B X
Original Paper

Al BRBEITHERZ
A7 43T 497 R EBDPFHERED

BN R

J. Soc. Powder Technol., Japan, 62, 154—159 (2025)
doi: 10.4164/sptj.62.154

SREAZRICA V-

RERADERFR

VA B, LR R, BA Z0K

Exploring Optimal Conditions for Particle Production
through Informatics Using AI Image Analysis Results

Masataka Kubouchi®, Takuma Nishimoto, Naoki Tsuchiya and Yasunari Matsumoto

Received 5 November 2024; Accepted 7 March 2025

In the manufacturing industry, there is a growing focus on the application of Al-driven material informatics (MI)
and process informatics (PI). However, issues remain in the handling of information that is difficult to convert into data,
particularly with regard to image data. While images contain critical information related to material performance,
conventional methods have difficulty in accurately analysis. To address these issues, this paper introduces Al
technology capable of quantifying images and presents examples that immediately quantify parameters related to
particle size, shape, and color. Furthermore, we report on the optimization of manufacturing conditions through the
utilization of this quantifiable image information, a capability that was previously unattainable.
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(1) Original Image ¢ (2) Thresholding

(3) Edge Detection

(4) Human Analysis £

Manual length measurement
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Fig. 1 Conventional image analysis methods [(2) Binarization, (3)
Edge detection]
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Table 1 Geometric parameters output by GeXeL

(1) Original Image

Fig. 2 Example of GeXeL analysis

Fig.3 One of particle images analyzed in this study
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Heywood Max. Length Diagonal Width . Closest Distance
Aspect Ratio Roundness

[um] [um] (km] [um]

Average 31.13 39.64 28.71 1.42 0.75 34.19
SD 9.08 11.96 8.81 0.30 0.08 6.58
Min. 13.72 17.24 12.02 1.00 0.43 19.72
D10 20.66 24.87 18.99 1.08 0.65 26.28
D50 29.90 38.58 27.87 1.37 0.77 33.68
D90 43.80 55.53 41.43 1.84 0.83 42.83
Max. 59.54 85.59 61.52 2.47 0.88 52.61
CcvV 29.16 30.16 30.68 21.01 10.13 19.24
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Training data

Lasso
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Fig. 4 Results of Lasso and Random Forest training and test data
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Fig. 5 Random Forest importance results
Table 2 Improvement process by Bayesian optimization
X1 X2 X3 X4 X5 Max. Length [um] CV [%]
Improvement 1 71.3 220 62.4 9.52 68.2 144.9 11.4
Improvement 2 71.9 267 73.0 9.91 68.0 152.6 20.2
Improvement 3 68.0 467 66.5 2.32 0.1 154.4 29.3
Improvement 4 75.1 318 55.1 3.97 422 157.4 10.6
Improvement 5 57.9 260 67.5 7.81 65.2 162.9 8.8

EI : Expected Improvement) &, #IBRAF ZEHESEA (LT
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