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Automatic Parameter Tuning of Object Detection Method by

Adaptive Structural Deep Belief Network and Its Application to
Symbol Recognition on Building Facilities Drawings

xS. Kamada, T. Ichimura (Research Organization of Regional Oriented Studies,

Prefectural University of Hiroshima)
T. Tarao, and R. Yamaguchi (Chudenko Corporation)

Abstract— Deep Learning has a hierarchical network architecture to represent the complicated feature of
input patterns. We have developed the adaptive structure learning method of Deep Belief Network (DBN)
that can discover an optimal number of hidden neurons for given input data in a Restricted Boltzmann
Machine (RBM) by neuron generation-annihilation algorithm, and can obtain appropriate number of hidden
layers in DBN. Moreover, an object detection method for the DBN architecture was proposed for localization
and category of objects. In this paper, the object detection method is applied to symbol recognition on
building facilities drawings. The parameters of the object detection method are automatically determined
and the method can reach 98.5% of the detection accuracy for the dataset.

Key Words: Deep Learning; Deep Belief Network; Restricted Boltzmann Machine, Adaptive Structure

Learning; Symbol Detection on Building Facilities Drawings
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Re-learning Method of Adaptive Structural Deep Belief Network by

Neuron Generation based on KL-Divergence and Its Application to
Facial Expression Image

*3. Kamada and T. Ichimura (Research Organization of Regional Oriented Studies,
Prefectural University of Hiroshima)

Abstract— Deep Learning has a hierarchical network architecture to represent the complicated feature of
input patterns. We have developed the adaptive structure learning method of Deep Belief Network (DBN)
that can discover an optimal number of hidden neurons for given input data in a Restricted Boltzmann
Machine (RBM) by neuron generation-annihilation algorithm, and can obtain appropriate number of hidden
layers in DBN. In this paper, our model is applied to a facial expression image dataset, Affectnet. The
system has higher classification capability on some benchmark data sets. However, the model was not able
to classify some test cases correctly because human emotions contain many ambiguous features or patterns
leading wrong answer and two or more annotators answer different subjective judgment for an image. In order
to represent such cases, this paper investigated a re-learning model of Adaptive DBN with two or more child
models, where the original trained model can be seen as a parent model and new child models are constructed
for some misclassified cases. The difference between two models is calculated by KL divergence and some
appropriate new neurons are generated according to KL divergence to improve classification accuracy.

Key Words: Deep Learning; Deep Belief Network; Restricted Boltzmann Machine, Adaptive Structure

Learning; AffectNet
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Table 1: AffectNet DF7 TV

= DEZ | AT — 28 [ 7T AT — 28

Neutral (H137) 74,874 500
Happy (3¥) 134,415 500
Sad (FEL#) 25,459 500
Surprise (%) 14,090 500
Fear (i) 6,378 500
Disgust (&) 3,803 500
Anger (0) 24,882 500
Contempt (#£5%) 3,750 500
None (7% L) 33,088 500
Uncertain (FifES) 11,645 500
Non-Face (Bi7& L) 82,414 500

oat \ 414,798 | 5500

k
Z(OZE~El) > Ors (8)
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Table 2: ik '3 5/ TTABLE 6 Category of AffectNetAgreement Between Two Annotators in Categorical
Model of Affect (%)

‘ Neutral ‘ Happy ‘ Sad ‘ Surprise ‘ Fear ‘ Disgust ‘ Anger ‘ Contempt ‘ None ‘ Uncertain ‘ Non-Face

Neutral 50.8 7] 91 28 1.1 1 4.8 53] 11.1 1.9 5.1
Happy 63| 796 | 06 7] 03 0.4 0.5 3] 46 1 2.2
Sad 11.8 0.9 | 69.7 1.2 3.4 1.3 4 0.3 3.5 1.2 2.6
Surprise 2 3.8 1.6 66.5 14 0.8 1.9 0.6 4.2 1.9 2.7
Fear 31 15| 38 153 | 61.1 25| 72 0] 19 04 33
Disgust 1.5 0.8 3.6 1.2 3.5 67.6 13.1 1.7 2.7 2.3 2.1
Anger 8.1 12| 75 17 29 44| 623 13| 55 1.9 3.3
Contempt 10.2 75| 2.1 05| 05 4.4 2.1 66.9 | 3.7 15 0.6
None 22.6 12 [ 145 8 6 23| 169 13 96 43 2.6
Uncertain 13.5 12.1 7.8 7.3 4 4.5 6.2 2.6 12.3 20.6 8.9
Non-Face 3.7 3.8 1.7 1.1 0.9 0.4 1.7 0.4 1.2 14 83.9
CNN(AlexNet) Tl&, 7 A F T =20 LT 60%FRHE Table 3: AffectNet IZ X9 % 73 Kk g
Th-o7 (AT —2 DI 7a L), —7, Wb
DBN T, #liii7— 2t U Tl 100% D7) FEnsEE CNN(ZHk ) Adaptive DBN
ZRUlc, T7ART—2IH U T, A 87.4% D708 A7dVH [ TANT =R AT —% [ TAFT—X
FE LIz, REDFETEIATIVIE “Happy” T Neutral 63.0% 99.3% 87.8%
D, —J5, BRENRCELN 5717 T & “Anger” Happy 88.0% 99.9% 92.4%
THole. £ 0RO ENEEZ TRl>/cA7 3V Sad 63.0% 99.2% 84.2%
&, “Neutral”, “Sad”, “Surprise”, “Anger”, “Con- Surprise 61.0% 99.4% 85.8%
tempt” T Ho . Fear 52.0% 99.5% 90.4%
=0 JaN > )45k Disgust 52.0% 99.3% 92.4%
o CHEINICERD, EOATTVIL /\iﬁi’h Angor o5.0% 58277 S A%
TWABM il L7z, Table 41, Table 3 D/ FAREE o r— S 0% 9557 567
W9 % EATTY (Confusion Matrix) 277 LTV 5%. B e S o
BEfpe, sHEOATIINEDATIVICTF
WENTDZRTEDTHS. BlEIEY >V TIVETH
%. Table 4 15, “Anger” ' “Disgust” &iio> TH¥H ﬁ‘r ‘
TNTVBHEFINZNT EWVh o7z, Fig. 4 &0
KL IO — 2R LT 0%, |
ANDEHICIE 1 DL EOEHDRENGEN TV S
ZEeNEL, EFICEKRTH 5. AffectNet TIE, 18
@ﬁ{%bdﬂ,’( 1*@*&@’1&[\ 5’\}1/773‘5*2_ Eih 7’\]1/ a Disgust — Disgust — c) Disgust —

I FEBDT /) T—RIC KO FEEENTHBH, 4
T THEINHEBE LT, 7’/%—775:??5
ANDFEBUC K > TN OFERNE IR B T L HJFE
WTHsEEZTVS. Y T, BEEHRE LT,
1 KOS LT 2 NDT /) T—2—DF~)UHFD
FERD T ZEEGD, FHTIVICH LU TRENTY
3. xRS E, 2 A\DTNIUHFID—ET B EE1E
PLTELEL, HLEWE DT Happy D 79.6%, —
73, Neutral, Contempt, Anger TlX, 50.8%, 66.9%,
62.3% &K<, T OfERAINE, Table 4 DFERICEHNT
W5, D%b, 77—ty rofic, EEOANDTE
MEENTWVS. COXIREGE, 72T 7 )VEs
DX, BHOETIWERNTT—2Z2EXEHT 57
HBIETHELEZILNS.

SRR 1Y Cl, Anger & Disgust ICEH L, F08EL
feTF—REIEE LT — RT3 BT IVEREEEL,
TEOBETIVED KL HREZRE Lz, BARICE,
Table 5 IC/RT K H 1T, Anger & Disgust IZDWT,
ETIVP TIELL GHTE 27 —%7% Set 1, > TH
JHE NI T —&7% Set 2 £ L, Set 1ICHT B FETIV
% Q1, Set 21K B FETIV Q2 EMEER LTz, Table 6
BHEHETIVP EFETIVQL, Q20D KL [HHEERL
TW5. Table 605, P& Q1D KL HHREICHAXT,
P& Q2D KLIERENKE RGO, EFIVIICE
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Fig. 4: B0 FA L 7ol
WhHRGNTZ, &z, PLQ2O8Y IV LD KL
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L, TNENTETIVCH “Lt w)f?ﬁ% ARG
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Table 4: 3 EEFE RIS BRG]

THlIENI=ATTY
Neutral | Happy | Sad | Surprise | Fear | Disgust | Anger | Contempt
Neutral 439 2 7 5 8 16 4 19
—~ | Happy 7 462 2 0 4 12 1 12
T1 | Sad 12 3] 421 13 11 20 5 15
‘E Surprise 15 4 10 429 11 22 0 9
Q Fear 10 2 10 10 | 452 8 3 5
g% | Disgust 8 2 3 5 8 462 5 7
# | Anger 14 4 8 10 9 47 392 16
Contempt 17 8 6 3 2 21 5 438
Table 5: TETILVDFET—x 14
v b B] T— 28 0 = KL(P, Q)
Set 0 Anger & Disgust D& T — X 1,000
Set 1 Set 0 CIELL AT E a7 —4 854 801
Set 2 | Set 0 Tito THMENTcT—X 146
.. 601
Table 6: KL 1§t 19
T KL [f#e g
Dy (P, QL) 0.188 7
Dk (P,Q2) 0.660
201
4.2 KLEREICEDK Z1—OVERAZDRE
A TE, PRALIBICEE LUIHETILEL, Q 00._0000 0.0005 0.0010 0.0015 0.0020 0.0025
KL

Z P DEAZZTERY NT—UkhgEza¥—452 &
THAlb Lz 77V L, P CiEm¥ LT Anger &
Disgust Z 3 ## L7z, FHFAHOME, FETIVQ IF
EEZD Anger & Disgust 1<K LT 100%1EE T 5 XD
IKixolz. £z, TOT—RICHL, BHETIVP &F
E7)VQ D KL MEM=ZHE L. KL E#R=EE 2D
DR OENZHBIEETH D, X (9) K&t
HINhb.

P(x;)
Q(z;)’

CCT, 2, 3 ANITHB. BETIWVPETETIVLQD
KL 1E#&EIF 0.660 & 75> 7z, Fig. 5% KL [§HEOY
VTN DR ERLTWS. Fig. 5h5, iEoTH
JHEN2T—ZOMTE, KL IERRED 0H5 0.0025
OFIFINTIE S DEMNR LN, &, TOKLIEHRE
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Goal-Conditioned Reinforcement Learning with Extended

xA. anig chi F. asaki and R.

Abstract—

n this paper we extend the concept of

lo d-Warshall method

amashina Ricoh ompan Ltd.

lo d arshall method so that it can e applied to

al ef nctions and propose a new reinforcement learning method that com ines this with deep reinforcement

learning.
f nction is expressed a inar
p rpose of achie ing m ltiple goals. he contri

reinforcement learning methods.

he proposed method is effecti e for sparse reward reinforcement learning in which the reward
f nction and goal conditioned reinforcement learning which is for the
tion of the proposed method is that a al e f nction for
achie ing a goal can e linked toa al e for achie ing another goal.

e cond cted experiments in the
proposed method has higher learning performance than

his concept is not fo nd in con entional
rid en ironment and showed that the
indsight xperience Repla which is known as an

effecti e method for sparse reward reinforcement learning and goal conditioned reinforcement learning.

Key Words: Reinforcement learning Deep
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Algorithm 1 D N with E tended lo d arshall
method
Given: Binar reward f nctionr S x G — Re
pressed as Eq. where state space and goal space
iseq al S G.
Ensure:
nitialize repla ffer B and Bygr
for episode 1,---,M do
et a goal g and an initial state sg.
fort 1,---,T do

ample an action a; from € greed polic 7.
air ~ T S¢, g
E ec te the action a; and o ser e a ne t state
St+1
for learning step 1,---, N do
ample a mini atch B from B and By gg.
erform an optimization step for Lrp sing
B.
end for
end for
fort 1,---,T do
Tt T St,g Ty T St, ST
tore the transition s¢,a¢, S¢y1,7¢,9 in B.
tore the transition st a¢, Sty1,7, ST in
BHER-
end for
ample states set S actions set A wa points set
S’ and goals set G see s section 4.4.
nitialize Q see s section 4. .
for s’ € S’ do
for s,a € Sx Ado
for g € G do

Qs7a7g ma (Q 870’797

EFW Q so,a0,s ,ma +Q s.,d.,g )
end for
end for

end for
for learning step 1,---,N’ do

erform an optimization step for Lgpw
end for

end for
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s’ € S',where S’ is a set of
S achieved goals g' in Bygr

52 Sample from Bygr
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Analysis of Respiratory ad Brain Function under the Indoor Thermal Environment

* Hideto Watanabe, Yasue Mitsukura (Keio University)

Abstract—

Dementia is broadly divided into Alzheimer type dementia and vascular type dementia, and it has

been pointed out that both are related to cerebral arteriosclerosis as a risk factor. Hypertension is cited as a risk
factor for arteriosclerosis, and daily measures against hypertension are required. Since blood pressure is influ-
enced by the thermal environment in the house in winter, it is already known that the thermal environment in the
house affects brain function. On the other hand, exposure to cold is known to affect respiratory function. Chronic
obstructive pulmonary disease (COPD), one of the respiratory diseases, is associated with not only respiratory
dysfunction but also cognitive decline. However, the relationship between the influence on respiratory function
and brain function by living in a cold house and the influence on brain function by respiratory function decline
has not been clarified. In previous studies, we have investigated the effects of thermal environment in the house
on respiratory function and brain function, and the effects of reduced respiratory function on brain function. The
purpose of this study is to clarify the causal relationship between the thermal environment in the house, respiratory
function and brain function, and to consider the effects of other factors such as age. Achieving this objective will
lead to a proposal for a thermal environment in the house that prevents the deterioration of brain and respiratory

functions.
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Heart Rate Estimation Method Robust to Disturbance by Measuring BCG

* Toshiya Nakaigawa and Yasue Mitsukura (Keio University)

Abstract—

In this paper, we construct a system that can estimate heart rate easily and non-contact by meas-

uring ballistocardiogram (BCG) acquired from chair leg sensors. Heart disease is a problem worldwide as the top
cause of death. Heart disease patients have heartbeat abnormalities, so it is effective to detect the symptoms early
by monitoring heartbeats. In recent years, BCG has been attracting attention because it can acquire heartbeats
contactless by using sensors attached to a chair. However, it is difficult to estimate the heart rate depending on
the posture because the sensor is attached to the backrest in existing method. In this study, we propose a heart
rate estimation algorithm using Shannon entropy and a system to acquire BCG by chair leg sensors. As a result,
it is confirmed that the heart rate can be obtained by the proposed system, and heart rate estimation is performed
with high accuracy compared to the method without Shanonn entropy.
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Fig. 4: Peak correction.
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Establishment Method of Auditory Stimuli to Increase Neural Activity in Y Band

* R. Miyazawa and T. Ishikawa and Y. Mitsukura and M. Yasui (Keio University)

Abstract—

The cause of Alzheimer's disease is the death of neurons due to the deposition of amyloid

protein in the brain. In previous studies, it was confirmed that the power of y band (20-50Hz) decreased in the
neural activity of Alzheimer model mice. In addition, when y band (40 Hz) auditory stimulation is performed
on Alzheimer model mice, the power spectrum of the neural activity y band increases and amyloid [ decreases.
However, the investigation is conducted with only one sound fixed, and details of the sound are not considered.
Therefore, it is necessary to investigate what kind of sound increases the neural activity in the y band. So, in this
study, we aim to discover auditory stimuli that increase neural activity in the y-band, and measure neural activ-
ity when performing various y-band auditory stimuli with varying pitch and length. did. As a result, it was con-
firmed that the power spectral density was high when the sound length was short.
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Motivation Estimation of Steroid Hormone-Treated Mouse

by Automated Long-Term Continuous Measurement
* R. Kasai and Y. Mitsukura (Keio University)

Abstract—

Steroid hormones are widely used as anti-inflammatory agents, but their side effects are large. It

is important to identify appropriate doses and duration since mental disorders as one of side effects of steroid is a
problem. We estimated motivation of steroid hormone-treated mouse with the long-term behavior measurement
to grasp depression caused by administration of steroid hormone. As a result of our analyzation, rearing motiva-
tion of decreased continually after 450-hour administration at 24 ages of the week’s mouse and after 540-hour
administration at 36 ages of the week’s mouse. The ingested amount reached 7.2mg and 8.0mg. Therefore, we
suggested that continuous decrease of motivation means depression of mouse.
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Table. 1: Experimental condition.
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Behavior measurement
]

Dextrin solution

Control mouse -
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Corticosterone- Dextrin solution

treated mouse

7 days 28 days

Fig. 1: Experimental flow.
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Table. 2: AIC of each model.
(24 ages of the week, control mouse)
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Table. 3: AIC of each model.
(24 ages of the week, corticosterone-treated mouse)

. . Uive
7,_":\/ 4 . N
AT EAT o REh
nAy 5988 | -1387 1508 | -7647
LAULEF L | T B B e
LY RE | -5893 -1371 -1491 -748.4
IR -579.9 -1336 -1465 -742.8
rLvRE
i -574.6 1324 -1453 7315
MR
Table. 4: AIC of each model.
(36 ages of the week, control mouse)
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Table. 5: AIC of each model.
(36 ages of the week, corticosterone-treated mouse)
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Fig. 5: Motivation estimation of each behavior.
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