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Abstract

Thermal cameras show noisy images due to their limited thermal resolution, especially for the scenes of a
low-temperature difference. In order to deal with a noise problem, this paper proposes a mnovel neural network
architecture with repeatable denoising inception-residual blocks(DnIRB) for noise learning. Each DnIRB has two
sub-blocks with difference receptive fields and one shortcut connection to prevent a vanishing gradient problem. The
proposed approach is tested for 12 thermal images. The experimental results indicate that the proposed approach
shows the PSNR performance is increased 39.57 to 40.26 and processing time also is reduced 1.5910 to 0.7508
compared with state-of-the-art denoising methods which is called DnCNN.
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denoising results with various noises

) Training model
Noise type - ;
Laplace Gaussian Poisson

Gaussian 40.77 35.44 15.30
Laplace 40.47 3529 15.46
Poisson 6.94 6.17 43.40
salt&pepper 36.98 29.89 11.62
Speckle 2052 31.18 12.53

(@) Clean (b) Noisy / 20.45dB

(e) MLPI11] / 39.15dB (f) TNRDI12] / 38.34dB

a7 6 heAleH &8 o

— HO

(c) BM3D[7] / 38.820B (d) WNNMI10] / 38.53dB

(9) DnCNNI[14] / 39.200B

(h) Proposed / 40.500B

dabof chet &g A 2ot

— HO

Fig. 6. Denoising results with Gaussian noise



72 93bd G AE AN AT ZeHd A5 AA E5 7

Train Test Laplace noise model

Gaussian noise model Poisson noise model

(@) Noisy image

(b) Gaussian noise type

(©) Laplace noise type

(d) Poisson noise type

(e) Salt & pepper noise
type

(f) Speckle noise type

a8 7. 2Ee
Fig. 7. Denoising results with test images by each

424 QAA-HAFL EF A9 B

Aoksh= WS ke w), AA FRo|AM HEE
7HsdE JQAA-EAFYE E=29 5 g2A 3l
53T B 4= BES 2HEH iy 57}?#
o 2 £ 4 B2 ¢/ EE 181 167 £
o7 k453 ndg AZ3 Aotk

A, JE2AIoF Zols &S &5 2o oist HAE Palo] &5 MAH 24
model based on Laplace, Gaussian and Poisson noise

E 4 22 Fo| W2 W Mo of 22H|(0B)2+ AlZH
A9 H|I
Table 4. Average PSNR(dB) and time according to

number of blocks
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