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Medical image analysis of chest images using deep multi-layered GMDH-type
neural network and convolutional neural network
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In this study, hybrid deep neural network is organized using the deep multi-layered Group Method of Data Handling
(GMDH)-type neural network and the Convolutional Neural Network (CNN) and it is applied to the medical image analysis
of chest images. In the deep GMDH-type neural network, the hyper parameters such as number of hidden layers, type of the

neural network and useful input variables, are automatically selected to minimize prediction error criterion defined as
Akaike’s Information Criterion (AIC) or Prediction Sum of Squares (PSS) and the deep neural networks with the optimal
complexity are automatically organized. This deep neural network algorithm is applied to medical image analysis of chest

images, and the organs such as liver, heart and bone, are recognized and these regions are extracted accurately using the deep

multi-layered GMDH-type neural networks.
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Optimum activation function is automatically selected from
Sigmoid function, Radial basis function and Polynomial
Fig.1 Hybrid deep neural network architecture of deep multi-layered
GMDH-type neural network and convolutional neural network (CNN)[1,2]
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Fig.6 Output image after
the post-processing(1)

Fig.5 Output image of
the neural network(1)
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Fig.9 Output images of the conventional neural network (1)
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Fig. 13 Output image after
the post processing (2)

Fig.12 Output image of
the neural network(2)

Fig. 14 Overlapped image(2)  Fig.15 Gray scale image (2)
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Fig.16 Output images of the conventional neural network (2)
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Fig.19 Output image of
the neural network (3)

Fig. 20 Output image after
the post processing (3)
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Fig.23 Output images of conventional neural network (3)
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Table 1 Number of hidden layers and type of neural network

Regions Number of hidden layers | Type of neural network
Liver 8 Sigmoid function NN
Heart 12 Sigmoid function NN
Bone 8 Sigmoid function NN
3455

Tablel (&, PREOEHE =2 —F %y NU—27 OFff

AR, Hﬂ@%f L8 &, ClETIX 12 3,
HHEOT 4 —F =2—

HTIX8ED

FFy NU— 7 ZANHE O S

iz, MRS SO, THIRRZE PSS 1L, EAERAEA

DT EITHRAL

12T USed& 8 T I PSS 23/ & 720 12 I 3k

L7z, #72, =2—F L%y hU—/ oL LT, 3
DD=a2—FNFy NT—=7 b 7B, NN ED
BIRE 72, WIC, Table2 (AR ATIEHD B LB
Frmd, AFETIZ, 320D=a—FLFy hU—IT
LIRIC B CBIR S ALTE A ERUT, FINE, x AR, AR
iz, WKIED AEH ThH o7z, CNNRTANE Y 7
THRAESNZEGREED B BRI,

4. LTIV

AWFGETIX, 74— 7% 8% GMDH-type ==—7/L % kU
—27& CNN Z WA TV =2 —F VX —2 %
WIS X Mt CT G = BT 247 > 72, T, L.
BORRE T =7 =2—F V2= 8 J&, 12 J&. 8 JED
PO =2 —F 2y NI —2) |G RS &l L
7o ZAUOO EHGERFNRE BEIL B o723, BP E&2 HWTHEE
T5 3 JEEDUERI =2 — Ty NT — 7Tl ITlEE Ll
D EHGERRING DS <7207z, 3 & TIER v T — 2 Ot
W BT E T R B RS L DAL oTeb D &
EZLND, £, AFFETHWT +—7 % 8% GMDH-type

Za =TIV RyNT =T AE NAR— T AR (BOES, A
IR N TS D BAIR | TE AL BB DRI L) 2 T IRR AR
MEFEHE(PSS) &t/ M T D IO I BB IR EL TV D72 B
FIHGAENTE~D ISR S Th-oTz,
B OB

ARFIEE ., B JEH A B & JSPS KAKENHI Grant

Number JP18K0420600 {Z J V) #fiBh 4 52 1 CTHEMi S iz,
2 & X W
[1] 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, pp.115-121 (2019)

RPIEEIE, @RI B0, GO, REE S 70— 7
GMDH-type == —F /b F v NV =27 L2l o — g
T =a—F R y N7 —7 & TR O E@JE?HW@\
munﬁ l:}:ﬁh rIEJ ?& }\Ié:‘u FIE AIM /\I—JE)EF g*’l’
SIG—AIMED-006-05(2018)

[3] S. Takao, S. Kondo, J. Ueno and T. Kondo: Medical image
analysis of X-ray CT images using hybrid deep neural network of
deep feedback GMDH-type neural network and convolutional
neural network, Proceedings of the Twenty-Fifth International
Symposium on Artificial Life and Robotics 2020, pp.435-442
(2020)

[4] 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, pp.89-93 (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 GMDH-type neural networks

Input variables | Gaussian | Laplacian | Maximum | Minimum | Range . Standard
. ) ) . . . Mean X Y | Variance .
Regions filter filter filter filter filter deviation
Liver O O (@) ©) O
Heart O O (O N0 @) O
Bone O O O O]0 O O




