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Lightweight Underwater Optical Image Recognition Algorithm
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Abstract To address the challenges of low recognition accuracy and high computational complexity in underwater optical
target recognition algorithms, a lightweight YOLOv8 underwater optical recognition algorithm based on automatic color
equalization (ACE) image enhancement is proposed. Initially, we apply the ACE image enhancement algorithm to preprocess
images. Subsequently, we improve the feature extraction capabilities by replacing the YOLOvS8 backbone with an upgraded
SENetV2 backbone network. To further decrease computational quantity, we introduce a lightweight cross-scale feature fusion
module in place of the neck network. Then, we utilize DySample as a substitute for the traditional upsampler to improve image
processing efficiency. We refine the DyHead detection head to better perceive targets. Finally, we enhance the accuracy of
bounding box regression by replacing loss function of YOLOvVS8 with InnerMPDIoU based on the minimum point distance
intersection ratio (MPDIoU). Experimental results show that the proposed SCDDI-YOLOVS algorithm achieves a mean
average precision of 77.3% and 71.5% on the URPC2020 and UWG datasets, respectively, while reducing parameters
by ~20.7%, floating-point operations by 6>X10°, and model size by 1.2 MB compared with the original YOLOvSn.
Compared with other advanced algorithms, the proposed algorithm can meet the sensitive computational needs of edge devices.
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Fig. 1 Comparison of the image enhancement effects
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Table 1 Quantitative analysis of the enhanced algorithms

Information Standard Average

Algorithm entropy deviation gradient

ACE 7.52 0.36  0.19 459

DCP 7.51 0.53 0.34 419

HE 7.97 0.50  0.28 378

AHE 7.29 0.35 0.16 386

MSR 7.52 0.63  0.19 196

SSR 5. 54 0.80  0.06 69
Laplace enhancement 6.92 0.29 0.13 226
Gamma transform 6.44 0.12 0.12 138
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Table 2 Enhancement effect by ACE unit: %
AP
Method mAP50 mAP50-90
Echinus Starfish Holothurian Scallop
URPC 69.7 90. 6 82.4 63.4 76.5 39.9
URPC+ ACE enhanced 70. 6 89.9 83.2 65.1 77.2 42.9
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Table 3 Results of parameters for different detection models

Model Parameters /10° mAP50 /% mAP50-90 /% FLOPs /10’ Model size /MB

YOLOv3-tiny 8.67 71.0 34.6 12.9 17. 4
YOLOv5n 7.02 79.2 44.9 15.8 14. 4
YOLOv7-tiny 6.02 74.9 38.4 13.2 12.3
YOLOv8n 3.00 76.7 42.9 8.1 6.3
YOLOvV9c 25. 30 79.9 45.6 102. 3 51.6
RT-DETR 15. 50 79.8 44.5 39.7 31.5
SCDDI-YOLOvVS 2.38 77.3 41.4 7.5 5.1

4.5 EFEmiziE
A I R B R SRR iz AL RE O B T IR BIEAE KT

B (UWG) B dls 45 B b A7 5256, I 95 0l 5 bR A A
RT-DETR # A JE 47 % kb o W3R 4 r s , Btk 19

F4d RRIBETRILE UW G BUIE S 1946 0 250 5%
Table 4 Detection effect of different models on the UWG dataset

Model Parameters /10° mAP50 /% mAP50-90 /% FLOPs /10’ Model size /MB
YOLOv8n 3. 00 69.7 44.3 8.1 6.3
RT-DETR 15.59 64.5 41.6 37.6 31.5

SCDDI-YOLOvVS8 2.38 71.5 44.5 7.5 5.1
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HERBE RS T MY, 85 R WES iR, 5 Mobile-
NetV3, EfficientNetV2, RepViT & F M % #H It ,
SENetV2 i mAP50 It EfficientNetV2 3 /b 3. 7 11 43 #,
WA T 53 A0 PRI B TRORG BE (0 S 8800 43 o 2> ~47 %
~86% \~27% ALK /N3 5l 2 5.4.38.0.2. 4 MB.,
5 ShuffleNetV2. GhostNetV2. EfficientViT2. Swin-
Transformer T M Z4H 1¥ , SENetV 2 1) mAPS50 43 ] $

FEREFE4H/2025F 2 A/HAERBFEHRE
mL2HSS LA L3ADE 3 2H DM,
mAP50-90 7 Bl 1.8 B/ (1.9 A /s 1.5 B 4%
M3 7 A 4 S, H 2 B /N T Ghostnetv?2 | Efficient-
ViT2.SwinTransformer W 2% , S ¥ & K B 5 R fe id
4 — . 545 gk A RT-DETR 9 ‘5 T ™ £ PPH-
GNetV2 i [t , SENetV2 A mAP50 HFFAK 1.7 1 43 14,
3 H 2 80w Mt B & U8 PPHGNetV2 1 25% 1
~44% , H B KN 2> 18.0 MB, SENetV2 i it £
5332 FCJZRPAT Sak BAE IF #E 47 FEAE 45 735 , $& T+ R 1T
FIR MRS Al B2 AN A R A5 B B B G B T L TE AR UE TR AL
0 [R) S G 3 4R T I 4 ) SRR AR 4R BORT R R BE T .

5 AIEE TR L% B PEREXS L

Table 5 Performance comparison of different backbone networks

Backbone network Parameters /10° mAP50 /% mAP50-90 /% FLOPs /10’ Model size /MB
SENetV?2 3.00 76.6 43.5 12.9 6.3
MobileNetV3 5.65 77.3 43.6 10.7 11.7
ShuffleNetV2 2.79 75.4 41.7 7.4 5.9
EfficientNetV2 21.75 80.3 45.7 55.1 44.3
GhostNetV2 6.30 74.7 41.6 8.7 13.3
EfficientViT2 4.01 75.3 42.0 9.5 8.7
RepViT 4.12 76.8 42.9 11.8 8.7
SwinTransformer 29.90 73.4 39.8 402. 1 60.5
PPHGNetV2 12.00 78.3 44. 4 29.2 24.3

4.7 FEBM 2% X LE

by 36 E A 5 1 2% ) M RE L 23 )0 L BT B i R
JFHEY CCFM A1 24 Air 32 9 S50 9 46 19 P g, 45 2R W0 2% 6 Br
/e CCFM BB HE: FLOPs AR K/ 5104 1. 96X
10°.6.7X 10" 4. 2 MB, ¥/ T WL AE Al 9 4%, HL
CCFM Yy mA P50 -5 Al 45 ik il & 10 45 A1 LA 22/ F
2.0F 5 mio CCFMH i G Ay BT, (A8 A e 4b 3
AN TR /N AR 11 49y A Bsf 8 5 0 I8 28 £ A0 /N JRJE o
G I, B e AR A I ASE Y 1032 A R I

F 6 AN[F) AR I 25 1 PR RE XS L
Table 6 Performance comparison of different neck networks

Parameters / mAP50/ FLOPs/ Model
Neck network

10° % 10° size /MB
CCFM 1. 96 75.6 6.7 4.2
Slim-Neck 2.79 76.3 7.4 5.9
BiFPN 2.78 77.4 8.1 5.8
RepGFPN 3.28 75.6 8.5 6.8
Gold-YOLO 8. 06 76. 4 17.6 16.6
ASF-YOLO 3.05 76. 3 8.6 6.4

4.8 ERFEBETEE

g B SIE A B DySample | 3% FE 2% 19 &%CR 4 L
ANTE R FERS 25 WK 7 Fis . M F CARAFE I
KHEHLH] , DySample ) Z ¥ i 98 4> 1. 3107, mAP50
0.4\ 4y s BRI /NI 2 0.2 MB, DySample

KT OAFERAESR DITEREXS H

Table 7 Performance comparison of different samplers

Sampler Parameters /  mAP50 / FL(,)]?S / Model
10° % 107 size /MB
DySample 3.01 76.7 12.9 6.3
CARAFE 3. 14 76.3 8.4 6.5

VE N FoRFEHLE], AT 28050 & #il CUDA
A1 TR TR T SR AN AT S B MG A R R HE T
4.9 skt

Sk 56 E fin A B9 DyHead 6 0 Sk X 452 784 P 5 14 52
M), 6 S5 A5 o i ACAS [R] B4 A6 0 Sk 28 47 % L, 5 SR
T8N o MR T HAWAS Ik , it A DyHead B8R ()
K BE B A B AR BT B/ H mAPSO0 ik F
77.0% , B850 2. 50X 10°, FLOPs 3} 7. 8 X 107, 45 #1
K/NHR 5.3 MB. A8 T Ho Al 5 FLAE D Sk, A
DyHead 1) 15 %0 () ¥ 68 ¥ A Fr 42 7+, B A6 T 08 RT-
DETR 85 f 461 3k RT-DETRDecoder.
4.10 K EEFTEE

S 5 31E fin A InnerMPDIoU #6512 58 i 6] 455 750 45
JE B R0 A TR AR i AAS [R] B i A Ak o R
IEEFT X H 25 SR AL 9 TR . InnerMPDIoU % (& i1
BME 2 8] B R PE 25 5, BE B of A i Sz ke 0 A 5 L S
HE 22 A1) f1% VG i R 2, 45 e A R0 ) 28 v P RE . MR T
45 2% e %R, InnerMPDIoU i mAP 5 55 .
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Performance comparison of different detection heads

Detection head Parameters /10°

mAP50 /% FLOPs /10’ Model size /MB

DyHead 2.50 77.0 7.8 5.3
Detect FRM 87.90 75.8 76.3 176.2
Detect FASFF 4.31 75.1 15.4 9.1
Detect_ ASFF 4.37 76.1 10.4 9.0
RT-DETR _Decoder 9.48 71.8 16.7 19.2
29 UK RET L
Table 9 Comparison of loss functions units: %
Loss function AP mAP50 mAP50-90
Echinus Starfish Holothurian Scallop
InnerMPDIoU 70.9 90.6 82.0 64.7 77.1 40. 6
MPDIoU 71.8 90. 3 81.1 63.3 76.6 40.5
InnerCloU 71.5 90. 0 82.6 63.7 77.0 40. 6
InnerWIoU 58.9 77.6 63.2 39.9 59.9 28.3
InnerSIoU 70.3 90.5 81.9 63.2 76.5 40. 2
4.11 HRLLIE CCFM, DyHead , DySample . InnerMPDIoU #5& 3 [ 45

R 58 IE I A A A e X A (R ABE R K B ) R
DL S 5 e 22 [8) AF R A X BE ARG R IR A DR AR B R
YOLOv8n I i 47 54> el 7F A5 e i 3 fil 52 5% . 7F UR-
PC2020 Bdf 4 | i1 52 B0 45 L0 8 10 s , o7 &
INIEFIZAR S, 5L RIA YOLOvVSn( ik a) fl L
5/ A CCFM J5 , Z il /> ~34. 7%, 5] A DyHead
Y g ,mAPS0# 5 0. 3 H 43 i, S E i ik > ~16. 7% 5
71 A InnerMPDIoU i 2k bR 5 , mAP50 £ 5 0. 4 5 43
o ULHTRL b 38 el i Oy i 24 he A2 1A R YA I 1 e 1Y
e Tt Rk — 20 R R ARG 0 402 HEAE T R i 2
RS B () 25 SR R AT X b, 25 R B R A 2 B e A
AU AR T i m s A e i P R, Hop 4 & SENetV 2,

RO D RIEAF , SR ABALA L, 775 ) 9 mAP50
5 0.6 @ 4 L, S EE > ~20. 7%, FLOPs & />
6> 10°, B K /N g/ 1.2 MB. 3% 6B < #1 F DyHead
A # 4y b 4 TF RO AR A B bR 28 [0 3 A H bs f 2 4F 55
H A5 B RS I 35 R s CCFM A% e 78 b B £ RS H b 42
/N B BRI 2y T S B e, FLRE SE BIA AL s ap
U B AR s DySample 5 4k R FEES BB & ok
FERLR s InnerMPDIoU 7] 32 &1 4% 2 5l 141 5L AE [8] 5 0 K
[ . Mk SCDDI-YOLOvS ## ¥ URPC2020 %% 5 4
Ry R PR R A O, HBE T AT e B AL A R T
KT I B FFEAE UWG Bds 4 U517 3 fl 52
45 B B 3IE T SCDDI-YOLOvS 8 ik i bk

%10 URPC2020 & 5 1 1 fl 55 40 45 R
Table 10  Results of the ablation experiments on the URPC2020 dataset

Method SENetV2 CCFM DyHead DySample InnerMPDIoU Pmme:m/ mAPS0 /- mAPS0-90 /- FLOPs /- Model
10 % % 10° size /MDB

a 3.00 76.7 42.9 8.1 6.3

b NG 3.00 76.6 43.5 12.9 6.3

¢ NG 1. 96 75.6 42.5 6.7 4.2

d N/ 2.50 77.0 43.4 7.8 5.3

e N/ 3.01 76.7 43.0 8.2 6.3

f N/ 3.00 77.1 40.6 8.1 6.3

g N NG 2.78 76.5 43.2 7.8 5.9

h NG NG NG 2.30 77.2 43.5 7.5 5.1

i NG NG NG N 2.38 75.6 42.7 7.5 5.1

] NG NG N NG NG 2.38 71.3 41.4 7.5 5.1
4.12 WIEEI ¥ YOLOVS fI ACE+ YOLOvVS 45 K n] LAF H , &t

R E— A 6 UE BT B B Bk Y S g FE URPC2020
Boym S Lo B AR AT S, w7 A0 Ak g5 SR an 1K 8 AT o

ACE 375 Jo A5 R AG I 4 F AR 0 kA v iy 465 080 1] . i
I, REVU B 2 B ) H AR AN H bR . ACE 335
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Fig. 8 Validation results on the URPC2020 dataset using different algorithms
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B, SEEPE 4T £, SCDDI-YOLOVS fig
BAF MR BIK R RSE B bR, 4 s LR R RSE B bR
4 K I A B2, X 6 B DyHead 9 22 RBE RO L 25 i) J2&
Y A 55 RGN 4 3 RE T 4 iR AN )R G A
LA St 4 A A ) TR B T g b A (] A A
1545, & 2 $2 THERDRS B2 . MPDIoU 2 & 11 S AE 22 JH]
A ToU, B AU & X IR, 8 56 4 5 & X 5,
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MPDIoU %54, fig 58 52 36 i 18 W AS [5) K/ iy 9 4k, 32
o 55 AR X ) A S S ) T P

5 45 e

FF XK H bw R 0 5Ok 0 R AR AR B R
() A0, O — B e T ACE & 1% 38 58 A 4% & 1k
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mAPS0EH] 77. 3%, BIFI K /NFEZE 5.1 MB, S50 5 9

/2 2.38X10°, 5 JF i YOLOvSn B B AH L, 2 51 &
T WE~20.7% ,FLOPs 7> 6 X 10°, 7E UWG iR 4
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