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ABSTRACT 

 

This thesis aims to develop an interfacing mechanism for controlling prosthetic devices 

using Force Myography signal (FMG) and various hand gesture classifications. The FMG signals 

have been collected through three piezoelectric sensors banded around the forearm and Omega 

Data Acquisition (DAQ) System. The recorded data has been imported into Matlab, Simulink 

software for analysis and classification. The hand motion has been recorded through Virtual 

Motion Glove (VMG), and utilized in the system identification procedure to find out the dynamic 

relationship between the hand gesture and the corresponding FMG signals. Several classification 

and recognition models have been considered. Tree Decision Learning and Support Vector 

Machine (SVM) showed high accuracy results. Both of these estimated models generate above 

82% of accuracy in terms of classification. The feasibility of the FMG signal for the 

implementation of a control system in the prosthetic hand is also tested. The result shows a high 

degree of accuracy in replicating the grasping gestures using threshold method.  To limit and 

control, both the position and the amount of force applied at the fingertips of a prosthetic hand, a 

dynamic relationship has been established with the corresponding FMG signal through system 

identification method. These relationships will provide a useful foundation for the implementation 

and utilization of control system in an assistive device. In order to see the performance of FMG 

over electromyography (EMG), a comparative analysis has been performed by collecting EMG 

signals from the same groups of muscles. Unlike EMG, FMG signal is not affected by sweat, skin 

impedance, and doesn’t need a reference signal. 
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CHAPTER 1 

INTRODUCTION 

1.1 Motivation and Problem Description  

   In the United States, there is an estimation of 185000 of upper limb amputation each year. 

In 2015, approximately about 541000 Americans had had various levels of upper limb losses. The 

number is predicted to be 3.2 million  by 2050 [1]. Furthermore, the European States are also 

facing the similar challenges ; approximately 94,000 upper limb amputation had been reported [2]. 

The average traumatic upper limb amputations is about 1900 per year [2].  The leading causes of 

these upper limb amputations are traumatism, typical for male, following by vascular, or infectious 

diseases.  As the result, the demand for prosthetic devices is increasing more drastically. However, 

due to  the high prices,  low functionality and lacking of sensor feedback  people tends not to use 

prosthetic hands frequently [3].  Approximately 35 % to 45% rejection rate for body-power and 

electric prosthesis has been surveyed and reported [4]. Another challenge with the existing 

prosthetic hands is its inability to mimic the natural hand capability due to the lack of sensory 

feedback, grasping capacities, and intuitive response for sudden touch and impact changes [5].  

These prosthetic devices also require different interfacing mechanisms such as 

Electromyography (EMG), Electroencephalogram (EEG), and Force Myography signal. 

Especially, the myoelectric signal interfaces have become an important instrument for designing 

and controlling assistive devices [6]. One of the popular methods to collect the signal data is 

through surface electromyography also known as sEMG [5, 6].  In this method, the associated 

electrical signal of different muscle motion is recorded through the skin, decoded, processed, and 

extracted for features to control assistive devices [7]. However, the EMG method is tedious and 
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complicated due to the complexity of the generated signal and as the signal can also be easily 

affected by noise, electromagnetic field, fatigue muscle, cross talk and neighbor muscle 

contraction [8, 9]. Consequently, the EMG pattern recognition is difficult to obtain, especially 

when the frequency representation of noise is arbitrary [10]; it also requires an advanced signal 

process technique and expensive equipment, which adds-up to the difficulty level of interfacing 

and cost of implementation in the control of assistive devices [8] [11]. These challenges, in the 

utilization of EMG for the interfacing system open up a wide variety of research area in signal 

processing, data classification, sensing device, alternating interfacing mechanisms for assistive 

devices. 

1.2 Research Objective  

The objective of this thesis is to provide an alternative solution to the existing challenges 

in the interfacing of a user and a prosthetic device, the implementation of FMG has been explored 

and tested for feasibility. This research aims to obtain FMG signal, and utilize machine learning 

methods to classify basic motions, such as grasping, pinching, and left flexion; then implement 

these motions through Arduino microcontroller to command the prosthetic hand device. The FMG 

signal has been collected through three piezoelectric sensors banded around the forearm and 

Omega Data Acquisition (DAQ) System, then imported into Matlab Simulink software for analysis 

and classification. Clear and distinct correlation between the hand gesture and the FMG signals 

have been obtained. Three hand gestures have been classified and used from the three sensors only, 

which makes the whole system cost effective and easy for implementation. The main contributions 

of this work are: 1) the hardware design of a simplified FMG measurement system that can be 

worn on the arm, 2) a unified algorithm for detection, segmentation, and classification of muscle 

movement corresponding to hand gestures, 3) system identification to establish a dynamic model 
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between FMG and the corresponding finger joint positions and fingertip forces, 4) a comparative 

analysis of EMG verses FMG collected from similar groups of muscle, and 5) experiments 

demonstrating the real-time control of a prosthetic hand.   

1.3 Organization of Thesis  

This thesis is structured in the following order: 

 Chapter 1 presents the motivation and the current challenges associated with EMG signal and 

prosthetic device; the section also introduces FMG techniques to resolve some of the current 

challenges.  

 Chapter 2 presents both literature review of EMG, FMG, and EEG in term of what have been 

done and the current research opportunities. This section also introduces the preliminary 

outline of the research.  

 Chapter 3 introduces the methodology of feature selection and machine learning. Specific 

signal selection techniques, such as mean absolute value, Willison Amplitude, slopes sign 

changes, waveform length, and wavelength transforms are presented.  

 Chapter 4 consists of several experimentations and results, such as data acquisition through an 

oscilloscope, Daq board, Virtual Reality hand glove, and Myo-Band; Modeling through 

Machine learning, classification, and system identification; implementation of the grasping and 

pinching hand gestures into a prosthetic hand  based on FMG inputs. 

 Chapter 5 concludes the feasibility of FMG signals in terms of application, its advantage, and 

limitations.   
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Prosthetic Control Interfacing Mechanism 

 Most of the current advanced prosthetic devices attempts to utilize EMG and EEG signal 

interfacing systems [12].  In these devices, EMG and EEG signals are collected, classified by 

feature extraction and pattern recognition through various signal processing and machine learning 

methods. Once the signals of various gestures have been classified, machine learning models are 

formed and incorporated into the microcontroller to command motors in the prosthetic hand.  

Although, many detailed classifications have been done using EMG and EEG, the implementation 

for real time control is challenging due complexity  of integrating signal processing and 

incorporating machine learning into the controller. Understanding the existing interfacing 

mechanism and its advantages and limitations is very important for the investigation and 

advancement of the technology. Thus, the following sections are structured to review these 

interfacing systems, signal processing techniques, their application, and limitations.   

2.1.1 Current Prosthetic Devices  

The most popular EMG control prosthetic hand in the market is Bebionic (See Figure 1). 

This prosthetic hand has basic gripping and grasping capabilities to aid the patient with simple, 

daily tasks [13]. It costs  approximately from $10,000 to $35,000 depending on the additional 

gripping patterns and the time response [14]. 
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Figure 1: Beionic Hand 

The second popular, EMG controlled prosthetic hand is the DEKA built by DARPRA of 

Revolutionize Prosthetic funding in the US (See Figure 2)[15]. The hand features 24 grips gesture 

building along with force sensors at fingertip giving feedback to the user. DEKA Arm costs about 

$100,000 [16]. 

 

Figure 2: DEKA Arm 

The third prevalent prosthetic is Ilimb, this prosthetic is still under development for 

research purposes (See Figure 3). Ilimb utilize different set of brain myography signal to recognize 

user intention for controlling the prosthetic [17]. Ilimb can generate independent finger movement 

which allows the prosthetic to handle the interacting subjects more engaging compared to 

traditional myography based prosthetic hands. The cost estimated around $80,000 to $120,000[17].  
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Figure 3: Ilimb Prosthetic 

2.2 Electromyography  

Different muscle movement produces various sets of electrical signals which can be 

collected at different motor units through the skin (See Figure 4).  The collected signal data  

through these motor units is called electromyography (EMG) [18]. Motor units are sensitive 

locations, where nerve fibers conduct electrical signal to activate different muscle regions. 

Electromyography is considered as useful physiological property to understand the coordination 

of the neuromuscular system (See Figure 5). Hence, EMG is widely applied and utilized in 

movement analysis, clinical medicine, sport sciences, and prosthetics etc. [19].  

 

Figure 4: Tracking EMG Motor Unit through Skin 
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Figure 5: EMG Signal Pathway Generation  
The utilization of EMG has been greatly explored in the implementation of control system 

for upper limb prosthesis [5, 7, 20]. Most of  the existing commercial prosthetic devices identify  

user intention’s by comparing the mean of the absolute value (MVA) of the EMG signal with a 

predetermined threshold [21], as the amplitude of EMG signal is proportional to the user’s activity. 

However, MVA method can only applied to basic gestures, such as opening and closing of the 

fingers, or rotation around the wrist [21].  Multi-functional prosthesis with greater number of 

degrees of freedom, requires more advanced and efficient EMG pattern-recognition [22-24]. 

Advanced algorithm and signal processing are required to maneuver EMG for dexterous control. 

Research efforts are still underway, recently few researchers have attempted to develop complex, 

pattern recognition and machine learning algorithms to maximize the utilization of EMG in 

assistive devices [5]. Similarly, many signal processing techniques have been extensively explored 

for feature-extraction and pattern-classification. For instance,  for feature vectors  are obtained 

through EMG amplitude, Fourier transformation coefficient, k-nearest neighbor and lazy learning, 

wavelet transform (WT), or wavelet packet transform (WPT) through time and frequency analysis 

[7, 21-23, 25]. The feature vector classified performance can be evaluated through classifier, such 
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as hidden Markov model, multilayer perceptron, and Gaussian feature model [7, 21, 23].  Another 

example of classification, Engelhart applied wavelet packet transform for feature extraction from 

four channel EMG signals to distinguish six different hand motions and tested for accuracy by 

using Bayesian classifier [8]. Similarly, Nishikawa applied the hidden Markov model to check 

accuracy of eight different hand motion classification [7].  Yet, the EMG feature extraction and 

classification methods are tedious and complicated due to the complexity of the signals and nature 

of user dependences. In addition, EMG is significantly depends on the electrode characteristics, 

such as dimension, distance between electrodes, distance between electrodes and motor unit, and 

materials, etc. [18, 26-30].   The signal can be easily affected by noise, electromagnetic field, 

muscle fatigue, and neighbor muscle contractions [8]. The amplitude of EMG is fluctuating from 

0 to 1.5 mV (rms) or –5 to 5 mV[31, 32] .  The spectrum frequency is ranging from 70-130 Hz 

under 0-500 Hz bandwidth  [32]. Noise can be ranged from 0 Hertz to 500 Hertz depending on the 

equipment; ambient noise ranges from 50 to 60 Hz [32, 33].  

There are several factors influencing surface EMG, such as the geometry of muscle, the 

conductivity of the fiber and tissues, length of fibers, number of motor units etc. [18, 29, 34].  

Distinguishing the gesture through surface EMG signal is a challenging task. Not only several 

mentioned factors can distort EMG; it can also be affected by neighboring motor unit. This 

phenomenon is called “cross talk”; signal recorded in one region  could be affected by the nearby 

muscle region [9, 35]. As the result, the EMG pattern recognition is difficult to obtain, especially 

when the frequency representation of noise is arbitrary [10].  
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In a nutshell, signal pattern recognition and classification can be summarized as shown in Figure 

6:  

 

 

   

 

 

 

 

 

 

 

 

 

Figure 6: Signal Selection Process 

2.2.2 EMG feedback sensory challenge  

 Although EMG promises many potential application in the prosthetic device, it has 

also several limitations. One of the highlighted limitation is the lacking of sensory feedback. 

Prosthetic users depend solely of the vision for arranging the assistive device or performing 

task[36]. As the result, carrying out a desire task requires extreme focuses and efforts which 

discourages  the user from utilizing assistive prosthetic device[37, 38].  
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 There are two main approaches to solve the sensor feedback challenges. Firstly, non-

invasive technique, often relate to using tactile for stimulation[39]; the feedback information is set 

into the prosthetic device and simulate through skin mechanically or electrically[5, 40, 41]. The 

draw-back of this technique is the associated longer delay in signal feedback,  approximately from 

50 to 250 ms, this causes problem in the implementation for real time control system [5, 40]. On 

top of this, in order for feedback control to be effective, it requires extensive training and sensory 

adjustment which discourages the user from utilization of prosthetic device, even for simpler daily 

activities. 

 The second approach is the invasive technique. This requires extensive surgery to implant 

tactile sensor into the remaining limb to transfer the electrical signal directly to the brain. This 

technique provides the user the natural sensory feedback [42, 43] . However, it requires expensive 

and complicated surgery. The procedure requires the detection of the available nerve associated 

with the corresponding finger digits [44]. The process becomes more tedious due to these nerve 

locations, they are not bundled in one place but rather distribute differently over the shoulder and 

the chest of the amputee.  And it is an undesired option for many patients due to complication 

process and overly expensive procedure. 
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CHAPTER 3 

SIGNAL PROCESSING METHOD AND MACHINE LEARNING  

3.1 Signal Decoding  

 In order to extract useful information from FMG, EEG, or EMG signals, various algorithms 

for feature selection and dimension reduction have been developed.  Two main approaches are 

pattern recognition-based and non-pattern recognition-based [6, 45].  Pattern recognition relies 

mostly on feature extraction from different times of the collected signal segment [6].  These 

features, then can be used as input for the classifier. At times, feature extracted can be filtered one 

more time to collect an improved subset (dimension reduction) [5]. Output classifier or dimension 

reduction set could be utilized to control the prosthetic device [45]. 

 Non-pattern recognition approach, however rely on threshold algorithm and proportional 

algorithm. This method is straightforward and simple, though the distinct threshold in the signals 

of different people are different [45].  One of the method to reduce the complexity and variance of 

these input signal is segmented into smaller feature vectors. These feature vectors are then 

imported as input for classification [46]. For instance, steady state of EMG (muscle is continuously 

under repeated gesture stimulus) is more efficient compared to the transient state (the collected 

signal initializing from muscle rest to muscle stimulus) [47].  A study had been done to compare 

the difference between the two states over 32 to 256 ms segment; the classification accuracy 

provided by the steady state is higher than transient state due to the transient state had to start from 

rest to contraction. As the result,  it diminishes the ability of changing one state to another[47].   

Features of the segment can be extracted through time domain, time- serial domain, frequency of 

spectral domain, or time frequency domain [10, 20, 45]. In the time domain feature extraction, the 

features are selected by the amplitude. The feature involves the direct calculation and does not 
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require transformation. Some of the method involves time domain feature extraction are Mean 

Absolute Value , Mean Absolute Value Slope, Willison Amplitude, Slope Sign Change , Variance 

of signal ,zero crossing etc. [45, 48]. Frequency domain or time frequency domain require different 

methods of feature extraction such as frequency ratio, wavelet transform, short-time Fourier 

transform[8]. Highlighted feature extractions are summarized in Table 1.  

TABLE 1 

FEATURE EXTRACTION METHOD 

Feature Extraction 
 

Equation  Condition   

Mean Absolute 
Value 

 
𝑀𝐴𝑉𝑖 =

1

𝑁
∑|𝑥𝑖(𝑘)|  𝑓𝑜𝑟 𝑖 = 1, … , 𝑖 − 1 

𝑁

𝑘=1

 
 N is the number the 

sampling. Xi is a value of 

the segment. [5, 7]  

Mean Absolute 
Value Slope 
(MAVSLP) 

𝑀𝐴𝑉𝑆𝑖 = 𝑀𝐴𝑉(𝑖 + 1) − 𝑀𝐴𝑉(𝑖)  i is the segment of the 
given signal [49] 

Willison 
Amplitude 

𝑊𝐴𝑀𝑃𝑖 = ∑ 𝑓(|xi(k) − xi(k + 1)|)𝑁
𝑘=1         𝑓(𝑥) = 1 𝑖𝑓 𝑥 > 𝑥𝑡ℎ , 

    𝑓(𝑥) = 0 𝑖𝑓 𝑥 < 𝑥𝑡ℎ  

 

xi is a value of the segment 

.[50] 

 
Slope Sign 
Changes 𝑆𝑆𝐶𝑖 = ∑ f[(xi(k) − xi(k − 1)

𝑁−1

𝑘=2

∗ (xi(k) − xi(k + 1))] 

𝑓(𝑥) = 1 𝑖𝑓 𝑥 > 𝑥𝑡ℎ 

𝑓(𝑥) = 0 𝑖𝑓 𝑥 < 𝑥𝑡ℎ  

 

xi is a value of the segment 

.[51] 

 
Zero Crossing ZC is simply the the numbers of times where 

signal cross zero. Given two consecutive 
signal (xk, xk+1), 

𝑓(𝑘)
= 1 𝑖𝑓 𝑥𝑖(𝑘) ∗ 𝑥𝑖(𝑘 + 1)
< 0 𝑎𝑛𝑑 |𝑥𝑖(𝑘) − 𝑥𝑖(𝑘
+ 1)|   

xi is a value of the 

segment.[52] 

 
Variance of the 

Signal 𝑉𝐴𝑅𝑖 =
1

𝑁
∑(𝑥𝑖(𝑘) − 𝑎𝑣𝑔(𝑥𝑖))2

𝑁

𝑘=1

 
 xi is a value of the 

segment. [20] 

 
Frequency Ratio 

𝐹𝑅𝑗 =
|𝐹(. )|𝑗 𝑙𝑜𝑤 𝑓𝑟𝑒𝑞

|𝐹(. )|𝑗 ℎ𝑖𝑔ℎ 𝑓𝑟𝑒𝑞
 

 FR is frequency ratio.[10, 
53] 

Wavelet 
Transform Wli = ∑(|𝑥𝑖(𝑘) − 𝑥𝑖(𝑘 + 1)|)

𝑁−1

𝑘=1

 

 

𝐶𝑊𝑇𝑥(𝜏, 𝑎) =
1

√𝑎
∫ 𝑥(𝑡)𝜑 (

𝑡 − 𝜋

𝑎
) 𝑑𝑡 

 y(t) is called mother 
wavelet a = a0j and τ = n · 
a0j n and j are integers 
a0 is dyadic wavelet  2 is 
the value often 
selected).[49] 
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3.1.1 Dimensional Reduction  

Feature Projection: The feature selection method aims at producing a new set based on the 

combination of the original sets. This can be done by different techniques, such as principal 

component analysis (PCA), Linear Discriminant Analysis (LDA), and Canonical Correlation 

Analysis (CCA) [5, 54, 55]. Both of the analysis methods provide a linear map and reduce original 

data into the new set with a diminishing mean square error [5]; Feature projection can be utilized 

and transformed into feature selection. However; it has limitations; for instance, when feature 

projections are first gathered, then transform from original feature space to new features, the result 

set is difficult to understand due to the lack physical meaning in which derive several complex 

original sets [56].  

Feature Selection: The feature projection method also produces a new set by selectively 

choosing a better subset based chosen class criteria. This method is more efficient since the 

selected subset characteristics are not transformed for each selection [57]. Distinct characteristic 

or physical meaning are reserved for a subset. As the result, the feature selection data set can read 

easily for analysis. Feature Selection can be accomplished through different methods such as 

Information Gain, Fisher Score, Relief and Lasso [54]. Features can also be divided into three 

subcategories: flat feature, streaming features, and structure feature.  Different algorithm models 

are developed for recognized these features. This includes filter model, which involve two-step 

process ranking features accordingly, then feature with the highest ranking are selected to create 

the classification model. Or Fisher Score in which high quality is assigned relatively closed value, 

and different or lower if otherwise[54].   

  



  

14 
 
 

Given the  i-th feature, the Fish Score can be calculated using equation 1: 

                                                           𝑆𝑖 =
∑ 𝑛𝑗(𝜇𝑖𝑗−𝜇𝑖)2𝐾

𝑘=1

∑ 𝑛𝑗𝑝𝑖𝑗2𝐾
𝑘=1

                                                         (1) 

Where, uij is the mean, pij is the variance, nj is number of instances in jth class, ui is the mean of i 

feature. 

3.2 Machine Learning  

Data classification can be understood as sorting out the gathered data set into new 

categories. There are two types of learning methodology for machine learning. First, supervise 

learning, where developed predictive model based on input and output data. Supervise learning 

divided into branches: classification in which the model predict discrete or fixed response; and 

regression in which the model predict continuous response[58]. Secondly, unsupervised learning, 

where trained model group and analyze data solely input data. Unsupervised applied clustering 

method to find hidden pattern of different of data[58]. Some of the popular model in machine 

learning included Support Vector Machine, Discriminant Analysis, Decision Trees, Neural 

Network, and etcetera[59]. Machine Learning can be summarized in Figure 7. 

 

 

Figure 7: Machine Learning 
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3.2.1 Machine Learning Application 

 Machine learning can be applied to determine and range regular email and spam email, or 

diagnosing bacteria based on the characteristic of bacteria, such as color, size, effect on human, 

etcetera. Machine learning can be divided into two phases: training phase and the prediction phase. 

 During the training phase, data are analyzed and sorted out in a new set of features. Features 

can be different categories such as letter (blood type), size (large, medium, small), or real value 

(integer). The data then process through an algorithm in which produce a new category. The new 

category is assigned a label accordingly. The process is summarized in Figure 8. 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Training Data Outline 
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One of the pattern recognition method popularly used for sEMG classification is Bayesian 

pattern classification. Englehart has applied this method to distinguish six different  hand motions 

from EMG signal [5, 54].  The input vector and response space output is obtained for probabilistic 

framework. The posteriori probability pattern of the input can be calculated 

through 𝑃(𝑦𝑘|𝑋) 𝑓𝑜𝑟 𝑘 = 1, … , 𝐾 , where, 𝑥 is input set variable  𝑌 is the variable for classifying 

and generalizing. 

 Other classification method included artificial neural  networks, fuzzy logic ,and neuro 

fuzzy system. [60, 61]. Two specific machine learning methods are utilized in this thesis, Decision 

Three Making and Support Vector Machine.  

3.2.2 Decision Tree Making 

Another popular method for supervised learning is the decision tree learning. The method 

often provide high accuracy, stability, and clear and distinct understanding. Decision tree displays 

in flow chart structure. The criteria decision is sorted based on description, labelling, and 

generalization of a provided data set. Mathematical and computational technique of a given data 

also provided insights for building decision tree [62, 63]. Data are often imported as the following 

format: 

(𝑥, 𝑌) = (𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑘 , 𝑌) 

where,  

𝑥 is input set variable  

𝑌 is the variable for classifying and generalizing  
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3.2.3 Support Vector Mahcine  

  SVM is a supervised machine learning technique classifying training data by a separating 

hyperplane [64, 65]. SVM algorithm yield hyperplane which groups a new set. The hyperplane 

can be calculated in equation 2:  

                                                                      𝑓(𝑥) =  𝛽0 +  𝛽𝑇                                                       (2) 

Where, 𝛽 is the weight vector, 𝛽0 the bias and 𝑥 is the training set closet to hyperplane  

If the training set is linearly separable, a new set is created based on the condition in equation 3: 

                                                                             𝛽 𝑇𝑥𝑖 +  𝛽0  ≥ 1               ∀ 𝑥𝑖€ 𝑃                                             (3) 

                                                                             𝛽 𝑇𝑥𝑖 +  𝛽0  ≤ −1             ∀ 𝑥𝑖 € 𝑁                           

The decision set rule is given by the following criteria equation 4: 

                                                              𝑓(𝛽, 𝛽0 , 𝑥) = 𝑠𝑔𝑛 ( 𝛽 𝑇𝑥 + 𝛽0 )                                                  (4) 

Once the hyperplane is found, and the algorithm criteria is implemented. The solution is 

linear combination of these points lie on margin of the hyperplane as following:  

 
Figure 9: SVM classifier data set 
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CHAPTER 4 
 

EXPERIMENTATION AND RESULT 

4.1 General Outline 

This chapter consists of several experimentations and results such as data acquisition, 

Virtual Reality hand glove, and Myo-Band; modeling through machine learning, classification, 

and system identification; implementation of the grasping and pinching hand gestures with a 

prosthetic hand based on FMG input. The general outline to classify the accuracy of three basic 

hand gesture (grasping, pinching, left flexion) using FMG signal and its implementation to control 

a prosthetic hand is shown in Figure 10. In the experimentation , piezoelectric material is chosen 

for the force sensors due its high sensitivity to applied forces in which translate into a voltage 

signal through a transducer device [60]. Three piezoelectric sensors were placed strategically at 

the different forearm muscle region, then connected to the Omega Daq System for acquiring the 

voltage generated by different specific motions. The collected FMG data has been analyzed 

through Matlab, Simulink software for gesture classification and verification of the accuracy of 

the various models. The captured data is used for classifying basic hand motions. The recognition 

models Tree Decision Learning and Support Vector Machine (SVM) have been utilized for 

classifying purpose. The classified and trained data can be integrated into Arduino Microcontroller 

and utilized for controlling the prosthetic hand. 

 Surface EMG is also collected through Myo Band and the result has been compared with 

FMG. The findings are consistent with literatures that FMG provides a better signal stability and 

lower variance over EMG [66].  
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Figure 10: General Methodology Flow Chart 

4.2 Experimental Set up  

The experiment was conducted to acquire three basic forearm motions FMG signals from 

three piezoelectric sensors strategically placing at brachioradialis, flexor carpi radialis, and 

extensor carpi ulnaris muscle which are the regions responsible for flexing the finger ( See Figure 

11 )[67]. Data was collected through three males subject at the sample rate of 25 Hz. Specific hand 

gesture such as power grip (grasping), pinching, and left flexion were performed five to six times 

starting from rest. Rest interval is approximately 1 seconds.  Four to five trials were performed for 

each subject with total 12 -14 seconds of actuation times. For each gesture several trials have been 
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conducted for validating the consistency of data. Two trials from experimental result are selected 

as shown in Figure 14, Figure 15, and Figure 16 in Section 4.3.  

 

Figure 11: Forearm muscle anatomy 

The piezoelectric sensors were connected to three channels of Omega Data Acquisition 

System (ODAS) to obtain FMG data signal with a set sampling rate of 25 Hz (See Figure 12).  

 

     

Figure 12: ODAS and piezoelectric sensors 

All the collected data are shown in Experimental Result of FMG section.  The ODAS signal 

data have been analyzed and classified through Matlab Simulink Software. Once the data set had 

been trained. It’s then implemented into prosthetic hand through Arduino Microcontroller. For the 

real time control, the command input has been stimulated through band into a prosthetic hand (See 
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Figure 13). The hand has seven degrees-of-freedom with an active palm joint, which can help the 

user perform grasping and pinching gestures more efficiently[68].  

                                                

Figure 13: Palm Roll Prosthetic Hand 

4.3 Experimental Result from Force Myography 

FMG signals of three different hand motions: grasping, pinching, and left flexion have been 

performed. Piezoelectric sensors are utilized for signal acquisition through ODAS. The average 

interval for actuation time for each hand gesture was ranging from 10 to 12 seconds.  Each gesture 

took approximately 2 seconds starting from relaxing resting position.  

 



  

22 
 
 

 
 

Figure 14: Grasping Motion from ODAS (a) trial 1, (b) trial 2 

 All peak voltages in power grip are higher than pinching and left flexion. The highest 

peak is approximately 8V in flexor carpi radialis (see Figure 14). The lowest peak is below 1 V 

in extensor carpi ulnaris. The voltage generated in Branchioradialis is about 3.5 V which is 

higher than both pinching and left flexion. 
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Figure 15: Pinching Motion from ODAS (a) trial 1, (b) trial 2 

The highest peak in pinching motion is about 4.8 V. Flexor carpi Radialis and Extensor 

Carpi Radialis is relatively low, approximately about 0.5 V (See Figure 15).  
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Figure 16: Left Flexion from ODAS (a) trial 1, (b) trial 2 

As for left flexion, the voltage generated in flexor carpi radialis is about 3 to 3.5 V lower 

than pinching and power grip (See Figure 14, Figure 15, and Figure 16). The voltage in 

branchioradialis is about 1 V, in which higher than pinching and less than power grips.  Each 

voltage feature are a foundation for machine learning classification.  



  

25 
 
 

Each gesture motion has distinct feature interaction with a specific region. For instance: in 

grasping motion, the voltages generated at flexor carpi radialis is higher (≈8V) comparing to 

pinching (≈3V)  and left flexion (≈4V). Pinch motion voltage generated through brachioradialis is 

smaller (≈0.5 V) compare to other motions (≤1V).These factors become clear features for tree 

decision learning method. These features are imported into Matlab Simulink software for analysis 

and classification (See Section 4.4).  

  Obtained gesture data has been imported into Matlab, Simulink Software for analysis. The 

accuracy of the three basic gesture recognitions are greater than 80 % in Tree Decision Learning 

(especially Bagged Tree) and Fine SMV classifiers (see Figure 20 and Figure 22 ). 

4.4 Result from Classification  

Supervising learning method has been applied for training various models in which 

assembled by input data and assigned output. The amplitude features of FMG signal at 

brachioradialis, flexor  carpi radialis , and extensor carpi ulnaris of the subjects were imported into 

machine learning. There is the total of 4200 points data in order to train various machine learning 

models.  

In this experiment, the classification of hand gesture based on FMG is performed. The 

highest models generated through Tree Decision learning (82.3 % accuracy) and Support Vector 

Machine (81.6%). The obtained data also supported FMG advantages in which the variance of 

FMG signal is lower than EMG. The transient responses had shown a separated distinct pattern, 

which is a useful factor for feature selection. The low cost of equipment, simplicity in setup and 

procedure, reduced signal delays while giving accurate data are also other good features of the 

FMG based control system. The FMG signals collected through piezoelectric sensors shows high 

accuracy recognition of three gestures.  



  

26 
 
 

  The new sets of FMG signals has been collected and tested for accuracy under different 

models. The results from the recognition of each selected muscle region (brachioradialis, extensor 

carpi ulnaris, and flexor carpi radialis) with various gestures such as grasping, left flexion, and 

pinching with 60 seconds interval are presented below.  

TABLE 1 

 CLASSIFICATION ACCURACY THROUGH MATLAB SIMULINK SOFTWARE 

 
 
 
 

 

 All of the collected data are imported in machine learning classification to build a model. 

The highest accurate classifiers are bagged tree and fine SVM.  Figure 17 and Figure 18 indicate 

the comparison between Branchoiradialis vervus Flexor Carpi Radialis Muscle and Extensor 

Carpi Ulnaris. The blue dots represent grasping data point; red dots represent left flexion data 

point; and the orange dot represent pinching data point.  The x in the figure signify uncorrected 

prediction of models.  

 

 Type of Classifier Accuracy 
 

Feature 

1 Bagged Tree  82.3 3/3 
2 Fine SVM 81.6 3/3 
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Figure 17: Recognition Flexor Carpi Radialis vs. Branchioradialis   

 
 

Figure 18: Recognition in Extensor Carpi Ulnaris vs. Branchioradialis  
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 The total summarized prediction is shown in Figure 19.  The amount of correction is 

1244 in grasping, 1207 in left flexion, and 1122 points in pinching. The highest incorrect 

prediction between left flexion and pinching is 179 points.  

 

 
 Figure 19: Confusion matrix for Bagged Tree Model   
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Figure 20 : Recognition of Gesture in Bagged Three Model   

 Three gestures have been classified by bagged tree (Decision Branch) machine learning 

model. For gestures distinction, the model predicted 81% correct for grasping, 87% correct for left 

flexing, and 79% correct for pinching.  All the missing prediction of gestures are below 20% see 

Figure 20. 

Fine SVM classifier also shows high percentage of accuracy. The overall accuracy is 81.4 

percentage. The model predict correctly in 1236 data points for grasping, 1169 for left flexion, and 

1139 for pinching see Figure 18.  
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Figure 21: Confusion Matrix for Fine SVM model   

 

Figure 22: Recognition of Gesture in Fine SVM model  
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Overall, the true positive rate for corrected prediction for grasping in Fine SVM model is 

about 81%, 84% for left flexion and 80% for pinching (See Figure 22).  

4.5 Experimentation collecting EMG signal  

 The objective of the second experimentation is to collect sEMG signal through Myo 

Armband [69] and compare the collected data to FMG signal. EMG signal is collected at 100 Hz 

due to the fixed data acquisition rate of the Myo Band. In order to increasing the clarity of transient 

response of various gesture through signal processing, it is necessary to increase the frequency of 

signal, therefore the sampling rate for EMG  also must be increased significantly if it is admissible. 

 

Figure 23: Myo-Band 
 The Myo Armband envelops around the forearm precisely placed on the arm in a similar 

location to the FMG band( See Figure 23)[69].   For the purpose of comparison, three channels of 

the bands are activated at the specific muscle regions:   brachioradialis, flexor carpi radialis, and 

extensor carpi ulnaris muscle. Data are collected while performing flexion gesture and pinching 

and compared with the FMG signal (See Figure 24 and Figure 25). 
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Figure 24: Relax and Grasping Gesture 

 

      

Figure 25: Pinching and Flexion 
The amplitude of different gestures of EMG such as grasping, pinching, and left flexion is 

relatively smaller. It is depending on the specific muscle regions and gesture triggering. For 

instance, the grasping gesture showed the highest peak of approximately 125 µV or 0.13 mV in 

extensor carpi ulnaris muscle region (See Figure 26). The data indicated the lowest amplitude in a 

branchoradialis muscle region approximately below 25 µV.  The transient response during the 

grasping gesture is not distinct, there are many fluctuations and variations; hence, the EMG signal 

showed instability and various complex variance. As the result, feature extraction or feature 

selection, such as distant peak is almost impossible.  
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Figure 26: EMG signal for Grasping Gesture 

Comparatively, FMG signal has shown more stability and distinct feature in grasping (See 

Figure 27).  Figure 27 indicates above 6 V peak in flexor carpi radialis, and around 1 V in the 

extensor carpi ulnaris. 

 

Figure 27: FMG signal for Grasping Gesture 
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 The transient response for each actuation has shown a much less variation .Noises can be 

neglected, due high voltage signal generated by piezoelectric. As the result, the data requires no or 

simple signal processing technique.  

Left flexion indicated the same EMG voltage as grasping (≈ 130𝜇𝑉), which makes the 

implementation more difficult, especially through threshold values, as it is challenging to 

distinguish the two gestures via different threshold values (See Figure 28). Also, an inconstancy 

of fluctuation has been observed in both left flexion and grasping gestures  

 

Figure 28: EMG signal for Left Flexion 
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Figure 29: FMG signal for Left Flexion 

Pinching gesture data showed very low amplitude of EMG in branchoradialis and extensor 

carpi ulnaris below 25 𝜇𝑉 (see Figure 28), which is difficult to filter-out or differentiate from 

noises or electromagnetic field. On the other hand, pinching in FMG shows a distinct feature. The 

maximum peak in pinching motion is about 4.5 V. Flexor carpi Radialis and Extensor Carpi 

Radialis is relatively low, approximately about 0.5 V.  
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Figure 30: EMG signal for Pinching Gesture 

 

Figure 31: FMG for signal Pinching Gesture 

The above results confirmed that advanced signal processing techniques are required to 

distinguish data in EMG and advanced training algorithms are also required for implementation in 
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assistive devices. Based on the literature review, actual dexterous control of prosthetic hand has 

not been efficient with EMG signal. This is partly due delay time for feature extraction and 

classification which also requires extreme focus and user engagement. 

The experiment results have also confirmed that the signal generated by FMG is to be more 

advantageous due to clear, stable, and distinct feature. Also the transient responses have shown a 

separated distinct pattern. Hence, implementation in the control of assistive devices is easier and 

possible through FMG-based threshold values. In summary, FMG showed distinct and consistent 

peak and amplitude for each gesture, the range of fluctuation is narrow (See TABLE 2). The peak 

and amplitude can applied features for machine learning. Clear transient respond for each gesture 

and signal stability over time. 

TABLE 2 

 FMG GESTURE COMPARISON 

FMG Signal Peak  

Muscle  Grasping  Pinching  Left Flexion  

Brachioradialis  3.5-4 V 0.8 V 0.8-1 V 

Flexor Carpi 
Radilis  

6-8 V 2-4.5 V 3.5-4 V 

Extensor Carpi 
Ulnaris  

1 V 0.8 V 0.5-0.7 V 

 

In contrast, EMG signal show peak fluctuated inconsistently, there is no distinct peak, 

and the raw signal is easily affected by noises and electromagnetic field, the range of fluctuation 
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is wide see TABLE 3. In order to perform signal processing, the sample rate must be increased 

significantly if possible. 

TABLE 3 

EMG GESTURE COMPARISON 
EMG Signal Peak  

Muscle  Grasping  Pinching  Left Flexion  

Brachioradialis  10-20 µV 20-25 µV 25-75 µV 

Flexor Carpi 
Radilis  

85-125 µV 70-100 µV 125 µV 

Extensor Carpi 
Ulnaris  

70-120 µV 10-25 µV 75-125 µV 

 

4.6 Implementation of FMG signals in the Control of Prosthetic Device  

FMG signal has been utilized in the real-time control of a prosthetic device. By setting 

different thresholds and manipulating the data with larger amplification, gestures such as grasping 

and pinching are successfully implemented in the control of prosthetic device through Arduino 

microcontroller. 

The screen capture in Figure 32 shows the successful grasping motion using FMG signal. 

As the results showed in the previous sections, the grasping signal is relatively higher than other 

signals, such as pinching, and left flexion. The main feature peak between three sensors are 

averaged, then set as the threshold for grasping motion.  The resulted grasping threshold is above 

three in digital microcontroller value. If the average is above this value, the prosthetic hand will 

perform the grasping motion.   
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Figure 32 : Actuation of Grasping Gesture 

     

    

Figure 33: Actuation of Pinching Motion         
Video in Figure 33 also shows the successful pinching motion using FMG signal. The 

maximum peak is approximately around three. Therefore, the threshold is set at two, and if the 

average result, peak is not reaching beyond three, then the pinching motion was performed. For 

pinching motion, there was a delay approximately in 2 seconds due signal delay in the circuit 

board.  
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Figure 34: Servo Control Prosthetic Hand 
Due to the limited degree of freedom of the prosthetic hand, specifically, there is no joint 

at the wrist, and flexion gesture was not implemented. Both of these gestures require the one degree 

of freedom the wrist joint in, which was not available at this study.  

            

Figure 35: Servo Control Prosthetic Hand Top View and Side View 

4.7     System Identification 
 
 In order to improve the control of a prosthetic hand more effectively in term of dexterity 

of each finger, modelling of the dynamic relationship between FMG signal and the position of 

each finger tips has been investigated through system identification.  The modelling has been done 

through Matlab, System Identification toolbox. And the model has been validated through new 

sets of position and EMG data.  Similar to the controlling criteria of previous experimentation, the 
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sum of voltages from the three sensors has been utilized as an input. The position of each finger 

digit has been collected through Data Glove, Mokka software provides a 3D visualization of the 

fingers and the position and orientation data .Transfer functions have been evaluated and validated 

through Matlab in Time domain. In the results, the Y-axis is the output position in term of the 

radian, X- axis is the input of FMG signal with respect to time. 

4.8 Modelling Result and Discussion 

 

 

Figure 36: 3 D Indexes Actuation through Mokka Software 

 Figure 36 shows the recorded actuation position of a physical hand through Virtual data 

glove. Each index contains three gyroscopes allocate at the distal interphalangeal, proximal, and 

metocarpophalangeal joints (Figure 37). The distal interphalangeal joints were selected to align 

with the existing prosthetic hand actuated through motors and cables through the fingertips.  
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Figure 37: Physical Hand Joints Anatomy 

 As the physical hand performs the different hand gestures, the gyroscope will record the 

positions of each joint with respect to an assigned, reference 3 D coordinate.  In order to get a good 

alignment with the prosthetic hand fingers, which has a planar motion, the actual, lateral 

movements of the fingers in the hand have been neglected, therefore input data are selected solely 

in one plane (xz in this case). 

 Figure 38, 40, 42, 42, and 46 show the modelling, transfer functions between FMG signal 

and position data collected through Virtual Data Glove, in these figures, the Y-axis is the output 

position in terms of radians, X- axis is the input of the FMG signal with respect to time. The 

transfer functions will help to determine the position of the active joints of a prosthetic hand finger 

to act according to FMG signal.  This could be an opportunity for the amputee to retrain muscle 

memory lost. Specifically, the FMG sensor band can wrap around the forearm for collecting 

muscle movement data with various gestures, then these inputs can import into model transfer 

function to generate position of each index on Virtual Mokka software.  
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4.9  Dynamics Modelling FMG with position at the finger tip  

The hand motion has been recorded through Virtual Motion Glove (VMD), and utilized in 

the system identification procedure to find out the dynamic relationship between the hand gesture 

and the corresponding FMG signals. From FMG input signal and index finger position obtained 

from Virtual Data Glove, a continuous transfer  function  has been modelled through System 

Identification in Matlab. Black Box System Indentification was applied as the result of no existing 

model has been completed in this fashion previously. The function is in the Laplace transform 

form.  Parameteration of the functionality of index digit included 5 poles and 4 zeros. Comparison 

of the estimated data using transfer function estimation (tfest) on time data domain with the raw 

input has provided 66.45% fitting with stability enforced. The fittings of the different models and 

the fitting error for the best fit are shown in Figure 38 and Figure 39.  
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4.9.1 FMG vs. Index  
 

 
Figure 38: System Identification FMG signal vs. 
Index Finger Position Transfer Function in Time 

Domain 

 

 
 

  

Figure 39: Error Plot FMG signal vs. 
Index Position 

 

Highest Fitting Model  

𝐺(𝑠) =
−0.01248𝑠4 − 0.008128𝑠3 + 0.00191𝑠2 − 0.0001591𝑠 + 1.93𝑒−0.5

𝑠5 + 0.05519𝑠4 + 0.07033𝑠3 + 0.001193𝑠2 − 0.000802𝑠 + 2.696𝑒−0.6
 

 

4.9.2 FMG vs. Ring Index  

 Similar procedure of using System Identification is applied for other indexes to find out 

the dynamic relationship between hand gesture and corresponding signal. Accordingly, the transfer 

function between FMG input signal and Ring finger position has been formed.  Parameteration of 

the best fit function has 10 poles and 9 zeros. Estimated using TFEST on time data domain 

comparing with raw input provided 75.88 fitting with stability enforced. Total number of free 
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coefficients are 20. The fittings of the different models and the fitting error for the best fit areshown 

in Figure 40 and Figure 41 respectively. 

 
Figure 40 : System Identification FMG signal vs  
Ring Finger Position Transfer Function in Time 

Domain 

 

.                        

   Figure 41: Error Plot FMG signal vs. 
Ring 

 

     

 Highest Fitting Model  

 

 

4.9.3 FMG vs. Middle Index   

The best fit obtained from the middle finger has a transfer function with 5 poles and 3 zeros 

with 66.67 % fitting with stability enforced. Nine 10 coefficients have been identified.  The fittings 

of the different models and the fitting error for the best fit are shown in  Figure 42 and  Figure 43 

respectively. 
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Figure 42: System Identification FMG signal 
vs.  Middle Finger Position Transfer Function 

in Time Domain 

 

 
Figure 43: Error Plot FMG signal vs. Middle 

Index Position 
 

  

Highest Fitting Model  

𝐺(𝑠) =
−0.04046𝑠3 + 0.0003411𝑠2 − 0.000342𝑠 + 2.466𝑒−0.06

𝑠5 + 0.077𝑠4 + 0.01426𝑠3 + 0.0006875𝑠2 + 4.908𝑒−0.05𝑠 + 3.044𝑒−0.07
 

4.9.4 FMG vs. Little Index  

The best fit obtained from the little finger  index position has a transfer function with 9 poles and 

6 zeros with 64.89 % fitting with stability enforced. The fittings of the different models and the 

fitting error for the best fit are shown in Figure 44 and 45 respectively. 

Highest Fitting Model  

𝐺(𝑠)

=
0.04349𝑠6 − 0.006644𝑠5 + 0.006188𝑠4 − 8.406𝑠3 − 7.778𝑠 + 4.232𝑒−0.08

𝑠8 + 0.2394𝑠7 + 0.1629𝑠6 − 0.02373𝑠5 + 0.005843𝑠4 + 0.005083𝑠3 + 5.123𝑒−0.05𝑠2 + 3.124𝑒−0.06𝑠 + 5.053𝑒−9
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Figure 44: System Identification FMG signal 
vs.  Little Index Position Transfer Function in 

Time Domain 

 

Figure 45: Error Plot FMG vs. Little Index 
Position 

 

4.9.5  FMG vs. Thumb Index 

The best fit obtained from the thumb index position has a transfer function with 8 poles 

and 8 zeros with 76.02 % fitting with stability enforced. The fittings of the different models and 

the fitting error for the best fit are shown in Figure 46 and Figure 47 respectively. 
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Figure 46: System Identification FMG signal 
vs. Thumb Position Transfer Function in 

Time Domain 

 

Figure 47: Error Plot FMG signal vs. Thumb 
Position 

 

Highest Fitting Model  

𝐺(𝑠)

=
−0.0196𝑠8−0.1088𝑠7−0.03609𝑠6−0.004752𝑠5 − 0.00136𝑠4−5.323𝑠3 − 1.408𝑠2−1.408𝑠2 − 1.382𝑒−0.07𝑠−3.042𝑒−0.08

𝑠9 + 1.943𝑠8 + 1.05𝑠7 + 0.01001𝑠6 + 0.04305𝑠5+0.001396𝑠4 + 0.0004741𝑠3 + 5.198𝑠2 + 1.047𝑒−0.06𝑠 + 3.071𝑒−0.09  

 
4.10    Dynamic Modelling of FMG with Forces at the Fingertips    
 

To provide a good estimation about the amount of force applied at the fingertips with 

respect to the FMG, a dynamic model has been established through the system identification. This 

model along with the visual feedback will empower the prosthetic hand users to apply forces 

accordingly for manipulation of various types and size of objects. The resulted transfer functions 

between FMG signal and corresponding forces at the fingertips can also be utilized as a feedback 

to regulate the force in prosthetic hands. The modelling has been done through a similar procedure 

used in the FMG vs. position model using the Matlab, System Identification toolbox. The forces 
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at the fingertips have been collected using a pressure sensors in the Data Glove, while grasping a 

ceramic cup. To validate the model, a new sets of FMG have been given as an input into the model 

transfer function. The force feedback therefore are determined through the transfer function and 

FMG signal input. The results are shown from Figure 49 to Figure 53. In these figures, the Y-axis 

is the output force generated at each tip in mN, X- axis is the input of the FMG signal with respect 

to time.  

 

 

Figure 48: Force at each finger tip 

4.10.1 Thumb- Index  

From FMG input signal and thumb-index fingertip forces obtained from Virtual Data 

Glove presure sensors, a continuous transfer  function  has been modelled through System 

Identification in Matlab. The function is in the Laplace transform form.  Parameteration of the 

functionality included 10 poles and 10 zeros. Comparison of the estimated data using transfer 

function estimation (tfest) on time data domain with the raw input has provided 49.42% fitting 

with stability enforced. The fittings of the different models and the fitting error for the best fit are 
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shown in Figure 49. Twenty two free coefficients have been identified.  The highest force 

generated in the thumb index holding a ceramic cup is approximatedly 900 mN.  

Transfer Function of the best estimate is obtained as: 

 

 

 
 

Figure 49: Thumb Force Model and Error 

4.10.2 Ring Index 

The best fit obtained from the Ring Index force has a transfer function with 5 poles and 5 

zeros with 66.45 % fitting with stability enforced. The fittings of the different models and the 

fitting error for the best fit are shown in Figure 50. Eleven free coefficients have been identified. 

The highest force generated through Ring Index  is about 950 mN. 
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Figure 50: Ring Force Model and Error  

Transfer Function of the best estimate is obtained as: 

𝐺(𝑠) =
−25.09𝑠5 − 12.72𝑠4 − 1.715𝑠3−0.05768𝑠2 − 0.03558𝑠 + 0.002213

𝑠5 + 0.446𝑠4+0.08106𝑠3 + 0.01747𝑠2 + 0.001632𝑠 + 3.155𝑒−0.05
 

 

4.10.3  Index Finger 

The best fit obtained from the Index fingertip force has a transfer function with 4 poles and 

4 zeros with 58.85 % fitting with stability enforced. The fittings of the different models and the 

fitting error for the best fit are shown in Figure 51. Nine  coeffcients have been indentified.  The 

highest force generated through Index  is about 880 mN. 
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Figure 51: Index Force Model 

 

Transfer Function of the best estimate is obtained as: 

𝐺(𝑠) =
−74.44𝑠4 − 0.6765𝑠3 − 5.1851𝑠2 − 0.1952𝑠 − 0.04787

𝑠4+0.03428𝑠3+0.06887𝑠2 + 0.001999𝑠 + 0.0001175
 

4.10.4 Middle Index 

The best fit obtained from the Middle finger-tip force has a transfer function with 4 poles 

and 4 zeros with 56.56 % fitting with stability enforced. The fittings of the different models and 

the fitting error for the best fit are shown in Figure 52. Nine  coeffcients have been indentified.  

The highest force generated through Index  is about 800 mN. 

Transfer Function of the best estimate is obtained as: 

𝐺(𝑠) =
−70.33𝑠4 − 4.682𝑠3 − 5.436𝑠2 − 0.3417𝑠 − 0.03094

𝑠4 + 0.07915𝑠3 + 0.06288𝑠2 + 0.0001284𝑠 + 9.922𝑒−0.05
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Figure 52: Middle Index Force Model 

4.10.5 Little Index 

The best fit obtained from the little finger-tip force has a transfer function with 6 poles and 

6 zeros with 73.84 % fitting with stability enforced. The fittings of the different models and the 

fitting error for the best fit are shown in Figure 53 . Thirteen  coeffcients have been indentified.  

The highest force generated through Middle Index  is about 750 mN. 

 

Figure 53: Little Index Force Model 
Transfer Function of the best estimate is obtained as: 

𝐺(𝑠) =
2.58𝑠6+8.734𝑠5+23.06𝑠4+15.09𝑠3 − 15.23𝑠2 − 0.01667𝑠 + 0.6313

𝑠6+0.5011𝑠5 + 4.202𝑠4 + 0.02612𝑠3 + 0.2953𝑠2 + 0.002539𝑠 + 0.0007194
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4. 11  Implementation Based on the System Identification Model 

For the implementation, the joint angles and the fingertip forces of the prosthetic hand have 

been estimated from the FMG data obtained from the array of the three sensors located in the arm. 

As it is discussed in the previous sections, system identification (SI) is utilized to obtain the 

dynamical relationship between the FMG data and the corresponding finger motions and forces 

obtained through the data glove. Data from the three FMG sensors, inputs (u1, u2, and u3) and the 

system output y (t) are related through the model (transfer function G(s)). As there are three inputs, 

a multi input-single output (MISO) model can be utilized. The resulted transfer functions between 

FMG signal and position data, (G(s)) helps to determine the estimated position of the servo motors 

and hence the finger joints accordingly. Figure 54 shows the possible layout to utilize FMG in the 

control of prosthetic hand based on the system identification model. In this figure,  �̂� is the 

estimated position/force obtained through the System Identification model, and Y is the actual 

position/ force obtained from the prosthetic hand position and force sensors. The difference 

between the actual and the estimated one, provides the error (e), which will be utilized as an input 

to the controller. 

 
 

 

 

 

Figure 54: Schematic representation of FMG based Prosthetic Hand Control 
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4.12  Discussion of potential of FMG signal and future work  

Similar to the sEMG input challenge; FMG also has its share of advantages and limitation.  

Prosthetic hand control by force myography will reduce the cost compared to EMG-based control. 

For example, Prosthetic hand with EMG-based controller can go up to $30000 pricing based on 

Bionic product in 2015[13]. The responding time is also highly reduced in case of EMG due to the 

number of calculations involved, also the threshold method is not an ideal option for EMG as there 

are complicated of signal processing, feature selection, and dimension reduction in which required 

by sEMG control system. One of the highlight limitations in FMG is that due to the various 

structures of muscles of different people, the threshold control system method is not efficient 

enough to employ more gestures for different users. The solutions to this problem is  to improve 

the accuracy of the classification  or machine learning model, by increasing the number and variety 

of data  by collected from different and several subjects are required  to build the training 

recognition model. These built models are then incorporated into the control system either through 

threshold method or system identification model. 

 

Figure 55: Gripper Prosthesis 
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Another application that can be drawn from this research is that FMG input control is 

effective for grippers or single digit missing finger prosthesis see Figure 55 and Figure 56. 

Dexterous control for the prosthesis is not required since the main actuations gestures are just 

closing and opening. Furthermore, the threshold method for controlling is efficient if the maximum 

and the minimum forces generated by the band are founded. 

                                                                      

 

 

Figure 56: Thumb Digit Prosthesis 
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CHAPTER 5 

CONLUSONS AND RECOMMENDATIONS  

In this thesis, the FMG signals have been collected through three piezoelectric sensors 

banded around the forearm and Omega Data Acquisition (DAQ) System. The recorded data has 

been imported into Matlab Simulink software for analysis and classification. The hand motion has 

been recorded through Virtual Motion Glove (VMD), and utilized in system identification 

procedure to find out the dynamic relationship between the hand gesture and the corresponding 

FMG signals. The classification of hand gesture based on FMG is performed with more than 82 % 

of accuracy through the Tree Decision Learning and SVM classification methods. The obtained 

data also supported FMG advantages in which the variance of FMG signal is lower than EMG. 

The transient responses generated a separated distinct pattern, which are useful factors for feature 

selection and threshold-based control implementation.  

Comparison between sEMG and FMG have been performed. The signal generated by FMG 

is to be more advantageous due to clear, stable, and distinct feature. Hence, implementation is 

possible and convenient comparing to sEMG signal. Implementation using FMG signal to control 

prosthetic hand has been performed efficiently for grasping and pinching gestures with no or 

minimal delay. 

 The dynamics relationship between FMG and the corresponding finger joint position and 

fingertip forces have been established through system identification. This model will provide 

useful foundation for future implementation of control system in the utilization of medical devices.  
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