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Fig. 3 Dimensional feature fusion module
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3 9:3\_‘12 %5 7] #FI' Epoch 200

31 HIEEREWIME

NWPU VHR-10 $45 42— 5 650 5K 1E 4 &%
13651 > H AR S i B G B 4, A /AL (PL).
WM (SH)Y. JhHE (ST) 45 10 285, L=z F, DIOR
s B T 0 RN TE R A 20 DR, BE M
BEER, R e b I uE R ALz L RE JT . 1T RSOD
i A RS A0, i RS g 229k 4993
A, KPS EEAA 180 4, i 7E 2 8R4
HEAT SIS VPGS AR AN )RR Rl i A AR 2R T 103
IO S A P RE

ARSI IREE A Linux, GPU S5 NVIDIA Tesla P100-
PCIE, iZfTNAF M 32 GB, #4ififi 5 M Python 3.10, ¥R
2% S HEBL N PyTorch 2.5.1, i A KIS ¥ Ri%E N
512 pixel, SHOAXE MR 2 Pin.

Horr optimizer M L%, learning rate HH) if== ]
., weight_decay HAUHE FIH, momentum 4z IS ,
batch_size JHtt & K/, epoch ARG E W, AT
WA S AR, e AR S 3 ) 8 A el FH B R
G

3.2 N IERR

AR R, S FURS R (Precision), 4
[ (Recall). “F-¥7HK5 B (mAP) Flli% (FPS) 7k Jy il
IPEMr iR R, ARXFR K

TP
Precision = ———— (29)
TP+FP
TP
Recall = ——, 30)
TP+FN
1
AP = fPrecision(Recall)d(Recall) , (31
0
1 n
AP=—- ) AP, 32
mAP = Z ; (32)

AP TP FRRIERRIEIN B HAREUR s FP s iRkam H
PRk FN R imia iy FARECR o

3.3 iHEhSCIE
PL YOLOV11 AFERIARIEA TRk, £ NWPU VHR-
10 Binde L riEmscss, SRk D b S 505 &

JURR B, SERRERANE 3 PR, A RN 2 2P

% 3 7 NWPUVHR-10 # 4 & P a9l akr b4 R
Table 3  Ablation study results on the NWPU VHR-10 dataset

Number A B C Precision/% Recall/% Params/10° FPS mAP@0.5/% mAP@0.5:0.95/%
1 X X x 82.4 65.8 2.58 344 73.1 41.2
2 N X x 83.2 68.7 2.76 320 75.4 42.4
3 x \ x 81.2 75.0 3.01 268 80.4 47.9
4 x x \ 82.6 71.7 2.57 370 75.8 40.6
5 X X X 79.8 70.5 2.62 303 76.4 429
6 x X \ 81.2 72.3 2.60 384 77.0 42.8
7 \ \ x 84.8 71.8 3.41 254 79.4 47.3
8 N X N 82.3 70.3 2.69 344 77.1 42.5
9 x \ \ 86.7 74.4 3.29 267 82.5 49.4
10 N ) \ 833 77.2 3.51 272 83.0 48.8
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fIEPHFE CFS, B sk HZ RIEFHER 8 MSFE, C il
D /3B R4l SToU Fil NWD 512k R, [R] i 4%
N7 FOoRME FZ I, X7 FORAH

FELR I PR B B YOLOV 11 #8, FE A
R B SZEG 25 SN Precision 4 82.4%, Recall 2N 65.8%,
mAP@0.5 K 73.1%, mAP@0.5:0.95 K 41.2%,

SIS UMA CFS IR SR URAE 1 BT i, RIS
P ERCR, BRI 2.9%, mAP@O.5 $#25 2.3%,
mAP@0.5:0.95 $£5 1.2%.

5= HEAUMA MSFE, ARES T2 RERFR,
WD TNE R RRE R B, B IRETT 9.2%.,
mAP@0.5 27T 7.3%, mAP@0.5:0.95 $&£F+T 6.7%.

S5 VUL SEE0 R SToU B A2 sREL, Tl 7%k
I T AHER S, - T e, A R
=T 5.9%.

ST SR ] NWD VR AR LS B2 £, XHIEAR—
HEEATAL , mAP@O.5 Tt 3.3%.,

N SLI 454 SToU Fil NWD fE it 2 phi g, 45
Al b T AR 2 ] AR L A 22 S b XN HERE TR
WEEANL, A B FARIRDR E, A RS 6.5%,
mAP@0.5 #2175 3.9%.

oL 41 S2 IR R B A CFS F1 MSFE, 7640 F I &5
JZE AR B RERE(E B . A RIET 6.0%,
mAP@0.5 $£7t 6.3%.

SN S5 CFS. 1454 NWD il SloU /£ A
P R B, R TRMERREN RIS AS B, mAP@O.5 2
1 4.0%, A EWA ] R

S ILASE R iIn A MSFE, Jf45 4 NWD Al SloU 1
R BREL, WERRIETEE 86.7%, mAP@0.5:0.95 $#£FF
F 49.4%,

AL o PR L, st gl CFS. MSFF,
JE254 NWD il SToU 1E M2 sRi gk, F 3 e ik
K mAP@O.5 $2 7+ & 83.0%, H M E N 77.2%, 5L
IEE RN, T ER AR AR S AT R B I SRR A A ) 2
R ) S5 AN S E 7 ol i 8 g 8

3.4 xftbstig

J TV E T, 7E NWPU VHR-10 8545
EHE XTSI, YRGS R aNIE 5 FIE 6 R, FTLLE
W, BHESE mAP@O.5 fEMN 73.1% R ) 83.0%, 4
THIREEIR 9.9%., AR, #EkY (BC) AP {HM 5.9%
PTHE] 32.7%, $2T+T 26.8%; 74 (BR) AP {EHM 52.0%
PTE] 77.5%, $2TFT 25.5%; #EO (HA) AP {HM 62.4%
RT3 81.1%, #TFT 18.7%; /NEIZL (VE) AP {H M
60.2% $ETHE] 74.1%, $ETFT 13.9%; [EEF, HAth2E5)
() AP (HYSEL T AR BE 4T, FE/ 0k T T
AR

HAh, A SCHE B 915 Thundernet™ . RICNNYY
SSD"| Faster R-CNN""| YOLOv10, SGFTHR"”, RT-
DETR"” 1 DFS-DETR" 7E NWPU VHR-10 $#E 4 [
TIXFLLass, 25k 4 pR, nTLAE el Bk ekt
DR RE EARA T HAB SR 2 HAA WY AL (A< SR Y
T, #on i), ERE A5 T, Thundernet
F Faster R-CNN H Tt = 5801 S GIHLE], &9 %

Precision-recall curve

1.0 —
%1
0.8 F
- 0.6 F
£ 04t
T
O . | | ;

— Airplane 0.948
—— Baseball diamond 0.953
— Basketball court 0.059
— Bridge 0.520
—— Ground track field 0.965
— Harbor 0.624
Ship 0.893
— Storage tank 0.977
Tennis court 0.769
—— Vehicle 0.602
= All classes 0.731 mAP@0.5

Recall

B 5 YOLOV11 Hik 42
Fig. 5 Training results of the YOLOv11 algorithm
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Precision-recall curve

1.0 -
1 — Airplane 0.986
L Baseball diamond 0.965
— Basketball court 0.327
0.8 — Bridge 0.775
| — Ground track field 0.956
— Harbor 0.811
- 0.6} Ship 0.924
-?, — Storage tank 0.981
S Tennis court 0.836
& gal — Vehicle 0.741
\ — All classes 0.830 mAP@0.5
5
N N
0 0.2 0.4 0.6 0.8 1.0
Recall

B 6 FriRf ks

Fig. 6 Training results of the proposed algorithm

% 4 ARk AE NWPU VHR-10 #45% Loy R4 R (212 %)
Table 4 Experimental results of different algorithms on the NWPU VHR-10 dataset (unit: %)

Algorithm PL BD BC BR GT HA SH ST TC VE mAP@0.5
Thundernet 86.1 89.6 68.3 86.3 86.8 60.4 85.0 47.3 51.3 63.8 72.5
RICNN 88.4 88.1 58.5 61.5 86.7 68.6 77.3 85.2 40.8 71.1 72.6
SSD 83.7 89.4 86.7 84.7 88.6 82.1 88.5 50.9 77.7 64.5 79.7
Faster R-CNN 78.1 95.2 433 49.0 84.9 36.6 66.3 84.9 76.6 79.7 69.6
YOLOv10 82.8 81.4 16.4 54.6 85.0 51.7 76.5 92.7 54.7 45.7 64.1
RT-DETR 95.4 75.6 78.9 54.9 95.8 86.7 913 80.6 983 84.5 85.3
SGFTHR 78.2 97.4 46.1 50.9 87.4 37.9 67.1 86.4 85.8 93.3 73.1
DFS-DETR 95.1 98.2 78.0 52.0 95.3 84.8 70.3 78.3 79.3 71.7 81.7
Ours 98.6 96.5 327 77.5 95.6 81.1 92.4 98.1 83.6 74.1 83.0

AR R A . JC IR TEIR T B S A AR T, /D
HIr4E 5 515 5k, B i TR et AE SE it
KA 55 vh R BLR 4F . FEREI /N H ARES, RICNN X H
PRI AN AL, HAERHE Rl A i ARt /INE
Pl BT LA, RIE LA RCE MU B Rs, 3
HARAR T ok DX ML 7 T XY . G R AR (L i A B
e, SSD B2 BF R K CIE A R A 5 B,
It H/NEFRFER G e R A R G, 1 N AR e
AL FRIE S BOFON AR EE %, BRI AZ R 41 T 15 hE
P45 B A FUROR . YOLOV10 78 38 S8/ H bR i SUAE T
FER RIS BONE 5, 300 FUHE [n] 05 P o
AR, AR EIHERN TRAE i 22 5 R I L, FBUPR2E
43 SR WA LA g 255 AG DU 5 T AT AR KA 4% . SGFTHR J&
T transform [ 8% H RGN 7L, 38 1 45 48 i B 4
BB R AN 2 0 SCRFIE s A B2k, SREZE

R, HiEAHE/ N YR, BX TS .
AP/ H ARIE N PR £ . DFS-DETR fil RT-DETR [%
X 7 %4t DETR AT BUAS , JEE X G i
NIRRT, TEREERY (BD). HIf24% (GT) 1
W (HA) 25 A I ik B AR, (HAE T = B
FeELE G b E e, ARYEZS R T UIE 1, SRk
HARIETEERY (BO) FIA4H (VE) S5 BERRAE A A & A4
T B PR RSO 5 2%, R SRS RS B AR LAl X e
FOLAPAAR KR, Feil 2w X AL (PL) . %/ (SH)
SR ZA BRI HAREE, i T XS /N AR A
TE(5 EEaR LU EE R BG I, B TIRRIEN, 7
SYEE T G RATE TR BN H ARG AT 55 Al 1 -

itk 2P B UEA SO VA AR/ IN B BRI 5 T A 80k
£ NWPU VHR-10 %4 45 L4 H A5 RO Q) 50kl 48 4
SEHG S R ANEE 5 Fros, Hih mAP-L o K RUEE H R,
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mAP-M AR ZERJE HAR, mAP-S N/NRE HAR, AL
F i, AN 2 YOLOVIO, Faster R-CNN 7E
/N EHRRK I F AT A2 BR TR R SR S B it s,
T [ 28 2% 37 3¢ (1) O R 39 49140 RT-DETR . SGFTHR
SRAE—E R LR Tk, (HReEal A B 1
FEIIR S Z RIENEABIMNRE, M2, prit
R B A Z 2 HARHE YR SRS S T 45 (0] 5 A
BB, IFEs 6 2 R FHER A A R R
FERFIER AT B 38 WA S, ARERT T/ R H
BRREINAT 55 PO VERR % .

SR R Bz Ak PERE, 2T DIOR il i
RSOD 4 HEA TR HLS2 s, 25 R 6 Rk 7 i
ALV, 7E DIOR ¥t 4 4k |, ot J7 & 9 mAP
BFRIRENT 75.6% IPETE KT, 510 ke s EH Gk 4
% ARS-DETR™ # L T+ T 2.5%, FASCHE LA
IR EG /N BRI m A R, R T HAe £k
SUREINAT 55 TR (4 R A2 AKRE 1 ; 78 RSOD HdiE 4+ mAP
FEARLIA S T 92.6%, it BTE DG REAS B0 B0/ i B0
EARBE A INRE RS, SCRAIREN], T HAb
Ty IEAR AL HAT I B

%5 £ NWPUVHR-10 # 4% L "F B AR RE M SR (B12: %)
Table 5 Experimental results for different target scales on the NWPU VHR-10 dataset (unit: %)

Method mAP@0.5 mAP-L mAP-M mAP-S
Thundernet 72.5 68.6 80.7 65.3
RICNN 72.6 53.6 82.9 77.8
SSD 79.7 83.0 85.9 67.9
Faster R-CNN 69.6 56.3 73.7 76.9
YOLOv10 64.1 41.9 75.2 71.6
RT-DETR 85.3 77.4 88.4 85.4
SGFTHR 73.1 60.9 75.3 82.2
DFS-DETR 81.7 69.7 93.3 73.4
Ours 83.0 64.6 93.0 88.2
%6 Rk DIOR $38% Fay 5645 £ (C1~C20) (£42: %)
Table 6 Experimental results of different algorithms on the DIOR dataset (C1-C20)(unit: %)
Algorithm C1 Cc2 C3 ca4 C5 Cc6 c7 C8 C9 Cc10
Thundernet 90.1 68.8 90.8 67.4 383 86.8 59.5 68.6 61.0 67.3
RICNN 39.1 61.0 60.1 66.3 25.3 63.3 41.1 51.7 36.6 55.9
SSD 59.5 72.7 72.4 75.7 29.7 65.8 56.6 63.5 53.1 65.3
Faster R-CNN 53.6 49.3 78.8 66.2 28.0 70.9 62.3 69.0 55.2 68.0
YOLOv8 91.5 76.3 93.7 79.0 419 89.4 61.7 73.9 60.8 70.8
YOLOv10 91.7 74.7 93.8 79.6 38.4 88.3 60.9 73.7 60.6 71.9
ARS-DETR 88.0 74.1 74.4 81.6 41.1 75.6 819 73.1 64.8 76.1
Ours 91.4 79.6 94.1 80.4 42.2 90.5 60.5 75.1 64.2 74.5
Algorithm C11 C12 C13 C14 C15 C16 C17 C18 C19 C20 mAP@0.5
Thundernet 57.7 51.8 56.0 18.3 89.5 72.0 80.4 56.5 34.8 54.2 63.5
RICNN 58.9 43.5 39.0 9.1 61.1 19.1 63.5 46.1 11.4 315 44.2
SSD 68.6 49.4 48.1 59.2 61.0 46.6 76.3 55.1 27.4 65.7 58.6
Faster R-CNN 56.9 50.2 50.1 27.7 73.0 39.8 75.2 38.6 23.6 45.4 54.1
YOLOv8 65.3 67.8 62.0 88.1 92.7 80.3 91.2 50.8 63.0 72.7 73.6
YOLOv10 63.2 66.6 58.2 87.7 92.8 79.2 90.5 44.2 62.3 71.0 72.5
ARS-DETR 78.6 66.3 65.4 84.5 90.1 72.2 81.1 61.5 60.6 70.3 73.1
Ours 72.3 70.4 64.0 90.0 94.7 81.8 91.8 50.9 66.6 77.1 75.6
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A7 TRkERSOD #4EE LRI R ($42: %)
Table 7 Experimental results of different algorithms on the RSOD dataset (unit: %)

Algorithm Aircraft Qiltank Overpass Playground mAP@0.5
FRCN 85.8 86.7 88.1 90.3 87.7
SSD 69.1 71.2 70.2 813 72.9

Faster R-CNN 71.3 90.7 90.9 99.7 88.1
YOLOV8 92.4 99.2 73.3 99.4 91.1

YOLOv10 90.8 99.1 63.5 96.6 87.5

YOLOv12 90.1 98.4 54.9 99.4 85.7
Ours 94.1 99.1 77.7 99.5 92.6

7 NWPU VHR-10 il DIOR $#i4E % n] #i4k 45
AT, il 7 AE 8 s . AT RAUEE E] YOLOV10
FEAEPUN/IN HFREH A E B, YOLOvV11 53 i Al
KR4, YOLOVI2 X455/ B A 1907 B 15 8 FLH
RETIA R o A SCR I 1T H AL P 1) 368 1 3 2 0 A2 i)
BI7, FIFHAS IR 290038 38 {5 B2 (R AL B 2 s Xt
ANEFRIOCTERE , WA S Y TR s R IRCR
FIFH Rt 5 (SR L%, sl Xt k. . ANEARFERE
FREESEA TR G, 32— 3R B AR SRR 4 f 4
7B ¥ SloU FI NWD il & 1F Ry it 2k e %, o X A
TIOMIAE 5 FLSCAE Y 5 1) 2557, A3 85U /Iy F A (AR
MR, 25 BRI, ASOFSEEE iR Bk i 4T T
/N EARRBIERE, A YOLOVI T AR s 46 19 H bx
BRI T AR 247 S5 v AR A 22 FTUHDRS AN 15 5
[F]

4 45 iR

it R SR MR B 2G50 T /N B ARSI S R X,

FHOERLA S5 407 (5 B 50 AR AE IS, A SCHE H —Fhl
GRS SRR R RSN BRI s,
L ZGFFIE U A H A S s A, T TR K
DAERA M2 T IR, 22 )2 GRRAE P R Bl 1o
WEEL NIy | E BRI Re N = WA R o 1 Ry = A O e = =P €7
FHE RIS IBCRFE A BTk, $ S0 B2 2 e s i b T4
feJ). ZREEFHER SRR H = 486 BURRHIE it R
W, AL A AE R EREE P 5 R, 2T TR
G Jrf R m R Ay B R )y . 2Rk T/ NE R
RREF Ik . At , IS 454 SToU Fl NWD 1 Ay fi 4
PRAL, Hew TR VI ZRRCR AR IS BE o SEa0 4 R
7R, B EE NWPU VHR-10, DIOR F1 RSOD %4 4
AR PRI A BRI SRRSO AR IR B
ISR R R e, AR — R 1 )R
B, B, HTIIATZEERENIE S ZRESR
gh, BIRITETHRE AE S BAA S HOT AR, ARRF
R feE . R, A A S s R B R Y
%, /N BRI BRI B 5 SR A5 2 3 UG DR
JETRFE, Ak, ARSCHTE TR BT B WAL,
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Fig. 7 Comparison of detection performance based on the NWPU VHR-10 dataset
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Fig. 8 Comparison of detection performance based on the DIOR dataset
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Fusion attention and feature enhancement of small
targets detection in remote sensing images

Shen Xueli, Guo Xu”

School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract

Objective Remote sensing image target detection plays a crucial role in a wide range of practical applications, including resource
exploration, urban planning and management, environmental monitoring, and disaster emergency response. With the rapid development of
high-resolution sensors and large-scale data acquisition technologies, the demand for accurate and efficient object detection methods has
increased significantly. However, targets in remote sensing images are typically characterized by small size, large scale variations, complex
and cluttered backgrounds, blurred boundaries, and insufficient texture information, which significantly increases the difficulty of effective
feature extraction and reliable detection. In addition, factors such as imaging altitude, atmospheric interference, and illumination variations
further degrade image quality, resulting in low contrast between targets and the surrounding environment. Despite substantial progress in
recent years, small target detection in remote sensing imagery still faces several critical challenges. From a localization perspective,
commonly used metrics such as Intersection over Union are overly sensitive to slight variations in bounding boxes when applied to small
targets, leading to unstable regression optimization and reduced localization accuracy. From a data perspective, the limited number of small
target samples and the imbalance in category distribution often cause models to underrepresent small object features, resulting in missed
detections. Moreover, in complex environments, small targets are often mixed with background regions that share similar textures or visual
patterns, making it more difficult to accurately separate foreground from background and achieve precise localization. Therefore, improving
the accuracy, robustness, and generalization capability of small target detection in remote sensing images, while enhancing training stability
and localization precision under complex conditions, remains a critical and meaningful research problem.

Methods Addressing the above challenges, a remote sensing small target detection algorithm integrating attention mechanisms and feature
enhancement is proposed. First, a multi-level feature collaboration strategy is constructed by combining channel attention and spatial
attention with a gating mechanism. This design enables adaptive weighting of features across different levels, strengthens cross-scale
information interaction, and effectively suppresses background interference. By dynamically emphasizing salient regions and reducing
redundant responses, the model is able to capture subtle and discriminative features of small targets more reliably. Second, a multi-scale
feature enhancement module is designed by integrating three-dimensional convolution with multi-scale feature encoding to form an
enhanced neck structure. This module facilitates the fusion of semantic and spatial information across different scales, allowing the network
to preserve global contextual information while retaining local details. The use of three-dimensional convolution further enhances the
modeling of inter-scale dependencies, improving the representation of small targets under complex backgrounds and varying resolutions.
Finally, SIoU and NWD are jointly employed as regression loss functions to optimize bounding box prediction. This combination improves
geometric alignment between predicted and ground-truth boxes, reduces sensitivity to scale differences, and stabilizes the optimization
process. As a result, the model achieves faster convergence and more accurate localization, especially for small and densely distributed
targets.

Results and Discussions Extensive experiments are conducted on three widely used remote sensing datasets, including NWPU VHR-
10, DIOR, and RSOD, to evaluate the effectiveness and generalization capability of the proposed method. The results show that, compared
with the baseline model, the improved algorithm achieves consistent performance gains across all datasets, with mAP@0.5 increasing by
9.9%, 3.1%, and 3.2%, respectively. These improvements demonstrate that the proposed method effectively enhances feature representation
and detection performance for small targets. Visualization results further indicate that the model can successfully identify targets that are
easily missed by conventional approaches, particularly in scenarios with dense distributions and complex backgrounds. In addition, the
proposed method shows improved robustness in distinguishing targets from visually similar background regions. Ablation studies confirm
the effectiveness of each component, showing that the multi-level feature collaboration strategy, the multi-scale feature enhancement
module, and the optimized loss function contribute synergistically to performance improvement. The results also suggest that the proposed
framework maintains stable detection performance under different dataset distributions, indicating good generalization ability.
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Conclusions In this study, an attention- and feature-enhancement-based small target detection algorithm for remote sensing images is
proposed. By introducing a multi-level feature collaboration strategy and a multi-scale feature enhancement module, the method
significantly improves cross-level feature interaction and strengthens the representation of small targets. Meanwhile, the joint optimization
of SloU and NWD loss functions further enhances localization accuracy and training efficiency. The proposed approach effectively
addresses key challenges in remote sensing small target detection, including complex backgrounds, scale variations, and insufficient feature
information. Experimental results on multiple benchmark datasets confirm the superiority, robustness, and generalization capability of the
proposed method over the baseline model. These findings demonstrate its strong potential for practical applications in real-world remote
sensing tasks, particularly in scenarios that require accurate detection of small and densely distributed targets. Furthermore, the proposed
framework provides a reliable technical reference for future research and can serve as a foundation for further improvements in small target
detection methods.

Keywords: remote sensing images; small target detection; multiscale; feature enhancement
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