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Metallographic image grain aggregation detection method
based on improved DBSCAN algorithm
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[ Abstract] In the detection of metallographic structure, it is necessary to extract the grain aggregation area and calculate the
parameters under the microscope with different magnification. When the traditional DBSCAN clustering algorithm is used for
clustering detection, repeated experiments are needed to determine the two basic parameters of DBSCAN algorithm due to the
different density of grain aggregation in each image and the different magnification of microscope. To solve the above problems, this
paper proposes an improved adaptive DBSCAN algorithm, which determines the domain density threshold ( Minpts) through the
average grain size, adjusts the domain radius ( Eps) in an adaptive way, and uses the K—D tree data structure to accelerate the
clustering process. The experimental results show that the method presented in this paper can automatically detect the grain

aggregation area, which has certain universality and is expected to improve the detection efficiency.
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Fig. 1 75x metallographic image and pre—processed images
L IR\ Y A‘-Ir-
1 EXEXEIT

1.1 DBSCAN

DBSCAN ( density — based spatial clustering of
applications with noise ) %.7% f Martin Ester 53 A\ F
1996 AF4 2 S — Fil U 1) B % B A SR 2R 0T
o MHECT k—means 0 Hp R A i A
DBSCAN VAT 2435648 s 2R il B, HLABAZ 4b 7
AR AR 15, T] I BE % T A Ak 2GR P e
HEA BN T PR AL B4 45T, DBSCAN 554
T AR E A S

(1) GiEAE (Eps) o ki p MAUERR AL p
bt o AR AR BRI B Y DR X, - B R
GuEEAR

(2) 4513 %5 BF R (MinPts) ., W] fijBARm N
DL p Rty Eps BRI X3 B p Z A
BB

DBSCAN $ikim i DL 24000 5 Uk 1 . #s
JA B 5 3 2k

(D Bowio AR p R, Eps HEARIIIX
b, S A MinPus BB S, WK R p BRI
IRy

(2)IF R AERLE p L, Eps FEARRYIX
B PG /INT MinPrs A, (HA p IR E

R L Y DI IR A p i B

(3) MR, IO TG R A B A

DBSCAN 5538 i — i 1oy i 8 5 4 Uy 50, ek
A B S A O R AR O SR
i PR RN ZR K %0 A0 2 T AT 3k DX I 4]
O3 N — W T IR R o3 5 B ORI 1 SR IE
W AL
1.2 k-d#

K-d ﬁ‘f( k—dimensional Tree) (5] FHTHE |k 4E23 (8]
B S RG] H L KNN 53k i R
P D 7 AT H AR . 8 rad 2 i)
IF ) A A E A e, A ke —d AW B A5 A IR 5 ] BB
e MR = AR, AR SCLE T Tl 2 B — 4
k—d AR R AN 2 BT

B2 =t k-d REphTiE
Fig. 2 2-dimensional k—d tree building process
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Fig. 6 Algorithm flow chart
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Fig. 7 Comparison of experimental results
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Fig. 8 Comparison of experimental results
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Fig. 9 Comparison results of F values under different multiples
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Fig. 10 Comparison results of time under different data set sizes
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