E-mail: jig@aircas.ac.cn EPEI%%H???E 1569

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O EESRERFRRINTE

FEESHES TP391.41;TP18  XEiFRIRAS: A XEHS: 1006-8961(2026)05-1569-14

®5 A& : Wang Y J, Yang X P, Zhou L, Lu H X, Zhao W Y and Zhang W D. 2026. Cross-scale adaptive frequency domain enhancement for
maritime vessel detection. Journal of Image and Graphics, 31(5):1569-1582( T Ri %%, e, ¥, BRAGHA, #XSC S, Sk T4 . 2026. BSRE G
T O AT S ) A . o R B 2L, 31(5) :1569-1582) [ DOI: 10. 11834/jig. 250548 ]

B R E BiE RN 5uEis 52 /Y7 AR A4S

ENE GG E R B, B KR
1 TTH R bR (S B TR 5 S 453003; 2. BHFRSAHLE TR S A shibaate, Bl 200444;
3. FEMRE PR RCEITEYLG (5 B b HEAR 5410005 4. dbatlRR K A TR AE#BE, Jbat 1008765
5. KB KF A S 05 B TRERBE, M 450000

 OE: BE U AN E AR X B A A G H 2 A A I, AL PR A A AT
TR, A T A IS B 2 By LRI G , ME LA S AT ARRE B0 UM oK o BT, B0 — b s RUBE 19 3 17 A
T (i ARSI k. A3k PAYOLO11(you only look once) A FEZR AR A A £ X PR B, w2, i T —4>
F 35 o A Jak R 3&*ﬁﬂ(adaptive frequency-domain feature enhancement module, AFEM) T A0 405 R AE Y
Hhi o APV XA [R] RUBE BRAIE AR S, L SR AR B AR S0l RS E A5 IR e 40 B AU, 8 5 1) 48 BT 0T 4 Jeg Ay 4 5
HEAT I MG R, AR TR 05 090 2% % it ERARRRAE ISR IR BE 07 o U E BRI A — > 2 RS R AR A B (muli-
scale feature perception module, MFP) . i AN [A] (945 FRUZ A 48 22 JUBEARAIE , S RS 8 01 R R i A AR U Y
SCRAIEAR ., 515 2805 T SR A I HARRRAIE , A R ) 52 2975 57 5 R R i T4 L 22t/ H AR A I RRAE 2 2%
B4, BB EAIIRIN AR SR %, R 76 MVDD (marine vessel detection dataset) 1 RTTS (real-world
task-driven testing set) B8 5 H9F 248 50 7 (mean average precision at 50% IOU, mAP50) 43 1] i 5] 95. 18% Fll
74.79% , %F 13 ST AR ARSI 2 BLAOL S , JUHAE /N H AR GRS ARA I rh 3 % o W, S 808U 6. 29 M, 3
HEETRF] 227 Wifs o 85 567ERY 16 FhAN R 265 7 bk 0y B, A SO VA M RE TE AL , 74 DHRS B2 AR AU &g Z= i 2.
[ SEH T AT . BEIR AT BRI, X T Rl 90 45 AR A R Y3 N RE T L R B
B A B AR A A, RTINS B8 A e 1) T B M A S B o T (L

SRR - SRR o 5 0 AR s S A BT s HR AR 5 ARARRAIE s 2 RO RFIE A

Cross-scale adaptive frequency domain enhancement for

maritime vessel detection

Wang Yingjun', Yang Xiaopeng', Zhou Ling'?, Lu Haoxiang’, Zhao Wenyi*, Zhang Weidong'*"
1. School of Information Engineering , Henan Institute of Science and Technology , Xinxiang 453003, China;
2. School of Mechatronic Engineering and Automation , Shanghai University , Shanghai 200444, China;

oS B #:2025-11-05; &[] B #7:2026-01-29; BN 7% B #7:2026-02-04

* BEEE KIA  2wd_wd@163.com

EETWA P E M LJER2A RS H (2024M750747) 5 0 1 4 BB A a5 1 4 75 4R R 2 2000 H (235200810066 ) 5 101 49 4 BT G35
H (252102211003 ) ; Y[ B 44 5 A 7 4R BT 2O 37 1 HRITT H (2025GGIS099) 5 101 i 47 185 45 40 7 0 it T 5 5 S B0 B (P9 Ak i 28)
(2025S]JGLX208Y)

Supported by : China Postdoctoral Science Foundation Project (2024M750747) ; Henan Provincial Science and Technology Research and Develop-
ment Joint Foundation Project(235200810066) ; Science and Technology Research Project of Henan Province (252102211003) ; The Project of Training
Young Backbone Teachers in Higher Education Institutions of Henan Province (2025GGJS099) ; Practice Project of the Higher Education Teaching
Reform in Henan Province (Postgraduate Education) (2025SJGLX208Y)



1570

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 31,No. 5,May 2026

3. School of Computer and Information Security , Guilin University of Electronic Technology, Guilin 541000, China;
4. School of Artificial Intelligence , Beijing University of Posts and Telecommunications , Beijing 100876, China;
5. School of Electrical and Information Engineering , Zhengzhou University , Zhengzhou 450000, China

Abstract: Objective Ship detection plays a crucial role in modern maritime governance, traffic safety assurance, and the
precise classification of civilian and military vessels. With the rapid growth of global maritime trade, particularly China’s
shipping industry, ensuring maritime situational awareness and vessel tracking has become increasingly important. How-
ever, ship detection in open-sea environments is a challenging task due to the highly dynamic and complex nature of mari-
time scenes. Real-world conditions often include frequent inter-ship occlusions, severe weather disturbances, low visibil-
ity, and image degradation due to fog, motion blur, or sunlight glare. Additionally, cluttered backgrounds comprising
waves, clouds, and reflections further complicate detection. These environmental complexities introduce visual ambigui-
ties, including unclear object boundaries, distorted color information, and the loss of fine structural features, especially for
small targets such as fishing boats, patrol craft, or distant vessels. Traditional object detection algorithms, including two-
stage models such as Faster R-CNN and early one-stage models such as YOLOv3 and YOLOv4, tend to exhibit low bound-
ary precision, high false-positive rates, and frequent missed detections under small or occluded ships. These limitations
hinder accurate maritime monitoring and fail to meet the high standards required in civilian scenarios and military applica-
tions. Method Aiming to address the aforementioned challenges, using YOLOI11 as the baseline model with targeted
improvements, this paper introduces a ship detection method designed for complex maritime environments by integrating
cross-scale perception with adaptive frequency-domain feature enhancement. While maintaining computational efficiency,
the proposed method introduces two lightweight but effective modules to enhance robustness, localization accuracy, and
overall detection performance. The first core component is the adaptive frequency-domain feature enhancement module
(AFEM), which is designed to alleviate feature degradation in complex maritime scenes. AFEM enables effective separa-
tion of global structural information and local texture details by applying a Fourier transform to map spatial features into the
frequency domain, thereby enhancing high-frequency edge information that is often weakened by conventional spatial con-
volutions. A dual-branch gated fusion mechanism is employed to adaptively model global and local frequency components :
the global branch captures long-range semantic dependencies to support large-scale ship recognition under low-visibility
conditions, while the local branch preserves high-frequency details to improve detection of small and low-saliency targets.
Additionally, a linear gated convolutional unit dynamically regulates the contributions of different frequency components,
enhancing robustness to noise, fog, motion blur, and uneven illumination. The second key component is the multiscale fea-
ture perception (MFP) module, designed to address substantial scale variation and frequent occlusions in maritime scenes.
Aiming to accommodate ships of diverse sizes and limited visibility, the MFP module employs convolutional kernels with
multiple receptive fields, including standard, asymmetric elongated, and dilated convolutions, enabling joint modeling of
fine-grained local features and broader contextual information. These multiscale features are then fused through a channel-
wise attention mechanism, which highlights ship-related regions while suppressing background clutter such as sea foam,
reflections, and distant coastlines, thereby maintaining discriminative capability across scales. Furthermore, AFEM and
MEFP are designed with practical deployment in mind. Through parameter sharing and lightweight convolutional structures,
the proposed method achieves performance improvements without substantially increasing model complexity, increasing its
suitability for maritime surveillance and intelligent perception systems that require high accuracy and real-time efficiency.
Result Extensive experiments on the MVDD (maritime vessel detection dataset) and RTTS (real-world task-driven testing
set) datasets demonstrate the effectiveness of the proposed method. Experimental results show the excellent performance of
the method in detecting 13 types of ships, revealing particularly remarkable advantages in small-target and occluded ship
detection. On the MVDD dataset, the model achieves 95.18% mAP50, outperforming state-of-the-art models such as
YOLOvS and D-FINE, and achieving a 1. 16% higher recall compared to YOLOv12s. On the RTTS dataset, the method
attains 74. 79% mAP50, surpassing YOLOv10s and performing comparably to specialized methods such as AMSP-UOD.
notably fewer than Faster R-CNN (206. 68 M)

The network is highly efficient, containing only 6. 29 million parameters

while achieving 227 frame/s, thereby exceeding YOLOv12s and D-FINE. Ablation studies confirm the contributions of
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AFEM and MFP, revealing performance drops of 1.29% and 0. 90% upon removal, respectively. Conclusion The pro-

posed method balances detection accuracy, robustness, and computational efficiency. This method addresses critical limi-

tations in existing ship detectors, particularly under adverse maritime conditions, by effectively enhancing degraded fea-

tures and capturing multiscale contextual information. Beyond ocean-based applications, the model demonstrates strong

adaptability to terrestrial scenarios with similar visual challenges, such as fog, snow, and poor illumination, revealing its

extensive application potential in traffic surveillance, disaster response, and environmental monitoring. Owing to its light-

weight design and high-speed inference, the system can be seamlessly deployed in real-time platforms, includin
g g gh-sp M y ploy p g

unmanned surface vehicles, smart port surveillance, maritime radar systems, and ecological observation devices. Future

work will focus on extending the framework to multi-modal ship detection through the integration of infrared and radar data,

thereby improving detection reliability in extreme conditions such as nighttime, storms, and heavy fog.

Key words: frequency domain feature enhancement; Fourier transform; complex background interference; object detec-

tion; degradation characteristics ; multi-scale feature perception
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Fig. 1 Challenges in maritime target detection
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Fig. 2 The overall architecture of cross-scale adaptive frequency-domain feature enhancement network
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Fig. 3 Flowchart of the multi-scale feature perception module
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o ()51 9N ReLU (rectified linear unit) 5 sigmoid J# 1%
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RTTS (real-world task-driven testing set) B 4E 4 |k
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JFEEHEAR  th 35 474 IR IEHR AR . X e R 2 g
BOARTE A5G 1 13 FOATARE S, (58 B2 A 3 i
B VHUGTT hEe WU R O BT T BT
LAY H AR AE -

2)RTTS Bl . X R— AT E SR 195
PN 6L BT R NEIE 2731 875 N I NG SN EEFEEN
T AT N BEFE A SN R 364 3221R (R, A
SO T HBR S ) BB 7 A U 1R

&1 MVDDRTTS #iBEMNBIEL T
Table 1 Data distribution of MVDD and RTTS datasets

EAGIIE S el B/
Cargo 7 640

Passenger 5685

Cruise 5307

Bulker 5270

Tanker 4589

Sailingboat 3830

MVDD Tug 2733
Fishing 1427

Drill 1336

Firefighting 1278

Containership 1074

Warship 420

Submarine 250

Bicycle 534

Bus 1838

RTTS Motorbike 862
Person 7950

Car 18 415

3.2 AT

AT B AR /N 640 x 640 R &
AT Sk, Ab BRI (3L B RN B R 16,24 2] &
WHE R 0.01, AE =98 K F 4 0.000 5, epoch 15 &
300, M EME I/ N5 U 2k A G R/MHTE] . S2 8%
J& fF 13th Gen Intel (R) Core (TM) i5-13600KF .
NVIDIA GeForce RTX 4060Ti | # 47 , N 17 K 7]\
32 G, K J2& PyTorch-GPU TR 2 S Bkl . T fs
J5 AV TR B ST 6 4, N S PR S B R Y 4
HEEH ARSI H FH A0 R0 43 EE A8 9+ 1 43 SRl e A ik

£, JF LUARTE] He ] IR bl 23t e 5
3.3 IFMEIERR

ARSI PR AP PR AR L5 RS 5 % (preci-
sion) . A [ 3 (recall) | V- AP {f (mAP) . 2 # i
(parameters) | V% 55, 71 5 YK U (floating point opera-
tions, FLOPs) L K % b i % (frames per second,
FPS). H, precision 55 recall 4355l FH i £ 45 AU X}
H R A 25 2R A v 1 5 58 B v, mAP T2 81T
Al B ARK M BE ; parameters 5 FLOPs S AR 7 ) &
ZR B ST TFAS 0 FPS ) T A R £ 4 P
JE 5L PRRE J) o X SEIPAL TR bR o0 0l K B
BEPE SEIE 34N D7 T 255 VAR BT B 7 R TE I b
HoAtb 52 2537 55 vh (9 SEBRAG I M BE
3.4 XfLbKEE

D)2 1 WAL AR SCT5 A LSt b PR AS I 1
RE , 7E MVDD $4E 4 5 16 FiA [a] 25 AU Y SOTA J5ik
BEAT X EE o AL BT BEAG I J7 3% Fast R-CNN(Gir-
shick, 2015) #1 Faster R-CNN (Ren %, 2017) ; 3 T
Transformer (45 753 DETR ( Carion 28, 2020 ) £ D-
FINE (redefine regression task in DETRs as fine-
grained distribution refinement ) (Peng %5 ,2024 ) ; H.[5y
B K I 5 5 YOLOv3 (Redmon Fll Farhadi, 2018) |
YOLOv4 (Bochkovskiy 45 2020) . YOLOvS (Jocher,
2020) . YOLOv7 (Wang &2 2023) . YOLOvS8s (Jocher
% ,2023) . YOLOv10s (Wang %5 , 2024b) . YOLO11s
(Jocher Al Qiu, 2024) . YOLOv12s (Tian 55 , 2025) .
AodeMar (attention-aware occlusion detection of ves-
sels for maritime autonomous surface ships) (Wang £
2024a) . AMSP-UOD (when vortex convolution and sto-
chastic perturbation meet underwater object detection)
(Zhou %5 ,2024) \TIA-YOLO (image-adaptive YOLO for
object detection in adverse weather conditions) (Liu
&5 2022) il SSDA-YOLO (semi-supervised domain
adaptive YOLO for cross-domain object detection)
(Zhou 4§ ,2023b) o

ARSI LS AR 26 R SOTA J7 i B X HLah S
F2FR o LU Y, B D ik e A6 DU A 32 AR 2
SO Z (R IUAS T BEUF -, L 6. 29 M 2 8l it
TE MVDD %0 fi 46 1508 T 95. 18% B -F- HoH o 2
(mAP50) o 5 % B Bt 19 YOLO & 1] 28 it 57 3
YOLOvI2s ML, B J5 ik M S 200 L H /D 2. 86 M,
S JAPHRE B B vy (D AR A S bR 21 s
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Table 2 Results of different methods on the MVDD dataset

, , mAP50-90  precision recall parameters FLOPs  FPS

Tk KE - mAPS0% 1% ! 1% 1% ' M G I(Wis)
Fast R-CNN(Girshick,2015) XL Bt 80.36 51.60 8551  8l1.21 33.04  134.38 21
Faster R-CNN(Ren %%,2017) XL B 88.47 67.57 93.15 8128  206.68 41.14 39
DETR ( Carion %§,2020) Transformer ~ 90.21 77.92 81.38  89.87 3676  114.25 34
D-FINE (Peng %% ,2024) Transformer ~ 94.62 82.96 93.47  90.15 10.36 25.07 161
YOLOv3(Redmon Ffl Farhadi,2018) BV 89.20 66.37 93.50  84.63 61.95 66.17 26
YOLOv4(Bochkovskiy 2 ,2020) B 92.68 66.93 94.86  83.37 64.36 60.53 21
YOLOv5(Jocher,2020) B 94.08 79.25 9461  88.89 7.06 16,71 128
YOLOv7(Wang %,2023) AR B 94.05 81.50 92,52 90.70 37.62  106.47 53
YOLOv8s(Jocher2%,2023) B 93.54 81.52 9335  89.97 11.17 2882 116
YOLOv10s(Wang%5:,2024h ) R B 94.51 82.89 93.21 89.00 7.23 21.69 192
YOLO11s(Jocher Fl Qiu,2024) R B 94.92 83.21 9436  89.20 9.43 2154 172
YOLOv12s(Tian %, 2025) BB 94.65 82.62 94.67  89.58 9.15 1947 206
TA-YOLO(Liu%%,2022) B 92.15 80.32 78.65  85.12 58.93 65.61 28
SSDA-YOLO(Zhou 4 ,2023b) R B 91.08 75.26 73.19  83.05 20.87 27.14 51
AodeMar(Wang %% ,2024a) B 95.43 82.57 94.02  91.02 8.28 67.40 99
AMSP-UOD(Zhou % ,2024) B 93.62 83.15 9270 90.53 10.37 23.82 20
A3 AR B 95.18 83.38 94.80  90.74 6.29 13.16 227

T L SRR % 8 B A2 2R

5 Transformer 2E 1 (A J7 3640 He , AR SCO7 7% He D-
FINE 704,07 M 250, J 5230 1 305 i A S
FHAEST Y HT AT A 3 5% J7 74 TA-YOLO F1 SSDA-
YOLO, AR CH AR B L W B s v OF Hoh T
it TR 5 R 22 R FH DB U AR A T R R
AR B L B S5 S BT g O , 5 BB R 4
KA IA-YOLO 2407 52. 64 M, #E#E#
JEE R 199 Wi/s , 7RG B A By AR o B fE
SHEMZEARNE LT A7 e D-FINE B
DRSS B o () R [l o3 o g A R g Sk
R,

AT 5 AR SOTA J5 2 7E MVDD %4 4E
(PR 58 XF L P& 4 fir 7R o 1l DA 6 PR T
ST X8 S R ' P A A9 PTG R AR WG A5 v ) (PO i
P A AR, A SO A RE S AR MU, T HLid HA
WM EERE . B 2475 SORE AR AN B AR RS 11
T, Faster R-CNN .\ D-FINE 1 YOLO % £8 %71 {45 784
S 3 A7 B ARG R U A 5 ) R, TG AR S 6 Tk el

EF4 17 D0 I AT, E ARG 2 Bt A P4 A L 7R/
H AR RN -, A8 SCO7 VR RE SRR H B 2 19 /N B AR
FAA ARSI R 3 O T F i Se i ik o BT
TN T SR AR IR A DU B T
LRl E A B8 i = 7 e o LI/ T W = M = A
AP AIE N AR T, i — PRI T AR SO R A R

2) R T dE— LI UE AR A RS AN AL e
71, 5 SOTA J7 357 RTTS 4 4 UE 47 52 56 X L .
RTTS 004 4 1 7 45 Fh 25 3l 3 55¢ | 1R 55 R M s R
S5 WL T AR RE UL EE SR F T A SEPRAE I, BB XA
SCH Iz AR ) HEAT A T TAL

AR 7 A RTTS 4l 4 b % L4 R an 3k 3
Jis o Al LA X H YOLO 230 (4G I A 7 7 S
IFEAMUTERS BE L YOLO (1) s i Rl iy, 1 ALA S
J3iE S ECE WA TN R R B TR, 5T
Transformer [ J5 3% A0 F , A 3C Ty 3 K6 RS 8 0 3ok i
HBTEAR o EL T2 M B BUBY B A I 5 2% Fast-RCNN
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(a) Faster R-CNN (b) D-FINE (¢) YOLOV10s (d) YOLOL11s (e) YOLOvI12s () A3C
K4 AR SOTA J5 ik 5 A4S A MVDD Bla 4 i R 5E 3 L
Fig. 4 Visual comparison of different SOTA methods and our method on the MVDD dataset ((a) Faster R-CNN;
(b) D-FINE; (¢) YOLOv10s; (d) YOLO11s; (e) YOLOv12s; (f) ours)

K3 AREFAEERTTISHEIBEE LHWER
Table 3 Results of different methods on the RTTS dataset

mAP50-90  precision recall parameters FLOPs  FPS

Tk KE - mAPSO/% 1% 1% 1% ™ G I(Iis)
Fast R-CNN(Girshick,2015) XL B 67.32 41.37 76.63  57.81 33.04  134.38 19
Faster R-CNN(Ren%%,2017) XL Bt 68.43 42.17 7859  59.60  206.68 41.14 31
DETR ( Carion %% ,2020) Transformer  73.78 48.52 77.62  65.43 3676 114.25 21
D-FINE (Peng %% ,2024) Transformer  73.55 49.57 7550  66.28 10.36 25.07 124
YOLOv3(Redmon il Farhadi,2018) B 69.65 43.48 81.15  60.17 61.95 66.17 22
YOLOv4(Bochkovskiy %5,2020) BB 70.87 45.92 78.62  62.59 64.36 60.53 19
YOLOv5 (Jocher,2020) R B 74.00 49.37 80.29  61.30 7.06 16.71 95
YOLOv7(Wang % ,2023) R B 73.49 44.19 8132 60.85 37.62  106.47 37
YOLOv8s(Jocher %% ,2023) BB 74.13 49.15 80.10  65.33 11.17 28.82 105
YOLOv10s(Wang%,2024b) BB 73.78 47.52 80.90  60.08 7.23 21.69 181
YOLO11s(Jocher 1 Qiu,2024) PR B 74.34 48.51 78.42  63.58 9.43 21.54 163
YOLOv12s(Tian % ,2025) TR 73.95 48.30 74.58  65.72 9.15 19.47 197
IA-YOLO(Liu%%,2022) B 71.62 48.64 7731 62.54 58.93 65.61 20
SSDA-YOLO(Zhou %,2023h) BB 70.37 45.17 75.82  63.32 20.87 27.14 37
AMSP-UOD(Zhou % ,2024) BB 75.21 49.62 7828  65.71 10.37 23.82 18
AL R B 74.79 49.93 78.69  66.48 6.29 13.16 206

T L SRR 25 9 R A2 2R
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EME, G, B®, BEH, 8XX, KIFK
¥ RE & M usiE R aY G _E AR ARG

H1 Faster-RCNN , A% 3C 7 32 {4 208K #ff 15 o8 e, A 76
B2 AL, BAR AMSP-UOD B K6 IS & L AR SC
J5 i 0. 42% (HJE A S5 1Y FLOPs {0l AMSP-
UOP 1Y) 32—, HESE e, %152 B 9 1 4%
AR B EA RS

ARSI ¥ 5 N R SOTA J7 78 RTTS ¥ #i 4 |-
AL X L L S e R o IS W LU Y, o i /2
25 LA AU B ARk A 2 PR AR S A YOLO R 51
2 RN FE T Transformer 1K I 515 | 76 55 H A R B
ABAAE , B TG B ) R, T AR SO Ik H B Ak B 4K
GF R ZE S . X TGS 2 ARG RS R EREE
R L BT R 5 A R SRS MG U T R A
TUAE 1 X6 /N H AR AR BT, Faster R-CNN 45 22 #L 1) XU
B B H AR I Jy AT AT 25 2 il — SL T & 1 1A
M S BURAE . D-FINE 455 T Transformer B J7 15
A BE 23R B ZE A I B /INVR A A TR B A R 4
Fho BRI A SO IEAUREAENE Tk BB Y
R A 5L A ki b b 2 R B R i — E
.

3.5 EIEKMERDH

R T D BE AR SOk A R AN L
T ARE 5 B2 MVDD FI RTTS B8 SE £ X/ b K
SEAN ] RUBE H AR R IRT BE (AP (AP AP, 2551240
FAPR . ATLUR RSO A 2 ROEE H Arfe
R A S R . BRI AE MVDD £
8 LR IRAEITA ROE L BUS TR as 1, 1
H, AP, IA % 15. 8%, T YOLOvI2s(15. 3%) , 5%
B T/ BRI AR . 7E B 5P R (9 RTTS 25
a5 b AR SO R A H AR (54.2%) #R H BR
(66. 0% ) KM I 45t 35 400 506, [R1 sk 76 /0N B A Gl
BB R Y SE 7 (25. 6%) , TR 2 HO
PUARTY 3 — 25 5L 0 e T Ok SR e AT 50 o
FRIESEIURE Ty , 7ES 437 50 T 528 1 XA TR RUEE B
o ) v B i
3.6 HRASLIE

J T BUEAS ST VA A& B A R, 7E MVDD
B FAEAT TIERSE I . MR ER 5 0T Al S g 2
JEAT R, AR 51 AT ] A5 B 1 JE o 485 R mAPS0 Sy

(a) Faster R-CNN (b) D-FINE (¢) YOLOvV10s

(d) YOLOI11s
KI5 ANF SOTA J5 ik 5A SO TAAE RTTS Bdla Sk LAY BLBEXT T
Fig. 5 Visual comparison of different SOTA methods and our method on the RTTS dataset ((a) Faster R-CNN;
(b) D-FINE; (¢) YOLOv10s; (d) YOLO11s; (e) YOLOv12s; (f) ours)

() YOLOVI12s
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®4 AEFELEMVDD 5 RTTS #iEE LR
N KB EERT
Table 4 Comparison of detection accuracy for small,

medium, and large targets by different methods on

MVDD and RTTS datasets
1%
MVDD HilE 4 RTTS ¥ 54
Irik
AP, AP, AP, AP, AP, AP
Fast R-CNN 52 125 554 165 40.1 51.2

Faster R-CNN 9.8 18.6 70.1 182 435 548

DETR 1.5 221 795 215 501 612
D-FINE 148 275 848 248 532 655
YOLOv3 85 164 685 175 452 568
YOLOv4 92 178 702 189 471 594
YOLOvS 125 245 812 235 518 635
YOLOv7 13.1 258 835 221 465 589
YOLOv8s 142 269 838 246 53.1 648
YOLOv10s 149 275 845 238 515 632
YOLO11s 151 278 849 245 526 643
YOLOv12s 153 279 850 244 524 641
[A-YOLO 135 252 821 241 520 638

SSDA-YOLO 108 215 774 205 478 595
AMSP-UOD 150 28.1 852 262 535 652
A3 158 286 858 256 542 66.0
T L AR 5 5 e e 2R

F5 IRE P ARE AR HRL S
Table 5 Abandonment experiments for different

components in the model

AFEM ypp  MAPSO recall params  FLOPs - FPS

1% 1% M G [(Wiss)
x X 9335 8921  2.65 6.34 308
N X 9428 8978 4.8 942 269
x Vv 9389 8957 517 1019 252
N V9518 9074 629 1316 227

VDRI FR R 44 B e AR S N X 43 ) 2 £ PR
AN AR

93. 35%, A5 BEAHRT AR . 7RG AU F 38 1
A 3 AIE 14 58 AR B (AFEM) J5 , mAPSO 42 J+ &=
94. 28% , 7 W IZ ML BEUE A R 9 MUBURR ME KI5 BE
1o AUMA Z RO FRAE BB S (MFP) B, mAP50

IKE93. 89% , Ut FHIZ AR HL BE S N oik 25 R RRIE il
fig 71, /N HARR P RE (LRI ok — 2 1T
RS . Y E RS AFEM 5 MFP i, mAP50 ik |
95. 18%, 13 [0 &4 T} 2 90. 74% , 341y f v (L, B i1
T PRI P A R IR 1 i g 2 R JER N T A A
P, BEAS 3 B 5 52 24 T A s E b s RS
&, HoRA R S5 it 2880,

4 &

A SCEE X 241 T IR AN B AR RRIEASTR |
REARER K5 5 AR G 8, 4 i T —Fhis R
JE T AR AR ) A ARSI 5 o T I AR
i I HE 22 b 5] A H B AR I R AE 3 o R B
(AFEM) , 4 88 TH T AR (10 223K 68 ) 5 [l %
T 2 R RHIE BB (MFP) |, B 58 T 85 ROy
TERLA S5/ BRRERNGE Ty o i 7E B8R AN AL
P 4E (MVDD) | 9 5256 55 UF , 97 $2 77 15 7F mAPS0,
mAPS50-90 J £ 1] 22 45 45 b5 L 359 0L 1 Jk of A5 0
SOTA J5i% , JF1E Z A IH RS2 3 vtk —25E ] T4
R (R 7 TRk S PRI RN . R B A bt —
ERREE BRI T SEE 5P R (AR R RE R T
WE AN HME . Ak TAERE—2
DA R S5 1) 15 [l U SR W, LA R4 A B2 1 [ e
FEARTH S8 R R LA TC A0 00 T 1 2838
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