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Abstract
Recent research has led to advances in sophisticated prosthetic devices and associated scientific
and technological challenges have also opened up new avenues of exploration. Prosthetic hand
research is largely driven by clinical needs to achieve higher user functionality and outcome measures. The persistent questions at the forefront of both clinical and research applications are how to
improve prosthesis control and provide sensory feedback. Restoring a sense of touch can help upper limb amputees improve the use of their prosthetic hands. This chapter provides a brief overview
of sensing and control technology for hand prostheses, specifically as they relate to clinical and research applications. We discuss signal processing techniques for decoding hand movement as well
as efforts to provide natural sensory feedback. We address some of the major challenges faced by
upper limb amputees and discuss how user needs have driven the technology forward.
Keywords: prosthesis, motor control, machine learning, tactile sensing, sensory feedback,
sensors, electronic skin
1. Introduction
From gross movements to object grasping and fine manipulation, our arms and specifically the
hands, play an obviously valuable role in our daily lives. The movement of our hands, combined
with our sophisticated sense of touch, enables us to seamlessly interact with our environment. The
loss of a limb presents a difficult challenge in that much of the basic functionality we rely on as
humans is no longer available in the same way. The use of prosthetic hands has proven to be a
viable option for replacing a lost or missing hand.
The technology and functionality of upper limb prostheses has seen notable progress since the
2010’s, specifically in control of the device as well as sensory feedback. Two of the most important
factors for creating an effective prosthesis are in making the control of the device intuitive and
natural and in creating a naturalistic and usable form of sensory feedback to the user. Given that
our hands are highly functional organs essential to our daily lives, and that hand function relies
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heavily on the sense of touch, it is crucial for an upper limb prosthesis to help replace some of the
lost sensory components in addition to providing a way of grasping and manipulating objects.
Rudimentary prosthetic hands have been documented as early as the 200s BC and have slowly
improved from passive iron devices to movable joints to body powered hooks to myoelectrically
controlled hands [1]. For an overview of prosthetic hand history, see [1]. Today, technological advancements have made more realistic and functional upper limb prostheses a reality. For example,
the modular prosthetic limb (MPL) developed by the Johns Hopkins University Applied Physics
Laboratory (JHU/APL) has 26 controllable degrees of freedom (DOF) and over 100 sensors [2].
The focus of this chapter is on prosthetic hands that are powered through physiological signals,
such as electromyography (EMG), electrocorticography (ECoG), electroencephalography (EEG),
or even neuron spikes. However, it should be noted that body-powered prostheses have also improved and are still a common prosthesis solution for upper limb amputees [3] and continue to be
researched [4]. At this point, it is worth noting that prosthetic arms can be used by amputees as
well as people living with congenital limb deficiencies or paralysis. For the purpose of this chapter,
we discuss research and clinical applications of prosthetic hands for amputee users. A myoelectric
prosthesis is controlled using EMG signals from the residual limb of an amputee, but EEG and
ECoG signals from the brain can also be used to control a prosthesis. There are several examples
of prosthetic hand control using EEG [5], ECoG [6], and even neuron spikes [7, 8], but perhaps the
most common way to control a prosthetic hand in clinical and real-world settings is using EMG
signals. This is due to several factors including the noninvasive nature of measuring surface EMG
as well as the currently available commercial prosthetic hands that are capable of fine movements,
which are developed to interface with EMG signals.
Regardless of the input control signal, many of the same techniques such as movement decoding and sensory feedback are used to create functional and effective prostheses for clinical and
research applications. Research has led to improvements in the mechanical design and dexterity of
prosthetic limbs [2], signal processing techniques for movement decoding [9], biomimetic sensors
for capturing information during prosthesis use [10–12], and providing sensory feedback to elicit
sensations of movement [13], touch [14], and even pain [12].
Prosthesis fit and comfort are of paramount importance to users [15] and are often one of the
leading reasons for the relatively high abandonment rates (estimated at 23% in 2007) of upper
limb prostheses [16]. Users cite poor fit and heat or perspiration as contributors to this discomfort
[15], but clinical efforts have led to developments in novel prosthetic socket technology to address
these issues and provide better upper limb prosthesis fit [17] while research has also been done on
creating an adaptive socket that creates uniform loading on the residual limb during prosthesis use
[18].
Although fit and comfort are fundamental components of a prosthetic limb, this chapter focuses
on the control and sensing aspects for clinical and research applications. In fact, there are numerous
other areas related to upper limb prostheses and brain-computer interfaces in general that are not
discussed in this chapter. However, we refer interested readers to more thorough reviews on neural
interfaces [19], integrated neural circuits and amplifiers [20], and micro- and nanoelectrodes for
neural recordings [21]. For a more general overview of neural prostheses, including upper limb
devices, see [22].
For the remainder of this chapter, we discuss methods for both control and sensing of prosthetic
hands. To make a truly human-like and effective prosthesis, there needs to be robust and intuitive
forward control as well as natural and reliable sensory feedback, which are complementary in
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Figure 1: (A) Noninvasive electrode cap for measuring EEG signals and (B) an electrode cuff for
capturing EMG signals from the surface of the arm of an amputee. EEG and EMG, along with
other physiological signals such as ECoG and neuron spikes, can be used to capture volitional
movement commands and decoded for prosthesis control.
nature. Forward control is dictated by the quality of the movement decoding and signal quality,
whereas the feedback relies heavily on the capabilities of the sensors and is useful for both the
user and the prosthesis. Sensory feedback is necessary because it completes the loop by informing
the user on what the prosthesis is touching or where it is in space, which are crucial components
for creating a lifelike and functional prosthetic limb. In the following sections, we will provide
examples of progress in these areas. We will address both the current state-of-the-art technologies
for clinical and research applications and the future directions of prosthetic hands.
2. Prosthesis Control
Cosmetic, body-powered, and myoelectric devices are the most common prostheses, each making up roughly one third of devices used [23]. In this section we will focus on electronically
powered prosthetic hands because they present interesting control challenges. Multi-articulated
prosthetic hands can be controlled by a range of physiological signals, but there are several challenges that researchers and users face when decoding intended movements, such as effects from
limb position and electrode contact.
2.1. Movement Signals
Electrical activity produced within the nervous system initiates movement. This activity is
generated in the cortex and is sent through the spinal cord to the peripheral nerves and finally to
the muscles which then causes muscle contractions and ultimately limb movement. For a prosthetic hand, that electrical activity that results from volitional movement is captured and sent to a
controller that classifies the intended movement and outputs the correct commands to the prosthesis to drive movement. The common modalities for recording electrical activity due to intended
movement from the brain are electroencephalography (EEG) (Fig. 20.1A), electrocorticography
(ECoG), and action potentials. Electrical activity from muscle movement can also be recorded
from the peripheral nervous system with electromyography (EMG) (Fig. 20.1B), which is the
most common technique for controlling upper limb prostheses in research and clinical applications, as it is noninvasive and relatively easy to set up.
EEG signals, obtained noninvasively through the scalp, have been used for controlling multiple
DOFs of a hand [5], but EEG is generally considered a poor choice for prosthesis control because
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of complications with the electrode-scalp interface during head movement as well as the low-pass
filtering effect on signals. A more invasive approach for recording neural signals from the brain
may be needed to obtain greater signal to noise ratio. For instance, ECoG, in which electrodes
are placed directly on the surface of the brain, gives the opportunity to capture the signals and
interactions in wide regions of the brain and its motor and sensory cortices. ECoG signals have
been shown to decode individual finger movements [24, 25] as well as 3 DOFs in a prosthetic
arm [6]. Alternatively, highly specific signals can be obtained when action potentials are recorded
from microelectrode arrays directly from the cortex. These action potentials have also been shown
to enable decoding of reaching and grasping in a prosthetic arm [8]. As a completely different
alternative, action potentials can also be recorded in the peripheral nervous system for prosthesis
control as well [26]. For a more thorough discussion on the relative merits of using neural signals
used for decoding movement intent and controlling a prosthesis, see [27].
Cortical and peripheral signals require delicate and usually invasive neural interfaces. For
complex and dexterous prostheses in real-world applications, these decoding and control signals
are still difficult to record, decode and manipulate. Surface EMG signals can be obtained noninvasively and have served very well as a practical input signal for today’s commercial prostheses.
EMG signals are easy to acquire and don’t require a significant setup period. EMG can be recorded
invasively using implanted electrodes to measure intramuscular activity; however, this approach
has not become as common. A thorough discussion of EMG and its use in controlling prosthetic
hands can be found in [28].
There are several challenges with movement decoding using physiological signals. One of
them is that machine learning methods rely on incoming signals to be similar to signals acquired
during training. However, signals may change over time with fatigue or other factors that negatively influence the signal stability. For instance, positional changes of the limb in space can
reduce EMG signal similarity [29] and loading effects on the prosthesis can also degrade classification performance [30]. Considering the practicality, and higher prevalence of EMG signal based
prostheses and their applicability to active users, the next section focuses on decoding intended
movements from myoelectric signals.
2.2. Movement Decoding
The emerging method for controlling a prosthetic hand is pattern recognition. The idea being
that when natural movements are made by an amputee, they elicit unique and reproducible neural
signal patterns (Fig. 20.2A). Those signals are recorded and decoded into different intended hand
or limb movements. The signals are then transformed into features, which are then mapped to corresponding hand movements using pattern recognition techniques (Fig. 20.2B). Various machine
learning techniques such as Kalman filters [26, 31], linear regression [32], neural networks [33],
maximum likelihood estimation [34], and linear discriminant analysis [35] can be utilized to estimate intended hand movements based on the neural signals. These methods can be used regardless
of the neural signal being used to decode intended movements.
In general, movement decoding techniques have been continuously improved over the past several years [28, 36, 37] and results have shown that training is a major factor in improving prosthesis
control [38]. Recently, linear regression techniques with surface EMG signals have enabled simultaneous DOF and proportional prosthesis control, which improves functionality during activities of
daily living [32]. Another emerging trend is the use of high density EMG signals to create images
of EMG activity for predicting hand movements [39].
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Effects from activities of daily living, such as limb position, loading, and changes in electrode
contact, can all degrade decoding performance. It is difficult to predict all of these adverse effects,
which presents a challenge while training the classifiers. As a result, researchers will continue
to develop more robust methods to overcome these challenges. To test efficacy of movement decoding, prosthesis users often perform some standardized experiments. Some of these clinically
validated methods include the target achievement control (TAC) test, which provides prosthesis
users with targets such as a particular hand grip and position that they have to achieve [40]. The
Southampton Hand Assessment Procedure (SHAP) was developed to test a range of different prosthetic hand grasps to manipulate objects that are commonly encountered during the day, such as
moving a jar or opening a door hangle [41]. These tasks, along with others such as the Clothespin
Task [42], help validate movement decoding and machine learning strategies for prosthesis control.
2.3. Targeted Muscle Reinnervation (TMR) and Osseointegration
TMR is a surgical technique where the nerves from an amputated limb are placed into healthy
muscles to act as bio-amplifiers, making movement signals stronger and easier to measure [43, 44]
(Fig. 20.2C). TMR has greatly improved the ability for prosthesis users to achieve a wider range
of grips and patterns while controlling their limb [45].
A relatively new method known as osseointegration (OI) has also been shown to address several
common issues such as prosthesis loading and position effects. In an osseointegration, the prosthesis attaches directly to the body through a metal link that is inserted directly into the bone in the
residual limb of an amputee. This intimate human-machine interface alleviates several issues such
as loading effects that cause changes to surface EMG signals while also improving mobility and
range of motion of the prosthesis. [46]. Clinical research shows that the osseointegrated implant
can sustain loading during normal use and no incidents were reported as a result of overloading
[47]. Some patients were reported as being overprotective of their prosthesis and did not load it
as much as others; however failure of the OI implant is seen as unlikely given that it is capable of
sustaining larger loads than the bone itself [47].
2.4. State of the Art
Researchers are beginning to take advantage of new surgical techniques like TMR to develop
enhanced decoding strategies [9] and achieve greater dexterity [45] for further improving prosthesis
control. Another developing area is in designing control strategies that enable both simultaneous
and proportional prosthesis control. Typically, users can only control 1 DOF of their prosthesis
at a time. Recently, researchers have shown promising results with simultaneous and proportional
control in 2 [32] and 5 DOFs [26]. Challenges that will continue to be addressed include environmental effects such as limb position and loading. Researchers will undoubtedly turn towards more
sophisticated machine learning techniques to resolve these issues.
3. Sensors for Prosthetic Hands
Sensory feedback is also an important part for prosthetic hands. Traditionally, prosthesis users
relied on visual and auditory information to monitor their prosthesis during manipulation. With
the recent advancements in providing sensory feedback to users, researchers have shown that we
can now complete the feedback loop by providing natural sensations back to amputees so they can
actually feel with their prosthesis.
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Figure 2: (A) Prosthesis control can be achieved through motor commands generated through
EEG, ECoG, neuron spiking, or EMG signals. Each signal contains different qualities, such as
frequency band and amplitude, but all can carry information regarding movement intentions. (B)
For pattern recognition, the neural signals are used as an input to a machine learning algorithm to
classify the desired movement. Outputs from the algorithm are used to drive the movement of the
prosthesis. (C) In TMR, residual nerves that once directly controlled limb movements are placed
in healthy muscle, which act as bio-amplifiers for signals from the motor nerves.
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3.1. Sensing in Biology
Before giving details on sensors used in hand prostheses, it is useful to take a brief look at
the sensing capabilities of intact hands. Prosthetic hands replace lost or missing hands, so it
makes sense that these devices should aim to mimic the functionality and behavior of their biological counterparts. In healthy skin, we have receptors and complex feedback loops to convey
interoceptive, such as proprioception, and exteroceptive, such as pressure, temperature, and pain,
perceptions. Mechanoreceptors are the primary means of our ability to perceive touch, and they
are classified as either slowly adapting (SA) (Merkel cells (SA1) and Ruffini endings (SA2)) or
rapidly adapting (Meissner (RA1) and Pacinian corpuscles (RA2)). SA mechanoreceptors respond
to sustained loads, whereas RAs respond primarily to the transient periods of tactile loading [48].
While mechanoreceptors provide information on touch, nociceptors (free nerve endings) in
the skin are responsible for conveying noxious (painful) mechanical sensations [49]. Aδ- and Clow threshold mechanoreceptors (LTMRs) are primarily responsible for conveying sensations of
temperature and it is thought that SA2 receptors, which respond to things like skin stretch, work in
conjunction with muscle spindles to provide sensations of proprioception [48].
Biological sensory receptors and pathways provide insight into the necessary components required for making sophisticated prosthetic hands that can provide meaningful, relevant, and natural
sensations back to the user.
3.2. Sensing Devices
Currently, sensors for prosthetic hands capture information about force, pressure, torque or
hand movement. Various types of sensors are used to measure these modalities. For a review of
tactile sensing technologies see [50] and for more in-depth discussion about the fabrication, signal
processing and applications of tactile sensing systems see [51].
3.2.1. Piezoresistive
Piezoresitive materials change resistance due to mechanical strain and are effective for measuring static forces. In the case of sensors on a prosthetic hand, the mechanical strain is due to physical
contact with the environment. The piezoresistors are usually made from thick film resistors [52],
textiles [12, 53, 54] (Fig. 20.3A), carbon nanotubes (CNT) [55] or silicon microelectromechanical
systems (MEMS) [56]. Piezoresistive sensors are simple and low-cost but have high manufacturing variance [50]. These force sensors have been used on the fingertips of prostheses to improve
grasping and prevent object slip [11, 52].
3.2.2. Piezoelectric
Piezoelectric materials generate electrical charge due to mechanical strain and are effective
for measuring dynamic (high frequency) forces. Piezoelectric sensors are commonly made from
polyvinylidene fluoride (PVDF) [57] or lead-zirconate-titanate (PZT) pastes [52] and have high
sensitivity and frequency response but poor spatial resolution [50]. Inspired by the mechanoreceptors of the skin, [55] created a double-layer tactile sensor using piezoelectric and piezoresistive
materials for the top (dynamic forces) and bottom layers (static forces) respectively.
3.2.3. Capacitive
Capacitive sensors respond to mechanical forces resulting from changes in capacitor geometry
due to force on the capacitive plates. They are usually made with MEMS technology and have high
7

sensitivity and spatial resolution but can susceptible to cross-talk noise [50]. [58] designed a 4 x 4
capacitive 3-axis force sensor array using 4 capacitors, square electrodes and a polydimethylsiloxane (PDMS) bump for each sensor fabricated with a MEMS-polymer process.
3.2.4. Pressure
Tactile pressure can be measured similarly to force if the sensing area is known or also as
changes in pressure of a fluid. For example, the BioTAC tactile sensor (Fig. 20.3B) measures a
change in impedance of its electrode array in response to force on the fingertip, which changes the
pressure of the internal fluid. The BioTAC has been used to characterize object compliance [59]
and to identify textures [60]. It has also been used to enable grasping of fragile objects [61].
3.2.5. Optical
Optical tactile sensors work by measuring changes in light transmitted from optical cables onto
a surface. These sensors have high spatial resolution and wide sensing range but can be bulky [50].
[62] developed a beam-type optical fiber sensor which can measure distributed tactile information
and was demonstrated for palpation in minimally invasive robotic surgery.
3.2.6. Magnetic
Magnetic tactile sensors typically operate by measuring the change in magnetic field intensity
due to the Hall effect or through characterizing the change in electromagnetic induction due to
applied forces. Magnetic sensors are highly sensitive but have poor reliability [50]. [63] designed
an array of nanocomposite cilia which cause a change in their magnetic fields when deflected by
an external force.
3.2.7. Thermistor
A thermistor is a thermally sensitive resistor. Thermistors have a significant and linear relationship with temperature that allows for consistent temperature characterization. They are simple
and easy to manufacture using a silicon process. A thermistor-based temperature sensor has been
integrated into a variety of sensors such as the BioTAC [59], force and slip sensors [52], and a
malleable electronic skin [64].
3.2.8. Inertial
Inertial Measurement Units (IMU) are composed of accelerometers, gyroscopes, and magnetometers which measure linear acceleration, angular velocity and magnetic field strength (to orient
with respect to earth’s axes), respectively. For hand prostheses, these sensors capture information
about hand movement, position, and torque. [65] used IMU’s to control wrist rotation of a prosthesis. [66] used them to improve hand control. Finally, [67] used bending sensors to get information
about finger position, while the IMU was used to get wrist location and orientation.
When it comes to perceiving touch with sensors like the ones described in this section, many
are placed on or near the fingertips of the prosthetic hand (Fig. 20.3C). The fingers are the ideal
place for detecting touch whereas inertial sensors may be placed in other areas, such as the back
of the hand or on the wrist, to track movement.
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Figure 3: Examples of sensors for prosthetic hands. (A) Piezoresistive textiles can been used for
detecting forces during grasping with a prosthetic hand, ©2016 IEEE. Reprinted, with permission,
from [11]. (B) The BioTac fingertip sensor. Changes in fluid impedance enable fine discrimination
of textures [60], detecting object compliance [59], and grasping fragile objects [61]. Reprinted
from [59] under the CC-BY license. (C) To maximize utility, sensors are most often placed on
the fingertips of the prosthesis. During object grasping and manipulation, the prosthesis fingertips
are generally in contact with the target object making them an ideal location for sensing elements.
©2016 IEEE. Reprinted, with permission, from [11].
3.3. State of the Art
More recently, there has been progress in materials science to create more sophisticated sensing modalities and electronic skins (e-skins). For prosthetic hands, an e-skin is ideal because the
sensors are embodied in flexible or compliant materials. The ability to capture sensory information, such as touch and proprioception, is only part of an e-skin, as there are other factors that have
been developed such as flexibility, compliance, self-healing, and other skin-like characteristics.
Researchers have used advanced materials to create stretchable sensors [68], microstructured ferroelectric skins with pressure and temperature sensing [69], compliant prosthetic fingers that use
stretchable waveguides to detect pressure [70], compliant and wireless e-skins [71], and healable
and malleable e-skin [64].
Pressure and flexion sensors have also been developed that can both electrically and mechanically heal themselves [72]. Entire pneumatic robots have also been shown to self-heal [73]. Ultraflexible organic electronics have also been constructed into skin-like material [74], and even
biomimetic temperature sensitive layers [75]. More relevant to prosthetic hands, has been the development of e-skins with sensors that behave like actual mechanoreceptors. Spiking like outputs
from a pressure sensor were created by ring oscillators and used to directly stimulate neurons in
the somatosensory cortex of a mouse [10]. More recently, an artificial afferent was created using
flexible organic electronics to mimic the function of a sensory nerve. The sensor converted pressure into action potentials, also using ring oscillators, which were then used to stimulate the motor
nerves in a cockroach to create a reflex arc that actuates muscles based on measured pressure [76].
Biomimetic designs have also been implemented to capture the layering aspects of receptors
in the skin [12, 53]. A multilayered e-dermis was developed with superficial sensing elements
modeled after nociceptors and a deeper layer of mechanoreceptor behaving sensing elements [12].
For a more thorough discussion of flexible electronics, advanced materials for sensors, and e-skins,
see [77]. These recent technological advancements in sensors and materials are promising in that
they will hopefully be translated into sensors and e-skins placed directly on prosthetic hands for
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functional testing.
4. Sensory Feedback
There have been several efforts to provide realistic and meaningful sensory feedback to upper
limb amputees. Touch is a complicated, multi-faceted sensation that works in harmony with muscle
movements to enable highly sophisticated manipulation tasks and tactile perceptions. One of the
challenges of providing sensory feedback is not only capturing comprehensive touch information
through sensors but also in providing that information back to a user, effectively closing the loop
(Fig. 20.4). Some of the most significant advancement in upper limb prostheses in the past several
years have come in the form of sensory feedback to amputees. Sensory feedback can be provided
by stimulating the peripheral nerves or even the somatosensory cortex directly. For peripheral
nerve stimulation, relevant sensory feedback can be achieved by using noninvasive approaches,
such as transcutaneous electrical nerve stimulation (TENS), or using electrodes implanted directly
into the nerves. The median, ulnar, and radial nerves are common targets when providing sensory
feedback due to their coverage of the hand.

4.1. Tactile
For clarity, we refer to tactile as a sensation that can include perceptions of force, pressure,
vibration, or texture. Groundbreaking results show the ability to provide sensory activation and
sensations of pressure in the thumb, index finger, and pinky of the phantom hand of an amputee
using implanted stimulating electrodes [14]. Through tactile perceptions, prosthesis users with
implanted stimulating electrodes in their median and ulnar nerves have been shown to differentiate
between object stiffness [14], perform fine motor movements such as pulling a stem off a cherry
[78], and improve performance in functional tasks [79] and activities of daily living [46].
Touch sensations have been mapped in the phantom hand in several different studies, and each
case varies in terms of the coverage obtained. Stimulation from multiple microelectrode arrays
implanted in the median and ulnar nerves was shown to provide several percepts in one study [78]
(Fig. 20.5A) and over 100 percepts in another study [26] (Fig. 20.5B). Implanted stimulating
electrodes are able to target smaller nerve fascicles, as opposed to the larger nerve bundles likely
activated using noninvasive approaches. Stimulation through implanted electrodes has the potential
to provide more localized and a greater variety of tactile percepts in the phantom hand [26, 78]
compared to more general coverage through noninvasive approaches [12, 80, 81].
Natural tactile sensations in the phantom hand have also be provided by noninvasively electrically stimulating the peripheral nerves [12, 81, 82] (Fig. 20.5C). Despite not having direct contact
with the peripheral nerve, electrical stimulation dissipates through the skin and, if positioned correctly, can reach and activate the underlying peripheral nerve bundles. Targeting the underlying
nerves through the skin can be a difficult process, but targeted sensory reinnervation (TSR), a surgical technique that intentionally separates sensory nerves during surgery, can be used to enable
larger spatial coverage of tactile feedback in the phantom hand [83, 84]. It was shown that subjects who had undergone TSR had a capacity to perceive sensations of grating that were similar
to able-bodied subjects; however the ability of TSR subjects to identify and localize points of
contact was slightly lower than the controls [85]. It was also shown that at least 8 unique sites of
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Figure 4: Sensory feedback is a vital part for creating a lifelike prosthesis. (A) Tactile sensations can be perceived in the phantom hand of amputees. (B) Sensors on the prosthesis capture
touch information and (C) send information back to the user through a stimulator. Stimulation
models transform the sensor information into potentially natural and relevant sensory information
in the form of electrical stimulation. (D) Stimulation of reinnervated nerves provides the tactile
perceptions in the phantom hand.
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the phantom hand could be activated by using targeted TENS with a TSR patient [80] (Fig. 20.5D).
Tactile sensations play a role in helping us differentiate textures. Researchers were able to give
sensations of texture roughness by using direct nerve stimulation in an upper limb amputee [86].
The stimulation provided to the user was based on SA mechanoreceptor mechanics by using an
Izhikevich neuron model [87]. Textures, each with a different surface roughness, were presented
to the amputee subject who then relied on the perceived tactile sensations from the stimulation to
identify which textures were more rough. This particular study used an interesting approach where
it based the nerve stimulation for sensory feedback on actual mechanics of receptors that, although
no longer present, are responsible for our perceived tactile sensations. Because the peripheral
nerves are still intact, the neural pathways to the brain are preserved, even after amputation. Because of this preservation, the nerve stimulation was patterned in a way to replicate the output of a
healthy mechanoreceptor based on the output of the sensor on the prosthetic hand’s fingertip.
Although less common, it is possible to also produce tactile sensations through stimulation at
the cortical level, in the somatosensory cortex [88]. This approach is a valid solution for prosthesis users who have a spinal cord injury and do not have intact peripheral nerve and spinal cord
pathways for transmitting neural information.
Providing tactile feedback in upper limb prostheses is still in its infancy yet has seen tremendous progress in a matter of several years. As sensory feedback to users becomes more common, it
is important to monitor the ability to provide meaningful information throughout the day even during physically demanding activities of daily living, like exercise or working with tools. Throughout
the day or due to the physical nature of activities of daily living, the noninvasive stimulating electrodes can shift or even peel off the skin, which effects the electrical path to the targeted nerves.
Researchers developed a control strategy that monitors the impedance of noninvasive stimulating electrodes to continuously provide correct levels of sensory feedback even during physically
demanding activities of daily living [89].
Now that technology has enabled tactile feedback to prosthesis users, researchers have begun
to explore additional touch perceptions that can be naturally conveyed through nerve stimulation.
4.2. Pain
In addition to tactile sensations, pain has also been conveyed in the form of sensory feedback
to an amputee. Although undesirable, pain provides valuable information for protecting the body.
Typically, a prosthetic hand has no sense of pain from grasping an object, let alone the user. By
implementing an autonomous pain reflex to mimic in the prosthesis, researchers showed that the
prosthesis can identify and react to painful stimuli in a lifelike fashion [12]. The nerve stimulation
signal was produced using a neuromorphic framework, the same as in [86], except that in this case
both mechanoreceptors and nociceptors were modeled to provide these sensations.
4.3. Proprioception
One of the major forms of feedback in closed-loop manipulation with a hand is proprioception.
It helps guide hand movement and complements touch feedback in that it allows an individual to
create a more comprehensive understanding and representation of any movements or object manipulation. Touch information gives context of an object’s features, such as surface roughness and
material stiffness, while proprioceptive information helps convey object size and shape while also
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Figure 5: Sensory mapping of the phantom hand can provide information on the types of sensations perceived by the amputee. (A) Tactile perceptions are generally perceived in parts of the
phantom hand that were once innervated by the median and ulnar nerves. Results adapted from
[78]. (B) In general, sensory mapping varies in each case. For implanted stimulating electrodes,
perceptions seem to be localized to smaller areas. This sensory map shows the general coverage
of sensory feedback provided to amputees through electrodes implanted in the median and ulnar nerves. Individual percepts were localized to smaller regions within the larger areas. Results
adapted from [26]. (C) Noninvasive stimulation of median and ulnar nerves can also provide tactile sensations and each stimulation site generally covers larger areas of the phantom hand. Results
adapted from [81]. (D) In a subject with TSR, the sensory nerves are separated and organized such
that noninvasive stimulation tends to elicit more localized tactile sensations in the phantom hand.
©2017 IEEE. Reprinted, with permission, from [80]
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tracking the position of the hand. By knowing the current position of the hand through proprioception, an individual can send motor commands to make fine movements without the need for visual
feedback. This type of comprehensive proprioceptive and tactile feedback is lacking in prosthetic
hands.
Using implanted microelectrode arrays in the median and ulnar nerves of amputees, researchers
have also identified several instances of propioceptive feedback. One amputee was able to perceive
17 different proprioceptive sensations (i.e. finger or hand movements in the phantom hand) while
another amputee was only able to perceive 1 sensation [26]. It is unclear which afferent nerve
fibers were being stimulated within the median and ulnar nerves to create these sensations, but
the location of the stimulating electrode seemed to play a major role in eliciting proprioceptive
sensations.
Illusory movements, sensations that the phantom hand is moving, can also be caused by vibratory feedback on the skin of amputees who have undergone TMR [13]. In multiple subjects,
vibration of the proximal reinnervated muscles elicited an illusion of hand movement, such as finger and wrist extension and flexion. This kinesthetic illusion was shown to improve movement
control of their myoelectric prosthesis [13]. Although the vibration was applied to muscles, there
was a perceived sensation of limb movement, which indicates the important relationship between
muscle activity and sensory feedback to produce the sense of proprioception. Research has shown
that proprioceptive percepts can be provided by stimulating sites in both sensory nerves and muscles, and it is most likely a combination of providing feedback to both sensory and motor neurons
that will elicit more natural sensations of proprioception. The combined stimulation of muscles and
sensory nerves for prorpioceptive feedback makes sense considering that SA2 mechanoreceptors
provide information on skin stretch while muscle spindles convey information on limb position,
which together make up our ability to localize our limb position in space without the need for
visual feedback.
4.4. State of the Art
The types of sensory feedback conveyed from a prosthetic hand to its user are still limited in
that they do not fully encompass the complex nature of our sensations of touch. There is a continuous push to make prosthetic hands more life-like, and that requires sensory capabilities that enable
a user to better utilize and embody their device. It is likely that future research will attempt to
provide sensations of temperature, more sophisticated forms of proprioception, and combinations
of other sensations back to prosthesis users. For realistic sensations to be re-created artificially,
we should consider how biology produces those sensations to begin with. This leads to the use
of neuromorphic systems, which aim to mimic aspects of healthy nervous system architecture, by
using digital spikes, akin to neural action potentials, to convey information. Previous work has
demonstrated the ability to provide real-time neuromorphic tactile feedback to prostheses for local
feedback to improve grasping [90]. Researchers have also used a neuromorphic SA mechanoreceptor model for enabling an amputee to discriminate between textures [86] as well as differentiating
between innocuous touch and pain by using neuromorphic models of mechanoreceptors and nociceptors [12]. The idea is that by using neuromorphic models, essentially modeling healthy receptor
behavior as a way to stimulate peripheral nerves, more natural sensations can be produced because
the stimulation is based on actual biological behavior. The limitation with this approach is that we
are not yet able to stimulate individual sensory nerve fibers due to their small size. Thus, using
a neuromorphic model to provide sensory feedback has not reached its full potential yet. At this
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point, the nerve stimulation is representative of the activity of a population of receptors, which can
then by used to stimulate a nerve fascicle or bundle. However, researchers have already developed
extremely sophisticated models that very accurately predict and replicate actual mechanoreceptor
behavior. Using physiological data from afferents in non-human primates, SA1, RA1, and RA2
receptors have been modeled, with millisecond precision [91].
A major part of providing sensory information from a prosthetic hand back to the user is understanding how that feedback is perceived by the user. Researchers are using traditional psychophysical experiments to quantify sensory perceptions and identify how different parameters influence
perceptions of intensity [92]. Furthermore, an amputee is able to adapt to sensations in the phantom hand, such as a repeated tapping, in a similar way as someone adapts to sensations in an intact
limb [93]. Differences in stimulating electrode (invasive vs noninvasive) is also a question worth
considering in terms of how sensations change. Implanted stimulating electrodes to elicit sensory
feedback are more stable than noninvasive approaches since they consistently stimulate the same
regions after implantation [26, 88]; however, noninvasive feedback has been shown to be stable
over a period of at least a year but requires manual electrode placement each time [12]. Combined
with understanding user perception of feedback, researchers have looked at how feedback influences the neural signals of an amputee [81], which could also be used to help better understand
the quality of sensory perceptions from nerve stimulation. The effect of the stimulation on neural
signals may offer insight into how information is processed in the somatosensory cortex after an
amputation or spinal cord injury. This effect will help continue to push knowledge for improving
not only prostheses but brain-machine interfaces in general.
TSR surgery has already enhanced the ability of researchers to provide sensory feedback to the
peripheral nerves of amputees. There is often natural regrowth of peripheral nerves in an amputated
limb, but this growth is somewhat arbitrary in that the nerve fibers may end up close to the surface
of the skin, in the soft tissue, or deeper within the arm. With TSR, surgeons intentionally separate
the afferent nerve fascicles and place them so that their growth into the soft tissue will make it
easier for providing sensory feedback.
Another surgical technique, the agonist-antagonist myoneural interface (AMI), connects muscle tendons in series to provide intuitive proprioceptive information to the user, which will undoubtedly improve prosthesis control [94]. The AMI has been validated in lower limb amputees [95]
and will likely make its way to upper limb amputees in the near future. Even though stimulating
electrodes will be necessary for providing touch information back to an amputee, it is feasible that
surgical techniques could make it possible for sensations of proprioception to be retained through
an AMI or similar approach.
5. Future Directions
All components of prosthetic hands, from sensors to the socket to improved control and functional outcome measures, will undoubtedly improve in the coming years. As technology improves,
there will continue to be a push to make next generation prostheses a reality.
5.1. Prosthetic Sockets
Although not discussed in this chapter, the physical interface of the prosthetic socket and the
user is of critical importance. Research on the clinical side has led to improved socket techniques
[17], but socket fit and comfort are still a major issue and a leading cause of device abandonment.
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In the case of myoelectric prostheses, electrode contact is important and shifts in socket position
and loading can affect the underlying EMG signal. Thus, improving prosthesis fit and comfort are
critical areas that will hopefully see improvements in the near future.
5.2. Prosthesis Control
Notably, control strategies are faced with numerous challenges that remain to be eradicated,
such as effects from limb position and loading as well as electrode shift. Efforts have been made
to eliminate some of these problems by measuring from muscles directly using either implanted
electrodes or intramuscular EMG recordings, which interface with the muscle directly, to improve
prosthesis control [96]. Both neural signal recording techniques and signal processing methods
will need to improve to get around these external factors that degrade prosthesis functionality.
One potential step will be to utilize a high density grid of EMG electrodes for capturing a more
complete representation of muscle activity for movement decoding [39]. Another area of progress
will be in simultaneous and proportional control of multiple DOFs. Researchers have already
shown promising results using positional proportional control to move individual fingers and joints
[26], which will undoubtedly become a more common goal for prosthesis control strategies.
As control strategies become more robust, there has been discussion on the need for improved
and more comprehensive functional outcome measures specifically for upper limb prosthesis users.
As mentioned previously, the SHAP and TAC tests are commonly used and clinically validated,
for evaluating the ability of a user to control his or her prosthesis for activities of daily living. The
SHAP test offers a variety of objects, each requiring a different grip and movement. As the control
of prostheses continue to improve, there is an interest in having standardized functional outcome
measures that encompass a larger range of activities, especially ones that require limb movement
such as moving objects overhead or across the body.
5.3. Augmented Reality Training
We will likely see an increase in new technology being used for prosthetic limbs. One example
is the use of augmented reality technology to enable training for prosthesis use. Many upper limb
amputees go through an extended period of time before receiving a prosthesis. There is a period
of time before, and even after, receiving a prosthesis that could be utilized to train for prosthesis
control. While augmented reality is beginning to emerge in the consumer electronics market, it
offers a unique platform to enable potential prosthesis users to practice with an “actual” device in
their native environment without the need to visit a research or clinical lab.
5.4. Sensors and e-Skins
The sensor hardware in prosthetic hands has already begun to shift towards using more lifelike
e-skins. The sensors themselves will continue to reduce in size and increase in resolution, enabling
finer details of touch to be captured. More importantly, sensors will likely begin combining various components and sensing modalities into single devices for use on a prosthesis. For instance,
piezoresisitive elements can be used to capture tactile information, thermal sensors to measure temperature, and IMUs to track position. Combining other sensing modalities is also more common.
For example, researchers have used visual information [97] and combining neuromorphic visual
and tactile information [98] to improve grasping. A missing component in current prosthetic hand
sensors is the ability to self-heal. Just like healthy skin that repairs itself over time, an e-skin with
self-healing properties that is capable of detecting pain and then repairing the damage will bring
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prosthetic hands to an even more advanced state. Researchers have demonstrated the feasibility
of such a material, so it will only be a matter of time before these self-healing devices become a
ubiquitous part of prosthetic hand sensors.
5.5. Sensory Feedback
In parallel with advances in sensor materials will be improvements in sensory feedback techniques. There is a developing trend of using more biomimetic approaches to provide stimulation, such as the neuron models developed in [91] or the Izhikevich model used in [86] and [12].
However, a limiting factor of providing sensory information is in the stimulating hardware itself.
Advances in electrode material will eventually enable better resolution and specificity for stimulating peripheral nerves, but there will still be the hurdle of understanding how to provide the
correct stimulation patterns to elicit natural and meaningful sensations. This will require extensive
psychophysics and sensory mapping to fully understand the breadth and richness of the sensory
feedback. The number of percepts used in sensory feedback will continue to grow. Currently, it
has been shown that sensations of pressure, gratings and vibrations, texture, pain, and hand movement can be provided. Perceptions of temperature, skin stretch, and hand position will be valuable
additions to further enhance sensory feedback.
5.6. Conclusion
In this area of research it is important to remember that innovation and progress are tied not
only to developments in technology but also to the needs of the user. With the overarching goal
being to achieve a prosthetic arm that can perfectly mimic an intact limb in both control and
sensory feedback, there are many steps that remain to get there. The focus should be on improving
functionality in the daily lives of individuals living with limb differences or paralysis.
Acknowledgments
Unless otherwise specified, images reproduced from open access sources are done so under the
Creative Commons Attribution 3.0 license.
Abbreviations and Terms
AMI Agonist-antagonist myoneural Interface
CNT Carbon nanotube
DOF Degree of freedom
ECoG electrocorticography
EEG electroencephalography
EMG Electromyography
IMU Inertial measurement unit
MEMS Microelectromechanical systems
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OI Osseointegration
PDMS Polydimethylsiloxane
PVDF Polyvinylidenefluoride
PZT Lead-zirconate-titanate
SHAP Southampton Hand Assessment Procedure
TAC Target achievement control
TENS Transcutaneous electrical nerve stimulation
TMR/TSR Targeted muscle/sensory reinnervation
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