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Fig.1 Overview of two-stage model for IR time-sensitive target data augmentation
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Fig.2 Single-scale generative model structure
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Tab.1 Comparison of modal transformation effects
Mean Standard deviation Variance Information entropy Contrast ratio Mean gradient
Original IR images 126.049 31 43.281 21 0.029 37 7.231 47 147.147 56 5.13538
Transfer IR images 137.884 15 45.599 76 0.032 64 7.188 54 43.930 82 3.158 52

il BB L —E AR R T R TS i AR
JEE, FEIX T AR AT SRS D i (5 H ik A R
4R T2 18]

3 5k 2 rP A BCHE TR R LD AMETR A L, et
Je B LA G AT 5 AR, (] IR 2R 8 B i A
i 1 B 3 BESRAR ], RS 257 AR R R LR ROR,
MR UE 1 SC AR AR e A R A A7 21

W T 2 A0 A TR 100 5K ECHE S 47 R 25 A 4o
ik, MR IR A RN 6 iR

(a) JEUA T WLOGIEE

(a) Original visible image

(b) B R LM A R

(b) Infrared image after modality transfer

Bl 6 W] WOGLLAMEG LS

Fig.6 Visible infrared image conversion results
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MLLAMENE, 5T FA BRI R 7.
332 RAAUAEARA A 5
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PRIEER, K5 6 H iR 43 e 4 Ja i 21 Ah st i B ARt

i A BB AU RN 48 )11 2, ARERUAE AT T 9 4R
JE 1) GAN Il (045 28 128 A0 K0 2%, Bl ko
2000 7, L1458 18 000 ¥, Az A A A 5% B 27 2] 2R
574 0.000 5,

SCHUFE 100 K R IR B Y 5T 500 TR AL S, SEEE
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] (540, i LT DUAE 2 AN L 200 B ) 21 A1 i
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Input image

Generated image

7 IR A R

Fig.7 Partial generated image data

Generated image
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Tab.2 Performance comparison before and after data

augmentation
Dataset Precision Recall mAP@Q0.5 F
Origin 0.786 3 0.910 5 0.8924 0.8439

Augmentation 0.9320 0.970 4 0.980 6 0.950 8

Sy T 2 TN, AR B R DR S I TR
STRGI o0 25, SC R T B A AR S SR AR TR  IE R AR 1
DU F7 B TH 0 Sk, A I A SR AR T T 14.57%, 43 1R
$ETHT 5.99%, V- W IR TE T 8.82%.

20220876-8



i E ok A2

% 94 www.irla.cn

333 KRR M AR RT P K

R T BESC R R A G YolovS(CSP-A) k4
XFELAMRHE B ARRISOR, R 2R 5 T IR 2= 2] B
o 0 5 2 A 8 S S A RO AR AT X L S
Y B v F B AIFE SSD. Fast R-CNN. Yolov5s L) 3¢

SSD
Fast R-CNN ¢

Yolov5 = f :

HE it YolovS(CSP-A) Bk . Kl 8 AR5 T W
HHCH AR AT IN 25 SR, S8 2 ] WA 25 5 A B el AL, S Yolovs
(CSP-A)

LY YolovS(CSP-A) 5k HAT 35 (1) & 1 1k, T A A
TR R, R A R . L b g R g 3

Pl 8 MAILT SN F ARG ZE S L

7R o Fig.8 Comparison of typical IR time-sensitive target detection results
& 3 AR T ERIRT LKL
Tab.3 Comparison experiments of different detection methods

Method Precision rate Recall rate mAP@0.5 mAP@0.5(ship) mAP@0.5(aircraft) Fy
SSD 0.3564 0.8423 0.8271 0.7693 0.8848 0.5009
Fast R-CNN 0.4328 0.8534 0.8327 0.8564 0.8180 0.5743
Yolov5 0.8584 09161 0.9532 0.9687 0.9376 0.8863
Yolov5 (CSP-A) 0.9320 0.9704 0.9806 0.9807 0.9805 0.9508

13 3 W, A LT SSD., Fast R-CNN F Yolovs, 334 HEkEk

SCR SRR MER R BRI LA Fy fe B R
BRIETE . SI5LA Yolovs M4 A M, HERH 642 T}
T 7.36%, BIARETF T 5.43%, TR BEHRTH T 2.74%,
Fy 38 8AETE T 6.45%, Fh4r ki 45 5 an i 9 s .

b

P9 w3 G A5 A

Fig.9 Test results on partial image

F T BE R Yolovs(CSP-A) A5 b & Sk i b
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Ry FE ARSI 38 g AN TR 45 P Y D 4% G 56 T B R
SE il CBAM {1 7 1 AL I RS B 45 SR g X S 78 Ay 0 20 2R
FISER o R IR S 36 14 R FH A ) 552 90 1 25 A R 248,
53 A S 56 30 43 H ke 0 D4R 1A T I

3 4 T LA, Yolov FE i Y Aty il o B
2%, R — 0 B R LIS ] DA — e R b
P THASE A B ARG I AL, A SE BEHLfi 45 AP 42 T
T 2.48%, U in CBAM {13 AP $2F+ T 1.92%.
FF5 43T SE. CBAM i3 71 ML i A He 2 4 1iF 42
BURREAE R0 4y, (AR B AT T 4.29%,
FWZ T T U BRI A s B ARARAIE

R4 HBMIBER

Tab.4 Ablation experiment results

Number SE CBAM mAP@0.5
1 0.937 6
2 3 0.956 8
3 «/ - 0.962 4
4 V «/ 0.980 5
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Infrared time-sensitive target detection technology based on
cross-modal data augmentation
Wang Siyu, Yang Xiaogang', Lu Ruitao, Li Qingge, Fan Jiwei, Zhu Zhengjie
(Missile Engineering Institute, PLA Rocket Force University of Engineering, Xi'an 710025, China)
Abstract:
Objective Infrared time-sensitive targets refer to infrared targets such as ships and aircraft, which have high

military value and the opportunity of attack is limited by the time window. Infrared time-sensitive target detection
technology is widely used in military and civilian fields such as unmanned cruise, precision strike, battlefield
reconnaissance, etc. The target detection algorithm based on deep learning has made great progress in the field of
target detection due to its powerful computing power, deep network structure and a large number of labeled data.
However, the acquisition of some high-value target images is difficult and costly. Therefore, the infrared time-
sensitive target image data is scarce, and the multi-scene and multi-target data for training is lacking, which makes
it difficult to ensure the detection effect. Based on this, this paper proposes an infrared time-sensitive target
detection technology based on cross-modal data enhancement, which generates "new data" by processing the data,
expands the infrared time-sensitive target data set, and improves the model detection accuracy and generalization
ability.

Methods

enhancement. The cross-modal data enhancement method is a two-stage model (Fig.1). First, in the first stage, the

We propose an infrared time-sensitive target detection technology based on cross-modal data

visible light image containing time-sensitive targets is converted into infrared images through the mode
conversion model based on the CUT network, and then the coordinate attention mechanism is introduced into the
second stage model to randomly generate a large number of infrared target images, realizing the data enhancement
effect. Finally, an improved Yolov5 target detection architecture based on SE module and CBAM module is

proposed (Fig.3).

Results and Discussions The proposed cross-modal infrared time-sensitive target data enhancement method
combines the style migration model with the target generation model, and uses the visible light image data set to
achieve infrared time-sensitive target data enhancement. We can convert remote sensing visible image into
infrared image without losing size, structure and field of view, without distortion, noise, distortion and other

problems. It can be seen from Fig.6 that the generated infrared time-sensitive target has good texture details and

2022087611
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infrared characteristics, and is clearly distinguished from the background. An improved Yolov5 target detection
model is proposed. SE and CBAM attention mechanisms are added to the CSP network to enhance the feature
expression of the network and better achieve infrared time-sensitive target detection. It can be seen from the
analysis of Tab.2 that compared with using the original data to train the deep learning detection network, the data
enhancement algorithm proposed in this paper has significantly improved the detection ability of positive samples,
the detection accuracy rate, the recall rate, and the average accuracy have increased by 14.57%, 5.99%, and
8.82% respectively. It can be seen from Tab.3 that compared with SSD, Fast R-CNN and Yolov5, the algorithm in
this paper has a great improvement in accuracy, average accuracy and F1 index. Compared with the original
Yolov5 network, the accuracy rate, the recall rate, the average accuracy, and the F1 index have increased by
7.36%, 5.43%, 2.74%, and 6.45% respectively. Some test results are shown (Fig.9).

Conclusion Due to the lack of infrared time-sensitive target data and poor detection effect, we proposes a cross-
modal data enhancement infrared time-sensitive target detection technology. In the aspect of two-stage model data
enhancement, firstly, the visible light remote sensing image containing time-sensitive targets is converted into the
target image with infrared characteristics using the mode conversion network. Secondly, the coordinate attention
mechanism is introduced into the sample random generation model. Finally, the Yolov5 detection technology
based on the improved CSP module is proposed. Multiple sets of experimental results show that the detection
accuracy of the algorithm in this paper is up to 98.06% in the infrared time-sensitive target data set, which solves

the problem of the lack of infrared time-sensitive target data and has good target detection ability.
Key words: infrared time-sensitive targets; ~ data augmentation;  modal transformation;  target detection
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