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Abstract—An efficient and robust method based on two
moving-average filters followed by a dynamic event-duration
threshold was developed to locate ¢, d and e waves in the
acceleration photoplethysmogram (APG) signals. This
investigation was the first of its kind to locate ¢, d and e waves
in subjects measured at rest and after exercise. The method
detects ¢, d and e in arrhythmia APG signals that suffer from:
1) non-stationary effects and 2) low signal-to-noise ratios. The
performance of the proposed method was tested on 27 records
collected in normal and heat-stressed conditions, resulting in a
99.95% sensitivity and 98.35% positive predictivity.

1. INTRODUCTION

therosclerosis, the underlying cause of coronary heart

disease, can occur even in children and adolescents [1,

2]. This has led to the belief that the primary prevention
of atherosclerosis should commence in childhood.
Monitoring arterial vascular walls and risk factors, such as
hypertension, hypercholesterolemia and other blood
biochemical profiles, might help identify individuals with an
increased risk of developing atherosclerosis in adulthood.

PPG and APG will be wused as acronyms for
photoplethysmogram and its second derivative based on the
recommendation in [3].

Several epidemiological studies have demonstrated that
the information extracted from the APG waveform is closely
associated with age and other risk factors for atherosclerotic
vascular disease [4-6].

As shown in Figure 1, the waveform of the APG consists
of four systolic waves (a, b, ¢ and d) and one diastolic wave
(e) [7]. The height of each wave was measured from the
baseline. The values above the baseline were considered
positive and those under it negative.

Although the clinical significance of APG measurement is
thoroughly discussed, there is still a lack of studies focusing
on the automatic localization of ¢, d and e waves in APG
signals. Therefore, this investigation is the first of its kind. It
is aimed to develop a rapid and robust algorithm to detect c,
d and e waves in APG signals, especially in a heat-stressed
context.

II. PPG DATASET

There are no standard PPG databases available to
evaluate the developed algorithms. However, Charles
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Darwin University has a PPG dataset measured at rest and
after exercise. The PPG data were collected as a minor part
of a joint project between Charles Darwin University, the
Defence Science and Technology Organisation (DSTO) and
the Department of Defence. The background of the entire
project can be found in [8].

The PPGs of 27 healthy male subjects with a mean + SD
age of 27 £ 6.9 were measured using a photoplethysmogram
(Salus PPG), with the sensor located at the cuticle of the
second digit of the left hand. The measurements were taken
while the subject was at rest and after exercise on a chair.
The PPG data were collected at a sampling rate of 200 Hz.
The duration of each data segment was 20 seconds.
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Figure 1. Signal Measurements [9] (i) fingertip photoplethysmogram; (ii)
second derivative wave of photoplethysmogram

III. METHODOLOGY

The proposed ¢, e and d waves detection algorithm
consists of three main stages: pre-processing (bandpass
filtering, second derivative and squaring), feature extraction
(generating potential blocks using two moving averages) and
classification (thresholding).
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Figure 2. Demonstrating the effectiveness of using two moving
averages to detect ¢, d and e waves (i) filtered APG signal with
Butterworth bandpass filter; (ii) generating blocks of interest after using
two moving averages; dotted line is the first moving average and the solid
line is the second moving average

Bandpass filter
The quality of the PPG signal depends on the location and

the properties of the subject's skin at measurement, including

the individual skin structure, blood oxygen saturation, blood
flow rate, skin temperatures and the measuring environment.

These factors generate several types of additive artifacts,
which may be contained within the PPG signals. This may
affect the extraction of features and, hence, the overall
diagnosis, especially when the PPG signal and its derivatives
will be assessed in an algorithmic fashion. The main
challenges in processing the PPG signals are: power
interference, motion artifact and low amplitude signals.

To design an efficient bandpass filter, two types of
challenging noise must be addressed:

i) High-frequency noise: As discussed above, this noise
could be created by the instrumentation amplifiers, the
recording system pickup of ambient electromagnetic
signals or other noises above 7 Hz. High-frequency noise
is usually caused by interference from main power sources
induced onto the recording leads of the PPG. This
phenomenon introduces a sinusoidal component into the
recording. In Australia, this component is at a frequency
of 50 Hz.

ii) Low-frequency noise: As discussed, this noise is created
by poor contact to the fingertip photo sensor. In addition,
variations in temperature and bias in the instrumentation
amplifiers can cause baseline drift. Regarding the PPG
databases used in this work, the body movement was
limited by short measurement time (20 s) and the fixed
position of the arm during the PPG signal collection.
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The low-frequency noise can be removed using a high-
pass filter. The low frequencies that cause baseline
wandering exist up to 0.5 Hz.

The periodic interference is clearly displayed as a spike,
not only at its fundamental frequency of 50 Hz, but also as
spikes at 100 Hz and higher harmonics.

The main energy of a and b waves can be extracted using
a bandpass filter, typically a bidirectional Butterworth
implementation [10], as it offers good transition-band
characteristics at low coefficient orders making it efficient to
implement [10].

A second-order Butterworth filter with bandpass 1-7 Hz
was implemented by cascading high- and low-pass filters to
remove the baseline wander and high frequencies that did not
contribute to the a and b waves. Since one complete heart
cycle takes approximately 1 second, frequencies below 1 Hz
were considered noise (baseline wander). The 7 Hz was
chosen because most of the energy of the PPG signal is
below 7 Hz.

Second derivative

To obtain the APG signals Z[n], the second derivative was
applied to the filtered PPG S[#] to analyze the APG signals.
It represented a non-causal filter with three-point center
derivative, which created a delay of only two samples as
follows:

' ds 1

S[n]—zt:nT—E(S[}'Z‘FI]—S[I’I—I])
ds I o !

Z[n]__dt . T—E(S[}’H—]]—S[n—]]) .

where T is the sampling interval and equals the reciprocal of
the sampling frequency, and # is the number of data points.

b wave cancellation

At this stage, the a wave of the APG needed to be
emphasized to distinguish it clearly for detection. This was
done by setting the negative parts of the signal equal to zero.

a wave removal

To boost ¢ and d waves to dominant features in the APG
signal, the a wave was removed. This was done by setting
the Z[n]signal to zero for the duration of the a wave,
producing signal y[n]. Figure 2 (ii) show the result of
removing the a wave from the filtered signal of Figure 2 (i).

Generating blocks of interest

This metodology is based on Elgendi's methodlogy [11-
14] for detecting @ and b waves in APG signals using two
moving averages. However, here the ¢, d and e waves will be
detected instead of the a wave. Thus, the duration of the first
moving average will be related to the minimum duration of
the ¢, d and e waves, which is about 8 ms, while the duration
of the second moving average will be related the average
lenght of the ced segment, which is about 40 ms, as follows:



i) First moving average: The first moving average, shown
as the dotted line in Figure 2 (ii), was used to detect the
peaks of the ¢ and d waves.

MApgqin] = WLI(){n—(WI D/ 21+ Ay [n]+ .+ Y[+ (W -1)/2])

where W; =8ms*SF', which is the average duration for ¢, d
and e waves, rounded to the nearest odd integer.

ii) Second moving average: This was used as a threshold
for the first moving average, and is shown as a solid line in
Figure 2 (ii) as follows:

MACED Segment?] =Wi2(y[n-(Wz-1)/2]+..A.+y[n1+.... 3+ (Ws-1/2))

where W, =40ms * SF, which is the average duration for the
ced segment, rounded to the nearest odd integer.

Blocks of interest are generated when the amplitude of the
first moving-average filter ( MAp,,;) was greater than the

amplitude of the then

( WCEDsegmen t ) .

Thresholding
Blocks with a smaller width than the average window size
of the ¢, d or e peak (W;) were considered noisy blocks and

second moving-average filter,

rejected. The expected size for the ¢, d or e peak is based on
observational statistics for healthy adults, which varies from
6 ms to 10 ms based on

peak_Blocksize= (qa;, j/SFf*Wy,
where q,q,,, is the aa interval that contains the blocks of

1
interest and SF' is the sampling frequency.

To determine whether the detected blocks contain ¢, d or e
waves, the number of blocks in each consecutive aa interval
was first counted. A threshold was then applied based on the
distance of the maximum point within a block to the a peak
to distinguish ¢ waves from e waves and noise.

There were two possibilities for the number of detected
blocks:

1. More than one block: The distance of the maximum
point within a block to the nearest a peak will be used as
a measure for selecting the blocks that contain potential

¢, e or d waves. This consists of two steps:
i.  Detect potential ¢ and e waves. A block would be
considered to contain a ¢ wave if the distance of
the maximum point of the block to the nearest a
peak was within a certain range. The maximum
absolute value within the first accepted block at
the right-hand side of the b wave was considered
the ¢ peak. The maximum absolute value of the
second accepted block after the ¢ peak was
considered the e peak. Usually, the ¢, e and d
waves did exist in APG signals measured at rest

as shown in Figure 3 (i).

ii. Detect d waves. The minimum value that lies
between the ¢ peak and the e peak was considered

the d peak, as shown in Figure 3 (i).
2. One block: The ¢ and e waves were most likely merged
within one block, which was marked with a @ symbol,

64

as shown in Figure 3 (ii). The ¢, e and d waves were
usually merged in APG signals measured after exercise.
The detected waves were compared to the annotated
waves file to determine whether the ¢, d and e waves were
detected correctly.
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Figure 3. Detected ¢, d and e waves in APG signals (i) at rest and (ii)

after exercise; 'O' represents the ¢ wave; '*' represents the d wave; '+

represents the e wave; 12 and G2 refer to the subject ID.
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IV. DISCUSSION

As mentioned, the main objective behind testing the
algorithm against the APG measured after exercise was to
test the robustness of the algorithm against non-stationary
effects, low signal-to-noise-ratio (SNR) and a high heart rate.
All of the reasons for detection failure are described below.
1) Stationarity. The APG signals for subjects 12 (before
exercise) and G2 (after exercise) were stationary. The
proposed algorithm detected the ¢, d and e waves correctly in
stationary APG signals as shown in Figure 3(i) and Figure
3(ii). However, the ¢, d and e waves are merged in Figure 3
(i1) because of the high heart rate of the subject.

2) Low amplitude. The APG signals of subjects O2 (before
exercise) and B2 (after exercise) had low amplitude. The
proposed algorithm handled low APG waves amplitude.

3) Non-stationarity. The proposed algorithm detected the c,
d and e waves correctly in non-stationary APG signals.

4) Regular heart rhythm. The proposed algorithm detected
the ¢, d and e waves correctly in APG signals with regular
heart rhythms, as shown in Figures 3(i) and 3(ii).

5) High-frequency noise. The proposed algorithm was very
robust at detecting noise for subjects Q1 (before exercise)
and Al (after exercise).

Although the duration of the ¢, d and e waves changed
dramatically after exercise, the proposed algorithm
succeeded in detecting the ¢, d and e waves efficiently as
shown in Tables 1 and 2.



TABLE I
PERFORMANCE OF THE C, D AND E WAVES DETECTION ALGORITHMS ON
APG SIGNALS MEASURED AT REST

At Rest (Before Exercise)
No of Se +P
beats TP FP FN (%) (%)
¢ wave 577 7 0 100.0 | 98.97
detection
dwave | <oy 571 13 0 1000 | 97.81
detection
e wave 582 2 0 100.0 | 99.68
detection
TABLE 1l

PERFORMANCE OF THE C, D AND E WAVES DETECTION ALGORITHMS ON
APG SIGNALS MEASURED AFTER EXERCISE

After Exercise
No of Se +P
beats TP FP FN (%) (%)
¢ wave 848 36 0 100.0 | 95.98
detection
dwave | goq 875 10 0 100.0 | 98.66
detection
e wave 874 10 3 99.70 | 99.01
detection

Few false negatives occurred in subjects N3 and B2
measured after exercise; this is because the e wave was not
salient enough to be detected. Due to high noise in the APG
signals, a number of false positives occurred. However, the
number of false positives in the detection of the ¢ waves was
the highest because of its morphology and small duration.

As mentioned, the main objective behind testing the
algorithm against the APG measured after exercise was to
test the robustness of the algorithm against non-stationary
effects, low SNR and high heart rate. All of the reasons for
detection failure are described below.

V. CONCLUSION

Most research relating to the APG was done in Japan. In
addition to cardiovascular risk factors, the APG has been
described as a potential diagnostic tool for a wide variety of
other problems and disorders, such as sensations of coldness,
stress experienced by surgeons, exposure to pneumonia,
intracerebral hemorrhage and acute poisoning.

Currently a full understanding of the diagnostic value of
the different features of the PPG signal is still lacking and
more research is needed. Moreover, there has been very little
research done on the detection algorithm of ¢, d and e waves
in APG signals.

However, a promising algorithm was proposed to detect c,
d and e waves simulternously and robustly against high-
frequency noise, low amplitude, non-stationary effects and
irregular heartbeats in APG signals measured before and
after exercise. This numerically-efficient algorithm was
evaluated using 27 records, containing 1,469 heartbeats, and
resulting in 99.95% sensitivity and 98.35% positive
predictivity.
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