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Improving Image Quality of Medical X-ray Image Sequences
Using a Neural Filter with Selection of Input Features

KENJI SUZUKI,t ISAO HORIBA,T NOBORU SUGIETt
and MI1CHIO NANKItt

In this paper, we propose a framework for designing desired filters using a neural filter. Our
framework is composed of 1) election of the candidates for input features to the neural filter
and 2) training the neural filter with selection of the input features. Evaluation of our frame-
work with application to improving the image quality of X-ray image sequences is performed.
Experimental results have demonstrated that the performance of the neural filter obtained by
our framework is superior to that of the conventional neural and dynamic filters in terms of
the edge preserving smoothing of the moving objects.
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Fig.1 Architecture of the neural filter with features
(NFF).
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features.
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Fig.3 Measurement section of an X-ray-based medical
system.
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(a) Simulated low-dose X-ray image,
the current frame of input images
tofilters.

(b) Teaching image.

B

(c) Image subtracted between the
consecutive framesin the high-
dose X-ray image sequence, which
indicates motion in the frame.
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Fig.5 Comparison of the learning curve of the NFF with
those of the NFs.
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(a) Output image of NF.

(b) Output image of NFF.

06 NFONFFOOOOOOOO
Fig.6 Comparison of the output image of the NFF with that of the NF.

000000000000000000000000
O0OODOONFFOOOOOO0OO0DOO00O00000
000000000000000000000000
O0D0ONFFOO0OO0O0000O0000000
00D00D0000000D00000000 80000
00D0000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000 0000000000
50%000000000000000000 1000
000000000000000000000000
0000000000500000000000000
NFFOOOOOOOO NFOOOOOOODODOOO
000020000000000 NFF(20)0NF(10)0
NF(20)0NF(30)0NF(40) 00000000000
0 1.51%01.67%0 1.67%0 1.64%0 1.67%0 000 O
0000 NNOODOOOOOODODOO0O00000
000000000000000000000000
O0O0DONFOOOOODOOODOOOOOO0ODO00
000000000O000ONFOOODOOODOOO
00 3000000000000000000000
O0ONFFOOO0000000000000000
000000000 300 NFOOOOODOODOOOO
1000000000000 NFFOOOODOOOOO
O0000DDO0O0ONFOOO NFFODOOOODO
000000000D000000020000000
000000000000000000000000
OOONFFO NFOOOOOOOOOOOOOOO
000000000000000000000000
nfufalufulaln

412 0000000
NFFOOOONFOOOODOOOO0ODOO0O00000
00000000 6000000000000000

do00o0o00o00o0O0ooOo00oooo0oo0bOdNEO
000000000000 O0O0ONFFOODOODOO
gO0o0O00O0OO0O0OOO0oDOO00bDOoOobOoOobOoooo
0030000b0oooooooooooooooao
goooooobbobooboobbooboboboobooog
goobooboobbobooobuobobobboob
opoodooobooboboooobboboobooo
Ooooor700000OOOUOUODOUODOO 8(a)d
(b)OUDOOOOOOOUOOOOOOOUONFFO NF
gooooooooooooboooooooooo
goooooooo

4.1.3 OD0000O0O0OOOO0ODO
0ddodbdooobDOoobooOoboooboobooa
Jo0o0oOXOoooooobooooooooooooao
O DQEO Detective Quantum Efficiency 390 O O
gooooooboboboobo
MTF*(h) _ |S()|*
WS(h) — |N(h)]?
O000OhOOO0OUOO0OOMTF(A)OODOOOODOO
000000WS(h)00000000000S8(k) 0
0000000000000 ooO00oOOOON(h)
0oboodb0oooooooboOoOobobobooooo
O0ODQEOOOOOD SNOD 20000000
00Doo0bOo0000o0obDoDoD9UUOnoONFDODO
OO0 NFFOOODOOOOODODOOOODOOODO SN
goobooooobobobooboboboobooo
0000000000000 0000DOOb0OOONFFE
000 NFOOODOODOD o2000000000
goooooobooobooboboooobbooboobo
god0o0DoooooooooooooooooonD
0go0oodooooooooobobooboooono
000000000 Dooooooos”o

DQE(h) =

(15)



Vol. 42 No.BOMOIOOOOOOODOOOOOOO0OOOOCOOOOOOOOOOXOOOOOOoOOO

(a) Simulated low-dose X-ray (b) Ideal image. (c) Image subtracted between

image, the current frame the consecutive frames in
of input images to filters. the high-dose X-ray image

sequence, which indicates
motion in the frame.
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Fig.7 Non-trained frame.

(a) Output image of NF. (b) Output image of NFF.  (c) Output image of MARF.

.|

(d) Output image of AWAF.  (e) Output image of WF. (f) Output image of PWF.

08 O0O0OODOOOOODOOOOOOO
Fig.8 Comparison of the output image of the NFF with those of the
conventional filters, to which non-trained frames are input.
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Fig.9 Comparison of the performance of the NFF with
that of the NF using the DQE.
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Improvement in signal-to-noise ratio [dB]

010 0OO0OO0OO0OO0OOOOODOOOOOOOOO

Fig. 10 Quantitative evaluation of the image quality among the output images of the filters.
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(a) Input image (b) NFF
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Fig.11 Comparison of the output image of the NFF with those of the conventional

(c) MARF

() AWAF () PWF

filters in filtering real low-dose X-ray image sequence of a left coronary

artery.
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