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Enhanced remote sensing image target detection algorithm
based on the improved RT-DETR
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Abstract: Targets in remote sensing images are often elongated. zigzagging and other complex morphology. and
accompanied by large scale changes and strong background interference and other factors, resulting in the existing
detection methods are prone to lack of detection and misdetection, it is difficult to meet the demand for high-precision
detection, in this regard, an improved remote sensing image target detection algorithm TriD-DETR. First, by
dynamically adjusting the shape of convolutional kernel and optimizing the channel adaptation and residual connection
methods, a DKFE feature extraction module is designed, which is able to adaptively focus on the elongated and
zigzagging local regions, thus accurately capturing the target features; second, in order to improve the model’s ability
of locating and identifying the complex targets. DATE in-scale feature interaction structure is proposed, which
introduces a deformable attention mechanism on the basis of reconfiguring the Transformer encoder and enhances the
model’s ability to capture high-level features and deep semantic information; finally, for the multi-scale feature fusion
part, the DBFB diverse branch fusion block, which enriches the feature space by combining diverse branches of
different scales and complexity, thus enhancing the expressive ability of the model. The experimental results show that
the TriD-DETR algorithm achieves 86. 8% and 94. 1% mAP on the DIOR and RSOD datasets, respectively, which are
1. 2% and 2. 3% higher than the original model RT-DETR-R18, which fully proves the reliability and efficiency of the
TriD-DETR algorithm.

Keywords: remote sensing images;target detection; RT-DETR;attention mechanism; multi-scale feature fusion

TR R P LR (%) B A . 3 T 4 B 28 X 4% (convolutional

0 5
| neural network, CNN) Ffl13£F Transformer V48 #y ,

il

3

T SRR H AR A I — TR A B S LA AT 55 fE 5 KL, AT FE T CNN B4 1y B A Ao ) 455 Y
A UM AE D 3 BIER P g B s . BUA ARSI AT 7 A0 5T AR By 4 0 9 B A 00 25 381 200 B B A

Y B 9 :2025-05-14
* FEETH ERK HAFFE AT FWH (62171361) (5K H AAF = 5L 4 75 42950 H (52302505) (B PG 24 BHE T H i 0F & 1R H (2023-YBGY-
027) BEVEAE B E T & W35 H (22]K0412) BE B

* 192 »



¥ % 5. A Fed RT-DETR #4932 & B4 B 4rtem B

B2

M 2EE T, M anchor-based™* "1 #| anchor-free™ """, 3%
BT 5T A Ao 0 SRR M O T ER OIS T W W 2. AR
1M, CNN Z8 44 72 4k B BE B AR 4 7 b SCfF B A7 12
JRBRME, S ECL AR 2475 SR RS 22 R RN swh A A
RIALE,

ILAE K, 2 F Transformer 1) H 5 A6 0 455 7Y P HC 0
M4 R R RE 7, B IR T T K, R A2 Carion
£ 1) DETR (detection transformer) #8 #, 3 % T
Transformer 22 ¥ 7 H #7874k 1 25 B, &R 40 B
DG T X A 2L ST 0 AT il S o — 000 20 AE [ BT B T AR &2
N8 3 i A R, 6 4n 38 B R E 0 #l (non-maximum
suppression, NMS) W K& 4k T B Al i f . 528 T o
F) 35 4 B AR AR T . SR T, DETR BB th A7 76 31 55 & 4%
v R ST A A5 ] L, 63X 6 ] T, 2 4~ DETR 1)
ARARTEAN TR 5 10 64T T Ak, 2T = % 4R A RSH-
RTDETR. &% 4 ik 4 B b 5% 4% 77 Xk 47 7 1 4k Zhu
DT H Y Deformable-DETR , 3 i3 34 58 71 & F1 HL 1 #9 &%
RN T 2 RO AR A U 2RS40 A s Meng 260 $ Y
Conditional DETR #l Wang 45"/ 4& ! /) Anchor DETR #B
FEAR T query BIPEALHERE ; Liu 7V 42 1K A9 DAB-DETR 3|
AT PUHES 2 0, 91 78 )2 2 AR A T AE 5 Li 50 42 Y
DN-DETR 1 51 A query 2% W, 3 1M 45 5 1 I 25l 84 st
[ ; Chen 25" 42 1 1Y Group-DETR 3 33 5| A 4340 = — %t
% 4yt (group-wise one-to-many assignment) 3 il 3£ VIl 2k
iR s Zhang S48 9 DINO #EI7E L 1 ) T /E Al 1
HEATA AR AL P AR 3 T A HE B9 R0CR s RS X SRR fE 45 1
B4 75 T S — & 1 R L B Zhao %PV 2 H 9 RT-DETR
(real-time detection transformer) £E & H & 8% W 1R & 4 15
A BT JR I T A W A e R g G A A A R
TSRO AR AT 28 L R RO A i il 79 90 0 R A R0 Ak B
2 ROBERHE , T A 2k T DETR AR R & 11 55 4t DL &
WAL S50 1 5 [ AL, 1 HC AT LA A 4% i S5 B 3 ¢ b iR AT 2B
N . 8RR RT-DETR 724 m R MM 5 (A1 77
FE— S0 R R B0, e AE AL B AR S il S R 2% B bR L K
WEaERc 2, H g MR sl iR A A

N T SR A B R R JFAEZE RT-DETR 1 i 8 B¢ i
PR T kK TriD-DETR (triple-driven detection
transformer) , % 7 Ik R E STHAAN T -

D TEFFAESE IO B 44 2 T 3 25 4 FRURCRAAIE 4 OB B
(dynamic kernel feature extractor, DKFE), 3 F ¥ ¥ &
FREHE 5 2 TLART &35 4 7 T 4 38 17 R L 0 — 2B 33 T AT
TR G RRIE R ILH] L AR R A T Hirm gk .
T 4 S AR A R X A, TR I Ak 3 3 3 C 5 AR 25 i T
K PRT T BB ROR 5 RERIAGE J1 , T A 20 42 1%
G A FRURAE TT B Z M 0 40 A5 . 5

2) P W ORCBE P R AE 32 H 45 # (deformable attention
transformer encoder, DATE) , i & i ft Transformer %%

AR JF A T AR TR TR DALY R T X A R 1 B
R HERE 77, DATE 3 A 38 B 98 88 1 8 7 iy BRI AR
AE #% T A b 355 N7 AR T 1 JR) T8 48 ) R TIZ 72 o AT K A il 42
RHEANT , JLHAER Z: Y 5o, DATE R %A R & %R
BARAE YOG 13 BE L /b IR B AR T 78 sl 75 5 B2 4 1 5 U e
o R A, fe 2 42 T I M 5

3) 7E 8 RRE 4 B4 3 4% » 5% Diverse Branch Block™"
MR &, 12 10 2 KM 4y SC & BE 8 (diverse branch
fusion block, DBFB) ,DBFB f£ RT-DETR il & # He 1 3
Bl by &5 G AR R RO A% B 1 2 AR P 43 3 e R =5 )
T3 5 B R 3K R 7 L 8 A ALY 2 ROBE R AR
4 DBFB RE 8 £E AN 14 IAT: o] 41 2 5] A (9 A 2 F L 48 =
I £ o AN [r) JRUBE B A %) A W00 14 i o DA T 34 5 T 8 TR (9 3Rk
GEWAR NP A A

1 TriD-DETR W 48 25 #91% it

1.1 BEMEEBLEHIEIT

TriD-DETR MR B4 28 kg n 5] 1 fios , E B A4 4
Y B TR = AR A G5 A D A AR sk . B
He R U B A ) ResNet— 18 75y 3= R 4%, 1% W 2% i 3
AREMZE BRI Z . ResNet Basic Block f1 DKFE £k
2H A%, BT N A B 5 2 8O 25 FRAE . Basic Block
TR A B % AR, B AR AE R AR G R 30 40 4 15 80 L 8K
J5 M DKFE #5514 75 J2 F7 AF 35 35 66 7 $2 B ROBE R 1iE
CEIV G (1 4 JR N8 SUAS B0 L e R i il 3 A A TR R 1
fEE P3.P4.P5, HK,DATE 5% Transformer %%
TRIEAT TR IS I AR T FE R B DA A5 2 A g
T R A R AR S A A 5 0 s ROEEARIE F5.
T 385 FFHAS TR RS R AF B 22 ) 9 A S R SR Al 5 AR
RAEFE AR DL K BT R B DBFB &, Xf P3.P4.F5 X 3
A RUBE W R AR R AT A Sl A, A5 3 3 AN ROEE Rl &
FRAEE Y3.Y4.Y5, ZiS AL & T AR R E R AE B 1 5
A0 Y i BRI R AR B 2 RS B 8 T B 4 S 4
TS5 THRIER 2R . BR 86X 3 AN RUE Ryl & FR1F
P A e e 2 R ARG I Sk o 1 TN A L L S R
fEEE .
1.2 DKFE #

ResNet-R18 1Eh—Fp )~ 22 ¥ i) CNN 2244, # % 1
S RRAE SR O B 45 AH R . AR, B A AR — SB[ AT 1
SRR, B MR T R B M4, ResNet-R18 7E AL FHL A
2 T S PN G5 46 1Y) PEIAR B, G AR AR 42 B AR 07 A S b € 5
K2R T H M 25, ResNet-R18 B8 S2 B AH X4 /)N, 3%
E—ERE LR T EMERER, R EETFELR -
FXAER AT S . T WX )5 i, #2 1) DKFE 45
4, SR B 25 R A RO I B A O XT38 T8 3 T R4k 22 o 4
75 AT T AL B 70 3 T R 45 0 52 2% IR R R AT Y 31 BB
3o DT $8 i AR R AL B4 )Ry B SCME BAT S R bk fE .

+ 193 -



o549 35 A

o

=z

¥ H K

P4

40><40X2§p_]

40%40%256

40%40%256

40%40%256

80x80%256

20%20%256

TR A GRS 3%

ﬂ Dlxl#ﬁﬂD 33

() emee [ moxmte

20x20%256

20x20%256

Y4
40%40%256

EFeBER

40x40%254

N

160% 16064 80x80x256

1

DEFB
)

80x80%256

TriD-DETR ## 7 #% {4 2% 1

Fig. 1 The general framework of TriD-DETR
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o (1R S AR R N T R AR TR A s ) A A (S T
£, AN, 7ESE 1 g, DKFE X525 fth <7 32 B 59 0 R X 355,
B R R AR R R R BT X 4K H AR
WS AAE 1555 2 A, DKFE X & 2258 XK 1 i 48 4
T A B p T oG H 7 B, T Basic Block Wi b 23, ME DA 28
L EFRTT, BT K I, DKFE 4 35 25 35 I M i 3
REAR R H br LA 25 2806 8 8 8 R A%, DT 8 5 % il 1
HARMRHIERILGE J1 . JLHAES 3 4 b, DKFE H #i 4 42
TUEIE B AR S A0 R SR R R T 2R
HF F R BE J7, WKHM T Basic Block 78 31 %% 5 X4 X 4 ] 7
A BB

ZE LAk, B 6 B3 X E 7 40 IE B DKFE 788 2
Ze PR E bR AR S5 i FR R L, B S AR
TR, DKFE A DL 38 BeAn & . il 97 49 B AR R AE , 38 58 9
2 of R X I8 ) 1, 5 T LUKS o 25 E bR S5 A0 .
2.5 DATE £#7 M4 RS

T BAUE DATE &5 A4 78 98 /0 U A8 F0 158 A6 7 187 1) 2l ik
SRR AT AR $4 g B X 43 BT RT-DETR-R18 H R B
P45 AE 22 H JZ (intra-scale feature interaction, AIFI)
TriD-DETR #' DATE 2 i fi ) 4# 1iE 8], T s PP A H A B
P DX S8l ) A I 2 B, A0 ) R B s 2 03—k & [0, 1138
L o JH Hp 20 3 % W X, T R 3 S AR i) R X3, A 56
AL s B 7 s, 7E AIFT iy ] giAk 45 b, 4o @8
SR AE RN TR A X 3L G 10 R R AE RN IR X ., 4R B
/RS ATFT 7E R 245 56T M LUA R IX 4 B b5 5 T30 XK 380 W
Kl R AL PR A%, BT 5 K & 4 0 B iR
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(a) JR (b) Basic Block (¢) DKFE

(a) Original images

Kl 6 DKFE 5 Basic Block #Jy & 0] ¥4k X [t

Fig. 6 Heatmap visualization comparison of DKFE and basic block

(a) R (b) Basic Block (c) DKFE
(a) Original images

K 7 DATE 5 AIFT g KA AL X 1L
Fig. 7 Heatmap visualization comparison of DATE and AIFI

o o 490 n s SR R AR 9 KL, T DATE 254438 3 5] A 7 A8 BT B AR AR R T .

JE R 7 W, H I8 R R T A Ve R R A s s T X A WUBRZ WY (effective receptive field, ERF) 4§ ® 2%
H AR X i me B, 72 S s T BB S E m gt RSP ITRENS B B R X B, B B2 5 e AR R X ) S
SN e N R 2 1 | 7 SR e R EI T 2 HeRFEN IR 1. ik — LR DATE 25819 KA
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¥ % 5. A Fed RT-DETR #4932 & B4 B 4rtem B

B2

FEAG B, o3 AT H AT R0UER A2 B 09 43 A5 9 E A7 AT AAR T L,
Bl 8 i . AIF1ZRA BURAZ T (B 8(a)) RIHE & H
S B A A R R 32 B R P e /NS PR HE L A i 36 H
PRI &Rt ., IR Z B RE RN R T X i H
P4 22 5 5 BUR 2 B 5 /NS B R AR AR B bR X Sk, A
W2 T . DATE J2 WA &0 32 B (& 8(b) J&/R T T i B
H 3 N 4 R BRI AR M B AR T R AT B S YR, E
26 T Y 1], [ s 448 i X R 3 AN T B4 B 8 O, I R
T ST, A E 2 HAR B S M E 2475 5ol b e 48 52 3
A 1 A 0 2

1.0 1.0
08 0.8
06 0.6
04 04
02 02

(a) AFI (b) DATE
B8 AIF1 5 DATE 24 %32 B 53 i % Lo &
Fig. 8 Effective receptive field distribution comparison of

AIFI and DATE layer
IS5 R AN TR B 55 LB (e D T A BUSRZ EF 1T T 45

X, R 2 fron, LE LSRR L DATE £ 8 #H 5 %
(t=99%) T WA ZUEZ B F B 3F 8T AIFL 8- 7 H

BB 4 R DG ERE U, AR S A AU B AR RS B,
[E i ZE R B 5% (Wt =20% .t =50%) & ,DATE 4
SRR AZ B 4y A TR A R T 4 )R 5 R B AR AE B B R A
A

25 LR . DATE S5 # AU 3G 58 T X H A5 X380 3 £
AT, RS N BAR R A BB 240D R =T
JrTE R T W R 2B R T AR H AR AE 55
HROEA R SR BE T .

R2 AIFISDATEAEEBZEXRTHENRZHEE L
Table 2 Quantitative comparison of ERF under different
coverage ratios for AIFI and DATE

25y 1=20% 1=30% t=50% 1=99%
AIFI 1.3 2.5 7.3 92. 3
DATE 1.5 2.8 8.5 93.5

2.6 DBFBEHRILIGER S

S ESAIE DBFB B e AE B A7 A6 AT 55 o (14 14 fig 42 T 41
R TT Y Rt AR B 2 A 2 B bR R AR R o i AT
SC8 . B RT-DETR-R18., RT-DETR-R34, YOLOv8n,
YOLOv8s.YOLOv9s Fl YOLOv10 s 15 Sy JE v 455 7, I 5k
Fix e A F # 5] A DBFB 5 B 1 2 2 JR A (BRig A +
DBFB) . B 5256 34 76 A0 IR 1) 52 36 45 44 T gk 47, T i 32 Jak
1% H AR 0 835 42 RSOD 347 Y145 Fn 24l 5256 45 58 40
F 3R,

&3 RSOD ##EE L &BEER N DBFB IR LI 45 R
Table 3 Experimental results of adding DBFB module to models on RSOD dataset

il Params/MB FLOPs/GFLOPs Inference time/ms mAP50/ %
YOLOv8n 3.1 8.1 17.7 90. 2
YOLOv8n+ DBFB 4.5 11.5 11.3 90.6(+0.4)
YOLOv8s 13.1 28.5 21.7 92.5
YOLOv8s+DBFB 17.1 42.2 16.0 92.7(+0.2)
YOLOv9s 6.8 26.7 13.5 92.3
YOLOv9s+DBFB 8.1 30. 7 14.2 93.5(+1.2)
YOLOv10s 7.6 24.5 8.2 87.9
YOLOv10s+DBFB 10. 1 34.9 8.4 92.9(+5.0)
RT-DETR-R34 29.6 88. 8 31.8 93.2
RT-DETR-R34+DBFB 29.6 88.9 32.1 94.1(+0.9)
RT-DETR-R18 18.9 57.0 33.0 91.8
RT-DETR-R18+DBFB 18.9 57.0 34.2 92.5(+0.7)

SIS IR B R . 5] A DBFB B , & B A mAP50
FEFR A AN Al #2282 T, o YOLOv8n Al YOLOvSs
A EETET 0. 4% 0. 2%, YOLOvYs 1 YOLOvV10 s 43 3
BIT 1.2% M 5.0%,RT-DETR-R18 il RT-DETR-R34
SHIARTET 0. 7Y% 0. 9%, X F B DBFB B AE AN W] &2

G W 45 AR L ) RE AR E A IC O R SR TR RE . RV S
A DBFB S5 1 B8 i) 2 80k 51T 5 = 28 B2 (R
ST Xk AT ) A B E] A R ALl . DBFB BB i3
Hham TG BUN AR AR A RE 1L BRI A B T R AE S () R OR
[ F 7 PRAF T AR A R 32 T L 2 B PR R4S 2 T AR E 4R
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T # K

Fb. 384 BAUE T DBFB #7532 8% B 5 B pr ke AT 55 i
o AT N S F A {A
2.7 HBLSEIE

R T B UE AR SCHR Y R A B A A L SR
RT-DETR-R18 1 2 3L 28 W 4% , 78§ 4 4 DIOR 1 RSOD
T HEAT T SR T S 503 A A [ Y S5 A 1 R S B0k
BT,

THAL ST 25 RNk 4 iR, Hodh 7Rl T AR

e, fERL MR RT-DETR-R18 i A 4544 J5 , DIOR
1 RSOD 4B mAP50 433 #2 7+ T 0. 3% #1 0. 9% ; #f
—# 5] A DATE %5 #) J5 . mAP50 43 5l 7 42 F+ 0. 4%
0.5%. W%, %45 A DKFE.DATE 1 DBFB 4% #) )
TriD-DETR £ B 78 7 £ 48 4 L 9 mAP50 43 32 7+ T
L. 2% 2. 3% GFEA T S0tk 45 e 19 A5 8tk . &5 BTk, X
— FR B W A T B 2% 45 6 A Ak 0 TR AL R T T R
KEEE .

&4 7 DIOR.RSOD #iE& FHERELIE LR
Table 4 Results of ablation experiments on DIOR and RSOD datasets
¥y  RT-DETR-RIS DKFE DATE DBFB Params/MB  FLOPs/GFLOPs  mAP50/ %
N/ 18.9 57.0 85. 6
DIOR N/ NG 26.5 60. 9 85.9
N N N 26. 6 61.1 86. 3
N N N N 26. 6 61.1 86. 8
J 18.9 57.0 91.8
RSOD J J 26.5 60.8 92.7
N NG N/ 26. 6 61.0 93.2
N/ NG N/ N 26. 6 61.0 94.1

2.8 Itk

MUER A TriD-DETR 53 3% ¥ fig . 748 SC#E DIOR Al
RSOD #4545 8 Fl & WL A I 55wk 1 47 % b, A 45
YOLO % %1, Faster R-CNN, MobileNetV2 Fi % #i 1 71
RT-DETR-R18., SZEZ5R a3 5 i,

7E DIOR $(#E 4 I, TriD-DETR ¥ mAP50 & 3% 8 i
Faster R-CNN #l MobileNetV2, H 4> %] It YOLOv3,
YOLOv4, YOLOv5s, YOLOv8n, YOLOvSs Fil 3 7z f5 1
RT-DETR-RI842E T 4.8%.1.5%.1.3%.1.6%.1.0%

AL 2% FE T X H BRI P A 40 S b 7 L JR B Y
KA & . 7€ RSOD 4 4 |, TriD-DETR [F #f 2 3L
5L.mAP50 i5F) 94.1% ., 5% 4B % Faster R-CNN Al
MobileNetV2 # I, TriD-DETR % mAP50 43 Bl 42 & T
12. 4% H1 20. 7% . A, TriD-DETR 7£ YOLO £ %1 Fil ik i
BRI RT-DETR-R18 W i £ LA AT g 7+, s BldE & T
7.9%.5%.2.8%.3.9% . 1.6% M 2.3%, L& KE,
TriD-DETR &R UE S50 T3 38 iy [\ A, i 2 42
TR B R T A A I BE T .

RS TEEENMILIHRER

Table 5 Comparative experimental results of different algorithms

. Params/MB FLOPs/GFLOPs mAP50/ % FPS,._. /fps

Sk DIOR RSOD DIOR RSOD DIOR RSOD DIOR RSOD
Faster R-CNN 60. 2 60. 2 182. 2 182. 1 63.1 81.7 18.5 21.2
MobileNetV2 10. 3 10. 3 76. 1 76.0 58.2 73. 4 58.3 62.1
YOLOv3 61.9 61.9 122.2 122.1 82.0 86. 2 42. 8 46. 5
YOLOv4 63.9 63.9 97.4 97.2 85.3 89.1 48. 6 52.9
YOLOv5s 9.1 9.1 24.0 23.8 85.5 91.3 72.1 78. 4
YOLOv8n 3.1 3.1 8.1 8.1 85.2 90. 2 78.5 84. 3
YOLOv8s 11.3 11.3 28.5 28. 4 85. 8 92.5 69. 1 75.8
RT-DETR-R18 18.9 18.9 57.0 57.0 85.6 91.8 65. 8 71.2
TriD-DETR(our) 26.6 26.6 61.1 61.0 86. 8 94. 1 62.5 67.3

TriD-DETR 7£ DIOR 1 RSOD %% #& 4 + FPS(4:#>
M%) 4% 93k 2] 62.5 F 67. 3. M IE B & 4y B, TriD-
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(b) TriD-DETR

B9 Bt R R 8CR X L

(a) RT-DETR
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BB T BUNAE R R A I B R 5 B BF 3% L S 38 B L o T
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MO T X — IR eSS 3 414, RT-DETR K GEA
AR Bl 1 1 57 A 8 o I Wk SR vk BE A% ok B 1R % H
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3% i

ARSCHRE T — Fh g I B H bR R B ——TriD-
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