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Abstract

Terrain detection systems have been developed for a large body of applications. For instance, a bionic leg prosthesis would have to
adapt its behavior as a function of the terrain, in order to restore a sound lower-limb biomechanics to the amputee. Visually impaired
people benefit from such systems in order to collect information about their locomotion environment and avoid obstacles. Finally,
mobile robots use them for estimating terrain traversability, and adjusting control algorithms as a function of the surface type. This
diversity of applications led to a large repertoire of systems, regarding both hardware (sensors, processing unit) and software used
for classification. This paper provides an extended review of these systems, with a specific focus on the assistance of disabled
walker. More precisely, it overviews the sensory systems and algorithms that were implemented to identify different locomotion
terrains in indoor or urban environments (flat ground, stairs, slopes) in a way that they are or can be worn by a human user, and
running in real-time. Contributions from mobile robotics are also included, pending that they could be adapted to a scenario of
locomotion assistance. The systems are classified into two categories: these relying on proprioceptive sensors only and those further
using exteroceptive sensors. Contributions from both categories are then compared according to their main specifications, such as
accuracy and prediction time. The paper unambiguously shows that systems with exteroceptive sensors have higher prediction
capability than systems with proprioceptive sensors only, and should thus be favored for assistive devices requiring predicting
transitions between locomotion tasks.

Keywords: Terrain detection systems, human locomotion assistance, intent detection, stairs detection, ramp detection, Prostheses,
locomotion modes prediction, environmental features recognition, vision, visually impaired, wearable sensors.

1. Introduction

Literature in legged robotics abounds of examples showing
that legs are better than wheels regarding the capacity to han-
dle a large variety of terrains. Similarly, human can navigate
through complex terrains like stairs, ramps and rocks. How-
ever, humans often have to integrate sensory information from
their environment in order to adapt their motions accordingly.
Small obstacles like gravels are usually handled through force
feedback and short-loop reflexes. In contrast, it is often nec-
essary to visually observe larger terrain variations that would
require major adaptations of the motor plan requiring the re-
cruitment of cortical loops [1]. Without such adaptation, the
occurrence of stumbling or falling is ubiquitous due to the large
mechanical disturbance that is caused by interacting with an en-
vironment featuring a different ground geometry. These closed-
loop mechanisms are driven by two types of sensory modali-
ties, namely proprioceptive and exteroceptive sensors. Propri-
oceptive sensors measure the internal state of the body such

Figure 1: Terrain detection is necessary to adapt the controller of a walking
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assistive device (here, a bionic lower-limb prosthesis) as a function of the task
being performed. In this example, the amputee is going to transition between
overground walking (gray), slope climbing (red), and stairs descending (blue).
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Figure 2: Overview of the selection process that was followed to construct the
portfolio of this review. First, several keywords were entered in Google Scholar.
The corresponding papers were sorted into three categories: those addressing
mobile robotic applications (n=42), those providing assistance to blind people
(n=41), and those addressing active prostheses and exoskeletons (n=148). For
all categories, only developments satisfying further requirements were selected,
reaching a total of 114 papers that are analyzed in this review.

as applied forces, joints orientation and limb position. Typi-
cal human proprioceptive sensors are the muscle spindles and
Golgi tendon organs. In the scope of this work, we will also
consider the vestibular system as being part of the propriocep-
tive pathway, since this sensory modality provides information
about internal state of the body, i.e. rotational movements and
linear accelerations of the head. Exteroceptive sensors provide
information about the external environment such as distance to
object and texture [2]. Typical human exteroceptive sensors are
vision and touch. The same dichotomy exists in robotics, since
robots can be equipped both with proprioceptive (e.g. join en-
coders) and exteroceptive sensors (e.g. camera).

The biomechanics of locomotion reveal that leg often pro-
duce mechanical energy in various locomotion tasks like walk-
ing or stair ascending/descending [3]. Moreover, each of these
tasks corresponds to different kinetic and kinematic patterns,
even in steady-state[4]. As consequence, active prostheses are
necessary to provide lower-limb amputees with the capacity to
display healthy gait patterns, and the control of such device
should be adaptive to the task being executed (walking, taking
stairs, etc.) [5]. In particular, the transition among these tasks
should be timely detected in order to adapt the controller (see
Fig.1).

Lower-limb amputees are not the only disabled who could
benefit from terrain detection technologies for walking assis-
tance. For instance, there are around 285 million visually im-
paired people worldwide relying on guide dog or cane for walk-
ing [6]. Using a guide cane provides only a short-range detec-
tion capacity to the user, such that safety might be compromised
in a challenging environment. Consequently, there has been re-
cent research efforts to develop augmented feedback technolo-
gies for visually impaired people, detecting the surrounding ter-
rains in the local environment with a sufficiently short latency
to let them adjust their gait accordingly [7].

Recent papers reviewed locomotion assistance approaches.
For instance, control algorithms and assistive strategies used
for lower limb prostheses and exoskeletons have been reviewed

in [8, 9, 10]. More specific reviews focused on intention detec-
tion methodologies for lower- and upper-limb prostheses con-
trol [11, 12]. Smart walkers (i.e platforms used to assist peo-
ple with locomotion disabilities) have been reviewed in [13].
Interestingly, all reviews cited above focused on sensors that
can be classified as proprioceptive, i.e. providing information
about the internal state of the (human) body. More recently,
[14] also overviewed research efforts towards the integration
of vision sensors in this picture, at least for lower-limb pros-
theses. Fusing these sensory pathways indeed holds promises
for optimizing the detection latency and accuracy in locomo-
tion assistance. Sensory fusion between different modalities
is a transversal concept for locomotion intention detection in
the context of such devices. Indeed, mechanical (e.g. inertial
measurement units, IMUs), electromyographic (EMG), and/or
electroencephalographic (EEG) sensors placed on the subject’s
body capture different aspects of the user’s motion, thus reflect-
ing different aspects of his/her locomotion intention. Interest-
ingly, this holds both for the upper- and the lower-limb [15].

This paves the way towards terrain detection for locomotion
assistance and, consequently, to the development of detection
systems that would predict the future user intention rather than
reacting to changes in behavior being captured by propriocep-
tive sensors like IMU or EMG. Said differently, perceiving and
analyzing the environment around the user would offer to pre-
dict potential locomotion intentions several steps in advance.
Intriguingly, comparable terrain detection systems have been
widely developed for mobile robotic applications in various en-
vironments like urban [16], off-road [17], and planetary [18] ex-
plorations. Typically, these systems also combines several pro-
prioceptive and exteroceptive sensory modalities such as cam-
eras, IMUs, or 2D and 3D lasers [19]. Owing to the miniatur-
ization of these components, voices raise claiming that similar
wearable terrain detection systems will be integrated in the con-
trol loop of human locomotion assistance devices [20]. There-
fore, terrain detection systems providing information about the
surrounding environment with exteroceptive sensors are of high
interest to guide the device controller as a function of the in-
tended task [4, 21].

The objective of the present paper is to provide an exhaustive
review of terrain detection systems for locomotion assistance
in the widest perspective. This means that we will also include
terrain detection approaches developed for mobile robots pend-
ing that they could be applied to assist visually impaired people
and disabled walkers (see Fig.2). In sum, three types of terrain
detection systems have been pooled in this review:

o Systems implemented for exoskeletons and active prosthe-
ses.

e Systems based on vision and ranging sensors to assist vi-
sually impaired people.

e Systems developed for terrain detection with mobile
robots pending that they are compact enough to be worn
by a human and that they can run in real time.
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Figure 3: This figure shows a classification of typical sensors that are used in terrain detection systems as a function of whether they use proprioceptive sensors only,
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Figure 4: Representative configurations of sensors for terrain and locomotion intention detection with a lower-limb amputee wearing a prosthesis. It shows the
possible distribution of proprioceptive sensors measuring muscular activity (EMG), muscle contraction (capacitive), or the leg kinematics (Mechanical).

Moreover, the paper systematically focuses on the detection
of simple terrain geometries, mainly corresponding to indoor
or urban environments: grounds, slopes, and stairs. Such ter-
rains are indeed faced in everyday life of (disabled) walkers,
and illustrate the most critical need for adaptive assistance. Ac-
cordingly, the following sections review many sensory systems
that were developed for terrain detection. These systems have
been classified into two families as illustrated in Fig.3, namely
those embedding only proprioceptive sensors (Section 2), and
those further embedding exteroceptive sensors (Section 3). The
main features of these systems are then pooled in two compar-
ative tables, whose contents and other aspects are discussed in
Section 4. Finally, the paper ends with a conclusion.

2. Systems with proprioceptive sensors only

These systems use no exteroceptive sensors like vision or
ranging sensors. They rather detect terrains indirectly, through
a detection of the user’s locomotion intention via proprioceptive
sensors like EMG, capacitive or mechanical sensors. The first
measures the electrical muscle activity, the second determines

muscles contraction, and the third measures body kinematics.
Typical configurations for placing such sensors on the body are
displayed in Fig.4.

A typical processes applied to identify the terrain type with
such sensors is shown in Fig.5. Sensory signals are first filtered
to remove measurement noise. Then, specific features are ex-
tracted from a time window of the filtered signals, such as mean
absolute value, standard deviation, minimum and maximum,
rate of change, amount of zero crossings, amount of slope sign
changes, waveform length, etc. [22, 23, 24]. Finally, a classi-
fication methodology is applied to identify the terrain type as a
function of these features.

Such systems are not suitable to be used for visually im-
paired people because they typically rely on the user’s in-
tact exteroceptive vision for anticipating changes in locomo-
tion mode. Therefore, the literature covering them mostly ad-
dresses automatic control adjustment of active prostheses, thus
for lower-limb amputees. Accordingly, this section reviews var-
ious terrain detection systems utilized for lower-limb prostheses
based on EMG, capacitive and mechanical sensors. Note that
such terrain detection systems have been already reviewed in



[8,9, 10, 11, 12, 13, 15], and consequently, do not represent the
main contribution of this paper. In the following sections, we
thus survey and update the main contributions reported in these
previous reviews.

2.1. EMG sensors

EMG signals generated by leg muscles can be used to iden-
tify the terrain type which the subject is moving on. EMGs are
electrical signals that are sent to muscles to trigger their con-
traction [25], and they can be measured through sensors placed
on the skin above the muscle. If the person is moving on dif-
ferent types of terrain (slopes, stairs and level ground), differ-
ent EMG patterns will be observed [26]. Data processing tech-
niques are applied to extract features from these signals in order
to identify the terrain category, and enable the prosthetic con-
troller to select the corresponding control mode [27, 28, 29].
Electrical signal from the muscle is typically detectable 100ms
prior to the actual movement [25]. However, terrain identifica-
tion requires filtering, feature extraction and classification, and
thus causes computational delay [15].

Various methodologies have been developed to incorporate
locomotion intention and/or terrain detection from EMG sig-
nals in the closed-loop controller of active prostheses. For
instance, a finite state controller can be used to modulate the
impedance and output power of the prosthesis as a function of
the EMG-based classification [28, 30, 31]. More precisely, [31]
implemented two finite state controllers to induce biomimetic
movement patterns for level-ground and stair-descent gaits. In
that contribution, the subject locomotion intent was inferred
through classifying the EMG features with a neural network,
and supervise the transition between finite state controllers.

Another approach consists in classifying the set of measured
EMG features with classifiers such as Support Vector Machine
(SVM) or Linear Discriminant Analysis (LDA) [32, 33]. In par-
ticular, a recent study tested applying SVM, LDA and Neural
Network (NN) classifiers on single channel EMG for locomo-
tion mode recognition [34]. The study also incorporated a fea-
ture selection algorithm which improved the performance of all
the classifiers tested. The classifiers reached above 96% accu-
racy with slight differences from one to another [34]. Globally,
there is a trend to promote LDA as the most appropriate clas-
sifier for EMG pattern recognition since it has similar accuracy
as more complex classifiers, but it is computationally more ef-
ficient [33, 35, 36, 37].
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Figure 5: Processes applied to detect various terrains based on EMG, mechani-
cal or capacitive sensors.

2.2. Capacitive sensors

Capacitive sensing relies on measuring the natural electrical
capacitance of the human body. It has many applications, in-
cluding human machine interfaces [38]. This technology has
also been used to detect different locomotion modes by measur-
ing changes in the leg configuration during locomotive move-
ments. More precisely, this requires measuring the impedance
between transmitter and receiver arrays of electrodes placed
on the leg so that the leg dielectric capacitance captures mor-
phological changes in soft tissues like muscles. This produces
different output impedance profiles for different locomotion
modes [39].

Similarly to EMG sensors, various classifiers can be used
to identify locomotion modes from several capacitive sensors
placed over the leg. Due to its low computational load and good
performance, LDA has been used for human gait identification
based on wearable capacitive sensors placed in direct contact
with leg skin [40]. Moreover, LDA, QDA (Quadratic Discrimi-
nant Analysis) and LR (logistic regression) classifiers have been
tested in [39] with the same hardware. LDA displayed similar
performance as LR, and smaller classification error than QDA.

Non-contact capacitive sensing is an alternative approach of
capacitive sensing. In such systems, copper wire mesh pieces
are fixed on the outer surface of the prosthetic socket. Accord-
ingly, the human body and the meshes form the capacitor elec-
trodes, while the plastic material between them form the dielec-
tric. During human movements, the physical distance between
two electrodes changes, and this will results in different output
voltage patterns across various locomotion modes [24].

In a non-contact capacitive sensing system, the QDA clas-
sifier outperformed both LDA and GMM in average locomo-
tion mode identification accuracy by a small margin [24]. In
contrast, SVM showed slightly higher accuracy than QDA re-
garding terrain recognition with a non-contact capacitive sens-
ing based system [41].

2.3. Mechanical sensors

Mechanical sensors directly measure the human body kine-
matics (e.g. with IMUs) and interaction forces between the
body and its environment (such as with instrumented insoles or
load cells). Interaction force sensors lie therefore at the bound-
ary between proprioception and exteroception since they mea-
sure a signal at the interface between the user and its environ-
ment. Such sensors reflect the current state of the user’s seg-
ment, and/or of the prosthesis [42]. Various approaches have
been developed to achieve terrain identification with this series
of sensors.

Similarly to EMG signal classification, LDA has been widely
used to classify features extracted from mechanical sensors
data. For instance, merged signals from three IMUs and two
foot pressure insoles have been used to achieve locomotion
(transition) detection with a two-level LDA [43]. In another
contributions, [44, 45] developed two LDA classifiers mixing
several mechanical sensors. One classifier focused on data col-
lected at heel contact and the other at toe-off, in order to detect
transitions between different locomotion modes at least twice



per locomotion cycle. LDA is sometimes further combined
with other classifiers. For instance, combined LDA with a de-
cision tree analysis (DTA) classifier are used to identify loco-
motion mode using only wireless foot insoles [46]. In [47],
LDA has been used as a first stage classifier (followed by SVM)
for feature extraction of IMU data mounted above the ankle
to identify human gait kinematics. Interestingly, it displayed
higher accuracy than using SVM alone. In contrast, a Phase
Variable classifier (PV) presented in [48] showed higher ac-
curacy than LDA when it is trained with nonsubject-specific
data, while LDA outperformed PV with subject-specific train-
ing data. Another type of Gaussian distribution-based classifier
(QDA), has been used in a cascaded classification algorithm
[49]. More precisely, it was developed for intent recognition
based on data from IMUs and load cell on the prosthesis. A first
level classifier discriminates between standing and walking, a
second level identifies the main gait phases (namely swing and
stance), while the third level recognizes steady-state locomo-
tion modes such as level ground walking, stair ascending, de-
scending, ramp ascending and descending and the transitions
between those modes.

Other families of classifier have been further tested for inten-
tion detection and terrain identification. For instance, [42, 50]
used Gaussian mixture models (GMMs) to achieve real-time
gait mode intent recognition. More complex classification ap-
proaches such as neural networks have been used to identify
different gaits based on force sensors in the prosthesis socket,
or IMU data [51, 52, 53]. Recently, a study compared a LDA
classifier versus heuristic prediction algorithm using thresh-
olds on estimated prosthetic ankle joint translations and ground
slope [54]. Internal prosthesis sensory data (with mechanical
sensors only) were fed to be classified by each method. The
study showed that the heuristic prediction algorithm has slightly
lower prediction error than the LDA classifier (2.8% vs. 3.4%).
Interestingly, the heuristic prediction took only five features
while the LDA required 45 features to reach such a low pre-
diction error.

In order to enhance intent recognition performance, and
make a more accurate prediction, many researchers added prior
information using e.g. dynamic Bayesian networks (DBN) or
hidden Markov models (HMM) [55, 56, 57]. For instance,
[58] introduced a user independent intent recognition system
based on classifying the data from 13 mechanical sensors (en-
coders, potentiometers, load cells and IMUs) directly integrated
into a powered knee and ankle prosthesis. They tested various
classification approaches and the history information included
prior beliefs about locomotion history through DBN. Finally,
it is suggested that fusion between capacitive and mechanical
sensors could provide a good alternative to systems relying on
the fusion between EMG and mechanical sensors[41], although
further research is needed to support this claim.

Finally, recent studies paved the way towards combining
IMU sensors only and advanced classification approaches. For
instance, an approach presented by [59] converts the IMUs data
into graysacle images that can then be classified into differ-
ent modes of locomotion by a Convolutional Neural Network
(CNN). The system uses 3- IMUs mounted on the thigh, shank,

and ankle of the sound leg and achieved about 89% accuracy.
Another contribution reached higher accuracy (about 98%) by
using a single 9-axes IMU sensor placed on the sound foot [60].
The system tracks the sensor trajectory which reflects foot tra-
jectory, and it is used to derive the inclination grade of the
ground and locomotion mode recognition. The calculated tra-
jectories are then analyzed for predicting the mode of locomo-
tion.

2.4. Fusion of Neuromuscular and Mechanical sensors

Sensor fusion is combining data from multiple sensors in or-
der to get higher accuracy for detection or classification. Hu-
man and animal brains routinely accomplish sensory fusion in
order to optimally exploit information provided from their mul-
tiple senses such as audition and vision [61, 62]. Sensory fusion
has also been applied in many technological fields such as med-
ical and mobile robots [61, 63, 64]. For instance, data fusion
has been applied in [65] to identify human daily activities based
on multiple IMU sensors. In this section, we will specifically
review the methods and results related to the fusion between
EMG and mechanical sensors, i.e. the most used modalities for
locomotion intention detection and terrain identification.

Locomotion features from mechanical sensors data and EMG
signals have been extracted and concatenated in a single feature
vector to be classified with various approaches [66]. One re-
lies on using non-linear or linear classifiers such as SVM or
LDA [21]. In general, SVM showed better classification accu-
racy and prediction as compared to LDA. More precisely, SVM
predicted transitions between locomotion task modes before the
critical event, and earlier than linear classifiers [21]. However,
integrating prior information to LDA classifier resulted in im-
proved accuracy and prediction time than using LDA without
integrating this prior knowledge. This information was inte-
grated through prior probabilities adjustment of discriminant
functions of LDA [67].

Researchers in the field of neuromechanical sensors fusion
considered alternative approaches focusing on hardware en-
hancement. For instance, using a FPGA as the computational
engine with LDA classier for fast decoding and recognition re-
sulted in better prediction time with the same accuracy [68].
Another hardware breakthrough consisted in using a Graph-
ics Processing Unit (GPU) instead of Central Processing Unit
(CPU). This provided faster response time for transitions with
a SVM classifier. The system was evaluated using virtual re-
ality with an avatar emulating intended movements [69]. Al-
ternatively, a mobile CPU based system was presented in [70]
targeting minimization of power consumption with a real-time
SVM classifier.

In general, systems relying on fused neuromuscular and me-
chanical sensors outperformed other approaches based on one
kind of information source only [21, 67, 69]. However, in or-
der to minimize the computational time and complexity, it is
interesting to know which sources of information are the most
valuable for achieving the highest accuracy among all mechan-
ical and EMG sensors that could be used to instrument the hu-
man (lower-)body. In [71], a source selection algorithm called
minimum-redundancy-maximum-relevance (mMRMR) was used
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for this purpose. Interestingly, the system was able to recognize
the subject’s locomotion intent with an accuracy of more than
95% when data sources were reduced from 26 to 10, despite a
decrease in computational cost by a factor of about 1.9. Finally,
it is suggested that accurate terrain detection requires the pros-
thesis to be equipped with at least four surface EMG sensors, a
6-DOF load cell mounted and one IMU [71].

2.5. Summary

In summary, representative systems using only propriocep-
tive sensors are listed in Table 1. It reports the terrains that
can be detected by each approach, the corresponding sensors,
and the developed classification algorithms. Note that all these
methods have been tested both in indoor and outdoor environ-
ments. More quantitatively, the table also reports the detection
accuracy and prediction time, when available. This prediction
time T'p.q is @ metric assessing performance. We defined it as
the difference between the critical time z., i.e. the time when
the locomotion mode changes or should change due to terrain
variation, and the time when this change is actually detected,
i.e. the detection time #; [72]:

Tpred =l.— 1l (D

If Tprea > 0, the corresponding detection system can thus an-
ticipate (or predict) the change of locomotion mode; while if
Tprea < 0, the corresponding system would only react to a
change of locomotion mode with some latency. According to
Fig.6, we further used this prediction time as a metric for clas-
sifying the identified systems into two categories: those having
no to low prediction capacities, i.e. with 7)., < 1s, vs. those
having prediction capacities larger than 1s. This threshold of

one second — thus approximately corresponding to one step —
was considered to be the minimum detection time being nec-
essary for incorporating an anticipation of locomotion change
within the device high-level controller. Note that several pa-
pers report different levels of accuracy and prediction time, as
a function of the task transition (i.e. ground to stairs, stairs
to ground, etc.). For the sake of making fair comparisons, only
data corresponding to a transition from level ground to stairs as-
cending are reported, since this is likely the most frequent and
most representative transition requiring a high level adaptation
of the device controller [58]. Therefore, all systems reported
in Table 1 can thus be classified as having no to low prediction
capacity, since T4 is systematically lower than Is.

3. Systems with at least one exteroceptive sensor

Next to the systems reported in the previous section, several
contributions further focused on equipping locomotion assistive
devices with large prediction capacities, typically correspond-
ing to a few steps ahead of time. These systems rely on extero-
ceptive sensors, i.e. sensors receiving stimuli originating from
the environment, outside of the body. They typically deploy
various kinds of ranging or vision sensors observing the terrain
in front of the subject. Their large prediction capability relies
on detecting the terrain type before the subject steps into it. One
traversal challenge with these sensors is that they move with the
wearer’s body. Therefore, an accurate and dynamic estimation
of the sensor orientation is necessary to transform the obtained
data [73]. Consequently, many implementations of these sys-
tems integrate IMUs. Importantly, a vast literature of terrain
detection systems with vision or ranging sensors has been de-
veloped for mobile robots, towards autonomous navigation and
obstacle avoidance. Interestingly, these approaches could be
transposed to locomotion assistance with similar hardware and
algorithms. In the following sections, we will pool several ter-
rain detection strategies that were developed either directly for
human locomotion assistance (including visually impaired peo-
ple and amputees) or for mobile robot navigation, pending that
adaptation to locomotion assistance would be feasible.

3.1. Ranging Sensors

These sensors can be classified as a function of whether they
emit a single or multiple beams. Actually, many approaches in-
troduced for terrain detection used single beam sensors. For in-
stance, [74] developed a system to identify level ground, up and
down stairs with a single ultrasonic sensor. Data collected from
this sensor over time —while the subject was moving— has
been classified with SVM. However, the system did not achieve
an average classification accuracy higher than 70% [74]. An-
other development consisted in mounting a single beam laser
sensor and an IMU on one side of the subject’s waist (see
Fig.7(a) for illustration). Authors showed that it is possible to
detect various terrain types with classification or decision tree
[75, 76, 77]. In particular, the classification tree used the terrain
height as primary feature for recognition [78]. Although au-
thors reported a classification accuracy as high as 98%, this sys-
tem achieved prediction time of about 700ms. In such system,



Table 1: Overview of representative systems with proprioceptive sensors only. The last two columns report the average prediction time and detection accuracy —
when available — for the representative task of transitioning from overground walking to stair climbing. Os < Teq < ls captures that all these methods detected
the transition before it actually happened, but in a time window that is smaller than 1s.

References Targeted Sensor Algorithm T preq[ms] detection
Terrains accuracy|[%]
[33] Stairs, ramps EMG electrodes LDA classifier \ 97
[21] Stairs, ramps ~ EMG electrodes SVM classifier 254+132 \
[43] Stairs, ramps Mechanical sensors Two level LDA classifier 222+14 99.71
[49] Stairs, ramps Mechanical sensors Cascade classification (QDA based) 64+133 93.21
[60] Stairs, ramps  Single IMU sensor IMU trajectory tracking 202 98
[67, 21] Stairs, ramps Neuro-mechanical LDA classifier 340+136 96
fusion
SVM classifier 420+175 99
[67] Stairs, ramps ~ Neuro-mechanical LDA with prior knowledge 415+138 98
fusion
[68] Stairs Neuro-mechanical LDA based classifiers with FPGA as 549.83 +£139.2  99.31
fusion computing engine
[71] Stairs, ramps ~ Neuro-mechanical All sources with SVM classifier 120 98
fusion
Source selection algorithm with SVM 119.3 95
[39] Stairs Capacitive  sensing LDA classifier \ 93
(C-Sens)
[24] Stairs Contactless C-Sens QDA classifier \ 94.8
[41] Stairs Contactless C-Sens SVM classifier \ 95.8

the user should keep his/her hands away from the waist to avoid
covering the sensor and preventing detection [79]. A possible
solution is to fix the laser sensor on the subject shank (or on
the prosthesis), but this configuration produces noisy measure-
ments, and did not show obvious differences in pattern among
terrains that were tested [76]. However, using a wearable Fre-
quency Modulated Continuous-Wave (FMCW) radar attached
to a lower limb prosthesis succeeded in stairs detection [4].
The radar position is pictured in Fig.7(a). It scans the objects
in front of the prosthesis in the sagittal plane during the rota-
tional movement of the tibia. Distances to the detected objects
are further measured during the stance phase. This resulted in
multiple distances that must then be transformed to the global
frame. To get rid of clutter noise, the Cell-Averaging CA-CFAR
algorithm presented in [80] was applied. 2D radar scans were
converted into a binary image, and the reflections of each scan
on objects were casted as ellipse shaped regions [81]. It is im-
portant to point that single range sensor do not allow to detect
some important features of the environment, like stairs width
and height. Also, when the subject is standing or turning, the
recognition process is disabled because it requires the subject
to move forward in order to scan the terrain [79]. A recent new
method used multiple ranging sensors placed on the shank of
the user’s leg. When it becomes perpendicular to the ground
during the stance phase, ranging sensors are triggered to ob-
serve the terrain type in front of the user. The system reached
99% of classification accuracy [82].

With multi-beam ranging sensor, it is possible to robustly
detect a richer repertoire of terrain features. A first approach
presented a step detection system for the visually impaired in

[83]. It used LIDAR sensor mounted on the subject’s chest, and
provides distance estimates in the vertical plane. Neighboring
points are connected to form multiple segments, further clas-
sified into vertical and horizontal. Stairs detection is done by
comparing each segment length with a threshold [83].

Another stairs and steps detection system introduced by [84]
also used a single LIDAR. The sensor beam is divided into
three beams (two vertical and one horizontal) through reflec-
tive mirrors to ease steps detection. This system is mounted on
a wheelchair for disabled people; and would likely be too bulky
to be used as a wearable sensor.

Estimating the 3D structure of the environment leads to
more robust terrain detection [85]. This can be achieved with
2D-LIDAR, 3D-LIDAR, or Depth sensors. There are many
techniques used to obtain a 3D estimation of the environment
with 2D-LIDAR sensors through adding another LIDAR or us-
ing an arm to scan the environment. However, such adap-
tions are mostly applied with wheel chairs or mobile robots
[86, 87, 88, 89], and adapting this to a wearable system would
again be infringed owing to the large size of hardware compo-
nents and delay of scanning, while using 3D-LIDAR such as in
[90, 91] is also costly and bulky. An alternative solution is to
use a depth sensor as discussed in the next section.

3.2. Depth Sensors

Depth sensors have been widely used as wearable terrain de-
tection systems for locomotion assistance mounted on mobile
robot for navigation purposes. This is because they are low-
cost, compact, and robust to various textures and lightning con-
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Figure 7: Representative configurations of exteroceptive sensors for terrain and locomotion intention detection with a lower-limb amputee wearing a prosthesis.
Panel (a) highlights exteroceptive ranging sensors, that can be either laser-based or FMCW, and that can be placed on several body parts. Similarly, panel (b)
highlights possible placements of exteroceptive vision sensors (depth). This also represents possible sensor configurations to assist visually impaired people

ditions. Moreover, they provide accurate mapping of the envi-
ronment leading to robust terrain type recognition [85].

Depth sensors are said to be either passive or active. For
the first kind, two aligned RGB cameras are used, and range
is computed by triangulation between matching pixels in both
images [92]. In contrast, an active depth sensor measures the
range either by detecting the light wave phase shift between the
emitted and received light (the so-called time of flight camera,
TOF)[93], or by determining the disparity between a projected
infrared light pattern and the measured one [94]. This is the
working principle of the famous Microsoft Kinect. In com-
parison, active depth sensors can work in low illumination or
even dark places, while stereo matching may fail in low con-
trast environments [95]. Some active sensors are affected by
the sunlight [96].

Targeting locomotion assistance, such a depth sensor can be
typically placed on three different parts of the human body, as
illustrated in Fig.7(b):

e On the head: mounting the depth camera on the head is
typically used for assisting people with visual impairment.
Two configurations are found in the literature. The first
consists in mounting two cameras on specific glasses, and
through stereo matching, depth data can be reconstructed
[97]. The second requires to fix an active depth sensor or
stereo cameras on a helmet worn by the user [98, 99, 100].

e On the leg: this configuration is mainly used with lower
limb amputees. The depth camera can be mounted on ei-
ther the sound or the prosthetic leg, and either above or
below the knee [79, 101, 102].

e On the chest: this approach is appealing both for visually
impaired individuals and lower limb amputees. Moreover,
it tends to provide more stable images than concurrent con-
figurations [85, 103].

Both passive and active depth sensors provide range informa-
tion as a gray scale depth image or point cloud data. In a depth
image, each pixel corresponds to the same image pixel, and the
gray level corresponds to the distance between this point and
the sensor [104]. With the point cloud approach, the environ-
ment is represented by a set of 3D points in space and the co-
ordinates of each point corresponds its 3D location in the real
world, centered on the camera. An example of depth image
and point cloud for the same scene is shown in Fig.8. There
are two types of methodologies to process information acquired
from depth sensors. The first method consists in applying 2D
image processing approaches on depth image, while the sec-
ond method consists in applying 3D vision algorithms on point
cloud or depth data. In the next subsections, we will explore
both of these approaches for terrain detection.

3.2.1. 2D-based algorithms

These approaches are applied on depth image in order to de-
tect terrains having a sharp variations in height such as stairs,
steps, and holes. This process of terrain detection from a depth
image is sketched in Fig.9.

Firstly, edges are detected with a corresponding algorithm
such as Sobel or Canny. Details retention is reported to
be better with the later than the former [105]. However,
since stairs or step edges are easy to detect in depth images,
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Figure 8: (a) original RGB image, (b) depth image, and (c) corresponding point
cloud
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Figure 9: Stair and step detection process with depth image

Sobel is often preferred for its cheapest computational cost
[106, 107, 108, 109, 110] and less contributions reported the
use of Canny [111, 112]. The second step consists in extract-
ing the horizontal lines in the image, for instance by using the
Hough transform [113, 114]. Finally, the detected lines are fil-
tered in order to discriminate convex and concave edges cor-
responding to steps as shown in Fig.10. This filtering is done
through applying various constrains. Such as:

e A threshold on the tilting angle of the detected lines, in
order to filter out the vertical and non-horizontal edges
[106, 107, 109]. It is, however, possible to omit this step,
and directly isolating the horizontal lines with a Hough
transform [108].

e Lines whose length is below a certain threshold are re-
moved, in order to keep only those that can be part of steps.
[106, 107, 109, 108]

convex

concave

Figure 10: convex(red) and concave(green) edges of a typical staircase

e The vertical distance between two consecutive lines
should be within a certain range, in order to remove the
detected lines being either very close to each other (mul-
tiple detection of the same edge) or far away and thus do
not belonging to the same object [109].

o If the horizontal distance between two lines is smaller than
a specified threshold, then these lines are assumed to be-
long to the same edge that could be e.g. obstructed by an
obstacle [106, 107].

e The depth difference between two adjacent convex lines
is typically used to compute the size of footstools. If it
is smaller than a specific value, then the detected line is
assumed to be not belonging to a staircase [109].

e Finally, the number of parallel lines is sometimes used to
reject stair case candidates if it is not composed of enough
edges [112]. Also, this number can be used to distinguish
between single steps (or curbs) and stairs.

After detecting the stair line candidates, an extra verification
can be applied. For instance, a plane is fitted through the
parallel lines, and if its slope is out of a specific range, the
staircase candidate is rejected [112]. An alternative approach
is to fit a line through all the candidates, and obtain a single
dimensional feature which contains the depth information as a
function of the coordinate along the forward axis of the depth
image. Then, the feature is classified using SVM or other
classifiers [106, 109].

Other researchers developed an algorithm to identify human
gaits based on the difference between two depth images. This
differential image is generated by subtracting multiple consec-
utive depth frames from each other. The resulted image is clas-
sified using SVM in order to identify the human gait during
different activities such as stair climbing, descending, and level-
ground walking [101, 102].

3.2.2. 3D-based algorithms

These methods are applied on point cloud or depth data. It is
possible to detect various terrain types such as slopes, steps,
holes, and uneven ground based on such scheme, and there
are several techniques achieving this classification. The overall



process of terrain detection based on point cloud data is shown
in Fig.11. First of all, the point cloud is passed to multiple
processes before feeding it to the main algorithm for terrains
recognition. These filters are typically applying low-pass fil-
tering, down sampling, transformation, normal estimation and
plane detection. After that, the computed planes are fed to a de-
tection algorithm identifying the terrains in front of the sensor.
Furthermore, other computations can be performed in parallel
to plane detection, as illustrated in Fig.11. In the following
sections, we will review these commonly used filters and algo-
rithms.

Pre-processing: this step aims at improving the signal to
noise ratio and reducing the computational load. This is
achieved by using various filters such as outlier removal and
averaging [115, 116], although this comes with the cost of de-
creasing the frame rate [117]. Computational savings are ob-
tained by down-sampling. Indeed, the high density of point
cloud data causes processing delay, and not all the points bring
a significant part of new information. The point cloud resolu-
tion is down sized by using algorithms such as 3D voxel grid
filter [118], Narrow Down Filtering (NDF) [119], or by aver-
aging with a sliding 2 x 2 block [120]. To further reduce the
computational cost, a region of interest (ROI) can be specified
in order to eliminate data lying out of this region. For instance,
[121] specified a 150 cm wide ROI in front of the user, so that
the points lying out of this range were not treated.

Transformation: point cloud data acquired from depth sen-
sor are provided in a coordinate frame being centered on the
camera, and this causes issues for proper terrain detection. For
instance, if the camera points downwards, level ground will be
detected as a ramp [79]. A solution is to transform the ref-
erence coordinate system to the ground or world coordinates
[103, 122]. In general, the depth sensor orientation is acquired
either from an IMU embedded within the camera (such as with
the Kinect [122]), or from an external IMU attached nearby
[79]. This transformation can also be applied on the depth data
[122].

Normal estimation: for each point, a normal vector is esti-
mated from its neighboring points [123]. Various approaches
were developed for this computation, balancing the classical
trade-off between the accuracy and computational cost [124].
One simple approach consists in computing the cross product
of two vectors being tangent to the surface, giving thus the
vector being normal to it at a specific point [99, 123, 125].
Another methodology consists in estimating the normals based
on Principal Component Analysis (PCA) [85, 103, 117]. This
approach is efficient and has been used by many researchers
[115, 126, 127]. It computes the eigenvalue and eigenvector
of a covariance matrix created from direct neighboring points.
The normal direction is estimated as the eigenvector having the
smallest eigenvalue [103]. After this normal estimation, points
cloud data can be segmented into multiple groups based on
their orientation. This brings the identification of relevant fea-
tures like ground plane, ceiling, walls or slopes [117]. Also,
it is possible to filter some irrelevant groups of points away
[98, 120, 121].

Plane detection: this step consists in fitting a 3D plane model
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on a set of point cloud data, and again this can be performed us-
ing various methodologies. A common approach relies on the
RANdom SAmple Consensus (RANSAC) algorithm presented
by Fischer and Bolles [128]. Basically, it repeats two iterative
steps on a given point cloud. First, a hypothesis is made and
then it is verified [129]. This algorithm has been frequently
applied for human locomotion assistance [98, 121, 130, 131]
or mobile robot navigation [119]. The output of this algorithm
is the set of detected planes and their normals. A concurrent
methodology for plane estimation is regional growing. It starts
from a point with minimum curvature called seed, and expands
the region to include neighboring points having quasi-parallel
normals and similar curvature [85]. When the region cannot be
expanded anymore, a new seed is chosen, and the process is re-
peated until a pre-specified threshold is reached. This algorithm
outputs a set of points (clusters) belonging to the same smooth
surface [118]. Some people argued that the regional growing al-
gorithm has a better physical relevance since the planes are de-
tected from a closed region depending on single element (seed)
rather than from set of uncorrelated points distributed in the
scene [85, 103].

Terrain detection algorithms: various methods can applied
after plane detection to recognize different types of terrains. For
example, a ramp lying in front of the subject and its tilting an-
gle can be identified from the detected plane normal. This can
be implemented with regional growing and RANSAC to cap-
ture an inclined plane over the cluster having a normal tilted
with respect to the ground plane [132]. Also relying on normal
filtering, a more complicated framework has been developed
for humanoid robots, based on the detection of the geometric
primitives in the environment. What each primitive can offer to
the individuals (called "affordances” by the authors) is obtained
based on its normal vector and area. For example, the object af-
fords support if it is in the same orientation as the ground and its
area is larger than a pre-defined threshold. A similar approach
can be used for stairs, slope, and ground detection [133].

Alternatively, a common approach consists in identifying the
step candidates from their height and orientation [98, 120, 121].
For instance, the tread of each step has the same orientation as
the ground, although it is located at a different height. Each can-
didate (starting from the lowest) can thus be examined to be ei-
ther classified as a step or an obstacle (a table for instance) [85].
On the other hand, if the height is negative, the terrain in front of
the user is likely either a descending stair or a hole, which can
be again tentatively discriminated by using predefined thresh-
olds. In another approach, the stairs convex edges are identified
from the detected planes, by applying a Concave Hull algorithm
followed by normal based filtering. This methodology is ap-
plied to detect single or multiple steps in both ascending and
descending stairs [119].

After that, a molding algorithm can be applied to compute
the amount of steps and their features such as tread width and
length and height of the riser [103]. Again, different approaches
have been tested, such as PCA or Preemptive RANSAC [98,
103].

Most of the approaches for terrain detection with depth sen-
sors are usually derived from one of the processes described



] ]
! point cloud or ! !
—p| Filtering |+
: depthdata | | fitering : I' 1
R 1
I : I 1 Terrain ———p Stair/Step 1
1 I ¢ 1 i Normal . . | Recognition I
I 1 | Transformation [ Estimation | Plane detection [— Approach —|—b| Ramps !
I : | Down I (TRA) _I’ Ground I
I | ! sampling 1 I
1 ! 1 I I
1 : "——————.—' T ——— == = = = = = - ] 1
| | Pre-processing | Normal based I TR{\____ 1 Ramps i
: Accelerometer I classification ;' ! | I
| data (IMU) | 1 | HE— —:P Ground :
I Unevenness
] o A —— i
: I | P! point Descriptor g —:—P Uneven terrain :
| [ -
| | Methods applied after Normal estimation I I
] I
| ! T T T T Y——— T T | I
I 1 | Gradient | 1
| I | .| computation ! !
» - N ] I 1
\ | | and directional | TRA | |
I : | thresholding - - +p Stair/Step i
I | I Evaluation or I b o e |t Ground I
I | : »| column map = P Stair/Step I
! | construction I b===—d—sp Ground I
I I T e Pl e P Slopes I
| | [ .| Dimensional | I I
_ _' 1 v reduction 1 L e _ I
Input e e e e e - - = - -
Methods applied after Transformation Output
Figure 11: Overall process of terrain detection systems based on point cloud and accelerometer/IMU data. Typical process starts with point cloud filtering and

down sampling. Then in the transformation step, the point cloud is mapped to the world coordinates. After that, the point cloud normals are estimated, and a plane
detection algorithm is applied. Finally the terrains are detected and modeled. However, there are various other methodologies that can be applied after transformation

or normal estimation processes which lead to terrains detection and modeling

previously. The following sections review some of the most
common among them. According to Fig.11, there are two types
of methodologies: methods used after the transformation step,
and those being applied after the normal estimation process.

Methods applied after transformation: based on depth data,
An algorithm consists in computing the normal gradient and
applying directional thresholding on the depth data in the three
main spacial directions [122]. This algorithm extracts 3D infor-
mation from 2D depth image. It is usually followed by a stair
detection and modeling algorithm for estimating the amount of
steps [123]. This approach has already been applied to assist
visually impaired people [99]. However, based on point cloud,
identifying steps and slopes can be done by applying point
cloud dimensional reduction after the transformation process
[134]. Then, the resulting single dimensional feature is classi-
fied with a neural network algorithm, and stairs can be mod-
eled using 2D RANSAC [79, 135]. An alternative algorithm
for steps and slopes detection relies on the so-called column
map estimation [136, 137]. These maps are constructed through
2D-grid located on the ground plane. Then, the 3D points are
mapped to individual cubes located on the grid. Points lying
outside the cubes are ignored. The evaluation histogram map is
then computed through a voting scheme. This approach can be
used to detect steps, slopes and holes [137, 138]. It has been de-
veloped for legged mobile robots [138, 139], although nothing
precludes its adaptation for human locomotion assistance.

Methods applied after normal estimation: many ap-
proaches can also be applied right after the normal estimation
process. A simple algorithm detects ground and slopes by clas-
sifying point cloud data according to their normal [117]. Then,
the remaining point cloud data are used to detect and model
stair-cases with a histogram based method [117].

Finally, non-traversable or uneven grounds can be detected
using Unevenness Point Descriptor (UPD), again using the nor-
mal vectors estimation [115]. UPD can also detect terrain in-
clinations [126]. This algorithm has been developed mainly for
mobile robots to avoid highly irregular grounds [127]. Again,
nothing would prevent the adaptation of this framework for hu-
man locomotion assistance. Indeed, detecting uneven ground
can be used to warn the visually impaired walking towards an
hazardous zone. Similarly, it could be applied to adjust the con-
trol parameters of a lower limb prosthesis to provide assistance
adapted to uneven surfaces, and thus mitigate the risk of falling
[140].

3.3. Fusion of RGB and Depth Sensors

A RGB camera is a cheap sensor, compact in size, and cov-
ers wide angle and long range. Literature showed that it was
possible to detect various terrain types such as stairs [141],
slopes [142] or ground with a single RGB camera [143]. In-
deed, the process of stair detection in a RGB image is similar
to the one used for depth images, pending that the image is
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converted to gray scale and denoised with appropriate filters
[144]. Another methodology is to train a deep neural network
with RGB images for human locomotion mode classification.
Such systems achieved high accuracy in identifying stairs as-
cending, stairs descending and level ground locomotion modes
[145, 146]. However, more advanced features like dimensions,
or distances can hardly be estimated from such an image. Also,
such sensor is useless in dark environments [147].

Consequently, fusion of depth with RGB images has been
proposed to get better detection results. The depth sensor being
affected by the sunlight, thus the RGB camera is used for stairs
detection in outdoor scenarios [108]. Another approach used
the RGB camera for stair edges detection, and the depth image
for identification of the slopes (ascending or descending) [109].
Similarly, a stair detection system for visually impaired people
assistance combined a RGB camera for stair candidate detec-
tion, and the depth information acquired from stereo images to
exclude false positive candidates based on ground plane detec-
tion [97]. This fusion is also useful for distinguishing between
pedestrian cross walks and stairs to assist visually impaired peo-
ple. Indeed, both generate consecutive horizontal lines in the
RGB image but can be discriminated by using depth informa-
tion [106].

3.4. Summary

Similarly to what we did for systems with proprioceptive sen-
sors only, a list of representative systems embedding exterocep-
tive sensors is provided in Table 2. Moreover, the table reports
the ability of the systems to work in indoor or outdoor envi-
ronments based on the sensor limitation or on the tested envi-
ronments mentioned in the referenced paper. The table further
reports the maximum detection distance.

To have a consistent comparison between systems with pro-
prioceptive and exteroceptive sensors, the prediction time 7')eq
is also reported in Table 2. However, T, is not reported in
most of the papers developing systems with vision or ranging
sensors. They rather tend to report the maximum distance from
which the system can detect the terrains. Consequently, we
computed an approximation of T4 based on the ratio between
the maximum detection distance, and a typical human walking
speed.

According to [148, 149], the comfortable walking speed
of transfemoral amputees is 3.6km/h, and it is 4.53km/h for
transtibial amputees [148]. Therefore, we took 4km/h as an av-
erage between both values. In some papers, the authors did not
mention the maximum detection range of their systems; there-
fore, we considered a typical active range of the sensor that was
used, as reported in its datasheet.

4. Discussion

In the previous sections, we classified terrain detection sys-
tems for human locomotion assistance into two categories de-
pending on whether they rely on proprioceptive sensors only
or on exteroceptive sensors as well. The following paragraphs
review the most important trends that are emerging from this
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extensive reporting, regarding both hardware and software. We
will start with discussing the main trends appearing within each
category. After that, a comparison between both categories is
reported, leveraging several important features.

For systems with proprioceptive sensors only, Table 1
showed that the LDA classifier is the most popular for dif-
ferent sensory systems, either in its original form or pending
some improvements. This is due to the fact that it combines a
low computational cost and classification accuracy being simi-
lar to the one obtained with more greedy non-linear classifiers
[150]. Lowering the computational cost has a direct impact on
the achievable prediction time and sampling rate. The high-
est prediction time has been achieved by combining a LDA
classifier with a dedicated computing engine, namely a FPGA.
However, SVM holds promise to outperform LDA in accuracy
[21, 67], pending a more greedy computational load. We did not
find papers reporting SVM development on dedicated engine
like FPGA. Capacitive sensing have been developed by a small
community. Therefore, there is still some work to be done to
estimate their exact prediction capacities, the most appropriate
classifiers, and the potential development in a dedicated engine.

For systems using exteroceptive sensors, terrain detection
with a single beam ranging sensor did not achieve high pre-
diction time in comparison to systems which use wider range
sensors such as LIDAR or depth camera. However, high predic-
tion time was recorded with single beam ranging sensor when
these sensors are mounted on moving parts of the human body
in such way that they can scan the environment [4]. Terrain
detection by computing the difference between depth images
did not lead to high prediction time. However, depth camera
achieved higher prediction time using point cloud or depth data
based algorithms. The following paragraphs review the main
features of terrain identification systems across both categories
and highlight their respective pros and cons.

Prediction time: prediction time results provided in Tables 1
and 2 clearly show that systems with exteroceptive sensors out-
performs those using proprioceptive sensors. Prediction time of
systems using proprioceptive sensors is strongly influenced by
several user-related and gait-related factors such as the leading
leg and transition type. For instance, previous research showed
that the prediction time of the transition from level ground to
stair ascending is negative when the sound leg is leading and
positive when the prosthesis is leading [49]. Moreover, such
systems typically displayed different prediction times for dif-
ferent transitions when tested with the same user, such as for
the same transition with different users. These differences can
reach up to 500ms [43, 49]. Systems using exteroceptive sen-
sors, i.e. with high prediction capacity, are typically less or not
affected by such factors.

Detection accuracy: the vast majority of systems reviewed
in this paper, and in particular in Tables 1 and 2, achieved high
accuracy. However, this statement has to be mitigated since ac-
curacy might also be sensitive to the user, transition type, and
even gait phase. For instance, [21] reported 99% accuracy for
terrain detection conducted during the stance phase and 95%
during the swing phase of walking. Again, this sensitivity to
user- and locomotion-related features is more prominent in sys-



tems using proprioceptive sensors, i.e. displaying low predic-
tion capacity.

Reliability: proprioceptive and exteroceptive sensors are re-
spectively sensitive to variations in body and environmental
conditions. Exteroceptive sensors like depth sensors are af-
fected by sunlight while stereo cameras cannot work in low
contrast or dark environment. As a result, some of them can
work only in either indoor or outdoor environments. Propri-
oceptive sensors are robust against lighting and weather con-
ditions, so they can be used in a larger spectrum of environ-
mental conditions than those relying on vision. Reliability is
also depending on the capacity of the different systems to work
whatever the user’s dress code. Indeed, systems having no vi-
sion sensor, i.e. with low predictability, can be hidden or worn
under the clothes, while this is typically more challenging for
systems using exteroceptive sensors. The body condition itself
might have an impact on reliability. For instance, lower limb
amputees do not display the same muscle activity as intact peo-
ple. Consequently, EMG sensors would convey different pat-
terns as a function of the level of amputation, skin condition
and socket loading [56]. Similarly, signals recorded by contact
capacitive sensors will tend to drift because of slip of the sen-
sory bands due to sweat and movements. This will eventually
cause wrong terrain estimation if the system is not periodically
re-calibrated. These body-related factors have thus a stronger
influence on in systems using proprioceptive sensors. Finally,
the learning curve that is typically displayed by people using an
assistive device such as a powered artificial leg might also have
an impact on reliability. Again, a gait recognition algorithm
based on proprioceptive sensors would have to be periodically
re-calibrated following the user’s learning curve [67]. However,
it is likely that systems based on vision sensors, i.e. with high
prediction capacity, would be less sensitive to changes in lo-
comotion patterns. Hence, such periodic re-calibration training
may not be necessary.

Usability: systems with exteroceptive sensors can provide an
accurate modeling of the terrains in front of the subject. There-
fore, they provide a surrogate of vision to visually impaired
people in order to help them achieving their path planning, i.e.
planning of their locomotion trajectory. Indeed, vision-based
sensing can be translated into a signal that is perceived by an
intact sensory modality of the user. For instance, an audio tone
can be delivered to convey several features such as terrain type
or distance to obstacle. Interestingly, these vision-based strate-
gies can be swiftly applied to assist not only visually impaired
people, but also lower limb amputees and people with gait dis-
orders. In particular, terrain modeling turns to be critical for
adapting the control strategy of an assistive locomotion device
at the right time, i.e. just when the terrain transition is faced. In
contrast, proprioceptive sensors can be deployed only for peo-
ple having both an intact exteroceptive system — and thus man-
aging their own path planning — and capable of producing vol-
untary muscle contractions and/or movements; this is why they
have been developed mostly to assist people with lower limb
amputation. In contrast, people with lower limb amputation
may not prefer using exteroceptive sensors which are mounted
on their body (above the clothes) since they may not like their
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assistive system to be visible.

Computational load: systems using exteroceptive sensors
need higher computational power than systems which use pro-
prioceptive sensors only. In particular, vision based systems
with depth camera provide a large amount of data about the en-
vironment, and this data has to pass through multiple processes
for detecting the corresponding terrains. This has a negative
impact on the size of the hardware and battery that the user has
to carry when using such assistive systems. In contrast, sim-
pler data are obtained from proprioceptive sensors, and these
data can be classified with single layer classifiers (e.g., LDA
and SVM) with smaller and lighter hardware. Moreover, sys-
tems with proprioceptive sensors using these classifiers achieve
comparable classification performance as more complex classi-
fiers such as artificial neural networks (ANN) which need more
computational resources [21, 36].

5. Conclusion

In this paper, we reviewed many sensory systems that were
developed to identify terrains during locomotion tasks, and in
particular in order to identify the locomotion intention of a dis-
abled user across different possible tasks (flat ground walking,
stairs ascending/descending, etc.). We sorted these systems into
two categories, i.e. these deploying proprioceptive sensors only,
and those further relying on exteroceptive sensors like vision-
based devices. This last category is only emerging in the field
of locomotion assistance, but we further reviewed contributions
from mobile robotics that could be adapted to assist human
users. This review brought the conclusion that exteroceptive
sensors are necessary if the assistive device requires to antici-
pate the locomotion transition by more than one step, i.e. what
we denoted to correspond to high prediction capacity. Owing
to the emergence of active assistive devices for locomotion like
exoskeleton or bionic prostheses, it is likely that such proprio-
ceptive sensors will become a key ingredient to promote syn-
ergetic behavior between the user and the device in different
locomotion contexts. The paper ended with a discussion high-
lighting specific challenges related to these exteroceptive sys-
tems, such as usability, and reliability.
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