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Atlantic Salmon Detection Model for Industrial Recirculating Aquaculture
Based on YOLO v10s - SEAM — D2S

XU Lihong' YANG Yi' HAN Houwei’

(1. College of Electronic and Information Engineering, Tongji University, Shanghat 201804, China
2. Conson Oriental ( Yantai) Recirculating Aquaculture Technology Co. , Lid. , Yantai 264000, China)

Abstract. Underwater object detection in industrial recirculating aquaculture systems presents significant
challenges due to low-quality captured images and fish occlusions. To address these limitations, an
enhanced YOLO v10s-based underwater Atlantic salmon detection method, termed YOLO v10s —SEAM —
D2S was proposed. Firstly, a separated and enhancement attention module (SEAM) was incorporated
into the neck network to amplify feature responses in non-occluded regions, thereby mitigating response
loss in occluded areas and improving the model’s robustness in detecting occluded targets. Secondly, a
novel depth-to-space ( D2S) convolution was introduced to enrich the effective information within
intermediate feature maps, enhancing the model’s capability to detect objects in blurred images. Finally,
grouped spatial convolution ( GSConv) was integrated into the neck network to reduce computational
complexity, specifically by decreasing floating point operations per second ( FLOPs) and memory
footprint. Experimental evaluations demonstrated that the proposed YOLO v10s — SEAM — D2S model
significantly outperformed the baseline YOLO v10s on an underwater Atlantic salmon detection dataset
collected in an industrial recirculating aquaculture environment. The proposed model achieved a mean
average precision (mAP) of 91.6% and a precision of 84.9% , yielding respective exhibited superior
robustness in detecting occluded targets. Compared with existing state-of-the-art methods, the proposed
approach achieved higher detection accuracy and was particularly well-suited for underwater object
detection in industrial recirculating aquaculture systems.
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Fig.2 Schematic of data capture scene

1.2 HIRE&EHIME

X SR AR B B WAL E A7 b ot (4 S ol 1 i) L A
AR IR T T B KV e H A TN B AR . T T
PRECHR fY 5T, X it s % PR AT 07 28, 1 I DR 3
S 7 A R AU 5 B P AR 5 o 22 R AR Sk B Y
s B 2k B 4 000 MR ) AR AR PR K 3R 5 K T A0
5k f1 f: £ R 5, G b 0 B T i LR I S R 1 15
A HEAH E P R KR K R AR AR B T K
X S F18 A SR R AT 280 7 Ol R O R 22 HLOYG By
A AN B 5] F0 Bk PG AT I B0 i 2 8000 15 O ¢ €54
R 5 A i PR L, PR B2 4 v A1 7E i A 19 a2
B R R R AT WAL B X 5 A AR AT
XFH 32 BR A9 O B 1 7 B B 5 4k ( Contrast
limited adaptive histogram equalization, CLAHE ) , 4%
A Jr R MG AR 8 52 B JR 8 B TR 2 A 4 T R Y
R AR L RE AN S B O 4 0 R A SR AR AT R R
SRACRATE 3 Fn .

(a) JIREIR (b) HaR &2
(613 CLAHE [R5 4R
Fig.3 TImage enhancement effect of CLAHE

FIH Labelme 7 i 85 {4 % B A5 v o G 4 fik: £ R
M Z N IOHE -7 N TARE , WK 4 FR o ARiERR
2 fish” Az AL & H BRI A HE{F 21 YOLO
F 2 txt SCHE L #4000 7 34 58 5 Y 145 R R BR
S ) 6: 2 2B ML R 43 S I R 4 L 50 UE 4R A i
A, X g 1) R B 43 501 S 2 400,800,800 1, 5 A
£ 8 4 000 15 G 1 R PG P BE 7K R H b G 00 45 4 4
P o Ry T I TR AR G A G R S s A A
PERE M 2 2 S5 100 15 BRI 8145 R0 K 78 P fek A
EL P ™ S PR ) B R S

2 B YOLO v10s By K 75 53 & 46 ) 42 5

2.1 YOLO v10s B fr#6in 42 5
YOLO v10 &1 WANG 21 5 2024 4£ 3 11y

B4 AR

Fig.4 Example of manual marking

B — AR i o 3 v B AR A UL . YOLO v10 Hij iy
SR A A DU g R b O Tl A B 3 ) ( Non-
maximum suppression, NMS) ¥ 47 J5 4b F , 2 {di 3 3¢
FEIR ,IF H NMS S HUBURF B RE AN TR E , 1 Ah,
YOLO v10 &5 5e f 35tk = 42 i AT 2, 5L
TFETUAY BRI TR ALY PERE o A TR DRI S R
YOLO v10 M J& Ab BEFNFE B e g 2 A J5 1 647 1 4
. TESE 403 7 TH , YOLO v10 42 i —Fh Jo NMS
G5 8 — EOPUE 73 TC SR W D 20 A6 R A [ A e ) 4 B
ok AR FE I ] ) I B A 5E A 00 R N AR Y #E
PRGEIR 75 AL 840 J7 T, YOLO v10 SR JH % K %L
RN SR Sl AL BT SR g, %) YOLO #Y 2% 20 4
Tram el , B R B AR TH 55 i, Y5 P RE. YOLO
v10s 6 2% 2548 32 2 A0 5 < A 3 (Input) T R 4%
(Backbone) | i # % 4% ( Neck ) F13k 3 ™ 2% ( Head ) ,
FELEME S R,

Input 1 Backpone | (“C2(CIB

| |
64015 FE 64015 FX3 )
VT IR Y [ ~>| Conv l—»l Split |—>| CIB |—>| Concat |
v ! Conv !
33 DW | | ! CIB
o T L —— g
i Neck }: Head !
] | S |
i I i !
X1 Con ] | I :‘ |
MR :| C2f H—H Concat |
| L ‘
Y S— i i
m” SCDown |: i | Upsample | | Conv | ii
! ‘ i
§| C2f Cff |—>| Coicat | ii .
I |
i | SCDown I i : Concat | | C2f H_i
e e [Eehon ¢ !
| [ i
- 1 33
; |

___________________________________________

Bl S YOLO vI0s #7145y
Fig.5 Structure of YOLO v10s model

TE YOLO v10s FEfili b i A7 kit Fn Ak, 15 31 5

T YOLO v10s () K P4 7 e 4G 00 A5 7, Ay fiff e Xof A58

B EME 0 H A5 A I 7] 35, £ Backbone Fl Neck 5] A



290 & ok L

Moo 2026 4

D2S FRAE £ B BB E, 4= & v R RRAE B B9 15 2
DA 38 i AR AR ASOR A B AR A I B8 T 5 kMg e £
TR A T Y B A R A A )8, 5L SEAM 3
BRI 38 I o A I P DX I R AT ) R R R 3
IR C AU TPNE T N & DO §1:E Al = K AN SR SRl
B8 77 5 R 0d /A I ZE SR, GSConv 5| A Neck DL
Ao IR I e B 7 L I 1 AL
YOLO v10s f& BRI ZEA 41 6 FF 7R .

Input i Backbone ! [ C2fCIB
B DWSConv [
640{% 22 x6A0 203 !
/T i I —>| Conv I—bl Split |—>| CIB I—)I Concat |
# DWSConv !
! CIB
__________ Neck  _iiHead!
il DWSConv I @
3| Cc2f "H’l Concat |
: il
|[SChown | ' [Upsapie] [N

i| Cc2f C2f l—)l Concat |
§| SCDown |E : Concat | | Cc2f

! o

x| [Upenpie] [SChown]
! i

Coneat | |

[ o] |

\ )
6 Pk YOLO v10s 5 5 25 44

Fig. 6 Structure of improved YOLO v10s model

2.2 D2S 451EIRENERIER

D2S KAk 4 H s BB B J2 — i 42 7 1 46 AR
Yo, 2B K 2 146 B2 AR JiE 3 25 5] ( Depth-to-
space, D2S) 24 i, ¥ IR A2 4 HoR Jn A 3| CNN
PRI, 184 T P 28 b [R] R A T A £ 8 2, B8 T AR TR ASE A
FEIG XS H A (R D B8 77 o scale 2y 2 B D2S (1) 45 14
WE 7 s

i/

-
Depth-to-space(D2S)

K7 D2S B Ehty

Fig.7  Structure of D2S module

2 D2S BRI S x S x C Hy A FFAE & X I,
A 2B 2 BUZ RS R )RR XA 3 T8
Y5 N IE KN scale £, 1 B 25 B B 00 5 AF [

Convolution(scale=2)

g S S v e o .
leqj X > x scale’ C, 1 X, Ml 4E )
SCGZ@Z&?#%‘?EEF@] , ﬁ‘%’]ﬁﬂ fo,o ’f(),l s 1T ’fO,smle—l vfl,o s

X , o S
f1,1 "”?fl,suulefl ’.”7-f-;calefl,u'alcfl ’E"/l\?t%fﬁj‘ji X

S Co A AR P2 4 E 5 3 0F T 4L 14 )

SxSxC Wk B ERl Y, HiA Y[ i:S:scale,j:S:
scale] =f, . i,j WAH R [0,scale = 1] Bl i,j=0,1,-,
scale =1, B2, D2S i P 1 S e i 4 B AT, 1t
Uy F )R AT P A 2 ) R/ IN A /S | e R T, 384 K s
i) 2 B2 A 00w R B Rl B0 R R A A
2 Y TR ERR A P A Dok 9 RUST EL v ] A
IE 1 7 2 ) 24 2 1 0 5 JE 2 R s R T D A o T AR A
P o S X A D7 95 A G ISR 1 45 v R R T AR
WIFR o315 B B, $2 T AR K R B X PG v
i £ 1) H AR AG I BE

2.3 SEAM EE A1

gy B MG 8RB J1 BB ( Separated  and
enhancement attention module, SEAM) i YU %[25]
2024 4E7E YOLO — FaceV2 H & ), B 76 i 1 3 5 oK
eI NAES RPN =2 § = E VA= R DL CPNE 7 P
P i BB AE XS 55 1% 22 | Jm) BB IR B AVRRAE % 2R O T
R BB o 7R RV PRk T ARG PR K SR A8 b, it F
Fr B8 P ORI A 0 HR B A B, X
H ARG IORS B2 7 AR AR RS2, R 51 A SEAM A5 B
fiff W 1 [ 8,

SEAM T & AR 1 380y 2 BAY 5k 22 1Y
N 7y AR, R B R B EAT BRI , L %658 18 O
BB AR ] o B 4 PLRE 8 2 ) AN [ 8 1 1Y)
HE I SR (B 200 T T 2 A 4 R OR
Fo AR O, AN A TR R A AR A i B
RGBT HE, 142 22 E M4 N
SUIBTER Sy Y SOt BN TN BU e 3 C P PO A= K 3
I FS AR B P H bR X3 2 ) 56 R MR 5 A Y
F K SEAM Z5 R 1Al 8 F s .

2.4 GSConv HREH

43 =3 7] & B ( Grouped spatial convolution,
GSConv) fy LI 451%°1 2022 4F 41 Y fY) 4 &k 2 25 B2
¥ o GSConv 4% .0 JAR /2 45 5 73 2H 4 BRI =5 [A] 4
LIS 35, 20 46 BU S A R AR 20 o 2
L IF X 2H AT A PR AR LA A g 2 46 R Y 1 5
i, X g 2H A B 0 D AT 2 ) A B LA AR B 2H
FRAE LS TR AE S ICRE T, a1 9 Fiv 7 o Ay fifp DR AL
LIS RSNE RN Rl R IE T § S EPNLRE S IR Rl N TF
S35 D2S FRAE SR UL H AT SEAM 3 B R Bk



Brar g 45 . FEF YOLO v10s — SEAM — D2S [ T 4K AR A 7K 57 58 K PG ¥ fee Ak 0 A 22 291

5510 #
CSMM
7 T 7 Embedding
CSMM CSMM CSMM -
patch=6 patch=7 patch=8
e
Y Depthwise
Average Convolution
Pooling _
FC1
FC2
Channel Pointwise
exp Convolution

8 SEAM b4ty
Fig. 8 Structure of SEAM module

= o 1w

Output

_____________________________

9  GSConv 5 Ht 45 ¥4
Fig.9  Structure of GSConv module

FEEAIZ AT SHGEE G I, NAE 5 RO DT R
RRAS AR AG I 3 B . PRI, 5] A GSConv 45 R 454 , il
TSRS R 4 FR 0 A FR A5 H 2 4 Jg GSConv LA D /)M
R A S AR, A I 4 S AU PR RE

3 HBERESN

3.1 WK . SHEERTNIER

R K A Linux #24E R 40, £ Anaconda £ % JT
RINGEH Pytorch 2.0. 1 HEZE N FE4T H Fn A ) 452 7Y
Mg, 4 #2135 & & Python 3.9, CUDA g4y 11. 8,
i 4 34 5% v, CPU #1 5 5 Intel (R) Xeon (R)
Platinum 8352V CPU @ 2.10 GHz, GPU # &= %
NVIDIA GeForce RTX 4090 (24 GB), iz 4T W 1E N
90 GB, 7EALAY I ik #2 v, L AU By A RUSE oy 640 1%

(a) SEAM/IMATT

2R x 640 B F x3, Y24 K (Epoch) 2y 500, & K
/1N (Batch size) Siy 16, ¥ #f 2% 3] % ( Initial learning
rate) >4 0. 01,

K K5 w2 ( Precision, P) . A [B] & ( Recall,
R) 1485 B {8 ( mean Average Precision, mAP) |
7% & iz B & ( Floating point operations per second,
FLOPs ) FIA5 AL A A7 o5 4 4 S B P RE AT AN 45 4 o
3.2 HRIKE

NEUERLHE YOLO v10s BEHVA 2501, L YOLO
v10s VB BLAl M 2%, 75 ) AR A6 oK 5% 58 K 74 1 B
KT B ARSI G AT IR, E AR D2S & B4
¥4 SEAM 7 7 J1 B E F1 GSConv 5 FHLZE Fy Xof A58 Y 4%
P FIVE RE A5 0, T AR SG 25 R sk 1 s .

1 HEBARER
Tab.1 Ablation test results

LY N AF
mAP50/ K%/ TR HE

SEAM  D2S  GSConv di i/

% % H
MB

x X X 90.3 83.8 31.2  2.51 x10"
vV X X 90.9 84.0 32.7 2.58 x10"
Vv Vv x 91.3 84.5 35.7 3.16 x10"

Vv Vv Vv 91.6 84.9 35.4 3.13x10"

T VIORFIAMBE B, x #R K3 A, TR,

HEE 1 A, LR 4 R 5] A SEAM JEE N
B s, AN S HeEMEasmenn 5
YOLO v10s A7 4> 53 hm 1.5 MB 17 x 10°, [7] B+,
R BEA — 2 B2 B 3 T, mAPS0 UK B R 43 1) 4
£ 0.6.0.2 A 4r o R TE R 48 Neck #4351
A 3 )2 SEAM i iok 3% 5 A 358 4 8 A6 1) 47 iF 1 7 A b
2 A HE 67 " 1 e I 450 2R, DA T i R A AR AR R 5% 1R
25 JR EBIR S I ARAE B R IGO0 T BRI PE e . 7E —
SEAETE PSRN 58 2 H A B 7K T K7 v B £ B R
EXFEIA SEAM 1 5 R B iy e 4 B gk AT 0,
G5 10 R, G5 R K W] SEAM B iy 5] A 42
Th T A A S H AR A A D e

e _ERIERE b FH D2S 35 45 b 5 e Ji 4 455
t Conv 254y , BEAIPE fE HE — 20 42 T, mAPS0 FIKS

uuuuu

(b) SEAMAIAJS
& 10 SEAM fill A i J& 850
Fig. 10  Effects before and after adding SEAM



292 & ok L

L

2026 4

FOPIE 0.4.0.5 DR . SR LR 2
Py AT B RL A AF 7 R S AR 3 5
A GSConv ¥t Neck Hp Conv £ FR G5, hE 1 7]
H1,GSConv HYPINA R T; T B BRE B, Wi/ 1 B AL N
75 B AT s R

LA YOLO v10s g e fih [ 4% , 25 & SEAM [ 7 J)
FEB, D2S FFEE Y 1 GSConv #2 SR , 55 J5 4R 1Y
YOLO v10s #52 AUAH LY, A B2 4> 1f 42 7+, mAP50 FlKG
WA A 1.3 (L 1 AN i, JF B AR P H
B R IUAT: 55 A B W A0 35, fEAOH K18 i H AR
AGr 0P BBt R 4 T, 15 B ol A R — s R L
P T T ARAE B K IR B R VG v KR B A A R
J5 e R 0 A8 4 1 ()
3.3 AERETHEEGNMERE

oAy 55 E RS R AR R [R] PR EE T, G i
I A5 It PRl A S W R S R RS 2 ks
SN TT 5 BOCERAR S A AR 1 PG AR BSOR A £ A AR B
T 7 I AR A A A 0 BE L 7E 2 A& 100 R AR
A PRGN VG VA f A B 30 ™ o PR R ) D 4R |
FTYAE , 25 R AN 3R 2 Fi 7, fuzzy 3R 7R B &1 AR 0 1K
£ ,occluded 7R B4 U4 |

R2 ARFETHREGEBNER

Tab.2 Model performance test results of

different environments %

EIEIE T A mAP50 e rAE

YOLO v10s 89.2 83.3 87.0
fuzzy

AT ¥ 90. 8 84.5 88.9

YOLO v10s 86. 8 80. 4 85.7
occluded

AR 3CT5 89.7 81.2 87.3

Hi % 2 AR, AR SCRERLTE fuzzy BOHE 46 B AH L
T 45 1A, mAPS0 K B 56 R A ] % g3 i) 42 T
1.6.1.2.1.9 4~ H 4 A fF occluded %k 3 4 I,
mAP50 K5 8 2 F0 A3 0] 32 43 i $E - 2.9.,0.8 1.6 4~
3 o P AR SORE T A7 T AN ) 34 358 B 51 7 14
GASERY) R I P4 7™ F I EL A T A0 0 A T M e
3.4 D2S #1 GSConv 5| N RE L B R

Oy 86 G AE ) 4% (9 AN TR 32 B 51 D2S Al GSCony
& BUBE Pk M 25 (1 52 i, & T YOLO v10s — SEAM
™ 2& #£ Backbone F1 Neck 1 %% fin D2S 4% & 3f H
GSConv %4 Conv B G5 , Z5 -3 3 From,
%< 3 A A1, LG 7F Backbone £ J& 7F Neck #1,D2S
R LR A5 2 1 R 2 THAR J2 1E a4 1T, A S D2S J2

%3 D2SF1 GSConv EHE RE AL BHR
Tab.3 Effect of D2S and GSConv on model at different positions

D2S GSConv

B RS AAF o5

SEAM Backbone Neck Backbone Neck mAP307% wHE/% =/MB RRERE
vV x X X x 90.9 84.0 32.7 2.58 x 10"
\V \V X X X 91.0 84.4 33.4 2.97 x 10"
vV vV vV x x 91.3 84.5 35.7 3.16 x 10"
vV 2 2 x vV 91.6 84.9 35.4 3.13 x10"
vV 2 \ \ Vv 91.0 82.5 35.2 3.05 x 10"

—/NBEHE T w b RLRRAE & BT HE A AE B R B TR A
g, fof 550 5D R 6% A ASE R P 1R 3045 T 2 5 R I H A
HKEHIME B o 24 Backbone il Neck #5| A D2S 5 bk
J& , B mAPS0 FUKS % 35 2] 91. 3% F1 84.5% , A
I, 7F Backbone il Neck &R JINA T D2S & B,
{H GSConv FH BB He iy 51 A JF 4E 4 8 & 1 ) 19, 4
Tt Backbone 15| A GSConv ¥4 Conv B}, 5 B4 B
I T R [, N & Backbone I 17 3% 45 AiF $2 BT
%5, GSConv [ 4% & b {45 78 76 4 iF 32 B 72 &
ER - HEENFE, Wi, GSConv A il & 7F
Backbone H i [ , 3% 5 SCHR [ 26 | i B0 45 2R — B, &5
TR e A PEAE Backbone Hi5| A D2S LR,
7 Neck H15] A D2S 1 GSConv & FUFH
3.5 AEEHAEENE LR

J T i — R i YOLO v10s 58 B A 2%
PR, 5 5T 30 A B B B bR R I 5 R R AT 6

¥ 45 YOLO v6s'™™' | YOLO v9¢'™ | YOLO v10s,
AN [l ARSI 25 R 5k 4 Fos o

x4 AEABEBNKER
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