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Abstract

AIfeTlE, ZEHEER GMDH (Group Method of Data Handling) -type =2 —J )Vt v N7 —72
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MEZMA 7271 —T=a—F )V y P = HEZ HEINICER ST 5. 2OT1A—7T=2—F )%y
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% EREER GMDH-type =2 — )V 4% v T — 27 2 W CHEER L TIN5 0o x i3 %,

In this study, the deep multi-layered Group Method of Data Handling (GMDH)-type neural
network is combined to the Convolutional Neural Network (CNN), and the hybrid deep neural
network is organized so as to minimize prediction error criterion defined as Akaike's Information
Criterion (AIC) or Prediction Sum of Squares (PSS). In the convolutional neural network, many
image features are automatically generated using the convolutional calculations and the pooling
calculations, and these generated image features are used as the input variables of the deep GMDH-
type neural network appending the conventional image features which were used in the conventional
image recognitions. 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 which have many hidden layers.
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 using the deep multi-layered GMDH-type neural networks.
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Fig.4 Variation of PSS in the deep GMDH-type of NN(1)
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Fig.5 Output image of the neural network (1)

Fig.6 Output image after the post-processing (1)

Fig.7 Overlapped image (1)
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Fig.9 Output images of the conventional sigmoid
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Fig.8 Extracted gray scale image (1)
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Fig.12 Output image of the neural network (2)
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Fig.15 Extracted gray scale image (2)

(a) m=5

(b) m=7

(c) m=9
Fig.16 Output images of the conventional sigmoid
function neural network (2)

NAISJournal | 11



4.3 RHEEEOEABEGREE & RigihE i

MEEE oM 2 B Lz Lw=2—F ) 120 I .
Ay M= 2 HOEMBILL72e =2 —F W%y

N — 2 ADANERE L CE 41 D=2 -5 ) i

Fv b7 =2 AL 10 HO AL E V2, 2 1.0 r

LT, PIgflE, X FREE, Y EREE &R, AL T v PSS -

TANE —OWMIIE, w&KMED 68D AT ZEKD 100 t

IR S 7, FEEEHOKRE S NI, 245 i °

100 DMEICK L TC=a—FVvAy T —27 A% HD 9.0 | °

MR L 720 TOFER, N3O EIL, OB -

WH RS E 25, =2 —F VA T —F A 8.0 ' ' ‘
OWNZEHE, 0 10X LY, MEFEBTIE L Sigmoid  RBF Polynomial
D% I 5 L) I2FE S8, T4 — T L6 Fig.17 PSS values of three types of neuron (3)

&Rl GMDH-type =2 —F )V % v b7 — 27 A3,

Za—I WAy PT—7HEEE LTV TEA FRE

Ay b7 — e #IRL 72, Fig17 12, %2

JETHE I 3SHAED 21— 0 v OBEEEIRT,

74 — 7% BHEER GMDH-type =2 — J )V % v

N — 27 ADFHHEIIH 6 BT T L7z, Fig.18 (2,

FIEIZ BT 5 PSSEDZALZIRT . EE BT %

X2 &Y PSS HEIZE A 129 L CFRilliaE,NIE

HWAZ/NES AEIZIR L 720 Fig 19 ICHR#%JE T 5

N mEgE %R KIZ, ZOHDERIZN LT

HEOBWHEZIT 5720 —a—TF ) Fxy NT—7 D Number of hidden layers
B RE B L I, TR I L & Fig.18 Variation of PSS in the deep GMDH-type NN (3)
PRALEE A 4T\ BNE SIS O AR & % IR A5k 2
SNz LT, MEHBOWEZ N/2 B #5572
GAMINZERE L 720 Fig20 12, =2 —F ) 4% v b
7 — 27 AD M ITEGIZRILIE 24T 5 72 2R T o
JEm 5 & O—FMEZMERET H72012, FHljf§E 0E
RAEbETIT o 72, Fig21 IZJFE M & R %O
52 R EHLE7ZHE 2R o Z OMIEN,r S,
Za—=I)0Vtx vy NI =7 A2 X o CHfERERR S L7z
B 2= I, RO RMEFIIC L~ LT b
ZENDbD LS, LT, HE{E»r =S ZIT) 2 L
(& D INESEIR O 7 L — R A S 7z, Fig.22
(2, WEHEEO 7 L — g 2R3, Fig.23 12, BP
B HWTHEET 5 3EHEEONE RN =2 — TV
Ay NI =702 X o TR B N7 R RREAS R 2 7R
To FEAEIR 4.1 OMOFEEHEB O & L F LT
%o

Fig.19 Output image of the neural network (3)

Fig. 20 Output image after the post processing (3)
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Fig. 21 Overlapped image (3) () m=9

Fig.23 Output images of the conventional sigmoid
function neural network (3)
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Table 1 Number of layers and type of neural networks

Regions Number of layers | Type of neural network

Brain 9 Sigmoid function NN

White matter 15 Sigmoid function NN

Lateral ventricle 6 Sigmoid function NN
s 670
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Table 2 Selection of useful input variables in the deep multi-layered GMDH-type neural networks

Input variables _ ' ' o
e | M | e | e | i | Mean Variance | Geinde
Regions
Brain O O O O
White matter O O O O
ventricle O O o | ©
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