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Photoplethysmography

= Introduced in 1936 by H. Molitor and M. Kniazuk

= detects blood volume changes in the microvascular
bed of tissue

B. photocell
D. light-housing
E. sponge rubber
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ElectroCardioGraphy

approx. 500 EUR
‘very contact”










Heart Rate Measurements
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ECG
500 EUR

tPPG
150 EUR

rPPG
20 EUR
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Motivation

price

patients too fragile for contact measurements
(l.e. newborns, patients with burns, etc.)

iImproving comfort in fithess related HR
measurements
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rPPG Heart Rate Measurement

very low signal-to-noise ratio
=> |t IS hard to perform

SNR improved by:
- careful data acquisition
- precise pixel-to-pixel face registration
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rPPG — Experimental setup
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rPPG — Experimental setup

spatial
averaging in a
green channel

signal-to-noise
ratio of heart rates




rPPG — Data Acquisition
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rPPG — Data Acquisition N

... videos “were recorded in 24-bit
RGB (with 8 bits per channel)”.

[2014] Hsu et al. Learning-based heart rate detection from remote photoplethysmography features
[2015] Yu, Dynamic heart rate estimation using principal component analysis

-  MPEG-4 AVC/H.264
- bitrate up to 24 Mbps

- 3 x 8hits
0.64 bits
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rPPG — Precise Face Registration

V N

- four stickers in the first frame set as
Interest points

| - tracked with MATLAB Implementation
of Lukas-Kanade tracker

- homography found between first
(reference) frame and all consecutive

- found homographies used to register
the forehead over frames

- spatial average over ROI
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rPPG — Precise Face Registration

subject ID 1 2 3 4 5

| 15 x 15 px ROI |

not registered 1.70 -6.17 -2.74 188 -7.08
registered 547 -6.03 2.6 299 -642

75 x 75 px ROI

not registered 8.88 -542 6.77 6.80 -6.59
registered 9.15 -534 739 752 -5.68

TABLE 1
SIGNAL-TO-NOISE RATIO IN DECIBELS OF A NRPPG SIGNAL FOR 5
SUBJECTS. THE SIGNAL IS COMPUTED BY SPATIAL AVERAGING OVER
THE GREEN CHANNEL OF REGIONS SHOWN IN FIG. 2. RESULTS BEFORE
AND AFTER REGISTRATION OF THE REGIONS.
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rPPG — Conclusion

Two experiments with 5 participants showed that SNR of
non-contact rPPG is:

Improved by precise pixel-to-pixel registration
deteriorated by the reduction of resolution

In the paper an extensive review of rPPG literature reveals
key factors limiting performance and reproducibility as:

Incomplete description of the datasets
heterogeneous methodology
absence of publicly available datasets
vague terminology



Robust Visual Heart Rate Estimation
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Overview

Given a video with a human’s face
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Estimate a heart rate (HR) of the person in the video

= 70 beats per minute
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Our approach — two-step Convolutional Neural Network

Overview

1. step — extract relevant signal from face,
frame by frame

. step — given signal from the first step,
estimate the heart rate

time




Method - HR-CNN N
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Method - HR-CNN i

CNN:

- standard chain of convolution, MaxPool and
activation blocks

- learned by alternating optimization

Extractor: maximization of SNR of relevant signal

HR Estimator: minimization of MAE



HR-CNN - Extractor (@

N

= training set T = {(x/,...,x}, f/) € XN x F | j = 1, ..., 1} with | sequences of N
facial RGB image frames x € X and their labels f e F,

given frequency f, power spectral density of signal (PSD) is

PSD(f,X; ®) = (th . P) cos(27rff ))2 (th P) - sm(27rff8))

where h(x"; ®) is output of Extractor CNN for n-th image and f; is sampling frq,
® is concatenation of CNN parameters

2

= the SNR computes as

SNR(f*,X;®) = 10-logyq | Y  PSD(f,X;®) > PSD(f,X;cI)))
feFt fEF\F+



HR-CNN - Extractor ?@

= the SNR computes as
SNR(f*, X; ®) = 10-logy, ( > PSD(f,X;cI))/ > PSD(f,X; @))
feF+ fFEF\F+

where f* is true HR, F* = (f* — A, f* + A), and tolerance interval A accounts
for true HR uncertainty

= CNN parameter & is found by minimizing the loss function

((T; ) _——ZSNR 1, X5 ®).
7=1



HR-CNN - Estimator >

= Estimator takes 1D signal — output of Extractor — and produces HR

" Trained by minimization of mean absolute error of predicted and true HR f;

l
U(T;0) = %Z ‘g ([h(xl;@)’... ’h(xN;(I))} ;9) s
j=1

where g(|h(x; @), ..., h(xN; @)[; ©) is output of the CNN for a sequence of N
outputs of Extractor and @ is a concatenation of all parameters of Estimator
CNN.
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Experiments - Introspection

Extractor - GRAD-CAM

input 1. conv 2. conv 3. conv 4. conv
image layer layer layer layer




Experiments - Introspection *

HR Estimator

160 A
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& 130 A )
o P - Estimated HR
o 120 A L

Ground Truth HR

Q
T 110417

Frame Index 1800

sequence with a significant HR change



Experiments - Database

a new challenging database where subjects perform fitness activities
4 activities, 3 lighting setups, 2 RGB and one THERMAL camera
in total 204 one minute RGB RAW videos, ECG ground truth
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Experiments - Database




Why new database?

beginning
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after 60 sec.

MAHNOB daylight studio
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Experiments — Comparative Study”|@

- comparison with 3 published methods and baseline on 4 datasets

COHFACE ECG-Fitness MAHNOB PURE PURE
MPEG-4 Visual

o b baseline — — — - —
"g = 25R —0.32 0.06 0.06 0.98 2 0.43
# © CHROM 0.26 0.33 0.21 0.99(1 0.55

E E LiCVPR —0.44 B —0.58 B 0.45 —0.38 —0.42 |

“ HR-CNN 0.29(1 0.82(1 0.511 0.98 0.701
baseline 8.98 17.35 9.19 9.29 9.29

- 25R 20.98 ) 43.66 17.37 2.44 5.78 (1
<< CHROM 7.80(1 21.37 13.49 2.07 6.29
= LiCVPR 19.98 31.90 7.41 28.22 28.39

HR-CNN 8.10 9.46 (1 7.26 (1 1.84 1 8.72




HR-CNN — Conclusion (@

A novel method for HR estimation HR-CNN
was shown performing SOTA on:

three non-challenging public datasets

newly collected challenging
ECG-Fithess dataset
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Thank you very much
for your time...
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