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(Lightweight Deep Learning Model for Heart Rate Estimation from Facial Videos)

R X
(Gyutae Hwang, Myeonggeun Park, Sang Jun Lee)

Abstract :

This paper proposes a deep learning method for estimating the heart rate from facial videos. Our proposed

method estimates remote photoplethysmography (rPPG) signals to predict the heart rate. Although there have been

proposed several methods for estimating rPPG signals, most previous methods can not be utilized in low-power single

board computers due to their computational complexity. To address this problem, we construct a lightweight student

model and employ a knowledge distillation technique to reduce the performance degradation of a deeper network

model. The teacher model consists of 795k parameters, whereas the student model only contains 24k parameters, and

therefore, the inference time was reduced with the factor of 10. By distilling the knowledge of the intermediate

feature maps of the teacher model, we improved the accuracy of the student model for estimating the heart rate.

Experiments were conducted on the UBFC-rPPG dataset to demonstrate the effectiveness of the proposed method.

Moreover, we collected our own dataset to verify the accuracy and processing time of the proposed method on a

real-world dataset. Experimental results on a NVIDIA Jetson Nano board demonstrate that our proposed method can

infer the heart rate in real time with the mean absolute error of 2.5183 bpm.
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Table 1. Performence comparison on the UBFC-rPPG dataset
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Table 2. Performance comparison of the teacher and student
models (KD: knowledge distillation)

MAE RMSE
Teacher 0.9563 1.5795
Student (without KD) 45589 9.6856
Student + KD 34444 7.2979

H 3. A Clo[e{Mof CHSt ety = Hs 43
Table 3. Evaluation of the proposed method on the real-world
dataset (KD: knowledge distillation)

MAE RMSE
Meta-tPPG [13] 597 742
SynRhythm [14] 559 6.82
3D CNN [15] 545 8.64
Chrominance-rPPG [3] 4.70 6.61
AHRE [16] 4.20 578
PhysNet [6] 363 529
PulseGAN [17] 1.19 2.10
rPPGNet [18] 0.72 1.47
Proposed method 3.4444 7.2979

T FE #Y AA AEs g Atele] AgisEE et (MAE,
mean absolute error)®} A #F 23 (RMSE, root mean
squared error)S H7PA R AL }Oi

AtstE daEEe 4
sk7] 938t *7Hfﬂ°]‘5
S Feotsle &

104

O_u F
o off
to
N
FFN

=

il _r&
N SE
o =
m

—
—

iin)
)
s

o o o
o u
R
oo 2 >
% >
|
N
N
i
&
i)
N
il
KS)

2 g
=
oy F
ol —ﬂ
o

o
=y
>
i
>
lo,
o
b
N
N
e

ok
w

MN oft mfy

~N
Kooy fo g

o
i
-
o
ol

M s ot
(e} S, -

12
Kl

Moo HUopo
(@)]
=
(o3
[

g
hurpd
=
1oy o

fl of\
o
(o3
i.\ﬂ'
32
i)

=
o
i
N

O
o
Jot

>
o,
i
=

eta-TPPG [

Fete L

—

3

oE

o

o

o o
=

=

%
POV L T =)

to S i lo

E)
o

2

-+
32
&
_Q

f
ne
(I

Jo AN 2 o5 [0 o O ol rob kM
(= TR U VAT
N
o
o
0
rot
oX
olf
il
=
o
rir

o g4
o 2

Nﬂ

2]5 52 SynRhythm [14], 3D
hrorrunance rPPG [3], AHRE [16], Physnet [6]
S vlusi Ry RMSE 9ol 5o 27 ¥
MAE ZF¥ellAe= o 22 F3eE 1ok o=
o7 O] 22 3 AQstae
< omgit) E D}E

1713+ rPPGNet [18]¢] 7]
Al WA F& A
do] Wo 7 = dakgkom 9lF

HEoA JGHAHHRE AAte R Agstr] o

a
Z
a

2 lo

19
N, O
o of
o

P

2
23
o.|>:, =<

g‘ﬂ
rir
2
K
Ach
ojN o
o

=

T

0.
=

By
=
o
)
3
Ho
o>
)
-+
il
4o
i
g 0

\__

ol
=y
rlr =

i
-0,
&
(/l
:
_L
-°\~ Oli‘ r_rE
£ o m

o
Ui

riré;&élﬂmﬁr

oo >
[Lye="

A ¢ks}= knowledge distillationel] 7]WHeF 8k yjo] Lz}
ole] &35 Hol7] 93], teacherst student 2| Bl
3L st E 25 UBFCHPPG  Hlo]El Aol A
teacher®} student =@ MAES®} RMSEE HolFth
Teacher Z929] 749 MAES} RMSE?] F+ H7IA & &9
A student @R 53] ES AFEE Holxvh B =
oA dides st JHtlE HEoA HAZE FRo] B
7bsattheE A7 duh B =Rl ASHsE knowledge
distillation 7S student E2ol| A-&Fgo2x He ALt
o] AANAE Frsl= Bl student 2R B}

&

MAE RMSE
Teacher 2.1803 59514
Student (without KD) 2.8000 6.7063
Student + KD 2.5183 6.2080
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Table 4. Processing time of the teacher and student models in
Jetson Nano embedded board

Teacher Student
Number of parameters 795,811 24,769
Inference time (sec/frame) 0.50 0.05
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