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Aerial Vehicle Detection Method Based on Fast Neck Module and
Single Decoupled Head

GAO Hongwei, WANG Yutong

( Shenyang Ligong University, Shenyang 110159 ,China)

Abstract; Object detection in drone aerial images require intensive computational resources, which
limits the application on mobile terminals. Therefore ,a lightweight target detection network Faster S
is proposed. Firstly ,a light and thin neck module composed of partial convolution and group convo-
lution is designed in the neck network to effectively aggregate information of different scales. Sec-
ondly , an efficient and lightweight single decoupled head output structure( SDHEAD ) is designed in
the detection head part,which can further separate the feature encoding of the two subtasks of clas-
sification and localization in object detection. The results of experimental on the aerial vehicle data-
set CARPK show that compared with the feature pyramid network ( FPN) structure, the fast neck
module improves the detection accuracy of the model and reduces the parameters of the model.
Compared with other detection heads, SDHEAD has stronger feature discrimination ability. The av-
erage accuracy ( AP, 5 ) of Faster S model detection reaches 70.9% , which is 12. 7% higher than
Yolo-FastestV2 ,3. 5% higher than Fastestdet, and the inference time is only 29. 56 ms, which is
76% lower than Nanodet-m. The parameter size is only 0. 335 M.
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Fig.1 The structure of Faster S
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Fig.3 The structure of semantic feature extractor

N P, AT 2 A5 R REE, ToRFER Y
HWALEAE , BRI 3 <3, B R 2, BHE
P, RBA ENEAR G, AN

G:"® = Concat( Avg(P,) ,P,,,) (7)
AP Ave(+) TR T REEZ

BN G® ey Fo(+) , LA 43285050,
Fu (OB R/INND 3 x3 EFEAE, I 0
FHHAGREAERIR SR S ) BRI RN
3 x3 WGP E AT SR A0 43 2 Tl . X AR i
BRAEI) o, () BT T LISRAS B8 20918 W R, H R
FTARD SN A AR T4 0 2R3,

Wt BRI RIS T P, 2
P, J2 ) RS2 B AN ASURT R S 2 R i 1)
B, ] 37 55 TR A IR GO R LR SGE X
A7 BT B AT 2 b HE T X 52 20 R SR e AT S
[0 G2 R ™ FE RS A X 42
1.3.3 JHAURHERR SR

D FRRE IR G5 RN 4 TR

N e T

B4 HRFFIEREGR G

Fig.4 The structure of boundary feature extractor
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Table 1 Comparison of experimental results of different algorithms on the CARPK dataset
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Fastestdet 0. 236 33.3 68.5 28.4 177 27.48
Yolo-FastestV2 0.238 32.3 62.9 27.8 155 29. 39
Nanodet-m 0.936 50. 1 78.7 59.3 720 124. 00
Faster S 0. 335 36.7 70.9 34.4 225 29. 56
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Table 2 The impact of different backbone networks on the algorithm

FT M ZH/M AP 5:0.95/ % APy 5/ % APy 75/ % FLOPs/s ™' {fERLIN[A]/ms
Mobilenetv3-small x 0. 5 0.763 24.7 59.2 16. 1 419.2 40. 30
Ghostnet x 0. 5 0. 780 24.8 54.1 20. 4 228.5 38.00
Shufflenetv2 x 0. 5 0. 335 36.7 70.9 34.4 225.0 29. 56
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Table 3 Comparison of ablation experimental results on the CARPK dataset

FEA 2% T 45 SDHEAD SR/ AP 5.0 05/ % AP, /% FLOPs/MB HEHLAT ] /ms
v 0.843 30. 1 65.6 672. 83 29.90
v 0.532 35.2 69. 6 357.26 29. 60
0. 569 31.9 68.2 487.75 28. 80
v v 0.335 36.7 70.9 225. 00 29. 56
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