
 
 

 



 
 

  



 
 

Abstract 

This project is part of another project which is currently running at the University of Limerick 

(Ireland) and who is objective is to measure the concentration of haemoglobin (Hb) in blood 

using a non-invasive optical method. 

A sensor system, which basically consists of: four optical sources emitting light of different 

wavelengths; a photodiode which has a response in the appropriate wavelength range; a 

circuits for signal conditioning and low level processing of the information; and various 

software algorithms to interpret and calculate the Hb concentration. The main sensor 

elements are integrated into a finger clip. 

Despite advances in the development of monitoring systems for haemoglobin using non-

invasive techniques, there is still a significant amount of research and development (R&D) 

required.  One of the areas which requires further R&D is to minimise the unwanted effects of 

motion artefacts on the signal obtained from the photodiode .This project examines a number 

of methods which could potentially  remove these motion artefacts through the use of 

adaptive filtering. 

One popular adaptive filtering techniques used in such situations is the noise canceller and this 

option will be explored in the project. In addition   different adaptive algorithms will be 

compared in order to obtain the best solution. Simulations in Matlab and Labview will be used 

because the latter software is used extensively in the main Hb analysis programme. 

This project report has the following structure: 

- Introduction to non-invasive haemoglobin monitoring by LED based optical sensor 

system. 

- PPG signal features and motion artefact. 

- Theory related to adaptive filtering and adaptive algorithms. 

- Code and simulations in both Matlab and Labview 
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1. Goals 

The objective of this short project is to perform some preliminary investigations on the 

feasibility of eliminating the unwanted effects of motion artefact induced noise on optical 

signals through the use of adaptive filtering. The optical signals being assessed are related to a 

novel research instrument being developed at the University of Limerick which non-invasively 

measures haemoglobin. (Hb)  

The project involves the analysis of different use-case scenarios and different levels of noise on  

real data. In addition to the use of real data sets, also artificially created data sets were used to 

help benchmark the performance of the adaptive filters used. 

The data sets used to assess the adaptive filter performance included an optical signal related 

to the measurement of the Hb and 3-axix accelerometer data. The performance of three 

adaptive filters was assessed.  
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2. Non-invasive haemoglobin monitoring system 

2.1. Introduction 

The haemoglobin is an important component of red blood cells. Its main function is to 

transport oxygen from the lungs to the tissues and returns carbon dioxide to the lungs. 

2.2. Haemoglobin determination techniques 

Methods for haemoglobin determination in blood exist for about a century. Today is one of the 

most important tests in the laboratories and it can be determined using different methods, 

invasive and non-invasive. 

Physicians currently have three options for assessing the haemoglobin in patients: 

 

- Perform a visual inspection of the palpebral conjunctiva.  

- A complete blood count test. 

- Using a small blood volume. 

 

Visual inspection is not entirely reliable because it depends greatly on the experience of the 

doctor. (Ulrich 2010, p.3) 

2.2.1 Invasive methods 

Invasive methods imply blood extraction in patients. Once we have the blood sample we can 

use a laboratory device to calculate a concentration of haemoglobin, such as the co-oximeter. 

Recently, measurements of haemoglobin have been taken with analysis devices for immediate 

diagnosis. 

 

The co-oximeter is the reference standard for the determination of haemoglobin by 

spectrophotometric detection, this device is able to determine the loss of oxygenation of 

haemoglobin. The test consists, in finding out the amount of carbon monoxide that is present 

in the air you breathe out as an individual.  

In the last decade, haematology analysers of immediate diagnosis are every time more used, 

since the results are obtained quickly and smaller samples of blood are used. However the 

precision of devices POC is worse than that of laboratory devices. 

 

There are two methods for evaluation of haemoglobin for the POC devices: 

- Spectrophotometric analysis: In this case for the photometric determination of 

haemoglobin with POC devices a small blood sample is needed. This method obtains 

capillary blood due to the operation of the device and to the fact that it uses a small 

blood sample. Measurements of capillary blood have some variability and this will 

affect the measurement. The POC device most widely used is spectrophotometric 

HemoCue device (Qwest Diagnostics, Lake Forest, CA , USA. UU. ) . 
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- Conductometric analysis: A POC device is used for haemoglobin determination by 

calculating a measured haematocrit. This technique has the same errors that the 

previous because it is analysing capillary blood. The accuracy of this technique in the 

analysis of haematocrit is also affected by changes in the levels of sodium, protein 

concentrations in blood, among others. In fact, the manufacturer advises to not 

consider the results of the POC device when it is necessary do a transfusion. 

(Mediciones de la hemoglobina total: precisión de los dispositivos de laboratorio e 

impacto de la variación fisiológica 2009) 

2.2.2 Non-invasive methods 

Non-invasive methods allow us to calculate the concentration of haemoglobin in blood, 

without extracting samples of the human body. The following non-invasive methods are 

commonly used:  

- Acoustic Methods: The photoacoustic effect is used to study solids, gases and liquids. 

With several studies it has been concluded that the photoacoustic spectroscopy can be 

a method to measure haemoglobin non-invasively, in vitro or in vivo. A laser pointing 

to the tissue causes rapid thermal expansion and depending on the tissue 

characteristics a pressure wave is created. In the near-infrared range, the absorption 

coefficient of haemoglobin is greater than the surrounding this helps to increase the 

optically induced thermal modulation.  

The following figure shows the value of the photoacoustic signal for different levels of 

haemoglobin. 

 

Figure 1.2.2.1 Optoacoustic Haemoglobin Determination in Tissue Phantom 

This study was done on the wrist because in this part the blood vessels are near the 

surface and oxygenation is close to 100 % and this allows us not to differentiate 

between oxygenated and reduced haemoglobin. 

 

- Methods of conductance: It is a non-invasively measure of the haematocrit from an 

electric admittance PPG. This method is based on the fact that the variation in the 
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electric admittance of the part the finger immersed in the electrolyte solution 

disappears when the resistivity is equal to that of the blood flowing in the segment. 

 

- Optical Methods: Using light to obtain measures of interest in patients non-invasively 

let us eliminate the side effects caused by other techniques, discomfort and risks in 

these individuals. 

The optical properties of blood in the visible and near infrared range (NIR) spectrum 

depend mainly on the oxygenation of haemoglobin. 

Several wavelengths belonging to the NIR band are transmitted simultaneously to the 

fingertip. This allows us to visualize the veins which are closer to the surface using a 

CCD camera as a sensor and thereof calculate the concentration of 

haemoglobin.(Ulrich 2010, pp.3-14) 

 

 

Figure 1.2.2.2 Optical methods measurement 

2.3. Haemoglobin non-invasive measurement 

 

We will describe the calculation of haemoglobin using a non-invasive method starting from the 
basic aspects of pulse oximeter. 
 

2.3.1. Pulse oximeter technique 

The pulse oximeter is one of the most used techniques to determine arterial oxygen saturation 
(SpO2), and allows us to know what the heartbeat of a patient is. 
Haemoglobin, as we have explained above, is an important component of blood which allows 
the transport of oxygen. With haemoglobin the amount of oxygen transported is 65 times 
greater. 
The measurement principle of the pulse oximeter is based on the different properties 
regarding the absorbency of the oxygenated and deoxygenated haemoglobin and the variation 
of the pulsatile intensity. The volume and pressure fluctuations are obtained in the systolic 
phase of the heart. The oxygenated haemoglobin (HbO2) and reduced haemoglobin (HHb) are 
the main light absorbents in the blood. However the difference is determined between 
functional and dysfunctional haemoglobin. Functional haemoglobin is capable of binding to 
reversible oxygen while the dysfunctional cannot. Most healthy blood haemoglobin is 
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functional haemoglobin whose extinction coefficient is greater than that of the dysfunctional 
haemoglobin. 
Moreover, it is noteworthy that during the systolic phase, the arteries contain more blood 
because the diameter of these arteries is larger than in the diastolic phase. This effect can be 
observed only in the arteries and not in veins. For this reason, the absorbency of light in the 
tissues with arteries during systole increases because the amount of hemoglobin (absorbent) is 
higher. The altering part (AC) allows the differentiation between the absorbance due to the 
venous blood (side DC) and the pulsatile component of the total absorbance (side AC). The 
following figure shows the pattern of absorption of light penetrating the tissue deep enough to 
find the arterial blood and the composition of the AC and DC side. (Ulrich 2010, pp. 49-54) 
 
 

 

Figure 1.3.1.1 Model of the Tissue Layers and composition of th AC and DC part 

The pulse oximeter works typically in the wavelength range of 600nm to 1000nm. The 

following figure shows the absorption spectra of HbO2 and HHb and significant differences 

between the selected wavelengths. 

 

 
Figure 1.3.1.2 Pulse oxymeter wavelengths and the absorption spectra of oxygenated 

and deoxygenated haemoglobin 
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The pulse-oximeter sensor consists of two parts, LEDs emitting light and a photodetector 

which is in charge of capturing this light. The light passes through the tissue and a portion of 

that light is absorbed by both the blood and the tissue. The light absorbed by the blood varies 

with the saturation of haemoglobin. The photodetector detects the light transmitted as the 

blood passes through the tissues and a microprocessor calculates the value of oxygen 

saturation.  

Sensors are typically designed for use in the finger of the hand or toe and the earlobe. In the 

following figure we can see both types. (Manual de Oximetria de pulso global 2010) 

 

Figure 1.3.1.3 Hand or toe sensor and earlobe sensor 

Going from non-invasive SpO2 Monitoring to non-invasive SpHb Monitoring is a great 

breakthrough for Photoplethysmography (PPG) signal, we will show later, applications 

regarding the monitoring of human health. 

2.3.2. Haemoglobin non-invasive determination from pulse oximeter technique 

We described from a pulse-oximeter how to obtaining the haemoglobin concentration in blood 

by a non-invasive method. The optical absorption and dispersion of blood are influenced 

principally by the total haemoglobin concentration and the amount of red blood cells. The 

measuring principle is based on the substantial difference in absorption / transmission of light 

in the red and near infrared range between oxygenated haemoglobin (HbO2), reduced 

haemoglobin (HHb) and blood plasma, where the optical properties are similar to water.  

 

To calculate the concentration of haemoglobin, the choice of wavelengths is a critical design 

factor and therefore must be carefully select. 

 

We assume the following: 

 

- Absorption of plasma and pure water is similar 

- Red blood cells are mainly filled with water and haemoglobin  

- The absorption spectra of HbO2 and HHb above to 1200nm are identical and the 

absorption is dominated by water.  

- The concentration of haemoglobin per erythrocyte is constant 
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The measurement should not depend on the oxygen saturation and that means that the 

measure will be only possible in the isosbestic point, where the extinction coefficient of both 

haemoglobin derivatives is identical. According to this reasoning, the selected wavelength was 

810nm. Given the assumption that the red blood cell is mainly filled with water, the coefficient 

of blood absorption is similar to a solution of HHb, HbO2 and plasma. The absorption HHb and 

HbO2 is indistinguishable from the absorption of water above 1200nm. At a wavelength of 

810nm, the absorption coefficient is very small compared to the concentration of 

haemoglobin. At a wavelength of 1300 nm the situation is completely different. Therefore, it 

will select a wavelength of 1300 nm is selected for the determination of haemoglobin in blood. 

(Ulrich 2010, pp. 55-57) 

 

2.4. Haemoglobin Sensor System 

2.4.1. Light sources 

The width of the spectral range of the LEDs is much wider compared to LASER diodes. On the 

other hand LEDs are cheaper, more robust (i.e. less sensitive to failure) and smaller. During the 

design process of the sensor system it was necessary to examine if it would be possible to 

measure haemoglobin using LEDs instead of laser diodes. Practical experience showed that it 

was necessary to have a 5mW to overcome the high water absorption at 1300nm. The LED has 

another disadvantage compared to the laser diode which is the lack of control of the 

photodiode within the housing. Analysing the photocurrent of the photodiode is feasible to 

control the output power of the laser diode and the stabilization of the central wavelength. 

The LED is a semiconductor and like all other semiconductors it is influenced by temperature. 

The effect of temperature is to cause a drift of the wavelength and intensity fluctuation. 

The LED properties are analysed continuously measuring their spectrum and running a 

program in Matlab that allowed us to analyse the drift of peak wavelength and generated an 

relative output spectrum. 

The pure intensity fluctuations are not critical to the measurement system and can be ignored. 

A change in wavelength for the LED of 670nm and 810nm were also observed in a range from  

-2 nm and 2 nm but can also be considered negligible, because the spectra are relatively flat in 

these regions. The LED was considered adequate for the isosbestic point. The 1300nm LED 

needs to be driven with a direct current of 80 mA - 100 mA and this can cause changes in the 

wavelength of 6-8 nm. (Ulrich 2010, pp. 58-64) 

 

2.4.2. Sensor 

The haemoglobin sensor includes light sources, a selective optical receiver of appropriate 

wavelength and circuits required for signal conditioning and processing. All these parts are 

included in the housing fingerclip. Due to the broad spectral range used (from 670 nm to 1300 

nm) the choice of photodiode is an essential parameter in the design process. (Ulrich 2010, pp. 

64-67) 
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2.4.3. Basic Sensor system 

The main system is divided into three subsystems, the LED driver circuit, the circuit of the 

signal conditioning and the microcontroller. The following figure shows the layout of the 

sensor system. 

 

 
Figure 1.4.3.1 Schematic of the Sensor System 

 

The LED driver circuit consists of four current sources multiplexed in time and controlled by 

the microcontroller. It follows the same structure as shown in the following figure but in our 

case with four different wavelengths: 670nm, 810nm, 905nm and 1300nm. 

 
Figure 1.4.3.2 Timing Diagram 

 

 

Each LED is on for 3 ms, in this time four samples are recorded and then are averaging. In order 

to reduce the influence of ambient light, the same procedure is performed with the LED off, 

the difference between the two values represents the sample for a LED phase. Finally the raw 

data are transmitted via a RS232 or Bluetooth interface to the computer to make the 

necessary measurements. The following figure shows the system sensor with a finger clip 

attached. (Ulrich 2010, pp. 67-69) 
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Figure 1.4.3.3 Haemoglobin Sensor System 

 

There are deficiencies in the systems of non-invasive haemoglobin monitoring. One is the 

appearance of motion artifacts affecting our PPG signal, which will be studied and then we will 

try to solve them. 

3. PPG Signal and Motion Artifact 

One of the techniques used for monitoring organs and tissues is photoplethysmography. 
 
Photoplethysmography (PPG) is a noninvasive monitoring technique based on optical 
principles which allow obtaining various measurements of interest: heart rate, blood pressure, 
pulse oximeter, etc.( Aldama et al 2008) 
 

3.1. Features PPG signal 

The PPG signals consist of a DC component (continuous), which is a voltage without many 

variations, i.e., that is relatively constant and is attributed to respiratory changes, 

thermoregulatory and nervous system activity. For that, it is basically used for the evaluation 

of the venous system. We also observe in the PPG signals an AC component (alternating) or 

pulsatile component with information about heart rate and related to the volume of arterial 

blood. This component is attributed to changes in blood volume caused by cardiac contraction 

and relaxation during each heartbeat. This pulsatile component studies mainly the arterial 

System. 

Normally the ratio between the AC and DC component is 1 to 2%. 
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Figure 2.1.1 Typical PPG signal 

 
As we can see in the figure, the PPG signals are periodic due to the cardiac beats. Their 
frequency depends on the heart rate of the individual. 
The subject's heart rate can be measured by the time distance between consecutive peaks of 
the PPG signal. 
The force exerted by the heart when it contracts generates a wave that travels along the 
arteries. When this wave encounters an artery of different diameter or with a fork or 
stagnation, part of the wave is reflected back to the heart. The different waveforms in 
different arteries are the result of the sum between the incident and reflected waves; it is for 
this reason that in the figure we can also observe a secondary peak after each systolic peak. 
(Elgendi, M. 2012; López-Silva et al 2006; Becerra- Luna et al 2013) 

 

3.2. Motion Artifact Correction 

The main problem when we monitor with photoplethysmography is the appearance of 
artifacts due to movement, which cause incorrect readings on measures. Therefore we can say 
that this technique has a number of limitations caused by the pressure exerted by the 
fingerclip, movements that occur at the time the sample is taken from the PPG signal and 
positioning of optoelectronic devices, among others. 
The following figure shows artifacts in PPG signal caused by the movement of the finger and by 
the simple act of walking. 
 

 

 
Figure 2.2.1 a) PPG signal with finger movement b) PPG signal with act of walking 

 

In order to eliminate this problem we can add to the PPG fingerclip an accelerometer. The 

accelerometer is a device that allows you to calculate the acceleration, so it is responsible for 

registering the miokinetics movement of the test subject. 

In the figure below we can see an example of how acceleration affects to the PPG signal. 
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Figure 2.2.2 Acceleration effects in PPG signal 

 

This device will be of great help because on the one hand we have the PPG signal 

contaminated by movement and on the other hand we have the accelerometer signal in which 

these movements are described. 

This PPG fingerclip allows mitigating the factors of pollution through the use of adaptive 
filtering techniques, which are explained in the next chapter. By using these kind of filters the 
components that are not of interest from the PPG signal can be attenuated, allowing getting 
an optimal sample for further medical evaluation. (Elgendi, M. 2012; López-Silva et al 2006; 
Becerra- Luna et al 2013) 
 

4. Adaptive Filtrate 

4.1. Filter and justification for the use of adaptive filters 

A filter is an electronic device that lets pass, eliminate or separate a subset of signals of a set 

thereof. The principal goal of filters is to remove the noise of our signal and extract the signal 

that can be interesting for us. But we cannot use the typical analog or digital filters because, as 

we have seen, our PPG signal is variable and changes in real time. In this case the filters with 

fixed coefficients cannot work effectively, so we need to use the adaptive filters to remove the 

motion artifact of our PPG signal. 

4.2. Adaptive Filter 

Adaptive filtering is an advanced and growing field in signal processing.  The main advantage of  

adaptive filters is that we can use them in environments variables. We can define an adaptive 

filter as a device where the goal is to try to modulate iteratively the relation between two 

signals in real time. Adaptive filters have a strong power because their coefficients will change 

with an adaptive algorithm for removing the noise and get only the interesting signal. Initially 

we cannot know the filter coefficients because these coefficients will be calculated in each 
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iteration until our goal is achieved. The next figure shows the typical schematic of an adaptive 

filter. 

 

Figure 3.2.0.1 Schematic of an adaptive filter 

To understand the behaviour of the adaptive filters, first we will study the theory of the 

Wiener filter because adaptive filters converge in mean in the Wiener solutions. 

4.2.1 Wiener Filter 

We can use filters to process a random signal and to look for some desired effect. For this, the 

solution is the Wiener filters. The main purpose of these filters is to achieve the input signal 

after adding a noise signal. This will be possible if we design a filter such that the output signal 

will be similar to the reference signal and we can get it minimizing the mean square error 

between the output signal and the reference signal. 

There are a lot of applications for these filters but the general approach is shown in the next 

figure. 

 

 
Figure 3.2.1.1 General approach of Wiener filter 

Where: 

- u[n ] is the input signal to the system 

- h[n] is the wiener filter, we will consider that is a FIR filter with M coefficients 

- d[n] is the reference/desired signal 

- e[n] is the error signal 
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Then, the error is defined as the difference between the filter output (y[n]) and the desired 

signal: 

 

 , -   , -   , -   , -  ∑  

 

   

 ,   - 

 

Whereas both u[n] like d[n] are random signals, the error will be a linear combination of 

random signals, so it will be a random signal too.  

We can assume that all signals have mean 0. This allows us to identify that the power is equal 

to the variance. So we will measure our error and make its power minimal. The power of a 

random signal is calculated from expectation squared error, assuming that our signals are real. 

So we have to minimize the following: 

 

   *  , -+ 

 

We will minimize the only parameters that can control, the filter coefficients. Calculating each 

of its partial derivatives and equating all to 0, we reach a relative minimum and therefore the 

absolute minimum. 

 

  

  
 

  *  , -+

   
   { , -

  , -

   
}                

 

 

Calculating the derivative with respect to    we obtain:        * , - ,   -+              

 

If we do that this expression is 0 we will arrive to minimum. Substituting the value of e[n] by 

the expression described above and developing expectation we get: 

 

   , -  ∑     (   )               

 

   

 

 

This expression defines a system of equations. These are the equations of Wiener-Hopz. We 

write them in matrix form as follows: 

 

  ̅   ̅ 

 

Where: 

- R is the autocorrelation matrix of u [n]. This matrix has just M +1 different values, but 

more importantly, its main diagonal is always R [0] and all values of diagonals parallel 

to this are the same, it is a Toepliz matrix. 

-    is the cross correlation vector between the reference signal and the input signal.  

 

The Wiener filter implies that the error is orthogonal to the data. 
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Turning to the expression of functional (    *  , -+ ) to minimize the error, if we replace e 

[n] and we develop the quadratic form we will arrive to the following solution: 

 

    
   ∑     , -

 

   

 ∑∑       ,   -

 

   

 

   

 

 

 

Where   
  is the power of the desired signal. 

 

Now, we want to find the minimum value. We will obtain the minimum when all the properties 

described above are met, i.e., when the error is orthogonal to the data: 

 

     * + ̅  ̅      
    ̅     ̅   ̅      ̅    

 

 

Where  ̅    is the result of solving for  ̅ from the Wiener-Hopz equations: 

 

 ̅        ̅ 

Finally: 

 

       
   ̅     ̅ 

 

This is the minimum error value. 

 

As discussed above, our error function has an absolute minimum, i.e., the shape of this 

function is a parabola. We will check this particularizing the error expression for a filter of 

order 0, i.e., a filter with one coefficient. 

 

 { ̅}    
        , -        , - 
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Figure 3.2.1.2 Error function 

 

Wiener filters are the best lineal filters considering least square. To design them it is necessary 

to know the statistical properties of the input signal, but this knowledge is difficult to obtain 

and this is the motivation to use the adaptive filters. 

The aim is to obtain an iterative algorithm to converge to the optimal filter using the available 

data, u[n] and d[n]. We have to estimate de autocorrelation matrix and the cross-correlation 

between reference and input signal. Later we are going to see three kinds of iterative 

algorithms. 

Starting from an arbitrary   we want to achieve      descending the error surface. This is 

possible with the gradient algorithm. 

 

 
Figure 3.2.1.3 Error surface 
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4.3. LMS Algorithm 

The stochastic gradient algorithm LMS (Least-Mean-Square algorithm) is based on simple 

temporal estimates, it does not guarantee the direction of the maximum descent, but it does 

on average. The adaptation is performed sample by sample: one iteration by each sample 

received.  

The LMS algorithm is updating the filter coefficients at each step.  

The direction of the maximum descent is determined by the gradient of the error surface 

  ( ). Descend with step    :  

 

 ̅(   )   ̅( )        ( ) 

 
Where µ is the step of the algorithm. 

 

In this case, minimizing the functional cannot depend on the mathematical expectation, 

because we do not know the statistical characteristics of the signals and if we use expectation 

we will obtain correlations, so we will minimize directly the squared error: 

 

 ( )    , - 

 

  ( )     , - ̅, - 

 

 ̅(   )   ̅( )        ( )=  ̅( )    , - ̅, - 

 

 

 

 

Thus the LMS algorithm steps are: 

 

- A new sample u [n] is received and calculates the scalar. 

 

 ̅ , - ̅, -  ∑  , - ,   -

 

   

 

 

- d [n] is subtract and is first multiplied by μ and then by the vector  ̅, - . 

 

( , -   ̅ , - ̅, -)  ̅, - 

 

- Adds the vector obtained to h[n]. 

 

 ̅,   -   ̅, -    ̅, -( , -   ̅ , - ̅, -) 

 

- We return to the top. 
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In conclusion, we can say that the LMS algorithm is independent of the statistical 

characteristics of the signal, it simply fixes itself in the sample that you enter. 

 

The convergence of the LMS algorithm is hard to prove because h [n] is a random signal; 

therefore we must study the convergence of the mean and variance. To do this, we apply the 

expectation equation to the LMS filter equation and assuming independence between h [n] u 

[n] we obtain: 

 

 { ̅,   -}   { ̅, -}    ̅     * ̅, -+ 

 

The goal is  ̅        ̅. Subtracting on both sides of the above expression  ̅    and saying 

that  ̅( )   { ̅, -}   ̅    we obtain: 

 

 ̅(   )  ,    - ̅( ) 

 

Before we wanted to converge to the minimum of the paraboloid was      but now that point 

is 0.  

We decide to decompose the autocorrelation matrix in the matrix of eigenvalues and 

eigenvectors. This is possible because as mentioned, the autocorrelation matrix is Toepliz and 

one of its properties is that it is positive semidefinite, so the autocorrelation matrix admits a 

decomposition of the type: 

 

             

 

 Where: 

- Q is the matrix of eigenvectors. 

-   is the matrix of eigenvalues. 

 

Multiplying  ̅(   )  ,    - ̅( ) by        and defining    ̅( )   ̅( ) we obtain: 

 

 ̅(   )  ,    - ̅( ) 

 

The algorithm converges when  ̅( ) is 0. The algorithm converges for k dimension, if: 

 

      ,     -
       |     |<1    0<µ<

 

  
  para todo k 

 

The value of µ is only a theoretical value since the autocorrelation matrix is not known, also, 

depending upon the order of the filter it would be impossible calculate the eigenvalues of the 

matrix. We assume that the trace of any matrix is the sum of all eigenvalues and we can say 

that  tr(R) >   , provided that all eigenvalues are positive. 

We know that the autocorrelation matrix is Toepliz, therefore, it is positive semidefinite, this 

implies that all the eigenvalues are positive and therefore can state that tr(R)>∑   
 
    , then 
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our LMS algorithm can calculate from R (0). We do not know the autocorrelation matrix, 

therefore it would suffice to estimate R (0), then the trace of R is (M+1)*R (0). 

So, in general, the constant is subject to:   
 

(   ) , -
 

 

4.4. RLS Algorithm 

The RLS algorithm is the best adaptive algorithms to minimize the mean squared error.  

This algorithm will start with initial coefficients and it will upgrade all these coefficients with 

the input observed data in order to reach the minimum. 

The amount of data that can be observed are variables, we define the observation in the range 

1 ≤ i ≤ n.  

In this case the function is as follows: 

 

 , -  ∑    
 

   

| , -|  

 

Where λ is the forgetting factor and this parameter reduces the influence of old data. 

Developing the equation we get: 

 

 , -    ,   -  | , -   ̅  ̅ |
 

 

 

The filter coefficients to reduce the mean square error are achieved by updating the following 

equations: 

 

   
   

 ̂     
   

{  ̂     ̅  ̅ 
 }    

 

   
   

 ̂̅     
   

*  ̂̅     ̅  
 , -+   ̅ 

 

After the upgrade from the previous expression, the coefficient vector is: 

 

 ̅     ̂    ̂̅    

 

There are two problems in updating the filter coefficients. The first is that it not exist a  explicit 

dependency between the coefficients n and n-1 and the second is that the process requires 

the reversal of the autocorrelation matrix.  
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The solution to this is to apply the matrix inversion formula. Once applied, we obtain:  

 

 ̅     ̅    ̅  ̅    
 ,   - 

 

Where  ̅    is the payoff vector and its expression is: 

 

 ̅    (    ̂ 
   ̅   )(      ̅   

  ̂ 
   ̅   ) 

 

The convergence of the algorithm is of the order of the filter length. Furthermore, the degree 

of mismatch that is obtained is minimized with values of λ forgetting factor close to unity. 

(Millán 2012; Lyons 1997; Sayed 2003; Hernández 2005) 

 
4.5. Advantages, disadvantages and differences between the two 

algorithms 

Advantages of the LMS algorithm 

 

- It is a very simple algorithm. It does not require action by the correlation functions or 

their inverse. 

 

- It not have random features. In the adaptation step it uses a random variable and not 

a deterministic gradient. The coefficients are a random variable whose mean is the 

optimal filter. 

 

- Use an adaptive beam forming allows maximum radiation in the direction of interest 

and nulls in the interfering signals. 

 

- Implementation of the gradient method. 

 

Disadvantages of the LMS algorithm 

 

- It needs a larger number of iterations to reach the minimum, slow convergence.  

 

- It needs a higher order filter. 

 

- It has a search part and a predictive part. 

 

- It produces internal noise. 

 

Advantages of the RLS algorithm 



Adaptive filtrate. Signal processing in the  Herruzo Lodeiro, Cristina 
messurement of Hb using non-invasive methods   

26 
 

 

- It allows for more advanced operations, presenting only a small increase in 

mathematical complexity.  

 

- Recursive iterative capacity. With few iterations the square error decreases rapidly.  

 

- It allows to use linear models. 

  

- The RLS algorithm has a search part and another predictive part within it. 

 

Disadvantages of the RLS algorithm 

 

- Increases of the mathematical complexity.  

 

- It adds internal noise. 

 

Differences between LMS and RLS algorithm 

 

- The RLS algorithm has a higher mathematical complexity that the LMS algorithm. 

 

- The RLS algorithm has a linear part, while LMS is totally linear.  

 

- The RLS algorithm is not always lineal. It lacks the robustness that owns the LMS. 
 

4.6. Application. Noise Cancelling 

There are many applications of adaptive filters. One of the most interesting is the adaptive 

noise cancellation that follows the next scheme. 

 

 

Figure 3.6.1 Scheme Adaptive Noise Cancellation 
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To perform adaptive noise cancellation is not necessary to have knowledge about the s signal 

or about            noises. It is only necessary to know that     is correlated with    and y is 

uncorrelated with both and therefore the error is: 

 

          

 

Squaring and applying expectation you get that the minimum value of the error is: 

 

(,  -)     ,  -  ( ,     - )    

 

Adjust or adapt the filter to minimize the total output power is to make that e is the best 

estimate of the signal s.  

This adaptive filtering technique will be it that we will use to retrieve our PPG signal. 

5. Simulations 

In order to obtain our PPG signal we use adaptive filtering techniques such as the noise 

cancellers.  

To recover the signal using the aforementioned technique we need two signals. One is the 

signal from the photodiode, PPG contaminated with noise signal, which is to be applied to the 

input of the filtering stage (desired signal), while the second is taken as reference, which is the 

signal obtained by one of the axes of the accelerometer. 

 

Figure 4.0.1 Scheme Adaptive Noise Cancellation in PPG signal 

 

For the acquisition of data from the sensor system was recorded simultaneously the signal 

captured by the photodiode and movement through the accelerometer signal. Then, 4 signals 
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were obtained, the first signal corresponding to the photodiode and the remaining three to 

the three axes of the accelerometer. (López-Silva 2006) 

Two adaptive algorithms were implemented to carry out the technique of noise cancellation, 

the LMS and RLS algorithm. Simulation was conducted, to obtain the PPG signal noise-free, 

with two different softwares, Matlab and Labview.  

In this part of the project we will go explaining in parallel and step by step the codes 

implemented in both softwares. 

5.1. LMS Algorithm 

- The first part of our code opens and imports text files, along with displaying the 

photodiode signals and Acc in the time domain.  

Our sampling period Ts is 0.0683, i.e., we take a sample of the signal every 0.00683 

seconds. 

 

5.1.1. Matlab code 

Ts=0,0683;  

load LED1.txt; 

LED1col = LED1'; 

tiempo=[0:Ts:(length(LED1col)-1)*Ts]; 

subplot(2,2,1), plot(tiempo,LED1col); 

title('Photodiode signal'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

load acc1.txt; 

acc1col = acc1'; 

load acc2.txt; 

acc2col = acc2'; 

load acc3.txt; 

acc3col = acc3'; 

subplot(2,2,3), plot(tiempo,acc1col,'b'), hold on , plot(tiempo,acc2col,'g'), hold on 

,plot(tiempo,acc3col,'r'), hold on ; 

title('Accelerometer signal'); 

legend('X axis','Y axis','Z axis'); 

xlabel('Time (s)'); ylabel('Signal Value'); 
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Figure 4.1.1.1 Photodiode and accelerometer signals (Matlab) 

 

To perform adaptive filtering we do not take the entire signal, we focus on the part of 

the signal where you can best see the influence of the accelerometer. 

 

LED1int = LED1colpartOK(1,1000:1880); 

acc1int = acc1colpartOK(1,1000:1880); 

acc2int = acc2colpartOK(1,1000:1880); 

acc3int = acc3colpartOK(1,1000:1880); 

tiempoint = [0:Ts:(length(LED1int)-1)*Ts]; 

figure  

subplot(2,1,1), plot(tiempoint,LED1int); 

title('Photodiode signal'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

subplot(2,1,2), plot(tiempoint,acc1int,'b'), hold on, plot(tiempoint,acc2int,'g'), hold on , 

plot(tiempoint,acc3int,'r'), hold on; 

title('Accelerometer signal'); 

legend('X axis','Y axis','Z axis'); 

xlabel('Time (s)'); ylabel('Signal Value'); 
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Figure 4.1.1.2 Part of the photodiode signal and accelerometer signal that interests us(Matlab) 

We observe in both figures that the top is the signal from the photodiode and the 

bottom three signals corresponding to the three axes of the accelerometer. 

5.1.2. Labview code 

Firstly we ran in a series of Matlab instructions for that the text file becomes an Excel 

file: 

LED1intexp=LED1int' 

a=xlswrite('C:\Users\Cristina\Documents\UNI\PFC\LED1dat.xlsx',LED1intexp,'Hoja1','A

1'); 

acc2intexp=acc2int' 

b=xlswrite('C:\Users\Cristina\Documents\UNI\PFC\acc2dat.xlsx',acc2intexp,'Hoja1','A1'

); 

LabView code that is designed does the following: 

 

o Grab the values of the Excel table that we will indicate, from baseline to the 

final value that we want to represent, in our case, all values for both signals. 

o These data are added to a data table and we will use a for loop for to extract 

each of these data for further representation. 

 
Figure 4.1.2.1 Labview code (Block Diagram) 
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Figure 4.1.2.1 Labview code (Block Diagram) 

 

We get the same signals that we obtained in Matlab: 

 
Figure 4.1.2.2 Part of the photodiode signal and accelerometer signal that interests us 

(Labview) 

 

Although in these graphs we see that only represent one accelerometer axis, Y axis, 

but later we will explain the reason. 

 

- The second part of our code is to display signals from the photodiode and Acc in the 

frequency domain. This only is shown in Matlab.  



Adaptive filtrate. Signal processing in the  Herruzo Lodeiro, Cristina 
messurement of Hb using non-invasive methods   

32 
 

To represent our signals in the frequency domain we use the FFT. The value of N 

selected for the FFT is 1024, because it has to be a power of 2 and we are representing 

only 880 samples. 

 

Matlab code 

Fs = 1/Ts 

N=length(LED1int); 

NFFT = 2^nextpow2(N); % Next power of 2 from length of y 

YLED = fft(LED1int,NFFT)/N; 

fLED = Fs/2*linspace(0,1,NFFT/2+1); 

YACC1 = fft(acc1int,NFFT)/N; 

fACC1 = Fs/2*linspace(0,1,NFFT/2+1); 

YACC2 = fft(acc2int,NFFT)/N; 

fACC2 = Fs/2*linspace(0,1,NFFT/2+1); 

YACC3 = fft(acc1int,NFFT)/N; 

fACC3 = Fs/2*linspace(0,1,NFFT/2+1); 

figure  

subplot(2,1,1), plot(fLED,2*abs(YLED(1:NFFT/2+1))); 

title('Photodiode FFT'); 

xlabel('Frequency (Hz)'); ylabel('|Y(f)|'); 

subplot(2,1,2), plot(fACC1,2*abs(YACC1(1:NFFT/2+1)),'b'), hold on, 

plot(fACC2,2*abs(YACC2(1:NFFT/2+1)),'g'), hold on, 

plot(fACC3,2*abs(YACC3(1:NFFT/2+1)),'r'); 

title('Accelerometer FFT'); 

legend('X axis','Y axis','Z axis'); 

xlabel('Frequency (Hz)'); ylabel('|Y(f)|'); 

 

We obtain the following: 

 

 
Figure 4.1.1.3 FFT Photodiode and Accelerometer 



Adaptive filtrate. Signal processing in the  Herruzo Lodeiro, Cristina 
messurement of Hb using non-invasive methods   

33 
 

 

- Then we calculate the cross-correlation between the photodiode signal and each of 

the axes of the accelerometer to identify the axis that have more contribution on PPG 

signal contaminated. 

 

Matlab code 

corr1 = xcorr(LED1int,acc1int); 

corr2 = xcorr(LED1int,acc2int); 

corr3 = xcorr(LED1int,acc3int); 

corr1mod = abs(xcorr(LED1int,acc1int)); 

corr2mod = abs(xcorr(LED1int,acc2int)); 

corr3mod = abs(xcorr(LED1int,acc3int)); 

Ncorr=length(corr1); 

tiempocorr=[0:Ts:(length(corr1)-1)*Ts]; 

figure  

subplot(2,1,1), plot(tiempocorr,corr1,'b'), hold on , plot(tiempocorr,corr2,'g'), hold on 

,plot(tiempocorr,corr3,'r'), hold on ; 

title('Cross-correlation'); 

legend('X axis','Y axis','Z axis'); 

xlabel('Tiempo (s)'); ylabel('Rdx'); 

subplot(2,1,2), plot(tiempocorr,corr1mod,'b'), hold on , plot(tiempocorr,corr2mod,'g'), 

hold on ,plot(tiempocorr,corr3mod,'r'), hold on ; 

title('|Cross-correlation|'); 

legend('X axis','Y axis','Z axis'); 

xlabel('Tiempo (s)'); ylabel('|Rdx|'); 

 

 We obtain the following figure: 

 

 
Figure 4.1.1.4 Cross-correlation between photodiode and accelerometer signal 
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Easily we observe that the axis that more affects the signal from the photodiode is the 

Y axis. Therefore in Labview only we take as a reference signal this axis of the 

accelerometer. 

- Finally, we applied the LMS algorithm using as desired signal the photodiode signal and 

the signal from the accelerometer Y axis as the reference signal.  

For the LMS algorithm have caught a filter order equal to 25 and adaptation step 

0.002. 

Matlab code 

horder=25; 

desired= [LED1int LED1int LED1int LED1int LED1int LED1int LED1int]; 

ref=[acc2int acc2int acc2int acc2int acc2int acc2int acc2int]; 

NLMS=length(ref); 

h(1,:)=zeros(1,horder); 

mu=.002; 

reffir=[zeros(1,horder-1) ref]; 

 

toLMS=cputime; 

 

for i=1:NLMS 

 

 j = i + horder -1; 

 refblock = reffir(j-horder+1:1:j)'; 

 refestim(i) = h(i,:)*(refblock); 

 output(i) = desired(i) - refestim(i); 

 h(i+1,:) = h(i,:) + mu.*refblock'.*output(i); 

end; 

 

ccLMS=cputime-toLMS; 

 

tiempoLMSdesout=[0:Ts:(NLMS-1)*Ts]; 

tiempoLMSreffir=[0:Ts:(length(reffir)-1)*Ts]; 

figure  

subplot(3,1,1), plot(tiempoLMSdesout,desired); 

title('Desired signal LMS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

subplot(3,1,2), plot(tiempoLMSreffir,reffir); 

title('Reference signal LMS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

subplot(3,1,3), plot(tiempoLMSdesout,output); 

title('Output signal LMS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

figure  

tiempoLMSfilter=[0:Ts:(length(h)-1)*Ts]; 
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plot(tiempoLMSfilter,h); 

title('Filter Coefficients LMS'); 

xlabel('Time (s)'); ylabel('Coefficients Value'); 

figure  

plotyy(tiempoLMSdesout,desired,tiempoLMSdesout,output); 

legend('desired','output'); 

title('Comparison between desired signal and output signal LMS algorithm'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

 

 This code includes the following:  

o We repeat the signal from the photodiode and the accelerometer 6 times to 

observe more clearly the function that performs the adaptive filter: 

 

desired= [LED1int LED1int LED1int LED1int LED1int LED1int LED1int]; 

ref=[acc2int acc2int acc2int acc2int acc2int acc2int acc2int]; 

 

o We generated two instructions for the computational cost calculation: 

 

toLMS=cputime; 

ccLMS=cputime-toLMS; 

 

o We have initialized the filter with all of their coefficient to 0: 

 

h(1,:)=zeros(1,horder); 

 

o We add to the reference signal 25 samples with a 0 value for the adaptive filter 

do not acts until the first 25 samples of the desired signal is obtained: 

 

reffir=[zeros(1,horder-1) ref]; 

 

o We represent three graphs: 

 

 Desired signal, reference signal and output filter. 

 Varying the filter coefficients.  

 Comparison between the desired signal and the filter output. 
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Figure 4.1.1.5 Desired, reference and output signal LMS 

 

 
Figure 4.1.1.6 Filter coefficients LMS 
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Figure 4.1.1.7 Comparison between desired signal and output signal LMS algorithm 

 

 

 And we get a computational cost equal to: 

 

 
 

Labview code 

The two main blocks are: 

 

o AFT Create FIR LMS: Creates a finite impulse response (FIR) adaptive filter with 

the standard least mean squares (LMS). Here we must to specify the filter 

length and the step size. 

 

o AFT Filter Signal and Update Coefficients: Filters an input signal with an 

adaptative filter and updates the coefficients of the adaptive filter iteratively. 

 

 



Adaptive filtrate. Signal processing in the  Herruzo Lodeiro, Cristina 
messurement of Hb using non-invasive methods   

38 
 

 
Figure 4.1.2.3 LMS Algorithm 

 

 We obtain the same result for the simulation in Matlab: 

 

 
Figure 4.1.2.4 Output signal 
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5.2. RLS Algorithm 

- We implement the RLS algorithm in Matlab and Labview. With a filter order equal to 

25 and a lambda of 0.999. 

 

5.2.1 Matlab code 

 

desiredRLS= [LED1int LED1int LED1int LED1int LED1int LED1int LED1int]; 

refRLS=[acc2int acc2int acc2int acc2int acc2int acc2int acc2int]; 

horderRLS=25; 

NRLS=length(refRLS); 

lambda=0.999; 

hRLS(1,:)=zeros(1,horderRLS); 

init=100; 

rinv=diag(ones(1,horderRLS)*init); 

reffirRLS=[zeros(1,horderRLS-1) refRLS]; 

 

toRLS=cputime; 

 

for iRLS=1:NRLS; 

 

 jRLS=iRLS+horderRLS-1; 

 refblockRLS=reffirRLS(jRLS-horderRLS+1:1:jRLS)'; 

 refestimRLS(iRLS)=hRLS(iRLS,:)*(refblockRLS); 

 outputRLS(iRLS)=desiredRLS(iRLS)-refestimRLS(iRLS); 

 k=lambda*rinv*refblockRLS/(1+lambda*refblockRLS'*rinv*refblockRLS); 

 hRLS(iRLS+1,:)=hRLS(iRLS,:)+k'*outputRLS(iRLS); 

 rinv=lambda*rinv-lambda*k*refblockRLS'*rinv; 

 

 

end; 

 

ccRLS=cputime-toRLS; 

 

tiempoRLSdesout=[0:Ts:(NRLS-1)*Ts]; 

tiempoRLSreffir=[0:Ts:(length(reffirRLS)-1)*Ts]; 

figure  

subplot(3,1,1), plot(tiempoRLSdesout,desiredRLS); 

title('Desired signal RLS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

subplot(3,1,2), plot(tiempoRLSreffir,reffirRLS); 

title('Reference signal RLS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

subplot(3,1,3), plot(tiempoRLSdesout,outputRLS); 
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title('Output signal RLS'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

figure  

tiempoRLSfilter=[0:Ts:(length(hRLS)-1)*Ts]; 

plot(hRLS); 

title('Filter Coefficients RLS'); 

xlabel('Time (s)'); ylabel('Coefficients Value'); 

figure  

plotyy(tiempoRLSdesout,desiredRLS,tiempoRLSdesout,outputRLS); 

legend('desired','output'); 

title('Comparison between desired signal and output signal RLS algorithm'); 

xlabel('Time (s)'); ylabel('Signal Value'); 

 
 We obtain the same graphs as for the LMS algorithm: 

 

Figure 4.2.1.1 Desired, reference and output signals RLS 
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Figure 4.2.1.2 Filter coefficients RLS 

 

 

Figure 4.2.1.1 Comparison between desired signal and output signal RLS 

The computational cost for this algorithm is: 

 

5.2.2. Labview code 

The only thing we change is the following block: 
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o AFT Create FIR RLS 

 

Figure 4.2.2.1 RLS algorithm 

And we obtain: 

 

Figure 4.2.2.2 Output signal 

 The same can be obtained using the simulation in Matlab. 

  



Adaptive filtrate. Signal processing in the  Herruzo Lodeiro, Cristina 
messurement of Hb using non-invasive methods   

43 
 

5.3. Comparison between LMS and RLS algorithms 

Through Matlab we perform a graphical representation of our output to compare both 

algorithms: 

 

Figure 4.3.1 Comparison between LMS and RLS algorithms 

 

Figure 4.3.2 Comparison between desired and output signal with LMS and RLS algorithms 

We cannot draw many conclusions because we do not have the PPG signal without 

noise. All I can see is that the peaks and variations of the signal that we obtain after 

using the adaptive filter match those of the desired signal, so we could say a priori that 

this filtering is performed correctly, that what we are getting  is the PPG signal without 

noise. What we can say is that the computational cost of the RLS algorithm is greater 

than that of LMS.  
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This has been a first approximation to our result, but to see how good the algorithms 

that we have developed are we will need to acquire other data.( Matlab 2011) 

6. Validation of the algorithms 

Based on the idea that we have developed previously , we will try to study whether our 

algorithm works by removing the noise introduced by the 3 axis instead of only one, because 

the movements normally done by a person  often are not only in one direction . Also we will 

check how good is our algorithm and which one is the best to use for the actual data that we 

have got . 

First we will make the simulation with a known signal and 3 random noises to verify that 

actually perform the aforementioned operation is feasible and can provide us with a correct 

result . 

We will do the following numerical experiment: as desired signal we will create a series of 

signals , alternating between noisy signal in different directions and noiseless signal as 

reference signal, alternating between no noise, noise in one direction , noise in two directions 

and noise in three directions. 

This simulation will we made with Matlab with both LMS and RLS algorithms . 

6.1. LMS Algorithm 

First create a known signal. In this case will be a sinus: 

 

signal=sin(2*pi.*t.*t/N/N*8); 

 

- Three random noise where each represent an axis of the accelerometer: 

 

hrealX=randn(1,horder); 

hrealY=randn(1,horder); 

hrealY=randn(1,horder); 

noiseX=randn(1,N); 

refX=Gain*conv(noiseX,hrealX); 

noiseY=randn(1,N); 

refY=Gain*conv(noiseY,hrealY); 

noiseZ=randn(1,N); 

refZ=Gain*conv(noiseZ,hrealZ); 

frefX=noiseX*Gain; 

frefY=noiseY*Gain; 

frefZ=noiseZ*Gain; 

 

- Now we will build the desired signal and the reference signal that it will follow the next 

structure: noisy signal on the x axis, noiseless signal, noisy signal on the x and y axes, 
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noiseless signal, noisy signal on the y axis, noiseless signal , noisy signal in the x, y and 

z, noiseless signal and finally noisy signal in the z axis: 

 

frefxy=(frefX+frefY); 

frefxyz=(frefX+frefY+frefZ); 

 

refxy=(refX(1:length(signal))+refY(1:length(signal))) 

refxyz=(refX(1:length(signal))+refY(1:length(signal))+refZ(1:length(signal))) 

 

signalxy=signal+refxy 

signalxyz=signal+refxyz 

 

desiredsinal=[signal+refX(1:length(signal)) signal signalxy signal 

signal+refY(1:length(signal)) signal signalxyz signal 

signal+refZ(1:length(signal))] 

refsignal=[zeros(1,worder-1) frefX zero frefxy zero frefY zero frefxyz zero frefZ]; 

 

- Finally we apply the LMS algorithm we had seen in the previous section. We obtain the 

following: 

 

 
Figure 5.1.1 Reference, desired and output signals LMS 
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Figure 5.1.2 Output Signal LMS 

 

 

 
Figure 5.1.3 Filter Coefficients LMS 

 

After performing various tests we choose the order of filter coefficients as 6 and the 

adaptation step of 0.002.  

Analysing the graphs we see that the noise amplitude is greater when there are 2 or 3 axes 

into account. Also, when there is no noise signal the adaptive filter does not act, the filter 

coefficients remain constant. Finally we managed to perfectly recover the signal, even though 

the filter has trouble adapting at the beginning of the signal.  
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6.2. RLS Algorithm 

We follow the same steps as with the LMS algorithm, but this time we apply the RLS: 

 

Figure 5.2.1 Reference, desired and output signals RLS 

 

 

Figure 5.2.2 Output signals RLS 
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Figure 5.2.3 Filter coefficients RLS 

In this case we use a filter of order equal to 30 and a lambda of 0.999. As we can see it also 

recovers the signal perfectly.  

In both algorithms we observed that when the noise amplitude is larger, it is more difficult to 

adjust, so this will be one of the limitations of our algorithms.  

The RLS algorithm fits perfectly from the start; although the computational cost is higher this is 

the algorithm that we will use to retrieve our PPG signal. 

6.3.Application of the actual data 

RLS Algorithm 

Applying the RLS algorithm to the real data that we capture of the photodiode and of the 

accelerometer we get the following: 

 

Figure 5.3.1 Photodiode and accelerometer signals RLS 
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Figure 5.3.2 Desired, reference and output signals RLS 

 

 

Figure 5.3.3 Comparison between desired and output RLS 

We note that it perfectly eliminates the noise when only there is movement in one direction, 

but when movement is captured in the 3-axis of the accelerometer, the filter fails to fit 

properly, but it eliminates a part of noise. 
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Conclusions 

We performed simulations with two different softwares and have 

obtained the same results using two different adaptive algorithms, LMS 

and RLS. We note that both get a satisfactory result.  

 

Analysing each of the algorithms with different data types we draw the 

following conclusions:  

 

- The LMS algorithm is much simpler than the RLS and its computational 

cost is much lower, however, takes longer to adapt and is very sensitive to 

changes in the power of the input signal.  

 

- We note that if the noise power is greater, both algorithms have a 

harder time adapting. 
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