Fd44% F2H koM OE I XK ¥ ¥ R Vol.44 No.2
2025 F4 A Journal of Shenyang Ligong University Apr. 2025

XEHS . 1003 - 1251(2025)02 - 0007 - 06

HE F M3t EAF-YOLO WR E L 1Z B B &+

(S

(VL PR T K22 (5 B Rk2E S TRE2E6E, TEFH 110159)

o OE. AT R AR R AR AR AR E AN EABEAS B EEFIRE AT T IHEY
B4Rk — AP 82 SR R A4 M) 7 sk EAF-YOLO, #27 v YOLOVT #E % A & & R A Ef-
ficientNet 4F FE32 B W 284F A 2 B BB T M4 ARBE A A3 EAE 2R Sk 3Rt $ AT & M e = 1)
B FRAACE R RBRR LR bl A, B R AT AF AR B0 A AL 7 R A WloU 7 & & 24
FwE Ak, BiEm R ARG T R GEA 69 Rk A R I % DIOR #4T
S % EAF-YOLO A A 4 45 #8 12 3] T 90.3% , 54T 4 9.3 x 10°, & W )| 4 )& o B 7 45
YOLOV? ERE ey AT &R0 TEBRAG T LT RARG T T,

X 8 . ZRBEMAEN ;25 ,; YOLOVT ;EfficientNet ; R X #

FES5ES . TP391.4 XHfERER: A DOI.10.3969/j. issn. 1003 —1251.2025.02. 002

Lightweight Remote Sensing Image Detection Based on Improved EAF-YOLO

HOU Linjing, LI Fang

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract; To address issues of deploying remote sensing image object detection models in low
computing scenarios such as drones, satellites, and mobile devices, a novel method utilizing EAF-
YOLO for lightweight remote sensing image detection is proposed. The model is based on the
YOLOvV7 framework. The EfficientNet feature extraction network is utilized as a lightweight back-
bone network to diminish the model parameters. A spatial pyramid pooling layer is crafted with a
consecutive configuration within the Head section, improving the scale interactions capability and
fortifying the aggregation capacity of feature information. The model employs the WIoU loss func-
tion as the regression loss,allowing for the adaptive adjustment of weights for difficult samples to
enhance the detection performance. Experimenting with the remote sensing dataset DIOR reveals
that ,the EAF-YOLO model achieves an precision of 90. 3% , while its parameter count decreases to
9.3 x 10°. Due to its low parameter count and computational intricacy , it is apt for utilization in re-
mote sensing scenarios where there are constraints on computing resources.
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Table 1 Comparison of the results of different feature extraction networks

ERRCES KW/ % ZH/10° /s ! mAP@0. 5/%
GhostNetv2 1) 89.0 33.0 46.3 88.9
MobileNetV3!'7] 87.2 24.5 53.8 85.2
EfficientNetBO 88.7 11.8 85.6 88.6
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Table 2 Comparison of experimental results of loss function

el SHHE/10° GFLOPs K%/ % mAP@0. 5/%
YOLOV7 + WIoU 37.3 105. 4 89. 4 89.5
YOLOV7 + CloU 37.3 105. 4 88.6 88.6
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Table 3 Ablation experiments

ik it
i S /109 GFLOPs LB
EfficientNetBO SPPAFC WIloU
YOLOV7 x x x 37.3 105. 4 88.6
A v x x 11.8 20.3 88.3
B v vV x 9.6 18.9 89.4
C vV x vV 12.0 20.9 89.7
D x v v 30.3 99.7 89.8
E vV vV Y 9.3 18.3 90.3
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Table 4 Comparative analysis of detection effectiveness with different algorithms

Bk K2/ % ZH/10° O /s ! mAP@0. 5/%
Faster-RCNN 86. 4 137.1 11.6 71.1
RT-DETR 89.5 33.0 16.5 88.9
SSD 91.0 26.3 48.9 70. 1
YOLOV5 90.0 7.1 63.4 86.0
YOLOV7 88.6 37.3 67.1 88.6
EAF-YOLO 90.3 9.3 80. 4 89.7
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