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Abstract. Measuring bio signals such as the heart rate in non medical
applications is gaining an increasing importance. With camera based
photoplethysmography (PPG) it is possible to measure the heart rate
remotely with built in webcams of every tablet and laptop. Recent
research with machine learning based methods showed great success com-
pared to signal processing based methods. In this paper, we use k-nearest
neighbor (kNN) and multilayer perceptron (MLP) with an alternative
representation of the input vector. Estimating the quality of peaks with
a Gaussian distribution could further improve the detection. Overall we
could improve the root mean square error (RMSE) from 23.97 to 8.62.

Keywords: Photoplethysmography (PPG) · remote Photoplethysmog-
raphy (rPPG) · Camera · Webcam · k-nearest neighbor · Neural net-
work · Gaussian distribution

1 Introduction

Most tablets and laptops are equipped with a front camera and are often used
for hours every day. For health care applications this is an interesting means to
monitor the health of a person. Several works in the last ten years showed that
camera based photoplethysmography (PPG) can be used to remotely measure
bio signals such as the heart rate. This allows a long term monitoring system
which does not interfere with the user in his/her daily work and at the same
time does not need a daily scheduled, explicit measurement. Advances in signal
processing based measurement methods for camera based PPG as well as camera
technology enables better detection rates but until now not reliable for serious
applications.

Machine learning technology methods show great success in replicating sys-
tematic occurrences. However, until now only few learning based approaches
were presented. One of the early works was presented by Lamonaca et al. [7].
They used a neural network to evaluate the blood pressure from facial videos
recorded with a smartphone camera and its flashlight. Hsu et al. [6] used support
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vector regression (SVR) in the frequency domain to detect the heart rate. They
showed three times better results than a pure signal processing based method.
Maaoui et al. [8] used a support vector machine (SVM) and seven features from
time and frequency domain with the aim of detecting the stress level.

The remainder of this paper is organized as follows. In Sect. 2 the generation
of the signal for the detection is explained. This includes skin extraction, signal
filtering and detection of the heart rate. Two machine learning algorithms, k-
nearest neighbors (kNN) and multilayer perceptron (MLP), are described in
Sect. 3 and analyzed in Sect. 4 on the Open EmoRec II dataset [11]. A conclusion
follows in Sect. 5.

2 Signal Extraction

2.1 Region of Interest (ROI) Detection

The interesting content of a video for this work is the face of a participant
within which we measure the heart rate. We use the Cambridge face tracker [1]
implemented by Baltrus̆aitis et al. [2] to detect the face in each video frame.
This detector returns multiple facial landmarks for the eyes, eyebrows, nose,
mouth and the lower part of the contour of the face (Fig. 1(a)). Then the area
corresponding to the face is estimated by mirroring the contour on an axis of
reflection through the eyes. A convex hull over the lower and mirrored contour
determines the outermost landmarks (Fig. 1(b)).

Parts of the face which contains skin (like cheeks and forehead) are more
suitable for heart rate estimation in comparison to eyes or mouth. These parts are
detected within the convex hull with the skin detection Algorithm of Mahmoud
[9]. Therefore the frame is converted from RGB color space into the Y’CbCr
color space and all pixels within the value space

Y ′ > 80
77 ≤ Cb ≤ 127

133 ≤ Cr ≤ 173

will persist in the frame (Fig. 1(c)).

2.2 Signal Preprocessing

Cui et al. [12] showed that the strongest heart rate signal of PPG systems is in
the green light wavelength. Therefore we consider only the green color channel
in this work (Fig. 1(d)). The raw pulse signal XG

raw(t) is extracted by computing
the average green color value of the skin (the ROI, Fig. 1(d)). The discrete time
t is the frame rate of the video. The raw signal �XG

raw will be bandpass filtered
with a zero-phase digital filter and third order butterworth coefficients [10]. The
resulting filtered signal is denoted �XG

filtered. The desired frequency range is set to
[0.5, 3.0] Hz ([30, 180] bpm). The zero-phase filtering removes the bias and the
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(a) (b) (c) (d)

Fig. 1. For each frame (a) the face is detected and (b) the ROI is limited to the face.
Then (c) the skin is extracted and (d) the mean green color is used for heart rate
detection (Sect. 2.2). (Color figure online)

trend from the signal. Complementary information regarding the filtering can
also be found in [12] (Sect. 2.3).

The ground truth signal �XGT is commonly recorded with a electrocardio-
graph or a blood volume pulse (BVP) sensor. In this work we will use a finger
BVP sensor which records the photoplethysmographic signal in the fingertip.
The correctness of the ground truth heart rate for our dataset is evaluated.

2.3 Heart Rate Detection

The time-domain based technique detects the peaks (corresponding to the heart
beats) in the filtered signal �XG

filtered. This Method will further be denoted as
PEAK. For the peak detection we use the algorithm implemented by Carbajal
[3]. The detected timestamps of the peaks are defined as �R and the distances of
adjacent timestamps as �RR. The average heart rate fHR is calculated by dividing

the frame rate fps through the median peak distance ˜�RR. In case of the average
heart rate of a window segment, the peak timestamps �R are restricted to the
window segment:

fHR =
fps ∗ 60

˜�RRsegment

, (1 bpm = 1/60 Hz) (1)

The heart rate fHR is measured in beats per minute (bpm) while the right side of
the equation is measured in Herz (Hz). We convert Hz into bpm by multiplying
with 60.

Our primary error measurement method is the root mean square error
(RMSE). It compares all predicted heart rates �fHR against the reference heart
rates �fHR,GT from �XGT:

RMSE(�fHR) =
√

mean((�fHR − �fHR,GT )2) (2)
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3 Learning

We evaluate two machine learning algorithms in our work. The first is k-nearest
neighbors (kNN) and the second is a multilayer perceptron (MLP). In Sect. 3.1
we discuss the conversion of the data into a form so we can process it.

3.1 Data Preparation

From the filtered signal �XG
filtered, window segments of 3 s length are generated

where each segment starts from a detected peak. Each segment relates to a
heart rate fHR calculated from the reference signal �XGT. Therefore, the resulting
segments begin at a local maximum. The signal’s minimum and maximum should
be located at the same positions. Our aim is to learn these similarities.

This segmentation method is extended by placing the peak at the center
of the segment and using the segment length of 3 s in both directions. Further
extensions consist in placing the peak at the end of the segment (online mode)
or in case of the training set, creating the segments from reference BVP signal
�XBVP
GT (but not from ECG signals).

Each segment is normalized independently for the learning algorithms.
In the following sections we learn the segments with kNN and MLP. As input

vector we use all time steps of the 2*3 s of a segment. As target output we use
the related heart rate fHR. In Sect. 3.4 we use only the timestamps �R and �RGT

of the detected peaks from �XG
filtered and �XGT.

3.2 k-Nearest Neighbor

One of the simplest and successful classifiers for quickly verify a concept is kNN
[5]. kNN finds similar segments in the training set for each segment in the test
set. The ’k’ describes the counts of similar segments (nearest neighbors). For each
segment we compute k = 10 nearest neighbors with correlation as the distance
function. We assume that firstly the first nearest neighbor does not represent
the target segment (outliers) so we use 10 neighbors and secondly a lot of the
neighbors highly differs from the target segment and thus have a low correlation.
To increase the classification quality we remove all neighbors with a correlation
below 80 % from each class k. This will remove a huge part of the neighbors. The
classification will be repeated for all window segments (in time). Each neighbor
(respectively segment) corresponds to a heart rate; the related heart rates of the
removed segments are linearly interpolated (independent of other classes). The
resulting heart rate of a segment is the mean heart rate of the 10 classes.

3.3 Multilayer Perceptron

Some problems of kNN are that firstly a huge amount of segments is removed and
interpolated and secondly we do not have an abstraction of the basic problem.
Trials with different machine learning methods showed best results using an
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MLP to train from the segments with one hidden layer and 20000 neurons. With
increasing count of hidden neurons the performance of the system increases, as
well as the execution time. In order to achieve some good balance between the
execution time and the performance of the system, the number of neurons in
the hidden layer is set to ≈ 20000. The input vector contains all time steps of
the 2*3 s. A standard logistic function is used as transfer function. The bias is
initialized with ‘1’ and the weights with a Gaussian distribution. In the output
layer, a linear neuron targets against the heart rate fHR. The optimization is
performed with the Adaptive Subgradient Method (Adagrad) [4]. The learning
phase stops after 2000 epochs.

3.4 Gaussian Distribution

The filtered signal �XG
filtered has many detected peaks �R which does not match

with the reference peaks �RGT. Reasons are overshooting of the filter during fast
lighting changes (e.g. head motion) or high noise. Therefore we estimate the
probability that a detected peak is a real peak. We assume that the heart rate
changes slowly and the distance of a peak to its neighboring peaks is nearly
constant with Δtpeak = 60/fHR.

In an ideal case the neighboring peaks have a distance of Δtpeak; in case
of a misdetection its neighbors should not be multiples of Δtpeak (e.g. a peak
between two correct peaks like in Fig. 2(a)). For a distance below 0.5Δtpeak
or above 1.5Δtpeak we assume that this neighbor peak is misdetected (small
distance between second and third peak in Fig. 2(a)) or corresponds to another
reference peak (big distance between first and fourth peak in Fig. 2(a)). Moreover
including the second and third neighbor peaks should improve the estimation
(first peak considers second and fourth peak in Fig. 2(a)).

Fig. 2. Left: An example of a misdetected peak. The third peak is wrongly detected,
its distances to neighboring peaks (red line) are smaller than Δtpeak and this leads to
low values in the distribution (−0.05 and −0.049). Right: the Gaussian distribution
between 0 and 1 with zero for distances below 0.5Δtpeak. The effective values for the
third peak are marked with red crosses. (Color figure online)

We define a Gaussian distribution (GD) with the GD center at dΔtpeak
(Fig. 2(b)):

gd(�r,Δtpeak) = bd ∗ exp(−ad ∗ (�r − cd)2) + md (3)
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dΔtpeak =
d ∗ 60
fHR

, d = 1, 2, 3 (4)

The probability decreases with the distance of the neighbor peak from the GD
center. For every segment we calculate the distances �r from the center peak to
all other peaks �R and exclude the center peak and all peaks with more than 3 s
distance.

We experimentally discovered the following parameters for Eq. 3 (Fig. 3):

gd(�r,Δtpeak) =
1
d

∗ exp(− 50
Δtpeak

∗ (�r − dΔtpeak)2) − 0.05 (5)

The parameter ad controls the width of the gaussian curve; a consistent value
of 50/Δt for all parameters d showed the best results. The maximum height cd
reduces the influence with increasing d by 1/d. The center cd of the gaussian
curve is fixed to dΔtpeak. The parameter md controls the generic height and the
minimum value; with −0.05 big differences have a negative influence.

In the next step neighbor peaks with a distance of more than 0.5Δtpeak from
the GD center are excluded:

(d − 0.5)Δtpeak ≤ gd(�r,Δtpeak) < (d + 0.5)Δtpeak (6)

From this it follows that each neighboring peak corresponds to only one distance
d. We normalize each gd by dividing through the count of corresponding peaks
|�pd| but minimum 2 because in ideal case each distance d corresponds to two
neighboring peaks and having only one is an indication for misdetection. Finally
all gd(�r,Δtpeak) ∀ �r, d are summarized:

GD =
3

∑

d=1

gd(�r,Δtpeak)
max(2, |�pd|) (7)

The probability is not a percentaged value and has values outside of [0, 1].

Fig. 3. GD for all distances d = 1, 2, 3. Each distribution is truncated to d± 0.5; every
peak corresponds to only one gd. The minimum value is −0.05 and the maximum height
decreases with each d.
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4 Experiments

4.1 Dataset

For our evaluation we use the Open EmoRec II dataset [11]. It provides 30 par-
ticipants recorded in a human-computer interaction (HCI) scenario with a session
length of 20 min per participant. The participants are sitting still most of the
time during the session. The participants were recorded with several Pikes as
well as a webcam (720 × 576@25 resolution, MPEG-4 codec, 1600 kb/s bitrate,
manufacturer unknown). The face region has an effective resolution of 240× 280
pixels. A finger BVP sensor was recorded for the heart rate signal. The dataset
combines two sessions in two different environments. The dataset consist of two
parts; the second part (details can be found in [11]) is used for the evaluation.
Participants 1, 4, 19 and 28 were excluded because of a bad detection rate of
the peaks in the BVP signal.

4.2 Experimental Setting

The reference system for our comparison (denoted as PEAK) extracts the signal
�XG
filtered from the video and detects the peaks as explained in Sect. 2.3. Then

window segments with seven seconds length and a shift of one second are defined
from which the heart rate fHR is determined (Eq. 1). With the shift we get a
constant response time of one second. For all 26 participants 30655 segments are
generated. We get a baseline RMSE value of 23.97.

The evaluation of our methods is performed with leave-one-subject-out
(LOSO). The segments are generated as explained in Sect. 3.1. With heart rates
higher than 60 bpm the shift of the segments is smaller than one second and a
total of 44406 segments for all 26 participants are generated.

The distribution of the heart rates (Fig. 4) is between [47, 124] bpm and shows
a high occurrence between [62, 92] bpm. Test samples outside of this area tend
to produce higher error rates.

The GD can be applied on the train set as well as on the test set. Applying
on the train set removes possibly less qualitative segments from learning phase.
Applying on the test set removes possibly misdetected heart rates from the

Fig. 4. Histogram of all heart rates �fHR,GT . Heart rates between [62, 92] bpm appear
more than half as often as the most often heart rate.
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Fig. 5. The GD is applied on the test set. The probabilities are sorted. The red line is
the mean of the probabilities computed from all participants and the light red area is
the standard deviation. The probability has a value between [−0.2, 1.6]. (Color figure
online)
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Fig. 6. Comparison between PEAK and kNN shows better results of kNN for all
participants.

prediction. This will directly influence the result. For a more accurate comparison
the removed heart rates are linearly interpolated. A threshold analysis is shown
in Fig. 5. The behavior of the probabilities shows for a threshold of 0.6233 a
standard deviation of approximately 20 % (blue line cutting the red area). Based
on these findings we decided to use 50 % of the segments instead of a threshold.
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Fig. 7. Evaluation of GD applied on the test set. The heart rates for all participants
are detected with kNN and sorted by the probability of GD. The RMSE is computed
on lower (inferior) and upper (superior) half of sorted prediction. Restricting to the
upper half of GD improves the detection from 10.31 to 8.97.



332 V. Kessler et al.

0 500 1000 1500
65

70

75

80

85

90

95

100

105

Segments

H
ea

rt
 r

at
e

kNN P30, RMSE=6.72

 

 
kNN
GT
filtered kNN
filtered GT

500 600 700 800 900 1000 1100 1200 1300 1400 1500
65

70

75

80

85

90

95

100

105

Segments

H
ea

rt
 r

at
e

kNN P30, RMSE=6.39, GD on test set

 

 
kNN
GT
filtered kNN
filtered GT

Fig. 8. Prediction (thin green line) with kNN for the participant 30. After removing
and interpolating the lower half of GD from the test set (bottom figure, zoomed to
[500, 1580]), the prediction is less noisy (thin green line). The filtered representations
(thick lines) have nearly the same behavior. 30 segments are interpolated around seg-
ment 1400. This has a detection delay as consequence. (Color figure online)

4.3 Results

The comparison between the baseline method PEAK and kNN (Fig. 6) shows
that kNN outperforms PEAK for all participants. The overall RMSE values are
23.97 for PEAK and 9.32 for kNN.

In Fig. 7 we detected the heart rates with kNN for all participants. On the test
set we applied GD (Fig. 5) and sorted the detected heart rates by the probabilities
of GD. We split the sorted prediction into a lower (inferior) and upper (superior)
half. The two halves have an RMSE of 10.31 (lower) and 8.97 (upper).

Figure 8 compares kNN with and without GD for the participant 30. The
signal duration is 18 min. For the bottom figure the heart rates of the lower half
are removed from the prediction and interpolated. The error decreases from 6.7
to 6.4. Long detection gaps do not appear but shorter gaps could be problematic
for live systems. For segments between [30, 250] kNN has problems following
heart rates higher than 90 bpm.
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Fig. 9. Per participant comparison shows benefits of GD when applied on the test set.
The neural network is better than kNN in most cases

Comparison of kNN, kNN with GD on the test set and MLP (Fig. 9) shows
better results for GD over pure kNN for all participants. MLP is better than
kNN in most cases.

Finally Table 1 summarizes the results of this work.

Table 1. Results of the methods.

PEAK kNN kNN + GD MLP

RMSE 23.97 9.32 8.97 8.62

4.4 Discussion

Comparing the PEAK method with kNN in Fig. 6 shows the predominance of
machine learning approaches for this task. The RMSE decreases from 23.97 to
9.32. Applying GD on the test set further decreases the RMSE to 8.97. Trials to
apply GD on the train set degrades the RMSE both with kNN and MLP.

One big drawback of kNN and especially of GD applied on the test set is that
a huge amount of segments is removed. For live systems this leads to detection
delays. Therefore post processing methods needs to be designed (e.g. giving a
coarse prediction and correcting it to a later time). MLP don’t remove segments
and with an RMSE of 8.62 it is better than kNN. Applying GD in combination
with MLP should improve the detection as well but we aim for a method without
interpolating segments.
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5 Conclusion

In this work we have shown that learning based methods can extremely improve
the heart rate detection with camera based PPG. Hsu et al. [6] came to the same
result about the benefit of learning based methods. Further experiments shown
an improvement with neural networks and GD. One disadvantage is the need of
a well distributed dataset over the whole frequency range of the heart rate.
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