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Remote sensing image detection algorithm based on improved YOLO11

Song Zihao'

(1. School of Electronic Information Engineering, Hebei University, Baoding 071002, China;
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2. Energy Saving Technology Research Center, Hebei University, Baoding 071002, China)

Abstract: To address the challenges of complex background, dense small target distribution, and diverse target scales
in remote sensing images, an improved algorithm based on YOLO11 was proposed. First, ghost convolution was
introduced into the backbone network to significantly reduce computational load and parameter count while maintaining
model performance. Second, a hybrid network module was designed in the backbone, incorporating three types of
modules to enrich information flow and enhance feature extraction capabilities. Finally, a semantic-aware cross-layer
multi-feature fusion approach was adopted, replacing the original P5 layer with the P2 layer to strengthen multi-scale
feature fusion capabilities, effectively improving detection accuracy and mitigating the difficulty in extracting small
target features from remote sensing images. Experimental results on the VisDrone2019, AI-TOD and RSOD datasets
demonstrated that the improved YOLO11s model achieved mAP50 increases of 2. 8%, 5.1% and 5.3% respectively
compared to the original YOLO11s, with a 31% reduction in parameters, validating the effectiveness of the new
algorithm.
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Fig. 2 Module framework of YOLO11
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Fig. 3 Improvement of YOLOI1 structure
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Fig. 4 GhostConv module details
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Fig.5 Feature map visualization comparison
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Fig. 6 MCNet module structure
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Fig. 7 Neck feature fusion structure
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AR L AR E SR 1 s, B ER
F 4 ik NVIDIA RTX 3090 &k CAE BTF 24 G, kb
PR E FH Intel Xeon Gold 6226R; I FF 2% > B4 38 85 4
Ubuntu 22. 04,Python 3. 10.CUDA 12. 1.PyTorch 2. 1. 0,
UG S B AL AR R 2R S YK (Epochs SN 100D,
AL H /N (bateh size) 2 16, iy A % St (image size)
7 R 640X 640, HAlEE S HOIR A E L BIATC & .
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Table 1 Experimental environment
R e {5 B
BERSR Ubuntu 22. 04
FEIES Python3. 10
TRIE 2 S HEZR Cudal?2. 1+ pytorch2. 1.0
GPU RTX 3090(24 G) X4
CPU Intel Xeon Gold 6226RX 2
3.2 HIEHE

9T YR IE M HE B A B, 7R AT-TOD 38 85I
4E \DIOR 32 B85 45 F1 VisDrone2019 ¥4 b 34T 7 52
¥, AIFTOD #4452 % i as B P 9/ B AS Rl i 5
TR & F v AL 45 28 036 3K @ 20 BER A KR A0 8 A~ i
T3 SR 0T B SR R 4 I T AR (1 214 5K) (56
UEF4E (2 804 ) ANk F 4 (14 018 7k) . DIOR % ¥ 4
Re—ANE B R E R B AR RS I A5 38 N T2 B R R A
BB B SRS 23 463 TR IERIGR 20 RhE B0 Kot
LRI 5 IR F4E (5 862 7)) VIR UEF4E (5 863 5K Al
X T4 (11 738 5K), VisDrone2019 % 4l 4E & K K 2% 52
B 25 A A AR 45 B0 A 2 3 S RO IR AR R b AT H B 1Y L 1%
R AL 8 629 TR A PER TS ERA 10 251,558
YT (6 471 5 IIET4E (548 5O A F4E (1 610 5K,
3.3 LINIFEIER

ST B EE R A A i S 56k B DL R AT
FEAR R R CP ) F FRCR ) R (mAP ),
ZHE Kt B (GFLOPs ), 5 AR R

TP

P=Tp1rp Sl
TP

R= TP +FN $62
1

AP :JP(R)dR )

mAP = %EAP, (8)

Her, TP (EBME b IEFRM M HEREA, FP (|
FEAE) R 4851243 25 R BE M B AE AR, FN (IR B S &
P& BB IR 2 B B BH R A . AP 2 R L P
WERGZR (PO N F 3 CR ) Rl i 2 g 28 F 09 1w
B b ARFRERAE P Y B AR S8
3.4 HELSIS

R T EAE 3 R AYA R: L 7E VisDrone2019 %
HATIHELSC Y, TR RNE 2 i, T YOLOLLs i
FRHI A BRI A S HIE AT S0 80 . Hoh  BTHe A B8 B,
B C 43 4 F iy R 5L MCNet Bk | B5 2 FRHE AL & +
P2,/ PRI T ik

Baseline 78 JiLIAE 7% YOLOL11s, H P .mAP50, &
B8 M GFLOPs /3514 41. 9% .30. 8% .9. 41 1 21. 3, ¥
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Table 2 Ablation study on the VisDrone2019 validation set
FE i A iR B iR C P/% mAP50/% Params/10° GFLOPs

Baseline 41.9 30. 8 9.41 21.3
YOLOI1s+A J 42. 4 30. 8 8. 46 18.6
YOLOI11s+B N 41.9 31.1 9.38 19.8
YOLOI11s+C N 45.5 34.5 7.32 27. 4
YOLOI11ls+A+B+C N/ N N 44. 4 33.6 6. 46 23.7

FTMETHEEERERNMURER)G, SHETHET
10. 1% HFE R T 12.2% . [ P 1 mAP50 43 512
F+T 0. 5% F1 0. 3% . 15 HA e 2 35 B 0 A I AR B R & %
4 ] A 34 0 1 5 76 32 T 0 4% 38 4 I A MCNet 85 3k 5
mAP50 FFHT 0.3%. SEERM T, A ERIT
8. 9% LI T R EAL LB 458 51 A £ RUEE 15 2 FRAE il
GHP2 MG, PRI T 3.6%, mAPSO R T 3. 7%,
SRR T RRAE R A B8 A1 s S R R O BT A kAR
5 Bascline It P Fl mAP50 351425 T 2. 5% F 2. 8%,
ZHEW/DT 31. 4%, BRI B W i b T, (5 = At 45 5
TE PR A A R BE (4R T, UE B 9T 42 10 A9 0 2 B 8 78 AR IE
FE B 0[] Al 3 B AR T 5 2=
3.5 xftbsmg

S T I S S A R A A Rt R A R A R R &
0, 78 VisDrone2019 % 5 £ 1 5 H flb & 3t 58 3 4n
YOLOvV5, YOLOv8s, YOLO11s, YOLOv12s, YOLOv13s
AT X HAR B, ST A R 3 iR,

% 3 VisDrone2019 # & & 9 %t Lk 008 #1E

Table 3 Comparative experimental data for the
VisDrone2019 dataset

F Al P/% R/%

mAP50/%  Params/10°

YOLOvS 41.2  32.5 30.0 9.11
YOLOv8s 42.5 33.7 31.6 11.1
YOLOI11s 41.9 33.0 30. 8 9.41
YOLOv12s  40.9 31.8 29.5 9.23
YOLOv13s  40.3 30.4 28.2 9.00
it YOLO11s 44.4 35.6 33.6 6. 46

h3 3 W LI, YOLOvV8s M 254 8 78 & 18 YOLO
BERD v B B B R RS B (A S MR il
FETE A W 25 AR FR 5 F B K 1] 8 s YOLOvS Bk B B AIK
B2 B0 RT3 T4 A B A o 1Y) 0 445 245 4, {EL7E 32 S8/ B
Bk DU AT 45 o G i 3 DR DU ORS BE L A I sk SR R4
YOLOvI2s 5§ YOLOv13s 7E88 2 5 1Y [ I 3 oK 7 ok
Tor i A BE 5 A3 [0 A0 $2 T, SO 3R R T B 16 W B gl
AT R R A9 3 K AR BB AR 4 iy 335 13 3 J8/N B b 4
%, MHZTF, YOLOlls ZER E S B W& | ff F
YOLOvS Hil YOLOvS8s, {H AT S5 AR SR B K A FE 1T

BOFAYE R AR A, A YOLO11s, dh 2 Jm il B 08 i
Pl mAPS0 A4 FT 2.5% M 2.8% . ZH WD T
31, 4 Y6, 76 G P RE B T 1) IR B, AR T B A S 4, S
BT MWz b, IR T i F YOLO11s B
A R T T RN B AR B fE

R T YRR SO R (432 A L 1 A R AR R S
BAEAE B VisDrone2019 4R 4 #e i AT-'TOD %k 45 4 A1
DIOR %f 4 , 3 2of 52 56 v] 75 4% 300 o 66 35 b5 09 &5 3%, 40
F 4.5 PR,

F 4 AL-TOD %#E £ ¥t bk L 18 B HE

Table 4 Comparative experimental data for the
AI-TOD dataset

A P/% R/% mAP50/% Params/10°
YOLOv5 52.9  29.2 29. 6 9.11
YOLOv8s 56.0 31.8 32.1 11. 10
YOLOI11s 57.9  29.3 29.3 9.41

YOLOv12s  54.0 28.2 28.3 9.23
YOLOvI3s  43.6  34.9 33.5 9. 00
M YOLOIls 60.0  33.0 34.4 6. 46

£ 5 DIOR ##EE XTI LL LI HE

Table 5 Comparative experimental data for the
RSOD dataset

g} P/% R/% mAP50/% Params/10°
YOLOI11s 73.3  67.0 68. 7 9.41
gk YOLO11s 84.1  72.5 78.5 6. 46

F2 4 A5 AT LAY B S A9 YOLOv11s [ 45 458 70
R TP fE 38 b B ¥ A W B4R T MR T R R
YOLO11s, 7 AITOD ##54E & P .R.mAP50 43 5| #& 7+
T 2.1%.3.7%.5.1% ; 7E DIOR %¥t#t 4 I P .R .mAP50
AT T 10. 8% .5. 5% 9. 8% . IF B T BICHE 7 1 A AR E
Do 26 ek b 1Y T) B A S5k 3 AR T R AL B AR R I BB
WU R R S T8 RN E BR R AE B Y SR .
YOLO11s 53k 5 ootk J5 5535 19 /0 B Ar A 0 2 45 4F & 4n
8 i,

JT HIEIXE L YOLO11s 858 5 ok ik )5 0953
TE AI'TOD B4 |\ Visdrone2019 U HE 4 (1 58 43 B 14 3k 47
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(a) YOLOs/IN H ARl R 45 Bl
(a) YOLOL11s small object detection layer feature map

(b) BUk)E /> B AR E AL B
(b) Improved small object detection layer feature map
8 BCHERTR A9 I 2 AR 15X L
Fig. 8 Comparison of feature maps in the detection layer

before and after improvement
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