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Lightweight infrared and visible image detection methods
for UAV perspectives
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(1. School of Automation and Information Engineering,Sichuan University of Science and Engineering, Yibin 644000, China;
2. Artificial Intelligence of Key Laboratory of Sichuan Province, Yibin 644001, China)

Abstract: Aiming at the UAV aerial photography viewpoint target detection spatial scale change is large, the object
pixels account for a small proportion,and the algorithm deployment edge computing platform storage space occupies a
large proportion of the problem. In this paper,based on the YOLOv8n network structure,an improved aerial photogra-
phy viewpoint lightweight small target detection method DSF-YOLO-P algorithm is proposed. Firstly,the backbone net-
work C2f module is integrated with FasterNet to form the Faster-C2f lightweight module to ensure that the model a-
chieves network lightweighting and improves the detection speed without affecting the detection accuracy. Then,a new
160 x 160 prediction head is added and the network channels are reconfigured to improve the accuracy and robustness
of the model for small target detection. The improved DSF-YOLO algorithm improves the accuracy by 2.5 % and
0.6 % on the visible dataset VisDrone2019 and infrared dataset HIT-UAV , respectively, and reduces the number of
parameters by 10 %. Finally,the DSF-YOLO algorithm is subjected to the dependency graph pruning operation to re-
duce the redundant parameters of the model without affecting the model performance. The pruned DSF-YOLO-P algo-

rithm achieves the same accuracy and reduces the computational effort and number of parameters by 45 % and 26 % ,
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respectively, compared with the DSF-YOLO algorithm on the VisDrone2019 dataset. The experimental results fully

demonstrate the effectiveness of the DSF-YOLO-P algorithm in detecting small targets in the aerial view of UAVs.

Keywords : edge computing platform ; drones ; FasterNet ; predictive heads ; pruning
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Fig. 2 Small target detection layer
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Fig. 3 FasterNet network architecture
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Tab. 1 Experimental configuration and

training parameters

B IR B R AL Te AHLEHE 4 , A I 214K 6741
ik, B TEAE 548 i, HoAg AN, AR TN
BATE SE JRE R E AR GEH =%
RHELIA %, VisDrone2019 £ 4 45 7 Hr € an 5] 6
(a) iR, /N HAR S 8K 3] 60 % , KB4 A 4k
HEH — KB b

HIT-UAV %t4fs 58 2 LA JC A HLRR A 76 22 1 A
T GEBE R S Y s TR & A 20k
AR o ARSI LA 43 I 25 4R 2608 5K, 5 UE
££290 5Kk, MBRERE R DL, R A BT
UL SGR T =2, HIT-UAV 5048 48 4 B 16 an &1 6
(b) iR, /NERRERT0 %, KR~FHIRZ K

3.3 HAFN AT
SRR H R S T 4 B
AT HEREEAL o 43312 mAP( Mean of Average Preci-

E s e
BHERSE Windows10 64 {37
R RTX2070SUPER
CUDA 10.2
TR 2 2] HEZR PyTorchl. 12. 1
wmE Pyhon3. 8 W
23] % (10) 0.01
5/ (batchsize) 16
B R R 640 x 640
3.2 #ER

VisDrone2019 $4li4E & KK 2% AISKYEYE

Number of bbox in different sizes

207493 ] 17395
200000 175000
175000 4 150000
150000 4 1250004
125000 - 116725
£ g 100000
= 100000 4 g
75000
75000
50000 . 50000
25000 4 18987 25000 4
0 0

large

size

sion) , FPS ( Frames Per Second )., Params L) A
GFLOPs, Mt mAP I3 A NF

Number of bbox in different sizes

s1ze



456 ot 5 e s

55 %

Anchor Box Ratio Bar

160000
140000
120000 1
100000

g

2 80000
600004
400001 5780

20000 A
610

0l &11727'18 4 5 1 1

0 245 50 75 100 125 150 175 200
ratio

Anchor Box Ratio Bar

120004 11620 J1I83I

num

114 17 1
4 s 7
ratio
Scatter of bbox W & H
175 1 b
1501
°
125 4
100
= °
754
°
50 4
251
O L T T T T T T T
0 50 100 150 200 250 300
W
(b) HIT-UAVEUREE T

E6 HdigEnriA

Fig. 6 Data set analysis chart

Scatter of bbox W & H
800 .
700 | o
L]
600 -
500
T 400
300 | %
200
100 |
04
0 200 400 600 800 1000
w
(a) VisDrone2019 £L4E4E 4714
1
AP = j;nr)d(r) (3)
0
AP = L3 yp 4
m - N z i=1 i ( )

N 2 AR s AP D20 B HIRE RE
TEA S5 K M AT: 55 v, VisDrone 2019 #4448 N =
10, HIT-UAV % N =3,
3.4 Faster-C2f 4 ff %f b, 5 36

SBIE Faster-C2f F g AL B H X AT F1 400 £ /)N Y
HAREE T RIOCR , A S5 56 T 21 4 i # S AL 4R
HIT-UAV _EBEAT X HESE 50, R 5T Faster-C2f FEHR I
TS AR RESE A o X6 T8 S 0B T Sk 1 2k
BERL 3 A AN 01,2 3 4> Faster-C2f ik, SC52%5
LB NS

% 2 Faster-C2f M 66 3T tb 52 36
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Tab. 4 Model pruning comparison experiment
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