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Remote sensing image object detection based on
dynamic hypergraphs and multi-scale feature fusion

ZHAO Wenging'?, LI Yiye'
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Hebei Key
Laboratory of Knowledge Computing for Energy & Power, Baoding 071003, China)

Abstract: Remote sensing images exhibit significant variations in target scales and complex backgrounds, while exist-
ing object detection models suffer from limited multi-scale perception and insufficient global semantic modeling capab-
ilities. To address these challenges, a remote sensing object detection framework based on dynamic hypergraph and
multi-scale feature fusion was proposed. First, a multi-scale dilated convolution feature fusion module was constructed,
and a feature extraction network was designed to fully extract multi-scale features. Second, a dynamic gated hypergraph
module was developed to establish a global semantic feature modeling network, which enhanced target feature percep-
tion while weakening complex background interference. Finally, a multi-channel coordinate attention module was pre-
sented, combining coordinate attention mechanisms with multi-scale channel interactions to strengthen feature represent-
ation. Ablation experiments are conducted on the DIOR and the RSOD datasets, demonstrating that the proposed model
achieves 2.5 and 2.3 percent age point improvements in mean average precision over the YOLO11 baseline. Comparat-
ive experiments validate the superiority of the proposed model, showing enhanced detection performance against other
methods.

Keywords: remote sensing image; object detection; multi-scale; feature fusion; dynamic hypergraph; semantic features;

coordinate attention; dilated convolution
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J5 5 22 KU 38 18 28 B/ INEBCRAAE AR Bl P8
B 22 3 HE By 1k SR IR RRAE 5%, i BG 0R S i AR AR
Bl IZRHIE B 5 4 Ry il SCRFAE S A5E I £ 1 % o A
EA TR, 2t £2)2 C3k2 5SERUZMALHE, St £
RO FRHIERLG -

22 R Rl O 245 0 R PR A e 2 5
Rl i RS [R) RS R i ] P e A 0 Sk 4y A
L SLB H AR 23265 1A, 2R 10058 8 H br A
MAE55 .

3 ERERE AN

3.1 KEHRESSHIZE

AR S0 FH Y 2 ubuntu20.04 LTS #:4E R 4,
CPU “} Intel Core i7 11700K, GPU } NVIDIA Ge-
Force RTX 4070 SUPER., 56 fiff FH %) 4H 5 57 A HE
Zu L PyTorch 2.2.0. CUDA 11.8. Python 3.8.20, 5
BN Zrad FE P, epochs % & 300, batch % &l
16, WITh2 21 %K 0.01, FrZ24 2] %4 0.000 1,
fb R T BEAILER BE T %50 (stochastic gradient
descent, SGD) . TEYNIFIRAT, B 5E17 3 1> epoch
1) warm-up Yl 4. 7£ warm-up I ZRB BL 3l i S 4
WE R 0.8, YIRS 5B M 0.937,
32 BE£ESITFMNER

A5 e L RSOD 5 DIOR W42 1 $ 4 4E
TFJE SIS0 IE . RSOD £l 42 5 £ 4 2R Al b )
HAx (4 hAm . RAL. STASH7 ), M 936 IR IEMR S
6950 A5 T SE A A 1Y ; DIOR %t 42 2% 20 ™ H
PRZEH], AT B 23463 iR BRIEUR, X bR 1)
H bs S 850B 15 192472 4. 78 8 45 3 4 5 1
£ XF RSOD #dis 4, AW 52 i B 822 1 Huf8il &) 43,
YIZRLE 746 RIEMER, BUFSE 190 1F &4 ; %1 DIOR
BAE AL, AHE SR FHBERLR 43 7 =X, SR H 11725 iF
G I 28, A F 11738 I8 EGAE A I .

A5 R 22 45 B2 VA 48 Fn ot B AL RE AT
S3AT  EE XA IR B A VA, BEHOCT 2R B (aver-
age precision, AP) N 4G B ¥4 {5 ( mean average
precision, mAP ) VE A 08 xR ; BERLAG K /N iE it 5
H0i (Parameters ) HEA T A 5 $E P B 0] A A3 0 4 2
W% ( frames per second, FPS ) 1 Ay & 8 1A% # v
33 HEMXWERSHM

5K IE DHMF-Net #5781 o 3 A1) 37 455 e 14 512
FR&g R, A 5% 7F DIOR 5 RSOD Wi~ #ds 4
W IR TP R T8 X W Rl se 56 . Hob, 7€ DI-
OR $4la 4 F#FATIH B L B iy 45 R ANk 1 s .
M2 1 A, REZR R YOLO11 7E DIOR % 4
B mAP N 78.0%. TEFLZEAEAY B AL E 4B
A DGHGM 3 Fl MSDCFB #i 5, mAP J& )5
IR F 78.6% 1 79.5%. LAY Y KA | (W] s
fin A DGHGM F1 MCAM £ 5t mAP K 78.7%; [l
i A DGHGM F1 MSDCFB #ikt mAP iy 80.0%.
eI AR A SE L, Wi A DGHGM, MSD-
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CFB #l MCAM #E L5, mAP i3 T 80.5%, ok
LA TE T 2.5 A4 A5

# 1 DIORHIBEHMIMLER
Table 1 Ablation results on the DIOR dataset %

F*2 RSOD HEHEHMEWER
Table 2 Ablation results on the RSOD dataset %

i mAP

YOLO11 78.0
YOLO11+DGHGM 78.6
YOLO11+MSDCFB 79.5
YOLO11+DGHGM+MCAM 78.7
YOLO11+DGHGM+MSDCFB 80.0
YOLO11+DGHGM+MSDCFB+MCAM 80.5

WIR7S mAP

YOLOI11 93.0
YOLO11+DGHGM 93.6
YOLO11+MSDCFB 94.4
YOLO11+DGHGM+MCAM 94.9
YOLO11+DGHGM+MSDCFB 95.1
YOLO11+DGHGM+MSDCFB+MCAM 95.3

T IR B

IR FE RSOD £ 4 1 1% 71 filt 52 35 25 1
F2 R, BRI YOLO11 7E RSOD %idii4E I
) mAP 4 93.0%, fEFEL AR B JE Ak 143 5 hn
A DGHGM #H: il MSDCFB #iHt J5 , mAP 4% 5
K 93.6% 1 94.4%, EFLZ A (1Y) FLfili L[] et
Jin A\ DGHGM Fl1 MCAM # 4t mAP 4 94.9%; [m] i
hn A DGHGM #H1 MSDCFB #i 3¢ J5 mAP Jy 95.1%.
FESL LAY B SLRiE -, [ B A DGHGM, MSD-
CFB fil MCAM # 5, mAP 3K 8] T 95.3%, 53
RAHIRTE T 2.3 HAr Mo

E: LR B

Xof H R S B4 4 L %) T L S 56 45 SR, DHMIF-
Net #77E RSOD #5445 4E I mAP 55| T 95.3%,
1F DIOR %044 |9 mAP 355 T 80.5%, M #H
2 14.8 Hormio B A 22 70y i P JE RS-
OD %4 5 1 I %% H A H 5 28 51| &R iz /> F DI-
OR HUHi4E, A% T H ARG I Al e B
34 XLEREERS ST

Y 3 — U W] DHMF-Net #8581 54 47 %51,
A 3043 1 4E DIOR 1 RSOD AN Hit 4 |, ¥ Fr
P& 1 ) DHMF-Net £ 81 5 HAth (1) 3= 908 B brer il 7
RIEAT X S . Hor, R [R5 7E DIOR £#s
4 BIXT EL S BR 25 Ran 3 in

® 3 A[E7FiE7% DIOR B#E5E FHK N2 RILR
Table 3 Comparison of detection results of different methods in DIOR dataset

T RS A RS mAP/% SHR/10°0
SSD VGGNet 300x300 55.7 26.3
Faster R-CNN VGGNet 600x1000 52.1 136.7
CenterNet Resnet50 640%x640 55.2 32.7
RetinaNet Resnet50 640%x640 61.6 37.9
YOLOV3 Darknet53 640%640 58.0 61.5
YOLOv4 CSPDarknet53 640%640 65.0 52.5
YOLOvV5 CSPDarknet 640x640 69.6 7.1
YOLOX CSPDarknet 640%640 72.2 8.9
YOLOVS CSPDarknet 640x640 77.2 3.0
AAFNet!" Modified CSPDarknet 640%640 75.3 14.1
SCFNet??” Modified CSPDarknet 640%640 69.9 32.1
StrMCsDet?!! CSPDarknetC5 608x608 65.6 414
YOLOI11 CSPDarknet 640x640 78.0 2.6
DHMF-Net Modified CSPDarknet 640%640 80.5 3.8

T RN ORI

H S 3 A1, 76 H ARG IS B2 7 1, DHMF-
Net £ [, SSD . Faster R-CNN. CenterNet!® FI Ret-
inaNet X $E 28 BLJ5 P W 5 42 7. 55 YOLOV3,

YOLOv4, YOLOv5. YOLOX. YOLOvS 1 YOLO11
I B8 F A H BRI 5 92 40 H, DHMF-Net 45 5
A KA FF . 5 AAFNet!'®!, SCENet!! 1
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2,
£

4 #H 5521 &

StrMCsDet!?" 33 B iy 1 {4 8 JE 145 H A A I 7
HH L, DHMF-Net £ 5 () mAP 43 H#EF+ T 5.2,
10.6. 14.9 A 4r s o L 5ANR 7k A b, Bk
T AR SCHE Y A DHMF-Net #8504 50rk, E— 28
P01 T DGHGM . MSDCFB Fl MCAM X 3 /M
X B8 T AT ) S A A T AR
AT 2 B0 4 A, DHMF-Net A5 50 76 {4
FEHE o R DUOKS BE 1) AT BF, ANAT 3.8x10° 1Y S 4 i,
BERTREHBOTE . XA A SCHE 1 7
THATF S 5 /N, X 2R AL, AR YOLOVS
5 YOLO11 B2 % iE It DHMF-Net #5174 43 51y >
T 0.8x10°, 1.2x10°, {H 2 HAG MK B2 s [ DHMF-

Net BERIFEAR T 3.3 F1 2.5 {20, X EWRERE
DHMF-Net ## 7£ 5| A DGHGM . MSDCFB
MCAM X 3 AMEEHREF G I T — & iS40, (0
WKS BE A B B 32T

BANXT T B 7E DIOR BURAE b ARG 45 Sk
AR R 4 iR . Frh C1—C20 4K YK 1z DIOR
B AR 20 AR ZE 51 B Ax r A RS BE . 38
XFEE 4 B T AT, A B 5T 2 ) DHMF-Net £ 1
FE 17 K BARMREDURS B2 B HUAS TR fLas R . &
SRTE T A% 3 A4 2 ) 0 4G RS R oK G B I i 1E,
{HJ& DHMF-Net B8 [ k6 00K B2 A5 4b F %8 5 1Y
K

& 4 AFEIFTIETE DIOR IR KM 45 R A LR
Table4 Comparison of detailed detection results of different methods in DIOR dataset

%

itk Cl C2 C3 C4 C5 C6 C7 C8 C9 Cl0 C11 Cl12 C13 Cl14 C15 Cl16 C17 C18 C19 C20 mAP
SSD 58.6 67.1 68.1 83.6 26.2 77.2 53.5 67.7 48.2 75.2 56.7 54.3 50.7 34.9 67.9 28.2 77.8 46.0 18.9 52.5 55.7
Faster R-CNN 47.9 64.7 68.6 84.0 23.7 76.4 53.1 57.5 47.0 74.6 56.8 42.0 49.2 16.6 70.5 20.9 73.9 52.9 12.2 49.1 52.1
CenterNet  65.7 64.7 69.2 84.8 25.8 73.8 46.8 54.0 48.0 69.5 56.9 39.7 48.2 45.1 47.6 39.6 79.8 50.3 30.2 65.1 552
RetinaNet  71.8 65.7 71.1 87.9 30.9 79.2 57.3 69.9 54.8 79.4 74.1 55.8 53.3 50.1 70.7 40.2 83.8 45.9 214 68.4 61.6
YOLOv3  74.7 54.6 69.4 83.8 27.2 73.5 47.7 50.2 46.9 57.7 44.2 57.8 47.3 88.6 29.3 72.3 85.8 27.3 47.4 73.4 58.0
YOLOv4  84.8 65.5 74.7 85.1 36.3 78.6 52.3 57.2 549 71.3 69.2 58.2 56.2 88.0 38.7 67.8 85.8 49.0 49.9 759 65.0
YOLOv5  85.9 76.1 72.3 89.4 43.6 80.8 61.5 59.9 58.0 75.5 73.8 62.1 57.6 89.1 55.7 72.7 86.9 55.5 53.8 82.7 69.6
YOLOX  89.3 72.0 753 90.2 47.8 79.3 61.5 60.1 66.2 74.2 76.8 58.1 62.3 89.9 71.1 77.5 89.9 61.0 57.3 83.5 72.2
YOLOv8  80.2 87.8 84.7 89.4 47.3 78.5 73.6 89.0 72.5 83.0 81.8 67.4 63.2 91.0 80.2 75.1 91.6 67.6 51.7 87.4 77.2
AAFNet"™ 927 81.7 81.0 90.8 49.7 81.3 69.9 67.9 70.4 80.4 77.3 64.0 63.2 90.4 68.5 78.0 90.6 65.1 56.6 85.7 75.3
StrMCsDet® 78.6 58.4 81.3 72.0 38.1 79.2 37.1 49.3 49.5 56.8 62.9 35.5 42.5 54.9 66.0 66.6 80.8 38.3 38.3 349 65.6
YOLOI1  79.6 90.7 86.1 89.5 46.8 78.5 77.4 90.3 70.5 85.4 81.8 68.1 63.7 90.9 81.6 75.1 91.5 74.7 51.8 86.5 78.0
DHMF-Net 85.2 92.7 88.0 91.2 51.0 81.4 80.1 93.2 75.4 86.4 83.6 68.5 66.0 91.9 83.8 76.4 92.9 77.6 55.1 90.2 80.5

TE: IR R AR R

ANETJ7 2 7E RSOD s 4 I i I 445 SR Hh 3%
W% 5 FToR o 76 H ARG RS BE 7 1, 38 5 X bl
’H1, DHMF-Net #5713 5 H SSD | Faster R-CNN
CenterNet fll RetinaNet 1% £b 25 #7747 i E 3T,
5 YOLO &3 # E 3 )77 YOLOv3, YOLOv4,

YOLOvVS, YOLOX, YOLOv8 A1 YOLO11 A I,
DHMF-Net £ # i mAP 2 9427+ 7 13.7. 7.5,
11.7.5.9.5.9.23 H4or o LAh, 5ot iy A
1% HARKE I J7 25 IRSAMP? A v, DHMF-Net £ £l
) mAP AR T IRSAM,,

x5 AEFEERSOD HIEE LRI RILER
Table 5 Comparison of detection results of different methods in RSOD dataset

Tk BT ARE mAP/% ZHE/10°
SSD VGGNet 300x300 76.4 26.3
Faster R-CNN VGGNet 600x1000 80.5 136.7
CenterNet Resnet50 640x640 77.3 32.7
RetinaNet Resnet50 640640 81.7 37.9
YOLOv3 Darknet53 640%640 81.6 61.5
YOLOv4 CSPDarknet53 640%x640 87.8 52.5
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WIREN ERNLES AT mAP/% SHR/10°
YOLOVS CSPDarknet 640x640 83.6 7.1
YOLOX CSPDarknet 640%640 89.4 8.9
YOLOvV8 CSPDarknet 640x640 89.4 3.0
IRSAM™ IRSAB 640x640 94.7 4.7
YOLOI11 CSPDarknet 640x640 93.0 2.6
DHMF-Net Modified CSPDarknet 640%640 95.3 3.8

TE: IR R AR R

MASHI S8 |43, DHMF-Net #5551 (1) 28
i FEMTREZH07%. BARTETI A DGHGM,
MSDCFB Fl MCAM 3% 3 M3 i DHMF-Net 5
RIS BRIE T YOLO11 Fil YOLOVS, {H & HiA
WK B2 A6 T YOLO11 #1 YOLOVS., i 3f & A [F]
771 4E RSOD ¥ 4E b i 25 5L, it — 2 5k
T DHMF-Net 5 8 i A7 25014 o

Sk B 4 T P A DHMF-Net #6511 7 g, A<
CAE RSOD Bi#ls4E |5 YOLO RV HEAT T4
D5 e, X A SRS 6 froR . 455K, DH-
MF-Net A58 A0 45 RS B e e 5 ZEHE LB B 5 240
17 1, DHMF-Net B8 i 4 BEILF YOLO11 Al
YOLOVS 1 5, f F HAth YOLO RFIBLIHL,

% 6 YOLO %35 DHMF-Net 33 Lk 45 %
Table 6 Comparison results of YOLO and DHMF-Net

Ik mAP/%  HEHEEE/(Wis)  S%0E/10°
YOLOV3 81.6 30 61.5
YOLOv4 87.8 28 52.5
YOLOV5 83.6 48 7.1
YOLOX 89.4 49 8.9
YOLOVS 89.4 68 3.0
YOLOI11 93.0 86 2.6

DHMF-Net 953 53 3.8

35 AIMUERS

Sy B Wb JE 7R DHMF-Net #6575 (1) 350 5%, 74
SCKs DIOR %44 4 A1 RSOD s 5 b 1% H AR A6
g AT T BN, S5 R E 5. 6 s .

Hi 8] 5 7] 741, 75 DIOR $44i% 48 (4 7 90 Ak 45
B LR S 2K R RE R, THTH
bR AR AEAR B, 8 YOLO11 A 00 if H BT A4S 5
BRAE . T DHMF-Net #5578 Fi] H 42 Jmy i SCHRRAIE 2
B, T 52 2% o6 B BRI A4 S e, E B A
W B, ZEE3KE AT, H TFEHRREZER
K, FH YOLOIl B T ki, 1M DHMF-Net &

RUFIH 22 ROBE AL, 08020 T H AR TR K .

H & 6 A] 401, 76 RSOD B d £E 1 nl WAk 45 5
3% YOLO11 5 DHMEF-Net (1946 I 45 5
AEH, TR SRR RN ER, BREREZEFK
) H 4%, DHMF-Net (14 250 R 24148 F YOLO11,

e

(b) DHMF-Net K44

5 DIORHBEAMAULER
Fig. 5 Visualization detection results on the DIOR dataset

LT

Givaill]

r s L l:":::; R
(b) DHMF-Net %% 5

B 6 RSOD HiE&EMALER
Fig. 6 Visualization detection results on the RSOD dataset
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%5, DHMF-Net fRUHUAS T 547 AR . 5364k
LRI AH b, DHMF-Net #5884 43 5 $2 7+ T 2.5
23 HAT A, R T EBREMR Bk s e
Z, EUAR RS 22 5% KA 1) A8
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