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[Abstract]

In this paper, we propose a method to find the DoF(Depth of field) that is blurred in an image by
focusing and out-focusing the camera through a efficient convolutional neural network. Our approach
uses the RGB channel-based cross-correlation filter to efficiently classify the DoF region from the
image and build data for leaming in the convolutional neural network. A data pair of the training data
is established between the image and the DoF weighted map. Data used for learning uses DoF weight
maps extracted by cross-correlation filters, and uses the result of applying the smoothing process to
increase the convergence rate in the network learning stage. The DoF weighted image obtained as the
test result stably finds the DoF region in the input image. As a result, the proposed method can be
used in various places such as NPR(Non-photorealistic rendering) rendering and object detection by

using the DoF area as the user's ROI(Region of interest).

» Key words: Artificial neural network, Convolutional neural network, Depth of field, Image processing,
Region of interest, Object detection
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I. Introduction
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II. Preliminaries
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1. Single image depth estimation
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2. Multi-images depth estimation
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3. Lens blur effects
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III. The Proposed Scheme

1. Extraction of DoF region from images for
collecting training data set

ol oflX= st GAA T Qs HolEE Alg 4
53 4 Qe ol oisll 2ttt AerERl ofulA] £
o si= ATHAAE LY oulAE RS

(Down-sampling)dto] Asiid= o]n]x|E A¥/dstal o]

% OIS 200 WAS olgelo] eud Mt
DoF 0']691% ?‘%0}\7] HOH/\‘] —] %\jezl—a‘j EﬂO]E‘] }‘ﬂol
mgo}ﬂi o|2 1&35}7] 25t }—H]—]:HQ_ M3t}

RO oloR2 e DoF Yot el 9
o) a4 e ¢F olgdit. o
£ ojejSo] o} Aol 9
Hoz QA ZEe v 5 qo@ ool 28]
T 9ls Wolc, 2 o] Alx} gro] <ot
U APl BRislo] Rl A4S }% Wyow g
sol, 341 13 ol8ato] Ataic,

Glayy)=H e F= E EH(qu(x+uy+v) (1)

u=—1v=

of7]A He oJu]R|oj|A 7} QIF "AS9] JHER| = uf
2A3(Mask)efal 220, F= QI TAZ0] A4S Zholot.
o] OfAT = A8 Fopo]| ma} tofsh] B s =0, &
=5oM= 7E2AIQH HE|(Gaussian filtering) 7|HE
o] &3It} (4] 2 AR). o] A 7RAISH el FAE

g Fej2 2gAe LAl

1 [r21 ] -
H(I,y)ZE 242~ e 7 (2
121 270

ol0]Alo] EAsHe DoF Qole x&3}] o] 2 =8

oML & 7K 7S stk

Fig. 1.

Focusing and defocusing regions in photography.
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Fig. 2. DoF weight map D calculated using the DoF
region (white : focusing, black : defocusing).

2. Convolutional neural networks with DoF
weight map
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Fig. 4. Training result obtained through 15,000 iterations.
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IV. Results
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V. Conclusions
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