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Abstract: Most classifiers_c ugd in sea surface oil spill detection are supervised learning classifiers. But

when classifying specific oil ted label data, making it difficult for supervised learning classifiers to achieve
good recognition results. e the recognition accuracy, Max-Relevance and Min-Redundancy (mRMR) feature
selection method is n Order to solve the problem of fewer label samples, an adaptive semi-supervised decision
tree learning model is sé@cted to conduct classification experiments on the publicly available sea surface oil spill
sample set at different label sample ratios. Compared to the supervised learning classification model SVM and decision
tree, the recognition accuracy of the adaptive semi-supervised decision tree learning model is improved by an average
of 26.22% and 16.22%, respectively, when 5.0%, 7.5%, 10.0%, 15.0%, and 20.0% label samples are only available.
The experimental results show that the proposed method has strong practicality in the case of fewer label samples.

Key words: automatic identification for oil spill; semi-supervised decision tree; adaptive confidence

0 35|= (Introduction) HRAR 28 B A i TC R 28 B 2 2 AR B, 3 o Kk R AR 1E B
BT, 2ERIEE R & R, FA R S Sl S T I sk, R AR R N T BNk B
S0 2 T 9k 0 345 9 7 22 A BRI P 5 SRR ) SR A Jrlel
: 2L ST v e ’c%: /‘/% ﬁﬂ 1k 5 _
B AL 27 > B0 )2 O Y6 vl 7 43 218 RS T A > S R Sk /I A (o RMR) B b L L

BLHRIRLAE S, I, FINGAS 7 O
T 9 BEALI% 8 1 10 T B R ) v R 86. 5% . XU Q%ET:%)EH SN T3 BB R FEAR S E i B D oL L AT A I8
JeA R FUE RN SVM A JERSHEAT RS feirbrasmpe PR B R ORI B U R R A TR AR
FEAFERATEOLT , BRI B AR, (BFESLERN Tl AT SR UE WA SO 43 26 B B iz AL g

WiHi H 391 2023-01-19




12

B TR

20234F10H

1 M4 AEIZERE (Oil spill characteristics selection)

TEUR MU A B 5 L B v, T B A R IR 28 1 Y AR R
?E,ﬁ’ﬁxmﬁﬁﬁﬂ:ﬁiﬂ RAE, B JLMRHE ST RE L 2L
PRRRAEAEDT | W AR SR 06 VR SR I AL (R R X L
B A E RRE S U HSE R I A . IR B v R A e I
WA T BE 2z — . A mRMR Bk % 0 457 4F 1k
TP BREBE  THRARHIE 5 B AR AR 8 2 18] Y e A DG, D) B e
A 18] B e /N T A ) AR B B X AR AF AT VAR, AR AT
AP AR B RRAE AL R T RR AT BE R A B
mr,

(DI RRA S HB/ANTUREE . S KA R IR
XFZGN X 4388 T s BARSER B — A F | S [ ANRHIE B FRAE 4R
S, AR S T R 5 2 A DG g KAk e/ N AR
% [RRHE 2 (B 5/ , B4R B — & [ S [ANFRE Y
FEESE S #1715 S BN REIE 2Z [ 2 A0 B/ IMAR .

maxD(S,C) = ‘S . Zm .C) D

minR(S) = isxj) (2)
;H:EF] ,S ﬂ‘:’ %:‘?J‘_E?%,C:{LI 9Co9C39°°*5Cy }j‘j%ﬁugihf NI
W

[(rsy) = ﬂP(r,y)logPP()(;l;jé) PP (rydrdy ‘

(2) P e 2 07 18 40T L O 5 @
poEEs

fEE S, 1 JFH 2, €X—S,, | max®(D,R)E LA
i, Holp @=D(S,C)/R(S), ] mRMR i

max
€X-s,

mRMR,, (x;) = )

() ARHE mRMR TEO FIHETEWE MW IR A9 RRAE4E Fh $2 0L
EH S PR AR OA R X,

— T
X*(xl s Lo 7"'71‘,,) °

2 BiEM MM EERENEE (Adaptive semi-
supervised oil spill detection model)
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3 SLI§4r#7 (Experimental analysis) (b)Ki
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Tab.1 Recognition accuracy after mRMR feature selection
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Fig. 2 mRMR feature selection results
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Tab.2 Recognition accuracy under different label sample ratios
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Tab.3 Recognition accuracy under different label sample

'\QVM FIPEHEA o LT T 22, 7% M 15, 196 3 7E 15. 0% bR25AE

ratios after mRMR feature selection

BHED B2 REA L R %
mRMR ﬁﬂ 5] M ULV N4 MV INE (]
FHIE
kit SVM Bt gi 50% 7.5% 10.0% 15.0% 20.0% 100.0%
NI 5.9 56.3 660 66.2 684 781
J J 643 7L7 736 747 785 97
J J 86.7 87.4 887 90.3 90.8 91.7

CR#%E 62 70





