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[ Abstract ]

AloT, the intelligent Internet of Things, refers to a technology that collects data measured by IoT devices and applies machine
learning technology to create and utilize predictive models. Existing research on AloT technology education focused on building an
educational AloT platform and teaching how to use it. However, there was a lack of case studies that taught the process of automati-
cally creating and utilizing machine learning models from data measured by IoT devices. In this paper, we developed a case study
using a machine learning model for AloT technology education. The case developed in this paper consists of the following steps:
data collection from AIoT devices, data preprocessing, automatic creation of machine learning models, calculation of accuracy for
each model, determination of valid models, and data prediction using the valid models. In this paper, we considered that sensors in
AloT devices measure different ranges of values, and presented an example of data preprocessing accordingly. In addition, we de-
veloped a case where AloT devices automatically determine what information they can predict by automatically generating several
machine learning models and determining effective models with high accuracy among these models. By applying the developed
cases, a variety of educational contents using AloT, such as prediction-based object control using AloT, can be developed.
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Fig. 1. Cloud-based AloT system architecture [3].
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Table 1. Items and range of numerical data measured by the A
sensor of the AloT device during a specific period

HIA =Xst= N
A-1 0~16
A-2 0~28
A-3 0~20
A
A-4 0~20
A-5 0~16
A-6(EHA) 0~100
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Table 2. Items and range of numerical data measured by the B
sensor of the AloT device during a specific period

A =l NG
B-1 0~56
B-2 0~16
B B-3 0~20
B-4 0~8
-5(&tA) 0~100
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Table 3. Items and range of numerical data measured by the C

and D sensors of the AloT device during a specific period
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D-1(=E-4) 0~6

E D-2(=E-5) 0~6
D D-3(=E-6) 0~6

D-4(=E-7) 0~6

D-5(=E-8) 0~6

E-9(&A) 0~60
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Table 4. Preprocessing process of existing A sensor measure-
ment dataset
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A-1 0~16 x(100/16) 0~100
A-2 0~28 x(100/28) 0~100
A-3 0~20 x(100/20) 0~100
A A-4 0~20 x(100/20) 0~100
A-5 0~16 x(100/16) 0~100
A-6 0~100 x(100/100) 0~100
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Table 5. Preprocessing process of existing B sensor measure-
ment dataset
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Table 9. Automatic creation of machine learning model
groups

A SEgE JEgsl  zENS s
B-1 0~56 x(100/56) 0~100
B-2 0~16 x(100/16) 0~100
B B-3 0~20 x(100/20) 0~100
B-4 0~8 x(100/8) 0~100
B-5 0~100 x(100/100) 0~100

E6.7|& CUMZHE Ho[HAIES] MA2| 2tF

Table 6. Preprocessing process of existing C sensor measure-
ment dataset

g9 53¥s JlEwel zENe dads
Cc-1 0~10 x(100/10) 0~100
C C-2 0~10 x(100/10) 0~100
C-3 0~10 x(100/10) 0~100
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Table 7. Preprocessing process of existing D sensor measure-
ment dataset
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-1 0~6 x(100/6) 0~100
D-2 0~6 x(100/6) 0~100
D D-3 0~6 x(100/6) 0~100
D-4 0~6 x(100/6) 0~100
D-5 0~6 x(100/6) 0~100
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Table 8. Preprocessing process of existing E category dataset
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E-1 0~10 x(100/10) 0~100
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E-6 0~6 x(100/6) 0~100

E-7 0~6 x(100/6) 0~100

E-8 0~6 x(100/6) 0~100

E-9 0~60 x(100/60) 0~100
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Table 10. Automatic assignment of model number to machine
learning model group 1
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Table 11. Automatic assignment of model number to machine
learning model group 2
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Table 13. Automatic assignment of model number to machine
learning model group 4
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18 B-1~B-5 A-4 4 D-1~D-5 A-4
19 B-1~B-5 A-5 45 D-1~D-5 A-5
20 B-1~B-5 A-6 4 46 D-1~D-5 A-6
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Table 12. Automatic assignment of model number to machine
learning model group 3
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Table 15. Valid model number with average accuracy of 90%
or higher
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5 A-1~A-6 B-5 90.0%
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Fig. 5. Data prediction workflow using valid models.
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Table 16. Statistical values of 500 target variable values (re-
sults) predicted by valid model No. 5
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