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Extraction and identification of wear features on grinding

roller surface of grinding mill
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Abstract: Objective: To achieve surface wear life prediction of
abrasive blast rollers of grinding machines. Methods: The wear
images of the grinding roller surface were acquired by the built
image acquisition system, and the texture parameters such as
second order moments, entropy value, contrast and correlation in
the wear cycle of the grinding roller were obtained based on the
grey scale co-generation matrix algorithm, and the obtained
texture feature parameters were input into the constructed PSO-
based LS-SVM algorithm model to finally predict the wear life of
the blast roller. Results: The particle swarm algorithm could
optimize the penalty factor and kernel parameters of LS-SVM
well, and the PSO-LS-SVM algorithm was far superior to the

LS-SVM algorithm model. The wear state of the blast roller
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surface of the mill could be accurately identified using the PSO-
LS-SVM algorithm. Conclusion: The system can accurately
predict the service life of the blast rollers.
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Figure 1 Image acquisition device for grinding

roll surface
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Figure 2 Schematic diagram of grinding roller device and

sandblasting roller collection
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Figure 6 Prediction results based on PSO-LS-SVM

107



108

BEREE&E5E 4 E FOOD EQUIPMENT &. INTELLIGENT MANUFACTURING

BRI R m] LIk B 100% . 3 32 /T LS-SVM AR AL Y
(86 %0) , R HIFI R F R X LS-SVM 347 S 81k .
PRAR R 19 B33 T L AR I B v S A3 AL S A 2 T 199 S 5 AR )
WAL
4 g

(1) FF EGAL B H AR 4RI T BEAP SR AE 0~60 d 1Y
VS 5 PRI I 2 s 45 ot I A S B 9 TR 80 B AR AE S5 R
AR Ak, T LA ok R I R 3R T A A0 B R E S B0k o 6 b
il 18 15 R 2 T A B IR S AR K

(2) BFE4R i 7 —F 3L TR F AL ik LS-SVM
4 S A S R A TR T vk L ARG b s iR T LS-SVML A Y
SHWE B YRR ALPE e T 2N R R B RS R
S % S 5 A o R L 030 [l A

(3) 5 LS-SVM ¥t K TF 55 42 H ) PSO-LS-SVM
SRk LA T S 4 I A Sk R R T B 5K S R B AR
ERWEREA TR ARENES, @i PSO-LS-SVM
R Y A PR R AT U T R AR O R Y i
[F) o 3 T T LA 000 s 26 1 9 A 1 R

2 & Uk

[1] %25, RSO, w8, 55 I R AL S B X b 5 R F 5T
LR [I]. AT, 2020, 45(5): 4-7.
HUANG Q P, WU W B, GAO Y Y, et al. Review of the impact
roller wear on the milling process[J]. Grain Processing, 2020, 45(5):
4-7.

[2] XU K5 B, BRSO, 5T, A Ry LIRS 4R 3 16 55 Al 34 48 by
BFSE[0]. BN T, 2022, 47(2): 9-12.
LIU P K, WU W B, HOU N P, et al. Research on the descriptive
indexes of the surface topography of the sand blasting roll of the
pulverizer[J]. Grain Processing, 2022, 47(2): 9-12.

[3] XUHE B, OO, EF W, . HE T GLCM 14 55 4y LMY 41 3 1
PR SCURFAE 43 BT [T]. AR £ T, 2022, 47(5): 11-15.
LIU P K, WU W B, WANG X F, et al. Analysis of texture features
of surface image of sandblasting roller of mill based on GLCM[J].
Grain Processing, 2022, 47(5): 11-15.

[4] SR W] 37 B ] AR S 5 40 A A R W R I Oy vk BF 5T
[D]. P42 K2R, 2020: 26-28.
DOU J M. Research on online monitoring and prediction method
for wear condition and wear value of end mill cutter[D]. Xi'an:
Chang’an University, 2020: 26-28.

[S] SR, SO, N T4 20 I 4% 7 B 35 b4 4 1 45 ob (9 182 (0]
FEVEL S 5 TR 24, 2011, 29(5): 786-789.
HAN J H, WU Q S. Usage of artificial neural network in the
preparation of friction materials[J]. Journal of Materials Science &
Engineering, 2011, 29(5): 786-789.

[6] B, D38, SKE 3, % 5T PSO ik LS-SVM 1 Bt Ml JJ LI
BURZS B 7 S AT ). AR 305 i, 2022, 41(22): 137-143.
NIE P, MA Y, GUO Y Y, et al. Monitoring method of milling tool

BE 268 H | 2024 £ 2 B | RASHM

wear status based on IPSO optimized LS-SVM [J]. Journal of
Vibration and Shock, 2022, 41(22): 137-143.

(7] BRI TR C-I4 (8 3R 26 3 3k 19 S i AL B 458 =X U0 (0]
BUBR % T 5 i %, 2008(12): 198-200.

SHAN Z Q. Pattern recognition method for wear mode of diesel
engine basedon the fuzzy c-mean clustering[J]. Machinery Design &
Manufacture, 2008(12): 198-200.

[8] X f 3. T FL 3L 5 41 3l i1 55 A5 L LT 2% i B2 32 T B9 5 [D]. K8
M AR Tl 2 B, 2018: 67-69.

ZHAO B W. Study on broken bar fault diagnosis of asynchronous
motor based on current and vibration[D]. Zhengzhou: Zhengzhou
Institute of Light Industry, 2018: 67-69.

[9] K 1L, PESLPH, KA, 4. 2T MF-DFA R iEF1 LS-SVM 55 ik
B4 77 HLE BRI ], Al TR 42, 2018, 34(14): 61-68.
GUAN S, PANG H Y, SONG W J, et al. Cutting tool wear
recognition based on MF-DFA feature and LS-SVM algorithm[J].
Transactions of the Chinese Society of Agricultural Engineering,
2018, 34(14): 61-68.

[10] XU AL H, R %, F7F, 5. #F PSO {1k LS-SVM [ J] 2 )&
PURZS G [7]. 7 B R 2222 CA R B2 RO, 2017, 57(9):
975-979.

LIU CY, WU H, WANG L P, et al. Tool wear state recognition
based on LS-SVM with the PSO algorithm[J]. Journal of Tsinghua
University (Science and Technology), 2017, 57(9): 975-979.

(1] SCthn, e M. 752 5 Ja D) 70 B 450 R 2 W 0 F 5 1) o1 Jot L5
JEEA I B0 A 5 A 9], MUK 5, 2012, 40(3): 148-153.
GUAN S, NIE P. The review and perspective of the research of on-
line and indirect metal cutting tool condition monitoring [I:
Pattern recognition methods[J]. Machine Tool & Hydraulics, 2012,
40(3): 148-153.

[12] B 5E 5, JARE, 3Kk 30, 5. 5T 5 8 7% A1 KPCA-LSSVM

11 7 Bl il 7R 4 12 W8T (0], WEIT R 22 2 R (T2 D, 2010, 44(8):
1 519-1 524.
YANG X Y, ZHOU X J, ZHANG W B, et al. Rolling bearing fault
diagnosis based on local wave method and KPCA-LSSVM [J].
Journal of Zhejiang University (Engineering Science), 2010, 44
(8):1519-1 524.

[13] HARALICK R M, SHANMUGAM K, DINSTEIN I. Textural
features for image classification [J]. Studies in Media and
Communication, 1973, SMC-3(6): 610-621.

[14] 0 K5 e . by BIL IS Ao 668 55 450 T 400 TRT 40 9 B &t A FF 2% [D].
JBIN: T g Toll R 2, 2022: 14-15.

LIU P K. Wear Surface morphology image of sandblasting roller
and development of optical test[D]. Zhengzhou: Henan University
of Technology, 2022: 14-15.

AR H EFr

FEEmHERAES

EmEAESERHESS




