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Abstract: Efficient monitoring of underwater fish species is essential for marine ecosystem conservation,
biodiversity assessment, and the sustainable management of aquatic resources. To address reductions in
detection robustness and efficiency under complex underwater conditions, a dynamic feature enhancement

model, termed Fish Detection Network YOLO (FDN-YOLO) , is proposed based on the YOLOv8n
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framework. First, a Multi-scale Deformable Receptive Field (MDRF ) module is incorporated to adaptive-
ly regulate the effective receptive field, thereby improving backbone representations of fish targets with di-
verse shapes and scales. Second, a lightweight down-sampling module, Lite Space-to-Depth Depthwise
Separable (Lite SPD-DS) , is designed to preserve fine-grained spatial cues during subsampling while
maintaining low computational cost. Third, an Adaptive loU-aware Varifocal Loss (AIVF Loss) is intro-
duced by integrating adaptive loU weighting with Varifocal LLoss to strengthen the learning of high-quality
localization samples and mitigate training bias caused by class and sample imbalance. Experiments on the
TF-DET dataset show that FDN-YOLO increases mAP50 and mAP50: 95 by 2.8% and 2. 1%, respec-
tively, while reducing parameters and computational complexity by 13.3% and 16.0%. Additional com-
parative and generalization experiments further confirm that FDN-YOLO achieves a favorable trade-off
among accuracy, efficiency, and robustness, highlighting its potential for ecological monitoring and data-
driven marine resource management.
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GB NVIDIA GeForce RTX3060 GPU #l1 27 GB
Intel Xeon E5-2680 v4 CPU ., i A ##4 fi ill 2 2
Bk B A KN R 16, U1 4548 508 300 Epoch,
K I R KN 0.000 5, 1 4h 2% 3 Rk~ 0.01,
SN 0. 937,

FEVEAG 6 A5 07 T, H AR R D0 5k i M e
G 0 R B 5 AR A e B T A A R E AT M A
K& I KG B % FH VB B 22 (Precision, P) . 73 [0l 3 (Re-
call, R) DA K F ¥ # i ¥ {H (mean Average Preci-
sion, mAP) 17 & b o AR Y &% R 5 AT T R
)3 5 2 K (Params) 5 7% 5 4a 54 (FLOPs)
PEATPRAR .

4.3 MDRF Xt B #r 4 U 89 5 i

kB T UL A B MDRF 76 2 R H 78 0
1 Tk, 2% 1% T 51 A MDRF Hi 5 #5828 76 A [H]
RO H AR 2065 B . RS R 40 45 fE AR 3R CO-
COBUREE T J/NHAR P HARFI R Hop =26, K
XN B P 3RS B2 43 i B AP-s. AP-m Fl AP-I
TR

&1 SIANMDRFEIEARRERTBRHFHHEE
Tab.1 AP of targets at different scales before and after

introducing MDRF (%)
Model AP-s AP-m AP-1
YOLOv8n 48. 2 75.1 83.7
YOLOv8n+MDRF 50. 5 76.6 83.8

o122 17T 41, 51 A MDRF J& , 5% % 1% 46 I -
kG B e/ H AR R HAR o il T 2. 3% Fi
1.5%, e R Bbr LU AR —3%. B7(a) s
B 7(b) it — 225 1 T 51 A MDRF i J& , B 5 %}
VI N ER N IOR Sl e EE O N 3 = RS o1 o
SR L L H AR S B B K R R k3 b, R B
A MDRF WA AE T o 5 iR K 4, 5] A
MDREF Ji i) 45 51 B % 3% 58 5 /1N B A5 0 B BE )

SRR E B H BRI

(a) 3 AMDRF
(a) Before introducing MDRF

(b) 3| AMDRF 5
(b) After introducing MDRF

K7 51 A MDRE i J 94 0 528 5 44 0)
Fig.7 Detection results and heatmaps before and after in-
troducing MDRF

AR A 1 R R AE T MDRF 3 i i] 28 9 2 R
JE 8% A7 Y A A A 8 I 4% BE A 11 3 N I KRR AE
RAENLE I KR H LR SCEBE ], T 2
TR A R R 6N B AR RRAE 09 1 R4 5 1E R
F R (n) i,
4.4 TRERBEFILLERK

J PEAS Lite SPD-DS H R SR AL F X 46
P BE 19 52 W, 76 G RF N 45 Ay 45 09 AN A8 1 4%
LA BB R 2, 3R 4 BEAT X LS, 25 SR
B8P/~ o LB R, X » BUME 2 B, 458 7 7
mAP50:95 Fl mAP50 b 33845 f A0, AR 5 i i A

100 = mAP50:95 = mAP50
< 90F
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Fig. 8 Comparison of mAP values under different down-

sampling factors
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RGBT T 1.1% M 1.6% . Y rit—H K
BF ARG W00 B AR — R A R, AR AR AT A
T AERIAL

X & B 3k A i HE B2 10 89 H AR R AE 2R
KRBT o R/ rE RE A8 7E 25 (8] 73 BRI B
53R BE ) ) AR B R ST A AR R Y -
{8 25 5 BORFAE {7 87 T8 30 2 2 Bl B 40 1L, il A
AU /N B AR 5 5350 S B AY BOATRE R . L,
W r=2 1 B R BRI BC B, IF A J5 2250 g v
TRFF—2
4.5 MEKBHXILE L

J T4y B ATVE Loss 76K T K I 1)
RO, 3R 2 R T N AL EE 8 AE AN [F UM T A X
Pbgs A, Hoh W F pIE R 2, XJEH T
M AHUE R 1, I H P F a(ToU )UK ToU #E 47
LRAME IR, TG 3k 52 B I R A (Y i £ M5 Ak 5 i
M BBUE L KEE, o(ToU ) iy il R Bt , 5 5 80k
JE 2 5, DT 52 M A 0 4 i

B 2 T 01, 29 0 HUE Ry 0. 2 B, 45 3 ALY
IEREAR B, 2B AR, Y o HUE N
0. 81, a(ToU ) 1Y 8h 45 10 Bl W 7%, MR A AL 2 []
R AR 1 X s o U ) X A ORGP
TR, 240 BUE A 1A, 1% R BGE 1k R Varilocal
Loss, A 7 g ARBEERE NI . 286 KE,
M o WUE A 0. 4 B, 6 4 BE 35 B e AR .

R2 MABBSHXRNUBRBI 0

Tab.2 Influence of loss function parameters on detection

performance

) g P/% R/% mAP50: 95/ %
0.2 2 85.0 78.1 79.2
0.4 2 85.1 80.8 79.5
0.6 2 84.7 78.6 79.3
0.8 2 84.3 79.4 79.0

1 2 84.6 7.7 78.8

4.6 HEXRE

R T IR T 4R R A B A K A
145 i A kb, 3% 3 /R T 4% 4131 Bl S 56 Y 1
AEFE AR . M AL A YOLOVSn, 5] A MDRF
R AT {457 1 ME A R 4R T 2 85. 306, Il Ha g
F 2 81.1% . ¥ T RH B Ny Lite SPD-
DS J& , 75 PR 35K B WA 4 T 04 [ I, 450 40 57 % i
TFEZE 2.4 MA6.6 GFLOPs, % AIVF Loss
A DLFE N 38 0t B B 06 [R] A R RS RS
2 [E 1 3] A MDRF 5 Lite SPD-DS I}, 4 %1 {14 3
BYEEN 2.6 M A1 6.8 GFLOPs, 3 H A3 4% B /g
B MERR S A A, 2 4E M FDN-YO-
LOFENS B 5 80% 7 w0 T 3L R AR 30 0FE T 3
Pl ole 1 55 He AE 4 T K R B bR KR O A
B

R3 HMIE RIS

Tab.3 Performance metrics for ablation experiments

MDRF Lite SPD-DS AIVF Loss P/% R/% Params/M FLOPS/G
84.0 79.5 3.0 8.1
N, 85.3 81.1 3.0 8.2
N, 84.8 80.5 2.4 6.6
N, 85.1 80. 8 3.0 8.1
N, N 86.3 82.2 2.6 6.8
N, N N, 86.7 82.8 2.6 6.8

P9 X Le T I Fil S 56 45 B A ) mAP il 2k .
AP T A, 3 R A R YOLOVSn 1) mAPS0 Al
mAP50: 95 Zr % & 92.1% H1 78.2%. 5l A
MDRF . Lite SPD-DS Fll AIVF Loss 2 Ji7 , 1 1 1
AR TR R B A A N BE ) . R AR

FDN-YOLO i1y 42 JH i B fi K, 28 B i mAP5S0
A mAPS50: 95 5 FLmb A AA L, 434 /T 2. 8%
2. 1% £5 BRI 45 ek i He e i 56 15 5
THAEZ A SC BT AP 17, G 3 4 T 7T 8 AR
PEBE , fff FDN-YOLO 7£ 4 Wi 4 b5 th R AL .
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Fig.9 mAP curves of ablation experiments

4.7 AREELL LI

Ny TR B E i 4R S O R AEK T
KM AT: 55 v 1 A B M i, FDN-YOLO 5 HiAh
T A A A E AT TN L S . A X EE AR AR

¥ 5T TF-DET #4s % , Jf H R 1] 5 FDN-YO-
LO A 8] (9 I 25 2 %50 37 I 25, DU ) 55 56 25
TN M o KT PE R Y X B A R 3k 4
FF 7R o

R4 TEIEBE K RE

Tab.4 Detection performance among different models

Model mAP50/ % mAP50:95/ % P/% R/ %
YOLOv3-tiny 88.8 72.4 83.3 78.2
YOLOv5n 89.6 74.5 81.6 76.2
YOLOvV7-tiny"™" 90. 4 76.2 82.9 77.1
YOLOv8n'?"! 92.1 78.2 84.0 79.5
YOLOv10n™ 91.3 77.5 83.7 80. 4
YOLOv1ln 92.7 78.8 85.2 81.3
YOLOv12n™® 92.3 78.6 84.5 80.6
FDN-YOLO 94.9 80. 3 86.7 82.8

i 26 4 A A1, $2 1  FDN-YOLO 7E K F ¥
Ty 17 2% B B b i 1k L MR B T HAE AR ] ToU
g (8T % H AR B AL 54 KRE 1. YO-
LOv8n,YOLOvV1In fl YOLOvI12n [ FEFRFL L B
U M RE L HCAG MRS B2 B IK T FDN-YOLO., YO-
LOV7-tiny F1'YOLOv5n {4 4 0 55 (8 0] A1 % 52 41K
M Z F,YOLOvV3-tiny £ 4 2%, Won HE &
K THAEPFEHRMZAENANL, &1
B ik, £ B ARLPE R 9 25 S 38k T FDN-YOLO %%

oA 7 58 A AT

105t T AR ALY mAP S 8w 577
MIBHEZEE R R 10(a)
FDN-YOLO () mAP50 i (& , Z 5 i fve S8 5
AU N 2.6 M A1 6.8 G, YOLOvlln 5 YO-
LOv12n JE 8L A0 0 25 5 PERE L fE IR R 45 1 R
B 0 [ B ST A RS B . YOLOv3-tiny 88
HA F KW S BB 5 & (0 H mAPS0 i
ik, 72/ 10(b)H ,FDN-YOLO o & H 5 it 19
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Fig. 10 3D heatmaps of different models
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25 [0 Fe 4 FN i AL, Rl R IS U B .
Ab , MDRF H. £ 52 5 5% T 5 388 38 & 45 L
Al 1% 76 42 THRRAE 22 RUBE B 1 ) 1o 92 i) 2 B
o X (A5 5T R RO HE RS TN 5 4 b B 08 2 TA] Sk
T RAFTA
4.8 KNERSTLEH

11 R T A A A 1 X 7K T A 288 i s ) &5
B X AT A, YOLOV3-ting . YOLOv5n fil YO-
LOv7-tiny 75 K I &b T35 5% v EL A A LS80 R AE

YOLOV3-tiny YOLOvV5n

1 H AR AAE B B AR 4 . YOLOvSn 5
YOLOv10n 7 b3k #8 v = A48 7 90 4% 0 6 T AE
A B, YOLOv3-tiny . YOLOv5n #l YOLOv8n 2§
A B SRR B AE R B S A H BR A, Gk )
S E AR S B8R SO R, AL Z R, FDN-
YOLO 76 & 247K T R 58 v Ji 30 1 o 5 9 1001 of
Witk . ZA B RE NS LUEE i AR X 2R, 1
25 T MDRF 5 Lite SPD-DS XJ 40 %7 B | £ kL 45
fiE i B2 ICRE 77, [F] B A 2008 /> TR AE{E B B R
4o AN , FDN-YOLO A= A i) A6 0 HE 55K o
VT H RS B, 15 25 T AIVE Loss A ZLH 1 H kx5
Ak B bR DSl i AL S A, AT B T T E AR E 7 1Y
KR
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Fig. 11 Detection results under complex underwater scenarios

4.9 SEEEXZHELE

R B UE T R A AR AR R (R K T 3 5 v Y R
NPE 5 o Mk, Bk B URPC™ | RUOD Al
DUO™ 34~ B ALK B Ak I 45048 4 E 47 52 56
URPC #0484 i 7 600 5K B 52 1 30 AR 4L %,
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ELA G IR Ul T K AR AF 2 KR BB SR
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DUO %4 4 th 7 782 5K BG4 A, 1o 35 4 25 LAY
WPEAE Y H N AR He i & B 2 8BS & 24
S, Sy A A A H AR R ok B R BkAR . AR

TIE LA B A P B A 508D 7 5 B30 Hi 4 1 3ok
5 EEE -80S a5 R w R IT AL
ik

F SR T BERE URPC S04l 46 1 0 52 5%
459 R YOLOv3-tiny fil YOLOvV7-tiny B A
T 0 SRR 5 T s B R IR A B
%hn T HMREABR ., YOLOVSn 5 YO-
LOv1In 745 B 2 0 A B $2 74 , (03 138 e A
. YOLOvI2n Bt — 20 R4 1R AL, )l
K —EBRERMRE TR, MILZ T ,FDN-YO-
LO 78 P2 5 AH 7] i 2 6 B 57 2% 8 i 82 7, 78
mAPS0 Fl mAP50: 95 45 £ Wl 75 45 - ¥ Hu 4% & 1L
FH .

®5 HEURPCHEEMIBER
Tab.5 Experimental results on URPC dataset

Model mAP50/ % mAP50:95/ % P/% R/% Params/M FLOP/G
YOLOV3-tiny 80.7 45.1 79.2 73.3 8.7 12.9
YOLOv5n 82.5 47.2 80. 4 75.4 2.5 7.1
YOLOV7-tiny 81.4 45.9 80.6 72.8 6.0 13.1
YOLOv8n 82.8 47.6 80.8 75.1 3.0 8.1
YOLOv10n 81.6 46. 4 79.7 75.5 2.7 8.2
YOLOvlln 83.3 47.9 80.9 76. 1 2.6 6.3
YOLOv12n 81.0 45.8 79.6 73.7 2.5 6.0
FDN-YOLO 84.3 49.1 81.7 75.5 2.6 6.8

TR — A e AR EEE LS5y
Foas R 8, R 6 ME T EEXT RUOD

FDUO E ¥ 4£ 1 mAP50, mAP50: 95 #E i % F1l
AR IT L
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Tab. 6 Experimental results on RUOD dataset (%) 75 b TF 3554 K, 55 L b B 78 77 e B B 25 HE

; AN -]

Model MAP50 méP P R YOLOvI11ln Y YOLOv12n ) mAP50: 95 43 5 $&

20595 FHE 57.2% 557 3% (LB A% . FDN-

YOLOv3-tiny - 77.7 4.8 80.8 712 YOLO ) mAP50 #1 mAP50: 95 43 5l i5 5 82. 6 %

YOLOWSH  8L2 56,0 826 T3Z 50 03 bk A KUR RS L 0 H e AL 2
YOLOv7-tiny 80. 3 55.4 81.2 72.3 TR E B A hE O RA

YOLOv8n 81.5 56.7 82.6 73.8 Ky E AR ZE R 7. YOLOvS-

YOLOVION 807 56.2 SLLTST iy f 4 0 i W48 B LA AL T 2 % T

YOLOvlln 81.6 57.2 81.5 74.4 YOLOv5n 5 YOLOvSn E@%%iju ‘|~$ ﬁEE ﬂ: |:F|

YOLOvI12n 81.3 57.3 82.4 74.1 S K S, 3 IR AT AR RS 41 AE 220 T 5 T AT S A

FDN-YOLO 82.6 59.0 82.9 76.0

. YOLOv1In5 YOLOvV12n (G BE i — 2 42

Th A8 AL B T FDN-YOLO, iR 58
®7 EDUOHRRMXMAR ZES UN R IE L T2 TS
Tab.7 Experimental results on DUO dataset (%) T 5K T FRHE b (R A M AR AE 323k B ) LT AL

Model mapso "M e A7 R I B O A R
00:99 S T 0L A JE R SRR R 1 12

YOLOv3-tiny 80.0 57.5 82.9 70.8 Xﬂ‘tt@ﬁ?T%E{H*ﬁﬂYOLOVSH%ﬂFDN-YOLO
YZ(E;OZY zi Zig :j; zi T2 7 KR BCH A5 9 1 9O 5 48 L T

F L, YOLOvVSn FEAR AT UL B | i 't e 5 il ol 75 5%
S T B Tt e
YOLOvl1ln 84.0 64.2 84.6 75.6 ﬁf[{t%ﬁ,ﬂﬁ@@i{%&bﬁ%%ﬁ?ﬁi,ﬂ%ﬁ%ﬁ
otoviz w1 et s ree | TROURTRSGE. SR ECN R 0% 60
YOO sis emn een nea  EVREBCAMELURAETE R R B A

K AE . AH 2, FDN-YOLO 7£ 3 4™ %k #& 4

B ‘ —

YOLOV8n FDN-YOLO
K12 YOLOv8n I FDN-YOLO 7 2 H 48 4 (1 46 0 X b

Fig. 12 Detection comparison of YOLOv8n and FDN-YOLO across multiple datasets
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