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Abstract Recently, safety issues in companies and public institutions are no longer a task that can be
postponed, and when a major safety accident occurs, not only direct financial loss, but also indirect
loss of social trust in the company and public institution is greatly increased. In particular, in the case
of a fatal accident, the damage is even more serious. Accordingly, as companies and public institutions
expand their investments in industrial safety education and prevention, open Al learning model
creation technology that enables safety management services without being affected by user behavior
in industrial sites where high-risk situations exist, edge terminals System development using inter-Al
collaboration technology, cloud-edge terminal linkage technology, multi-modal risk situation
determination technology, and Al model learning support technology is underway. In particular, with
the development and spread of artificial intelligence technology, research to apply the technology to
safety issues is becoming active. Therefore, in this paper, an open cloud platform design method that
can support Al model learning for high-risk site safety management is presented.
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Fig. 1. Kubeflow Pipeline
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Data Schema Information
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Fig. 3. Definition of Collected Data
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- Min-Max Normalization(Z|t/Z 43 1,0)

- Standard(¥a, EEHA} AHE)
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- Robust(FU#T IQR AHE)

- feature selection &4

- Supervised(Intrinsic, Wrapper Method,
Filter Method %)

- Unsupervised
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Fig. 4. Training Process of Al Model
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Table 1. Comparative of Machine Leaming Algorithm

Algorithm Accuracy T'ﬁmi‘:g
Two-Class logistic regression Good Fast
Two-class decision forest Excellent Moderate
Two-class boosted decision tree Excellent Moderate
Two-class neural network Good Moderate
Two-class averaged perceptron Good Moderate
Two-class support vector machine Good Fast
Multiclass logistic regression Good Fast
Multiclass decision forest Excellent Moderate
Multiclass boosted decision tree Excellent Moderate
Multiclass neural network Good Moderate
Linear regression Good Fast
Decision forest regression Excellent Moderate
Boosted decision tree regression Excellent Moderate
Neural network regression Good Moderate
K-means clustering Excellent Moderate
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Fig. 7. Web—based JupyterLab Interface
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Fig. 8. Automated Development Process

3.5.1 TO|Z2[RI(Pipeline)
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3.5.2 CT(Continuous Training)
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o] 2502 S5 4 UEF A Ysfof gk

3.5.3 CD(Continuous Delivery)

M2 dolH & ssEil H5H 2Ho] A|&20
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7t 22 AH|A Bl HAE 7]50] Easit

3.5.4 Data validation

TR dlolE 9] AFol Aufstd, Al 2o vz
£ S| S8l oA F2E ElolErt BE A A
AHFE Yot EA4o] AHE B9 22 Data
schema skews &4, Hlo]E9] FAA &/do] Wsl=1L
U= AABHAY A Wslof| whet HEo] AeksZ

485l= Data values skews #A1E 2fstoiof gict.

3.5.5 Model validation

mdo] 2 HlolHz AsksE vpA| L, 29 &4
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3.5.7 Metadata management
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2] JE 55 Astr] $Igk 71se] Hasith

- A sl matel WA, AZ-FR A7 48

At 5

- sojxzfele] Ay djfEs Qs

- o] mellof gk ZQIE|(Eo] Euo] LAt F9)

- 2 g7 gAoA BE 2E Bt 34 5

36 Al 29 DLER U XIS 8% Tis
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& % Qi 7)ol ot WjEst Sadl Al 29 o
o 449l BUHDS ARSI, ML 92B2 of
EjE, AR, A 24 9% Pipelinesd] BE 74
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7
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Table 2. Difference of Manual Development Process
and Automated Development Process

Automated Development

Femii Manual Development

Process Process
Data - Al developer directly | - Automatic configuration
import and configures environment of development
analysis, and participates in environment and direct
model development development
training - Run scripts or - Automatically
and personally test on performed according
validation your laptop to the saved pipeline

- Direct distribution

- Ability to release new
model versions on a
regular basis

- Direct distribution
Al model | - Distribution of new

deployment model versions
) - Deploy new model
occurs irregularly ST
version in case of
performance degradation
We do not monitor logs
or predictive performance | — Al model performance
of models improvement through
- It is not possible to monitoring
detect that the - Detect performance
performance of the degradation and
Active model is degraded or model staleness
orformance that the model is - Retrain the model
periormar operating abnormally with the latest data
monitoring

- When a model is - Continue to try new
deployed to a implementations such
production as extraction of new
environment, it can features, model
often fail due to architectures,
changes in the actual hyperparameters, etc.

environment and data

3.7 WorkBench 714 A7

H =Hoie of Fig. 99} o] QZ4AAQL
KubernetesE ©]&sto} Al 2 7id 8749 /3]
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APIserver

Controller manager

©
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Node tiode
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Control Plane il Scheduler

Control plane ===+

Node

Fig. 9. Kubernetes Component
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Fig. 10. Structure of Data Store based on iRods
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