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Abstract

Technological advancements have led to the development of numerous wearable robotic devices for the physical
assistance and restoration of human locomotion. While many challenges remain with respect to the mechanical
design of such devices, it is at least equally challenging and important to develop strategies to control them in
concert with the intentions of the user.
This work reviews the state-of-the-art techniques for controlling portable active lower limb prosthetic and orthotic
(P/O) devices in the context of locomotive activities of daily living (ADL), and considers how these can be interfaced
with the user’s sensory-motor control system. This review underscores the practical challenges and opportunities
associated with P/O control, which can be used to accelerate future developments in this field. Furthermore, this work
provides a classification scheme for the comparison of the various control strategies.
As a novel contribution, a general framework for the control of portable gait-assistance devices is proposed. This
framework accounts for the physical and informatic interactions between the controller, the user, the environment,
and the mechanical device itself. Such a treatment of P/Os – not as independent devices, but as actors within an
ecosystem – is suggested to be necessary to structure the next generation of intelligent and multifunctional
controllers.
Each element of the proposed framework is discussed with respect to the role that it plays in the assistance of
locomotion, along with how its states can be sensed as inputs to the controller. The reviewed controllers are shown to
fit within different levels of a hierarchical scheme, which loosely resembles the structure and functionality of the
nominal human central nervous system (CNS). Active and passive safety mechanisms are considered to be central
aspects underlying all of P/O design and control, and are shown to be critical for regulatory approval of such devices
for real-world use.
The works discussed herein provide evidence that, while we are getting ever closer, significant challenges still exist for
the development of controllers for portable powered P/O devices that can seamlessly integrate with the user’s
neuromusculoskeletal system and are practical for use in locomotive ADL.
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Introduction
An exciting revolution is underway in the fields of reha-
bilitation and assistive robotics, where technologies are
being developed to actively aid or restore legged locomo-
tion to individuals suffering from muscular impairments
or weakness, neurologic injury, or amputations affecting
the lower limbs.
Examples of energetically passive prosthetic and

orthotic (P/O) devices date back thousands of years and
have been used with varying levels of success [1]. Owing
to largely to their relative simplicity, low up-front cost
and robust design, passive devices are a practical means
to enable functional restoration of gait for many condi-
tions. The inherent shortcomings of these devices are
their inability to generate mechanical power, their failure
to autonomously adapt to the user’s changing needs, and
the lack of sensory feedback that they provide to the
user regarding the states of the limb and of the device.
Each of these aspects are required for seamless cogni-
tive and physical interaction between the device and the
user.
Intelligent and portable actuated P/Os have the poten-

tial to dramatically improve the mobility, and therefore
quality of life, of people with locomotive impairments.
As such devices begin to approach the power output,
efficiency, and versatility of the limbs that they assist or
replace, the end-users will be (re)enabled to partake in
activities of daily living (ADLs) that require net-positive
energetic output (e.g. stair climbing, running, jumping)
in the same ways that an able-bodied counterpart would.
Relative to their passive counterparts, active P/Os also
have the potential to increase self-selected gait speed
while reducing metabolic expenditure [2-4]. Such devices
may also increase gait symmetry and reduce wear-and-
tear on the user’s unaffected joints that could otherwise
arise due to compensatory movements.
While the potential benefits that such devices may

deliver are compelling on their own, the statistics regard-
ing the populations who may benefit from them are also
convincing arguments for their continued development.
Given the projected demographic shift toward an older
population [5], an increase in age-correlated conditions
associated with pathological gait (e.g. stroke [6], spinal
cord injury [7], Parkinson’s disease [8], and lower limb
amputations [9]) can likewise be expected. Robotic P/O
devices may provide more intensive and purposeful ther-
apeutic training through ADLs, while also reducing the
burdens placed on the short supply of therapists and other
health care personnel.
Advancements in actuation, energy storage, miniatur-

ized sensing, automated pattern recognition, and embed-
ded computational technology have lead to the devel-
opment of a number of mobile robotic devices for the
assistance and restoration of human locomotion. Within

the next decade it is expected that many more active
lower limb prostheses, exoskeletons, and orthoses will be
developed and commercialized.
While many engineering challenges remain with regard

to the mechanical design of such devices, additional
questions remain with respect to how these devices
may be controlled in concert with the user’s remain-
ing (impaired and unimpaired) sensory-motor control
system. For example, how can the physical and cogni-
tive interaction between the user and a powered lower
limb P/O device be improved through various control
strategies, beyond the state-of-the-art? How can the con-
trol approaches be generalized across different types of
devices and the various joints that they actuate? How
is locomotion nominally controlled in healthy humans,
and how can this information be applied to the estima-
tion of the user’s locomotive intent and to the struc-
ture of a P/O controller? What are the major challenges
and opportunities that are likely to be encountered as
these devices leave well-characterized research environ-
ments and enter the real world? Only once each of
these aspects have been sufficiently addressed will it
be possible for robotic assistive devices to demonstrate
their efficacy and to become commonplace in real-world
environments.
The objective of this review is to provide some answers

to these questions based on our current understanding
of the problems underlying the control of lower limb
P/Os and the strategies that have been used to overcome
them. As a novel contribution, we present a general frame-
work for the classification and design of controllers for
portable lower limb P/O devices. It promotes a common
vocabulary and facilitates the cross-pollination of ideas
between these very similar, yet fundamentally different,
classes of devices. Furthermore, this review underscores
the challenges associated with the seamless integration
of a P/O device with the sensory-motor control sys-
tem of the user. Through the referencing and classi-
fication of the state-of-the-art control strategies, this
review is intended to provide guidelines for the accel-
eration of future developments, especially in the con-
text of active physical P/O assistance with locomotive
ADLs.

Definitions, scope and prior work
Adopting the terminology provided by the review of Herr
[10], the term exoskeleton is used to describe a device that
enhances the physical capabilities of an able-bodied user,
whereas the term orthosis is used to describe a device
used to assist a person with an impairment of the limbs.
Though exceptions exist, orthoses and exoskeletons typi-
cally act in parallel with the limb. A prosthesis is a device
which supplants a missing limb, and therefore acts in
series with the residual limb.
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Several related review papers have been published in
recent years that comprehensively establish the state-of-
the-art in portable and active lower limb prosthetics,
orthotics and exoskeletons, mostly in terms of the design
and hardware realization [10-15]. While these reviews
do touch on some of the implemented control strate-
gies, the holistic descriptions of the considered devices
often do not leave room to ruminate on this particular
subject. Chapters 4 and 5 of [16] provide a nice depth
of theory regarding cognitive and physical human-robot
interaction, which complements the breadth of practical
examples provided herein.
Controllers for robotic prosthetic, orthotic and exo-

skeletal systems for the ankle were recently reviewed by
Jimenez-Fabian and Verlinden [17]. The present work
extends their review by considering controllers for the hip,
knee and ankle, with special emphasis on P/O devices.
The discussion and classification of controllers herein is
structured and enhanced by the provision of a generalized
control framework. Furthermore, this architecture is also
proposed as a template for the development of the next
generation of multifunctional controllers for active lower
limb P/O devices.
This review also considers modalities for artificial sen-

sory substitution and feedback. Thoughmuch of the work
in this field is relatively nascent in the context of robotic
lower limb P/Os, this is seen as a promising and nec-
essary future avenue of research for the seamless inte-
gration of the device’s controller with that of the human
user.
It is duly noted that the power output characteristics

vary substantially between the hip, knee, and ankle dur-
ing a given activity [18]. Additionally, the nature of the
physical assistance required of a prosthesis is substantially
different than that of an orthosis for the correspond-
ing joint. Though these differences fundamentally pre-
clude the direct translation of control paradigms between
devices, there are also many concepts that can be applied
universally.
This review excludes explicit consideration of con-

trollers for energetically net-passive devices and powered
exoskeletons intended exclusively for performance aug-
mentation of able-bodied users. Attention is only given
to devices which are wearable and portable in nature, or
in principle could be made as such in the near-future.
This would exclude treadmill-based gait training orthoses
such as the LOPES [19] and the Lokomat (Hocoma AG,
Volketswil, Switzerland), which were among the classes of
devices discussed in the review of Marchal-Crespo and
Reinkensmeyer [20]. Furthermore, this excludes consid-
eration of studies involving purely stimulatory devices
that act in the absence of external mechanical assistance
(e.g. functional electrical stimulation (FES)), which were
reviewed in [21-23].

Generalized control framework
To structure the classification and discussion of the var-
ious control approaches for active lower limb P/Os, we
propose the generalized framework of Figure 1. This
framework was inspired by and extended from that of
Varol et al. 2010 [24] to be applied to a wider range
of devices (i.e. prostheses and orthoses) and joints (i.e.
hip, knee and ankle). The diagram reflects the physi-
cal interaction and signal-level feedback loops underlying
powered assistive devices during practical use. The major
subsystems include a hierarchical control structure, the
user of the P/O device, the environment through which
he ambulates, and the device itself. The framework has
been generalized to describe “what” each component of
the hierarchical controller should do rather than “how”
it should be done. Safety layers have been included to
emphasize the importance of safe human-robot interac-
tion, especially considering the amount of power such
devices can generate. Furthermore, the structure of the
rest of the paper follows that of this framework, which
provides a holistic consideration of the challenges facing
P/O control developments today.
Motion intentions originate with the user, whose phys-

iological state and desires must be discerned and inter-
preted. In this context, the user’s state refers to the pose
(i.e. position and orientation) and velocity of the head,
trunk and limbs, as well as the existence and status of
physical interactions between the user and the environ-
ment or the user and the P/O device.
Motion intention estimation requires an understand-

ing of how locomotion is nominally controlled in humans
and how the user’s state and intent can be sensed. The
terrain features and surface conditions of the environ-
ment (i.e. the environmental state) constrain the type
of movements that can be carried out, and if perceived
by the controller can be taken into account. Interaction
forces exist between the device, the user, and the envi-
ronment, which can also be sensed as an input to the
controller.
At the high level, the controller must perceive the user’s

locomotive intent. Activity mode recognition identifies
the current locomotive task, such as standing, level walk-
ing and stair descent. Direct volitional control allows the
user to voluntarily manipulate the device’s state, i.e. joint
positions, velocities and torques. It is possible to combine
both of these, where the volitional control modulates the
device’s behavior within a particular activity.
The mid-level controller translates the user’s motion

intentions from the high level to desired device states
for the low-level controller to track. It is at this level of
control that the user’s state within the gait cycle is deter-
mined and a control law applied. It may have the form
of a position/velocity, torque, impedance, or admittance
controller.
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Figure 1 Generalized control framework for active lower limb prostheses and orthoses. The proposed framework illustrates the physical and
signal-level interactions between a powered lower limb prosthetic or orthotic (P/O) device, a user, and his environment. The arrows indicate the
exchange of power and information between the various components of the P/O ecosystem. A hierarchical control structure is implemented, with
the estimation of the user’s locomotive intent taking place at the high level, translation of the user’s intent to a desired device state at the mid level,
and a device-specific controller responsible for realizing the desired device state at the low level. Safety mechanisms underly all aspects of P/O
design, including those which are mechanically passive and those which are actively controlled. Adapted from Varol et al. 2010 [24].

The desired device state is passed to the low-level con-
troller, which computes the error with respect to the
current state. It then sends commands to the actuator(s)
in an effort to reduce the error. This can be achieved
through feedforward or feedback control, and typically
accounts for the kinematic and kinetic properties of the
device.
Finally, the P/O device is actuated to execute these

commands, and thus the control loop is closed. The
device may also provide artificial sensory feedback to the
user for full integration with the physiological control
system.
Given that a robotic P/O device is likely capable of

generating substantial output forces and is to be placed
in close physical contact with the user, both passive
and active safety mechanisms are of paramount impor-
tance and must underly all aspects of device hardware
and software design. Therefore, safety considerations are
intended to be implicit to all subsystems of the gener-
alized control architecture, despite the lack of explicit
connections.
Each subsystemwithin the generalized control architec-

ture can be defined by a set of physical and signal-level
inputs, by a set of processes that operate on those inputs

to control the exchange of power through the subsystem,
and by a set of outputs that transmit power and signals to
connected subsystems. In the following sections, each of
these subsystemswill be discussed with regard to the roles
that they play in the proposed generalized control archi-
tecture for actively assisted locomotion with mobile lower
limb P/O devices.

The prosthesis/orthosis user
The overarching design goal for the controller of an assis-
tive device is that of seamless integration with the user’s
residual musculoskeletal system and sensory-motor con-
trol loops, all of which are under the supreme command
of the central nervous system (CNS). In other words, the
human and the robot must work together in an intu-
itive and synergistic way: the device recognizes the user’s
motion intentions and acts to assist with that movement
with minimal cognitive disruption and required compen-
satory motion, and rich sensory feedback is provided to
the user. Thus, a well-designed and interactive P/O con-
troller must begin with an understanding of the human
controller.
First, the physiological systems responsible for the nom-

inal control of locomotion in unaffected humans will be
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considered. This condition serves as a benchmark to con-
trast with the ensuing discussion on compensatory and
assisted control of locomotion. Then, various portable
sensor modalities that have been used in P/Os for the esti-
mation of the user’s physical state and motion intentions
are presented. Finally, techniques for providing artificial
sensory feedback to the user regarding his interactions
with the device and the environment are discussed.

Nominal control of locomotion
Human control of locomotion is a fascinating area of
ongoing research, where physiologists, neuroscientists
and engineers are working to increase our understand-
ing of the structure and functionality of nature’s most
optimized controller, the CNS, and how it orchestrates
movement.
It is widely accepted that human locomotion depends

both on basic patterns generated at the spinal level, and
the volitional and reflex-dependent fine control of these
patterns at different levels [25-27] (Figure 2). Basic motor

patterns are thought to be generated by a network of spinal
interneurons, often referred to as the central pattern gen-
erator (CPG) [28-31].
The volitional control of movement and high-level

modulation of locomotor patterns is originated at the
supraspinal or cortical level, i.e. premotor and motor cor-
tex, cerebellum and brain stem (Figure 2, top). The latter
regulates both the CPG and reflex mechanisms [32]. Also
at the supraspinal level, information from vestibular and
visual systems are incorporated, which are crucial for
the maintenance of balance, orientation, and control of
precise movement [32].
Locomotor patterns are also modulated by afferent

feedback arising from muscle spindles, Golgi tendon
organs, mechanoreceptors lining the joint capsules, tactile
mechanoreceptors and free nerve endings of the skin that
sense stretch, pressure, heat, or pain [32,33]. The modula-
tion via reflexive pathways is twofold: taking place under
normal conditions, principally to increase the efficiency
of gait, and during unexpected perturbations, to stabilize

Figure 2 Nominal sensory-motor control loop for human locomotion.Motion intentions originate from supraspinal input, which along with
afferent feedback serves to modulate basic underlying locomotor patterns within a network of spinal interneurons, commonly referred to as the
central pattern generator (CPG). Efferent stimulation is transmitted through motor neurons to individual muscle groups, which are recruited to
effect the movement. Afferent feedback, including that from proprioceptors of the muscles and joints and mechanoreceptors of the skin, is used to
directly modulate motor commands via mono- and polysynaptic reflex arcs, thus contributing to the efficiency of gait under normal conditions and
stability of gait in the face of unexpected perturbations. Sensory information is also transmitted to the brain, where it is combined with higher level
inputs from the visual, auditory, and vestibular systems to provide information required for the maintenance of balance, orientation and control of
precise movements.
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posture [34,35]. Following neurological injury, the reflex-
ive behavior may be abnormal and can result, for example,
in muscle spasticity.
Efferent nerve fibers, i.e. motor neurons, transmit the

resulting motor commands to individual muscles, which
are recruited to contract and thus to generate force about
one or more joints of the skeletal system. Coordination
of these forces through synergistic muscle activation and
inter-joint coupling is exhibited during locomotor execu-
tion [31,36]. Afferent nerve fibers, i.e. sensory neurons,
transmit information from the musculoskeletal system to
the CNS, thus closing the feedback loop for the nominal
control of human locomotion.
Incidentally, some loose analogies can be made between

the structure and functionality of the physiological
sensory-motor control system of Figure 2 and the gener-
alized control structure of Figure 1. For example, high-
level motor commands and volitional control of move-
ment originate at the supraspinal level of the human,
which corresponds to the high level controller. These
commands, along with afferent feedback via reflex arcs,
modulate the basic patterns of the CPG. This is analogous
to the integration of high-level commands with feedback
from sensors in the mid level controller to determine a
desired output behavior. The resulting motor commands
are transmitted via motor neurons to the muscles, which
then contract to generate movement about the joints. Pro-
prioception provides feedback regarding the execution of
movement. This is similar the action of the low level of
the controller that sends commands to the actuators that
move the structure of the P/O.

Compensatory and assisted control of locomotion
In the wake of a neurologic injury or limb amputa-
tion, parts of the sensory-motor control loop responsible
for locomotion may be disrupted and would need to
be assisted or even taken over by a P/O device. Stem-
ming from the inherent adaptability and plasticity of the
CNS, compensatory mechanisms may arise to counter-
act the loss of structure and function post-disease or
injury. These are typically manifested as a gait abnormal-
ity and may range from a simple limp to a total inability
to walk, any of whichmay be considered to be the optimal
outcome for a given condition [32]. Thus, the P/O con-
troller must be robust enough to accommodate gait pat-
terns that are potentially far-removed from the nominal
condition.
Pathological gait has also been linked to numerous

secondary conditions, including increased energy expen-
diture [37], increased risk and fear of falling [38,39], and
degenerative bone and joint disorders (e.g. osteoarthritis,
osteopenia/osteoporosis, and back pain). These will not
only involve the affected limb, but also the unaffected limb
and others involved in compensatory movements [15,40].

The purpose of a powered assistive device is to inter-
face with the residual neuromusculoskeletal structures
such that the support, control and actuation loops are
reconnected. This provides the immediate benefit of re-
enabling locomotive ADL, and potentially the long-term
benefit of rehabilitating and retraining physiological gait
patterns over time. This may result in a “spiral of adapta-
tion” as the user adapts to the new conditions imposed by
the use of a P/O device, and that the device itself may need
to adapt to the evolving needs of the user [41].
Based on the review of Marchal-Crespo and Reinkens-

meyer [20], most training paradigms for gait rehabilitation
can be classified into two groups. An assistive controller
directly helps the user in moving their affected limbs
in accordance with the desired movement. A challenge-
based controller could be used to provoke motor plastic-
ity within the user by making movements more difficult
through, for example, error amplification. While there
remains some debate regarding which of these strategies
would provide the most lasting rehabilitative benefit to
the user when employed during a dedicated therapy ses-
sion [42], intuition indicates that an assistive controller
would provide the most utility in the performance of
ADL in a real-world setting. This may at least partially
explain why, within the scope of the devices covered in this
review, no examples of challenge-based controllers were
found.
It is left as an open question whether one of the con-

trol objectives of the device should be to minimize the
user’s exhibition of compensatorymechanisms or whether
restoration of functional ADLs is sufficient. In either case,
an oft-cited hypothesis motivating the development of
active P/Os is that only an actuated device would be
capable of providing the full power-output capabilities
of the corresponding physiological joints, and could thus
enable gait patterns resembling those of unaffected per-
sons across a wide variety of activities and terrain [15,43].
The corollary is that the aforementioned secondary con-
ditions could be prevented – providing a direct benefit
for the user and a potential incentive for health care and
insurance providers to opt for an active device as opposed
to a passive one.
The take-awaymessage is that a practical P/O controller

must take into account the individual user’s capabilities
and physiological constraints in order to realize func-
tional outcomes. These can be achieved both through
assistance and rehabilitation, either of which may dra-
matically improve the mobility and quality of life for the
user.

Sensormodalities for motion intention estimation
The intention of a user to execute a movement can be
estimated through the sensing of cortical and neuro-
muscular activity, posture, locomotive state, and physical
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interaction with the environment and the P/O device.
The sensor modalities corresponding to each of these dif-
fer widely in terms of their relative invasiveness and the
richness of the provided information [15]. Here, invasive-
ness is intended to indicate the relative ease (in time,
effort, and risk) with which a sensor may be applied
and removed. These range from completely noninvasive
(e.g. fully embedded within the device) to highly invasive
(e.g. surgically implanting electrode arrays in the motor
cortex) [15]. The richness of information is related to
both the variety of discernible activities and the speci-
ficity of motion intention obtainable through a given
modality.
The optimization to be performed is to maximize the

richness of information while minimizing the invasive-
ness of the required instrumentation. From a practical
standpoint, the error threshold for correctly identifying
the user’s motion intentions needs to be such that he nei-
ther gets frustrated (or potentially injured) by incorrect
estimates, nor feels like a Christmas tree due to the “dec-
oration” of one’s self with a multitude of sensors with
each donning and doffing of the device. The level of inva-
siveness required must also correspond to the severity
of the morbidities stemming from the underlying condi-
tion. Societal acceptance and cosmesis are also critical
practicality issues [44].
Here, a summary is provided exclusively for the sensor

modalities that have been documented in the literature in
the context of lower limb P/O control, organized by the
level at which the user’s intentions are sensed.

Supraspinal neural activity
Recalling that motor intentions originate at the corti-
cal level, several groups have investigated methods for
triggering the device to provide assistance through Brain-
Computer Interfaces (BCI) [45]. Recording of activity at
this level has the potential to allow for a wide-variety of
volitional movements, however, these may be difficult to
decipher given that the brain is concurrently responsible
for a multitude of tasks, including the control of the other
limbs. In addition, many of the control loops responsible
for physiological locomotion take place at the spinal level
via reflex arcs (Figure 2), which may fundamentally pre-
clude the use of neural activity to directly control the legs
while maintaining balance during a dynamic task. How-
ever, there may still be utility in using brain activity to
provide high-level commands to the device, which it will
then execute (as in the shared control context promoted in
[45-47] and demonstrated in [48,49]).
Functional near-infrared spectroscopy (fNIRS) uses

optical light emitters and receivers placed on the scalp
to sense the haemodynamic response of the brain, which
correlates with brain activity. This modality is subject to
non-specific brain activity, motion artifacts, significant

haemodynamic delay, and requires that optodes be worn
on the head. Even so, a recent pilot study investigated
the use of an fNIRS-BCI to detect the preparation for
movement of the hip in seated stroke subjects, which
may indicate its suitability in shared control with severely
impaired subjects [50].
Electroencephalography (EEG) uses an array of surface

electrodes to non-invasively record the electrical activ-
ity of the brain as evident on the scalp [45]. The EEG
electrode arrays typically used in research are built into
a snug-fitting skull cap that can be extremely difficult
and time-consuming to put on by oneself, especially for
the patient groups whose injuries would necessitate direct
cortical input to the P/O controller. This supposedly could
be countered with advancements in self-contained EEG
headsets designed for consumer use. The electrodes can
be either dry or wet, depending on whether an electrically
conductive gel is required. Signals recorded via EEG can
encode a wide variety of movements with high temporal
resolution.
In practice, the use of EEG signals demands a high level

of focus and concentration from the user and is suscepti-
ble to movement artifacts, autonomic neural activity and
electrical noise. Use in real-world environments is fur-
ther complicated by the presence of distractions and the
performance of tasks that are unrelated to locomotion.
However, EEG signals could be combined with other sen-
sory inputs in the framework of the so-called hybrid BCIs
[51,52] in order to decode user’s high-level commands
more reliably.
Environmental sensing (see section below) can add an

additional layer of safety in the context of shared control
with BCIs, as the controller may prevent certain move-
ments due to the presence of obstacles [47]. For example,
prior to executing a high-level command (e.g. go forward,
turn left), the controller would check first whether there
are any terrain features in the way. Similarly, the execution
of the high-level command “sit down” would not require
the user to align perfectly with the chair, but would rely
on the controller’s ability to compensate for the misalign-
ment. As these examples illustrate, shared control reduces
cognitive workload, as the user does not need to care
about the mid-to-low-level execution over long periods of
time or during critical operations.
Implanted electrode arrays within the motor cortex

enable measurements which may encode a wide variety
of movements, with the noted downside of requiring a
highly invasive (and still experimental) surgical proce-
dure [15,53,54]. Such an interface may also be used to
provide sensory feedback to the user, thus closing the
sensory-motor control loop [54]. Intracortical electrode
arrays have been successfully demonstrated to allow con-
trol of multi-degree-of-freedom reach and grasp move-
ments with robotic arms in tetraplegic subjects [55,56],
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though to date there are no known examples of cortically-
implanted electrodes being used to control a lower limb
device in humans. Similar experiments have been done,
however, in rhesus macaques to demonstrate the predic-
tion of leg movements to control of bipedal gait in a
humanoid robot [57]. It remains to be demonstrated how
well this technique would translate to the control of a
wearable P/O device.

Peripheral neural activity
The closer that neural activity can be recorded to the
innervated muscle, the more specific the motor com-
mands become. Also interesting is the electromechanical
delay between the motor commands and the generation
of force in the muscle on the order of 10s of millisec-
onds [58], which would provide a significant head-start to
a controller based on muscle activity over one based on
mechanical feedback alone [59]. This delay, however, may
also be a source of instability when a device with a faster
control loop is coupled to the user to provide high levels
of assistance [60].
These peripheral nerve signals can be sensed through

the use of electromyography (EMG). Surface EMG is the
least invasive technique, where electrodes are placed on
the skin over the muscle belly of interest. Assuming that
the musculature remains somewhat constant and that the
device can be fastened to the body in a consistent man-
ner, it may be possible to embed the electrodes within the
human-robot physical interface, thus significantly reduc-
ing the amount of time required to don and doff the device
[61,62]. Surface EMG activity is susceptible to changes
in electrode-skin conductivity, motion artifacts, misalign-
ment of the electrodes, fatigue, and cross-talk between
nearby muscles [60,61,63]. Myoelectric signals are also
non-stationary in nature during a dynamic activity, which
necessitates the use of pattern recognition techniques
[64]. In practical use, a calibration routine is typically
necessary each time the device is put on [60,65].
In the event that a limb has been amputated, the residual

neuromusculoskeletal stucture must be surgically stabi-
lized. Depending on the location of the injury, the muscles
responsible for the actuation of the amputated joints may
still be present and natively innervated, albeit relocated
and fixed to the bones in a non-physiological manner.
In this case, it may be possible to record the EMG sig-
nals in the residual leg for the control of a particular
joint (e.g. using muscles in the lower leg to control the
ankle [66]). If the amputation is more proximally located
(e.g. above the knee), the muscles to control the distal
joint (e.g. the ankle) are altogether missing, and thus can
not be used directly. However, given that the nerves that
would normally control these muscles are still present, a
technique called “targeted muscle reinnervation” (TMR)
can be used [64,67]. For TMR, the severed nerves are

surgically reattached and allowed to reinnervate a foreign
muscle, which can then be used as an EMG recording
site for the amputated muscle. The reinnervated muscle
acts as a “biological amplifier” for the severed nerve and
provides a means to record its activity noninvasively via
surface electrodes.

Joint torques and positions
Mechanomyography (MMG) can be used to estimate the
force production in muscle by measuring the sound or
vibrations evident on the surface of the skin using micro-
phones or accelerometers [68]. A potential advantage
of MMG over EMG is that the muscle force estimated
through MMG is less sensitive to fatigue [69]. Force pro-
duction can also be estimated via changes in muscle
hardness [70,71] and the volume of the muscle [72,73].
A substantial downside to all of these approaches is their
high sensitivity to motion artifacts, which may be sig-
nificant given the nature of the physical coupling at the
user-device interface.
Joint torques can be estimated via inverse dynamics pro-

vided measurements of the joint positions and external
forces being applied to the limbs. Wearable sensors for
estimating joint positions or limb segment orientations
are summarized in [74] and include goniometers, incli-
nometers, accelerometers, gyroscopes, magnetometers,
and inertial measurement units (IMUs). Ground reaction
forces can be sensed using instrumented insoles worn
under the foot (reviewed in [75]) or e.g. by measuring the
load in the shank of a prosthesis. A variety of foot switches
can also be used to deliver binary ground contact infor-
mation, for example using force-sensitive resistors, sensed
air pressure in a sealed tube under the foot, or a physical
switch.
Furthermore, interaction forces can be measured at the

physical interface between the user and the device. Use-
ful sensors may include load cells, strain gages, pressure
sensors, and force-sensitive resistors.

Alternative input modalities
Simple manual inputs (e.g. keypads, buttons or joysticks)
may be effective even though the used signals are com-
pletely artificial [76,77]. Voice commands or eye move-
ments sequences have also been demonstrated as possible
ways to interact with P/O devices [78-80]. Here again,
the seamlessness and intuitiveness of these input methods
are suboptimal, but they can represent viable alternatives
when no input other methods are possible.

Artificial sensory feedback and substitution
In the nominal sensory-motor system, sensory feed-
back from proprioceptors, exteroceptors, and the vestibu-
lar and visual systems close the physiological control
loop, allowing stable and efficient locomotion, while
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also triggering supportive reflexes. Following neurological
pathologies or amputation, this sensory feedback may be
diminished or disrupted.
While it is possible to restore locomotive functional-

ity without this information, artificial sensory feedback is
necessary for the seamless integration of the P/O with the
impaired sensory-motor system [81]. Feedback modalities
may be either invasive or non-invasive, devices are sta-
tionary or portable, with the latter being more relevant
for every-day use in combination with a P/O. A recent
review has summarized the clinical impacts of wearable
sensing and feedback technologies for normal and patho-
logical gait [74], though the scope does not include their
application to P/O devices.
Artificial feedback can be used for sensory substitution

or augmentation. Sensory substitution replaces a lost sen-
sor modality with another modality, e.g. by providing a
sense of touch after amputation of the upper [82,83] or
lower [84] extremity. Sensory augmentation complements
attenuated information using the same or a different sen-
sor modality, e.g. visual feedback about the movement of
a passively guided or prosthetic limb. Both sensory sub-
stitution and augmentation exploit brain plasticity, and
different sensory modalities can be used to convey infor-
mation and thereby restore function.
For non-invasive feedback, three major sensory chan-

nels are used: visual, auditory and tactile. Visual cues
can convey diverse information, and can be projected,
for example, on a screen or on the ground, or can be
presented via virtual reality goggles. The visual chan-
nel already serves important functions during gait and
other activities, whichmakes it susceptible to overloading.
In addition, most of the visual feedback systems doc-
umented in studies are not portable, which may limit
its feasibility to rehabilitation and training in controlled
environments [85,86] rather than everyday life. However,
information about the center of pressure [87] or gait asym-
metries [88] can be visualized on a portable device, for
example using a smart phone or headset. In these stud-
ies, a significant modulation of the gait pattern was found
when visual feedback was provided. Interestingly, subjects
also indicated a preference for visual over auditory and
vibro-tactile feedback.
Another commonly used sensory channel is hearing.

Auditory cues can vary in stereo balance, pitch, timbre
and volume [89], and therefore may transmit rich infor-
mation via speakers or headphones. The auditory channel
is also subject to overloading, and thus has limited suit-
ability for everyday use. It may even be possible that
relevant information, e.g. the sound of an approaching car,
is masked. Even so, there are some studies that imple-
mented and evaluated auditory feedback. In [88,90,91],
for example, acoustic signals sounded when the gait sym-
metry ratio (i.e. ratio of time spent on right foot vs.

left) exceeded preset thesholds. Differences between pre-
and post-test symmetry ratio and a postural sway metric
indicated that the subjects successfully incorporated the
feedback to alter their gait. Gilbert et al. [92] acoustically
displayed the knee angle of a prosthesis to above-knee
amputees. Two of the study participants appreciated addi-
tional information; the third terminated the study as the
employed feedback system drew unwanted attention from
bystanders. This result is also telling of a social-acceptance
hurdle that wearable P/O devices, including their sensors
and feedback systems, must clear.
The tactile sense can be used to transmit low-

dimensional information, and offers a variety of inter-
faces for feedback systems. Tactile cues can vary in fre-
quency, strength, duration, pattern, and location [93]. The
majority of feedback systems transmit discrete informa-
tion [94-96] but moving stimuli are also possible [97,98].
Electrotactile [94,95,99,100] and vibrotactile [87,101,102]
stimulation have been used to convey information about
characteristics of gait and postural control and pos-
sible deviations. Sabolich et al., for example, success-
fully demonstrated in 24 lower-limb amputees that their
“Sense-of-Feel” feedback system had positive effects on
weight bearing and gait symmetry. Other tactile feedback
schemes have been tested to display, for example, informa-
tion about discrete force levels underneath the foot [103].
Perceptual testing with an unimpaired and an amputee
subject was promising, however, the complete feedback
system using balloon actuators has not yet been tested.
Besides non-invasive feedback systems, it is also pos-

sible to directly deliver electrotactile stimuli to periph-
eral nerves via implanted electrodes [83,84]. For example,
Clippinger et al. conveyed information about heel strike
and bending moments in lower-limb prostheses [84].
Twelve patients were fitted with this system and qualita-
tively reported increased confidence during walking.
As stated previously, artificial feedback about the state

and action of the assistive device should ideally not
increase the cognitive load on the user. Therefore, it
is important to determine the minimum information
needed to improve the interaction with the device. This is
nontrivial as it requires knowledge about the nominal role
of sensory feedback in human postural and locomotion
control.
Lower-limb prostheses have, for example, been equipp-

ed with embedded sensors to measure the pressure dis-
tribution underneath the prosthetic foot [95,103], the
location of the Center of Pressure (CoP) [87], the knee
angle [94], or to detect gait events such as heel strike [91].
The choice of information to convey is mainly based on
subjective experience and theoretical assessment of motor
control.
Experimentally assessing [104,105] or simulating [106]

the user’s interaction with the orthotic or prosthetic
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device in conjunction with a feedback system may
increase our understanding of which types of informa-
tion are meaningful, superfluous or even incriminatory.
Only intensive long-term testing and training in the real
world will reveal whether artificial feedback truly closes
the cooperative human-machine control loop, and thus
allows for the efficient, safe and effective use of powered
P/O devices.

Environmental interaction
The environment provides the reaction forces responsi-
ble for the balance, support, and propulsion of the P/O
user. These forces are a function of the ground contact
surface condition, the slope, and the elevation of the ter-
rain. Other forces arise due to the physical properties of
the environment, such as gravity and fluid dynamic drag.
Obstacles are terrain features that impedemotion in a par-
ticular direction, thus forcing the user to circumnavigate
or to perform a compensatory motion to negotiate. Each
of these environmental properties have a great influence
on the stability, balance, and energy consumption of the
device and of the user [18] and thus should be considered
in the overall control scheme.
The state of the environment can be indirectly inferred

based on the states of the user and of the device or directly
estimated using sensors explicitly for this purpose. This
provides contextual information that can be used for the
strategic implementation of control policies over a time
window of several steps, as well as tactical information
that can directly influence the control behavior within the
current step.

Implicit environmental sensing
It may be possible to discern certain environmental fea-
tures from the states of the user and of the device at
various instants of the gait cycle. Note the distinction
between the identification of environmental features and
the recognition of the activity mode: listed here are
cases where the properties of the terrain are identified,
which may subsequently be used e.g. for activity mode
recognition.
When the heel and toe of the foot are in static con-

tact with the ground, the slope can be estimated using an
accelerometer mounted on the foot [107-109]. Given that
there is no slip, the acceleration vector will match that
of gravity, which can then be compared with the orienta-
tion of the sensor to give the slope. An IMU comprised of
accelerometers and gyroscopes can be used to detect an
elevation change of the ground between successive steps
[109-111].

Explicit environmental sensing
Scandaroli et al. presented a method using gyroscopes
and infrared sensors [112] for estimation of the ground

slope and elevation of the foot above the ground. In this
application, two single-axis gyroscopes and four distance-
measuring infrared sensors were mounted underneath a
prosthetic foot. So far, only bench-top test results have
been presented. Zhang et al. presented a “Terrain Recog-
nition System” comprised of a body-worn laser distance
sensor and IMUs fixed to the limbs [113]. The system esti-
mates the height and slope of the terrain and was tested
using an unassisted, able-bodied user with the laser sen-
sor attached to the waist. An array of sonar sensors and
digital video cameras was used to detect obtacles, which
was used in the shared control context allow/disallow
user commands with a brain-controlled wheelchair
[47]. This approach could easily be extended to P/O
devices.
Relatively few examples were found regarding active

lower limb P/O devices that include explicit environmen-
tal sensing and adaptation, which is likely attributable
to several factors. One is that many of the documented
devices are still confined to well-defined and controlled
environments as imposed by hardware and experimental
constraints. Another is that much of the controller devel-
opment has so far focused on the mastery of executing
a particular task in a particular setting. Also possible is
that sensors appropriate for environmental sensing have
only recently become available and practical for use in a
portable device. As each of these aspects attain sufficient
technological maturity to provide generalized assistance
that is responsive to real-world settings, it is expected
that sensing of the environmental state and its physical
and signal-level influence on the user, the device and the
controller will gain higher priority.

Environmental context
Knowledge regarding the setting through which the user
moves is useful for strategic control planning because it
constrains the likelihood of encountering a particular ter-
rain feature and the degree to which the environment
is structured. Within certain contexts, the environment
can be regarded as quasi-static – that its properties
remain somewhat constant over time until a new setting
is entered. The exception to this would be an unstruc-
tured environment containing erratically located obsta-
cles (e.g. a rocky hiking trail, a child’s messy room) or with
variable surface conditions such as snow, sand, or loose
gravel.
As an example of how contextual information could be

used, when the user is inside a modern public building,
the floor is typically flat and level, stairs are regularly
spaced, and accessibility ramps will have a slope that is
bounded by local construction codes. Thus, if a device
is capable of localizing itself to within such a context,
the decision space for high-level activity mode recog-
nition can be weighted or reduced and the mid-level
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controller can be optimized for the most likely terrain.
Such knowledge is also useful in a shared-control context,
where the device is responsible for execution of the user’s
high level commands.
There are currently no known examples where the

environmental context has been used in P/O con-
trol. Nevertheless, such information could prove to be
extremely valuable and is suggested as a future avenue of
research.

Control strategies
As depicted in Figure 1, the controller for the P/O device
can be subdivided into three parts. The high-level con-
troller is responsible for perceiving the user’s locomotive
intent based on signals from the user, environment, and
the device. This information is all passed to the mid-level
controller, which translates the user’s motion intentions
to a desired output state for the device. This command
delegated to the low-level controller, which represents
the device-specific control loop that executes the desired
movement.
It is noteworthy that there are relatively few studies that

document the implementation of a complete hierarchi-
cal, multifunctional control structure similar to the one
suggested here and have demonstrated its use in a practi-
cal setting [24,67,114-119]. Instead, most studies focused
on a particular subset one or two of these, typically the
mid- and low-levels. It is contended that, for practi-
cal applications in the context of multimodal ADL, the
majority of powered lower-limb P/O controllers will even-
tually adopt a structure that can be described by that of
Figure 1.

High-level control
The purpose of the high-level controller is to perceive
the locomotive intent of the user through a combination
of activity mode detection and direct volitional control.
Depending on the user’s underlying pathology, the ability
to generate, transmit, and execute appropriate locomo-
tor commands may be impaired at some level. Therefore,
once the user has provided a high-level command, the
device should be responsible for the execution of move-
ment via the mid- and low-level controllers. This shared
control approach limits the cognitive burden imposed on
the user [45,46].
The desired high-level control output allows for the

device to autonomously switch between different loco-
motive activities, ideally without imposing any conscious
inputs from the user. Activity mode recognition can be
coupled with direct volitional control to provide the user
the ability to modulate the device’s behavior within a par-
ticular activity [120]. It is also possible to provide direct
volitional control of the device in the absence of activity
mode recognition.

Activitymode recognition
Activity mode recognition is what enables the high-level
controller to switch between mid-level controllers that
are appropriate for different locomotive tasks, such as
level walking, stair ascent, and standing. The cyclic nature
and long-term repeatability of various modes of gait lend
themselves to automated pattern recognition techniques
for classification. The inputs to the classifier include the
sensed states of the user, the environment, and of the
device. Important considerations for choosing a classifier
include the number of activities fromwhich to choose, the
procedure required for training, its error rate in real-world
conditions, signals that are required as an input, and the
classification latency i.e. the time required by the classifier
to reach a decision.
As useful definitions, Huang et al. coined the term crit-

ical time to describe the time by which a classification
decision must be reached to ensure proper kinematic
and kinetic transitioning between modes [59]. Thus, the
classification latency must be shorter than the critical
time to execute a proper transition. The critical time
is an especially important constraint when transitioning
between activity modes with substantially different char-
acteristics, for example level walking to stair ascent, where
excessive latency may cause a loss-of-balance. In subse-
quent work, Zhang et al. use the term critical error to
describe any error that results in the subjective feeling
of unstable balance [121]. This definition emphasizes not
only that a loss-of-balance is to be avoided, but that the
user must also feel secure with the performance of the
device.
First, different types of classifiers that have been used

for activity mode recognition will be discussed, then the
sources of information that have been used as inputs to
these classifiers will be presented. For additional infor-
mation related to these topics, see the review of Novak
and Riener [122] on sensor fusion methods in wearable
robotics.

Heuristic rule-based classifiers are a very simplistic,
but fairly effective method for identifying mode transi-
tions. Examples include finite state machines (FSM) [107,
114,115,117,123], and decision trees [109,113,124-126].
Each of these methods operate using the same principle:
given the set of all possible gait modes, the designer iden-
tifies a fixed set of rules that indicate the transition from
one gait mode to another. These rules may be based on
the sensed state of the user, device or the environment at
a given point in the gait cycle. For example, a transition
from level walking to stair ascent could be indicated by a
sufficient change in elevation of the foot from the begin-
ning of one step to the next [109]. In another, an iteration
of the HAL-3 orthosis controller used a set of rules based
on the sensed ground reaction force and the positions of
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the hip and knee joints to identify sitting, standing and
walking [124].
Note that while the rules themselves in this case have

been selected heuristically, the criteria used may either
be manually selected [124] or determined through analyt-
ical means [109,126]. Hysteretic thresholds can be used
to prevent the device from inappropriately switching back
and forth between modes, and must usually be set man-
ually [107]. The latency of a rule-based classifier depends
on how precisely the relative time within the gait cycle
can be determined, thus up to a one-stride delay is typi-
cal, albeit potentially unacceptable, for certain transitions.
The number of rules and thresholds that must be estab-
lished increases nearly combinatorially with the number
of gait modes (i.e. neglecting unlikely transitions, like stair
ascent to sitting), and it is likely necessary to manually
tune these parameters for a particular user [114]. Clearly,
the heuristic rule-based approach is not scalable beyond
a handful of very distinct activities and would be cumber-
some to retrain as the user adapts to the device, potentially
regaining locomotor capabilities over time.

Automated pattern recognition techniques, rooted in
the fields of machine learning and statistics, have yielded
a variety of classifiers that can be used for activity mode
recognition. Here, “automated” refers to the generation of
classification decision boundaries during training (i.e. the
classification itself is automatic even for the rule-based
classifiers discussed above). Once supervised training has
been completed on a representative data set, the classifier
can be used to assign a class to a newly observed set of data
based on its features. The decision boundaries may be lin-
ear or nonlinear, depending on the classifier. The inputs
to the classifier may include the sensed state of the device,
the environment and the user.
The clear benefit of using an automated classifier over

one based on heuristic rules is that data from a multi-
tude of sensors can be input to the classifier, from which
additional features may be computed and used to make
classification decisions that are less biased and potentially
more accurate due to the high-dimensional input. Manual
identification of these decision boundaries would likely be
intractable otherwise.
The biggest shortcoming of this approach is the neces-

sity of properly classified training data for all of the desired
activities and the transitions between them, preferably
incorporating sufficient variability such that the classi-
fier will perform well in real-world scenarios. Further-
more, optimal classifier performance often requires train-
ing data from the user himself, which may be somewhere
between difficult, impractical, and impossible to obtain
[24,127]. Training of the classifier can be greatly facil-
itated through the use of standardized tools and pro-
cedures, such as the “Control Algorithms for Prosthetic

Systems (CAPS)” software used by the University of New
Brunswick and the Rehabilitation Institute of Chicago
[119,128].
Examples of such classifiers that have been demon-

strated with lower limb P/O devices include Naive Bayes
[111], Linear Discriminant Analysis (LDA) [127,129-131],
Quadratic Discriminant Analysis (QDA) [132], Gaus-
sian Mixture Models (GMM) [24,49], Support Vec-
tor Machines (SVM) [59], Dynamic Bayesian Networks
(DBN) [67,133], and Artificial Neural Networks (ANN)
[129,134,135]. Consideration of the relative merits and
disadvantages of these classifiers and the mechanics of
the classification process are beyond the scope of this
paper.
All of these classifiers require a priori offline training,

preferably conducted by the user himself. Young et al.
explored the possibility of generalizing an activity mode
classifier that is trained on one group of users and apply-
ing it to a novel user, with generally dissatisfying results
regardless of the input source of the classifier [127]. How-
ever, the classification accuracy improved substantially
when the classifier was “normalized” to the novel user
by including some of his own level-walking data in the
training set. Classifier accuracy can also be significantly
improved when transitions are included in the training
data in addition to steady-state data [119].

Inputs to the classifier, regardless of classifier type, can
come from any number of sources, including the sensed
states and interaction forces between the user, the envi-
ronment, and the device. The required sensors may be
built into the structure of the device itself, worn on the
surface of the body, or implanted within the body, as
discussed in a previous section. Here, the sources of infor-
mation that have been used for activity mode recognition
in portable powered assistive devices for lower limbs are
considered.
Embedded mechanical sensing provides estimates of

the device’s state to the classifier, and is an appealing
approach because the required instrumentation can be
fully integrated with the device itself i.e. does not have to
be donned separately [24,136]. Such signals include joint
positions and torques, segment orientations and veloci-
ties, and ground reaction forces. For example, Varol et al.
[24] employed a GMM to switch between sitting, walk-
ing, and standing modes using the embedded sensors in
an actuated transfemoral prosthesis. LDA was used to
reduce the dimensionality of the input feature set. The
frame lengths were then optimized to yield high classifi-
cation accuracy acceptable latency. The authors showed
that following an initial 2-hour training procedure, the
classifier remains accurate across several days of testing
and despite sudden changes in the subject’s mass. Subse-
quent work has proposed the extension of this classifier to
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include standing on inclined surfaces [108], running [137],
and stair ascent [138].
Environmental sensing was presented in an earlier

section, and provides valuable information to the con-
troller regarding the upcoming surface conditions, ter-
rain, and context. This information has also been used
to trigger an activity mode transition [107-110,112,113].
Environmental information provides an additional layer
of safety in the context of shared control, where the
controller is partially responsible for allowing/disallowing
certain movements [47].
Body-worn force and position sensors, as discussed pre-

viously, provide estimates of the user’s state that can be
input to a classifier. These can also provide useful infor-
mation at times when the device’s state is ambiguous.
In principle, some of these sensors could be embedded
within the device [111]. For illustration, Novak et al. doc-
ument a method for predicting the initiation and termi-
nation of level gait in real-time using 9 IMUs distributed
about the body and pressure-sensing insoles via classi-
fication trees, with promising results [126]. So far only
unimpaired and unassisted subjects have been tested, so
it is unclear how well this would translate to assisted or
pathological gait.
Movement of the Center of Pressure (CoP) or Cen-

ter of Gravity (CoG), as projected onto a virtual ground
plane, provides another means for the user to indi-
cate their motion intentions. For this method, it is
assumed that the user is capable of voluntarily shift-
ing their body weight in both the frontal and sagit-
tal planes, potentially through the use of a walker or
forearm crutches. Following an appropriate shift in the
CoP, a mid-level controller is called upon to execute
the desired motion. This approach has been demon-
strated in hip and knee orthoses for assistance follow-
ing spinal cord injury for level walking [4,117,139-142]
and for ambulation of stairs [143], and have thus far been
implemented using heuristic rules-based classifiers. In
most of these cases, movement of the CoP or CoG are also
used as inputs to a mid-level finite-state controller, as will
be discussed later on.
Sensing of cortical activity may be useful since phys-

iological motion intention is ultimately rooted in the
brain. Thus it makes sense to look at brain activity
for high-level control. Shared control, which was origi-
nally described and successfully implemented with brain-
controlled wheelchairs for severely impaired patients
[45,47], lends itself well to this purpose. EEG-based activ-
itymode recognition has only recently been deployed with
portable lower limb orthotic devices [48,49,144,145].
Surface EMG provides a physiologically intuitive way

to trigger activity mode transitions, even before an exter-
nally observable movement can be executed [129]. Au
et al. demonstrated a neural network to switch between

level walking and stair descent in an ankle prosthesis
based on activation of the gastrocnemius and tibialis ante-
rior muscles [134]. Tkach et al. used LDA to control a
virtual 3-DoF ankle prosthesis using signals from mul-
tiple muscle groups in the upper and lower legs [146].
Jin et al. demonstrated the classification of six differ-
ent activity modes based on features calculated from the
myoelectric signal from three muscles [125]. Huang et al.
implemented a phase-dependent LDA classifier to classify
seven movement modes based on 16 channels of EMG
input [129].
Neuromuscular-mechanical fusion was first docu-

mented in a subsequent study by Huang et al. [59] as
a means to improve classification accuracy and speed
beyond that which is possible using EMG [129] or
mechanical signals alone [24]. The technique has been
replicated by collaborators at the Rehabilitation Institute
of Chicago (RIC) with a powered transfemoral prosthesis
[127] and a powered transtibial prosthesis [131]. In later
work at RIC [62,67], a DBN classifier was used with the
transfemoral prosthesis in place of the SVM or LDA of
[59,127]. Themotivation for doing so is that a DBN (which
is similar in concept to a hiddenMarkovmodel) uses prior
sensor information that can be mixed with current infor-
mation in order to estimate the likelihood of a transition
between locomotive modes.
Note that with the EMG-based approaches listed above,

the excitatory signals from the muscles are not directly
used to manipulate the device as with the direct volitional
controllers below, but strictly to switch between mid-level
controllers for a given activity.
Manual mode switching is an effective alternative to

convey user intent to a device. This can be implemented
through selections made on a remote control [76,142],
pushing a button or squeezing a lever [140,147], and the
execution of a particular sequence of finger [148], eye
[79] or limb movements made with the device [136].
While these methods produce a nearly unambiguous and
definitive classification of the desired activity, they require
conscious input from the user and disrupt the nominal
physiological processes. Nevertheless, these may repre-
sent the only viable options depending on the severity of
the underlying condition. It is noted that several of these
examples that use manual mode switching are commer-
cialized devices.

Important considerations regarding activity mode
recognition include the latency and error rates that are
tolerable for each of the possible gait mode transitions.
At best, an incorrect or late classification results in sub-
optimal assistance from the device; at worst it can result
in a catastrophic loss of balance. A study by Zhang et
al. on the effects of imposed locomotion mode errors
with a powered transfemoral prosthesis concluded that
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the impact on the user’s balance depends highly on the
gait phase where the error occurs and the change in the
amount of mechanical work injected by the device as a
result of the error [118].
For transitions between gait modes with substan-

tially different characteristics (e.g. level walking to stair
descent), errors in activity mode recognition tend to be
muchmore critical andmay present a safety hazard for the
user. Thus, while seamless transitions represent the ideal
controller, practical safety considerations favor robust and
unambiguous mode switching. Presumably, this is why
many commercial devices favor the manual mode switch-
ing described above.
Regardless of the type of classifier that is used in

the high-level controller, there is always a mid-level
controller running underneath. As a result, in many
cases the penalty for misclassification or delayed clas-
sification of a given activity is not catastrophic due
to the similarities between certain gait modes, such as
level walking and ramp ascent [24,62,67,109,118]. While
the selected mid-level controller may be suboptimal,
the user may be able to adapt and accommodate the
misclassification.
It would also be very practical provide some form

of feedback to the user regarding the mode switching
as reassurance that the device has correctly identified
the next intended movement, for example through audi-
tory or vibratory feedback [76,142] or via the other
modalities discussed in the section on artificial sensory
feedback.

Direct volitional control
Volitional control grants the user the ability to voluntarily
modulate the device’s state. Such functionality is espe-
cially important in scenarios where the locomotive activity
is irregular or noncyclic (e.g. walking in a crowd or stand-
ing and shuffling), in situations where foot placement is
critical (e.g. stair descent, walking on rough terrain), and
during nonlocomotive activities (e.g. repositioning legs
while sitting, bouncing a child on one’s knee). It is empha-
sized for consistency that, while the volitional intent is
determined at the high level, the conversion to a desired
device state occurs at the mid level.
Myoelectric signals are an intuitive approach to voli-

tional control since they are already present during vol-
untary movement of the user’s own limbs. Sensing of
peripheral neural activity for control does come with lim-
itations, as were highlighted in the section on sensor
modalities for human motion intentions. Surface EMG
has been demonstrated for this purpose in transfemoral
prostheses [61,120,130,132,149,150], virtual above- and
below-knee prostheses [151], a hip and knee orthosis
[152], knee orthoses [60,153,154], a transtibial prosthesis
[66] and an ankle-foot orthosis [155].

EMG-based control approaches differ in the way that
the myoelectric signals recorded from the various mus-
cle groups are mapped to the desired device state. The
simplest approach is to directly modulate the actua-
tor’s torque based on EMG activity [63,152,155]. A more
complex approach uses a neuromusculoskeletal model
to calculate net joint torques from the EMG signals
of joint flexor and extensor muscles [60,149,154,156].
One can also map processed EMG signals to a desired
joint position, velocity, or acceleration by using a model
of the coupled user-device system [153] or to the set-
point angle or stiffness of an impedance control law
[61,66,130,132,151].
It is also possible to use the EMG signals to contribute

an additional flexor or extensor torque to the nominal
torque output by a mid-level controller. This was demon-
strated to allow stair ascent in a transfemoral amputee
with a powered knee prosthesis [150]. This approach com-
bines the inherent stability of the underlying controller
(e.g. in the absence of any myoelectric input) while pro-
viding moderate levels of volitional control to the user.
As the user acclimates to and is able to predict the out-

put behavior of the powered assistive device, it may be
possible for him to volitionally manipulate the device by
providing the appropriate set of inputs, possibly involv-
ing contrived or compensatory movements. This is likely
true for mid-level controllers based on correlated postures
[157] and invariant trajectories [158,159] as discussed in
the following section, though long-term studies would be
required to show that users can learn to control the device
in this manner.

Mid-level control
The purpose of the mid-level controller (Figure 1) is to
convert from the estimated locomotive intent output from
the high-level controller (i.e. activity mode recognition
coupled or direct volitional control) to a desired device
state for the low-level controller to track. In many cases,
there will be multiple mid-level control laws to accommo-
date the various activity modes. This controller may take
as inputs the sensed state of the user, the environment,
and the device.
An important differentiator between mid-level control

implementations is the combination of temporal infor-
mation, user or device states that are used to determine
the gait phase. In some cases, the controllers do not even
explicitly account for timing or the gait phase. Controllers
which depend on the gait phase are referred to as phase-
based, while controllers that do not depend on the gait
phase are called non-phase-based. One implication of the
phase-dependency is whether it is possible for a high-level
controller to switch between activity modes within one
gait cycle, or whether this can only occur at the beginning
of the next cycle.
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The input-output form of the control laws used in
the mid-level controller have a profound impact on the
device’s ability to interact with the user and the environ-
ment in a stable and purposeful manner. As such, the
different forms of control laws will be discussed within
this section.
The mid-level controller is also responsible for the

coordination of control between multiple actuated joints,
whether contained within one device or across multiple
devices. It is also important to consider the contributions
of the user toward locomotive dynamics. Coordinated
control and load sharing are treated at the end of this
section.

Phase-based controllers
In time-based control, a set of actions is performed based
on a programmed time delay following a clearly identifi-
able gait event, for example heel strike [160,161] or toe-off
[162]. This technique is simple to realize and relies heav-
ily on the regularity of the steady-state stepping period.
As such, the weakness inherent to time-based control
is its inflexibility to accommodate irregular or unpro-
grammed gait patterns (e.g. walking in a crowd or over
rocky ground), unexpected events such as tripping, or
within-cycle switching of activity modes [163].
Invariant trajectories represent user states which vary

with respect to the gait phase, and do not change sub-
stantially with respect to gait speed, between different
users, or with minor intra-gait-mode variations [164,165].
By projecting a set of invariant trajectories onto judi-
ciously chosen axes, one can derive an invertible rela-
tionship between the user’s state and the gait phase that
is ideally independent of time, gait speed, or subject.
While this technique does not represent a controller by
itself, it can be used to input phase information to a
mid-level controller without relying on the elapsed time
between gait events, as with time-based methods. As
such, walking backwards is also possible with this tech-
nique without altering the controller[158,159]. It remains
to be shown, however, whether these trajectories remain
invariant when the user dons an actuated assistive device,
across different modes of gait, or during pathological
gait.
Normalized-trajectory control takes a prototypical joint

trajectory from a set of previously recorded gait data
and scales it to match the pace and physical size of the
user as a function of gait phase. So-called “dynamic pace
control” is one such example that uses the fast Fourier
transform (FFT) to represent the prototypical trajectory
by a set of Fourier coefficients. These can be used to
scale and generate a desired device trajectory by taking
the inverse transform [158]. One of the biggest challenges
with this approach is identifying trajectories that can be
appropriately scaled to both the speed and weight of the

user. The output of the control law is typically a desired
position.
Echo control is a combination of time-based and

normalized-trajectory control, in which the position tra-
jectories of the unassisted limb are recorded and replayed
on the assisted limb with some time delay and scaling
during steady-state reciprocal gait [114,166,167]. During
certain activities (e.g. sit-to-stand transitions), no phase
shift is required and the movement of the sound limb can
bemapped directly to the impaired one. Such an approach
assumes symmetry of movement between the two sides,
and as such is inappropriate in cases where bilateral assis-
tance is required or where the required stepping pattern is
inherently asymmetric. Activities involving an odd num-
ber of steps can also be problematic. Note also that any
undesired/compensatory movements that are recorded
will also be replayed, whichmay result in instability or loss
of balance. Gait mode switching can only be achieved at
the beginning of a stride, and must be initiated with the
unassisted limb.
Virtual constraint control is a strategy that has been

used to control locomotion in bipedal robots [168],
which has since been implemented and demonstrated
with a powered knee and ankle prosthesis [159,169,170].
For this method, the anterior-posterior location of the
CoP on the prosthetic foot is used as a phase variable,
which is possible given that this trajectory monotonically
increases throughout the stance phase of level walking.
The so-called “effective shape” of the ankle-foot and knee-
ankle-foot complex resembles a circular rocker when
plotted against the CoP phase variable that is invari-
ant with respect to speed, heel height, and body weight
[165]. These effective shapes constitute virtual constraints
that can be enforced through actuation of the device
during stance, while a finite-state impedance controller
(described below) was used during swing. The choice of
a different phase variable may enable swing-phase virtual
constraint control as well. As implemented, this tech-
nique enables walking patterns that are qualitatively simi-
lar to nominal ones using only generic, normalized shape
parameters from literature (i.e. subject-specific tuning is
not required).
Finite-state controllers (FSCs) decompose gait as a peri-

odic activity that is described by a series of distinct phases,
typically further delineated on the basis of foot contact
events or joint velocities, as illustrated in Figure 3 and
elaborated in the caption. A FSC implements a discrete
set of parametric control laws that will cycle through as
each new phase of gait is entered. These control laws differ
in the way that the desired state of the device is com-
puted, with popular choices being position and impedance
control, as will be discussed below. A different FSC is
required for each activity mode included in the high-level
controller.
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Figure 3 Finite-state decompostition of level human gait. Steady-state locomotion can be represented as a periodic sequence of states (or
phases), where the transitions between the states are triggered by events within the gait cycle. The choice of the number of states and the type of
events used are somewhat arbitrary, and will depend on what information is available from the sensors and which joint the P/O is to actuate. In this
example for the knee joints, stance has been divided into three states, with early and middle stance initiated by ground contact events at the heel
and toe of the foot, for example determined using pressure sensitive insoles. Late stance is triggered when the user’s center of mass is estimated to
be over the ankle, again using the insoles or estimates of the user’s whole-body posture through joint position sensing or inertial measurements.
Swing flexion begins as the toe of the foot leaves the ground, and swing extension begins as the knee’s velocity is sensed to be less than zero. The
cycle begins again as the heel comes into contact with the ground.

FSC is far-and-away the most popular mid-level control
approach. Many groups have successfully implemented
FSCs using different numbers of activities and states with
a wide variety of devices [2,3,14,24,41,44,107-109,114,117,
118,121,123,124,134,137-139,143,150,163,171-186].
The most of the referenced FSCs use a set of static

parameters that are hard-coded into the controller, usually
requiring a heuristic tuning routine involving the end-
user. Given the inherent variability in the gait patterns
between individuals, such tuning is likely necessary and
indeed desired to optimize the user’s comfort and effi-
ciency. However, this approach quickly becomes unwieldy,
as the number of tunable variables rapidly increases with
the number of parameters per control law, the number of
states per activity, the number of activity modes, the num-
ber of joints to be actuated, and the number of limbs to be
controlled [176].
To reduce parameter tuning time, Simon et al. doc-

umented the “modified intrinsic control strategies” to

reduce the number of tunable parameters in a knee
and ankle prosthesis by using impedance control laws
based on joint position or load as opposed to a set of
static parameters [187]. Aghasadeghi et al. demonstrated
a model-based method to predict initial parameter values
for a particular user based on invariant trajectories and his
particular anthropomorphic characteristics [188]. Wang
et al. describe the use of an expert system to automatically
tune the impedance parameters to match that of healthy
human gait based on fuzzy logic inference [189].
Furthermore, because these parameters are fixed in

value, the P/O device may not optimally accommodate
changes in the user’s gait, for example due to user fatigue,
a sudden weight change, or variations within a particular
gait mode. One approach to overcome this is to modu-
late a torque superimposed on the output of the control
law through surface EMG [150]. Another approach imple-
ments a stance-phase control law based on a neuromus-
cular model, which was demonstrated to adapt to changes
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in both terrain [172] and gait speed [190] in a transtibial
prosthesis.

Non-phase-based controllers
Complementary Limb Motion Estimation (CLME) infers
the intended motion of affected limbs from the motion
of the residual limbs, and maps this to a reference trajec-
tory for robotic P/O joints to track [191]. This is possible
due to the strong inter-joint coordination exhibited during
physiological human motion [36]. The mapping is derived
through regression of physiological gait recordings of
healthy subjects.
CLME is sometimes confounded with echo control, as

described above. By contrast, CLME complements resid-
ual body motion without delay. In addition, the recorded
joints and their sensed states (e.g. position, velocity, accel-
eration) need not directly correspond to the controlled
joint, as with echo control. For example, the motion of
the arms and upper body are often highly correlated to
the motion of the lower limbs, and thus represent poten-
tial recording sites for CLME-based control [192]. CLME
does not depend on information of the gait phase, and no
change of control is necessary between stance and swing.
However, instrumentation of selected residual body parts
must be provided.
CLME was first evaluated with the LOPES gait rehabil-

itation robot, showing that it can both replace (unilateral)
leg function when needed [193], and be transparent when
no assistance is needed [191]. Later, it was shown that an
amputee subject can walk at different speeds and nego-
tiate stairs [157] with a CLME-controlled actuated knee
prosthesis. This study also demonstrated a qualitative
reduction in the compensatory motion of the sound-
side foot relative to a commercial controlled-damping
prosthesis.
Recently, CLME has been extended to generate not

only reference kinematics, but also stiffness. To obtain
training data, active muscle stiffness during gait was
quantified according to [194]. In a case study, an amputee
subject successfully walked with CLME-controlled
impedance [195].
In all of these studies, the training data used to gen-

erate the mapping came from a different subject than
the controller was tested on. Even so, the controller was
shown to be effective to restore functional gait patterns.
This is an important consideration as it is often diffi-
cult to obtain nonpathological gait data from the user
himself, which would contain the “ideal” joint trajec-
tory mappings. CLME is only suitable for patients who
can still control specific body parts, under the premise
that these body parts are sufficiently correlated with
the other limbs in physiological motion. Generalization
of this method for different activities remains to be
investigated.

Force-feedback control measures the interaction force
between the user and the device and acts to reduce it
according to an assistance ratio. Zero-force or trans-
parency control, also given the colloquial name “get-out-
of-the-way control”, is a special case of force-feedback
control. It serves various practical purposes, especially
with execution of non-locomotive tasks. The first pur-
pose is for assisting the user with tasks that require force
amplification while maintaining lower limb agility, as with
exoskeletons for performance augmentation [11,13,196].
The second use would be to render the device to be trans-
parent such that the user’s ownmovement is unrestricted.
The renderable transparency of a device can also be used
as a performance metric that is indicative of how well
the physical dynamics of the device can be controlled
[197-199].

Forms of control laws
The output from the mid-level controller is the desired
state of the device. This state may consist of a combina-
tion of joint positions, velocities, and torques. The design
of the device and the actuators it contains will have a
strong influence on how well the desired state can be
achieved, and thus must be taken into account during the
development of the mid and low level controllers.
Commanding joint positions or velocities is a straight-

forward approach to robot control, for which an abun-
dance of theory exists. In this case, the robot is taskedwith
the precise reproduction of a pre-defined trajectory. This
type of controller works best when the output mechani-
cal impedance (as defined below) of the actuator is high
relative to the load, thus enabling the device to reject
perturbations from the user or the environment. Control-
ling the position or velocity of the device is useful when
the desired trajectory and the interaction forces are well-
characterized; but both of these may be difficult to predict
given the dynamic nature of locomotion. Interaction with
stiff objects (e.g. the environment) can lead to instability
and the generation of high forces under this type of con-
trol [200]. Presumably, it is because of these issues that
very few examples of assistive devices for lower limbs were
found that use position control.
The causal dual of angular velocity is torque. Torque

control is possible when the output mechanical
impedance of the actuator is low relative to the load, and
is useful for providing assistive forces when the desired
position is ill-defined or unimportant. Problems can arise,
however, when torques are applied without regard to the
position of the joint (e.g. uncontrolled motions, bumping
into RoM limits).
Impedance is defined as the transfer function between

an input flow and an output effort [201]. In the domain
of mechanical rotation, controlling the impedance of a
joint is to control the relationship between the accepted
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angular velocity and the yielded torque. Since the output
of an impedance controlled joint is ultimately a torque,
the output mechanical impedance of the actuator must be
relatively low. A wide variety of virtual dynamics can be
rendered under impedance control, with common intu-
itive examples being linear stiffness, damping and inertia.
By applying passivity constraints to the rendered dynam-
ics, the stability of the impedance-controlled system can
be guaranteed [200,202].
A leading theory regarding physiological movement is

that the CNS controls the limbs through impedance con-
trol [203,204]. It is partly due to property that human
movements can be robust to perturbations despite the
delays inherent to transmission of efferent and afferent
signals via neural pathways, as explained in the section on
nominal control of human locomotion. Thus, it is possible
to realize a bio-inspired approach to P/O control through
impedance modulation. An improved understanding of
how humans control the impedance of the lower limbs is
necessary to optimize the mechanical design and control
of P/O devices and is the topic of ongoing biomechanics
and neuroscience research [156,194,205-209].
Admittance is defined as the inverse of impedance, and

thus also defines a relationship between effort and flow.
Admittance control has been proposed as an approach
to masking the undesired dynamics (e.g. added fric-
tion and inertia) imposed by an exoskeletal device [210].
This type of control has been used with treadmill-
based gait orthoses [211], but no examples of admittance
control implementations with a portable device were
found.
It is impossible to say whether it is best to control a

device’s position, velocity, torque, impedance, or admit-
tance, though the choice may be constrained by the phys-
ical dynamics of the device and how it is actuated. There
are distinct advantages and disadvantages to each type of
control, and there may be different conditions and gait
phases that lend themselves to switching between control
modes [134,185,212].

Coordinatedmotion control and load sharing
Prosthetic and orthotic devices are part of an overall
system involving physical interactions, and thus cannot
operate as if in isolation. A coordinated mid-level control
scheme is necessary whenever there are multiple actu-
ated degrees of freedom, whether contained within one
device [117,170,181,213,214] or distributed across multi-
ple devices [176]. Uncoordinated motion between limbs
and joints can result in loss of balance or falls, and so
the states of each should be communicated and taken
into account to prevent such an occurrence. Monitor-
ing of the state of the user (e.g. ground contact state,
joint positions) also provides relevant information to the
controller.

It should also be noted that the joints in the human body
are subject to biarticular coupling on both a mechanical
and neural level [215]. As a result, the realizable volun-
tary torque output and range-of-motion (RoM) of the
user’s joints are functions of posture, which potentially
involves joints that are not specifically actuated by the
device. Considering this, the mid-level controller should
take into account the configuration of the user to ensure
that the device does not over-power the joint nor exceed
his RoM.
Recalling that an orthotic device typically acts in paral-

lel to the user’s limb, it is possible (and indeed desirable,
as per the ”Slacking Hypothesis" [20]) to make the user
responsible for sharing a portion of the load carried at
the joint. The fraction of the load borne by the device is
termed the support ratio [60] or the assistance ratio [216],
and is normalized to either the net torque required of the
joint for a particular movement or to themaximum torque
of the device. The load carried by the physiological joint
can be estimated from muscle activity [60,70,154,216] or
through direct force measurement [217].
Care must also be taken that the device does not pro-

voke unphysiological muscle activity, for example exces-
sive cocontraction or off-nominal timing of muscle acti-
vation. Note that the net joint torque may look “normal”,
even though the underlying muscular activity is not nat-
ural. This is an especially important consideration in the
context of retraining gait patterns following neurological
injury, and may be monitored e.g. via EMG.
In the wake of certain impairments (e.g. spinal cord

injury), however, the transmission of voluntary locomotor
commands is interrupted. Short of physiological recovery
or bridging the communication gap with neuroprosthe-
ses [21], functional electrical stimulation (FES) can be
used to actuate the user’s muscles in cooperation with
an orthotic device [218,219]. Such stimulation must be
provided in concert with the user’s intentions and loco-
motive state and provides a means for the user to actively
participate in the locomotive task with the support of
the orthosis. One obstacle to every-day use of FES is
the need to precisely place electrodes over the muscles,
which may be difficult for the user to achieve without
assistance. A mid-level controller, such as a FSC, must
underly the FES to manage the movement of the device
itself.

Low-level control
The purpose of the low-level controller (Figure 1) is to cal-
culate the error between the device’s current and desired
states (i.e. the output from the mid-level controller) and
to drive the actuator to reduce this error. This execution-
level of control tends to be highly device-specific,
and may rely on a combination of feedforward and
feedback loops.
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Feedforward control requires some form of model to
predict the system’s future state based on the past and
current set of inputs and device state. Such control
inputs can be effective at reducing undesired interaction
forces due to the added mass, inertia, and friction of the
device [178].
Feedback controllers do not require a model of the

system per se, but do require an estimate of the cur-
rent state. The controller compares this with the desired
state of the device and modulates the power input to the
device to drive any discrepancy to zero. A wide variety
of control techniques can be used to achieve this, the
details of which are left to any reputable controls text-
book. Many classical control strategies employ negative
feedback, though the Berkeley Lower Extremity Exoskele-
ton (BLEEX) employs a positive feedback loop [220,221].
In this example, the net effect of the positive feedback is
to increase the controller’s sensitivity to the user’s inter-
actions without requiring force sensing between the user
and the device. The trade-off is that very precise mod-
els of the device’s dynamics are required for each of the
bilateral ground contact states. This was counteracted
using the hybrid control scheme outlined in subsequent
work [214].
The physical configuration and dynamics (i.e. friction,

inertia, actuator power output) of the device will funda-
mentally limit its ability to stably track a desired output
trajectory. The performance of digitally-controlled sys-
tems is further constrained by sensor noise, signal quan-
tization, discrete sampling effects, and control loop exe-
cution times. The use of passivity constraints (i.e. that the
device is controlled to store or dissipate energy, but not
add) provides a means to guarantee the stability of the
device as it interacts with the user and his environment
[182,200,202].

The P/O device
The device represents the hardware embodiment of the
robotic P/O. This includes the device’s physical structure,
actuators, embedded sensors, control system, energy stor-
age, and power amplifiers. While the mechanical design
and implementation of P/O devices is beyond the scope
of this review, the hardware must be taken into account
as it heavily influences the low-level control possibilities.
For example, it may be difficult and inefficient to ren-
der forces with an assistive device whose actuator output
impedance is high [197], conversely the maximum torque
output, controllable bandwidth and the dynamic range of
renderable impedance (i.e. Z-width) are reduced for an
actuator with low output impedance [202].
Additional considerations are the performance limita-

tions and saturation effects of the actuator and power
source [14,60,170]. Even state-of-the-art portable devices
must be driven beyond their continuous operating range

to achieve the power outputs required during energet-
ically demanding activities, such as sit-to-stand, stair
ascent, running, or jumping [61,217]. While this is gen-
erally acceptable for short bursts, it may be necessary for
the controller to derate the actuator if these conditions are
sustained for long periods.
A further optimization for the controller may be the

energy efficiency of operation. In addition to minimiz-
ing the energetic expenditure of the user, the device may
also be tasked with minimizing its own energy consump-
tion, thus extending its useful range of operation. Portable
devices are inherently limited in their energy storage
capabilities, and as such the conversion of power to a
usable form should be as efficient as possible. Aside from
improvements in amplifier or transmission technology,
energy-saving approaches include the use of passive com-
pliance, e.g. [3,205,222],mechanically-variable impedance
actuation [223,224] and the reciprocal transfer of power
between joints [213,225-228] or between portions of the
gait cycle [229-231].
It is reiterated that for an active P/O device to be

practical for daily use, both the mechanical design and
the controller must be of sufficient maturity. In order
to develop controllers that are optimized for unencum-
bered human-robot interaction, it would be advantageous
to use devices whose energetic performance exceed that
of the human body. Toward this end, Steven Collins [232]
has called for the development of “universal wearable
robot emulators” – devices for use in a laboratory that
are tethered for power, control, and actuation (see e.g.
[155,162,166,206,212,233]). By removing the mechanical
constraints, research can focus on the development of
optimal controllers for use pending improvements in the
power output capabilities of portable devices.
However, depending on where and how the opposite

end of the tethers are mounted, a different set of con-
straints may be imposed on the types of movements that
can be executed (e.g. turning direction and magnitude)
or on the realism of the terrain that can be tested. To
overcome these, it may be possible to develop a portable
tethered emulator that either follows the user around
(e.g. rolled on a cart [72] or carried by a second per-
son) or is carried by the user himself in a way that may
be impractical as a product, yet informative for research
purposes.
Controllers can also be developed via numerical simu-

lations [234] or robotic analogs [235]. These approaches
come with the benefit that many different algorithms can
be tested in a highly repeatable setting without ever risk-
ing a human subject. While extremely informative, the
shortcoming is that these methods rely on models of
the human control system, which is still heavily debated.
These also may neglect certain “human factors” and the
variability inherent to physiological locomotion.
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Safety mechanisms
Considerations of safety must underly nearly all aspects of
the mechanical design and control of P/O devices. These
must include safety of the subject, his environment, and of
the device itself. This is especially important for powered
devices, which may be capable of generating destructive
forces and whose controlled output behavior may not
always be in agreement with the user’s intent. The iden-
tification, quantification and mitigation of risks is thus a
critical aspect of device development.
Common risks to locomotion include slipping, tripping

and falling, all of which may be exacerbated by the pres-
ence of the P/O device. The cause of such incidents may
be internal to the device (e.g. controller failure) or due to
external factors, such as encountering unexpected terrain.
The severity of these risks spans a wide range, and must
be weighed against the probability that they will occur,
and whether such a failure is detectable. The risks are also
not limited to physical harm, but may also include social,
emotional, and psychological effects [38,39].
In early 2014, the International Standards Organiza-

tion (ISO) published standard ISO 13482, which provides
definitions, design guidelines, and safety requirements
for personal care robots [236]. Though this standard
expressly does not cover robots as medical devices (as
many P/Os would be considered), it does apply to
wearable suits and exoskeletons for physical assistance.
Pending the development of safety standards specific to
personal care robots for medical use, ISO 13482 per-
haps provides an initial set of guidelines for the iden-
tification and assessment of risks in wearable robotic
devices.
Some additional tools for risk identification and quan-

tification include Failure Modes and Effects Analysis
(FMEA) [237], Hazard and Operability (HAZOP) and
Hazard Analysis (HAZAN) studies [238], and Fault Tree
Analysis (FTA) [237]. All of these methods are semi-
empirical and rely on the developers’ expertise in identi-
fying potential causes of injury or damage, and thus may
not capture all hazards that may arise.
Despite the paramount importance of safety in P/O

design and control, the results of safety evaluations are
rarely, if ever, reported in the literature. Thorough con-
sideration of this topic is critical to the future of robotic
P/O development, and thus should be given much more
attention than is possible here.
Mitigation of risk involves the inclusion of passive and

active safety mechanisms. Passive safety mechanisms are
those which fundamentally limit the power transmission
of the device without requiring any input power or feed-
back control. These include mechanical stops that limit
the RoM, intrinsic force/torque limitations [206,212], and
electrical circuits with appropriate grounding and fuses.
Switches to manually disable the device are themselves

passive, though they require intervention from the
user [212].
Active safety mechanisms are those that limit power

transmission through feedback control, which typi-
cally requires input power. This includes configuration-
dependent actuation torque and range-of-motion limi-
tation as an active safety mechanism, as suggested in
the discussion on coordinated control. Redundant sens-
ing allows for the system to monitor it’s own health
and to identify controller, actuator, or sensor failures.
Upon detection of a failure, the controller implements
a “safe behavior” (e.g. making the joints stiff or compli-
ant), where the appropriate behavior must be decided
upon by the controls designer [60,114,116]. These fail-
ures can be eithermomentary or persistent. In either case,
the device should alert the user to the situation and pro-
vide means to recover or to reset the controller of the
device [76,136].
Examples of failures discussed in the literature include

inappropriate controller outputs due to misinterpretation
of user intent or invalid sensor inputs [24,67,116,118,121,
136,176,214,239], unstable interactions with the user and
environment [60,107,138,181,184,202], actuation failures
due to overloading/saturating the actuator [136,170,214],
failure of an underactuated system to achieve its desired
state, power failures due to a loss of power to the actuator
or to the controller [136,231], and controller failures due
to software bugs or overloaded computational resources
[60]. As a quasi-failsafe measure against falling, the com-
mercialized ReWalk™ orthosis includes a wearable airbag
system that can either be deployed manually by the user
or autonomously using built-in sensors [142].
The user, as an integral element of the control sys-

tem, is also partially responsible for ensuring safety. This
includes the rational avoidance of potentially unsafe sit-
uations, but also the response to unexpected locomotive
events, such as tripping, stumbling and slipping [114-
116,118,175,199,240]. Falls represent a substantial haz-
ard to the user, and so the device must (at minimum)
not increase the risk of falling. Until advanced balance
recovery controls have been developed, the appropriate
response of the device in these cases is most likely to
become transparent for the user to recover balance on his
own [199].
For the commercialization and adoption of powered

P/O devices in ADL, developers must establish trust
with regulatory bodies, funding agencies, insurance com-
panies, clinicians and end users that such devices are
not only effective at their intended application, but are
safe to use within reasonably expectable circumstances
(see e.g. [241,242]). This will typically necessitate clinical
trials.
How, exactly, to establish the efficacy (e.g. in terms of

ADL performance or rehabilitative outcomes) and safety
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of a device is beyond the scope of this paper. Based on
the reviewed literature, however, we can echo some recent
observations by Farris et al. [4] that there appears to be
little standardization in the methodologies and outcome
measures that are used to evaluate the efficacy of active
P/O devices, and very few papers provide balanced crit-
icism of the limitations own methodologies. Toward this
end, an increase in clinical trials is required of develop-
ers, along with the creation of standardized evaluation
criteria.
As a recent example, the ReWalk™ became the first FDA-

approved powered orthosis to be marketed for personal
use via the “de novo” classification process. This clas-
sification is reserved for novel devices for which there
have been clinical studies and extensive performance test-
ing, but clear effectiveness and safety evaluation standards
have yet to be established. The use of this type of classi-
fication indicates that there is currently a regulatory gap
that has yet to be filled.
Some parallels can be drawn between the fields of wear-

able robotics and surgical robotics in that these (poten-
tially powerful) devices are working in intimate proximity
to humans. As such, one may draw inspiration from the
design framework for surgical robots recently presented
by Sánchez et al., where an in-depth discussion of design
methodologies, passive and active safety guidelines, and
relevant certification standards is provided [243]. While
the hazards associated with robotic surgery will typi-
cally garner higher risk classification than powered P/Os,
many of the hardware and software design principles are
universal.

Conclusions
Through this literature review, the state-of-the-art in
control strategies for portable, powered lower limb P/O
devices has been established. The control strategies that
have been used vary substantially in accordance with the
intended application and functionality of the P/O device,
the structure and scope of the control scheme that is
implemented, and with the instrumentation necessary for
sensing the state of the human-robot system. There may
also be marked differences in the flexibility of the control
algorithms to adapt to changing conditions with respect
to the user and to the environment, and the ability to
recognize and to make transitions between different loco-
motive activities. Though these differences may funda-
mentally preclude the direct translation of certain control
paradigms between devices, there are also many concepts
that can be applied universally.
These control strategies were presented in the frame-

work of a novel generalized control framework. This
accounted for the physical and signal-level interaction
between all of the components of the active P/O ecosys-
tem, including the user, the environment, the controller,

and the device itself. This framework is suggested for
future use in the holistic design of controllers for such
devices.
The user was discussed with respect to his role as the

pilot of such devices and as an integral part of the con-
trol plant. This includes consideration of the physiolog-
ical systems responsible for control of nominal locomo-
tion and the compensatory mechanisms exhibited during
unassisted or assisted gait following neurological, mus-
cular or skeletal injury. Various sensor modalities were
highlighted for tapping into the user’s physiological con-
trol system. The chosen modalities must be appropri-
ate for the user’s physiological condition and personal
preferences.
To date, there have been relatively few long-term studies

regarding the use of artificial sensory feedback in con-
junction with powered P/Os and whether it may enhance
the user’s sense of control and embodiment of the device.
It is contended that the provision of such feedback is a
necessary future step to achieving seamless integration of
the P/O controller with the user’s sensory-motor control
scheme.
The environment plays an important role in human

locomotion as it places constraints on the movement
possibilities. Sensing of the surface conditions, terrain,
obstacles, and environmental context can provide valu-
able information to the P/O controller. So far, there have
been few studies that specifically account for environ-
mental conditions and context within their control archi-
tecture, but this is expected to change as more of these
devices begin to operate in unstructured and real-world
environments.
The generalized controller is represented as a three-tier

hierarchical architecture that very loosely resembles the
structure and functionality of the CNS, and is an effective
way to decompose the task of controlled locomotion. As
research in this field matures and shifts toward delivering
multifunctional devices for daily use, this type of architec-
ture is the most likely to be adopted. Shared control can
be implemented within this structure, which delegates the
cognitive burden of mid-to-low-level decision-making to
the device.
The high-level controller is responsible for perceiving

the user’s locomotive intent, which consists of activ-
ity mode recognition or direct volitional control. Deter-
mination of the user’s steady-state activity, as well as
the transitions between them, requires the use of a
trained classifier. Proper intent recognition is necessary
for the controller to execute a response that is both
appropriate for the task and corresponds to the user’s
expectations. Advancements in machine learning tech-
niques and the recent proliferation of wearable sen-
sor technologies is likely to fuel developments in this
area.
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Direct volitional control allows the user to voluntarily
modulate the device’s output behavior, and is of partic-
ular importance during non-periodic or non-locomotive
activities and those which require precise positioning of
the limbs. The combination of activity mode recognition
with direct volitional control combines the robustness of
steady-state activity detection with the ability to volun-
tarily modulate the limb movements for fine placement.
This strategy is seen as the most promising approach
to smooth and accurate multifunctional human-robot
interaction.
The mid-level controller translates the user’s locomo-

tive intent to a desired trajectory for the device to
track. Depending on the type, these controllers may
or may not depend on the user’s gait phase. FSCs
are the overwhelming mid-level controller of choice,
owing largely to their conceptual tractability and ease
of implementation. They are not, however, without
their shortcomings, particularly the exploding dimen-
sionality of the tunable parameter space. The use of
so-called “modified intrinsic control strategies” is a
promising approach to minimize the number of tunable
parameters.
The choice of input-output variables, along with the

form of the mid-level control laws (e.g. admittance,
impedance, or other), will determine the overall system
behavior. Each of these forms is a valid choice for dif-
ferent scenarios. The coordinated motion between joints,
whether human or robotic, is also the task of the mid-
level controller and is critical to the safety and stability of
assisted gait. Coordinated sharing of the load between the
human and an orthosis may also be necessary to realize
rehabilitative outcomes.
The role of the low-level controller is to realize the

desired trajectory of the selected output variables as spec-
ified by the mid-level controller. This is typically achieved
through closed-loop control, which may involve feed-
back or feedforward loops. It is at this level of control
that the device’s kinematics and dynamics are taken into
account and used to compute the set of actuator inputs
to achieve the desired states in a dynamic, yet stable
manner.
The hardware-realization of the device was considered

in terms of its implications for control design, in particular
the constraints that it places on real-world performance.
Many of the existing portable powered P/O devices must
be operated near the edge of their envelope of continu-
ous operation during normal use. Advances in actuator,
energy storage and power conversion technology, and effi-
cient control strategies may eventually overcome many
of these issues. Meanwhile, the use of remotely actu-
ated devices will accelerate the development of unencum-
bered controllers until sufficiently powerful devices are
available.

Safety considerations lie at the heart of all aspects of
wearable robotic technology. Designers should view hard-
ware and software failures as inevitabilities and should
include fail-safe measures and redundant systems to pre-
vent injuries to life or property. These considerations will
be of critical importance to the development, social accep-
tance and regulatory approval of devices that are effective
and appropriate for assisting persons with disability in
locomotive ADL.
In summary, this field of research is entering an age

where the technological maturity of both the hardware
and software are sufficient to realize bionic lower limb
P/Os that are practical and safe for real-world use. This
would represent a substantial achievement in human his-
tory, and holds the potential to dramatically improve the
quality of life for those living with impaired mobility.
This can only be attained through continued collabora-
tion and open communication between research groups,
interdisciplinary cooperation between engineers, physiol-
ogists, clinicians, industrial partners, and end-users, and
the expansion of funding opportunities from public and
private entities.
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