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Multi-expert Dynamic Collaboration Model for Long-tailed
Sonar Image Recognition

CUI Guoheng, ZHOU Hao', WANG Chao, ZHANG Ting
(Naval University of Engineering, Wuhan 430033, China)

Abstract: Sonar image recognition plays a crucial role in the field of underwater environment detection. While existing sonar image
recognition models based on deep neural network have improved classification accuracy, they often face the challenges of long-
tailed distribution in practice, leading to insufficient identification of rare yet high-value targets. To remedy this, we propose a novel
Multi-expert Dynamic Collaboration model to enhance recognition accuracy for long-tailed sonar image (MEDC-SI). Our model
consists of multi-expert network and dynamic learning strategy. The multi-expert network contains a conventional branch for feature
representation learning and two re-balancing branches for tail samples learning. And three experts collaborate to achieve imbalanced
sonar image recognition. The dynamic learning strategy is designed to shift the focus of model training between the conventional
branch and re-balancing branches to improve the feature learning and classifier learning simultaneously. Finally, extensive experi-
mental results on three sonar image recognition datasets, KLSG, FLSMDD, and NKSID, demonstrate the effectiveness of the pro-
posed model, achieving overall accuracies of 91.51%, 99.74%, and 96.19%, respectively.

Key words: sonar image recognition; data imbalance; long-tailed distribution; multi-expert collaboration; dynamic learning strategy

Wets B A 2025-07-11; & @ B #5 : 2025-09-19
EEWA : H% A RPA A4 (62302516)
YEB B A EIE (1981—) , 5 1AL st 1, mil sz m s o ) HAR U], E-mail: cgh3899@sina.com
* BEMEH AW (ZHOU Hao) , E-mail : zhhaohg93@nue.edu.cn
SI3igEs R EE, AT, T, 5 BT 2L B UMES 2T iR RS MG RN [T ], WLvg K== 3 (A R B RRD |
2026,49(2) :232-243. DOI:10.13451/j.sxu.ns.2025100.



B A A ST 2 LR AR UMES: 2T B R A A 5 233

0 5l5

Bifi 45 7K T I 7 R B Rr 2L 4R R L KR B AR
TR R 3P 7K T AR RS HE AL 3 B8 1k 1 G S
HR FE2E RO 5 T AR N H 4538 2 il &
SRR R IR A TR B A KR
B, 7R AR AE KR B AR U AR 2
KEZ, MILT ARG = BAGME & E G,
g T A5 B AR R o PR X B4R R 2%, AR
s PTG U T I 2 B 2 PR AR P, E AR
7 GRS 5 i e 8 )iz N T K B B IR
SR R H bR g A SR KT B AR
Py oA A

T, A I E AR R ) Oy ik B LA R R
KT R ) B 7 ik R T IR
W FETARGHLAS 2% 2 1Y 5 8w S Xt
SR A P P i 7] I S € ) )
ryEEAE ExF BAR i T I, R R 2
Fh A% 258 J7 3 % 4 50 A 3L ) 9 AR T AT R AIE 42
B, IR RN T8 T 0 43 255 4% 0 42 B AR Ry
FEFEAT A0 283800 7, il , Barngrover i Jo i
RS m R rh (1 Haar ¢ AiF F1RCRE AN 722 R AIE 5 46
(Scale-invariant Feature Transform, SIFT ) $:7F ,
G ZMRE G % T i B Boosting 43 25 %
XA 4 75wy AR 2471 ) . Chhabra 58 $2 BT
B A 7% AR e R AE | Gabor ZF #e SR 1F | Haar 25
FEAE I 4 5 35 22 1] U8 U 2 41 i RRAE , 7R - LA
> 1 A R kAR I AA R S BT g R

1200
1000 r
800 r

600 r

HAHE

400 r

200 r

WU 28 o FE IR E 2% > 1 05 0l % R & R
it 2 I 245 SFE AT Sy XoF i ) R AIE B IO 4 2007 iy
T 0l EUR R AR D il A TR ) )
FEAR 2 2] R0 UG A 1855 T 1 ok 32 e 7l TR R
BRI HERGME . 40, Cheng 2511 SR BT B 2 S 11
T % e FH R B B 45 X VGG19 5 7 HE 28 k£
W2k, SR G 7E 51 A 88 8 S mas mldEE N
(4 B D 2% b X AE R 0E AT B SN B AR Y
AN E SR Xu S50 HR T3 T e R
R EE B 3 W ) AR 43 2SR 58 o el g A5
o A U R H bR 2 0 22 57

BRI e vk — e R LA RO TS
i A TR 1) o A (E S g PRl A T i A 7R g )|
Y538 18 52 AN B A A S e S SO AR S
i 1oz P o S R AR 0 ) B KT B b TR o A
BEAR S, il 1 s, SR A B 7S i S 8 8 A
A 2 30 Y ) AN A A, LR A 28 ) ol A
HA TS SMAER KT B, #lan, 7 m &5 4 s
B AL T R M AR i G, Tk AN
() /N RVETE AR A 3 H L o FEX A OLT
YR H R 114 75 g Pl A5 T S0 A 760 A e A & b 1 J31)
ZREREA X DB FEA B R R BE AT A o i
— R . O T R A T B S U
Jiao S R T — 7 Al 45 B A A AL 2 ) R
BB 3k 22 V- SR AR T ok i v AR R X R
35 ) SRAE AR AR B, (E A TR 5 R A 9 Bt i A
AN A =X, 33— o R 8 o 1 A L 1] 5 %) TR g
AR T HAE SR 35 o e N

|
B ARG R K AN A

Fig. 1 The long-tailed distribution of sonar image data
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Fig. 2 The framework of the multi-expert dynamic collaboration model
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Table 1 The comparison results of our model and other
SOTA models on KLSG and FLSMDD datasets (%)
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CNN-SVM  — 7447 7662 — 67.56  72.42
DTL — 7780 7632  — 92.36  92.02
DTL-RS — 73.04 6762 — 95.98  95.72
CE-DRS — 53.94 4741 — 7591  75.65
LTR-WB — 54.95 4254 — 97.04  96.56
BETL* 88.14  86.07  79.15 96.79  97.39  97.40
PLUD* 89.88  89.46  82.12 99.22  99.14  98.86
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Table 2 The comparison results of our model and other
SOTA models on NKSID dataset (%)
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s
Acc G-mean F1
BETLx* 92.12 84.46 85.22
PLUD* 95.47 87.82 90.34
MEDC-SI 96.19 88.83 91.23
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Table 4 The impact of different learning strategies on model

performance (%)
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