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A new technique was developed to non-intrusively monitor the use of individual gas appliances in homes.
It relied on a very sensitive master gas meter equipped with a pulse meter, data logger, and software. The
procedure involves two steps: decomposition and identification of the end uses. The technique is about
95% accurate but the algorithms can still be confused by some relatively common situations. Further
improvements in the software are expected to improve accuracy.

The procedure was applied to over 600 homes in Tokyo, Japan. The aggregate data allow more accurate
estimates of energy consumption by the major residential gas appliances in addition to their hourly load
profiles. Key factors affecting energy demand by each gas appliance were obtained by combining the energy
and demographic data. These data are essential for more accurate forecasting of gas consumption, system
sizing, and other marketing activities.

The system will not necessarily be as successful in America due to the presence of pilot lights, more
appliances per household, and variable-rate gas appliances. Nevertheless, the approach appears promising
because it is economical and accurate.

BACKGROUND Parti 1992) reconcile variations in appliance ownership with
differences in energy use. Such studies have been undertaken
The individual metering of gas appliances in homes has In Poth Japan (Murota 1987) and the United States (Energy
always been awkward and expensive. The inability to conve- Information Administration 1994; Energy Information
niently submeter gas appliances is responsible for the lack 0fAdmlmstlratlon 1996). B_ut when there is little variation in
field data comparable to that available for electric appliances. ©Wnership of gas appliances from one house to another
The absence of such data makes it difficult to accurately (SUCh @s is the case in many parts of Japan), the regression
forecast gas load and evaluate opportunities to conserve CO€fficients are susceptible to large uncertainties (Nakagami
We report here an entirely new method to gather submeteredl987; Nakagami 1993). These uncertainties make itimpossi-

gas consumption of residential appliances. It does not requireP!€ O reliably forecast the increase in consumption due to
expensive equipment or intrusive installations. purchases of new gas appliances, changes in housing stock,
and the gradual aging of the Japanese population.

There are two conventional approaches to estimating energy

use of individual gas appliances. The first requires submeter-This approach also cannot supply key information, such as

ing all or some gas app"ances in each home. A recentthe dally or monthly variation in gas use, so it cannot help

example of this approach is measurements conducted byin facility capacity planning. In Japan, almost all gas is

Northern lllinois Gas (Menkedic et al. 1993). This approach imported as LNG. Each major gas company must therefore

is expensive, so it is impossible to monitor enough homes OWNn large local storage facilities. From a facilities manage-

in order to obtain a statistically representative sample. As a Mment perspective, space heating is burdensome for storage

result, most studies monitor selected appliances in a fewbut not for pipelines, while water heating is demanding for

homes and settle for “typical” values rather than the aver- both facilities. Thus, accurate projections of space and water

age. Other studies have inserted thermal sensors in the majoP€ating demands will help the gas companies avoid major

combustion appliances and measured elapsed time. Whilgnvestments.

cheaper than direct metering of gas use, the technique has

many drawbacks including greater uncertainty in actual con- Finally, Japanese gas utilities sell gas appliances. More

sumption. detailed information about consumption behavior allows the
utility to design and market appliances that best suit its cus-

An alternative approach relies on monthly gas billing data tomers.

for a large number of homes combined with details of the

appliances present in each home. These conditional demand We describe below the details of the new monitoring system.

studies, such as those by Parti et. al. (Parti, Villaflor & It relies on innovations in both hardware and software. The
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hardware consists of a sensitive whole-house gas meter and

a data logging system. The software consists of a set of
algorithms to decompose the whole-house consumption into
each appliance’s consumption.

DETAILS OF THE NON-INTRUSIVE
MONITORING SYSTEM

The gas meter used in Japan translates the movement of th
diaphragm into a cyclic crank rotation and then transmits it
to the digital indicator. Thus the minimum value of mechani-
cally distinguishable unit of flow is equivalent to one crank
rotation. A magnet attached to the gas meter emits an elec-
tronic pulse as the crank rotates. Another device detects the
pulse and is connected to a microcomputer in the gas meter
Between two pulses, 0.0318 ¢f gas flows through a stan-
dard size meter. In Table 1, we list typical Japanese gas
appliances, their rated input and elapsed time (in seconds

necessary for one pulse emission at the rated consumption,

Figure 1 Data Logging System Configuration
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Each gas meter is equipped with a data logger; when the

microcomputer in the gas meter receives a pulse, it transmits
a time stamp to the logger with the elapsed time between
consecutive pulses. Figure 1 illustrates the system configu-
ration.

The number of pulses emitted per day varies with use, but
typically ranges from tens to thousands. The logger has 0.5M
bytes RAM, so we can easily download the data on IC

memory card in a few seconds via I/O interface. We schedule
data collection from each customer site at most four times
a year by utility personnel. At the utility offices, we decom-
press the data before proceeding to the analysis step. Table
2 contains an example of decompressed, pre-analysis data,
and Figure 2 shows an example load data.

ESTIMATION OF FINAL DEMANDS
Table 1. Elapsed Time Between Two Pulses for a
Certain Amount of Gas Flow Estimation of end uses consists of two steps: decomposition
and identification. In the decomposition step, we disaggre-
Elapsed Time Appliances
Input Between Pulses  Corresponding Table 2. Example of Pre-Analysis Data
(Btu/h) (seconds) to Inputs
2,000 70.7 Time Gas Flow Interval Pulse
hr/mn/sec (kBtu/h) (sec) Counts
4,000 35.4 Rice cooker
06/23/10 105 25.89 1
8,000 17.7 Cooking stove, Dryer
06/23/36 104 52.72 2
12,000 11.8 Stove
06/24/29 14.4 18.94 1
20,000 7.1 Oven
06/24/48 13.2 2.07 1
40,000 35 Bath heater
Instantaneous water 06/24/50 15.8 3.47 2
heater (small)
06/24/53 151.0 1.81 1
120,000 1.2 Instantaneous water
heater (large) 06/24/55 140.0 1.95 1
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Figure 2 An Example of Load Data
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though. Figure 3 illustrates an idea of decomposition and
Figure 4 shows a result of decomposition algorithm applied
to the data shown in Figure 2. Note that these appliances
are generally either on or off; that is, they exhibit no variable
rate consumption. In addition, Japanese appliances rarely
have pilot lights.

RESULTS

We installed twenty data loggers in the houses and apart-
ments of the utility employees to test the hardware and
procedures. By comparing the estimates with the actual data
which were obtained through the interview, we improved
the algorithm. Later examination with the logged data from
the different samples shows at least 95% accuracy in estima-
tion. The algorithms can still be confused by some relatively
common situations. Further improvements in the software
are expected to improve accuracy. Nevertheless, this was
judged sufficiently accurate to apply the procedure to a larger

gate the flow assuming not more than one appliance is turnedgroup of homes. By 1996, a representative sample of over

on or turned off instantaneously. In other words, if there is

a significant increase (decrease) in the aggregated flow, we Figure 3 An Example of the Decomposition Algorithm

assume one appliance is turned on (off). At the same time,
the computer keeps track of the number of active appliances
and gas consumption by each appliance.

The identification step combines audit information and the
decomposed consumption data. When the meter is installed
we survey the house’s gas appliances and record their capaci
ties. Heuristic rules are then applied to match appliances
with gas use. These rules rely on both flow rate and duration.
At the installation of the logging devices at each customer,
we survey all appliances with its rated input. For the most
part, we rely on the rate of gas use and the duration of use
to identify the appliances. These procedures are similar to
those used by Hart (Hart 1991; Hart 1992) and Norford
(Norford, Tabors & Byrd 1992) to decompose electricity
consumption based on whole-building electrical consump-
tion and equipment data.

In Japanese homes, the major appliances can be associate

with the following flow and duration characteristics:
® Water heating: a high but short flow

® Space heating: a stable, long and/or periodical flow
°

Cooking: a low, short flow.

Here, ‘high’ and ‘short’ imply somewhat more than 40
kBtu/h and less than an hour respectively, of course they

Figure 4 A Result of the Decomposition Algorithm

140

120 b

0 b

B Waterheating
B Cooking
El #paceheating

an
I

1000 Em'h

A
e T Tk

an

20

depend on operational characteristics of each appliance
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600 homes in Tokyo had been monitored with the non-

Figure 6 Daily Load Curve in Winter

intrusive technique. Some of the results are described below

Aggregate Data

Table 3 lists the average annual demands in millions of Btu
(MBtu) per family in the three categories as derived from
the non-intrusive monitoring program. The type of building

structure (e.g., detached vs. multifamily) significantly influ-

ences heat demand although the influence of floor area ig
no doubt also reflected in the house/apartment difference.
Figure 5 shows monthly demands of each category , while
Figure 6 and Figure 7 show hourly load profiles for typical

summer and winter days. (For competitive reasons, the scales
on Figures 6-9 are arbitrary)

B Takerheating
W Cooking
B #parcheating

It is also possible to combine the submetered data with
demographic data, and better understand the factors deter-
mining demand. For example, Figures 8 and 9 illustrate the

merging of water heating and space heating energy data and

Figure 7 Daily Load Curve in Summer

floor areas.

Table 3. Average Annual Demands
Per Family (MBtu)

Type of Space Water

B akerheating
B Cooking

Structure Heating Heating  Cooking Total
House 4.3 18.4 3.2 259
Apartment 1.7 9.8 2.1 13.6
Condo 15 14.5 25 18.5

Figure 8 Annual Water Heating Demands Vs Family Size

Figure 5 Monthly Demands
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Figure 9 Space Heating Demands Vs House Size less than 14.7 MBtu. From this regression, we found that
'family size’ and 'number of faucets’ are the most significant

predictors of water heating energy use. Curiously, the type
of water heater was not significant, even though there are
several, very different, water heating configurations in Japa-

nese homes.

= - . .

E Similarly, we obtained the following model for space
heating:

presence
) ' space : of -
£ 500 £ 750 £ 1000 » 1000 hegting: family N floor + non-gas+ building
Floor area ({12} demand  S2€ area space castruction
heater

Figure 11 shows the effect of each factor. Here, 'floor area’
is much more critical than the other factors. In Japan, central

DEMAND MODELS heating systems are not as popular as in the United States
and ’building construction’ does not have much influence.

The value of the submetered data is most apparent in the )

demand models that can be constructed with the energy and™0F cooking demands, we have:

survey data collected as part of a project. A detailed model

of water heating demand was created through a regression cooking =

analysis. The model structure was:

family age of
size householer

We show the result in Figure 12. Of all three categories,

config- cooking demands are the least, both in average and in vari-
uration ance.

Wat_er family number

heating = size + of +
demands faucets

The effect of each factor is shown in Figure 10. The annual Some of the results stated above could have been anticipated

average water heating demand for the samples is 14.7 MBtu;beforehand, but the submetering approach allows quantifi-

if a family consists of three persons, the demand is 1 MBtu cation. The linear models exhibited in this section, however,

Figure 10 Water Heating Demand Model
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Figure 11 Space Heating Demand Model
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are naive versions, and other factors such as income, energy This gives us a marginal effect of each factor, and in a

prices, and so on apparently have influence on final demand sense, measured effects are more accurate than the estimates

Thus, revision of the models in order to improve estimation obtained in the previous section since no sample errors (or

accuracy remains a future problem. heterogeneity of samples) arise. The following two examples
demonstrate the power of this information.

TIME SERIES ANALYSIS

One home was observed to greatly increase its winter gas
Some of the households have been monitored for more thanuse. Figure 13 shows a monthly profile of gas consumption
a couple of years, so it is possible to see changes in demandor 1993 and 1994. The total demand rose in 1994, but there
due to changes in appliances, size of family, and climate. was no clue as to 'what’ demand and 'why’. According to
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Figure 13 Monthly Gas Meter Reading

Figure 14 Monthly Space Heating Demands

MEt

guestionnaires administered to the occupants, the occupants
bought a gas heater in the Fall of 1993. (Before then, the
household had only an electric heat pump.). Table 4 also

Figure 15 Monthly Gas Meter Reading

shows a drastic change in space heating demand. Figure 14
shows a drastic increase in monthly space heating demands.

In another home, a decrease in total gas use was observe(
(Figure 15). The questionnaires revealed that one family
member left in the second year (from four to three members).
Submetered data (Table 3) reveal the impact of a smaller
family, both in terms of reduced water heating (significant),

space heating (small), and cooking (none).

We have not yet had enough samples to conduct a systematic
analysis of time series data. However, as the number of
monitors increases and time passes, we will have more ang
more cases of 'change’. For example, the utility sells more
than 200,000 space heaters each year, corresponding to 2.59

(=)

of the utility’s customers. In four years, 10% of the custom-
ers, and hence by law of large numbers, 10% of our samples

Table 4. Comparison of Final Demands of a
Family in 1993 and 1994 (MBtu)

Water Space
Year Heating Heating Cooking
1993 25.6 2.0 5.2
1994 28.9 7.8 5.9
Differences 34 5.8 0.7

Table 5. Comparison of Final Demands of Smaller
Family in 1993 and 1994 (kBtu)

Water Space
Year Heating Heating Cooking
1993 26.8 19.9 4.1
1994 20.7 17.4 4.2
Fluctuation -6.1 -25 -1
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buy new gas heaters. Assuming 1000 data loggers in the for gas in Japanese homes. This permits more efficient opera-
field, there will be 100 cases of monitored homes with space tion of the supply and distribution system and more accurate

heater installations. This is sufficient for confident inference forecasting of demand. In addition, the impacts of fuel
of impacts. switching, retrofits, and behavioral changes can be easily
observed.

APPLICABILITY TO AMERICA
Several technical problems need to be resolved before the

The non-intrusive monitoring system has been tried in over @Pproach can be used in America, including the ability of

600 Japanese homes with a high degree of success. Howevefhe system to accommodate more appliances, pilot lights,

the system will not necessarily be as successful in America. @nd variable-rate appliances. None of these appear to be

Three aspects require further investigation: pilot lights, insurmountable obstacles.

impact of more appliances, and variable-rate gas appliances.

Pilot lights are not used in Japan, but they are common in ACKNOWLEDGMENTS

America. In principle, the algorithms should be easily

adjusted to account for the constant load created by pilot

lights. The algorithms will not be able to determine the

amount of energy consumed by each appliance’s pilot; this

may require additional measurements during the audit.
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