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Lightweight Underwater Target Detection for
Channel Spatial Depth Perception

ZHAO Ruijin, LI Haitao, LU Guanghao
(College of Information Science and Technology, Qindao University of Science and Technology.,
Qingdao 266061, China)

Abstract: A lightweight underwater target detection network CSDP-L-YOLO for channel spatial depth perception is proposed.
The network is improved based on the YOLOv5 network and consists of the feature awareness module and two-attention gating strate-
gy. The feature sensing module aims to adaptively suppress or enhance multi-level features in the decoder, optimize the consistency of
in-class learning, and solve the false detection and missing detection caused by the complexity of underwater scenes. The feature map-
ping is generated by the linear operation and mixing structure to reduce the fusion and calculation of redundant features, so as to re-
duce the parameters and computational complexity of the model. The dual attention gating strategy introduces both the concurrent
channel space squeezing excitation mechanism module and convolutional attention module into the encoder simultaneously, so as to
further focus on the strong correlation features and enhance the sensitivity of the model on the features. Experimental results show
that compared with the baseline model, the proposed model improves the mean average precision (mAP) by 2. 4% , saves the parame-
ters by 20% and the computation by 15. 8%, and improves the detection speed by 8.2 ms. In addition, compared to currently more
advanced YOLOvS8 model, the mAP of the proposed model improves by 1. 9%.

Keywords: underwater target detection; channel spatial depth perception; attention mechanism; model lightweight; feature fu-

sion; YOLO
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YOLOvVS 77.3 91.8 79.6 90. 3 84.8
CSDP-L-YOLO(A ) 74.5 91.9 88.0 90.4 86.2

HFARSCHAT scSE HE S, N#E scSE Zix 4k
BEAI R E R B A e, AN R seSE i R —
S H UL 3 B B A B R 4% ) — r A AR 25 HE
SRR AT SR 4 TR .

Fd WL R ) R X IR S 4 X 1

Ko 4475 AR mAP

W2 | wmE | mn | wmE | /%

YOLOvS5 -+ simAm"* 73.9 | 91.9 | 86.4 | 86.6 |84.7
YOLOv5+SGAMAttention| 72.1 | 89.2 | 84.3 | 85.6 |82.8
YOLOv5+ S2-FPN 73.7 | 91.3 | 83.5 | 88.3 |84.2
YOLOv5+CA™! 72.6 | 89.3 | 87.2 | 86.9 |84.0
YOLOv5+ SE™*! 71.9 | 91.4 | 86.8 | 89.1 |84.8
seSE(A 30 74.0 | 90.8 | 88.0 | 89.3 |85.5

4.3 HMXBERSMW
AN X BT B 5 i 0 A BE B HE AT 0 Rl S K. DU
YOLOVS Oy HE 28R, e DAl 45 A PR 5 A7 3. 1 G
BB BEHARK YR A BI S BR h, S5 2R RN 5 R .
5 SRR S 2R X L

00 44 i P/ %|R/ % ";ﬁf gﬁ‘d J%f o
YOLOvVS 94.3| 92 | 84.0 7.07 52.1 1 16.5
+CBAM 92.1| 93 85.5 6.71 49.5 | 15.7
-+ GSConv 88.2| 94 | 84.7 6.58 | 46.9 | 15.4
+scSE 88.6| 93 85.2 6.48 | 46.5 | 15.8
-+ CSDP 91.7| 93 84.9 6. 87 50.1 1 15.9
CSDP-L-YOLO(A ) [93.1| 94 | 86.2 | 5.64 |43.9 | 13.9
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%32 %

9 265 1) A [) o7 8 0 1 58 55 B 1) S B0 A . AN TR 4800 1 ek
PR A 45, SRR ik IS M L R B, A4
TR G5 X L2 B5 N 3R 6 iR .

6 [ SR AR £ SRR L

1 e 44 B Backbone | Head |4t & | 2% & /M| mAP/ %
N, X 1 6. 89 84.0
GSConv N, X 4 6.62 84.5
X N 4 6.59 84.7
N X 4 5.69 84.5

CSDP-Neck

X N 4 5.82 85.3
X X 1 5.87 85.5
CSDP-Bottleneck X X 2 6.06 85.3
X X 3 6.16 84.9
[y =3 - 1 6.54 84.2
scSE 5500 )= — 1 6.71 84.6
BN — |1 5.64 84.8

4.4 HWIBERWTHMLILER

AT UEM i # CSDP-L-YOLO #5784 (1 45 40 M: Fn 4 4
AN B AE ST EG 43 7 3 4R B AR CSDP-LYOLO 58 &Y 76
URPC2020 4% 5 F AT ML ZE 4, WlEl 8 fiR .,

- - P

(a) J5 B R AR %E | >(b)baseline(YOL0v55) ‘

(c) CSDP-L-YOLO
P8 BRI BEE XS 1L
TEIE 8 e Cad By B ik 4 Hh iy Jt I /A A HE B B9 H

FRbrgs; (b) FIJE/AR THERBE MR, £ (b FI5H
TATHT AR . FEER A ALK I B R A 7 R R
B AR B AR A A E & )RR B AR (o) B2
CSDP-L-YOLO #i B Yl AR B W 45 K. 5 (b) FIAH .,
CSDP-L-YOLO RS A L& J i IS S 2R . RE W AR5 &
Ze B0 T4, B0 3k S 1 % S E AR RIS B AR 9 U A 0]
M, /N T ERRE SR KX N AR, 1
RSB AN 9 Fis o

Hr, (2 RRELFRKGMEER, (b i CSDP-L-YO-
LOBERIHERE 5 5. s ARic b xF te o] DLE ., CSDP-L-
YOLO B AL i e 1 KB 53 Ui A 7]

(S AR e

HAh, CSDP-L-YOLO R KigE R E TH 2. HH
F1ER D02 5] i 4 I B {3 BF, CSDP-L-YOLO £ 78 5t F 15 44
V) A 9550 oo )R DR O . PR AN O An 18] 10 BTOR

P10 AR E A B2 T

Horp (a) ML ML L. (b)) 2 CSDP-L-YO-
LO RIS, RN THEA XL B L EEEN
=,

5 SHWRIE

XK R OGRS 22 . BRI, B AR S0 % 5
[, ARCHEETF YOLOvS-s ik, BT —FMEEbKT
FIARAS M A % CSDP-L-YOLO ., 3 13 4% A S8 AR B 1 003 7
P, B TR R X S T AN s i SR M R R A T B R
ARFUBHTRE J1 . B Ah, T B AR R A B2 T - 259 K5 B B A i 2
LR E A AR, P TR, W T SR
MR, SR IE, IR R R X F K T MR B bR A
4/ BAREA T I A A5 0L, 7E KT B R R I 4 sk HL A
FARE S . 3R ROKE £ X AS (] H A 4G 0 B B 22 B 4%
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