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Fig. 1 Structure diagram of the RTDETR algorithm
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Fig. 3 Structure diagram of the improved backbone network
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4.4 JHELSL

A SCAE RTDETR 5305 ikl b EAT T — R 8Bk,
B PG SO SRR N T R S S H PRI AT 55 P 2k
Mo BT HIHRSER, R T =R
Pt A M PERESE IR, THRLSEIOES RS 2 o, A V"

FORIZA LK AE RTDETR B3k 5] ABI#4y, Bdiim
FARFRA SO sl A SOl P A bt s, e SE B s b f
FA B LR A S F . RTDETR Sk e 77k
BRI R . H [E12 . mAP50 Fl mAP50-95 Il 2 il £& 4
6 Fin. HhAE 2 BAm T A, SRl P R Ak 32T I 45

k2 HEERaxR
Table 2 Ablation experiment results
RTDETR StarNet DAttention BiFPN P/% R/% mAP50/% mAP50-95/% Parameter/M GFLOPs FPS
v 86.3 75.3 80.3 57.4 19.9 57.0 184.2
\ W 87.1 76.7 80.7 57.8 12.0 31.9 253.3
v v 86.6 75.9 80.7 57.6 19.9 57.2 188.6
v ) 86.8 75.8 80.7 57.8 20.3 64.4 164.1
\ W N 87.7 77.8 81.9 58.9 12.0 32.1 318.1
v v v 87.6 77.8 81.8 58.7 12.4 383 233.0
v v 86.7 76.3 81.0 57.8 20.3 64.6 171.7
v N v v 88.1 78.3 82.1 59.1 124 38.5 257.8
a Precision b Recall
0.8 e e A e
08 07t
06
06
05F
04F
041 |
03F |
02F 0.2F
—— RTDETR-R18 01} —— RTDETR-R18
RTDETR-improve ' ~— RTDETR-improve
0 . . . . . . . . . 0 ku . . . . . . . .
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch
c MAP50 d MAP50~95
— ——— o~ 06 -
08
05F
06
0.4F
o4t | 03r
0.2
021 |
0.1 |
—— RTDETR-R18 —— RTDETR-R18
‘ —— RTDETR-improve —— RTDETR-improve
O 1 1 1 1 1 1 O 1 1 1 1

0 25 50 75 100 125 150 175 200

Epoch

0 25 50 75 100 125 150 175 200

Epoch

B 6 &4stniud&atb B, (a) HaEmEstit; (b) 3= Fd%&atik; (c) MAPS0 H&3tik; (d) mAP50-95 # &3tk

Fig. 6 Comparison chart of each index change curves. (a) Comparison of precision curves; (b) Comparison of recall curves; (c) Comparison of mAP50 curves;

(d) Comparison of mAP50-95 curves
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StarNet & # JF & 7 ResNetl18 £ T M 4 B, mAP50 i
mAP50-95 YT T 0.4%, SEEFEIRT 39.7%., FHIL
TR, AT A RIR AR S A Y )
R 7RIS, 13X KM StarNet = R 45 RE S A 5L
il A T R 2 AR R SR G R A AR 1 B R 1)
A, PR ] DAttention B ATFT FRARfE F 727
FI WL, mAP50 Fl mAP50-95 43 B3 T+ T 0.4% FiI
02%, ZHEMRIFAZ, IHE BT T 0.2 GFLOPs,
X Ui DAttention F5TH ARSI 18 4 it 45 76 Al 5 TR 2 = 4
REOE 5 R 2 RAERRAE T E R RE ST, IR AR X AN [] RUEE
HARBYRN S RIRRE 7. YR I LA B Atk it
RS, AR TR, mAPS0 Fl mAP50-95 43 il T
T 1.6% M 1.5%, S8 FFET 39.7%, THERFEILT
43.7%. AT ] BIFPN B HK Bk 9 RUOBE AR fl 45 50
4B, mAPS0 Fil mAP50-95 ¥4 0.4%, T izt
HomT P2 2, WS HE A EA g, HIFA
SR A HE SR ] . X 5P BiFPN A58 m] LA &5
PR R AL A B PR E (S B R, $E
HRRRIERL G e JT o T ER R % StarNet 321 M 2% |
DAttention Fll BiFPN = M7l G Z f5, MHET
RTDETR %75, H mAP50 F1 mAP50-95 3R T 1.8%
M 1.7%, [RIESEE i W REAL, P RiE T
7= RERN Y w2

AN[F] RTDETR #Cik J5 X Hein 5 3 frm . i3k 3
B al 40, f#i ] FasterNet™ . ConvNextV2"' %4541k,
F okt RTDETR, 7ES40E At & 5 StarNet
B, (H R AKEIIRS BEANUN StarNet, ] RMT (retentive
networks meet vision Transformer)”" PititE T R4, HHE

R . S HCR AT R R StarNet, f#F HiLo™
Fl EAA (efficient additive attention)™” 2574 2 Jy AL Sk ik
#E AIF1, HZH0E M55 DAttention JARAH[H], {H
SRR B /T DAttention, i ASF (attentional scale
sequence fusion)””, goldyolo"" . SDI(semantics and detail
infusion module)™” 45 % B/ CCFF, 7 46 Pk 05 i
BiFPN iy, SHCREHE THADSGHE , THE R R T
MGt . AR, A SOl R o 7 ik 2t T H A L
I

4.5 IFEESRLG

N Y B 2P AS SO S 0 TR AR H AR
R AT 55 v B e 3, K AR SOk 5 Al 3 0 B AT
DIOR ¥t b AU A R IEAT XS e, X A
§% Faster -RCNN"™ | Cascade-RCNN"" | RetinsNet"™”|
RTMDet (real-time models for object detection)™, DQ-
DETR (dynamic query DETR)"™ . GFL (generalized focal
loss)™, TOOD (task-aligned one-stage object detection)”
YOLOv5m, YOLOv8m % YOLOvIOm., M4 % 4 15:5
RPN, ARSCR PR A B iR, R mAPSO0
1 mAP50-95 43318 82.1% F1 59.1%, FH# T H A%
AR X TR d T AR R P RS
TR 153 BRI )RR 4 -1 P9 468 0w 5 U 51
AT R LI BEAS A AN [a] RUBE | B 3 0 e SC (R
B, BEsR RN R B 40 N 22 RS RE A BRAR . A
)RR IR 4 3 X 23 i 5 | AU {5 gl , 7T AT 3843
WA HMRZR A E S mERE XEE, e RE
FHIERRINAE S . 7Rt AT, Ao snk S B

# 3 R~F RTDETR it 7 3Tkt

Table 3 Comparison of improvement methods for different RTDETR

Model mAP50/% mAP50-95/% Parameter/M GFLOPs
Backbone -FasterNet 78.6 55.2 10.8 28.6
Backbone -ConvNextV2 77.5 54.5 12.3 31.9
Backbone-RMT 79.9 56.9 21.4 61.2
Backbone-StarNet 80.7 57.8 12.0 31.9
AlFI-HiLo 80.1 57.0 19.9 57.2
EAA 80.2 57.1 19.9 57.2
AIFI-DAttention 80.7 57.6 19.9 57.2
Neck-ASF 80.4 57.2 20.2 61.5
Neck-goldyolo 80.1 56.8 223 60.0
Neck-SDI 79.7 56.8 19.9 57.2
Neck-BiFPN 80.7 57.8 20.3 64.4
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Table 4 Contrast experiment results

Model mAP50/% mAP50-95/% Parameter/M GFLOPs
Faster-RCNN 76.7 51.7 41.4 134.0
Cascade RCNN 77.0 53.4 69.4 162.0
RetinsNet 74.9 51.4 36.7 133.0
RTMDet 79.8 56.9 4.9 8.0
DQ-DETR 81.7 55.0
GFL 76.0 52.8 323 128.0
TOOD 79.1 56.0 32.1 124.0
YOLOv5m 80.0 56.5 25.1 64.0
YOLOv8m 80.4 57.7 25.9 78.7
YOLOv10m 79.6 56.5 15.3 58.9
YOLOX-tiny 74.9 46.7 8.9 13.3
RTDETR 80.3 57.4 19.9 57.0
RTDETR-improve 82.1 59.1 124 38.5

RN 12.4 M F1 38,5 G, B uEE 24/ T HAlh
AL, X E ST StarNet 3 W45 19 2 245,
O 33 T R TN i A B B 3] — A e A AR e
FEAEZS ), 27 g s KR T S E o B A=
I RIS

4.6 ZoTHhEL

Stk — 2 A MG A 2 AL RE ST, ASCTE RSOD
AR L IATIZ AT S0 . 8 5 JRUR T G SE A
RTDETR FE7E RSOD #flide Frykailghii, 455R3R0],
M EEAE mAPS0 Fil mAP50-95 5451 B T AL
SRR AR R WAL T MR L . #F RSOD £l 4E
T ARSI A SR — 20 R T AR SO SR N T
SRR B BRI 7 A R e

4.7 AL
oA S EAS SCRCHE SRR I T R PR H A A

5L, M DIOR IiLHE Pkt 1 8 skIFI R A TA:
1, RTDETR Sk M Sk A AR A 4] 7 s o 7

L 7(a) v, el SR I 3] ) ok el B AR LA B e A
fBREE, HEA BRI SE ., E 7)otk
D3 %) b TR 91 7 B bR AE B IR B 96%, T RTDETR
PRI EE R 31%. 75 7(c) Hh, BRI A
BN/ B As A S = B85 . 72 7(d)
WCHE SR A T ) R 4 LN B AR A T S i B 5 H
K B2 R . 121 7(e) Hh, BUsESR2AG I 2 1 H
P ELA O e ) A B ELBA R IR IS, 1 RTDETR
BIRAETE R R IA Rk H s, 7EIE 7(0) v, B
PGB 2 X4 AR, i RTDETR Bk A7 76 A
MG, TEE 7(2) ', RTDETR SR 40T f IR R K AL
TR, TGRSR N e ELAR RS 11 5 H bR A
FEREGE . 784 7(h) 1, RTDETR &b — N EEkY
HFRER T A, ek S N A a2 tE A 00 H— A~
Bk HAr. 5 RT-DETR ML, AR SCRcth 8 i 75 1 &
P15 E ARSI o EAT AR A T AR RGeS R
ZiT s, BEEN . AR BAREOL T4 s

AR DA JE

%5 RSOD #M 4 %
Table 5 RSOD dataset detection result

Model mAP50/% mAP50-95/% Parameter/M GFLOPs
RTDETR 94.2 66.1 19.9 57.0
RTDETR-improve 95.8 66.6 12.3 38.4
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RTDETR algorithm Improved algorithm

RTDETR algorithm

Improved algorithm

B 7 RTDETR $ ik 5 A XS A TAML B3k, (a-h) A DIOR 3% 4E & B4 8 7K B 4246 3 R
Fig. 7 Comparison of visualization results between RTDETR algorithm and improved algorithm. (a-h) The detection results of 8 images selected from
the DIOR dataset
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Abstract

Objective Remote sensing images are formed by capturing the reflection or radiation information of electromagnetic waves from ground
objects, reflecting the spatial distribution and semantic features of these objects. Remote sensing image target detection holds significant
application value in fields such as environmental monitoring, military defense, and land resource management. However, due to the
complex background of remote sensing images, significant variations in target scales, and a large number of small targets, existing target
detection algorithms still exhibit deficiencies in feature extraction, multi-scale feature fusion, and model complexity control, making it
difficult to simultaneously achieve both detection accuracy and computational efficiency. To address the aforementioned issues, this paper
proposes an improved RTDETR remote sensing image target detection method based on an analysis of the structure and performance
characteristics of the RTDETR algorithm. The aim is to enhance the model's ability to detect multi-scale targets and reduce model
complexity while maintaining detection accuracy.

Methods This article proposes an improved RTDETR remote sensing image object detection method to address the problems of
insufficient feature extraction ability, limited multi-scale object modeling ability, and high model complexity in remote sensing image
object detection tasks. Firstly, in terms of backbone network design, a lightweight backbone network StarNet is adopted to replace the
original ResNet18. StarNet maps input features to a high-dimensional nonlinear feature space through element level multiplication, which
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can generate richer feature representations and enhance the model's ability to express complex remote sensing scenes. Secondly, to enhance
the modeling ability of the model for targets of different scales, a deformable attention mechanism is introduced in the AIFI module of the
efficient hybrid encoder to replace the original standard attention mechanism. The deformable attention mechanism combines the idea of
sparse attention with dynamic shift strategy. By learning variable sampling positions, attention allocation becomes more flexible, allowing
for adaptive attention to target regions of different spatial positions and scales. In addition, a bidirectional feature pyramid network module
is introduced in the feature fusion stage of the efficient hybrid encoder. This module achieves full interaction and fusion of feature
information at different levels through a bidirectional feature transfer mechanism from top to bottom and from bottom to top, effectively
enhancing the model's ability to comprehensively utilize multi-scale features and further improving the detection performance of targets at
different scales in remote sensing images. To verify the effectiveness of the proposed method, this paper conducted ablation experiments
and comparative experiments on the DIOR remote sensing image dataset. At the same time, in order to evaluate the generalization ability of
the algorithm in practical remote sensing application scenarios, further generalization analysis experiments were conducted on the RSOD
dataset to reduce the risk of overfitting and verify the robustness of the model.

Results and Discussions The experimental results show that the proposed improved algorithm has achieved significant performance
improvement on the DIOR dataset. Among them, the accuracy and recall of the algorithm increased by 1.8% and 3.0% respectively, and the
mAP50 and mAPS50-95 indicators increased by 1.8% and 1.7% respectively. While improving detection performance, the parameter and
computational complexity of the model were reduced by 37.7% and 32.5%, respectively, indicating that the proposed method significantly
reduces model complexity while ensuring detection accuracy, achieving an effective balance between accuracy and efficiency. To further
verify the generalization ability of the algorithm, this paper conducted generalization analysis experiments on the RSOD dataset. The
experimental results showed that the improved algorithm improved the mAP50 and mAP50-95 metrics by 1.6% and 0.5%, respectively,
while reducing the parameter count by 37.9%. The above results indicate that the method has good robustness and generalization
performance on different remote sensing datasets, and can effectively alleviate overfitting problems. In addition, the detection performance
of the algorithm proposed in this article was compared with various mainstream object detection algorithms on the DIOR dataset. The
experimental results showed that the algorithm proposed in this article achieved the best performance in terms of average detection
accuracy, showing significant advantages compared to other comparative algorithms. The main reason for the performance improvement
lies in the synergistic effect of the introduced deformable attention mechanism and the weighted bidirectional feature pyramid network. The
deformable attention mechanism can adaptively focus on key information regions at different scales through flexible attention allocation
strategies, thereby enhancing the modeling ability of the model for local details and multi-scale features; The weighted bidirectional feature
pyramid network achieves full integration of low-level detail features and high-level semantic features through a bidirectional information
flow mechanism, effectively enhancing the ability to express multi-scale features. In terms of lightweight performance, the parameter and
computational complexity of the improved algorithm are 12.4 M and 38.5 G, respectively, and the overall algorithm complexity is lower
than other compared algorithms. This is mainly due to the adoption of the StarNet backbone network, which maps input features to a high-
dimensional nonlinear feature space through element level multiplication in star operations. While generating rich feature representations, it
significantly reduces model parameters and computational overhead, thereby enhancing the practicality and deployment value of the
algorithm in remote sensing image object detection tasks.

Conclusions This paper addresses the challenge of balancing accuracy and efficiency in remote sensing image object detection by
improving the RTDETR algorithm and proposing a target detection method that considers both detection performance and model
lightweighting. By introducing the StarNet backbone network, deformable attention mechanism, and bidirectional feature pyramid network,
the model's ability to model and fuse features of complex scenes and multi-scale targets is enhanced. Experimental results show that this
method achieves good detection performance on multiple remote sensing datasets and significantly reduces model complexity, validating
its effectiveness and generalization ability. This research provides a reference for the deployment of remote sensing object detection
algorithms in practical applications and resource-constrained platforms. In the future, we will further explore more efficient feature
modeling methods to enhance the algorithm's applicability in complex remote sensing scenes.

Keywords: remote sensing image target detection; RTDETR; lightweight; deformable attention mechanisms

Shen H B, Mei T, Lin S L et al. Improved RTDETR based remote sensing image object detection algorithm for complex backgrounds[J]. Opto-
Electron Eng, 2026, 53(1): 250064; DOI: 10.12086/0ee.2026.250064

=]

w Opto-Electronic .

iy ||m¢
“mu “ I‘mﬂm Journals Group

7
M www.oejournal.org E

FIHEHERD, FREN PDF 32

250064 (Page 14 of 14)


https://doi.org/10.12086/oee.2026.250064
https://doi.org/10.12086/oee.2026.250064

	1 引　言
	2 RTDETR算法介绍
	3 本文算法
	3.1 轻量化特征提取主干网络
	3.2 可变形注意力机制
	3.3 加权双向特征金字塔网络

	4 实验与结果分析
	4.1 实验设备与参数
	4.2 数据集
	4.3 评价指标
	4.4 消融实验
	4.5 对比实验
	4.6 泛化分析实验
	4.7 可视化分析

	5 结　论
	作者贡献
	利益冲突
	参考文献

