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1. Explain how AI and machine learning can be used to analyze the cry of a newborn 
baby and flag the presence of a potential life-threatening condition

2. Identify the stages involved in going from an initial idea to a working application

3. Distinguish the relative strengths and weakness of different AI and machine 
learning techniques as potential solutions.

Learning Objectives
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The Birth of an Idea

Charles Onu

• Grew up in Nigeria, wanted to be a doctor, and loved 
mathematics

• B. Eng. in Electrical Computer Engineering, 
Federal University of Technology, Owerri

• Started volunteering for Enactus in 2008, where he first 
learned about perinatal asphyxia

• “This is a very big problem for resource-limited 
communities in developing countries like Nigeria where 
sophisticated detection tools are not available"

https://www.mcgill.ca/channels/article/birth-idea
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The Birth of an Idea

The goal

• Develop a smart tool to identify babies who are showing 
signs of respiratory distress by analyzing their cry 
patterns

• In 2015, he started working on the problem with 
Innocent Udeogu, a former schoolmate

Innocent Udeogu

h5ps://www.mcgill.ca/channels/ar6cle/birth-idea
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The Birth of an Idea

Next steps

• Moved to Montreal in 2015 on a Jeanne Sauvé Foundation fellowship as a visiting researcher

• Applied to McGill University and completed a Master's Degree in Computer Science

• Began collaborating with Samatha Latremouille, a graduate from McGill with a B.Sc. in Physiology
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The Birth of an Idea

Ubenwa

• Cost-effective, non-invasive

• Allows clinicians to flag the risk of newborn asphyxia

• If detected early, it is easy to treat

• Has the potential to save lives of millions of newborns

www.ubenwa.ai
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Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

Motivation

• Every year, 3 million babies die within 28 days of 
being born

• Birth asphyxia is one of the top 3 causes of 
newborn mortality globally

• It also results to severe, life-long disabilities in over 
1 million infants, annually 

– Cerebral palsy
– Deafness
– Intellectual difficulty
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Motivation

• Early detection can prevent this

• But hospitals in many developing countries do not have the required equipment

– Breathing conditions such as asphyxia are generally detected only when the visual symptoms have 
appeared

– Severe neurological damage may have already occurred

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

Clinical diagnosis of asphyxia involves analysis of an arterial blood sample of 
the infant to measure blood gases, pH, oxygen satura<on and electrolytes, 
using a blood gas analyser
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Motivation

• Develop a diagnostic method for birth asphyxia that allows early detection

– Inexpensive

– Easy to use

• Accessible by community health workers, midwives, nurses in developing regions

Ubenwa: Cry-based Diagnosis of Birth Asphyxia
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

Time segment Audio signal of baby's cry
30 ms
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)10 ms shift
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)10 ms shift

20 ms
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

https://en.wikipedia.org/wiki/Cepstrum
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Fourier 
Transform
(e.g., FFT)
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Fourier 
Transform
(e.g., FFT)

Mel
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

LogFourier 
Transform
(e.g., FFT)

Mel
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

LogFourier 
Transform
(e.g., FFT)

Discrete 
Cosine 

Transform

Mel
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

LogFourier 
Transform
(e.g., FFT)

Discrete 
Cosine 

Transform

Mel

(Ona et al., 2019)
40 MFCCs x 101 columns (one per frame) 
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

A Support Vector Machine (SVM)  learns the linear 
boundary that best separates the two classes;
See AIML01, Module 2, Lecture 3, and AIML05
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

Training the SVM

1389 samples of normal and asphyxiaIng cries:
80%  was used to train the classifier 
20% for the test set
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

A cry is classified asphyxia if the majority of 
the frames (i.e. segments) were classified as 
asphyxia
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Mel Frequency Cepstral Coefficients (MFCC) with Support Vector Machines (SVM) 

Ubenwa: Cry-based Diagnosis of Birth Asphyxia

(Ona et al., 2017)

Results
Sensitivity
Accuracy in detecting asphyxiating infants:  85% 

Specificity
Accuracy in detecting normal infants:  89%
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Ubenwa: Cry-based Diagnosis of Birth Asphyxia

• Machine learning is only a part 
of the solution 

• It needs to be deployed: here as 
a mobile application, Ubenwa

• Validation is planned at 

– University of Port Harcourt Teaching 
Hospital (UPTH), Port Harcourt, Nigeria

– McGill University Health Centre (MUHC), 
Montreal, Canada

(Ona et al., 2017)
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Ubenwa: Cry-based Diagnosis of Birth Asphyxia

Future Enhancements

• Robustness to noise

• Minimizing length of audio recording

• Optimizing memory and computational requirements

• Investigate alternative machine learning techniques
Recurrent neural network (RNN) based models, 
e.g., Long short-term memory (LSTM) model

We first menDoned these approaches in  AIML01, 
Module 2, Lecture 3, and AIML11
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Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

(Ona et al., 2019)

Comparison of SVM approach with transfer 
learning using convolutional neural networks

• Transfer learning

– First train a neural network model using a large general-
purpose dataset

– Then tuning the trained model using a smaller application-
specific dataset

• Convolutional neural networks (CNN)

– ResNet

Mentioned in AIML01, Module 3, Lecture 1:  
AI Applications in Medicine

Mentioned in AIML01, Module 2, Lecture 2: 
Connectionist Approaches to AI 
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Mel Frequency Cepstral Coefficients (MFCC) with ResNet and Transfer Learning

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

Same as the SVM approach

(Ona et al., 2019)
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Mel Frequency Cepstral Coefficients (MFCC) with ResNet and Transfer Learning

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

Each convolution layer has 45 3x3 kernels, i.e., the 
network learns 45 individual features

(Ona et al., 2019)
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Mel Frequency Cepstral Coefficients (MFCC) with ResNet and Transfer Learning

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

Softmax layer
Probabilities of  the two classes: 
normal and asphyxia

(Ona et al., 2019)
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Mel Frequency Cepstral Coefficients (MFCC) with ResNet and Transfer Learning

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

ResNet CNN pre-trained on three audio data sets
1. VCTK
2. Speakers in the Wild (SITW) 
3. Speech Commands (SC)

(Ona et al., 2019)
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Mel Frequency Cepstral Coefficients (MFCC) with ResNet and Transfer Learning

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

For each case, ResNet was then post-trained on the Chillanto dataset:
1049  recordings of normal infants and 340 recordings of infants with perinatal asphyxia  

(Ona et al., 2019)
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• The results show that the best performance was achieved by transfer learning 
with the speech commands (SC) data set

• SVM was the second-best performing model

Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

(Ona et al., 2019)
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Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

(Ona et al., 2019)

sc-transfer

SVM
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Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

(Ona et al., 2019)The length of the recording decreases from left to right
The performance for the full 1 s recording is on the left

sc-transfer still does well with 0.5 s recordings

The performance of SVM decreases steadily 
as the duration decreases
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Neural Transfer Learning for Cry-based Diagnosis of 
Perinatal Asphyxia

(Ona et al., 2019)
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Lecture Summary

1. A baby's cry can be used as input for diagnosis of asphyxia with significant 
economic, social, and clinical benefits

2. Diagnosis can be performed using techniques based on a support vector machine 
supervised machine learning, using mel-frequency cepstral coefficients derived 
from the baby's cry as the feature vector

3. Performance with a ResNet deep neural network and transfer learning is slightly 
better 

4. Ubenwa is non-invasive, low-cost, requires little or no skill to operate, and delivers 
results quickly
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