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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
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AR R,

SR R A BT B I AL & 5 1l O B A0 a8 e i
AR 4 B, 3 — o R e S 0 B 1 T LR
P S AR G N A R R D BLAR SR G
B DA, ) NS R D AR 5 R A
6 FIr7s o

SGIBTERE = WA= R LN R P o b TN BSR4 ES R |
HEAT 42 JRy e R Ak 042 Jmy - 1 Ak oK s ] 4E B TR
i 1L AR R GE AR R . KT WAL S YRR 6 A
) £ )2 AL (Multilayer Perceptron, MLP)
PEBCRAE . B2k MLP B AL RRAEAR N , 285 sig-

Ak

SR Sigmoid
Conv ——-t@—b
Sk |

6 2 [l B A5 A R

/A\

moid I A5 2 f 2 00 38 S I ACEERE M,
AR
M, (U,) = o(MLP (AvgPool (U,)) + MLP (MaxPool
W) =W, (W, (F_ ) +W (W (F.)))
(10)
Ao fK sigmoid K EL.W, Fl W, i MLP
AR, W ACE (S AR 1B U, 3R AT R 15 B
IMAUE BRI U,
SRIG A U, FRAE 2 3E AT 25 8] 11 2 ) Ab 3, DLk
— PR HAE A B4 A ARAE . 25 [H] T
FLR ST AR QR R AR R BT (25l 0 T A ) T
S5 B 7 8 T 2 R 53 ) R AT B AR M A RN Ak
LTRSS Rl NN RS E R R f R
1038 T8 2 BE B4, 1 280 — A BUZ 38 BURRE S ()
IR E 4 R 1, &0l sigmoid TG . 15 3 &
i) 2 () A, S [E) VR R O A AR B R Gk
KWF -
M, (U,) =6(f*?Concat (Fhg s Fr))
qrb f RERE B X BRI,
TR A FE {8 9 3 JRL AR AR 1A I, A ) A 2 4 A
BRI,

(1D
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5 R n R BT T R A IR R AR
FIK/NS ResNet $ B S4 FRAF B A — 2. [ BE
T8 JE 45 B2 T 0T PR 2% 32 B B B AR AE B 2R AT P4
58 A SRR A Rl G
3.4 MHRAERBEER

H WM& RT-DETR H A5 R A5 A1, f B
P TIRA MG, RT-DETR & CE#H 28
T Z R Transformer 4t &% A2 £ R I0&K
FEE T T — 41 AR AR AIE B R PN R 255 RS R AE 1Y) (]
A8 BEAE T RN . ok, TSR A T
AL AS I ZE R BRI T — AR B A i AR B g A .
Fr 2t 09I A G i A B A B, — A 2
Transfomer Zwfi &%, H T RIEMNFIELE, 55—
M JEF CNN 9 5 RS RRAE Al G B He, mi B, il
TN AREL TR 2 /Y S3 R AE I Fl S4 R AE 18], S5 4
AU SR SCRRE , 3% 28 1 SURFE
s& Transformer B3I/ %8R 1) F 5 2200, X T X 43
ANTR] H R B AR AE 2 TR T, T 2 AR A PRl 2D
B R SRR TR A B A/EH . B MUE Je s
— R0 TH LR S5 BT T REENAZH., RT-
DETR HJiR & % i 42 45 #4181 7 () Fir s . TP Enc
ftF Transfomer 4 %%, CCFM X F B R ER &
B, RT-DETR i i {5 g i a5 A7 30l & 17 2 R
FERFAEFN A = I HLE] R B S e T 2 ROEE Trans-
former 424 1HETUAR A1, 145 RT-DETR 5 H
At S B G I 5 R 2 ABL I /N 194 s 3] s A 00 4 A LG 7R
HREFURG JBE 5 T A SR B T Y R e HE ) P RE . H
A& RETE URFIEJR S5 25 & R st/ HARRRE . AR
5 N RHIE Rl B B Rl A TR R IE RS B, —
FEBE FoRAN T/ H AR A J7 A 2 (R A R B
RT-DETR R & % i% s 5 He I B RE 58 70 & 45 1 X —
BLEDRE /N H AR K0 B 58 ) . A AR UED], AR )
BLHI B 4 s bR SCEEBEX /N B AR FEAE R T A
AR, ML ARSCEE S T e IR A A, TR
i T RT-DETR IR &5 % B5 #5% rf 64 9 15 &5 452 Bk
FIE T CNN [y 5 RUBE ¢ AiF il 6 B B, R o &
AlA R AT T G, DL — 2D R R AL /N B
PRk g 71 . A SCETT IR A S AL & 7 (b)
FiR .

B El S SRS T« BT R R AL B ROBE
FRAE 28 B B i A9 2 /Iy E A R AE £ R 25 715 3]
() 23 B Rl B R AE IR C4 . C4 HRAE IR [ 8 K /N R 40 X
40l H 2 M\ ResNet 4 BUAY1E SCRRAE & S5, HAD
BT ASTR R () 45 S AR AE L AR AE (R B R E . K

/I EAREEE
TR s ETH%

| | @

S5 54 53 C4 S5 g

(a) RT-DETRIE & #5022 (b) SOD-DETRIR & 4% 75 2%
B 7 REAE A S LA

CA E AR AE S s, T AR E 2R BT
AR BRERL. SR, BB CA a5 5 1 R AE
55 ResNet 4% B4 BURFAE 1] S3.S5 k47 5 )R il
Ao AT RXFP RS, v DL E— 25 2 N B bR RRAE £
HURETT .

4 X I

FR RIS 2 5% [ Python3. 9 i1 Pytorchl. 13. 0, 5E
BE4T B & Windows 10 %48, GPU Jy NVDIA Ge-
Force RTX 3060, 8 S E0BE 1T - b AL 2 &
(batch size) A 2, SL5f | AdamW it 4L % . 0] 45 5~
Fh 0. 00071 BRI 2 i A Al FH TN 2R AL

S SR A B0 4 2 VisDrone 2019, TT100K
M UAVDT-2024-DET, VisDrone $t{ £ & — 1%
S IE ANHLHAEE Y H w375 b B AR A I i ) £ s
LU R R A TN B AR RN L 60 Y0 BY H AR
BIRANINTF 20 48 %L 25 % B9 B A5 52 61 K /NFE 20-30
BRZE XA EERS THEEMER, 50T
/IS B w0 5k 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 R 100 28 W2 AR AL B
30000 Z ARG Al 3 5L . 2% B0 48 v 0 28 38 A
M H N HAFAE G HAAR b Y AR A ) A, S —
A MY )3 FH TN E ARG I B Bt 4 . AR A5 25
AR 54 R e A S R AR BT AR A R K
T 100 M A 3k 45 2%,

UAVDT J2& i o [ B2 B R 2% 42 Sk 2 10 i R R
55T N HLAS I 5 08 02 of B4l 4R, R AR TC AL A
T A RIS B AT 55 . UAVDT-2024-DET
FFT UAVDT B9 B bRkl £ 50 i A< , X B Fr sl
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155 AH DGR FE HEAT T AL 50 5 Ak . 3 & PP Al B 1k A
AWM R EEAR L 5 2 IR A A 1 T I B
AR COCO WA M 48 4r. FH AP K
i Y25 B R AE B AN 28 0] B B 47 3R, FH mAP
B AR AE T A 2 ) B ISR, Hoh mAP50 48
10U BfHHC 0.5 B, A2 5] FF B8 . mAPS0-
95 MJ&45, DL 0. 05 M2 K, L 0.5 F] 0.95 Bt 10 />
IoU @8, 115 2 B H T /9 AP, R J5 BUF ¥1{E.,
AP fR&/INH R, AP, REPERE HAR, AP, R
FRRRE B, BT — 568880588 %R
BE HERRET RIS PR R AR SCR A T S 8 B Tk
77 m32 5 (GFLOPs) 8 # i 50 (FPS) i JLF P4
fEhr
4.1 XWHH
J T R SOD-DETR A XF T 3 5 B RT-
DETR X H 5 iy e il 24 5, A< SOl Zhid 72 1 mAP
BB I 25 50 B0 I ) A8 A 1% L HEAT T AT Ak L S5 R
K8 RN 9 FF 7% . 3% HL I mAP & 16 56 UE B 4 b
ARSI . & 8 J&21E VisDrone 2019 $48 4 E il
IGO0 N AT LU Y 5 A AR I 25 R0, e S
JEH LA {2 SOD-DETR B 72846 5 g V- 44, 20 %
J& - mAP50 (1% 3 KBk 8O- 22, 7F 100 §8 A2 A
mAP50 {H U 2835 B e LA B AL 8. i SOD-
DETR ) mAP50 {1 % & T RT-DETR. & 9 &
#£ TT100K %4 4 L 19 Il 2645 &, £ 30 4> epoch
Ji . mAP50-95 W3 K ¥ T 2%, 78 80 > epoch £
At A AL SL, B R R UE L 7R e A
SOD-DETR % mAP50-95 {& t ] i & T RT-DE-
TR, ZEA XA S04 19S5 45 3ok . SOD-
DETR 7€ Il 5 By Bt 22 30 5 5 119 2% > g 1 M s 1)
K oK B, £ T mAP-epochs M4, A L BT
VisDrone 5035 £ E 6955 100 4~ epoch 5 &Y, F1
TTI100K $HE4E E I EE 80 4~ epoch MR A, 3k Xt

SOD-DETR 8.3k it 47 it — 26 09 Pk FpE Al . UA-
VDT-2024-DET #U 3% 4 I mAP-epochs B £k % 1k
ARG AT A T X R

1.0

SOD-DETR-C4
~-- SOD-DETR-S5
0sl —— RT-DETR-54
-~ RT-DETR-S5
(=1
r.
<

100

20 40 60 80
epochs

& 8 VisDrone 2019 3 iF4E F ) mAP-epochs £k

120

1.0
— SOD-DETR-C4
--- RT-DETR-S5
08F
06} e
&
T 04t
0.2
0.0 : : . ; ; . , .
0 10 20 30 40 S0 60 70 80

epochs

Bl 9 TT100K 5 F4E -1 mAP-epochs [l £k

214 H T MBI EAE VisDrone 2019 #4554
FR AL R, 5 RT-DETR H#,SOD-DETR
mAP50 $2£ % T 3.2%. mAP50-95 &£ 5 T 5.1%,
APs & T 2. 7% APy & T 2. 8% . AP, & T
5.7%. 1A Drone-DETR, mAP50 B 4K # 7+ A
Z fH7E mAP50-95 ARG 1. 5% 4T+, SOD-
DETR #9725 545 ik fil -5 AL A7 208 58 1 HARFRE £
KU TR R AR T R B R L B TR TR R
JE B AR B U0 R R

*k 1 BFBEET VisDrone 2019 HIEE FHHLLRER
" mAP50 mAP50-95 APy AP, AP

Pl 24 485 7 (%; %) ’ (%‘; (%“; (%’; FPS  BMEM  GFLODs

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 14. 8 56. 7 — 47.0 279.0
Drone-DETR® 53.9 33.9 — — — — — 128.3
SOD-YOLO™ 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 #4517 SOD-DETR Al RT-DETR 7£ TT100K
Bl LR R, EixEdE % . SOD-DETR
7 mAP50 $255 T 2. 2%, mAP50-95 42155 T 3. 7% , AP
PR 2.4% APy, R T 2.2% AP, 5T 2.8%.

& 2 RT-DETR 5 SOD-DETR 7 TT100K
BIBRE LML RER

mAP50 mAP50-95 APy AP, AP,

REZ % .

%) ) o O O
RT-DETR 89. 1 65.0 43.7 742 85.7
SOD-DETR 91.3 68.7 46.1  76.4  88.5

#3417 SOD-DETR #il RT-DETR 7£ UA-
VDT-2024-DET #¥i4E L #0445 0 . 78 % 0
£ |, SOD-DETR ) mAP50 #2551 6% , mAP50-95
BT 3.5%. AP #E T 4. 7% APy, HBE T 6%,
AP, $Em T 1.5%.

*& 3 RT-DETR 5 SOD-DETR 7£ UAVDT-2024-DET

HIEELHHLRER
mAP50 mAP50-95  APg AP, AP,

W] 28 A5 2
R %) %) % %
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 R B R —
TE 2 S X 2 B R AR B R, (R AR
F X T RT-DETR, SOD-DETR 4% 3 ¥ 1 A5
FE#RA AT 27+ . mAP50 Fl mAP50-95 48 b5 48 7+ 43 1
BEIAE 6% M 5. 1%, 1 mAP50-95 &l mAP50

T AR (9 DAL 4 B L X 8L SOD-DETR & £ 4>

= A

7 _..-;/;mrg W

RT-DETR
B 10 Ak S5 SR X I 1(VisDrone 2019)

AN ol

ToU BAE T AR DU P 68 58y €5, J0 R A i b T
(BT R BT A, AR B By iz A s 5 )
BF 2 AR AE /N bRk DA 55 1 RS B 42 7 [) A
L, FE A IE B SOD-DETR 78 /N B A7 k60 7 1 HA
UIRTE S Z N

MR VEE A VT B A % R A B B Ok B L A L
Drone-DETR #l SOD-YOLO, SOD-DETR )£ %
S RN TH B A 2 BE AR T ARG oy e B RN K
50 U 4 2 R A R 4R R AE B AP 64 Wi, SOD-DETR
TR G RS i R A AT 55 R TE RS A .

97 W E WML B SOD-DETR 2 % 1 fig, A
X XF VisDrone 2019, TT100K Fl UAVDT-2024-
DET %u4fa 5 b a9 R 47 1 af B4 & 43 46 ) 235 2R
mE 10/ 11 ME 12 Fias, B A R JEE L,
WE Oy RT-DETR 8 3 & i 45 . & A7 i ) 2
SOD-DETR Bk A il 25 5 . 18] i iy i 2 HE S 7 %
Fe 1) 43 AR RN B 4 e XA O S B SR
Dy HEFE 7R A 1 H bR . S TR B6 AR 2 R TR 28
. SR e EARE R 0.6, B HAE R K T4
SRR HARKE, & 10 AR 12 AT LL WA
SOD-DETR # 8 bt S ffE A Y RT-DETR I 1 1T
T2 (1 B RS AL 1 25 AT NS R, IR 1 45k
() =4 AT LE 1, SOD-DETR X F /) H b5 22 i
P 2 1R SR A LR A 250 B i /0 F RT-DETR. &2k
mE .U s R n] LUE H, SOD-DETR 7 H
|PERE E 2L T RT-DETR,

SOD-DETR
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A RT-DETR

SOD-DETR

B11 AT g R X LI 2(TT100K)

RT-DETR .
B 12 kg R Xt I 3(UAVDT-2024-DET)

4.2 HBLLIG

97 BE— K SOD-DETR w1 4% #5 Be il 45 &%
M, 4k S27E VisDrone 2019 BB 4 M T — & 514
[ o

T 5 R ASERY B iw 44 J7 AT U T L Rl S0
O AR SCR T B A4 BRI LA SR w1 i 44 05 2L
SOD-DETR-S5{S5[S3,C4},{S5|S3,C4} J& %t il 45
WS, R ResNet P45 $2 0 9 S5 HR1F &
KA G, 5 B AR R S3 DL RN B AR R

SOD-DETR

PRAE I 45 32 R 1Y 25 0 Rl R AE B CA4 iE AT mil
G WaBERPRHT @A, BT
Filt A S W& U B 5 42, A SOD-DETR-S5, H: i 4
RV RAE 7 205 A R . S5 50 45 R G A 3R 4
o, DL R S5 A S0 BHE o R B 1 A AL
(T
4.2.1 WARZE-BLEL S B

/N BB R AE DR AR O 2% e, S AR 3R 3 A5 B g
2 v G 240 7 03 AT L 0F T S IR IE AR B
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Shy B UE Z AR B 1 A ROV AR SCBHE T T 4 X IR
SEE 85— . SOD-DETR-C4{C4 | S3.S5} #l SOD-
DETR-C4 (25 5 W AR & B B2 80 5 55 — 4. SOD-
DETR-S5{S5/83,C4} fil SOD-DETR-S5 ( 2= #5i W /%
RBUMEE YO . 3k 4 ThEEE AT, SOD-DETR-S5
W AR A B S . mAPSO FRR T 1.4 %,
mAP50-95 &K T 1. 6%, APs FEAE T 0.7%., SOD-
DETR-C4 25 #0AR 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 I8 2% Ul 455 e e A Ak R ARSI M e L T
A PR AT LUE B AR R LR
SRR AT 2% B A D R B A L A
PERE Y42 T, X e AR JLF 2 1T DL Z B 1
4.2.2  BAURRAE 4R USSR M

SOD-DETR-S5 #il SOD-DETR-C4 #f % 451 W 4%
KA B )5 . M e RT-DETR-S5 Al RT-DETR-
Sa, HoPEfE 9 A8 Ak 3 BT BT AR AR IR RS .
F 4 B, SOD-DETR-S5 (2= 45 1.5 2% 4 Jih A% B ) A1
b RT-DETR-S5, mAP50 #%& T7 1%, mAP50-95
BT 2.9%.APs #2557 0.8%, APy, 25 T 1.3%,
AP, 5 T 2.7% ., SOD-DETR-C4 (5 W14 £ %
AL 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 2 B wT LA Rl AR A T R
HNASTR] ROEE (9 H b R 01 BE AR A B 4R T
T 3% B Ve fEFE #R h . mAP50-95 B4R T N B %
X UL, SOD-DETR 7£ )7z 1Y) ToU |5 {8 Ji [l 4

GOV R o 1= oA Y W= NS R S S S T8
FRIE
4.2.3  BHEIR A G s AR B H A A

AN TR) Rl £ SR S X A 00 P e Y 2 e, W] DL RT-
DETR-S5 5§ RT-DETR-S4., SOD-DETR-S5 ( % #§
WAL Z B H 5 SOD-DETR-C4 (3£ 15 W15 & 1%
i ), SOD-DETR-S5 5 SOD-DETR-C4, i% =
X RS20 A M A . RT-DETR-S5 #if; S 3 filf 45
Al RT-DETR-r50, % F A9 J2& { S5 1S3, S4 ) il 7 R W .
RT-DETR-S4 W% T {S4 1S3, S5} @t & K ms ., 78
AR A SR W A1 5L W RT-DETR-S4 4 He RT-
DETR-S5. mAP50 & T 0. 3%, mAP50-95 $2 %
T0.6%, AP 2T 0.7% . APy E T 1.1%,
AP, #£7% T 0.4% ., SOD-DETR-S5 5 SOD-DE-
TR-CA4 #B 45t AR Z MU A B 5 HEIX s HAE T
Bl 5 S AN TR] L 2R T { Ca | S3, S5 ) il 4 5 s 1) A 780 55
K HI{S5 183, C4 } il 5 5 W 19 158 Y L %8, mAP50 $i
7 0.6%.mAP50-95 #2885 T 0.5%, APs &7
1.1% . APy #2557 1.5% . AP, &% 17 0.4%.,

SOD-DETR-S5 I SOD-DETR-C4 4 % #ii W
T4, BORSKBERABREUEA MM 2ZS %
K BE ORI X 4R T L B A b — AR, X
LB AT DA L A SR A ek X A RS B B
BHEBERMW, {C4]1S3.S5) /@& R g, X s /hNRE H
o 1) G R 32 8 O Sy B S 6 RORUBE H A 1 R )
AERT AN o 0K 2 ROEE FRRAE 8] (S4/C4) 35 A B 4
s, I VA OB S50 AT R R A
Sl —EMRTE.

R4 HBEIRLE (VisDrone 2019)

mAP50 mAP50-95

APy APy AP, ZH it

I £ 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{S4S3,S5} 51.2 30.9 20. 9 42. 8 59.0 72.0 42.7 137.4

SOD-DETR-S5 (2 #F.4 F #Uih # 50 51.9 33.2 21.0 43.0 61.3 68.0 44. 29 141. 7
SOD-DETR-C4 ( Z 5 WAL R B A5 o) 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

SR B R RUBE Y S3 RFAIE (B 3% A g i 2, Foit
BRI IEZ 0, 25575 B/ B ARk kS B2
TS 6 B Z ) ) Pl AR SCRR AR T T {C4 |
S3,S5} H Rl R w

5 & &

ASCHEE TRF RT-DETR B9/ B bR ) & ik

SOD-DETR. %X #4851k 47 76 0 R 18 AR Ff g )
AR $ TN H AR RRAE R FE N 2 T T —
ANPUST B EAR R e, b,/ B AR RRAE LR
W 2 30 1ot il A s ASURRAIE L S BRI Y T Rh B B L B
T S R IE R AR RE ) . SCIR 45 RAIE B L % W 4%
X A ) RUBE 1) A A 0 1 BB AR A B I 42 T 5 1fi 1%
F TS B E B IR Sk 1B RRAE A B R R
BRAE R AL T R YRR AR R R S SRR
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BEXF A R B SO BRI R 58 43 ), 42 0 T
A R A A ) SR s 3 ok X A A R AE B R AT
HER . 580 k¥4 R LR SCERBFE /N H Ax
G 1 A B SO 2 SR B SR TR A G S
TR W RE HE— 25 B2 5 /I A G RS B

IASEF A LT RT-DETR. 4 Ci% it 9 SOD-
DETR #8176 AS [a] RS (4 E A A 0K B L 30 s
TH R, A A SRR IE S . mAP50-95 (1)
BER T, W8 SOD-DETR ZEH 2 1Y ToU [
EE BB G ERe. J58 % T R B AL i
FERIE T L 76 DR R AR 2R M BB Y A 2 T, AT R U/ A5 A
SHR TR,

B AR BRI T T 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 self 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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