Machine Learning with Applications 12 (2023) 100461

Contents lists available at ScienceDirect -
Machine
Learning
wi

Applications

Machine Learning with Applications

journal homepage: www.elsevier.com/locate/mlwa

Human activity classification using deep learning based on 3D motion feature /R

Check for
updates

Endang Sri Rahayu ®°, Eko Mulyanto Yuniarno?, I. Ketut Eddy Purnama ?, Mauridhi
Hery Purnomo %"

a Department of Electrical Engineering, Sepuluh Nopember Institute of Technology, Surabaya, Indonesia
b Department of Electrical Engineering, Jayabaya University, Jakarta, Indonesia
¢ University Center of Excellence on Artificial Intelligence for Healthcare and Society (UCE AlHeS), Surabaya, Indonesia

ARTICLE INFO ABSTRACT

Keywords:
Human activity
Motion feature
Deep learning
Classification

Human activity classification is needed to support various fields. The health sector, for example, requires the
ability to monitor the activities of patients, the elderly, or people with special needs to provide services with
fast response as needed. In the traditional classification model, the steps taken to start from the input of
data and then proceed with feature extraction, representation, classifier and end with semantic labels. The
classification stage uses Convolutional Neural Network (CNN) deep learning to data input, CNN, and semantic
labels. This paper proposes a novel method of classifying nine activities based on the movement features of
changes in joint distance using Euclidean on the order of frames in each activity segment as input to the CNN
model. This study’s motion feature extraction technique was tested using various window sizes to obtain the
best classification accuracy. The experimental results show that the selection of window size 16 on the motion

feature setting will produce an optimal model accuracy of 94.08% in classifying human activities.

1. Introduction

The Human Movement Analysis (HMA) research area is an interdis-
ciplinary research area that attracts great interest from the computer
vision, machine learning, multimedia, and medical research commu-
nities. The implementation of this research is utilized for human-
computer interaction, security (intelligent surveillance), health
(assisted clinical studies), information technology (content-based video
capture), entertainment (special effects in somatosensory film and game
production) for all aspects of our daily life (Seidenari et al., 2013). As
an essential research series of HMA, Human Activity Recognition (HAR)
forms the basis for all the applications mentioned above. Utilization has
been widely used in health care applications such as elderly monitor-
ing, exercise monitoring, and rehabilitation monitoring (Huang et al.,
2020). HAR is also developing in applications in the fields of robotics,
entertainment, biometrics, and multimedia (Bennamoun et al., 2020).
An indoor emergency awareness alarm system was also developed using
deep neural networks. The system uses mobile devices for people such
as the elderly, people with special needs or children who may need
help (Kim & Kim, 2020).

In recent years, the development of deep learning has resulted in
significant advances in activity recognition. In various research topics,
there are two main methods, framework-based activity recognition and
sensor-based activity recognition (Goddard, 2021). One of the main

problems of the existing HAR strategy is the relatively low classification
accuracy, so it is necessary to increase the accuracy, which requires
high computational overhead (Kong et al., 2021). Classification mod-
els using deep learning are continuously being developed to improve
performance resulting from traditional video classification models.

One of the Deep Learning algorithms to process image or sound data
is a Convolutional Neural Network (CNN). CNN in this study was used
to classify labelled data using the supervised learning method. Super-
vised learning work is the presence of target data for data training.
Among all types of neural networks, CNN is known as the most success-
ful and is widely used to solve problems of image recognition, object
detection/localization, and even text processing (Alpaydin, 2021). CNN
(convolutional kernels) combines some local filters with raw input data
and generates local translation-invariant features in the convolutional
layer. The successive pooling layer extracts fixed-length features via a
sliding window from raw input data following some rules like mean,
max., etc. (Zhao et al., 2019).

This paper proposes a model for recognizing human activities using
deep learning to classify human activities (actions). The preparation of
data as input data for the CNN model is the main concern in this paper.
Meanwhile, we also pay attention to designing the CNN model that will
be trained on the dataset. The source data of the 3D coordinate points
of the joints’ positions will be processed to detect changes in movement
that occur by calculating the distance of the coordinates of the joints
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on the adjacent frame. With the motion feature extraction technique,
a set of frames representing motion in time series will be taken to
form windows that are ready to be input into the CNN model. Each
video segment in the joints coordinate data represents one activity. The
training and testing data to determine the model’s accuracy uses the
public dataset of Florence with 3D data from the position of 15 joints
consisting of 215 videos.

The rest of this paper is organized as follows. Related work is
outlined in Section 2. In Section 3, the proposed method is explained.
Section 4 presents an evaluation of the proposed system. Section 5
provides the conclusions and future research directions.

2. Related work

In this section, we present papers related to the research carried
out. Attention is paid to various studies using video or RGB image
data and sensor detection results to recognize the human activity.
Various processing and deep learning methods are based on a series
of spatiotemporal frames from joint and skeleton data. Bennamoun
et al. (2020) images represent a scene’s photometric and geometric
information. In addition, low-cost depth cameras, e.g., Intel Realsense
- Orbbec Astra - Microsoft Kinect v2, due to their high gain frame rates
and the significant nature of public data releases in recent years, can
enable real-time applications. Research (Gaglio et al., 2015), recogniz-
ing human activity using information from RGB-D cameras, Microsoft
Kinect, using the Kinect Activity Recognition Dataset (KARD) with
three machine learning techniques, Support Vector Machine, K-means
clustering, and Hidden Markov models. Combines these three tech-
niques to detect the postures involved while performing an activity. It
aims to classify and model each activity as a spatiotemporal evolution
of a known posture.

Human activity recognition (HAR) is carried out using various data
sources derived from the detection results of environmental sensors,
video, or wearable sensors (Huang et al., 2020; Pham et al., 2020).
Research using video or image data sources based on RGB (Chen et al.,
2018) or RGB Depth (Bennamoun et al., 2020; Gaglio et al., 2015),
as well as information based on skeleton (Ahmad et al., 2020; Li et al.,
2020; Liu et al., 2018; Su et al., 2019; Wang & Wang, 2018; Zhang et al.,
2020), is used to recognize human movement. 2D images (Liu et al.,
2018) research developed a skeleton traversal based on a tree structure
derived from the Kinect skeleton image structure. The new Spatio-
Temporal Long Short-Term Memory (ST-LSTM) Network is designed
for skeleton-based action recognition. Pham et al. (2020) also uses a
method that combines LSTM with CNN. Huang et al. (2020) researches
a new end-to-end HAR method. The Wang et al. (2021) method uses the
Skeleton Edge Motion Network (SEMN) further to explore information
on the motion of human body parts. A skeletal edge motion network is
proposed by stacking several spatial-temporal blocks to study the effec-
tive representation of skeletal data. A two-level hierarchical framework
for human action recognition was designed by Su et al. (2019), where
a Support Vector Machine is used for coarse-grain classification at the
first level. Meanwhile, a combination of Support Vector Machines is
used at the second level, and the Hidden Markov model is used for fine-
grained classification. The non-intrusive activity recognition method
was carried out in Chen et al. (2018) research, spatial and temporal
information, based on the distance between two frames in two adjacent
frames. Each frame is converted into a feature vector to maintain the
order of the frames. This method can be used for incomplete data
frames and is considered robust because it can handle noisy activities.

The motion features in this study are a series of frames from joint
coordinates in a three-dimensional (3D) dataset of the human skele-
ton that is moved sequentially. Motion feature research by Aldahoul
et al. (2022) uses the EfficientDet-D7 method. Movement through
dynamic representation and matching framework feature sequences in
activity recognition in Li et al. (2018) research using segmentation
techniques. Chen et al. (2023) uses a new framework to identify and
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differentiate between humans by human image processing augmented
by colour and depth. For example, from a commercially available depth
camera such as the Microsoft Kinect, it is possible to derive specific
features from the image that can distinguish between individuals in a
3D frame.

Deep learning is a framework capable of deep learning to ob-
tain a set processing time, especially for training the network very
quickly (Phyo et al., 2019). Convolutional Neural Network (CNN) is a
deep learning method used to complement human activity recognition.
CNN learns millions of internal parameters from a data representation
optimized for training data. Research using CNN was carried out by Lee
et al. (2017) using data from the accelerator as input. Meanwhile, Go-
choo et al. (2019) research uses input data from binary sensors, namely
Passive Infrared (PIR) motion sensors and door sensors which are
processed using the Deep Convolutional Neural Network (DCNN). Pham
et al. (2020) uses wearable sensors (SensCapsNet) to recognize human
activity, with an accelerometer and gyroscope sensor data input that
generates spatial-temporal data. Liu et al. (2018) is research on spatial
and temporal domains to simultaneously analyze hidden sources of
action-related information in human skeletal sequences across seven
benchmark data sets.

2.1. Human activity recognition

Computer vision technology that leads to the analysis of human
motion is developing by the many applications based on human move-
ment. Analysis can be done through body structure analysis, human
tracking, human action recognition, etc. Physical behaviour is a con-
cern to be accurately and quickly analyzed for implementation in
various fields. The terms “action” and “activity” are commonly used
in the activity recognition community for physical behaviour. In some
cases, they are used interchangeably, and in other cases, they are used
to denote behaviours of different complexity and duration (Chen &
Nugent, 2019). We distinguish between action recognition and action
detection. Recognition of the activity (action) referred to in this paper
recognizes the class/class of action being carried out by the actor in the
video. At the same time, action detection is where and when the action
is carried out in a series of videos, which will not focus on this research.
We also distinguish between action prediction and action recognition.
Action prediction is that the action video data arrives sequentially.
Meanwhile, action recognition takes full observation as input. The key
to obtaining an accurate initial classification is extracting the most
discriminatory information from the initial segment in the temporal
sequence (Fu, 2016).

The purpose of human action recognition is to predict the label of
an individual or group of people’s actions from video observations. In
addition, the problem to be solved is that different people may show
different poses in doing the same activity. All of these factors will result
in a sizeable intra-class display and pose variety, which confuses many
existing activity recognition algorithms (Fu, 2016). This is what causes
various human activity recognition research methods to continue to
develop to obtain better results.

3. Our method

This section describes a proposed method for classifying human
activities using a deep learning CNN model. The explanation begins
with presenting the system model in general; then, it will explain
the extraction of motion features and the CNN model used to classify
human activities.

The flow diagram of the human activity classification method us-
ing the proposed motion feature extraction is shown in Fig. 1. The
dataset was prepared using the motion feature extraction method as
model input. Furthermore, the extracted data is processed with CNN to
generate activity classes. Finally, we evaluate the performance results
of the proposed system.
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Fig. 2. Method of motion feature extraction.

3.1. Motion feature

We use the sliding window technique on time series data to con-
struct motion features (Chen & Nugent, 2019). Each video segment in
the dataset consists of several frames. We will calculate the change in
the distance at each joint position coordinate in adjacent frames. The
identification of joint motion is carried out by calculating the change
in the 3D coordinate distance of each joint in each video segment.
The Euclidean Distance formula r;* (1) is used to calculate the change
between 3D coordinates (x, y, z) from each ith joint.

A= G =2+ G - R (I - 2 &)

The results of the calculation of the adjacent distance show that
the movement change in frame s changes to frame 7 + 1. Thus, let the
combined distance r,; with i is the joint position from 1 to 15, the
feature matrix R (2) is defined as follows:

r11 ri2 3 1,15
1 22 3 72,15

R=1rs;  rp Iz . I3gs 2
"n-11 Th-12  Th-13 Tp-1,15

Next, several times series frames will be taken by performing motion
features. Fig. 2 illustrates the steps of extracting motion features from
3D coordinate data from 15 joints. Several w samples are taken, where
w is the window size to form a series of windows. We refer to this
series of sliding windows as motion features. Given a video segment
that contains one activity, consisting of several frames. First of all, we
divide into segments with window size w. Window size is the number
of frames taken in each video segment to form a motion feature.
Each video segment be M motion features, i.e. Fq, F, ..., Fy and the
sub-feature F,, is defined as

F.={F.F, ... F} 3

where i is the number of joints.

The number of motion features formed in each video segment will
differ from one video segment to another. It depends on the number of
frames in each video segment.

Fig. 3 illustrates how motion features are created on windows
size w. The motion feature extraction stage will produce a three-
dimensional matrix used as input data in the CNN deep learning
model.

3.2. Convolutional neural network

Convolutional Neural Network (CNN) has a significant impact on
the computer vision field. Scale, rotation and noise are challenges
in computer vision Al research. CNN’s ability can solve this prob-
lem (Mukhopadhyay, 2018). Experiments using CNN conducted in this
study include convolutional layers and density layers.

Convolutional Layer: First, we have to define the hyper-parameters
for the convolutional layer in most neural network frameworks, i,e.:

« number of filters

« filer size

« stride

+ padding

- activation function

The primary purpose of a convolutional layer is to detect features
such as edges, lines, colour groups and other visual elements. The more
filters we create on the convolutional layer, the more features it can
detect.

Dense Layer: The number of neurons indicates the number of
neurons that make up this layer. The activation function indicates
the type of activation used. Dense layers can implement activation
functions such as ReLU, sigmoid or hyperbolic tangent. For example, if
the network distinguishes between several activities, such as standing,
sitting, and waving, then there are three output neurons. We can
apply the Softmax function to the final layer as a probability function.
Softmax makes each neuron provide possible image representation for
each group.
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Fig. 3. Ilustration of feature motion extraction in each video segment, window size = 10.

CNN parameters are organized into three-dimensional structural
units, known as filters or kernels. Filters are usually square in terms
of their spatial dimensions, which are usually much smaller than the
layer to which the filter is applied. On the other hand, the depth of the
filter is always the same as the applied layer (Alpaydin, 2021).

4. Experiments

We experimented with dataset extraction algorithms to generate
motion features and then input them into deep learning models. In clas-
sifying human activities through motion feature extraction, we observe
several window sizes to prove the effect of window size. The optimal
length of the window size must be considered to avoid the risk of
identification failure (Ahad et al., 2020). The results will be evaluated
to prove the accuracy of the proposed method. Through the confusion
matrix, we discuss and analyze the reasons for misclassification or try
to decipher the rationality of each error in accuracy per class.

4.1. Dataset

The public data used in this research is from Florence 3D Ac-
tion (MICC, 2018). The dataset collected at the University of Florence
during 2012 has been captured using a Kinect camera. It includes nine
activities. Ten subjects were asked to perform the above actions 2/4
times during acquisition. Table 1 shows the features of the dataset used
in this study. A-frame consists of video identity, actor identity, activity
label and 3D coordinates of 15 joints. Several successive frames make
up a video segment about an activity. The dataset contains 215 video
segments, with the number of frames per video segment ranging from
7 to 34 for a total of 4016 frames.

An actor as a subject is represented by 15 joints in Kinect as shown
in Fig. 4, namely: j;: Head, j,: Neck, j3: Spine, j,;: Left shoulder,

Table 1
Dataset features.

Field name Annotation

video id 1..215

actor id 1..10

activity label 1.9

j (x_head,y_head,z_head)

2 (x_neck,y_neck,z_neck)

J3 (x_spine,y_spine,z_spine)

ja (x_leftshoulder,y_leftshoulder,z_leftshoulder)
js (x_leftelbow,y_leftelbow,z_leftelbow)

s (x_leftwrist,y_leftwrist,z_leftwrist)

i7 (x_rightshoulder,y_rightshoulder,z_rightshoulder)
js (x_rightelbow,y_rightelbow,z rightelbow)
Jo (x_rightwrist,y_rightwrist,z_rightwrist)
Jj10 (x_lefthip,y_lefthip,z lefthip)

in (x_leftknee,y_leftknee,z_leftknee)

j12 (x_leftankle,y leftankle,z_leftankle)

j13 (x_righthip,y_righthip,z_righthip)

jia (x_rightknee,y_rightknee,z_rightknee)

j1s (x_rightankle,y_rightankle,z rightankle)

js: Left elbow, je: Left wrist, j,: Right shoulder, jg: Right elbow,
jo: Right wrist, j;4: Left hip, j;1: Left knee, j;5: Left ankle, j;5: Right hip,
j14: Right knee, j;5: Right ankle. While the list of activities is shown in
Fig. 5, which consists of nine activities: “wave”, “drink from a bottle”,
“answer phone”, “clap”, “tight lace”, “sit down”, “stand up”, “read
watch”, and “bow”.

4.2. Motion features extraction

The number of frames in each video segment in the dataset varies
from 7 to 34. In each frame count group, we show the number of video
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Fig. 4. Fifteen joints (j) detected by means of the Kinect.
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Fig. 5. Activity Frequency on the dataset in 215 video segments.

segments in Table 2. By considering the results of the calculation of
the distance between adjacent frames, each video segment will have
n — 1 frames where n is the number of frames for each video segment
of the dataset. Let .S be the total number of frames in the w window
size that will be processed to create the motion feature, according to
the (4) formula as follows:

34
S = 2 nxuvs, @
=7

when vs is a number of video segments, each count of frames, n is the
value of the number of frames for each video (7 to 34 frames).

The entire frame used in the experiment is 3801. We conducted
experiments using different window sizes (w = 7, 10, 13, 16, 19, 22,
25). The smallest window size corresponds to the smallest number of
frames, 7, as shown in Table 2. A window size of 7 will cover all
frames in the entire video segment. The number of frames used in each
tested window size can be seen in Table 3. The table also provides
information on the number of motion features created by capturing
several frames in each activity in the video segment. In window size

7, the dimensions of the motion features are (2511, 7, 15), which
means there are 2511 motion features; the window size is seven at 15
joints. This data dimension is used as input data for deep learning. It
is the maximum number of motion features input to the CNN model.
In a window of size 10, a dimensional motion feature will be formed
(1871, 10, 15). Video segments that have fewer than ten frames will be
skipped. Similarly, when we take a window size of 13, the dimensions
of the motion feature formed are (1273, 13, 15); this means that some
video segments with several frames less than 13 will be skipped. As the
window size increases, the number of motion features decreases, which
means that the amount of input data to the CNN model also decreases.

Table 3 shows the number of motion features at several window
sizes (w) that will be used as CNN model input.

We experiment with seven window sizes represented by w, i.e., 7,
10, 13, 16, 19, 22, and 25, which will form a number of motion features
M with a matrix size of M X w x 15. Our experiment used seven
window sizes to prove the effect of window size on the accuracy of the
human activity classification model. The larger the window size, the
fewer motion features are formed. It will reduce the number of motion
features as input data in the CNN model.
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Table 2
Total for each group of frames on 215 video segments.

Number of frames Number of video segments Total frames

7 2 14
8 1 8

9 5 45
10 8 80
11 7 77
12 7 84
13 12 156
14 18 252
15 19 285
16 18 288
17 15 255
18 13 234
19 14 266
20 17 340
21 10 210
22 12 264
23 15 345
24 4 96
25 1 25
26 5 130
27 5 135
28 1 28
29 2 58
30 1 30
31 2 62
32 0 0
33 0 0
34 1 34
Total 215 3801

4.3. Random split validation

After the motion feature extraction, we perform the random split
validation before the resulting data series becomes input data to the
CNN model. All data is involved randomly and split into 80% training
and 20% testing data in modelling to provide representative validation
results.

4.4. CNN model for classifying human activity

The CNN model in this paper predicts nine activities performed by
ten actors who repeat their activities two to four times in 215 video
segments. A CNN consists of convoluted layers and a fully connected
neural network. CNN architectural design model, as shown in Table 4.

The operation between the filter and the spatial regions in the
layer is performed at each position that allows defining the next layer,
where the activations retain their spatial relationship from the previous
layer (Zhao et al., 2019). The convolution layer consists of neurons
arranged to form a filter. The size of the first layer is 32 x 32 x 3, 3 is
the number of channels. These three filters will be shifted throughout
the image. Each shift will perform a “point” operation between the
input and the filter value to produce output. The activation function
used is ReLu, where the output value of the neuron can be expressed
as 0 if the input is negative. If the input value of the activation function
is positive, then the output of the neuron is the value of the activation
input itself. The process at the convolution layer produces a feature
map with a multidimensional array, so it is necessary to flatten or
reshape the feature map to form a vector so that it can be used as input
in a fully connected layer. This layer consists of the ReLu activation
function, and in the final stage of the model, the SoftMax activation
function is used. The input layer on a fully connected network comes
from the flattened layer of neurons resulting from 2D convolution.
Furthermore, several neurons used are generated from Dense 256.
Dense 256 is designed for three layers, then continued with Dense 64.
Finally, dense nine layers show the number of categories of 9 activities
used so that the parameter obtained is 585, which comes from the
calculation of 9 x 64 + 9.
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The activation function used in this proposed method is the rectified
linear unit or ReLU. The ReLu (p) of x is just a max value of 0 and
x, which means it will return 0 if the input is negative or raw input
otherwise, as follows (5) (Indrakumari et al., 2021):

p(x) = max(x,0) ()

As the last layer of the neural network, the softmax activation
function is used to convert the score into a normalized probability
distribution. The SoftMax activation function (6) is defined as

eZi
Zf:] et
where i is an index of the output vector. It basically transforms (o)
a vector z with arbitrary real values to a vector with values ranging
from 0 to 1, and they are such that they all add up to 1 (Indrakumari
et al., 2021). e is the constant math e (2.71828...), and z; represents
the ith element of the input vector z. The softmax function applies an
exponential function to each input vector element, then normalizes the
resulting value by dividing it by the sum of all the exponential values.

From all the stages described, we develop a model algorithm 1 that
is applied to classify the dataset used.

(6)

U(Z)i =

Algorithm 1 ClassActivity < Videolmage3D

Require: class =9
Ensure: class(9) < Dataset(id, activity, joints(x,y,x))
1: frame(activity, joints) < read(ArrayO f Dataset)
2: if joint < 15 then
3: ListData < EuclideanDistance(frame.joints, | — frame.joints,)
while WindowSize =7,10,13,16,19,22,24 do
data < array(ListData(WindowSize))
label < array(ListData(frame.activity))
end while
end if
: procedure TrainTEsTSPLIT(0.8,0.2)
10: X.Train, y.Train, X.Test, y.Test < (data,label)
11: end procedure
12: procedure MopeLCNN(X.Train, y.Train, X.Test, y.Test)
13: model(accuracy, loss) < sequential
14: Conv2D(32,32)
15: Dropout(rate < 0.1)
16: Conv2D(32)

© ® N TR

17: Flatten
18: Dense(256, 256, 256, 64, 64, 9; activation < ReLu)
19: model.compile

20: model.fit

21: end procedure

22: Plot Figure

23: ConfusionMatrix(actual, predicted)

4.5. Results and discussion

For validation, we used 1.6 GHz Intel Core i5, 8 GB RAM, 2133
MHz LPDDR3 with a macOS Mojave version 10.14.5. The programming
language Python 3.8.1. We used the Florence 3D public dataset (MICC,
2018).

The experiment was carried out with 50 epochs, experimenting
on window sizes 7, 10, 13, 16, 19, 22, and 25. Window size 7, the
smallest, will cause all video segments to be covered so that the number
of frames that will make up the motion feature will be maximized.
A small sampling is proven not to produce the best accuracy value.
The sequence of movement patterns that the system will detect is
also getting smaller. The following experiment tested the addition of
window size. It turned out that the larger the window size, the better
the recognition made by the system so that at a window size of 16, the
accuracy value reached 94.08%. The experimental results are shown in
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Table 3
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Number of motion features, window size and number of joints as matrix size for CNN model input.

Window size Number of Percentage of Number of motion Matrix size
frames used frames used features formed
7 3801 100% 2511 (2511, 7, 15)
10 3734 98% 1871 (1871, 10, 15)
13 3493 92% 1273 (1273, 13, 15)
16 2800 74% 760 (760, 16,15)
19 2023 53% 403 (403, 19,15)
22 1207 32% 178 (178, 22, 15)
25 502 13% 70 (70, 25, 15)
Table 4
Architecture of implemented CNN Model (window size = 16)
Layer Filter number Ouput shape Activation Param #
Convolution 2D 32, kernel size = 3 (None, 16, 15, 32) ReLu 320
Convolution 2D 32, kernel size = 3 (None, 16, 15, 32) ReLu 9248
Dropout rate = 0.01 - (None, 16, 15, 32) - 0
Convolution 2D 32, kernel size = 3 (None, 16, 15, 32) ReLu 9248
Flatten - (none, 7680) - 0
Dense - (none, 256) ReLu 1966336
Dense - (none, 256) ReLu 65792
Dense - (none, 256) ReLu 65792
Dense - (none, 64) ReLu 16448
Dense - (none, 64) ReLu 4160
Dense - (none, 9) SoftMax 585
5
4
3
Testing
2 —@—Training
1
0 o . @ . < < B
7 10 13 16 19 22 25

Window size

Fig. 6. Experimental results: Training and validation loss for window size 7, 10, 13, 16, 19, 22 and 25.

Table 5
Experimental Result: Loss and accuracy on training and testing data.

Training (80%) Testing (20%)

Window size

Loss Accuracy Loss Accuracy
7 2.22E-05 100% 1.4669 82.31%
10 0.0041 100% 0.4549 90.93%
13 1.83E-05 100% 0.54 93.33%
16 1.51E-05 100% 0.364 94.08%
19 2.11E-05 100% 0.8995 90.12%
22 1.18E-05 100% 3.1818 86.11%
25 2.60E-06 100% 4.8933 64.29%

Fig. 6 which shows the loss of training data and testing data, while the
accuracy values for training data and test data are shown in Fig. 7.

Loss and accuracy values for some of the tested window sizes are
shown in Table 5. The experimental results show that when the window
size gets bigger, it will result in fewer input data for the model; this
is proven to reduce the recognition ability of the detected activity. It
appears that at the window sizes 19, 22, and 25, the accuracy values
are decreasing.

The results of the confusion matrix in Tabel 6 show the predicted
results of 9 actual activities classification. There appears to be a correla-
tion between the confusion matrix display and the value that indicates

the number of activities predicted to be correct from the actual activity
information detected as incorrect activity. In the experiment using a
window size of 16, which has the highest accuracy value, the prediction
results based on the confusion matrix are obtained. Table 6 shows the
9 activity classes mentioned. The top 95% value of the row gives the
recognition result or accuracy for the ‘answer phone’ class. However,
the ‘answer phone’ class is confused with the ‘clap’ class by 5%. The
values in the first row are summed up as 100%. From this Table, we
can predict that the ’drink from a bottle’ class is highly confused or
misclassified by the ’read a watch’ activity class (20%). Similarly, we
can see that the ‘read watch’ class is also confused with the ‘drink from
a bottle’ class (10%). So, both the ’drink from a bottle and ‘read watch’
classes get confused with each other. So accuracy can be improved
either way if some preprocessing or enhancement can distinguish these
two confusing classes of activity. Besides that, the ‘read watch’ class
is confused with ’sit down’ class by 3% and ’stand up’ class by 3%.
Using the Python programming language in this research, it is shown in
Fig. 8 visualization of different confusion matrices for window size 16.
A confusion matrix with various colour combinations is demonstrated,
and numbers indicate the number of detected activities. The diagonal
value is the level of accuracy for the number of activity classes that
have been recognized. The slight difference in joint movement between
one activity causes prediction errors, but choosing the optimal window
size can reduce prediction errors.
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Table 6
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Normalized confusion matrix for 9 activities classification with a window size of 16. Rows represent basic

truths and columns represent predictions.

1 2 3 4 5 6 7 8 9
1 - answer phone 0.95 0.00 0.05 0.00 0.00 0.00 0.00 0.00 0.00
2 - bow 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
3 - clap 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00
4 - drink from a bottle 0.00 0.00 0.00 0.80 0.20 0.00 0.00 0.00 0.00
5 - read watch 0.00 0.00 0.00 0.10 0.83 0.03 0.03 0.00 0.00
6 - sit down 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00
7 - stand up 0.00 0.00 0.00 0.17 0.00 0.00 0.83 0.00 0.00
8 - tight lace 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.97 0.03
9 - wave 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
100.00% r-—————e0——_p——i~—=_9
80.00%
60.00%
Testing
40.00% ~@—Training
20.00%
0.00%

7 10 13 16

19 22 25

Window size

Fig. 7. Experimental results: training and validation accuracy for window size 7, 10, 13, 16, 19, 22 and 25.
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Fig. 8. Confusion matrix for 9 activities classification with a window size of 16. Shows the number of true and false predictions.

Based on the confusion matrix on Fig. 8, assuming the positive
activity is ‘answer phone’, we compiled Table 7 to measure the number
of data correctly classified (True Positives (TP), True Negatives (TN))
and incorrectly classified (False Positives (FP), False Negatives (FN)) by
the model. Then we calculate accuracy, precision, recall, and F1-score
as performance evaluation metrics of a classification model using the
following formula (Bramer, 2016):

TP+TN
accuracy = )
TP+TN+FP+FN
precision = TP ®

TP+ FP

recall = _Trr 9
TP+ FN

2 X (precision X recall) 10)

F1 —score =

precision + recall

By comparing the predicted labels of a model with the true labels of
the data and counting the number of correct and incorrect predictions
according to formulas (7), (8), (9), and (10), we obtain accuracy =
99.3421%, precision = 100%, recall = 0.94736842, and F1-score =
0.97297297.
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Table 7
Confusion matrix for evaluating the performance of a classification model.

Predicted positive

TP =18
FP =0

Predicted negative

Actual Positive
Actual Negative

FN =1
TN = 133

Table 8
The results of comparing the model implementation with window size = 16 using the
UTKinect-Action3D dataset.

Dataset Activity Joints Frames Accuracy
Florence-3D 9 15 760 94.08%
UTKinect-Action3D 10 20 220 93.18%

Table 8 shows the experimental results using the UTKinect-Action3D
dataset (joints_s01_e02.txt) as part of a study on action recognition
from deep sequences (Xia et al., 2012), compared to the Florence 3D
dataset as experimental data in this paper. From UTKinect-Action3D,
we use movement data of a person performing ten activities (‘walk’, ‘sit-
Dowrn’, ‘standUp’, ‘pickUp’, ‘carry’,‘throw’, ‘push’, ‘pull’, ‘waveHands’,
‘clapHands’). The video capture results using a single stationary Kinect
camera produce a series of frames containing the frame number and
coordinates (x, y,z) of the 20 joints. The experimental results show a
loss value of 0.1964 and an accuracy of 93.18%. So it is proven that
our model can accurately classify different datasets.

5. Conclusion

This paper proposes a method using 3D motion feature extraction
as part of the data preparation stage for a CNN model that will classify
nine human activities. The extraction step begins by calculating the
Euclidean distance of each joint in adjacent frames in a video segment.
Furthermore, several frames are taken to form a time series sequence
in one activity segment to form a motion feature validated using 80/20
random split validation, which is then used as input for the CNN model.
The design of the CNN model consists of three convolution layers using
ReLu activation and three layers on a fully connected network. The
activation function used in five fully connected network layers uses
the ReLu activation function, while the last layer uses the SoftMax
activation function with nine parameters with the number of activities
to be classified. The experimental results using seven variations of
window sizes show that a window size that is too small provides
activity sequence data that the model does not sufficiently recognize.
At the same time, a window size value that is too large will reduce the
accuracy value in recognizing activities because fewer motion features
are formed. This experiment confirmed that choosing a window size is
very important for the best accuracy. In the experiment using seven
window sizes, the selection of window size 16 resulted in the best
accuracy of 94.08% in recognizing human activities. Using a confusion
matrix to measure the classifier’s performance by classifying an activity
correctly or misclassified, we obtain accuracy = 99.3421%, assuming
a positive value on the ‘answer phone’ activity. The future work is to
develop activity recognition research to identify the activities of the
elderly living alone by identifying the duration of activity obtained
from sensors to detect abnormal activity in the elderly. This research is
the basis for developing an intelligent assistance system for the elderly.
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