1’—;;@:;,(‘ I S R S S N 549 % 55 4 M
Bl ) iy g 3
ELECTRONIC MEASUREMENT TECHNOLOGY 2026 4F 2 H

DOI:10. 19651/j. cnki. emt. 2519854

X EAVNIEREZTIm BiRPFREM T

(ﬂ_#ﬁlz ZJ‘{%EIZQ Zbﬁ‘f‘#‘lz 5._ 55 % uglz
(L PRRXEMFRIFZEA LD SN ABERENE LB T ELKRT KR 0300512, PR F oA 534
IEFR KR Ojoool;d.ﬁﬁak%f%i)’x%ﬁlﬁ%5@%‘]’1\ﬁ.\ii—@"&‘i ¥ & 400044)

W OE: AR RGN AL IR 5 8O0 AU SR B AR e 7 s DL B 1 S S e Y [A)
FA T — P T % To AN HUAE i 5 2% 0835 38 358 T i s B B5 BF U2 £ J7 75 « DA “backbone-neck-head” A & A4 () 46 4244, 5] A
EREBEE Y R 4R L RO AR N 4% LR 2 A S B, F L Focal Loss Fl DIoU Loss A 25 & it 2K bR %X,
SRR AE BN 22 I ARG 0 B 5, AR T X AR AR A B BE 7 MOTAT B T o B 1 5 3 T RO R 45 4 1 B89 A L5 T A BB 2R
T8 4R — b b IR A SR A A SR W DT AT SRR AR TR R s B T AR T A SR M, MRS R WL AR SO B
mAP@0. 5. mAP@0. 75 Al mAP@0.5:0.95 43 BT+ T 6. 0% . 7. 2% M 5. 9% , R S H i 5 GFLOPs /3l (k&
17.1% 5 12. 0% KE BE UK HIAE 4. 1% N . B A RIEE T 6 1 00308 0 0F B, B WRE R T 34 fps. fig
% 45 i Hb 2 JE N HILAYE K i o B RS TR S A A o R S S P R R

KEEW . AN AT B AR PR S AL AR R B s 2 RO MR Bk

FESES: TP193;TNIS X ERFRIRAD: A ExRtrAFR S LR 52020

Front-end UAV method for target recognition and localization in
complex combat environments
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Abstract: To address the challenge of balancing accuracy and real-time performance in front-end target recognition and
localization for drones in complex battlefield environments with limited onboard resources, a front-end target
recognition and localization method for drone operations in complex battlefield environments was developed: Using a
"backbone-neck-head” as the basic network architecture, a non-local attention expansion module, a global multi-scale
decoupled network, and a lightweight bottleneck module were introduced. Focal Loss and DIoU Loss were employed as
the combined loss functions to achieve feature modeling and multi-scale detection enhancement, thereby improving the
ability to capture features and enhancing accuracy; based on dependency graph-structured pruning and channel-wise
knowledge distillation, a collaborative lightweight strategy was proposed, effectively reducing model complexity and
improving embedded deployability. Experiments show that this method improved mAP @ 0.5, mAP @ 0. 75, and
mAP@0.5:0.95 by 6. 0%, 7.2%, and 5. 9% respectively, while reducing model parameters and GFLOPs to 17. 1%
and 12. 0%, with precision loss controlled within 4.1%. Finally, deployment validation on embedded hardware
demonstrated a frame rate of 34 fps, effectively meeting the accuracy and real-time requirements for front-end target
recognition and localization during drone operations.
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Fig. 1 Image characteristics in complex battlefield environments
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Fig. 3 Schematic diagram of the lightweight bottleneck module structure
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Table 2 Performance comparison of improved algorithms on the battlefield typical target dataset
Bk Params/M GFLOPs/G mAP@0. 5 mAP@0. 75 mAP@0. 5:0. 95
YOLOv3-s 58. 6 155.3 0.672 0.608 0.562
YOLOv3-SPP 59.6 156. 1 0.703 0. 641 0. 584
YOLOV5-s 6.7 16.0 0. 725 0.662 0.617
YOLOv5-1 44.0 108. 3 0. 817 0.751 0.675
YOLOv7 35.4 105.1 0. 840 0. 766 0. 687
YOLOV9 29.8 118. 2 0. 867 0. 781 0. 705
YOLOv8-n 2.8 8.2 0. 754 0.673 0.608
YOLOvS8-s 10. 6 28.17 0. 809 0. 745 0. 648
YOLOv8-m(baseline) 24.6 79.1 0. 858 0.782 0.686
LMA-YOLO 33.6 98.5 0.918 0. 854 0. 745
x3 AEERKZME
Table 3 The impact of different modules
) LAF NAE MDF )
YOLOvS8 Loss Params/M GFLOPs/G mAP@0.5 mAP@0. 5:0. 95
Module Block Net

N X X X X 24.6 79.1 0. 858 0. 686
N N X X X 28.7 88. 4 0. 876 0.697
N N N X X 31.4 92.03 0. 885 0. 709
N X N X X 28.1 87.9 0. 865 0.693
v N v N X 33.6 98.5 0. 904 0.725
N/ N N/ X N/ 31.4 92.03 0. 896 0.722
N/ N N/ N N/ 33.6 98.5 0.918 0. 745
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Fig. 10 Heatmap visualization comparison
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Table 4 Effects of different modules on specific interference
F#  YOLOvS LAF NAE MDF Loss
1% 0.801 —+0.041 +0.025 +0.032 +0.019
JHE Y 0.812 —+0.028 +0.055 +0.036 +0.014

ANEFE 0.739 +0.022 +0.018 +0.068 +0.037
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Table 5 Performance comparison of lightweight algorithms on the battlefield target dataset

Bk Params/M GFLOPs/G mAP@0. 5 FPS(GPU) FPS(CPU)
YOLOv8-n 2.8 8.2 0. 754 366 42
YOLOvS-s 10. 6 28.7 0. 809 267 24

YOLOv8-m(baseline) 24.6 79. 1 0. 858 222 18
LMA-YOLO 33.6 98.5 0.918 213 11
LMA-YOLO-P 5.76 11. 83 0. 877 354 36
LMA-YOLO-PD 5.76 11. 83 0. 894 354 36
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Fig. 14  Single-target detection result
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