
 

Exercise Fatigue Monitoring Based on R-Peak
Detection Using UNET-TCN

Xinhua Su, Xuxuan Wang苣, Xinxin Ma

Abstract:  Moderate  exercise  contributes  to  health,  but  excessive  exercise  may  lead  to  physical

injury  or  even  endanger  life.  It  is  pressing  for  a  device  that  can  detect  the  intensity  of  exercise.

Therefore, in order to enable real-time detection of exercise intensity and mitigate the risks of harm

from excessive exercise,  a exercise intensity monitoring system based on the heart rate variability

(HRV)  from  electrocardiogram  (ECG)  signal  and  linear  features  from  phonocardiogram  (PCG)

signal  is  proposed.  The  main  contributions  include:  First,  accurate  analysis  of  HRV is  crucial  for

subsequent exercise intensity detection. To enhance HRV analysis, we propose an R-peak detector

based  on  encoder-decoder  and  temporal  convolutional  network  (TCN).  Experimental  results

demonstrate that the proposed R-peak detector achieves an F1 score exceeding 0.99 on real high-

intensity exercise ECG datasets. Second, an exercise fatigue monitoring system based on multi-sig-

nal feature fusion is proposed. Initially, utilizing the proposed R-peak detector for HRV extraction

in exercise intensity detection，which outperforms traditional algorithms, with the system achiev-

ing a  classification performance of  0.933 sensitivity,  0.802 specificity,  and 0.960 accuracy.  To  fur-

ther improve the system, we combine HRV with the linear features of PCG. Our exercise intensity

detection system achieves 90.2% specificity, 96.7% recall, and 98.1% accuracy in five-fold cross-vali-

dation.

Keywords:  heart rate variability (HRV); phonocardiogram (PCG); Unet; temporal convolutional

network (TCN); machine learning; exercise intensity

  

1    Introduction
With the development of society, more and more

people  are  engaging  in  daily  exercise.  However,

inappropriate exercise  intensity  can  lead  to   seri-

ous health problems [1],  including sports injuries

and  even  sudden  death.  Therefore,  there  is  a

pressing  need  for  a  device  to  monitor  exercise

intensity  in  real-time  [2].  Exercise  intensity

detection  not  only  helps  exercisers  better  assess

their  current  physical  condition  [3–4],  but  also

assists them in adjusting their exercise intensity,

thereby truly achieving personalized training and

optimizing exercise effects.  In recent years,  exer-

cise intensity detection has attracted widespread

attention  in  the  fields  of  sports  science  and

health monitoring. This technology aims to accu-

rately access the level of exercise intensity [5–8].

Bok used the ventilation threshold to classify the

exercise intensity [9].  Pero provided personalized

exercise  reports  based  on  various  biochemical

parameters,  including  pH,  white  blood  cells,  red

blood  cells,  proteins,  and  glucose  [10].  However,

these methods typically require specialized equip-

ment and  technical  support,  making  them   chal-

lenging  to  implement  in  daily  exercise  and

unsuitable  for  real-time  monitoring.  Following

the  rapid  advancement  of  deep  learning,  these
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challenges were effectively addressed owing to its

robust  information  extraction  capabilities.  Dong

et al  proposed  a  method  for  recognizing   adoles-

cent  exercise  intensity  utilizing  long  short-term

memory  (LSTM)  and  ECG  signals,  yielding  an

impressive  accuracy  of  99.40%  [11].  Similarly,

Chen  et  al  conducted  classification  of  exercise

fatigue  utilizing  image  and  linear  features

extracted from ECG data, achieving an accuracy

of 94.32% [12]. Nonetheless, many of these mod-

els  demand  substantial  computational  resources,

presenting  obstacles  for  real-time exercise   inten-

sity detection.

In  the  ECG,  HRV  is  a  crucial  indicator

which  measures  the  variation  in  time  intervals

between consecutive heartbeats and is effective in

assessing overall  health  and  fitness  levels.   Dur-

ing exercise, changes in HRV patterns reflect the

body's response to physical exertion, making it a

valuable indicator of exercise intensity [13]. As is

well known, accurate detection of R-peaks is cru-

cial  in  analyzing  HRV.  Therefore,  a  reliable  R-

peak detector is the key to the exercise intensity

detection  system.  However,  the  traditional  R-

peak detector  is  developed  for  ECG   measure-

ments under static conditions. For instance, algo-

rithms  based  on  Pan  and  Tompkins  enhance

QRS  features  to  detect  R-peaks  and  then  apply

threshold  filtering  [14].  These  algorithms  lack

robustness  against  noise  and  fail  to  adapt  to

changes  in  ECG  during  high-intensity  exercise.

With  the  advancement  of  deep  learning,  it  has

demonstrated  excellent  performance  in  R-peak

detection.  Laitala  proposed  R-peak  detection

using LSTM networks,  which excelled at tempo-

ral modeling tasks involving long-term dependen-

cies, thus  making  them suitable  for  ECG analy-

sis  [15]. Similarly,  Zahid  proposed  a  deep   learn-

ing-based  method  using  U-Net  combined  with

Inception  and  Residual  blocks.  This  approach

achieved around 99.83% F1-score,  99.85% recall,

and  99.82%  precision  on  MIT-DB  [16].  LSTM

networks  are  considered  more  suitable  for  time

series  signals  compared  to  other  types  of  neural

networks，due to the ability to handle temporal

modeling tasks by retaining long-term dependen-

cies.  Convolutional  neural  networks  (CNNs)

effectively  enhance  the  speed  of  R-peak  detec-

tion  compared  to  recurrent  neural  networks

(RNNs).  Combining  the  advantages  of  both

approaches,  an  R-peak  detector  based  on  Unet

and TCN is proposed to achieve more precise R-

peak position detection. Then, the HRV features

of ECG signals are combined with the linear fea-

tures of  PCG signals,  and the detection effect is

further improved, which provides insight into the

exercise  intensity  detection  with  multi-modal

fusion.

To  sum  up,  the  contributions  of  this  work

are twofold:

1) An R-peak detector  based on Unet-TCN

is  proposed,  which  combines  the  advantages  of

UNET  and  TCN.  This  integration  effectively

captures  the  spatial  and  temporal  dependencies

in ECG signals.

2)  An  exercise  fatigue  monitoring  system

based on multi-signal feature fusion is developed,

which  extracts  additional  features  relevant  for

fatigue detection.

3)  The  proposed  R-peak detector   demon-

strates  significant  superiority  over  traditional

algorithms and  exercise  fatigue  monitoring   sys-

tem  based  on  multi-signal  feature  enhances  the

accuracy  by  2.1% compared  to  solely  relying  on

HRV from ECG signals.

The rest of the paper is organized as follows:

Section  2  introduces  the  datasets  used  in  our

study; Section 3 presents the proposed method in

detail;  and Section 4  concludes  and discusses  on

this work. 

2    Datasets
 

2.1    GUDB Database
Data from the  dataset  related  to  physical   activ-

ity is used for training the R-peak detector. The

Dyspnea Database  from  the  University  of   Glas-

gow (GUDB)  [17]  consists  of  ECG records from
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25 subjects. The ECG signals were sampled at a

frequency of 250 Hz. 

2.2    EPFL Database
This dataset  is  utilized  to  evaluate  the   perfor-

mance of the R-peak detection. The data is from

the  École  Polytechnique  Fédérale  de  Lausanne

(EPFL)  (https://zenodo.org/records/5 727 800)

and  is  collected  during  high-intensity  exercise.

The ECG signals were initially sampled at a fre-

quency  of  500  Hz  and  subsequently  down-sam-

pled to 250 Hz. The ECG data segments contain

various exercise stages, including preliminary and

post  ventilatory  threshold,  preliminary  and  mid

maximum  oxygen  consumption  (VO2max),  and

recovery. 

2.3    EPHNOGRAM
The  dataset  is  utilized  to  evaluate  the  exercise

intensity  detection  system.  The  EPHNOGRAM

dataset  [18]  records  ECG  and  PCG  data  at  a

sampling rate of 8 kHz. These data are collected

during various  activities  including  resting,  walk-

ing,  running,  cycling,  etc.  This  dataset  can  be

used for  multi-modal attempts at  exercise   inten-

sity detection. 

3    Method
The  study  aims  to  develop  an  end-to-end  exer-

cise  intensity  detection  system. Fig. 1  shows  the

development process. The first part is the R-peak

detector.  The  cores  are  the  model  and  wrapper

function. In the second part,  we embed the pro-

posed R-peak detector in the system, which com-

bines  HRV from ECG with  linear  features  from

PCG to achieve exercise intensity detection. 

3.1    R-Peak Detection 

3.1.1    Problem Formulation

z (i)

ŷ (i)

The encoder-decoder comprises an encoder and a

decoder.  The  encoder  encodes  the  input  signal

into  ,  and  the  decoder  maps  these  features

back to   using the following equations

z = E(x; θ)

ŷ = D(z;φ)
（1）

 

Part 1: Development of R-peak detector

Part 2: Development of exercise intensity detection system

ECG

PCG

Data preprocessing Model training Post-processing

Wrapper function

Feature extraction
Intensity classification

Decision
tree

Knn
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SVM

GUDB

Training

data

Testing

data

Model

construction

Parameter

tuning
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Fig. 1    Overall process of exercise intensity detection system
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ŷ

where  x  is  the  original  input,  z  is  the  abstract

feature  representation  of  the  input  and    is  the

spatial domain of the input. 

3.1.2    Training Data Preparation
The data is divided into windows of 2 000 steps

and  is  normalized  to  range  [–1,1].  The  binary

marking strategy is used to mark each time step

of the window. The position corresponding to the

R  peak  is  marked  as  “1”,  and  the  others  are

marked  as  “0”.  In  order  to  slightly  balance  the

label,  two  “1”  markers  were  also  added  before

and  after  the  R  peak  position.  This  marking

scheme can reduce  the  number  of  false  positives

[19]. 

3.1.3    Model Architecture
In the current, the Unet has been widely used for

the  R-peak  detection.  The  main  reason  is  that

Unet has excellent feature extraction capabilities,

which consists of 4 encoder blocks and 4 decoder

blocks.  The  encoder  down-samples  the  input

through  4  layers  of  convolution,  and  the  down-

sampling factor is 2. For each layer, the convolu-

tion kernel sizes are set to 9, 6, 3 and 3, respec-

tively.  Each  convolution  is  followed  by  batch

normalization  and  rectified  linear  unit  (RELU).

In the decoder block, the compressed feature vec-

tor  is  up-sampled by the same number of   trans-

posed  convolutions  configured  opposite  to  the

encoder  block.  Fig. 2  and  Fig. 3  shows  our

improvement  on  Unet  by  adding  TCN.  While

Fig. 2  explains  the  concept  of  dilation  rate  for

the  Dilated  Conv-1D  in  the  TCN,  which  allows

the  convolution  kernel  to  skip  some  elements  in

the  input  sequence,  effectively  expanding  the

receptive field and capturing wider context infor-

mation. 

3.1.4    Training
In  our  study,  model  optimization  involves  the

utilization  of  binary  cross-entropy  loss  and  the

Adam  optimizer.  To  prevent  over-fitting,  we

adopt the Model Checkpoint mechanism and the

Early  Stopping  mechanism  to  save  the  best

result. 

3.1.5    Wrapper Function
In  order  to  make  the  end-to-end R  peak   detec-

tion, we developed a set of wrapper functions, as

shown  in  Fig. 4.  Next,  we  will  provide  detailed

explanations of steps 2 and 5.

Data  Split:  Overlapping  window  segments

with  a  width  of  1 000  time  steps  are  created,

moving  with  user-defined  strides  (stride  =  250,

equivalent  to  four  predictions  per  time  step).
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Fig. 2    Structure of Unet-TCN (the dilations means that for each convolutional layer, the sliding interval of the convolution kernel on

the input is different. The choice of expansion factor affects the size of the receptive field of the convolutional layer and the

ability of the model)
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While  this  increases  computational  cost,  it

enhances  the  accuracy  of  R-peak  detection  by

capturing time step changes in different contexts.

Filter Predictions:  After  averaging   overlap-

ping predictions, each time step contains a prob-

ability value. Subsequently, the time steps are fil-

tered based on a user-defined probability thresh-

old.  If  five  or  more  time  steps  are  corrected  to

the  same  position,  they  are  identified  as  an  R-

peak. 

3.1.6    Experimental Result
To  assess  the  effectiveness  of  the  proposed  R-

peaks detector under high-intensity exercise, it is

tested on the EPFL database. Training and test-

ing with  different  datasets  enables  a  more   com-

prehensive evaluation  of  the  detector's   perfor-

mance and ensures its robustness across unfamil-

iar data. To evaluate effectiveness, various evalu-

ation metrics including Precision, Recall, and F1

score were calculated based on four main param-

eters:  true  positives (TP),  true  negatives (TN),

false  negatives  (FN),  and  false  positives  (FP).

These evaluation metrics are as follows:

precision =
TP

TP+ FP
（2）

recall =
TP

TP+ FN
（3）

F1 score =
2× TP

2× TP+ FP+ FN
（4）

Predicted R-peak is  considered true positive

if  it  falls  within  one  tenth  of  the  sampling  rate

(25  samples  at  250  Hz  sampling  rate)  from  the

ground truth.

The experimental parameters utilized in this

study, we select 0.1 as a user defined probability

threshold  and stride  value  of  250.  From Tab.  1,

it is clear that the proposed UNET-based method

outperforms the classical methods with the entire

test  dataset.  Under  low-intensity exercise   condi-

tions (Seg_1, Seg_2, Seg_5), because low-inten-

sity  exercise  does  not  interfere  with  R-peak

detection,  the  UNET-based  method  achieves  F1

scores  exceeding  0.997.  The  classical  algorithms

also  achieve  F1  scores  exceeding  0.982,  which

indicates that  the  algorithm  also  shows   signifi-

cant  improvement  even  under  low  intensity.
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However,  under  high-intensity exercise   condi-

tions (Seg_3, Seg_4), the performance of  tradi-

tional algorithms sharply decline, with some algo-

rithms dropping below 0.90.  This  decline can be

attributed  to  significant  physiological  changes

during  high-intensity  exercise,  such  as  increased

heart rate, leading to notable alterations in ECG

signal morphology that challenge traditional algo-

rithms  in  R-peak  detection.  In  contrast,  deep

learning algorithms (Unet and Unet-TCN) main-

tain  strong  performance.  Unet-TCN outperforms

Unet, thanks  to  TCN's  enhanced ability  to  han-

dle  temporal  relationships.  However,  the  decline

in performance for  Unet  + TCN may be due to

information  overlap  from  the  direct  connection

between TCN and Unet, making it challenging to

accurately distinguish each feature's contribution

during processing.

Shaffer  proposed  that  there  is  a  problem

with the default error tolerance (the default tol-

erance  is  a  tenth  of  the  sampling  rate).  At  a

sampling frequency of 250 Hz, this leads to a per-

missible  error  of  40  ms.  Considering  an  average

heart  rate  variability  of  50  ms,  any  HRV

becomes  useless.  Therefore,  in  this  paper,  one-

fiftieth of the error tolerance rate is used to test

the  performance  of  our  algorithm. Tab.  2  shows

that  Unet-TCN still  maintains  the  best   perfor-

mance  and  has  only  a  slight  decrease  compared

with the performance in Tab. 1. This further ver-

ifies  the  possibility  of  the  algorithm in  practical

application. 

3.1.7    Computation Time
All  experiments  are  conducted  on  a  system

equipped with a 2.40 GHz Core i5-9300H proces-

sor and 16 GB of RAM. The testing is executed

using a  single  CPU  without  employing  a   paral-

lelized  (CUDA)  version.  It  takes  about  378  ms

for  the  Pan-Tompkins  algorithm to  detect  120 s

ECG  segments.  In  comparison,  the  time  for

Unet-TCN to  detect  the  same  ECG segments  is

about 904 ms, which indicates that the real-time

speed  is  about  130  times.  This  may  be  slower

when  using  Holter  devices  with  low-configura-

tion  processors,  but  it  is  still  much  faster  than

real-time processing  and  can  be  used  in   embed-

ded devices. 

3.2    Exercise Intensity Detection 

3.2.1    Data Processing
The EPHNOGRAM dataset [19] is used to evalu-

ate  the  performance  of  the  exercise  intensity

detection  system.  This  dataset  comprises  six

modes, including lying in bed, sitting, walking at

a constant speed, pedaling a stationary bike, bike

load  test,  and  Bruce  treadmill  load  test.  These

modes were  categorized into  six  exercise   intensi-

ties,  labeled  from  1  to  6.  The  data  were  down-

sampled  to  250  Hz  and  normalized  to  range
 

Tab. 1  The performance of different R-peak detectors (tolerance rate of 1/10)
 

Intensity Unet-TCN Unet Unet + TCN Christov Engzee Hamilton Pan-Tompkins

Seg_1

Preci 0.997 0.994 0.998 1.0 0.994 0.918 0.997

recall 0.999 0.998 0.998 0.973 0.98 0.916 0.984

F1 0.998 0.996 0.998 0.984 0.991 0.917 0.991

Seg_2

Preci 0.991 0.990 0.998 0.998 0.987 0.893 0.998

recall 0.998 0.997 0.998 0.968 0.975 0.889 0.982

F1 0.994 0.993 0.998 0.980 0.981 0.891 0.990

Seg_3

Preci 0.991 0.980 0.989 0.982 0.940 0.718 0.997

recall 0.995 0.990 0.932 0.904 0.901 0.708 0.819

F1 0.993 0.985 0.953 0.935 0.917 0.713 0.883

Seg_4

Preci 0.991 0.977 0.989 0.979 0.900 0.716 0.992

recall 0.997 0.990 0.921 0.875 0.851 0.707 0.850

F1 0.994 0.983 0.945 0.904 0.872 0.711 0.906

Seg_5

Preci 0.999 0.997 0.999 0.999 0.981 0.998 0.999

recall 0.997 0.997 0.996 0.976 0.964 0.987 0.983

F1 0.998 0.997 0.997 0.985 0.972 0.992 0.991
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[–1,1]. After splitting the data, each sample con-

sists  of  2  000  time  step  (approximately  8–10

complete ECG cycles). 

3.2.2    Feature Extraction
To achieve faster and real-time exercise intensity
detection,  the  classification  is  mainly  based  on
the  HRV  and  linear  features  of  PCG  .  This  is
also an exploration of multi-modal feature fusion.
HRV refers to the interval change between heart
beats, which is usually used to reflect the regula-
tion  of  autonomic  nervous  system  on  cardiac
activity. The linear features of PCG can be used
to describe various properties of the heart sound
signal,  such  as  its  morphology,  spectrum,  and
dynamic range. The details are shown in Tab. 3. 

3.2.3    Experimental Results
To ensure an objective and fair evaluation of the
system,  a  five-fold  cross-validation  strategy  is
adopted. To evaluate effectiveness, various evalu-
ation  metrics  including  Sensitivity,  Specificity,
and Accuracy were calculated based on four main
parameters:  true  positives  (TP),  true  negatives
(TN),  false  negatives  (FN),  and  false  positives
(FP).

Se =
TP

TP+ FN
（5）

Sp =
TN

TN+ FP
（6）

Acc =
TP+ TN

TP+ TN+ FP+ FN
（7）

Sensitivity  represents  the  proportion  of

actual  positive  cases,  specificity  represents  the

proportion of actual negative cases and accuracy

represents  the  overall  correctness  of  the  model’s

predictions  across  all  classes.  Additionally,  we

compare  the  performance  of  different  classifiers,

various R-peak detectors, and the impact of fea-

ture fusion  on  exercise  intensity  detection   accu-

racy. The following section will provide a detailed

overview of the related experiments.

Initially,  the  proposed  R-peak  detector

(Unet-TCN) is integrated into the exercise inten-

sity  detection  system  to  identify  R-peak  posi-

tions for  HRV extraction.  Subsequently,   classifi-

cation is performed using different classifiers, and

their  performances  as  shown  in  Tab.  4.  The

results indicate that decision trees exhibits supe-

rior effectiveness,  attributed  to  their   adaptabil-

ity  to  diverse  data  types  and their  capability  to

capture non-linear relationships.

Secondly, different R-peak detectors are inte-

grated into  the  exercise  intensity  detection   sys-

tem. As shown in Tab. 5, accurate R-peak detec-

tion  directly  impacts  the  accuracy  of  exercise

intensity detection.  The  performance  of   tradi-

tional R-peak detectors is nearly identical. Com-

 

Tab. 2  The performance of different R-peak detectors (tolerance rate of 1 / 50)
 

Intensity Unet-TCN Unet Unet + TCN Christov Engzee Hamilton Pan-Tompkins

Seg_1

Preci 1.0 0.995 0.999 1.0 0.994 0.999 1.0

recall 0.999 0.999 0.999 0.973 0.98 0.997 0.986

F1 0.999 0.997 0.999 0.984 0.991 0.998 0.993

Seg_2

Preci 0.997 0.990 0.998 1.0 0.989 0.996 1.0

recall 0.998 0.997 0.998 0.969 0.977 0.991 0.983

F1 0.998 0.993 0.998 0.982 0.983 0.993 0.991

Seg_3

Preci 0.994 0.984 0.991 0.989 0.942 0.980 0.995

recall 0.990 0.994 0.935 0.908 0.902 0.964 0.824

F1 0.992 0.989 0.955 0.940 0.919 0.972 0.889

Seg_4

Preci 0.995 0.980 0.994 0.983 0.908 0.978 0.996

recall 0.992 0.993 0.924 0.878 0.856 0.963 0.852

F1 0.993 0.986 0.949 0.909 0.878 0.970 0.909

Seg_5

Preci 0.999 0.997 0.999 0.999 0.981 0.998 0.999

recall 0.997 0.997 0.996 0.976 0.964 0.987 0.983

F1 0.998 0.997 0.997 0.985 0.972 0.992 0.991
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pared  to  traditional  R-peak detectors,  the   pro-

posed  R-peak  detector  improves  the  accuracy  of

exercise intensity detection by 1.6% and recall by

2.7%.
 
 

Tab. 5  The classification results using different R-peak detector
 

Performance Decision tree Knn LDA SVM(RBF)

Se (%)（recall） 0.933 0.877 0.859 0.825

Sp(%) 0.801 0.632 0.563 0.477

Acc(%) 0.981 0.940 0.901 0.890
 

Finally,  single-signal  features  and  multi-sig-

nal  features  are  respectively  utilized  to  compare

the  impact  of  multiple  signal  modes  on  exercise

intensity  detection.  As  shown  in  Tab.  6,  the

multi-modal feature fusion contributes to enhanc-

ing the accuracy of exercise intensity detection.
 
 

Tab. 6  The impact of feature fusion on sports fatigue detection
 

Features Se(%) Sp(%) Acc(%)

Only HRV features 0.933 0.802 0.960

Only PCG features 0.866 0.601 0.920

PCG features and HRV features 0.967 0.902 0.981
 

4    Conclusion
A method  for  exercise  intensity  detection   utiliz-

ing HRV  is  proposed  in  this  study.  To   accu-

rately  extract  HRV,  we  developed  an  R-peak

detector  to  detect  R-peaks  under  high-intensity

exercise  conditions.  The  detector  was  developed

based on  the  Unet  and  TCN  models.The   detec-

tor  was  tested  on  real  datasets  and  met  the

requirements  for  practical  applications  in  terms

of both  detection  accuracy  and  speed.  Addition-

ally,  to  further  enhance  the  precision of  exercise

intensity detection, we explored multi-modal fea-

ture fusion. The fusion of features from ECG and

PCG signals  significantly improved the accuracy

of detection. In future research, we will continue

to explore information within ECG and PCG sig-

nals, aiming to fully leverage the available infor-

mation.
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