


Another example of neural net-
work usage is in a decoupled system,
which applies neural networks and
fuzzy logic in an independent fashion.

One characterization of bodily
comfort is that of thermal equilibrium
between body and environment. The
International Standard Organization
defines PMV (Predictive Mean Vote)
[1] in ISO-7730 as an alternative
index of comfort. PMV is a mathe-
matical function of six input vari-
ables, shown on the right side in Fig-
ure 2. If PMV can be computed, then
the air conditioning can be optimally
controlled.

However, some of these variables,
such as metabolic rate and the ther-
mal resistance of the user’s clothing,
are difficult to detect by sensors. Simi-
larly, it would be extremely user-
unfriendly to ask the user to input
these values periodically. In contrast,
the values shown on the left of Fig-
ure 2 are easy to obtain by using sensors.

If we can discover and implement
the mapping from the six variables on
the left to the six on the right, we can
estimate the value f of the PMV index
using sensor inputs only. This map-
ping introduces some error, but is
still practical if the error is within al-
lowed tolerances. A neural net can
induce this nonlinear relationship
from data (e.g., the two six-vectors,
from sensors and manual calcula-
tion). Samples taken over a variety of
room environments are used for its
training. This approach has been suc-
cessful and has been incorporated in
an air conditioner being marketed by
Matsushita Electric [18].

Similarly, Sharp’s heater uses a
neural network that adapts the firing
time to room size and absorption
characteristics, so the user only needs
to specify when the room should be
warm, rather than initiate the process
[23]. Sharp’s refrigerator uses a neu-
ral net that learns to predict the time
of day during which a higher fre-
quency of door openings occurs, and
it precools the insides so the tempera-
ture remains suitably low [22]. Both
neural nets and fuzzy technology are

used here. However, references of

[22] and [23] have released little tech-
nical information.

Mitsubishi Electric’s refrigerator is
controlled depending on the usage
pattern in each home [15]. The 24

hours are divided into 12 blocks, and
the frequency of the door opening in
each block is counted. An 8-day mov-
ing average is calculated to absorb
daily variance, and a neural network
decides when to defrost, precool,
deodorize, and use low-noise drive by
processing the daily pattern. More
efficient cooling is thus achieved by
setting defrost time in the time zone
of infrequent door opening and by
precooling just before times of fre-
quent door openings. This reduces
temperature variations of the food by
about 2.2°C. In addition to the neural
network, food temperature and the
amount of frost are computed by
fuzzy reasoning using a temperature
sensor and the door-opening fre-
quency. These estimated values of the
neural and fuzzy systems are used
to “fuzzy control” the entire refrig-
erator.

Matsushita Electric applied neural
networks to image processing for air
conditioning (see Denpa News, Dec.
10, 1992, “Infrared image sensor sys-
tem” (in Japanese)). First, human-
like objects are segmented from
image data obtained by an infrared
sensor, and feature data for neural
networks are calculated. Additionally,
the number of humans is estimated.
Second, structured neural networks
use the feature data to estimate the
distance between the sensor and each
human and whether the human is sit-
ting or standing [3]. In the near fu-
ture, this system will be used to opti-
mally control an air conditioner by
basing control actions on the number
and the location of humans in the
room.

Japanese word processors trans-
form phonetic letters into Chinese
characters. The problem here is that
there are often several possible Chi-
nese characters for a word expressed
in phonetic letters. Toshiba [7] and
Matsushita Electric have devised neu-
ral networks which use contextual
information to reduce the number of
possibilities when mapping the pho-
nemes.

Although photocopying machines
are not consumer products, they do
use neural networks for control.
Sanyo uses neural networks for ad-
justing auto-exposure in their photo-
copying machine (see Nippon Kogyo
News, Sept. 27, 1991 (in Japanese)).

Moreover, the toner control of this
machine is controlled by fuzzy rea-
soning. Ricoh Co. has applied two
neural networks to control electro-
static latent image conditions at nec-
essary potential, as well as a neural
network to figure optimum develop-
ing bias voltage from image density,
temperature, humidity, and copy vol-
ume [9].

Fuzzy System Correction, Cascade

Combination, and Consumer
Trainable Networks

The application of fuzzy systems tech-
nology to Japanese consumer prod-
ucts began in 1990. Improvements
followed which involved incorporat-
ing more sensor data to make the
control smoother, more sensitive, and
more accurate. This becomes more
complicated as the input space in-
creases in dimension. In this ap-
proach, a neural net handles the
larger set of sensor inputs and cor-
rects the output of a fuzzy system
(which was designed earlier for the
old set of inputs). A complete rede-
signing of the fuzzy system is thus
avoided. This leads to substantial sav-
ings in development time (and cost),
since redesigning the membership
functions, which becomes more diffi-
cult as the number of inputs in-
creases, 1s obviated.

Figure 3 shows the schematic of a
Hitachi washing machine [2]. The
fuzzy system shown in the upper part
was part of the first model. Later, an
improved model incorporated extra
information by using a correcting
neural net, as shown. The additional
input (fed only to the net) is electrical
conductivity, which is used to mea-
sure the opacity/transparency of the
water. Toshiba produces washing
machines which have a similar con-
trol system [13]. Sanyo uses a similar
approach in its washing machine, al-
though some of the inputs/outputs
are different [21].

Sanyo has also applied this type of
method in the design of its conven-
tional-cum-microwave oven [19]. In
the older model, the fuzzy system
used the temperature and quantity of
the food and the user-set tempera-
ture to compute the heating time,
power level to be used, and the boil-
ing point of the food. The newer ver-
sion compensates for temperature
changes outside the oven, since sea-
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Figure 1. A neural netdeter-
mines membership functions.

Figure 2. Nonlinear mapping
from 6D space to 6D space

Figure 3. A neural net corrects
the output of a fuzzy system.

sonal changes in temperature have a
slight effect on the final food temper-
ature. The extra input can be incor-
porated by using a correcting neural
network,

Another way to combine the two
technologies is to connect them up
serially. In the Sanyo electric fan [20],
the fan must rotate toward the user—
which requires calculating the direc-
tion of the remote controller. Three
infrared sensors in the fan's body de-
tect the strengths of the signal from a
remote controller. First, the distance
to the remote is calculated by a fuzzy
system. Then, this distance value and
the ratios of sensor outputs are used
by a neural network to compute the
required direction. The latter calcula-
tion is done by a neural net because
neither mathematical models nor
fuzzy reasoning proved good at car-
rying out this function. The final
product has an error of +4° as op-
posed to the =10° error of statistical
regression methods [14].

Toshiba’s  microwave -oven-cum-
toaster estimates the temperature
and the number of pieces of bread
using a neural network and decides
the optimum toasting time by using
fuzzy reasoning [13]. The tme de-
pends on the quantity and initial tem-
perature of the bread. To automate
toasting, gas flow while cooking is
sensed, and a neural network is
trained to estimate the temperature
and the surface area of bread using
the time pattern of the sensed gas.
Finally, a fuzzy system decides the
optimum toast time and power using
the output of the neural network, as
well as weight and temperature sen-
sors inside and outside the oven.

Sanyo employs a backprop neural
network to learn the daily usage pat-
tern of a kerosene fan heater in
homes that need preheating [28].
The network predicts when the user
fires the heater daily and starts the
preheating accordingly, using the
time of day/season, and so forth. This
reduced the energy consumption by
half because useless preheating is
avoided.

The air conditioner described pre-
viously has been augmented by a
neural network to further fine tune
the equipment to the user’s personal
preferences. (Earlier, a neural net
computed the nonlinear mapping as
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described before, but this is not al-
ways optimal for a given user. A sec-
ond network now further corrects
this output, and this one can be
trained by the user.) The second
(user-trained) net uses four inputs
from sensors—room temperature,
outdoor temperature
setting, and running time of the air
conditioner to adjust the control sig-
nal. In addition to this, the user
pushes +/— buttons on the remote
control to make adjustments for per-
sonal comfort. These are an indica-
tion of the user’s preferences and act
as desired output values in super-
vised training (see Figure 4 for the
schematic diagram). Newer and sim-
plified methods for learning [12]
are used because standard backprop-
type methods are computationally
expensive.

[EII]pCl‘El{UTC,

Industrial Applications

Most industrial applications of neural
networks are currently at the re-
search stage. Compared with the
number of consumer applications,
there are few practical industrial ap-
plications [26]. These systems are
implemented in software that runs on
generic processors or with DSP
boards; specialized hardware, such as
neurochips, has not been exploited
yet. Three examples of industrial
applications follow.

Rating convertible bonds. Nikko
Securities began using a neural net-
work to improve the rating of con-
vertible bonds in October 1992 [16].
The system learns from the reactions
of an expert rating instruction, which
change with the economic situation.
The system analyzes the results, and
then uses them to give advice.

The system consists of a seven-
layered neural network [5]. The neu-
ral network’s internal connections
and synaptic weights are initialized
using the knowledge in the fuzzy
logic system; it then learns by back-
propagation learning and changes its
symbolic representation accordingly.
This representation is then returned
to a fuzzy logic representation, and
the system has acquired knowledge.
The system can then give advice
based on the knowledge it has ac-
quired. Such a system is called a neu-
ral fuzzy system (NFS) (Figure 5).
This seven-layer system had a ratio of
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correct answers of 96%. A similar
learning system with a conventional
three-layered neural network had a
ratio of correct answers of 84%, and
was difficult to understand the inter-
nal representation. The NSF system
learned 40 times faster than the
three-layer system. This comparison
is evidence of the effectiveness of NSF.

Prediction of failures in continuous
casting. Fundamentally, process con-
trol is a pattern recognition task.
What is needed is the ability to dis-
cern that current conditions are simi-
lar to historical conditions with
known outcomes, for example, to
sound an alarm. A neural network
can predict a plant’s reaction even in
ambiguous or unknown conditions,
permitting correction and optimiza-
tion of the pattern recognition ability.
Fujitsu Ltd. and Nippon Steel Corp.
have developed a neural‘network-
based process control system [27].
This system monitors a steel produc-
tion process, called continuous cast-

Figure 4. A user-trained network
modifies a standard control.

Figure5. Neural fuzzy system

ing, in order to reduce a molding
problem that can result in damage
and downtime. This system has
shown far better results than the con-
ventional system that was developed
through trial and error.

The feature of continuous casting
consists of pouring molten steel into
one end of a mold, while pulling
stock out of the other end at the same
time. The molded surface cools
enough to harden into a shell around
the still-molten center. This uninter-
rupted method is great for through-
put. However, one drawback is that
the solid shell can break, spilling mol-
ten steel all over the place. One cause
for breakage is abnormal cooling in-
side the mold, called breakout.

Preventing breakout is a high pri-
ority during continuous casting. A

COMMUNICATIONS OF THE AcM March 1994/Vol.37, No3 109



Mold

OQ =2==:= OO00
OOO ssmsuns OO

Thermocouples

Time-series net

L Time-series net

mad Time-series net

Upper stage processing section

Spatial net

Spatial net

Breakout

» prediction

Lower stage processing section

' Time-series net

7/

Steel

plate Steel plate

b

Filler

Workstation with accelerator

-

Ultrasonic probe

-

Defect
type

/

Figure 6. Process failure predic-
tion by modular ANN
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shell rupture within the mold lets the
molten steel touch the mold inner
surface directly. Therefore, the devel-
oping breakout can be detected with
a series of sensors functioning as a
moving hotspot on the outside sur-
face of the mold. Not all moving
hotspots are incipient breakouts,
however. A real breakout has a subtle
temperature pattern that can be
identified using sophisticated pattern
recognition to discern both shape
and motion.

Spatio-temporal signals from more
than 100 thermocouples attached
around the mold are processed by a
modular neural network (Figure 6) to
predict a failure. The system was

tested for one year, from January to
December 1990, using the actual con-
tinuous-casting system, and predic-
tion was 100% accurate. The test also
showed that prediction is 6.5 seconds
earlier, on average, than the conven-
tional system. This failure prediction
system runs on a minicomputer sys-
tem with an accelerator. Now, there
are several of these systems operating
on production lines. This failure pre-
diction system will be manufactured
commercially and sold jointly by Nip-
pon Steel Corp. and Fujitsu Lid.
Inspection and classification of
welding defects. Komatsu Corp. has
applied a three-layered neural net-
work to nondestructive welding in-
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spection and has automated the pro-
cess [17]. Before they introduced this
system, final identification of welding
defects was done entirely by eye. The
result of inspection was inconsis-
tent and not well suited to data pro-
cessing. In Komatsu’s system (Figure
7), welding is inspected by ultrasonic
probing. The reflected signals are the
neural network inputs and are used
to identify the type of welding defect.
Fifteen sets of data, which are cross-
sectional data and positional data in a
filler, are input, and the neural net-
work then classifies defects into one
of nine types. The neural network
learned from data that was collected
from deliberately introduced defects.

The percentage of correct answers
after learning ranged from 73% to
100%, depending on the type of de-
fect. This ratio of correct answers is
very similar to the accuracy of human
inspection. The inspection system
runs on a PC with an accelerator, and
commercial production of this system
is being considered.

MITI's Real World Computing
Program
In July 1992, the Real World Com-
puting Partnership (RWCP) was
founded, and in October 1992,
Tsukuba Research Center was chosen
as the coordinating center for re-
search. The RWC Program is the
Fifth Generation Computer Project’s
successor and began under the aus-
pices of Japan’s Ministry of Interna-
tional Trade and Industry (MITI).
The RWC Program has the develop-
ment of flexible and advanced infor-
mation-processing technologies as its
overall technical objective. The RWC
Program emphasizes technologies
that match the flexibility of human
information-processing  capabilities
such as pattern recognition and han-
dling incomplete information.
Under this broad technical objec-
tive, the program is comprised of
four major research themes: theoret-
cal foundations, novel functions for
applications, massively parallel com-
puting including neural network sys-
tems, and optical computing systems
(Figure 8). The center will mainly
carry out fundamental research and
development. Research funding is
currently planned to reach approxi-
mately $500 million in 10 years, start-

Advanced integration of elemental novel functions

Novel
functions

Inference and
prablem solving

Recognition and
understanding

Massively parallel
systems

Flexible logic

System integration

Simulation and
human interface

Autonomous and
cooperative control

Theoretical foundation

Massively parallei and
distributed systems

Neural systems

Optical computing and devices

Optical systems

ing at about $7 million in fiscal 1992,
and growing to about $30 million in
fiscal 1993 (8].

An RWC international computer
network has been formed to promote
international participation and col-
laboration. This computer network
allows partners and subcontractors to
use the parallel computers (CM-5 and
Intel’s Paragon) and research data-
bases available at the RWC Research
Center in Tsukuba. This network sys-
tem is expected to increase the mu-
tual exchange among the interna-
tional RWC members, as well as
among (l()[]]CSTiC I‘CH(‘JHI‘ChC‘I‘S.

The following organizations and
corporations have applied to partici-
pate: from Japan, Fujitsu Ltd., Hi-
tachi, Ltd., Japan Iron and Steel Fed-
eration, Matsushita Technical
Mitsubishi Electric
Corp., Mitsubishi Research Institute,
NEC Corp., NTT, Oki Electric Indus-
try Co., Sanyo Electric Co., Sharp
Corp., Sumitomo Electric Industries,
Ltd., and Toshiba Corp; from outside
Japan, ERCIM (EC), GMD (Ger-
many), NRC (Canada), NUS (Singa-
pore), SCIS (Sweden), and others.

Laboratory,

Conclusion

Japanese practical neural network
applications have spread widely in
both commercial and industrial fields

Figure 8. Real World Computing
Program

after their debut in 1988. This has
become a practical technology. Neu-
ral network applications have en-
tered a second stage, in which they
can be combined with fuzzy logic, Al,
and other knowledge-processing sys-
tems. Most current commercial appli-
cations use a combination fuzzy logic
and neural network, and some indus-
trial applications, such as consulting
businesses, require not only neural
networks but also knowledge engi-
neering. In the coming third stage,
neural networks will be the heart of
autonomous systems. Commercial
products are beginning to realize au-
tomatic user-trainable equipment
that allow neural network learning at
home or in the office. Providing au-
tonomous equipment with the flexi-
ble behavior of humans, new neural
network technologies, and more gen-
erally, new computational paradigms
is essential. This is the goal of the
RWC Program.
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