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Summary  
Hand prostheses partially restore hand appearance and functionalities. Not everyone can 

afford expensive prostheses and many low-cost prostheses have been proposed. In particular, 

3D printers have provided great opportunities by simplifying the manufacturing process and 

reducing costs. Generally, active prostheses use multiple motors for fingers movement and 

are controlled by electromyographic (EMG) signals. The “Federica” hand is a single motor 

prosthesis, equipped with an adaptive grasp and controlled by a force-myographic signal. 

The “Federica” hand is 3D printed and has an anthropomorphic morphology with five 

fingers, each consisting of three phalanges. The movement generated by a single servomotor 

is transmitted to the fingers by inextensible tendons that form a closed chain; practically, no 

springs are used for passive hand opening. A differential mechanical system simultaneously 

distributes the motor force in predefined portions on each finger, regardless of their actual 

positions. Proportional control of hand closure is achieved by measuring the contraction of 

residual limb muscles by means of a force sensor, replacing the EMG. The electrical current 

of the servomotor is monitored to provide the user with a sensory feedback of the grip force, 

through a small vibration motor. A simple Arduino board was adopted as processing unit. 

The differential mechanism guarantees an efficient transfer of mechanical energy from 

the motor to the fingers and a secure grasp of any object, regardless of its shape and 

deformability. The force sensor, being extremely thin, can be easily embedded into the 

prosthesis socket and positioned on both muscles and tendons; it offers some advantages over 

the EMG as it does not require any electrical contact or signal processing to extract 

information about the muscle contraction intensity. The grip speed is high enough to allow the 

user to grab objects on the fly: from the muscle trigger until to the complete hand closure, 

“Federica” takes about half a second. The cost of the device is about 100 US$. Preliminary 

tests carried out on a patient with transcarpal amputation, showed high performances in 

controlling the prosthesis, after a very rapid training session. 

The "Federica" hand turned out to be a lightweight, low-cost and extremely efficient 

prosthesis. The project is intended to be open-source: all the information needed to produce 

the prosthesis (e.g. CAD files, circuit schematics, software) can be downloaded from a public 

repository. Thus, allowing everyone to use the “Federica” hand and customize or improve it. 



To my beloved family… 
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Thesis outline 

Chapter 1 introduces the problem of the upper limb deficiency and the principal 

typologies of active prosthetic hands; particular emphasis is firstly given to EMG 

strategies for prosthetic control [V], and then to force-myography (FMG) technique as 

alternative to EMG, in muscle contraction monitoring and prosthetic control [III]. This 

chapter ends introducing the “Federica” prosthetic hand project [XVI]. 

Chapter 2 presents a single-point muscle force sensor and its performances with 

respect to the EMG, in muscle contraction detection and prosthetic control applications 

[III]. A circumference muscle force sensor is also presented and evaluated in comparison 

with the EMG [I]. 

Chapter 3 describes the current state-of-the-art of the “Federica” hand: the 

underactuated mechanical system, the FMG control system and the vibrotactile sensory 

feedback of the grip force [XVI].  

Chapter 4 shows the performance tests carried out on the “Federica” hand, for 

evaluating: the FMG control; the activation speed; the power grip force and the energy 

efficiency of the prosthetic mechanical system. Preliminary experimental tests, on both 

heathy and amputee subjects, are also reported [VIII,IX,XII,XVII].  

Chapter 5 proposes a new design of the “Federica” hand and the thesis conclusions 

[XVI]. 

Finally, Chapter 6 presents future trends and applications: an array armband of 

single-point muscle force sensors, for gesture recognition and prosthetic control purposes 

[XI,XIV].  
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Chapter 1 

Introduction 

1.1 Upper limb deficiency and prosthetic hands 

The upper limb can be described as a system whose main effector organ is the hand, 

thanks to which man is able to perform an extremely wide variety of functions and skills 

that are used in the various activities of daily living, working and sports. Conditions that 

may require a prosthetic hand substantially include amputations and congenital 

malformations. The design of prosthetic hand is therefore a very complex process, which 

had in recent years a number of developments and improvements [1,2]. Despite this, there 

are still many aspects that can be improved and refined so that the user can have a simple 

prosthesis to be controlled, comfortable to wear and aesthetically pleasing. 

In general, active prosthetic devices can be body powered or electric powered [3]. 

The body-powered devices are activated by means of a Bowden cable anchored to the 

controlateral shoulder harness: the user by pulling the cable with shoulder movements, 

performs the opening in the voluntary opening devices [4], or the closure of the prosthesis 

in the voluntary closing devices [5]. The advantages of body-powered devices are that 

they are low-cost and are less expensive to repair. However, these devices are not 

cosmetically appealing and are difficult to operate by some users due to the physical force 

required. The electric-powered prosthetic devices are usually supplied by batteries and 

are desired by most of the users because their versatility and their cosmetic appearance 

[3].  
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1.2 Electromyography (EMG) for prosthetic control 

Active prosthetic devices provide many more functional capabilities to amputees 

with respect to those of simply aesthetic, body-powered or passive devices. User intention 

for prosthesis control is generally obtained by monitoring physiological signals, which 

are acquired through different sensors. Although various signals can be used in prosthetic 

control (such as switches, pressure, electroencephalography, etc.) and electromyography 

(EMG) is by far the most used signal.  

Surface electromyography (sEMG) is generally used for monitoring muscle 

contraction [6], and it can provide a non-invasive way to detect the muscles electrical 

activity from the residual limb; sEMG signal is a bipolar, symmetric distribution of 

positive and negative amplitudes, and can range between ± 5 mV, showing most 

frequency power between 20 and 150 Hz. It is also called “interference pattern” for its 

random shape. In fact, raw EMG spikes cannot be precisely reproduced in exact shape, 

due to the constant changes of the recruited motor units and their activation frequencies. 

However, by applying a smoothing algorithm (e.g. moving average) the non-reproducible 

contents of the signal are eliminated or at least minimized.  

Several external factors can influence the EMG recording, by altering its shape and 

features: tissue characteristics (thickness, muscle physiological changes and temperature); 

physiological cross talk (EMG signals from neighbouring muscles under the local 

electrode site); changes in the geometry between muscle belly and electrode site; external 

noise (e.g. power line 50/60Hz interferences); noise from electrodes and biopotential 

amplifiers [7]; etc. 

EMG can reveal detailed information about the timing and the magnitude of muscle 

activation. Indeed, the average amplitude of the EMG signal is a good indicator of the 

level of muscle activity, due to the increase of the active motor units numbers, the 

frequency of their activation or the firing rate [6]. Therefore, in order to measure 

activation level and timing, the EMG linear envelope (EMG-LE) is usually computed [8]. 

Generally, the raw EMG signal, detected by means of electrodes, is rectified and then 

low-pass filtered. Alternatively, the envelope can be obtained using a moving window on 

the raw EMG, in which the root-mean-square (RMS) is computed. The EMG envelopes 

give a measure of the local power of the signal and produce a much simpler waveform 

that is easily analyzable. Although the EMG-LE is a band-limited signal with frequency 

content very close to the DC mean (limited to the interval 0-5 Hz), it actually represents 

the average variations of the energy of the EMG signal and is normally used to control 

prostheses [6,9,10]. 
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Since prosthesis control requires a continuous monitoring of patient’s muscle 

activity, in practical application the EMG should be acquired by using dry electrodes, 

embedded in the socket of the prosthesis. The conductive gel generally used to improve 

electrode performance and stability cannot be used for long recordings, since the gel 

tends to dry and change its characteristics over time: this greatly degrades the quality of 

the recorded EMG signal [11]. Stainless steel or even textile [12] electrodes can be used 

instead , but these cause problems for the biopotential amplifier [7]. Furthermore, stable 

mechanical placement of electrodes onto skin, skin properties and motion artifacts [13] 

are other issues to be considered. Because of these problems, the commercial state-of-the-

art myoelectric interface uses two EMG channels [6,7,8].  

Figure 1 presents the principle strategies used to exploit the EMG signal for 

prosthetic control [17,18]. 

 

Figure 1. Principal methodologies to exploit the EMG signals for prosthetic control. 

In the conventional on–off control, once a pre-established EMG threshold is reached, 

the prosthetic hand is operated with a constant speed (independent from the muscle 

contraction level) until to the complete hand closure. In proportional control, in function 
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of an increasing muscle contraction level (i.e., EMG amplitude), a gradual closure of the 

prosthetic hand is achieved [17,18]. 

EMG Pattern Recognition (EMG-PR) techniques have been developed to increase 

the dexterity of myoelectric prosthetic devices, and to overcome the limitations of 

conventional proportional control. EMG-PR operates by extracting multiple features from 

EMG signals rather than entirely relying on EMG amplitude [19] (as EMG amplitude is 

slow, cumbersome and difficult for users to control their residual muscles movement). A 

well-developed artificial upper limb design comprises of trajectories of a limb and their 

associated movement patterns. To delineate this, a control algorithm requires parameters 

such as kinematics and models of joints [20], motion and activities range [21]. Through 

EMG-based pattern recognition, researchers are working on the hypothesis that EMG 

patterns contain much information on intended movements. Once the EMG patterns are 

identified for intended movements by using a specific classifier, the prosthesis controller 

will receive the command to implement the movement. Thus, EMG-PR approach may 

allow users to control their myoelectric prosthesis more effortlessly with a broad range of 

control.  

The use of artificial hands instead of biological hands with the same degree of 

dexterity [22] and complexity is a challenging task. However, pattern recognition (PR) 

technology has played an important role in controlling myoelectric prosthetic devices for 

over 20 years [23,24]. Pattern recognition technology provides more natural control, 

which is easier to learn by user and machine. It also provides independent control of 

multiple DOFs using simultaneous, sequential or semi-sequential control, as well as 

bringing the prosthesis closer to natural arm functions [25]. By applying proper PR-based 

methods and signal processing techniques in combination with machine learning 

algorithms, an amputee’s limb movement can be accurately decoded and used to control a 

prosthetic device [21,26]. EMG-based PR methods involve various approaches such as 

pre-processing, segmentation of data, feature extraction, feature classification and post-

processing [27] (see Figure 2). 
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Figure 2. General pattern recognition scheme (extracted from [28]) 

All these approaches related to myoelectric pattern recognition in one way or another 

can be helpful, but these methods still need further real-time evaluations for their validity 

[29]. Much research has been done on the myoelectric prosthesis; nevertheless, some of 

the areas in the field need to be improved: (i) control of multiple degrees of freedoms 

(DOFs) naturally and intuitively, (ii) two-way communication with the brain (peripheral 

nervous system (PNS)) and iii) fast learning. Moreover, several advanced pattern 

recognition techniques have been proposed without any real-world user applications 

[30,31]. A large portion of pattern recognition techniques described in the literature is still 

being applied in clinical settings. Moreover, the performance of these algorithms is 

affected greatly by several factors, including the positioning of electrodes, the fatigue of 

the muscle, arm position, surface EMG cross-talk and muscle contraction. 
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1.3 Mechanomyography (MMG) and Force-Myography 

(FMG) 

Different mechanical features can be used to monitor muscle activation. Muscle 

contraction is generally associated with muscle shortening, increase of cross-section 

areas, increase of stiffness and tension, mechanical vibrations, and other mechanical 

parameters. Mechanomyography (MMG) can be regarded as the mechanical counterpart 

of the EMG [32,33], and is based on the recording of muscular vibrations produced by an 

active muscle. It can be used as a monitor of muscle stiffness and can be related to muscle 

force exertion [34]. The amplitude of the MMG signal may be related to the number of 

active motor units (i.e., motor unit recruitment) [33]. Different types of sensors can be 

used to measure the MMG signal: condenser microphones [33,35,36], piezoelectric 

contact sensors, accelerometers [33,37–40], and, more recently, laser distance sensors 

[33], placed in contact with the patient’s skin. Tensiomyography is another technique 

used to estimate a muscle’s mechanical properties, and it does so by measuring the radial 

enlargement of the muscle belly and detects muscle contractile properties [41–43]. 

Mechanical muscle contraction can be measured in many ways [44], including: 

Strain gauges [45]: muscle contractions which cause direct stretching of the sensor; 

Change of electrical impedance of the muscles [46]: changes to global muscle resistivity 

when it goes from a resting state to an activity state, due to blood afflux in the muscles; 

Muscle circumference sensor [47,48]: where muscular contraction is proportional to the 

changing of cross-sectional areas of the muscles, around which the sensor is positioned; 

A resonance-based active-muscle stiffness sensor [49]: where piezoelectric probes are 

used to measure stiffness changes in muscles; Ultrasound scanners [34,50]: where 

ultrasound probes are employed to evaluate the morphological changes in muscle 

thickness or displacement; A small permanent magnet fixed on the skin, in conjunction 

with a Hall effect device, used to measure changes in muscle dimension [51]; Pneumatic 

sensors [31]: muscular activity detected by measuring changes in air pressure in an air-

bladder contacting the muscle; Change in optical properties [52]: LEDs and photodiodes 

can be combined to detect muscle contraction by measuring the backscattered light from 

the muscle tissue; Textile pressure sensors enclosed in garments [53]. 

In particular, some previous studies [54,55] reported the use of force-sensitive 

resistors (FSR) to acquire information about muscle activity, however, they could only 

provide qualitative results or simple information about on-off muscle activation. They 

used bare FSR sensors laid onto the patient’s skin, and no quantitative comparisons with 
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other, more well-assessed signals proportional to the intensity of muscle contractions (as 

the EMG) were made.  

It is worth emphasizing that EMG reflects the electrical, not mechanical events of 

muscle contraction. In fact, EMG represents the propagation of motor unit action 

potentials along muscle fibers, which is only the initiator of the muscle mechanical 

activity, followed by chemical and mechanical events [56] which take place before the 

muscle actually exerts force.  

Indeed, there are many consecutive steps in the excitation– contraction pathway. The 

onset of muscular force is triggered by the depolarization of the fibres (EMG), but must 

involve the release of calcium from the sarcoplasmic reticulum, its binding to troponin, 

the cross-bridge between actin and myosin filaments and the sliding of these two proteins. 

Other events in the muscle relaxation process, such as the off-rate of actin myosin cross-

bridges and the time occurring for uptake of calcium by the sarcoplasmic reticulum, will 

determine the time delay between the end of the EMG signal and the end of force 

production. This phenomenon is known as electro-mechanical delay (EMD), that is the 

time lag between the EMG onset and the beginning of force generation [56]. Similarly, 

the latency between the end of the EMG signal and the beginning of force fading, occurs 

during muscle relaxation [57], that is known as the relaxation electromechanical delay (r-

EMD) [58]. Again, chemical and mechanical events occur [56]. Moreover, while muscle 

contraction is an active process, relaxation is passive, and other biomechanical events 

(e.g., action of antagonist muscle and/or other external counteracting forces) have to be 

considered also. Simultaneous recordings of EMG, MMG, and force (or torque) can 

accurately evaluate such electromechanical delays [59–61]. 

In the vast majority of applications involving measurement of muscular contraction 

levels (such as prosthesis control), EMG-concise information, such as the EMG-LE is 

still used. However, the aforementioned problems (see section 1.2) related to EMG 

collection (i.e., electrodes, interferences, motion artifacts, etc.) have stimulated interest in 

other types of sensors, such as those sensitive to the muscle mechanical activity, but 

nothing has proved so effective to offer a reliable replacement for the EMG-LE. Factors 

such as ease of use, stable positioning on patient, size, robustness, durability, wearability, 

cost, energy transmitted to the patient, electrical connections with the patient, etc. have 

hindered its extensive usage.  

In exchange, a new muscle force sensor that overcomes many of these limitations 

was presented in [62]. It is based on a slim force-sensitive resistor mounted on a 

purposefully designed mechanical coupling system, driven by a specific conditioning 

circuit. The custom force sensor is extremely simple and easy to use, and is able to record 

the muscle cross-sectional changes, thus providing a signal (referred to as force-
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myogram, FMG), extremely similar to the EMG-LE. The force sensor should be 

positioned above the muscle belly (and not on tendons), where EMG is generally taken. 

This easily enable to exploit or to adapt other EMG based techniques. In both cases 

(EMG and FMG), the muscles should be superficial and not deep, to allow advantageous 

signal-to-noise ratio.  

Such high similarity suggested the potential use of FMG as an alternative to EMG for 

prosthesis control. FMG offers some advantages over EMG: no need for electrodes and 

stable electrical contact; much lower susceptibility to electromagnetic interferences; no 

need for signal processing to obtain a reliable control signal (the FMG signal can be used 

as is); simpler conditioning circuit; extreme compactness and thinness of the sensor, 

which improves wearing comfort; lower cost. Furthermore, the simplicity of FMG signal 

made possible the use of low cost and open-source Arduino boards as prosthesis 

controllers.  

The new muscle force sensor went through a preliminary test as a replacement of an 

EMG sensor to control an active prosthetic hand named “Federica”(see Figure 3).  

 

Figure 3. Flow chart comparing EMG and FMG for prosthetic control applications. 
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1.4 The “Federica” hand project 

The hand loss is a traumatic event, which involves the loss of motor and sensory 

functions, with inevitable disabilities. Hand prostheses are intended to restore both the 

appearance and some functionalities of the hand, in people with amputations or 

congenital malformations. Especially in poor and developing countries, there may be 

several causes of amputation, associated with trauma due to wars, explosives, industrial 

or environmental accidents, the consequences of which are often aggravated by the lack 

of public health care. All over the world, many people cannot afford high-tech, 

commercial hand prostheses, so various low-cost solutions have been proposed. Local 

availability of materials, ease of realization, effectiveness, robustness, durability, and free 

access to the hardware and software should be taken into account in the design process. 

The "Federica" prosthetic hand was specifically designed to meet these needs. “Federica” 

restores the grasping functions that are the most useful in everyday life. Its design is 

focused on achieving an energy efficient operation, as well as providing a fast and 

responsive control system with sensory feedback capability, that allows the user to 

rapidly get confident with the prosthesis control. An ad hoc designed mechanical system, 

together with a novel technique to monitor muscle contraction (FMG control), provide 

very fast grasping functions, also simplifying the learning curve for the user. During the 

design process, the low cost of realization has been pursued by conceiving almost all 

components to be 3D printable (only one off-the-shelf servomotor must be purchased); 

also, the modularity has been promoted in the design to simplify the assembly, 

maintenance and repair operations. 

“Federica” is powered by a single servomotor and performs the grasping function by 

means of a custom underactuated differential mechanical system. Many underactuated 

mechanical systems (less actuators than degrees of freedom (DOF)) have been proposed 

to simplify the control of hand prosthesis, without renouncing to mimicking the dexterity 

of some natural hand movements. Underactuated mechanisms aim to reduce the number 

of active DOF and to reproduce common hand action, without increasing mechanical and 

control complexity [63]. Moreover, underactuated mechanisms do not control a single 

element (e.g. a phalanx), but rather a set of elements (e.g. a finger or some fingers).  

Examples of underactuated systems include floating pulley trees and differential 

gearings. These systems turned out to be very useful in grasping tasks, where the fingers 

should be able to conform with irregular shaped objects [64]. Different studies presented 

prosthetic devices with multiple DOF, controlled with a limited number of actuators and a 

differential mechanism. The resulting underactuated mechanism allows to transfer the 

motor force from few actuators to many phalanxes, taking advantage of self-adaptive grip 
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capacity and a lower manufacturing cost [65]. Adaptive grasp is the ability of the fingers 

and thumb to adapt to the shape of an object, in order to increase the contact points 

between the hand and the object [63]. A reduced number of actuators also implies 

simplification of the prosthetic control system and can be advantageous for the patient. 

The user would prefer to send few, fast and direct commands to the prosthesis in 

performing normal daily activities, without the need to commit to much in the control 

[63]. 

A specific underactuated mechanism [65] was presented to control five fingers (15 

DOF) by means of one actuator, with the aim to grab complex shaped objects and to 

allow appropriate force distribution. Each finger has three compliant joints, with rotation 

and spring functions, that are not suitable for grabbing heavy objects, because they can 

easily be abducted or adducted [65]. Another prosthesis, named TUAT/Karlsruhe 

humanoid hand, adopted a mechanism for the cooperative movement of finger and palm 

joints [66]. In order to realize the function to operate each finger individually, without 

losing the conventional grasping function, the main servomotor cooperate with six small 

servomotors arranged between metatarsals. By using springs or rubber bands, each finger 

can return to its rest position [67]. A three fingered prosthesis, called SPRING hand [63], 

showed to be capable of self-adaptive grasp by means of an underactuated mechanism. 

The eight DOF of the hand are driven by one motor, and each finger includes cables and 

springs, in order to guarantee the shape adaptation to the grasped object [63]. A project 

entitled KIT Prosthetic Hand [68], presented an underactuated system in which the four 

fingers are simultaneously driven via a force-distributing transmission based on the 

TUAT/Karlsruhe mechanism [66,67], while the thumb is actuated by a second motor. 

Custom made springs in every joint ensure the passive reopening of the fingers [68]. A 

mechatronic hand with five fingers controlled by a single actuator, showed to be able to 

perform four types of grasps, and to switch between them by means of a bistable ratchet 

coupled to thumb adduction/abduction [64]. 

All the aforementioned devices [21–25] made use of underactuated mechanical 

systems combined with springs and/or elastic elements, which unavoidably absorb a 

considerable amount of energy supplied by motors when hand closes . In general, elastic 

elements are used for the passive opening of the hand (i.e. extension of the fingers), 

while, during the closing of the hand (i.e. flexion of the fingers), springs have to be 

loaded and this requires energy expenditure.  

However, multiple DOF devices with multiple actuators, were also presented by 

other studies. An example is the fully actuated ROBIOSS hand [69], consisting of four 

fingers each with 4 DOF, driven by 16 actuators; another example is the doubly actuated 
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Utah-MIT hand [70], which includes four fingers each with 4 DOF and 3 DOF wrist, 

driven by 38 separate actuators. Obviously, the complexity of both the mechanics and the 

control are considerably increased with respect to the underactuated devices. 

A further issue addressed in the “Federica” hand project was the development of a 

system to provide a non-invasive sensory feedback of the grip force. The amputation 

involves the loss of sensory receptors and the interruption of the physiological channels, 

through which stimuli are normally perceived and transmitted to the central nervous 

system (CNS) [71,72]. Restoration of the sensory function, is an important challenge 

faced by prosthesis designers. There are two possible ways to elicit sensory feedback 

[71,73,74]: invasively, by using neural electrodes implanted in the peripheral nervous 

system, in afferents originally serving the fingers and palm, in order to directly interface 

with the CNS; or non-invasively, by providing feedback to residual sensory systems (e.g. 

electrotactile and vibrotactile stimulations on the residual limb, etc.). In both cases, the 

user should be trained to associate stimuli with physical events occurring at the prosthesis 

(exteroception) or to states of the prosthesis (proprioception) [71,73]. A prosthesis with 

sensory feedback realizes a closed-loop control, providing the user with both 

exteroceptive and proprioceptive information. However, commercial hand prostheses 

used in clinical practice are generally not equipped with such closed-loop control and, 

consequently, the user needs to rely on visual feedback and incidental stimulation 

(hearing, socket pressure, etc.) [71]. An exception is the VINCENTevolution2 prosthetic 

hand, which is equipped with haptic feedback [72,75]. Other devices like Sensor-Hand, i-

Limb and BeBionic use sensors to measure and automatically regulate the grip force 

without having the user in the loop; in particular, i-Limb and BeBionic exploit motor 

current sensors with the aim to achieve an adaptive grasp [71]. Nevertheless, 

experimental projects mainly proposed electrotactile and vibrotactile stimulations, in 

order to code information relative to the grasp and provide the user with a non-invasive 

sensory feedback [71]. Electrotactile stimulation evokes sensations by passing a local 

electric current to stimulate afferent nerve in the skin with surface electrodes. The 

modulated parameters include frequency, amplitude and pulse width [74]. 

Electrocutaneous feedback can cause pain in the user, and can also create interferences in 

prostheses controlled by EMG signal [73]. Vibrotactile stimulation is achieved by 

providing the user with a mechanical vibration on the skin to convey a tactile sensation 

[74]. The two main features of the stimulus are vibration amplitude and frequency [71]. 

The use of vibrotactile feedback was reported to improve user performance, by achieving 

better grip force control and less errors in performing daily activities [71]. 

A different approach to provide sensory feedback is based on mechanotactile 

stimulation, consisting in a force/pressure applied in a different area (the residual limb) 
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from the original stimulus [74]. An example is an elastic armband connected to two DC 

motors [76], which rotate in opposite directions to tighten or loosen the band, in order to 

help the user adjust the gripping force. Current mechanotactile devices are more 

cumbersome and heavier than vibrotactile or electrotactile devices, also resulting in 

higher energy consumption [74]. 

However, sensory feedback could encourage the sense of body ownership for 

prosthetic users and help them to correctly apply force in the grip; therefore, restoring a 

kind of tactile sensation is helpful in improving the user experience as well as the 

handling performances [74]. 

The current doctoral dissertation presents the "Federica" hand, a very low-cost 

prosthetic device powered by a single servomotor and able to easily and quickly grab 

object of any shape. The whole project and all its components are openly presented in 

detail, to clearly show all the adopted solutions and to allow their reproduction. For this 

purpose, a recent study (submitted to Research in Biomedical Engineering – Springer and 

under review) provided with the supplementary materials, the CAD files for 3D printing 

and the Arduino script for the control system. Further information about the "Federica" 

hand project are available on a webpage [77]. 
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Chapter 2 

FMG and MMG as alternatives to 

EMG in muscle contraction 

monitoring 

2.1 Single-point Muscle Force Sensor 

2.1.1 Sensor Design 

Muscle contraction is associated with volumetric and stiffness changes, which exert 

radial forces (or pressures). A force-sensitive resistor (FSR) placed on a patient’s skin in 

correspondence with a muscle belly was used to sense contraction. Generally, FSRs 

consist of a conductive polymer, which changes its resistance when a force is applied to 

its surface. They can be made small and very thin (e.g., less than 0.5 mm), offer good 

shock resistance, can operate in moderately hostile environments, and are low-cost. 

However, there should only be concentrated and uniformly distributed force within the 

FSR active (or sensing) area for reliable use of the FSR. The assembling of the Interlink 

FSR [78] includes perimetral spacers that separate the two membranes holding the 

metallic contacts and the conductive polymer (see Figure 4).  
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Figure 4. Force-sensitive resistor (FSR) 402 short: A) Top view; B) Lateral view; C) Exploded 

view. 

A direct application of the FSR on skin to sense muscle contraction proved to be 

quite unsatisfactory. The mere sensor, without any mechanical coupler, provided 

uncertain and unreliable results. Contact with the patient’s skin was unstable and 

uncertain—the perimetral spacers of the FSR sensor transmits part of the applied force 

directly to the back of the sensor without involving the sensing area, and prevents the 

membrane with electrical contacts from properly flexing onto the resistive polymer layer. 

A specific mechanical coupler was designed in response to these drawbacks (see Figure 

5). A rigid spherical cap, made of acrylic resin, provides advantageous force transmission 

to FSR. The spherical cap base was glued onto the FSR’s sensitive area (leaving out the 

perimetral spacers) and its convex part was made to face the patient’s skin. When the 

sensor is applied onto the patient, the dome creates a little subsidence that gently but 

firmly attaches to the skin. Furthermore, a flat, rigid sheet of plastic was attached to the 

back of the sensor to prevent improper bending. The elastic modulus of both the spherical 

cap and the back support were much higher than that of skin and muscle. The mechanical 

coupler provides a much more convenient and reliable muscle force transmission to FSR. 

The assembly of the FSR and the mechanical coupler can be held in place onto a 

patient’s skin by a belt or other fastening methods (e.g., scotch tape). The increase of 

muscular transverse section during contraction, as well as the resultant skin stretching, 

impresses uniform pressure on the FSR active area via the rigid spherical cup. 

Furthermore, the small mechanical vibrations generated during muscle contraction (i.e., 

the mechanomyography MMG signal) are suitably transmitted to the FSR sensor. 
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Figure 5. A) Exploded view of the mechanical components of the force-sensitive resistor (FSR)-

based muscle sensor. B) A picture illustrating the FSR sensor and the rigid dome mounted above. 

2.1.2. Sensor Conditioning 

The use of conductive polymer composites as force sensors in robotic and biomedical 

applications [79,80] has been limited due to their low accuracy and repeatability in 

measuring absolute force (or pressure) compared to load cells. Some recent studies have 

modelled in detail the rheological behaviour of the insulating polymer matrix in which 

conductive particles are dispersed [81,82], and highlighted the role of the voltage across 

the sensor. When an FSR is subjected to constant loading for an extended period of time, 

mechanical creep behaviour can be observed in the physical dimensions of the specimen 

due to the rheological characteristics of the polymer. The creep affects the inter-particle 

separation, as well as the electrical resistance of FSR (see quantum tunneling operation 

mode [83])—this produces a drift of the sensor output. However, the sourcing voltage 

across the FSR sensor plays an important role in the output drift. 

The sensor datasheet [78] primarily reports a simple voltage divider circuit (a series 

of FSR and fixed resistors as depicted in Figure 6) for FSR conditioning. The voltage 

divider configuration [54] is mostly used for its simplicity, and is often supplied by the 

voltage available from microcontroller boards (e.g., 5 V).  

 

Figure 6. FSR sensor conditioning by means of a voltage divider circuit (as suggested by Interlink 

datasheet [84]). 
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However, the voltage divider configuration does not ensure a constant voltage across 

the sensor (it may swing from a few millivolts up to 5 V)—such configurations increase 

and complicate sensor drift, yields sensitivity degradation, and provides much poorer 

measurement accuracy and repeatability. Thus, using voltage divider conditioning circuits 

have been discouraged [85], and a constant voltage should be used instead. The FSR 

conditioning circuit was designed using an op-amp trans-impedance amplifier (see Figure 

7). This circuit maintains a constant voltage across the FSR, performs a current-to-voltage 

conversion, and makes the FSR sensitivity constant over a wide input force range. It was 

observed that if the FSR voltage is about a hundred mV (140 mV for the Interlink FSR 

402 sensor [82]) there is a non-linear relationship between the FSR current and voltage. 

Furthermore, it was observed that by increasing the voltage, the drift would tend to 

reduce [85]. However, joule self-heating of the sensor suggested reduction of the supply 

voltage, and the non-linear phenomena of sensitivity degradation [79] could also be 

observed when an FSR, supplied with a voltage greater than 2 V [85],was subjected to 

cyclic loading. Therefore, a good compromise to minimize drift and preserve sensitivity 

is to supply the FSR sensor with a constant voltage of 2 V. 

 

Figure 7. Conditioning circuit for the FSR sensor, based on op-amp-trans-impedance amplifier. 

With reference to muscle contraction sensing, the large time constant of the 

mechanical creep and the sensor drift (about 500 s [85]) should be compared to muscles’ 

activation intervals, which are usually much shorter. However, it is important for the 

sensor to have stable sensitivity over time [79,85] so that repeated or cyclic muscle 

contractions can be monitored. In conclusion, FSR sensor drift and sensitivity 

degradation, although not eliminated, can be effectively limited by means of appropriate 

FSR conditioning circuits. 
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2.1.3. Static and Dynamic test  

Static calibration of the FSR sensor was performed to measure the relationship 

between force and voltage output (using the conditioning circuit of Figure 7). Different 

weights were applied onto the FSR sensor, and the resulting voltages were recorded. The 

weights were sequentially and perpendicularly applied to the active area of the sensor (on 

the top of the spherical cup), while the sensor was placed on a precision electronic scale 

that measured the actual force impressed. 

The results of the static calibration of the FSR are presented in Figure 8. The gain 

resistor RG (see Figure 7) was set to 700 Ω and the voltage VFSR across the FSR to 2 V. 

The experimental measurements are represented as circles while the linear regression is 

represented as a continuous line. The angular coefficient of the regression line was 0.855, 

whereas the coefficient of determination R2 of the linear regression was 0.99, proving a 

good fitting. 

 

Figure 8. FSR static calibration: scatter plot of the experimental data (o) and regression line. 

In addition, FSR sensor outputs were recorded for 200 s after the application of static 

loads in order to measure the actual drift achieved by the conditioning circuit. Drift was 

expressed as a percentage of variation from the expected value, according to the 

following equation: 
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where Drift(t) is the normalized voltage drift in percentages; VFSR(t) is the voltage 

output of the FSR sensor at time t, and VFSR(0) is the sensor voltage immediately after the 

application of stress (i.e., the expected value). 
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The frequency response of the sensor was experimentally evaluated in order to test 

its ability to record rapidly varying signals, such as the MMG. A specific measurement 

set-up (see Figure 9) was designed and realized to practically measure the FSR sensor 

amplitude and phase response at different mechanical frequencies. A little electrodynamic 

shaker, supplied by a signal generator (Hewlett Packard HP 33120A) was mounted on top 

of the sensor, placed on a table. A precision accelerometer (PCB Piezotronics ICP 352B, 

sensor signal conditioner model 480C02) was fixed by screws onto the shaker (at the 

center of the upper part) to measure the acceleration of its mass. The weight of the shaker 

and accelerometer assembly was 315 grams. The actual force applied onto the sensor was 

obtained by multiplying the mass by the acceleration. 

The shaker was driven by a sinusoidal voltage of increasing frequency (within the 

range of 1–2000 Hz, using 50 Hz steps) while the accelerometer signal and the voltage 

output of the sensor were sampled by means of an acquisition board (National 

Instruments NI USB-4431). Both signals were acquired at 100 kHz sampling frequency 

with 24-bit precision. The modulus of the FSR frequency response was determined by 

computing the ratio between the sensor output and the actual applied force, computed 

from the accelerometer data. The phase of the FSR frequency response was determined 

by measuring the time lag between the positive-slope zero-crossings of the applied 

sinusoidal force and of the FSR voltage output. 

 

Figure 9. Experimental set-up to measure the frequency response of the FSR-based sensor. 

Figure 10 shows the FSR-based sensor output drift at different loads. Constant 

weights of 400, 800, 1200, and 1600 grams were applied onto the sensor for 200 s. The 

sensor drifts were plotted as a percentage of the expected value. The drift amount did not 

correlate with loads, but was always confined below 8%. These measurements are 

compatible with the mechanical model of the sensor [85]. 
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Figure 10. FSR drifts at different constant loads (400, 800, 1200, and 1600 grams). 

Figure 11 shows the frequency response of the FSR-based sensor: the amplitude 

response is depicted in the upper panel, and the phase response in the lower panel. The 

amplitude response was flat, and the phase linear, up to 300 Hz. A mechanical resonance 

peak can be observed at about 700 Hz. The bandwidth of the sensor is more than enough 

to correctly represent the MMG signal, since the human MMG spectrum goes from 2 Hz 

up to 120 Hz [32,33]. 

 

Figure 11. FSR dynamic response: amplitude (upper panel) and phase (lower panel) frequency 

response. 
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Discussion and Conclusions  

A single-point muscle force sensor, able to detect both the force-myographic signal 

(FMG) and the mechanomyographic signal (MMG), was presented and tested in this 

study. The specific mechanical coupling and conditioning circuit allowed a quantitative 

and more reliable evaluation of the muscle contraction level with respect to previous 

studies involving mere FSR sensors [54,55]. The new muscle force sensor allows 

detection of muscle contraction and provides signals that can be compared to EMG–LE 

(taking into account the electromechanical delay). The new sensor is simple and ready for 

immediate use, is proportional to muscle contraction level, non-invasive, non-obstructive, 

easy to wear, robust, unaffected by electromagnetic interferences, and low-cost. 

Furthermore, it does not make use of electrodes, does not require any electrical contact 

with patients’ skin, and does not need any signal processing to detect muscle contraction 

levels (only for MMG computing a simple high-pass filter is required). The FSR-based 

sensor is much simpler with respect to others (e.g., [31,45–52]) in measuring mechanical 

muscle variations during contraction. 

However, the enclosed FSR shows drift errors caused by the mechanical creep of the 

polymeric matrix; these drawbacks can be reduced by using an appropriate conditioning 

circuit for the FSR. No experiment was carried out to evaluate FSR sensor performance 

during muscle fatigue. 

In conclusion, the new FSR-based sensor can effectively monitor muscle contraction 

intensity and can be used as a valid substitute for EMG-LE to proportionally control 

prostheses or, more generally, for Human-Machine Interface (HMI) applications. The 

MMG signal provided by the sensor can be used to control prostheses too [35,37,39,86]. 
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2.1.4 FMG – MMG – EMG detection from the same muscle 

Introduction 

Simultaneous measurements of EMG and the FSR-based sensor output were carried 

out on the forearm muscle of five healthy volunteer subjects (males aged 25–50) in order 

to achieve a quantitative comparison between the EMG linear envelope (EMG-LE) and 

the FSR-based sensor output. 

Experimental Setup 

Tests were performed on the flexor carpi ulnaris, a muscle involved in prosthetic 

hand control [44,87]. EMG electrodes and the FSR-based sensor were placed closed to 

each other on the belly of the muscle, as shown in Figure 12. The EMG signal was 

acquired by means of a biopotential amplifier (Biomedica Mangoni BM623) enabling a 

hardware 10–500 Hz band-pass filter. The two signals were simultaneously acquired at 10 

kHz sampling frequency with 24-bit precision (using the National Instruments NI USB-

4431). The EMG linear envelope (EMG-LE) signal was obtained by applying full-wave 

rectification followed by a low-pass filter (Butterworth 3-rd order, 5 Hz cut-off 

frequency). The mechanomyografic signal (MMG) was extracted from the FSR-based 

sensor’s raw signal, that is the force-myographic signal (FMG), by applying a high-pass 

filter (Butterworth 3-rd order, 2 Hz cut-off frequency). Simultaneous signals were 

recorded when the subjects performed some voluntary muscle contractions of different 

intensity and duration. 

 

Figure 12. Electromyography (EMG) electrodes and FSR-based sensor placed on patient’s muscle. 
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Results 

The following are some of the results obtained when healthy subjects performed 

freehand grasping movements of different intensity and duration. As an example, Figure 

13 shows simultaneous recordings of the EMG and the FSR-based sensor output (force-

myographic signal (FMG)), as well as the computed EMG linear envelope (EMG-LE) 

and the MMG signal (computed from the FSR raw signal). The EMG linear envelope was 

plotted as a percentage of the maximum voluntary contraction (MVC), while the FSR 

signals were expressed in kilograms. Three separate muscle contractions of different 

intensity are clearly evident (each contraction starts at about 5, 31, and 58 s, see Figure 

13). The third contraction corresponds to the maximum voluntary contraction (MVC). 

There is clearly a good match between the EMG linear envelope and the FSR force 

signal. The Pearson’s correlation coefficient “r” was computed between these two signals 

to quantitatively measure their similarity: it scored 0.9286 (p-value < 0.0001 (two-tailed 

test)). However, a delay of the force signal with respect to the EMG is particularly 

noticeable at the end of each contraction. This is probably due to the electromechanical 

delay, which is longer during muscle relaxation [58,61]. Thirty contractions of the 

subjects’ flexor carpi ulnaris were analyzed, and the Pearson’s correlation coefficients 

computed between the FSR output and the correspondent EMG-LE were always greater 

than 0.9. 

As expected [32,33], the amplitude of the MMG signal corresponding to the central 

part of muscle contraction (excluding the start and the end) increases with the muscular 

strength. The standard deviations of the MMG signal computed in the central part of the 

contractions (i.e., from 7 to 14 s for the first contraction; from 33 to 40 s for the second 

contraction; and from 61 to 68 s for the third contraction, see Figure 13) resulted in 2.7, 

5.2, and 7.0 grams, respectively. The main part of the MMG spectrum results were 

concentrated at between 2 and 20 Hz, in accordance to literature [32,33]. 
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Figure 13. Simultaneous recordings from flexor carpi ulnaris when performing three grasp actions 

at increasing strength: (a) Raw EMG signal; (b) EMG linear envelope; (c) FSR raw signal (force-

myographic signal (FMG)); (d) mechanomyogram (MMG) extracted from FSR. 
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2.1.5 FMG and EMG Comparison in Muscle Contraction Timing 

for Prosthetic Control 

Introduction 

The activation times required to trigger active prostheses, by using the EMG linear 

envelope and the force-myographic signal (provided by the FSR-based sensor) were in 

detail compared. Although the raw EMG signal always precedes the mechanical 

contraction, and therefore the signal detectable by the FSR, EMG signal must be 

processed in real-time with inevitable computational delays. On the contrary, the FSR 

signal can be used without any processing. To experimentally measure such delays, EMG 

and FSR signals were simultaneously acquired from the same muscle, opportunely 

processed and then compared. These time delays are particularly important when 

prostheses include fast acting mechanism that allow rapid interactions and, in general, for 

human machine interfaces. 

Experimental setup 

Practically, EMG and FSR signals were collected simultaneously from the forearm 

muscle “flexor carpi ulnaris”, while performing wrist flexion movements (see also [88]). 

FSR-based sensor was placed between the EMG electrodes on the belly of the muscle 

(see Figure 14). The FSR was fixed on patient’ skin by means of an elastic adhesive tape 

such the kinesio-tape. This allows to mount the sensor locally on the desired position of 

the skin, without the need of a band that wraps around the forearm. The EMG signal was 

acquired by means of a biopotential amplifier (Biomedica Mangoni BM623) enabling a 

hardware 20–500 Hz band-pass filter and a gain of 1000 V/V. The two signals were 

simultaneously acquired at 10 kHz sampling frequency with 16-bit precision by means of 

an acquisition board (National Instruments PCI-6251). The voluntary subjects were asked 

to vigorously perform wrist flexions as fast as they can, holding the position for a second 

or two and then returning in a relaxed state. 
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Figure 14. FSR-based sensor and EMG electrodes positioned on flexor carpi ulnaris. 

Data processing 

Different, classical techniques were applied on the raw EMGs to compute the EMG 

linear envelopes. In particular the following techniques were considered: a Moving 

Average (MA) low-pass filter with a time window set to a duration of 88ms acting on the 

rectified EMG; a Moving Root Mean Square (RMS) filter with a time window of 88ms; a 

4th order Butterworth low-pass digital filter acting on the rectified EMG. All the filters 

were designed to exhibit the upper cut-off frequency (-3dB) to 5Hz (see Figure 15). This 

band was chosen as a good compromise between an acceptable variability of the EMG 

linear envelope and a fast tracking of muscle activation. Indeed, the proportional control 

of a prosthesis must not only consider the activation state of the muscle, but also its level. 

 

Figure 15. Frequency responses of the used low-pass filters for computing the EMG linear 

envelopes. 

For conditioning the FSR-based sensor, it was used the op-amp trans-impedance 

amplifier [62], presented in section 2.1.2. By means of a static calibration, it was 

computed the relationship between the force exerted on the sensor (expressed in Kg) and 

the voltage output (VOUT) of the conditioning circuit.  

Beginning and end of a muscle contraction 

A well-established double threshold method [89] was used to compute the beginning 

(onset) and the end of a muscle contraction. Assuming that the EMG signal amplitude is 

generally associated with a Gaussian probability distribution (normal curve), the 

algorithm involves to compute the mean (μ) and standard deviation (σ) of the baseline 

EMG activity in absence of muscle contraction (considering a time period of 250ms prior 

to burst). The first threshold was set to μ + 2.58σ (μ ± 2.58σ represents the 99% 
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confidence interval of the EMG baseline activity). The second threshold considers a 

minimum time of continuous muscle activation, in which the EMG signal is above the 

first threshold. It was considered a time interval of 50ms [90]. This second threshold 

minimizes false onset detections due to fluctuations around the first threshold [89]. The 

detection of the end of muscle contraction is calculated similarly to the onset (using the 

same thresholds values). The same criteria to compute the beginning and the end of the 

contraction was applied to the FSR force signal (FMG). 

Results 

By applying the different low-pass filtering methodologies on the raw EMG signal 

(as described in the “Data processing” section), in Figure 16 the obtained EMG linear 

envelope waveforms (mV) are superimposed presented, together with the FSR force 

signal (Kg), in the appropriate measurement units.  

 

Figure 16. Superimposed plots (coded with different colors) of the rectified EMG, EMG linear 

envelopes and FSR force signal (FMG), related to a single wrist flexion movement.  

To better visualize the time interval relating to the muscle activation (i.e. the onset), 

an enlargement of the beginning of the contraction is reported in Figure 17. This figure 

shows that the electrical muscle activation signal (rectified EMG) is rightly ahead of the 

mechanical muscle activation detected with the FSR-based sensor, considering the 

electromechanical delay. Nevertheless, it is clearly evident that the EMG linear envelopes 

are all delayed with respect to the FSR force signal. This is due to the lags associated with 

the different low-pass filtering methods. It is further emphasized that the signal from the 

FSR-based sensor does not need to be filtered in any way. 
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Figure 17. Enlargement of the beginning of the muscle contraction depicted in Figure 16. All 

signals plots (rectified EMG, EMG-LEs and FSR force signal (FMG)) are superimposed and 

coded with different colours. 

As an example of muscle contraction onset detection by means of the double 

threshold technique, applied to the same muscle contraction depicted in Figure 16, the 

following Figure 18 shows for each different computed EMG linear envelopes and for the 

FSR force signal, the related thresholds and onsets.  

 

Figure 18. Detected onsets by means of double threshold method (see Materials and Methods 

section) for the different tested signals: a) EMG-LE computed by applying a Moving Average 

filter on windows of 88ms; b) EMG-LE computed by applying a moving Root Mean Square filter 

on windows of 88ms; c) EMG-LE computed by applying a Butterworth LPF (4th order, fcut=5Hz); 

d) FSR force signal (FMG).  
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Moreover, onsets measurements were carried out on ten different muscle 

contractions, in order to obtain a reliable estimate of the different trigger signals (for 

prosthesis control) achievable with the considered methodologies. Table 1 shows the 

statistics of the EMG linear envelopes onsets with respect to the corresponding FSR 

signals onsets. 

Table 1. EMG-LE onsets delays with respect to the FSR onsets 

EMG-LE computation method 

Delays from FSR 

onsets (m ± s) 

Rectified EMG + Moving Average (computed on 

88ms time windows) 
30.6 ± 12.9  [ms] 

RMS values computed on 88ms EMG time windows 22.1 ± 4.2  [ms] 

Rectified EMG + LPF Butterworth 4th order, 5Hz 

cut-off frequency 
59.4 ± 20.6  [ms] 

 

The FSR onsets resulted always ahead, even if of a few tens of milliseconds, from 

the obtainable EMG-LE onsets. Furthermore, compared to the FSR onsets, the most 

performing EMG low-pass filter resulted the moving RMS, while the worst was the 

Butterworth filter. 

Analogously, an enlargement of the end of the contraction (presented in Figure 16) is 

reported in Figure 19. 

 

Figure 19. Enlargement of the end of the muscle contraction depicted in Figure 16. All signals 

plots (rectified EMG, EMG-LEs and FSR force signal) are superimposed and coded with different 

colours. 

As already done in Figure 18, the instants computed as the muscle contraction ends, 

by means of the four methods, are represented in detail in Figure 20. 
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Figure 20. Detected contraction ends by means of double threshold method (see Materials and 

Methods section) for the different tested signals: a) EMG-LE computed by applying a Moving 

Average filter on windows of 88ms; b) EMG-LE computed by applying a moving Root Mean 

Square filter on windows of 88ms; c) EMG-LE computed by applying a Butterworth LPF (4th 

order, fcut=5Hz); d) FSR force signal (FMG).  

Table 2 shows the statistics of the end-contraction times, computed as delays with 

respect to the EMG-LE, obtained by using the Butterworth low-pass filter. 

Table 2. End-contractions delays with respect to the EMG-LE (Butterworth) 

EMG-LE computation method 

Delays from EMG-LE 

(Butterworth 4th order, 5Hz 

cut-off freq) (μ±σ) 

Rectified EMG + Moving Average (computed on 

88ms time windows) 
56.1 ± 23.2  [ms] 

RMS values computed on 88ms EMG time windows 114 ± 16.4  [ms] 

FSR force signal (FMG) 135 ± 87.0  [ms] 

 

To show the effect of a low-pass filter with a cut-off frequency much higher than 5 

Hz to extract the EMG-LE, Figure 21 shows the EMG linear envelope signal obtained 
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with a Butterworth low-pass filter at 50 Hz. Obviously, with this filter the delay of the 

envelope obtained with respect to the raw EMG signal is significantly reduced, but the 

envelope signal results extremely variable and not suitable for proportionally controlling 

a prosthesis. 

 

Figure 21. Superimposed plots (coded with different colors) of the rectified EMG, EMG linear 

envelope (Butterworth LPF, 4th order, fcut=50Hz) and FSR force signal, related to a single wrist 

flexion movement.  

Figure 22 shows an enlargement of Figure 21 to better appreciate the signals at the 

beginning of the contraction. The wide variations exhibited by the envelope signal can 

generate various passages through the amplitude threshold and determine an uncertainty 

about the contraction beginning. 
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Figure 22. Enlargement of the beginning of the muscle contraction depicted in Figure 21. All 

signals plots (rectified EMG, EMG-LE and FSR force signal) are superimposed and coded with 

different colours. 

Discussions and conclusions  

This study proposed a comparison between electromyographic (EMG) and force-

myographic (FMG) signals for providing appropriate timing control for prostheses, by 

monitoring residual muscle activity. The FSR force signal (FMG) is disadvantaged 

compared to the EMG, due to the physiological electromechanical delay (EMD) between 

the electrical activation of the muscle and its mechanical contraction. However, to 

practically use the EMG signal, it must be processed (i.e. compute its linear envelope); 

this processing involves a low-pass filtering operation that causes an unavoidable delay. 

This delay was greater than the EMD (as measured with the FSR-based sensor) with 

reference to the beginning of the muscle contraction. On the contrary, for the 

determination of the end of the muscle contraction, the FSR-based sensor always provides 

a delayed signal with respect to that provided by the EMG; this result is in line with what 

reported in the literature [91]. However, it would be interesting, in future studies, to 

compare the performances of force sensors as alternatives for EMG on various subjects, 

in order to obtain more information regarding the repeatability and the accuracy of the 

measurements. Likely, the muscular volumetric variation detected by means of force 

sensors is correlated with the specific anatomical characteristics of the subject (e.g. the 

ratio of lean muscle mass vs fat mass). 

The results of this study provide important information about the use of force sensors 

as substitutes for electromyography in the proportional control of artificial limb 

prostheses. In particular, these are very important when very rapid mechanical actuators 

are embedded in prosthesis, which require similarly fast patient control. 
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2.2 Circumference Muscle Force Sensor 

2.2.1 Sensor Design  

A conductive rubber cord was also experimented to sense forearm muscle 

contractions. The cord is made of carbon impregnated rubber; its section is circular with a 

diameter of about 2mm; its resistivity is about 150 /cm. The rubber results enough 

compliant and can be stretched more than 50% longer than its resting length. Therefore, it 

can be easily adapted to the specific patient forearm size. The conductive rubber cord was 

enclosed in a stretchable, fabric cuff so to be easily worn by the patient himself. There is 

no electrical contact between the sensor and the patient’s body. This is an advantage over 

the use of electrodes to record the EMG. A constant current was injected into the rubber 

cord and the voltage drop at its terminals was measured (see Figure 23).  

 

Figure 23. General scheme of the conditioning circuit for the stretchable cord sensor 

2.2.2 Experimental Test 

In order to test the relation between an EMG signal recorded at patient’s forearm and 

the signal produced by the sensor wrap around the forearm, the two signals were 

simultaneously recorded while the patient clenched his fist. 

Figure 24 shows the relative placements of the EMG electrodes and the stretchable 

cord sensor on patient’s forearm. The EMG signal is mainly produced by the flexor carpi 

ulnaris muscle. 
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Figure 24. EMG electrodes and rubber cable sensor placed on the right forearm of a healthy 

volunteer. 

Some of the results obtained during the various experimental tests are shown 

hereafter to prove the substantial equivalence of the proposed sensor with respect to the 

conventional EMG in controlling prosthetic hand.  

Figure 25 shows the simultaneous recordings of the EMG and the output signal 

provided by the stretchable cord sensor, while the subject exercised five separated muscle 

contractions of different intensity and duration.  

 

Figure 25. Simultaneous graph that displays: a raw EMG tract, with five separate muscle 

contractions of different intensity (upper panel); the correspondent EMG linear envelope (middle 

panel); the output voltage of the stretchable cord sensor (lower panel). 
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As can be seen from Figure 25, the EMG linear envelope (EMG-LE) and the sensor 

output voltage are similar but not identical. This can be explained by considering that the 

rubber sensor is mounted around the entire forearm circumference (see Figure 24). 

Hence, during the clench of the fist, the stretchable cord sensor responds to the activity of 

various muscles and not just to the flexor carpi ulnaris muscle, sensed by EMG. To 

quantitatively measure the similarity between the EMG linear envelope and the output of 

the stretchable cord sensor, the Pearson’s correlation coefficient "r" was computed. It 

resulted to be 0.78 (p-value < 0.0001 (two-tailed test)).  

Discussions and conclusions  

This study proposes a circumference muscle force sensor, which provides a signal 

ready to use; it does not require any preparation of patient's skin and can be comfortably 

worn as an elastic cuff. The sensor is very cheap, insensitive to electromagnetic 

interference, withstands large mechanical stresses, wear and can be washed. Certainly, in 

prosthetic applications, the sensor in its present form is not suitable for controlling more 

than one motor. However, new topological arrangements of the stretchable cord are being 

considered in order to be only, or predominantly, sensitive to the contraction of a single, 

specific muscle. In this way, a single elastic fabric cuffs that embed multiple sensors can 

be made; this would allow simultaneous, independent recordings of different muscles 

activity. 
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Chapter 3 

State-of-the-art of the “Federica” 

Hand 

3.1 Mechanics and Control 

3.1.1 Underactuated Mechanical System 

The parts of the “Federica” hand are almost completely 3D printed in Polylactic Acid 

(PLA). The prosthesis has an anthropomorphic appearance and is composed of five 

fingers each of three phalanges. It is strongly underactuated as a single servo motor (180 

degrees metal steering gear, 30 Kg/cm torque) [92] provides to synergistically move the 

fifteen phalanxes (15 degrees of freedom) by means of inelastic cables (artificial 

tendons). A custom differential mechanical system allows a balanced and constant 

distribution of the force between the fingers (see Figure 26).  
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Figure 26. 3D renderings of the “Federica” prosthetic hand: a) Top view; b) Side view; c) Bottom 

view. 

In the hand palm side (see Figure 27,A-B) it is possible to observe that the 

servomotor exerts a force �⃗� on the pulley A; here this force is divided into equal force 

components (�⃗�/2) towards the pulleys B and C; pulley B further divides the force at its 

input into two equal force components (�⃗�/4) directed towards the middle finger and 

pulley E respectively; pulley E in turn divides the force at its input and supplies the same 

force components (�⃗�/8) to the ring and little fingers; finally, the pulley C distributes the 

force at its input into equal force components (�⃗�/4) directed towards the index finger and 

thumb. This particular design allows to always have �⃗�/4 on the thumb, index and middle 

fingers, and �⃗�/8 on both the ring and little finger. A former functional–anatomical 

analysis of the human hand [93] revealed that a greater reliability in the grip is given by 

the thumb (for its opposability), index and middle fingers; while the ring and little fingers 

assist the prehension. 

The mechanical system is equipped with two main tendons: one actuator (palm side) 

and one antagonist (back side) to perform respectively the closing (fingers flexion) and 

opening (fingers extension) of the hand. Both tendons are connected to the same pulley 

on the servomotor output shaft (see Figure 28,A), so that when one is pulled the other is 

released and vice-versa. In particular, in the back side (see Figure 27,C-D), the traction 

force used for the extension of the fingers, is distributed by using levers. A coil spring 

with low elastic constant (K ≈ 2.5 N/mm) is inserted on the main tendon of the back side 

(see Figure 27,C), in order to allow the complete flexion of the fingers, otherwise not 

possible by using inextensible cables (tendons).  
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It is interesting to emphasize that most of the hand prostheses on the market [1,2] use 

different coil springs positioned inside the fingers, to permit their passive extension. This 

entails a considerable energy absorption in having to overcome the elastic forces exerted 

by these coil springs during the hand closing tasks. 

On the contrary, the "Federica" hand actively performs the hand opening and closing 

movements, in a closed chain system: the traction of the main tendon from the palm side 

allows the hand closure, while the traction of the main tendon from the back side permits 

the hand opening. The energy efficiency of the device allows the transfer of most of the 

motor energy to the prosthetic fingers, achieving a more powerful grip. 

 

Figure 27. Illustration of the “Federica” hand design: a) Palm side mechanical system; b) Force 

distribution on palm side during hand closing; c) Back side mechanical system; d) Force 

distribution on back side during hand opening. 

The current version of the “Federica” hand is showed in Figure 28. In order to 

preliminary test it on healthy subjects, the device was provided with a rigid handle 

mounted on the back of the prosthesis (see Figure 28,B-C), while two aluminium bars 

were used to remotely fix the servomotor. It is clearly observable that the main tendon 

from the palm side, after some windings around the pulley on the servomotor output 

shaft, is joined with the main tendon of the back side, thus making the closed chain of the 

mechanical system. 
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Figure 28. Current version of “Federica” hand: A) Palm view; B) Back view; C) Handle. Two 

aluminium bars were mounted in back side to remotely fix the servomotor. 

As a further example of the closed chain of the mechanical system, Figure 29 shows 

the actuation mechanism of a single prosthetic finger. The clockwise rotation of the 

servomotor, by traction on the inelastic cable towards the hand back (Figure 29,A) 

performs the finger extension; on the other hand, the counter-clockwise rotation of the 

servomotor, by traction on the inelastic cable towards the hand palm (Figure 29,B), 

performs the finger flexion. The figure also highlights that these inelastic cables pass 

inside each phalanx (through special holes) and are knotted at the fingertip. 
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Figure 29. Finger actuation mechanism: a) finger extension by traction on the inelastic cable 

toward the hand back; b) finger flexion by traction on the inelastic cable toward the hand palm. 

3.1.2 FMG Control and Vibrotactile Sensory Feedback  

Figure 30 shows the closed loop on the prosthesis user, made by combining the 

force-myographic (FMG) control and the vibrotactile sensory feedback. In particular, 

both the “efferent pathway” (from the contraction of the target muscle to the execution of 

the grasp action) and the “afferent pathway” (from the sensing of the servomotor current 

absorption to the vibrotactile stimulation for the sensory feedback of the grip force) are 

presented. 

 

Figure 30. Flowchart describing the efferent pathway (force-myographic control system) and the 

afferent pathway (vibrotactile sensory feedback system).  

The force-myographic (FMG) control signal for prosthesis activation, is provided by 

the FSR-based sensor (presented in section 2.1.1), positioned in correspondence with the 

forearm muscles assigned to the control. The positioning of the sensor depends on both 

the shape of the forearm stump and the location of the residual muscles. The FSR-based 

sensor is extremely thin: even with the mechanical coupler (the rigid dome in Figure 

31,A), its thickness is limited and it favours its positioning both inside the socket or on 

other control muscles.  

The FSR-based sensor is conditioned by means of a current mirror circuit [94], 

realized by means of a pair of pnp BJT (2N2907), gluing the two-transistor cases, in order 

to maintain them at approximately the same temperature. The circuit replicates the FSR 

current in the gain resistor RG (see Figure 31,B) [94] providing an output voltage that is 

directly proportional to the force exerted on the sensor. Moreover, although the voltage 

across the FSR is not fixed (unlike the conditioning circuit presented in Figure 7), it was 

proved in [94] that by considering loads between 100g and 1500g (simulating real 

conditions), its percentage variation was only about 2%.  

A static calibration of the FSR-based sensor was carried out to evaluate the 

relationship between the muscle force exerted on the sensor and the voltage output from 

the conditioning circuit (Figure 31,B). Different calibrated weights were progressively 
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applied on the active area of the sensor and the corresponding output voltages were 

recorded, then the static calibration relationship was obtained by means of linear 

regression [11,17]. 

 

Figure 31. A picture of an FSR-based sensor equipped with a custom mechanical coupler; B) FSR 

conditioning circuit, based on current mirror (RG = 910Ω). 

Results of the static FSR calibration are showed in Figure 32. Experimental 

measurements are represented as circles, while linear regression is represented as red 

continuous line. Considering the weights applied to the sensor as x (N) and the output 

voltage from the conditioning circuit as y (V), the equation of the linear regression 

resulted: 

𝒚 = 𝟎. 𝟐𝟖𝟖 𝒙 + 𝟎. 𝟑𝟕𝟐𝟕        (2) 

with a coefficient of determination R2 equal to 0.984. 

 

Figure 32. FSR-based sensor static calibration: scatter plot of the experimental data (o) and 

regression line. 

The control system was implemented on an open-source Arduino platform (Arduino 

Nano). The whole system is powered by a 7.4V battery pack. Every time the prosthesis is 
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worn, a simple calibration procedure is recommended: while staying at rest (two 

seconds), the mean minimum force value applied on the FSR-based sensor is acquired 

and stored; then, while exerting the maximum voluntary contraction (two seconds), the 

mean maximum force is acquired and stored. The user can be guided in this calibration 

phase by means of the vibration motor (or by a buzzer), which signals when the patient 

has to contract the muscle. Figure 33 depicts the entire calibration phase as a flowchart. 

After calibration, the prosthesis is ready to work. 

 

Figure 33. Flowchart describing the calibration phase of the control system. 

The proportional control is achieved by associating different levels of muscle 

contraction (from the minimum to the maximum of the FSR output voltages) to the 

rotation angle of the servomotor (from 0 degrees: hand open, to 180 degrees: hand 

closed). Even few levels (e.g. ten) allow a progressive and smooth hand closure. 

The “Federica” hand is equipped with an optional sensory system that provides 

information to the user about the exerted grip force. An estimate of the grip force is 

obtained by measuring the electric current absorbed by the servomotor, then this 

information is provided to the user through a vibration transducer. A previous study [47] 

already showed that the mechanical torque generated by servomotor, is highly correlated 

to its current absorption.  
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The motor current is continuously monitored through the ACS712 Hall effect sensor 

[95,97]. When the absorbed current exceeds a certain threshold for a given time (double 

threshold criterion [89]), a vibration is provided to the user by means of an eccentric 

motor placed in contact with the patient's skin (on-off sensing). In particular, an increase 

in current of 200 mA compared to the steady motor absorption, for a time greater than 

200 ms, was empirically chosen to trigger the vibration motor. Likewise, the vibration 

ends when the current absorption goes under the same threshold for more than 200 ms. In 

a previous study [95] it was already showed that the servomotor, according to its structure 

and controller, absorbs current in a non-continuous way and, consequently, the absorbed 

current continuously shows impulsive variations. The ACS712 output signal is low-pass 

filtered at 5Hz by means of a hardware RC filter (R1C1 in Figure 34), in order to give the 

Arduino board a more stable signal.  

The simple circuit to drive the vibration motor is showed in a section of Figure 34. A 

npn BJT (BJT3) is used to amplify the driver current supplied from the Arduino to the 

vibration motor; on the other hand, a 1KΩ resistor (R2) in series with the base of the 

transistor, is also used for limiting this current and avoiding motor damages. The diode 

(D1) acts as a surge protector for the microcontroller against voltage spikes that the motor 

could produce while rotating, and a 0.1uF ceramic capacitor (C3) absorbs these voltage 

peaks. 
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Figure 34. Circuit diagram based on Arduino platform (RG = 910Ω; R1 = 1.6KΩ; C1= 20μF; C2 = 

0.47mF, D1 (1N4001); R2=1KΩ; C3=0.1μF). 

The flowchart of Figure 35 describes the software operations implemented on the 

Arduino board, for controlling the servomotor and the vibration motor. 

 

Figure 35. Flowchart describing the logic of the software implemented on the Arduino board. 

Figure 36 shows simultaneous recordings of FSR sensor output (N), servomotor 

current absorption (mA) and vibration motor control signal (V). The FSR-based sensor 

(see Figure 36,A) was triggered by exerting a first impulsive and then constant force 
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(about 16N), in order to quickly activate the closure of the prosthetic hand and keep the 

grip on an object for some seconds. The current absorbed (see Figure 36,B) by the 

servomotor shows a first peak at the motor starting (to overcome static friction) and a 

second peak when the prosthetic fingers reach the object; then, the current value stabilizes 

at about 800 mA for the entire holding time. The panel C of Figure 36 shows the 

activations of the vibration motor, corresponding to three consecutive grasps.  

 

Figure 36. Simultaneous recordings of: a) Prosthesis control signal (output of the FRS-based 

sensor conditioning circuit); b) Current absorbed by the servomotor (output of the ACS712 

conditioning circuit); c) Vibration motor control signal. 

3.1.3 Design Specifications 

The design specifications for the “Federica” hand are outlined in  

Table 3. The size was specified to be suitable for an adult man and the mass of the 

device (the only prosthetic hand) was about 200 g. Different tasks of daily-life, carried 

out in a previous study [95], showed the capability of the device to grasp different shaped 

objects (raising loads up to 1 Kg) and an activation speed of about 0.5s, from the muscle 

sensor trigger to the complete closure of the hand. Moreover, using batteries of 7.4 V 

with a capacity of 3000 mAh, and considering various daily activities performed by the 

patient, it was estimated that the prosthesis would have an autonomy of at least an entire 

day [95]. 

Table 3. Design specifications for the “Federica” hand. 

Item Specification 

Size Suitable for an adult man 
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Mass About 200g (the prosthesis only)  

Modularity Yes 

Number of actuators 1 

Degrees of freedom 15 

Sensing of grip force Vibrotactile 

Max tested load 1 kg 

Activation speed (from trigger to complete closure) 0.5s 

Energy power 2 x 3.7V batteries (3000mAh)  

 

The approximate costs (overestimated) for the realization of the prosthetic device 

(total of 100 US$) are shown in Table 4. The higher cost was due to the servomotor 

(Hitec HSR-5990TG), because it is equipped with metal gears and allows to generate a 

remarkable mechanical torque. Conversely, the costs related to the 3D printed 

components and the realization of the entire control system are much more affordable. 

Table 4. List of components (related costs in US$) used for the realization of the “Federica” hand. 

Component Cost (US$) 

3D printed components (PLA) 20 

other mechanical components (cables, aluminium tube, screws…) 10 

Servomotor (HITEC HSR-5990TG) or equivalent 40 

Arduino Nano (processing unit board) 10 

Battery Pack (2x3.7V rechargeable battery) 10 

Piezoresistive force sensor (FSR 402 short) 5 

Electronic components (BJTs, resistors, capacitors, switch) 5 

Vibration Motor (5) 

Current Sensor (ACS712-5A) (5) 

-------------------------------------------------------------------------------------------- -- ------------- 

TOTAL 100 (110) 
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Chapter 4 

“Federica” performances 

4.1 Activation Speed and Motor Energy Consumption 

Introduction 

This study is focused on two performance analyzes of the “Federica” hand. Firstly, it 

is evaluated its activation speed, from the muscle sensor (FSR-based sensor) trigger to the 

complete closure of the hand; then it is investigated the energy consumption, while 

performing some daily-life activities. 

Previous studies [1,2] carried out comparisons of the most well-known hand 

prostheses (iLimb, Bebionic, Michelangelo, etc.) available on market, reporting specific 

performances. Hence, it was possible to compare these prosthetic devices in terms of 

activation speed with the performances of the “Federica” hand. However, no accurate 

data were found about energy absorption of the above-mentioned commercial prostheses 

(hindering comparative studies). Concise data declared by the manufacturers of prosthetic 

devices [98,99] were not usable for a correct comparison, because they were either too 

generic (for example, the current absorptions not related to certain actions performed with 

the prosthesis, but as average consumptions), or in relative units of measurement (for 

example, the speed of rotation in closing and opening of the prosthesis reported as linear 

speed (m/s), depending on the reference radius, and not at angular velocity (rad/s)). 

Experimental setup 

Full-HD video acquisitions at 100 fps of a complete rotation of the servomotor arm 

(Figure 37,a-b) were filmed with a Sony alpha 7III digital camera. Subsequently, the 
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rotation of the prosthesis pulley (Figure 37,c-d) fixed to the same servomotor, was filmed 

with the settings mentioned above, from the open hand position to the completely closed. 

This was useful to compare the different kinematic behaviours of the servomotor, when it 

works freely or linked to the mechanical components of the prosthesis.  

 

Figure 37. Setup for video acquisitions: a) servomotor in start position; b) servomotor in final 

position; c) prosthesis pulley in start position; d) prosthesis pulley in final position. 

The control signals were sent to the servomotor by means of an Arduino board and a 

LED was used as a light indicator of the servomotor rotation. In detail, the LED turns on 

when the control signal is sent to the servomotor, and stays on until the servomotor 

rotates and reaches the final position (i.e. hand completely closed); after that, the LED 

turns off (see Figure 38). In this way, it was possible to precisely measure the start and 

end times of the servomotor rotation. 

 

Figure 38. Light indication of the servomotor rotation: the LED turns on when the control signal is 

sent to the servomotor, and stays on until the servomotor rotates and reaches the final position. 

A tool developed in MATLAB allowed the tracking of a red marker applied both on 

the servomotor arm and on the prosthesis pulley, frame by frame (see the flowchart 

depicted in Figure 39). In this way, it was possible to compute the angular displacements 

(rad) over time (s) in both the aforementioned cases.  
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Figure 39. Flowchart describing the methodology used to obtain the tracking of the red marker 

applied both on the servomotor arm and on the prosthesis pulley.  

The angular displacements over time were low-pass filtered by means of a 

Butterworth 2-rd order filter, with 10 Hz cut-off frequency. The angular velocities (rad/s) 

were obtained as temporal derivatives of the angular displacements, while, the angular 

accelerations (rad/s2) as temporal derivatives of the angular velocities. 

It was used an Hall-effect current sensor (ACS712) [97] in order to measure the 

absorbed current by the servomotor, under different conditions of use of the prosthesis (at 

rest, grasping objects, raising water bottles, etc.). In fact, the greater the load to which the 

prosthetic hand is subjected, i.e. the servomotor, and the greater the absorbed current by 

the latter. This sensor detects currents in the ± 5A range and has a sensitivity of 185 

mV/A. 

The servomotor, when holding a position or moving, absorbs current in a non-

continuous way (according to its structure and to the servo controller). Thus, the absorbed 

current continuously shows sudden variations depending on the instantaneous need of 

energy required by the servo mechanism to hold or to change its angle. Therefore, it was 

necessary to filter the Hall sensor output signal with a low-pass filter (hardware RC 

circuit with a 5 Hz cut-off frequency) for the purpose of measuring an averaged value of 

the absorbed current (see Figure 40). The signal was then acquired at 10 kHz sampling 

frequency with 14-bit precision by means of an acquisition board (National Instruments 

NI USB-6009). Moreover, it was successively low-pass filtered by means of a 

Butterworth 3-rd order filter, with 3 Hz cut-off frequency. 
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Figure 40. Circuit diagram showing the hardware configuration used for measuring the current 

absorption of the servomotor. 

The energy consumptions related to the various conditions of use of the prosthetic 

device, were obtained by integrating the different current absorptions multiplied by the 

supply voltage for a specific time interval: 

𝑬 =  ∫ 𝑽𝒄𝒄 𝑰(𝒕) 𝒅𝒕
𝒕+𝑻

𝒕
      (3) 

(with E [J] representing the energy consumption, Vcc [V] the constant supply 

voltage, I(t) [A] the instantaneous current flowing in the servomotor, t [s] the time instant 

related to the end of the transient phase and the reaching of a stable condition, T [s] 

integration time: 5s). 

Results 

Figure 41 shows the results of the servomotor kinematic analysis, when not 

connected to the prosthesis (Figure 37,a-b). The total angular displacement over time of 

the rotor (Figure 41,a) resulted to be about 3.5 radians, and was well represented by a 

sigmoid regression (S-shape) such as: 

𝒚 =  
𝒂

𝒃 + 𝒆−𝒃(𝒙+𝒄)       (4) 

(a = 0.0389, b = 0.01038, c = 126.4 with 95% confidence bound; x = time (ms), y = 

angle (rad)) with a coefficient of determination R2 equal to 0.993.  
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Figure 41. Kinematic analysis of the servomotor: a) angular displacement over time of the 

servomotor rotor; b) angular velocity of the servomotor rotor; c) angular acceleration of the 

servomotor rotor. 

The angular velocity (Figure 41,b) was initially zero, had a rapid rise and remained 

almost constant at about 8 rad/s, finally, at the end of the rotation, it returned to zero. 

The angular acceleration (Figure 41,c) was initially zero, had a rapid rise when the 

velocity incremented, remained almost null when the velocity was constant, finally, at the 

end of the rotation, it had a negative peak when the velocity decremented and then 

returned to zero. 

Figure 42 shows the results of the kinematic analysis of the prosthesis pulley 

connected to the servomotor (Figure 37,c-d). The total angular displacement over time of 

the pulley (Figure 42,a) resulted to be about 3 radians, and was well represented by a 

sigmoid regression (S-shape) such as: 

𝒚 =  
𝒂

𝒃 + 𝒆−𝒃(𝒙+𝒄)      (5) 

(a = 0.03576, b = 0.01133, c = 94.92 with 95% confidence bound; x = time (ms), y = 

angle (rad) ) with a coefficient of determination R2 equal to 0.994.  
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Figure 42. Kinematic analysis of the prosthesis pulley connected to the servomotor: a) angle 

position over time of the prosthesis pulley; b) angular velocity of the prosthesis pulley; c) angular 

acceleration of the prosthesis pulley. 

The trend of the angular velocity of the prosthesis pulley (Figure 42,b) was quite 

similar to that of the servomotor at the previous point (Figure 41,b), with the differences 

of being slightly lower (about 7rad/s) and with greater variations in the central part of the 

rotation. 

Concerning the angular acceleration (Figure 42,c), it resulted to be similar to that of 

the servomotor (Figure 41,c), especially with regard to the initial and final phases of the 

rotation, while in the central phase there are much more evident accelerations and 

decelerations in correspondence to the related variations of velocity. 

Figure 43 shows the current absorption trends associated with the various actions, 

displayed in Figure 44, performed with the prosthesis.  
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Figure 43. Trends of the current absorbed by the servomotor in the different actions performed 

with the prosthesis: a) open hand (rest condition); b) closed hand; c) grasping an object; d) raising 

half-liter bottle; e) raising one-liter bottle. 

 

Figure 44. Images captured during the various tests performed: a) open hand (rest condition); b) 

closed hand; c) grasping an object; d) raising half-liter bottle; e) raising one-liter bottle. 

For the time interval T (5s), corresponding to stable conditions, the average values of 

current absorptions and the associated energy consumptions were computed for each 

performed action. The results of these values are shown in Table 5. 
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The minimum energy absorption occurred in rest condition (less than 20mA), while 

in the other tested actions, the maximum absorption achieved (about 860mA) was 

obtained by raising a load of 1 Kg.  

Using batteries of 7.4 V with a capacity of 3000 mAh, the autonomy at rest would be 

about a week, while constantly raising a load of 1kg of about 3.5h. Consequently, 

considering various daily activities performed by the patient, an autonomy for at least an 

entire day is predicted. 

Table 5. Average values of current absorptions and energy consumptions (in 5s) for each 

performed action 

Prosthesis activity Average current absorption [mA]  Energy consumption in 5s [J] 

Open hand (rest) 17.6 0.650 

Closed hand 

Grasping an object 

498 

665 

18.4 

24.6 

Raising half-liter bottle 730 27.0 

Raising one-liter bottle 859 31.8 

 

Discussion and conclusions 

This study showed the different kinematic behaviours of the servomotor, actuator of 

the “Federica” hand, when working freely or linked to the mechanical system of the 

prosthesis. The mechanical efficiency of the prosthesis in the transmission of movement 

is proved in terms of imperceptible latencies and not noticeable variations in the velocity 

and acceleration profiles of the motor. The high grasping speed offered by this prosthetic 

device (less than half a second, from the muscle sensor trigger, for a complete closure of 

the hand) is remarkable, even comparing these performances with the most recent and 

innovative prostheses on the market (0.35s for Michelangelo, 0.80s for iLimb Quantum, 

1s for BiBionic V3) [1]. 

Regarding the energy absorption of the prosthesis motor in the various conditions of 

use considered, the estimated autonomy will guarantee an efficient use for at least an 

entire day. 
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4.2 Power Grip Force and Energy Efficiency of the 

Prosthesis Mechanical System 

Introduction 

Grip force is an important parameter to evaluate performances and functionalities of 

both human and prosthetic hands. It is a kinetic measurement that aims to provide 

information about the maximum force exerted by the hand, its payload capabilities and 

resistance to pulling or pushing forces during grasp actions [100]. For prosthetic hand, 

grip force is mainly function of the mechanical system that transfers the energy from the 

actuators to the grasped object. Generally, prostheses exhibit different grip forces 

depending on the size and the shape of the object, besides the force required to hold an 

object is highly related to the friction between the fingers and the object [101]. 

In recent years, different grip force measurement systems have been presented and 

they are principally classified into mechanical, strain gauge and force sensors devices. 

Split cylindrical handlebars equipped with sensors mounted between the two halves, are 

often used to measure the internal force transmission of a power grasp [100]. A study 

presented a grip-measuring device for neuro-rehabilitation, made of a split cylinder 

handlebar containing a single axis load cell, with the aim to improve the patient’s ability 

to modulate the grasp force [100]. The “Yale Multigrasp Hand” prosthesis showed a 

power grasp of 23 N, measured by means of a load cell placed through the actuation 

tendon and another between fingers [102] Grip performances of the “KIT Prosthetic 

Hand” were evaluated by using split cylinders with diameters of 31mm and 49mm, 

containing a six degrees of freedom (DOFs) force/torque sensor (Mini 40, ATI Industrial 

Automation®), that revealed a power grasp of about 24N [68]. Grasp force tests of the 

“Soft Hand Prosthesis”, were performed by means of a force/torque sensor (Nano 25, ATI 

Industrial Automation®) positioned inside a split cylindrical handlebar [76]. A multi-axis 

dynamometer was also presented with the purpose to evaluate the grip force of human 

hands in a range between 5 and 250N. The device consists of three aluminium beams 

covered by caps to form a cylindrical shape. Two of the beams are instrumented with 

strain gauges configured as full Wheatstone bridges, while the third is a static reference 

beam [103]. 

However, in addition to cylindrical handlebars mainly used for power grasp 

measurements, sensorized spheres were also proposed for evaluation of tripodal grip 

forces (grip with thumb, index and middle finger), while flat devices were usually used to 

measure the pressure generated by each single finger [104]. Other studies have instead 



 

 
56 

 

focused on mapping the local forces in specific points of both the natural and prosthetic 

hand (e.g. phalanges) via tiny force sensors. An example of punctual forces measurement 

was proposed for “The Kit Prosthetic Hand”: optoforce sensors (OMD-10-SE-10N, 

Optoforce Ltd.) were attached to the distal phalanges of the prosthetic fingers [68]. 

Tekscan® company proposes the “Grip™ System”, consisting of a matrix of force 

sensors positioned over specific location of the fingers or the hand palm, with the aim to 

evaluate static and dynamic forces of human hand while grasping objects [105]. Tiny 

Force Sensor Resistors (FSRs) [78] attached to specific points on the hand palm and 

phalanxes, were also used to evaluate force distribution patterns of natural and prosthetic 

hands [100,106,107]. In particular, a study used customized FSRs applied on 20 

predefined positions of the hand, showing total grasp forces of 16.7 N for a human hand, 

21.3 N for an adaptative grip prosthesis and 47.4 N and 28.5 N for the commercial non-

adaptative prosthetic hands “Sensor-hand” and “System-electro-hand” by Ottobock® 

respectively [108]. 

Adaptive prosthetic hands are generally realized by means of underactuated 

mechanisms (less actuators than DOFs), this is achieved by reducing the number of active 

DOFs motors without sacrificing the ability to conform to irregular shaped objects 

[63,65,109]. Adaptive prostheses, by mimicking the grasp skill of the natural hand, are 

able to hold objects using lower forces compared to non-adaptive grippers [108]. If the 

gripper is able to wrap around objects and maintain a wide contact area, grip force can be 

kept below 10N to perform many actions of daily life. Conversely, non-adaptive grippers 

exert grip forces on small contact areas and need forces 3 to 6.5 times greater than those 

of adaptive devices [104]. Design of adaptive prostheses should resemble the adaptive 

grip of the natural hand, that is capable to conform to the shape of an object, thanks to its 

22 degrees of freedom and to the compliance of the skin and tissue. The contact forces in 

human hand cover a large area and the grip is very efficient, since little energy is required 

for stable holding of an object [108]. Another study proposed an estimation of the grip 

force by measuring the current absorption of the prosthesis actuator. The current absorbed 

by the motor is proportional to the torque generated and, in turn, to the tendon traction 

force and to the gripping force, however, friction must be taken into account [76]. 

The current study is focused on the evaluation of the grip force provided by the 

“Federica” hand [47,94,95,109]. For this purpose, a split cylindrical handlebar equipped 

with a load cell was 3D printed, and custom piezoresistive force sensors [62,88] were 

applied on selected phalanxes. In addition, the energy efficiency of the prosthesis was 

also estimated. 
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Grip force measurement system 

Methods for evaluating the performances of prosthetic hands, are in detail explained 

by the National Institute of Standards and Technology (NIST) [110]. According to the 

NIST guidelines, in order to measure the internal force transmission during the power 

grasp, it is suggested to use split cylinder handlebars, containing one or more load cells. If 

a handlebar capable of measuring the force along one direction only is used, it is 

recommended to take measurements along orthogonal directions to provide a more 

accurate estimate of the actual forces. The final grip force measure (𝐹𝑡𝑜𝑡𝑎𝑙 𝑔𝑟𝑖𝑝) is 

obtained by computing the L2 norm of the two orthogonal components recorded. 

In this study, in order to evaluate the grip force exerted by the “Federica” hand, a 

single axis load cell was fixed inside a custom 3D printed handlebar, consisting of two 

half-cylinders. In particular, the two ends of the load cell were screwed to the two half-

cylinders by placing half-centimeter spacers (see Figure 45), so that the grip force applied 

to the handlebar should be completely transferred to the load cell. 

 

Figure 45. 3D printed handlebar for the load cell: a) transversal view; b) lateral view; c) rendering 

of the exploded components in lateral view. 

The single axis load cell consists of an aluminum bar with four strain gauges glued 

on it, those are connected to form a full Wheatstone bridge circuit (minimizing the effect 

of temperature). All the gauges exhibit at rest a value of 1kΩ and two of them are wired 

in compression, while the other two in tension, so as to make the measuring circuit 

insensitive to temperature variations. The bridge output voltage was acquired by means of 
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a INA122 instrumentation amplifier [111], the gain resistor RG was set to 500Ω (see 

Figure 46), providing a gain of 405 V/V. 

 

Figure 46. Load cell conditioning circuit based on instrumentation amplifier (INA122). 

The equation describing the output voltage from the load cell conditioning circuit is 

presented below (R=1kΩ, RG = 500Ω, Vcc = 5V, G=405): 

𝑽𝑶𝑼𝑻 = 𝑮( 𝑽𝑨 −  𝑽𝑩) = 𝑮 
∆𝑹

𝑹
 𝑽𝑪𝑪        (6) 

A static calibration of the sole load cell was carried out by fixing one end of it to a 

table, and applying 12 calibrated weights in suspension to the other end. The output 

voltages corresponding to the different weights were used to perform a static calibration 

of the load cell. 

Due to the geometry of the hand prosthesis and the diameter of the handlebar (see 

Figure 47,A), only the distal phalanx of the thumb and the distal and medium phalanges 

for the index, middle, ring and little finger, take actually contact with the handlebar. The 

combination of these 9 forces along the sensing direction of the load cell, provides the 

definitive power grip force. Tiny piezoresistive force sensors [62,88] were applied on the 

phalanges involved in the grasp (see Figure 47,B), in order to measure the forces exerted 

by each phalanx during the grasping task. Force Sensitive Resistors (FSR) by Interlink 

Electronics (FSR 400 model) were used; on their sensing areas, rigid domes were 

attached to facilitate mechanical coupling with the grasped object. As in previous studies 

[88,94], the FSRs were conditioned by means of current mirror circuits (see Figure 47,C). 

Basically, each circuit (designed to sense forces in the range 0-10 N) replicates the FSR 

current in the gain resistor RG, thus providing an output voltage VOUT proportional to the 

measured force. Static calibrations were performed to obtain the FSRs sensitivities: 

different calibrated weights were applied on the active area of the sensors (perpendicular 

to the dome) and the corresponding output voltages from the conditioning circuits were 

recorded, after, linear regressions provided the force - voltage relationships. 
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Figure 47. Force measure system for mapping the grip forces distribution between the phalanges: 

A) Illustration from a lateral view of the “Federica” hand while grasping the cylindrical handlebar; 

B) Illustration of the FSR-based sensors placements on the selected phalanges; C) Conditioning 

circuit (current mirror) for one of the FSR-based sensors. 

Energy performance of the prosthetic mechanical system 

Figure 48 shows the “Federica” hand while grasping the custom handlebar.  
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Figure 48. “Federica” hand while grasping the cylindrical handlebar during the performed grip 

tests.  

Figure 49 shows the flow of forces generated by the servomotor on the main actuator 

tendon (F⃗⃗MAIN ACTUATOR TENDON) through the mechanical system. This tensile force is 

distributed to the phalanges (F⃗⃗GRIP) via the differential system of pulleys, partly lost by 

mechanical friction (F⃗⃗HAND FRICTION), and partly absorbed as elastic force (F⃗⃗ELASTIC) by the sole 

spring in the back main tendon. The grip force is the sum of the forces (F⃗⃗GRIP1) exerted on 

phalanges in direct contact with the grasped object. Instead, the forces (F⃗⃗GRIP2) applied on 

the free phalanges are not used in the prehension. The effective force (F⃗⃗LOAD CELL) that 

reaches the load cell in the handlebar, is represented by the F⃗⃗GRIP1 minus the little friction 

force generated inside the handlebar (F⃗⃗HANDLEBAR FRICTION). 

 

Figure 49. Diagram illustrating the flow of the force generated by the servomotor of the “Federica” 

hand. 

In order to compute the energy performance of the prosthetic mechanical system, the 

total grip force is divided by the force applied on the main tendon. 

Estimation of main tendon force from servomotor current absorption 

A current measurement circuit based on the INA169 [112] was used to continuously 

monitor the current absorbed by the servomotor by the battery. Figure 50 shows that the 

motor load current IS is drawn from the voltage generator VIN through the 0.1Ω shunt 

resistor RSHUNT. The INA169 converts the differential input voltage across RSHUNT to a 

current output. This current is converted back to a voltage VOUT with an external load 

resistor RL that provides a predefined gain. The transfer function for the current 

measurement amplifier is: 

𝑽𝑶𝑼𝑻 = 𝑰𝑶 𝑹𝑳 = 𝒈𝒎 𝑰𝑺 𝑹𝑺𝑯𝑼𝑵𝑻 𝑹𝑳                  (7) 

Where, gm is 1000μA/V, RSHUNT is 0.1Ω and RL is 9.35kΩ, for VIN=7.4V (RL is 

variable and related to the input voltage VIN). Therefore, measuring the circuit output 

voltage VOUT is possible to obtain the current flowing in the load (i.e. the servomotor). 
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Figure 50. Current measurement circuit, based on INA169. VIN = 7.4V; RSHUNT = 0.1Ω; RL = 

9.35KΩ ; RG1 = RG2 = 1KΩ.  

The relationship between the absorbed current and the torque generated by the 

servomotor [47] was estimated experimentally. The servomotor was fixed on a large table 

(see Figure 51,A), different calibrated weights were applied in suspension on its arm and 

the related absorbed current were recorded. The torque [Ncm] was computed by 

multiplying the weight (expressed in N) by the length of the servomotor arm (2.5cm). The 

linear regression of the experimental data provides the current - torque relationship. 

“Federica” hand operates with a 2 cm diameter pulley connected to the servomotor shaft 

(see Figure 51,B). 

 

Figure 51. Servomotor configurations: A) Calibration test; B) Implementation in the prothesis. 

Figure 51 shows that for the same torque, the force (F2) exerted by the main tendon 

of the prosthesis is given by the following relationship: 
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By considering that 𝑏1= 2.5cm and 𝑏2= 1cm, 𝐹2 = 𝑀1. Thus, by correlating the 

current absorption to the mechanical torque generated by the servomotor, it is possible to 

estimate the force exerted on the main tendon of the prosthesis. 

Estimation of main tendon displacement 

A rotary potentiometer was fixed on the servomotor shaft (see Figure 48) to measure 

the angular rotation of the servomotor and, in turn, the main tendon displacement. The 

potentiometer was connected as a voltage divider of the 5V supply voltage. The 

relationship between the shaft rotation angle and the potentiometer output voltage was 

experimentally obtained by considering various known angular positions (18 degrees 

step) and measuring the corresponding displacements of the main tendon.  

Estimation of work 

The work needed to operate the “Federica” hand (e.g. to close and open the hand) 

can be computed by knowing the force exerted by the main tendon and the path length 

where this force is acting (i.e. tendon displacement) [4,5]. The amount of work 

corresponds to the area under the force-displacement curve, as explained in the following 

equation (W: work [Nmm]; x: tendon displacement [mm]; L: maximum tendon 

displacement [mm]; F: force as function of tendon displacement [N]): 

𝑾 = ∫ 𝑭(𝒙)𝒅𝒙
𝑳

𝟎

 (9) 

Experimental grip tests with the load cell in different positions 

Simultaneous acquisitions of the servomotor current and of the force detected by the 

handlebar, were carried out while the “Federica” hand gripped the handlebar. The signals 

were acquired at 1 kHz sampling frequency with 14-bit precision by means of an 

acquisition board (National Instruments NI USB-6009). The servomotor current signal 

was low-pass filtered with a Butterworth 3-rd order filter, 10 Hz cut-off frequency, to 

obtain a short-time averaged absorption, less affected by instantaneous current peaks 

typical of servomotors (see [95] for details). Since the handlebar senses force only along 

one axis, eight different angular positions (45 degrees increments - see Figure 52) of the 

handlebar with respect to the prosthesis palm were considered. Averages over the eight 

redundant measurements provide a better estimate of the gripping force components. 

𝑴𝟏 = 𝑴𝟐 → 𝑭𝟏𝒃𝟏 =  𝑭𝟐𝒃𝟐  →  𝑭𝟐 =  
𝑭𝟏𝒃𝟏

𝒃𝟐
          (8) 
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Figure 52. Experimental test of power grip force measurement, with the handlebar in eight 

different position with respect to the prosthesis palm: A) 0 degrees; B) 45 degrees; C) 90 degrees; 

D) 135 degrees; E) 180 degrees; F) 225 degrees; G) 270 degrees; H) 315 degrees. The red arrow 

represents the load cell sensing axis. 

Load Cell static calibration 

The results of the static calibration of the load cell are presented in Figure 53. The 

experimental measurements are represented as circles while the linear regression is 

represented as a continuous red line. The angular coefficient of the regression line was 

0.13 [V/N], whereas the coefficient of determination R2 of the linear regression was 0.99, 

proving a linear behaviour of the load cell. 

 

Figure 53. Load cell static calibration: scatter plot of the experimental data (o) and linear 

regression (continuous red line). 
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The equation which allows to estimate the weight applied to the load cell as a 

function of its voltage output (see Figure 53) is: 

       𝑾𝒆𝒊𝒈𝒉𝒕 [𝑵] =
𝑽𝑶𝑼𝑻 − 𝟎.𝟗𝟕

𝟎.𝟏𝟑
              (10) 

FSRs static calibrations 

Results of the static calibration related to an FSR-based sensor applied on a 

prosthesis phalanx, are showed in Figure 54. Experimental measurements are represented 

as circles, while linear regression is represented as red continuous line. The regression 

line is expressed as: 

𝒚 = 𝟎. 𝟐𝟗𝟕 ×  𝒙 +  𝟒. 𝟖𝟎             (11) 

with a coefficient of determination R2 equal to 0.99. Similar results were obtained 

from the FSR-based sensors applied on the other phalanges. 

 

Figure 54. Static calibration of an FSR-based sensor used to measure phalanx contact force: scatter 

plot of the experimental data (black circles) and the regression line (red line). 

Servomotor characterization 

Figure 55 shows the experimental data of the current absorbed as a function of the 

mechanical torque provided by the servomotor. Experimental measurements are 

represented as black circles, while the polynomial regression is represented as a red 

continuous line. The relationship is clearly non-linear. However, a simple 2nd order 

polynomial function well fits the current-torque experimental data with a coefficient of 

determination R2 equal to 0.98. 
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Figure 55. Relationship between the current absorbed by the servomotor (scaled in mA) and the 

torque generated (scaled in Ncm). The 2nd order polynomial regression function is depicted as red 

continuous line. 

The equation of the 2nd order polynomial regression function resulted:  

𝒚[𝒎𝑨] = 𝟒𝟐. 𝟒𝟗 +  𝟏𝟐. 𝟎𝟓 × 𝒙 −  𝟎. 𝟎𝟑 × 𝒙𝟐          (12) 

From this relationship, it is possible to estimate the torque exerted by the servomotor 

from the instantaneous measurement of the absorbed current. In turn, by considering the 

arm of the motor pulley of the prosthesis, the force exerted on the main tendon can be 

continuously estimated by the servomotor current. 

Rotary potentiometer characterization 

Figure 56 shows the trend of the output voltages from the rotary potentiometer fixed 

to the servomotor shaft as a function of the main actuator tendon displacement. The linear 

regression function well fits the experimental data with a coefficient of determination R2 

equal to 0.99. 
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Figure 56. Relationship between the output voltages [V] from the rotary potentiometer fixed to the 

servomotor shaft as a function of the main actuator tendon displacement [mm]. Experimental data 

are plotted as black circles while the linear regression function is plotted as a red continuous line. 

The linear regression function resulted:  

𝒚 [𝑽] = 𝟎. 𝟏𝟑𝟓 ×  𝒙 −  𝟎. 𝟎𝟑𝟕             (13) 

From this relationship, it is possible to estimate the main actuator tendon 

displacement in function of the output voltage from the potentiometer.  

Results of the experimental grip tests 

As an example of the grip test experimental data, Figure 57 shows simultaneous 

recordings of the motor current absorption (mA) and the grip force (N) exerted on the 

handlebar (the load cell is tilted 45 degrees as in Figure 52,B). The current (Figure 57,A) 

shows a first peak at the motor starting and a second peak when the prosthetic fingers 

make contact with the handlebar; then, its value stabilizes at about 700 mA for the entire 

holding time (about 11 seconds). As soon as the handlebar is reached, the grip force 

(Figure 57,B) shows a rapid ascent and a little overshoot, and then remains at a constant 

value for the entire holding time. These types of waveforms were recorded for all the 

eight inclinations of the load cell. 
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Figure 57. Example of experimental data recorded during the power grip test (here handlebar tilted 

45 degrees): (a) Absorbed current by the servomotor; (b) Grip force on the handlebar (load cell 

output). 

Table 6 shows the mean value of force exerted on the handlebar, the corresponding 

mean value of current absorbed by the servomotor and the estimated tensile force on the 

main tendon for all load cell tilts. The mean values were computed by considering ten 

repetitions of grasp tests and excluding the transients. The measured grip forces vary 

considerably as the load cell inclination changes: the highest values are reached at 45 

degrees and 225 degrees; the lowest at 135 degrees and 315 degrees. Obviously, higher 

force is measured when the resultant of the phalanges forces is principally directed along 

the sensitivity direction of the load cell. 

Table 6. Experimental data of the grip tests. For each angular position of the handlebar: the mean 

value of force exerted on the handlebar, the mean value of current absorbed by the servomotor and 

the estimated force exerted on the main tendon of prosthesis. 

Load cell 

tilt 

[degrees] 

Mean force 

exerted on the 

load cell [N] 

Mean current 

absorbed by the 

servomotor [mA] 

Estimated tensile force 

exerted on the main tendon 

of the prosthesis [N] 

0 6.47 758 75.64 

45 9.09 702 67.81 

90 7.19 685 65.50 

135 2.28 628 58.22 

180 6.04 712 69.25 

225 8.54 771 77.67 

270 6.12 718 70.09 

315 1.96 671 63.72 

 

Considering the Table 6 data, the mean current absorption was about 705 mA (SD: 

46 mA) and the mean estimated force exerted on main tendon was 68.49 N (SD: 6.28N). 
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Figure 58 graphically represents the direction and amplitude of the forces measured 

by the load cell for each handlebar angle. 

 

Figure 58. Measured force represented as vectors, for each tilt of the handlebar: A) 0 degrees; B) 

45 degrees; C) 90 degrees; D) 135 degrees; E) 180 degrees; F) 225 degrees; G) 270 degrees; H) 

315 degrees. 

Figure 59 shows the polar diagram of the force measured by the load cell for the 

eight angles considered. The direction of maximum force is evident. 

 

Figure 59. Polar diagram of the force measured by the load cell for the eight angles considered. 

Table 7 shows the L2 norm values computed by considering the forces exerted on the 

load cell in two different positions rotated by 90 degrees. The average value for the load 

cell position pairs is 8.80 N (SD: 0.74 N) which corresponds to the mean power grip 

force. 
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Table 7. L2 norm values for pairs of load cell positions rotated by 90°. 

Load cell positions 

[degrees] 

L2 norm of exerted forces on 

handlebar [N]  

0 and 90 9.67 

45 and 135 9.37 

90 and 180 7.54 

135 and 225 8.84 

180 and 270 8.60 

225 and 315 8.76 

 

Table 8 outlines the mean force values measured by means of the FSR-based sensors, 

on each different phalanx that take contact with the handle. On average, the middle 

phalanges exert the greatest forces. 

Table 8. Mean forces [N] measured on selected phalanxes of the prosthetic fingers, by means of 

FSR-based sensors. 

Finger Phalanx Mean force  

on FSR-based sensor [N] 

Thumb Distal 

 

1.89 

Index 

 

Distal 

Medial 

1.95 

2.38 

Middle Distal 

Medial 

2.45 

4.61 

Ring 

 

Distal 

Medial 

0.91 

2.39 

Little 

 

Distal 

Medial 

1.09 

1.21 

 

Finally, the energy performance of the whole mechanical system (see Figure 49), 

computed as the mean power grip force (8.80 N) divided by the mean force on the main 

tendon of the prosthesis (68.49 N) was about 12.85 %. It was experimentally measured 

that the loading of the spring present in the mechanical system, for a maximum 

elongation of about 3mm, absorbs 7.5N. The remaining energy is dissipated in friction by 

the mechanical components of the prosthesis. 

Work for closing-opening the hand and hysteresis cycle 

As an example, Figure 60 shows the main tendon displacement and force during a 

hand grip of the handlebar. Simultaneous recordings (acquired by means of NI USB-

6009, with 5KHz sampling frequency and 14bit precision) of the main tendon 

displacement (estimated from the rotary potentiometer), and the force exerted by the same 

tendon (estimated from the servomotor current, low-pass filtered by a Butterworth 3-rd 

order filter with 10 Hz cut-off frequency) are respectively presented in panels a) and b). 
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The hand closing-opening cycle consists of a rest phase, a hand closing phase (that ends 

when the hand grasps the object), a hold-up phase and a release phase. In particular, 

during the hand closing phase, the tendon excursion increases until reaching the object (at 

about 25mm – see panel a) ); likewise, when the hand starts opening, the main tendon 

gradually returns to its initial position. During rest, there is a pretension of about 9N on 

the main tendon (see panel b); when the servomotor is triggered, the recorded force 

presents a pulse of about 30N, associated to the force necessary to overcome the static 

frictions of the servomotor and other mechanical parts (note that the tendon is not moving 

yet). After that, the force quickly returns to the pretension values and then increases 

reaching its peak value (about 70N, when the handlebar is firmly grabbed). Finally, when 

the hand starts opening, the main tendon force rapidly returns to the pretension values. 

 

Figure 60. A cycle of closing-opening the hand: a) main tendon displacement (estimated from the 

rotary potentiometer) [mm]; b) force exerted by the main tendon (estimated from the current 

absorption of the servomotor) [N]. 

The relationship between the main tendon force and its displacement is presented in 

Figure 61. In particular, the panel a) shows a whole cycle of hand closing (blue line) and 

opening (red line). The blue area under the curve in panel b) represents the work required 

for closing the hand (work in); the red area under the curve in panel c), represents the 

work returned by the hand during reopening (work out); the magenta area in panel d) 

represents the amount of the dissipated energy (hysteresis) for an entire cycle, which is 

computed as the difference of the two previous works according to the following formula: 

𝑯𝒚𝒔𝒕𝒆𝒓𝒆𝒔𝒊𝒔 [𝑵𝒎𝒎] = 𝑾𝒐𝒓𝒌𝒄𝒍𝒐𝒔𝒊𝒏𝒈[𝑵𝒎𝒎] − 𝑾𝒐𝒓𝒌𝒐𝒑𝒆𝒏𝒊𝒏𝒈[𝑵𝒎𝒎]    (14) 
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Figure 61. Main tendon force-displacement relationship a) A whole cycle of hand closing (blue 

line) and opening (red line), the arrows indicate the direction of travel; b) The blue area is the work 

required for closing the hand (work in); c) The red area is the work returned by the hand during 

reopening (work out); d) The magenta area is the dissipated energy per cycle. 

During consecutive cycles of closing-opening of the hand, the mean values of the 

works were: work in = 302.17Nmm (SD: 4.42Nmm), work out = 196.84Nmm (SD: 

5.91Nmm), and hysteresis = 106.80Nmm (SD: 3.31Nmm). 

The energy performances of the “Federica” hand were compared with those of other 

prostheses available in the literature [4,5] (see Table 9). These other prostheses are body 

powered and uses anthropomorphic or hook mechanisms. It is evident that prostheses 

with hook mechanisms have, on average, greater energy efficiency (low hysteresis), with 

respect to the anthropomorphic prostheses. Nevertheless, “Federica” hand showed the 

lowest hysteresis among the anthropomorphic prostheses and most of the hook devices 

considered. 

Table 9. Works for hand opening, closing and hysteresis [Nmm] of different hand prostheses. The 

acronym VO stands for voluntarily open, while VC stands for voluntarily closed. 
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Prosthesis Work for hand 

closing [Nmm] 

(mean ± SD) 

Work for hand 

opening [Nmm] 

(mean ± SD) 

Hysteresis 

[Nmm]  

(mean ± SD)  

Federica Hand 302.17 ± 4.42 196.84 ± 5.91  106.80 ± 3.31 

Hosmer APRL VC Hand 

52541 

1058 ± 4 - 298 ± 8 

Hosmer APRL VC Hook 

52601 

720 ± 6 - 138 ± 3 

Hosmer Soft VC hand 61794  2292 ± 12 - 1409±37 

TSR VC Hook -Grip 2SS 284 ± 3 - 52 ± 1 

Otto Bock VC 8K24, frame 1624 ± 8 - 389 ± 19 

Hosmer Sierra VO Hand 

(ungloved) 

- 1152 ± 8 637±6 

RSL Steeper VO Hand 

(ungloved) 

- 1758 ± 27 855±6 

Otto Bock VO Hand 

(ungloved) 

- 2545 ± 11 917±5 

Hosmer Becker VO (ungloved) - 2748 ± 17 1710 ± 9 

Hosmer Model VO 5XA Hook (1 

band) 

- 1128 ± 14 290±3 

Otto Bock VO 10A60 Hook  - 1002 ± 3 482±5 

Hosmer Sierra 2 Load VO 

Hook  

- 1243 ± 11 379±1 

RSL Steeper Carbon VO - 1619 ± 2 487±4 

 

Discussion and conclusions 

This study presents the experimental tests carried out on the “Federica” hand, for 

evaluating its power grip force and energy efficiency. A custom split cylindrical 

handlebar embedding a single axis load cell was used; it was positioned in various angles 

during grasp. The mean grip force was 8.80 N (SD: 0.74 N) (average and SD of the L2 

norms, according to the NIST guidelines [110]). However, by using more complex 

measurement systems, such as multi-axis load cells, that simultaneously sense force 

contributions from multiple directions, higher values could be obtained. 

The current absorption of the single servomotor that actuates all the five prosthetic 

fingers, was chosen to estimate the force exerted by the main tendon of the prosthesis, 

during the grasping tasks. This measure of force combined with that of tendon 

displacement, made it possible to estimate the energy performance of the “Federica” 

hand, which turned out to be remarkable. It is well known that an efficient mechanism has 

a low hysteresis [4], that is low dissipated energy. The “Federica” hand showed a mean 

hysteresis of 106.80 Nmm, which resulted much lower than most of the considered 

prostheses [4,5]. Moreover, the energy peak at the servomotor starting (see Fig.16,B), 

when the tendon is still not pulled, involves an overestimation of the hysteresis. The 

limited energy efficiency of the “Federica” hand of about 12.85%, is most likely due to 

the frictions generated by its mechanical components. This apparently low value is due to 
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the anthropomorphic structure of the prosthesis; higher values can be obtained with 

hooked prostheses [4,5]. However, thanks to the adaptive grip of the prosthesis that is 

able to wrap around any shaped object [47,77,94,95], a power grip force below 10N, 

together with a hand closing time of about half a second [95], are enough to support the 

user in many actions of daily life [104]. 

The obtained results confirmed that the “Federica” hand with a single servomotor 

and the differential force distribution mechanism between the fingers, is able to offer high 

performances that guarantee a secure grip, independent of the shape of the object, and a 

remarkable grasping speed. Limitations of this study include: the use of a single diameter 

handlebar equipped with a single axis load cell and the indirect measurement of the 

tensile force on the main tendon. 
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4.3 Tests on Healthy and Amputee Subjects 

Test on healthy subjects by using the circumference muscle force sensor 

Various tests were carried out on voluntary healthy subjects, to verify the capability 

of the circumference muscle force sensor (presented in section 2.2), as alternative to the 

EMG, to control the “Federica” hand. The sensor was placed around the proximal 

forearm (at about three quarters of the distance between the wrist and the elbow). The 

control was based on proportional logic: the degree of hand closure is related to the 

intensity of the muscle contraction (i.e. the stretching of the conductive rubber cord 

sensor).  

The subjects were asked to perform slow actions as to grab objects (both rigid and 

deformable) of different shapes, to take a bottle, to take a glass to drink and even some 

fast actions as to catch a flying ball, thrown by another person (see Figure 62). The 

subjects became familiar with the prosthesis very soon and were able to successfully 

perform the required actions. 

 

Figure 62. The picture shows some tests carried out with the “Federica” prosthetic hand, while: A) 

Holding a glass of water; B) Catching a ball on the fly. 

Test on healthy subjects by using the single-point force sensor 

Various tests were principally carried out on healthy volunteer subjects, to assess the 

ability of the FSR-based sensor (presented in section 2.1) to implement the control of the 

“Federica” hand. The control was proportional—the more intense the muscular 

contraction, the more the hand clenches (performing a synergic grasp movement). The 

test consisted of replacing the EMG-LE control signal with the raw signal generated by 

the FSR-based sensor, applied on the flexor carpi ulnaris of each subject, by means of an 

armband. The subjects wore the prosthetic hand and performed some predefined tasks: 

grabbing both non-deformable objects (such as fruits, glasses, etc.) and deformable 

objects (such as sponges, rubber balls, etc.), pouring some water from a plastic bottle into 
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a glass to drink, etc. These tests confirmed the high speed of interaction between the user 

and the prosthesis and the self-adapting capacity of the device to grab many complex 

shaped objects, ensuring a secure grip on them. 

 

Figure 63. “Federica” hand tested on healthy subjects, while holding: A) a spray cleaner; B) a 

water tank; C) a bottle; D) a sponge; E) an orange; F) a pear. 

Preliminary test on an amputee patient by using the single-point force 

sensor  

A very preliminary test of the “Federica” hand was carried out by a patient with 

transcarpal amputation, executed in 2007 following a traumatic event (the wrist 

disarticulation is still present). The patient was unable to get used to EMG-controlled 

prostheses due to difficulties encountered in training and has folded back into use of a 

simple aesthetic hand prosthesis, as showed in Figure 64. The connection of the 

prosthesis to the residual limb has not yet been carried out: the socket and the prosthesis 

need ad-hoc modifications. However, the FSR-based sensor was applied on the patient’s 

flexor carpi ulnaris by means of an armband (see Figure 64,A) to test patient’s ability to 

control prosthesis movements. Despite the partial atrophy of the forearm muscles, after 

calibration, the patient immediately showed familiarity with it, managing to 

proportionally control the opening (see Figure 64,B) and closing (see Figure 64,C) of the 

“Federica” hand. 
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Figure 64. “Federica” hand tested on a patient with transcarpal amputation: a) image showing the 

positioning of the FSR-based sensor by means of an armband on the target muscle; b) example of 

rest condition corresponding to the opening of the prosthetic hand; c) example of muscle 

contraction corresponding to the proportional closing of the prosthetic hand. 

  



 

 

77 

 

Chapter 5 

Discussion and Conclusions 

Discussion 

The current doctoral dissertation presented the 3D printed, low-cost, myo-controlled 

“Federica” hand, especially intended for research studies and developing countries, and 

provides the readers with all the knowledge necessary for the reproduction of the device; 

therefore, the CAD modelling files of the 3D printable components and the software 

developed for the Arduino platform are proposed to be public and free. The actual 

dimensions of the device are suitable for an adult man, on the other hand, the dimensions 

can be easily rescaled to adapt them to an adult woman or a child. However, the motor 

housing would need to be redesigned in order to fit the prosthesis with a socket for the 

patient's arm stump. A possible solution to address this issue in case of transradial 

amputation, was tested in a simulation environment and consists of a different version of 

the “Federica” hand, which includes the servomotor inside the palm (see Figure 65). The 

layout of both the palm and the mechanical components was changed; in particular, the 

palm was extended and raised, in order to house the servomotor. 
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Figure 65. 3D renderings of the “Federica” hand with built-in servomotor: a) Top view; b) Side 

view; c) Bottom view. 

Figure 66 illustrates a possible arrangement of the prosthetic device combined with a 

3D printed socket for the arm stump. In the proposed design, the socket embeds the FSR-

based sensor housing, in correspondence with the muscle assigned to the control. An 

aluminium tube, fastened in the distal part of the socket, ends with a screwed joint which 

is fixed in an ad-hoc slot of the hand prosthesis. The vibration motor for providing the 

sensory feedback of the grip force [47,74], is attached to the external surface of the 

socket. The battery pack (removable) and the control system box, are hooked around the 

aluminium tube. Finally, the switch to turn on the device, is located on the control system 

box.  

Each prosthesis socket should be custom-made for the specific patient, according to 

his level of amputation. Indeed, in case of a long transradial amputation, it would be 

necessary to design alternative solutions for the positioning of the battery pack and the 

control system. On the other hand, in case of transcarpal amputation (see Figure 64), 

where wrist disarticulation is still present, the version of the prosthesis with built-in 

servomotor could not be suitable, as it would create a too long limb compared to the 

natural one. 
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Figure 66. Illustration of a possible configuration of the prosthetic device on an amputee patient 

(transradial amputation). The arrangement consists of a 3D printed socket and a realization of 

“Federica” hand with built-in servomotor. The figure also shows the approximate positions of the 

various components (FSR-based sensor, vibration motor, control system, battery pack). 

Conclusions 

The "Federica" hand is a low-cost prosthetic device, which allows to perform many 

actions in daily life. The prosthesis design presents various innovative aspects and 

advantageous solutions, that can potentially be adopted by other projects. 

The mechanical differential system provides a balanced force distribution to the 

fingers and allows a secure grip on a great variety of objects, regardless of their shape and 

deformability. The absence of return springs (used in many prosthetic devices for passive 

hand opening [1,2]) and the closed loop chain of tendons, contribute to the energy 

transmission efficiency of the prosthesis. The apparently low value of energy efficiency 

of about 12.85%, is most likely due is due to the anthropomorphic structure of the 

prosthesis and to the frictions generated by its mechanical components; higher values can 

be obtained with hooked prostheses [4,5]. However, thanks to the adaptive grip of the 
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prosthesis that is able to wrap around any shaped object [47,77,94,95], a mean power grip 

force of 8.80N (SD: 0.74 N) [95] is enough to support the user in many actions of daily 

life [104]. Moreover, the “Federica” hand showed a mean hysteresis (dissipated energy) 

of 106.80 Nmm, which resulted much lower than most of the considered prostheses [4,5]. 

About the energy required from the prosthesis functioning, it was tested that by using a 

battery pack of 7.4 V (2x 3.7V - 3000 mAh) an autonomy for at least an entire day is 

predicted. 

The control signal based on force-myography, offers a valid alternative to the EMG 

to effectively control the prosthesis. The FSR-based sensor, is extremely cheap, thin and 

can be easily placed on target muscles. FSR can operate in wet environments and does 

not suffer from electromagnetic interferences. The FSR provides a ready-to-use signal 

that does not require any processing, unlike the EMG. By using FSR sensors, the training 

phase seems to be much simpler and faster for users. Furthermore, in spite of the 

electromechanical delay, the FMG muscle onset timing does not differ very much to that 

provided by the EMG envelope [96]. This contributes to the remarkable activation speed 

of the "Federica" hand. 

The significant activation speed of the "Federica" hand is due to both its mechanical 

design and the FMG control system. Even considering the performances of recent and 

sophisticated prostheses available on market (0.35s for Michelangelo by Ottobock, 0.80s 

for iLimb Quantum by Touch Bionics, 1s for BesBionicV3 by Steeper) [1,2,98,99], the 

"Federica" hand takes less than 0.5 seconds from the muscle sensor trigger, until to the 

complete closure of the hand [95]. As further evidence, experimental tests carried out on 

healthy subjects showed the capability to grab objects on the fly [47] after a very short 

training. 

"Federica" hand can also provide the user with a tactile sensory feedback of the grip 

force, by means of a small vibrating motor, which can be also inserted in the prosthesis 

socket. Not all the prostheses provide feedback and the user is enforced to use only the 

visual feedback to make sure that the hold has taken place. Restoring tactile sensation in 

hand prostheses is helpful to improve user experience and manipulation performances 

[74]. 

Finally, the cost for the realization of the "Federica" hand is considerably lower 

compared to commercial devices and also to many other prototypes [1,2]. Obviously, the 

manual labour for assembling parts was not estimated. However, the low cost and the 

relative simplicity of assembly, make the "Federica" hand ideal for use in poor and 

developing countries. 

Certainly, many improvements could still be carried out. First, an aesthetic silicone 

glove would be useful for better device acceptance. At present the device allows only one 
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grip modality: the grasping with the simultaneous activation of all five fingers. The 

prosthesis could be modified to perform other gestures, such as pinch or precision grip. 

The "Federica" hand, as an open project, can offer some help to those in need and can 

stimulate other researchers or technicians to bring new ideas and solutions. 
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Chapter 6 

Future Trends and Applications 

Array armband of force sensors for gesture recognition 

purpose and prosthetic control 

Introduction 

Human Machine Interfaces (HMI) are becoming increasingly widespread with 

applications spanning from assistive devices for disability, muscle rehabilitation, 

prosthesis control, remote manipulation, and gaming controllers [113,114]. Being the 

hand extremely important in one’s life, an entire field of HMI is dedicated to hand gesture 

recognition applications. Generally, visual, electromyographic, or inertial sensors are the 

most used technologies for detecting hand gestures [130,131]. Visual-based hand gesture 

recognition systems do not need any device to wear, allowing for extreme freedom of use. 

Such remote sensing is very attractive, but its performances are heavily influenced by 

many factors such as camera field of view, challenging image processing, illumination 

conditions, objects overlapping, etc. [115,116]. Devices based on surface 

electromyography (sEMG or simply EMG) recordings [117,118] need electrodes in 

steady contact with the skin, and they are prone to motion artifacts, electromagnetic noise 

and crosstalk with other biopotentials. They also require real-time processing of the raw 

sEMG signals to extrapolate useful features (e.g. sEMG envelope/RMS) [28]. As 

example, Myo Armband by Thalmic Labs, a commercial device based on eight sEMG 

sensors and an inertial platform, allows the user to interface via Bluetooth with PCs or 

mobile devices to control supported applications [119–121] including robot motion [122]. 
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As an alternative to sEMG, other sensors can monitor the mechanical muscular 

activity, and some are briefly presented below. A pressure sensors array coupled to air-

bladders mounted on an armband was proposed to detect hand motion (accuracy of 90%) 

by monitoring the swelling of muscles [31]. The air bladders are cumbersome, 

uncomfortable, and not widely adaptable. A wristband composed of an array of 

barometric pressure sensors was proposed to estimate tendons and muscle motions during 

gestures [123], reaching a classification accuracy of wrist gestures of 98%. A 

combination of sEMG electrodes and microphones [124] was used to detect both 

electrical muscle activity and the mechanomyogram (MMG – i.e. mechanical vibrations 

produced during muscle contraction). The microphones presented high sensitivity to noise 

and motion artifacts, in addition to the aforementioned EMG problems. A conventional 

ultrasound probe fixed to the forearm was proposed for finger motion recognition, 

proving accuracy of 96% [125]. This approach resulted very cumbersome, uncomfortable 

and required a complex image processing for gestures features extraction. Furthermore, 

piezoelectric sensors were used to estimate finger gestures (accuracy of 97%) by 

recording the vibrations and shape changes that occur at the wrist due to muscles and 

tendons motions [126]. These kinds of sensors could also be employed to harvest energy 

from body movements, including upper limb motion [127]. 

Other recent studies [128] presented devices for gesture recognition based on an 

array of Force-Sensitive Resistors (FSRs) [78]. A combination of two sEMG and four 

FSR sensors, mounted on a wrist strap, can be used to classify finger movements scoring 

accuracy of 96% [129]. An armband equipped with sixteen FSR sensors positioned on 

both wrists and forearms [130] allowed the classification of several hand gestures with an 

accuracy of about 97%. A similar device equipped with eight FSR sensors, tested on 

amputees [131] while trying to mirror different hand grips in their residual forearm 

muscles, yielded an accuracy of 70%. Moreover, a high-density grid of 126 FSR sensors 

[23] embedded in a forearm prosthetic socket and tested on healthy subjects to recognize 

arm positions, yielded an accuracy of 99.7%.  

However, the approaches proposing pressure sensors wrapped around the wrist, do 

not directly monitor muscle contraction, but rather tension of tendons. Moreover, even in 

the cases of FSR arrays applied on the forearm, to the best of our knowledge, the detected 

signals were not proven to be equivalent to EMG. 

The aim of this study was to investigate the possibility to recognize hand gestures by 

monitoring the contractions of a reduced number of specific forearm muscles, via the 

bespoke FSR-based sensors, which demonstrated to provide signals quite similar to the 

EMG linear envelope (EMG-LE) [62]. To reach this goal, a new gesture recognition 
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armband is presented; it is equipped with only three FSR based sensors, applied on 

specific forearm muscles to recognize eight hand gestures. The armband is designed to be 

easily wearable and adjustable for any user. Thanks to the similarity with the EMG-LE 

[62], the device could be reconfigured to resemble previous, well-established EMG based 

HMIs (e.g., exergaming applications for patients during neuromotor rehabilitation) [132]. 

Piezoresistive array armband design 

The armband consists of three FSR-based sensors (presented in section 2.1), as 

depicted in Figure 67. The support was designed with a housing site for the FSR, and an 

opening to allow sensor sliding along the band and precise positioning on a target muscle. 

The armband can be wrapped around user's forearm and fastened with a Velcro strip in 

order to measure muscle contractions and recognize hand gestures. Indeed, each gesture 

generates a characteristic force distribution on the sensors, and this allows discriminating 

the intentional movements. 

 

Figure 67. Piezoresistive array armband: on the left the armband with three FSRs; on the right an 

enlargement of the FSR-based sensor mounted on its 3D printed support with actual dimensions. 

Given the similarity between the FSR-based sensor output and the EMG-LE [62], the 

muscle sensors should be positioned above the muscle belly as for EMG detection. The 

chosen muscles should be superficial to allow advantageous signal to noise ratio. 

Moreover, since the FSR-based sensors are embedded in an armband, the pick-up points 

should belong to a circumference that wraps around the forearm. Three forearm muscles 

were preferred to better discriminate the different hand gestures. In detail, FSR1 was 

applied on flexor carpi ulnaris, FSR2 on flexor carpi radialis and FSR3 on extensor 

digitorum. The armband was positioned proximally at 25% of the distance between the 

olecranon and the process styloideus ulnae of the right forearm (see Figure 68). Indeed, a 

functional-anatomical analysis of the forearm muscles [93] revealed that flexor carpi 

ulnaris is mainly involved in wrist flexion and wrist adduction; flexor carpi radialis in 

wrist flexion and wrist abduction; extensor digitorum in fingers extension, fingers 

abduction and wrist extension. 
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Figure 68. Placements of FSRs on forearm muscles: a) Ventral view of right forearm: FSR2 sensor 

on flexor carpi radialis; b) Dorsal view of the right forearm: FSR1 on flexor carpi ulnaris and 

FSR3 on extensor digitorum; c) Right forearm cross-section: FSRs placement onto the 

aforementioned muscles. 

A current mirror (see Figure 69) was used as a conditioning circuit for each FSR-

based sensor [94,95]. It was made of a pair of common npn BJT (2N2222), positioned 

very close to each other. Basically, the current mirror replicates the FSR-based sensor 

(RFSR) current in the gain resistor (RG), thus providing a linear load-to-voltage response 

and allowing the output voltage to swing through the full voltage supply range. The 

sensibility of each muscle sensor can be varied by changing the RG value. Thanks to its 

low energy consumption, this conditioning circuit can be directly supplied by 

microcontrollers or ADC boards (e.g. 3.3V or 5V). VCC was set to 5V, and the gain 

resistors RG1, RG2, and RG3 were set to 850 Ω, 790 Ω and 960 Ω respectively to equalize 

the gains of the three channels. 

 

Figure 69. FSR-based sensors conditioning circuit based on mirror current circuits. 

Static calibrations were performed for each FSR-based sensor, to evaluate the 

relationship between the muscular force exerted on the FSR, reported in Kg, and the 

voltage output VOUT (see Fig 3) [62]. Each sensor was placed on a precision electronic 
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scale, then different weights were applied on active sensor area perpendicularly to the 

dome, and the corresponding output voltages were recorded. The output signals were 

acquired at 1kHz sampling frequency with 12-bit precision by means of National 

Instruments NI USB-6008 acquisition board. 

Machine learning algorithms applied to hand gesture classification  

The experimental tests involved 10 subjects (8 men and 2 women aged from 25 to 64 

years), who provided their informed and written consent. Each participant comfortably sat 

on an adjustable height chair, leaning against its fixed seatback, in front of a desk with a 

computer screen. He was asked to place his elbow on the desk, forming an angle of about 

45° between the forearm and the desktop. The armband was appropriately positioned on 

the forearm, and the pressure at rest was recorded by the sensors and resulted 100 g/cm2 

on average. The subjects were asked to perform 10 repetitions of each hand gesture class 

(see Figure 70) in the following order: rest; wrist flexion; wrist extension; wrist 

adduction; wrist abduction; wrist rotation (supination); finger abduction; clenched fist; 

holding the final hand posture for a couple of seconds and resting for a few seconds 

before the next movement. After the 10 repetitions of each hand gesture class, the 

participant was allowed to rest for about a minute. Simultaneous recordings from the 

three FSR-based sensors (VOUT 1-2-3) were collected via the NI USB-6008 board at 1 kHz 

sampling frequency with 12-bit precision. 

 

Figure 70. Performed hand gestures: a) rest; b) wrist flexion, c) wrist extension, d) wrist adduction, 

e) wrist abduction, f) wrist rotation (supination); g) fingers abduction; h) clenched fist. 

The raw signals were firstly pre-processed, by subtracting the minimum signal values 

recorded at rest (FSR offsets due to the armband fastening pressure) and normalizing to 
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the absolute maximum value. In order to avoid manual selection of each hand gesture, 

pre-processed data were automatically segmented to extract the time intervals 

corresponding to the final hand postures. Segmentation was achieved by selecting the 

FSR signal with maximum variation (peak-to-peak amplitude) and applying an 

heuristically chosen threshold set at 40% of this value, which guaranteed appropriate 

segmentation of all gestures. Means and standard deviations (SDs) of the three FSR 

signals were computed for each segment. Then, for each gesture instance, the three means 

and the three SDs computed in the corresponding segment were considered as features. In 

detail, the features extracted from all the gestures instances in a single trial of a subject, 

were assembled in a database consisting of an 80x7 matrix (10 repetitions for each of the 

8 hand gestures); each row corresponded to a single gesture instance and was composed 

by the following seven elements: [FSR1_mean, FSR2_mean, FSR3_mean, FSR1_SD, 

FSR2_SD, FSR3_SD, GESTURE_LABEL].  

Then, different machine learning algorithms (Linear/Polynomial/Radial Basis 

Function - Support Vector Machines; Linear Discriminant Analysis; Quadratic 

Discriminant Analysis; Random Forest; K-Nearest Neighbors, Neural Networks) were 

used for model training and data classification, by means of “Weka” software [133]. The 

conceptual scheme of the entire process of hand gestures classification is depicted in 

Figure 71. 

 

Figure 71. Schematic illustration of the hand gesture recognition system. 

Classification performances were assessed by applying the 10-fold and leave-one-out 

cross validations on each of the ten subjects’ databases. In 10-fold cross-validation, the 

dataset is randomly divided into 10 subsets of equal size, and then each subset is tested 

using the classifier trained on the remaining 9 subsets. Then, the obtained 10 

classification accuracies were averaged to provide an overall classification accuracy. 

Instead, leave-one-out cross-validation is simply n-fold cross-validation, where n is the 

number of instances in the dataset. Each instance, in turn, is left out, and the learning 
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method is trained on all the remaining instances. Finally, all the n classification 

accuracies were averaged to yield an overall classification accuracy [133]. 

Furthermore, the classification performances of the different machine learning 

algorithms were also tested on a combined database, obtained by joining all subjects’ 

databases. 

Finally, the possibility to classify gestures with less than three sensors was tested by 

considering features from different sensors pairs (FSR1-FSR2, FSR1- FSR3, FSR2-

FSR3) and even from a single sensor (FSR1, FSR2, FSR3). In the case of sensors pairs, 

each instance is characterized by four features (2 means and 2 SDs), while for a single 

sensor, the features reduced to two. 

Real-time implementation of hand gesture recognition  

A linear SVM classifier was implemented on an Arduino UNO board [134,135], 

equipped with an ATmega328 (Atmel) microcontroller, to provide real-time gesture 

recognition. The three outputs of the FSR sensors conditioning circuit were directly 

connected to the analog inputs of the board. In addition, custom graphical user interfaces 

(GUI) were designed by means of “Processing” software [136] to facilitate interactive 

armband calibration and to allow real-time user interaction with a computer. The real-

time application involved the steps described below. For device calibration, the subject 

was asked to wear the armband and to perform the same sequence of gestures described 

in section “Machine learning algorithms applied to hand gesture classification”. Data 

were sent to the PC and used to train a Linear SVM classifier by means of Weka 

software; the trained classifier parameters were sent to the Arduino board, and the 

calibration phase was completed (see Figure 72,a). The videogame started on the PC 

screen and the Arduino board performed real-time classification of the current gesture: 

extracting gesture features (mean and SD) every 100 ms, making a classification and 

sending this information (coded in 1 byte) to the PC at a 10 Hz rate, via USB 

communication (see Figure 72,b). The subject started to play, and the Arduino board 

output was used to replace the keyboard and mouse controls. The subject never removed 

the armband between these steps. For each gaming session, the gestures correctly 

recognised in real-time were annotated and then their percentages were computed. Each 

user was also asked to evaluate the comfort and effectiveness of the device on a 0-to-10 

scale. The implementation of a real-time LDA classifier was further tested, repeating the 

same procedure described for the Linear SVM. 
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Figure 72. Real-time HMI: a) block diagram of the calibration phase; b) block diagram of the 

gaming session. 

Results 

Figure 73 shows an example of the FSRs raw signals for each performed hand 

gesture (subject #3). Different intensity force scales were used to better appreciate the 

signals shapes. 

 

Figure 73. Examples of raw signals (subject #3) recorded by the three FSRs for each performed 

gesture. Signal amplitudes are expressed in kilograms (different force scales were used). 

An example of raw signal segmentation is showed in Figure 74. The segmentation 

function was achieved by applying a threshold set at 40% of the FSR3 maximum signal 

variation. The segmentation allowed us to extract only the samples associated with the 

fully reached gesture while discarding the initial and final transients. 
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Figure 74. Recording of 10 consecutive clenched fist movements from FSR3 (subject #3): FSR3 

raw signal with the superimposed threshold (red line). 

Moreover, analyzing the values of the segmented signals for each clenched fist 

movement in Figure 74, it was found that the distributions of the occurrences do not seem 

Gaussian. These probability distributions showed up also from the segmented signals 

related to the other gestures. The median, as an alternative to the mean, would be another 

possible feature. As an example, Figure 75 shows the means, the standard deviations, and 

the medians referred to the segmented signals depicted in Figure 74. In this case, the 

percentage variation between the mean and the median was less than 2% for each 

repetition. Comparable percentages were also found in the segmented signals related to 

the other gestures. Hence, there is not practical convenience in using medians instead of 

means because it would increase the computational burden (critical for real-time 

applications). 

 

Figure 75. Means, standard deviations, and medians related to the segmented FSR3 signals of 10 

clenched fist movements showed in Figure 74. 

As an example, Figure 76 shows the means corresponding to the 10 repetitions of 

each gesture (subject #3) with different colors (see legend of Fig 10) in a three-

dimensional space (x, y, z axes correspond to FSR1, FSR2, and FSR3 respectively). In 

addition, data were enriched by reporting centroids and standard deviations (computed in 
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the three directions). Gestures appeared to be confined in specific regions, which did not 

overlap with each other. It is interesting to note that the rest condition was located around 

a point that represented the grip force of the armband (here about 0.1 Kg). 

 

Figure 76. Mean values computed for each of the 10 repetitions of each gesture (coded with 

different colors). FSR1, FSR2, FSR3 correspond to x, y, z axes, respectively. For each gesture, the 

centroid is depicted as a black asterisk and the standard deviations in the three directions as 

continuous black lines. 

Considering all three FSRs, the classification accuracy achieved for each subject, by 

means of the different algorithms and cross-validation methods are shown in Table 10. 

Table 10. Classification accuracies (in percentage) on 10 different subjects, using different 

machine learning algorithms (Linear SVM (L-SVM); Polynomial SVM (P-SVM), Radial Basis 

Function SVM (RBF-SVM); Linear Discriminant Analysis (LDA); Quadratic Discriminant 

Analysis (QDA); Random Forest (RF); K-Nearest Neighbors (K-NN), Neural Networks (NN)) and 

different cross-validation methods (10-fold (CV1), leave-one-out (CV2)). 

 L-SVM P-SVM RBF-SVM LDA QDA RF KNN NN 

CV1 CV2 CV1 CV2 CV1 CV2 CV1 CV2 CV1 CV2 CV1 CV2 CV1 CV2 CV1 CV2 

S1 95 95 87.5 81.25 93.25 91.25 97.5 97.5 97.5 97.5 96.25 96.25 91.25 91.25 90 92.5 

S2 92.5 87.5 73.75 76.25 90 88.75 95 96.25 96.25 96.25 89 88.75 88.50 88.75 83.75 86.25 

S3 98.75 98.75 82.5 78.75 97.5 96.25 97.5 96.25 100 100 97.5 97.5 95 93.75 97 96.25 

S4 96.25 96.25 80 83.75 96.25 96.25 96.25 96.25 98.75 98.75 97.5 97.5 100 100 100 100 

S5 90 88.75 75 73.75 90 97.5 93.75 92.5 97.5 97.5 93.5 93.75 91 90 91.5 90 

S6 100 100 85 86.25 100 100 100 100 98.75 98.75 97.5 97.5 98.75 98.75 98.75 98.75 

S7 97.5 97.5 97.5 93.75 97.5 97.5 100 100 98.75 98.75 97.5 95 100 100 98.75 97.5 

S8 97.5 96.25 92.5 92.5 97.5 96.25 98.75 98.75 98.75 98.75 100 100 97.5 97.5 98.75 98.75 

S9 96.25 96.25 83.75 86.25 97.5 96.25 96.25 96.25 98.75 98.75 98.75 98.75 98.75 98.75 100 100 
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S10 96.25 95 75 86.25 96.25 96.25 97.5 96.25 93.75 93.75 93.75 93.75 98.75 98.75 97.5 97.5 

Figure 77 shows the means and the standard deviations of the accuracies achieved 

across all participants, using the aforementioned machine learning algorithms and the two 

cross-validation methods. 

 

Figure 77. Means and standard deviations of the accuracies achieved across the 10 participants, by 

means of the different machine learning algorithms and for each tested cross-validation method 

(10-fold and leave-one-out). 

Table 10 shows that Linear SVM and LDA algorithms allow to obtain higher 

classification accuracies with lower computational complexities, compared to all the other 

evaluated machine learning algorithms. Therefore, more extended analysis was focused 

on these classifiers, considering the 10-fold cross validation. 

Table 11 summarizes the classification performances achieved by considering all 

sensors combinations, reporting means and standard deviations of the related accuracies 

(across all participants). Using a single sensor, the mean classification accuracy was 

about 77% for Linear SVM, while about 82% for LDA. Moreover, using two sensors the 

accuracy increased to about 91% for Linear SVM, while about 92% for LDA. 

Table 11. Means and standard deviations of classification accuracies (across all participants) by 

using Linear SVM and LDA algorithms for all sensors combinations.  

Selected sensor/s 
Linear SVM  

mean (SD) accuracy % 

LDA 

mean (SD) accuracy % 

FSR1  80.25 (9.89) 80.62 (8.00) 

FSR2  76 (9.12) 82.37 (10.38) 

FSR3 73.88 (13.25) 82.05 (8.58) 

FSR1 and FSR2 91.75 (8.70) 92.27 (6.96) 

FSR1 and FSR3 92.25 (5.26) 91.62 (6.18) 

FSR2 and FSR3 90.38 (5.68) 92.87 (4.41) 

FSR1 and FSR2 and FSR3 96 (2.93) 97.25 (2.02) 

 

Table 12 outlines the classification performances obtained for the combined database 

(all subjects) by using Linear SVM and LDA for all sensors combinations.  

Table 12. Classification accuracies reached on the combined database by using Linear SVM and 

LDA for all sensor combinations. 
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Selected sensor/s 
Linear SVM  

Accuracy % 

LDA 

Accuracy % 

FSR1  41.5 32.62 

FSR2  38 28.5 

FSR3 37.1 33.87 

FSR1 and FSR2 49.6 44 

FSR1 and FSR3 49.6 37.37 

FSR2 and FSR3 51.9 41.12 

FSR1 and FSR2 and FSR3 58.5 44.50 

 

Table 13 shows the classification accuracies reached with Linear SVM, for each 

subject and hand gesture class. The average accuracy across all participants resulted 96 % 

(SD: 2.93 %), and the confusion matrix (right and wrong average recognition percentages 

across all 10 subjects) is shown in Figure 78. 

Table 13. Linear SVM classification accuracies (in percentage) on 10 different subjects in 

recognizing eight hand gestures (classes). 

Gesture (Class) S1 S2 S3  S4 S5 S6 S7 S8 S9 S10 

rest 100 100 100 100 100 100 100 100 100 100 

wrist flexion 90 100 100 100 100 100 100 100 100 100 

wrist extension 100 90 100 100 90 100 100 100 100 90 

wrist adduction 100 90 100 100 100 100 90 90 90 80 

wrist abduction 80 70 100 80 60 100 100 90 100 100 

wrist rotation 90 100 90 100 80 100 90 100 100 100 

fingers abduction 100 90 100 90 90 100 100 100 80 100 

clenched fist 100 100 100 100 100 100 100 100 100 100 
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Figure 78. Confusion matrix (across all participants) presenting the Linear SVM classification 

accuracies (in percentages): rows correspond to true performed hand gestures and columns to 

predicted hand gestures. 

Table 14 shows the classification accuracies reached with LDA, for each subject and 

hand gesture class. The average accuracy across all participants resulted 97.25 % (SD: 

2.02 %), and the confusion matrix (right and wrong average recognition percentages 

across all 10 subjects) is shown in Figure 79. 

Table 14. LDA classification accuracies (in percentage) on 10 different subjects in recognizing 

eight hand gestures (classes). 

Gesture (Class) S1 S2 S3  S4 S5 S6 S7 S8 S9 S10 

rest 100 100 100 100 100 100 100 100 100 100 

wrist flexion 100 100 100 100 90 100 100 100 100 90 

wrist extension 100 90 100 100 90 100 100 100 100 100 

wrist adduction 100 100 90 80 90 100 100 90 80 90 

wrist abduction 90 70 100 90 90 100 100 100 100 100 

wrist rotation 90 100 90 100 90 100 100 100 100 100 

fingers abduction 100 100 100 100 100 100 100 100 90 100 

clenched fist 100 100 100 100 100 100 100 100 100 100 
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Figure 79. Confusion matrix (across all participants) presenting the LDA classification accuracies 

(in percentages): rows correspond to true performed hand gestures and columns to predicted hand 

gestures. 

Graphical interfaces for practical HMI applications 

The custom graphical interface that displays icons corresponding to the recognized 

hand gestures, was used both for calibration purposes and for quick assessment of real-

time classifier performances (see Figure 72). The real-time gesture recognition system 

was used to play various games (e.g. "Pong" videogame) by replacing the mouse and 

keyboards commands with those provided by the Arduino board [137]. The average 

percentage (across all users) of correctly recognized gestures resulted 93% with Linear 

SVM, while 90% with LDA. Subjects reported that this HMI was comfortable to wear 

and intuitive to use, not requiring long training to achieve good results. 

Discussion and Conclusions 

A novel piezoresistive array armband for hand gesture recognition was presented in 

this study. It was based on a reduced number of muscle contraction sensors, appropriately 

positioned on specific forearm muscles. Nevertheless, it allowed discriminating eight 

classes of hand gestures with remarkable accuracy, regardless of the specific classifier 

(see Table 10). Classifiers based on Linear SVM and LDA have low computational 

complexities and can be easily implemented in hardware. Therefore, more extended 

analysis was focused on these classifiers. The average classification accuracy across all 

subjects, resulted 96% for Linear SVM and 97.25% for LDA. These performances were 

achieved by separately considering the databases associated with each user and averaging 
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the accuracies. Instead, considering the combined database (all subjects) the Linear SVM 

classification achieved a maximum accuracy of 58.5%, while LDA scored 44.5%. A 

significant classification accuracy was also achieved by considering combinations of only 

two sensors: the mean accuracy resulted 91.46% for Linear SVM and 92.25% for LDA. 

As expected, the use of a single sensor led to a significant reduction in mean 

classification accuracy (about 77% for Linear SVM and 82% for LDA). With regard to 

the reproducibility test (described in section 2.3), the mean classification accuracy (across 

all subjects) was 78.8% for Linear SVM and 60.25% for LDA. This reduction in accuracy 

suggests that each time the device is used, a new calibration (i.e. classifier training) is 

advisable for optimal performances. It could be interesting to extend this study to a much 

larger cohort of subjects, in order to obtain more reliable classification results, and also to 

investigate the possibility to discover common muscle activation strategies, to identify 

pathological behaviours, etc. 

The proposed armband is extremely lightweight, simple to wear, and easily 

adjustable for any user. It is comfortable and unobtrusive, as proved by the low grip force 

values recorded at rest, and it allows to simultaneously monitor the contractions of 

multiple specific forearm muscles. It is also scalable in the number of sensors, thus giving 

the opportunity to avoid their precise positioning onto specific muscles (e.g. full sensors 

covered armband could be used). The extreme simplicity of FSR sensors and their 

conditioning circuits, along with the straightforward usability of the output signals (no 

additional processing required), allow to easily implement this system on low-

performing, commercial platforms, also with wireless capabilities [11,12]. 

The proposed HMI could be applied in “exergaming” applications: graphical 

interfaces can provide patients with real-time feedback on the quality of the performed 

gestures, inducing self-corrections of their movements. Moreover, the possibility to 

monitor the contractions of specific muscles would provide additional clinical 

information about patients’ progress. Thus, the exergaming could be used in clinical 

practice to make neuromotor rehabilitation processes more stimulating and enjoyable.  

The encouraging results obtained with few sensors, suggest the possibility to adopt 

this HMI also in hand prosthesis control [47,138,139], to the similarity of the FSR-based 

sensors outputs and the EMG-LE. Indeed, the small size and flatness of the sensors make 

it possible to embed them inside the prosthesis socket. More generally, the muscle 

contraction sensors could be potentially adapted to monitor other muscles (e.g. muscles of 

arms, legs, shoulders, etc.), allowing them to develop a wide range of EMG-based HMI 

applications. 
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Hand prostheses partially restore hand appearance and functionalities. Not everyone
can afford expensive prostheses and many low-cost prostheses have been proposed.
In particular, 3D printers have provided great opportunities by simplifying the
manufacturing process and reducing costs. Generally, active prostheses use multiple
motors for fingers movement and are controlled by electromyographic (EMG) signals.
The “Federica” hand is a single motor prosthesis, equipped with an adaptive grasp
and controlled by a force-myographic signal.

The “Federica” hand is 3D printed and has an anthropomorphic morphology with five
fingers, each consisting of three phalanges. The movement generated by a single
servomotor is transmitted to the fingers by inextensible tendons that form a closed
chain; practically, no springs are used for passive hand opening. A differential
mechanical system simultaneously distributes the motor force in predefined portions
on each finger, regardless of their actual positions. Proportional control of hand
closure is achieved by measuring the contraction of residual limb muscles by means
of a force sensor, replacing the EMG. The electrical current of the servomotor is
monitored to provide the user with a sensory feedback of the grip force, through a
small vibration motor. A simple Arduino board was adopted as processing unit.

The differential mechanism guarantees an efficient transfer of mechanical energy
from the motor to the fingers and a secure grasp of any object, regardless of its shape
and deformability. The force sensor, being extremely thin, can be easily embedded
into the prosthesis socket and positioned on both muscles and tendons; it offers
some advantages over the EMG as it does not require any electrical contact or signal
processing to extract information about the muscle contraction intensity. The grip
speed is high enough to allow the user to grab objects on the fly: from the muscle
trigger until to the complete hand closure, “Federica” takes about half a second. The
cost of the device is about 100 US$. Preliminary tests carried out on a patient with
transcarpal amputation, showed high performances in controlling the prosthesis,
after a very rapid training session.

The "Federica" hand turned out to be a lightweight, low-cost and extremely efficient
prosthesis. The project is intended to be open-source: all the information needed to
produce the prosthesis (e.g. CAD files, circuit schematics, software) can be
downloaded from a public repository. Thus, allowing everyone to use the “Federica”
hand and customize or improve it.
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