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ABSTRACT 
 
 

 
Context. EMG (Electromyographic) signal is a response of a neuromuscular system for an 
electrical stimulus generated either by brain or by spinal cord. This thesis concerns the 
subject of onset detection in the context of a muscle activity. Estimation is based on an EMG 
signal observed during a muscle activity.  
Objectives. The aim of this research is to propose new onset estimation algorithms and 
compare them with solutions currently existing in the academia. Two benchmarks are being 
considered to evaluate the algorithms’ results- a muscle torque signal synchronized with  an 
EMG signal and a specialist’s assessment. Bias, absolute value of a mean error and standard 
deviation are the criteria taken into account. 
Methods. The research is based on EMG data collected in the physiological laboratory at 
Wroclaw University of Physical Education. Empty samples were cut off the dataset. 
Proposed estimation algorithms were constructed basing on the EMG signal analysis and 
review on state of the art solutions. In order to collate them with existing solutions a simple 
comparison have been conducted. 
Results. Two new onset detection methods are proposed. They are compared to two 
estimators taken from the literature review (sAGLR & Komi). One of presented solutions 
seems to give promising results. 
Conclusions. One of presented solutions- Sign Changes algorithm can be widely applied in 
the area of EMG signal processing. It is more accurate and less parameter-sensitive than 
three other methods. This estimator can be recommended as a part of ensembled algorithms 
solution in further development. 
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1 INTRODUCTION 
 

Electromyography is the realm of recording, processing and detecting electrical 
activity of muscles. It is deployed to aid in diagnosis of neuromuscular diseases [11]. 
One of the major problems within this area which requires improvement is detection of 
onset. EMG signal is burdened with relatively big noise. It is also characterized by many 
single, almost randomly appearing amplitude picks. Voltage amplitude and variance is 
different for different parts of muscles. All the above complicates the task of onset 
detection. 

 
Onset detection is a general term which concerns many fields of human life. For 

example when one is waiting for the water to boil while it is heated up, one usually must 
indicate the moment when the water is boiling. Even though it seems to be very obvious, 
pointing the exact time when the whole capacity of water started to boil is not easy. 
Water progressively come through next stages of gaining temperature. There are several 
signs of that the water is reaching its boiling point. One of them is increased steaming 
level, but the water is steaming in each temperature other than absolute zero which is 
equal to −273.15 ° of Celsius scale. Second most known and often observed factor is 
bubbling, but again water is bubbling not only at boiling point but it begins around 70 ° 
of Celsius scale. Assuming that there are no indicators like thermometer or whistle 
nearby, one usually observe intensity of processes of bubbling and steaming and when 
they both seem to reach the maximal level one can decide that water finally achieved the 
boiling point and it is ready for any purpose it was prepared. One of the applications of 
onset detection is EMG signal processing area. The task of onset detection became more 
complicated when Surface Electromyography (sEMG) sensor became more popular. 
These sensors can register the EMG signal directly from the surface of skin without 
piercing it but obtained signal is burdened with a larger noise. 

 
In the case of boiling water it is not such important when exactly the onset took 

place. If we will decide to stop heating 5 seconds after the true onset it will not affect 
our purpose. In case of detecting onset in EMG signal we must indicate the onset with 
the accuracy measured in few dozens of milliseconds. Otherwise the whole process of 
onset detection can be senseless. 

 
Existing algorithms  of onset detection within the area of EMG signal processing are 

still not accurate enough to replace the specialist’s indication of onset. That causes 
disbelief in the field of automatic onset detection. Medical specialists are spending a lot 
of time, wasting a lot of money on evaluating EMG signals instead of letting algorithms 
do that. If the algorithm will achieve opinion of being reliable, their intervention would 
be necessary only in suspicious cases of EMG signal. To achieve that state accurate and 
reliable solution must be provided. To ensure about the accuracy of proposed algorithms 
this research will be conducted using real EMG signals instead of their mathematical 
models. To provide reliability algorithms were tested on signals gathered from different 
muscles of human body. Furthermore the phase of adaptation is going to be 
implemented and suited to each algorithm in order to fit them to signal which will be 
tested. This will allow algorithm to gather necessary information connected with signal 
characteristics itself and the recording device. In the field of EMG there are many 
devices which can be used to capture EMG signal from muscles. Each device consists of 
different electrodes and different processing unit. They are characterized by other noise 
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to signal ratio and frequency on which the measurements are recorded. Two devices of 
the same kind can give slightly different results. Even one device used two times can 
give different results because electrodes will never be connected to the same place on 
skin for the second time.  

 
Some of recording devices are collecting signal directly from muscle using needle to 

pierce the skin. These are called EMG devices. Nowadays there is a growing popularity 
of sEMG which collects the electrical signal from the surface of a skin. This solution is 
much more comfortable for the end user but there arise many problems connected with 
the nature of surface measuring. Human skin has big electrical impedance [9]. 
Additionally the signal of measured muscle will probably interfere with signals 
generated by nearby muscles. 

 
There are several application areas for EMG signal onset detection. Some of them 

are: medicine, sport, robotics and music. In most cases where this signal is extracted  
and processed arise a problem of onset detection. EMG is widely used in neurology to 
detect neuromuscular disorders [6] and in prosthetics to read and predict forces and 
angles in order to create highly dexterous prosthesis [2]. It was used within this realm 
for decades. Thanks to wireless wearable sensors (i.a. Shimmer Sensing system) EMG 
technology can be used more comfortable what allowed using it in other fields. Sport 
coaches can extract EMG signal to formulate better, adjusted workout schedule for their 
clients. Musicians who are extensively using some muscles can observe when exactly 
their muscles are getting tired and inefficient. Possibly there exist other application areas 
for onset detection like economy or prediction of earthquake. Potentially wherever 
people need to detect onset of the signal which characteristic is similar to EMG, onset 
detection algorithms proposed within this paper may find their application. 
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2 BACKGROUND 

2.1 EMG Signal 
 
Resting muscle in normal conditions is electrically neutral [17]. EMG is an electrical 

signal produced by human muscles during their activity. The voltage range of these 
electrical units varies from 30 mV up to 60 mV [1]. It can be measured by 
electromyograph which consists of electrodes responsible for measuring the signal and 
processing unit. The second one is responsible for extracting, gathering and putting 
recorded EMG signal into the outputs, usually printer, screen or electrical storage. The 
scheme below (own work) presents electromyograph and its most important elements. 
EMG 1-6 are the measuring electrodes, EMG 7 is reference electrode, placed in 
electrically neutral place and EMG box is the processing unit. 

 

 
Sketch 1. Electromyograph 

 
Electrical signal generated by muscles can be gathered using either EMG or sEMG  

technology. The first one uses needles placed in electrodes in order to pierce the surface 
of skin and record the signal directly from muscle. Only specialists with authority (e.g. 
neurologist) are permitted to execute such medical examination because layer of skin is 
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being violated. In case of applying EMG method electrodes must be placed very 
carefully in clean, sterile room, with the proviso that proper disinfection will be made. 
All of that prolongs the preparation time. If the electrode will be placed in a wrong place 
results will be fraudulent. There will surely arise a need for replacing electrodes and 
putting them into the right place. However this operation should be done again in special 
conditions by authorized specialist. EMG electrodes can be implanted [16] and in some 
cases that would be a good solution. There exist plenty of use cases for EMG 
examination for which implanting electrodes is an exaggeration. It is obvious that this 
technology cannot or is very uncomfortable to be applied in many fields which requires 
mobility. That is the reason why sEMG technology appeared. This is the alternative way 
of registering EMG signals produced by muscles. It has many advantages among which 
we can name that sEMG sensors can be worn and can be deployed in mobile solutions, 
they are noninvasive and does not require authorized specialist to conduct examination. 
Such convenience cannot remain without any disadvantages. The main weakness of this 
solution is that signals are measured on the surface of skin. Beside relatively large 
resistance of human skin there is a problem with interfering signals coming from nearby 
muscles. Since sEMG was invented it was improved thanks to the technological 
progress. Nowadays devices are recording signal very accurately, on sufficient 
frequency of 1010 Hz, which gives us measuring resolution below 1 milliseconds, what 
is better than satisfactory. Regardless all of the improvements, EMG signal recorded on 
the surface of skin is still burdened with bigger noise to signal level than signal captured 
directly from muscle. 

 

 
Chart 1. Sample EMG Signal- ideal case 

 
Ideal case of EMG signal looks more or less like presented on chart 1. At the 

beginning there is a certain amount of pure noise. It is the range between the moment 
when the device was set to record state and the moment in which muscle started its first 
activity. Writing ‘ideal case’ I mean it is ideal for onset detection algorithms because it 
is very easy to detect muscle activity on such data. This task becomes much harder when 
we are dealing with EMG signal similar to that presented on chart 2. 

 



 

7 
 

 
Chart 2. Sample EMG Signal- difficult case 

 
In the meantime between the beginning of recording and muscle activation there 

might occur some unwanted electrical activities. Some of them are characterized by long 
time of appearance and low amplitude and some adversely- large amplitude and short 
time of existence. The origin of those impulses can vary. It can be a real information 
sent from the spinal cord that muscle is going to contract and examined person is 
already thinking about the movement. It can also be a different signal not necessarily 
connected with observed muscle. Since it is impossible to isolate the muscle entirely 
from its surroundings such pitfalls may take place. 

 
In many researches mathematical model of EMG signal was used instead of real 

recording as input signal. It simplifies the part of gathering, selecting and normalizing 
data but threatens the results. Since mathematical model is probabilistic it generates 
ideal, average EMG signals. All the information about single picks or deviations is 
diminished or even lost. For the sake of reliability it is very important to test proposed 
algorithm on real datasets. 

 
There are three statistical values considered during assessment of onset detection 

estimators. Bias- mean value, is an arithmetic mean calculated by summing up all errors 
and dividing this number by the number of estimations. This value indicates if the 
results given by a particular algorithm are biased, i.e. skewed either to the left or the 
right side. 

 

 
 
Mean of absolute value of errors is essential to evaluate what order of magnitude our 

error actually has. When we observe just the arithmetic mean we can be misled by 
subtracting values of positive and negative errors. 
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Standard Deviation is an important statistical indicator which can be used to measure 

the diversity of examined data. It is very important for the assessment of reliability of an 
onset detection estimator. 

 
 
 
 

2.2 Onset Detection 
 
Very good example of onset detection algorithm, which can be used to explain the 

problem, was presented in 1979 by Cavanagh and Komi [3]. Simple method with set 
threshold value required to trigger the EMG and force state was called Comparator. 
After certain value of signal was exceeded the algorithm raised notice that onset has 
already began. As default this value for EMG signal was set  to 30 mV because it was 
considered to be the bottom border of voltage range of electrical units produced by 
human muscles [1]. Threshold for force produced by muscle was set to 20 N. This value 
was most probably determined empirically basing on the observations. Authors have not 
provided  reader with the explanation of how this value was set. It is reasonable to think 
of it as a minimal force which cannot be caused by inadequacy or deficiency of 
measuring device. It would indicate the beginning of muscle activity. Two onset 
detections- concluded from EMG and force values were later compared by authors in 
order to calculate electro-mechanical delay (EMD).  

 
It is not a complicated method and in theory it should work well. The example 

pseudocode of this method looks like below. 
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However the research assumptions made by Cavanagh and Komi were taken too far. 

The algorithm was working well only for the ideal case of EMG signal. Problems must 
have occurred after first trials of deploying this algorithm as onset detection tool for real 
EMG signals case. This solution did not take into consideration that before the proper 
muscle activity there might be some single picks on the chart or that values for different 
parts of muscles produce different range of voltage. There is also a serious problem with 
isolating our measurements. It often happens while measuring voltage of one muscle 
that afterglow of another muscle activity is recorded. Those two signals interferes with 
each other and there arise distortions. Additionally the signal registered using sEMG 
technology described in a previous chapter has bigger noise and it is much more difficult 
to detect onset. 

 

2.3 Filters 
 

In order to manage with big noise of signal recorded by sEMG devices scientists 
started to implement filters [14]. Applying filters is a good idea to get rid of noise with 
which signal is burdened but unfortunately there are many disadvantages of processing 
signal using them. The main problem is that we actually loose original shape of signal. 
Precisely saying by applying filters we are changing signal characteristics i.e. frequency 
and amplitude. On the below chart we can observe how original EMG signal compares 
to signal processed by whitening filter. 
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Chart 3. EMG signals- original 

 

 
Chart 4. EMG signal- whitened 

 
First conclusion is reduction of amplitude what we can observe looking on the y-axis 

scale and shape of the signal. The amplitude of noise was cut down but we can also 
observe decrease of the amplitude of actual muscle activity. The reason of that problem 
is similarity among noise and real signal. Since the noise can be the afterglow  of 
another muscle activity both characteristics can be similar. Usually, but not always, the 
values of noise amplitudes are much lower. 

 
Comparing both charts we can also observe that signal slope is diminished. Pick with 

large amplitude which we could observe at the beginning of original signal has much 
smaller amplitude on the chart of whitened signal. Filters are causing signal distortions, 
therefore we must be aware of it while implementing them into our algorithm. Results 
on the output can be biased and in case of EMG onset detection bias in value of 10 mV 
can pose a huge pitfall on the way to create accurate algorithm. 
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Whitening filter which results were presented as an exemplary filter within this 
chapter. If one  wants to apply it one have to remember that this solution is characterized 
by  nondeterministic behavior. Hence two operations can give different results. 

  
Nevertheless filters are not entirely useless in the field of EMG signal processing. In 

fact they can be useful on the early stage of the algorithm. If we consider dividing our 
algorithms to stages we can plan initial detection in the first stage. Deploying filters can 
be useful only under certain circumstances. If the objective does not require best 
accuracy, filters can actually help in the process of detection. As Iit was described in 
chapter 2.1 EMG signal is not always as perfect as depicted in many publications. 
Specialists often are dealing with EMG signals which have large noise to signal ratio. 
Single picks characterized by large amplitude are appearing there before muscle activity. 
Sensitive algorithm which tries not to miss the beginning of actual activity can easily 
mismatch such signal fragments with onsets. As the result it would point more activities 
than there were in reality. In order to prevent such fraudulent detections we can use 
filters. On the first stage of onset detection algorithm we might conduct a rough 
assessment of onsets. Results of such action would not be exact. In place of accuracy we 
would gain assurance that most probably we found all onsets and their estimated places 
around which we should look in search of the real onset. In such way we can decrease  
the number of unwanted detections. In addition if we know with what value of bias this 
solution is burdened we can draw more attention to particular side of initial detection. 
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3 RESEARCH PROBLEM 

3.1 Problem Formulation 
 
Onset detection task can be defined as follows: 
 

 
 
All inputs are generalized. Not every onset detection algorithm must have 

information about noise and signal characteristics. Some are just comparing the current 
value of EMG signal sample and basing on that they are producing output. In general- 
each onset detection algorithm, without exclusions, should have EMG signal as an input 
and estimation or estimations as output. Additional parameters are optional and depend 
only on the imagination of its inventor.  

3.2 Aim and Objectives 
 
After the deployment of first decision support systems within the realm of medicine 

many ethical problems occurred because system cannot be responsible for detriment of 
human health in case of selecting not optimal or even extremely bad decision. 
Nowadays in order to avoid such dilemmas each action undertaken automatically by a 
machine must be observed  by a specialist [5]. In order to provide higher confidence 
among specialists who are legally responsible for the final decision both accuracy and 
reliability must be increased. 

 
The main aim of this research is to create a new onset detection algorithm, designed 

to work with EMG signals, which will be more accurate, hence more reliable than those 
already published. The comparison must be conducted on a real data, not on its 
mathematical model. 

 
Research Objectives: 
• Analyze and detect weaknesses of published algorithms 
• Try to improve or ensemble existing algorithms 
• Analyze proposed algorithms as estimators of the onset of muscle activity 
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• Conduct a comparison between algorithms using real EMG signal data 

3.3 Research Questions 
 
In this research those questions have to be addressed to solve the main problem: 
RQ1   How to improve the accuracy of onset detection algorithm? 
RQ2 Which EMG signal’s characteristics are the most exploitable in onset 
detection? 
RQ3   How to process information from the signal characteristics? 
RQ4   How does proposed algorithm work in comparison to existing methods? 
 
Addressing these questions will help me during the research: 
RQ5 Which signal processing methods were successfully applied to EMG signal? 
RQ6 How does signal processing methods change the signal characteristics? 
RQ7 Can existing methods be ensemble into a more accurate algorithm? 
RQ8 Can an onset of a muscle torque be a benchmark for the estimations of an EMG 
signal onset? 

3.4 Summary of Existing Solutions 
 
After conducting a short literature review we can conclude that there exist several 

EMG onset algorithms. Unfortunately none of them is accurate and reliable enough to 
replace a specialist assessment. Moreover, existing well known systematic comparison 
of onset detection methods [13] strongly depend on parameters which were selected 
manually. It influenced results of this research and it needs to be somehow solved. 
Additionally manual selection of parameters means that the process is not fully 
automatic. Specialist who wants to use one of existing algorithms has to adapt the 
solution to his data manually. Since EMG signals are very diversified specialists are 
prone to resign from automatic solutions and select onsets manually as it was done from 
years. 

 
Two algorithms were selected as a rough representation of a priori state of academia 

knowledge in the area of EMG activity onset detection. As the classical, maybe not the 
most accurate but most predictable, hence reliable method the basic threshold algorithm 
was chosen. It was already presented in the background section as the explanation of 
onset detection problem- Comparator [3]. This method toggles between states of signal 
dependently on either it has already overcome the threshold of 30 mV or not. 

 
Second algorithm sAGLR is in my opinion statistically the most advanced and won 

the systematic comparison conducted by Staude et al. [13]. Working on the statistical 
model of EMG signal scientists tested existing algorithms and compared them with their 
own solution. Applying model of a signal diminishes individual information and creates 
the average, ideal signal. Proposed solution may be working pretty well on averaged 
signal but it will probably not manage with real, harsh EMG signal. Additional problem 
is manual selection of parameters. An alternative for manual setting parameters is 
automated browsing within the area of reasonable values and selecting parameter for 
which the algorithm gave the best solution. Automatic parameter fitting was used and it 
is briefly described in chapter 5.4 Method. This algorithm also uses whitening filter to 
diminish signal noise. As it was described in section 2.3 Filters can cause distortion of a 
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signal. This algorithm will be included in the comparison in order to compare results of 
proposed algorithms to statistically the best known representative. 
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4 PROPOSED ALGORITHMS 

4.1 TKVar Algorithm 
 
After conducting a short literature review it was clear that Teager-Kaiser Energy 

Operator (TKO) can improve onset detection in EMG signal [12]. First of proposed 
algorithms is a simple onset detection estimator based on TKO signal conditioning, 
moving window frame and calculating signal variance. In order to make the algorithm 
less dependent on the input parameters signal characteristics were measured at the 
beginning of the signal and basing on that a threshold value for toggling between muscle 
activity and signal noise states was set. The pseudocode of this algorithm is described 
below: 

 

4.2 Sign Changes Algorithm 
 

Processing signal as module or squared values diminishes signs and loses important 
information about how signal recordings behaves towards x axis. 

When muscle is active sign changes are more seldom. During activity we can also 
notice that voltage values are varying much more. These two observations led me to the 
conclusion how onset detection algorithm can detect onset. It occurs that if we join these 
two conditions into one (look below into the algorithm pseudocode) algorithm becomes 
very accurate and reliable. After conducting initial tests on the set of 78 EMG signals it 
can certainly be considered as at least a promising solution. Even if you might happen to 
notice big change between subsequent samples from my observations derives that it is 
very rare to notice the same change between two subsequent samples of the same sign. 
This algorithm gives us very sharp view of the activity occurrence. 
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Chart 5. Abdominal Muscle EMG Signal 

 

 
Chart 6. Sign Changes Algorithm for Abdominal Muscle EMG Signal 

 
Chart 6 illustrates the values for Sign Changes algorithm’s onset detection function. 

We can clearly see that function’s value is rising rapidly at the moment of muscles 
activity. Thanks to the association of detecting signal frequency and amplitude 
differences we receive a good onset estimator. After initial tests there appeared several 
problems, mostly with signals which characteristics included low amplitudes and high 
noise to signal ratio. Some cases of problematic signals were extracted and added to the 
detection criteria. Below  is the simplified algorithm’s pseudocode. In order to avoid 
coding details and shorten the version of algorithm some specific functions were 
omitted. 
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5 RESEARCH 

5.1 Data 
 
I decided to test onset detection algorithms on EMG data gathered by sEMG 

measuring system. Nowadays this method became more popular than casual EMG 
because of its facility of use and wearability. However these conveniences does not 
come without any harm to the quality of the recorded signal. The signal is usually 
burdened with a bigger noise to signal ratio than normal EMG signal. Therefore it is 
becoming a real challenge for onset detection algorithms to remain exact and reliable 
while processing sEMG data. 

 
Data which was used to conduct this research were gathered from examination of 

thirty people. Four different exercises were prosecuted depending on which muscle was 
observed. Two different group of muscles were chosen- abdominal and erector spinae. 
These are considerably the most problematic groups of muscles when it comes to EMG 
signal processing because of their size. Usually the bigger the muscle is the slower the 
onset. Slow onset is very hard to be detected exactly in the place of beginning because it 
is often still considered to be the signal noise. Electrodes on muscles rectus abdominal 
and erector spinae were placed both on the left and right sides. During the research no 
data will be deleted just because of problems with detection, except damaged or false 
columns. Conversely, problematic examples of data will be described and analyzed 
within this paper. These data are the reason of conducting this research and it will be 
focused primarily on problematic datasets. Accordingly to the characteristics of dataset 
algorithms results can be underbided but conclusions can be drawn from comparison of 
results among different algorithms, including two examples from academia.   

 
Sketch 2. Measuring System 
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 Sketch 2. (own work)  placed above depicts the measuring system. A person who is 

acting as a subject of the measurements has electrodes attached to his body. Using his 
muscle a subject is acting on a lever which is connected to the measuring system. 
Muscle torque and EMG signal are measured in parallel in two positions- lying and 
sitting, in order to activate abdominal or skeletal muscles. The above illustration shows 
examination of biceps muscle, but the main aim of this sketch is to familiarize the 
measuring system to the reader. The surface EMG electrodes used to measure signals- 
solid gel Ag/AgCl are made by NORAXON, Inc. Measuring system consists of six pairs 
of measuring electrodes and one electrode placed on anterior superior iliac spine, as an 
electrically neutral place, for reference purpose. ‘Octopus’ 8-channel electromyograph, 
produced by Bortec Electronics, Inc., was used as an EMG signal processing device. 
Measurements were registered with frequency of 1010Hz what gives us a resolution of 
around 0,99 ms. Software ‘BioWare’ was used in order to export measurements into the 
computer’s storage. Windows Powershell command line and regular expressions were 
used in order to prepare data to be imported into MatLab environment.  

 
Exemplary operations made to suit data for further import operations: 
 
 Removing spaces from name: 
 get-childItem -recurse *.xlsx | rename-item -newname { $_.name -replace '\ ',''  } 
 Adding folder name to subfile name: 
 get-childItem -recurse *.xlsx | rename-item -newname { $_.Directory.Name + 

$_.name  } 
 
The import itself was facilitated by usage of function xlsread() available in MatLab R2012a 

environment. Suited import function made for importing data from 8 channel ‘Octopus’ 
electromyograph is published among other functions with this paper. Filenames of data files has 
to be suited or changed, because this tool is not universal enough to fit each data. 

5.2 Assumptions 
 
In order to perform authoritative comparison in a limited amount of time it was 

assumed that one electromyogram consists of only one signal onset threshold. Hence 
this research concerns the onset itself, offset detection and comparing the accuracy of 
offset indication will not be considered within the comparison. Having such 
assumptions the research case is much more simple and practical. In case of having 
multiple criteria we would have to consider  Pareto Optimality [8] and decide about the 
importance of each factor. Depending on the application area some people would prefer 
to detect offset more accurately, others would prefer to have the exact indication of 
onset, and some others would expect from proposed algorithms to work for case of 
multiple onsets within one EMG signal. Thinking about the criteria we could mention 
also time of execution. However, these factors are not important accordingly to the 
assumptions of this research and it will be focused on the assessment of single muscle 
activity onset detection’s accuracy. 

 
For the sake of one of proposed application area, which is music, it will be shortly 

explained how onset detection algorithms are working in mentioned cases of multiple 
onsets and offsets of muscle activity within one signal. Nevertheless this is not going to 
be the subject of this research and it will not be included in the final comparison among 
algorithms. To make the long story short- the implementation looks as follows. We can 
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introduce a flag which will inform the algorithm about the current state of onset. 
Initially the flag is set to 0. After detecting the onset a flag is set to 1 and since then the 
algorithm is checking for the diverse onset condition. If the condition will be satisfied, 
offset is detected and flag is set again to 0, so that the algorithm can know that it should 
be checking the onset condition. 

 

5.3 Benchmarks 
 
Collaterally to measuring EMG potential on muscles we can record the moment of 

force. Force which is an effect of muscle activity can perfectly illustrate us how muscles 
began their activity. This solution is promising but some difficulties were encountered 
which disqualify it as a benchmark for exact assessment. First problem is EMD. It is 
defined as a time period between appearance of electrical charge and actual onset of 
muscle activity which can be observed e.g. in movement of particular limb [15]. It 
usually is different for various muscles. Moreover it is different for each individual 
person. Method of measuring EMD usually utilizes some kind of onset detection 
method. Hence using muscle torque as the benchmark of muscle activity, our research 
would come full circle and we would be standing at the starting point. Second problem 
concerns the sequence of muscle activity. When a person moves a hand, several parts of 
muscles start their activity just at the beginning and the others later. We could consider 
alternative solution which is measuring bend’s angle in a joint but still it is burdened 
with EMD and distribution of force during the whole movement among different 
muscles, ligaments and joints [10]. 

 

 
Chart 7. EMG Signal 

 

 
Chart 8. Muscle Torque 
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Specialist assessment is still considered to be the most accurate and reliable way to 

point the beginning of a muscle activity. Finally they are the end users and they are 
assessing the automatic onset detection solution so it is reasonable to take their 
assessment as a role model. Unfortunately it is not the ideal solution because their 
assessments are not deterministic from any point of view. Neither two specialists or 
even one specialist will not indicate the same beginning of muscle activity twice [6]. 
Specialist assessment is also a good baseline because of the ethical aspects of medicine. 

 

5.4 Method 
 
In order to test proposed solutions as estimators of a muscle activity onset 

comparison among them and algorithms already known in academia will be conducted. 
Selected algorithms were described shortly in chapter 3.4 Summary of Existing 
Solutions. The whole comparison will be examined on the real EMG signal data 
described precisely in chapter 5.1 Data. 

 
Before the comparison all data from the dataset is browsed and marked by an EMG 

specialist in order to create a benchmark. Estimations pointed on this stage are later used 
as a real onset of a muscle activity. 

 
All algorithms depend on the proper parameter selection. Algorithms proposed in 

this paper have optional auto adjusting already implemented. In order to guarantee equal 
conditions for each compared algorithm parameter fitting was supplied to each 
estimator. Standard simplex search method used for example in fminsearch method in 
Matlab environment are losing track when the function is discretized and has the same 
value for several subsequent points. After checking a couple points with constant output 
value algorithm cannot decide about the monotonicity of a function and it does not 
know in which direction should it follow. Therefore my own version of auto adjusting 
was implemented into the algorithm testing function. The part responsible for fitting 
parameters is very simple and looks like below: 
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Even though this solution checks only 1 to 100 values of threshold parameter 

browsing through them still gives the optimal result. This range was examined 
experimentally and has large margin. Usually optimal threshold values varies from 30 to 
35 but it is dependent on the algorithm. 

 
All algorithms are tested by the following testing function: 
 

 
 

All tested algorithms were amended to indicate zero as the beginning in case they 
did not recognize activity in the whole signal. This solution can help standardize and 
unify the problematic case of the missing estimation. 

 
Bias (mean value), mean of absolute value of errors and standard deviation are three 

statistical indicators which will be used in order to compare considered onset detection 
algorithms. 

 
All estimators are processing the same dataset with provided real onset of a muscle 

activity. The only variable that is estimated is the indication of time in which a muscle 
began its activity, what is an independent variable. Once the step of processing and 
saving estimations is done, results calculated by all algorithms are gathered and the 
algorithms’ errors are calculated. This is the second considered variable, directly 
dependent on the previously calculated estimation. The error is calculated by subtracting 
real onset time from the indicated by the algorithm. Errors below zero implicate 
premature indications and positive errors implicate delayed indications. An example of 
calculation of an error for Komi algorithm is presented below: 
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5.5 Validity Threats 
 
Even though the comparison is prepared cautiously there exist some validity threats. 

One of them is that signals can contain incorrect data, i.e. signals which do not contain 
any muscle activity or signals in which the activity has begun earlier than the recording 
have been started.  

 
There was a problem what shall the algorithm do when the activity is not recognized 

all along the signal. The problem have been solved by amending all algorithms so that 
they indicate zero when the onset is not detected.  
 

A benchmark used in a research which is a specialist assessment is considered to be 
the most reliable and accurate but still it cannot provide repetitiveness.  

 
There is a problem of EMG signal crosstalk which can mislead even the specialist 

assessment. It would have to be solved by recording and analysing an EMG signal from 
the nearby muscles collaterally. 
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6 RESULTS 

6.1 Comparison of Algorithms 
 
All tables within this section present results measured in milliseconds. Table 1 

presents full comparison for all gathered results regardless the value of error. 
 
 

Algorithm: Bias: | Mean error |: Standard Deviation: Valid Signals: 

Sign Changes 22,54 60,65 190,99 193 

TKVar -272,22 459,96 965,69 193 

sAGLR -177,44 323,17 959,28 193 

Komi 
Comparator -686,56 735,06 1308,7 193 

Table 1. Full Comparison 
 
For the sake of clarity the same table for narrowed results is presented below. For 

some researchers full comparison of indications is very valuable because they care 
mostly about the reliability of their algorithm. False indications are very important for 
them and it is good to present comparison including such spectrum of results. Others 
prefer to have narrowed results because they are focused more on the accuracy of 
indication rather than on reliability of algorithm. Number of valid signals vary for 
accordingly to the algorithm accuracy. Results presented in Table 2 include only 
indications with absolute value of error less than 100 ms. Hence if the algorithm had a 
lot of indications with error greater than 100 ms its number of valid signals included in 
statistics will be greatly decreased. 

 
 

Algorithm: Bias: | Mean error |: Standard Deviation: Valid Signals: 

Sign Changes 10,82 15,25 24,96 168 

TKVar -16,57 24,98 39,08 75 

sAGLR 16,74 25,20 34,21 130 

Komi 
Comparator 14,89 20,56 27,31 117 

Table 2. Narrowed Comparison 
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Below the charts of the most characteristics or important EMG signals will be 
presented. A short description and explanation of the content will follow below, next to 
each chart. 

 
Chart 9. Abdominal muscle EMG signal- ideal 

 
On chart 9 we can observe the ideal case of EMG signal. It looks like the signal 

generated by mathematical model. Each algorithm detected the activation moment more 
or less precisely. What is interesting- the most primitive algorithm- Komi Comparator 
indicated the most precise onset. In accordance with the way it was designed- on ideal 
model of EMG signal, it managed perfectly. 
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Chart 10. Abdominal muscle EMG signal- low noise 

 
Chart 10 depicts the case of EMG signal burdened with a minimal noise appearing 

before the muscle activation. Around 900 ms and 2500 ms we can observe the 
intensified noise of signal. It has larger amplitude but it is not the muscle activity yet. It 
is very easy to distinguish noise from actual activity by visual inspection but onset 
detection algorithm does not that gut feeling which says ‘No, not yet’. After a short 
consideration on how people are diversifying noise from activity we can find a couple of 
indicators basing our reasoning just on the chart 8. One of them could be that a signal 
activity, beside larger amplitude is characterized with that it is preceding even larger 
amplitude after it, while noise is not. After increased amplitude of noise usually follows 
lower amplitude- continuation of noise. The most simple algorithm- Komi Comparator, 
which previously won the comparison is the worst one in this case. The reason is simple, 
it is enough to take a look on detection condition which builds this algorithm. It is very 
simple, thus it must have problems with such complicated task as detecting onset on 
EMG signal. It was briefly described in section 2.2 Onset Detection as an example of 
onset estimator, but just to remind- it is simply comparing current value of signal to the 
threshold. It rises notification if the border value is exceeded. It has certainly does so in 
this case. Unfortunately this time it was not a real activity yet. On the case of this signal 
we can easily observe the primary weakness of this algorithm. 
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Chart 11. Abdominal muscle EMG signal- medium noise 

 
Chart number 11 shows the EMG signal burdened with a medium sized noise 

appearing before the muscle activation- around 900 ms and 2500 ms we can observe the 
intensified noise of signal. The value of noise amplitude is larger than in chart 8. In this 
case even the winner of the whole comparison- Sign Changes algorithm gave wrong 
indication of activity onset. Again it is connected with the construction of an algorithm. 
In its assumptions Sign Changes algorithm is comparing collaterally changes of sign 
and difference between the EMG voltage value of following samples. In order to 
prevent such situations there are several exceptions implemented but evidently they 
failed here. The detection condition is probably still too weak or not suited to this kind 
of signal. 
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Chart 12. Abdominal muscle EMG signal- large noise 

 
Chart number 12 depicts the EMG signal burdened with a large noise appearing 

before the muscle activation- around 500 ms. On this example we can observe the 
relative advantage of Sign Changes algorithm to TKVar and sAGLR which are based on 
statistical indicators. These algorithms are basing their calculations on input parameter 
rather than on the signal analysis itself. The Komi comparator indicated the onset just a 
little frames later but it was just a coincidence because signal in its highest amplitude 
(of this section) reached 0.03 mV which was the threshold for the activation onset. If the 
signal would have different voltage ranges Komi Comparator would not work. 
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Chart 13. Erector Spinae muscle EMG signal- large noise 

 
On chart number 13 we can observe the EMG signal generated by muscle erector 

spinae. It has different characteristics than abdominal muscle. In my opinion it is even 
harder to detect onset on signals registered on this muscle. Large noise amplitudes and 
large noise to signal ratio are the main obstacles on the way o precise indication of a 
muscle activity onset. In this case Komi Comparator and sAGLR algorithms 
mismatched the noise picks with muscle activity. Sign Changes and TKVar algorithms 
are less sensitive on that kind of single picks. Sing Changes estimator is checking if the 
increased amplitude is followed by further activity. TKVar is calculating the signal 
variance and basing on it is indicating the onset. It managed to indicate the proper 
moment because relatively the noise is large but the absolute value is achieving 
amplitude less than 0.05 mV. Basing on the input parameter TKVar undertook a good 
decision but there is a high probability that it was a coincidence dependent on how 
parameter is suited to the actual signal’s characteristic. 
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Chart 14. Erector Spinae muscle EMG signal- extremely large noise 

 
Chart 14 depicts the EMG signal gathered from muscle erector spinae. It is burdened 

with extremely large noise. However, despite very large noise after a short 
consideration we can clearly state that the beginning of muscle activity takes place 
around 1850 ms. This signal differs a lot from the previously analyzed examples 
registered from abdominal muscle. Thanks to its adaptive possibilities only Sign 
Changes algorithm managed to indicate the onset properly on that signal. TKVar and 
sAGLR algorithms indicated zero. It was previously assumed in chapter 5.4 Method 
that if the estimator did not discovered any onset it should choose sample number zero 
in order to inform about the lack of decision. That kind of attitude facilitates further 
analysis which must be always conducted by a specialist. If a specialist have such 
information he knows that he must process this signal manually. If he would get an 
indication which is wrong he would have to look for it among the correct solutions. 
Komi Comparator indicated the sample in which signal achieved value greater than 
threshold. That kind of assessment is critically bad because it introduces confusion and 
can even prolong the result analysis instead of making it much shorter. A specialist who 
sees that kind of indication must reflect on why this algorithm marked that point. 
Normally he would just indicate the wright moment and go further. Sign Changes 
algorithm indicated the best onset moment. However this result is still burdened with 
too large error. 
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Chart 15. Erector Spinae muscle EMG signal- relatively small noise 

 
On chart 15 we can see the EMG signal gathered from muscle erector spinae 

characterized by relatively small noise. Usually noise values in tested dataset were 
higher but this example perfectly shows how relative is the problem of onset detection. 
Komi Comparator indicated some sample from the beginning of a signal as the onset of 
muscle activity because it toggled the threshold value. TKVar indicated the onset a little 
bit too early but overall other indications are tolerably accurate.  

 

 
Chart 16. Erector Spinae muscle EMG signal- continuous noise 
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In case depicted on chart 16 TKVar and Sign Changes algorithms managed to 

indicate the onset of a muscle activity despite the noise has relatively risen two times in 
its amplitude value from the beginning to the moment of 3000 ms. SAGLR and Komi 
Comparator were to sensitive and have detected the noise activity in the middle of this 
chart. These algorithms are certainly very parameter sensitive. They can produce 
considerably good results but only under ideal conditions. 

 

6.2 Histograms 
 
In order to illustrate the results of compared algorithms histograms of errors 

committed by each algorithm during its assessment will be presented. For the same 
reason tables with results above were divided, histograms will be split into two 
categories- full histograms and narrowed histograms. It will show more accurately how 
the algorithms was working overall and near the place of the real onset. Additionally, 
since histogram is a graphical illustration, scaling the chart to the range of [-100, 100] 
milliseconds (or larger, accordingly to the algorithm’s accuracy) will depict more 
accurately how algorithms were assessing the onset and what are the biases and general 
trends. All histograms presented below are briefly described in section 7.1 Analysis of 
the Results. 

 
Histogram 1. Distribution of all errors for all algorithms 
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Histogram 2. Distribution of narrowed range of errors for all algorithms 

 

 
Histogram 3. Distribution of all errors for Sing Changes algorithm 
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Histogram 4. Distribution of narrowed range of errors for all Sign Changes algorithm 

 

 
Histogram 5. Distribution of all errors for all TKVar algorithm 

 
 



 

35 
 

 
Histogram 6. Distribution of narrowed range of errors for TKVar algorithm 

 

 
Histogram 7. Distribution of all errors for sAGLR algorithm 
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Histogram 8. Distribution of narrowed range of errors for sAGLR algorithm 

 

 
Histogram 9. Distribution of all errors for Komi algorithm 
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Histogram 10. Distribution of narrowed range of errors for Komi algorithm 

 

6.3 Statistical Significance 
 
In this research 258 real EMG signals were examined. 65 of them were classified as 

empty or fraudulent channels what gives us 193 valid samples. To verify the validity of 
the differences among obtained results of this research, statistical significance Kruskal-
Wallis test was conducted. This is a non-parametric, ranked test which do not require 
normal distribution of tested data. Kruskalwallis function taken from standard MatLab 
library was used. This function performs a statistical test and returns probability value 
for the null hypothesis that datasets come from the same distribution. Since the results 
are very diversified the probability of that they come from the same distribution was 
estimated to 9.82* 10-18 %. Given the threshold of 5 % significance, widely applied in 
all fields of science, the hypothesis about statistical similarity of obtained results can be 
certainly rejected.  

  
In order to satisfy the need for cross validation Kruskal-Wallis test was processed 

comparing data multiple times pairing each column with another one what created 6 
individual tests. Conducting several statistical significance test in the same case we face 
the risk of getting incorrect conclusions. Because of that the Bonferroni correction have 
been applied and each individual test was conducted with statistical significance level 
decreased 6 times. Hence wanting deliver 5 % significance level particular test have had 
to be conducted under α = 0.83 %. 
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Algorithm Sign Changes TKVar sAGLR Komi 

Sign Changes X 1.93E-21 6.79E-21 9.82E-18 
TKVar 1.93E-21 X 7.86E-13 1.66E-11 
sAGLR 6.79E-21 7.86E-13 X 7.10E-06 
Komi 9.82E-18 1.66E-11 7.10E-06 X 

Table 3. P-values for Kruskal-Wallis statistical significance test of differences 
among errors obtained by compared algorithms 

 
Table 3 above presents the results- p-values given by kruskalwallis function. Each 

algorithm was compared with another one. Analysing values from the table we can 
assume that none of them is greater than estabilished level of α = 0.83 %. Since the 
results of particular algorithms are statistically different from each other conclusions can 
be explicitly deducted accordingly to them. 
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7 DISCUSSION 

7.1 Analysis of the Results 
 

Obtained results are burdened with very large size of errors. It was expected from 
the beginning of the research as one of its postulates was to use real EMG signals 
without excluding problematic ones with big noise to signal ratio. It clearly shows that 
the area of onset detection, regardless wide range of tests done, needs further 
enhancements. Onset estimator shall as a tool for mostly medical use shall be reliable 
and research which is trying to assess usefulness of an estimator should not exclude any 
data which is recognized as a valid EMG signal.  

 
Another factor which could influence on the large size of errors could be the 

automatic estimation of parameters used in this research. Wanting to exclude the human 
factor during the parameter-fitting process a simple function in MatLab was 
implemented, which task was to browse the range of possible parameter values in order 
to find the most suitable one. The most suitable parameter was defined the one which 
brings the lowest mean error value. After a short analysis of all datasets at least one 
conclusion can be drawn. All algorithms were adapted very well only to the learning 
dataset. For the sake of achieving true results the algorithms could not be tested on the 
same dataset which was used to fit parameters. It occurred that testing data was very 
diversified towards the signal characteristics. 

 
Sign Changes algorithm indicated certainly the best onset detection moments, but 

the result are often marked with a delay. Looking at the example of chart 14 the 
indication of Sign Changes algorithm was significantly greater than other estimations 
but still it was slipped by around 100 milliseconds which is too much to be considered 
as a precise indication. This chart and the like must be analyzed in comparison to the 
detection function’s value and exact conclusions must be drawn in order to enhance the 
algorithm. 
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On charts 17, 18, 19 we can observe how Sign Changes algorithm managed with 
large noise in comparison to TKVar algorithm: 

 

 
Chart 17. Abdominal Muscle EMG Signal 

 

 
Chart 18. Sign Changes Algorithm for Abdominal Muscle EMG 
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Chart 19. TKVar Algorithm for Abdominal Muscle EMG 

 
TKVar solution often does not indicate the exact point. Sometimes the error is too 

large to be considered as tolerable. It can be more accurate than other algorithms but less 
reliable. Let us assume that signal noise is very low in the place of measurement (at the 
beginning) and is gradually rising with time. It is very case sensitive. 

 
sAGLR algorithm is, as it was mentioned at the beginning, statistically the most 

advanced solution. Nevertheless it is also very case sensitive. If automatic parameter 
fitting would be conducted in a more accurate way, regarding to the accordance of 
dataset characteristics during the learning and testing phase it could have achieved better 
results. It does not change the fact that this algorithm is sensitive to noise and to input 
parameters. If a specialist would like to use it he would firstly have to suit the 
parameters to each dataset what is certainly not a comfortable solution. The sAGLR 
algorithm may find its application after someone will create a proper tool for automatic 
parameter fitting. 

 
Komi Comparator was a good as a pioneer in this realm but nowadays when the area 

of EMG signal processing needs more accurate and reliable onset indications it is just 
not sufficient. Some amended forms of this algorithm may find approval and become 
accurate enough for some applications but required changes are too large to compare 
these amended versions to theirs predecessor. 

 
 In a previous section 6.2 Histograms the first and second histogram depicts the 

distribution of errors for all algorithms gathered together. We can observe asymmetry in 
relation to y-axis with the advantage of left side. That tells us the tested algorithms 
overall have general tendency to detect too early. It is only an average assessment, so in 
order to conclude anything about particular algorithm we must analyze its histograms 
separately. 

 
On the second and third histogram we can observe distribution of errors produced by 

Sign Changes algorithm. This distribution is the most similar to normal distribution. 
After a short reflection we can state that errors for this algorithm are biased on the right 
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side. Positive value of bias confirms this fact. We can observe the same kind of bias in 
case of TKVar algorithm. Conversely for sAGLR and Komi Comparator. These 
algorithms have left side bias, hence they are detecting onset too early. Komi 
Comparator’s histogram clearly depicts that error distribution in case of this algorithm is 
not similar to normal distribution and it certainly needs enhancements to indicate 
tolerable onsets. 

After a short analysis of histograms we can conclude about things which needs to be 
improved in case of each algorithm in order to make it work more accurately. 

 

7.2 Conclusions 
 
Main conclusion is that all of tested algorithms despite Sign Changes Algorithm are 

very parameter-sensitive. Even though the automatic parameter fitting operation was 
conducted, the test was taken on another dataset which characteristic was different and 
onset indications proposed by algorithms were inaccurate to say the least. Beside that- 
within the algorithms there are other parameters which could also be optimized. In order 
to achieve that they have to be re-implemented to take those parameters as input values. 

 
The main aim within the domain of EMG signal onset activity detection is creating a 

tool which will be widely accepted by specialists. In order to achieve that some steps 
must be undertaken. The main problem of the algorithm which won the comparison is 
the signal which has slowly increasing onset. However, this problem can be solved by 
ensembling it with a solution which handles with it but has other problems. The main 
problem of other 3 algorithms is input parameter sensitivity. In order to enhance them 
one must think about the solution which includes reading the signal characteristics and 
acting accordingly to them. 

 
If further enhancements will require conducting massive amount of complicated 

calculations the possible threat of a long time of execution can arise. In order to manage 
that risk recursive way of calculating statistical indicators (e.g. widely used variance 
[4]). Recursive calculation speeds up window processing algorithm enormously because 
advanced operations for the whole window size measuring samples are diminished 
usually to a couple of simple operations like addition or multiplication. 

 
Below the research questions are explicitly addressed: 
 
RQ1   How to improve the accuracy of onset detection algorithm? 
It can be done through careful observation of an EMG signal and changing the 

algorithm’s assumptions, calculations and construction. 
 
RQ2 Which EMG signal’s characteristics are the most exploitable in onset 

detection? 
Signal amplitude is the most exploitable EMG signal characteristics. In this research 

it is shown that signal sign changes is at least considerably important signal 
characteristics in the area of onset detection. 

 
RQ3   How to process information from the signal characteristics? 
Depending on the information we want to obtain we need to treat the signal 

differently. We might want to analyze the signal amplitude, module, square or as we do 
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in Sign Changes algorithm we might want to analyze the sign changes frequency. In 
order to obtain the data we just have to load the signal into a favorite programming 
environment and read samples. If appropriate we have to apply calculations that are 
required.  

 
RQ4   How does proposed algorithm work in comparison to existing methods? 
Sign Changes algorithm won the estimators’ comparison achieving at least 5 times 

better results according to the criteria. 
 
Answers to auxiliary research questions: 
 
RQ5 Which signal processing methods were successfully applied to EMG signal? 
Inter alia: sAGLR, Bonato, Teager- Keiser Energy Operator, EstOpt, Abbink. These 

methods are known from the changepoint detection area and are successfully applied in 
the area of EMG onset detection. 

 
RQ6 How does signal processing methods change the signal characteristics? 
It strongly depends on the signal processing method. We should be aware that most 

filters shift the onset which is measured what influences the results. Additionally- all 
signal processing methods that are taking square or an absolute value of a signal lose the 
information about signal sign which can be useful during the process of estimation. 

 
RQ7 Can existing methods be ensemble into a more accurate algorithm? 
Yes, they can be ensembled. Results of this research show that ensemble algorithms 

solution would most probably be more accurate than the predecessors. 
 
RQ8 Can an onset of a muscle torque be a benchmark for the estimations of an EMG 

signal onset? 
Since a human body is burdened with EMD (Electromechanical Delay) it makes no 

sense to use a muscle torque as a benchmark of an EMG onset.  EMD takes around 30-
60 ms and the value varies among people. 

 

7.3 Future Work 
 
Two stage onset detection algorithm presented by J. Drapała et al. [5] inspired me on 

how the onset detection algorithm can be structured. It can be created from two or more 
different stages which can provide some complementing information. Even though 
proposed algorithms differ from that proposed in the above mentioned research they can 
be applied together in an ensemble algorithms solution what can result in even more 
exact and robust solution. Designing such an algorithm one should be aware of the fact 
that the first phase of this estimator shall be the most reliable. It is not the most 
important goal to indicate the accurate onset in the first phase. It is far more important 
not to miss the onset at all, even if that would be the 1 % of all cases. Considering 
reliability we must look at different samples of EMG signals, especially these difficult 
ones. As it was suggested above it might be a very good idea to ensemble algorithms 
Sign Changes and sAGLR. First of them is essentially  reliable and accurate enough to 
be able to point the onset area. It is also very universal and gives reasonable results for a 
wide range of parameters almost regardless the signal characteristics. Hence it is not 
very sensitive to general conditions. It is very noise-resistant, even if the amplitude of 
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noise is relatively high. The second algorithm, after the implementation of  some 
changes and inventing some way to make it less parameter-sensitive, can be used as a 
very accurate indicator of onset within the initially determined range. 

 
In next versions of each algorithm uncertain result must be excluded. If the 

algorithm is not sure (assessing function returns small values) it is much better not to 
present any answer than guess the indication. Future comparison shall somehow manage 
with the empty answers and separate them from normal indication. Assuming that the 
algorithm indicates 0 when it does not know where the onset is foregoing comparisons 
were calculating it as a normal indication what gives us no information. Moreover it is 
frauding other results, threatening the overall result of the whole research. Assuming 
that the real onset is near the end of a signal in most cases algorithm which would 
indicate random values, within the range of x-axis, would be assessed as better. 

 
In order to enhance any of tested algorithms, bias should be studied carefully for 

each dataset. It would give us valuable information about how to enhance the algorithm. 
If the algorithm is indicating on average 15 samples too late, even simple hard-coded 
shifting the result to be 15 samples earlier is a good idea. Obviously information about 
the bias can be processed in a better way e.g. implementing some changes to the onset 
detection criteria, but the above is just an example to emphasize the gain which can be 
achieved by simple operations. Additionally some steps shall be made in order to 
establish the exact place, within window frame which explores the signal, in which 
signal  is beginning its activity. Assuming that window frame contains 200 samples, if 
an algorithm detects an activity while shifting through the signal, most probably the 
onset is somewhere in the middle of a window size. It can be easily fitted working on an 
ideal case of EMG signal because there we can easily distinguish noise from the real 
signal activity. If the algorithm will not indicate the precise sample in which the activity 
started we can conclude to which side should we shift our indication. 

 
Automatic parameters fitting occurred to be a very problematic task. Next version of 

comparison should take two things into consideration which this research did not: fitting 
all parameters and dividing dataset into a chunks of similar signals. Looking at different 
onset detection estimators we can observe that their efficiency relies on more parameters 
than just threshold. There might be several threshold for different signal characteristics. 
Window size is also often a parameter because depending on signal the estimator is 
working differently for different size of window. Adaptive methods with floating size of 
window [7] can be considered to be applied. 

 
Import tool should be extended to be able to read files automatically. Possible 

solution is to gather all files with extension .xls from a given destination folder and read 
them all assuming that following columns are connected with separate channels. MatLab 
variable names can be created directly from file names. 

 
Algorithms comparison function can be suited to bigger amount of channels than 8. 

For now 8 channels is enough but in near future EMG area can change a lot.  
 
Detection algorithm should protect itself against badly formatted data. At least the 

following indicators shall be checked: 

 Accordance with the minimal length of data 
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 Checking consistency (i.a. missing samples, different signal lengths ) 

 Not a Number (NaN) fields  

In this research data conformance was checked by manually written, suited script. 
However this solution is not ready yet to work with each data without amending any 
changes. 

7.4 Recommendations 
 

One of proposed algorithms- Sign Changes can be certainly recommended as an 
estimator of activity onset in case of abdominal muscle of human body. This muscle is 
usually very hard to detect onset on because of its high noise to signal ratio but this 
particular algorithm can manage with it clearly well. It can also be applied in each 
muscle section which is characterized by single appearing crosstalk with a relatively 
large amplitude. 

 
If a reader is looking for the algorithms which can be ensembled together Sign 

Changes algorithm can be recommended as an algorithm used for the sake of initial 
detection because of its high reliability. As a secondary algorithm either amended 
TKVar algorithm or sAGLR can be used. It strongly depends on the application area and 
it must be selected individually. The most important task of secondary algorithm is 
pointing the exact detection, having defined the region in which signal might have its 
onset of activity. However some changes are required because now  these algorithms are 
very parameter-sensitive. 

 
Important remark about the noise recording: the range of first 200 samples is used to 

characterize signal noise. If your signal already begins its activity in this region you can 
either change the code, which is shared with this Thesis in order to sample the noise in 
other place(e.g. at the end of signal), or paste 200 signal samples from other place at the 
beginning of your dataset. 
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