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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.
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SPDConv, Omni-Kernel and CSP-OKM structure
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R LA B H B A0 4 7 55 R TR) 28 8 S 5, RRAE AN TR R
FOEIREAMHT HERAARRE RS X AVEEURERN. B
260 ARG BARRERE T LA I bR iE X R AT A
W VBATEM =R 44, R84 T 507 W xt
G2 2% ) R IE P55 00 4 T B U PR L LA Bl B 49 b R R BRCHE .
FRASEMR A 6 471 s HF U125, 548 Sk FIIE, 1 610 3K
FHT

+ 103 -



949 B 2 F o

T # K

R 4% 52 3% 36 5% T Windows 10, GPU #& f§ RTX
4070tisuper, 7K 16 G,iE ] PyTorch2. 3. 1, Yl kit 8] K
200 4~ epoch, 3% i Python 3. 10. 16, 3% /| Cuda 11. 8, % A
UG SE S 640 X 640, Y Zkad B, #146 2% 2 % 0..000 1,
SCIS PRI E AR 1 TR

x1 EHFRBENERBRER
Table 1 Experimental environment and

configuration information

il ' 25 Y i & 44 R fic & {5 8.
BER S Windows
Python A< 3.10. 16
L LT Pytorch 2.3.1
CUDA 11.8
Cudnn 8.9.6
CPU AMD Ryzen 7900X
A5 P B GPU NVIDIA 4070ti super
A7 KN 16 GB
2.2 iEMIER

7 [ 5 S0 A PE R 30 2o o A6 0 48 58 T £ P15
W2 5 2 SO A B R PR RE L SR RS K (Precision) A
1] % (RecalD \F1 434, F 70 1 % (m AP) fl GFLOPs 1§
A AR A

W 1 F0R 1 2 O 1F B9 BE AR P oA &2 0 2 BUIE Y OE
REZAS L 9000 45 S rp 20 OE B9 OF 0 B9 L. RS BE R (1D
iR .

TP
TP + FP

A 1] 2 % B SRR A H B A 9 A 2 /0 T AE B T
JFEAT I 491 v gl T B O R A E . SR A (12)
JE 7R .

Recall =

an

Precision =

TP
TP +FN
F1 43302 w2 F0A )5 2 [a] 0y 38 FF 24018, B 1Y 2
H X LR AR A B — N8R 2 L 3 4 Precision 3¢ Recall
MR — i KAE, F T4 & MR HEbn. F1 o 807
0~17484k, M43 Bt 3 3r 1 i gl AR R AL 4. Fl

SRR (13) R .

(2 X Precision X Recall)

Precision 4 Recall

AP J2& A5 B9S2 -F [R (PRO 28 T TR AL, I
e A 76 St B — 28 Bl ARG T RE 7 . A =X (1) fr s . mAP
B4 20 AP BOEEE, i (15) Fi R,

1

12

F1 (13

AP = JP(r)dr (14)
>IAP,
mAP = - ‘K (15)
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GFLOPs(giga floating-point operations per second) 4&
i B ARG A B 530 5 e 1 A0 9 A, R AR Y g D
PATI LR TE 2 B &, GFLOPs I T 2 {5 AU 5t 5 4
AW R SR R T A R R B T AT
2.3 MEFRUNETHEEILE

T REEE VAL N B bR R 2 X e A e e Bk R
B, 3T VisDrone 2019 UG 4E , 51 XF FL £ A B T J R 50 1)
ITRRIE, LRI TE 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 5l 2 58.6 20.1
FST-RTDETR 59.7 17.5

g F &5 P2 B2, &§Ex P2 55 4F )2 17
SPDConv Ab# , A i $2 B /I H bR (5 B B RRAE IF i ik 2
P32 5 AR E Al & . 51 A CSP #% 0 B A I 454 Omni-
Kernel #4723, # 22 t CSP-OKM #E 3 J T4 F & 4 .
T RRENE A S & R B R Y S8 B AR AE R AR .
F2 T LIE R FET L,/ B AR 2 AR T AL 4% P2
K20/ T 23.1 GFLOPs, 35 8 {0 7F 3 i B 0 | 3
T 1.6 GFLOPs, Z 408 (AL B YERC AL 3T 0.2 X
10°, BB T ST I R S A 1 AR T 3 5 Y
P2 #r 2 A W 0 R
2.4 HRRZIE

MR PG Bl B B9 M, 22 F VisDrone 2019
G B, A X 2R AR T R 2R 0 B0 T Rl S B8, SIS 2 SR T
BT 3,

SIUR SE R R LA TR AR, Mt R Y FST-
RTDETR ## (515 E)7E 5 brAer il R BE 1 529 b Z 82 A+
mAP@50 5 PR @ 2. 1%, BARkRE ., BB 50 16
LI A KRG SE R B O FasterNet-EMA Bk,
mAP@O. 5 #4427t 0. 6 20 . ZHE T T 3X10°, V2 A 4K
B TET 5.5 GFLOPs, B lE T i 45 S 78 ok W 2% 328 17
F14 ) s B A A0k 8 B O i AT 45 b L A o . R AE 4R vk
HES2 B op, G 4k CCFM HE 4R, mAP @ 50 45 #7 2 T+
1. 3%, 3X — 25 4 3% B 0 3fE J5 1 AE 2 R 4% B 1 Al b 2 2 A
4 JB B JRy B A R AR 2 38 L 38R AT K B /IS B AR A I 1 R .
TEI R BB 5230 C W mAP@50 45 FR32TF 0. 6%, 7E
SC8G D L 45 A FasterNet-EMA #EHUHN/N B ARG 2 )5
mAP@50 84348 T+ 1. 5%, S8 T 2. 4 X10°, wm&
Mg R B 7E SRR 2. 4X10°, TR A B0E B AU N
2.7 GFLOPs 15 B F . 928 mAP@ 50 845 2. 1% Y 2



% A& F:5 T RT-DETR # R AU B 15 B AR# 0 % 4 6 ]
x3 HEXBER
Table 3 Ablation experiment results
S FasterNetEMA  /NAFKEIZ  Inner-MPDIoU  mAP@50/%  Z%H/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 N/ N N 49.6 17.5 59.7

Tt FHELKG I Bk B 37. 0 fps, 6 2 T I2HH PG I A b
M, X 4RI IR ot J5 ) FST-RTDETR # 5 #¢
A RO IR E e AT IR N L AR 05 A SR T H AR R
HEEE I RAF MR R AL ROR
2.5 HBAERHKEBEEILE

Syt AL P4l FST-RTDETR 532 ) 46 I 4 Ag £2 T 4
B HE VisDrone2019 £ £ b, X R W RT-DETR 5
ek FST-RTDETR BEAT T 22 2546 RS B2 1) 2 G4k
XFLeart . BRI 45 R Nk 4 iR, MRTEEERT
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 1, FST-
RTDETR SETEFTA 10 M 255 4, m AP@50 $5 413
YT RT-DETR 53, 5853 S ik 1 i Bk XA W R H
PRA AL 55 M R AFIE R, E RIS RAE X ET
FST-RTDETR 53578 52 bre H A K AT 55 o 19 010 81k L
A DG ST 1) B A Rz T R Bt T T A B AR
2.6 EAHREX LKL

N HWEIE FST-RTDETR 832 76 /)N H b A 45 458 119

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

PEREM 3, AR WFFT L) VisDrone2019 %548 48 Sk I3 3L v , 2%
BOSL B Bf R-CNN & 51 5 5B Bt YOLO R i 48 3= 1
eI A O FE LR T T R N L S B, AR SE R EE 5
FE7R .

RS BMELEXL

Table 5 Comparison of various model experiments

. mAP@50/ %
Faster R-CNN  YOLOv5 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 X RO AR T 1Y 10 A B ERSE B AT R G MK
WP e TTAY , B4 B8 FST-RTDETR & 76 4% B b7 2 )
R e Ay e B R RE O . R B AE N B RS AR AT 55

i, T % 40 B RE AIE AR fBL L I 4 £ 48 (W Bicycle 1 Awning-
tricycle 2851 Z B LA AE ST BL 21. 5% M1 21. 4% 1) mAP@
50 R IUAE BE , 78 43 VR BRC X & 2% /0y B A B FRRAE B2 B 5 1R
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T # K

e ). ERRF B FR# I 4 18 . FST-RTDETR 53 % W A
P4 RGP BE 7 L AH LR 4R RT-DETR 28, 78 Car Al
Truck ZE5 K WK BE b4 5042 7+ 0. 826 Al 1. 8% . %,
FST-RTDETR 8 ¥ 7E 254 mAP@50 1545 Bk %] 49. 6%,
AR FSLARA R ST b R T, RS 5 R SR,
IR E SR IR W 45 25 4 5 2 RBE Rl & HLH , FST-RTDETR
A ROE T T XN B RS R E R IR S E T RE L FETE A

HUBLAA B E 2 3 50T 09 B AR A U AE 55 b R B0 A0 5 35 1
RE LA, Dy 52 R TR L AR R (L T AT A8 9 R S HE
2.7 BEEAERIRT LI

K IE FST-RTDETR 4885 16 /1N A A I 45 358 11
PERE M B, ATFST L)L VisDrone2019 %48 42 g 3 56 v , %
B45 A et (9 YOLO 5 59 A gl it (1) RT-DETR 5  J& 5
XL AR 6 TR .

K6 WHABBELEXIEL

Table 6 Comparison of improved model experiments

Fop 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

S5y [l 58 O W] E An R T B R JE IR, XT pedestrian, mAP@50 4k F KK ¥, FST-RTDETR 7£ It Uk o i 4

people. bicycle 45 £ 2% H A XU A H b i 4 00 = /8 1 17 %F
lt., FST-RTDETR 7E Z ¥t B 45 87 L R A h . 1F
pedestrian 28 Jll 7, Hi mAP @ 50 & ik 57.5%, it & T
Efficient YOLOv9 B 53. 2% .EBC-YOLO #4 51. 2% % HAth
Ki®L, people 28 I L, FST-RTDETR Ll 51. 0% # mAP@ 50
S5 A B R, car 890 P, FST-RTDETR # /& I 3
86. 4 Y0 HYR DN AG BE  FEAZ 2 A DU I L 5 58 . bus 2401
.67, 5% 0 G Al 3 R I AR, FEZR A 1 mAP@50
TLL49. 6% FH AR, M Z T, SHERTDETR
T truck ZERIMEN R F NIRRT KAE, 241200

Original image

Original image
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RT-DETR
(a) MRS 3

(a) Small object dense scene

RT-DETR
(b) FiZE 510
(b) Aerial view from high altitude

RUSCYG 1 B bR 0 AR L LA S A AR AR
2.8 TWIALLAE I g Rk

9 % A4 3 (% FST-RTDETR % 78 J6 A ML
5T R R I PE AE L N VisDrone2019 i 4% 45 vh i 16 4 BLA
RN B 72T s B 45 /N B bR 2% 82 404 | e 25 IR IR AR
F LA R0 3 25 ML 37 5, F R 55 B 59k RT-DETR
BT S, b, /N B bR 3R A RN R S R IO A B A P AR
PR R, SRS RANE 10 Bk, BB N L B LRI N
JEA AR R . RT-DETR B8V K I 25 2R \FST-RTDETR &
TR 45 5, S 2 S DX ol aek (50 R A TR I

FST-RTDETR
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Original image
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(c) Night aerial photography scene

B 10
Fig. 10

N H bR AT R T, & AR 4 T & B, FST-
RTDETR 5332 i I £ % W A8 T30k . Bk 5
SRV P R T LS 2 o B 9 R R IR B Y 8 A BH = A 4 A
14 SRS B /s E AR TR A R B8 ) . B A
WO fA 3% 5 . FST-RTDETR 8 45 30 FAR T 45 8 %,
10 7[5 Bl X B i 7, RT-DETR A8 2065 1 T 4 T35 340 K
AT T B0 oA HH B DS R A 1 0 . A A D A 40 3 3¢
W, FST-RTDETR $yk R 3t x5 £ R B AR b iy B4
T R P S B B AG IU R [R) RS B AR AR R TR LR AR R
A8 o MO 23R B S B ALK

25 LTk i 1 7E VisDrone2019 ZUF 45 SRl &5 20 b7 &

Original image

FST-RTDETR

FHRG T HARK I AR X

Object detection effect comparison in various scenarios

TR R LS, FST-RTDETR 28 3 16 B Ar A i 4 fig b 4
W THMEE S RT-DETR, L HEB S MM AT R T
JE R SR Y R L BRIE T TR O SR A A S S
FHE .

R AP DAy T otk B A R0 R0 o R 4 B i L T A 4
JANE 11 Bras. o RLEE B LR LT, 78 A B 2 4 A9 B
Gy 5o id 2R /N A i o 1o A R B R B JLF- RS B
FRER B I A MU ke o X Eb AR A E] 3 5 RN O BR R R 1 g
SR A5 BT o I 2 (R I BT bl R AE 9 1 &
A /INYI AT SR Bk R, HE B R AR T A . DBIR R R Y
ST e B VAT A I SR A A X A TR A A A X AR

g&?&fd’o‘..‘iﬁ
LB ey M diye)
gcl
rLc Jle 0.34 &

Hi¢ycle 0.21
(1)
\ i

|f
—

RT-DETRR18

F1T 3T RS A5 2R A

Fig. 11

Comparison of thermal map test results
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