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Fig. 1  Overview of View—Consistency Network for weakly supervised oriented object detection
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HEAT A L A A (A S B T3
B 20 9 TR — UM A e B S e £ D B BT
DL i £ PR H4 1
B (B8 = 3 S (BYB,) (19

KA e I 1R 45 D e 3 — R 2 — B
K, BRI NS IR Z A

K
—_ k
Litungaien = D Lo (16)
k=1

24 BREWBK
TR ) e 240 2K R R R BIAR % . PCL4fifk
B B 7= A 1R S 491 200 45 ¢ RN A — EiCPE 20 g 2k
BOERAL
L=Ly+ ® Ly, + @,Lg + w3Lllunguriun (17)
3 SEEZER SN
31 KGR

3.1.1 DOTA-v1.0%iE&E

DOTA-v1.0 J& F T i 25 G v B bR AS I 116 K
FIA RS, 07 2806 7K )78 800 x 800 F| 4k x

A 0 TR 1R A W R GE R ER . B AR IR
188282 /NS, RN SEAA] i b 3 T 20 A 46 K P 3
S HE e G 10 FEAE WS, AT 43500 FE T 2K SRS T A
i 2 ARG 00 9 b B A AT 55, LR 55 4 A Y
S —— XN o REAEIN H AR B 15 A K
ML (PL), ¥ER¥% (BD), % (BR), Himi#iE
Y (GTF), /NUZERG (SV), KEAEH (LV). #
(SH) . Wk (TC) . #EEkY (BC) . fiff it i
(ST). Z¥k¥ (SBF). # (RA). W (HA).
Jevki (SP) MEIFHHL (HC). #1E DOTA $dE 4
PEALA R i B, IR | SRk A AR 1Y L
W2 R 172, 1/6F11/3,

3.1.2 DIOR%IE&E

DIOR Bl & 7K FAniE (LidE, 2020) A
JiE 55 AR iE (Feng %, 2020b) Wi RRAS, fu &
23463 7K J5H 41800 x 800 AYE IR, 311902884~
S, FTDOTA AL, PIAS RRAS 1 580 4 T 43l
T K S G 0 R A T R AR AR A IUAT S5, HL
FAT 55 A B W SE ) —— X 0L o A I bR B o
2012650 KHL (PL) ., MLz (AP) . # kY
(BF). @Bk (BC). #%: (BR). MK (CM).
K (DA) . A AR IX (ES) . sl
el (ET) . m/RRKEKY (GF) . i #iE 5
(GTF) . #H (HB). > (OP). fiiifil (SH).
&Y (SD), fifE (ST), Wrkiy (TC), k%
i (TS), %4 (VH), K4 (WM) FlEFAHL
(HC) . A& DIOR $ds 4L F2 iy Rl o3 &, I 25
A BRI AR B L2 174, 14 F1 172,

3.2 LWiEE

SS Bk by — 5K IR AL 1k 1) 7K P 3 AE A~ 5L
BEBR I ZE 4000 LAPY,  FR &S 28 40 R A5 21 (1 40 15
MK = 2 kit firh, BIRBEFLIEREN = 10001~
KA L HE 2 5 R RYI 25 . RRol 2% 2] #% 1 RRol
Align Fl RRol Pooling (4 46 d, = d, = 7. #all
HE Jie i — B LY ARBL R B B R T H B, T s
KA ERRINE N, =1, a, =04, BEF
O — BB R s e AR il AR A ) 2s
(] A ABL 2 [ {H Thresh = 0.6, AL RECH f(x) =
log (x + 1) JE . Fe 240 2% v 46 3 4 401 2 A B

w, =1, w,=w,;=0.1,
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P 9 255 i ResNet=50, R HIBEHLES
N % SGD  (Stochastic Gradient Descent) 11k &5 ,
WG 2] % B FALEE 53 5 o 0.01, 0.9 Fil
0.0005. fii il 4 5K TITAN RTX GPU L) 16 At K/
Y1248

33 LWHERSHW

3.3.1 EEEARENFNKE B RGN E S HEE
*fEk

XF TR HARK AL 55, H il o BAT [ 5E
Y 7 1) AL, PRI SR 2 TR HE (Anchor)
FUEZEHE  (Proposal) Y HLF B slOW B B ik, A5
B B4R T A AE 1Y 73 2R3 S A AT 55

X T e HARk AL 55, i T HARTE R
T ) R BE RN E PR, BR T O TR A 2y
FMBNAAE 55, BERY A LB X e f B T
YR, @2 e 0 A S T e & KL I A A 0 v 77
TE R TR, 35 O T Ph e e A 5 1 N B A ] e
o] an an e Sy B B 22 W 28 Th ] ATER A2 VE L
] I AR T B 300 FAE 19 27 DA S Al T BR g % H A
VRS RRIaT=3- 7 IE

LA DOTA-v 1.0 4 52 1 > K AT 55 4y 491
%2 ORFBEAREN) B4 [T 4 mAP (mean
Average Precision) PEREN 83.1%, 5 T1E51 (i
HEHAMEI) BB AE mAP PERE 82.4%, i B jE
B AR BA S m n AR S5 R . 25 B, e
e E ARG DU AR 55 T 7K P H AR A 0 5 AT 5 52 % 114 1Y
/Ui, AESEBRIA) b L s HR A

332 ETEGRREMETKFERRERNS
BEESEEIL

BT HERRTE /Y 55 W B A ARk AT 55 B &
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BT RS G b 1 1) 55 M B L s A D00 A 55 1 ]
4 W B A S SO P R AR, D O TR O A 25
HIER TR BRI S E, kR AR
PRI AARALE AT A fE R . FEXAIEOL T, HAE

o FHTAR AR 11 00 2% 235 4 SR s SR U A 7, o A
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Li LPTIR, BT KPR AR I A4 55 B A 55 A
BT T EUR AR ER S B S, IWEE o E
HAERFEA, PSS N

333 LHRMRFEEREGE

H T AR SO R T 3 T BRI bR 45 1) 55
Wi B T L A A A, B = S A, PRk R PR
il SR AR T Sy TEALS X R /N 1 5555 A A A TR A
KR ZEBERIEAT L, HARAE LR 2,

(1) HI3.3. 1A, Jiéle H pm e il o x5 &
TR HARRI o DRI X T [ e s 3 T A i LA
FK - 11 FME B S —— % 7 R 48 (i 3.1y
AIA1, DOTA 1 DIOR FHla AR ¥ it iR EEsKR) , #7
Pt A 55 R i B b R B R i AT 55 Y
PERE = T O A 985 B KT H ARk il SOTA # 71 7E
AKOPARSS L TERE, IR T 5 i A stk

(2) 33270 A%, TR GO R 555
WE BT 55 Eb 3k 1 /K VA 501 b 1 11 559 MW 7B AT 55 e
JEH R . IR AR R A B 4R L, 2 i DL RS )
SRR HE 9 531 79 W B A A Sy I 4 9 i A
FrATIAEA (AR SCREAY ) 1938 43 288 S0 v A5 4%
B T 5 R RO A Y, B T
ARLE
334 BHREEMIRER

(1) DIOR MSEEegh . 3R LRI 541 55 4
BE AR A KO 55 B kb AT T MR AR . A5 R
R BAVLE DIOR M4 IS 37.7% mAP, #H
BT IKF-55 B SOTA J77% RINet (Feng 5%, 2022)
) 28.3% mAP, 2T} 7 9.4%; [RINHE KHL, sk
Y. JRIRAE 124200 L# IS T Rt BS
JER T 3R LA A AR SR b S AR SRR g AT
AL HL 45 5 . OICR il PCLAE g 7K - 55 W B AR 15y
(2 My 3, JEERAR Iy b b B3 37 5 N R Y
HAEYIMARRM, FERKEIS; RiNet I HiRHY
e S Ve AT RO, TR IR R R, (BT
A EBAT HbR AR
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Table 1 AP results of our model and horizontal detection methods based on image labels on DIOR
1%
ik eSSl
PL AP BF BC BR CM DA ES ET GF GTF HB OP SH SD ST TC TS VH WM mAP
OICR 8.7 28.344.1 182 1.320.2 0.1 0.7 29.9 13.8 57.4 10.7 11.1 9.1 59.3 7.1 0.7 0.1 9.1 04 165
PCL  21.535259.823.53.043.70.1 09 1.5 29 56.4 168 11.1 9.1 57.6 9.1 25 0.1 4.6 4.6 182
ST LR DCL 209227542 11.5 6.0 61.0 0.1 1.1 31.0 30.9 56.5 5.1 2.7 9.1 63.7 9.1 104 0.0 7.3 0.8 202
K55 M i PCIR  30.4 36.1 54.2 26.6 9.1 58.6 0.2 9.7 36.2 32.6 58.8 8.6 21.6 12.1 64.3 9.1 13.6 0.3 9.1 7.5 24.9
TCANet 25.1 30.8 62.9 40.0 4.1 67.8 8.1 23.8 29.9 22.3 53.9 24.8 11.1 9.1 46.4 13.731.0 1.5 9.1 1.0 25.8
RINet 26.2 57.4 62.7 25.1 9.9 69.2 1.4 13.3 36.2 51.4 53.9 28.6 4.8 9.1 52.7 158 20.6 12.9 9.1 4.7 283
FET EURGNFR K WL —5
B ORI T RS TERLS 79.4 25.1 78.4 26.6 8.9 81.5 1.2 34.8 10.9 56.3 58.9 24.5 23.6 12.2 80.8 65.4 62.4 9.8 123 0.5 37.7
PREERBERE S B vk OR30)

TE LR 2 BI2E 5 T AP B iR R 2

(a) OICR (b) PCL
(a) OICR (b) PCL
% 5

e 2 H AL 5 BT KO HEAR T (19 ez 55 Wa B A
VB TR AT T HERE LS . T EMGR H B bR T
AR D HE 2 0 bR 1 117 8 22 BE L K, BEA M
R L T K HE AR 3 1) SOTA £ fE 59.0% mAP
(FETEZ, T BoxInst—-Rbox (Tian%f, 2021)
FIH2RBox (Yang%%, 2022) RIEWE L 42

(d) AR SCHR Y
(d) Our model

ARSI 5 B MR G B T A9 7K 155 B D5 7576 DIOR LA T IR A 2R e

Fig. 5 Visualization results of our model and horizontal detection methods based on image labels on DIOR

(¢) RINet
(¢) RINet
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R e B B 22 IR b B R IE I T (ERR %
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BIARTE LG T R AP A7 AR MR LE 2], i K- A
HEARIE B L5 T HARECER: | 7 B e fe Py R4k
PP AR B A5 ), A TUATS IR A R 2850 H
PREGRLI b AL, Bk TR A . B 6
TP T 23 5 s 1T 3R 26 L5 iEAe Al IR A 1 S A
SCHETIY T AT FEEE L 18] 6 22 M B AR Fast

RCNN Fl Faster RCNN Ay #2655, 2B & T
JUP ARG, FURG DU HE (Y o o B — i
P17 2 T 7RSS I AE 7 3 11 2 1) 559 A B8 e e A
FRL, Horp BoxInst—Rbox 3 T4 A% T4 50 /Nk
BT, e I ) 5 B SR TE 22 50K

R2 ANKRBEETKEEREHERSEETEEDIOR LR APERELLE

Table 2 AP results of our model and oriented detection methods based on horizontal annotations on DIOR

1%
: %31
Jrik
PL AP BF BC BR CM DA ES ET GF GTF HB OP SH SD ST TC TS VH WM mAP
. Fast RCNN  44.2 66.8 67.0 60.5 15.6 72.3 52.0 65.9 44.8 72.1 62.9 46.2 38.0 32.1 71.0 35.0 58.3 37.9 19.2 38.1 50.0
LU T

Faster RCNN 50.3 62.6 66.0 80.9 28.8 68.2 47.3 58.5 48.1 60.4 67.0 43.9 46.9 58.5 52.4 42.4 79.5 48.0 34.8 65.4 55.5

FETIKAHERRTER BoxInst-RBox 67.5 29.4 74.6 85.6 27.7 75.2 30.5 69.5 60.9 75.9 76.8 40.4 45.9 79.5 70.5 69.7 81.2 53.8 38.0 26.9 59.0

WSS IEE I H2RBox

67.9 12.9 76.4 84.0 21.1 72.2 21.8 64.4 58.5 71.9 80.0 37.1 45.1 79.6 70.1 69.5 81.5 48.6 40.2 60.3 58.2

T BRI bRE IR —Ek

79.4 25.1 78.4 26.6 8.9 81.5 1.2 34.8 10.9 56.3 58.9 24.5 23.6 12.2 80.8 65.4 62.4 9.8 123 0.5 37.7

FRTE A% 5 e DT iR 265 (AR 30)

T LR T T AP B R L

(a) Fast RCNN
(a) Fast RCNN

(b) Faster RCNN
(b) Faster RCNN

(c) AR SCAETY
(¢) Our model

K6 ASCELE K- T IEAE DIOR L ] AL S R LA

Fig. 6  Visualization results of our model and fully supervised horizontal detection methods on DIOR
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(a) BoxInst—Rbox (b) H2RBox (¢) AR SCARRY
(a) BoxInst—Rbox (b) H2RBox (¢) Our model

7 AR SCRE R TR S REAR T (9 1 4% 59 M 1 D5 v A DIOR B A Al AR ES R L

Fig. 7 Visualization results of our model and horizontal detection methods based on horizontal annotations on DIOR

(2) DOTA-vI.0MSEEZER . T DOTAV-1.0 A5 I F KOV HEAR 1 (19 58 5% 55 W B Oy ik k47
B N HES ) % 5 BB AR Z, XX Tk TR IR, BARUAENFK M2 Ik T SOTA #E Al
Z HbRBCR KA B AR B bR TS B H2RBox, {HEEBKY . Muim#LiEys . BRI AE BR
BT GF IHEEAITE DOTAv-1.0 R4 B 35402800 B9 M RE X8 & T4 55 MEFE 55/MiY BoxInst—
528.1% mAP, A% T DIORTEfEA ff P&, £3 Rbox.

F3 AEBSETKFIERER RS S E 7% E DOTAV-1.0 £ AP HERELLE:

Table 3 AP results of our model and oriented detection methods based on horizontal annotations on DOTAv-1.0
1%

Sl
PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
HTKPHEARERY  BoxInst-RBox 655 30.1 251 185 503 552 554 66.1 585 80.6 324 444 522 665 31.4 488
et 55 W ik H2RBox 885 732 408 580 777 649 780 909 819 850 542 65.1 527 644 36.6 67.45
T ERGLSNbRE: O — o 2%
B Tt 5 MW O ik (F30)
TE ITHLR R MBS AP RSk

Trik

563 367 100 256 339 493 151 692 243 73.0 423 199 121 693 255 28.1

5] 8 XJ A5 1 7 DIOR 1 DOTA—v1.0 _F 446 il 4% 15 ) 55 W BT 55 v i DL A T ARG m] A, R T4 2
BT T, IR S T, AR EEA TR 1A FIE P A FEZEH T 24 Hbr



3224 National Remote Sensing Bulletin

ERCGEIR 2024, 28(12)

DIOR
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DOTA-v1.0
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Fig. 8 Detection results on DIOR and DOTA-v1.0 datasets
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Fig. 9 Badcase on DIOR dataset
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(Trainval set) FIFEAS L, B9 (a) JEIR THRIAIZE
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SPHEERIMELL X TS 5. K9 (b) BT
PR AE PR B0 B A TR b PR R XA B
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Y5 AP (airport) T HLH 58 S MAHLL, W1
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% 4 DIOREHEE A 20 42K 5 L 72 1)l 2R 38 E £ (trainval set) BIFF A & B

Table 4 The sample proportion of the twenty category instances in the DIOR data set in the training verification set

el
PL AP BF BC CM DA ES ET GF
FEAS 5 1 0.0277 0.0097 0.0350 0.0158 0.0201 0.0095 0.0075 0.0090 0.0159 0.0075
Z
GTF HB op SH ST TC TS VH WM

FEAR G H 0.0171 0.0347 0.0195 0.4018

0.0087 0.0447 0.0720 0.0074 0.2016 0.0347

(3) TR HAr BA SRS, X iER M B2
TR dEE Uk, K9 (c) /R T HMEmMETE
U P9 R SE LA R BR (bridge) FIR
HSH (ship) 1 TRCBYF50I £ B2 0 52 0l 5, d
BT RS ERAE, B IIEEE 2RTRE
R DX B, AT A ) K B L AR Y T
e £ EE IS 7 B A TR

(4) TRRI H A5 — A F 58 B UE B
Y5, ) ands 0 HB  (Harbor) HI1 #L 3% AP
(Airport) . 19 (d) JE78 T XA H H bl
oL BRI R LI B, i 2 Rk
T, DR MRS TR X LMK 2 2 ) 3 0 288 R v B B L
G SCIE B T B R AR A R AT LA I i S
{5 B H AR H SH (ship), {HEITCIEFHE
) B I L i 1 AR

3 2 X X R [A ZE R bad case AT 00, K
TTAT LA BE Gl 1 e A5 U 7 T 2 A6 I 7 THI A A 1Y) S
PR, el BE AR LA 25 1 FE = o
335 HEXW

(1) —EPEZ e, 78 DIOR i 4 X} 34~
— B R T R SIS, PERESS R UNEE S Y

N, ATIRARZE SN 10 IER o W) LR R SE AR AR AR 1
PR — WL SR AT AR 55 W BRI, MERR AR
HEM R JIABRREIN — ARG,
B R 98> H mAPEETE T 7.1%, (HULHHERL
T AN FA A T A — Bk, e T A
FGr DU AE ST AR BL A e 1, I 10 (b) Fos. A
W3R Sk B AT DA S =X 24 B £ R e — B
PERIRIE o —F P e s 10 (o) F1 (d)
B, ARG —BOPE RIS, R T Y e
RN MM A R L — B,
AL TN F) e 2 £ R S T
#5 3N —HEELHREDIOR LK RS

Table 5 Ablation study of three consistency modules
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Fig. 10 Visualization of ablation study
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w,Lyc: w,L

@, Ly *
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Table 6 Ablation study of loss weights for three

consistency modules

wy Lpep w, L 03 Ly sarian mAP/%
1 1 1 37.5
2 1 1 37.6
1 2 1 37.7
1 1 2 37.5
5 1 1 37.1
1 5 1 374
1 1 5 37.2
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Table 7 Used memory and time consumption of different models

Ik & RS RN GPU TR ) /s WFF/GB
Rol Transformer 193 7.56
Gliding Vertex 16.4 8.45
W B e H A A 25 1024x1024 2 TiTanXp
ReDet 14.1 7.89
Oriented RCNN 16.1 8.37
T KO B 0 55 W H2RBox 1024%1024 2 TiTanXp 28.5 7.02
Rl AL — S 25 (A 30) 1024x1024 2 TiTanXp 30.6 6.79
T+ LRI 2 BTAR R f) i B b, AT RE R A1
FHHHE

4 45 e

AN ST Xt e e o IHE AR 1 52 2% ELAB IS Y T]
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Abstract: The objective of this study is to propose a novel oriented object detection model that can effectively detect objects in remote
sensing images, while alleviating the challenges of labor-intensive and time-consuming annotation processes. Specifically, the aim is to
develop an efficient and effective approach that only requires image-level annotations, which can improve the availability and diversity of
remote sensing rotation object detection datasets. The proposed model is designed to overcome the limitations of traditional annotation
methods that rely on bounding box annotations, which can be subjective, inconsistent, and time-consuming to create. By leveraging image-
level annotations, the proposed model can greatly reduce the annotation effort, accelerate the annotation process, and enhance the scalability
and applicability of remote sensing object detection in various scenarios and domains.

The proposed method introduces a novel weakly supervised oriented object detection paradigm for remote sensing scenes. The model is
trained in a progressive manner, starting with coarse image-level annotations and gradually refining the detection results. This approach
allows the model to learn from limited annotations and adapt to the complexities of remote sensing data, which often exhibit large scale,
diverse appearance, and significant rotation variations. The model incorporates consistency constraints of image-level annotation, the
oriented bounding box position and the cluster center distribution in different rotation views, to enhance the accuracy and robustness of the
detection performance. The oriented bounding box position consistency ensures that the predicted rotation angles of the bounding boxes are
consistent across different views of the same object, while the distribution consistency of clustering centers is measured using the Hungarian
loss, which ensures that the predicted object centroids are consistent across different views. These consistency constraints are designed to
improve the accuracy of the model in handling rotation variations, which is a common challenge in remote sensing object detection.

The proposed model is evaluated on two mainstream remote sensing object detection datasets, DIOR and DOTA-v1.0. The
experimental results demonstrate that the performance of the proposed model is significantly improved compared to state-of-the-art weakly

supervised remote sensing object detection models. Results show that our performance is significantly improved compared to the state-of-
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the-art object detectors with less strict weakly-supervised settings in remote sensing images, which also highlight the effectiveness and
potential of the proposed image-level annotation-based oriented object detection model in addressing the challenges of remote sensing object
detection. Furthermore, the model’s ability to generalize well to different datasets showcases its robustness and versatility.

In conclusion, the proposed image-level annotation-based oriented object detection model is an innovative approach that addresses the
challenges of labor-intensive and time-consuming annotation processes in remote sensing object detection. By leveraging image-level
annotations and incorporating consistency constraints, the proposed model achieves improved detection performance while reducing the
annotation effort and improving annotation efficiency. The experimental results on DIOR and DOTA-v1.0 datasets demonstrate the superior
performance of the proposed model compared to state-of-the-art models, highlighting its potential for practical applications in remote
sensing object detection and related fields. Future research can further explore the potential of image-level annotation-based oriented object
detection models by incorporating more advanced techniques, exploring different data sources, and investigating real-world applications in
remote sensing, geospatial analysis, and other related fields.

Key words: remote sensing, oriented object detection, object detection, weakly supervised, deep learning, rotation consistency, image-level
label, hungarian loss, DOTA dataset
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