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former SR HE AN [H] 43 B R YRR IR AR B LAY RAEFEAR B RAETE . HR  # d—Fh T 09 A5t (9 45 (Spacial-Feed Forward
Neural network , SFFN). SFFN ¥ 3 x 3 TR BE W] 43 B & R R0 25 (B et A 22 12 I8 HIML (MultiLayer Perceptron, MLP) [ 4
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Anchor-Free Transformer Algorithm for Aerial Remote
Sensing Target Detection
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(Hubei Provincial Engineering Technology Research Center of Green Chemical Equipment , School of Mechanical and
Electrical Engineering , Wuhan Institute of Technology, Wuhan , Hubei 430205, China)

Abstract:  Aerial remote sensing image targets have the characteristics of multi-directional arrangement, small, and
dense. The rotating target detection algorithm based on deep learning has the problem of poor detection accuracy. To solve
this problem, the article proposes a novel anchor-free Transformer algorithm for aerial remote sensing target detection.
Firstly, hierarchical Transformer is used to collect feature information of different resolutions to improve the range of fea-
ture information collection. Secondly, a new feedforward network (Spacial-FeedForward Neural network, SFFN) is con-
structed. SFEN combines the local space characteristics of 3X3 depth separable convolution with the global channel charac-
teristics of multi-layer perceptron (MLP) to solve the shortcomings of feed forward neural network (FFN) in local space
modeling. Finally, an anchor-free detector is built based on SFFN architecture, and the regression problem of prediction
frame is divided into horizontal frame and rotating frame, which alleviates the loss discontinuity problem of rotating frame.
The test results on DOTA dataset show that the average accuracy of this method has reached 75.83%, respectively, while
achieving 92.47% of 5 small targets on NWPU VHR-10 dataset, which is more competitive in remote sensing target detec-
tion accuracy.
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WA T AR # A B ARG DU SR SR, H i i AR
DCNN H A A5l 77 7% , To i & 5B Be i 75 ¥ (4n SSD
(Single Shot multibox Detector) . YOLO (You Only Look
Once) Z& %1 .RetinaNet (ResNet+FPN+FCN W % ) ) , if 4
Faster-RCNN ( Faster Regions with CNN features ) UL M 7E
HELRE 319 Cascade RCNN 28 o B 7 1, R AE
T8I H ARG | 3k SIS B R P TR R
LG LA = (1) — B PR DA PG 4 T o o7 R £
RRAE , 7 328 S PR 0 HE 51 43 A AN 2, 3 DA A ~7 T A A5
U 5 (2)H LY 2 R FRE 4 5235 N 2% (Feature Pyra-
mid Network , FPN) " 7 [fii % H A5 )X 28 4k 1 Bl 85K 1
T RIS MELATE AL R 2 A3 SUE B (3) 18
JEENZ h B AT R /N B AR RS 2T RIS
FEIEAE LB

R R — ), 9N GUAR 4k ) T RRPN
(Rotation Region Proposal Network) 7', R’CNN (Rota-
tional Region CNN) (8] s Rol-Transformer"”’ s SCRDet""" |
R’Det (Refined Rotation RetinaNet )t 25 8y = 52 9§ i
S HARBYARIN . SR, X S8k F T H B AR 1
T 1) J v SR UM A7) B2, 2 1 3 S R AN i
P, S E A AR BT TSR . 1 RS L A R
53277 20, 2R FH RV b5 25 4 B 53 A eR 8K, 2 1
FBHOEN A E L) R

O’DETR"™ 2 & ¥4 Transformer IV J] 5] 18 2% 514
JE e ARSI b AR AR R T B U )
JOF P B A S 00 2 ] B P R B AT A3 s R A
Transformer T 19 1E & ) *JLﬁ?'J“‘” , B4 T Transformer %
ZRPERHERY TR 248 32 m 1T HARGIIRCE . Tk
W82 N R — b TR B Transformer (38 B ERE H
BRI 7779, A K-means 5392 B g i 452 RORG 350 T 1)
FARRFE . BLALJE S5 A 7 YOLOVS [ 45 Al L
254y Transformer 5 CNN 2544, [R] B (s FH A A ] ¢ AiE
& FIE ML BE XN H bR R BE

Transformer [ H U35 A TR @ B 25 H bR il -
BAREUS TR B BAREAE LT A2 - (1) Trans-
former [ 7 2 3 ML A7 A5 AL B A A2 1 47 Pk, 25 R H
Transformer {F &y 3 1 9 4% , W] B 5 4 7 5158 4 55 7
TR T EORIRY 1 52 2% BE R T RGN 5 (2) S AE A 2 A
TEAA 0 S R AN S, 75 25— FhIH B il A i 2
PR IT R

Ry e b R ), AR SO Y — D e R H ARG
I B JCEGHE Transformer B4 . 15, 2K FH LA Transformer
AL T kG T DCNN & 22 . e ah, & X H br
2 RUBERAE | SR T2 IRA B E DL 43 SR B AN [ AR
FE NI KRS SR EEJEH . K, 5t —Fh

B B A 5 A 25 4% (Spacial-FeedForward Neural net-
work, SFFN) , ¥ 3 x 3 VR £ 1] 4325 4 P ( Depthwise Sepa-
rable Convolution, DSC) Fl1 22 )2 J& 51 £ ( MultiLayer Per-
ceptron, MLP) 25 G, 76N T5 BB G i, - PRE AR 7
S AL RTEE T |, i JERT 5 N 2% (Feed Forward
Neural network , FFN) 7 J&) & 25 [8] @A AN 2 49 0] 20 . f%
J&i , 3T SFFN e84 E TC A AE K2 25 (anchor-free ) , 7E
IR 2 HE 5 30T 7K - I [ A A P L2 Mt e e A 320 AN
HESEL I []

2 AKXFHE
2.1 ERMEHER

ARSI LR S HEZR N 1 T . i 45 2840 &
32 i Backbone, Neck Fll Heads = &8 7 4 5 . & 4%,
Backbone i 5t 3% FH J2 WX AL Transformer %} &% 335 17 45
E 45 B, DR AR 1 2 0 PL Y 3 53 5 2 B ik A T
DCNN & 24 1) 25 1 . FLUK, Neck 45 14 3 o8 i 152 11 11
SFFN 25 k4 355 T B 0 2 SRR (S B, & % T FFN
25 (6] Jey B AR BE 1 . B, Heads 5 44 5% FH JC 4 HE /\
Z: IR H Ty k0 P AT T ARSI, DA R AR R
Yo REE G 00 4 45 A 1 52 2 T O % 7 E e A 1) RO
i S )

2.2 ERUETFHE

Transformer H AR il /4 28 K 2 HR AT 25 &KLY
WA B R T R b, R A 5 BER
K, AR/ 4, 1 Transformer H AR A IS HU4T5 >R
[ 52 K/ (16%x16) FEI15 43 #1375 (patch partition) , 13X {45
RITE N R Z R B BAs 095 AR/ Ak
WA Ty BRI R B AR

AT F Transformer 4= F2 48 K /N [ 52 1 B % 43
el RZ A Ok i UM NNE R NG R G R AN DN S K <S5
W, A SCH A AR /N CHxWx3) 1 T 43 5 A (4x4)
KNG, IF 0 e A R B4 7 (patch embed-
ding) 1.

BEXT A H AR, AR SO i R AR A R B
Transformer 73 B 4 AN [F] 53 BEZE 0 )2 9, H H 02 47
1iE 4 T3 5] A Transformer HP, DT A2 1Y 22 R J% 32 1
FH T %5 48 H AR R ATE 55 . EHSARAE 73 BE R N5 1
BB AR BRI x <G
i€{1,2,3,4},C,., KT C,. WA 24540 52 i 45K 4 [
RS AS [R] (04 1 3 o R, AN )2 22 ()R
P4 It (patch merging) AT T RAFARAE AR /N3 HE 3
3 3 T A R S A A 1 R Ak B e EE T
HKIE 2FN .
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PR FREI 616 n B
H17 H2) 302 a2
HxW %3 E & &
" % S % - % ) % o
ARG > gy — % BED B BEL o4 BESD o4, BES
it =] & =
[ iy
M = * * ¥
X8 x4 X2 x1

K2 ZRAEE ML

2.3 FENERT

& 58 (1) Transformer 5% ] 223k B 11 28 S AL AL,
€1 F5 scaled dot-product attention A1 multi-head atten-
tion" ", i K B B AR A5 L RE ST = L 23k AL

Tl AR A (& 3) A0 3k U9 B 22 X 2% (Recursive Neural Net-

work , RNN)AHY . HFALunT .

K'Q
d,
MuitiHead(Q, K, V)= Concat(head , - -+, head, )W* (2)

Hoh, QK Vo5l J2 & i) m & 57 4, 8w i)y

F) FlAE m i ¥ 51 (Query, Key, Value) ; head,=

Attention(QW 2, KW X, VW, );\/d, % R BEAT 46 3 , ik

4 softmax AY 45 FAE ORI 1.

3w, 7 B g i (position embedding) | £ 3k 1 &
47 .FFN 20 5N — Transformer {£ & B CH: . 23 H
T I LRI R AR 1 FH v 75 S A A7 18 G 50 A A o i A

Attention(Q, K, V)= softmax Vv (1)

ML EAR R, W s 2 e Sk 28 e BT SUE R I H
FEAESR TR TCAY TN R A fR 330 2R B . Ry ik ok
X —[A) i, 5Z TR BE AT 73 2545 FH (Depthwise Separable Con-
volution, DSC) 5 Twins-SVT i3 & 1 HLHI Y S 20l V'Y
A B 7 ML 4 3 X T BT a0 S W AR ekt TE R )
HAITESH A 4 s
2.3.1 ERFREEEN
X BEA SRy R T R D BRLIT VR N4 Ja 1 0 J2 T AR

FIE AL A9 52 2% B2 L (H3Z07 v 23 I [a] 14 5 2% i 4%
TNE] O((k, x ky x m x n)* x d)), B8R 47 F RAE T &
(Global Sub-Sampled Attention, GSSA) J7 % , il i sub-
sampling PRECKCRE AN 1 7 (R B+ 42 Jm i 2 i )
(HZWZd

ki ky
T, m Fln R BB T (mxn) T8 H Lk =
Him ,k,=Win.

(21]

2
BB 61 2 1350 O ) hk, HIVd
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K3 2R ot

K4 ARSCERS I

GSSA B iy gk =0+
Fe=Q0(p(K" V) (3)
f;z;:(qabRCT W (4)
o, p Fm X 847 53 590 i softmax I3 —fk 44 5 V
FRTE Value FHE B (a, ) R 2 s [F—51 LHCL &K
BERHRE (L2 8 L/2) , FERSE S (L x dout); RF /R
G0 LA 25 [ B8 1 27 > (0 AE L B A AR B 5 g ol
Query FFEF (a, H)IR Z S 191E .
AR SCAE R0 BR824 187 b R X 3 (R B 1A 7
ZyfRp >
K'=Reshape(N/R,*,C-R,)K) (5)
K=Linear(C-R,%,C)(K") (6)
Ho K e 5 B K I 4EECH NI(R, - C)s N5 1~4
2, EHLR B R At OV ) FEARE] O(N?/R,?); R 1
HoH(8,4,2,1].
2.3.2 SFFN
H T PG B G B B ) P AR e 1) 43 H0 R KN L TE 43

JE 5 HEAEET T EEX o B g A A TR (H X 2 S B0
JE )R 24 AL 55 Transformer H 4 % 25 A gt AL 4% v 45
— BB 5 — > FFN, I ReLU sRECHLTS >
FFN(x)=max(0,xW,+b, W, +b, (7)

Horr, w RV W, I ACE R R, b, F1 b, Ay 1)

Ry i VAN G B T A ke B A2 2, DL & FEN gk =
Jey B A [A] AR RE 1, AN SC T T SFEN, i i J2 IH— 1k
(Layer Normalization, LN)2¢ K B RFER 7 20K FFN
M3 x3DSCAHZE A, LA & e JRHae .
JEW] 43 B G PR A 3 38 B 5 BB AR R A PR 43 .
e 3% 3 3 A B A B A RRAE T R — S, T
1123 a) R #7385 # Transformer AY H 732 AL 5
MZR R G RGP RN E Lx 1, Al #E T Y
AL, SFEN P B PR AT AE AN S M A5 P R ) I O R
R e R R = = S N i 0 1 R RN s = = AT
A— K il patch embedding (14745 ) 138 38 {5 2.2 9
ARG A RN R 1 25 Y SR BB AR AR, Sk e T
DCNN (45H 52 24> SFFN BIZEFI U 5 7 78S .

|

3X3TRIE
T 43 85 4 A

Z R R

FEH—

I

5 SFFN %5t

Hrp, | SRAE R H PixelShuffle J5 4, J2IH— k1 /E
FH X ] — AN FE A A4 AS ) 8 R A7 05 —fb b 2. 205
— Ak — AN 57 T batch size BB FEARUR AN &5
Wi R 2 IE— e R R

h:f( £

o +e

~(a—,u)+b) (8)

Hrpr, o flph LN IH—fb G it it 0 9 LN IH—L 5 1Y
H ; g 125 (gain) 5 b N & (bias) ;& R AETE I LA 1R
SR ST
2.4 FHEIERNZE

JE % H bR B AE T A, #78Y ) Transformer 32 22 7
I 7 bt U Y T E R A AR, L A K i
SR B AN 3 T R P 4 AR [ )

AR SCHE T A 3 ZRAE AR 5 4 (Adaptive Training
Sample Selection, ATSS) i IEFEA i BEHLHI , K H A=
BRI R BRGNSk K 8 A AT [ 0 [ LA £ 32K
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EE 2023 4

R T S HE 57K AE L e e AV T AR S5 ) K P AE T AR
HYEE A T 0.95 B, [ 28 A1 I 7K SAE . A Sk 2544
miE 6 s, Hor, 732003 FE AT HbrW A B AR
S5 2E, 1a1JH 43 S H T PO HE R /N5 A BT
ARSI FEHE N SHOE U R T A e 5 1
{ﬂl *Eéﬁmr“m i BE AN R A0 Bbox 7K SEHE Y 4 4 5] )
X8 NSHENIX, Y, H,W,a,b,c,d],E XL
ﬁjﬁ@ﬁ,ﬁ AR R HES 22, AR 7 R

5353 SRz
SFFN
2 55l )
Bbox Jiiil]
SFFN
Ji )1 43 3 £ FE T

K6 Al k2t

7 T R HE A\ S Enl I vk

2.5 MKREHIFIT

A SCIEAE Transformer A9 HE 22 X128 J8% i 15 R 5 i
T Bbrk, Hbrk g5 LR — N TFmES. BT
PR o 6 B2 (A, AR SCiR T By A8E A8Y 1%) ZKCFHEKE SR FH CIOU
PR BSCR AR R 4 % bR (R B 2). CIOU i 2% pR BT
DIoU Hy5Efil E38 i T 5 S i R 1158 ge g ik — 20
Hb bR S5 A T BE O I 8 TR, iRk

AN
LCIOU: 1 _IOU(A’B)+p2 (Actr ctr)/c +av (9)
2
4 gt w
v= = arctanﬁ —arctanz (10)
v
S 1
= 1-10U)+v ()

Horpr 2 (10) A1 (D) 43 5% W 28 (9) Hh K T AR L S %L
v R B o TR A we RS 31 e s ELHE Y

GG 5 w AL R 235 278 BN 4 S RS

©

E8  CIOU R R ik

TR HE MR FH L, M R A8 2 BREC L, BT 8 S8
WL AR B0 2 50 = FE O3 (1) ¥ BUHE Y 4
ANTG ST 51 Bl — A7 E 5 (2) PR T AE T50 8 1) It
JPANAE 5 (3) 4 FHUMIAE 1) 4 4> T8 396 ) 4 3% B — S
WCH A R IMEVE R R A, B

3
z(‘x(ws)m_xj + J’(i+3)%4_y,'*)

i=0

3

L, =min 2(|xi—x:|+|y,—y,-*|) (12)
3

izo
* *

z Xy — X |+

-0

Vi Vi
T x, Ay, 43 0 37 TOSEAE (R 55 0 AN TOS RN S 2 42 1Y
5510 2 6] Y AR A 5
ARSI RECH

1 N
:N’;tn t(} z

jel{X Y. H W,a b cd}

LregO (erzj'7 Vn}- )+(1 - tO)

x z ng(V2 V)

je xth
+N1r;Lcls(pn7tn) + ﬁ;LregO(Oi’on) (13>

o, VAR 2% 77 A R HE A B e 5 ¢, A PR B, 7
B0, e, 55T o) AT 5, M, F T 1A AR
T 1, WA WA, 358 0F 1, X, Ry 0BT AR
F LT T A HE 5 B KFAE B 6 LR T 0.95, 11K
SEHEIJR L e, o LI TR R HESS % 5 v, AR SR T
I BEREHE 8 ZH A 2 5 v, AT T 14 7K F-HE 4 2 KD
Pt s W, ARR LB A% o 5 0, AR FAR B2 5 p, 2
Z BPRE TARZESIESE ; 0L B0l 75 ) 5 0, R SEPR
1)L A, 5 A, A R R0 R R B A, BRIA
{ELA 15 Loy IRFR L, 400K B L, ARFR CIOU 152K R
B 5 Lo A8 B ARSI 43 230 2 R B, 8 F Focal Loss;
Lregofﬁijﬂﬁl [0l 3461 % PR, /3 FH Balanced L1 Loss.
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3 SR EZERSH 3.2.2 HBRSRLE

3.1 HBEERIWEE
3.1.1 DOTA

DOTA %3 45 th A5 2 806 W fifi 25 K 4% , o &
188 282 /> FH 7K -4 I A A e % . [l A A 2 1) S 451 H
bR . DOTA %4 45 h 09 XF % 28 5 2 5% scilk [22]. 7
DOTA i 4, YR | 56k 4 A 4 1 (115
O3 R BECE SR G 172, 1/6 Fi 173, o RSk R g R
SFARTE 800 pixelx800 pixel 2 4 000 pixelx4 000 pixel Z
B8], — M2 L 10~50 % K 19 Hbr /N H ¥R, DOTA %4
/N FR & HEIA 57%. HIE, £ % DOTA $ds S 17
W3 s HLA S B i AN
3.1.2 NWPU VHR-10

NWPU VHR-10 /& —~3k [ Google Earth Fl Vaihin-
gen B0H A0 28 36 5 ARG T BdE 45 . XA B SE AL A
650 kA A AR IC A EUR . B2 REAR R /NT DOTA
B IREAS . NWPU VHR-10 504 42 JL P 1% A4 T A
/NF 10004 ZE ) Hr . X 28 HERBE 7 10 2 Al. |
HL(PL) A (SH) % HE (ST) BBk (BD) | M Bk
(TC) . fE BRI (BC) | M 1A] 138 (GT) Vi 1 (HA) (A 42
(BROFIZEH(VH).

3.1.3 ERINRES5SH

WH R R RE WM BRERSE N
Ubuntu20.04; CPU 4 Intel (R) Core (TM)i9-12000K ; GPU
7 Nvidia RTX 3090 Ti; 2% > #£ 42 % Pytorch 1.7.0,
cuda 11.0.

AR DOTA E40 5 5255 v, i AL R K/ 800
800, Bt K /N 16, %F R T AF R I 25 16 5k EZ . Y
k52 K (Epochs ) B KA 500 VK ; 91462 ) % 4 0.000 1;
FUE N 0.000 1,10U 4 0.1.

NWPU VHR-10 £ 4548 52 55 v, R IE SE 50 PR BE 11
— 0, S ETHE AT B KN 451258
(Epochs) S 00 300 1K ; 9] 1R 27 > %6 4 0.000 1; K 5
WM 0.9,T0U 4 0.1.

3.2 XWERSWT
3.2.1 iFrigtr

R T U DT B A ARG I AR AR SR O 8K
i3 (Average Precision, AP) . X {H ¥ ¥ K5 F (mean Aver-
age Precision, mAP) AP 51 g A 0K

FEXF DOTA Fdl 4 i+ AR

1
AP= [ Pre(Re)d(Re)x 100% (14)
0
15
> AP
_ =1
mAP= ST (15)

Hodr Pre WHERGH ,Re A A %K.

R T I UE B ik v A% AR B A R L 2 Ak
Transformer Stage (STS) e | SFFN #itk | A & CIOU-L,
R R C-L, ) BEHRIEAT T I Bl SE s . LI sl Rk
LR, He i b e R

Hi 26 1 AT AL, L6 RN STS B H I | 33k i 49 {5 F
Y H5 BE N 69.20% 2 75 5] 70.26% , STS #5 He 2 it £ |2
FEAE D4R ICE & RRIE MR 2, A 250 58 % 38 2k KR B
FRG IURE BE . 76 LU SRl BV TIN SFEN J& |, 38948 - 44
BEE— 4R T 3.16%, SFEN 858 ik b T 14 45 FFN
B Jey R R AT RE Oy, B T A Y R R A B
JG IS IN C-L,, B S Bk B ¥ E S YRS A 3
75.83%. C—L, AHAF 4 T BEHE (1) [B] 05 [m] 251, i A A 5
IKVHE B 4328 1 E % figt 1 A% B0 53 A7 16 I 3 RO i
SR ) L

F1 AR EELRE BRI

STS SFFN c-L,, mAP/%
69.20
v 70.26
v v 73.39
N v v 75.83

3.2.3 CE@RtEk

ARSI S B 5 M e Ry e BRI gy 2k
HI (Rol-Transformer(2019) .O’DETR (2021) . # ifi Trans-
former(2021) .PolarDet(2021) #1 RS-Resnet(2021) ) 47
PO, DASRIEAS SCRVE R DR 2 . 3R 2 45 1 AN [R5
IEAE DOTA Bdla e b 15 2RI RGN 25 L R 3 A T
ARV BT % DOTA Kt 82 i S0 T S4005 B 5 A e
4RI WA A LS RS-Resnet BB K /N &
FEI £, oA R £l Ay e KA

H1 26 2 IR, AR SO A 22 R B A0 A A &
R IX DU HbR R 1 BB/ AP (. 5340, 1E/I
RYZEG 10) AP (AR T o . MR VBRI 34 R KA
AR, FEAE IR, K05 25 5 1 DOTA Ba 5 h il K
RGBS B LL S AR 2 A S 5 5 B AR AHAR E
Pas A RS ), (H A SC U 1 e A 25 23

H1 2% 3 A, AR SO A R P TR B T 15.16 frameks
#H Lt Rol-Transformer 3X K H61 52 2% 1) NMS J& &b 2 1) 7
5 LL R g —Fh 3 T Transformer B9 32 BIERE B H5 A6 AR
R & A DN B AT 25 B S i B sy . 3R 3 AT, AR SR
BV 20 BE (mAP) P8 TBR RS-Resnet ZM 1 H A
DL RS-Resnet 5575 R FH NAS-FPN 55 X6 fifi #1137 HX
PR RREHATRVG 385 T RS R Re
X AR /N BAR IR IATE A AN 2

% 4 7T H1, RS-Resnet [ A TR /N AR SCHVL 1
L4545, B K P v B R R T AR SR
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®2 FEEEFEDOTAHIBE LRI APERTEE A %
LAY Rol-Transformer O0’DETR Fii i Transformer PolarDet RS-Resnet ES @RS
PL 88.64 86.01 89.91 89.73 88.70 89.56
BD 78.52 75.92 85.78 87.05 82.46 79.34
BR 43.44 46.02 50.65 45.30 52.81 56.91
GTF 75.92 66.65 78.16 63.32 68.75 74.67
sV 68.81 79.70 64.34 78.44 78.51 78.53
LV 73.68 79.93 75.43 76.65 81.45 84.29
SH 83.59 89.17 75.78 87.13 86.41 89.93
TC 90.74 90.44 90.88 90.79 90.02 90.33
BC 77.27 81.19 78.67 80.58 85.37 86.56
ST 81.46 76.00 84.45 85.89 86.31 83.60
SBF 58.39 56.91 57.91 60.97 65.10 61.12
RA 53.54 62.45 63.56 67.94 65.20 62.14
HA 62.83 64.22 64.56 68.20 67.80 65.89
Sp 58.93 65.80 66.74 74.63 69.29 69.63
HC 47.67 58.96 66.33 68.67 64.83 64.95
#3 AEEXREDOTAHIFE LA mAPE R EET L
i Backbone mAP/% RGN i /(frame/s )
Rol-Transformer ResNet101 69.56 5.76
T Transformer ResNet101 72.15 6.78
PolarDet ResNet50 72.87 —
RS-Resnet ResNet152 75.53 15.76
KSR VIT 75.83 15.16
F4 RS-Resnet M T HEE R §9FE R AR E KIS B
A LRI A/ INMB is
RS-Resnet 426.40 0.063
KSR 293.28 0.067
x5 AEEZXEAENWPU VHR-10 R E LRSS E SEEXT L
Eita 2551 Faster R-CNN YOLOv3 YOLOv4 SSD RetinaNet KTk
PL 88.51 88.59 91.31 84.71 72.41 94.37
VH 87.48 82.36 89.47 84.08 78.12 91.97
AP/% SH 85.74 88.18 95.46 78.32 73.24 95.29
BC 93.22 86.32 88.43 90.63 89.28 90.32
ST 81.25 87.45 94.27 76.07 79.59 90.43
mAP/% 87.24 86.58 91.79 82.76 78.53 92.47
Time/s 0.227 0.053 0.034 0.085 0.124 0.031

FATHE— 8 I NWPU VHR-10 308 45 #4717 52
5, SEI A5 AN R S iR . B T {4 Faster R-CNN,SSD,
RetinaNet iX (& G I8 &5 H bRl S8k , A Sc i 1
YOLO F51%%3* 52 F wij fi So ik A B o B i ﬁ%i@:ﬁ”ﬂ’é‘l
15 BARKEIN AL AT 528/ B ARRI XS HLSEgs . g ]
Luﬁmﬁiﬁ&%mwkﬂT%¢mw5Emﬁ%m
Lb, T HR AR RS B R v B R R R . AT DU B, AR
D7 A CHURI BRI 27 0] 278 ) SRS o 22 46

BCRAR M B bR FIE T 8P R TSR .
3.2.4 ARLKMEER

T B R B BRI SOR AR SCHE R S Rol-
Transformer, RS-Resnet 7£ DOTA 45 5 b 35 43 AR K6
MR AT PTRILAL S, S5 5 an P 9 FTEL 10 7

A WS AT LR B, A ST AR N K H BRI
ToUI B AE SN, UE W AR SO R SR il i AR RN
HELE R AT EEVE . R, X T2 5 H AR MO R, A
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(a) Rol-Transformer

(b) RS-Resnet

(¢) AR3CT5 ¥k
P9 ANTRIBE RIS ISR T A

AN o ki fist e
10 ARSCT7EEAE DOTA B4R _EAGICR Tl ik

CRTHRALAANINNNIA Y

[EE2877

ALERY)



3246 H, T

EE 2023 4

IR T ASS Y PERE .
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AR SR X 18 B R AR S BRI R AN Y
[F) L, i tBy 1 — ol i ) 2 gk H R G I Y IS B AE Trans-
former 8.7% . 2575 T )2 K AL Transformer 321 %]
26 BT AT 3 1 A B Jg 8 A TR] AR PR iR AR 1Y I 15
W2, DL R A 3 T O A RS i T AE [l ) [ 51 43
R ARKV-HE 5 TR AE | D ifk 17 e 2 AE 1R 488 2 AN 32 2 1k [
L. 7E DOTA B 4E LX) e S B i S ik AE A
K5 b, MI#Hs B Transformer $2 T+ 1 2.77% , #1145 Rol-
Transformer £ 7} T 6.07%. 7£LL Transformer & 3 T-2244
AR U T S A AR | BEAR A b 5 ol Sk
PG P B R IAT 45 . [FlBF, 78 NWPU VHR-10 5048
£ SIS — IR UE T A SO VA M

AR — AT SR A R PR RE , 72
345 4 Transformer 5 TR B 465 BURH 28 W 28 4, DL
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