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Improved YOLOvV8n lightweight detection model for remote sensing images
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Abstract: Aiming at the problems of high detection false alarm rate, low detection accuracy, leakage and false detection
caused by dense target arrangement, large scale difference and complex background of remote sensing images, a remote
sensing image detection algorithm YOLOv8-EP based on YOLOv8n is proposed. Firstly, a feature focus diffusion
pyramid network (FFDPN) is constructed to capture multi-scale information through parallel deep convolution. while
adding a diffusion mechanism to diffuse the feature information to each detection scale to enhance feature interaction. A
lightweight task align dynamic detection head (TADD) is designed to improve the localisation and classification
performance of detection through feature sharing and parallel task processing. Then, the SimAM attention mechanism
is introduced to capture key information in the image and increase the model sensory field. Finally, the Inner-CloU loss
function is introduced to improve the detrimental effect of low-quality images on the network gradient and accelerate the
model convergence. Experimental results on the NWPU VHR-10 dataset and RSOD dataset show that YOLOv8-EP
achieves a mAP of 97. 6% and 97. 9%, respectively, with a 13% decrease in the number of parameters, and improves
by 2.2% and 1.5% compared to the YOLOvS8n baseline network, which can meet the requirements of industrial
deployment and achieve good detection performance overall.
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Schematic diagram of task align dynamic detection head
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FE vehicle 28 B 28 W 2% AV 3k B T 80. 7%, 7 W3k 4 3k 3k
BT 87. 6%, B A EARMIEA R ., JuHE basketball court
F tennis court 28 Y p FHKG BE 4> B & LR 6. 9% Al
8. 5% JMERIH YOLOVS-EP W %% B A B 41 il & e bk,

A M TGS RTINS N E Z AT
[) P 0 3K 3 O g A A 45 2R, TR HLJE: overpass 2818
W 5t BE R 46 3. 990, 4% 28 I RS B SR AN 3 [l R K ik
T TR %, B0 E T Bt 99 45 A AR I 45 2K 32 SR H bR AR
S BRI BE
2.5 HERKIE

h T HE— 2 PR A L H A T YOLOVS-EP ™ 45 1) 53
R AN M I X L 45 B AR B o A AR B 1K 5 ) L A
NWPU VHR-10 % 4% % 1 RSOD $ 4% % ¥E 17 T 18 fh 52

#3 NWPU VHR-10 & b £ R
Table 3 NWPU VHR-10 dataset comparison results
%

YOLOv8 YOLOvVS-EP

25
P R AP P R AP
airplane 97.6 98.3 98.5 95.3 97.2 98.3
ship 92.3 97.6 98.2 98.3 98.0 98.5
storage tank 93.9 94.6 97.8 96.5 98.9 98.7
baseball diamond 93.7 95.2 98.0 97.9 98.6 98.3
tennis court 92.3 87.3 89.6 97.8 94.3 98.1
basketball court 90.6 86.2 91.0 95.8 93.4 97.9
ground track field 93.8 95.4 96.9 97.3 94.5 96.7
harbor 93.6 92.1 96.5 96.8 97.9 98.4
bridge 94.4 96.2 97.6 97.5 98.4 98.8
vehicle 86.8 80.7 90.2 89.8 87.6 92.3
Avg 92.9 92.4 95.4 96.3 95.9 97.6

R4 RSOD HIEEILLER
Table 4 Comparison results of RSOD datasets %

R YOLOvS YOLOvS-EP
2

P R AP P R AP
aircraft 97.1 91.3 98.2 98.5 91.4 98.4
oiltank 98.3 92.2 96.4 96.3 92.1 98.5
overpass  92.5 84. 3 92.0 92.7 96.8 95.9
playground 94.0 95.6 98.8 94.5 98.6 98.7
Avg 95.5 90.9 96.4 95.5 94.7 97.9

B, 25 MFE 6 43FH L YOLOvS R Sy Jegk 75 A [
HIGE T A SR g5 R, Hp “V” BEREHT
AH LR, 23 P ) 2 7R o il A B

&5 NWPU VHR-10 HiIEEMHMERER
Table 5 Results of ablation experiments on the NWPU VHR-10 dataset

e FFDPN TADD SimAM Inner-CloU F1 mAP50/%  Params/10° GFLOPs
Baseline 92.7 95.4 3.01 10. 2
a J 93.1 95. 6 3.05 9.5
b N 92.7 95.9 2.25 8.7
¢ J 92. 6 95. 2 3.01 10.1
d N/ N 93. 4 97.0 2. 62 9.6
e N/ N/ 93. 6 96.7 3.05 9.5
f J J 94. 9 96. 8 2.25 8.9
g N N N 95.8 97.3 2.62 8.7
h N N N/ NG 96. 1 97. 6 2. 62 8.7

iR 5 R AL SE e A5 R W LA L fE 5] A FFDPN
Fill A 22 RO RRAIE I o A 11 22 22 U 141 A9 3 432 R b 20 A58
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mAP50 25 T 0. 5%, 28 & T 0. 76 M,GFLOPs 1L}
8. 7 ORI, BA— M in A SimAM 1 3 A HLE G . B i 4 15
HERE WA G, SHURIEE MR R T, LK
HONHEM . BT ReX— R, RAT SimAM 5 FFDPN
1 TADD £k B A DAL, eI Zrad B vh i 4T T % 3 R
FV: 32 77 43 P SR W 1 R, ol 45 8 1 AL RE A T i 5
HABEE Y R TAE R T TR DR ., A4 AT R

o AU T B R T e

F6 MWLM R GRS LML B IIAS
B, eI 5] A FFDPN #1 TADD # il 3k & , B8 () F1
1845 F mAP50 4 BIHEE T 1. 2% F0 0. 7% , #2 FHIE BE IR
1o LT A3 M, S 0 DR B O [ B S I A B
Jo GBI RO AR AL B e R AR B . N T P X
— [) i, S E N 2 ) B AEAT B AL 45 A Adam 1
A S AE DI G5 o AR v p R I 26 QR 3 2 S 3, DU R B i )
)R A R T RIS B {E AR Y G 48 T e
LN 0.7%.

F6 RSODHIEEMHRMEIER
Table 6 Results of ablation experiments on the RSOD dataset

i e FFDPN TADD SimAM Inner-CloU F1 mAP50/%  Params/10° GFLOPs
Baseline 93.1 96. 4 3.01 10. 2
a N 93. 2 96. 6 3.05 9.5
b J 93.5 96. 8 2.25 8.7
¢ J 92. 9 96. 2 3.01 10. 1
d NG NG 94. 3 97.1 2.62 9.6
e N J 93. 6 96. 7 3.05 9.5
f J N/ 94. 7 97.3 2.25 8.9
g N N N 94.9 97.8 2.62 8.7
h J J J N 95.1 97. 9 2.62 8.7

TEE B 5] A FFDPN,TADD il 3k .SimAM F1 Inner-
CloU #i 2% oA S5, # WK B 3% 8 T &% 48, F1 48 4> AN
mAP50 43 Bl T 2.0% A 1.5%, R S 8 i T R
0.39 M, mis B i s A RAFTE 8. 7, X — k45 R KW,
A PG IR BRI S W R A S G I AL
PR TR A () B ARG DU M B IR TR R T BRI AR
S EORPEE TR, Inner-CloU 1 2k pR B0 8 11 2 & ol 3%
T3 FAE [ UA RS BE L A R R 8 2 R B A, (A
PR TZE Y 25 5 72 rp R 48 T O 1 S B B A X 3, DA 42 5
TS5 28 I R TR T
2.6 S5HMERMITLLE

g @ TR e 3 YOLOVS-EP W 25 i1 46 0 % 38 , A<
WF5E & $% T Faster-RCNN, RetinaNet, SSD, YOLOv3,
YOLOv5s, YOLOv5m. YOLOv7-tiny, YOLOwvSn,
YOLOv8s . RT-DETR. 3C#k [34]., 3C#k [35]. YOLOv9-c,
YOLOv10s 5 YOLOvVS-EP £# . 7E4H [7] /Y Bc & A BE T,
53 AHE NWPU VHR-10 $s 42 1 RSOD %48 4 #6147 %
STH LR T ORNFR 8 B A R4 R I L 2

M 7 BRI S5 R LIE B 8 NWPU VHR-10
Bl 4 F . YOLOVS-EP M % i) mAP50 th Faster-RCNN
1 SSD B @ 20.0% H118.9% . W A, AH T H Al
YOLO # # H 47 B & /9 48 #, X mAP50 fH 4> 5 H

7 NWPU VHR-10 HIEER L LR ER
Table 7 Comparative experimental results for the
NWPU VHR-10 dataset

F1/ mAP50/ Params/

(=R Backbone % y Lo
Faster-RCNN ResNet50 76. 8 77.6 114. 34
RetinaNet ResNet50 75.9 78.2 55.4

SSD VGG16 75.7 78.7 104. 6
YOLOv3 Darknet53 78.9 82.5 103.70
YOLOv5s  CSP-Darknet53 84. 6 88.5 7.10

YOLOvSm CSP-Darknet53 87.5 91.5 29.25
YOLOv7-tiny  Darknet53 87.4 91.9 6.06
YOLOv8n Darknet53 92.7 95.4 3.01
YOLOvVS8s Darknet53 89.3 92.7 11. 14
RT-DETR HGNetv2 92.3 94. 3 32.85
SCHKL34] Darknet53 92.6 94.6 —
SCHKL35] ResNet50 — 94. 8 49.9
YOLOV9-¢c — 89.0 92.4 25. 34
YOLOv10s — 86. 4 93.0 8. 06
YOLOvV8-EP  Darknet53 96. 1 97.6 2.62
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Table 8 Comparative experimental results for the RSOD dataset %
Bk F1 mAP50 - - AP
aircraft oiltank overpass playground
Faster-RCNN 79.6 81.5 87.9 92.3 72.5 73.3
RetinaNet 82.3 84.2 88.3 89.6 78.4 80.5
YOLOv3 86. 8 89. 3 90. 7 97.7 79.6 89.2
YOLOvSm 92.3 93.4 92.7 97.2 86.1 97.4
YOLOv5s 94.5 95.1 94. 4 98.1 89.4 98.5
YOLOv7-tiny 92.0 93.7 93.8 97.9 85.7 97.2
YOLOv8s 92.8 94. 8 94.7 98. 1 87.9 98. 4
YOLOv8n 93.1 96. 4 98.2 96. 4 92.0 98.8
YOLOv9-c 90. 0 94. 2 95.7 96. 0 91.1 94. 1
YOLOv10s 92.3 94.9 97.4 96. 3 89.4 96. 5
YOLOvS-EP 95.1 97.9 98. 4 98.5 95.9 98. 7
YOLOv3. YOLOv5s, YOLOvSm. YOLOv6. YOLOv7- BEAh, 22 8 10 S 0 45 R R W] AS AR 5T 1 1Y Y e a2 A 2R

tiny. YOLOv8n il YOLOv8s M %45 m T 15.1%.9.1% . B F1 #3453 H mAP {535 3 0 T ALk 24, 78 454 B AR
6.1%.11.3%.5.7%.2. 2% 1 4. 9% . I H. F1 54> ¥ i =5 )G O o ARG RS RE T T L TG 2SR Bk BR PR AR Ak B
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Fig. 9 Variation curves of mean average precision for different models in RSOD dataset
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Fig. 10 NWPU VHR-10 dataset detection results
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Fig. 11 RSOD dataset detection results
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Fig. 12 Heat map visualisation of the NWPU VHR-10 dataset
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