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[Abstract] The complex backgrounds, diverse target types, and significant scale variations in remote sensing
images lead to target omission and false detection. | Te'address these issues, this study proposes an improved Faster
R-CNN multi-object detection model. First, the "“RésNet 50 backbone network is replaced with the Swin
Transformer to enhance the model’s feature extra€tion capability. Second, a Balanced Feature Pyramid (BFP)
module is introduced to fuse shallow and deep sémantic information, further strengthening the feature fusion effect.
Finally, in the classification and regression‘branches, a dynamic weighting mechanism is incorporated to encourage
the network to focus more on high-quality candidate boxes during training, thereby improving the precision of target
localization and classification. ¢\ The, ‘experimental results on the RSOD dataset show that the proposed model
significantly reduces the number of Floating-Point Operations per second (FLLOPs) compared to the Faster R-CNN
model. The proposed model achieves 10. 7 percentage points improvement in mAP@0. 5:0. 95 and 10. 6 percentage
points increase in Average Reeall (AR). Compared to other mainstream detection models, the proposed model
achieves higher accuracy while reducing the false detection rate. These results indicate that the proposed model
significantly enhances detection accuracy in remote sensing images with complex backgrounds.

[Key words)] remote sensing images; multi-object detection; Faster R-CNN; Swin Transformer module; Balanced
Feature Pyramid(BFP) ; dynamic weighting mechanism
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p—_ N (13)  Transformer Fil ResNet 50 43I Jy 4 T [ 4 4
Np + Nep XF e, i mAP, 2805  FPS il FLOPs 4 4>
R=y N (14 bR, SRBERNEIR(2,2,6,2) 8 7R
ron R B MR R BT /NN B 7, 2 )
A :JP(R)dR (15) ALK o« =4 i AZERE IR B R 96, AIR1E
0 T RHRIVERE () S Wk 4 s .
x4 BTMENEEMEEMN I
Table 4 Impact of backbone network on model performance
A ERREES SR /10° FLOPs/10° FPS/(iies™ 1) mAP/%
ResNet 50 41. 14 203. 43 8.7 93.7
Faster R-CNN
Swin Transformer 44,76 103. 00 6.3 96. 6

M FE 4 0] PLF L, 7 Faster R-CNN % H

Swin Transformer YE N8B T W %% J5 . = 508 20
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3. 62X 10°, {H & FLOPs X Iig J&F s /b, FPS Jg, 2>
2.4, mAPH# 2.9 A, AHTIN A 3 R
: 1) Swin Transformer {#i J§ 2 ]2 Transformer %
Yo, AR S 2 3 B0 AL R 5 22
2 TE N W45 2 A vk B R I OR T S 8
2) Swin Transformer fifi F 5 1 2 S HLH 2 4 42 F
B RKIEEIKECR, HERE T RAFZEERRZ
B8] A AH OCHE s ResNet 50 H 7R A X Ik 17 #4E

AR AT IS O S s A4 3) 1R MR B
72375, Swin Transformer [ H 7 & J1 81 H %
THHPE CHEAE B AR % A B . M ResNet 50 XK
P ST G 2R 0 R A B ) s DT 5 B H AR
K6 B A6
3.4.2 AR 024 A S

AR T B ) FPNL #5 10 BEP A Sy 3 s R Ak i
B HYENIE TR SRR BRI PERE AN 22 5 P

x5 FEBIEPENERMENEI

Table 5 Impact of balanced feature pyramid on model performance
i IR LG T 25 Rt /10° FLOPs/10° FPS/ (s ) mAP/ %
FPN 41. 14 203. 43 8.7 93.7
Faster R-CNN
FPN-+BFP 41. 40 204.53 8.3 93.9

M S AT L fEI A BEP #i85 mAP fi
B 10,2 Al MR IR SR B T8 2 A
BEZEEEMER REEZAGEE. ETIH A
SCIE R O ROE SR A2 ARG AP BB UE BFP
BRI A R ANk 6 FToR

N 6 AT LAFE o AR A A Rk <5 7 B AR R

Ja KAL) AP fEF- 48 R 2 0. 7 1 0
S SLASHRIY AR (4 6. 2 T 4r . SLACHF R
A2 R SR GEFR S A TR S A TR . TR
I BRI e B ok 3 58 1 A5 R A B T3
YA B O S50 A I/ RUBE 25 57 5 DS 1 1 A
0 ] e,

®6 TEHISFEERXERBRTHBENZ

Table 6 Impact of balanced feature pyramid module on-average precision for various objects %
- AP
iy FHIE LG 25 mAP@0. 5:0. 95
KL 1A SLAEHT #Y
FPN 60. 6 67.8 13.5 69.9 61. 6
Faster R-CNN
FPN-+BFP 61.4 68.7 19.7 70.3 62.4

3.4.3  BhABCENLH 5

TERET I Syt A5 v ] 2 [0 S R 2 ) 17
PERE » 151 7 b A8 0 P R [ U] 45 2 o 50 AN B 16 7
ABRAEAE S A7 A8 Ak ARG m o A . oS
S AL AT LA Sh 285 9 FEbR 2 53 FC F 101 51 R 4
TS e 3t 0 P DT e A ol 455 TR 7 B 22 105

ToU H{EFEA, sk 7 PR,

N 7 R LLE W, A B & BCE L R
mAP@0. 5 i FRF 0. 2 Hor . R TRAEsI A
AL AE I S A v 0 O 7 v JoR o i e A, AR S|
A ToU BIEH 0.5.0. 75 F1 0. 5:0. 95 3 4> mAP #4§
FREATIRUE, W2 8 /R,

x7 PHEWENGEIGITE PRI LR R0

Table 7 The impact of dynamic weighting mechanism on model performance during training

R BAREHLH] SR /100 FLOPs/10° FPS/(i-s™ ) mAP@0. 5/ %
41. 14 203. 43 8.7 93.7
Faster R-CNN
J 41. 14 203. 43 9.0 93.5

®8 EHBNENNFIEARE U BENTEHEE

Table 8 The average precision of dynamic weighting

mechanism at different IoU thresholds %
BHAAL . _
1BEE mAP@O0. 5 mAP@O0. 75 mAP@O. 5:0. 95
LI
Faster 93.7 71.9 61.6
RCNN - 93.5 74.6 63.0

M 8 AT LLE . 51 A S SAE LSS . b %
ToU BIEAWIHE N BAIAE = ToU BIE T 1) mAP 45
PR AESE N . 5 ASASAEENLS Y mAP@0. 5:095
BET L AEN N,

TER—Z 50 & T . ffi ] DSL Al L1Loss PIFRAS
[i) [1] 09453 2 PR, X% Faster R-CNN 14 i 45 2k o6 5101k
SPESATINIE, PP Loss BRNE & 2Bk 10784k,
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i aniEl 12 pirzs . Herp g 2 il AR B A
[ [T 458 2% R DSL F L1Loss i S RAEIL .

M 12 AT LA s B AR UCE Y 3 i DSL
il L1Loss i ZHF AL TUCSCIRZS . I ZR40 18] DSL
LT L1Loss N REFFECN P22 i1 HLAR K BT /N
DAL o T DSLL A AR SCRCHE B 19 [ U5 458 2K o 40
AT UNGHEA

25

——— DSL
1 L1Loss

HRAE

IR BY10°
B 12 Loss REBEEER R th 2%
Fig.12 The change curves of the Loss function with

the number of iterations
30404 AR Rl S5
RS IE AR 2 18] B A R S AR SCHE S TR

MR RSOD #dls & b 3EAT I Ml SE 5. A SCHE
Faster R-CNN J fili | 4K ¥ o #F 5 1 M 4% Swin
Transformer. %5l BEP. shZ&S A EHL#H] (Dynamic) ,
HRLSCE AR AN 9 Fs.,

MFE 9 AT LIFEH, 7F Faster R-CNN FEal F 4K
I Swin Transformer,BFP,Dynamic 55 Faster
R-CNN A AR 4255 T 10. 6 14005 ASCHTRRY
FSBD R-CNN #EAA] ToU B {E A [71 3R A PERERLA .
/NEPRE mAP@s 7E 2830 BFP A Dynamic 5
5 Faster RCNN ML TR T 1.2 'F 4005, Ui 7E
I BEP BHLE RRAE Rl R 25 5 RER 4118 AR
B SIASRENRIX TR R I BT R I
AR B 52 Wi, 150 B 12 45 He o e B Il i /. 7
ToU [ B4 (17 100 DS SCUT S OB AU 1 RR 44T
5 Faster R-CNN #H b mAP@0. 5:0. 95 &&= T
10. 7 B4 A [ 5 Faster R-CNN BLBUAH 1L, FLOPs
FEAR T 20100.410° , = ZIF K T Swin Transformer
X S B 1 R L) K e A 3R B B AR 6 3R 1 14
I EAT R PR R . (FR 76 5 A B AH R4
DU ARG AR (g FPS FREZy 2.5, £ N
Swin, Transformer J&FVEE T HLH  51% %45 R
LML TR Z N SRR, FEOTRE 4
FEMR .

x99 BERHMIRBER

Table 9 Results of ablation experiments for each module

Faster Swin BEP Dynamic AR/ mAP@s/ mAP@m/ mAP@]/ mAP@0.5/ mAP@0. 75/ mAP@0.5:0.95/ Z4ik/ FLOPs/  FPS/
R-CNN  Transformer % % % % % % % 10° 107 /s
J 67.7 ) 372 62.1 67.0 93.7 71.9 61.6 4114 203.43 8.7

N 73.9 V46.6 67.3 77.4 96. 6 84.0 69.3 476 103.00 6.3
N J 680 36.2 63.0 68.1 93.9 73.3 62.4 4140 20453 8.3
J VU682 331 64.0 68.1 93.5 74.6 63.0 4114 203.43 9.0
N J 740 45.2 67.9 78.1 96. 6 84.3 69.7 4502 104.11 6.4
N v 73.9 445 68. 6 78.4 95.5 85.1 70.1 476 103.00 6.6
J J J 687 360 64. 4 69. ¢ 93.1 75.5 64.1 41.40 20453 8.3
N N v <783 46,4 70.8 80.3 96.5 87.1 72.3 45,02 104.11 6.2

3.4.5 BRI

AR B s I R AR T 3 Ui AR
RERYH  FERUE B A3 s R A i FE 4R 3y
I T R AR RS SR B L A R 2
UCTRAT R 35 oK KN 1) J7 B B A DG PP oA S e A
JEREHLEY 32— AR T s PRAT - AT 52 Bt
o A — sk BB YRR LA A A g
TR HE AT RS 7020 1, B 18 06 S 6 25 SR
% 10 R,

R10 HIFEEIBER

Table 10 Experimental results of data augmentation %

i) BRI oR mAP@0.5 mAP@0. 5:0. 95
J 96. 5 72.3
FSBD R-CNN
93.7 69.5

M 10 7 LUF H . FSBD R-CNN A8 2 {ff 1 %4
PGSR ATS mAP@O. 5 25 1 2. 8 | Jr ki BEHIAL
B SR AR R T R R AR 53 B R
Az ATk .
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3.5 Xk YOLOF™ | YOLOX™®', DINO®' .  Align-

3.5.1  FINZE RSy

AP Faster R-CNN Sy 528 #1780, 7 RSOD
Ba e Lt SC8 Sk R T R A sk O 5 H
MRS A7 X He . A S YOLO £ 81 485 AL 3% )
200 Epoch #EA7 I Zk, A% SC 5 B i % LA L oy
ATTS?, Cascade R-CNN" .  Deformable
DETR™!', FCOS™', PAA"™ ., VarifocalNet'?/

DETR™, % 11 /R T ARFEERALE RSOD #iE 4
ARG TN R 2 L R SRR B g . AR
SCHTHE PR A 45 A 2850 o B AT e A1) mAP, 4
FE LR ABAY , A SRR TE KAL) Y mAP@O0. 5
LD 8.6 F A AL AR mAP@O. 5 #7812, 2
Ay ST mAP@O. 5 37 24. 1 {4y 05,2 5
Bty mAP@O. 5 #£55 17. 6 [ 485

F 11 7 RSOD #iia & & %7 HiRE B M IEFR3T L

Table 11 Comparison of evaluation indicators for various category target models on the RSOD dataset %
L] mAPE0. 5 mAP@0. 5:0. 95
AL A SEAEHE B85

ATTS 46. 6 51.8 17.0 6756 47.7
Cascade R-CNN 55.8 60. 9 2.4 96. 5 55.7
Deformable DETR 39.3 54.5 16. 6 59, 1 45.3
FCOS 42.2 50.0 17.1 6d. 9 43.8
PAA 45.5 52.2 15. 9 70. 6 46. 8
VarifocalNet 43.1 50. 4 20.5 62. 8 45.0
YOLOF 25.3 40. 4 14.5 57.6 34.5
YOLOX 60. 7 61.4 19.6 56. 2 49.5
DINO 32.6 34.9 14.8 59.9 35.95
Align-DETR 54. 2 59. 6 15.0 77. 4 51.4
Faster R-CNN 60. 6 67.8 13.5 69.9 61.6
FSBD R-CNN 69. 2 80..0 37.6 87.5 72.3

AT PR A RSOD i 5 4 4~ 51 iy
KIS BEHAR IS B T ek . 7E R s . ik
HLUFIHIAR . FSBD R-CNN PP 48 bl A5 1 e (7
I ) APV’ 73N 9 b7/ NI RE | s = N L e

HHEE . FSBD R-CNN P4 8 bn A 5 B 542 Tt
I X SRR A R, M — A IR T AR ST R AR T A
BRCE SR, 7F RSOD B4 4 T A [l #5750 f1y
PN FE bR LNk 12 R,

12 £ RSOD 4R 5 R ERBEIF N8RRI EE

Table 12 _ Comparison of evaluation metrics for different models on the RSOD dataset

wm mAP@Q. 5/ mAP@O. 75/ mAP@O0.5:0.95/ mAP@s/ mAP@m/ mAP@Il/ S/ FLOPs/

% % % % % % 10° 10°
ATTS 84.1 49. 2 A7.7 12.9 49. 3 54.1 31.89 206. 30
Cascade R-CNN 88.3 63.4 55.7 29.2 57.4 59. 2 68. 89 200. 47
Deformable DETR 80. 3 40.0 45,3 8.4 43.0 54.9 39. 82 112. 61
FCOS 82.7 40. 4 43. 8 7.6 45. 6 50. 7 31. 84 206. 67
PAA 83.2 AT, 4 46. 8 11.6 48.6 54.3 31. 89 206. 30
VarifocalNet 81. 4 44,9 45,0 6.3 46. 6 52.0 32.49 198. 59
YOLOF 70. 7 27.6 34.5 1.9 26.0 42.8 42.13 103. 14
YOLOX 85.9 55.8 49.5 36.0 61.3 53.3 13.32 8.94
DINO 64.9 34.3 35.5 11.0 34.0 39.4 A7.55 215. 04
Align-DETR 80. 1 57.2 51.4 28.3 53.9 57.0 47.49 215. 04
Faster R-CNN 93.7 71.9 61.6 37.2 62.1 67.0 41. 14 203. 43
FSBD R-CNN 96.5 87. 1 72.3 46. 4 70.8 80.3 45,02 104. 11

7E RSOD %#24E I+, FSBD R-CNN 7 mAP
BT & B, mAP@0. 5 fl mAP@O. 75 3k

TR BRI R, 2 B0 A3 T IE R AL /N i
R, mAP@s, mAP@m fl mAP@ 1 5 Faster
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R-CNN A 9485 9. 2.8. 7 fI 13. 3 A4, 5
HoAh A7 4 H, FSBD R-CNN [ 280 5 FLOPs
A TR BHAR R

3.5.2 LRI FSBD R-CNN [9%f [

ACHE T S DO 446 A5 A0 S 3 SRR R A ARG T A
P-R £ &l 13 i, P-R 4k 5 As bRl Bl g i
L (AUC-P-R) F /R RITE ToU B{H R 0. 5 AYLE
ArErE. MK 13 AT LIBA B A H, FSBD R-CNN £
RSOD i 4 i Rl v BAS 3847 i g, AUC-P-R
i TR A

R T B IE T SRR R A A R AR SR T
KRG FRTIEE R . A SRR AR A RO AS I K
R RNE U BN B 0 B AR, A SO e S 4 st

(2)RSODJE 4 &

H b5 T K 5 K 25 ST B an B 15 R ok
B 15Ch) n] DU HY , Jk 2R A5 700 B SR 4G T HY O E AR
A A K BE A I H RS 0 2 WA SR T RAL H

‘ (2)RSODJE#4 K

! 2R

BT
%

(b)Faster R-CNNW’;& ‘
14 FRERBE S BT REYEHENER
Fig.14 The detection results of objectsswith unclear semantic information by different models
A RE P K . M 15 Co) T LA L AR ST
Y B8 A% T A b A0 H A0 A O ARG ) 3] AE 18 SR
BN GALFR I LT o FEAE (iR JE AL T B bR
T A1 O

(b)Faster R-CNN

TUAETE A HER PR AN GG ) L A 14 Bs

. I FSBD R-CNN [ Faster R-CNN
1.

0.8 |

0 0.1 02 03 04 05 06 07 08 09 1.0
e[k

B 13 BustaiEMEEE PR ih 23Xt Lk
Fig.13 Comparison of P-R curves of network models before

and after improvement

(c)FSBD R-CNN/® £ #5784

(¢)FSBD R-CNN

15 BirmERERT

Fig.15 Comparison of target missed detection and false detection results

ARSCHTAR H AR R REAS K N 21 B 22 52 2 15 W)
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(b)Faster R-CNN
16 EXLSHRNERIIE
Fig.16 Comparison of detection results in comple; ds
. targ itl gorithm in complex environment [ ] J.
4 LHRiIE gincering. 2024, 50(4); 219-227. (in Chinese)
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