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Abstract With the rapid development of artificial intelligence technology, open-set recognition has been
widely studied as an emerging field of classification problems. In this study, an open-set recognition task for the
FLSMDD sonar dataset is designed to evaluate the ability of the Openmax algorithm to handle unknown class
samples. Then it is compared with traditional Softmax algorithm and its thresholded variants. By combining residual
networks and transfer learning techniques, the performance of different algorithms in terms of classification accuracy
and robustness is tested. The results show that the Openmax algorithm has an overall accuracy improvement of 5%
compared with Softmax, a macro-F1 improvement of 7%, and a weighted Macro-F1 increase of 6%, indicating that
it has significant advantages in adaptability and robustness in handling unknown categories. Future research will

Wk HH: 2024-05-07

EZ i BRI (2000-), 5B, Wi, FEMIFKTFH BRI

SEAGVER . kE@& (1981-), B, ##2, EEMFKTHEMEGRIRG . TAREEHTHIT.

HEWH. ERARPEREEW LWE W AR A SE BRI SUMES) 122 0F 57 (62073174 ),



- 482 - HFEFHKT G

%7 A

explore optimizing algorithm to further improve recognition accuracy and processing efficiency. This study provides
strong evidence for the development of open-set recognition technology and lays a theoretical and experimental
foundation for the application of deep learning in a wider range of classification problems.

Key words underwater sonar images; deep learning; image recognition

0 355
TR PR GEURAE 4Bk F AR 0 R ) B B W 4
XAFMAES RS BA B RWME ., FEE BRI

TEVEIR A H 253800, 78 RO AR R ] HRL i B
BARREEN TG A, A5
R HAEERR S MEHBE S . B R 4 5
SR, BETEARXT A WA T B A SO AR BUK T
fr B Sm A PR AR AR B A2, FRATTAT LU
TR A TRES TS N A0 7 FIN  0 R E S A ]
TF ok M2 4 B T EE AP

PLAER, AN EME B shiR g AR s & R, 7
H AR R BaFniE oy #1945 s T
A D o (ER AT A 75 A B o A A R TE B
F RS i TG, BT A DA A 8 28 0 R A I 2
EhbELE" RIK FHREEE 28, AT E
FIK BT . ZAR IR T | &R 24 A Y00 B AE R
W AR B R B B AR 2, R TG e
MR I 43S 0 PR B Rz AL RE 1™, Sy P i )
145450 TR . 558 HOTRIE 2 > 43 2P A
I EEE T E AR, XEREENTENSGNBC
2 WL T A T RE A o Y T AR AR, X sk
BRI FE S A DR R LR 2 FE A Al h ag e —
A, P EATTEEZ A RS R AL BURTE Y 2R 4E
IR, FEXFRS ST, B TF AR BE
RIS R A T A oy U e 7, 221500
R X — R A IE SR T AR G I e A ik
LB ) B9 SR FR A, i SRR R &2 2 AT 55 42
HETARIE AT B

JUETFAE R B FR E 2 s T —Lseii e, =
A AR E W B B R R M flan, —2eTFiide
P, N3 T2 ML M 45 ( GAN ) iy 7 3£
B F P BB ( Difussion ) B9 77 UL K T
Transformer HJJ57 12, BARAREGE AE T A28 9] LA
HASR AL 32 AL RE T, (H B A T7E SE PR N H AR T
FLRE MR, BN AT SR IR BT
%5 o X HEn] B RR ] 1 X Lo AR FE R 4K T AR

I AR o

Openmax LA Ry —Fl i B 5 A FF i AR TR0
L, G AXARFZEAN 0 AL LS, REfE
RN AIRESE, SR eI A ER R T AR, X
LA R R 2 W BRI # 1) BENDALE Al
BOULT #2H") If:7E ILSVRC 2012 5t gk sz
JEILT AL SR Softmax B =5 1Y IEAfR . L4, Openmax
T T2, aneseigail, Al
IR ML S R G P R SRS,
AR S BORAS T B E R TEReER Tt

BT IRAG AT P W AR TR 5 Ta) L Y Je PR
P, ISR BRI K —Fh A RO A 2R
K HERBOH 77 o A SR FH Openmax 4328 2RI
S PR R, AR R Resnet 45T JE Y
Softmax JZ2, LG G TIREMA ML 5L HTIF
TAER P 28%, T LI BRI S e i R R
5 o AT TSR R R B S R ek, (L RE
FERFF R OIS BE B RIS, R ARSI

1 Openmax i23ESH

W 1 P, ARSI RoE S R
FLSMDD 7 % dladee , 5% 2 364 sKIEIR . %80
BEth 10 A I JEE 7 ik P AR 18, 0 )2
WESk . BEAC. UOBLE . BT BRBER . BEAUKHR .
Y262 W) RN 109 I 1 P (1< 5 T N N T B 1
PR Bom 45 R HITR] (65~449 5KR%E ), T 4
MR D, O T ARBOE RERHIE, 75 2R
T Y7 R R R A AT 5

_ =

Jokt

i

wiE  wRAE TRET o

El 1 FLSMDD ¥E£E %
Fig. 1 Images of FLSMDD

okh&

e




%54 BEAER, F: AT Openmax 89K T FrABGEIF K EN £ - 483 -
l~‘(
\
500
450 s
i)
400 (
350 r r
»
& 250 oy |
s 2 208 é“m g :
200 A b
150 137 133 M
100 24
65
. ]
0
fiTen Mk ORHEE RHR in 7 e T kisEg EUR

A

El 2 FLSMDD HFELRMBIKE (LT) 5%
Fig.2 Long-tail (LT) distribution followed by FLSMDD dataset

ABESEARVT T 75 mh AR 2 A Sk
(AR, R ARV ROR e A s (e sk ez )
BTG ECE RS, M2, &R s Hix
Canmig RfEA ) WETEFEE . IMAZLIETKE
(LT) 2 ity i 8R0S, A8 SR 7 iR BT 45
.25 B 2 I A AR AR B A /D, T HA 2 50 A
ARFE I AIE DL o A D REAR R B 25 8] T Tz
55, KRB AZ BN A KER . AR SCHEHR
FLSMDD #t#&E Ml JER TiX— ., HAEERM Fn]
ARAT 75 I UG 4 h S B R KRR

T 35 F ] FLSMDD a4, Wl 7 %843
FE B R o2 2 IR B BE 0, ABFSECRAT 10 Ik
5P IR . HARERAE R I BRI 5y
s EBAr, Hob 4 Oy FEVIZREE, R4 1 0 AR
R, ZEBRER S LIS 1 BBIE, Hitfr
10 # LA P /2 as i bERE . XFh p IR k 158
SCRHIE 7 R A s AL IR 25 I RZ ), JE 4R T AR
A7 AL RE

AR SCAEBETT B 784075 BT Y1 2R B0 X A 75
RERSE T, BEAL T S PR [R) 2 50 55 1) P 4 & itk AT
Wk, B 70 I B0 B AE FURR A B0 X )I 2k 1 52
M), 7] i 444 5 A 7 T Xof A 60 28 03] B 1 5 e 1 Az Ak
AE T o KRR VR AR T [ O I, 3G T AR
R E MR AT S, ek, i R4S IR D,

AHFFEAEIN Grad B b (i P R8 2% T i 7 i, S|
LS BRI ET MY Resnetl8 IS4, flifs
25155 AU BB TR FE A B /0 A SR BT A I 5T B AS AT
ISR H i i AR M fE .

FEMK B B, A T 4 T AR L PEAS 43 2845 1 1
fe, ARFFRA T 200680, WiEER ., &
W F1 S E RN F1 S50 R, SR EE Y
PR RE D HEAT T HAR, WEE 15— Softmax 432
#r . H{HAL Softmax 7354 A & Openmax 7325 4%
B T X SR B E FEHEA TIIE , R /N B
AT T, AR ATE 503 S 45 1 SE P AT 0 55
T AAE FRBE J) o X SRS R R T IT AN A A TR R 43
FARPERR I AT HEE
2 ETF Openmax BIF &R S
2.1 HETIRF

2002 Openmax 4328815 (1 B 24 A%,
BT e HHI AR IE 3 HFEARTE M 22 Softmax
J2 2 BT AT ) B AV AV RS 7S IE
W AR BOE M A i R AT Weibull 2345
S8 p . ATAGTE— A5 AREXT T35 i 80 58 E
AT,

5, JCHRI A AT R4 A S ) 1 1 U )



- 484 - BRFHEEHSKTRG

%7 A

B MAV™ 3% ATy I 43 2R AR AR
L, BB O BRI A T ) A T S (LA R
B o H2 TRV T &0 A 4380 1) i
MAV H15 MAV 1JROL A E) ED, IR HAHRF
B, JCIRBIE EAE ] libMR JEH A FighHigh PR
B Weibull 328 p, W ESH | B
WSw;, . RoP280,, KESHEAE N T —Br
B W% AXT Openmax 4328 a8 EA TR U S

2.2 OpenMax #EEEit

OpenMax MR A 115 225 & A K& 8 Tk
HIZEFASH & i AT RE , AR 2 250 RN A 25 1
PRI LA 1) £, RAT BT AR 1) B T AR Y
U N R U T NE e Rl B e KOS SR Iy
MAV'*™ | TS 5 A 3006 1) MAV™" | Weibull
SR p USGBSH N, 5 it i R A 5 Ak
i, GRS T IR0 Al §E .

e, BRI ) RS H R HE Y, R
BENFNMERG] . BTk, Bk E G
3T N, IR W EHHE 2 ED, Jfl bz B A 45
RMBIERE w, o SRJE, 00l 5 4200 1 45
MARE a()), BTENLINAFRRERNE, HT
ETA NP 30| IS VS B A Y X SN O 2
o 25, BIEARPEACE 46 i R B0 RO ) HE
TN, R AT IE, FEAEROE M2 0 e
s T —4E, T BMEEE i aEay N 4E e E RS
unk, PAFRIREMGE T AR MBCH AN 2 m mT etk .

WAL DL AR, AT E] TR RE Mm%
] 5 2% L8 T R T AR EURH E 2R AT RE , 8
1F Softmax 2 [ U — A A B 25 A= Bl ik B4 A A 56
II Sopene X T —AHIARIE, WAL N+1 HEJERR
RERMEER, WBHTZ BB AT gk A RS,
MBEHE 4, X AE Openmax 43ZS a8 ] DL SEEEH L
R
3 RBRRRSW
3.1 RENEGIERR

A SO F B PEAS 8 A X o RRCR A TIEAl 2
FEUERG R ( Precision ), Z M F1 ( Macro-F1), JilAL

ZW F1 240 ( weighted Macro-F1 ),
TEEG 3 25 AT se s 2R NL, ATLAFRR

DNIRIEFERE, W 3 PR, BRI EEIE RS EOE ]
(TP), HJf] (TN), BUES] (FP), BSfi (FN).

1 TP FP
Tt

0 FN TN

3 BHXRBEM

Fig. 3 Confusion matrix of one-class classification
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