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Abstract—Automatic gait measurement and analysis is an
enabling tool for intelligent healthcare and robotics-assisted
rehabilitation. This paper proposes a novel two shank-mounted
inertial measurement units (IMU)-based method on gait
analysis and classification for three different neurological
diseases. The IMU-based gait analysis and design aims to be
applied in personal daily activities and environment for remote
diagnosis and rehabilitation guidance. In the design, eight
spatial-temporal and kinematic gait parameters are extracted
from two shank-mounted IMUs. A support vector
machine-based classifier is developed to classify four types of
gait patterns with different neurological diseases (healthy
control, peripheral neuropathy, post-stroke and Parkinson’s
disease). A total of 49 subjects are recruited and 93.9% of them
are assigned to the right group after the leave-one-subject-out
cross validation. The results demonstrate that the proposed
IMU-based gait parameters and classifier are capable of
differentiating the four types of gait patterns. The analysis and
design have great potentials for use in clinical applications.
Index Terms—Medical robots and systems, human-centered
automation, gait detection and classification, healthcare
automation.

I. INTRODUCTION
Gait disturbance is a common symptom in various
neurological diseases such as post-stroke and Parkinson’s
disease. Gait analysis and classification is often used as a
clinical tool for detecting and diagnosing these diseases [1].
With emerging machine learning techniques, automatic gait
classification and disease diagnosis becomes an active
research area in the field of intelligent healthcare and
automation [2]. Automatic gait classification is important for
understanding and extracting the main characteristics of the
gait disturbance and therefore benefits the developments of
healthcare automation technology [2] and robotics-assisted
gait rehabilitation [3], [4].
Motion capture systems and force platforms are typical
equipment for automatic gait analysis in laboratory settings.
Various gait parameters measured by these systems, including
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spatial-temporal parameters (e.g., stride length and cadence),
kinematic parameters (e.g., range of motion of lower-limb
segments and joints), and kinetic parameters (e.g., moments of
lower-limb joints), have been considered for determining
abnormalities in gait pattern and used for automatic gait
classification [5], [6]. Gait analyses of healthy individuals and
patients with neurological diseases (e.g., post-stroke [6], [7],
Parkinson’s disease [8], hereditary spastic paraplegia, cerebral
palsy [9] and cruciate ligament deficient [2]) or the same
disease in different stages [10], [11] have been studied and
reported. Many machine learning-based methods such as
artificial neural networks [11], cluster analysis [10] and
support vector machine (SVM) [12] are used in these gait
detection and diagnosis studies and the reported results
achieve high classification accuracy varying from 91.3% to 98%
[2], [7], [8], [10-12].
Although motion capture systems and force platforms
provide adequate and high-precision measurements, they are
inconvenient to monitor human motion in personal daily
activities and environment due to their high cost and restricted
usage spaces. Wearable inertial measurement unit (IMU) is a
newly-developed alternative tool for gait analysis in personal
daily activities [1], [13]. Various studies have been developed
using IMUs on lower limbs to estimate spatial-temporal and
kinematic parameters of gait [14]. The cyclic patterns of
angular velocity and acceleration measured by IMUs are often
used for detecting gait events to extract temporal parameters
including gait phase duration and cadence [15]. Pendulum
models [15]-[17] and integration of angular velocity and
acceleration [18] are used to estimate the motion of lower
limbs to extract spatial parameters including walking speed
and stride length, and kinematic parameters including the
motion ranges of lower-limb joints and segments [14]. These
IMU-based gait parameters have been widely applied in
clinical studies, to evaluate the gait disturbance [19], [20] and
characterize the gait pattern [21], [22] of neurological diseases.
Some of them have even been used for the human-robot
interactions in robotic assistive devices to help the devices
adapting to the patient’s motion and gait [23], [24].
A few studies also used IMUs for differentiating and
classifying gait types caused by different neurological
diseases. Table I summarizes the major IMU-based gait
classification studies for various diseases. Different with the
motion capture system-based studies that used the gait
parameters for classification, time- and frequency-domain
features of IMU measurements are often proposed and used in
these approaches [25]-[27]. It is maybe more convenient to
extract these time- and frequency-domain features than to
estimate the gait parameters by the IMU measurements. These
features can be used to classify the different gait types with an
accuracy of about 90%. However, it is challenging to build

TABLE I.
Study

Setting of IMUs

EXISTING STUDIES ON IMU-BASED CLASSIFICATION

Types of gait

Features

Classifiers

Accuracy

Mannini
et al.,
2016 [25].

Three IMUs on both
shanks and lumbar spine.

Healthy elderly,
post-stroke and
Huntington’s disease.

6 Hidden Markov Models
features; 12 time- and
frequency-domain features of
IMU measurements.

Hsu et al.,
2018 [26].

Several combinations of
seven IMUs attached on
lower limbs and trunk.

Post-stroke and other
neurological disorders.

192 time-domain features of
IMU measurements and 17 gait
temporal features in total.

Testing the
performance of
five classifiers.

89.1% (the highest) when
using two IMUs on shanks
and Decision Tree classifier.

Caramia
et al.,
2018 [14].

Several combinations of
eight IMUs attached on
lower limbs and trunk.

Healthy and three
different stages of
Parkinson’s disease.

87 features in total extracted
from 8 spatial-temporal and
kinematic gait parameters.

Testing the
performance of
six classifiers.

96% (the highest) when using
all eight IMUs and majority
voting of these classifiers.

Sejdic et
al., 2014
[27].

One 3D accelerometer on
lower back.

Healthy, Parkinson’s
disease and peripheral
neuropathy.

35 time- and frequency-domain
features of acceleration.

No classifier,
analyzing
p-values.

Not reported.

relationship between these time- and frequency-domain
features from IMUs with actual gait disturbances and then to
characterize gait patterns of patients with diseases. This
shortcoming would reduce the clinical application value by
using wearable IMUs. Hsu et al. [26] combined some
temporal gait parameters for gait classification. However, the
lack of spatial and kinematic parameters in the approach
would cause the incompleteness to describe the gait pattern.
Caramia et al. [14] estimated various spatial-temporal and
kinematic gait parameters from eight IMUs on the lower-limb
segments and the trunk for gait classification, and obtained a
high accuracy of 96%. However, the large amount of IMUs
would cause inconvenience and discomfort in personal daily
activities.
The goal of this study is to propose and validate a novel
method to characterize and classify different gait types by
using only two shank-mounted IMUs. The main advantage of
the approach lies in its easy and convenience usage in personal
daily activities and environments for remote diagnosis and
robotics-assisted gait rehabilitation. In this study, gait
parameters are estimated by the two IMUs to characterize the
gait patterns. Because of the limited measurements of the two
IMUs, most kinematic parameters used in the existing works
(e.g., the ranges of lower-limb joint rotation [5], [14]) cannot
be estimated and obtained. Instead, a novel set of five
kinematic parameters are proposed and estimated to capture
the key characteristics of the linear ankle motion and shank
rotation. As ankle and shank are on the distal part of lower
limbs, most of the dysfunctions of lower-limb segments and
joints would cause the deviations of ankle and shank motion
[28]. The new set of kinematic parameters provides valuable
information to detect the gait abnormalities. We also estimate
three spatial-temporal gait parameters that are commonly used
in previous gait evaluation studies [19], [20]. This work
recruits four groups of subjects, including healthy control
group and three patients groups with peripheral neuropathy,
post-stroke and Parkinson’s diseases, respectively. The
proposed eight gait parameters are used to characterize the gait
pattern of each group. A SVM-based classifier is developed to
classify the four types of gait patterns. Leave-one-subject-out
cross validation [25] and statistical analysis are also
implemented to validate the performance of the proposed
method. The proposed approach can be extended for real-time
gait diagnosis and classifitication and further integrated with
robotics-assisted rehabilitation applications.

SVM.

90.5%.

II. METHOD
A. Gait Detection Sensing System
Fig. 1 shows the system used in this study for gait
classification. Two IMUs (InvenSense MPU-6050, including
a 3D accelerometer with a range of ±8g and a 3D gyroscope
with a range of ±1000°/s) are used in the system. Each IMU
was attached close to the ankle on each shank and positioned
in the shank sagittal plane on the lateral side. The x-axis of
each IMU was along the shank in the sagittal plane; the y-axis
was in the anterior-posterior direction to the shank in the
sagittal plane; and the z-axis was in the mediolateral direction
to the shank and perpendicular to the sagittal plane. For the
convenience of defining gait parameters, a global coordinate
system was also defined. The P-axis of the global coordinate
system is along the direction of progression; the V-axis is
along the direction of gravity; and the L-axis is in the
medio-lateral direction. The IMU measurements were
sampled and collected at a frequency of 100 Hz. A database
sub-system was built to store and analyze the collected data.

Figure 1. The proposed system for gait classification.

B. Participants and Protocols
The subject groups in this study include eight patients with
peripheral neuropathy (PN) caused by n-hexane, thirteen
patients with post-stroke (PS), fifteen patients with
Parkinson’s disease (PD), and thirteen healthy controls (HC).
The three types of diseases were selected primarily for their
impacts on clinical significance and also their different clinical
symptoms in gait patterns caused by different nervous system
disorders [20], [26], [27]. The inclusion criteria of the patients
were their obvious gait disturbances that were evaluated and

 (1) Stride length (SL): the linear displacement between
two adjacent landing points.

determined by therapists. These patients can walk
independently and the healthy controls did not report to have
any dysfunction in motor system. Table II lists the information
of each group of subjects. All subjects gave their informed
consent for inclusion before they participated in the study.
This study was approved by the Medical Ethics Committee of
School of Medicine at Zhejiang University [29]. The project
identification code is 2018-005.
TABLE II.

 (2) Gait cycle duration (GD): the duration between two
adjacent heel-strike events.
 (3) Percentage swing phase (PSP): the duration between
adjacent toe-off event and heel-strike event divided by
GD.

INFORMATION OF PARTICIPANTS
Heighta
(m)

Weighta
(Kg)

Agea
(year)

Group

Number
of subjects

HC

13

1.67 ± 0.11

67 ± 12

49 ± 20

PN

8

1.64 ± 0.04

57 ± 4

40 ± 8

PS

13

1.69 ± 0.10

71 ± 16

61 ± 15

PD

15

1.63 ± 0.08

61 ± 11

76 ± 7

 (4) Max ankle velocity (MV): the maximum value of
ankle velocity in P-axis (Fig.1) direction during the gait
cycle.

Gender
7 males,
6 females
3 males,
5 females
9 males,
4 females
9 males,
6 females

 (5) Max ankle height (MH): the maximum value of ankle
displacement in V-axis direction during the gait cycle.
 (6) Ankle horizontal displacement at MH (MHD): the
ankle displacement in P-axis direction when MH occurs.
 (7) Range of shank motion (RS): the range of the
integration of IMU z-axis angular velocity during swing
phase.

a. Mean ± S. D.

The participants were asked to walk straight in preferred
speed with the IMUs for more than 12 meters on a flat floor.
For each participant, the proposed gait parameters were
estimated by the IMU measurements for the middle ten steps
under steady walking state in the walking trial. These data and
estimation were used for training and validating the proposed
gait classifier. All the participants were included in the further
analysis.
As a preliminary clinical application, seven of the PN
subjects were tested another time by the developed classifier
after they have recovered from neuropathy and are going to be
discharged from hospital.
C. Gait Parameters Used for Classification
Eight gait parameters were proposed in this study to
characterize the gait pattern. These gait parameters were
estimated in each gait cycle based on methods developed in
[15], [16] and [30]. Heel-strike and toe-off gait events were
firstly detected according to the cyclic pattern of z-axis
angular velocity of the shank-mounted IMU using the method
in [15]. Heel-strikes were used to separate the trial into gait
cycles. Toe-off was used to separate gait cycle into swing
phase and stance phase. The next step is calculating the motion
trajectory of IMU during each gait cycle by the integration of
angular velocity and acceleration [18], [30]. To reduce
accumulated error due to integration, zero velocity state of the
ankle motion was detected and compensations were calculated
in each stance phase for resetting and correcting the IMU’s
motion [30]. The ankle motion trajectory was then calculated
from the trajectory of IMU by the relative position between
them. To avoid the influence of the IMU location variation
among the subjects, during each gait cycle the P-axis
(progression direction) of the global coordinate system (Fig. 1)
was reset as along the connection between the last and the
newly calculated landing points of the ankle. The
corresponding L-axis (medio-lateral direction) was also reset.
Based on the detected gait phases and calculated motion
trajectories, three spatial-temporal gait parameters and five
kinematic gait parameters were extracted and these eight
parameters are listed and described as follows.

 (8) Kinematic Asymmetry (KS): a parameter that
describes the asymmetry between the motion of human
left side and right side. KS was calculated as


∆

2

KS = √∑7𝑖=3 ( 𝑖 ) 
𝜎𝑖



where ∆𝑖 is the difference of the ith gait parameter
between two continuous steps of left side and right side;
𝜎𝑖 is the standard deviation of the ith gait parameter in the
steps from healthy subjects.
Considering their dependences on subject’s biomechanical
parameters, gait parameters SL, MV, MH and MHD were
normalized and divided by subject’s height. Some subjects
have severe asymmetry of the left-side and right-side motions
and this would cause the great differences among left-side and
right-side gait parameters. Thus, except the asymmetry
parameter KS, the rest seven parameters used in the classifier
training and validating were all the average value of the
current step and the following step on the other side.
D. SVM-Based Classifier
A SVM-based classifier was developed to classify the four
different types of gait patterns. Ten walking steps were
collected in each subject, and each step was classified
independently.
Leave-one-subject-out (LOSO)
cross
validation [25] was performed. This implies that for the
validation of each subject, the 480 steps from the rest 48
subjects were used for training a classifier and the 10 steps of
this subject were used for testing the classifier. An algorithm
was developed and implemented in MATLAB (MathWorks,
Inc., Natick, MA, USA) for the training and validation process.
Fig. 2 illustrates the process schematic of the algorithm.
The basic principle of the classifier was to differentiate
the abnormities in gait pattern among the four subject groups.
The normal range of gait pattern was defined by the gait
parameters of healthy group in the training dataset. As
intrinsic correlation exists among these eight parameters in
healthy group, a simple calculation of the abnormality of each
gait parameter cannot reflect the abnormal relationship [31].
Thus, a principal component analysis-based method was

applied in this study. This method would determine the
intrinsic underlying correlation among the eight gait
parameters, and produce a new set of uncorrelated parameters
from the original parameters set. The new parameters set
indicates the abnormalities of both the gait parameters and
their relationships. In the following, we briefly describe this
method.



𝑤 ∙ 𝑦 + 𝑏 = 0



where 𝑤 is an eight-dimension coefficient of the function, 𝑦 is
the set of uncorrelated parameters given by (3), and 𝑏 is the
bias vector. The distance 𝑑 of a data point away from the
SVM hyperplane is calculated as


𝑑 = (𝑤 ∙ 𝑦0 + 𝑏)/‖𝑤‖



where 𝑦0 is the set of uncorrelated parameters of the data
point, and ‖𝑤‖ is the norm of 𝑤. The positive value of the
distance indicates that the data point is in the range of the
corresponding group. A larger distance value means the larger
possibility of the data point being assigned in the group. To
finally assign the data point, the distances of the data point
away from the four SVM hyperplanes of the four groups were
compared and the data point was assigned in the group with
the largest computed distance.
E. Statistics Analysis
To present the extent of the difference in gait pattern
between patient groups and healthy group, a normalcy index
(NI) developed in [31] is introduced and calculated as a metric
for each subject. The NI is the Euclidean distance between the
sets of uncorrelated parameters of the patient and the healthy
mean (zero point)

Figure 2. Process schematic of training and validation of the proposed
classifier.

NI = √∑8𝑖=1 𝑦𝑖2 



The higher NI value means the greater abnormality of gait
pattern.

The proposed classifier contained four SVMs, and each
SVM was used to distinguish the steps in one group from the

𝑧𝑖 = (𝑥𝑖 − 𝜇𝑖 )/𝜎𝑖 
 steps not in the group. To validate the performance of each
SVM, sensitivity and specificity [22] were calculated as
where 𝑥𝑖 is the ith origin gait parameter; 𝑧𝑖 is the ith
standardized gait parameter; and 𝜇𝑖 , 𝜎𝑖 are the mean and 
Sensitivity = 𝑇𝑃/𝑃

standard deviation of the ith gait parameter of healthy steps in
Specificity = 𝑇𝑁/𝑁

the training dataset, respectively. The standardization 
eliminates the impact of the different scales among these where 𝑃 and 𝑁 are the total number of steps from the group
parameters. A covariance matrix of the standardized gait and not from the group respectively, 𝑇𝑃 is the number of the
parameters of healthy steps and its eigenvalue–eigenvector steps that were in the group and correctively assigned by the
pairs were then calculated. Based on the eigenvalue– SVM, and 𝑇𝑁 is the number of the steps that were not in the
eigenvector pairs, a new set of uncorrelated parameters were group and correctively assigned by the SVM.
calculated as
To validate the overall performance of the proposed
1

𝑦𝑖 =
𝑧 ∙ 𝛼𝑖 
 classifier, the overall accuracy on classifying the individual
√𝜆𝑖
steps into the four groups is calculated as
where 𝜆𝑖 and 𝛼𝑖 are the ith eigenvalue–eigenvector pair,
Accuracystep = 𝑇𝑠𝑡 /𝐴𝑠𝑡 ∙ 100%

respectively, 𝑦𝑖 is the ith new parameter, and 𝑧 is the set of 𝑧𝑖 . 
The next step is to train SVMs with the new set of where 𝑇𝑠𝑡 is the number of the correctly classified steps and
parameters. One SVM was trained for distinguishing the data 𝐴𝑠𝑡 is the total number of steps of all subjects. To validate the
points of one group of subjects from the other groups. Thus classification accuracy of each group, a confusion matrix is
four SVMs were trained for the four groups in total. The SVM implemented and lists the detailed results of correct
library of MATLAB R2014a [32] was applied for the SVM classifications and misclassifications in each group [25].
solver. Linear kernel function and Sequential Minimal
Majority voting is applied for analyzing the performance
Optimization (SMO) method were used during the training of the proposed classifier on classifying the subjects into the
process.
four groups [25]. This implies that a subject would be
The final step is to assign the data points of testing dataset classified into the group where the majority steps of the
into the four groups. For each group, the separating subject are assigned. When a tie exists, the subject would be
classified into the group with the larger mean value of the
hyperplane of SVM is expressed as
The gait parameters were firstly standardized as

distance calculated by (5). The overall accuracy on subject
classification was calculated as


Accuracysubject = 𝑇𝑠𝑢 /𝐴𝑠𝑢 ∙ 100%



where 𝑇𝑠𝑢 is the number of the correctly classified subject and
𝐴𝑠𝑢 is the total number of subjects. A confusion matrix is also
implemented.
The influence of the gait parameters estimation errors on
the classification accuracy needs to be investigated. The
estimation accuracy of parameter GC and PSP depends on the
accuracy of detecting heel-strike event and toe-off event. A
previous study showed that the mean error of the method
applied in this study on detecting heel-strike and toe-off were
-14 and 23 ms respectively [33]. The estimations of parameter
SL, MV, MH and MHD have been validated by seven PN
subjects with a motion capture system (T40S, Vicon Motion
Systems Ltd., UK) in our pervious study. The
root-mean-square errors were 2.3 cm for SL, 3.0 cm/s for MV,
1.0 cm for MH and 1.9 cm for MHD. To quantify the influence
of each estimation error, the reported error is used to the
proposed classifier by adding the value of error on the
corresponding parameter in testing dataset. The change in
overall classification accuracy is finally calculated.
III. RESULTS AND DISCUSSIONS
A. Results
Fig. 3 shows the differences on distribution of each gait
parameter among the four groups. The NIs calculated by (6)
were 3.7 ± 0.7 (mean ± S. D.) in HC group, 9.0 ± 1.0 in PN
group, 21.7 ± 16.0 in PS group and 7.4 ± 3.7 in PD group.

TABLE III.

SENSITIVITY AND SPECIFICITY OF EACH SVM

SVM

Sensitivity

Specificity

HC vs. non-HC

0.900

0.886

PN vs. non-PN

0.788

0.844

PS vs. non-PS

0.800

0.894

PD vs. non-PD

0.933

0.903

TABLE IV.

CONFUSION MATRIX OF INDIVIDUAL STEP
CLASSIFICATION1
Classification Output

Actual
Group

HC

PN

PS

PD

HC

118 (90.8%)

5 (3.9%)

2 (1.5%)

5 (3.9%)

PN

2 (2.5%)

62 (77.5%)

15 (18.8%)

1 (1.3%)

PS

10 (7.7%)

9 (6.9%)

108 (83.1%)

3 (2.3%)

PD

3 (2.0%)

3 (2.0%)

2 (1.3%)

142 (94.7%)

1

Each line lists the numbers of the steps (percentages of the steps) in the actual group that were
classified into the four groups. Correct classifications are in bold.

CONFUSION MATRIX AFTER MAJORITY VOTING2

TABLE V.
Actual
Group

Classification Output
HC

PN

PS

PD

HC

12 (92.3%)

1 (7.7%)

0 (0.0%)

0 (0.0%)

PN

0 (0.0%)

7 (87.5%)

1 (12.5%)

0 (0.0%)

PS

1 (7.7%)

0 (0.0%)

12 (92.3%)

0 (0.0%)

PD

0 (0.0%)

0 (0.0%)

0 (0.0%)

15 (100%)

2

Each line lists the numbers of the subjects (percentages of the subjects) in the actual group that
were classified into the four groups. Correct classifications are in bold.

after incorporating the reported estimation error of the
heel-strike event or MHD into the classifier, and reduces less
than 2% after incorporating the estimation error of the toe-off
event, SL or MV into the classifier. However, 5.6% reduction
of classification accuracy was resulted after incorporating the
reported estimation error of MH.

Figure 3. The distribution of each gait parameter among the four groups:
HC, PN, PS and PD. Each point represents the mean value of the gait
parameter of a subject. The parameters have been standardized as (2) for
the convenience on presentation and comparison.

The sensitivities and specificities of the four SVMs
contained in the proposed classifier are shown in Table III.
The overall accuracy on classifying individual steps into the
four groups is 87.8%. After the majority voting, the overall
accuracy on classifying the subjects into the four groups is
93.9%. Confusion matrixes are used to show the detailed
results of the correct classifications and misclassifications.
Table IV lists the confusion matrix for the results of individual
step classification. Table V lists the confusion matrix for the
results of subject classification after the majority voting.
We also test the influences of the gait parameters
estimation errors on the overall accuracy of individual step
classification. The classification accuracy reduces less than 1%

Seven of the PN subjects were tested later by the
developed classifier after they have recovered from
neuropathy and are going to be discharged from hospital. Six
of them were successfully classified into healthy group.
B. Discussions
In this study, a novel method on classifying different types
of gait by two shank-mounted IMUs was proposed and
validated. In total of 49 subjects divided into four groups (HC,
PN, PS and PD) were recruited. The overall accuracy of the
proposed method on individual step classification reached to
87.8% with the LOSO cross validation. After majority voting
of the classification results of the steps, 93.9% of the subjects
were classified into the right group. This indicated that the
proposed method is capable of differentiating between the
four types of gait.
Compared with the existing studies [2], [7], [8], [10]-[12]
that used the parameters measured by motion capture systems
or force platforms for gait classification, less gait information
was used in this study because of the small number of used

IMUs. The approach has attractive features such as
light-weight, low-cost, non-intrusive for human movement
and personal daily activities. Even using less information, the
proposed classifier obtained an accuracy of 93.9%, which
reached a similar level to those in the above-mentioned studies
(91.3% to 98% accuracy).
The previous studies [14], [25]-[27] have used IMUs for
classifying many different types of gait patterns (see Table I).
Time- and frequency-domain features of IMU measurements
were proposed and used in many studies [25]-[27]. These
features classified the different types of gait with accuracy of
about 90%. However, few of them are applied for gait analysis
in clinical studies due to the difficulty of relating them with the
actual gait disturbances and to characterize gait patterns of
different diseases. The three spatial-temporal parameters used
in this study have been applied in clinical gait analysis and the
remaining five kinematic parameters quantified the motion
deviations of lower limbs. Compared with the time- and
frequency-domain features, the proposed set of gait
parameters provides additional clinical application value.
Hsu et al. [26] also used several temporal gait parameters
for the classification and reached an accuracy of 89.1%.
Compared with the results in [26], additional spatial and
kinematic parameters were used here for describing the gait
pattern, and a higher accuracy (93.9%) was obtained. Caramia
et al. [14] used many spatial-temporal and kinematic gait
parameters extracted from eight IMUs for gait classification
and reached a high accuracy of 96%. Compared with the
approach in [14], only two shank-mounted IMUs were used in
this work, which improves the applicability for personal daily
activities. The set of kinematic parameters in this work was
newly developed and was extracted from the linear ankle
motion and shank rotation. Most of the dysfunctions of
lower-limb segments and joints can cause the deviations of
ankle and shank motion [28] and our development was
inspired by this observation. Four types of patient gaits were
classified in this study by the same set of gait parameters and
this is new compared with the existing studies [14], [25]-[27].
In addition, Fig. 3 showed the differences on distribution of
the proposed eight gait parameters among the four groups.
Each type of gait pattern showed its own characteristics on the
distribution of the eight gait parameters. All of the comparison
results indicate the superior performance and attractive
features of the proposed approach than the existing methods.
The study has good potential for further applications. As a
preliminary application in this study, seven PN subjects took a
second test by the proposed classifier after they have
recovered, and six of them were successfully assigned into
healthy group. This indicates the potential application in the
area of intelligent diagnosis. The proposed IMU system can be
also applied for robotic devices on walking assistance and
rehabilitation training. The automatically calculated gait
pattern and classification information can help these devices
adapting to patient’s gait and designing personalized
rehabilitation [4], [34]. In addition, the proposed classifier can
extract targeted index for evaluating a certain type of gait. NI
calculated by (6) was used as a single metric to quantity the
extent of a patient’s gait deviating from healthy gait. However,
as mutual scope of NI existed among different patient groups,
it is challenging to only use NI to distinguish and diagnose

these patients. This work showed that the characteristics of a
gait pattern caused by the disease can be quantified by the
distance to corresponding hyperplane calculated by (5).
Comparing with NI, this distance can be regarded as a more
sensitive and targeted index for the gait evaluation and
identification. It could be applied in many clinical applications
such as providing treatment feedback and assessing the
probability of suffering a disease.
Although the proposed gait parameters showed good
performance to differentiate the four gait types, the selection
of gait parameters still deserves further studies. As shown in
Tables III to V, there exist some misclassifications. The most
severe one was that 18.8% of the steps from PN group were
assigned into the PS group. This indicated that additional gait
information was required for differentiating gaits of PN and
PS. The influences of the gait parameters estimation errors on
the classification accuracy were tested in this study. Most of
the estimation errors did not produce any significant influence
on classification except that the estimation error of MH caused
a large accuracy reduction (5.6%). The MH should be
considered for being replaced by other alternative parameters
that contain the similar information but can be estimated
precisely. Several previous studies include the variance of the
parameters as features in the classification, with the
consideration that the patient walking gait is more unstable
than healthy people [14]. The variance parameters would be
considered in further study to improve the current
classification accuracy. The time- and frequency-domain
features in [25]-[27] would also be considered and combined
with the proposed gait parameters in this study to provide
additional information for the classification.
There were some other limitations in this work. Even
though the subjects in a group have the same type of disease,
their impairments in nervous system can be different. This
would cause different sub-types of gait patterns [11]. However,
no sub-group was set in this study. In addition, the clinical
evaluations by therapists were missing. They are important for
evaluating the actual motor system disorders by clinical
symptoms and these evaluations are helpful for understanding
the scope of work of the proposed classifier.
IV. CONCLUSION
This study proposed a novel method on classifying four
types of gait (HC, PN, PS and PD) with two shank-mounted
IMUs. A new set of eight gait parameters estimated by the
IMUs was proposed for characterizing the gait pattern under
each type of disease. Using the two IMUs, a SVM-based
classifier was developed for the gait analysis and classification.
Although less IMUs were used and more types of gait were
classified compared with previous studies, the proposed gait
parameters and classifier showed a good performance on
classifying the four gait types with a similar level of
classification accuracy (overall accuracy 93.9%) to the
existing studies. The approach has great potentials for further
applications on intelligent diagnosis, healthcare automation
and robotics-assisted rehabilitation. Future work would be
focusing on extending the set of gait parameters to reduce the
misclassifications and improve the classification accuracy.
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