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Abstract : In this paper,an improved infrared small target detection model, infrared-YOLOvSs, based on YOLOvSs is
proposed to address the problems of low resolution, complex background and lack of detailed features of infrared ima-
ges. In feature extraction stage,SPD-Conv is used for down-sampling, which divides the feature map into feature sub-
maps and concatenate them by channel to avoid the loss of features caused by down-sampling in the process of multi-
scale feature extraction. And an improved atrous spatial pyramid pooling module is designed to improve feature extrac-
tion capabilities by fusing features with different receptive fields. Then,in feature fusion stage,a deep-to-shallow atten-
tion module is introduced to embed deep semantic features into shallow spatial features to enhance the expression of
shallow features. Moreover,in prediction stage,the prediction layers,feature extraction layers and feature fusion layers

for large target detection in the network are cut down to reduce the model size and improve real-time performance at
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the same time. The effectiveness of each module is verified by ablation experiments,and experimental results show that

the proposed model achieves 95.4 % mAP, s of on SIRST dataset, which is 2.3 % higher than that of original
YOLOVSs. The model size is reduced by 72.9 % to 4.5 MB, and the inference speed on Nvidia Xavier reaches 28

{/s,which is conducive to the actual deployment and application. Therefore , the effectiveness of the proposed model is

further verified by transfer experiments using Infrared-PV dataset,and the proposed model can meet the real-time re-

quirements while improving the performance of small target detection in infrared images,and is suitable for the task of

real-time small target detection in infrared images.
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Fig. 5 SIRST dataset sample images and annotation information
3.2 YAHEARE

AR SCHE TR SR ] Pytorchl. 7.1, S2 58 T HT#Y
THE LI & G R . CPU Jy i7-8700k, 45 4y 3. 70
GHz,GPU >} 1080Ti, NA7M 32 G, #:1E & 4 Win-
dows10, ZZIGACHES 3 F YOLOvS-6. 1 RA ot i, I
R (epoch) 2 100 1R, LK /N Ky 16, 01 dR2% 2]
4 0.01, 5% SGD #6 B2 T K fltfb &% , R 1 one-cycle
) RN, B A B ZL AR 2 B 640 x 640,
HA A ERANS BB
3.3 iFfdEAT

AERR PP A BRI TE LT A ER b BRI RE, A
SR AR B ( mean Average precision, mAP) Fl
F, {H(F1-Score) YE PPN 4R Bdla & B> 2501)
HRAEHER 8 ( Precision, P) #1494 [1] % ( Recall ,R) 7] 2%
il —2f% PR 12k, k5 A b bl B ny T AR ED Ay AP
{ELo HrpuERfR A R (2) , TP o |
A, FP ARAEA], FN Sy s i)

TP TP
R=0pmp? = 71p 4 PN (2)

RN AE 5 FLAEAE (9 52 EE (Intersection over
Union, IoU) KF 0. 5 WA H R EHERA T , 7 ToU
B0, 5 a5 A 2 P 205 B AP PR L
LA mAP .

Fy AEIE 0 2 TR BB — > PR 45 A, [a] i S ot
TR TR RS B R R [l R AT DL A R A
TR A A [ 3 1) — Fof 8 - 20, 3153 05 9
X (3):

F, =

2 X Precision x Recall
Precision + Recall

(3)

3.4 HEXE

BRSBTS, AR SCLL YOLOVS s Sy
e, BT TR IR S A R AT 2. 2. 1 WIAE T
SPD-Conv HI TASPP i S #ERFAE SR IR 45 , B SR
2.2.2 RIS T IR BN E B A 2 R R R
H,C AR 2. 2.3 Ry AT LA HARK I Y
T ZE5H . SEE A RN 1 s, P ses 1 0
YOLOvSs SRR S 45 45

k1 TRBRERERER
Tab. 1 Results of ablation experiments with

different modules
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Fig. 6 Detection result images of different algorithms on SIRST dataset
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Fig. 7 Sample images of Infrared-PV dataset
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Tab. 3 Detection performance of different algorithms

on Infrared-PVdataset

A P[]. 5 A Pf). 5

Tab. 2 Detection performance of different ik (vehicle) | (Person) (Al FPs
algorithms on SIRST dataset Scaled-YOLOv4(?") 87.3 73.1 81.1 | 48.0
Bk mAP; 5 |F,-Score| Times(s/100 images) YOLOvSs 89. 6 74. 4 81.8 150. 4
SCHR[17] / 98. 62 6.41 YOLOv5s-STF 90.7 73.5 82.1 134
Acm2! / 96.78 1.61 CascadeR-CNN[*! 90. 1 74. 4 82.3 11.80
YOLOvSs 93.1 | 93.43 0.67 YOLOv7!%! 92.0 76. 1 84. 1 161.0
Infrared-YOLOV5s 95.4 96. 61 0. 58 Infrared-YOLOV5s 92.2 77.1 84.5 172.5
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Fig. 8 Detection result images of different algorithms

on Infrared-PV dataset
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