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Background: Many gait based methods have been presented about biometric identification in the litera-
ture. Gait recognition methods have generally used images and sensors signals. In this work, a novel gait
based biometric recognition method is presented. A novel Multi Kernelled Bijection Octal Pattern (MK-
BOP) is presented in this study.

Object: The main aim of the proposed MK-BOP is to extract distinctive and comprehensive features from
a signal (gait sound). By using the proposed MK-BOP, a novel biometric recognition method is proposed.
Gait sounds are collected, and two novel datasets are collected. The first dataset is a noisy and heteroge-

Keywords: . . .
GaJi/ t recognition neous dataset. The second dataset is a clear and homogenous dataset. A multileveled method is presented
Biometrics to authenticate subjects from these datasets. One dimensional discrete wavelet transform (1D-DWT) is

applied to sound signal with Symlet 6 (sym6) filter, and levels are calculated.

Conclusion: The proposed MK-BOP generates features from each level signals, and the generated features
are concatenated. A hybrid feature selector (RFNCA) selects the most discriminative feature, and selected
most discriminative features are forwarded to classifiers. 0.980 and 0.949 success rates were achieved for

Multi kernelled bijection octal pattern
Information fusion
Sound recognition

clear and noisy datasets, respectively.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Gait recognition is an essential behavioral biometric feature
used to identify people [1,2]. Behavioral biometry identifies people
by evaluating the characteristics of people such as writing style,
speech style, signature style with appropriate algorithms [3]. For
example, every person has a typical walking style. Distinguishing
this style with computerized systems is among the important
research topics of today [4,5]. Especially considering that very
different diagnosis systems are developed with computer systems
[6-11], gait recognition is easy to sample compared to other bio-
metric features. Every person’s gait has a characteristic, and it is
difficult to imitate. In this way, recognition can be realized even
without the knowledge of people [12]. Thus, people can be auto-
matically identified from the camera images in places such as air-
ports and shopping centers. These advantages are an essential way
of identifying the people wanted, especially in crowded places
[13-15]. However, gait recognition systems also have some diffi-
culties. One of the most important of these difficulties is the correct
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differentiation of the body part. At the same time, viewing angle,
different clothes, lighting, gait speed, crowded places significantly
affect gait recognition performance [16-19]. Many methods have
been developed to prevent this situation from turning into a disad-
vantage. These methods can be divided into three as follows [20].

- Obtaining salient gait features
- Evaluating gait features according to the view angle
- Creating a three-dimensional model

The primary purpose of these methods is to ensure that gait is
evaluated under different conditions [21]. Gait recognition meth-
ods can also be used in many different situations such as identifi-
cation, disease, gender, and human mood recognition [22,23]. The
studies in these different situations in the literature are presented
in Table 1.

In this method, we collected a novel two gait sound datasets
and proposed a novel signal classification method. The presented
signal classification method is multileveled, and these levels are
calculated by using four leveled 1D-DWT with a sym6 filter [48].
MK-BOP extracts features from raw gait signal and DWT coeffi-
cients of it. ReliefF [49] and Neighborhood Component Analysis
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Table 1
Related work.
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Purpose

Method

Dataset

Evaluation Criteria

Liao et al. method
(2020) [24]
Yao et al. method
(2019) [26]

Tong et al. method
(2019) [27]

Verlekaret et al.
method (2018)

[29]
Wu et al. method
(2018) [31]

Alotaibi and
Mahmood method
(2017) [32]

Sun et al. method
(2019) [33]

Rubio-Solis et al.
method (2019)

Gait recognition based on human
prior knowledge and body pose
Gait recognition based on model-
based features and model-free
features

Cross view gait recognition

Gait recognition based on
silhouettes

Gait recognition

Improved gait recognition

Gait analysis

Walking activities

PoseGait, Spatio-temporal
feature
Hybrid descriptors

Restrictive triplet network

Segmentation, identification,
and rectification method

Convolutional neural network

Deep convolutional neural
network

Transfer learning and neural
network

Interval Type-2 Fuzzy Logic
and Multilayer Neural

CASIA B Gait Dataset [19], CASIA E
Dataset [25]
CASIA GaitDatabase B [19]

USF [28], OU-ISIR [19,28] and CASIA-B

[19] dataset
KU IR database [30]

OU-ISIR [19,28] and CASIA-B [19]
dataset
CASIA-B [19] dataset

HMDB [34] and UCF [35] dataset

Collected data

OU-ISIR [19,28] dataset

Recognition rate, the
computational cost
Accuracy

Recognition score

Recognition rate

Accuracy, average time

Computation time, correct
classification rate, accuracy

Time

Box-and-whisker
diagrams, accuracy,
confusion matrix
Recognition rate

[36] Networks

Sun et al. method Gait-based identification Multiplematching algorithm
(2020) [37]

Yu et al. method Gait recognition Stacked Progressive Auto-
(2017) [38] Encoders

Lempereur et al. Gait disorders in children

method (2020)

[40]
Pepa et al. method Gait detection for Parkinson’s Fuzzy logic
(2020) [41] Disease

Battistone and
Petrosino method
(2019) [42]

Deng et al. method
(2016) [46]

Gait recognition

Human gait recognition

Recurrent neural network

Time-based Graph Long
Short-Term Memory

Deterministic learning

SZU RGB-D [39] Gait Dataset and CASIA
Gait Dataset B [19]
Collected data

Recognition rate

Velocity and position

Collected data ROC curve, sensitivity,
specificity
TUM-GAID [43], CASIA Gait B [19], MSR  Accuracy

Action3D [44] and CAD-60 [45] dataset

CASIA-B gait dataset [19] and CMU
MoBo gait dataset [47]

Recognition rate

(NCA) [50] are used together to propose a 2-layered NCARF feature
selector. The used NCARF selects 128 most discriminative features,
and these features are utilized as the input of the classifiers. The
used classifiers are Decision Tree (DT) [51], Support Vector
Machine (SVM) [51], Linear Discriminant (LD) [52], K Nearest
Neighbor (KNN) [53] and Subspace Discriminant (SD) [54] classi-
fiers. Key contributions of the proposed MK-BOP based gait sounds
authentication method are;

e Gait based biometric recognition systems generally use sensors
(gyroscope, accelerometer) data or images. In this study, gait
sounds are used for biometric recognition. Two novel datasets
are collected to perform gait sounds based biometric
authentication.

A novel feature extractor is proposed, and this feature extractor
is called MK-BOP to generate effective and discriminative fea-
tures from sound signals.

A hybrid feature selector is presented to select the most distinc-
tive features. This feature selector uses ReliefF and NCA
together. Therefore, this method is called RENCA, and the suc-
cess of them is shown in results.

The achieved best classification rates are calculated as 98% and
94.90% for clean and noisy datasets. These results show that the
proposed MK-BOP based multileveled method is robust and
highly accurate.

The innovative elements of this research are;

A new biometric feature for gait is investigated and this biomet-
ric feature is named gait sound-based human identification.
Two sound datasets were collected and published publicly to
show the results of these biometric features.

e A new textural feature generation/extraction function is pre-
sented (MK-BOP).

e A hand-crafted features based accurate sound classification
model is presented.

Our primary motivation is to show the human identification
capability of the gait sounds.

2. Materials

The gait sounds of 55 subject (15 women, and 40 men) were
recorded. Table 2 shows the status of data for individuals.

The subjects were asked to walk as they walk in normal life and
not to exhibit a different walk. Then, each person in the subject
group was fitted with a sound recording apparatus developed from
the waist. They were told to go on a tour in the corridor and return
to the same starting point, and the pitch sounds were recorded.
Fig. 1 below shows a subject ready for gait.

The gait distance is defined as 56 m. First, the floor was cleaned
to prevent the occurrence of noise when crushing objects such as
dust and stones on the floor with shoes. The corridor used for
the walkway is shown in Fig. 2 below. The floor has a 60x60 cm
hard stone coating. There was no interference with the shoes of

Table 2

Attributes and numerical properties.
Attribute Min-Max Mean * Std
Age 18-60 20.79 + 8.08
Height (cm) 158-191 175.38 + 8.25
Weight (kg) 47-104 71.46 +12.20
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Fig. 2. Operating Environment.

the subjects. Each subject used the shoes he used in normal life.
The shoe of each subject was found to be different in both shape
and feature.

Three microphones were used to acquire gait sounds. These are
attached to the shoe, ankle, and waist, respectively. It was observed
that too much wind noise occurred in the microphone connected
to the shoe, and too much rubbing sound of the garment fabric
occurred in the microphone connected to the ankle. Therefore, it
was finally decided to obtain recordings with a microphone
attached to the waist. When each subject completed the registra-
tion process, the sound recording file was named as first and last
name and recorded on the mobile device. The same process was
repeated for each subject. If the preparation process for voice
recording is also considered, the average recording time for a sub-
ject was 4 min. Ambient silence was maintained during recording.
Care was taken not to create any other sound than gait. However,
despite all these, some of the audio files of the pending subjects
were observed to be mixed up in the speech sounds. In addition,
it was seen that gait sounds were difficult to distinguish because
some of the subjects were wearing clothes. Considering this situa-
tion, the audio files were separated into two separate groups. In the
first group, all the sound files were used, including the difficult to
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distinguish gait sounds. In the second group, recordings containing
speech sounds from outside or too much noise were removed.
Thus, the first group consisted of 55 people, and the second group
consisted of 30 people. The group containing all the audio files was
called as noisy, and the group containing the noise was called
clean. Noise reduction was also applied to the clean group with
noise reduction software. The data of each person is separated into
five steps. It is ensured that each person has approximately ten
records. The presence of some people was found when the number
of steps did not reach 10. Table 3 below provides information for
clean and noisy data. The sampling rate of these sounds is 44.1
KHz.

3. Proposed MK-BOP based gait sounds classification method

The main aim of the MK-BOP based classification method is to
achieve high success rates by using two collected datasets. The
proposed MK-BOP based gait sound classification method consists
of channel concatenation, multilevel 1D-DWT, MK-BOP based fea-
ture generation, feature selection with RFNCA, and classification.
Schematic demonstration of the proposed method is shown in
Fig. 3.

Fig. 3 indicate that the proposed MK-BOP based classification
method is a hand-extracted multileveled method. The acquired
sounds are two channeled. In the first phase, channel concatena-
tion is performed. Then, four leveled 1D-DWT applied to the con-
catenated signal, and low sub-bands are calculated. MK-BOP
generates 3072 features from each level. These features are com-
bined, and 15,360 features are obtained. To select 128 most dis-
criminative features from 15,360 features, RFNCA is used. The
selected 128 features are forwarded to classifiers. All operations
were done using Matlab 2019b version. Intel i7 (Turbo 3.60 Ghz)
processor, 16 GB ram, GTX 1050TI 4 GB display card, and a com-
puter with 240 GB SSD hard disk were used for the study. The
phases are detailed explained in the subsection.

3.1. Channel concatenation

The collected gait sounds are two channeled. In the first step of
the proposed MK-BOP based gait sound classification method,
these channels are concatenated.

Step 1: Concatenate channels of the acquired gait sounds.

Voice = Chy|Ch, (1)

where Voice is concatenated gait sound, Ch; and Ch, represent chan-
nel one and channel two, respectively. | defines concatenation
operator.

Table 3
Clean and Noisy data set features.

Dataset Number Number Download link
of People  of
Records

Clean 30 300 https://websiteyonetimi.ahievran.edu.tr/
_Dosyalar/Genel/ffea88e5-d2c3-4e9c-
8183-d8b6ca39834a-98467bf3-f26a-
4365-bc7a-79b92137ebe3.rar

Noisy 55 529 https://websiteyonetimi.ahievran.edu.tr/

_Dosyalar/Genel/0c793668-a8cc-4cab-
8e3a-6af04c0b7a02-b74a758b-4396-
4£21-9df0-58239d526711.rar

The PSNR rate of the noisy signals was calculated as approximately 20 dB.
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Fig. 3. Graphical illustration of the proposed MK-BOP based gait sound classification method.

3.2. Multilevel one-dimensional discrete wavelet transform

In this work, we proposed a multileveled feature generation
method. 1D-DWT [48] with a sym6 filter is used to construct levels.
As we know from the literature, sym6 filtered 1D-DWT are very
effective transformation for sounds. The symlets filter have been
generally used for signal de-noising and sound decomposition.
Here, sym4 and symb6 filters were tested and the best results were
calculated by implementing sym6 filter. Therefore, we used 1D-
DWT with sym6.

Step 2: Apply 1D-DWT to Voice and calculate first, second, third,
and fourth low bands. The mathematical equations of these pro-
cesses are given below.

Ly, Hy] = 1D — DWT (Voice, syme6) )
[L,H,] = 1D — DWT(L,, sym6) 3)
(L3, Hs] = 1D — DWT(L,, sym6) (4)
[Ls,Hs] = 1D — DWT(Ls, sym6) (5)

where L; and H;are i leveled low and high wavelet coefficients
respectively.

3.3. Feature generation using the proposed MK-BOP

Sections 3.1 and 3.2 defines the preprocessing phase of the pro-
posed MK-BOP based gait sounds recognition method. MK-BOP
extracts feature from Voice, L;, Ly, L3 and Ly.

Step 3: Generate features from Voice, L;, L,, L3 and L4 using the
proposed MK-BOP.

feat' = MK — BOP(Voice) (6)

feat? = MK — BOP(L;) (7)

feat® = MK — BOP(L,) (8)
feat* = MK — BOP(Ls) 9)
feat® = MK — BOP(Ls) (10)

where feat' is i level features with size of 3072. As seen from Egs.
(6)-(10), the primary extraction function is the proposed MK-BOP.
Details of the proposed MK-BOP are explained in Section 3.3.1.

3.3.1. Multi kernelled bijection octal pattern: MK-BOP

In the literature, there are variable one-dimensional local fea-
ture generators. Most of them use either a determined pattern or
a determined kernel for feature generation. Therefore, they have
limited feature generation abilities. A multi-pattern and multi
kernel-based pattern is presented to improve feature generation
ability, and it is named MK-BOP. The MK-BOP uses four variable
patterns and two kernels. The used kernels are signum and ternary.
The proposed MK-BOP is a textural feature extractor. It uses non-
overlapping blocks with a size of 17. Each block divided into three
parts, and these parts are called block 1, center, and block 2.
Signum and ternary functions [51] are utilized as a binary feature
extraction function (kernel). Therefore, this method is called a
multi kernelled feature extraction method. Steps of the proposed
MK-BOP are given as below.

Step 3.0: Load concatenated gait sound or one of the low pass-
band of it.

Step 3.1: Divide gait sound into a 17 size overlapping block as
seen from Fig. 4.

As seen in Fig. 4, the used 17 sized overlapping block divided
into three parts. These parts are called as block 1, block 2, and cen-
ter. Blue cells describe block 1, the green cell is the center value,
and yellow cells represent values of block 2. Signum and ternary
functions are also used for binary feature generation by using these
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L Block 1(BI) I { !

Block 2 (B2)———

Center

Fig. 4. Used 17 sized overlapping block.

parts. Egs. (11)-(14) mathematically explain signum and ternary

functions.

0,a-b<0

sgnm(a,b):{1 d—b>0 (11)
—-1,a—-b < —thr
trnr(a,b) = 1,a—b > thr (12)
0,—thr<a-b <thr

0,trnr(a,b) > 0
bi tlower — ’ ’ 13
o ={ ot by < (13)

. 0,trnr(a,b) <0
upper _ ’ ’ 14
Ditiar { 1,trar(a,b) = 1 (14)

where sgnm and trnr are signum and ternary functions, respectively.
biti?**" and bit"" refine upper and lower bits of the ternary func-
tions.a and b represent the input value of the functions. thr is the
threshold value. To automated calculate threshold function, a stan-
dard deviation based function, and this function is shown in Eq.

(15).

L L
> (Voice, — (L[> Voicey]))
thr = 0.5 ! [ k=l (15)

In Eq. (15), L defines the length of the sound. We used half of the
standard deviation of the used gait sound as the threshold value.

As seen Eqgs. (11)-(15), MK-BOP uses ternary and signum func-
tions together.

Step 3.2: Generate MK-BOP values. These steps consist of four
levels. In the first level, the Center value and block 1 are used to
extract 1st level MK-BOP value, and three decimal values are
generated.

8
do} =" (sgnm(blockl,-,center) * 28’i>,i ={1,2,---,8} (16)

i=1

ter; = trnr(block1;, center) (17)

By using Eq. (17), ternary values of the first level are generated.
Egs. (13) and (14) are applied to generated ternary values, and
lower and upper bits of each ternary value are calculated. Second
and third decimal values are calculated by using these bits.

8

dv} = (bitgh; « 2%7) (18)
i=1
8 .

dv = " (bitgwe 2870 (19)

i=1

where do! is h™ decimal value of the MK-BOP, and ¢ defines index
number and ¢t = {1,2,---,L — 16}.

A numerical explanation of the first level is shown in Fig. 5. In
the examples, the signum function is used.

Fig. 5 schematically explains the first level. In purple cells,
extracted binary features are shown. These binary features are con-
verted to the decimal value to obtain decimal value.
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Fig. 5. A numerical example of the first level by using the signum function.

In the second level, block2 and center value are used to generate
4th, 5th' and 6th decimal values. The mathematical explanations of
this level are given below.

8 .
dvf =" (sgnm(blockzi, center) x 28”> (20)
i=1
ter; = trnr(block2;, center) (21)
8
S (bier 25 (22)
i=1
8 .
dvf =" (it +2°7) (23)

i=1

Here, block 2 and center value are used together, and Egs. (20)-
(24) clearly indicate that three values are generated at this level. A
graphical explanation about this level is shown in Fig. 6.

In Fig. 6, yellow block defines block 1, the green cell is the cen-
ter value. The extracted bits using the signum function are shown
with purple cells.

In the third level, block 1 and block 2 are used to generate MK-
BOP decimal values. In this level, features are bipartitely generated.
The generation of the decimal values of the third level is mathe-
matically shown in Eqgs. (24)-(27).

8

dv] =" (sgnm(blockli,blockz,-) * 28’i> (24)
i=1

ter; = trnr(block1;, block2;) (25)
8

= (bitghrer, « 2°7) (26)
i=1
8

do = > (bitgmer, + 2°7) (27)

i=1

In Egs. (25)-(28), 7th, 8th' and 9th decimal values generation
are given. The numerical example of this stage for 7th decimal
value is shown in Fig. 7.

The last level is the fourth level, and in this level block 1 and
block 2 are used center symmetric. 10th, 11th and 12th values
are generated.

8 .
dol* =" (sgnm(blockl,-, block2q_;) 28") (28)

i=1

ter; = trnr(block1;, block2g_;) (29)

19 35 19 17 43 64 57 2 —ENENDIDEEREBD

Extracted Binary Features

Fig. 6. Bit generation example of the second level of the proposed MK-BOP.
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49 35 19 17 43 64 57 2 Extracted Binary Features

Fig. 7. A numerical example of the third level MK-BOP values using signum
function.

8

dol' =3 (bitlre « 257 (30)
i=1
8 :

dvf® = (bitne; 2 (31)

i=1

Graphical and numerical explanation of the 4th level is shown
in Fig. 8.

Fig. 8 shows that this level is center symmetric.

Step 3.3: Create 12 signals by using the calculated 12 decimal
values.

Step 3.4: Extract histograms of the created 12 signals. Each sig-
nal is coded in 8 bits. Therefore, the extracted histogram has
2% = 256 values.

Step 3.5: Concatenate histograms of the calculated signals to
obtain a feature set with a size of 3072.

feat = H'|H? |H? |H*|H° |H° |H | H° |H° |H'° | 12 (32)

where feat is a feature vector with the size of 3072.
Steps 3.1-3.5 are defined as the MK-BOP feature extraction
procedure.

3.4. Feature concatenation

In the MK-BOP based feature extraction phase, 3072 features
are extracted in five levels. In this phase, 15,360 sized feature vec-
tor is created by concatenating the extracted features, and these
features are normalized.

Step 4: Concatenate features to obtain the final feature vector.

ff = feat' |feat®|feat? |feat* |feat® (33)

where ff is the final feature with a size of 15360.
Step 5: Normalize the final feature by using Eq. (35).

ff _ffmin
f max 7ffmin (34)

fFmin @andff o are minimum and maximum values of the final fea-
tures, respectively.

ff=

3.5. Feature selection

Here, we employed both ReliefF and NCA feature selectors.
These feature selectors are weight-based selectors. Both of them
used a distance-based fitness function (L1-norm) to generate
weights, and they can select the most informative features by
using one-dimensional feature generators. Therefore, both of them
are utilized as a feature selector (RFNCA) to use the advantages of
both of them. The main objective of this phase is to select 128 most
discriminative features from 15,360 normalized features. Accord-

— OSBRI

Extracted Binary Features

49 35 19 17 43 64 57 2

Fig. 8. Fourth level bit extraction.
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ing to tests, the best results are obtained from 128 features. There-
fore, we select 128 most discriminative features. In order to select
these features, ReliefF [49] and NCA [50] are used together. These
two feature selectors generate weights of the features. The main
difference between them is defined as follows. NCA extracts non-
negative weights, but ReliefF generates both positive and negative
weights. According to ReliefF, negative weights define redundant
features. By using them, the RFNCA feature selector is used in this
phase, and steps are given below.
Step 6: Extract ReliefF weights to final features.

wRF = ReliefF (ff, target) (35)

where wk describes ReliefF weights with a size of 15360.
Step 7: Eliminate redundant features using Eq. (37).

ff(andent = cnt + 1, Wi (i) > 0

36
continue, wff(i) <0 (36)

fr(ent) = {
As seen from Eq. (36), positive weighted features are selected in
the ReliefF phase. fr is selected features using ReliefF, and cnt is the
length of the fr.
Step 8: Generate features of NCA using fr and target. Mathemat-
ical notation of this step is given in Eq. (37).

WNA = ReliefF (fr, target) (37)

where wN® is weights of the NCA with a size of cnt.
Step 9: Select 128 most distinctive features of the fr.

[sortedweights, endex] = sort(WN, descending) (38)

fs(i) = fr(endex(i));i = {1,2,--,128} (39)

In this step, generated weights are sorted by descending, and
indices of the sorted weights are calculated in the Eq. (39). 128
most distinctive features are selected, and these 128 features are
called as fs. The selection process is shown in Eq. (39).

3.6. Classification

RFNCA selects 128 most discriminative features. These features
are utilized as input in the classification phase. To comprehen-
sively evaluate the performance of the MK-BOP based feature
extraction method, five conventional classifiers are selected. These
classifiers are Decision Tree (DT), Linear Discriminant (LD), Support
Vector Machine (SVM), K Nearest Neighbor (KNN), and Subspace
Discriminant (SD). Attributes of these five classifiers are given in
Table 4. 10-folds cross-validation is used to obtain test results.

Table 4
Attributes of the used five classifiers.

Name Explanation

DT [51] The decision tree is one of the most known and simple classifiers in
the literature. DT uses entropy to calculate predicted values. In this
study, Gini’s diversity index is chosen for splitting, and 100 is
selected as the maximum number of the split.

LD [52] LD is a nonparametric and conventional classifier. Here, full is

selected as a covariance structure.
SVM SVM has variable kernels and is an optimization-based classifier.
[51]  Kernel function of the used SVM selected as Gaussian and 11 is
selected as a kernel scale. The one-vs-one classification method is
used.
KNN KNN is a distance-based classifier, and it uses variable distance
[53] metrics and K values. K is selected as 1, and the City Block distance
metric is utilized in this work.
SD is an ensemble classifier. 64 and 30 are selected as subspace
dimensions and learner numbers, respectively.

SD [54]

MATLAB classification learner toolbox was used to calculate the results of the
presented MK-BOP and RFNCA based identification model. The best accurate five
classifiers are selected with their default parameters.
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4. Results and discussions

In this section, the performance (recognition rate) of the pro-
posed MK-BOP based gait recognition method is evaluated by
using accuracy, precision, recall, geometric mean, and F1 score
[55]. We gathered two datasets, and these datasets are called as
noisy and clear. Therefore, we define tow cases by using these
datasets. Five classifiers that are described in Section 3.6 are used
to obtain a comprehensive benchmark. The defined cases are
explained below.

Case 1: The proposed MK-BOP based gait recognition method is
tested on a clear dataset in this case.

Case 2: The proposed MK-BOP based gait recognition method is
tested on a noisy dataset in this case.

To calculate numerical results from the used five conventional
classifiers, accuracy, precision, recall, F1 score, and geometric mean
are used. Mathematical explanations of these performance metrics
are given in Eqs. (41)-(45) [55].

accuracy = n1p + niN (40)
nTP + nFP + nTN + nFN
- nTP
precision = —p-— 5 (41)
nTP
Tecall == m (42)
Fl— precision « recall (43)
~ " precision + recall
. nTN
geometricmean = y/recall * TN~ FP (44)

where nTP is the number of true positives, nTN defines the number
of true negatives, nFP represents the number of false-positive and
nFN is the number of false negatives.

The used tests of the used five classifiers were repeated 1000
times to get comprehensive results, and average, standard devia-

Table 5
Results of Case 1.

Classifier Performance metric Statistical moment
Mean Std Max
DT Accuracy 70.93 1.86 76.33
F1-score 71.46 1.87 76.84
Recall 70.93 1.86 76.33
Precision 72.01 1.92 76.33
G-mean 68.93 3.01 75.14
LD Accuracy 93.12 0.80 95.33
F1-score 93.50 0.78 95.54
Recall 93.12 0.80 95.33
Precision 93.89 0.77 95.80
G-mean 92.59 0.90 95.08
SVM Accuracy 93.77 0.32 94.67
F1-score 94.22 0.28 94.99
Recall 93.77 0.32 94.67
Precision 94.68 0.24 95.32
G-mean 93.56 0.34 94.50
KNN Accuracy 95.57 0.26 96.67
F1-score 95.87 0.24 96.90
Recall 95.57 0.26 96.67
Precision 96.18 0.23 97.13
G-mean 95.28 0.28 96.51
SD Accuracy 95.88 0.76 98.00
F1-score 96.15 0.68 98.09
Recall 95.88 0.76 98.00
Precision 96.43 0.61 98.18
G-mean 95.62 0.81 97.87
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Table 6
Results of the Case 2.

Classifier Performance metric Statistical moment
Mean Std Max
DT Accuracy 57.07 1.59 62.00
F1-score 57.58 1.65 63.37
Recall 56.84 1.64 62.19
Precision 58.34 1.74 64.59
G-mean 40.29 1.84 58.56
LD Accuracy 91.82 0.47 93.38
F1-score 91.80 0.48 93.25
Recall 91.15 0.50 92.73
Precision 92.45 0.50 92.73
G-mean 90.05 0.69 92.23
SVM Accuracy 93.22 0.59 94.90
F1-score 93.48 0.58 95.01
Recall 93.09 0.65 94.82
Precision 93.87 0.53 95.22
G-mean 92.45 0.73 94.39
KNN Accuracy 90.75 0.19 91.49
F1-score 91.26 0.20 91.95
Recall 90.70 0.18 91.41
Precision 91.83 0.25 92.58
G-mean 88.99 0.26 90.01
SD Accuracy 93.74 0.37 94.90
F1-score 93.92 0.38 95.13
Recall 93.61 0.45 95.00
Precision 94.24 0.33 95.27
G-mean 93.05 0.50 94.55

tion, and maximum value of the used performance metrics accord-
ing to the used case are given in Tables 5 and 6.

As seen from the results above, the best classifier is SD for both
datasets. The best classification accuracies are calculated as 94.90%
and 98.0% for Case 1 and Case 2 by using the SD classifier. These
results clearly showed that the proposed MK-BOP based gait recog-
nition method is a robust recognition method. KNN and LDA
achieved higher 90% classification accuracies for both datasets.
The worst classifier is DT because it resulted in the worst in both
clean and noisy datasets. The advantages of the proposed MK-
BOP based gait recognition method are given below.

e The proposed method is a robust method because it achieved
high classification rates for both noisy and clear datasets.

e Here, a novel textural feature extractor is presented, and the
success of the proposed MK-BOP is shown. (See Tables 5 and 6)

e The presented MK-BOP based method is a hand-crafted classifi-
cation method, and there is no need to set millions parameters
as deep learning.

e The application of the proposed MK-BOP based gait recognition
method is simple.

The main hypothesis of the MK-BOP based gait recognition
method is to show biometric identification can be performed using
gait sound. Limitations of our method are to implement biometric
authentication with gait sound, extra hardware should be used,
and it is depended on the used shoe.

5. Conclusions

In this work, a novel MK-BOP based gait sound classification
method is presented. The objective of the proposed MK-BOP based
is to show biometric identification can be performed by using gait
sounds. Therefore, a multileveled signal processing method is pre-
sented to recognize subjects using gait sounds. We collected two
datasets. These datasets are called as a noisy and clean dataset.
The robustness of the proposed MK-BOP was tested on these data-
sets. Five conventional classifiers were used to obtain a compre-
hensive benchmark, and the results of them were listed in Tables
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4 and 5. The best-resulted classifier is SD according to these Tables.
SD achieved 94.9% and 98.0% classification accuracies for noisy and
clear datasets, respectively. This work is crucial for crime investi-
gators. Among the advantages of the study is its high success rate
and its ability to recognize in both noisy environments and envi-
ronments with clear sound. The disadvantages of the study include
the effect of the dress, walking environment, and walking speed on
the success rate. In the future, novel datasets can be created for gait
sound recognition, and novel intelligence digital forensics applica-
tions can be developed by using this method or novel deep
networks.
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