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Abstract—Ambulatory ECG monitoring (AECG) is increasingly for the patients suffering from cardiac disorders. 
Ambulatory monitoring has an advantage over the indoor monitoring that the patients can perform their daily routine 
activities. The major difficulty with ambulatory ECG monitoring is that the ECG signals are contaminated by motion artifact 
introduced due to physical activity (PA) of the patient. The AECG during commonplace PA is presumed to be an additive 
mix of signals due to cardiac activities, motion artifacts. Based on this fact, AECG is analysed to yield some information 

regarding the PA. This can be used for accurate interpretation of the AECG and hence can increase the utility of ambulatory 
cardiac monitoring. Here in this paper a brief introduction to the recent research activities for detecting and recognizing the 
PA related information from analysis of the ambulatory ECG signals is presented. 
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I. INTRODUCTION 
Cardiovascular disease is the leading cause of death in many regions. Considering the fact that a majority of such 

deaths due to cardiac arrest occur before the patient can get the needed medical care, the patient should be continuously 
monitored for real time detection of the events of cardiac arrest. In recent years ambulatory ECG monitoring (AECG) 
devices become popular for long term cardiac monitoring because they are convenient to use and serve as an option to the 

hospitalization.  
 

A surface ECG is a time-series cardiac signal of the heart that is easily recorded from the skin surface of the chest 
using Ag-Cl electrodes. ECG signal has the following important segments: P-wave, QRS-complex and T- wave occurring in 
a sequence as depicted in Fig. 1.  The ECG-waves represents the following cardiac activities of the heart:   P wave - atrial 
depolarization (contraction), QRS-complex - ventricular depolarization and T wave – ventricular repolarization (relaxation). 
For a normal heart the cardiac cycle repeats continuously in the same ordered manner and time of repetition of the cardiac 
cycle determines the heart-rate, which is variable due to many different physiological aspects. A medical expert visually 
investigates the abnormalities in the ECG signal for primary diagnosis of cardiac disease.  
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Fig. 1 A cardiac beat of ECG signal recorded in ambulatory conditions. The signal is contaminated by motion artifacts due 

to the patient’s physical activity. 
 

With an AECG device the ECG signal can be recorded or monitored in ambulatory conditions where the patient 
can perform all the routine activity. However, the effectiveness of AECG can be significantly impaired by motion artifacts 

which contaminates the signal and that can lead to errors in estimation of cardiac parameters and trigger false alarms. Skin 
stretching due to body or limb movement or physical activity (PA) is a main cause of motion artifacts in AECG signals. The 
motion artifact induced due PA has a spectral overlap with ECG signal in 1-10 Hz [16]. Many important cardiac features of 
ECG signal like P and T wave has significant energy content in this overlapping band of 1-10Hz. So it is very difficult to 
separate or eliminate motion artifact completely without affecting these cardiac features in AECG [16]. Therefore 
researchers have developed various techniques to provide PA information for AECG to prevent their wrong interpretation in 
presence of PA [16, 13, and 14] 
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II. ADDITIVE MODEL OF ECG SIGNAL WITH MOTION ARTIFACT 
    As explained in the previous section the major difficulty in AECG is that due to presence of motion artifacts in the 
recorded signal. The AECG signal is not just the cardiac signal but contaminated by motion artifact. The AECG is 
superposition of two independent events: the cardiac signal (ECG) and the motion artifact induced due to the PA. Since 
Electronics circuits in AECG devices may themselves add sensor noise in the acquired electrical signal from the electrodes, 
the AECG signal sample r(n) in digital form can be modelled as sample-wise addition of three different signal components at 
nth instance of time as 

         r(n) = q(n) + s(n) + α(n),          (1) 

 
Where q(n), s(n) and α(n) are samples of  cardiac signal, motion artifact signal and sensor noise, respectively. 

Since the dc bias has been removed, it is assumed that the noise component have zero mean. The care has been taken to keep 
the sensor noise has much less power level than the other signal components in the AECG signal, r(n). The mathematical 
model in (1) used for representing the AECG has been proposed in [13-14]. 

 

III. AUTOMATED MOTION ARTIFACT DETECTION ALGORITHMS 
The detection of QRS complex is an important task in automated analysis of ECG signals for localization of 

cardiac waves in ECG. In [1] author has used modified derivative based approach computationally simple and accurate. In [2] 
wavelet transform were used to optimize the detection of QRS complex and remove noise like motion artifact using 
continuous wavelet transform (CWT) and discrete wavelet transform (DWT), CWT is used to maximize energy scale from 

QRS complex while DWT is used to decompose 8-levels and to reconstruct detailed coefficient with the frequency of QRS 
complex. The result showed that CWT detected better in wearable ECG recorder. 

The wavelet based methods are extensively used in pre-processing, denoising and analysis of ECG signals. In [3] 
DWT method is used to extract ECG parameters in a three-step processes: first, the low frequency components are removed 
using DWT transformation, second the noise in the signal is suppressed using the DWT based denoising techniques and 
finally ECG parameter are extracted. In [4] the morphology of ECG is used for classification of the ECG beats. To extract 
the shape related features from the ECG signal, three-level Daubechies-1 DWT is used after noise suppression in the ECG 
signal through a digital filter. After that principal component analysis and support vector machines are trained to formulate a 
classifier. In [7] undecimated wavelet transform was used for denoising ECG. In [8] spatial correlation filtering and 

stationary wavelet transform is proposed to eliminate the noise in ECG signal. The spatial correlation filtering is applied to 
shrink the wavelet coefficient, and the stationary wavelet transform used to decompose the noisy signal. In [9] stationary 
wavelet transform used to optimal denoise ECG signal in which signal to noise ratio is adjusted from 1 to 10 dB and result is 
evaluated by visual inspection then conclude using symlet4,decomposition at level5 and hard shrinkage function with 
empirical bayesian   threshold can get superior denoise performance. In [12] an integrated electrocardiogram (ECG) signal 
processing scheme is proposed. Using a systematic wavelet transform (WT) algorithm, this signal processing scheme can 
realize multiple functions in real-time, including baseline drift removal, noise suppression, QRS detection, heart beat rate 
(HBR) prediction & classification, and clean ECG reconstruction. In [20] wavelet-based denoising technique is investigated 

for suppressing EMG noise and motion artifact in ambulatory ECG. EMG noise is reduced by thresholding the wavelet 
coefficients using an improved thresholding function combining the features of hard and soft thresholding. Motion artifact is 
reduced by limiting the wavelet coefficients. Thresholds for both the denoising steps are estimated using the statistics  of the 
noisy signal. Denoising of simulated noisy ECG signals resulted in an average SNR improvement of 11.4 dB, and its 
application on ambulatory ECG recordings resulted in L2 norm and max-min based improvement indices close to one. It 
significantly improved R-peak detection in both the cases. 
 

Adaptive filter based methods are also in use for ECG signal processing. In [5] a simple and efficient normalized 

LMS algorithm is proposed for removal of noise from ECG signal that is suitable for application requiring large signal to 
noise ratio with less computationally complexity using simple addition and shift operation and achieves considerably speed-
up over other LMS based realization. In [6] block LMS algorithm is used to remove artifact preserving low frequency 
component of ECG. 

In [19] the problem of noise cancellation from ECG signal using error normalization-based adaptive filters, their 
block-based versions are proposed and tested on real signals with different artifacts obtained from the MIT-BIH database. 

For this, the input and the desired response signals are properly chosen in such a way that the filter output is the best least 
squared estimate of the original ECG signal. Among the six algorithms, the BB-ENSRLMS performs better than the other. 
From the simulated results, it is clear that these algorithms remove the artifacts efficiently present in the ECG signal 
In [18] An Adaptive Kalman Filter for ECG Signal Enhancement used, filter  operates by sequentially estimating the 
measurement and process noise covariance and uses these covariance to estimate the Kalman gain and update the estimated 
ECG complexes. 

In [10] in the time domain the cardiac activity mean and the motion artifact noise of the ECG signal are modeled 
by Hermite polynomial expansion and principal component analysis, a set of time domain accelerometer feature is also 
extracted. A support vector machine is employed for supervised classification using these time domain feature, motivated by 
their potential for convolution noise, cepstral features extracted from ECG and accelerometer signals based on frame level 
analysis are modeled using Gaussian mixture models (GMM). To reduce dimension of tri-axial accelerometer cepstral 
features which are concatenated and fused at the feature level hetroscaedastic linear discrimination analysis is performed. 
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Finally to improve overall recognition performance, fusion of the multi modal and multi domain subsystem at the score level 
is performed. 

Neural networks are also used for detection of events and pattern classifications in ECG signal analysis. In [11] an 
adaptive neuro-fuzzy filtering which is basically a nonlinear system structure presented here for the noise cancellation of 

biomedical signals (like ECG, PPG etc) measured by ubiquitous wearable sensor node (USN node). In this paper non-linear 
adaptive filter which uses fuzzy neural network (FNN) to treat with the unknown noise and artifacts present in biomedical 
signals. The presented work based on ANFF (Adaptive Neuro Fuzzy Filter), where adaptation process includes neural 
network learning ability and fuzzy if-then rules with the optimal weight setting ability. ANFF is basically a fuzzy filtering 
implemented in the framework of adaptive neural networks environment. ANFF setting parameters such as the training 
epochs, number of MFs for each input and output, type of MFs for each input and output, learning algorithm etc.  
 

The AECG is analysed beat-by-beat using a recursive principal component analysis (RPCA) based method in [16]. 
The RPCA based method can follow the slow changes in cardiac cycle, while detecting abrupt changes in motion artifact 

signal due to the transition to a different type of PA. The RPCA algorithm is useful for temporal segmentation of ECG beats 
with respect to the type of PA.  In [13], [14], [15] the separability of motion artifacts due to different types of PA is tested by 
classifying them automatically based on the nature of PA. A principal component analysis (PCA) based method is used for 
supervised learning of the classifiers for the same purpose. It has also been observed in [17] that different pace levels of the 
PA have different impact on the generation of motion artifact in AECG. The RPCA based error signal is derived from AECG 
as an index of motion artifacts and also as a measure of impact of different pace levels on AECG, simply referred as an 
impact signal [17]. 

 

IV. CONCLUSION 
In this paper a brief introduction to AECG and related automated algorithms available in the literature is presented. 

The motion artifact due to PA is considered a great challenge for AECG monitoring. On the other hand, we have seen here 

that the motion artifact can be treated as a useful source of information regarding PA of the patient.  
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