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Abstract; Aiming at problem that segmentation threshold value of a ferrographic image is difficult to
select in oil monitoring, a self-adaptive ferrographic image segmentation algorithm based on difference
quotient was introduced. Firstly, the ferrographic abrasive particle image was converted into three-
dimensional grey histogram and then a slice analysis was made on it; then, by introducing Newton
interpolation polynomial, the pixel number obtained from different slices was took as interpolating
point of slice grayscale-frequency curve; the first kind of acceptable function and the second kind of
acceptable function were established based on difference quotient, and two kinds of errors were

identified by combination of experimental data. The minimum gray value which simultaneously
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satisfied the two kinds of errors was selected as segmentation threshold value. Finally, segmentation
experiments on different types of ferrographic images and ferrographic images with Gaussian noise and
salt & pepper noise were conducted to compare the performance of proposed algorithm and three
classical algorithms including iterated thresholding method, Otsu algorithm and maximum entropy.
The experimental result indicates that the proposed algorithm is rarely interfered by noise and its
average false positive rate and average omission rate is overall superior to other three algorithms.
Through conducting feature extraction on ferrographic image and identification by support vector
machine, it can be found that the proposed method has the highest identification accuracy rate on three
faulted abrasive particles, which reaches 82. 86%. Although there are no obvious advantages on

operation time, but the method has optimal comprehensive property and can meet the requirement for

making a self-adaptive segmentation on ferrographic image in the process of oil monitoring.
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1 7l

nu\l

P 5 1 2 PR T R LA L 1) S e
TENL A5 50 LU | B2 2% PR A 31 3 IR R MR
SrEVEGURA BTz N Y b T I (E
PR 73 B H AR LLHE ] BRL L g 200 A T B 174 AR A T
RN S S N . 2 MR R S R B
T4 5B AR B {3 (Tterative Thresholding, IT) .
R ZEE F £ (Otsu B VLK & KB 2%
(Maximum Entropy, ME)P) 48 &I {% 73 %) K K5
I GUIE RN E =N S W Sl U AN
SR 2R B 8RR K& H bR IR A ok i £
ARAEN

TR o3 B T2 T 2 1 520 S HL B
VA I MO W  F T R R 68 S B 4 R G
F AR R AIE 1 2R 8 5T A X S R AR 1 M e
BT S TR IO A I A S o DT S R B R R
JE AR ZS 1Y 8 3l U0 e A Tl A e Y 0
T Y AR AT AT BRI TR A I . R o BT 4
R S — il S5 32 0 OB o BT TR AR AL B IR
T BEX R HE AT AR AR A ) R AT S h
o Bk AE TR IR 7 b RLAE R R AT
JR S A E L H R R A3 ) 3 R IR B
E AN Otsu BEE L IR {8 755 AR 48 26 3% 1%
FR I JE B 7 1R o3 A e 43 ) IE, TR B 5 A7 3
TENTLSH HIRB &5, 5 25050 #1808 H
Sy EVZE RO S . Otsu B8 B K B B 5

Pl A XL e (LG B R A 5 2 XU 15 R A5 A 1 A
e, 0 BB A B0 oAy i A 0 5 SR AR L R R 15
T OO B — K B2 7 1Rl R R g, 5B
Otsu B 78 b BRI PRI (9 20 HI R A E

N T S BB PR B O SRS o 2 R AR SC R
M — Bk PR O o T Ik o TR M Bk
TR = 4 A5 B L 70 22 7 1 ZE Rl A A iR 22 4K
32 PR SEBLBTE RR 9 (B AR ) X R R B
T P A R i e 7 ) P AR R AT R A o3
O3 B MCRE P E AR L S IR AU B ¥ L Otsu i B
Lt A 15 45 20 L TR 80 00 0 SRR MO BE L LRI
ATTIEAE S FIRE BE LA KB RE 1) b i e . [
S, b 23 BT A 4 8k 3 PR R A7 R AT 4 B L %
B AR TRUA S DR % 20 AT Ak L ) A B R 1A R T
A AR ST X R 25 R R

2 RO

2.1 EBEHESE
B (o BAE A FREA LR, HE
HFCOEREAXE La, o] FRA n+1 AHF A
Cags FCa0)) s Cays FCa))yeees Cays £Ca)) s AT
FH—A L e B 5 T3t 53 0 3 AL el R A J5 ok
(¥ BRI L 7S
Plxp)=f(x)(1=0,1,2,,n), @)
Horp PCo) A 2 W02, fCao) S w4 8 R L
T x s x, HAEIE A Las bR IR X H . 2 H
L, ()RR (s fCa)) } G=0,1,2,0 ) Wi
R S n IR Lagrange JE R AG 4 E 2 W=, W)



1324 e KE TR

5 25 &

CIE-VN
L()=a+alx—x)++
(x—x,1). (2
Y 7 x GA B, i & 5
) f[loj
Jalf[loﬂfl]

O():f[l'o s X 51‘2] . (3

a,(x— x0)

La,,Zf[xo,xl,Iz,"',x,,]
I, 71458 Newton fH{H 2 W=
N, (o= fla ]+ flavsa JCx— )+ +
flagsay sy J(x—ap) e (x—x—y), (4)
Ho s L IR EB 20 Lo, o I —Br 227,
flagsxs xy sz, 1 n Br 2205, 2R E X
mr .
PREL fCOTER S5 a0 oy A — B 220 -
f[;ti,x,v]:(f,]i—f,,y)/(xi—xj). (5)
R fFCOTEERE vy x5, o AF) By 2
FA -
flaivxy o ]=Cfla g ]— flays 2 D/ Ci—= ).
(6)
— LR (O nt+1 DNHEF A EW n
Br 22 R (O n—1 B 222,
2.2 HEENEGBENS B X
BT R R R T S B — SORE HOT
TR S B UAE T R A AR SR O R T T
15 F g7 vk A PR R AN 1 R .

End

IWcar particle imagc‘ [chmcnl rcsult‘
Grayscale-frequency Black-white

Grayscale reversal

Three-dimensional

| Segmentation threshold ‘

Acceptable error
Slice grayscale- . ]
frequency Difference quotient

BT 3 R 23 vk A B A A
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Fig. 2 Acquisition system for ferrographic-image
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Fig. 3 Four typical wear particle images
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Fig. 4 Grayscale-frequency curve
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Fig.5 Three-dimensional grayscale histogram
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Fig.7 Segmentation results under different thresholds
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Fig. 11 Segmentation results of four different algorithms
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