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Abstract: Increasing use of accelerometer and protractor
sensors in recent years has created a field of study for
the definition of human activities. This issue is tried to be
solved by using machine learning methods. For this, it is
solved by extracting different properties from the obtained
signals, obtaining the characteristics specific to the activity
and classifying these properties. In this study, the time and
frequency domain properties of 4 different human activities
were extracted, then a pre-treatment step was applied
in accordance with the obtained feature set, and then the
size was reduced with PCA and Fisher ‘LDA methods. The
k-NN classifier and perceptron classifiers were designed for
the obtained feature set and the classification process was
performed. In this study, the classification success of these
methods using different parameters has been examined and
the results are shown.
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1. INTRODUCTION

The development of sensor technologies and the reduction of
costs and the use of accelerometer and protractor sensors with
wearable devices have opened the door to important researches
in the perception of human activities. In addition, these sensors
are integrated with mobile devices and their sensitivity is
sufficient, allowing researchers to easily collect and analyze
this data. With these developments, it leads the development
of mobile assistants at the mobile application point and the
development of health assistant programs that allow more
accurate activity tracking [1-10].

Machine learning algorithms are actively used to classify
the obtained data. Different machine learning algorithms
have been proposed in the literature. These algorithms have
different success rates at the point of classifying activities.

These achievements vary according to the data and application
collected by each research group conducting the study [11-13].

II. DATASET

In this study, a public “MobiAct V2.0 dataset [ 14] is used. This
data set includes 2 different scenarios. Scenario-1 was built on
Fall Detection. Scenario-2 was created on the recognition of
Human Activities. In this study, scenario-2 data were studied.
This scenario has acceleration and angle data for 11 different
activities. Data were collected over 60 candidates collected for
each activity. Also, different numbers of trials and lengths of
data are different for each activity [15] [16].

This data set was collected using a Samsung Galaxy S3 mobile
phone. The LSM330DLC sensor used in the device provides
3-axis acceleration and angle information. Sampling frequency
for the acceleration sensor is 87 Hz. Sampling frequency for
the protractor is 200 Hz. In this study, the 11-class problem is
considered as a 4-class problem. In addition, the classification
process was made using only the acceleration information.
Information on the classes is presented in Table 1.

TABLE I: DATA INFORMATION

Code = Activity Trials Duration Description
STD  Standing 1 5m Standing
WAL = Walking 1 Sm Normal
Walking
JOG  Jogging 3 30s Jogging
JUM | Jumping 3 30s Cont. Jumping
1. METHODS

For the 4-class problem dealt with, 2 different feature matrices
were obtained by using the information about the time and
frequency space from the data of each class. Matrix sizes
obtained for time and frequency domains are 33 dimensions.
So different feature extraction methods were used for both
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spaces. Then, outlier extraction was performed on these feature
matrices. For the Outlier extraction process, the = 3¢ limit
condition was applied for each feature and the feature samples
outside this limit were removed from the data set. Later, each
feature taking values at different intervals on the data set
recovered from the outlier may affect the algorithms used in
classification. To prevent this, dynamic range has been moved
between [0 1]. Then, “Pearson Relationship Coefficients” were
found to analyze the relationship between properties. These
coefficients are between [-1 + 1] and allow analysis of which
properties are related to each other. If the relationship between
2 features is close to +1, these two features show an increase
feature together. Likewise, if this coefficient gives a value close
to -1, then these two properties are inversely related to each
other. A feature set was created using this feature and the effect
of this choice on the classification was examined. Apart from
this selection, different size reduction methods were applied to
the feature sets obtained at the beginning. The methods used
here are PCA (Principle Component Analysis) and the other
method is Fisher’s Linear Discriminant Analysis methods.
Here, different number of eigenvalues were selected for the
PCA method and classification success in different sizes was
observed. Fisher’s Method, on the other hand, reduced a c-class
problem to (c-1) dimension and reduced it to 3 dimensions
for this problem and the classification success was examined
for the designed classifiers. The applied method and analysis
methods are given below as a block diagram.

Feature Ext. g Feature Pro. Dim. Red.

Fig. 1: Method Flow

IV. FEATURE EXTRACTION

A. Time Domain

The feature extraction process in time space for 4 classes of
different lengths given in Table I was performed as follows.
Acceleration data were collected so that 87 samples were
recorded in 1 second. Here, the studies in the literature have
been examined and feature extraction from the data is performed
by using windows with sizes corresponding to periods varying
between 2-3 seconds. In this study, a rectangular window with
218 point length corresponding to 2.5 seconds was used and
50% overlap corresponding to 109 samples was used. In other
words, as shown in the image below, different properties are
derived from the 2.5 second signals obtained from each section.
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9 different feature extraction procedures were applied for each
axis in time space. Here, a total of 33 dimensional time-space
feature matrix was obtained.

a) Mean: The average value [17-21] for each axis of the 2.5
second windows obtained for each class was calculated
as follows. Here N = 218 and x [n] is the signal for each
axis n, expresses the value in the index.

N
1
Myyz = N * Z(X[n]) (1)
n=1

b) Standard Deviation: Standard deviation value [17-21]
for each axis of 2.5 second windows obtained for each
class has been calculated as follows. Here N = 218 and
x[n] is the signal for each axis n, expresses the value in
the index.

N
1
Oxyz = mzl |x[n] - ux,y,zlz 2)
n=

¢) Median: The median value [17-21] for each axis of the 2.5
second windows obtained for each class was calculated.

d) Max-Min Value: The max and min values [17-21] for
each axis of the 2.5 second windows obtained for each
class were calculated as follows. Standard deviation: To
change the default, adjust the template as follows:

max; = argmax{x; [n]} i = x,y, z axis 3)
min; = argmin{x; [n]} i = x,y,z axis 4)
e) Zero Shear Rate: Zero shear rate for each axis of 2.5
second windows obtained for each class was calculated.

f) R.M.S. Value: The rms (root mean square) value [17-21]
for each axis of 2.5 second windows obtained for each
class has been calculated as follows. Here N = 218 and
x [n] is the signal for each axis n, expresses the value in

the index.
1 N
_ 2
= Jx[al
n=1

Q) Skewness (3 Moment): 3" Moment value [17-21] for
each axis of 2.5 second windows obtained for each class
was calculated as follows. Here N = 218 and x [n] is the
signal for each axis n, expresses the value in the index.

1 . Yn=1(xin] = p)?
N-—-1 0;3 (6)
i =x,Y,2axis

XRMSy.y,, [n] =

)

skewness; =

Skewness information gives information about the symmetry of
the obtained distribution with respect to the normal distribution.
Normal distribution is considered to be perfectly symmetrical
and the skewness information is 0.
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h) Kurtosis (4”‘ Moment): The 4™ Moment value [17-21] for
each axis of the 2.5 second windows obtained for each
class has been calculated as follows. Here N =218 and x
[n] is the signal for each axis n, expresses the value in the
index.

" N=1(xi[n] - p‘i)4
N-1 01'4 (7)
I =Xx,Y,Zaxis

kurtosis; =

This feature gives information about the flatness of the
distribution. The normal distribution kurtosis value is 3 and
generally the kurtosis value of the distribution is compared with
the normal distribution.

i) AR Model: It calculates the 2™ order AR model coefficient
values [22] for each axis of 2.5 second windows obtained
for each class by solving the yule-walker equation as
follows. Here N =218 and x [n] is the signal for each axis
n, expresses the value in the index.

<r0 TP_1> <a1> <r1>
Tp-1 =+ To ap p

Rxa= —r
a= —R 1xr (8)
For p = 2, coefficients were calculated and used as properties.

The time domain feature extraction process is complete. Then,
feature extraction in the frequency domain was performed.

B. Frequency Domain

For the frequency domain feature [23] extraction, it is first
divided into 10 equal parts using a rectangular window with a
total length of 30 seconds for STD and WAL classes with a data
length of 5 minutes, in order to equalize the sample numbers of
features from the data collected for each class, and the resulting
hamming window Welch PSD estimation method was applied
with 75% overlap on the 2.5 second segments. Likewise, for
the JOG and JUM classes with a total length of 30 seconds,
10 equal parts of 10 seconds in length were obtained using a
rectangular window. Then, by using a hamming window, the
welch PSD estimation method was applied to the 2.5 second
segments with 75% overlap. Then, the value of 8 peaks of the
obtained estimate was used as a feature. In addition, spectral
min and average values were used as properties for each axis.

a) Welch Power Spectral Density Estimation: With the
Welch method, the periodogram of each block of the
signal divided into overlapping blocks is calculated and
the average of these PSDs [23] is calculated. The variance
of the Welch method is less than the periodogram.

M N-1 2
1 11 —iwn
Swelch = ML P * N * xr[n] *wn] ~ e 9)
i=1 n=0
where
N-1
P= ! Z )|?
=2 > W)

n=0

Below is the welch psd estimation result for each class.

Welch WAL
T T

40

1SR

YA xAn
™M n
\2-\,\\\};‘““1{/\\1

. . L L
0 5 10 15 20 25 30
frequency (Hz)
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Fig. 3: STD Subject-1 30 sec nfft = 4096
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Welch JUM V. FEATURE PROCESSING
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20 ff |
min normalization [24-26] process was carried out due to the
distribution of each feature in a different dynamic range.
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Xin — Min{xy,5n}
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Xin =

(10)
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These operations were applied for the time and frequency
Fig. 5: JUM Subject-1 10 sec nfft = 1024 domain feature matrices respectively. The data sets obtained
were shuffled. Then, 70% of the total data for the classification
process was allocated so that 30% of the training was tested,
and the total number of feature samples obtained for both
spaces are given below.

After extracting the features, the feature processing step was
applied separately in time and frequency domains and feature
matrices were obtained.

TABLE II: TIME SPACE FEATURE MATRIX POINT NUMBER

Data Set Total Number of Samples STD Number =~ WAL Number = JOG Number JUM Number
RawFeature 36538 15775 11996 4434 4333
cleanFeature 30183 13629 9113 3696 3745

TABLE III: TIME SPACE TRAINING MATRIX POINT NUMBER

Data Set Training Sample Training Training Training Training
Number STD Number =~ WAL Number = JOG Number JUM Number
RawFeature 25576 11078 8380 3089 3029
cleanFeature 21128 9595 6327 2623 2583

TABLE IV: TIME SPACE TEST MATRIX POINT NUMBER

Data Set Number of Test Samples ~ Test-STD Number =~ Test-WAL Number = Test-JOG Number = Test-JUM Number
RawFeature 10962 4697 3616 1345 1304
cleanFeature 9055 4034 2786 1073 1162

TABLE V: FREQUENCY SPACE FEATURE MATRIX POINT NUMBER

Data Set Total Number of Samples = STD Number WAL Number JOG Number JUM Number
RawFeature 2168 623 469 543 533
cleanFeature 1919 539 412 482 486

TABLE VI: FREQUENCY SPACE TRAINING MATRIX POINT NUMBER

Data Set Training Sample Training Training Training Training
Number STD Number WAL Number JOG Number JUM Number
RawFeature 1517 387 297 330 329
cleanFeature 1343 370 292 334 347

TABLE VII: FREQUENCY DOMAIN TEST MATRIX POINT NUMBER

Data Set  Number of Test Samples  Test-STD Number =~ Test-WAL Number — Test-JOG Number —Test-JUM Number
RawFeature 651 236 172 213 204
cleanFeature 576 169 120 148 139
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VI. DiMENSION REDUCTION

The feature matrices obtained are 33-dimensional and this
dimension is quite high in terms of computational cost to
perform the classification process. For this reason, 2 different
dimension reduction methods [27-29] have been implemented.
One of these methods is PCA and the other is Fisher’s Linear
Discriminant Analysis method.

A. PCA (Principle Component Analysis)

The covariance matrix of the property matrix obtained in the
time and frequency domain is calculated. Then the eigenvalue
and eigenvectors of the obtained covariance matrix are
calculated. Eigenvalues are listed in descending order. Then
the eigenvectors corresponding to the largest eigenvalue are
arranged in the same order.

Y=ExD=«ET (11)
€11 © €14
E= < P >, d = number of features
€a1 " €da
A 0
D = : ], d = number of features

D: is the eigenvalue matrix, in descending order.

E: is the eigenvector matrix. He is a column eigenvector.

€11 " €1k
A=\ : ) :
(12)
a1 " Cdk
Where, k = desired size and k <d must be
y= AT*(g—u) (13)

The y matrix obtained at the end of the process is the feature
matrix of reduced size. Here, the value of k is chosen not to
exceed d, and the A matrix that makes size reduction is obtained
[31] [32]. This matrix is derived from training data and applied
directly to the test data. Test data are projected on the same
plane. After this stage, the classification process can be carried
out.

For the time-space training and test data, PCA was applied for
k = 3. Visually given below.

T Domain TrinData Fesbre PCAY

Fig. 6: PCA k = 3 Training Dataset

Time Domain Tst Dsa Fsture PCA3

(R

Fig. 7: PCA k = 3 Test Datasets

B. Fisher'’s LDA

Fisher’s LDA is a method [33] [34] that reduces the data set
to c-1 dimension. Where ¢ represents the class number. For
this reason, for a 4-class problem, fisher’s LDA will project
the data into a 3-dimensional space. Below is a mathematical
calculation.

a) Within Class Scatter Matrix:

Si = Z (x—my) = (x —m)" (14)

xeD;

Where
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1 ‘Time Domain Train Data Feature LDA
m; = — X
n;
xeD;
c
SW = Z Si
i=1

m; means the average value for each class. Here i is
expressed as the number of classes.

b) Between Class Scatter Matrix:
c

S, = zni * (m; —m) * (m; —m)T (15)

i=1

Where

m= —
n

Here m corresponds to the mean of all data. m; means
the average value for each class. n; corresponds to the
number of elements for each class.

1 Z X Fig. 8: Fisher LDA Training Dataset

Tima Domain Test Data Faature LOA

The eigenvalue and eigenvectors of the matrix A obtained
by multiplying these two matrices are found. Here, the
eigenvectors corresponding to the largest (c-1) particle
eigenvalue of the A matrix are selected. When the created W
matrix is multiplied with the data set, the new data set obtained
is the data set with reduced size.

A= (55" *Sp)
(16)
Where e — =
W e W _
o ) 1'(.C 2 Fig. 9: Fisher LDA Test Dataset
W — . .
w e Wy (o
a1 d,(c=1) VII. CLASSIFICATION
y=WTxx

In this study, 2 different classifiers were designed. The first
of the classifiers is the nonparametric k-NN classifier [35].
The other classifier is the perceptron algorithm [36]. Here,
the Gradient Descent algorithm is used as the loss function.
Since it is a 4-class problem, the data was expanded using

The distribution of test and training data in time space in  Kessler’s Reconstruct method and a classifier was designed in
3-dimensional space is shown below. that way.

The W matrix is obtained by using the training dataset and by
multiplying the test dataset with the W matrix, it is actually
provided to project on the same plane as the training dataset.
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A. k-NN Rule (k Nearest Neighbor Rule)

The tags of the nearest k neighbors [35] are looked at and it is
the non-parametric classifier that tells the most tags in which
class the test point is in that class.

In this study, the classification results are presented by selecting
different k values. In addition, Euclidean distance and manhattan
distances were used to find the closest point, and their effects on
success were examined.

Results are presented using two different comparison scenarios.
Scenario-1: Different size reduction method has been used.

Scenario-2: Dimension reduction is as in scenario-1. The k-NN
algorithm is made using the different distance calculation
function.
a) Scenario-1 Results: k = 55 and distance calculation was
done by Euclid.

Time Domain kNN k=55 LDA ConfusionMatrix

1 28 2 0.7%
2
83 31 940 102 12.4%
[&]
g
=4 12 1 185 964 17.0%

Predicted Class

Fig. 10

Time Domain kNN k=55 PCA=3 ConfusionMatrix

0.4%

W 10.8%

w

25 957 2l

True Class

s
o

139 1018 12.4%

100.0%

0.7% 13.9% B8.2%

Predicted Class

Fig. 11

b) Scenario-1 Results: k = 55 and the distance calculation
was made with Manhattan.

Time Domain kNN k=55 PCA=3 ConfusionMatrix

0.4%

% 5 25 957 91 10.8%
[}
3
=4 5 139 1018 12.4%
100.0%
1 2 3 4
Predicted Class
Fig. 12
Time Domain kNN k=55 LDA ConfusionMatrix
1 26 1 0.7%
2 100.0%
o3 30 938 105 12.6%
[
[&]
g
=4 12 2 180 968 16.7%

1.0% 0.1% 18.0% 9.9%
1 2 3 4
Predicted Class
Fig. 13

B. Perceptron Algorithm

For the perceptron algorithm [36], which is a linear classifier,
first of all, the data set obtained as a result of dimension
reduction is expanded according to Kessler’s reconstruction.
Then, using the Gradient Descent Algorithm, the W weight
vector is obtained by updating at each iteration. Then by
checking the state gi(x)> g;(x), x point i. assigned to the class.
The results obtained are shown below for the different size
reduction method.

Learning ratio for the following results: 0.0002 and 200
iterations were run.

The results are performed using different parameters for
both classification algorithms. Time and frequency domain
results are given in the following results table with success
percentages.
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Time Domain kNN k=55 PCA=3 ConfusionMatrix
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Fig. 14: Fisher’s LDA Result

Perceptron ConfusionMatrix
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2
@23 212 798 63 256%
(]
o
g
4| 380 184 598 515% | 48.5%

13.7% 0.0% 38.1% 9.7%
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Fig. 15: PCA k = 3 Result

a) Wit Time Space Results

TABLE VIII: K-NN ALGORITHM RESULTS

K Point Distance Size Accuracy
Number Calculation Reduction (%)
Method
55 euclidean PCA=3 96.078
55 manhattan PCA=3 96.896
55 euclidean Fisher’s LDA  96.013
55 manhattan Fisher’s LDA = 96.068
55 euclidean PCA=8 98.023
201 euclidean Fisher’s LDA ~ 95.527
201 euclidean PCA=3 95.860
201 euclidean PCA=28 96.887

TABLE IX: PERCEPTRON ALGORITHM RESULTS

Learning ~ Number of = Size Reduction =~ Accuracy
Rate Iterations Method (%)
0.002 300 PCA=3 89.917
0.002 300 Fisher’s LDA 91.297

0.0002 300 PCA=3 92.297
0.02 300 PCA=3 91.198
0.02 300 Fisher’s LDA 89.342

b) Frequency Space Results

TABLE X: K-NN ALGORITHM RESULTS

K Point Distance Size Accuracy
Number Calculation Reduction (%)
Method

11 euclidean PCA=3 96.527
11 manhattan PCA=3 96.180
11 euclidean Fisher’s LDA 92.708
11 manhattan Fisher’s LDA 93.055
11 euclidean PCA=8 99.305
45 euclidean Fisher’s LDA 93.229
45 euclidean PCA=3 95.315
45 euclidean PCA=8 98.437

TABLE XI: PERCEPTRON ALGORITHM RESULTS

Learning ~ Number of = Size Reduction  Accuracy
Rate Iterations Method (%)
0.002 300 PCA=3 93.402
0.002 300 Fisher’s LDA 91.840

0.0002 300 PCA=3 93.618
0.02 300 PCA=3 90.451
0.02 300 Fisher’s LDA 93.402

VIII. CoNCLUSION

In the human activity classification study, the problem of
classifying 4 different activities was addressed. The problem
has been analyzed in two different ways, in time and frequency
domain. Different parameters and different scenarios were
realized in both spaces and scenario-based confusion matrix
representation was also shown in detail in tables for different
parameters.

The following results caught my attention in this study. PCA
size reduction projects more distinct class features than Fisher’s
LDA. This situation can be associated with high accuracy in
scenarios where PCA is used in the classification results.
Another result was seen when examining the effect of distance
calculation method on accuracy in scenarios using k-NN
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classifier. It shows that in the case where PCA is used in Time
Space, the calculation of manhattan distance gives better results
than Euclidean distance. But it shows that Euclidean distance
works better in the frequency space data set.

In general, it can be said within the scope of this study that
PCA = 8 has the best results for both spaces and generally
the k-NN classification algorithm gives better results than the
perceptron. My favorite method for this study is the PCA = 8
k =55 k-NN algorithm for time space. It is the k-NN method for
the frequency domain for PCA =8 and k= 11.
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