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Abstract: Unmanned aerial vehicle (UAV) object detection plays a crucial role in maritime rescue missions.
However, the varying perspectives and altitudes inherent in UAV aerial photography lead to multi-scale
variations in object individuals and vessels. Additionally, the glare resulting from sunlight reflecting off the
sea surface can cause false detection issues. To address these challenges and meet the lightweight
requirements of real-time object detection algorithms for UAVs, this paper proposes a lightweight UAV
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maritime rescue object detection algorithm based on dynamic progressive fusion (DPF-YOLO) , using
YOLOV8n as the baseline network. Firstly, we introduce a lightweight redundant information extraction
module (RIEM) that reduces redundant information in feature maps, highlighting key features to mitigate
false detections caused by glare. Secondly, we propose a dynamic multi-scale feature extraction module
(DMFEM) that dynamically adjusts the receptive field to accommodate objects of varying scales, enhancing
multi-scale feature representation capabilities. Finally, by integrating the DMFEM module, we develop a
dynamic progressive fusion network (DPFNet). This network employs a progressive fusion structure to
reduce semantic differences between non-adjacent layers with objects of different scales, thereby improving
multi-scale feature fusion. DPF-YOLO is designed with P2, P3 and P4 detection layer structure to
accommodate the object sizes in maritime rescue scenarios, enrich multi-scale information, and enhance
feature extraction for small objects. Experimental results on the SeaDronesSee v2 dataset demonstrate that
DPF-YOLO achieves a detection accuracy of mAP,; = 72.2% with only 1.19 M of parameters. Compared
to the baseline network YOLOv8n, DPF-YOLO reduces the number of parameters by 60.5%, increases the
recall rate by 12.4%, and improves precision by 8.2%. The generalization experimental results on the
VisDrone dataset demonstrate that DPF-YOLO possesses excellent generalization capabilities.

Key words: object detection; unmanned aerial vehicle (UAV) maritime rescue; multi-scale; progressive

fusion; lightweight model
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Fig.7 Relevant information about manually annotated objects in the SeaDronesSee v2 dataset
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®1 IRFEEBSYEE

Table 1 Experimental environment and hyperparameter configuration

ERInE Y 8 e FSH i
BiE RS Ubuntu 22.04.4 LTS iy A TER /N 640 1% % X 64018 %
CPU Intel Xeon Platinum 8352V AL KN 64
GPU NVIDIA RTX 4090, 24 GB W R 200
NTE 90 GB SRS AL i 20
Python 3.10.14 efe s SGD
Ultralytics YOLO YOLOVS.1.19 2] H 0.01
TR EE 2% 2] 44y Pytorch2.4.0, CUDA12.4 O A Th B e B 1 5 £ 104

2.3 FHrigtR
e HI A 013 (R) - B B2 (AP) AL B F 32 K5 B (m AP, 425 TOU B {H 2 0.5 F1 0.50~0.95 I} #Y
mAP, 35108 mAP sl mAP, 5, 45) VE R 15571 68 RS IIORS B2 0 37 46 A, SR B A S 800k (P) (B
HEAR 2 (M) 7% 5538 % 8 i (Floating point operations per second, FLOPs) Fl 4 F0 &b $ 1 45 Ay #5150 42
Z ARG I B P FR A o THR A A
TP

R=————x100" 10

TP + FP % (10)
1

AP:J P(R)dR X 100% (11)
0
1 &

mAP = — > APn X 100% (12)

INo=1

P POR) WA BE AT AE B4k, TP(True positive) 7 1E 8 UM Sk 1E 28 51 (19 %0 , FP(False positive)
TR A 15 TR SRy 1 28 ) 0 R i, N R A 288 B R i, S 56 4 19 SeaDronesSee v2 BG4 H N=5.
2.4 FBHHMEMEEHMELE

S B DMFEM B E DPF Net A [R]47 & B) X% 2 RBE H brk U 49 5T k2, F SeaDronesSee v2
BPEAE EOEAT SR . SHLKIINE N P2 . P3 PAKINZE B, R YOLOVS B C2f = T 45 , 7
Hi#B 5 A DPFNet #EAT i @l % 1U0F : DPFNet-1 2566 DMFEM #L i A ASFF-2 2 J5 , — b B il
Al 4 FUREH s DPF Net-2 52 55 78 — By B il & fiff A BB B ¥ DMFEM A8 4fi A ASFF-3 2 J5 ; DP-
FNet-3 5256 76 9 2] ASFF #:4F 2 J5 #8486 A DMFEM #iHe . Scib 45 B 2 firs , oA e 8ot % 1)
FeE . DPFNet-3 550 i) mAP, s fie i, HL7E“ BEFCAE R 74 1740 73X 328 H br v BUS e i AP (H .
16 A R h  DPF Net-3 52 5 5] B B S5 5 8, 156 B 12 55 560 B8 0% # 1F 0 T0000 i e A B 2 0 e ml 4,
51 A P4l DMFEM #5551 DPF Net A6 ] 4 5 f5 {8, B 4R 2 508 e L fth 19 201 5 580 W 0348 i 0.16 < 10°
0.04 X 10°, {HFE /)N 5 38 10 2 50 (0 1 50, 4G 0 528 32 A7 2k 1) 2425 T /s, Wl 2 SEE PR 2R

%2 DPFNetiEpisLif &R 3TEE

Table 2 Comparison of ablation experiment results of the DPFNet

AP/ o/

fam mAP,./%  —— L — R/% PO
ek E O MPH B R4S Fe (i-s ")

DPFNet-1 69.6 761 958 829 277 656 640 119  246.1
DPFNet-2 70.7 755 954 823 330 671 660 131 2432

DPFNet-3 72.1 76.0 95.5 87.3 35.1 66.8 70.0 1.35 242.5
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2.5 RNEHEMEIE

Ay U6 E AN ] AG 0 J2 2 A b G I BE (4 B2 W), 7F SeaDronesSee v2 $diE & EEAT S SLK . BTN
T 5 1418 P3. P4 P52 L5 (P345) , 45 2 40 A 7645 1 40 52 50 /9 3 Al L A P2 A& 2 A9 52 5
(P2345) , %5 341 R 755 2 41 9230 B il b L Bk PSRRI )2 (9 S5 80 (P234) o SEE 45 a3k 3 i, Horho i
Bos Rz Al . 275 % 5 5 AP RRHE A, BUAR A P2345 K )2 (9 S5 58 mAP,  fe i, 72.8% {0
SR K 5.06 X 10°, K 0 78 B A B SR A, LA Ak 2 50 ARG, T 3Bk 8 Y R i mAP RS IR T, 5%
AL RS PE R R ARGE E o 6 P2 P3 PARIN R ALK XL 1.35 X 10° I S BRIk B T 72.1% 1)
K BE L FHALES 14159258 mAP, 32T+ 6.0%0 , S8 AU 55 2 41 S5 56 1 26.6 26 , R ik B 1 2 3 41 5 36 11 f
FEE . H el 0, 38 P2 P33 PA KRG I 2 BR A2 76 52 K8 TNRS B2 1 [m] Bl 3 2 4 2 1 R S B P 5 0K

x3 RURHMIEERILL

Table 3 Comparison of detection layer ablation experiment results

T 78 mAP,./% - AP/ — — R/% P/10° EE?/
iF vk & gl FEFCHE  BUEiks TR (s~
P345 66.1 71.2 94.1 84.6 20.8 59.7 60.2 4.38 236.1
P2345 72.8 77.3 96.7 86.5 36.2 67.6 69.0 5.06 228.3
P234 72.1 76.0 95.5 87.3 35.1 66.8 70.0 1.35 242.5

2.6 ERAEMELR

R B UEF Ak RIEM A DMF EM A5 5 f 19 28 M e 42 T 9 47 280H: L 3% B Y OLOv8 i i 1 C2f 45
He . YOLOvV11 tf ffi I (19 C3k2 8 B '?" 7 SeaDronesSee v2 B4 45 [ #E 4T 6 41X FL 9286 o Witk N~ : 76
DPF-YOLO ™ £ Y 3= T th 43 B4 A C2f, C3k2 Al RIEM % B 3k 17 b &8, 76 8% DPF Net th 43 1] 4 i
C2{,C3k2 M DMFEM F 8 HE47 L5 . S8 45 S a4 4 fir s, M AT C20.C3k2 i B, RIEM A5 B 2 Uik
AREAE R B TR A B 48 1 mAP 2 R T 1.6%0 . 1.1%, A R $E T+ 1.9% .3.9% , S8
A3 B/ 0.16 X 10°,0.06 < 10°, 46 10 34 35 W fo T ik o A% SEASTHA AR RRA0E 1) B ) 25 5 52 ] 5 Ja 3z 7 R/
BRI, 1 DMFEM #5822 245 I8 48 8% 32 57 /N 0 A 1) ROBE ) EH A, (8 2% mAP 43 il $2 7+ 2.9%
2.3% , B BIES 5T 6.290.6.2% , S E S i 0.03>10°,0.09 X 10°, 1 A 56 Ak 5 ST R .

*4 RIEM R DMFEM #RE 4T84 R 3ttt

Table 4 Comparison of experimental results on the effectiveness of RIEM and DMFEM modules

Y ET S mAP.s/%  mAP./%  R/% P/10° /(s )
(1) caf DPFNet(C2f) 69.2 38.8 63.8 1.32 249.8
(2)  RIEM DPFNet(C2f) 70.8 39.7 65.7 1.16 245.4
(3) caf DPFNet(DMFEM) 72.1 40.3 70.0 1.35 242.5
(4) C3k2 DPFNet(C3k2) 69.3 39.1 63.4 1.16 251.2
(5)  RIEM DPFNet(C3k2) 70.4 39.4 67.3 1.10 243.6
(6) C3k2 DPFNet(DMFEM) 71.6 40.1 69.6 1.25 247.2

2.7 MEFRERXI
R YGE AL RIEM 8 \DPFNet, P2 I JZ XF [ 2% 1k G 1Y 5k , £ SeaDronesSee v2 #5 4  M
WA 7 % SLH Tl S U6 . M SR L ERL A YOLOvVSn L5l B, B S ie AU A — AN e 55, DL IE
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A AU i X 35 o AR AR (14 5 i) 5 RS A T A O R A T A SR MR AL rp ) DL I A T A ik A A
A4 DPF-YOLO BIFE M o SCH 45 S5 5 Frs , o /" i A M el afk 5 AT U 5 . s 5T,
B (1) A mAP 5 4 A YOLOvVSn ¥4 48 T, 28508 AR 543 B /0 0.39 < 10°F10.74 MB,, 4 3
P E N B 5.6 W1 /s, mAP #2745 35 T RIEM A5 58 0% 3ok /0 15 AF $2 BG 72 A9 T0 A 15 8., ARG I 338 138 o s [
F R RIEM B 4R AE £ B 2 07 560 TG 85 5., 3 SO 0 o B g i M IR . 573 (2) 19 mAP ; Fil
MAP 5,005 YOLOV8n 43 #ET7F 2.6 %6 F11.2% , 73 MR T 1.8%0 , mAP #2115 25 F DPF Net (1) #f i/f fil
B EEH U8 A R R R AE A9 18 2% 5, 4 A9 DMF EM R B 3 1 2 25 I8 2% 8632 B3 17 A i) )R8 H g
Z U 7E DPFNet 5 P2 K5 I J2 45 & FH B 25 B FRAK . BB (3) 1 mAP,  Fl mAP, 5 0550 M2 T+ 4.9 %
M 1.7% , 508 A2 5108 /0 1.98X 10° 1 3.88 MB, mAP 2 7115 25 T P2 ¥ T 2 7% 42 1 vk )2 W 2%
RENS O B T Z AN (5 8, B0/ B ARFRAE 3k | M 51 A 2 RUEE(F B, 3438 9 45 %t 2 RO B bR 938 B
AE 1. AR (4) B (6) 19 S5 AT 41, DPF Net 55 P2 K I )2 45 & (8 FH IF X 9 28 1 i 1 o7 ik 8 e
mAP, (B 42 T 3o 1 45 48 T 8.6 %0, 2 80 M4 T Bl ff F DPFNet (#5780 (2) 3 20> 3.04 X 10°, 0 3%
DPFNet 1 % B9 2 50 8 A 8 . DPF-YOLO A48 T YOLOvV8n, mAP, s Fl mAP, .., o5 53 542 T+ 8.7 %
M 3.2%, B RIETF 12.4% , S8R5 BB 50 0 FEAL1.82>X 10°F1 3.39 MB, {{ ) YOLOvV8n 1 39.5%
M45.7% 1% 532 5 8 FLOPs 2 8.3 107, A6 I 3 Ji 35 31 246.8 1 /s, 1 A 5% i Ak 5 S0 i 75 oK

R5 MHERHMIEERTL

Table 5 Comparison of improved point ablation experiment results

iR RIEM DPFNet ]?2 mAP,./% mAP../% R/% P/10° M/MB FLOPs/10’ @ﬁf/
SRIIYER (i-s")

YOLOvS8n 63.5 37.5 58.4 3.01 6.25 8.1 265.0

(1) N 64.2(-+0.7) 37.9 58.7 2.62 5.51 7.0 259.4

(2) N/ 66.1(-+2.6) 38.7 60.2 4.38 9.14 8.6 252.3

(3) v 68.4(+4.9) 39.2 61.8 1.03 2.37 9.5 262.1

(4) NG v 72.1(+8.6) 40.3 70.0 1.35 3.14 9.7 242.5

(5) N, v o T1.2(47.7) 40.0 64.9 088 2.10 8.2 250.5

(6) N, N 67.1(43.6) 38.9 61.2 3.99 8.38 7.9 247.9

DPF-YOLO +/ NG Vv 72.2(+8.7) 40.7 70.8 1.19 2.86 8.3 246.8
DPF-YOLO 5 YOLOv8n 7£ SeaDronesSee v2 %4 4 100 YOLOVER

80
LOv8n, DPF-YOLO X {if vk & 4B & 45 JIF br 342851 70

APHRETHI R, 3 94 T+ 10.19%6 .13.6% . 15.1% , % i H (B
FEAE AP ARSI TF 4.2%.04% . 25 KW DPF-YOLOX 3l
AN RR 2 R F BRI AR T 201

AP/%
W
=)

95.8
91.6
XS K BRI AP WK 8 s . AU A T YO- ol | | 841845  =mDPF-YOLO

68.9
53.8
34.6
21.0I

2.8 XtEERI Wk AR EERCE RUE AR
SHHE DPE-YOLO 7 J6 A ML T $C I £ % 1 1 46 ) B
e o s K8 DPF-YOLO 5 YOLOvSn %) 53 Hki#s
PEfe, B T2 RE HARME 2% 580K .
. . o | o) - ) AP X EE
PPPicoDet L7, SuperYOLO™ , YoloOW 7 Al MARF Fig.8 Comparison of AP for five-class object

PNet ™8 1 K H A 5 #F 59 J6 AL b 588 B bR A6 8 detection between DPF-YOLO and
TE SeaDronesSee v2 50445 b AT 3296 L5 YOLOvS8n
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Sng ok BN 6 Fr o I EIE % Y& %F 6 DPF-YOLO 5 H fih 5& i# & ;% 7£ SeaDronesSee v2 £
AE . &6 W, 7E mAP; J5 T, B LM REXT bt
DPE-YOLO I YOLOv11n & i 8.8% . I 7 Table 6 Comparison of detection performance between
. N . DPF-YOLO and other advanced algorithms on
B B A I 5 3 Faster R-CNN & 14.5% , i3

the SeaDronesSee v2 dataset
B DPF-YOLO 7 i K5 B 5 101 A7 #H 25 N 55

K mAP, 3/ mAPo..s:o.%/ P/10° g/
2 . DPF-YOLO AN A7 K6 0K B 1 % % (Wi-s )
MTXHEL, SRR M &, Faster RCNNY 57.7 34.1 43.10 —
DPE-YOLO [ % ¥ & 0 % 1.19X 10°, 1F RT-DETR 71.3 40.9 20.18  177.6
AP, B I | T 2 5 i 43,67 10° 1) YOLOV5n 61.6 36.0 251 269.1
7 e bt i " YOLOv6n 62.4 37.2 425 2307
YOLOVSL ZR 4 PR 40 T Se e 5 ik YOLOv8n 63.5 37.5 3.01  265.0
24 VL B4y AT, DPF-YOLO 78 & AL YOLOVSs 64.7 38.9 11.10  219.9
BB AT 55 o R B, FL A R LR 4 YOLOVSm 66.7 417 2590 1910
ﬁﬁ#%%ﬁ%%ﬂﬁ%ﬁ%ﬂ@ﬁ{ﬂﬂ%fﬁ ,Eﬁ‘éﬁ? YOLOvS8I 66.5 41.8 43.67 156.3
5 T VR T 3 B YOLOvV9t 65.2 38.6 1.97 2434
‘ YOLOv10n 66.3 39.5 2.70  270.8
YOLOvSn 1 DPF-YOLO f 7] # Ak % L YOLOv1ln 634 373 958 9547
WE9 s, UL, DPF-YOLO UL R EH  pp-PicoDet-L® 65.6 38.1 3.30 —
S RE A A R AR . XF Tl BH O A AT SuperY OLO™" 71.2 40.1 770 227.5
[30] -
HE T 7 B MR, YOLOVS B R it ) YolooW 00 000
MARFPNet"” 48.9 27.0 13.03 —
N “ )'L/I:l ” l—" l
HAEAT, DPEYOLO WA AE S 5 2R 15 DPF-YOLO(ours)  72.2 40.7 1.19  246.8
/%38

DPF-YOLO

oat 0.83
oz

e/ BAR
"

FROLHESE

19 YOLOv8n # DPF-YOLO ﬁ SeaDronesSee v2 é:&z}}.?:’%LE’JTM{w It
Fig.9 Visual comparison of YOLOv8n and DPF-YOLO on the SeaDronesSee v2 dataset
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2.9 ZHEXE

G IE DPF-YOLO B2 Ak A6 #4381 pir v [ O e k2% % A1 1 VisDrone! ™ J6 AHLA 1 1%
FI AR I B4 4 AT 92 AR R S0 o B 4 364 8 599 5K &1 A, I b [ K B 25 T 28 LAY 144N R ) 3k Tl
8% E SO AR G EE  HbR B E ORGSR R AR EZR R ESHTRIER LN IEZ L
BE J1 o Fiz BECAH ) 0 PR 85 10 S tE AT U 2, S G 45 SR 36 7 s LR iz 8 e {6 . DPF-YOLO 19
KA BE 8 BR mAP, AN FRMER T YOLOVSn 2T+ 5.3 % , 28 AU N Z B0 39.5% o L& Mr 25
ST, DPF-YOLO 76 BE A= B0He 4 7R B0 M e v A0 o e 3 R i 1) 32 AR RE 7, e TG RO 22 57 K /1
ERTVAEANE €Tk i N SRy

%7 DPF-YOLO 5H fit 5t i# E % 7€ VisDrone {47 & £ 46 Il 14 88 31 bt
Table 7 Comparison of detection performance between DPF-YOLO and other advanced algorithms on the

VisDrone dataset

HE mAP,./% mAP,;../%  P/10° LAY mAP,,/% mAP,.,,./% P/10°
Faster R-=CNN™ 21.8 — 43.10 YOLOvOt 35.5 21.0 1.97
YOLOV5n 27.7 14.4 2.51 YOLOv10n 33.5 19.6 2.70
YOLOv5s 33.4 18.6 7.04 GELAN-T 36.0 21.4 1.88
YOLOv5m 37.7 21.6 20.90 || PP-PicoDet-L* 34.2 20.9 3.30
YOLOv6s 38.1 23.0 16.30 VC-YOLO™ 28.4 — 17.70
YOLOv7-tiny 37.7 19.8 6.03 MPE-YOLO™ 37.0 — 4.40
YOLOvS8n 33.9 19.7 3.01 || DPF-YOLO(ours) 39.2 23.4 1.19
3 HERIE

A SCHR ) — AR i T AHLIE bR B ARK I 7L DPF-YOLO, #Fx/N H bR il 2 RUBE H A%, #2 th
B2 5 9 RIEM B8R DMEFEM B8 | Fi 3% 38 8 i/ FEAE ] P B9 T0 A 5 8., 76 R AR B 2 B0 i 14 [ o o
A 5 TR BT /N AR U T, 5 3 38 A 20 2 e A 2 B 4 i 22 RO ARRAE 3R 3k, B8 v 0T SC B RRAE 1Y
KTERETT o BF X ERAE 3206 1n) A5, 42 H 42 S DMFEM #5 i) DPF Net, i A R 2 32 BCERG FRAE 9 /b
A HH AR 2 FRAE 1 25 5, BSR40 T AR AE RN BE T) o KR S5 M0 P2 P3.PA = 2450, £FH EZR
FEAE B, B0 %/ H bR B9 R E 3R BURE /1 o £F SeaDronesSee v2 5l 5 5256 F W , DPF-YOLO L {Y
119X 10° (1 Z: %0 B4 72.2% 19 mAP, K5 &, #1488 YOLOv8n 2 8w B AIK 60.5% , mAP,  #&7F 8.2% .
5 H A R T RCE B ARSI B A B, DPF-YOLO BA B R ME 3y, H Al 3 AT 17 75 w0k 25 1], 4
WX YR RE A B A/ 1 B ARG 3R TH A PR, AR ORAF 50K 8 o RE AR Y™ 8 B 1 o 55 0y ik it — b iR
INEEZ H bR B A IR BE |, It — A AR T A T REAR S5 T B H AR AT
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