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Abstract

On the basis of existing methods, this paper proposes a novel detection algorithm based on
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Information Expansion Collection and Adaptive Feature Fusion. The ConvNeXt module is introduced
in the backbone network part to enhance the detection ability of occluded targets; the Information
Expansion Collection module is proposed to fully utilize the contextual information in the image to
optimize the detection effect of targets with large aspect ratio; and the Coordinated Attention mod-
ule is used to prevent the loss of target position information. The Squeezing and Excitation module
is used to re-assign weights to the channels and select the channels with higher importance for com-
putation; the Adaptive Spatial Feature Fusion module is used to fuse the feature maps of different
layers to ensure the effect of pyramid. Finally, on the DOTA-v1.5 remote sensing dataset, compared
with the original network, the mAP@0.5 performance improvement of 2.5% was obtained. The al-
gorithm proposed in this paper also achieved better detection performance compared to the cur-
rent state-of-the-art detection algorithms on the other 2 datasets.
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1. 5|8

B AR 1E A BB A AT S5 Y i i S 2 —, RIS E T Ca TR 2 i H . ik,
B LT AR ARTIL RS RA MR IR, EERERIEW IR DR S .. BIREG ST RN R— A«
Ml 4. MM, 837, @RS EMR, T TEERSERNR2] REKEB] RIEDRNA4]. ZE
HAUR[S] MR I[6] LA S FoAh ek . Bl HLAS AL DE A FE I ANTER N, IR BE 2 2 7 o4 B AR G R
T SR PR ks U R AR AR 1 3 P R R R

1E AR BRI, I T — SR IR ) i, EB A— W BOTERI BT R, —B Bk
£1F5 SSD (Single Shot Multibox Detector) [7]. RetinaNet [8]F1 YOLO (You Only Look Once) [9], 1XEE777k
T A EUE b B S (R AL B AN 2R K AT RS . 1] Faster RCNN (Faster Region-based Convolutional
Neural Network) [101/E SR PRI BT, HE PR AR S 050 FH X e a3 199 4 A R oK B e WA
S5 PR UOHE P PR R AR T R A 0 D 2 rh gEAT R I o b Ak, PR BT 18 B4 FPN with Faster RCNN
(Feature Pyramid Network with Faster Region-based Convolutional Neural Network) [11]. PANet (Path Aggre-
gation Network) [12]. CAFPN (Context-Aware Feature Pyramid Network) [13]%5. DA _EiX S5 EH07E H R
BATINTT AR 7 B3 R, AR X Se R B s ) B0 K EUE 218 2] 7M. T rE ik E G
i TR B AR EI7SREE, B B 1 s Bk RERMR. B mEE. MNRESH
ERSRE A, IX 245 B ARRIIT R T Bk

WEAE G AR 22 P 25 1t RE B AP S i, AT N SR T 2 Bl 7 VA SR A CR R SR A b ) E B i i) 2
TR 3290077 R R 2 T R AIE 4 - IR 28 SR BRUAS 5] DR/ B AR RRAE BT, A FH B A0 5 Do 28 i A )
HEHORA G A EZJURHE R o A2 EAT 34 FHE [8] VTIN5 A 52 9T L (Intersection over Union, IoU)E A5t 2k i i
W —FE T 7L, Bl X ToU 47 2% (Generalized Intersection over Union, GloU) [14]. FEE IoU #i %k
(Distance Intersection over Union, DIoU) [15]F1 %5 %% IoU # 2k (Efficient Intersection over Union, EIoU) [16].
HAT, 7R R EUR b BN AR AR RS H BRI 55 AT AR A B A PRV ) J: 1) /NP A R JR

DOI: 10.12677/sea.2025.142043 485 B TR S N


https://doi.org/10.12677/sea.2025.142043
http://creativecommons.org/licenses/by/4.0/

FECHE, KA

EUE AR G AE] 20 MEE, XMERESHRME T g X RS /MMEMHECHER: 2) BTHER
PRAAIRE, BRI H AR 2 H 224 2= 2 BOR R BTl £ 3 1 S BOR A H DUk skt ke s 3) (EFIFHRHIE S 7
BEXIAS FZ AR B AT RE I, ANFZHAVRHE A 2 R AR, 2 BRARARAAIE 46 - 28 I 2% IR RO
AT FRPUL X e e i, ASCHEH TA-YOLO #5278 (The network of information enlargement collection and
adaptively spatial feature fusion based YOLO).

2. FXEERZE
2.1. RBEGHINE

E KA YOLOVS MZEAEAFEARELL . 56T 28K G/ B AR UK IARF 2L, A SO 2833047 1 sk,
P 7 —Fh N TA-YOLO Ml X 4 o L IEAHE B2 (1) 2 Bt 73 B4E Conv BEH. C3 #5dk, ConvNeXt 5
H[17] 18 B¥ K% & (Information Enlargement Collection module, IEC)AR R BRIE 7 8] 4 7 AL AR B (Spa-
tial Pyramid Pooling Fast, SPPF). i & JJ# R (Coordinate Attention, CA). & 5 il (Squeeze and
Excitation, SE)F1 H i& M % 6] FF1E Al & (Adaptively Spatial Feature Fusion, ASFF)E . Conv FEHLXHRFE K
HATHER. fitE )7 — 1t (Batch Normalization, BN)FIHELE AR # . C3 BEHCR S 03 70 U248 ISR, 138
AL RR RS B AR AL R A TERFAE B, DA T R AR R ~F . SPPF Jd i 2 fe Kt Ak 345 1 3 AN R
FRAE R A DB Y B SR S2 B o FERT IV S0AL, SN o R ah s pe m A/ o6 TUARAS BT, 42
B S il B AR AR S ME S s il AT . ARG 1 PR

128%x128%x128
ASFF Detect

Concat

_UpSample |

256x64 x64

ASFF Detect

__CA |

512x32x32

UpSample

IEC [ SE ]
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Figure 1. Structure of IA-YOLO
[& 1. IA-YOLO Z5#3[F

2.2. EEREIIER (Coordinate Attention, CA)

o R EE A N BRSPS R R, TR A 2 HF R AR RO, IS HA B S AR
BUBER G ER TR REM S o B AR br i B A BRI ZKE, fE ConvNeXt FEHAIT —4>
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Conv BEH 7 [BIRIN T WM iRVE R i, DLESCGERFAE L& 2 A0 AN R 43 B R R B R)yE B I BLE 4B
2 JE7R T Coordinate Attention FEHR {7 2 1 g i 2

ol%:8%| Xavg pool Y avg pool PN~
ZhL\ Concat+Conv(1x1 ZW

l C><1><(W+H)

BatchNorm+Sigmoid
i /

! T
Cxtix1 | Conv(1x1)+sigmoid SR
gh\ lgw
CxHxW
.

Figure 2. Structure of coordinate attention

2. WEEENEEE

o, A x g CHIE. &ENH. FEEN W RIRHER . AR KRR TT 1) BRI OR/NH, 1) F1EE
BLARRRTT [ BN, MBI . S RE h [ ¢ SEIE KT g B o RIS O

2 (h) =%0§ch (h.i) (1)
5N w IFIETE K it i 4 R IA O
zcw(w)=i Z X, (j,w) 2)
0<j<H

TR, b AL RD 5 PN EIE i AR AE EIREAT Concat B4, FRE 1 x 1 KNI AL 52 2k
BRAFIE B RG22 BatchNorm JZ A1 Sigmoid BREUS, 7 A 7K1 F13E B 4% (845 B i H AR IE B 2o
N

f=6(conv, ([#,2"])) 3)

¥ E S O PELRRE /S 7 4022 IR 47 043, RS0 AL IR S P 1 x 1 257
VR SERIIEIES. AT Sigmoid YR B BN 0 I | TG, 1EHREEEIGNSH.
AR

g = O'(COHVh (f" )) )
g"=o(Conv, (1)) )
B, AANIFGEBE 125 A5 B A OB XN X AT IR, it Y ik
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v (i j)=x (i, j)xg! (1)< g (j) ©)
2.3. ConvNeXt &k

23 ZERINFR LGB Z I TR, “PUSE Transformer f# FH 437 H 13 & JJRFIESR B 7 v A
R IX— RS H P A BT . (ER SCHER[18]H 42 2] Transformer &7 Hi R U IR IEA R BN 42
HVERE R Rt . 3EF b, SCHR[17)124F 3 5% Swin Transformer F+2% ResNet, #EiM& it T
ConvNeXt fRtt,

ConvNeXt HRHTE ResNet 45 #)3EA_ IR T Transformer —S64JE & . ConvNeXt fRHe4h i) & <
3 Fion. fE ConvNeXt e, fFH 2] 7 KEFIZHFIRELEF, Liu Zhuang [17)56 AT 75258, i3
W7 ZRRDNRIER, ®EEIIRNA T = 7 B RS RS 5E RS FIRHIE B E 2 S
JREESAHR, AR INRHEE, HR X Pz E N2 &M@ E LA T B RIS B, TRIEA S0R
FAAS [RIiE T8 A AH [F) 25 (A1 B E AR AEMS 2., DR 5 24 Z s A (Pointwise Convolution) R iX £ERR-AiE
BIEAT 41 2E OB PR E I

d7x7, 512
LayerNorm
1x1, 2048
1x1, 512

Figure 3. Structrue of ConvNeXt
[&] 3. ConvNeXt fRERLEH

5j ResNet BEHUAH L, ConvNeXt L 1 5/ [¥) Normalization, EJAOREH 1 IR B TH f¥H —
b2 . 1£ ResNet H1, £ —A> Conv #HL)5 HARERFEE — N —1L)Z . ConvNeXt HEHLRHEL 1 F1 Transformer
—FEMIH— A, AR TR E A S . /E ResNet AR B Birfif A ¥ 5 — 46 7772 & Batch Normalization
(BN). BN 228 o 25 i i FH 38R, o] DU X 28 RIS SRR D il L 6. KT BN A V5 2 441 i)
A, AR SNSRI RE P AE SR . AR AT EETFR I T ZMAsEEAR, {H BN 152 K25
MBAESS I E k. 53— 71, Transformers 75 M %% Hh {81 F | 5 fi 5. [1) Layer Normalization (LN), EAN[H]
N 375 rh AR SRAR T RIFHTERE . [RIE ConvNeXt #iHu%i{j Tansformer #EfH H LN FEHUS T FH 471
PERE. 7 4L, ConvNeXt BLHUNHEE B E I8 FH )7 %% 2] T Transformer, Transformer 1 ResNet iz
[E] B — X 3l /2 Transformer (05 KU, 1M HAAH GELU R E#: | ReLU B#. iXFif4 ResNet
B ) 45849 5 Transformer 1) XU FH 25 & F A5 PT LR UE ConvNeXt A B EGAFAIE I $2 B R 7E ResNet
Bz Bit—SHE.

2.4. ERY KX&ESER (Information Enlargement Collection Module)

FEXT 18 3% G BEAT Ry, A e 4K TR 1) H AR R Bkl e — 0 EE B A, IR ARG
ERA BARCBEIRHE, SEUS B HILEE, MECLHIWT bR A%, iR e REE R I 2 . R
Ay MR R SO B TR IR R ) B bR R . ST, fd 4 R R el K S
FHZ AT BRRAEY KBZ B3 Ae R IUE 2 B R SORRMFIARIG B T Iz 7t, A SR RIS R
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F RGP IEC (S TIX— 5, Wit&diuE 4 B R,
IEC & — /N e BRI, HAam BT s B R 8 (Contextual Information Focus block, CIF
BHOAE T —MNREERM—NTIRESR, SRR N T7x7, FIGRNY kR EEN3, W

ARG T —2 MR, Hilt TRARGRSEOR, B IR 5 2 R T SN A AT 4 .

IEC =-—>-——>[ CIF block Conv2d
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Figure 4. Structure of Information Enlargement Collection module

4. FERI KRE/IERIEC

2.5. HIES B RIHER (Squeeze and Excitation, SE)

FE YOLOVS Har il 26 (1)K o, P SAR A Se3a M0t H bR ghAT R T . SR, Bl 25 R AAE I 1) 6 5
BN, EERRERRE, 2R ZRIIRER, XS B S5HAI E AR AL, RS
AR B Tk, RS MKAGIHEAH, N TR EZ R EE, 2P S5 uan
HARHRMERGE R R, & B S X (5 B s E g 47 b .

B 5L (Squeeze and Excitation, SE)J& — 42 &L= SIALH, 7T DATECRIE WX 2% (1) SE R PE (1)
[ HEFHAGE R, SE MEEL 4 A HF K (Squeeze) FIUTI(Excitation) B 555« 1 Sl i 5% 1K B/ E 3k 1542 Ry B G
fEs ARJE, AU ERAE R T A OB s d5 e IR B AR 1R 1R A DR AR T 1 B M
BEATRCE AT, X SR AR ARRAE AT AL, A e AN B IE4E S, SE BRIl 5 s, fE5E
BB, I REE EIEAT 4 R B A B A, CRARRE R ARy C < 1 x 1 [, BRSO AR R
:HlW;;u(i,j) (7)

NT RS ERETREGIMEE, 5T REATENEE, B SemRsEgonfRse R, it
IR AR RN

e=F, (u)

s=F, (z.W)=0(n(zW))=c(W,5(Wz)) ®)

T ER Y, 5 0% ReLU UGS W, eR . W,eR" " .
BB ERER RN C x 1 x 1 [MEY RA SN E A RN EEAT AT, 32X 264N [F (118
TE AT BRI E I H .
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Figure 5. Structure of squeeze and excitation

5. BREFEENRIR

2.6. BIENZEIFER A= (Adaptively Spatial Feature Fusion, ASFF)

£ YOLOVS 4, 7S AFRRERREE, (B8 T MW TRIES T4 280, A%
AR R (R ARFAIE P - TR) A A PR AN — B0 2 o A 00 25 PR 2055 = AR A TR S o 648 FH ARP I 8 - BB R 0 SR
FHIE 4 735 BRI B b 215 BB R 0SB, FERF ST S8 B AR, N B AR IS
EAARE R G RHE B S . FERHES T8 ST, W H AR RAEFEA 2 R B b 7 oo
TESEH, A AE At JE IR B, AH R XIBCR I 91 . R, SR R [R5 /N H R AR
Hir, HANEZHFAEEZ e = Ao, Xk o IR Ee 7 5 M £ 2555y, FRICRIES
FIERA R . — SRR T LR S SR W SR AL FRAX AN ) . SCHR[19] [201K5 A8 48 2 0 REAE B RS B
XA IRR L B B %, (EIXPMEOE AT RE 2 A5 A0 &0 2 JURFAE O N ROR A2 2 . STER211818 T 24 BA A
[F) B 52 B (1) 40 SCFH TN GRFIHEEE o e il o A8 FH AR AR 6 2 05 DARE O A (), 5 SO ek I B i
HERERRAE T, PR T /I B e I v A 12

AR T — Mo sia R 7732, FROY E I N 2 [RIRHE A (Adaptively Spatial Feature Fusion, ASFF),
e fift PURFAE 4 7 55 BT 7= AR AN — B0 R, 1% 07925 AT DUGHRRAE 4 7 85 Hh (R RRAE )R AT X 8, AR BE A IS

BATHS, BARSIE 6 .

Figure 6. Structure of ASFF
6. BiE M= EFHER SRR

XFRERHERFE, T YOLOVS FF I =ANZHMRHEEA A R B A fiE A, 7 25eilid
SRS AR HA 2 B R REAT B 5 IR R BN B R B 0 3, T ERPETTE, E 5B 1 %
1 GRS n JZRAETERA N 55 1 PR, FEIEE SR HE W T R, AU
K2 193 % 3 BRURIFIN S22 70 PR ANEE R 2R)5 FEEAT B IENE S, e T SRR n] IR T
e

1=/ ! 2—>l 3—>l
yy_a "X +ﬁ,, ij +7tf ij ©)

DOI: 10.12677/sea.2025.142043 490 B TR S N


https://doi.org/10.12677/sea.2025.142043

FAE, KIMA

b, xp ™ RN MARFAE SIS n SRR 1 B RHER BALE (7, /) A RORFIE IR &, ) FORIE I ]
() R AE WU B 5" REAE I B (4, ) AR RFAE A . 7E YOLOVS 4 fES A 3 NMER, %
nle[1,2,3]. aj B, y; 2 HMEE I &R T4 B KRFE B n SR BERI5 1 Zn 3E R AALE, H
Ha,+p;+y; =1 Hay, B, 7, €[0.1]-

3. SERuERsy
3.1. BIRESTWIFGE

DOTA [22 | $iffs S 2 38 Ui H 8t e, BA AR HARREE . J7 AR, By EE R B A K
b BRAN A E TR A B G RS R M 800 x 800 F 20,000 x 20,000, HH L 2806 5K f,
HitBid 403,318 AL HAx. DOTA-v1.S 345 16 425, 43514 Plane (PL). Baseball diamond (BD)-
Bridge (BR). Ground track field (GTF). Small vehicle (SV). Large vehicle (LV). Ship (SH). Tennis court
(TC). Basketball court (BC). Storage tank (ST). Soccer-ball field (SBF). Roundabout (RA). Harbor (HA).
Swimming pool (SP). Helicopter (HC)F Container Crane (CC).

MAR-20 #4423 ]2 H i AU iR OR BRI MR ZE WL H AR R B 4, BA MR, ARRS H
PRSI ZE SR/ AR S HARSEN 22 50 KIRF m o BR300 3842 FKIER, 22341 NS, 20 S35
rledE Al & A20.

NWPU VHR-10 ##54E[24]/& NWPU VHR-10 2&—A>) 32 F FRB UL Hbs Al i A s, o
& 800 5KIEE, LIt 3650 MRESLH, BEHEENHIR, LA 10 M3, 2508 KhHl(Airplane).
LM (Ship)~ fi# v & (Storage tank). #EEk3%(Baseball diamond). PIERIZ(Tennis court). ¥ Ek3%(Backetball
court). M423%(Ground track field). ¥ (Harbor). #Z2(Bridge)f17ZE4%(Vehicle).

SCIGAE Windows 11 REGE NI4T, A (il HIAOURBE 27 SRR A HY toreh2.0.1 RRCACH) Pytorch HESESE
L, WML GPU Ky NVIDIA GeForce RTX 4060, FrtfH %474 16GB, Cuda ffiA N 11.8. CPU Ky
Intel(R)Core(TM) i9-13900H. #J45%>) K By 0.01, kAL 200 %, batchsize A 8, Ik AP
mAP PN R FRHEAT I -

3.2. W IEER
S5 K B PE A 78 bR O ORS 2 (Precision, P). 4 [8] ZE (Recall, R). 1 ¥4 i 4 {H (mean Average

Prescision, mAP). “T#J4#& 3 (Average Prescision, AP){E NiEfEFaHR, H5HARUIF:
TP

p= x100% (10)
TP + FP

R=—"C .100% (11)
TP+ FN

AP = || P(R)dRx100% (12)

mAP = L3 AP, x100% (13)
n =i

Hor, TP 45 16 HARTRIN OV IEREAS, FP WS UK AR AR TN OV IEREAS (2, PN iR S br H AR
e, n ORI RIS, AP JyRE— RS T IAE AR, mAP Y FTAT S (T 2 A

3.3. XFECiRIE
AT AEARSCHIERE R, A ES L 7EE B B bR s s g kAT b, R 1-3
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R ARAE 3 A EHE AR F R TERE L.

mFPEIE AW, AR IEE 2 AN EEE FERIE TR atERE. 2, 7 DOTA BE4EM 16
R, ARSCTERAS T 8 M 1) mAP, 54 L] Faster R-CNN #H b, AT iEMRE BRI T
153 ANAES AL Rl SV A SH ARG, 40 nl5e Tt 1 40.7 N E 70 508 547 MBI, BRI T AT
JFAEAG I MG R H bs 7 T A RYERE. 7E MAR20 324, ATk HI# T Faster R-CNN
BFT 7T AES A, VAR AR B S AR A M X 2 AN A LR H bR, X433 T A SO R KT (K
FEFRECAE A7, UEH] TR TR A PERE . 72 NWPU VHRI0 $dE4E 24, A9 Mask R-CNN 5
H T 152 NE 2 A harbor BAIIR T NS, Z2E R BARK SR, TRARBEK, XU A SOy %
K 7T LR H AR A IR e, 1 FAR M DL G iz i ) H AR, S RAE .

N TR PR AR SO R A Rk, SREexT 3 AN AR SEIAT 7ML, SR WnE 79 Fros. 1R 7
HRT DU I, RS 28 R BRI BRI 20 B AN B R (R B H IR, AR R vk RS I S H bR B LT
TR, USRI R EUE T /N E AR BRRAE YR 2 R Bl A B B A i . 7R 8 b, T
X FEARFEA AR AL, AN SEAEAT JCHS B P/ [0 A1 00 22 558 BB R AT 4325, BB AR SC IR 5 i e
FEATH AR IR H AR A OGBS, B T B T s 3 R IE S B S8 . 7 9, A Em
/N B AR, e RS TE TR B 03 1 E bR BB, A ST 77 1 R 05 [ B 4 X s 4 SR 0
K, 1A R AR SRS o] LLFE 43 R B R ME 2R AU B TR 5SS BoRAR B H bR 00 S48 58 . i A 5
INARTE B A%, BV R AR T AR A 1, BT DL o B 45 21 4= 30 30 FAr B ORRE A

Table 1. Performance comparison with different algorithms on MAR20

%= 1. TEEETE MAR20 HiBE FRIXTEE

25 RetinaNet FCOS ATSS Faster R-CNN IA-YOLO
Al 70.7 71.1 69.9 79.7 81.6
A2 82.1 79.4 83.7 81.6 93.9
A3 45.7 67.1 70.3 84.7 923
A4 46.1 46.4 50.2 72.0 91.1
A5 70.4 65.1 59.1 75.0 76.4
A6 76.7 84.8 85.1 88.0 96.9
A7 50.7 72.1 82.6 87.1 94.8
A8 81.2 83.3 80.0 89.7 91.0
A9 50.8 80.5 84.4 89.6 88.8
A10 88.9 84.5 90.0 90.6 97.2
All 36.2 57.8 61.4 82.5 85.7
Al2 77.0 71.3 82.7 86.4 87.2
Al3 62.7 58.5 68.1 66.6 82.7
Al4 71.8 753 78.1 85.8 92.1
Al5 25.6 33.8 40.5 45.8 59.3
Al6 85.0 83.7 87.0 87.8 91.8
Al7 85.5 87.1 89.5 90.2 953
AlS 27.9 38.6 36.1 54.2 67.4
Al9 68.1 69.2 67.7 76.6 80.3
A20 77.7 66.4 77.5 78.6 85.8

mAP (%) 64.0 68.8 72.2 79.6 86.6
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Table 2. Performance comparison with different algorithms on DOTA

2. FNEEETE DOTA HURE FRIxttl

5 PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC CC I?ozf
SSD 78.1 38.6 145 274 135 39.5 30.6 81.7 42.0 437 20.7 33.6 469 393 304 0 363
FasterRCNN 70.0 63.4 555 633 22.7 445 325 813 684 369 57.6 49.8 59.1 551 515 169 518
YOLOv4 852 61.7 32.6 352 37.0 640 79.5 883 556 64.8 344 542 69.8 585 67.6 0.7 55.6
FPN 78.6 70.1 55.1 68.5 23.7 454 403 86.0 694 464 61.1 562 59.5 645 683 244 573
PANet 859 74.1 515 645 277 562 584 89.6 67.0 613 634 592 679 734 713 7.6 612
CDDNet 814 747 553 70.1 253 515 492 89.8 714 533 656 582 699 604 713 32.7 613
HCENet 794 76.0 64.7 745 244 48.6 434 89.8 74.0 50.0 66.0 63.2 70.1 66.6 68.7 33.1 62.0
IA-YOLO 90.6 729 49.7 557 634 81.0 87.2 939 639 79.8 470 644 772 717 62.0 13.0 67.1
Table 3. Performance comparison with different algorithms on NWPU VHR10
% 3. FRIEAAE NWPU VHRI0 $#E45E FAxTLE
25 Fast R-CNN  Mask R-CNN  RetinaNet FCOS CenterNet SGFTHR IA-YOLO
Airplane 78.0 80.8 78.1 77.8 75.9 78.1 99.1
Ship 66.3 67.0 65.6 66.8 65.7 67.1 85.5
Storage tank 84.8 84.2 84.8 85.0 83.1 86.4 91.6
Tennis court 76.5 87.7 66.8 81.7 72.7 85.8 78.1
Basketball court 433 457 44.8 40.1 43.8 46.1 60.6
Ground track Field 86.6 85.7 88.7 87.1 86.9 87.4 99.5
Harbor 36.6 36.8 35.6 37.5 354 37.9 90.5
Bridge 49.0 47.6 52.6 49.5 48.5 50.9 72.2
Vehicle 79.7 76.9 68.8 87.3 72.8 933 86.7
Baseball Diamond 95.1 97.0 96.8 94.1 92.5 97.4 60.6
mAP (%) 69.6 70.9 68.3 70.7 67.7 73.1 86.1

Figure 7. Visualization of detection results on the DOTA
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Figure 8. Visualization of detection results on the MAR20
8. MAR20 BURE R MILLER
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Figure 9. Visualization of detection results on the NWPU VHR10
9.NWPU VHR10 BURE LR

3.4. jHRASELE

N T IR RN DTk, SCE o B A SRR R AR T 4 S, /E DOTA $d 48 FiltAT
THRSEEG, SEIRES R 4 R, AT TE LT mAP@O.5 &5 1 2.5 NE . CA BT
AN 3 H 2 (R AE B B R U I, BRGSOV 4 R 2 [RVRHAE 1) B 4y, @k s Akt H bRl Ak
PIRFESREG, $2TF T 12 AN2ERA AR mAP B, ULBH T MBIz FPE. R4 4N\ ConvNeXt H
HejE 255 BD () mAP 8 F+ T 43 ANE 4, 85 HC 3274 T 6.6 NE 4 s, Ui At i F e 5 38
B st — € X 7 BER B AR BONBUS . i IBC ik, BIAGRINE| T EZWELERER, ¥
O HA 1) mAP T T 1.5 NE 50 A Ul B A RS 545 2 T R TAar G 58 LU ORI H A o % 2800) SP
XL S AR Gy R H AR, TEC BHen] ASE b A A bR SCE BRIt B AR g, K30
SP ) mAP fH#Z = 3] | 72.9%. fE SE BHPMERTT, J&h CC M| HC 1) mAP 7347 1 6.52 1A
rRA93 ANE . UL E 4 AMBUELL, FEZRANIN ASFF 8BS, A 7 NEAIEUS T 5 1 mAP.
Table 4. Module ablation experiment
4. RPUHRLSLI
M9 PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC CC mAP (%)
Baseline ~ 90.0 69.4 456 493 622 81.1 87.0 93.0 624 78.1 494 637 772 715 529 036 646

+CA 90.5 723 484 542 625 80.6 87.0 934 63.7 79.0 533 659 779 729 568 059 662
+SE 90.6 725 49 537 623 80.7 872 93.6 63.5 787 550 655 782 689 622 688 668
+ConvNeXt 899 73.7 48.6 50.6 624 805 86.7 93.7 622 78.1 50.0 63.6 77.0 709 59.5 037 655
+IEC 904 72.1 469 547 624 80.8 873 93.6 62.6 788 55.0 613 787 699 545 6.09 66.0

+ASFF_Detect 90.9 713 48.0 528 63.1 81.7 873 93.6 643 80.6 503 66.2 77.5 704 65.0 148 66.5
IA-YOLO 906 729 49.7 557 63.4 81.0 872 939 639 798 47.0 644 772 71.7 620 13.0 67.1
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Figure 10. Comparison chart of test results (a) Bounding box; (b) Baseline; (c) IA-YOLO
B 10. #MLERITEEE (a) EEIE; (b) BELT5E; () IA-YOLO

SO T SR AL S 35K FE A (mAP) T e 1] 11 o, 14 12 B 7 ook A A AL 1Y) PR HITZR ],
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Figure 11. Performance of the model before and after improvement
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—— plane 0.900
—— baseball-diamond 0.694
—— bridge 0.456
— ground-track-field 0.493
—— small-vehicle 0.622
large-vehicle 0.811

— plane 0.906
baseball-diamond 0.729
—— bridge 0.497
- ground-track-field 0.557
small-vehicle 0.634
—— large-vehicle 0.810

ship 0.870
tennis-cou t 0.930
—— basketball-court 0.624
storage-tank 0.781
—— soccer-ball-field 0.494
roundabout 0.637
—— harbor 0.772
wwwwwww g-pool 0.715

ship 0.872
—— tennis-court 0.939
—— basketball-court 0.639
—— storage-tank 0.798
—— soccer-ballfield 0.470

—— helicopter 0.529
tainer-crane 0.004

contain 0.130
= 3l classes 0.646 MAP@0.5

ol ane
= all classes 0.671 MAP@0.5

Figure 12. PR curve of the model before and after improvement

B 12. piftRIRREAE) PR #i%k

Table 5. Comparison of model performance before and after improvements

5. RIERAMEREELER

{5 I7v mAP GFLOPs Para HEHE I (7]
Yolovs 64.6% 16.0 71M 11.6 ms
IA-YOLO 67.1% 24.7 123 M 15.9 ms

4. &g

AICHEET YOLOVS M4, $&H 7 —FH TR Hbrkaill ) IA-YOLO M4, 7& DOTA ##i4 I,
ZMZH) mAP@O.50 IEE] T 67.1%, FHET R4 YOLOVS #8, $2FF 7 2.5 NE 40 . AR 3 E 5T
BRUWTF: 1) fEHTMEF, ffH ConvNeXt ] LLTE 47 3545 B Fr b (AFAE I b i L6, ik
BRRZ AT A KRR E SR IR VG ] (015 I 2 1) 23 R e 70 SE i, DLMOR B E B 4 B AR AL A1 S . 2)
T8 B A /N BARAT B RIS D, AR RYE, BE R RE Z, XA EE
BIEA G B ER SRR, WA JI(CAYRT A BN 4 EZ 2N H bR, Bk A EEEEKR. 3)
T TE LRI B AR, A SCH T RGBS BILIEC) Ed ™ KGR a1 [k, 15 (a2 5
T EEIE R R E B RE &, RoFHABEREGOENFEEN LT OEUER, [FE5E5 L
SN T4 BARRIA S . 4) EIREE T KBRS/ BAREIR/NEIRE K, £2 REREG MBI 2
ERPR, N T ORIERHIE G R ROR, 2/ AR 78 T IR, AR 1 B 3 N 2 R fE
P (ASFF) R BRAN R )2 R AE B TR b 5%, B b/ H bR BVRHEAS B K B ARG B . 5) TR
JE 5B PY(SE) 2 AT A HAx, S9401 SIAB I EIR, ol 7R SR .

5. RE
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HESE PRI 25, A P e e AR T DA S 25 i 2 1 BB b EAR BRI R AR, #E SRR AR id T LA B
SZ N AN T ORAERRL SR O HARE B RE ST, W AT 20 B0 T4, IR T EERY
Bl 2 A Bt g 0 0y 3, BRI ZRIE R 1 2 A1

E&WE
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