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Developing a Non-Contact Cardiac Monitoring System via Remote Photoplethysmography (rPPG)
Ellie Zhou

Issue Statement

Cardiovascular diseases are the leading cause of death worldwide, claiming
over 18 million lives annually.

Rural populations face nearly twice the mortality rate of urban populations
due to limited healthcare access.
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Needs electrodes oximeter (rPPG):
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Optoelectronic sensor
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measures changes in blood volume
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Remote Photoplethysmography (rPPG)

® Extracts rPPG signal from light

reflections captured by a simple
webcam

® Susceptible to noises from the

video, limiting its real-world

Pixel channel
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Physiological signals
recovered

Image frames extracted
and segmented
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Research Question and Objective

How can | design a deep learning solution to acquire an accurate
rPPG signal and obtain effective cardiovascular metrics?

e Develop a solution to effectively acquire the rPPG signal
® Address challenges in rPPG accuracy and reliability

Related Work

Models: DeepPhys [2], TS-CAN [3], EfficientPhys [4]
e Extracts Blood Flow Signal from Spatial Features
® Gap: does not learn temporal changes

Models: PhysNet-LSTM [7]
e Effectively models temporal sequences
e Gap: struggles with abrupt noise, computationally expensive

Models: PhysNet-3DCNN [7]
® Simultaneous spatial and temporal feature learning
e Gap: PPG signal fails in rotation settings

Overall System Architecture
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Architecture Innovations
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RGB R>95and G>40and B >20and R> G and
R>Band | R-G | >15

HSV 0.0<=H<=50.0and 23% <=S<=68%

YCbCr Cb>85andY >80

Cr <= (1.5862*Cb)+20 and

Cr >=(0.3448*Cb)+76.2069 and
Cr >=(-4.5652*Cb)+234.5652 and
Cr <= (-1.15*Cb)+301.75 and

Cr <=(-2.2857*Chb)+432.85
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Fig. 1: Image from video Fig. 2: Skin Mask Fig 3: Segmented Image

Fig. 6: 64 channels
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Stage 1: Stage 2:
Facial Video Initial Feature Deep Spatiotemporal
Extraction Feature Extraction

Layer Types

Stage 1: Stage 2: Stage 3: Stage q: Convolution (Feature Extraction)
Initial Feature Deep Spatiotemporal Refine & Restore  Final Signal Max Pooling Spatial/Temporal (Downsampling)
Extraction Feature Extraction Extraction Tranpose Gonvolution (Upsampling)

Average Pooling Spatial (Restore to 1D rPPG signal)
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Attention Mask Values (High vs. Low)

Low High

® Regions with
minimal motion
(forehead)

Skin regions where
blood volume
changes are more
visible (cheeks)

High motion areas
(talking mouth, side
of the face during
head turn) ®
Shadowed regions

(side of nose, near

hairline)
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Table 1 - Dataset: UBFC-rPPG (controlled conditions)

MAE PhysNet DeepPhys EfficientPhys TS-CAN My Model

Heart Rate 1.465 5.713 2.490 2.490 0.586
Table 3 - Dataset: MMPD Rotation with various lighting, skin tone

MAE PhysNet DeepPhys EfficientPhys TS-CAN My Model

Heart Rate 5.399 24.346 21.772 28.257 4.049
Table 5 - Other Heart Metrics

MAE PhysNet DeepPhys EfficientPhys My Model
IBI 8.201 176.786 117.551 134.719 7.355
SDNN 16.423 80.522 51.223 73.196 14.982
SDSD 18.638 67.798 49.569 63.813 15.624
RMSSD 28.584 124.099 82.693 112.529 20.984
SD1 20.189 87.521 58.334 79.531 14.837
SD2 15.475 57.853 44.225 68.951 11.483
Breathing Rate 0.014 0.022 0.041 0.020 0.023

Fig. 5: 32 channels

Table 2 - Dataset: MMPD Stationary with various lighting, skin tone

MAE PhysNet DeepPhys EfficientPhys TS-CAN My Model
Heart Rate 3.343 23.599 20.551 7.559 1.993
Table 4 - Dataset: MMPD Talking with various lighting, skin tone
MAE PhysNet DeepPhys EfficientPhys TS-CAN My Model
Heart Rate 3.164 26.235 18.062 3.999 3.547

Prediction vs Label Window (Index 0 to 400)
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Analysis and Discussion

1. Table 1: In controlled settings, my model attains MAE of 0.586 beats per
minute (bpm), outperforming other models by 0.88 to 5.13 bpm. My model
predicts heart rate with an error of less than 1 bpm, approaching
medical-grade accuracy in a non-contact method.

2. Table 2:In the MMPD Stationary dataset, which introduces variations in skin
tone and lighting without motion artifacts, my model achieves the lowest
MAE of 1.993 bpm, outperforming state-of-the-art models by 1.35 to 21.61
bpm. This shows my model’s superior ability to generalize across diverse skin
tones and illumination conditions.

3. Table 3: In the MMPD Rotation dataset, my model achieves MAE of 4.049
bpm. My model solves the problem of rotation, significantly outperforming
existing state-of-the-art models.

4. Table 4: In the MMPD Talking dataset, my model achieves MAE of 3.547
bpm, performing close to PhysNet. My model is robust to facial motion
artifacts.

5. Table 5: My model is capable of accurately measuring other key cardiac
metrics such as IBI, SDNN, and SDSD.

6. Figures 4-6: In the Intelligence Branch outputs, the high attention values at

forehead and cheeks indicate that the model prioritizes high-perfusion
regions, where the rPPG signal is strongest.
7. FEigure 7: The predicted PPG follows the same shape as the ground truth. The

signal is smooth, demonstrating my model’s strong ability to denoise and
mitigate motion artifacts.

8. Limitations: limited access to high-performance computing, access to
university/research institution datasets, and time for model training

Real-World Applications

e Opens up new avenues in telemedicine by
enabling remote diagnostics and timely
intervention for cardiovascular conditions.

® Enables continuous home-based
monitoring for the elderly. Improves
management of heart health.

® Provides vital heart health insights to
people in remote and rural areas.

e Facilitates contactless health monitoring for neonatal babies, ensuring safe
and unobtrusive observation of vital signs.

® |mprove rPPG signal extraction on talking motion scenarios.

e Apply dimensionality reduction to improve computational efficiency.

e Develop multimodal models integrating rPPG with additional physiological
signals and health data for diagnosis of cardiovascular diseases such as
Atrial Fibrillation, Arrhythmias, and Heart Failure.
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Learn both spatial and temporal
features. Effectively mitigates

~ motion artifacts and variations in
\ lighting and skin tone.

Accurately extracts skin regions,

removing noise to ensure that

only relevant facial areas are used
. for rPPG.
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Empowers the patients to gain
insight into their cardiovascular
health and potential risks.

Dynamically guides the model to
focus on the highest quality rPPG
signal regions.
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