2 xx B x e T 2 Ed Vol.xx No.x
202x # x A ACTA ARMAMENTARII Xxx.  202x

DOI: 10.12382/bgxb.2025.0938

[HERe it R={ib L 23 ¢l 3T
c2b VAN ER X 52 D k7S

R, TR, IRE, ki
(VERHBEL RS $eg TREYBE, 17 JLFH 110159)

WE: ZENMETeEE R ﬁiﬁ%iﬁT§$E}ﬁ@ EHRSN A% E. BEREFBRREZMEE
SR, MZEZEEXANTFEXEANSRTARE, %7%'#/‘\35“] 7k ML B R B S SRR E K. A,
R —fEEEE ’5%"”“5]55’7%3\3\?2%/] Errte il 77k, BARHENEETEN, FINKEHBEE
193 % .- Z (Red Green Blue Gray, RGB-Gray) ¥ i i& #y N\, DU 5E /N EH AR o038 5 i 40 0 R AE 32 B A
71 E#%‘ﬁmﬂk“ﬁ"?ﬂ/:’/ﬂ SABENP2RNE, ARARLIEENPS B, UERIEHEEWERERELSE
Ze By WATE T W B & N % 8 W4 X C3k2 # 3 (Gated-based Adaptive Lightweight Dual-branch Cross Stage
Partial Bottleneck with 2 Convolutions, Conditional-C3k2)#£ 3% | T & R Z SR B L TG, FIAITENF A
MEETNXERERE, TARECERNEEN,T; #—FPXAREMENERREGEHNUEFA L R EFHIE

BAME, WA, mHFH ANk, FHE @A AR % (Varifocal-SloU-Area-weighted Loss, VSA-Loss), DA
hALFAEE TS 5K, THhERKH: Frif GCSD-YOLOvIIn H ik % VisDrone2019 5 % | % 4 41 f
N E R B % 25 ¥ &£ (Military Vehicle Remote Sensing Dataset, MVRSD) _E 344 & 34 4 2 v 45 2 7 7
RAT 13.0%5 7.4%, £+ MVRSD 4 A F A 2| 86.4%, [ it 8 5 5 & A48 E % 29.4%; % & % &£ MAR20
FEWNHEE L TFRIAERBEN MG, RIETHESELEEZRGYE THRE BN ENEHEKE,

KER: PNEARBRN; BEANL; ZREFLERS; ZNERESRLN; TANME

FPEQ%%?. TP391.41 SCHERFRASRD: A XEHS: 1000-1093(202x)xx-250938-20

A Multi-Channel Lightweight Small Object Detection Algorithm for Low-
Altitude Reconnaissance Scenarios
ZHAO Yang, WANG Xiannan®, GUO Ce’an, ZHANG Jian
(School of Equipment Engineering, Shenyang Ligong University, Shenyang 110159, Liaoning, China)
Abstract: Military targets in reconnaissance and remote sensing are characterized by small sizes, dense distributions,
complex backgrounds, and significant scale variations, while limited computing resources of unmanned aerial
vehicle (UAV)platforms hinder achieving both high accuracy and real-time performance. This paper proposes a multi-
channel lightweight detection algorithm for such scenarios. A grayscale auxiliary channel is introduced to construct a
red green blue gray (RGB-Gray)four-channel input, enhancing fine-grained texture and edge feature extraction. High-
resolution P2 is enabled and low-resolution P5 is pruned to reduce model complexity. A gated-based adaptive
lightweight dual-branch cross stage partial bottleneck with 2 convolutions(Conditional-C3k2) module with dynamic
gating is designed for adaptive feature fusion, and a lightweight cross-stage aggregation structure is adopted to
improve multi-scale integration efficiency. An enhanced dynamic head and a varifocal-SloU-area-weighted loss (VSA-
Loss) function with an area-weighted mechanism optimize performance. GCSD-YOLOv11n improves Mean Average
Precision by 13.0% and 7.4% on VisDrone2019 and military vehicle remote sensing dataset (MVRSD), respectively,
with MVRSD accuracy reaching 86.4% and parameters reducing by 29.4%. Strong generalization on the MAR20

dataset verifies robustness in complex military imaging, providing an effective solution for real-time airborne
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reconnaissance tasks.

Keywords: small object detection; lightweight network; multi-channel feature fusion; you only look once; unmanned

aerial vehicle reconnaissance
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Fig. 1 Diagram of the overall framework of the algorithm
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Fig. 2 UAV aerial images under different situations
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Table 2 Performance test evaluation results of each improved algorithms in ablation experiments



5 vk P/% MAPs50/% MAPs0.95/% 106 FLOPs/10° i} ) /ms
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Fig. 9 Comparison of feature response heatmaps between
YOLOVI11n and the proposed algorithms
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Table 3 Performance comparison of different input channel

configurations on ExDark dataset
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Table 4 Detection performance comparison of RGB and

RGB+Gray input models under different illumination levels
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(a) GCSD-YOLOv11n algorithm
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Fig. 10 Comparison of detection results of different algorithms under complex backgrounds
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Table 5 Detection performance comparison of different models

on the MAR20 dataset
. o, MAPs. Sl  FLOPs I ]
Sk mAP/% gy /108 /10° Ims
YOLO;;“” o961 764 262 6.6 75
YO"OY;“S % o978 79.7 9.45 217 82
ACHB 97.3 795 1.85 2250 13.9
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(b) GSCD-YOLOv11n detection
(a) YOLOv11n detection results
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Fig. 11 Comparison of detection performance of YOLOv11n
and the proposed method on MAR20
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Fig. 12 Comparison of mAP convergence curves on the
MAR?20 dataset
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Table 6 Performance comparison of different models on the

VisDrone2019 dataset

MAPs;. 24 FLOPs

sk mapge M A FIOR wtums
YoLOvss 383 228 912 241 112
YoLOovss 396 235 1116 288 101
yoLoviin 321 185 262 66 108
YOLOvils 410 248 945 217 112
YOLOvVIIm 445 274 2006 682 352
YOLOvI2n!® 324 185 257 65 95
GhostNetv2ll 255 143 606 72 140
ShuffleNetv20s 227 124 170 41 6.1
MoblieNetv4llsl 231 128 179 43 6.1
Gold-YOLO!” 343 204 992 207 189
SBE-YOLOUS 421 243 62 1054 4938
REDETRA' 169 92 328 1080 621
U 435 263 121 333 469
AXEE 451 214 185 2250 17.6
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Table 7 Detection performance comparison of different models

on the MVRSD

mAPs/  mAPs.  m¥ci  FLO

[=#7S % os/% 1106 Psglo fif 8] /ms
YOLOv8s 82.9 57.6 1116 288 111
YOLOv1in 79.0 54.4 2.62 6.6 11.5
YOLOv11s 83.3 57.8 9.45 21.7 12.6
YOLOviim  86.1 59.9 20.06 682 32.8
Gold-YOLO  81.3 55.6 9.92 20.7 16.9
SEB-YOLO 82.2 57.1 6.2 105.4 496
RT-DETR-I 80.2 56.5 32.82  108.0 58.2
UAV-DETR- 7949 56.0 12.1 333 438
ev2
ACHIE 86.4 60.4 185 2250 169
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Fig. 13 Comparison of mAP convergence curves on the
VisDrone2019 dataset
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Table 8 Performance evaluation metrics of the proposed
algorithm on MVRSD
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Table 9 Comparison of the performance evaluation results of
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Table 10 Performance comparison of different GCSD-
YOLOv11 models on VisDrone 2019 dataset.
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Fig. 16  Architecture of the UAV Video-Based Detection and
Tracking Deployment Verification Platform
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