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Abstract:To address the limitations of existing object detection algorithms in remote sensing small object detection—such as large model
size, high computational complexity, and low detection accuracy—this paper proposes a lightweight remote sensing detection algorithm
based on YOLO11, named EDB-YOLO11. The algorithm introduces improvements from two aspects: network architecture and loss
function. First, the EMBC module is designed to replace the original C3K2 module, which effectively enhances the feature representation
capability of the network. Second, a novel Downsample module is employed instead of the traditional convolution-based downsampling,
which reduces the number of parameters and computational cost while improving the feature extraction ability of the backbone. Third,
BiFPN is adopted to replace the original PANet for feature fusion, significantly enhancing the network’ s multi-scale feature integration
efficiency. Finally, a new loss function called Focal-WloU is proposed by combining the advantages of the Focal mechanism and WloU

loss. This design enables the model to focus more on high-quality training samples and reduce the impact of low-quality samples, thereby
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improving overall detection accuracy. Experimental results show that EDB-YOLO11 reduces the number of parameters by 27. 18% and
the computational cost by 16.43%. On the VisDrone2019 dataset, the mAP @ 0.5 increases by 3.4%, and the mAP@ 0.5.0.95
improves by 1. 8%. On the generalized remote sensing datasets SIMD and MAR20, the mAP@ 0.5 improves by 3.8% and 0.3%,
respectively, while the mAP@ 0. 5:0. 95 improves by 3.0% and 0.2%, respectively. These results demonstrate the effectiveness and

superiority of the proposed EDB-YOLO11 algorithm in remote sensing small object detection tasks.

Keywords : remote sensing small objects; YOLO11; lightweight; deep learning
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Table 1 Experiment environment settings

v (RS
BIERG Ubuntu 20. 04
HRIBEF Python3. 10

TREE 24 I HESR Cudal2. 1+Pytorch2. 1. 0

GPU RTX 3090(24G) x2

CPU Intel Xeon Gold 6226R

SEUS R T O Y8 B 24 M8 ( mean average precision,
mAP) Fl mAP@ 0. 5:0. 95 DL KoK 1 B ( precision, P) Fl1 73
[ (recall , R) VE N FIE RS BEVE M 515 , S8R FIiHA
AR R AP FE bR & PP R AR n
(10) ~ (13) R,

TP
P= (10)
TP + FP
TP
TP + FN
1 C
mAP@O0. 5 =?Z}APL‘,10U:0.5 (12)
1 &
mAP@0. 5:0. 95 =NZ‘1 AP, - (13)

R B S8 0 8 SURTE I Zhadd B2 vh /5 2827 2] 1AL
AR B R, TR Y SORAR AL I Sk i E L
P i 75 0 5 B R 38 TR A8 5 R B (floating
point operations , FLOPs) S ffii
3.3 HEEGHRALIS

T AT TR A ) EMSE AR . Downsample T RAE
J5 20 BiFPN F#AE fil 5 7 2UF Focal-WloU 451 2 pR 50X
TSN B AR IR B FE 08, 7E VisDrone2019 %445 4E I
AT T IR0 oV RSN T e e HAR Y
ALSERZE R M 2 Fis

JNFE 4 AT Rl SO0 45 SR TT LUE Y AR A T R v A
A1 YOLO11, 48 1 19 EDB-YOLO11 7£ VisDrone2019 %i #i&
LLEMERNA W ERF, BIKMF, EDB-YOLO11 7£
mAP@ 0. 5 #5F¥5 F42FH T 3. 4% , 7E mAP@0. 5.0. 95 4845
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Table 2 Ablation results of the VisDrone2019 dataset

YOLOI1s  EMSE  Downsample  BiFPN  Focal-WloU mAP@0.5 mAP@O0.5:0.95 P R Z¥E/(x10°) GFLOPs
VvV 0.321 0. 184 0.448  0.339 9.42 21.3
Vv Vv 0.323 0. 184 0.439  0.343 10. 54 20.5
VvV Vv 0.322 0.184 0.435  0.346 8.02 18.9
VvV vV 0. 336 0. 195 0.461  0.355 7.08 21.6
vV VvV VvV 0.329 0. 187 0.455  0.346 9.14 18.0
V \ V 0. 345 0.199 0.47  0.357 8.07 21.0
VvV Vv VvV 0. 336 0. 195 0.462  0.351 5.87 18.4
VvV Vv VvV vV 0.348 0.2 0.475  0.359 6. 86 17.8
Vv vV 0.328 0. 186 0.453  0.343 9.42 21.3
VvV Vv Vv VvV vV 0.355 0.202 0.485  0.363 6. 86 17.8

FAETHT 1. 8% , It BLAEAEHERE AN [ 1w 4 BT T
3.7%M 2. 4%, X4 FHF I EDB-YOLO11 7E K MKS
JE RS T W A A TR A A T S B TR R A e
b, SCEGZE S BN EDB-YOLO11 1 ¥ /b 455 8 3155 5 il
SHCR IR KSR BEAE AT A HE R R, R 19 S B0 Ul
DT 27.18% i EREIL T 16. 43% | 3% A4S HAEHEBESL
R AR T RIR AL, 7E TR &AL R BiFPN
X FHRE R T B sk e K, mAP@ 0.5 -TH T 1.5%, [A
B SR> T 24. 84% , IF Hit & LT R A AR, X
FEHH BiFPN 7EHETHR A B2 (%) [l s, AN 25 S 3 m F 58
Uikit

AL, Downsample T SRAEBIHAE FEALS Hlo f T
RIS AR TSR R T, (R B Tz B e
RO R 45 R A &b . EMSE #5530 76 {4 k5 1 a2 1
FEhb b, BRI HE > TR R SR A B, (R
HA RO TR T8 R, Ak T 4 BERR
ML Y Focal-WloU 451 2% bR £ 78 AS 14 Jin 455 #8031 557
BRI T ARG T T EDB-YOLO11 FOAGIIRG B %
P BRELE A T Focal ToU HOHEEE TR RE 15 WIoU HIFE
AR i [ A AL (A5 A R I 25l B v BB 8 B G
AR B A ) AR ] B0 o AP 0 %o A R
FYSATE R, SRS R R, T A Focal-WloU 451 2% b
U5, EDB-YOLO11 7E I i 4E L) mAP@ 0.5 &7+ T
0. 7% , MR S B T m AR A AL, X —55
IV T Focal-WloU $51 2% R B07E 42 =5 46 0 1 ik A
(] B e B TSR i) v 5Pk R N 3 X W R 2 AR
SRR YN EE 7Y alllEo75 e

25 FRFR  EDB-YOLO11 3# i X5 b 5 A el Ak
AAFE 3 S MG A X /N HAR R R A3 T 3 41
Th R ST R R b, B TR R I S R
IRV
3.4 EBEIXFLL LIS

F T BSAE TR 1B EDB-YOLO11 2 B 76 H 7 46 I

KUTB OB N i o 1 O N 1 vl B VI 7 S 95 S
J5 ] () J LA e i HELAT A MY H R4S 7R 2R 47 X6 L
STy % B4R AL 4 §5 . YOLOVZ . YOLOVS . YOLOv9!™ |
YOLOv10™ [ YOLOv12" DI & MHAF-YOLO'™ | KT 4
T PEAS B MR, A SE g0 7 T 2 i T IE ABLE AR 4
Brif) VisDrone2019 ¥ fE FbAT T XTI, A SEiR iy TE
AHIF P RE RIS T HEAT , DARIIEZS S R ] ok
SEEGEE RN 3 Fin , Wi — 25 1A 8L EDB-YOLO11 7
ForUNAS B2 J S B R W P 5y T A 6 T A 2 A
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Table 3 Comparison of experimental results

Y
sl mAP@0.5 mAP@0.5.0.95 GFLOPs
(x10%)
YOLOv7-tiny 0. 303 0. 154 6. 04 13.3
YOLOv8s 0.32 0. 184 11.13 28.5
YOLOv9s 0. 346 0.204 9.75 39.6
YOLOv10s 0.318 0. 181 8. 04 24.5
YOLOI11s 0. 321 0. 184 9.42 21.3
YOLOv12s 0.33 0.192 9.08 19.3
MHAF-YOLO 0.336 0.195 7.42 26.8
EDB-YOLO11s 0. 355 0.202 6. 86 17.8

M3 M LB A5 R 0] AR EDB-YOLO11 7
FEEEFEHE mAP@ 0.5 il mAP@ 0.5.0.95 D) & 250 Al
TR AR AR ARG T e g 5 . 5 A ) e i Y
AL, EDB-YOLO11 7E32 8%/ H b G 0 A 25 5 5 4
EDB-YOLO11 DARAR A S0 A5 O 1 50 & (kG
JE  FEPE TR IS B ) IR B A5OSR ) A% A P
T EDB-YOLO11 BB e
3.5 HEEZEE

AT 3 iE EDB-YOLO11 #ERI7E AR 37 50 F iz 4k
ST, A g e B T WA 18 B R K00 4 SIMD ™ 5 4:
HodE 48 F1 MAR20Y 2 ROML B 46, K OF £ EDB-
YOLO11 7E /8N H bR il v i 2 3, SIMD 75 4 4l



53 3

T YOLOTI By B s I SRR I 550 - 131 -

A6y ELIE AT [ S Bl H R AR R T TH T R
WA T 5 000 M i B EHE (BHIREHR I RST 1 024%
768 pixels) Fll 45 096 MKASLH AR AR T B IR
53 15 AANFEZEG s T HF A R DL 4% 2595
FAL MAR20 B4 thvidb Tk R2s4e b, T TH
HRCHL BRI AR Rk B S R
FE R 1) 60 % L RAE R 3 842 5K w5 43 HE R 8 Bk &
18, UG AL A DL A AL H bR, 2R3 22 341
ASTRHLEEB], MAR20 $ids 52 095 0 R f 2 HEAL 1 5
s fl LR DA 2 R G PN RS DU B R I A
8 R 2R HARE LT R A Z AR

9T 4 PE A EDB-YOLO11 4 % fiE, B J5 46 /Y
YOLO11 %1 5 ol #F J5 (9 EDB-YOLO11 # %1 43 51 7
SIMD F1 MAR20 #4464 47 1712 505, Horf SIMD
BRI T 200 %, MAR20 34145 T 300 %, 52
BRI 4 A1 5 R,
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HYERL % EDB-YOLO11 7E SIMD #% &% 5 75 3 4 4 1 1
mAP@0. 5 $27}+ 7 3.8% ,mAP@0. 5.0.95 $27}+ T 3% ; 1&
MAR20 ZZH KHLEHE 5 B/ mAP@ 0.5 27+ T 0.3%),
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3.6 EWERTMUESHT
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[F) 3 e AT S, ELAARAL 4 24 4 1 s e B N DR
LR o R e AW I VYN E i Y R e
XY e A HLA A R I B 2 M | BB U5 SR B R A 4%
FRSEBREE N R, R E5 REanE 6 iron .,

(a) YOLOI 1

(b) EDB-YOLOI1

K6 YOLOI1 5 EDB-YOLOTT il R Xt b
Fig. 6 Comparison of the detection effect of YOLO11 and EDB-YOLO11
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Table 4 Generalization experimental results
on the SIMD dataset

R mAP@0.5 mAP@0.5:0.95 P R
YOLO11 0.707 0.538 0. 695 0.711
EDB-YOLO11  0.745 0.568 0. 740 0. 685

F5 MAR20 ZHKILEER
Table 5 Generalization experimental results
on the MAR20 dataset

il mAP@0.5 mAP@O0.5:0.95 P R
YOLO11 0. 895 0. 680 0. 850 0. 843
EDB-YOLO11 0. 898 0. 682 0. 851 0. 837

WE 6 i/, 765 22 13 B s T, ik off #55 Al
YOLO11 f77E— 2 B8 B 0 e K6 5 1 A ], EL1AR 7T 75
FEAA A ) TS B 50 h, YOLO1T 488 Tl K
Bl BAFAERG RS R IR IS B s 72 N B2 5 42 4
AR T O s B T ST IR AT, H
8 HAT 74 T 24 5 5 A A 5 77 7 1 [B) O B 4%
ZMEEG T, BT RS 2 | A5 ARG I 45 SR 1 — 28
b, AR BRI R 24 X — 3R =R T
ZAKINE . FRPIS R, YOLO11 7EALFE AT Z 75 5
AL HAR SARIR B SRS F 19/ H RS AT 55 1sf 45
UEEERER oA
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