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EVAL cane: Non-intrusive monitoring platform with
a novel gait-based user i1dentification scheme

Yuexiu Xing, Ting Wang, Fen Zhou, Aiqun Hu, Guyue Li, and Linning Peng

Abstract—Considering the particularity of fragile people with
reduced mobility, we design a non-intrusive platform called
EVAL cane to assist and monitor the user’s walking. On the
one hand, it has important walking assistance functions, such
as obstacle warning and fall detection. On the other hand, it
collects user’s long-term walking data in the background, which
may be potential physical health assessment data. Compared
with an ordinary cane, the above two functions are implemented
without any burden on the user’s life. In addition, we have
considered the authentication security for that the walking data
is private. To this end, we propose a novel user identification
scheme leveraging the user walking gait data collected by EVAL
cane. To the best of our knowledge, it is the first time that
the gait information collected by cane is used for reinforcing
monitoring system security. This scheme does not require the user
to remember and enter any identity (such as a password), which is
user-friendly for fragile people. In the scheme, a statistics-based
rough gait feature extraction method is put forward at first.
Then, in order to improve the identification precision, we design
a performance-based feature deletion (PFD) algorithm to remove
bad features. Finally, a minimum Mahalanobis distance classifier
is used. Experimental results show that the user identification
rate without the PFD algorithm can reach as high as 90.48%. In
addition, the PFD algorithm further improves the performance
by about 6%, reaching an excellent result of 96.43%.

Index Terms—Monitoring system, EVAL cane, user identi-
fication/authentication, walking gait, rough feature extraction,
feature refinement

I. INTRODUCTION

CENTLY, the number of fragile people with reduced
mobility, such as the elderly, the blind and the disabled,
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is continuing to grow [1], [2]. The developing technologies
that can help this group cohort live easily and reduce health
risks are receiving increasing attention [3]-[5]. Therefore,
many assistive devices that can also acquire physical and
behavioral data have been investigated, whose data can be used
by the users’ guardians and doctors as a medical knowledge
database [6]. Among them, the sensor-based monitoring sys-
tem has shown great potential. It combines a certain degree of
intelligence to monitor and interpret human motion [7], [8]. In
this research field, platform design and authentication security
are two important aspects worth investigating.

A. Related work of monitoring platforms

Existing platforms of monitoring systems can be divided
into two types: intrusive and non-intrusive. Intrusive moni-
toring systems are stand-alone devices that usually need to
be carried or mounted on the users’ body. Lv et al. [9]
developed a mobile health monitoring system, named iCare,
which realized the real-time emergency response by some
body-sensors, such as Bluetooth accelerometer and Bluetooth
enabled blood pressure. Similarly, a health monitoring system
with a finger-touched heartbeat sensor and a temperature
sensor was designed in [10]. However, those systems that are
independent of the user’s daily life may be uncomfortable and
obstructive to the user. Non-intrusive monitoring systems are
devices that are integrated into the user’s daily necessities,
which collect data during their daily lives, such as smart
watches, smart phones, smart glasses, or smart insoles. For
example, the methods in [11]-[13] collected user data through
sensors on a smart phone, which are typically placed in
users’ pockets or hands. However, for the fragile people who
need to use a cane everyday, such as the elderly and the
blind, these electronic products may be unfamiliar and be
forgotten to carry with [14], [15]. Obviously, a smart cane
with monitoring functions is a better option for cane users
[16]. For example, Saaid et al. [17] developed a smart cane
to help users alert an impending obstacle with an ultrasonic
sensor. Similarly, a cane with a multi-sensor obstacle detection
system was proposed in [18] to warn obstacles exceeding
the physical length of the cane. In addition, a smart cane
with the functions of fall detection and location tracking was
designed in [16]. However, these devices lack the function
of collecting long-term behavior data, which is an important
basis for analyzing users’ physical changes. Therefore, we
implemented a multifunction smart cane that can monitor long-
term walking data for these fragile people, named "human and
environment evaluation (EVAL) cane".



B. Related work of authentication security

Since walking data involves user privacy, authentication as
the first line of data security is necessary, which is essential
to prevent intrusion and fraud [19]. Furthermore, user identi-
fication can help optimize the functions of obstacle warnings,
fall detection, and gait analysis by intelligently learning and
establishing tailor-made rules for different users. Considering
the user-friendliness of fragile people, biometric is a reliable
and effective method of user identification. Human biological
characteristic can be classified into two types: physiological
(such as fingerprints, iris and retina) and behavioral (such as
voice, handwritten signatures, and gait) [20]-[22]. Gait is the
way people walk, which varies from person to person and is
hard to imitate [23]. Therefore, it can be a potential solution
for user identification in monitoring systems [24], [25].

Gait recognition could be categorized into three groups
according to data source [26]. First, the camera-based gait
recognition technology extracts gait parameters from videos
or photos [27], [28]. Its advantage is that the user is free
from wires or sensors. However, videos and photos are likely
to cause serious personal privacy issues. Second, the sensors
network-based gait recognition method recognizes a walking
person by a sensor network fixed on the wall or floor [29].
However, the high cost makes this method unsuitable for
individual users. Third, the sensors-based gait recognition
scheme implements gait classification through a set of sensors
connected to the user’s body or supplies [30]-[43]. This solu-
tion is low cost and suitable for individual users. As shown in
Table I, sensors-based gait can be used to identify both the type
of activity (the work with *) and the user identity. For activity
recognition, Hou et al. [30] simulated radar echos to identify
slow, normal and fast walking respectively. Si et al. [31]
analyzed the recognition of standing, walking and jumping by
force sensitive resistor (FSR). For the identity authentication,
accelerometers installed on the body are commonly used.
Rong et al. [32] and Gafurov et al. [33] achieved 6.7% and
1.6% EER by fixing the accelerometer to user’s waist and
ankle, respectively. The work in [34]-[37] researched the ZJU-
GaitAcc dataset with different methods, such as the speed-
adaptive gait cycle segmentation and individualized matching
threshold generation techniques used in [35]. The combination
of gyroscope and accelerometer is also effective for gait
recognition. Trung et al. [38] collected the gait data of 744
subjects through the waist’s IMUZ sensor (accelerometer and
gyroscope) and smartphone (accelerometer). In addition, Sun
et al. [39] conducted further research with the gait data of
elderly subjects in the literature [38]. San-Segundo et al. [41]
and DamasSevicius et al. [40] researched the gait identification
based on the accelerometer and gyroscope in a smart phone. In
addition, other sensors are also worth studying, such as GPS
in [42], piezoelectric energy harvester (PEH) and electromag-
netic energy harvester (EEH) used in [43]. However, the data
of these work are basically obtained by mounting the sensors
on the human body, and there is a lack of research on gait
identification based on a mobility-related aid like a cane.

C. Our contributions

In summary, the platform design and authentication security
solutions of the monitoring system are still insufficient and
worth studying. Our main contributions are the followings:

o We design a monitoring platform, EVAL cane, for frag-
ile people with reduced mobility. As a daily assisting
equipment, the EVAL cane is non-intrusive for users’
life, which is equipped with various sensors, such as
accelerometer, gyroscope, and FSR. On the one hand, the
EVAL cane can help users walk, such as obstacle alerts
and fall detection. On the other hand, it can collect users’
long-term walking data, which is helpful for guardians
and doctors to analyze the users’ health changes.

o For the sake of data privacy and system security, we
proposed a novel walking-gait-based user identification
scheme. To the best of our knowledge, this is the first time
that gait identification is used in a cane-based monitoring
system authentication. Compared with sensors mounted
on the human body, collecting data with sensors installed
on a cane is an indirect way, which brings new challenges.
To achieve the goal of user identification, we propose a
rough gait feature extraction method. First, two walking
datasets (in units of time and step, respectively) are
obtained from a variety of collected sensor data after
preprocessing. Then, various statistics of each sensor data
in these two datasets are calculated as the user’s rough
gait feature. This method has a good scalability in both
sensor type and statistical type expansion.

o To improve the precision of user identification, we pro-
pose further a performance-based feature deletion (PFD)
algorithm. It can remove bad rough gait features accord-
ing to the validation set in the training phase. Since there
is some useless or disturbing information in the unsimpli-
fied raw sensor data and statistics, reasonable refinement
of rough features is required. After PFD algorithm, the
user identification performance is effectively improved. In
addition, the feature dimension is reduced, which means
a simplified computation.

o« We verify the functions of the EVAL cane and the
performance of the proposed user identification scheme.
Except for the accurate obstacle alerts and fall detection,
experimental results show that the EVAL cane can also
effectively record users’ long-term walking data. For the
gait-based user identification, the IR without the PFD al-
gorithm can be as high as 90.48%. Then, it was improved
by about 6% through the PFD algorithm, reaching an
excellent result of 96.43%. In addition, the PFD algorithm
also reduced the EER from 16.83% to 10.48%

The remainder of this paper is organized as follows. Section
IT introduces the EVAL cane platform. Section III gives the
system of the gait-based user identification scheme. Section
IV and Section V present the rough gait feature extraction
method and PFD algorithm, respectively. Section VI shows
the experimental results and performance evaluation. Finally,
Section VII concludes this paper.



Table I
RELATED WORK OF SENSOR-BASED GAIT RECOGNITION
Author Devices and Sensor Sampling Method Dataset Results
position rate
* Hou / / / PC-IRNN simulated radar echos (slow, 1IR: 99.13%
et al. [30] normal and fast walking)
* Si FSR402 FSR / support vector machine and fractal one subject (standing, IR: 93.57%
et al. [31] (shoes) analysis walking and jumping)
Rong MMA7260 250Hz DTW algorithm 35 subjects (5 records each) EER: 6.7%
et al. [32] (waist)
Gafurov MRS (ankle) cycle matching method 30 subjects (4 records each) EER: 1.6%
et al. [33]
Zhang ADXL330 SP, sparse coding, CSCC IR: 95.8%
et al. [34] (upper arm, L00H 153 subjects EER: 2.2%
. . z
Sun pelvis, wrist, . speed-adaptive gait extraction, (12 record§ each), IR: 96.9%
et al. [35] thigh, ankle) individualized threshold generation 22 subjects
Zeng RBF neural networks (6 records each) IR: 96.2%
et al. [36]
Qin FRNN IR: 98.4%
et al. [37]
Trung four methods by Rong et al. [44], 744 subjects (two level walk, EER:
et al. [38] Gafurov et al. [33], Derawi et a up-slope walk, a 14.3%, 14.3%,
IMUZ sensors, al. [45), and Trung er al. [46) down-slope walk each ) 15.8%, 20.2%
Smartphone 100Hz - - -
Sun et (waist) gait template synthesis, 64 subjects (two level walk IR: 96.7%
al. [39] Accelerometer, arbitration-based score level fusion sequences each)
Damasevicius MotionNode Gyroscope random projections, PDF 14 subjects EER: 5.7%
et al. [40] (front right hip) (12 activities, five trials each)
San-Segundo Smartphone 50Hz i-vector based approach 30 subjects (a total of 240 EER: 6.1%
et al. [41] (waist) actvity)
Zhang Smartphone Accelerometer, / mutual information 8 subjects (250 seconds each) IR: 98.4%
et al. [42] (pant pocket) GPS model, PCA, SVDD, and LSTM 2 subjects (200 seconds each)
Xu PEH, EEH PEH, EEH 100Hz KEH-Gait 20 subjects (600 seconds IR: 95% (PEH),
et al. [43] (hands) each) 89% (EEH)

Remarks: * represents the work of gait-based activity recognition, IR: identification rate, EER: equal error rate, PC-IRNN: parallel channel identity initialized
recurrent neural network, DTW: dynamic time warping, MRS: Motion Recording Sensor, SP: signature points, CSCC: classifier for sparse-code collection,
RBF: radial basis function, FRNN: fusion recurrent neural network, PDF: probability distribution function, PCA: principal component analysis, SVDD:
support vector data description, LSTM: long short-term memory, KEH: kinetic energy harvesting.

II. EVAL CANE PLATFORM

In this section, we give the details of the EVAL cane
platform.

A. Constitution of The EVAL Cane Platform

Our EVAL cane has two main tasks:

« While assisting the users in walking, collecting their daily
walking data, such as acceleration, angular velocity and
force acted on the handle.

o According to the collected walking data, extracting the
gait features for user identification.

Considering the user-friendliness for fragile people using
electronic products, these two tasks are preferably passive
and complex operations can be avoided. For the first task, we
mainly achieve it through a well-designed monitoring system
platform with appropriate sensors, which will be introduced
in this section. For the second task, we plan to realize it using
gait identification technique, which will be explained in the
following sections.

Fig. 1 is a unified modeling language (UML) class diagram,
which shows the structure of the monitoring system on the
EVAL cane. As it shows, the monitoring system has five inputs
(blue box) and three outputs (red box), which are controlled by

LCD Battery

/IT' + number: int i+ power: int

+ Step_Number(FSR: fsr): int K ! FSR

+ Display(number, Battery: battery, |:/------4---
Temperature: temperature): void h

/| +force: float

Buzzer Temperature

/\+ obstacle: bool ! 7\ + temperature: float

' /| +fall: bool

+ Obstacle_Detection(Ultrasonic: Ultrasonic

/| ultrasonic): bool
i + Fall_Detection(Accelerometer:
; accelerometer): bool

7| + distance: float

Accelerometer

Transmission + 3-axis_acceleration: float

+ Data_Transmission(Accelerometer:
" accelerometer, Gyroscope: gyroscope
, FSR: fsr, Ultrasonic: ultrasonic,

, Temperature: temperature, Battery:
battery, Buzzer: buzzer, LCD: Icd): void

Gyroscope

+ 3-axis_angular_velocity: float

Figure 1. Structure of monitoring system on the EVAL cane.

a microcontroller, i.e., Arduino UNO. The detailed hardware
components and functions are illustrated in Table II. The five
inputs correspond to the data of five sensors (FSR, temperature



Table 11
COMPONENTS AND FUNCTIONS OF THE EVAL CANE

Components Functions
Accelerometer Measure 3-axis acceleration
MPU6050 | Gyroscope Measure 3-axis angular velocity

Temperature sensor | Measure the ambient temperature

HC-SR04 ultrasonic sensor Measure the obstacle distance
FSR
Arduino UNO

16x2 LCD Screen

Measure the force

Microcontroller

Display data

Buzzer Sound prompt
FSRQ Device box:
Arduino UNO and MPU6050
(Accelerometer , Gyroscope ,
Temperature Sensor)
LCD S

screen

Fluorescent
band ﬂ
HC-SR04
Ultrasonic e
sensor

Frontview Backview Side view

Figure 2. Picture of EVAL cane and its various function blocks.

sensor, ultrasonic sensor, accelerometer and gyroscope), i.e,
force, temperature, obstacle distance, 3-axis acceleration and
3-axis angular velocity. The three outputs are respectively lig-
uid crystal display (LCD) screen, buzzer and data transmission
module. The LCD screen can show temperature data, battery
voltage, and step number obtained based on the analysis of
force data. A buzzer is installed to alert an obstacle according
to a configurable distance. For example, if the obstacle gets
closer than 50 cm to the EVAL cane, the buzzer will start to
buzz. As the distance decreases, the volume of the buzzer will
gradually increase. Besides, the buzzer will also buzz when
the cane falls, which is detected by analyzing the acceleration
data. Finally, all sensor data is transmitted to the server.

B. Physical Display of The EVAL Cane Platform

The picture of the EVAL cane is illustrated in Fig. 2, which
includes three views of the whole cane (a front view, a back
view, and a side view), and detailed pictures of all components.
Compared with an ordinary cane, almost all the components
of the monitoring system are integrated into a device box
weighing about 200 g on the pole. The important parts of
a cane, such as handle and base, remain unchanged. It means
that the monitoring system does not affect the basic functions
of a cane.

The detailed pictures show the inputs, microcontroller, and
outputs of the monitoring system. For the five input sensors,

Training Y Identification [ ]
Collect walking data of Collect walking data of a user to
registered users be identified

Extract rough gait
features

Feature Extract rough gait
refinement rules features

* A
4 2

:'I Roughllibrary || Validatlion set |

i# v

: |Reﬁned library | |Reﬁned gait features|

' Refine rough features by T T

' PFD algorithom *

E v

dentify the user identity o
the refined gait features

Store feature
refinement rules

Refine rough library

(Store refined rough library)

Figure 3. Gait-based user identification scheme.

it can be seen that the MPU6050 integrates the accelerometer,
gyroscope and temperature sensor together. Then, it is placed
in the device box and installed on the upper part of the cane
(near the handle), which can reduce the damage caused by the
inevitable collision during use. The FSR is mounted on the
force-bearing area of the handle. When the user is walking
with the cane, it can accurately detect the force exerted by the
hand. The HC-SR04 ultrasonic sensor is fixed at the bottom
of the cane with a protective case to accurately monitor the
obstacles in front of the cane. For the microcontroller, the
Arduino UNO is also equipped in the device box, which
uses inter-integrated circuit (I2C) to communicate with the
input sensors. For the three outputs, the LCD screen and its
control circuit are mounted on the cover of the device box,
which is convenient for viewing. The buzzer is installed on
the bottom of the device box, which maintains the beauty
without affecting the sound volume. The data transmission
component is integrated on the microcontroller. Finally, in
order to improve human-machine interaction, three fluorescent
bands are fixed on the pole so that users can easily find the
cane in a dark environment. In addition, it can remind others
to avoid collisions. Furthermore, a light-emitting diode (LED)
light is integrated on the handle to facilitate walking at night.

III. SYSTEM OF GAIT-BASED IDENTIFICATION SCHEME

Regarding the two tasks of the EVAL cane, the monitoring
system platform introduced in Section II has realized the first
task of collecting walking data while assisting walking. Next,
we propose a gait-based user identification scheme for the
second task to solve the authentication security problem in
data transmission.
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Figure 4. Flow chart of rough gait feature extraction.

Referring to the standard of UML activity diagram, Fig. 3
shows that the gait-based user identification includes two
phases: training and identification, respectively [47], [48]. In
the training phase, the input is the walking data with the
identity label of the registered users. Then, a rough gait
feature extraction method is applied and a rough library and
a validation set are obtained. In addition, we propose a PFD
algorithm to refine the rough gait feature by removing useless
or interfering features. Next, the refinement rules of gait
features are obtained and used to refine the rough library to the
refined library. Finally, both the refinement rules and refined
library will be stored. In the identification phase, the input is
the walking data to be classified, i.e., test samples. Then, the
refined gait feature matrix is obtained after the rough feature
extraction and feature refinement based on the refinement
rules. Finally, the user identity of the input walking data will
be worked out by comparing with the reference features in the
refined library.

In this paper, the EVAL cane was instrumented with five
sensors in all. Since the ultrasonic sensor (used for obstacle
detection) and the temperature sensor have little relationship
with the gait characteristics, only the data of accelerometer,
gyroscope and FSR, are selected to do gait identification. The
acceleration and angular velocity along X-axis, Y-axis and Z-
axis are respectively noted as a;, a,, a, and ry, ry, r,. The
force data collected by FSR is represented as f. It is worth
mentioning that, when the cane is in an upright position, X-
axis is the opposite direction of the gravity and Y-axis is the
forward direction of the walking. We will present the details
about the rough gait feature extraction method and the PFD
algorithm in the gait-based user identification scheme in the
next two sections.

IV. ROUGH GAIT FEATURE EXTRACTION

This section mainly introduces the rough gait feature ex-
traction method, whose flow chart is illustrated in Fig. 4. This
method mainly includes three stages, namely data definition,
data preprocessing and feature extraction. For ease of calcu-
lations, we first define the collected sensor data as a matrix.
Then, in the preprocessing stage, denoising and effective data

selection are performed. In addition, the collected data is
rearranged by footsteps to extract more gait features. Finally,
various data statistics are calculated as rough gait features in
the feature extraction stage. The details will be described as
follows.

A. Data Definition

After data collection, the sensor data set is defined as a
matrix Y containing K column vectors as follows:

Y:[y17y27"'7yK]a (1)

where a column vector yi,k = 1,2,---, K, represents the
collected time series data of a certain sensor. Then, considering
all the sensor data used for gait identification Y can be
rewritten as

Y = [ylay27"' ayK]
= [axaayaazvrzvryvrzaf]a

2

where K = 7 is the number of sensor data types.

In addition, in order to comprehensively extract gait in-
formation, the modulus of total acceleration a and the total
angular velocity r are calculated based on the X-axis, Y-axis,
and Z-axis data as follows:

a(n) = \/agﬂ(n) +a,%(n) +a,2(n),

() = [r.2(0) +1,2(n) + £.2(n), G)
1<n<N,

where NNV is the length of each sensor data, and it is also the
row number of Y. Finally, the collected sensor data set can
be defined as

Y = [Y17Y2»"' 7YK]
= [a,r,am,ay,az,rz,ry,rz,f] .

“4)

Now, the column number of Y becomes 9, i.e. K = 9.

B. Preprocessing

Since the inevitable noise in recorded sensor data will affect
the extraction of gait features, the denoising operation should
be considered. Here, the moving average method is used to
reduce noise [49].

n+w

1
yk(n) = ; Z yk(Z),k = 1727 "'7Ka )

where w specifies the width of the box to be used to calculate
the moving average results.

In addition, the EVAL cane’s power switch needs to be
turned on before walking and turned off after walking during
the test. However, the time interval between turning on the
cane and starting the walk is different for users. Therefore,
the length of the noise data in their recorded data is different.
As a result, the start and end of the user’s walking have to be
detected to pick effective data segments.

Considering that all types of sensor data are recorded
simultaneously, they theoretically start and end at the same
time. Therefore, it is sufficient to select only one type of
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Figure 5. Peak and valley detection of denoised force data.

sensor data for start and end detection. During walking, the
body’s center of gravity moves from the supporting leg to the
other. Meanwhile, the user’s force on the cane’s handle will
change from maximum to minimum. In other words, force
data is periodic and it effectively reflects the user’s walking
movements. The periodicity of the denoised force data f is
shown in Fig. 5, which proves the rationality of the theoretical
analysis. Therefore, force data is selected in this paper to detect
the start and end of the walking.

The two adjacent peaks/valleys in Fig. 5 represent a walking
cycle. Each cycle indicates that the user has taken two steps.
Each peak or valley represents one step. Then, all peaks and
valleys of f can be detected by MATLAB functions as

[pks(n),locs(n)] = Findpeaks (f) ,1 <n < NP.  (6)

where Findpeaks is the function of detecting peaks and
valleys, pks and locs represents the value and index of
peaks/valleys in f, respectively, NP is the length of pks. Next,
we chose the first peak and last valley as the start and the end
of the walking, respectively. As a result, the effective data
segment matrix of the sensor data described in (4) can be
expressed as

t

N —t =t —=t
Y = [YIaYQv"' 7YKJ ) (7)
=t =t =t =t =t =t =t =t gt
= [a , T ,aw,ay,az,rwry,rz,f} .
where ¥i,i = 1,2,..., K" represents the sensor data after

effective data segment selection, K* = K = 9 is the number
of sensor data types in Y .

In addition, since walking is a periodic movement that
occurs with stepping cycles, we further consider rearranging
the data by footsteps, so that gait features can be extracted
from another dimension. During the start and end detec-
tion above, the information of all peaks and valleys in f,
pks(n),locs(n),n = 1,2,--- NP in (6), has already been
obtained. Thus, the data in footsteps, ?p, can be easily
obtained by extracting the sampling points corresponding to
all the peaks and valleys in data Y, However, since the data
in footsteps lost the speed information, we calculate the length
of step periods to describe the walking speed as

vP(n) = loes(n) —locs(n — 1),1 < n < NP, (3)

where locs(0) is defined as zero. Finally, the sensor data
matrix in footsteps is obtained as

YP — [P wP 4

Y _[ylaYQ7"' aYK:D]a
— |a?.77.a2. a2 . aP. 7 . 7. 7P fL. VP ©)
= |a ,I' 7az7ay7az7rm7ry7rz’ 7V

where KP = Kt +1 = 10.

C. Feature Extraction

Statistics are indispensable for data analyzing and testing
in statistical theory [50]. Thus, a common task in identity
authentication is exploiting the statistics of data as the identity
features [51], [52]. In theory, every step of the users can
reflect their walking habits. However, on the one hand, the
gait information contained in the single-step data is insufficient
to represent the user’s identity. The change process in multi-
step is also an important part of the gait characteristics. On
the other hand, single-step walking data is susceptible to
interference by random factors, such as pauses. It is reasonable
to extract stable features from a period of walking data.

In this paper, seven statistics of data set Y and Y
are extracted as gait features. For ?t, the statistics vec-
tors are maximum(a!), minimum(3!), range(v!), mean(ut),
variance(o?), skewness(n?) and kurtosis(s?) [53]. Thus, the
statistics gait feature matrix of Y, i.e. S is

St = [s},sh, - sty sk 10
_ [at,ﬁt,7t7ut’at’nt7gt]T7
where K® = 7 is the number of statistics types. Obviously, the
statistics gait feature matrix of ?p, i.e. SP, can be obtained

by the same operation as

)

(an
I

D _ [P <P D p 1T
S7 = [sh,sh, - st sk

=[a?, 87,47, uP, o' 0P, cP
Finally, the rough gait feature matrix can be expressed as
e =[S, s"]. (12)

Its row number is the number of statistic types, i.e. K° = 7.
The number of columns is the sum of the sensor data types
in S* and S?, i.e. . K! + KP = 19. Therefore, the number of
gait features in the ® is N" = 133.

It can be seen that changing the number of sensors types
K, KP? and the number of statistical types K* will not affect
the above feature extraction process. Therefore, the sensors
and statistics can be flexibly selected in practical applications,
and the scalability of the rough gait feature extraction tech-
nique is evidenced.

V. GAIT FEATURE REFINEMENT USING PFD ALGORITHM

The rough gait feature matrix © is obtained through the
rough gait feature extraction method. However, the types of
sensor data and statistics have not been filtered. Thus, there
may be some useless or interfering features in ®, which
have negative impact on user identification. In light of this,
we propose a PFD algorithm to effectively refine ®, which
mainly includes two parts, single feature identification and gait



Algorithm 1 PFD Algorithm
Inputs:
Rough library €2; and its sample number Nj;
Rough validation set €2, and its sample number N,;
Feature number of a rough gait feature matrix, N" ;
Threshold of feature selection, A = [A1, A2, -+, An,].
Outputs:
Refinement rules I(M);
1: Initialize the IR w = [];
{Single feature identification}
2: for k=1:N" do
3:  Initialize correct identification number N.(k) = 0;
4. fori=1:N, do
5
6

Normalize validation sample €2, (G) ) and € .

Q(©.) = argmin MH (2;(0; k), 2,(0;]k));
j=1:N,
7 U(Qu(O.) = U(€,(©)) then
8: N (k) = N.(k)+1
9: end if
10:  end for
11: w(k) = N(k)/Ny
12: end for
{Gait feature refinement}
13: for m=1: N, do
14:  Index of refined feature matrix I(m) = (w > Ap,);

15:  Refine feature matrix, ®” = @(I(m)), to obtain refined
library €2] and validation set €27 ;

16:  Initialize correct identification number N.(m) = 0;

17: fori=1:N, do

18: Normalize validation sample 7 (©7) and €].

19: Q@) = arg min MH (] (O7), Q(O7));
J=1:N,

20: if U(Q](© )) = (QT(GT)) then

21: N.(m) = N.(m) +

22: end if

23:  end for

24 w(m) = N.(m)/N,

25: end for

26: Calculate M = arg max(w(m));

m:l:NA
27: return Refinement rules: Index matrix I(M);

feature refinement. Firstly, in the training phase, some rough
features with low recognition ability are removed based on the
performance threshold and the IR of the validation set. Then,
the best threshold can be found according to the performance
of the refined feature matrix. Thus, the refinement rules are
obtained, which can be used in the identification phase directly.
Algorithm 1 details the entire process of this algorithm.

A. Single Feature Identification

In order to identify useless features, the PFD algorithm first
calculates the identification performance of each single feature
in the rough feature matrix ®. As shown in Fig. 3, rough gait
features with user identity labels can be divided into rough
library €2; (sample number N;) and rough validation set €2,
(sample number NN,) in the training phase. Next, the IR of

the validation set corresponding to each single feature in the
rough feature matrix © is calculated.

As shown in line 5 of Algorithm 1, we first normalize
the i-th validation sample Q,(0©;),: = 1,2,--- N, and
the rough library €2;. Then, considering that gait features
extracted from data of various sensors are related and have
different dimensions, linear classifiers (such as Euclidean
metrics) have limitations. A minimum Mahalanobis distance
classifier MH(-,-) is used, which can automatically account
for the scaling of the coordinate axes, as well as for the
correlation between the different features [54]-[56].

©(0,) =argminMH (£,(0,]k), Q,(0;]k)),
j=1:N, (13)

k:1a27"' 7Nra

where k is the index of the selected single feature in the rough
feature matrix, ©;(©.) is the closest sample in the rough
library to the validation sample €2,(©;).

The condition for correct identification is:

Uu(©.)) = U(2(85)), (14)

where U(-) represents the user identity label corresponding
to a feature matrix. Then the IR w of every single feature is
calculated in line 11:

] N T: (15 )
where N.(k) is the number of correctly identified samples
corresponding to the k-th feature.

B. Gait Feature Refinement

After obtaining the IR of every single feature, we first
remove useless features by setting a set of feature selection
threshold A = [A1, Ag, -+, An, ], where N, is the threshold
number. Taking m-th threshold as an example, the index of
the corresponding features with IR higher than A,, can be
calculated as

I(m) =

(W > Am)- (16)

Thus, each rough feature matrix can be refined as ®". Then,
the refined library €27 and validation set 27 are obtained.
Next, we calculate the IR of the refined feature matrix "
corresponding to the threshold )\,, as given in line 19 of
Algorithm 1,

Q] (0]) = argminMH (] (07), 2,(67)).

1Ny a7y

After the checking and statistical process of lines 20 and 21
in Algorithm 1, the final IR w(m) corresponding to A, is
obtained in lines 24. Finally, the optimal feature refinement
index matrix, i.e. refinement rules, can be obtained as I(M),

where
M = arg max(w(m)).

m=1:N) (18)

This algorithm is only implemented during the training phase.
In the identification phase, the rough feature matrix of the test
sample can be refined directly according to refinement rules
I(M) .
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Table 111

INFORMATION OF EXPERIMENT OBJECTS

Subjects | Height | Weight | Age | Gender | Speed (m/s)
No. 1 178 cm | 92 kg 22 Male 1.17 + 0.30
No. 2 168 cm | 54 kg 26 Male 1.06 + 0.26
No. 3 165 cm 56 kg 28 Female | 0.85 £ 0.40
No. 4 180 cm | 90 kg 29 Male 0.99 + 0.28
No. 5 160 cm 60 kg 37 Female | 0.84 & 0.34
No. 6 173 cm 74 kg 37 Male 1.10 £ 0.36
No. 7 183 cm | 90 kg 60 Male 1.13 £ 0.15

VI. PERFORMANCE EVALUATIONS
A. Experimental Setup

An experiment of walking with EVAL cane was designed
to verify the the functions of EVAL cane and collect users’
walking data for user identification. The walking scene of the
experiment was a straight line of 20 m with a flat road surface,
which was set in an empty corridor of the office building (the
walking path and experimental photo are shown in Fig. 6).
Seven subjects (5 male, 2 female; Age: 22 - 60) were asked
to walk 15 times at their normal speed with the EVAL cane,
whose detailed information are illustrated in Table III. The
sensors’ data are collected at a low sampling rate: about 6
Hz. The measuring range of accelerometer is +4 g and the
maximum readable value of gyroscope is set to 250 degrees
per second. In the gait-based user identification experiment,
the training set (library and validation set) and the test set were
randomly selected from 15 measurements of each subject.
In addition, before formal experiment, each subject has been
given 15 minutes to get familiar with walking with the EVAL
cane.

B. EVAL Cane Platform

The functions of EVAL cane can be divided into two main
categories: assisting walking and walking data collection.
o Assisting walking: basic information display, obstacle
detection, and fall detection.

Figure 7. Basic information display on the LCD screen.

300 : 1
|
T 250 | 108

o I : é
® 200 - | 3
% ‘ {06 2
2 150 | 2
2 | . 04 5
& 100 - | —+— Obstacle distance N
17 —%— Buzzer sound level =
S A 102 @

O 50 A 3 .

0 + A L 0

0 20 40 60 80 100 120

Sampling point (n)

Figure 8. Obstacle detection.

The basic information, such as step number, battery power,
and ambient temperature are displayed on the LCD screen.
For example, Fig. 7 displays that the number of walking steps
is 0, the remaining battery power is 36%, and the ambient
temperature is 21 degrees centigrade.

In order to verify the function of obstacle detection, we
experimented with the scenario that the user gradually walked
to an obstacle with the EVAL cane. In addition, we set the
obstacle reminder only when the obstacle distance is less than
50 cm. The buzzer sound lever is a function of the obstacle
distance. However, this obstacle distance data detected by the
cane is not linear. Therefore, we display the curve of obstacle
distance and buzzer sound lever simultaneously with walking
time (i.e., sampling point) in Fig. 8. As shown by the left side
of the dotted line B, the obstacle distance curve is stepped,
gradually decreasing from about 250 cm to 50 cm. The buzzer
remains muted at the same time, which matches the program
settings. Then, as the distance of the obstacle continues to
decrease (right of the dotted line B), the buzzer starts to sound,
and the closer the distance, the louder the sound.

Besides, since the alarm or emergency calls after a fall is a
basic function required by the user, it was also integrated into
the EVAL cane. when the user falls, the cane will quickly fall
to the ground. At this time, compared to normal walking, the
3-axis acceleration will change rapidly and greatly. As shown
in Fig. 9, the X-axis acceleration increases rapidly from -1
to 4, and the Y-axis and Z-axis acceleration decrease from 0
to -4. Then, when the cane is re-centered, the acceleration
data returns to normal. Therefore, we detect a user’s fall by
detecting a sudden change in 3-axis acceleration data and then
issue a loud warning. In addition, we found that the duration
of drastic acceleration change is only 2 sampling points (about
320 ms) during falling. It is difficult to help users in such a
short time. However, before the drastic acceleration changes,
there is a process during that the acceleration differs from its
value of normal walking (lasts about 7 sampling points, i.e.
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Figure 9. Fall detection.

1100 ms). As shown by the dotted circle in the Fig. 9, the
acceleration of X-axis gradually changes from -1 to about 0,
and that of the other two axis change from 0 to about -1. This
process reflects the non-normal walking of the user, which will
be researched in our future work.

o Walking data collection

Regarding the walking data collection, we mainly recorded the
data of accelerometer, gyroscope, and FSR, which can well
reflect the user’s walking characteristics. Taking the data set
of subject No 1 as an example, Fig. 10 shows the collected
acceleration, angular velocity and force data.

Fig. 10(a) displays the 3-axis acceleration data. It can be
seen that the X-axis acceleration is concentrated around -1
without an obvious period. The main reason is that the X-axis
is the opposite direction of gravity and the up/down movement
of the cane is not obvious during walking. In contrast, the
forward acceleration in the Y-axis caused by walking, and the
left acceleration in the Z-axis caused by the natural swing of
the body are prominent when walking with a cane. Therefore,
the Y-axis and Z-axis acceleration are periodic data, which
fluctuate around O with a range of about 0.5. Obvious peaks,
such as the value of a, at the 42nd sampling point and the
value of a, at the 87th sampling point, are caused by the
accidental impact of the cane on the ground.

The 3-axis angular velocity data are exhibited in Fig. 10(b).
Echoing the acceleration data, the Y-axis and Z-axis data
have the consistent and obvious periodic changes. However,
although the X-axis angular velocity can be considered as
periodic data, it is not obvious. In addition, the amplitude of
the Y-axis data is significantly larger than that of the other two
directions.

Fig. 10(c) illustrates the clear cycle characteristics of the
force data, and the cycle length is basically stable. Each cycle
of force data represents that the user has walked two steps.
Therefore, this data can be effectively used to monitor user’s
walking.

C. Rough Gait Feature Extraction

After walking data collection, the next task is gait-based
user identification. This subsection mainly introduces the
process and results of rough gait feature extraction method.

First of all, we denoise all the walking data by a moving
average method. Taking force data as an example, the com-
parison of the data with and without moving average (f and
f) are illustrated in Fig. 11. It is obvious that some glitches
in the peaks are eliminated, which is useful for step detection.
Then, as described in Section IV, two walking data sets ?t
and Y” in units of time and step can be obtained from the
denoised data, respectively.

In order to find effective statistical gait features, the intuitive
observation of the statistical distribution of each type of sensor
data is necessary. Therefore, we calculate the mean of every
user’s multiple measurements for each sensor data in Y and
Y, respectively. They are then used to explore the statistical
distribution characteristics of the data.

According to the analysis results, the statistical distribution
of the sensor data set in Y can be roughly divided into three
cases:

o First case: the difference between users is obvious, which
means the low-order statistics of these kinds of sensor
data have a large difference. For example, Fig. 12(a)
shows the mean of the force data, ft, for each user.
Although some data overlap, the force data of the seven
subjects are relatively dispersed in amplitude. Therefore,
the mean of the force data may be a potentially valid gait
feature to be focused on.

e Second case: the mean data differs only between part
users, but the combination of multiple statistics can
effectively increase the distance among users. Take the
mean angular velocity data T as an example, Fig. 12(b)
illustrates that only certain users have obvious differences
in the amplitude, such as subjects No 1 and No 6.
However, there is a significant difference in the data
fluctuation, which means that walking instability helps
user identification. In other words, the mean and variance
of the data T may be effective in gait recognition, which
worth further research.

o Third case: the mean data of all users cannot be used to
directly distinguish users. For instance, Fig. 12(c) exhibits
the mean acceleration data, a’. Judging from the figure,
the data of multiple users is overlapped, which is hard to
distinguish different users simply by mean and variance.
However, some of their higher-order statistics may differ,
such as kurtosis, skewness [53], etc. Therefore, these
types of data can also be retained as potential gait
characteristics.

Similar to ?t, the statistical distribution of the sensor
dataset in Y' also shows the same characteristics in the
above three cases. The mean of footsteps data, fp, TP, aP, are
illustrated in Fig. 13. Compared with Fig. 12(a), Fig. 12(b),
and Fig. 12(c), the intuitive differences among users are more
obvious. In other words, the gait feature in footstep data Y’
is much easier to be extracted than that in time data ?t.

Based on the above statistical distribution analysis, we
calculated 7 kinds of statistics for each type of sensor data as
rough gait features (the S* and SP shown in equations (10)
and (11)). Different statistics have different identification
results. For the training set, Fig. 14 displays the examples
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Figure 11. The comparison of force data with and without denoising (f:

original force data, f: denoised force data).

of clustering distributions of the identification results. Fig-
ure 14(a) illustrates the excellent clustering result achieved
by the mean of force data " and the range of Y-axis angular
velocity fty. There is very little data overlap, and these two
statistics can effectively distinguish the most users. However,
some other statistics do not demonstrate good performance
results. As shown in Fig. 14(b), the variance of Y-axis angular
velocity T} and the maximum of X-axis acceleration a} can
only distinguish the subjects No 1 and No 6.

Finally, we verify the identification effect of each gait
features in S? and SP. For the 10 measurements of training
set, five of them were randomly selected as the library to
identify the test set. Table IV shows that the identification
rates for all single features in rough feature matrix S* and S?
are not high. Among them, the highest identification result,
i.e. the performance of the maximum of s only 61.90%.
Next, we test the identification performance of the combined
features (as shown by the yellow and blue areas in the Table IV
). For the feature combination of multi-sensor data (yellow
rows in the table), the bold italics data indicates that the
identification rate has been improved compared with a single
feature. For the multi-statistics feature matrix illustrated in the
blue columns, all bold data represents that the identification
accuracy has decreased. It is clear that the identification rate of
some combined features is significantly higher than a single
feature, while others are lower than a single feature. These

D. Gait Feature Refinement with PFD Algorithm

For the feature refinement algorithm, we divide the training
set into a library and a validation set. Then the rough gait
feature matrix is refined based on the PFD algorithm in the
training phase.

When the number of samples in the library and the valida-
tion set are both five, the identification curve of the validation
set along the feature deletion threshold A is shown in Fig. 15.
The A = 0 means that no feature refinement and all rough
gait features are used. It is clear that as the threshold increases
from 0 to 0.56 in steps of 0.02. The identification accuracy
of the validation set gradually first increases from 0.8571 to 1
and keeps stable for a while. After that, it drops near to 0.52.
In the interval of 0 < A < 0.38, as the threshold increases,
features with low identification rates will be deleted, which
means that their negative impact on effective features will
also be eliminated. Therefore, the identification rate increases.
When the threshold is too high (A > 0.4), effective features
are also deleted by mistake, so the identification performance
drops sharply.

For different samples in the library, Table V illustrates a
comparison of gait recognition performance with and without
PFD algorithm, namely IR w and IR w”. It can be found that
as the number of samples in the library increases, the w and w”
both increase. However, the w” is always higher than w in all
cases, which proves the effectiveness of the PDF algorithm
in the feature refinement. In addition, the overall trend of
the performance improvement (Aw) is decreasing when the
number of samples in the library increases. This is because
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the improvement space based on a high recognition rate is
compressed. However, even the smallest 5.59% increase is
very important for user identification.

E. Discussion

1).  Comparison of experiment and data

In Table I, we summarize the state of the art research of
gait-based user identification [30]—-[43]. Compared with these
studies, our work has the following two main challenges:

o The walking data sets studied in [30]-[43] were all
collected by sensors mounted on the human body. In
contrast, we installed the sensors on the cane for walking
data collection. On the one hand, the cane is more friendly
to the fragile people with reduced mobility. On the other
hand, it is a challenge for gait recognition because the gait
characteristics contained in the data collected by a cane
are more blurred compared with the way of mounting
sensors on the human body.

o The sampling rates of the studies in Table I are relatively
high, such as 50 Hz, 100 Hz, and 250 Hz, while we
used low sampling rate equipment (about 6 Hz) for data
collection. The experiment in [43] has proved that the
gait recognition performance of the acceleration signal
will be severely degraded (about 30%) at a sampling rate
(8 Hz) than at a higher sampling rate (100 Hz). It means
a lower sampling rate may result in loss of some walking
information. However, the low sampling rate leads to

low-cost equipment, which is very meaningful in actual
product production. Our goal is to compensate for this
deficiency in other ways to achieve the same performance
as those methods under high sampling conditions.

In this paper, in order to overcome the above two challenges,
we have taken the following measures. First, considering that
all those different sensors in the researches presented in Table I
show a good gait recognition ability (such as accelerometer
in [32]-[37], accelerometer and gyroscope in [38]-[41], and
FSR in [31]), we have integrated accelerometer, gyroscope,
and FSR to portray the gait more comprehensively. Further,
each subject was asked to walk a long distance (20 m) to
collect more walking information for gait recognition, which
can compensate for the information loss caused by the low
sampling rate to a certain extent. In addition, in the gait
feature extraction process, another data set in units of step
is derived from the original data set in units of time. It can
provide more information for gait feature extraction. Finally,
we achieved a maximum IR of 96.43% and an EER of 10.48%
in the experiment, which have reached the same excellent
performance as other work presented in Table I (such as IR:
96.2% in [36] and 96.7% in [39], EER: 6.7% in [32] and
14.3% in [38]).

However, compared to [34], [38], [39], [41], our experimen-
tal data set is not large enough. Thus, in future work we will
consider more subjects (cane users) with different disabilities
in the experiment, such as people with different degrees and



Table IV
ROUGH GAIT FEATURE IDENTIFICATION

Rough gait feature Maxmim « | Minimum 8 | Range v | Mean p | Variance o | Skewness n | Kurtosis ¢ | Multi-statistics
at 9.52% 19.05% 9.52% 19.05% 19.05% 19.05% 19.05% 14.52%
T 47.62% 23.81% 33.33% 42.86% 38.10% 33.33% 33.33% 57.14%
al 4.76% 9.52% 14.29% 19.05% 28.57% 19.05% 19.05% 19.05%
5; 9.52% 14.29% 23.81% 28.57% 14.29% 19.05% 19.05% 14.29 %
Feature al 14.29% 19.05% 19.05% 47.62% 33.33% 19.05% 9.52% 47.62%
mgttrix TL 23.81% 47.62% 19.05% 28.57% 42.86% 19.05% 4.76% 47.62%
Fty 52.38% 42.86% 57.14% 19.05% 52.38% 28.57% 42.86% 61.90%
34 33.33% 38.10% 28.57% 14.29% 47.62% 19.05% 14.29% 23.81%
ft 42.86% 14.29% 47.62% 47.62% 33.33% 42.86% 23.81% 57.14%
Multi-sensors 52.38% 33.33% 57.14% | 52.38% 57.14% 33.33% 28.57% 80.95%
aP 23.81% 23.81% 23.81% 42.86% 19.05% 14.29% 14.29% 19.05%
TP 28.57% 28.57% 14.29% 47.62% 23.81% 28.57% 9.52% 38.10%
alh 23.81% 33.33% 33.33% 14.29% 28.57% 4.76% 28.57% 23.81%
al) 23.81% 28.57% 23.81% 42.86% 42.86% 28.57% 9.52% 33.33%
Feature al 28.57% 9.52% 23.81% 42.86% 23.81% 19.05% 19.05% 38.10%
matrix Th 14.29% 23.81% 33.33% 19.05% 28.57% 4.76% 28.57% 38.10%
sP T 47.62% 28.57% 47.62% 28.57% 38.10% 28.57% 28.57% 40.20%
5 42.86% 14.29% 28.57% 14.29% 33.33% 14.29% 23.81% 28.57%
™ 61.90% 14.29% 38.10% 28.57% 23.81% 19.05% 38.10% 47.62%
vP 4.76% 28.57% 4.76% 23.81% 4.76% 4.76% 14.29% 9.52%
Multi-sensors 61.90% 38.10% 47.62% | 52.38% 28.57% 23.81% 28.57% 71.43%
Feature matrix © = [S?, SP] / 85.71%
Table V Table VI

THE COMPARISON OF GAIT RECOGNITION PERFORMANCE WITH AND
WITHOUT THE PFD ALGORITHM (WHERE w INDICATES THE IR USING ALL
ROUGH GAIT FEATURES, w” INDICATES THE IR AFTER FEATURE
REFINEMENT BY PFD ALGORITHM).

Sample number of library
Feature
2 3 4 5 6
71.43% | 80.95% | 82.14% | 85.71% | 90.48%
w” 85.71% | 89.80% | 92.86% | 94.29% | 96.43%
Aw 14.28% 8.85% 10.72% 8.58% 5.95%

causes of the walking disorder. In order to do that effectively,
it is necessary to collaborate with some aging and disability
organizations or retirement homes.

2). Comparison of models and performance

To further prove the effectiveness of our model, we compared
the performance with the gait recognition method proposed by
Gafurov et al. (the work [33] in Table I), which also has been
applied in [38]. The cycle matching method in [33] includes
four steps: pre-processing, detection cycles, matching cycle,
and decision. The main idea of this method is to conduct cross-
comparison between the two sets of cycles to find the best
matching cycle pair. On the one hand, the motion cycle is key
information that can not be ignored in the gait identification,
which has been studied by many works [34], [35], [44]. On
the other hand, this method has low complexity, which is con-
sistent with our hardware performance in EVAL cane. Other

IR COMPARISON BETWEEN OUR METHOD AND THE METHOD IN [33] ( ag,
ay, a., 'y, Iy, Iy, AND f REPRESENT THE IR OF THE METHOD IN [33]
WITH DIFFERENT SENSOR DATA. w; AND w ARE THE IR OF OUR METHOD
WITH AND WITHOUT PFD ALGORITHM, RESPECTIVELY)

Data | ay ay a, ry ry ry f w W

IR/% | 17.86 | 17.86 | 21.43 | 35.71 | 53.57 | 39.29 | 37.14 | 90.48 | 96.43

computationally intensive methods (such as neural networks)
are not considered here for the sake of fast identification and
authentication in our platform.

Then, we analyzed the collected 3-axis acceleration, 3-axis
angular velocity, and force data based on this method. The
sample number of each subject in the library is set as six. As
shown in Table VI, the Z-axis acceleration (a,) is the best
among the 3-axis accelerations, which matches the results of
Gafurov et al. in [33] that the sideway acceleration exhibits
the best performance (only a 3-axis accelerometer is used). On
our dataset with 7 types of sensor data, this method performs
the best on the Y-axis angular velocity (r,: 53.57%). However,
regrettably, all these results are unsatisfactory. The main reason
is that the sampling rate in [33] is 100 Hz. Therefore, it can
collect more than 100 data points in one motion cycle, while
our data has only 6 data points in one motion cycle, which
means a lot of information is lost. Compared with it, our
scheme’s IR is 42.86% and 36.91% higher with and without
the PDF algorithm, respectively.
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Figure 14. Distribution map of all data under the selected two-dimensional
statistical feature.
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Figure 15. The identification curve of the validation set along the feature
deletion threshold .

In addition, as shown in Fig. 16, we compared the perfor-
mance of EER. The receiver operating characteristics (ROC)
curve shows the trade-off between false rejection rate (FRR)
and false acceptance rate (FAR) when the acceptance thresh-
old changes in the personal authentication scenario. EER
with equal FRR and FAR is also an effective indicator for
performance evaluation. The lower the EER, the better the
performance of the method. First, the model proposed by
Gafurov er al. shows unsatisfactory EER performance on our

1 T T T T
o9l Gafurov et al.: Z-axis acceleration ]
: Gafurov et al.: Y-axis angular velocity
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Figure 16. Comparison of ROC curves.

dataset (about 40% and 26% of a, and r,, respectively). In
contrast, the ROC curves of our method (with and without
the PFD algorithm) in Fig. 16 show a good performance of
10.48%. and 16.83%, respectively. It also proves again the
ability of our PFD algorithm in removing disturbing features.

VII. CONCLUSION

This paper investigated a cane-based monitoring system
for the fragile people with reduced mobility. It has multiple
functions such as obstacle detection, fall detection, and long-
term walking data collection. The objective of this paper is
to present a gait identification method based on this platform.
In order to do that, the user’s data during walking, such as
acceleration, angular velocity, and force acting on the cane
handle, were used. In addition, we addressed the problem
of rough gait feature extraction by extracting seven kinds of
statistics from each sensor dataset in units of time and step
respectively. Further, in order to improve the identification
precision, a feature refinement algorithm named PFD was
proposed to remove the disturbing features from the rough gait
feature matrix. Finally, the minimum Mahalanobis distance
classifier was used to identify special users’ gait. In the
experiment, seven subjects (5 male, 2 female; Age: 22-60)
were asked to walk 20 m for 15 times at their normal speed
with the cane. The results show that an excellent identification
accuracy of 96.43% can be achieved by the proposed scheme.
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