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Transform 4544, 2T+ 1 B AR AR5 DA ARRE J) - JE % DOTA (Xia%F, 2018) . HRSC2016 (Liu %,
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3 SLRER

i T B9 FRTDNet 535 1A 501, AR SCHEA
FHEAELE DOTA (Xia s, 2018) ., HRSC2016 (Liu
4, 2016) I SODA-A (Cheng %5, 2023b) |-
17 T INGRAMR . A SCAfFH PyTorch 1.6.0. Python
3.8, Cuda 10.1 R SZHG A8, R — P B AF N
32 GB ) Tesla-V100., DOTA i 5 i PE 48 b1 R
FH B 75 19 AP50, SODA-A & ] COCO (Lin 4,
2014) WA AR bR, 400 APL AP50. AP75,
APeS. APrS, APgS. APN Al AP0.5:0.95, H
AP Fl AP0.5: 0.95 — 3 . HRSC2016 % ] vOC
(Everingham 4%, 2010) 1EMIEMAE4R, 451K
mAP (07) MImAP (12). 3 FEHE R Hbr—
RGN CRIL, 5ei5E), —&F
SHRAGIABRA I (BERESE) . H i T2k
G 88 1 BE TR AS 8, X P H AR AR 4 B —
FEJT RS, BRIHGA K X P AP A [ H 5 o

3.1 DOTA#HFEBEABEERLLE

h T RAIEAR SCRETE R ZE S, S H AR
HATX L, ARCHER 1P EAR T BT (Backbone) |
M (BR), #10 (HA) . fiAf (SH) . K41 (PL) .
EFHL (HC) . /N (SV) . KL (LV).
Ferkdyz (BD). HEY (GTF). WERkY (TC). &
3% (BC). Bk (SBF). ML XLHO (RA).
Uik (SP) . fii#E (ST) LLK APS0 BYXF LI Ot o
EAR 302, BARFRHHN A s EH . M
Ferba] DL B URER B, A SO S R R R R |
A0 . ROERIZ . WE DN APSO ) I B T e B Rk
W Xk se gt BRI T R AE EE 2 RS Sk A 43 28 i ]
I ARRAE X 45 0] AR HA B AS0d #h 78, M
T E > T RRAE 0 5 RN K . (HAR TR, TE
AR A B T IS LT, AR SO ST 4%
FHH A, JE— 2 UF B T AR SO A3 () A R AR E
2 TRV e R N Sk 7 R R 3 JEAE 1) H A A Hp
HA A TEEE .

®1 DOTA EARFEREINSLL LR, AL F X RE R 25 R 4T 1 RE

Table 1 Different models on DOTAcompare the results, bold numbers represent the best performance of the

corresponding category

SH TC BC ST SBF RA HA SP HC AP50

YIRS Backone ~ PL  BD BR GTF SV LV
DRN(Pan%,2020) H-104 8891
R3Det( Yang % ,2021) R-101-FPN 88.76
PIOU( Chen % ,2020) DLA-34  80.90
RSDet(Qian%5,2021) R-101-FPN 89.80
DAL(Ming%%,2021) R-50-FPN 88.68
S2Anet(Han %5 ,2022) R-50-FPN 89.11
ICN(Azimi % ,2018) R-101-FPN 81.36

CAD-Net(Zhang %,2019)  R-101-FPN 87.80
Rol Transformer(Ding%#,2019) R-101-FPN 88.64
SCRDet( Yang%,2019) R-101-FPN 80.65
Gliding Vertex(Xu%§,2021)  R-101-FPN 89.64
FAOD(Li%%,2019) R-101-FPN 90.21
CenterMap—Net(Wang%%,2021) R-50-FPN  88.88
FR-Est(Fu%§,2021) R-101-FPN 89.63
Mask OBB(Wang%,2019)  R-50-FPN 89.61
Oriented R-CNN(Xie %5,2021) R-50-FPN 89.46
Oriented R-CNN(Xie %,2021) R-101-FPN 88.86
OrientedRepPoints (Li %,2022) R-101-FPN 89.53
KSR R-101-FPN 89.45

80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70
83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79
69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.1 61.90 64.00 60.50
82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00 72.20
76.55 45.08 66.80 67.00 76.76 79.74 90.84 79.54 78.45 57.71 62.27 69.05 73.14 60.11 71.44
82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12
74.30 47.70 70.32 64.89 67.82 69.98 90.76 79.06 78.20 53.64 62.90 67.02 64.17 50.23 68.16
82.40 49.40 73.50 71.10 63.50 76.60 90.90 79.20 73.30 48.40 60.90 62.00 67.00 62.20 69.90
78.52 43.44 75.92 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56
80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61
85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02
79.58 45.49 76.41 73.18 68.27 79.56 90.83 83.40 84.68 53.4 65.42 74.17 69.69 64.86 73.28
81.24 53.15 60.65 78.62 66.55 78.10 88.83 77.80 83.61 49.36 66.19 72.10 72.36 58.7 71.74
81.17 50.44 70.19 73.52 77.98 86.44 90.82 84.13 83.56 60.64 66.59 70.59 66.72 60.55 74.20
85.09 51.85 72.90 75.28 73.23 85.57 90.37 82.08 85.05 55.73 68.39 71.61 69.87 66.33 74.86
82.12 54.78 70.86 78.93 83.00 88.20 90.90 87.50 84.68 63.97 67.69 74.94 68.84 52.28 75.87
83.48 55.27 76.92 74.27 82.10 87.52 90.90 85.56 85.33 65.51 66.82 74.36 70.15 57.28 76.28
84.07 59.86 71.76 79.95 80.03 87.33 90.84 87.54 85.23 59.15 66.37 75.23 73.75 57.23 76.52
83.88 559 73.66 78.87 83.29 88.20 90.90 86.72 86.06 62.90 70.33 76.68 71.89 53.69 76.83

T AL AT 200 Y Jo s
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3.2 SODA-AHIBREARREEWLE

R T BAEA SCRE LRI 2E SR, I AR AR
FHATRTE, AXTER2HERTEHT (Backbone) |
®AHL (APL). EHFHL (HC). /NEIZEH (SV). K

R (LV), A0 (SH) . 34 (CT) . fkHE
(ST) . Wevkith (SP) FRA (WM) DL K APO.S:
0.95 M XT L Ol o (AT — 3202, Bk 7
FE R AH N2 ] 1) Fe i {1

&2 SODA-A ERREMRBIEMEKEFIXT L L5 R, AT K R MK S IFiERE

Table 2 Comparison results of specific categories of different models on SODA-A , the bold numbers represent the best

performance of the corresponding category

WIRFS Bacbone APL HC SV LV SH CT ST SP WM  AP0.5:0.95
Rotated Faster RCNN(Pan4§,2020)  ResNet-50  49.4 18.1 33.4 19.6 43.5 29.8 428 34.1 21.9 32.5
Rotated RetnaNet(Lin %,2017) ResNet—=50  42.0 16.8 29.9 10.0 35.1 23.7 35.1 30.7 18.1 26.8
Gliding Vertex(Xu %§,2021) ResNet-50  46.7 12.8 333 219 434 29.8 43.3 312 227 31.7
Oriented—RCNN (Xie %¢,2021) ResNet=50 522 20.2 344 24.4 45.2 32.1 43.1 363 222 34.4
S2A-Net(Han 5§ ,2022) ResNet=50  41.5 20.4 31.2 14.0 36.7 26.1 29.6 338 216 28.3
DODet(Cheng % ,2022) ResNet-50  49.4 19.8 32.1 17.3 41.3 26.0 422 347 213 31.6
Oriented RepPoints(Li%§,2022) ResNet=50  51.7 8.5 30.3 2.6 28.0 19.6 40.3 332 219 26.3
DHRec(Nie il Huang,2023) ResNet=50  45.5 17.2 31.0 15.6 38.5 28.5 38.8 345 209 30.1
ARSCTT ResNet=50  50.6 224 375 24.1 46.4 33.8 42.6 373 220 352

TE LR AT 200 Y e g

MG 2 HmT DL B EE B , AR SR A 7R L
FEAL . ANERY R OEAR . AEREHT L U UK Yt RN
AP0.5:0.95 J5 1 LS T e LA a4, Horfr APO.S
0.95 845 R W B Sy e 1A /N H AR o A2 A [R] 191
TR T, Oriented—RCNN [ A [ HEFEHE B8
B, IR T /N BARE S EHET AL, K
SEHE 5 7K S HE 22 [] AF B 8 ) ), (R (E AR
B, 7R/ HEREFAE (S B AR BUT w598 F 42
FF23 ], A< SC % FRTDNet 5 % 7 43 285 43 32 4K i

Transformer i 38 4= Jop M08, 7 [71 15 43 32008 69 FH
245 (1) 368 0 A i o 2 A O D ke 17 e 1 4% [ [ it 1) 45
P, XA T m) /N B AR RRE £ BUE S 4
[ B, 56 1 3] 1 4 R Ml

h T HE— 2 UL XA /N AR C T, TE
F 345 1 mAP0.5:0.95 Ay 4 A FHEVE AT bR,
S H AP, AP, AP., AP, ME3IHHLLFE
W, /N B AR RGN REA TR, i —
T ARSI B AT S

*3 SODA-A _EARRE#E/NEFRIEMIEHR, MAAEFR KRB ML &IFHERE

Table 3 The small object evaluation indicators of different models on SODA—-A, the bold numbers represent the best

performance of the corresponding category

Ik Bachone AP AP50 AP75 AP AP AP AP,

Rotated Faster RCNN (Pan %5 ,2020) ResNet=50 325 70.1 243 11.9 27.3 422 34.4
Rotated RetnaNet(Lin %£,2017) ResNet=50 26.8 63.4 16.2 9.1 22.0 35.4 282
Gliding Vertex(Xu%,2021) ResNet=50 31.7 70.8 22.6 11.7 27.0 41.1 33.8
Oriented—RCNN(Xie %5,2021) ResNet=50 344 70.7 28.6 12.5 28.6 44.5 36.7
S2A-Net(Han % ,2022) ResNet=50 28.3 69.6 13.1 10.2 22.8 35.8 29.5
DODet(Cheng %,2022) ResNet-50 31.6 68.1 23.4 11.3 26.3 41.0 335
Oriented RepPoints(Li %,2022) ResNet=50 26.3 58.8 19.0 9.4 22.6 324 28.5
DHRec(Nie Al Huang, 2023) ResNet-50 30.1 68.8 19.8 10.6 24.6 403 34.6
KI5k ResNet—50 35.2 73.2 28.3 13.6 29.9 455 37.4

T AL AR 200 Y Jo e
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3.3 HRSC2016 #BEARRE XA LL R

N T PR AR SO, LA R AR AL
i € HRSC2016 F#EAT V5L HAE, 1k 4 Fios,
TEARTR BT T, A SR YA T REHERR A T —
E M EETE . FE VOC 2007 A1 VOC 2012 B4 45
BRF R TA T A AE A RRAE S IRORS AL T O-RCNN,
WEBA T FRTDNet 7Y (1) 4 5501
x4 TEHRSC2016HBEEITLER
Table 4 Comparing the results on the HRSC2016 dataset
Tk Bachone
PloU(Chen % ,2020)

mAP(07) mAP(12)

DLA-34 89.20 —
DRN(Pan%§,2020) H-34 — 92.70
R3Det(Yang%§,2021) R-101-FPN  89.26 96.01

DAL(Ming%,2021) R-101-FPN  89.77 —

S2Anet(Han %,2022) R-101-FPN  90.17 95.01
Rotated RPN(MaZ%,2018) R-101 79.08 85.64
R2CNN(Jiang 5%,2017) R-101 73.07 79.73

Rol Transformer
(Ding%%,2019)
Gilding Vetex
(Xu%¥,2021)

R-101-FPN  86.20 —

R-101-FPN  88.20 —

CenterMap—Net

R-50-FPN — 92.80
(Wang %% ,2021)
Oriented R—-CNN
. R-50-FPN 90.40 96.50
(XieZ5,2021)

Oriented R-CNN
(Xie%,2021)

A3k
ATk
T LR RE N 25 ) B s 1

R-101-FPN  90.50 97.60

R-50-FPN 90.56 96.66
R-101-FPN  90.56 97.68

34 HERALE

T AT Rl S I AR SC AR Y T RE
BB A T 432643 3% (CLT) FIEIH4> % (RBIR).
FATEM T R-101-FPNAE K& T W%, itk s
JE7R T 1E DOTA Bl 46 L Ay S2gh 25 58, M 1 CLT
M RBIR 8 i 1L 75 M RE

FEMERIRIZEGI A CLT S, APSOMK T 0.12%.
X FR A SO 4325 4 SCAE 4 SR A 8 AR 4 L i
ERHIE RS T HEAEH, AR S TR
AR EN. A, FRATHRM G R E A
533 RBIR DA A [a] H ARl 55 B HEf o A 7]
HHE . SEEZE SR R, RBIR 4> 32 ff APSO 42T T
0.07%, UEW] | RBIR B 7E i S AT [n] H bR i A

FE AL A7 T HA B RCR . fJE L A SCR Il
53 SCOMUGE L 53 SCER IR HERLAY , APSO $2 T} T
0.55%, XUEBA T FRTDNet &S50 i) A 2t
x5 Eidw
Table 5 Ablation experiment

" 2oy IIES S
i Bacbone AP50
(CLT) (RBIR)

Oriented R-CNN  R—101-FPN 76.28
R-101-FPN N 76.40
R-101-FPN v 76.35
FRTDNet(Ours)
R-101-FPN v v 76.83

HAN, T 25 B UE XA /N B AR A R
P, FER6JER T 435 M A CLT Fl RBIR 1 # 7F
AP50. AP75 FlmAP X 3[R PEA Fe br L A M fg
XPEAE &L . AT AR B, TfEf g A CLT B,
A APSO A T K, {H7E AP75 FlmAP LRI
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Table 6 Comparison in terms of AP50, AP75, and

mAP metrics

R Bachone AP50 AP75 mAP

Oriented R—-CNN R-101-FPN 76.28 51.73 47.75

+CLT R-101-FPN 76.40 50.00 47.04
+RBIR R-101-FPN 76.35 52.83 48.36
Ours R-101-FPN 76.83 51.81 47.81
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Fig. 3 Display of detect results
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FRTDNet (Ours)
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El4 IR T, 45 —4T R IR Oriented R-CNN, 25 —47 4 FRTDNet (A< SC /)

Fig. 4 Comparison of missed detections, the first behavior is the benchmark model, and the second behavior is FRTDNet (Ours)
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Feature reassembly and self—attention for oriented object detection in
remote sensing images
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1.School of Electronic Information, Northwestern Polytechnical University, Xi’an, 710072, China;
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Abstract: Oriented object detection in remote sensing images is an exceptionally challenging task that has elicited widespread attention.



P41 45 - RPIEER 2L AN A TR A AT 1] H A 2725

With the rapid advancement of deep learning, neural networks based on convolutional neural networks and self-attention networks (e.g.,
Transformers) have achieved remarkable progress in oriented object detection. However, the focus on boundary and salient feature
information in oriented objects in remote sensing images is lacking. Specifically, extracting boundary information for objects with varying
orientations is difficult, and the global dependency of salient features is sparse. To address these issues, we propose a method of small-object
detection in remote sensing images on the basis of feature reassembly and self-attention. This method consists of a regression branch that
incorporates spatial channel reassembly and a self-attention classification branch. The regression branch reassembles spatial information
along the channel dimension and emphasizes boundary-sensitive information to achieve accurate localization of bounding boxes. The
classification branch leverages self-attention with positional information to capture fundamentally discriminative object features, thus
enhancing global feature dependencies for precise classification. Extensive experiments demonstrate the effectiveness and robustness of the
proposed model and showcase its excellent performance on publicly available datasets, such as DOTA, HRSC2016, and SODA-A.

Key words: remote sensing image, small object detection, detection head, feature reorganization, transformer
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