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Classification of infant cry sounds based on
Vision Transformer and transfer learning

WANG Ruxu, WANG Rongyan, ZENG Ke, YANG Chuande, LIU Chao

(School of Computer and Information, Dezhou University, Dezhou 253023, Shandong, China)

Abstract; Aiming at the low accuracy of traditional machine learning algorithms such as SVM and the poor generalization ability of
the current CNN in dealing with cry recognition in the family field between different infants, the infant cry audio classification
algorithm based on Vision Transformer and transfer learning is proposed. Firstly, in order to realize the expansion of the data set
samples, the data preprocessing technology including MEL spectrum conversion and data augmentation is used, so as to achieve the
purpose of enhancing the robustness of the model. Then, transfer learning training is performed on the fine — tuned Vision
Transformer model. At the same time, the LookAhead optimizer is used to continuously adjust the model parameters in the training
process to avoid overfitting. Finally, the research realizes the automatic classification of infant crying audio. The experimental results
show that the proposed model has higher accuracy and faster convergence speed than other deep learning models, and can effectively
learn more discriminative features in infant crying. The research can play an important role in the fields of neonatal monitoring,
hearing screening and anomaly detection.
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Fig. 6 Samples of infant crying and non—crying images
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Table 1 Data set sources

Name Audio duration/s Class Audio quantity
Infant crying <15 awake 160
Infant crying <15 diaper 134
Infant crying <25 hug 160
Infant crying <25 hungry 160
Infant crying <20 sleep 144
Infant crying <25 uncomfortable 160

Urbansound8k <4 Air conditioner 1 000
Urbansound8k <4 Car whistle 429
Urbansound8k =4 Bark 1000
Urbansound8k <4 Children Playing 1 000
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Fig. 7 Unenhanced and enhanced image samples of the dataset
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Fig. 9 Confusion matrix of experimental model on test set
FERIYI Zrad B v, WT DA B R AR T 4% o

A2 W 28 A5 8 EfficientNet '  ERR R T ; HH B
FHABTRE 2 2] M 45BN ResNet' ' VGG161™
HERA BB, X LB DL 36 2,

xR2 BEEEREFISEEREREIRER
Table 2 Performance indicators of the deep learning classification

model in the data set

Ay i A FRAE
EfficientNetV2-B2  Mel Spectrogram  0.926 1 0.3328  32.0

Accuracy  Loss Param/ MB

VGG16 Mel Spectrogram  0.954 2 0.1472  59.5

ResNetV2-50 Mel Spectrogram  0.969 2 0.063 7  94.8

Vision Transformer Mel Spectrogram 0.985 0 0.0423  85.3

EfficientNetV2-B2 MFCC 09033 0.2736 31.6
VGG16 MFCC 0.9544 0.0570 58.9
ResNetV2-50 MFCC 0.9679 0.0601 94.6
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Table 3 Performance indicators of traditional classification models

on the data set

A i N HRE Accuracy
SVM Mel Spectrogram 0.914 6
SVM MFCC 0.907 5
Vision Transformer Mel Spectrogram 0.985 0
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Table 4 Performance indicators of the optimizer in this model

T Optimizer Learning rate  Accuracy — Epoch
Vision Transformer SGD 0.000 1 0.880 7 20
Vision Transformer Adam 0.000 1 0.978 9 20
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