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[Abstract]

The advent of deep learning technologies has led to the development of various medical applications,
making healthcare services more convenient and effective. Among these applications, heart rate estimation
is considered a vital method for assessing an individual's health. Traditional methods, such as
photoplethysmography through smart watches, have been widely used but are invasive and require
additional hardware. Recent advancements allow for contactless heart rate estimation through facial image
analysis, providing a more hygienic and convenient approach. In this paper, we propose a lightweight
methodology capable of accurately estimating heart rate in mobile environments, using a specialized
2-channel network structure based on 2D convolution. Our method considers both subtle facial movements
and color changes resulting from blood flow and muscle contractions. The approach comprises two major
components: an Encoder for analyzing image features and a regression layer for evaluating Blood Volume
Pulse. By incorporating both features simultaneously our methodology delivers more accurate results even
in computing environments with limited resources. The proposed approach is expected to offer a more

efficient way to monitor heart rate without invasive technology, particularly well-suited for mobile devices.
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I. Introduction
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II. Related works

2.1 Deep Learning-Based Heart Rate
Measurement Model
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2.2 Mobile-Based Deep Learning Research
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Fig. 1. System Architecture
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Table 1. The Layer Manifest of Motion Encoder

Layer Output Shape Param #
Conv2d (32,178,70) 896
Dropout (32,178,70) 0
Conv2d (32,176,68) 18,496

tanh (32,176,68) 0
Conv2d (32,176,68) 36,928

tanh (32,176,68) 0
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Table 3. The Layer Manifest of Appearance Encoder

Layer Output Shape Param #
Conv2d (32,178,70) 896
tanh (32,178,70) 0
Conv2d (32,176,68) 1,056
sigmoid (32,176,68) 0
Conv2d (64,176,68) 18,496
tanh (64,176,68) 0
Conv2d (64,176,68) 36,928
tanh (64,176,68) 0
Conv2d (1,176,68) 65
sigmoid (1,176,68) 0

IV. Experimental Results
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Table 4. Number of data of each method using the
UBFC2, COHFACE, and PURE datasets.

Method TRAIN TEST
UBFC2 323 84
COHFACE 487 323
PURE 514 133
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Table 5. Performance of each method using the
UBFC2, COHFACE, and PURE datasets.
Method Dataset STD RMSE r
UBFC2 0.6984 0.6988 0.6974
Physformer | COHFACE 0.932 0.9324 0.3904
PURE 0.8627 0.8628 0.5195
UBFC2 0.9814 0.9818 0.3843
Resnet18 | COHFACE 0.9977 0.998 0.1329
PURE 1.038 1.041 0.3168
UBFC2 0.7499 0.7502 0.6252
TSCAN COHFACE 0.9552 0.9555 0.3044
PURE 0.8373 0.8377 0.5532
Proposed UBFC2 0.7363 0.7402 0.6489
Method COHFACE 0.8494 0.8545 0.5242
PURE 0.8015 0.8048 0.6008
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4.2 Performance Evaluation
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Table 6. Parameter size and FLOPs

Method Param Size (M) FLOPs (G)
Physformer 7.38 35.32
Resnet18 11.69 41.75

TSCAN 2.23 40.89
Proposed

Method 0.24 28.77

V. Conclusion
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