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Infrared image simulation for warship based on progressive
generative adversarial network
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(1. Naval Aeronautical University, Yantai 264001 , China ;2. Shandong University , Ji'nan 250000, China)

Abstract ; Infrared image simulation plays an important role in the design and training of infrared seeker. Aiming at
how to simulate infrared images with high resolution and controllable visual features,a method of infrared image simu-
lation based on progressive generative adversarial network is proposed. In this paper, the infrared images dataset of
warship model is used to train the image synthesis network, only random feature vector is necessary for the generation
of high resolution infrared simulated image. An image encoder network is designed to convert infrared images to feature
vectors. By the logistic regression method, the direction vector which controls the angle feature of infrared images is
found in the feature vector domain,and simulated images of warship model from different angles are generated accord-
ingly. AHash algorithm and MSSIM algorithm are used to quantitatively evaluate the difference between simulated and
real images. The experimental results show that the similarity between the simulated infrared images and the real ones
is very high,and it can be used as a reference for the controllable simulation of real warship infrared images.
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Algorithm ; Train image encoder network

Input: real image to be encodedx ; initialized feature

vector w ;synthesis networkG( +) .

Output . feature vector w';generated image G(w'")

1 Initialize feature vector w' =w

2 while L is not converged do:

3 put w’ into G( ) to generate G(w")

4 calculate perceptual loss between G(w') andx .
L Lo (G(w0") ,x) + A 11 G(w'") —wll,

5 apply SGD algorithm to update feature vector w’ ;

w' «—w' - nF(V,L)
6 end

Hp Lo (G(w") y20) IR R ER «
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Fig. 10 Infrared image generation of different warship angles

(warship’ s angle is based on the bow over against thermal imager:

on left is negative ;on right is positive )
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