ET BU#HIYolovSFITE ANLEHE /I B Al
58, Wk, s, Tdn

G AL

558, Gk, BSEAE, Fratk. FETE0ERYolovs KB ANLEG /N BARRI[T]. #He RG24k, 2024, 19(3): 635-
645.

HE Yuhao, YI Mingfa, ZHOU Xiancun, et al. UAV image small-target detection based on improved Yolov5[]].
CAAT Transactions on Intelligent Systems, 2024, 19(3): 635-645.

TELR AL View online: hitps:/dx.doi.org/10.11992/tis.202210032

FR] BB oA SR
TP E A Faster RCNN [ 328 17 46 1] 8

Facial expression recognition based on improved Faster RCNN

BHER G 2A4R. 2021, 16(2): 210-217  hitps://dx.doi.org/10.11992/1is.201910020

BB Rl FRAAIE 4 T35 5 CornerNethHZE G 19 /1N H FRAsi il
Small target detection based on a combination of feature pyramid and CornerNet

BIRER G M. 2021, 16(1): 108-116  https://dx.doi.org/10.11992/ti5.202004033
KRR Rl -5 TR LSS & B H e

Target detection based on bidirectional feature fusion and an attention mechanism

FHER G 4R 2021, 16(6): 1098-1105  htips://dx.doi.org/10.11992/tis.202012029
FEF R FERCOSHIFREFA T AL

Crowded pedestrian detection algorithm based on improved FCOS
BHERG R 2021, 16(4): 811-818  https://dx.doi.org/10.11992/tis.202010012

BT BRBRZE F 5 TR /)N H ARG
Skip feature pyramid network with a global receptive field for small object detection

BRER G FM. 2019, 14(6): 1144-1151  https:/dx.doi.org/10.11992/is.201905041
ZIA BB S5 M AR5

Research on pedestrian detection based on multi-layer convolution feature in real scene

BIBE R G244 2019, 14(2): 306-315  https://dx.doi.org/10.11992/tis.201710019


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202210032
https://dx.doi.org/10.11992/tis.201910020
https://dx.doi.org/10.11992/tis.202004033
https://dx.doi.org/10.11992/tis.202012029
https://dx.doi.org/10.11992/tis.202010012
https://dx.doi.org/10.11992/tis.201905041
https://dx.doi.org/10.11992/tis.201710019

5519 55 3 1 B OoRE R & % it Vol.19 No.3
2024 4E 5 H CAAI Transactions on Intelligent Systems May 2024

DOI: 10.11992/ti.202210032
W 2% HH KR 41k https:/link.cnki.net/urlid/23.1538.TP.20231204.1028.002

EF i A Yolovs BT AVLEE /N B frta il

S| .1 2 = 1
’fﬂ"—?%‘é ’ %Hf]i 1%;@/@ ’ik/gi
(l.ZHIARRF LR IAEFR, L4 £ 241000;2. 2B FE & -F 5428 TR F R, 24 <% 237012)

W OZE: TR IC AN AR /N B ARG 0 8 4G I 3k B 5K 13 TG ok 3 AY IR) 8L, 7 YolovS FIJERE L, #H
THEF T IEAMLES /N B ARKI AT YolovS_GBCS Bk, TEHT MBI, S In—AN50 N BRI 3k, LAfe 134 5
7N EBR BYERAE Bl A 3508 s 78 32 T 45 Hr 43 531 2% ] GhostConv # FRAR B | GhostBottleneckC3 #5 5t #: 35873 Conv 1L
He Al C3 ALH F DL B AR AT AYERAE DUAR R AR B 5 51 A IASUBL ) F5AiF 4 785 W 2% (bidirectional fea-
ture pyramid network, BiFPN) &5 44, I A48 = % /s B AR R IUAS B 5 7 32 W45 FEss B 45 i 5 | AR b 1 5 7
Bk 2 S B (convolutional block attention module, CBAM ), 3¢ i 5 S84 F1- 4P il A 00 ZE AUARAE, 3939/ H bRds
TEFIKRBE ST ; 1] Soft-NMS F ok B 4ie NMS, R 1/ HARTE % &£ 3 5t T IR AL % . il i 7E VisDrone2019
Byade by scue gE AR I, AT BT et i T EE IR 1Y Yolovs GBCS B vk, ANWHRE T KRS B, T ELA R
PR T ORI R, B mAP M 38.5% Hi i B 43.2%, i N 53 /s $2 = E 59 f/s. Yolov5_GBCS &3k Al
DA 3 S B TE A HLATTHA R AR /N B AR 1

KB B3 ; GhostCony 45 UL HL; XL ) RRAIE 4 38 W 4% 5 45 AR BB Soft XU n] F#1IF 4 755 W 45
i AR BERY; /N HARKZ I ; VisDrone 04 42

FESES: TP391.4; VI9  XHIREM: A XEHS: 1673-4785(2024)03-0635-11

hX 5 AKX AFESR, SHE, BXxE, £. EFHEM Yolovs L AHLEG/NEIREN [J]. S8 RLEFR, 2024, 1903):
635-645.

5| A& : HE Yuhao, YI Mingfa, ZHOU Xiancun, et al. UAV image small-target detection based on improved Yolov5[J].
CAALI transactions on intelligent systems, 2024, 19(3): 635-645.

UAYV image small-target detection based on improved Yolov5

HE Yuhao', YI Mingfa', ZHOU Xiancun’, WANG Guanling'

(1. College of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China; 2. The Department of Electronic and In-
formation Engineering, West Anhui University, Lu’an 237012, China)

Abstract: The detection speed and accuracy of small targets captured by UAV aerial photography cannot be considered
at the same time. To address this problem, a new algorithm based on the Yolov5 algorithm, namely Yolov5 GBCS, is
proposed for small-target detection of UAV-captured images. In the new algorithm, an additional detector head is added
to enhance the feature fusion effect of small targets. In the backbone network, the GhostConv convolution module and
GhostBottleneckC3 module are used to replace some original Conv modules and C3 modules for extracting rich and re-
dundant features, respectively, to improve the model efficiency. The weighted bidirectional feature pyramid network
structure is introduced to enhance the detection accuracy of small targets. The lightweight convolutional block attention
module is introduced into the backbone and neck networks to focus on important features and suppress unnecessary fea-
tures to boost the ability of small-target feature expression. The Soft-NMS algorithm is used to replace the NMS for re-
ducing the miss detection rate of small targets in dense scenes. Experimental results on the VisDrone 2019 dataset show
that the Yolov5_ GBCS algorithm integrating all improved methods enhances the detection accuracy and effectively im-
proves the detection speed. The mAP of the subject model has been increased from 38.5% to 43.2%, and the detection
speed from 53 f/s to 59 f/s. Therefore, the Yolov5 GBCS algorithm can effectively recognize small targets in the image
captured by UAV aerial photography.

Keywords: image processing; GhostConv convolution module; bidirectional feature pyramid network; convolutional
block attention module; soft bidirectional feature pyramid network; lightweight model; small-target detection; VisDrone

dataset
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Table 1 Average precision and mAP@Q0.5 of different targets under different network models
n ENEIRER )N
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Fig. 8 Visualization of detection results on the VisDrone2019 dataset
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Fig. 9 Compare the training results of the six models
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