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A Lightweight Underwater Fish Body Image Segmentation Algorithm
Based on Co-PSPNet

LI Xiaowen, LI Haitao, GAO Shujing, ZHANG Junhu

(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: To solve the problems of image blurring and limited resources in underwater environments. a lightweight underwater
fish segmentation algorithm based on the Co-PSPNet network is proposed. The main network employs MobileNetV2 to reduce compu-
tational complexity and parameter count. The CoordConv module is introduced to enhance the network to the perception of detailed in-
formation like fish boundaries. The features obtained after the global pooling are used as inputs for an attention mechanism network,
enhancing the features with higher semantic information. Through the extensive experimental evaluation. the algorithm has a superior
performance of publicly available underwater fish image datasets. In practical applications, this algorithm meets the engineering re-
quirements of underwater fish image segmentation in the domains of underwater ecology research and underwater robotics. By solving
the image blurring and resource limitations in underwater environments, the proposed algorithm provides an effective solution for im-
age segmentation in underwater ecology research and underwater robotics applications.
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UNet, DeeplLabv3+ . HRNet, PSPNet fil Co-PSPNet,
3RS T XL SRR . RSB (FLOPs) DK
BRI/, M Z T FATT3 A9 Co-PSPNet iy 1 11 5
FREETE R W B AR, RATHEIE B 5 S8
o (W 3.3 M), HAKHY FLOPS (760.14 M) HIH /)
MIRERLIN (13.5 MB) . 3 REWR & FR AT 09 B 8 £ 11 55 B8 U8
FFA 25 (8] J5 T SR ALK, EINAR g, &S 7EREA R

7K BREE R .
#3 5 MR AT J XS I

i Y FAEPR IS | Params/M| FLOPs/M |Model size/M
UNet VGG16 24. 89 43 226. 42 99. 6
Deepl.abv3+ Xception 54. 71 15 967. 63 219.9
HRNet hrnetv2_wl8 9.64 3 571.57 39.4
PSPNet Resnet50 46.71 11 376. 35 187.2
Co-PSPNet | MobileNetV2 3.3 760. 14 13.5

3.3 NEERTRNL

HAETLER o 0 A R T AL A 1 8 B, MR e AT LA
EREMWAE N, 7EK T ki L5 FI4E % H . Co-PSPNet £
BIFH %8 F UNet, DeepLabv3+. HRNet il PSPNet f& %1,
ST A . AR AE R

G, WA WA 8 Al AL EE AL, AT RLR B
e AL AR % T UNet Fl DeepLabv3-+H5%1, GEf% 55 47 #h
SRBURIA FFRE (S S SREE TR B 09 73 B 45

HOR, M T HRNet A, Uk i8R 26K T f i
SCorEVE S5 h R B A B ZR 5 M RE . R4 HRNet # AU 7R
AR g4 R AR B AR Sy R . (HAE AR
FRUE B AR o3 B 5l AE A — 2 BRI . AHILZ T, B
HE AR 53 7 LA T 0 R E 4 ORI A T R I PLAD . R
S b 5 a2 R AR R AE L. B A AT SO o3 A oE A
ARk .

5, 5 PSPNet A M, BOGH AR BYFE AL P /] R
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(a) JRK

(b) #5% (c) UNet

(d) DeepLabv3+ (e) HRNet

(f) PSPNet (g) Co—PSPNet

8 TRk il AL 25 R

AR B A A aE M. K N IR EE R, iR RS
TR O] BEAEAE B R A5 4k . PSPNet 5 714l J1] 45 5 85 1 Ak AL
HFORMRAFRNER T XER, HAELREZFER
f14 £ A I T BB A TE — 2 Y R . 2ok i B AL 3 51 A Co-
ordConv BEHFNTE R S LK. BRSSP Ab I Rk, 42
e LA SO i 2 A Rz AL R

gibprid, Wit E 8 BRI A LS R, AT LR A
W FEK T AARTE L EIE 55, Co-PSPNet H A B 418
HERN ANFR M PR RE . ok S g5 R O I T B R K R AR AR SE
KT W 00 RO A S G o7 T B AR TR SR R . R ORI
AT AR — 20 PR R el B A (48 s IR H W H 3 e )
WZ KT 5, TR 2T KR BRI
VIS RS A I S ) S =R o ioa Uk i e B N
SR TR Y LB R0 1]
3.4 AEEFMERXTLE X

0T RERSAEA BRAE 1 2% 18 R BEAT MR IR 4 L FRAT
AR T M 48X PSPNet R 28 A7 ik, 2R
7 ShuffleNetV1%) | ShuffleNetV2™2Y | MobileNetV1 |
MobileNetV2, MobileNetV3™ ' m %, 37 SUIM $#E4
AT T 5.

F 4 AR ET MR L

Back MIoU | mPA |Accuracy|Params| FLOPs | Model
bone /% /% /% /M /M size/ M
Shuffle
80.33 | 86.03 95.09 7.02 |2 233.64 32.4
NetV1
Shuffle .
82.74 | 87. 44 95.79 4.4 396. 38 18. 5
NetV2
Mobile _
80.6 | 85.81 95. 22 8. 89 832.58 40. 2
NetV1
Mobile _
86.5 | 91. 26 96. 69 2.38 578.23 9.8
NetV2
Mobile _ -
83.5 | 87.53 95. 26 2.96 230. 59 22.7
NetV3

FE 4 GRSk E . % MobileNetV2 4545 PSPNet
W) BT ML RAT T AR, BLAh, 78S 500 AR AL K
AN A R, BARTE FLOPs J7 i A X F Shuffle-
NetV2 il MobileNetV3 i f7 # &, {HZi & K F&, Mobile-
NetV2 W 4% 7F PSPNet H & Bl H (4,
3.5 AEEEHNE B EE

TR I AS TR 58 A o 5 AH B A AT L, kA B
25 2 U T B S ORI ARAE R, 2N AN
BYRFIEAR 2. DA T 76 3k 4 0 4 A T B0 80 6 45 2R 04 W] B
WA IBF R —E . FATHET MobileNetV2 £+
W&, TERHMEG TR R 51 A 3 AR i 13 32 1 WL AT
XTEC. Al ch “Ae bR = MLl (CA. coordinate atten-
y»tend | “REEHPLE (GAM, global attention
CBAM 33 & 1 #Li .
5 TNIA TSI HL P R X L

tion

mechanism) 7% |

Backbone Attention | MIoU/% | mPA/% |Accuracy/%
MobileNetV2 CA 91. 33 94. 85 97.93
MobileNetV2 GAM 91. 31 94. 8 95.91
MobileNetV2 CBAM 91.47 94.97 97.96

WdER 5 X LI AR, AT LU BLF 4 ik
FUATE R T HLH AT LA 0 32 T KR £ 0k R 43 30 Bk
PERE. AR ) HLH eV fE LA T 22 5. CBAM 3%
Tl B A B AR PR AR . 31X 2 B I A GE A R s )
A LABE A b Al A ) O B A R RRAE 4R i 43 00 v v R
ek,

3.6 AEERMBERMEIE

JIE B MobileNetV2, CoordConv Bidk, CBAM ¥ 7%
FIRLHI S Y G ok, RIS it T 4 HH
ARy, PLomIoU, mAP fl Accuracy VE R 5254 48 % »
SEEGHAR N 6 i . ook F 02 B 2R 1) MobileNetV2
FT M.
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FESE . 4. HET Co-PSPNet HyHE UK T ik K5 H15 14 < 275 -

6 IR A I S g 45 R

mlIoU | mPA | Accuracy
MobileNetV2 | CoordConv | CBAM
/% /% /%
N 91.09 | 94.67 97. 86
N N 91.94 | 95.43 98.0
N4 N 91.47 | 94.97 97.96
N4 N N 93.21 ] 95.59 98. 07
4 HRE

FEAMETE . HATTEH T —Fl3k T Co-PSPNet W 4% i)
BREYUKT AR EG L, K PSPNet £ T M 4%
e o MobileNetV2, fil A CoordConv 48 3 F1 13 & 1 #L 1l
B, FRATT AR 2 b 7 ORI B2 1 () s AR T ) 4% 35
REMSHCE . NI & T RE B, (AR i it
& WK T FRBE Y AR A

L AR T KR A AR B S AT R R S
FRATEUE T FRATHRE M 1 58 A R AR 4 AT 55 B
PERE. SEEER R, AT Ir LB A ZUh AOK T B4
HREUR R HERR R BT, S OK TR AR BB MK TR HLAS A
R R T B S

RERNAEIG T S AW E ML R, HIFE—
SRR RS . — AN Jr R S B 2 R 2R A E) . RRE B
PR B AN 3 B KT BRI ep iy 2 R0 82, 2 i BIF S
EFAKREG S EUES, BAELBEN A, s E
e S Ar B oL, B, KRR R B Z M
3 EVR I — A5 B v L SE R RN GE R M. IR 2 T DR
— B RACTE B I AL A BT, DLAR R X4 X G B £ A SRR AR
H) KRR
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