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Small object detection algorithm in Drone aerial images based on RT-DETR

Liu Jie Li Zhiwen Zhang Tengqing Xie Mingshan
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract: With the continuous expansion of drone application scenarios, small object detection in aerial images has
become a research hotspot in the field of computer vision. In view of the problems that small object features are not
obvious, complex backgrounds lead to false detection and missed detection, and the existing algorithms are difficult to
balance detection accuracy and real-time performance, this paper proposes an aerial image small object detection
algorithm FST-RTDETR based on RT-DETR to solve these problems. First, FasterNet is combined with the EMA
attention mechanism, and the structure of the Basic Block module of the original module is redesigned to improve the
network operation speed and the accuracy of visual tasks. Secondly, in order to solve the problems of excessive
calculation and more time-consuming post-processing after adding the traditional P2 detection layer, this study propose
to use the P2 feature layer based on the original CCFM architecture to obtain features rich in small object information
through SPDConv and give them to P3 for fusion, and then use the CSP idea and Omni-Kernel to improve CSP-
OmniKernel for feature integration, effectively learn the feature performance from global to local, and finally reduce the
missed detection rate, false detection rate and improve the detection performance of small objects. Finally, in order to simplify
the loss function calculation process, improve regression efficiency and accuracy, and have a more comprehensive loss
consideration, this study use inner-MPDIoU to replace the original GloU. Experiments on the improved algorithm on the
VisDrone2019 dataset show that the FST-RTDETR model achieves a detection accuracy of 49. 6 % , which is 2. 1% higher than
the original RT-DETR model. The FST-RTDETR model significantly improves the object detection performance of drone
images, improves model efficiency, and shows good performance compared to other algorithms.

Keywords: Drone detection; RT-DETR; small object detection; FasterNet-EMA ; SPDConv
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200 4~ epoch, & i Python 3. 10. 16, % /| Cuda 11. 8, % A
EUE RS 640 X 640, Y ZRad &, w1 4h 2% > %k 0.000 1,
SCES PRI E AR 1 TR,

x1 IHRBENEBRER
Table 1 Experimental environment and

configuration information

il ' 25 Al il & 44 R fic & {5 8.
BER S Windows
Python A< 3.10. 16
BB Pytorch 2.3.1
CUDA 11.8
Cudnn 8.9.6
CPU AMD Ryzen 7900X
A5 L GPU NVIDIA 4070ti super
AR 16 GB
2.2 M IER

T [ 52 30 S P 3 3 X b 488 760 484 9 T ) PRI
W2 25 5 of T Bk P B SR RS 0 R (Precision) .
6] % (RecalD) \F1 434 F #7813 (m AP) fl GFLOPs 1§
PR AR

W B FR B 2 O R 1F B BE AR P oA &2 0 2 BUIE 9 OE
BEZA, 0 45 SR IR A IE B9 Le . RS R =X (1D
JF 78S o

TP
TP +FP

A 1] 2 % B SR R A H B A 4 2 /0 B T E B T
JIEAT I 491 v gl TE B O AR R A E . R A (12)
JF 78S o

Recall =

an

Precision =

TP
TP +FN
F1 43302 i 2 F0A )5 2 [l 0y 38 FF- 24048, B 1Y 2
Hi X BEFE AR A B — A HE bR 4 H S Precision 5% Recall
MR — M KAE, F T4 & MR He4n. F1 o 807
0~1784k, M43 Bt 3 3r 1 i i AR R AL T 4. Fl

SR THR N (13) R .

(2 X Precision X Recall)

Precision 4 Recall

AP J2& BAZE 5 AR 0 -3 R (PRO 28 T TR AL, I
e A 75 St 5 — 28 B ARG T RE T . A Rk (1) Fr R . mAP
B4 20 AP BOEEE, i (15) BT R,

1

12

F1 (13)

AP = JP(r)dr (14)
>AP,
mAP = - ‘K (15)
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GFLOPs(giga floating-point operations per second) J&
M B ARG DA B 530 5 e FE 1 A0 9 A, R AR Y g B
PATH AL RTE S8 B &, GFLOPs HI T 2 f A AU 5t 5 4
ST R RE SR R T e R R B T AT
2.3 MEFRUNETHEEIE

T REE VAL N B bR R 2 X e A e ) Bk R
B, 3T VisDrone 2019 Ui 4E £ X FELLBLARI T B R G 10
TFRRIE, TEERICATE 2,

®2 HEEILR
Table 2 Summary of calculation quantity
el 5/ GFLOPs 2804 /10°
RT-DETR-r18 57.0 19.9
RT-DETR-r18-+P2 81.7 18.9
RTDETR+/)H 5 il 2 58. 6 20.1
FST-RTDETR 59.7 17.5

g TS5 P2 &2, & kxt P2 554 )2 17
SPDConv Ab## , A i $2 B & /I H bR {5 B B RRAE IF i ik 2
P32 5 AR E Al A . 51 A CSP #% 0 B AH I 45 4 Omni-
Kernel #E47 8k #, # # ) CSP-OKM K3 ff TARfE & .
T RRENE A S > 4 R B R R S8 B AR AE R AR .
R DEBIEI A L, /D B AR R A% F £ 4 P2
K220 T 23.1 GFLOPs, 35 8 {0 7F 3 i B Y | 38
T 1.6 GFLOPs, Z 308 (AL B YER A 3 m T 0.2 X
10°, B BRI TS I R S 80 AR T 3 5 1Y
P2 K2 A W 0 R RE
2.4 HBLSIS

MR PEAG B B B9 M, 22 F VisDrone 2019
G B, A X e 2R AR T R 2R 40 B0 T Rl S B8, SIS 2 SR T
BT 3,

SUUG SE R KL MR T R AR, Mt F Y FST-
RTDETR 88 (518 E) 76 H brerillfg BE 1 529 b Z 82 A
mAP@50 5 PR = 2. 1%, BAAkRE ., B I B 50 1
o, SEEG AR UG SR AR B B el FasterNet-EMA # e,
mAP@O. 5 54427t 0. 6 20 . ZHE T T 3X10°, V2 A 4K
BRI TEET 5.5 GFLOPs, B IE T i 45 B 78 ok W 2% 328 17
{14 ) s B A A0k 8 B O i AT 45 b R o . R AE 2R 0k
P2 B P, G 4k CCFM HE 4R, mAP @ 50 45 #7 2 T+
1. 3% . 3X — 25 54 3% B 030 J5 1 AIE 2 R 45 B 1 Al b % 2 A
4= J) ) JRy B 0 R AE 22 5K E T S 2 B TN B AR R
TEI R BB 5230 C P mAP@50 8 k532 TF 0. 6%, 7E
SC8 D L 254 FasterNet-EMA BRI/ B dr k2 5
mAP@50 F84R 4R TF 1. 5%, S T 2.4 X10°, wm&
Mg R B 7E SRR 2. 4X10°, TR A 80E B N
2.7 GFLOPs [ 8L F . 528 mAP@ 50 845 2. 1% Y #2
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Table 3 Ablation experiment results
SCHy FasterNet-EMA  /NEFKIE  Inner-MPDIoU  mAP@50/%  Z%&/10° GFLOPs
RT-DETR-r18 47.5 19.9 57.0
A J 48.1 16.9 51.5
B J 48.8 20. 5 65. 2
C J 48.1 19.9 57.0
D N NG 49.0 17.5 59.7
E J NG N 49. 6 17.5 59.7

Fbo IF HAG I E B 35 5] 37. 0 fps. W6 2 T 32 A PEAS T A9 A
M. X4 R S0 UE W], Bt Je 9 FST-RTDETR 45 84 7
AW RIS e AT IR N L AR 05 G SR T H AR R
HEEE I RAF MR R AL ROR
2.5 BANEINENAEEITLE

St AL PP Al FST-RTDETR 532 ) &6 I 4 fg £2 T 44
B HE VisDrone2019 £ £ b, X R W RT-DETR 5
A5k FST-RTDETR #EAT T 22 JE A S 152 i 3% ek
XFLeort . ARSI 45 R Nk 4 iR, RRTEEERT
Pedestrian, People, Bicycle, Car, Van, Truck., Tricycle,
Awning-tricycle,Bus,Motor 3£ 10 > H #5285 ) mAP@50 1§
bR, UL K 25 A mAP @50 St fH. 555 g iE R W, FST-
RTDETR SETEFTA 10 K 255 4, m AP@50 $5 413
YT RT-DETR 533, 5853 S ik 1 iz F k3 A W R H
PRA AT 55 M RGPS RE M, F RS R AE X ET
FST-RTDETR 53578 52 bre H A K AT 55 o 9 010 8 1k L
HH DG ST 1) B A Rz T R Bt T T S 1 B AR
2.6 EAHRE XL KL

N EWEIE FST-RTDETR 53576 /1N H bR 6 I 45 12K 9

R4 BPEANGNEEX L

Table 4 Comparison of detection accuracy of each category

R mAP@50/ %
20
RT-DETR FST-RTDETR increase

pedestrian 55.8 57.5 1.7
people 48.3 51.0 2.7
bicycle 21.0 21.5 0.5
car 85. 6 86.4 0.8
van 50.5 51.6 1.1
truck 38.8 40.6 1.8
tricycle 33.7 37.5 3.8
awning-tricycle 18.6 21. 4 2.8
bus 62.7 67.5 4.8
Motor 59.9 61.0 1.1
all 47.5 49. 6 2.1

PEREPE A, A FFSE L VisDrone2019 £ 8 4= Sy I3t 32k e , vk
BOSL B Bf R-CNN & 51 5 5B Bt YOLO R iy 48 & 1
e A Oy SR LR T T R N L S B, BARSE R EE S
Fi R,

RS BMEILEXL

Table 5 Comparison of various model experiments

. mAP@50/ %
Faster R-CNN  YOLOvV5 YOLOv6 YOLOvS8 YOLOv11 RT-DETR  FST-RTDETR

pedestrian 21.4 35.0 29.7 36. 2 36.9 55.8 57.5
people 15.6 27.5 24. 6 28.9 28.6 48. 3 51.0
bicycle 6.7 8. 41 4.29 8.9 9.97 21.0 21.5
car 51.7 75.3 73.9 76. 3 76.4 85.6 86. 4
van 29.7 38.7 36.3 40. 4 37.7 50.5 51.6
truck 19.0 31.3 24.7 32.2 30.5 38.8 40. 6
tricycle 13.1 22.4 18.0 24.1 23.1 33.7 37.5
awning-tricycle 7.7 11.7 11.1 13.5 13.3 18.6 21. 4
bus 31.4 49.1 41.9 49. 4 49.7 62.7 67.5
Motor 20.7 35.8 30.9 38.2 38.2 59.9 61.0
all 21.7 33.5 29.7 34.8 34.4 47.5 49.6

ST AT RO AR T 1Y 10 A B ERE B AT R G MK
W RE PEAY L ¥ di Bk FST-RTDETR 8 v: 46 & H 5 25 3]
R e Xy e B R R O . R B AE N B RS AR AT 55

i, T % 40 B RE AE AR BL L I 4 £ 48 (W Bicycle 1 Awning-
tricycle 251 Z B AN AE ST BL 21. 5% F1 21. 4 % 1) mAP@
50 RriRS B, 38 4 AR X 52 2% /0N BB I R AE B2 5 R
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T # K

e ). ERRF HFR# I A 18 . FST-RTDETR 53 % W A
P4 R P BE 7 L AR LR 4R RT-DETR 28, 78 Car Al
Truck ZE5 K WK BE b4 5042 7+ 0. 826 Al 1. 8% . %,
FST-RTDETR % ¥ 76254 mAP@50 1545 Bk %] 49. 6%,
AR F LA R ST b R T, RS 5 R SR,
IR R SR IR R 45 25 4 5 2 R BE Rl & HLH , FST-RTDETR
AR T XN E RS R RS IR S E L RE L FETE A

HUBLAA B E 2 3 50T 09 B AR A AT 55 b e 20 10 5 3 1
RE LA, Dy S BR TR L A R AL T AT A8 9 R S
2.7 BUHAREIRTbELIG

AEMEUE FST-RTDETR 376 /N B A kG I 45 428 11
PEREMEH . A WF5T LA VisDrone2019 $i4f 4 S I 38 56 o L 1%
A Rk dE 19 YOLO B8 i gfe it 9 RT-DETR #5584 | JF
XL A RN 6 TR .

o HHABEBIIWITLE

Table 6 Comparison of improved model experiments

Fq mAP@50/ %
. Efficient YOLOvV9 EBC-YOLO St{-RTDETR ESO-DETR FST-RTDETR

pedestrian 53.2 51.2 41.0 42. 4 57.5
people 46.6 41.1 29.3 31.1 51.0
bicycle 35.5 17.8 16. 2 17.0 21.5
car 76. 6 83.8 78. 8 78. 8 86. 4
van 52.4 47.9 38.9 40. 1 51.6
truck 47.0 41. 8 46. 7 47. 8 40. 6
tricycle 40. 6 31.4 24.9 26.5 37.5
awning-tricycle 26.7 16. 8 19.3 21.7 21.4
bus 61.1 59.1 58. 4 59.8 67.5
Motor 47.5 52.1 18. 4 44.9 61.0
all 48. 7 44. 3 39.6 41.0 49.6

S 3y [ 58 O W] E An R U B B JE IR, X pedestrian, mAP@50 4k F KK ¥, FST-RTDETR 7£ It Uk o i 4

people. bicycle 45 £ 2 HAr X I A H b i 46 I 1 58 32 17 %t
lt., FST-RTDETR 7E Z ¥t B 45 87 B R A h . 1F
pedestrian 28 Jll #7, Hi mAP @ 50 & ik 57.5%, i & T
Efficient YOLOv9 B 53. 2% .EBC-YOLO #4 51. 2% % H Ath
KiEL, people 28 I L, FST-RTDETR Ll 51. 0% # mAP@ 50
S5 A B R, car 289 L FST-RTDETR # /& I 13
86. 4 Y0 B DN AG BE  FEIZ 2 WA I I L 5 58 . bus 240
.67, 5% 1 G Al 3w I AR, R LR A 1 mAP@50
TLL49. 6% FH AR, M Z T, SHERTDETR
T truck BN RIMEN R F A RBIRRIKAE, 24120

e

RT-DETR

RY S A A DU R b B LR 3 ARG I AR B AR
2.8 ALK LGRS

9 % WATA 3 % FST-RTDETR % 78 J6 A ML A
5T BRI M BE L A\ VisDrone2019 K38 45 i okt B
ML 7= SAE A 45 /N B AR 25 4R 20 A1 % 25 IR L
F LA A0 3 28 ML 47 5, F R 55 L i 59k RT-DETR
MRS LSz g, b, N B bR 3R AR A S 0 OO A B PR
PRy, SRS R 10 Fis ., FUR A NZE B A RIR N
JF AR LA ER RT-DETR B8R U 45 ¢ . FST-RTDETR 4%
TR 2 5, SR 25 S DX Sl ok IR HE 2R BEA T AR TE
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(a) Small object dense scene

Original image
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Fig. 10 Object detection effect comparison in various scenarios
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Fig. 11 Comparison of thermal map test results
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