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Abstract  With technological breakthroughs and sustained policy support, the low-altitude econ-
omy is undergoing explosive growth and has become a key engine for high-quality economic devel-
opment. As the core carrier of the low-altitude economy, unmanned aerial vehicles (UAVs) have
demonstrated enormous potential in the field of intelligent transportation, thanks to their unique
advantages of flexible deployment, low operational costs and wide-area coverage. UAV object de-
tection technology, in particular, has been widely applied in a diverse range of practical scenari-
os, such as road marker detection for traffic infrastructure maintenance, real-time traffic flow
statistics for urban traffic management, dynamic traffic guidance to alleviate congestion during

peak hours, and rapid accident handling for emergency rescue and post-disaster assessment.
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However, UAV aerial images are inherently characterized by a wide field of view and small-sized
targets, where small objects of interest often occupy only a few pixels in the entire image frame.
Coupled with complex background interference like building occlusions, varying lighting condi-
tions and cluttered terrain, these factors render small object detection a major technical bottle-
neck that restricts the further application of UAVs in intelligent transportation. Existing small
objects detection algorithms still fall short of meeting the rigorous demands of practical scenari-
os, with their limitations mainly manifested in two key aspects: insufficient feature retention ca-
pability, which leads to the easy loss of fine-grained details of small objects during feature extrac-
tion; and inadequate utilization of global contextual information, making it hard to distinguish
small objects from complex backgrounds effectively. To address these pressing issues, this paper
proposes SOD-DETR, an innovative small object detection algorithm based on the RT-DETR
framework. First, this paper presents a small object feature retention network, which adopts a
dual-branch structure. By extracting and fusing spatial and frequency features, the network a-
chieves complementary enhancement of features, thereby improving the feature retention capabil-
ity. Specifically, the frequency feature extraction branch integrates frequency band separation and
attention mechanism, enabling adaptive learning of critical frequency features and effectively en-
hancing the efficiency of frequency feature processing. Second, this paper designs a subpixel-exci-
tation module, which combines subpixel processing, Focus strategy and squeeze-and-excitation
mechanism. By preserving subpixel information in the channel dimension and guiding the module
to focus on key channels, the module boosts feature information and reduces the loss of key fea-
tures during downsampling. This module achieves improved small object detection accuracy with
only a marginal increase in the number of parameters and computational complexity. Finally, this
paper improves the hybrid encoding strategy. Through self-attention encoding of the spatial-fre-
quency fused feature maps, it gives full play to the advantages of global contextual modeling in
small object detection: it establishes feature correlations on a global scale, implements dynamic
weight assignment, breaks the limitation of the local receptive field of Convolutional Neural Net-
work(CNN), provides more external semantic support for small objects with scarce features, and
enhances the distinguishability between small object features and background noise, thus further
boosting the small object feature extraction capability. Experimental results on the VisDrone,
TT100K and UAVDT-2024-DET datasets demonstrate that SOD-DETR significantly outperforms
state-of-the-art methods, with notable accuracy improvements in detecting objects of different
scales. Specifically, the key metrics mAP50 and mAP50-95 are increased by up to 6% and 5. 1%,
respectively. The significant improvement in mAP50-95 indicates that SOD-DETR exhibits excel-
lent performance across a broader range of IoU thresholds.

Keywords small object detection; Transformer architecture; feature preservation; hybrid en-

code; subpixel-excitation

1 35

T

Wit 7 £ R 5 M5 B S L AR A 20 B A R M
K AIER . TN R 2 2 55 B9 B0 38U e
S U B LR Ty . JEAHL E AR AR I AR
C 289 12 M NP A B B S A I L A R ST

AT BT SR BE A g b e AL AT B AR A
EER Y DINIEE Z N U RS S R AN E R Al oS
AR FI L H AR IR — BRI
B U T B 5 T 1) L 4 w8 s A KRS 2 2
—IRF LR R PR, AT AR L R TR A S B H B
ARG F) 1P JE 3 T RURUEE B H A ez g
RZAEARIN TIFTEGE. (AR X ek



1048 it

Hl

it 2026 4F

o
£

(22

/N B BRI 7 TR SR T I 5 B Pk, A 7 i
155 2 PRt SRAFAE 35 2200

N BB A I A 3 e AR T N R AR SRR
DOVRHEAR L, HAE S Z 88 RER T . #hxs/h
H b A D00 ) 3 26 M R, AR OGBS CAR R 8 T 2 A
o7, DA /A B AR Rl vk ge . 207 i dh
SrPER L Z RJERE G BT S0 2] R N e
SEU L Xy A A — s R AR T/ H AR
R AN = R A iRl TR e X b R
FOE 2 ROEE G SR ms , A B 29 Y 10 3 3 09 B 4
A 0 A5 A0 iR T

{2 Y I 03X 28 05 ¥, MR S I 25 4 B A 248 1)
#% (Convolutional Neural Network, CNN) 978 =,
BV, 250 ik 22 2 it Al B 2D B RAE TR SR A T ok
AN I AR AR AR 11 110 225 ) % 3, 1 I ke A A 2
BY, X R AN T gk A Ml 2 3 /N H AR R AE 1 &
e/ B AR RO MERE . A — SE Y AR i
PRAL T oRBE IR A — e B b T 4 {5
MLk, (B, HEORE , Q] 76T RAE i b O
2 (10 /N HARFEAEAT SR 2% — Pk

UTAER B A Transfomer 2244 9 51 A A1 5 45
B, FF Transfomer AY H bR A A5 8] T )2 WF
9%, Transformer i it H 75 & J7HLH . B35 H B AT
RIS RAE R 22 () 9 SCIBE AL, DT A e S 4 JR 31
BBl PN 8 AR AR DG I O 52 B 3h S AL Jp T . X — BIL AT
7 CNN Jay &8 8% 32 B R 1], S 5 A i Bk 1) /)N B B
PR T 2 B SN A IR R T/ H AR RRE AN
TR A Y X B B 42 TN H bR Y R TR
Transfomer 4 H b I 244 1 55 —Fig =0, HAe /b
R Iy 17 HA7 FRWE Y R T AR
B THE B % BE 5 0 A 514 BE 09 °F- 7 BUGE L
HIWK E 1% 3% A Transformer 25 % 2% & A 0l 17 H) .
it LA Transfomer B84 H AR A B, i 2 75
S A PR b 28 ) 4% 58 BUFRAE $2 L, 2 T Transfo-
mer B H AR A0 A AY , DI 46 1Y B H2 8 1 2 0938 X
FEAE T G 5 4% o K 5 3 DA ] RUBE e A ] 1 128 B
A AR 535 A G 5 4% . 5 3] RT-DETR (Real-
Time Detection Transformer) ¢ ¥ R EE FRAE fl & HL
il HAG I R R TR T

YEH ML 58 Transfomer 4214 () 4 K8 # . RT-
DETR %54 T Z # Transformer #5818 {I 75 HL il ,
FCAEAS TR RUBE (4 B bR A I E FR A T 4858 Ry S ik 1) 7K
. AR5E X RT-DETR 9 45 #4847 43 #7, 7 DL &
RS E Rl 5 SR M 2 K R 2 O SCRRAE 2% A G )

i P R R AR B R AT B R Rl G, X — TR g
I RE 78 4 AL B B AL 7R /N B bR R I D T
IRy

R TP /N BB R I R K S Bk R A SR
T/NH 5K & SOD-DETR (Small Object De-
tection Transformer), %34 ¥ 3 % M WA~ 5 1 X
RT-DETR #1478k . — | 14 58 W 45 19 45 1F 7 £F Ak
J1s ZiAe A R BN SCE B/ B bR 5 T 9 4G
B BE R — A B R332 R IR R R A
Hr, WO S S5 5 T 4% 1 BRAE IR AE 1L IR TS
TRHEM RIS, WARR AT IR K F 3T
FRIEAG R R 9t T EZARIE . BEXTEE o 8 T
WU TR A d i SR . AR SCHY EZE STk B ZS T

(DA SCHE T/ HPRFRAE DR A7 P 2% 32 0 2 R
FAR Y 32 4548 3 2o 42 O Rl 6 25 IURAAE , 52 B4R
fIE B4 EL AN 5, DT 2 5 R AE PR AR RE 7 o e 0
RS- B3 3, 4545 7 A 4 2 R e 7= LT ml L
F 355 1 b 2 = SRR AE A A5 T A R AE Ak
HROR

(DAL T — A WAR R BB, % 1 e
Al G T A% AL, Focus 5 W 1 45 BRI AL L 16
B/t SR POt R E R B SRR T
A A DR B 4 7

AR SCHUHE TR A Gt B S W 300 o o 2 03 il
FRAE B AT A 1 D . oo R 4 R R Se
BEAE /N B bR A 5 T80 A O 35, i — A0 3 5N B bR R
fEFREEE ) .

(AR 1A SOD-DETR 7E VisDrone 2019,
TT100K f1 UAVDT-2024-DET ¥4 #4717
T, SIS B B TRk AE B 5 /N B BRI fig
(A7 5k

2 MXIE

AR T X8 SO T N A BAT AR W Y O
FEF ST AR I X S N R AT T AL
2.1 E-F CNNs B/ BRI R

SRR B T CNN B9/ B bR A I 7 32, AT LAAEE
50 LUR JLAS R 250 1 2 B R 2 RO R AR 5
RS0 LR R BRI AL S

X PG A7 4 i o RE WS AT A /N AR
FRIEAR B . Bl R AR 55 M S M5,
Je— M /N F ARG I PERE Y B 207 ik . RERIE T
PG, Shi S5 A HE R T B 4 ARR A% 3R 46 R



5 1 M F 5 T RT-DETR (/N B bk i 2 v 1049

L T T /N H ARG I 64 5 43 98 R AEAE . Wang %
AN ] Real-ESRGANTY M 43 95 5% 114 16 4
AR BER S, IE S YOLOX 254 ok 42 w5 20 4k
UNEE7R s2ilkiw

2 RUBERRAE @l & B AR 32 76 R TR 43 3 R R
JE AT R A A5 S, A R BE 6% T 4 T b L A 12
BN%E., ZREMA TR BAREERERT
FRAE 4 7B I 05 10 R AE 4 1 AR AE /N H bR AR
453N 40 Tz . BN, Hong 2 AV R BT
FUBE R B 4 705 W 2%, L o 2% > AR AR 2 Z ) 1Y ¢
L AETRZ R 2 2 (8] 52 B Y A R AE 2L 52, DT ke
B 1T AR Z 2Z 1A kE BEH AR — 3, Xie % AN 4T
Xt 128 SR PR H b R 22 S kL 4R T — 3 SRR
il I 45 12 90 245 BEAR A B A H AR R L B 28 2 2T il
ARE, Fan 5 A" B3 T — A 5 28 6] -1 18 7
BRI 45 -8 1Y) 22 R BE R AE Rl A AR R L 4R T
BTN B g % b 55 /N H bR 00 A Rk s B O .
Zhang %5 AN &R J6 AHLIENZ o /N B bR K D 1A
LB — T 2 AR AR SR A Y A H A A
2

it /N H AR ISR B /N H AR 2 EAR A — /1
Ay FON/IN FARAS B K 3 3545 19 15 6L 32 B4R K IR
file B N 5T T AR B Sc2E 2 BN E
FRAG I, LA /N HARKE I PEBE . Ling 25 AP 2 1
THRERTHERIIM LT SRR 45 BERL, H Al A [
% Tk TR 19 B2 ik FEOR SR B s 0 BESR AR IE TR i) R
SIS BB . Chen 28 APV FE YOIOVT (3
i | R e Sl ol N - R AP RS B2 I P AN
IF Fl A5 A% B ke 2 g 13 okt o v 4 /1N B s G T 1
Liang %F AP2 42 A Bl 25 1) B F 3o 2L i
& P R ) S 51 22 T A B L A T AT 1 R A
X, s T ANLEMG /N B R iipE B . R R AR
05 A AL A0 38 X Ak R FBRUE B e D Lu 2
SR T A R R I R SRR R B H G o Rl A
N[5 B SR AR A B B 2 A R AE 1, T — 4 HL AR Y
FROEAN & T — DTSR RR IR . AT B i T 2 )k
G b /0y FLRRAG IORS B0% . Hesse 2 N T
— T DAL O O 010 o B 4% R SRR B i, G g —
AN U 11 A SR R AR i SR A MR R R
SRABEERAVERCR . LA ORBE AR AR B £ R
A5 E . Zhang 2 N H T —AS B AUE 4 2
FIR SR BE > S BT F O T R ABE R B, F 2 X 2
DX 35k B ARE 23R 43 A OC VR LAY L, 22 ) R E R E
TR,

B b3 5 v A BCHE 1 9 A D — i oE i EE
FUAL T B, Bz TR e H AR A P Re .
. Kisantal 25 A48 17 8 1 6 848 4 5/ B A
HEAT 22 Y S2 5 R0 I R A R 1S I A A R Y T
Wang % N SR AT 56T 40 5189 05 SOk 5 3 £ /1
HARIIZRAEA . Bosquet 2 A SR JH T 3 T 28 i
X0 0 46 1 7 1, ofe A e B i/ H AR G R

SR E L T CNN #y/ B br A A8 16 77
L3 T Z 5T, X e o 7 — o R - 42
TN E AR I A M BE . (A7 B T U B i 2 I 4% 1Y
IR W N i3 = U e S U S SN R S N B S v 1
Wl 76 R SRAE R T OR B 2 0/ B ARRRAE L AR AR
PR [ 9
2.2  EF Transformer B/ B Fr 48 M F AR

53T CNN BRI [, 3 T Transformer
PR LA TR 232 30, i TR T B =L
HEHEKME SR ETXUFELR. M LT FER
FE/IN H ARSI Hh e 2 AR

YE R E A Transfomer 51 FH H H5 46 10 45 55k (1
B DETRYY SEEL T 58 45 19 3 20 5% 19 A& I . i T
WD TSRO R AR TR R W A ) AT
At {H DETR W SICGHE B2 18, Y1 ZR i a4, X5 550 )
FoREE . M H L, DETR Xt/ H An A I e 45 22,
I AE Sk, £ X DETR (93X 26 ] 35, o 58 A\ 51 78
DETR FERUIERE i 7R Mt TAE. 2T DETR
R SO AR AR 7 B e WSO SRR B AR IR BR ) 20K, 1 i
N E BRI e A D T AR BAS T S S, X S bt
FERCAL .2 DETR BE FL0E N T B A5 A ) 45 4, If
H O —A- 8y =, 42 4t 7 RSy #g Ak s .
Deformable DETR"" il 11 22 B A] 78 JE 7% 7 1 Bl
il AE—E R B4R TN HARK RS BE . OF B
K IR R AE 5 05 A RREAR T RSB B T B A
PR TURSGE . CIRA-DETR™ ) H A1) F K/ R
JE 1Y) 22 S PEXE /N ROBE R AR P AT AR SRS 9L fE /N H
FrAG ik g 1 BRAE 4R TF . Zhao 2 AT Nl AT
RUBE 2Z 8] /) F7 fiE AH B 22 B 4 i DETR 5% 28U I 84
SN FEFEHZ —, #7480 T RT-
DETR 8k, A0 2 —A> i AU TR & G T 4% il id
e R L JRE PN 52 TR it R JRE Tl 5 A v A0 Ak 3 2 RUJE
FRE, RT-DETR 7EA IR ROEE Y B 5 L #HUE T8
e A DA

SVAITF , Transformer 4244 75 /N B 5 k5 il 5
W EA BRIy B 58550 % 45 A T2 100
FE/IN FARFRAEAG I 7 187 P8 #5754 4 00K B2 AN



1050 it (=

Hl

it 2026 4F

o
£

PR AT e B DR A A B
3 HiEigid

AT, B e X A SOD-DETR % 3 1y #
DR HEATREAR o SR G, X /N H AR R AE SR 4 9 45 o
AR AT W AR R -V A R AT B2 B LA BOIR A g
i = AT R .

3.1 SOD-DETR E{k %13

AR SCHR ) SOD-DETR 8wk B AR 45 #y dn &1 1
FR o BERLSR FH AN 73 SOR AT RIE SR L, — 453
i 17 ResNet [ 45 $ B #1] 25 3R AF &] S3.54 FI
S5, Uy — 453 I S 3 I W AR 3R Kl A B s 4y
PERAR R AT 5038 18 4t B b, I 58 5P 25 11 3 3 AL
FoE o] SRJE I AR I 4R R B 4 B ) A 3

FEAE T PR 0 SRR A 1] 5 28 BURRAE BT S4 HE 17 REAE
AlEE] C4, X S3 FRIRIRIZFEE, KR 80 X
80, S4 KR Hh[a] AR AE Bl . K/ 40 X 40, S5 FoR
WZFFIEE L K/ 20X 20, 4535, IR A 9 i 4% 18
i Transfomer Za 5 #% Al — > 5 KOS @il & BB B R
) ] B REAE B S3.C4, S5 56 Ak Sl 5 45 4E 7 31
X R S s M S SRR AR ] CAL e A F)
ETEEINH M REST,UREBLEL2RET
SAE B REAE B . PRI AR B S S3.S5 HEAT
ROEFFERLG . 58 WUIR & S B J5 30 1 X 5 i) 8
P 181 22 B it 09 BRCREAE AR by A 55 4 19 %0 46 XF 4 A
WL Bl AT Bl T Sk ) A A5 2% 50 i B AR 2 5
U BRI, PR RRIE AL S 0 R A S
T (14 497 ) 7% 38 43 >R B RT-DETR A5 B % 17 35 43, 4
KNEIESHECER[29].

B 1 SOD-DETR # {454 &

3.2 TRHER-HBER

UNEE TN T TR g U R R D S NP 3
BN AR A 0P R 25 1 FE SR A L PG AR AR AE B R
D28 14 T3 3% Wl G SRR AIE , R T 22 RUBE Rl 4%
HA T b HUJR AR T RRAE R B R B O AR TR Sk
XN BARFRAEAS B . BT LA, SR R A PR
18 7 1 ok B8 w3 RS I 401 00 358 B 0 7 184 i /s ©
FRFFEAE B 32 = /0 B AR E 0 2 A BE 2 —Fh 3 2R
R JEL B S A SR AR G T AR A0 A 21 T 4y B A
N BRI b g N . ERE A B R T A AR A [
A YRR — AT B R T e S I N R & 1Y
AR s TR Ay B ARG I H AR E B R B, 25 5
KEITURIGEE . T s IRINAT 53 FE 3T 15 1 X
AN A, TG b ST A 0 BE N TR IR TR
5 R AUR FOCH B B ARRE, 2% YOLO &
B Focus BEHAY R A& - A SCTH T — 4> 87 8 1Y
BE -,

Focus BiHfE YOLOvV5, YOLOx % £ 4~ YO-

LO RIREZ 8 A N E2UEW] T HAE R B =
IR ERSRE =P N E R 7Y il é 4 i B R a N T 1))
AR, {H Focus B B H UG FG #EAT U1
QB I BEA S5 A o B AR AR SCHR A AR
B R T UL S g R AR RS S TR
25 -4 il SR W A 3 AR R AR B R R RO AR AR
B B AR N 8] 2 TR
8, WA B RGB BRPEAT R AR AL B, X
FLAE OB (R o AR AR B8 8 1 R i
PR AE B B I DX P B 4 S8 30 5 3R (B3 ok A -
Wrg3 . RS H AR ER A — A i (s y) s HE7E A
AL IR RN Qi v Qin vQuy Qo s U (i j ) A Y
BERME [ () h TR
flx,y) =1 QDo + f(Q:)w, +
FQw; + f(Qulws, (D
v, N8 RO A, U A7 (L 3 03
P A PR G B p [ L T R R BRI . X
S MU AG R Al A R P R FH UL AP 4 L ) T B L IA



5 1 M F 5 T RT-DETR (/N B bk i 2 v 1051

K2 WARR- Bk

SR OB P A {76 6 ST 2 AR . 15 )
2H X2W X3 MR ER EMR . SR Ja X RGO R
AbFE B TE BRI S B RN g B O 1) BB — R R
HEATRAE  H I R.G LB = AN 38 A A & A — A 4B
G R DU ATk ST )RR AE 2 L R E 4R AT PR
R H XWX 12 FRHEZ . F e AR R 15 R
A7 E v,

UL A E B P T REIIRE L . Hik
51 RG-SR ML ok E 37 38 T8 =2 (8] 1) AH B AR #6156
R, [ 35 N H 2 > 4538 T8 ACEE N, 5 E E 2 B
(B =N

45 25 BRAE P 4 R SF- 24 A o A= B i 4 e it
i, HEAXWT .

Z":H>1< ZZIL,(I,y) (2)

2, () RES ¢ MEIERIKEE RO E (x,y)
MIE . =, RN c NMEIBEHSEITE,

W A AL sigmoid BT 145 ML R SR
X BT R R X AR A S ) 2 O g . HL E T
B, UM - REN TR AXREWNT .

s=cW, %z +0b)) (3)
1,0 TR sigmoid BIE PREL,

Z 5 R E AL E AR i s A A K R
BT R 1 XD R R 1S B R A
NSV ST T

Zow =Conv(z X s) (4)

Aorp, QRR @B, BT s WBMEEF Mo,
1 38 o 4 - S S e, g i Ak 40 3 A R,
WA RAF B X — I R DL 1Y,
3.3 SUE4FEREN

PEHUE SCREAE 1Y [R] B, S AT 3 A0 25 2% 2% 4
Sy EERRE AN Sk BCAE . X/ B AR A Y 5
M JG A, PR, AR SO T T — S R A £ X
S R A I BB R I A S SRR AR T DKM
TR AR YRR R, 4 R D B AR REAE LR R RE T
S A S B 3 o AT 3 R A Rk R BRI AR )
W AE 45 G T I LI 6 228 0 OB Y A SRR AE
HHEARSZI A 3 frs

3 IR 4R I

TS X A TE Y K RE BT R AT T G B A B
W oy B AR I 4 Bros o LB R AR

B — 20 X K B PR AT B E0 B AR 4 (Dis-
crete Fourier Transform,DFT) , I (5) iR,

H—1 W—1

F(u,v):ZZf(:c,y)eijh(%+%) (5

=0 y=0

R, () BRI LF (u o) k6 S
55 T A RS DR A v SR A R D AR N
v e A, AR ) FI A (D),

2 i 2
—D"(u.v) /D

H, (u,v) =e (6)

—D%(u.v)/D, "%

H,(u,v)=1—e¢e ’ 7
KD Cusv) Fom B Cus o) BB 3 1] R S A4 B
BsD, RRBIEMAR . H (u o) g as .

B =0 R 1 IR Dk AS AR I L R AT S A L
7% e (Inverse Discrete Fourier Transform, iD-
FT) , RIAe 310 43 50 A 35 I 4045 20 v 4015 2 i JK i
Bl Rk A (),

h—1 w—l

glx,y) = hiz ZF(u,'y)H(u,'v)e
w

u=0 v=0

jr (%‘F%)

(8



it 2026 4F

g

B4 B o B

AL H (usv) i Hy Cuso) B BIAS 2R K R 1A
A H yy Cuso) I BR300 450K B2 T

S5 PU A SR T 4 B /N B A2 4 (Two-Dimen-
sional Discrete Wavelet Transform,2D DWT) 43 5l
Xt A0 R 1 RTS8 P 3047 5 0 0 it 4 31 1Y
AR T KA1 (LHD 2R B 40 (CHL) 4 £
LA CHHD FE LT (LL) . 3 — 343 1 O A3
ek AT MR R 2 B BORSEI ., 104> uE I s o

R B 111 1
ﬁuj‘]fu‘_z {1 J S = 2 {1 J S = 2

(N 11 -1

I U

DX g — 1w A 38 5 B g

(G +Gry G Gun ] =
Conv(Lfirsfiumsfrfunlrg(xsy)) (9

H O 58 R T AR B 0T 3 B 8 A B d e
I3 8 AN HA A B R T 18 . I BT B
Gy PERGCT RAE B R ) —2F

G C AN IE W T A 7 B fE il B 4R -
AT PR PR R R E T U, &R, X — PR
RE AR A [ 5 B R AA AR 1 B 4 L O R
WA R R,

SRJE 2R A BT 8 L o 5 B O SH A0 B8 o 1
R 4 B, 3 — o R e S 0 B R D LR
PR S AR AAAT EE , RNH A A) E  BLAR SR G
DI, ) NS R D A5 I 5 R A
6 FIr7m o

STIBTERE = WA R R LN R P o R TN BSR4 ESE |
HEAT 4 JRy e R M Ak 0 42 Jmy - 1 Ak oK s ] 4E TR
i 1L AR B GE AR R . KPS WAL S B R AE 6 A
L= £ 2 A ML (Multilayer Perceptron, MLP)
PEWCREAE . B 223 MLP 03t AL REAE AR , £85 sig-

K5 i E A

e =g

moid I 145 3 fe 4 0 E T IAEHERE M, . A
XA
M, (U,) = o(MLP (AvgPool (U,)) + MLP (MaxPool
W) =W, (W, (Fi,,)) +W, (W, (F{..)0))
10
Ao fK sigmoid R EL.W, Fl W, i MLP
PR . A ACHA(E 5 4R K U, 3R 47 505k, 15 3
AR B RAEE U, o
SRIG A U, FRAE 2 3EAT 25 18] 11 5 ) Ab 3, DLk
— PR HAE A B4 A ARAE . 25 A T B
HR ST AR QR R AR AR BT (25l 0 T )1
J& ) 7 30 38 4 B2 4 ) AT S KAE AR RSP b AL
EEBIERYE WA S iy B el [T 0 SN A e 1
538 T8 2 BE B4, 1 280 — A 4 B2 38 BURRE |, ()
PP EIEE PR 2 1, 20t sigmoid 3T, 15 B &
2 2 () B A, s [E) R R O A AR B R Gk
KLWF -
M, (U, :G(fMSC(mcat(F’:wg CJE2 .0 (11)
Krp, f ERBHBE X BB 3,
TR A TR {9 3 J5 AR AR 1A I, A ) A 2 4 A
BRI,
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5 R n R BREETT R R AR JF A R AR
K RK/NS ResNet $EHUY S4 FRfE B AH — 2, [ A
T8 JE 45 B2 T 0T PR 2% 32 B B B AR AE B 2R AT B4
5% 128 WRREAE A Rl A
3.4 MHRAERBEER

H W& A RT-DETR H As A I B A, 5 B
P TIRA WG, RT-DETR & CE#H 28
T Z R Transformer 4t &% A7 £ 1 H R I0&K
FEBETT T — A1 AR AR UE B RUEE P9 it RS R AiE 19 [F)
A8 BAE TS R AR . ok, TSR A S T
A AS I ZE R PR T — AR B A i AR B g .
Fr 2t 09I A G i A B A B, — A 2
Transfomer Zfi &%, H T REMNFFIEL ., 55—
M JEF CNN 9 5 RS RRAE Al G B He, fi B, il
TN AREL TR 2 /Y S3 R AE I Fl S4 R4 18], S5 4
AT S A SCRIE 3% 2E i AR
& Transformer B3I/ %8R 1) 5 2200, X T IX 43
AN TR] H FR B 4R AE 2 TR T, T 2 AR A PR 2D
BT B SRR TR A B 2/E . B MY TE J s
— R0 E LR S5 BT T RENAZH., RT-
DETR WIR & it as 25 18 7(a) Br7s . ' Enc
{83 Transfomer 4R % %%, CCFM U35 R JF ot &
B, RT-DETR i i i & g i a5 A7 205 17 2 R
FERRAEFN A 1= I HLE] R B S e T 2 ROEE Trans-
former 424 [ 1HRTUAR A1, 143 RT-DETR 5 H
At S5 B ARG W0 25 R 2 ABL I /0 194 s 3] s A 00 4 A LG TR
HRREFURS JBE 5 T AR G B T Y R e HE i P RE . H
A& RETE UFHIEJR S5 23 & R s/ HARFRE . B4R
5 N RHIE B BBl A TR R IE AR R, —
FEBE oAb T/ H AR A I J7 A R (R A R B
RT-DETR R & % i s 5 He I B 6B 578 73 A 45 1 X —
BLEDS /N BRI A B s . AW UEN, AR
BLHI B 4 Jmy bR SCEEBEX /N B AR FREAE R T A
FIRg . ML ASCH S Tkt R A g, K
I M T RT-DETR IR &5 % B5 #5 64 9 15 45 452 Bk
FIE T CNN By B RUBE ¢ AIE il B B, R o R
AlA R AT T G, DL — 2P R R AL /N B
Rk fig 71 . A SCETTH IR A S AL & 7 (b)
FiR .

B ElS SRS TR BT R R AL B ROEE
FRAE 28 TR B i A9 2 /Iy E A R AE £ R 25 715 3]
() 23 R B R AR I C4 . C4 HRAE IR [ 8 K /Nl 40 X
40, H B H 2 M\ ResNet $& BUAYIE SCRRAE & S5, H AL
BT ASTRV R () 45 S AR AE L R AE (S B . K

B 7 FRAE LG S H R

C4 E AR [N gidd a5 b, TSR & 2 )m BT
AR BRARAER . ARG R C4 S T8 )5 B 45 Ak 5]
4 ResNet P45 ) 52 BURFAE 18] S3,S5 £ 4T #5 XU il
B o I X AR, AT LLPE— 2 57w /0 FAR AL 2
Whe S .

4 ;L I§

FR A 2 5% ] Python3. 9 #i1 Pytorchl. 13. 0, 5E
5T & Windows 10 %5 ,GPU 2 NVDIA Ge-
Force RTX 3060, S8 SEBEE 0T - b AL 2 &
(batch size) A 2, S50 | AdamW {E4L %8 . 0] 45 5~
R 0. 0001 , 158 U1 25 i oA At FH Bl I 2R A 2

S R FH A 803 4 2 VisDrone 2019, TT100K
M UAVDT-2024-DET, VisDrone ¥t £ & — 1%
e ANHLAEE Y H w375 b B As A I i ) £ s
B R R TN HARR I L 60 %0 89 H AR 52
B K /NINTF 20 12 F L 25 % 1Y H bR SE 6K /NFE 20-30
REZE XX ERER THEHER, EE5HT
/N B A A 0 54 2k i PR RE

TT100K ( Tsinghua-Tencent 100K) & — 4~ %
R A2 38 b A U T A R R R 4R L b T - TRk
A u AR IS L S 100 28 W A2 i AR AL B
30000 Z MRS A5 3 SE 1 . 2% e 48 b i 28 38 A
W H N B ARG HRAR b Y AR S ) AL S —
A S B3 FH TN E ARG I 9 Bt 4 . AR S 25
AR 4 A, R AR SC H AR 3T R AR 2 H i R
F 100 & A 3k 45 2%,

UAVDT J2& i H [ B2 B R 2% 42 Sk 2 10 i R R
155 T N HLAS I 5 08 32 of A4l 4R, R AR TC A WL A
T A RIS B AT 55 . UAVDT-2024-DET
T UAVDT 19 B bRkl % 50 i A< , X B Fr kil
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155 AH CARVE HEAT T AL 50 5 Ak . 3 & PP A Bk A
B AL RO AR SR T B
AR COCO KAk 1M 46 k5. H AP 3k
i Y25 b B R AE B A 28 ) B B 4R 3R FH mAP
i AR R A T A 2R B AR, Hoh mAP5S0 48
10U B{HHC 0.5 B, A2 5] 1B . mAPS0-
95 248, L 0. 05 MK, 0.5 F] 0,95 B 10 4>
IoU B8, 15 2 B {H T 1 AP, R J5 BUF ¥1{E.
APs &/ H R, AP, REPEERE HAR, AP, AR
KRR AR, AT — 0w B A n i+ 58 5
JE HERRI [R] SEPERE L A SCR I T S8R B Tk
77 8is B (GFLOPs) Fil g #0 i 45 (FPS) i JLFR P4y
fEhr
4.1 KIS
J T 7R SOD-DETR A Xf T 2 o 5 B RT-
DETR X H A iy e il 24 5, A< SOl Zhid 72 1 mAP
BB I Z5 %0 B0 I 1) A8 Ak 1% LR AT T AT Ak L S5 R
K8 RN 9 FF 7% . 3% HL I mAP & 16 56 3E B % b
ARSI . 1B 8 J21E VisDrone 2019 %484 F il
RGO, INIE HR] DL L B A I 2 B0 L i SR
JEH LA {2 SOD-DETR B 72846 5y V- 44, 20 %6
J& s mAP50 1 3G < Ok BF 22, 78 100 48 24
mAP50 {H T 2835 B LA BRI 8. i SOD-
DETR 4 mAP50 {1l . & T RT-DETR. & 9 &
#£ TT100K %4 4 L 19 Il 2545 &, 72 30 4> epoch
Ji . mAP50-95 3 K ¥ T 2%, 78 80 > epoch /£
Frit AL SL, B R PR LA L 7R e S L
SOD-DETR % mAP50-95 {8t ] i & T RT-DE-
TR, ZEA XA S0 4 19 S50 45 3ok . SOD-
DETR 7E Il 5 By Br 3% Bt T35 14 27 2] 58 7 T 5 114
KD KS B . JE T mAP-epochs 2%, A SCE ] T
VisDrone 5035 £ E 6955 100 4~ epoch f{ 5 &Y, F1
TTI100K $iE4E E 1% 80 4~ epoch MY AL AL, 3 Xt

SOD-DETR B3k #:47 #F — & i L AL EAd . UA-
VDT-2024-DET #U 3 £ I mAP-epochs B £k % 1k
At S AT A LR L X R

A 8 VisDrone 2019 BUE%E 1Y mAP-epochs i £

B9 TT100K ZiiE4E [/ mAP-epochs £k

214 H T MBI EAE VisDrone 2019 #4554
AR, 5 RT-DETR 4, SOD-DETR #Y
mAP50 £ % T 3.2%. mAP50-95 &£ 5 T 5.1%,
APs #8517 2. 7%, APy 8 T 2. 8%, AP, & T
5.7%. 1At Drone-DETR, mAP50 B 4% # 7+ A
Z fH7E mAP50-95 ARG 1. 5% 4. SOD-
DETR 1975 55U Ak fil 5 AL A 208 58 1 HARFRE £
KT R ORBE R P AR ARG LR TR TR R
FE H A BP0 R ARG B

*k1 BFBEEL VisDrone 2019 HIEE FHLLRER
" mAP50 mAP50-95 APg AP, AP . .

oY 45 A 700 %) %) ’ (%‘; (%“; (%’; FPS SHE(M  GFLOPs

YOLOx 40. 5 26. 2 12.3 35. 4 50. 2 130.0 9.0 26. 8
SWIN-TEH 28.9 17.6 9.3 254.0 28. 1 — 29.0 —

Deformable-DETR™" 33.7 19.0 11.1 28. 3 37.1 24.0 40. 0 196.0
DINOE 52.3 34.4 20. 6 44.8 56. 7 — 47.0 279.0
Drone-DETR® 53.9 33.9 — — — — — 128.3
SOD-YOLOR™ 50. 7 30.0 21.0 40.7 — 72.5 30. 3 83.5
RT-DETR_r50"% 50. 9 30. 3 20. 2 42.8 58. 6 73.0 42.7 136.0
SOD-DETR 54.1 35.4 22.9 45.6 64.3 64.0 44.3 145.9
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# 2 451 T SOD-DETR fl RT-DETR £ TT100K
Bl LR R, xS % L. SOD-DETR
1 mAP50 #2585 T 2. 2% ,mAP50-95 $% 5 1 3. 7% , AP
T 2.4% APy, 15T 2.2%,AP, 57T 2.8%.,

& 2 RT-DETR 5 SOD-DETR 7 TT100K
BIBRELMILRER

mAP50 mAP50-95  APg APy AP,

A 245 462 .

%) ) Go o O O

RT-DETR 89. 1 65.0 43.7  74.2 85.7
SOD-DETR 91.3 68.7 46.1  76.4  88.5

#3457 SOD-DETR #il RT-DETR 7 UA-
VDT-2024-DET #¥i 4 b i & 45 0 . 78 % 50
£ |, SOD-DETR ) mAP50 #2551 6%, mAP50-95
BET 3.5%, AP BE T 4.7%, AP, #E T 6%,
AP, ET 1.5%,

X 3 RT-DETR 5 SOD-DETR 7£ UAVDT-2024-DET
BIBRE LRGSR
mAP50 mAP50-95 APy AP,, AP,

I 44145 10 ‘ '

% %) %) % %)
RT-DETR 62.2 39.1 30.7 48. 6 82.1
SOD-DETR 68.2 42.6 35.4 54. 6 83.6

LA ORFE BEAVEA M B R EA —
25 S X R BB A B, H R AR
X T RT-DETR, SOD-DETR # 4% 1 ¥ 1 A5
FEA BT T . mAP50 il mAP50-95 48 b5 42743 31
A S 6% M1 5. 1% . 1 mAP50-95 &l mAP50
A% I PE AL 4R AR L XU B SOD-DETR 1 2 1

ToU BE T A A DU P 68 58y Y €5, J0 2 7 i b
(BT R BT A, HA R B By iz Ak s 5 W)
B Z AR AR /N H bRk WA 55 1 RS B 42 7 [R) A
i, 784 UE B SOD-DETR £/ H F5 K 5 i B A
UIRTE S Z N

MR EE A TT A 2 R A B Ok B L A L
Drone-DETR # SOD-YOLO, SOD-DETR 1 £ #1
AR A 2 AT TR (E I A R TN K
H5E AU 4 2 A BB 4 R AE B FD 64 i, SOD-DETR
TR G RS B BRI AT S5 R R NS A .

T E WML B SOD-DETR & 2 1 fig . A<
XX VisDrone 2019, TT100K A1 UAVDT-2024-
DET %4 4 b i aE 47 17 o] M4k , 35 40 ) 2% 2
e 10 B 11 FE 12 Bros . B g AW R R E
il Sy RT-DETR Sk W 25 R, & A7 i W) 2
SOD-DETR Sk I 25 5 . 1 v 1Y) jl 4R A B 1575 3k
A EN R AV SO NS I E D el B 50 N G L LS 2
JrHEFR s R B A S [ AR 2R A ] 2
B, LIRS BN 0.6, BIP HREKT X
SR HARKE, & 10 A 12 AT LL WA
SOD-DETR #& 8 bt S ffE A A RT-DETR 40 1 1T
T2 (I B RS AL 1 2505 AT NS iR, IR 1 45k
B =41 E Al A . SOD-DETR XF T/ H b5 42 18
i 25 B 1R A AR A 45 i B 2 2> F RT-DETR., &k
M LB S 45 e nl LA . SOD-DETR 7£ H
bR L e E 240 T RT-DETR,

B 10l fAk S5 SR X I 1(VisDrone 2019)
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Bl 11 Al R g5 R Xt e 2T T100K)

Bl 12 mrfiAb g S1xt e Bl 3(UAVDT-2024-DET)

4.2 HELXIE

KT #E— K SOD-DETR H 545 B (1) A %%
P, 4k S 7E VisDrone 2019 ¥4l 4 F 8T — £ 51

TG WAL 1Y i 44 7 AR T BT L il S 56
O3 AR SR T R A4 BRI Rl A SR ) i 44 =K,
SOD-DETR-S5{S5|S3,C4},{S5|S3,C4} & XF Rl &
M UL I, F R ResNet W45 #EHUH S5 4FAE F
BN i a1 5 2 REE B S3 LA K/ H AR R

PR 0 45 i BB A 25 40l A e AE B C4 i AT il
G W BRERPRHT @AM T, BT
il A K W U B R 4 i SOD-DETR-S5,  H: Ath #
BRI RMET XS, LREREIAER A
o, DL R A5 A S 00 BOHE X AR B A Ak
115047 .
4.2.1 WARZE - S B

/N BB R AR DR AR I 286 b, ST A 3R K A B e %
i 1 VRG240 7 0077 B 8E  0F 10 B R AR AR R
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Shy 6 UEZAR B 1 A ROV AR ST T T 4H X IR
SIE 85— . SOD-DETR-C4{C4 | S3.S5} #l SOD-
DETR-C4 (25 5 W AR & B BE 80 5 25 — 4. SOD-
DETR-S5(S5/83,C4} fil SOD-DETR-S5 ( 2= #5i W /%
RPN . 3k 4 ThEE AT, SOD-DETR-S5
W AR A B S . mAPSO FRAR T 1.4 %,
mAP50-95 K T 1. 6%, APs MK T 0.7%., SOD-
DETR-C4 25 #0 AR R B B LS . mAP50 FEAR T
1. 6% .mAP50-95 F&AK T 1. 7%, APs F&AK T 0.8%.
T 3R WY I A5 22 T8l 55 e e A Ak B v A I 1 e L T
A4 R EE AT LUE B AR R LS S
SR AT 2% B A D i B A L T A
PERE 42 T, X e AR JLF- 2 1T DL Z B 1
4.2.2  BRSURRAE 4R USSR 2 M

SOD-DETR-S5 #il SOD-DETR-C4 #f % 51 W 4%
R A BB )5 . M e RT-DETR-S5 fl RT-DETR-
Sa, HoPEfE ) A8 Ak 3 B BT AR SRR IR RS .
F 4 B . SOD-DETR-S5 (2= 451 .15 2% 384 il A% He ) A+
. RT-DETR-S5, mAP50 # %8 T 1%, mAP50-95
PR 2.9%.APs #2557 0.8%, APy, 25 T 1.3%,
AP, 5 T 2.7%, SOD-DETR-C4 (5 W14 £
i HO A RT-DETR-S4, mAP50 425 1 1. 3%,
mAP50-95 25 T 2. 8%, APy 25 T 1.2%, AP,
BET LI%. AP, 57T 2.7%,

F LA b 9 20 B5CHE RT LA Rl AR IR E R R
HNAS TR ROEE (9 H b R 01 BE R A B R T
10X e PEfEFE bR . mAP50-95 AY$R T L B 3
X UL, SOD-DETR 76 )71z 1Y ToU |5 {8 {5 [l 4

(ot fE T LUA N T A s A T
FRIE
4.2.3  BHEIR A G 2R B H A A

AN TR) Rl £ SR S X A0 P B 9 52 e, W] DL RT-
DETR-S5 5§ RT-DETR-S4. SOD-DETR-S5 ( % #
WAL Z B H 5 SOD-DETR-C4 (3£ 35 W15 & 1%
i ), SOD-DETR-S5 5 SOD-DETR-C4, % =
XTI S M 15 . RT-DETR-S5 3l J2& J fill 45
Al RT-DETR-r50, % 9 J2& { S5 1S3, S4 ) il 75 K W& .
RT-DETR-S4 W% T {S4 1S3, S5} @t & F s, 78
B AE fh SR W  1% 50F W RT-DETR-S4 4 H RT-
DETR-S5, mAP50 & T 0. 3%, mAP50-95 $2 %
T0.6%,APs 2T 0.7% . APy E T 1.1%,
AP, #2757 0.4%. SOD-DETR-S5 5 SOD-DE-
TR-C4 #8 L 4s WAR R WAL G, X G HAE T
Bl 3 SRS AN TR] L 2R T { Ca | S3, S5 ) il 4 5 g 1) A 70 55
K HI{S5 183, C4 } il 5 5 W 119 158 Y LE %8, mAP50 $i2
T 0.6%,.mAP50-95 #8517 0.5% . APs #75
1.1% . APy #2557 1.5% . AP, &%/ 17 0.4%.,

SOD-DETR-S5 #1 SOD-DETR-C4 4 % #ii W
T4, BORSK BERABREBUEA MM 2ZS A%
K BE ORI X 42 T L B B A | — BRI, X
BRI LA G SR Y R0 R R R L
B EAER, (C4]S3,S5) @A ms , X/ R H
T B 0K 32 8 - O Sy B S, 6 RORUBE H A 1Y R )
AART AN o 0K 2 ROBE FRRAE 8] (S4/C4) 3% A B 4
i, I A OB S50 AT R R 4 T
Sl — TR,

R4 HBEIEL E (VisDrone 2019)

mAP50 mAP50-95

APy APy AP, ZH it

] £ A2 70 % % ) %’> %) % FPS D GFLOPs
RT-DETR-S5{S5]S3,S4} 50. 9 30. 3 20. 2 41.7 58.6 73.0 42.7 136. 2
RT-DETR-S4{S4/S3,S5} 51.2 30. 9 20. 9 42. 8 59.0 72.0 42.7 137.4

SOD-DETR-S5 (2 #F4 FE #Uih # 50 51.9 33.2 21.0 43.0 61.3 68.0 44. 29 141. 7
SOD-DETR-C4 ( 2 #4344 2 ¥ i H) 52.5 33.7 22.1 44.5 61.7 67.0 44. 29 142.9
SOD-DETR-S5{S5|S3,C4} 53.3 34.8 21.7 43.9 63.6 65.0 44.3 144. 7
SOD-DETR-C4{C4 83,85} 54. 1 35.4 22.9 45.6 64.3 64. 0 44,3 145. 9

ISR B R RUBE A S3 RFAIE (B 3% A g i 2, Foit
B R PRI IEZ 0, 25575 B/ B ARk kS B2
TS 6 BE 2Z ) ) Pl AR SCERR AR T T {C4 |
S3,S5 ) H Al R m

5 & &

ARSCHEH T T RT-DETR 19/ H br I 55 72

SOD-DETR. %X #4853k 77 76 0 R 18 AR Ff g )
AR BTN H AR RRAE R FE N I T —
AT A WAL - AR B . b, /N H R RRAE R
W 2 30 1ot il A s SRR AIE L S PR A Y T Kb B i L B
T SRR IR R AR RE ) . SIR 45 RAIE L 3% W 4%
X AN TR ROBE A s A6 00 1 i AT A W 4 5 AR
TS B E B R Sk b B I RRAE A B R R
BRAE R4 T R YRR AR R R S SRR
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S5 AR W], A A8 2 - A e R A RER TR R 1Y
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BEXF 42 Jay bR SCfE BRI R 3843 R) R, 42 4 T
A R A A ) SR s 3 ok 6 A A R AE R R AT
HER i, 580 k¥4 R LR SCEBE /N B Ax
0 5 T A LB . S 2 SR UE B L i R A g
TR W e HE— 2 B 55 /I A G RS B2

IKSER A LT RT-DETR. 4 Ci% it %9 SOD-
DETR #8176 AS [ RUBE (4 H A 0 A B L 30 A
TH R, BA A R IR S . mAP50-95 (1)
BER T, W8 SOD-DETR £ ¥ 72 1Y ToU
BB B G ERe . J5 8 1 TP R B AL B
FERIF T o 76 DR R AR 2R M BB A A 2 T, 1T R a2 A5 A
SHR TR,

B RN BRI T F A AL R SR
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other types of images all contain a large number of small ob-
jects. When identifying and locating objectts in the image,

the phenomenon of false detection and omission of small ob-
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jects is very serious. This directly affects the application of
computer vision technology in related industries.

The main difficulty of small object detection lies in the
fact that small objects have few pixels, unclear features,
and are easily affected by background information interfer-
ence. In response to these difficulties in small object detec-
tion, various optimization methods have been proposed in
related research to improve the performance of small object
detection. The main methods include data augmentation,
multi-scale fusion, context learning, generative adversarial
learning, etc. These methods have all improved the per-
formance of small object detection to a certain extent, pro-
viding important references for the research of small object
detection. In recent years, with the introduction of Trans-
fomer architecture into the field of vision, object detection
models based on Transfomer have been widely studied. For
small object detection, the global context modeling capabil-
ity of selfl attention mechanism has significant advantages.
Transfomer provides another paradigm for small object de-
tection.

Hower existing small objects detection algorithms still
fall short of meeting the rigorous demands of practical sce-
narios, with their limitations mainly manifested in two key
aspects: insufficient feature retention capability, which leads
to the easy loss of fine-grained details of small objects during
feature extraction; and inadequate utilization of global con-
textual information, making it hard to distinguish small ob-
jects from complex backgrounds effectively.

To address these issues, this paper proposes SOD-DE-

TR, a small object detection algorithm based on RT-DETR.
First, a small target feature retention network is presented,
which adopts a dual-branch structure to extract spatial and
frequency features separately. Fusing these two features en-
hances representation and improves small target feature re-
tention. For frequency feature extraction, combining fre-
quency band separation and attention mechanism enables a-
daptive learning of key frequency features, boosting process-
ing efficiency. Then, a subpixel-excitation module is con-
structed, integrating subpixel processing, Focus strategy and
squeeze-and-excitation mechanism. It preserves subpixel in-
formation in the channel dimension and guides focus on key
channels, enhancing small object detection performance. Fi-
the hybrid
strengthens small target extraction capability. Experimental

results on the VisDrone, TT100K and UAVDT-2024-DET

nally, improving encoding strategy further

datasets demonstrate that SOD-DETR significantly outper-
forms state-of-the-art methods, with notable accuracy im-
provements in detecting objects of different scales. Specific-
ally, the key metrics mAP50 and mAP50-95 are increased by
up to 6% and 5.1% , respectively.
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