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Abstract: Objective Drones equipped with 4K cameras have emerged as a transformative technology across diverse
domains, which range from traffic surveillance and criminal investigation to military reconnaissance and disaster response.
The capability to capture aerial images over vast areas enables unprecedented visual analysis capabilities. In drone-based

applications, object detection serves as a fundamental technology for scene perception, which facilitates precise object rec-
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ognition and tracking to enhance operational efficiency and safety in complex scenes. Despite the success of deep learning-
based object detection models on natural scenes, drone-based detection presents unique challenges. A notable challenge is
the motion blur introduced by the high-speed flight of the drone, which degrades fine details of small objects in the captured
images. High-speed motion often leads to blurred images that are difficult for traditional models to process, especially when
detecting small or distant objects that require high spatial resolution. Although recent advances in diffusion models have
shown promise in addressing super-resolution tasks (i. e., providing finer details in blurry images) , their use in drone
images remains limited due to the sparse distribution of objects in the scenes. Full-image super-resolution is computation-
ally expensive and inefficient when the objects of interest are few and scattered across large areas. Another major challenge
arises from the high-altitude perspective of drone images, where ground objects appear smaller and are easily overwhelmed
by complex background. This inherent scale reduction makes small objects particularly difficult to detect and classify, as
their features become less distinctive against varying ground patterns and environmental conditions. The accurate detection
of such small objects demands fine-grained local spatial information and global contextual features. Local features are
essential for capturing distinctive small object characteristics, while global features provide crucial contextual cues for dis-
tinguishing objects from similar background patterns. Although hybrid architectures that combine convolutional neural net-
works and Transformers attempt to leverage their complementary advantages in local feature extraction and global depen-
dency modeling, these approaches still present inherent limitations. The sequence-based processing of the Transformer,
even with positional encoding, fundamentally constrains local spatial perception due to the conversion of 2D spatial struc-
tures into 1D sequences. Furthermore, the independent stacking of convolution and self-attention layers, rather than facili-
tating feature integration, tends to intensifies the disconnect between local and global representations. This architectural
limitation results in feature separation rather than meaningful fusion, which particularly impacts the capability of the model
to detect and classify small objects in complex aerial scenes. Method This study proposes a novel small object detection
model based on foreground refinement and a multidimensional inductive bias self-attention to address the aforementioned
challenges. We introduce a foreground refinement module (FRM) that employs a class-agnostic multi-layer aggregated acti-
vation map to identify regions of interest for overcoming the computational inefficiency of processing high-resolution drone
images. This module enables targeted refinement that preserves computational resources and enhances critical small object
details. At the core of our method, we propose a multidimensional inductive bias self-attention network (MIBSN) , which
consists of multidimensional self-attention, hybrid enhanced feed-forward, scale coupling module, and progressive interac-
tion module. The multidimensional self-attention module decomposes attention operations across horizontal and vertical
dimensions, and it implements adaptive window-based attention to significantly enhance spatial position awareness. Within
the multidimensional self-attention, we innovatively incorporate an inductive bias perception path that operates in parallel
with the attention mechanism, which is specifically designed to capture fine-grained local features. The parallel computa-
tion generates global contextual information and local spatial details, which are jointly processed by a hybrid enhanced feed-
forward module utilizing dynamic convolution kernels. This design ensures the Transformer inherits strong inductive bias
properties while maintaining comprehensive feature representation capabilities in complex backgrounds. To effectively
handle the multi-scale nature of objects in drone images, the scale coupling module employs adaptive kernel configurations
while dynamically interacting with multidimensional self-attention. This way maximizes the preservation of local and global
features across different scales. Finally, the progressive interaction module progressively aggregates neighborhood features
in the network decoder, which enables sufficient restoration of small object details in the final prediction maps. By integrat-
ing FRM and MIBSN, our method provides a comprehensive solution for small object detection. The FRM enhances fine-
grained details through targeted refinement of regions of interest, while MIBSN ensures robust feature extraction through its
multi-component architecture. Specifically, the combination of local spatial information and global context in MIBSN,
along with the enhanced detail preservation from FRM, enables accurate detection and classification of small objects even
in complex drone images. Result To validate the effectiveness of our proposed method, we conduct extensive experiments
on three challenging datasets: vision meets drones 2019 (VisDrone2019), unmanned aerial vehicle detection and tracking
(UAVDT) , and Northwestern Polytechnical University Very High Resolution 10-Class Dataset (NWPU VHR-10). Our

method demonstrates remarkable performance on VisDrone2019, which is a large-scale drone-captured dataset. Specifi-
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cally, it achieves 53.2% average precision at the ToU threshold of 0.5 (AP@50) and 32.8% mean average precision
across all IoU thresholds from 0.5 to 0. 95 (mAP), which substantially surpass those of existing state-of-the-art object
detection methods. Notably, compared with the current leading Transformer-based detector DINO (detection Transformer
with improved denoising anchor boxes) , our approach achieves a significant improvement of 7. 9%. On UAVDT bench-
mark, our approach achieves 38. 7% AP@50 and 23. 4% mAP. This substantial gain can be attributed to our innovative
multidimensional inductive bias self-attention network, which effectively enhances local feature learning and global depen-
dency modeling. To further demonstrate the generalization capability of our method in handling small objects from aerial
perspectives, we evaluate our approach on the NWPU VHR-10 remote sensing dataset. Despite the different imaging char-
acteristics between drone and satellite imagery, both scenarios share common challenges in small object detection, includ-
ing scale variation and complex backgrounds. Our method achieves a state-of-the-art mAP of 64. 5% and AP@50 of 93. 9%
on this dataset, which validates its robust feature extraction capabilities across different aerial imaging domains. We con-
duct comprehensive ablation studies on FRM and MIBSN to systematically analyze the contribution of each proposed compo-
nent to the overall performance improvement for providing deeper insights into the effectiveness of our method. Conclusion
In this study, we propose a novel small object detection method for drone images. This method integrates a foreground
refinement module for targeted refinement processing and a multidimensional inductive bias self-attention network for
enhanced feature learning. Our approach effectively addresses the challenges of small object detection. Comprehen-
sive evaluations on VisDrone2019, UAVDT, and NWPU VHR-10 datasets demonstrate the superior performance of

our method, which greatly advances the detection accuracy of small objects in drone images. The code is available at

https://github.com/CUMT-GMSC/MIBSN .
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Fig. 1  Illustration of foreground object proportion in drone
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Fig.2 The overall architecture of our model
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FERh X M- H, 5857 RS, il ik
TR RRAE BRI 50 MASASTE & BK 401, B2
WA b, S8 R SEIEGERE N €120 X THEAS
VIS i QR TEUN AN AN AR3 N NE R =i =N S|
X' = frimon (WX WEX WYX (12)
A, W W W o R T A AT BRI Y =
B A T IO SHOTE R HIE L 220k
B RE R RN XN, B K = V. e f
JITAT K- 2545 1 1 VR 0 45 1 X0 Al ad P A 1S
S AR K S, B R

H pvnion = Somea X' K22 XY) 0 (13)
K, fomea - VORI EPHERAE . TE T MIZEALL,
=REN)

V suenion = Frmea ¥ V200 YY) (14)

S VRS N A R
BLZ A A 224 PR ) BEHE AT 1 1
(R 7 . 0 o 2 4 3
B, T LA A 98 B 53 P e
TR, S, € RO E il HiLs
AR RHIEA HEREE R S, < RV 00 ) g W2 € ~
p X g = 2R QO ST A RS
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Fig. 4 The architecture of multidimensional inductive bias self-attention network

[i] , SR FH AU 35 SR A TR R AR AL, et by
IBPP(S,) = fre( o (SuW?)W?) (15)

L, o 7R SiLU (sigmoid gated linear unit) J# {% PRI
Bowr e RV RE, W e R AN
PEREHEIE . N BRSSP A A
2H , AR 58 JRLAE S LS

Ry T AR RIAEAS ] -2 1] v 2 2] Z AL R R
T, GIA T 2k HiEE P . 2R, S
G3 R, 3 59l b B RSP R S T A A B, DA S R
PIANEFE FE B AT . R

H—:\llenliom + IBPP(SH) k= 1,...’§
z, = K (16)
V—Allcmion‘ + [BPP(SV) k = 5 + 1,-..,]{

Kb, Ko kg,

e ANEREIFA T A B a5 AR PRk
1S B Ak s, B h

MSA = WO f (2102000 21 (17)

K, Wi 2S5 Z4AFE LI TEW
AN IEAZ )T ) AR HEARAE , BE v LR & RER A5 B, B
R X} 23 (R0 E A 8 BB E 71, RE i i REUK
SR LT A A BE Y 4 B AR AR S XS 42 R B Y
A

EZ CRe =il 8- 30 /ST WOk YEFSNEOE
5 AHAETC AN Bt /N B PR AR AR 4R
TEARAR A o oA 1 35 DX 285 5% Jag 3505 JLAn] T2 R 11 B ek
BE AR SO BETE T IR A R s By A o H R ) g
575 B RS A BB ¢ x r ERZERE T
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i 18 7 1] A B g E) R e 21 ik ST R R AIE A
U, U, -, U, RHTETER ASCHEE T AR
TEWE, BEASRRAE EIETEECR /2. H2 Rk F U MU,
EABASE G, Dhd A [F) B AR FE AR AR T,
P ML A LMDE R B AR it ae )1 . 1A
EH

EHFF(X’)=LN(F2[¢3(U1)H¢5(U2)]) (18)

o, FL R 4% )2, LN (layer normalization ) f{58
FER—, | AR EDHEEAE, o, ( - IR &
R d AR ISR

Z YA B TR 4R DU E 254, 94
A G A —255 HTEE T AT S B RS R & B
SCM, i 1 x 1.3 x 315 x 5% 3~ HA3 RIA ik
R ZHER A BUR T R 2 2 RIERHIE S
() o 38 o PO 25 44, RE A% AT PR IR ASE B A KRR
JE LR B R BB E AN A R R AIE o BUAR LT Transformer
(1) 5 BR A ISR A1) F 22 ROBE SRR R B R AE SR T
St REAE , B 2 OB RP AR A i &% . (BAE
i g 3t R b, B FE 0 A g 5 1Y 22 RUBERRAE
2 R RAIE AT B 00 1 AR R 55 e ) R 7R 5 iR
BET o FIHZRIERHE, oT LA 240 i s
HE5R /Iy H bR i SR DT B2 v R 1 B 65
etk PRI, A SCHE Z2 480 9 I i B T ) 2%
Wit T 4R AEAE B, oA O 2 8 2 R FHIE
o B SR TR 38 53 A A DR RS R 5 A i
HIRRIEE I 1 x 1V BFRLA IS A5 S 4E 7 SR E
SRR L A F R F Fy e, F LGS RS 25
MIAbFE . Gk B 3d I SR A A AR B R E A 725 T A6
U ReLU (rectified linear unit) JE £ 254k, BEWE A
A4 2 SR R P 22 ) AR B R i g BB AR AR Y SR
RO TRl RS2 B, 3 A0 42 /N H AR 09 030
ik RSN

F! = oo fomal F | F.)) (19)

K, S ) FRETER
2 E I

2.1 HEERSEREITMIER

VisDrone2019 & i H E T2 T AHLAR
PR R SR B 4R L B TR R S e AL S 3k
R o 2B A oA 5 22 Fh BT R S R B ) A o

55, an BAsta il | B AR BRER FORLAR B AR, 42 5
10 209 M 115, 43 B3 ] 960 x 540 15 % %1 2 000 x
1 500 8 R A SR UEAT N B AT 55 11280
PR FAERRTE , PEAPRTE H bR 09251 A8 RS
PLK AT DL S505 B o IR B R 2 TE AN/ BARKS:
AT 558 ) — DA R

UAVDT B dli fej2 — L T 14X e AN A H
PRSI 5 R R ) KB R R 4 . B AR
24180 000 ot i AR A5, 73 HEAAE 1 08018 K AL
Ao IXECEMGOR A AN i BE AN [6) 4L Af AN [ 7
AITC AP 5. Bdde hirit: Tl 841 4884
HWHE, M T AW T ANFEZ2AEREG .
UAVDT £ dfs 8 75 Jo AL S8 BOmAT 58 o Ao 2
MZH M.

NWPU VHR-10 ¥ 8 W2 — 4~ 55 70 H 5 18 Je
PGB A 4, BRI T Google Earth, 43 B R 7E
0.5 m~2mZ [, {17 800 i 73 ¥4 2 1 000 X
1 000 FAYIEME  Frid TS KHL A 405 1028
Hor . BARTE RGBSR Y RUBE FIER fA B2, id
M TAEE 2G5 37/ AR AU AT 5T
AR SCHENLRAF 650 M EGAE I 254 3R /Y 150 1
G T30k

A SCR Y 4 A bR HETE bR AT PERE VP4 < RS %
(precision,P) B EK (recall,R) . £ ToU [HE{E (0. 5:
0.95) T B F 4 K5 J& I {f (mean average precision,
mAP) DA K ToU B {E 4y 0. 5 B 14 5F- XK RS B (aver-
age precision, AP@50) ,

2.2 KWigE

A SCHTA 92 55 ¥ 7E Ubuntu 20. 04. 4 3155 F i
47, CPU & AMD EPYC 7402P 24-Core Processor, N
786 GB,GPU 2 2 Ht Tesla T4, i 47 12 GB. SLILK
H Meta AT FF5 %) PyTorch PR BE 27 > HEARSZ B, S 4k
KA J RTDETR . A YR H] Ultralytics 7 & 1Y Auto
RS AR I 2R B8 S B R S8 4 B Bk e A
APl e L AR Ut A . B E iy 5 x
107, 208 9 x 107, FItR“E ) RUE N 1 x 107,
TE VisDrone2019 Y1 Zx4E 1%k 80 1~ epoch ., Hi A &l
B IDBE A 1536, HEAL B R /N 4. 7 UAVDT
G AE L [R] #E ) 2k 80 1~ epoch , fr A 1% K i
B E N 1080, AHtARFEK /A 10, £ NWPU VHR-
10 504 4 _F 125 50 4 epoch, S A FUR LK% B N
1 02414 %,
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2.3 XEbRIE

VisDrone2019 [ 5% 5 25 SR W3 1 i s, A 37
TEAENNASE 19 AP@S0 Fl mAP 73531 ik 51| 53. 2% il
32. 8%, W H LT RSB cit iy HARKGIN 7k . X
L E 25 RIS BT CNN Y 5 ik ds @ H B
FRAEI Y OLOvV8 (you only look once version 8) (Glenn
45 .2023) M YOLOVY(Wang %5, 2025) , A K i 1 JC A
ML 3% 5= I 1 ) CEASC (context-enhanced adaptive
sparse convolutional network) (Du 2§ , 2023) #l
EdgeYOLO(Liang 5§, 2022 ) ; 3 T Transformer 9 J5 %
£335 DETR (detection Transformer ) ( Carion 2% ,2020) .
Deformable DETR (Zhu %%, 2021b) .DINO(DETR with
improved denoising anchor boxes) (Zhang 45 2022) ,
PL K T 1a) I N HL 3% 5t 9 DNTR (denoising trans-
former) (Liu 5%, 2024) fil RTDETR (real time DETR)
(Zhao %5 ,2024) . 53 A &5 Jc ot 19 35 T Transformer
8 B ARAS I 5 12 A0 LU, AR ST 3 R A Jre 2R o B i )
T3, JUH 2 AR F DINO, mAP 528 T 7. 9% (1
$&Tt.

%1 VisDrone2019 i & F I8 £ R 3Ttk
Table 1 The comparative experimental results on
VisDrone2019 testset
1%
oA FETME KR HEE AP@S0 mAP
YOLOv8

CSPDarkNet ~ 57.6 45.8 46.1 277

YOLOV9 GELAN 56.9 470 467 283
CEASC ResNet50  61.0 442 487 26.6
EdgeYOLO ELAN 592 456 430 244
DETR ResNet50 528  39.0 400 219
Def-DETR ~ ResNet50  56.6 429 410 244
DINO ResNet50 595 458  43.1 249
DNTR ResNet50 612 472 481 283
RTDETR HGNetv2 604 441 435 250
AR HGNetv2 61.6 527 532 328

E L SRR 5 8 R A2

Kl 5 7R 1 A7 ¥ 5 RT-DETR J7 £ 7E Vis-
Drone2019 B HE4E I ARG ISR XT e o S 2k ok
W TR 28 5e T AR SCO7 R 0 e B 25 /0y B A A
H bR BRI 6 1 8208 T RTDETR . 45 51 & 76 b #3
AR 2 FE B I3 B S pR AR S e i, AR SOy

L RE DR R s A B A A B2 . I EIrp 2L
BT XA 7S, X A A IS DI P Y 49 A e
A3z Zy b7 FE B XN 1 2 AP T A B s, BL
PO B g ST AR HE R 00 H A, AR S5 124
JEILH T 0TS BRI VERE . X FRIAASCHR Hh 1 2 4
VA9 EHLHI AL LREE T Transformer ) 42 Ja) EA5LAT
B A R AR TR/ F ARG I 2 5 H A SR B A
(I REE NS

h o
mﬂﬂi = T
vy il e——

RTDTR ZI:
K5 ARCHE:E RTDETR RGN SR rf PLAL X L

Fig. 5 Visual comparison of the detection results between

RTDETR and ours

2 BN T AR RLTE UAVDT B85 48 19 P R
P SCEa BRI AR SO kg G ERE R AL 12
FARH . ARSI AP@S0 FIl mAP ik 3] 35. 8% Al
22. 4%, UESE T Z4E A0 B F R T R4S A 0
AN SR g IR A R N SR TN R S G P TN
FRM Ji , A mAP A 23. 4% , ## DNTR A8 2%,
7] i} AP@50 $ T+ % 38. 7%, RTDETR i i Trans-
former 14 JR) AR fE 77 LA B A%) ZF R DT Jc 3kt 4 T 44 42
B BRI g rh AR AR AR ) 5 | A 1) 5= A ) AT,
FIRFN45. 6% (H 2, HEL T8 B A5 B 0k () O <7 i
T s 3 S50 [l e g 2RI, 13U 38, 1% HH I Z
T AR Y 22 4 [ TR T R R B R A Y
for DU P RE o AR R E A ]S T, AR SO Gk
45. 2%, b E A0 T HAB XS b 2, 3 0 2 4k U 40 B
H T 2600 Ry R Al 19 {5 B 3 5 DL K FRM
AR —T SRR O I AL T 2 28 5t 8/
HAnle
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NWPU VHR-10 & BA AR 1A S g 45 R ik 3
FiR AR O E R Ad A s R I T 3
A3, Bt mAP 35 3] 64. 5%, B B A0 T 24 67 3
(8 B ARASIN Ty 1 o A HG AR A I Ty i, AR SO R
e B S T g R T WA S, 7k
BN EARAIE 2415 SO0 R T
PRI 1

®2 UAVDT LI R3TLE
Table 2 The comparative experimental results on UAVDT
1%

By FTMLE fEfE HIEFE AP@S0 mAP
EdgeYOLO  ELAN 36.2 31.8 250 137
YOLOv9 GELAN  34.8 39.5 324 212
DNTR ResNet50  40.5 37.9 33.0 214
RTDETR HGNew2  45.6 38.1 292 16.8
A3 HGNetv2  41.6 41.4 358 224
ASC-FRM HGNew2 422 45.2 387 234

TE IR RS R 2 9 B A4 2R

HE— 2D 0BT BN mAP £5 28, Ik 4 R
ARIOTT AR ZHEEN BT HA B A Tk ]
& TPHYOLO (Transformer prediction head YOLO) LA
FYOLO FRBRERL R ] 1 5 AR R0 200 1 i 5
W, 75 QA E S5 AR 7 B0 AR RSB 26 51
B {RZE WS R b IR AT SR R AR 2R

#3 NWPU VHR-10_ERI8 £ B xftt
Table 3 The comparative experimental results on
NWPU VHR-10
1%

A FTML KR HE% AP@S0 mAP
TPHYOLO CSPDarkNet 91.0 889 928 58.0
YOLOv7 ELAN 91.8 896 929 613
YOLOv8  CSPDarkNet 903 885  91.1 634
YOLOV9 GELAN 914 894 920 636
RTDETR HGNew2 918 895 927 63.6
AR HGNetv2 91.9 910 930 637
ASC-FRM  HGNetv2 93.6 921 939 645

TE I P RS 2 B iR 2

Bl BRI . I TR N Ok SR R A B
SR MELUA X 53 H BRI 5, 45 5 52 35 SRS
T, SECE IR N . M2 T, A3k
iGN Z GRS AN i B TR T 2% R T
BRAE AT 2R 15 5 MR BUR A 4 R AR AU RE ST, A
T 7 ¥ R 3 T 00 25 5t A R 9 2 ) R IR T
WEMVERESR T [RIME, AR ST T HAF /AR
1 FRR ARG v A1 8 B 3 I X 28 F b
TEER PG It DB R B szl # . X —
PR, A SO EAGE )T I APLEG /N A
i, L BE AR e 1 Ak P 3 SR 1T 5 o ) /0 AR A DU
(R

%4 NWPU VHR-10 E&H ISR ATt
Table 4 The comparative experimental results on NWPU VHR-10 for each class

1%

il ®HL O MR BEEE FRERY MIERKYg BEEkY MimdiE 0 PR ZETH mAP
TPHYOLO 66.3 556 387 752 53.8 70.6 84.9 514 255 57.9 58.0
YOLOv7 713 70.1 30.1 75.9 57.7 75.2 86.5 527 249 68.2 61.3
YOLOvS8 737 713 3238 79.6 64.6 76.3 87.7 490 270 71.6 63.4
YOLOV9 733 751 316 808 63.2 75.1 89.3 496 270 70.9 63.6
RTDETR 729 729 315 79.2 62.8 78.6 88.2 497 279 71.8 63.6
A3 726 746 371 80.2 63.3 76.1 89.1 50.7 311 70.0 64.5

T L RS S e LA R

2.4 HELKIS

T AR Gk BT R 7 WA BN AE Vis-
Drone2019 Bdi e b HEA T HEAH B Bl S2 56, G065 A5+

HALAER FRM AN 4E 9 900 i H 1 4% MIBSN,

2.4.1

S 08 S AR A AR R AT T A PE RETE AL, A

B St AR PR REPFAG 55 0 B
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SR DX e | PR e o A TR SR O RCR DL K
Xof G I g )3 1 25 22 0 T 6 R AR/ H AR A e
AR R

T2, RS AR AR R AR Y ) CAM-AM J7 7
5524 R A SO WS T A AT LR LR T
143 45 Grad-CAM (gradient-weighted class activation
map) (Selvaraju 5% , 2017) | Grad-CAM++ (Chattopad-

Grad-CAM Grad-CAM++

hay 45 2018) . CR-CAM (contrast—ranking CAM) (14
45 ,2024) o SEEREEIRANIE 6 T , CAM-AM 7EHij 57
GRS R EN T X TR, X566 T
CAM-AM i 3o 5 38 WA E il 1 R 25 rh AN [ 2 T
FRUARRAIE P, RE S 4 THT 4 S ARG U 3 2R R AE 3] 5
JER B GE SCRFAE | 3 100 280080/ W s 52, 7 16
HE IR A ) I X

CR-CAM

K6 CAM-AM X HbaLgh gl i
Fig. 6 The comparative experimental results of CAM-AM

FOUR AR S 3 m AR X L S 30 DAL T T S 4
Ry ER Ed B i . a7 s, SRS
2% 1 i {6 (bilinear interpolation, BI) J7 % A Lt ,
SwinIR (image restoration using Swin-Transformer)
(Liang 55 ,2021) fll GDP(Fei %5, 2023) 7E S0 A
0 HAEVR AR R KT SR 4055 Ab P L AR A
MIELZ T FRM AE QR R o0 PR E A A0 R A 3%
T T/NARRBA G ST R . 2 R ITAG
SERPE— P I TIX 2518, 13 5 PR, FRM TEIE
EREL 354 peak signal-to-noise ratio, PSNR) Fil 45 ¥ 4H
U 438X (structural similarity , SSIM) iX P 4™ &4 i
PP AR AR AR TR vk A T BL T
FRM [] SSIM Il PSNR 73|42 T} 1 0. 14 F14. 19 dB,
FWI T SRS P BB A B 1 o s (] 20, A
A G R PSR R L

T3H AR SCIT TR AL TR W )T i SE 56, AR TEAN [+
AL L BTN F ARG 0 1 RE 520 - 235 SR A ] 8
TN B AR AR s 28 2 T S A A A R Ak Y [ R e L
18], AR e 7 A D1 BE RN AR G PERE G R, S0
BERRI],AUxF 20% PG S5 DX H 25 A
BB JEA T A0 AL R I PE RE LR S B E 4R T ) AL B

SwinlR
K7 AT Ak

Fig. 7 The visualization results of super-resolution

60% 8 5 B X du Bt , HEAS 4 BE 5 18 FH 100% AL £k
PR (A0 AL 0 R KA 2, X BRAIE T AS SCHEH )
CAM-AM 3 55 414k 5 w14 g 50, BIV 3 2o 3051 A
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K5 BI=HLELRSSIM 1 PSNR L1645 Rxttk

Table S The comparative experimental results of

SSIM and PSNR of FRM
el SSIM PSNR/dB
BI 0.767 21.463
SwinIR 0.879 24252
GDP 0.881 24.651
FRM 0.907 25.653

T L P SRR 5 S R A4 2R

AL /0N E bR B SR IX 38, 5 b B /D RR A
S DX 3t B S BB AR A AT R R

B Ja , AR SCHE— 2 B UE T RS AN AL AR B Y 3 5
P, 230K LR T 2S00 32 3 E AR D 25 i [ 15 Ak
AR R, IR RN 6 IR, i mi R A Ak A
HRAb 35 1 PRG035 48 T 7 4 R DN 45 P A 2
BRI 7, YOLOVO-FRM fit B (A M BEH 5 1. 0%, i

100
90
80
RS
60

FRM — 3K |

1 1 1 1 1 1 1 1 1
N
<

0.0 02 0.4 0.6 0.8 1.0
Akl

K8 AN B B /0y H ARG I P REXT L
Fig. 8 Performance comparison of small object detection

under different refinement ratios

RTDETR B 4 7t 2. 3%, R WAHT S 41 fb i iy
TGP, e T AR S e T R, BRI AE A
RS A R 1 RS R PR Re R R o &5 1
W, SEEAE R SRR FRM A 250 . m e id it
i it 1) T S5 DX SR o 6 A R T o P R E A, S/
PRI AL T —Fh e AR BEFIRCR A e 5 5 .

®6 BISLIELRALIEFH VisDrone2019 Uik £46 I 45 R 3 bk
Table 6 The comparison of detection results on VisDrone2019 test set processed by FRM

LT FT M AR M3 HEHRR/% HEH Y% AP@50/% mAP/%
YOLOvS CSPDarkNet 1536 x 1536 57.6 45.8 46.1 27.7
YOLOv8-FRM CSPDarkNet 1536 %1536 56.8 46.7 46.5 28.2
YOLOv9 GELAN 1536 %1536 56.9 47.0 46.7 28.3
YOLOv9-FRM GELAN 1536 x 1536 61.5 50.1 47.9 29.3
RTDETR HGNetv2 1536 %1536 60.4 44.1 435 25.0
RTDETR-FRM HGNetv2 1536 %1536 59.3 44.1 44.7 27.3
A3 HGNetv2 1536 %1536 60.7 50.5 51.0 31.1
ARIC-FRM HGNetv2 1536 %1536 61.6 52.7 53.2 32.8

TE PR PR AR L HE ) fe DL E , FRM QSR 28 1 S 20 A e b P

2.4.2

ZYE VA B A R ) MR RE VA S

TER Z2 B AR REA P B, R AT N A/

VK

AT SR 2 AR IR A0 A A R
3% I 28 v i 22 2 R R TR 1Y B T 5t
PR R A B A R R A8 S R AE A8 B AR R AT 7
S

D Z24E HiE R, TR RTDETR /Y
Al Bl A MSA BEE ZA AR T IBPP, DA% IE
Z4E H G N AR AR SR R Ak 7
F 87N o FE VisDrone2019 #4245 R BoR ,
AP@50 F1 mAP 43 5| $2& Ft 28 44. 7% F127. 3%, MSA

R385 RSF B/ N B AL B AR . 7ER R RA L7
) M REAE I T R, DR AT REAE T AR AR A B,
HE 20 EBE I RESEE AL S G4 .
ST, 248 [ T BB G 5 s ) o7 R
A8 77 5 T X5 I AL/ H A U PE g kS 2] 1 B
YEM .

2) VA 9 Ml B RGN s A . AE MSA AR B b 38
IBPP, LB 25 5 W3R 7 7R . AP@50 Fl mAP 43 51| i2f
— 4R B B 47. 0% H128. 5%, [BPP 1 SE 40 5 ik 45
b FLUEBHEIX 3 B ) A R kst . Hoh 72 =48
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RN BIETE T 3. 0% F16. 8%, Wil it 5
VG0 Pl R B AR AR A G B Jed AR A 15 15 3]
I R R A 3R I A R N A
R F IR B Dy A B T O E R

3) IR A 1Y R H AL e o 6 EHFF BB S
mAP AFEZL 1 25. 0% $2 T+ 2 29. 3%, R HLH 1 4
Tto EHFFAIRTEAT A BEFE 45 H bR/ JBARE
A BRI g B AT A8 T S A B T
DERIRTEE 3 S e SN INSE N EENIVPS 5
fiE o HEAh R 2R =48 2 A5 28 ) 0 ME B 22 40 Sl ik 3]
41. 2% F120. 7%, LI IE T EHFF XA [F Ik H F5
RSB I BE 1o BAROKR R EHFF 3 5 n] 28 1 4 AU
AN A BE R H AR 09 S35 BN, XN KLU AR 4 /)N
SRR ORI TE

4) REEFA B, B SCM AL S , AP@S50 Al
mAP 73 S48 55 & 48. 5% F129. 4%, SCM R He fity 5
NG BAAE JLT Ay B2 L0 W1 A Pk e 4
Fh, R AR /N A2 ) b PERRER T T 5. 3%
FOBEFRA BB I A RO 58 T 22 RO Ry 3R AFAE
S EZ AERE =il S E R A & S R ) S K )
PRRRIE (0 P , (A5 A55 ) R 6% T A 0 A B R 2
ST AMLE SN B R IAT 55 .

5) SRR AL B AL, ZEA LNIJS , AP@50
KIFHETFE 51. 0%, mAP T2 31. 1%, 5HEHEH]
e LN A5 LA B 4200 | =58 2 RN 58 2235 2 1)
A BENRT . LR RY] LN i 15
/N EUBR B AR ACRRAE DL R 4 il 75 S5 e s )y Tl BoAT B

x7 SHPNRE BTSN VisDrone2019
it 82 H Al SE G
Table 7 The ablation study of MIBSN on
VisDrone2019 test set
/%

F9E Kit® Q% AP@50 mAP
TR 60.4 44.1 43.5 25.0
+ MSA 59.3 44.1 44.7 273
+ IBPP 57.4 474 47.0 28.5
+ EHFF 61.4 47.9 475 29.3
+SCM 62.0 49.7 48.5 29.4
+LNI 60.7 50.5 51.0 311

T IO TR R R 4 P e LA 2R

EAARPEREITAS 5 0

TR GV AR T B A A 7E Vis-
Drone2019 ¥ 4 L ibAT 1 52 238 ) TH Al S 56 . SE0%
MIEZRAHY 2 AR E]AR 5L A1 LB 22 4k )5
A E ARSI M LA AR 9 PR .

Z R RE A RTINS AT A AT
AT NHLENG /N B AR R M e 4 T 8 17
B AP M FELR BRI 13, 8% 42T 2 22. 5%, X
FEIE W T 2490 B F ) 4 1 AR R
TERIAT R A, B T MR /N E AR 4055 FFAF A4 3
PERE ST . mI AR 5 I ASE— 2 Ak T RISk
H AT AN AP (E M 22. 5% 42 T = 26. 0%, H 741
AP{E M 13, 4% 42 TF 2 15. 1%, 22 Wi 5 4 AL A b
i AR AR S X, & RN H BRI 2 S0HE S HAh oG

P

2.4.3  HI S AN R 22 4 0 94 i - E TR M

SRR, HE— 2D 3 /s FAR BRI R 3 0 TR A S
R AR AR EOR H R RGN, Z2 4 I 20 s A T

x8 SHPMRE BIEE I ML VisDrone2019 MK £ LA HRLLIE
Table 8 The ablation study of MIBSN on VisDrone2019 test set for each class

1%

il [FUN A A4 NES hRIEE R —RE BHERY AZE ELE mAP
FELE AR 13.8 8.93 9.69 493 34.8 38.8 16.8 15.4 45.0 17.1 25.0
+ MSA 238 165 11.3 58.7 34.3 30.3 18.6 11.9 43.9 23.2 27.3
+ [BPP 195 113 10.6 55.4 36.4 40.7 19.8 17.9 51.8 21.8 28.5
+ EHFF 237  13.6 11.8 57.4 36.4 412 20.7 16.1 46.7 24.9 29.3
+SCM 237 157 12.9 54.6 34.0 39.6 225 18.0 48.5 25.0 29.4
+ LNI 225 133 13.4 57.2 38.2 44.4 23.0 19.9 54.3 24.7 31.1

T L P SRR % 8 B A2 2R
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Table 9 The ablation study on VisDrone2019 testset

1%

FAY TN A AT /NASE pRIAERE RE SRE OEHTRYE AKE BELE mAP
FEL AR 13.8 8.93 9.69 49.3 34.8 38.8 16.8 15.4 45.0 17.1 25.0
+ MIBSN 225 133 13.4 57.2 38.2 44 230 19.9 543 24.7 31.1
+ FRM 260 159 15.1 60.0 40.5 439 231 21.0 55.1 273 32.8

T ML PSR R 5 B e A2 2R

B4 R S 4 AT R R B T B3R .
AZ YRGS A TR T N S8 0 AP S
LAEAIY 45. 0% B AT 2 54. 3%, In A Hi 5t 411k
BEH S, AP FTF 2 55. 1%, T4 Bl Se g 25 0,
2 AR N E R =Wl I E - ST 2 A= Pacy = WA K
A2 L, B T AR T A LIRS /N B BR R 4
JRy R (A S ECRE T 5 T A S A AR AR A Al A i
FURIR IR T BUR A4k, B E A S X 4, i
— AT TCAMLENG N B AR IRG

3 4

ARSCHR H —Fh A R S AL A 2 4R T 90 B A
e =N W IR EEVINER 7S Salll: BiIR =275 AN
H AR ARG FRRG B A B . S5 A0 A A bk 1o i ik
I DR, IR S5 A OB R X 2 DX Bk A 7 4t £k
ANER AR /D R SR T /N BB ) 26
AR R o WA AR SR 24T R B H R
TIN5 T A B BRI Transformer NI 7 i S 40
¥, A 25 BB A6 A7 2 20 4 Jm) ARy R AIE 9 A9t
KF T T s i R R R B 0 5 7E 4 1Y
f i I AR v, AR RRAE 22 HAR Bl i R 2 R A g
s T G B 1 e 3 R 4 SR R AR, O3 ot 22 RUBE Tt )22
PEATHRAE 28 H. , B PR F5c 2 B TOUIN 455 11F P P2 18 JE 8 1)
/NHFR{E E . 7E VisDrone2019, UAVDT # NWPU
VHR-10 [ (95256 281, 45 19 5 125 1T DA S 35 4 i/ s
HAm e DK B

(A SR R ALAF TR SR BR A A7 e b 2s 1] AR
SO R AR TEAS RGN bRk, K fg 7
3 R RS 5 v i) s e A DG HEAR S, HLAE T S5 4
A T2 O ST TR %) o i . AR RSN R A T
i 25 R AIE B S0l A LA SR s e A O, R i
FEG U 51 1) s A7 JEL 3 R RO T 1 A T

NI — 2 P TR (P RE
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