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Abstract: This paper proposed an ultra-fusion residual marching geometric perception algorithm, which
aimed to solve the challenges of multi-scale, dense overlap, and uneven data distribution in remote sensing
image object detection. The hyper-fusion residual marching module optimized the network structure, and
its multi-level convolution operation used different scale receptive fields to capture the details of each scale
of the object, enhance the model’s perception of the object features, and achieve small-scale object feature
extraction and large-scale object accurate positioning. The detection effect was accurately evaluated by cal-
culating the geometric similarity between the detection and the real results, and the fit was carefully consid-

ered in the dense overlapping scene of the object, so as to screen the final results, reduce missed detection
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and false detection, and improve the mAP of the algorithm. A multi-path feature fusion module was de-
signed to fuse different levels of feature information, extract richer object features, enhance network repre-
sentation and discrimination capabilities, and improve detection mAP and stability. The experimental re-
sults on the NWPU-VHR-10 data set showed that mPrecision, mRecall, mAP and mF1 Score were in-
creased by 0.041 9,0.104 0,0.045 5 and 0. 085 0, respectively. The experimental results on the RSOD
data set show that mPrecision, mRecall, mAP, and mF1 Score are increased by 0.022 1, 0.103 4,
0.0619, and 0. 087 5, respectively. The effectiveness and superiority of the proposed ultra-fusion residu-
al marching geometric perception algorithm in the field of remote sensing image object detection are fully
proved.

Key words: remote sensing images; object detection; geometric similarity; multipath feature fusion; ul-

tra-fusion residual marching module
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G ECHE 4E 43 3080 F AN 1R B b R AT 55 o
YIZRAE B0 R4 . M AE=8:1:1. NWPU-VHR-
10 £ 45 5 T 2014 4 th v b Tk R 2% & A, %
800 7k fmi 43 ¥ Z 0 2 1 KR, 43 Oy 650 5K IE A
A (kB DS — A HAR)F150 5K R A O 5
i Han) EME . EHRALHE 715 R R4 B A T
Bk PEF0.5~2 m 19 RGB EI & 1 85 5 % A
Vaihingen 235 . 43 #E K 0. 08 m K pan-£i L ¥
CLANEMG . O H ARSI A 757 B EAL L 390 4 B
BRI 1594 5Bk 124 EFF B2 224 435 1163
A H 48 3 0302 fl 58 My L 655 > fifk FE L 524 4~ W Bk
Y (ATT WK% 10 R, 383 775 AN X4 S
RSOD %4 £ i sl K2 T 2017 48 & A, R4
H Google Earth, X #h ¥ 45 °F & , 3t 976 W& K114,
AT B AR AT 55 . HH b5 28504 % KB
WE ST ASHE RS, Horh R 4 993 3L Ar AR AR
446 TR D 34 1914 16 189 MR 1% 5 7. 38
WA 180 JA , A T 176 i KR s i #E A 1 586 1>, &b
T 1651MF E 14 .

(b) RSOD¥Ha%
(b) RSOD data set

PS5 K 4 R4 14

Fig.5 Sample diagram of datasets
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4.3 TEEHNW

1 IR AE 3 2 #E R (mean Precision,
mPrecision) . - 3 & £ # (mean Recall, mRe-
call) \mAP F1F ¥ F1 {& (mean F1 Score, mF1
Score) fEFR R I . R DETR,SSD 454 A3
TEA TR bR b5 — Se B0 1 B R A LA — 2 22
#i. 4 DETR7E NWPU-VHR-10 ¥4 % E i1y
mAP{L N 0.572 5,76 RSOD %#fi % F mF1 Score
0,792 5, BAMFRAXTA . T YOLO R
AW 5, YOLOVS, YOLOvV7 2558 ' 3
ANEE W PERE AN o 7R G EEHR bR A A BR T A ]
%140 Y OLOv8 7 NWPU-VHR-10 542 4 - mAP
90.9683,7E RSOD 454 - mAP }0.949 5,2

b T K. NWPU-VHR-1050#2 4, YOLO-
UG 7€ mPrecision ik %] T 0. 961 6, s # At 45
R AR T B BRI o T SR mRe-
call h =35 0. 915 8, A & 2 1 84l 2 b HAn iy
T K 1% M s mAP {8 0.972 4 F1 mF1 Score 1§
0.934 0,¥J3EH T YOLO-UG 7 &b 3 2% Bz 42 mf
[ 2545 e 1 A sLBPE E . RSOD $i#ii4E , YOLO-
UG 7E mPrecision 315 0. 967 5, F- R B iF T H gL
A B bR R 90 AERGPE s mRecall{E 0. 922 6 B {4 T
HTE W HARE R W TR ;s mAP{E 0. 969 9
A mF1 Score 5 0. 942 5, ¥ — £ % H T YOLO-
UGTE B AE S R FE S E S mA 2R
[i] L 8- 1 4 B T o

F1 XMEELBEER

Tab.1 Experimental results contrasting

Models\Metrics

NWPU-VHR-10 data set

RSOD data set

mPrecision mRecall mAP  mF1 Score mPrecision mRecall mAP mF1 Score

DETR 0.5694  0.6566 0.5725 0.6070 0.7312 0.8845 0.8635 0.7925

SSD 0.8514  0.7577 0.8439 0.7810 0.9474 0.7683 0.9122 0.8000

YOLOv5 0.9121  0.8962 0.9229 0.9010 0.9323 0.7832 0.9064 0.7925
HIC-YOLOv5"" — — 0.876 0 — — — 0.896 0 —
Drone-YOLO™! — — 0.9270 — — — 0.906 0 —
Xu et al"*” — — 0.944 0 — — — 0.9300 —

YOLOv? 0.9197  0.8118 0.9269 0.8490 0.9454  0.8192 0.9080 0.8550
YOLOV7-tiny — — 0.9210 — — — 0.9450 —
Tang et al'"” — — 0.9716 — — — 0.9627 —
Wang et al'**’ — — 0.916 5 — — — 0.9016 —
Cheng et al'"”! — — 0.9387 — — — 0.8629 —

YOLOvS 0.9539  0.9141 0.9683 0.9300 0.8505 0.9256 0.9495 0.8775

Zhang et al' ™’ 0.9340  0.9020 0.9400 0.9170 0.9630 0.9270 0.9440 0.9710

YOLOvI[51] — — — — 0.9345 0.8965 0.9205 0.9153

YOLOv10[51] — — — — 0.9447 0.9102 0.9335 0.9273
SPPF-Mambal 52 — — 0.9010 — — — 0.945 3 —
Liet al[ 53] — — 0.926 0 — — — 0.9510 —
MLA-YOLO[ 54] — — 0.946 8 — — — 0.939 3 —
YGNet[55] — — 0.8890 — — — 0.9620 —
PR-Deformable DETR/[ 56 — — 0.8830 — — — 0.9510 —
LMATDet[57] — — 0.954 3 — — — 0.949 8 —
SEB-YOLO[ 58] — — 0.9350 0.9390 —

YOLO-UG 0.9616  0.9158 0.9724  0.9340 0.9675 0.9226 0.9699 0.9425
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2 N 370 @l 5L % Al UFRPM, GFI,
MFF #5He %f M RE 19 521 . NWPU-VHR-10 % 4%
££ ,UFRPM £ 3k . 5] A J5 52 24 B M\ 94. 35 GMac
# JF & 105.06 GMac, mPrecision, mRecall,
mAP, mF1 Score 43 %] # % 0.011 9, 0.053 2,
0.0237,0.046 0,35 T B br e DIKS BE FH 0 6E
71 GFIEiHe . @4 JG mPrecision %548 bp i & 1
K, 7E DAL R AE 2R 7R 5 T A D S 1 R 4 1
T AEH . MFFE B3 in A G 2805 M 50. 60
M 34 3] 50. 88 M, & 4= & M\ 105. 06 GMac #2 7+
F 106. 88 GMac, mPrecision Z#48 fr & Z 2 T}, 75
I ZR R AE b A AN 22 RUBE H B RS I v S G B
RSOD %4 45 , UFRPM f& 8 . @il & 5 & 24 & M

94. 28 GMac # 7 & 105. 00 GMac, mPrecision I
A F K 0.044 3,12 mRecall i 3% $2 5 0.089 6,
mAP #2555 0. 046 3, 75 14 5 A5 ALK I 4> 1 M ok
mF1 Score /Mg T B 0. 047 5 1K 30 A iz K 1 45 4
B AAG o GFIBLH . mPrecision ¥k & IF £ 7t
0.010 9, mRecall f# £ # & /K *F , mAP 1 mF1
Score f/NEAL  TERALFRIE R (8 B U7 T
AVEM . MFF 3. il G 5 280 ) 50. 56 M 3
Jin #) 50. 84 M, & 7% £ M 105. 00 GMac $2 Ft |
106. 81 GMac, T A g 48 #r 2. 3 42 I+, mPreci-
sion KME#E 7 0. 055 5, mRecall B4R T 0. 043 7,
mAP flmF1 Score & F K A T YOLO-UG
BVEAE B BRAS IUAT 55 Hh B s RE

®2 NWPU-VHR-10HEEHMIBER
Tab.2 Results of ablation experiment on NWPU-VHR-10 data set

UFRPM  GFI MFF mPrecision mRecall mAP mF1 Score Params/M  Complexity/GMac
X X X 0.9197 0.8118 0.926 9 0.8490 50. 60 94.35
NG X X 0.9316 0.8650 0.950 6 0.8950 50. 60 105. 06
NG NG X 0.9418 0.8719 0.956 9 0.9010 50. 60 105. 06
N v v 0.9616 0.9158 0.9724 0.9340 50. 88 106. 88

#3 RSODHIEEHEMILINER

Tab.3 Results of ablation experiment on RSOD data set

UFRPM  GFI MFF mPrecision mRecall mAP mF1 Score  Params/M  Complexity/GMac
X X X 0.9454 0.8192 0. 908 0 0.8550 50. 56 94. 28
N/ X X 0.901 1 0.908 8 0.954 3 0.902 5 50. 56 105. 00
N/ N X 0.9120 0.8789 0.956 3 0.8875 50. 56 105. 00
NG NG N 0.967 5 0.9226 0.9699 0.9425 50. 84 106. 81
4.4 TEESH J7 T, 4 B AR A DU i R AT T [ R AR B

& 6 /R T £ NWPU-VHR-10 Al RSOD %k
P 4 A A L (YOLOvV7, YOLOvV7-UFRPM,
YOLOv7-UFRPM-GFI, YOLO-UG) i H #5 #
T A5 L 1 O o 2 3% D AT DO b X B % A AR
TERF & BE 5 T X T HARK AT 55 A R 90 22 5+
DG A G Rl N v e R N1 - R o R o )
AN

H5E S S A AE B T 28R A 45 e A TR RN
HERA AR ARAR o R TR 7 T, IS A B S  RRE 1Y
H bR 25 30 A A I o ok A 0, BRI oA S A B A
Fill 5 7 IE B A B R R R R TR X B H bR 2 OC
B AR B R TC R AR B . AR HERR R

TE AL A K R 1 BE I ) 3 26 J5) & 47 AiE b PR A=
i 7%

S LS I AT A0 ARG T A AR IR
A BT ) (H A REARPERER B A — B # T TR
Z U H AR Ak BEAE F1 77 1, UFRPM 3 i 2 )2 K
G A5 B A [ )UK sz BF Al 32 H A 45
A, AR Z RN OL T AT B TR TR RN R H
P B8 R I 2 JBCRE g AR RO H B 1 E 67 BE 7, Ik
BT OH bR RO 22 S ok A A I IR HE . AR H br
GEE SIS SR L, GF3E o A 5 K 0 25 21 5
FLSC A B0 T T R O A I 45 R DA R A
MFF filt & A [ J2 UCRFIE £ 5L, 36 58 19 46 X 52 2%
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(d) YOLO-UG

Fl6  NWPU-VHR-10 1 RSOD #cHi 4 i il 52 56 B A7 Kz il 25 R
Fig.6 NWPU-VHR-10 and RSOD data set ablation experiment target detection effect diagram
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CNRER S VE TR 7/E DR S e

A SCR M Rl 5 5 22 AT E R B LA A 4
BN Z2 A% e I Fil 5 5L B A 45 5 00 SR, fif PR i
SRR F ARSI R, Rl 5 22 A7 HER AR 1
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