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Abstract

Underwater target detection is a key technological challenge in the field of ocean exploration and
monitoring and has a wide range of applications. Due to the complexity of the underwater envi-
ronment as well as the limited visual clarity, the existing detection methods are ineffective. To
address this problem, we improve the existing ResNet50 model to enhance the detection accuracy
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by introducing the SIMAM attention mechanism. By preprocessing and enhancing the dataset, the
model is successfully adapted to the characteristics of underwater images. The experimental re-
sults show that the model performs excellently on the underwater target detection task, and the
Map value increases from the original 64.6 to 68.35, which verifies the great potential of the im-
proved model ResNet50_SIMAM in dealing with the complex underwater vision tasks.
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1. 518

KT EARRITERFEAR R . ER P FRBE I LA SR R SR IF R S AU A 2 O EZER
SR, BT K RIS A PERRR R M, oG 2R, AR B AV M B SR R R, AR G K Rl
7S N0 T 2 ) AR AR A A T P BB A PR 1) A o 3k Bk R A A3 /K T H AR ARy — A i £
RO AR R, B A X U TR SR K, TR Ak HER AR E RS B AR (38 U] 7 R 2
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VTSR, VRS ST ERTE UG R B i i ST AR T B bR, KR HARRTIN AL T %7 )
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PERE, XONIREIK T BRI AR R BCR IR A T AT REPE3] .

AW BFEfRU LRI, B DR RIR S IR RTEK T BRI R, I AU e @&
RLK BRI R . ik, ASCIERE T AT 2 M AR BE AR 22 N 45 42 4 ResNet50 1F 2ERik[4], JF
£ TensorFlow HEZE T & T —A @ hil AL . sl o B B0 SR TAL FRAN G 3, A SCEU) T4 i Y
ST BARIIRBIGE S7 o ARSCK VRGN B BRI % . BOAL R BRI 2Rt 72, IR /R S ot B B RN 4%
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M [6], (EHAERESZ IR T /KT IABER G B AFRK BB TR o X 2875 VAR AR B R 2 /K T PR 58 I T i
WP, WS KA R 4

22. REFIEREGRANMBHFENFHINA

W SIHEOR, JUH R BB AE ML (CNN), AR RN H Arte IS 1 % & U [7].
CNN fe MR MG B T B 3027 2 BURRHE, IR SO B R AL A R 5. E7K R F AR I 43
SR, PRI SE 17 CAIE I AT DA R IR AR G875 V5 BRI R, 88 e A 00 PR o g 1 A5 A 8]

2.3. ResNet50 2249948 5733

ResNet(F% 22 W 26 ) & — PR B2 2% S 40k, DRI Re 1Y)« BRIOE R Wit i 4, 1% R v M4 2 3]
i N R k2, AT e 1 SRR R 2% (1 I 2ok /9] . ResNet50 /& ResNet Z 41— /M2 Ak,
HAas 50 ZM%, HETOAESNMEGIRAINES PRI 6. 2K BHFrE 4R, ResNet50 1A 2 M 2%
SERE RS P S 2 HOK R BMBRRAE B ksl F AR A

g bR, REKRGINEEKT BRI G S HANME, HEREES 2], Reild ResNet50 4244, A
GAT PR T — P A e B RE SR VTT E  ARHETE B AERE— BRI IE ResNet50 7E7K F H bRkl
HH R 7 71[10]
3. Resnet50 Z AL+

ResNet50 /& ResNet /25 H 48 BN 20, LR “507 Rom M4 IR, B 50 240 a[11],
%L VRANUEEH T ResNet50 45 4844, ResNet50 1F i FE AR R4 I 265 1) 2 ZA A, 7E MG IR IT 55
AT T BRI, FCUR B G5 HE RNk 22 B (5L T D A R FE P 48 I R ME RBR AL TR R T 6, ICRIR BE
U A R 2 —[12]

Table 1. Basic architecture configuration of ResNet50

52 1. ResNet50 FE AR EEMELE

Conv layer NN 50-layers ¥ H
Stagel: Conv_1 112 x 112 7 x 7,64, stride2
3 x 3 max_pool, stride2
1x1,(64)
Stage2: Conv_2 56 x 56 3x3, (6 4)
1x1(256)
[1x1,(128)
Stage3: Conv_3 28 x 28 3x3,(128) 3
| 1x1(512)
[1x1,(256) |
Stage4: Conv_4 14 x 14 3x3,(256) 4
| 1x1(1024) |
[1x1,(512) |
Stage 5: Conv_5 7x7 3x3,(512) 6
| 1x1(2048) |
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Figure 1. The graph residual block model
1. ERERER

K1 JER TIREMZ R4 i — AN, By “bottleneck” B, H I H IR AL, HEMH 1 x 1
HRUKG 256 4E(S1E /D ) 64 4E(51E, B, I 256 MEIEM 1 x 1 BHERKE .

ResNet50, fFENIREBRIE M —ANRIHARR, RFREREGIRBES, WK A2 m
HREFE[12], BIAZ R IR 25 2 3T, B 5 N BRERIE B R AR VLIRS X 2 25 rp (3R A i . X P4
A SR VF I 26 2 ST 3 NN 2 TR 22, T RO AR Ak I ik F2 A 2 TE IR R 4% . ResNet50 35 A
SR — MR ERE A, TR IR ARIE, #5672 16 MRZES, B 3 /M6
FURHRG, RSB LA T S B . WhBRIE BErE X S e 2O E L, A Bh T 2R M0 T 2R
WA, FEREEIRE . MGHIARE— DR TR, BRTERNSERZ, S bd 7R
MSHECRE. EK T AN, ResNet50 fiix BeE: A 1 GE 451 2k b BRI R 7E 52 44K R A58
HRA IR B S, AT e e ) ) A P AN AR [13]

4, HERIMH
4.1. gutkF %R

NIRRT R, ABFFLEINT SIMAM VER AL, I 5B R AR Ko Fh I8yt e 25 e #0 ) J] oel
Zer A, PSR EG R E EER X, HEd AR E R R E R R R I E, A
Sigmoid EREIATIH—4k, M TG SRR T X S BERFAE A BURREE . TN SIMAM B T AN B I AR T 23
B, WU REIEE R R, RS RS HYERE B R B AN 18 -5 6 4 .
4.2. FFEELCIRLER

Xof G Sz 45 BN R 4 2 Fis

Table 2. Comparison of experimental results

5% 2. SLIGYERNIEE

it Map Imgsz Param
ResNet50 (baseline) 64.6 256 x 256 91.44
ResNet50_SIMAM 68.35 256 x 256 91.44
MobileNetv2 68.15 256 x 256 9.6
ShuffleNet 65.14 256 x 256 5.68
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Figure 2. Part of the dataset images

E2 BOo#ERERRT

5.2. #¥IRIFEE

ARIE T 8 read_data (data_dir), FTMFEE R H s BB, X b BOR ik
FERFEA, 0RO RES B B IE A B A N K . RSB IN [F I S A h SR IOPR 2R R, XL
PRAEXT N T B K R 2B 9 T AR N B I A BRI ZRIN B TSR E AR B R R
Pt AT TR AL AR, BURHREAERRLL 255, MR EVE IR E AL 0 2] 1 208, sk, Frfy G EdE
ety numpy B4, DUE T 5 S AR BEATRE R I 25

5.3. BuETAbE

1) BEATEL: AT numpy FIBEHLFTF LA shuffle e Eon UGS LA R ARZE 34T T 4T6L
BHTB S ARG R A, [Fa] DA R T i B A 72 it DL & e [14].

2) H¥Ekgse: KA T ImageDataGenerator Xf I ZREHs g7 3458 . X ALHE T — R4 0BG A ik,
WEEHLERE . e . i A AN . X SRR RS A s s S 1) 2 AR, BEAOK R IR
HHRTREH I S AR A, WOEIRAR G A ZE R AR B A R A . X R 3, RS R S R
RO ¥ AR BE Rz AR 7, AT B e HCAE 52 o 82 P P v s 2k R P S
5.4. EINZ

FEARE T, KF T 3T TensorFlow HEZE ) ResNet50 74 53E47 7K N A= W6 il i) #9511 25 - ResNet50,
TER—FREEERMA ML, WIEEROE — N2 R 2R A% EERZE, &% 2R softmax
BOE R B LB 2 20 40 25 . IR GR BRINE, 3EF T Adam fifL 281 Sparse Categorical Crossentropy 514k i
#, LLJ% sparse_categorical_accuracy 1F N iEALER[15].
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N TR R, SCt 1T 2 A Bl A, GRS & DORAP I R R P R iR AR, =L
i AR R A, DR ) SRR B DU SR B R I SRS L. I ZRid A, ASCiE A 1 model fit 773k, i
BRI 4, FEHEAT T 200 DNIIZRRA,  [RIN A 15% M5t AR SRR SR, DA AN VPAli A A P e

WERTER G, BRI R HE SCAFA{ . BUETARRIINHAME . est, A TEH A matplotlib
PEZz: ) T IR GG UE R A rh A HET Z R 2k 22, DLELOITE A BB P REAN 22 ) 1 R . IR — 4T R 4t
HIVIGRIT 5K N AR AR S5 3R AL 1 — AU si AT R ATR B 2 ST AR R ik o HEAT 000 38 55 (0 Y Rl S
R, 5% 25 B s O o R e S 5 A AR AR A B RS DR I8 i 0 A M L T VI A R
SRJEIC R AN EU L RE K 1 SR e B AV R S AR o 3 R

Table 3. Ablation experiments for data augmentation configurations

3. BiRERAC ERYHRR S

ST HAFTL b‘ﬁiﬁ?ﬁ _ fﬂﬁiﬁﬁ% _ %)Eﬁ%% i Ulléf?% :@iﬁé%
(rescale) (rotation_range) (width_shift_range) (height_shift_range) (zoom range) #EffiI%E IR

ek 1./255 0 0 0 0 99.81% 91.17%
1 1./255 45 0.15 0.15 0.5 99.87% 92.23%
525G 2 1./255 0 0.15 0.15 0.5 99.75% 91.52%
525G 3 1./255 45 0 0 0.5 99.75% 91.87%
S 4 1./255 45 0.15 0.15 0 99.87% 91.17%
S8 5 1./255 45 0.15 0.15 0.5 99.82% 91.17%
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Figure 3. Loss and Accuracy curves
[& 3. Loss 1 Accuracy Bk
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5.5. SEIG4ER

A AL Python 45 1 Resnet50 #8578, JH7E—& GPU k%8s EiEAT Tl INgratieh, T
s, WHERANLERET. ekt RS, DOBINEEREN 2R AU SRR R ZEIR A I
19 T EAFIACR, ek B IR F A S R 2800 R, IF HoE Bm AS HEE, B SERR N AR B -

SOG4 AT BT M S I T T R A L

FEXISEE T, A T % T Resnet (Residual Network) (#1773 K 3547 7K T AW . 5304 (10
FERGRAH L, A FELE LR LA 7 TH B A B

— BB AL BRI SRR . TERIR UL BB B, SR T e BRI AR EOR , anBENLIERE . 4
RS, DUBHUUK R IA8E A a] B8 B ) & A b il . X LU SRS ST 5 3R T BN E I S B g Az
etk

TOREAOK RIERME RV AR B T K RIER IR A, Woe AR AR A AT ok
LR RS TSI AR, AR e TR R X R B PR AR A1 TR R A
BRI

=SB R s 5 R AE BT 7800 T SR B N s, T R AR NN AE S = A AR
T HI&E A T RSk N IREE, e 1 A 78 00 S P AN RIS A5

g5 LRTIR, AHIE T I G A S R A 3] AR K 1 (R B A BRSNS, S KT AR AR I AT
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Figure 4. Example figure of detection results
4. KNEERRGIE

FESZRBK PN, ARk 78 2 HORBE, R T GURTRI ER N TT V%, e D S
TR AR AR N AR . X — BERAGIER] T HORIA R, thONARRIK T AV Fe iRt 78
BEEAT % BRI, AT S A HIK RIS T IS AR R A IR 2, DA SR U A el 17 B
6. %A

AT FUHR H IR IR IR 1 — A RS 2 5T 10 v ROHEBA B0 K T E AR AL 53 - 385 € i) ResNet50 #47% Jf:
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SIN SIMAM FEREFIHUR, ARG T 400 ORI . SSU0E 2% T BSOS KT 56110 5 4
PERTRLIETHEIRIE HOML), FAT A BUEF ORI RE . ST V2 MUK R EARRRISI I B T 268k, iR
IS STE 4K TSR 55 SRR GE T 901 AHF IR T VR 2 ST BURIT L 5 L LT B
SIN, OTRATEIUK BRI SOAAEBRAR, R S738 T OB F A PRI R Gt 7
EHARAVER. BRI, AT OUH I T EFRK R BBRRIAE S (AR 5 B B
DAL o S BT SRS S G T RERCI TR

B oW

TR R A 1 RS B 27 e S 15T b 2 e o A DCHIE 92 R S5
E&mE
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