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Abstract—Locomotion mode classification is one of the most im-
portant aspects for the control of powered lower-limb prostheses.
We propose a wearable capacitive sensing system for recognizing
locomotionmodes as an alternative solution to popular electromyo-
graphy (EMG)-based systems, aiming to overcome drawbacks of
the latter. Eight able-bodied subjects and five transtibial amputees
were recruited for automatic classification of six common loco-
motion modes. The system measured ten channels of capacitance
signals from the shank, the thigh, or both. With a phase-depen-
dent linear discriminant analysis classifier and selected time-do-
main features, the system can achieve a satisfactory classification
accuracy of % % and % % for able-bodied
subjects and amputee subjects, respectively. The classification ac-
curacy is comparable with that of EMG-based systems. More im-
portantly, we verify that neuro-mechanical delay inherent in ca-
pacitive sensing does not affect the timeliness of classification deci-
sions as the system, similar to EMG-based systems, can make mul-
tiple judgments during a gait cycle. Experimental results also in-
dicate that capacitance signals from the thigh alone are sufficient
for mode classification for both able-bodied and transtibial sub-
jects. Our investigations demonstrate that capacitive sensing is a
promising alternative to myoelectric sensing for real-time control
of powered lower-limb prostheses.

Index Terms—Capacitive sensing, linear discriminant analysis
(LDA), locomotion mode classification, lower-limb prosthesis, gait
classification, wearable sensing system.

I. INTRODUCTION

P ROSTHESES play an important role in amputees’ daily
life. Most existing commercial lower-limb prostheses are

energetically passive. While they greatly improve the quality of
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lower-limb amputees’ life, these passive lower-limb prostheses
have deficiencies as they are associated with more metabolic
power and asymmetrical gait pattern [1]. As a result, powered
lower-limb prosthesis is gaining popularity in the research field
[1]–[9]. Control of a powered lower-limb prosthesis is a major
challenge as the device must “intelligently” recognize people’s
locomotion patterns and flexibly adjust control modes in a
timely manner [10]–[15].
Electromyography (EMG) signals, either conveyed by

surface or intra-muscular electrodes, contain rich informa-
tion from which an actor’s movement intention can be
detected and recognized. EMG-based pattern classification
for upper-limb movements has been investigated for long
with remarkable establishment in data segmentation, fea-
ture extraction and classification [16]–[20]. EMG has even
been applied in the control of prosthetic hands and other
upper-limb assisting devices [21]–[23]. Compared with the
research on upper-limb prostheses, studies of lower-limb
movement classification using EMG are limited [7], [10],
[24], possibly due to high demands for safety and sta-
bility of lower-limb prostheses. Early investigations on
EMG-controlled transtibial prostheses required the amputee
to intentionally contract tibialis anterior, medial and lateral
gastrocnemius to trigger a transition between control modes
of level-ground walking and stair descent [10]. This con-
trol scheme is unintuitive and intermittent, falling short of
fluent prosthesis control. Later studies systematically applied
pattern recognition algorithms to EMG data streams, aided
by mechanical signals, to automatically classify locomotion
modes [7]–[9]. Though real-time classification is not yet
achieved, these studies have generated promising results that
are leading us towards viable and practical solutions for
intelligent lower-limb prostheses.
Thoughbeingwidelyused,EMGsignalshaveafewlimitations

for its implementation in prosthesis control. EMG signals
are weak signals with microvolt-level intensity. Thus, they
are difficult to measure and demand for dedicated signal
amplification. Noninvasive surface EMG electrodes are widely
used for EMG signal collection since invasive electrodes are not
commonly accepted by people. However, surface EMG signals
are prone to factors such as muscle fatigue and perspiration
[25]. Sweating can also disturb EMG signals. To achieve
good signal-to-noise ratio, the powered prosthesis has to be
equipped with a well-designed hardware system that is able to
amplify, filter and process EMG signals under the constraints
of mobility and cost. Another concern is the availability of
residual muscles for reliable EMG measurement on amputees.
The sites suitable for placing electrodes are limited and they vary

1534-4320 © 2013 IEEE



CHEN et al.: LOCOMOTION MODE CLASSIFICATION USING A WEARABLE CAPACITIVE SENSING SYSTEM 745

substantially across amputees. Taken together, the limitations
of EMG signal and its measurement hinder its application
to prosthesis control.
In the present study, we propose a wearable capacitive

sensing system that is low-cost, simple to implement yet
capableofperforming locomotionmodeclassificationaccurately
with acceptable delays. The capacitance signals reflect fine
changes of leg shapes caused by muscle contractions during
locomotive movements. They carry characteristic information
about locomotion state such as specific gait phases and gait
mode transitions. As indications of movement intention, these
signals lag behind neural signals recorded directly from cortex
but they closely follow behind EMG signals with delays of
tens of milliseconds [26]–[28]. The capacitive sensing has
been applied to human movement classification [29], [30] with
promising performance. However, this technique has never
been applied in locomotion mode classification for amputees.
We designed a wearable capacitive sensing system with simple
circuits and tested its performance in eight able-bodied subjects
and five transtibial amputees. With selected feature sets and a
simple phase-dependent linear discriminant analysis classifier
(LDA), our system can achieve comparable, if not better,
performance in recognizing locomotion modes with current
EMG-based systems [7]. Importantly, our system partially
overcomes the deficiencies of EMG systems and offers a
low-cost alternative for intelligent prosthesis design.

II. MEASUREMENT SYSTEM

We first realized that leg shape changes constantly, driven by
stereotypical but well-coordinated muscle contractions during
locomotion. Our main goal is to record these shape changes on
the shank and the thigh with two separate arrays of capacitors
[Fig. 1(a)]. Each set of capacitors are mounted on a customized
plastic band (Klarity Medical and Equipment, Guangzhou,
China): 17 receiver electrodes made from copper sheets are
mounted on the inner surface (seven for the shank and 10 for
the thigh) and one transmitter electrode mounted separately
above the band. The impedance between the transmitter
and the receiver will vary if the capacitance of the material
between them (the soft tissue of human leg in particular) is
changed according to , where is the frequency
of the driven signal that remains constant in our system. The
capacitance is determined by a number of factors, such
as the area of the electrodes, the distance and the dielectric
constant between electrode pairs.When the area and distance are
constant or change very little, the capacitance mainly depends
on the properties of the material between the electrodes such
as its shape and structure [29]. Thus, the leg shape changes
can be signified by impedance measurement from capacitor
arrays that surround the leg. To register reliable readings from
sensors, the sensing band was molded according to individual
subject’s leg shape. Insulating rubbers were pasted between
electrodes to prevent the band from undesired slipping.
We designed the sensing front-end to indirectly measure

the capacitance [Fig. 1(b)]. The transmitter electrode, the
impedance and the resistor in series make a current

Fig. 1. (a) Sensing front-end used on the thigh. Electrodes are made from
0.3-mm-thick copper sheets and firmly attached to the inner surface of a ther-
moplastic ring. Area of each copper film is about 5 2.5 cm . (b) Illustration of
the sensing front-end design. Magnitude of the signal on the receiver electrode
is influenced by movement-induced leg shape changes. Signal intensity is
quantified by rms values of raw voltage readings.

loop, which is excited by a 100 kHz sinusoid signal from the
transmitter. Data measured from the sensing front-end is fed
into the processing circuits [Fig. 2(a)], which can process up
to ten channels of signals. The oscillation module (MAX038)
on the circuit generates the driven signal. To minimize wave-
form distortion, the signal is amplified by the driver module
before applying on the front-end. Root mean square (rms) of
raw voltage readings is computed for individual electrodes.
It is sampled by a ten-channel 12-bit ADC-integrated Micro-
programmed Control Unit (MCU) and then transmitted to a
computer. This rms signal is treated as raw signal for pattern
recognition. Depending on the subject, the estimated capac-
itance between electrode pairs is within nF and the
average dielectric constant is about .
Two footswitches are mounted on subjects’ shoes to register

foot contact events [Fig. 2(b) and (c)]. A detection circuit is inte-
grated on the measuring system accordingly. A trigger signal is
generated and sent to the main circuit whenever the footswitch
contacts or leaves the ground. The main circuit samples the ca-
pacitance data and the footswitch data at a frequency of 1 kHz
and passes them to the computer via Universal Asynchronous
Receiver Transmitter (UART).
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III. METHODS

A. Subjects and Experiment Protocol

Eight able-bodied subjects and five transtibial amputee sub-
jects participated in the study and providedwritten and informed
consent. Able-bodied subjects’ age was
years, height was m, and weight was kg.
The amputee subjects’ age was years, height was

m, and weight was kg. They wore their
own prostheses during the experiment. Average ratio between
the length of the residual shank (the distance between patella to
the amputated site) to that of the sound shank (measured from
patella to malleolus lateralis) was .
For able-bodied subjects, two capacitive sensing bands were

worn on the thigh and the shank, respectively [Fig. 2(c)]. Half
of the subjects wore the band on the left leg and the other half
on the right. For the shank, we placed the band above the most
prominent part of the calf to prevent the band from slipping. The
other band was placed above the knee at the lower portion of the
thigh. Transmitter electrodes were placed on bony areas or po-
sitions where muscle changes are minimal. The position of the
sensing band was adjusted for each subject when first mounted
to guarantee good sensor reading and comfort. Subjects then
familiarized themselves for the tasks to be performed. During
these familiarization trials, we manually selected five channels
on each band that exhibited greatest signal changes. Only these
channels were recorded for later analyses. In practice, the elec-
trodes on the lateral and posterior sides of the thigh and the lat-
eral side of the shank were often chosen. The transtibial am-
putees only wore the thigh sensing band on the amputated leg
and all ten channels were measured and analyzed.
Six locomotion modes were examined in our experiment:

standing, sitting, stair ascent, stair descent, obstacle clearance,
and normal level-groundwalking.We selected these locomotion
modes for two considerations. First, these locomotion modes
occur most frequently in daily life. Second, they demand for dif-
ferent controlmodes for powered lower-limb prostheses. Lateral
turns (turning left or right on the level ground) were omitted as
they share similar control schemes with level-ground walking.
Each mode was performed in trials. For standing, subjects were
asked to stand still for 10 s in a trial. For sitting, all the able-
bodied subjects and four of the five amputee subjects were re-
quired to sit on a 42-cm-high chair while the remaining amputee
subject on a 65-cm-high chair in his favor for 10 s. For stair as-
cent and descent, subjects walked up and down a four-stair stair-
case. Each stair was 75 cm in width, 40 cm in depth, and 15 cm
in height. All the able-bodied subjects and two of the amputee
subjects could climb stairs with a normal alternating pattern. The
other three amputee subjects walked down one stair at a time for
stair descent. For obstacle clearance, subjects were required to
step over eight obstacles that were separated 70 cm apart on a
straight and level path. Obstacles were 40 cm wide, 18 cm deep,
and 25 cm high for able-bodied subjects, and they were adjusted
to 40 cm wide, 25 cm deep, and 18 cm high for amputee sub-
jects for safety. For able-bodied subjects, the nontested leg was
required to step over obstacles first, followed by the tested leg.
All amputee subjects stepped over obstacles with the amputated

leg first according to their preferences. For walking, all the sub-
jects walked 13 steps in a straight line at their preferred speed.
We organized the experiment trials into blocks, within which
different movement modes were performed consecutively in a
random but predefined order. Each mode was tested in trials; the
numbers of trials within a block were 5, 5, 6, 5, 15, and 15 for
standing, sitting, walking, obstacle clearance, stair ascent, and
descent, respectively. The trial numbers were chosen in order to
keep the number of steps approximately the same across move-
ment modes. The experiment consisted of seven blocks with a
rest time of min in between. For amputee subjects, the rest
time can be extended to up to 10min by their request.

B. Classification
1) Phase-Dependent Classification: Similar to EMG signals,

capacitance signals are quasi-cyclic (Fig. 3). In other words, ca-
pacitance signals within a gait cycle are phase-dependent and
signal patterns are similar at the same phase. The signals from
amputees exhibit different characteristics due to altered gait pat-
terns but they are similarly quasi-cyclic (not shown). Given
phase dependency of the signals, we performed classification
within specific phases of a gait cycle that were delimited by two
salient events, foot contact (FC) and off (FO) of the ground [7].
FO was determined at the first moment when both footswitches
were off, while FCwas determined at the first moment when one
of the footswitches was on. Anchored on these two events, four
phases were defined as prior to FC (Pre-FC), after FC (Post-FC),
prior to FO (Pre-FO), and after FO (Post-FO). Analyses on sit-
ting and standing did not require phase detection as no foot con-
tact events could be utilized. To make continuous classification
decisions, sliding windows were used on the data stream in each
phase (see below).
2) Feature Set and Classifier: Though capacitance-based

sensing has been proposed for long, there are few systematic
investigations of suitable feature sets for classifying motion
modes [29]. Time-domain features emerged as suitable can-
didates after initial examination of the capacitive signals. We
evaluated an array of time-domain features that included mean,
rms, standard deviation, maximum, minimum, interquartile
range and mean absolute deviation of original signals as well
as those of first-derivatives (including their absolute values)
of original signals. A forward selection method was employed
to select the feature set. Individual features were used for
classification and then the ones that outperformed others were
shortlisted. They were then grouped in pairs and tested again.
The outstanding pair was again shortlisted and added with a
third feature. These steps were repeated until a newly added
feature could not further improve classification accuracy across
subjects. The failure of further improvement was detected
if 1) average improvement in cross-validation accuracy (see
below) across subjects was less than 0.05%, or 2) classification
accuracy decreased more than 0.5% for one or more subjects.
In addition, we evaluated the performance of three classifiers
including LDA (linear discriminant analysis), QDA (quadratic
discriminant analysis), and LR (logistic regression). Their
optimal feature sets were selected separately.
3) Performance Evaluation: To reliably evaluate the clas-

sification performance, we used leave-one-out-cross-validation



CHEN et al.: LOCOMOTION MODE CLASSIFICATION USING A WEARABLE CAPACITIVE SENSING SYSTEM 747

Fig. 2. (a) Architecture of the measurement system. Oscillation circuit generates sinusoid waveforms that are amplified by a driver and subsequently fed to the
sensing-end. Signals from the sensing end and the footswitch are received by the MCU which performs AD conversion. MCU then transmits the data to the
computer. (b) Capacitive sensing system worn on a transtibial amputee subject. (c) Capacitive sensing system worn on an able-bodied subject.

Fig. 3. Raw rms signals recorded from ten capacitive sensor channels during obstacle clearance, walking, stair ascent, stair descent, sitting and standing from
an able-bodied subject. Five signal channels are from the thigh and the other five from the shank. For stair ascent, obstacle clearance, stair descent and walking,
the signals of a full gait cycle are shown. The gait cycle begins at a foot contact with the ground and ends at the next foot contact. For sitting and standing, the
signals shown are randomly selected during a trial with a length of 2.5 s. The solid red line denotes foot contact (FC) and the dash red line denotes foot off (FO).
(a) Obstacle clearance. (b) Walking. (c) Stair ascent. (d) Stair descent. (e) Sitting. (f) Standing.
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(LOOCV) for calculating classification error. Among seven ex-
periment blocks, we randomly selected six blocks as the training
dataset and the remaining block as the test dataset to evaluate the
accuracy of classification. This procedure was repeated seven
times and the overall performance was calculated.
The overall classification error (CE) is calculated by

% (1)

where is the number of mislabeled test events and
is total number of test events.
Precision and recall are defined as

(2)

and

(3)

where and are the numbers of true positives, false
negatives, and false positives for mode , respectively.
As certain modes tend to be more frequently mislabeled as

some other modes, we constructed the confusionmatrix to quan-
tify the error distribution

(4)

where each element is defined as

% (5)

is the number of events in mode that are mistakenly labeled
as mode and is the total number of events in mode . Thus,
higher off-diagonal numbers indicate higher misclassification
rates.

C. Parameters in Classification
The continuous data stream is segmented in order to make

multiple classification decisions within a gait cycle. For our
phase-dependent classification, the parameters that affect data
segmentation include the size of data segment (window size),
the size of phase window (phase size), the increment of data
window (window increment), and the combination of selected
signal channels (measurement location).
1) Window Size: The continuous capacitance data stream is

windowed into segments within which features can be derived.
On one hand, larger windows usually lead to better classifica-
tion accuracy as more relevant information can be extracted. On
the other hand, large windows will cause delay in recognizing a
mode transition and thus compromise real-time prosthesis con-
trol. We therefore need to determine the optimal window size by
trading off between accuracy and response time. We systemati-
cally varied window size between 70 to 190 ms and investigated
its impact on performance.
2) Phase Size: Four phases (Pre-FC, Post-FC, Pre-FO, and

Post-FO) are defined to segment the data stream before per-
forming classification. This phase-dependent classification has

been successfully applied in EMG-based locomotion classifi-
cation [7]. Phase size determines the total amount of data in
the continuous stream that can be used for classification. How-
ever, it is also bounded by the interval size between foot con-
tact events (FC and FO) because overlap of phases should be
avoided. Among our examined tasks, normal walking had the
smallest inter-events interval of 439 and 499 ms for able-bodied
subjects and amputee subjects, respectively.We thus defined the
maximum phase size as 220 ms (half of the minimal interval).
Under this constraint, phase size was varied to evaluate its im-
pacts on classification performance.
3) Window Increment: The data window can be slid within a

phase to make multiple classification judgments. This window
increment determines the delay between decisions and, in
conjunction with window size, the number of classification
decisions. We investigated the effect of window increment by
varying it from 10 to 50 ms.
4) Measurement Location: For able-bodied subjects, signals

from both the shank and the thigh can be measured. But for
transtibial amputees, we can only collected signals from the
thigh. To investigate how much useful information can be ex-
tracted from different locations on the leg, we compared classi-
fication performance that were based on signals from only the
shank, from only the thigh and from both. We also compared
amputee subjects (with thigh sensors only) with able-bodied
subjects with different sensor combinations.

D. Other Confounding Factors

1) Sweating: Sweat between the electrodes and the skin can
influence the capacitance reading and it is inevitable after pro-
longed activity. For some sensors, e.g., EMG, it can influence
recognition performance significantly [25]. Sweating is hardly
noticed for the first half of experiments, while it can be observed
during the last half of experiments. Therefore, the influence of
sweating on our sensing system can be evaluated by comparing
classification performance based on signals from the first three
blocks and performance based on signals from the last three
blocks.
2) Leg Dominance: Gait characteristics are usually different

for the dominant and the nondominant side of the body. This
asymmetry is subtle for the healthy but we want to investigate
whether it affects our classification performance. The possible
influence of leg dominance is also meaningful for amputees as
their affected side can be different. Hence, for healthy controls
half of them wore the system on the left (nondominant) leg and
the other half on the right (dominant) leg. Classification perfor-
mance was compared between these two groups. The amputees
always wore the system on their affected leg.

IV. RESULTS

A. Feature Set and Classifier
Three candidate classifiers (LDA, LR, and QDA) were

examined for feature selection separately. The optimal feature
set for the LDA classifier included mean, maximum, minimum
and rms of windowed signals, whereas it included maximum,
minimum, rms, and standard deviation for the LR classifier and
mean and minimum for the QDA classifier. The classification
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Fig. 4. Classification error for LDA, LR, and QDA in four gait phases. Data
shown are averages SEM across eight able-bodied subjects. These classifica-
tion errors were generated with optimal combinations of feature set, phase size,
analysis window size, and window increment (see below).

performance of three classifiers with their optimal feature sets
and optimal combination of parameters (phase size, window
size, and window increment; see their selection process below)
were compared side by side (Fig. 4). A one-way repeated
measures ANOVA was performed to compare the classification
error from three classifiers for each phase separately. It revealed
that average classification errors for LDA and LR were similar
( % % and % %, respectively). Their
error rates did not differ significantly for all four phases
0.899, 0.567, 0.195, and 0.699 for Pre-FC, Pre-FO, Post-FC,
and Post-FO, respectively). QDA offered worse performance
as it produced significantly more errors % % than
LDA and LR for all the four phases .
Because LDA offered slightly better prediction accuracy and

fast execution, we selected it for subsequent analyses.

B. Phase Size, Analysis Window Size, Window Increment, and
Measurement Location

We first tested whether a real-time classification without
foot contact events could achieve acceptable classification
performance. The classification was conducted with a 150-ms
analysis window and a LDA classifier. Classification errors
with 10-ms and 50-ms window increment were 28.94% and
28.89%, respectively. These results were apparently unaccept-
able for practical use. We subsequently halved the data stream
into stance phase (from FC to FO) and swing phase (from FO
to FC), and performed the same sliding-window classification
within each phase separately. Classification errors for swing
phase were 17.03% and 17.22% for 10-ms and 50-ms window
increment, respectively. For stance phase they were 24.53% and
24.78%, respectively. Again, this pseudo real-time classifica-
tion could not achieve satisfactory classification performance,
suggesting that phase-dependent classification is necessary.
We then used four phase windows as defined in Section III.

Overall, classification error increased when phase size increased
from 150 to 220 ms whereas window increment did not make
significant difference [Fig. 5(a)]. Classification error was sig-
nificantly higher with larger phase sizes ( , one-way

Fig. 5. (a) Average classification errors over eight able-bodied subjects using
10-ms and 20-ms window increments with phase size ranging from 150 to 220
ms. Results are obtained by using a LDA classifier and an analysis window
size of 150 ms. Note that less data is shown for 20-ms window increment than
for 10-ms window increment since the analysis window shifts less often with
a larger window increment. (b) Average classification errors as a function of
window size. Four phases (Pre-FC, Post-FC, Pre-FO, and Post-FO) are plotted
separately. Data are from eight able-bodied subjects with a LDA classifier, a
phase size of 190 ms and a window increment of 20 ms. Error bars and color
shades denote SEMs across subjects.

repeated measures ANOVA). All pair-wise comparisons were
significant, indicating that every increase in phase size led to in-
crease in error. However, this error increase was merely 1.25%
when phase size varied from 150 to 210 ms with a fixed window
increment of 20 ms. The influence of window increment onto
classification performance was also minimal. For example, clas-
sification error increased 0.89% when the increment changed
from 10 to 50 ms with a fixed phase size of 190 ms. Trading
off between accuracy and timeliness of classification decisions,
we set phase size at 190 ms and window increment at 20 ms for
subsequent analyses.
Window size greatly affected classification performance

[Fig. 5(b)]. Smaller window meant that less data was used
for classification and this in turn led to large errors. The error
dropped dramatically with increasing window size but it lev-
eled off around 150 ms. This trend was similar for different gait
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phases. We thus took the average across phases and performed
a one-way repeated measures ANOVA on window size. The
main effect was significant . Pair-wise comparisons
between successive sizes yielded significant effect until 150 ms
onwards. Thus, we selected 150 ms as our optimal window size
as a trade-off between accuracy and response time.
We compared the classification performance with signals

from the thigh, the shank, and from both [Fig. 6(a)]. For all
the four phases, classification using signals from both the
shank and the thigh achieved the best performance while
using signals from the shank alone performed the worst. The
differences were statistically significant for all the four phases
as shown by one-way repeated-measure ANOVA. Post-hoc
pair-wise comparisons confirmed that the best classification
performance was indeed with signals from both the shank and
the thigh and the difference between using shank alone and
using thigh alone was not significantly in all the four phases
( 0.069, 0.112, 0.124, and 0.231 for Pre-FC, Post-FC,
Pre-FO, and Post-FO, respectively). Surprisingly, classification
performance of amputee subjects using signals from the thigh
only was on par with that of the able-bodied subjects. In fact,
the performances were even slightly better than the average
performance of able-bodied subjects in phase Pre-FC and
Post-FO. It should be noted that ten channels of signals were
measured from the thigh for amputee subjects, while only five
channels of signals were measured for able-bodied subjects
from the thigh. Thus, it appears that it is the number of signal
channels that determines the classification performance for ca-
pacitive sensing. We therefore selected all the eight able-bodied
subjects with ten channels of capacitance data from the thigh
[Fig. 6(b)]. Using all ten channels of signals on the thigh
yielded significantly lower classification error as compared to
using only five channels . In addition, we did not
find significant difference between using ten thigh channels and
using five shank and five thigh channels . These
results confirmed our conjecture that it was the number, instead
of locations, of data channels that determined the classification
accuracy. The performance was similar with ten channels of
data no matter whether they were taken from one location (the
thigh) or from two locations (the thigh and the shank). Taken
together, our results imply that satisfactory classification can be
achieved with signals from the thigh alone for the able-bodied
participants as well as transtibial amputees.

C. Other Confounding Factors

We performed separate analyses with data from the first three
blocks and the last three blocks to evaluate possible effects
of sweat. Average errors over eight able-bodied subjects were

% % and % % for these two periods,
respectively. Thus, the accuracy was not significantly different
between these two periods ( , Wilcoxon signed-rank
test), suggesting that sweat induced by long-time use does not
significantly impact recognition performance.
We also compared classification performances with measure-

ments from the dominant leg and with those from the nondomi-
nant. The average classification errors were % % and

% % for the left wearers and the right wearers, re-
spectively. The difference was not statistically significant (

Fig. 6. (a) Classification errors of different combinations of signal channels.
Data are from eight able-bodied subjects. Results are obtained by using a
LDA classifier with 150-ms window size, 20-ms window increment, and
190-ms phase size. (b) Classification errors with different combinations of
signal channels from eight able-bodied subjects who also participated in a
control experiment where ten channels of data were taken from the thigh.
The classification errors from this control experiment and from the original
experiment are shown.

, Mann–Whitney test). Thus, the leg dominance does not
affect the classification performance of the system.

D. Overall Classification Accuracy
With optimal parameters determined above (phase size 190

ms, window size 150 ms, and window increment 20 ms),
we estimated overall classification accuracies, precisions and
recalls for all subjects. For eight able-bodied subjects, average
precisions for obstacle clearance, walking, stair ascent, stair de-
scent, sitting, and standing were

and ,
respectively. Corresponding average recalls were

and
(Table I). Overall classification accuracies were

% % % % % % % %
for Pre-FC, Post-FC, Pre-FO, and Post-FO, respectively. We
also constructed confusion matrixes to assess whether some
modes tended to be mislabeled as some other specific modes
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TABLE I
PRECISION AND RECALL (MEAN SEM) FOR EIGHT ABLE-BODIED SUBJECTS

TABLE II
CONFUSION MATRIX (MEAN SEM) FOR EIGHT ABLE-BODIED SUBJECTS (%)

(Table II). The confusion matrix appeared remarkably similar
across phases. Sitting was most accurately recognized with an
average accuracy of 96.5% over four phases; obstacle clearance
and walking were the two modes with the lowest classification
accuracies of 90.8% and 91.7%, respectively. For Pre-FC,
walking and stair descent tended to be confused with each
other: walking was mislabeled as stair descent 5.3% of the time
and stair descent mislabeled as walking 5.0% of the time. For
Post-FC, stair descent was mislabeled as obstacle clearance
with an error of 4.7%. For Pre-FO, walking was mislabeled
as obstacle clearance 6.9% of the time. For Post-FO, obstacle
clearance and stair ascent were often confused with each other.
For five amputee subjects, average precisions were

and for obstacle clearance,
walking, stair ascent, stair descent, sitting, and standing, re-
spectively. Corresponding average recalls were

and (Table III). Overall classification accura-
cies were similar to those obtained from able-bodied subjects
and they were % % %
and % for Pre-FC, Post-FC, Pre-FO, and Post-FO,
respectively (Table IV). However, phase-dependence of the

confusion matrix was slightly different for the amputees.
Standing and sitting were the two modes with the highest
recognition accuracies of 99.2% and 98.0%. Obstacle clearance
was the most-likely mislabeled modes with average accuracy
of 86.9%. For Pre-FC, obstacle clearance was easy to be
mislabeled as stair ascent (4.8%) and stair descent (4.9%). For
Post-FC, obstacle clearance, walking, and stair descent were
easy to be mislabeled as each other. For Pre-FO and Post-FO,
obstacle clearance, stair ascent, and stair descent were easy to
be confused with each other.

V. DISCUSSION

We validated the use of a wearable capacitive sensing system
for locomotion mode classification in the healthy and in the
amputee. After exploring an array of signal features and clas-
sifiers, we provided evidence that capacitive sensing systems
can achieve excellent classification performance, on par with
EMG-based systems, with appropriately selected feature sets
and system parameters. Our system also delivered excellent
performance with signals measured from the residue limb of
transtibial amputees, further demonstrating its robustness and
the validity. We propose capacitive sensing as a promising



752 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 21, NO. 5, SEPTEMBER 2013

TABLE III
PRECISION AND RECALL (MEAN SEM) FOR FIVE AMPUTEE SUBJECTS

TABLE IV
CONFUSION MATRIX (MEAN SEM) FOR FIVE AMPUTEE SUBJECTS (%)

alternative to myoelectric sensing for real-time mode classifi-
cation in powered intelligent prostheses.
Capacitance-based sensing system is a promising alternative

for the following reasons. First, the system can offer excellent
accuracy and fast response as benchmarked to EMG-based sys-
tems. The average accuracy is 93.6% and 93.4% for the healthy
controls and the amputees, respectively. A combination of a
phase-dependent classification scheme and a 150 ms sliding-
window on the data stream can yield multiple classification de-
cisions within a gait cycle. This result is encouraging since a
crucial concern for using capacitive sensing as an alternative to
EMG is that the capacitance signal, reflecting miniature limb
deformations, is temporally lagged behind muscular activation.
Our results suggest that the small time lag do not affect the
overall classification performance.
Second, the performance of the system is scalable with the

number of signal channels. For healthy controls the system per-
formed substantially better with ten capacitive channels than
with five channels [Fig. 6(a) and (b)]. An interesting finding is
that this performance boost was independent of the locations of
the extra five channels, being on the shank or on the thigh. Fur-
thermore, the performance was equally well for the amputees
and the healthy controls when both groups had all ten chan-

nels on the thigh. These results suggest that measurements on a
single location of the limb can provide sufficient information for
locomotion mode classification in the healthy and amputees.We
postulate that the performance can be further improved if more
capacitive channels are mounted. Note this easy scalability of
the system is another advantage over EMG systems, which are
constrained by limited electrode sites on the residue limb that
are available for collecting quality myoelectric signals.
Third, signal preprocessing in our capacitance-based system

is minimalistic. The raw voltage signal is digitized and numer-
ically converted to rms values without any amplifying or fil-
tering, both of which are mandatory for EMG systems. This
means that preprocessing module for the system can be sim-
plified. Combined with simple capacitance sensors, the overall
cost of the capacitive system is considerably lower than that of
EMG-based systems.
The present investigation constitutes our initial effort for

building intelligent prosthesis control with capacitive sensing.
Based on our experimental results we make the following rec-
ommendations. First, phase-dependent approach is necessary
to achieve acceptable classification performance. Classifica-
tion accuracy was substantially degraded when we applied a
real-time sliding-window scheme to our dataset without consid-
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ering foot contact events. Similar findings have been reported
in studies based on EMG signals [7]. Under the scheme with
foot contact-determined phases, the classification accuracy was
acceptable with a range of phase sizes and window increment
sizes [Fig. 5(a)] as long as a sufficiently large window size
was used. Second, for acceptable performance the window size
for signals should be no less than 150 ms. Larger window of
data led to better performance in general, but its improvement
quickly saturated [Fig. 5(b)]. A window size of 150 ms is
optimal in balancing accuracy and timely response. Third, a
limited set of time-domain features and a simple LDA classifier
suffice for our classification purpose. Unlike EMG signals
spanning a large frequency band, capacitance-based signals,
rms voltage signals in particular, are slow-varying signals
that can be characterized sufficiently well with time-domain
features. We postulate that this is one of the major reasons that
our seemingly simple feature set and a plain LDA classifier can
achieve excellent performance.
The error rate in classification depended on gait phases and

this dependence was slightly different between the amputees
and the healthy controls. For healthy controls, obstacle clear-
ance was prone to being mislabeled as walking and stair ascent
during Pre-FC, while walking and stair descent were often con-
fused with each other. These patterns of classification error were
similar observed in the Post-FO phase, suggesting that leg shape
changes similarly in these locomotion modes during free swing.
Correspondingly, these two phases had the highest overall clas-
sification error rate among four phases. In contrast, for amputees
the average classification error was similar across four phases.
We observed obstacle clearance, stair ascent and stair descent
were easy to be confused with each other during two phases be-
fore and after foot off (Pre-FO and Post-FO). This was probably
caused by the missing of toe joint and ankle joint: they lifted
the prosthetic foot without pushing off the ground as the healthy
controls did at the beginning of swing, which made it similar for
the three locomotion modes. We also found that obstacle clear-
ance, walking and stair descent were often mislabeled as each
other in phase Post-FC. This tendency was possibly related to
the particular way amputees used the affected leg: they preferred
to place the affected (and tested) leg to the lower stair and used it
as a pivot for swinging the untested leg. Similarly, they stepped
over the obstacles with the affected leg first to provide the sup-
port. The passive loading on the tested leg during the support
phases supposedly induced similar leg shape changes.
Our capacitive sensing system, though being promising, has

its limitations and needs further improvements. It is not suffi-
cient to be used independently for an intelligent prosthesis con-
trol system and should be used in combination with other sen-
sors (similar to EMG sensing). In its current hardware format, it
is difficult to mount on the thigh for transfemoral amputees who
probably need to integrate the sensing band into the prosthetic
socket. Its effectiveness in the socket needs further experimental
validation. For example, long-term use of the hard sensing band
in the socket might induce pressure ulcers which might contam-
inate the signal. One potential solution is to replace the current
sensing front-end with fiber sensingmaterials that are more flex-
ible and accurate [29]. Soft fiber material means that it can be
worn at multiple locations, including within socket and on the

unaffected leg if necessary to provide more meaningful motion
information for control and classification.
We are currently using two foot switches on the shoe for pro-

viding trigger signals to segment gait phases. They can be re-
placed with strain gauge mounted at the ankle joint of the pros-
thesis to provide phase detection as well as information about
contact force for better recognition.We believe this will not only
simplify the system but also make it more robust against terrain
changes. We can also quantify capacitive signals by using mea-
sures other than rms of voltage signals. This might open the op-
portunities for finding better feature sets.
Powered prosthetic legs usually have various sensors on-

board, including gyroscope, goniometer, and force sensor
arrays under the foot and within socket, as well as EMG
electrodes [2], [8], [10], [13]. We believe capacitive sensing
can be an important addition to this arsenal given its similar
performance as those of EMG-based systems.

VI. CONCLUSION

In the present study, we propose a capacitive sensing
system as a locomotion mode classification tool for lower-limb
prosthesis control. Our system is simple in design and im-
plementation, yet it offers excellent classification accuracy
and timely response similar to those offered by EMG-based
systems. The capacitive sensing essentially measures shape
changes of the leg during activities; our experiments evidence
that this information, even collected from the residue limb of
transtibial amputees, is sufficient for locomotion mode classi-
fication without much time lags. As a viable and inexpensive
alternative to EMG-based systems, capacitive sensing can be
further improved by continuing endeavors on hardware design,
integration with other sensors and more thorough experimen-
tations.
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