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[Abstract]

Among the various bio-signals, Photoplethysmographic (PPG) is widely used in areas such as u-health and human factor
evaluation due to its low cost of measurement and freedom of user’s motion. Despite its advantages, PPG signal tends to be
corrupted by the movement of user. In this study, we proposes the method for detecting the motion artifact in PPG signals using
CNN (Convolutional Neural Network). Continuous PPG signals were divided into multiple pulse signals, converted to image, and
then each pulse signal is used for training. We have used 3,000 normal signals and 3000 corrupted signals from PhysioNet
database for training. With the proposed method, the signals corrupted by motion artifact were successfully detected with 92%
accuracy.
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<PPG signal with motion artifact>
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Fig. 1. Normal and noisy PPG signals
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START

Defining data path and dimension of images
Defining channel of input images

# of normal data = 3000
# of noisy data = 3000

Defining # of classes = 2
Nermal and Noisy Pulses

Preprocessing
1. Reading images
2. Converting RGB images to GRAY scale images
3. Resizing the input image to 145*145
4. Converting image matrix to array(List)
5. Storing the complete list in one variable

Normalizing the input images
[Dividing the GRAY scale images by 255]

Labeling # of samples and then naming each

Converting class labels to one-hot encoding (Categorical)

Shuffle dataset and then splitting in variable
[20% acceptance from complete data]

LAYER 1 Convolution 2D Layer (3x3, 32)
LAYER 2 Activation ReLU
LAYER 3 Convolution 2D (3x3, 32)
LAYER 4 Activation RelLU
LAYER 5 Maxpooling 2D (2x2)
LAYER 6 Dropout (0.5)
LAYER 7 Convolution 2D (3x3, 64)
LAYER 8 Activation RelLU
LAYER 9 Maxpooling 2D (2x2)
LAYER 10 Dropout (0.5)
LAYER 11 Flatten
LAYER 12 Dense
LAYER 13 Activation RelLU
LAYER 14 Dropout (0.5)
LAYER 15 Dense
LAYER 16 Activation 'Softmax Functien’
Start fitting the model

Callbacks from Keras library

Data details:
1. Loss = 'Categorical Crossentropy’
2. Optimizer 'RMSProp’
3. Training Stages = 20

RESULTS:
Accuracy = 0.92 and Loss = 0.2106

END

. Flowchart of motion artifact detection in PPG
based on CNN
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