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Abstract: At the moment, human physical activities can be detected and classified by activity recognition systems. One
of the key issues in human activity recognition (HAR) systems is cost, speed, and accuracy. With the advancement of
mobile devices and increasingly sophisticated microprocessors, along with the integration of various sensors including
accelerometers, human activity recognition has become easier and faster. However, the accuracy of activity classification
based on accelerometer data depends on many different factors, which can lead to potential deviations in results. Through
various experiments, we have found that selecting optimal features is crucial for the performance of classification. In this
paper, we propose a simple feature set that yields very promising results with an accuracy of up to 99%.
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Tiéu de:

Tém tit:

Mot giai phap IoT phan loai cic hoat dong thé chét ciia con ngudi duwa trén cic caAm bién va thuat toan hoc
¢6 giam sat

Hién tai, cac hoat dong thé chit ciia con ngudi cé thé dugc phat hién va phan loai béng cic hé théng nhan dang hoat
dong. Mot trong nhitng vin dé chinh trong cdc hé théng nhan dang hoat dong ciia con ngudi (HAR) 1a chi phi, tbc do
va do chinh xdc. Véi su tién bod clia cac thiét bi di dong va bd vi xit Iy ngay cang tinh vi, cing véi su tich hop clia
nhiéu cam bién khic nhau bao gdm ca mdy do gia tdc, viéc nhian dang hoat dong ciia con ngudi di trd nén dé dang
va nhanh hon. Tuy nhién, do chinh x4c ctia phan loai hoat dong dua trén dit liéu may do gia tbc phu thudc vao nhiéu
yéu t6 khic nhau, c6 thé din dén do léch tiém 4n trong két qui. Thong qua nhiéu thit nghiém khéc nhau, ching toi
thdy ring viéc lua chon cédc tinh ning tbi wu 1a rit quan trong dbi véi hiéu sudt phan loai. Trong bai bdo nay, chiing

t6i d& xudt mot bd tinh ning don gidn mang lai két qua rat hita hen v6i do chinh xac 1én t&i 99%.

Tu khoa:
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I. INTRODUCTION

The problem of HAR in general, and accelerometer-
based activity recognition in particular, is proving to be
highly significant with numerous applications in fields such
as agriculture, healthcare, security, senior fall detection, in-
dustry [1]-[7], etc. By collecting data on user behavior and
providing a range of engagement options, activity recog-
nition technology allows systems to actively assist users
in completing their activities [8]. Three common method-
ologies have been identified: wearable device sensor-based

74

approach, environment-interaction sensor-based approach,
and computer vision-based approach [9]-[10]. The vision-
based technique uses cameras or movies to monitor changes
in the surrounding environment and user activity [11].
However, there are drawbacks to employing security cam-
eras, including their expensive cost, poor performance in
low light, and privacy concerns for users [12]. In order
to monitor user behaviors, sensors implanted in people
or items that make up the surrounding environment are
used in the environment-interaction sensor-based approach
[13]. This system needs to be installed and pre-deployed,



just like the computer vision-based method. The wear-
able sensor-based approach, in contrast to the previously
described methods, makes use of body sensors, creating
a wide range of possible applications in HAR [14]-[16].
As technology progresses, sensors are diversifying to im-
prove identification rates and adjust to different scenarios.
Whether used indoors or out, they don’t require installation
and are appropriate for any setting [17]. This approach
allows for the wear of sensors on the human body in a
number of locations, including the arm, wrist, thigh, front
pocket, ankle, or foot [18]-[21]. The goal of this research
is to take advantage of body-worn sensors’ capacity to
identify human states. The work of L. Bao et al. [19], who
gathered data from two-axis accelerometer sensors worn at
various points such as the arm, ankle, hip, wrist, and thigh
among the study group, is one of the significant studies
using numerous sensors to recognize human behavior. With
20 activities correctly classified, the Decision Tree (DT)
classifier’s accuracy was 84%. Nevertheless, drawbacks
included the need for more sensors, high sample rates, and
directionally oriented accelerometers. A. Wang et al. [9]
examined the use of only accelerometer sensors, only gyro-
scopic sensors, and the simultaneous use of both. According
to experimental findings, accelerometers offered superior
discriminative information compared to gyroscopes, and
combining the two sensor types improved classification
performance. Compared to KNN’s 87.8% overall accuracy,
Naive Bayes scored a higher 90.1% accuracy. The design
of a medical device for old or recently recovered indi-
viduals is proposed by this study. The following are the
paper’s principal contents: - We look into using low-power
microcontrollers with low-complexity algorithms. Because
of its low computing cost and straightforward real-time
implementation, the Random Forest (RF) technique is a
great option. - We develop a real-time responsive, low-
cost IoT activity recognition system. The system combines
machine learning (ML) models, signal processing, and
electronic circuits. Data gathering, preprocessing, feature
extraction, direct classification on the microcontroller, and
wireless transfer to the server are the steps in the process.
The proposed method uses a minimal set of features,
allowing the system to perform real-time recognition while
still achieving high accuracy.

II. RESEARCH METHOD

1. Model of Activity Recognition

Supervised learning algorithms use a mapping function
to create pairs of known (input, output) values and then
predict the result or label of next input. Unsupervised
learning, on the other hand, just uses input data without
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any predicted labels or results. A approach known as semi-
supervised learning uses a lot of data, but only some
of it is labeled. Furthermore, the system can choose the
optimal course of action based on the present situation
in order to maximize performance thanks to reinforcement
learning models. To increase accuracy, supervised learning
techniques will be used in this work. As illustrated in Figure
1, the overall approach to this HAR problem consists of
three stages: data collection, model analysis, and activity
recognition operations. The novelty is that we use a 3-
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Figure 1. The classification state process

axis accelerometer, which provides better performance and
accuracy compared to the 2-axis accelerometer used by L.
Bao et al. [19]. Acceleration data is collected along 3-axis
(Ax, Ay, and Az) from the proposed system for activity
classification in Stage 1 (data collection). The data streams
are split up into manageable chunks in Stage 2. Here, all
activity data is captured by moving a sliding window along
the stream. Subsequently, each segment-created vector will
have features that have been taken from the data. Selecting
features to be used as the classifier’s input is the next stage.
Additionally, the characteristics chosen in the previous step
will be trained to create the classification model at the last
stage (deployment and evaluation). Classifiers have been
gathered to determine activities based on the learned model.

2. Information Gathering

To facilitate classification tasks, the proposed system
combines a low-cost IMU sensor with a wireless network
to send and receive data to the wearable device. The system
proposed in this study uses a 3-DOF ADXL345 accelerom-
eter to collect motion data. To ensure accurate activity
measurement, the sensor parameters were configured with
a 4g full scale, 128 LSB/g sensitivity, and a noise level of
150 pg. This setup allows for tri-axial data acquisition on
the X, Y, and Z axes. The ADXIL.345 sensor is connected to
the PIC18F4520 microcontroller via an 12C interface, while
data transmission is handled by the ModuleSim module
through UART communication with the MCU. Compared
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with the 2-axis accelerometer used in the study by L. Bao et
al. [19], 3-axis collection captures motion in all directions,
offering a more complete and accurate representation of
user activity, especially for detecting complex or multidi-
mensional movements. Data will be sent from this gadget
to a smartphone running Android OS. Figure 2 shows the
proposed system structure. Asynchronous Receiver/Trans-
mitter protocol to connect with the MCU. The gadget is
powered by a 3.7V, 6000mAh rechargeable battery in this
configuration. A Dell E6540 laptop (2.7 GHz processor
and 8GB RAM) was used for our investigation. In order to
gather data on daily activity, we conducted an experiment
with 14 students, ages 18 to 22, heights of 1.55 to 1.8
m, and weights of 42 to 68 kg. We also recorded data
with two older persons, ages 62 to 75, heights of 1.5 m
and 1.66 m, and weights of 48 kg and 55 kg. Students
wore the proposed gadget, which had a 50 Hz sampling
frequency, around their waists. Four different states were
recorded: walking, standing, sitting, and running. We apply
the algorithm to this system as illustrated in Figure 1, and
hardware components as in Figure 2(a). This research aims
to develop optimized algorithms for low-performance, cost-
effective microcontrollers (Tiny Machine Learning) for use
in embedded systems and Internet-of-Things (IoT) devices.
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Specifically, the algorithm is embedded into the device
to enable real-time activity recognition. In this context,
the microcontroller acted as the Central Processing Unit
(CPU) of the embedded device, making the programming of
wearable devices to recognize activities in real-time crucial.
Real-time recognition required careful consideration of al-
gorithmic complexity and memory constraints. As a result,
machine learning algorithms like Random Forest (RF) are
well-suited for deploying HAR on wearable devices in real-
time. In this algorithm, decision trees (DTs) were con-
structed based on trained data, providing feature thresholds
for creating binary DTs. The RF algorithm implementation
followed these steps: during the setup phase, variables from
the ADXL.345 library were declared to define thresholds for
distinguishing between motor and non-motor activities, set
values for tap and double-tap detection, thresholds, free-
fall time, and configured interrupts. In the loop phase,
the model identified the ongoing activity, with thresholds
derived from the training process. This process repeats
every 5 seconds to deliver real-time results while ensuring
low computational complexity.

3. Analysis of Features

Accelerometer data will be utilized to examine the fea-
tures of activities after sensor data has been gathered. The
data streams are first split up into manageable chunks
that provide actionable information. Individuals carry out
tasks with ease, and subsequent tasks influence one an-
other. Furthermore, it can be difficult to define the precise
limits of an activity, which is why data egmentation is
required. The sliding window method is the method of
data segmentation used in this article since it is easy to
use and works well for real-time applications. It has been
demonstrated that this method works well for differentiating
between static (like standing and sitting) and periodic (like
running and walking) activities. The sensor signal is split
into time windows of a predetermined size in this instance.
14 people participated in the experiment by wearing the
device around their waists (see Figure 2 for an example)
and carrying out a predetermined list of tasks. In this study,
volunteers wore sensors on their waists and performed four
activities: standing naturally, sitting on a chair, jogging at
a slow and steady pace, and normal walking. The number
of activity observations with an 8-second window size (and
a 50% overlap rate) is shown in Table I. There are 5239
observations in the retrieved dataset. The imbalance in
sample sizes between sitting (273 samples) and standing
(222 samples) compared to walking (3115 samples) and
jogging (1629 samples) can be explained by the stability of
these activities. Specifically, sitting and standing are static
activities with minimal or no variation in the collected data,



Table 1
ACTIVITY OBSERVATIONS COMPOSITION

Behavior pattern Number of observations

Sitting 273
Standing 222
Waking 3115
Jogging 1629
Total 5239

so fewer samples are needed to represent them adequately.
In contrast, walking and jogging involve significant changes
in the collected data due to their dynamic nature. The
motion in these activities results in greater variations in
acceleration, particularly across all 3-axis X, Y, and Z,
requiring a larger volume of data to capture the full range
of behavior changes. Thus, the study focused more on
collecting data from activities with substantial variability
to ensure accuracy in recognizing and classifying these
actions. The dataset was split into a training set and a
test set. Various ratios of training to test sets were tested,
with the optimal ratio being 60% for training and 40% for
testing. The training set, representing 60% of the original
dataset, was randomly sampled from different subjects. The
remaining 40% made up the test set, ensuring no overlap
between the two sets. The proposed features were used to
analyze the training dataset for model development.

4. Extraction of Features

Making the good feature selections to assist activities
is essential to achieving good classification success. Prior
to feature extraction, feature selection is done. A subset
of the data for every activity was examined in order
to choose characteristics. Figure 3 displays a subset of
some data (about 200 samples) derived from the X-axis of
accelerometer in order to determine associated attributes of
each activity. Figure 3 illustrates how values for static states
(Standing, Sitting) fall within a narrow range. For instance,
sitting has about 200 sample values along the X-axis cen-
tered around (0.12g, 0.36g), while standing has about 150
values focused around ~ Og on the axis (1g = 9.8m/s?). In
order to measure the data concentration level, distinguish
dynamic states versus static states, and categorize static
states among themselves, two features that can be used
are the mean and median values. Furthermore, the value
ranges of dynamic states—like walking and running are
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Figure 3. Histogram of 200 samples in X-axis

broader than those of static states. In order to ascertain the
difference between the highest and lowest values of these
states, the range has been selected. Then, we choose a set
of features as shown in Table II below.

Table 11
FEATURES DEFINITION (X-AXIS)

Formula
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where: N : the total of data samples;
Xj: j™ record ;
i'" sample of X; ;
#(X;) : mean of X;;
RMSyx; : root mean square of X;.
0 (X;) : standard deviation of X;
min, max is the minimum, maximum value of X;.
Note that the Y-axis and Z-axis features are similar.

Xi:

5. Classification of Activities

The key to recognizing activities is the classifier. In
addition to having a quick training period and excellent
accuracy, classifiers frequently have to fulfill real-time
demands. The training and classification procedure will use
the feature set that was extracted in the preceding step as
input. We used popular ML classification techniques as



Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

Support Vector Machines (SVM), Gradient Boosting Deci-
sion Trees (GBDT), and k-Nearest Neighbors (KNN) via the
Sklearn package. The performance of these classification
models will be assessed and compared to RF (our proposed
technique).

6. Evaluation indicators

Using a test dataset, the classification model’s perfor-
mance is frequently assessed. The confusion matrix, which
evaluates the accuracy of the classifier by comparing real
and expected outputs, is the most often used performance
measurement technique. Four indicators including accuracy
(acc), sensitivity (sen), Positive Predictive Value (PPV), and
Negative Predictive Value (NPV) are utilized to improve
recognizing capabilities.

TP+TN
Accuracy = (H
TP+FP+FN+TN
TP
Sensitivity = ————— 2
ensitivity TP+ FN 2)
TP
PPV = ——— 3)
TP+ FP
TN
NPV = ——— “)
TN+ FN

where:

True Positive (TP): the model predicts correct that activity
happens when it happened.

False Positive (FP) ): an activity doesn’t happen, but the
device predicts it happened.

False Negative (FN): activity happens, but the device pre-
dicts different activity to happen.

True Negative (TN): the model predicts correct that activity
doesn’t happens when it doesn’t happened.

III. RESULTS AND DISCUSSION

The process of classifying actions on real devices is
conducted as follows: each action is tested for a period
of 5-10 minutes, this process is continuous and there are
changes in actions close to reality during the experiment.
For example, changing from sitting to walking, changing
from walking to jogging. Based on (1) (2), the accuracy
and sensitivity of all classifiers are compared. With various
window sizes (5 second, 8 second, 10 second, 12 second, 15
second), we tested all classifiers. For 8-second window size,
the RF classifier exhibits the best performance. See Figures
4 and Figures 5. The data’s confusion matrix displays the
specific outcomes of applying the RF classifier. Most of
the behavioral test samples in Table III exhibit reasonably
distinct distinctions.

Table IV on our dataset displays all activity performance
metrics. The train/test time for each algorithm as shown
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Figure 5. Sensitivity of the recorded dataset

in Table V. Numerous studies select a large number of
variables in an effort to increase the rate of activity identifi-
cation. With a comparatively high recognition performance,
the current study merely employed a straightforward and
efficient set of 5 statistical features along with the ideal 8-
second sliding window size. A comparison of the effective-
ness of the proposed classification model with the research
of P. N. Huu [21]. The accuracy in this study is better when
classifying standing, sitting, walking and jogging activities,

Table III
CONFUSION MATRIX

Observed




Table IV
PERFORMANCE OF THE MODEL USING INDICES

Acc Sen

Behavior

pattern

9916%

95.60% 9849% 9991%

Stading 99.12% 9954% 83.08% 99.10%
VWEISTT 9853%  9842% 99.09%  9B.68%
9925% 9834% 9925% 99.66%
Table V
TIME FOR TRAIN/TEST

Deecision Tree
0.079
293
0.05

achieving about 99% compared to 93,3% for P. N. Huu [21].
However, they classified more activities (nine upper body
activities) than our study. They also tested a more complex
algorithm that combined multiple different lassification
algorithms. The comparison of accuracy between the study
by L. Bao et al. [19] and our research shows a significant
difference. In L. Bao et al. study, the accuracy for activities
was 89,71% for walking, 94,78% for sitting, 95,67% for
standing still, and 87,68% for running. In contrast, our
research achieved considerably higher accuracy: 98,53% for
walking, 99,69% for sitting, 99,12% for standing still, and
99,25% for running. This improvement is largely attributed
to the use of a three-axis accelerometer worn on the
waist, which provides comprehensive coverage of all four
activities.

IV. CONCLUSION

We have effectively integrated low-complexity computa-
tional algorithms onto microcontroller units that consume
minimal power. According to test findings, the RF classifier
outperforms other algorithms when an 8-second window
size is used. The random forest approach has low processing
overhead and can be implemented in real time. A basic set
of five features can be used to accurately classify the daily
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activities of various persons. One of the main problems with
assistive technology is user acceptance. The applications of
computer vision techniques are very promising. However,
privacy considerations might make computer vision-based
systems less acceptable in this situation; elderly people
might not want their photos to be followed and stored.
Reducing stigma is essential for systems that help the
elderly. When others are aware that they are utilizing
these devices, people do not feel at ease. Due to its easy
concealment by clothing, the device worn at the waist (with
the sensor within) satisfies this criteria.
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