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Medical image recognition of MRI brain images using deep logistic GMDH-type
neural network and convolutional neural network
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In this study, hybrid deep neural network is organized using the deep logistic Group Method of Data Handling (GMDH)-
type neural network and the Convolutional Neural Network (CNN) and, is applied to the medical image recognition problem.
The deep GMDH-type neural network algorithms have abilities of self-selecting the number of hidden layers, the optimum
neuron architectures and useful input variables, and they can automatically organize the deep neural network architectures to
minimize prediction error criterion defined as Akaike’s Information Criterion (AIC) or Prediction Sum of Squares (PSS) .
This deep neural network algorithm is applied to medical image recognitions of brain regions, and the organs such as brain,
the white matter and the lateral ventricle, are recognized and these regions are extracted accurately using the deep logistic

GMDH-type neural networks.
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Fig.4 Output image of Fig.5 Output image after

the neural network(1) the post-processing(1)

(a) m=5 (c) m=9
Fig.8 Output images of the conventional neural network (1)[2,3]
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Fig.9 Variation of PSS in the deep GMDH-type NN(2)

Fig.10 Output image of
the neural network(2)

Fig. 11 Output image after
the post processing (2)

Fig. 12 Overlapped image(2)  Fig.13 Gray scale image (2)

(a) m=5
Fig.14 Output images of the conventional neural network (2)[2,3]
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Fig.16 Output image of Fig. 17 Output image after

the neural network (3) the post processing (3)

Fig. 18 Overlapped image(3)  Fig.19 Gray scale image (3)

(a) m=5

(b) m=7

Fig.20 Output images of conventional neural network (3)[2,3]

(c) m=9

Table 1 Number of hidden layers

Regions Number of hidden layers
Brain 19
White matter 20
Lateral ventricle 8
34BE
ABFFETIE, MEE, BHE. MEDS 4 Oz B

W L CHdhi T 5 3007 4 —F =a—F Lk y hU—
7 2% HOMMIE L7z, Tablel I, B2 DT 4 —7 =a—
U P4 T — 7(/)5%&):@):%;&%:73“ DI T 19
JE. BB TIE20E, MECEHDOT 1 —F=2—F )L
Z‘ b4 ]\ J— 7275‘5 Eﬁfﬁ%ﬂ‘kéﬂf_o E‘{%mu;&‘fn% (Fl
Fig.9, F1g15) 75>E TUFAZEFEAMG SEHE(E (PSS) |
FAENRD T L ITHmAIED LT, Hﬁ%@):f iPSST
bs/J\éfME TN U7z, ¥KIT, Table2 IZH# R ANSIER D
H COERGE R 2T, kDT + —7 GMDH-type = = —
FFy N —7 OFFETIL, EHE, S *“Eﬁfﬁ?}i
x JEREAR, y FEARAE 0)5/)0)]\7‘7”7T§5I75)E'<<Fﬁb\bhfb\7io
KL TIZ, 3220 =a2—F /L3y NU—7 THj@EIcH D
BIR S NI AN ZRIL, THIE, xR, yBET“"‘U) 3 7%:5((
bolm, CNNRTALE Y o 7 OIS 7= mfe
HLHOBRSINTEY ., 5L 250 mERFRICK D

WL EGR R EN, KA DT 4 — T =a—F Ry hU
— 7 AZBWTHOBERSNZZ 2005,

4. LTIV

BWFFETIX, TH4—7 0P AT 47 GMDH-type ==—7)1
FyhT—2% CNN ZHWIEANAAT Yy R =2 —F LRy h T —
7% VT, BAES MRI Bi{4 0 = B 5821772, 74—
TP AT 42 GMDH-type ==2—F/L Ry "I —2 AL, %5
EIR DM A LT IR S AT ORI LA 5 &
N, FRIBORBE O B OB, BiRR AL O B LRI
72 EORERBA 2 THY, THIFRZEFHG L HE(AIC R PSS)4 it
INTTBINNC, B EE L2 T 4 — T =a—TF VXD
—JHiEE BB B ARl T0D, 20 =a—T
IV F WD — 7 DR /8T A— 2 — (2 N IR0 AR | 3
O, FEO=a—a HOBIRR L) LS, il
T A—T =2 —TF N Ry N — I iEE RO 570 O E G
FAB0IRT IR | EEERE~OIS A DI ICHF

5 CnDo ARFFETIZ, B MRI 15 oD [ 1 G 8% R ~
ﬂ‘?fﬁb {gwuﬁ{t%%ttﬁx L/VC%@%%)J rﬁfd?%mu\bf;o i%

[2,3]100 & FH B A 38t A & D FLIS DUV TR, FERIFITTR T,

E I
AWML, BHEAFsR & A3 4 JSPS KAKENHI Grant
Number JP18K0420600 (Z X v f#liBh% & 1) C i S iz,

z £ XX’

[1] S. Takao, S. Kondo, J. Ueno and T. Kondo: Medical image
diagnosis of liver cancer by hybrid deep neural network of deep
logistic GMDH-type neural network and convolutional neural
network, Proceedings of the Twenty-Third International
Symposium on Artificial Life and Robotics 2018 (AROB 23rd
2018), pp.89-93 (2018)

RILEEIE, mRBIE RS, iU, BEE = 7 —7
GMDH-type =2 —Z7 /b f v NV =27 L a Rl o — g
Jma—g gy b —7 & R liER O BB S
i, ERIEWTER - ATHiEYS AIM B RF7ESE R
SIG-AIMED-006- 05(2018)

[3] S. Takao, S. Kondo, J. Ueno and T. Kondo: Medical image
recognition of brain regions using deep multi-layered GMDH-
type neural network and convolutional neural network,
Proceedings of the Twenty-Fourth International Symposium on
Artificial Life and Robotics 2019 (AROB 24th 2019), pp.115-121
(2019)

[4] S. Takao, S. Kondo, J. Ueno and T. Kondo: Deep feedback
GMDH-type neural network and its application to medical image
analysis of MRI brain images, Artificial Life and Robotics, vol.23,
No.2, pp.161-172 (2018)

[5] S. J. Farlow ed.: Self-organizing methods in modeling,
GMDH-type algorithm, New York: Marcel Dekker Inc. (1984)

[6] H. Akaike: A new look at the statistical model identification,
IEEE Trans. Automatic Control, vol.AC-19, no.6, pp.716-723
(1974)

[7] H. Tamura, T. Kondo: Heuristics free group method of data
handling algorithm of generating optimum partial polynomials
with application to air pollution prediction, Int. J. System Sci.,
vol.11, no.9, pp.1095-1111 (1980)

Table2 Selection of useful input variables in the deep logistic GMDH-type neural networks

I

. nput Gaussian | Laplacian | Maximum | Minimum | Range . Standard

variables ) . ) . . Mean X Y | Variance .
. filter filter filter filter filter deviation

Regions

Brain O @) O] O O O

White matter (@) (@) @) @) O] O

Lateral ventricle (@) @) O @) O @)




