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Online Monitoring for OQil Wear Particle Images Based on HOG Feature
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Abstract: Since the image monitoring of engine lubricating oil wear particles is only suitable for micro flows
and easy to be disturbed by bubbles, an optical image online monitoring system for oil wear particles suitable
for full flow working environment is designed to distinguish bubbles and wear particles. Through this system,
a large number of wear particle and bubble images are collected. A moving object extraction algorithm based
on background differences and the Otsu method is used to extract wear debris and bubble image samples. The
bubbles and particles are identified by the feature extraction based on the histogram of oriented gradients
(HOG) and support vector machine (SVM) classification algorithms. The experimental results show that
this system can effectively collect images of wear particles and bubbles. Compared with the traditional
morphological feature extraction algorithm and the K-nearest neighbor (KNN) classification algorithm, the
HOG-SVM algorithm has a higher classification accuracy of 83.8%.
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(b) Picture of experimental platform
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Fig.2 System diagram and physical diagram of experimen-

tal platform
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Bk U6, HOG JE br G R AE £ U 18 25
R . (1) K% WAk 3 -gamma 55 [ bR E AL 5 (2) 31
SRR EE s (3)THE B BTk B B H T (4)
B N3 —1k 2 HOG $#AE 4 .

2.2 EFSVMHAERAR

it iR HOG b3, 58 i T KR FRIE S 801
PRI, T R X E 220 o L AT AR .

YAE A L Vapnik T 1979 4F g R4 H 26

—RIW SRR T 19954, B HARRTE N 4%

(8] (N 4 Ak 1] ) Fp 4 21— ANl 17, 3208 F 187 A]
LB St i 6 R i b A7 2 2 o Ik, e ) 2 1
T LA R o3 JAT 55 5

I 44 5 LR A T 4 B REACSE (2 ), SVM 426
BT

N
y:Sigl’l EyzaiK(lsxi)+b (1)
i=1

A e AR A B FFAE ] 5 ye{+1, — 1} K
RN 5, 09 55 T D VI ZRARAS IO R AIE 1) 4 5 N oA I 25
FEAR R s K (o, ) AR RR B o0 R B
AN 7 R HRES M a=

{al’ Az, 00y a.\'}o

ST A



% 6 1

F O, IR T HOG I SVM 8 Bk 14 B PR AR 26 W il 4 AR 1155

3 EFHOG-SVM EiEmERIiR B

S T AE B TR TE el 2 G I R S b
JE R R 7R A e YR W et A v B A7 R
TP, BT — 3T HOG M SVM ) 8
LA PR RN S o L TR A ) 3 A O
PR AN & 4 BT, B 2R 48 B 09 2 b 2 1 r B <
MR AS 38 o HOG FRAF $2 ORI SVM. 43 2 4%
HEAT YU o T R b LA Y A5 B R AT A Y

a4

[ Bs 085F | | @5miRm 6o | | gimnikmomIr | s A i8R

REMER KA B R E R
KB mab K 5 Tk 2
SRR B AR MR B G A AR

E—
%@@%ﬁﬁ%%@@@#ﬁ%%ﬁ@@#ﬁ%%ﬁ@@ﬁtﬁ
bl EE%S YIgbEA WFEA

SVM4r 884k
ﬁiﬂvné&

MARFEARR
P4 R T AU R A R

Fig.4 Flow chart of particle and bubble image recognition

3.1 BBHEARE

Sy ¥ B UEA SCRT AR A R R TR Oy vk T R
LR EMGREAR . PR AR I UG BG4 B3R K/
91 280 pixel X 1 024 pixel, Ji 4 A4 B ki A1 3 1]
15 K H R o R A 5 B s, ol BLE AR A
R X0 23 AR A DX 43+ B R AT, ELOIES 1A B
() — Lo yg e 25 7o Ak — g T . DR U B
SR A P L RIS Y MG, T A 5 2 K R LG RE
AL R £

(a) Image of bubbles (b) Image of wear particles
BSR4 S

Fig.5 Original collected images of bubbles and wear particles
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(c) Original picture of bubble (d) HOG features vector graph of bubble
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