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uted, and exhibit large-scale variations, which can easily lead to missed and false detection problems, particularly in com-
plex backgrounds. To address these challenges, we propose an RSI detection method guided by contextual information and
multi-scale feature sequences. Method First, we designed an adaptive large receptive field (ALRF) during the feature
extraction stage. The design of a reasonable receptive field (RF) is crucial for RSI processing. A large RF cannot only
effectively capture the global structure of large targets, but can also use contextual information to capture the details of
small targets, improving detection performance. Large kernel convolution is a common method for expanding RF, but its
computational cost is high. As the size of the convolution kernel increases, the number of parameters will also increase rap-
idly, affecting the inference speed and efficiency of a model. To solve this problem, ALRF adopts multilayer cascade
dilated convolution to expand RF by gradually increasing the size and dilation rate of the convolution kernel while maintain-
ing a low number of parameters, achieving an RF and context perception capability comparable with that of large kernel
convolution. For the hierarchical features extracted via cascade dilated convolution, ALRF performs channel weighing
through channel attention and then spatial fusion through spatial attention, adaptively adjusting RF size in accordance with
the features of different targets, effectively capturing contextual information in RSls, and realizing the extraction of multi-
scale features. Secondly, we proposed a multi-scale feature fusion (MFF) architecture during the feature fusion stage.
MFF is primarily composed of a focal scale fusion engine (FSFE) and a fine-scale feature encoder (FFE) , and it fuses the
multi-scale feature sequences extracted from the backbone network through a bidirectional feature pyramid network struc-
ture. FSFE constructs a multi-scale feature sequence by using Gaussian convolution kernels with increasing standard devia-
tions. By contrast, FFE introduces detailed information from the shallow feature layer of P2 and uses hybrid coding to
enhance semantic expression. MFF achieves effective fusion of multi-scale global information under complex background
information through the collaborative work of FSFE and FFE, reducing the effect of feature ambiguity in deep networks on
capturing small target details. Finally, we introduce the normalized Wasserstein distance (NWD) to replace the traditional
intersection over union (IoU). NWD measures the similarity of bounding boxes by modeling them as 2D Gaussian distribu-
tions and calculating the Wasserstein distance between these distributions. As a robust similarity metric, NWD can accu-
rately evaluate the alignment between the bounding box of a small object and the ground truth box, reducing sensitivity to
positional deviations. Result Our method is experimentally verified on two datasets, namely, the Northwestern Polytechni-
cal University very-high resolution 10 (NWPU VHR-10) dataset and the dataset for object detection in aerial images
(DIOR), and compared with 10 detection methods from the two-stage, one-stage, and DETR series. Experimental results
show that the method exhibits significant advantages in small target detection and complex backgrounds. On the NWPU
VHR-10 dataset, the average precision (AP) of the method is improved by 5. 48% to 93. 15% compared with the baseline
model, You Only Look Once v8 Nano (YOLOv8n) , while the number of parameters is reduced by 6. 96%. In DIOR, the
AP of the method is 80. 89%, which is 2. 97% higher than that of YOLOv8n. The effectiveness of ALRF, MFF, and NWD
is verified through ablation experiments. ALRF achieves efficient use of contextual information through cascaded dilated
convolutions. MFF enhances the ability to capture small target details by constructing multi-scale feature sequences and
introducing shallow features. NWD improves the balance of positive and negative sample distribution by modeling the
bounding box as a 2D Gaussian distribution. The simultaneous use of ALRF, MFF, and NWD can achieve the best effect
on the model, with precision, recall, and AP increased by 2. 76%, 4. 61%, and 5. 48%, respectively, compared with the
baseline model. In addition, the precision—recall curve of this method is closer to the upper right and more stable, indicat-
ing that it is stable in the detection of different categories of targets. Simultaneously, this method is effective in reducing
false and missed detections and exhibits stronger generalization and robustness compared with other methods. Conclusion
An RSI detection method guided by context information and multi-scale feature sequences is proposed to solve the problems
of dense small targets, large target size variations, and complex background in RSI detection. This method first uses ALRF
to effectively utilize context information. Then, MFF is used to reduce the semantic information loss of small targets.
Finally, NWD is introduced to replace the traditional IoU to optimize the distribution of positive and negative samples. The
experimental results show that the AP of this method on the NWPU VHR-10 dataset and DIOR reaches 93. 15% and
80. 89%, respectively. Meanwhile, the model parameters are only 2. 94 M, which is significantly better than that of the

comparison method. In our future work, the proposed method will be extended to target detection under multi-view imaging
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conditions, and a lightweight model suitable for real-time detection applications will be developed.

Key words: remote sensing image (RSI) ; target detection; receptive field (RF) ; feature fusion; normalized Wasserstein

distance(NWD)
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2, CREMTIN— 1 ESH

i f NWD 5 TALMISS &, S A HE A ik
P TR G A PR i T J5 i RN 5 B2 Bl 2
IEFREAR 3L . NWD Ay B (0 AR R 2 o
FE TV A0 DT A N W AR AR L SIEAE Y X 5F
FERE
2 XRERSSH
2.1 SRIGIMEEIESE

SCERFR4%E A Ubuntu 20. 04 #24E A48, CPU A E5-
2680v4, .~ & NVIDIA GeForce GTX 3090, & {7}
24 G, 7E PyTorch 1.13. 1, CUDA1L. 6 fEZR T iz 17
Y Zx it 72 H 2R SGD (stochastic gradient descent) {1
B2, W0 4R 2% 2 % 0,010, 3 & K/ 0.937,
batchsize 5% 4 8, YIIZREE VM 300,

AL R % B NWPU VHR-10 (Northwest-
ern Polytechnical University very high resolution 10)%§
P54 (Cheng Fl Han, 2016) Fl1 DIOR (dataset for object
detection in aerial images) % ¥ 4 (Li %5 , 2020) .
NWPU VHR-10 #8242 th P4 b Tl Ko7 KA,
650 I A7 R TEFI 150 1 TChR v 1 18 R KR A . $X
35 4 T8 3 107251 114 3 380 25 )Xo 42, AR SCHE 650 i
A BRI B LL 8 2 Bl Bl &) 23 Sy DIl 25 A A ik 4R
DIOR 6 2 72 — > R MG~ 228 S 1A 45 1 A Gl
Hoa gk RIRE U AL Tolk R th o AU R
23 463 i i P 5 R 190 288 4> H bRs 4], 8 3 201>
ARSI, Horb N ZRERA0 5 11 725 MR 15, a4
AL 11 738 R IEE

2.2 EMIERR

FHAEFE (precision, P) . H M (recall ,R) IR
Tiff (average precision, AP) kBB NGS5 TEN R
b, DA 1 SR AR AN SR, Horh mA P50 24 ToU |5 {E
40. 55 AP{H .
2.3 HELXIG

T RS ALRF \MFF A1 NWD XJ 45 54 (%) 52 1]
£ NWPU VHR-10 #dls 48 Fifffr Z 4505 . 4R
K (DM (2) , ARSCRAHY KRR S AT
W29, IR B AR IR R 4 B RIEZ BT, LR
FEIRAZ B R/ ALRF (5200, 5 R WL 2, 251 %
B, 24857 B K/ K 19 I, ALRF RUR Ak

%2 NWPU VHR-10 ##7 £ _E B EF K/ 3T ALRF #50
Table 2 The impact of receptive field size on ALRF
on the NWPU VHR-10 dataset

EAZ RN (k, d) P31 mAP50/%
11 (3,1)—(5,2) 90.06
15 (3,1)—(5,3) 91.17
19 (3,1)—(9,2) 91.98
23 (5,1)—(7,3) 91.64
e A5, R 5T 08 T = 7 A A ) )N
ALRF [ 52 W, 44 38 18 JNA RN 25 8] @il B 8 04 67 5

A N BRI E 2. RIS, 2R A R B 435
e B AR #7137 (coordinate attention, CoA) & #R T
/1 (local attention, LA) il 4 Jsy i & ) (globdl atten-
tion, GA) #1755, % %ﬁn%@ﬁﬁm 5 R T
KRR 5K R 1 R B 4 B AT 4 B R E SR U
SEEATIIE AL, Pk T2 lEﬂm&AHT ALRF ()23
il o

5 ALRF 09852 B K/INBOE 19, I 3 1 5
FIRGT Ay < S A7 30 T AN, AT 25 Rl &7 s
X ABE TR r £ AR P A SR A TR Y S R LR 4.
SRR, ALRF Xt i J8% GG U 5 e A Ry S 3, 3
ok B 8] mAPS0 43 45 5 1. 86% . 3. 40%
F14. 31%, iX 15 45 T KIAZ B FH L GBS A &5l A
FHHFRG LR SCE B . MFF 78 2 e B R RS 00K )
[F] o) S 3 AR TR S i, SRR 19 3. 16 MBRAIR &
2.83 M,k /> 10. 44%. X735 T MFF 7Efl & 2
FERFIERT , >R AN [R5 U IR & G B AR, SE 30N
WERRFIE K Sl Ar b G 0 T R AE Jo 22 B b 2,
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$30%5 /FET7H /2025 £7 B ETFXEEME R EHIFT5| SHE R EGEN

&3 NWPU VHR-10¥#E&E ERREIEENE %4 NWPU VHR-10 H#E% FilRSEIR AR
AELEXT ALRF B 00 Table 4 Ablation results on the NWPU VHR-10 dataset

Table 3 The impact of different attention positions on S8
ALRF MFF NWD #5J%/% #[BI#/% mAP50/%

ALRF on the NWPU VHR-10 dataset /M
0,
P - - - axm 8221 87.67 3.6
fr1 fra R HEE  mAPSO V- - 9318 8561 9198 337
CoA LA 9285 85.32 2081 -V - 9256 8438 9025  2.83
CoA CA 92.97 85.55 o187 - - 9t41 8243 87.93  3.16
LA CA o2.11 84.23 90.89 VooV V9408 8682 9315 294
kA oA 278 BaSe 9168 = SRR SRR R IR P 375 45 91 0
GA CoA 93.13 86.08 91.90 (gt 5
GA LA 93.07 85.47 91.56
fU, #5 Faster R-CNN. SABL (Huang %5 , 2022) #l
SA CA 9235 84.20 90.75 _ PN
Dynamic R-CNN ; 5By B i 7 75 4 45 TOOD (task-
CA SA 93.18 85.61 91.98

aligned one-stage object detection) (Feng 4 , 2021) .

Pavel N l=—e i =, ‘éﬂ: . . . .
I A R & PR AR RTMDet (real-time models for object detection) (Lyu

T TUAGT R . A, NWD B 51 A — 21k
/N E bR ARG I 1 B8 i IE SR AR S B R N 4
3PP A A T A R AR A B A, o R A
[A] 2 F1 mAPS0 23 5l 42 55 2. 76% . 4. 61% F1 5. 48%,
[F] B S H 80 6. 96%

4 ,2022) . YOLOv8n Hl YOLOv10n(Wang %5, 2024 ) ;
DETR (end-to-end object detection with transformers )
Z 4 A6 J7 125 42 5 DETR (Carion 55 , 2020) . DAB-
DETR (Liu %5 , 2022) fil DDQ (dense distinct query for
end-to-end object detection ) (Zhang 5 2023) . ANE

HARK 28725 NWPU VHR-10 B2 4 I iR I 350 R
WS,

2.4 WL
SR 10 ZH 07 0 L, Her XU Bk I J7 ik
&5 NWPU VHR-10 ##E 5 LR E 75 EH mAPS0 X tb
Table 5 Comparison of mAP50 with different methods on the NWPU VHR-10 dataset
1%

Ty
mAP50

gl Tk WHL fERE RRERY MERY EEEKY HIRY WA B 0 M

i

Faster R-CNN 84.02 60.00 86.61 7791 7820 99.40 5481 59.52 52.11 78.60 73.12

XL B el i SABL 93.31 7591 7750 75.80 74.48 96.13 5531 43.22 6899 84.09 77.47
Dynamic R-CNN  97.84 5935 97.85 91.35 94.16 99.52 89.46 80.35 83.04 9574 88.87

TOOD 98.23 6543 9951 9833 96.54 99.51 9533 85.04 89.54 97.65 92.51

RTMDet 98.70 86.69 99.50 93.71 9833 99.49 8850 80.59 86.10 94.59 92.62

AR B IU #% YOLOv8n 97.37 7540 99.29 8239 83.10 99.49 84.09 81.40 81.48 92.70 87.67
YOLOv10n 99.13 57.45 99.52 7872 79.94 9880 84.76 7448 78.68 91.83 84.33

AL 99.48 81.11 9826 91.84 91.36 99.54 96.65 88.55 86.84 97.85 93.15

DETR 97.94 50.67 9746 8564 9245 9947 7425 8554 77.94 9534 85.67

g;éfw DAB-DETR  97.65 52.04 99.04 89.14 91.54 9951 84.35 8504 8624 97.36 88.19

DDQ 98.28 63.65 99.53 94.78 98.18 9949 9648 87.68 86.18 97.81 92.21

T IR R 4 R 53 00 3R R 25 9 e AL IR R 45
TEXLT B B v | AR A AN ] 26 1) b i) 2 30
B KES . HI, Dynamic R-CNN 78 2 5025 51

N R (B ARG RESS ) b ARG INDA B A, AU
59.35%. TEHLRI A AS P, AR SO R mA P50 B



2580

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 7,Jul. 2025

5, RTMDet IRZ , I FE 212500 R IMR . ¢
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mAP50 43751 35 %) 96. 65% F197. 85%, J&& #iL Hi At 5+ 1)
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i Rk A (B AR R Bk ik — 2 0] |, DDQ R BLL
W BT A SO IR AE TR LAY 10 B &%
RIS, mAPS0 K5 93, 15%., Hirr, 5 FE i
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o APS0 43l HE T 12, 56% 15, 15%, SE8E T 2 25 Y
PEREFETE

R T AN T XS EE, T 10 AR T 45 K £
1 PR (precision-recall ) £k . PR fi£k 8 THEE S
AR 2 8] 96 2 10 #h 28R 5 5 A bl BBl R ) T
I, BV S A TR (18 S X5 0K5 8 CAP) L, S i o G 0 5 2R
M EIE PR . A SO LR PRIZ 524 Lo H
TR AR 2R I ACR LT =oAL 7 o

1.0 T—
0.8
0.6 :
i —— Faster R-CNN YOLOvV10n 1 R
0.4H— SABL ('S Lo
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""""" YOLOv8n “—"g‘c’;
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Al

K10 NWPU VHR-10 554 FAN 5 ik PRl Zxd
Fig. 10 Comparison of PR curves of different methods on
the NWPU VHR-10 dataset
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YOLOv10n 7EX} HUAE A v 280 eIk, 2. 33 M, {H
mAP50 {{ } 84.33%. AL Z T, &KX EMW
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R R AR S5 i A RrE Nz Ak, 7E DIOR
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Fig. 11  Performance comparison of different methods on

the NWPU VHR-10 dataset
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Table 6 Comparison of mAPS50 with different methods on the DIOR dataset

FRIE I ARG KA MK RERE R O REL W MEklg ki

e Tk H1% % 1% 1% % 1% % 1% 1% 1% 1% 1%
. Faster RRCNN 76.80 63.92 4001 51.85 7449 5671 71.80 45.89 5536 81.07 81.93 4938
B SABL 76.99 55.49  41.81 51.44 7581 6320 7328 5575 6251 79.73  84.89 58.66
# Dynamic R-CNN  82.72 7025  41.19 6221 7823 59.14 7247 5506 61.64 8327 8734 69.19

TOOD 84.06 73.88 5290 6139 8524 71.86 76.65 60.50 72.38 83.54 89.08 69.79
B RTMDet 83.47 69.93  50.66 69.45 85.11 71.67 76.49 69.64 86.50 87.98 93.07 77.17
BERG YOLOv8n 75.34 69.27  59.48 57.97 77.09 90.16 93.18 67.45 96.38 84.51 93.88 60.62
e YOLOv10n 84.47 70.14 5428 68.16 77.33 78.11 89.72 65.38 80.27 80.69 91.93 70.78

AR 78.41 75.57  63.09 6299 79.44 91.84 9557 70.23 96.88 86.43 9552 63.81
DETR DETR 77.15 60.64 3446 57.36 79.13 33.92 29.92 39.98 52.61 74.01 80.41 64.37

£ DAB-DETR 74.88 57.11  38.89 61.52 79.82 46.76 56.06 46.94 7098 79.08 83.66 67.70
A

DDQ 82.58 85.37 59.99 67.07 84.76 80.10 91.25 65.13 78.03 86.58 88.61 75.88
o i R BHIORC R OB ey VB R psyapsone 2
W Faster R-CNN 84.84 73.68 66.68 7252 67.16 36.50 81.32 50.97 64.14 41.39
Bt SABL 85.40 76.39 64.16 79.21 75.26 39.88 79.03 56.05 66.75 71.50
i Dynamic R-CNN  88.05 85.35 72.57 84.53 73.31 49.30 83.82 67.13 71.34 41.44

TOOD 89.09 86.87 74.63 8695 78.12 51.00 87.38 64.27 74.98 32.04
M RTMDet 91.99 92.02 81.65 89.38 85.83 47.99 84.45 64.55 77.95 4.89
Bk YOLOv8n 90.82 82.37 90.33 74.67 9248 49.40 89.33 63.62 77.92 3.16
i YOLOvIOn 89.56 89.45 77.19 85.78 84.36 47.72 85.81 63.27 76.72 2.33

A 91.82 86.84 9248 79.69 93.20 56.96 90.69 66.32 80.89 2.94
DETR DETR 84.49 77.89 60.52 80.85 69.14 3840 81.89 52.98 61.51 41.50
EX]| DAB-DETR 85.14 76.00 67.32 84.57 77.92 37.84 79.51 55.73 66.37 45.02
K3 DDQ 89.07 91.27 82.78 92.35 8394 56.23 91.04 69.17 80.06 48.34

TE < IORLFTR RIZ 50K 53 501 378 45 9 e L A A 25

DIOR

(a) HIEhRA: (b) Dynamic R-CNN (¢) RTMDet (d) YOLOvSn (e) AL (f) DDQ
El 12 NWPU VHR 10l DIOR #u#f 5 b A [ 77 i a4 AL x L
Fig. 12 Comparison of different method visualizations on NWPU VHR 10 and DIOR datasets
((a) true labeling; (b) Dynamic R-CNN; (¢) RTMDet; (d) YOLOv8n; (e) ours; (f) DDQ)
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