resuscitation guidelines [6, 7], critical
resuscitative interventions for non-breathing new-
borns include positive pressure ventilation (PPV),
tactile stimulation, suction, and chest compressions.
PPV should be initiated within one minute after
birth if the newborn is breathing insufficiently or
the heart rate is lower than 100 beats per minute
[8]. Suctioning is only recommended if the airway is
obstructed [7]. Continuous positive airway pressure
(CPAP) can be used for spontaneously breathing
newborns to prevent airway collapse and improve
breathing [9]. When analyzing resuscitation videos,
distinguishing between PPV and CPAP can be chal-
lenging since the differences are mostly subtle finger
movements (blocking a valve or squeezing a bag), as
illustrated in Figure 1. In high-income countries, res-
piratory support is mostly delivered by fixed pressure
devices or self-inflating bags [10]. In low-resource
settings, self-inflating bags are mostly used.

Video-based Activity Recognition typically in-
volves capturing spatial and temporal information
from video frames [11]. Most datasets for human
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