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Abstract— Heart rate variability (HRV) has been studied in
the context of human behavior analysis and many features have
been extracted from the inter-beat interval (RR) time series and
tested as correlates of constructs such as mental workload, stress
and anxiety. Extraction of inter-beat interval series requires pro-
cessing of the electrocardiogram (ECG) signal. This processing
is critical for high quality RR series extraction and overall HRV
measurement. Typically, the Pan-Tomkins peak detection algo-
rithm is used. Recently, however, innovative modulation spec-
tral based heart rate detection methods have been proposed. In
this paper, we compare the performance of both algorithms and
their effects on HRV measurement for mental workload assess-
ment under physical activity. Experiments were conducted with
45 participants while they performed the NASA Revised Multi-
Attribute Task Battery II (MATB-II) under different types and
levels of physical activity. We show that modulation spectrum
based methods perform better than conventional peak detection
methods for mental workload prediction in lower levels of phys-
ical activity, particularly in the bike riding condition.
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I. INTRODUCTION

Wearable biomedical devices have burgeoned in recent
years with a special focus on the heart rate modality, as heart
rate variability (HRV) has shown to be useful in prognostics
for cardiovascular diseases [1]. Moreover, HRV is also found
to be an important correlate of several quality-of-life indices,
such as psycho-social workload [2] (i.e., job stressors), men-
tal workload and anxiety [3], as well as mental fatigue [4].

Heart rate variability is an indicator of the changes in the
autonomic nervous system and has traditionally been quanti-
fied using time- and/or frequency-domain features computed
from the inter-beat interval (RR) time series [5]. This inter-
beat interval (RR) series is extracted from the peaks of the
QRS complex of an electrocardiogram (ECG) signal. ECG
measurement, however, can be corrupted by different arti-

facts, such as motion, power-line interference, and muscle
artifacts, to name a few. Such artifacts cause errors in RR
series detection, thus could cause problems for HRV calcula-
tion and, consequently, mental state evaluation [6].

Typically, to counter such detrimental effects, ECG en-
hancement is performed. Typical examples can include adap-
tive filtering [7], wavelet filtering [8] and empirical mode
decomposition [9]. After artifact removal, peak detection al-
gorithms, such as the ubiquitous Pan-Tompkins (PT) algo-
rithm [10] are used. Once an RR series is extracted, an ad-
ditional cleaning step is performed to remove outliers caused
by misdetections.

Recently, the so called modulation spectrum (MS) [11]
has been shown to be a relevant tool in studying bio-signals.
The modulation spectrum can exploit second order period-
icity in a signal which occurs due to amplitude modulation
processes. This type of amplitude modulation in bio-signals
is suspected to be a direct consequence of the processes of
control, synchronization, regulation and inter-system interac-
tion found in biological systems [12]. Modulation spectrum
based filtering has been successfully applied for the enhance-
ment of ECG [13] and to better detect heart rate values from
noisy ECGs [14]. The effectiveness of these two RR extrac-
tion methods, however, has yet to be explored for practical
applications. We aim to fill this gap.

In this paper, we analyze ECG data collected from 45
participants while they performed the NASA Revised Multi-
Attribute Task Battery II (MATB-II) [15] to elicit men-
tal workload. Tests were conducted while participants en-
gaged in two different physical activities (bike or treadmill),
each at three different physical workload levels (PWL: none,
medium, high). Three ECG-processing pipelines were ex-
plored, namely: (i) classical Pan-Tompkins based peak pro-
cessing, (ii) Pan-Tompkins followed by RR filtering to re-
move outliers, and (iii) modulation spectrum based process-
ing. Standard HRV measures are then extracted from the RR
series and explored as correlates of mental workload.
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II. MATERIALS AND METHODS

A. Participants

Data was collected from 45 participants (23 female, av-
erage age of 27.7± 6.6 years old). Twenty-one participants
performed the experiment on a treadmill and twenty-four on
a stationary bike. Workload was modulated by changing the
difficulty of the task (easy or difficult, corresponding to low
and high workload, respectively). Each difficulty levels was
performed at rest (no movement), at medium activity (3km/h:
treadmill, 50 rpm: bike) or at high activity (5 km/h, 70 rpm).
This resulted in a total of 6 combinations of mental and phys-
ical workload. These 6 sessions lasted 10 minutes each. Or-
dering of the sessions was counterbalanced. The experiment
was preceded by a 10 minute tutorial. Moreover, prior to each
session, two baselines (no physical/no mental workload; just
physical workload) of 1 and 2 minutes, respectively, were col-
lected. At the end of each session the subject filled the NASA-
Task Load Index (TLX) questionnaire [16] to evaluate differ-
ent dimensions of workload during a 5 minute minute break
period between sessions. ECG data were recorded using a
wearable device (Bioharness BH3, Zephyr) at a sampling rate
of 250 Hz.

Figure 1: Modulation spectral representation of noisy ECG signal showing
the lobes with heart rate information

B. ECG modulation spectral representation

The modulation spectrum (MS) corresponds to the Fourier
transform of the different spectral elements in the spectro-
gram of a signal, thus quantifying the rate of change of the
signal spectral components over time. The ECG signal is
modulated by heart rate, hence this information is concen-
trated as lobes in the MS, centred at the heart rate, with lobes
appearing in harmonics of the heart rate. This can be clearly

seen in Fig 1. As heart rate is encoded in the modulation spec-
tral lobes, artifacts appear in other regions, as depicted in the
figure, thus suggesting improved robustness to artifacts. One
limitation of the MS processing method is that it requires
longer analysis windows (e.g., in the order of 5 seconds),
thus the extracted RR series are more coarse grained relative
to the instantaneous heart rate measures obtained with PT.
This may have some detrimental effect on applications based
on HRV measurement, which typically require finer-grained
RR time series, especially those based on frequency-domain
measures. As such, this work also explores if the gains ob-
tained with improved RR series detection outweigh the dis-
advantages of HRV measurement from coarse-grained RR se-
ries.

C. Processing pipelines and feature extraction

The RR series was extracted using three different process-
ing pipelines, as shown in Fig. 2. All of the pipelines make
use of QRS enhancement bandpass filter followed by the dif-
ferent methods. RR detection was done for 5 minute segments
of ECG signals with 4 minute overlap, resulting in six RR
series for each of the 10-minute experimental sessions. The
pipelines are:

• Pipeline 1 (PT): The classical Pan-Tompkins RR detec-
tion [10] [17] was applied on the ECG signal. This con-
sists of QRS complex enhancement with different filters
followed by thresholding for peak detection.

• Pipeline 2 (PT + RR filter): For this pipeline, the RR
peaks detected using Pan-Tompkins algorithm were fur-
ther filtered to remove outliers using range based detec-
tion (≥ 280ms and ≤ 1500ms), moving average outlier
detector and a filter based on percent change in consecu-
tive RR values (≤ 20%) as implemented in [18].

• Pipeline 3 (MS): The modulation domain processing
pipeline computes heart rate directly from the MS using
the method detailed in [14] after modulation based en-
hancement [13]. The heart rate was then converted into
RR interval values to keep the output features from the
two pipeline comparable and allowing for HRV feature
extraction.

Standard time- and frequency-domain HRV metrics were
extracted and used as benchmark measures. A complete list
of these conventional measures can be found in Table 1. The
majority of these benchmark features have been shown in the
literature to correlate with mental workload [19] and anxiety
[3]. Complete details about these measures can be found in
[5].
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Figure 2: RR series extraction pipelines explored herein

Table 1: Different groups of HRV features extracted

Time domain HRV features
mean, standard deviation, coefficient of variation,
rmsdd, pNN50, mean of 1st diff.,
standard deviation of absolute of 1st diff.,
normalized mean of absolute 1st diff

Frequency domain HRV features
High frequency power (HF), normalized HF,
Low frequency power (LF), normalized LF,
very low frequency power, HF/LF

D. Mental workload classification

To measure the effects of the three pipelines on mental
workload assessment, classification was performed 50 times,
where five-fold cross validation was performed each time.
This provides 250 unique test and training sets, thus help-
ing guarantee the robustness of the prediction results. Bi-
nary classification (low/high workload) was performed on
the ground truth labels of the MATB-II test. A support vec-
tor machine (SVM) classifier with an radial basis function
(RBF) kernel is used. F1-score and accuracy (ACC) are used
as classifier performance figures-of-merit. The open-source
scikit-learn toolbox was used [20].

III. EXPERIMENTAL RESULTS AND
DISCUSSION

The mental workload prediction at no, medium and high
physical workload levels is shown in Table 2 for the com-
bined treadmill and bike riding experiments. These results
are further broken down for just the bike (Table 3) and for
the treadmill (Table 4).

As can be seen, for the combined bike and treadmill case,
we observe that the MS pipeline outperforms the other two
methods for no and medium physical activity cases (p <
0.01), particularly for the no-movement case. For the high
physical workload case, none of the three pipelines resulted
in accuracy above chance. The RR filtering method also re-

duced performance relative to using PT alone. This could be
due to the change in HRV values caused by removing RR in-
tervals, as mentioned in [6], as well as reducing any spurious
connections due to noise in the data.

When looking at only the bike scenario, we observe that
the overall performance for all the three physical activity
cases was better than chance for the MS pipeline, though the
accuracy dropped for higher levels of physical workload. For
the PT + RR filtering pipeline, in turn, it performed better
than chance for only the no and medium physical activity
cases and was improved by RR filtering. We also observe that
the MS pipeline did significantly better (p < 0.01) than the
other two in case of no and high physical workload while
achieving similar accuracy for medium PWL compared to
the PT pipeline, though with a significantly higher F1-score
(p < 0.01).

Lastly, when looking only at the treadmill scenario, we
observe that with no physical workload, the PT+ RR filter
pipeline performs better than chance with the MS pipeline
outperforming both (p< 0.01). This behaviour is reversed for
the medium PWL, and the PT pipeline outperforms the other
two (p < 0.01). Reducing the resolution of the RR series via
RR smoothing or MS processing may cause detrimental ef-
fects leading to such behavior, thus removing high-frequency
content that has been shown useful for mental workload as-
sessment. On the other hand, for high physical workload, we
see that RR smoothing helps to remove artifacts that are more
pronounced. The MS pipeline, in turn, performed near chance
levels. This could be caused by the increased heart rate during
high physical activity, thus high-frequency dynamics are not
properly captured by the coarse grained heart rate extracted
using the modulation spectrum. As such, the noise robustness
properties of the RR extraction method may be overshadowed
by this limited temporal resolution of the RR series, which
has been shown essential for mental workload measurement.

Table 2: Predictions for different physical workload for combined bike and
treadmill (* shows cases with p < 0.01 compared to chance)

PWL Pipeline Acc F1

No
PT 0.5324* 0.4899

PT+RR filter 0.5605* 0.4367
MS 0.6371* 0.5986*

Medium
PT 0.5591* 0.5738*

PT+RR filter 0.5031 0.5393*
MS Processing 0.5788* 0.635*

High
PT 0.5090 0.6205*

PT+RR filter 0.5090 0.5507*
MS 0.4954 0.4845

The 42nd Conference of The Canadian Medical and Biological Engineering Society
La Société Canadienne de Génie Biomédical



4

Table 3: Predictions for different physical workload for bike (* shows cases
with p < 0.01 compared to chance)

PWL Pipeline Acc F1

No
PT 0.5948* 0.5018

PT+RR filter 0.6445* 0.5399*
MS 0.6737* 0.6273*

Medium
PT 0.5499* 0.5363*

PT+RR filter 0.5715* 0.5947*
MS 0.5666* 0.6477*

High
PT 0.4812 0.5808*

PT+RR filter 0.5049 0.5828*
MS 0.5525* 0.5982*

Table 4: Predictions for different physical workload for treadmill (* shows
cases with p < 0.01 compared to chance)

PWL Pipeline Acc F1

No
PT 0.5022 0.4767

PT+RR filter 0.5947* 0.5421*
MS 0.6146* 0.5961*

Medium
PT 0.5959* 0.6362*

PT+RR filter 0.4891 0.5207
MS 0.5281* 0.5199

High
PT 0.5667* 0.6559*

PT+RR filter 0.5867* 0.5779
MS 0.5180 0.4232

IV. CONCLUSION

In this paper, we compare three ECG inter-beat interval ex-
traction pipelines to explore their advantages for HRV mea-
surement for mental workload assessment of ambulant users.
We show that a new modulation spectrum based pipeline per-
forms better than classical pipelines for mental workload pre-
diction in low to medium physical activity levels, thus show-
ing its robustness to mild levels of movement artifacts and
activity levels. In high physical activity levels, on the other
hand, in particular for treadmill running in which movement
artifacts are numerous, traditional methods which extract in-
stantaneous heart beat information showed improved perfor-
mance, thus suggesting that the noise robustness capability of
the modulation domain based method may be overshadowed
by the low-grained temporal resolution it provides.
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