
METHOD AND SYSTEM OF USING INFERENTIAL MEASUREMENTS
FOR ABNORiMAL EVENT DETECTION IN CONTINUOUS INDUSTRIAL
PROCESSES FIELD OF THE INVENTION [00Q1] This invention
generally relates to the early detection of abnormal
events in continuous industrial processes and more
specifically relates to detecting incorrect
measurement values of key operating parameters and to
predicting future abnormal excursions of key operating
parameters. BACKGROUND OF THE INVENTION [0002] When
continuous industrial processes are operated near
their economic optimum, they are operated at maximum
or minimum limits of key operating parameters, such as
the product quality specification. Consequently,
knowing the current and expected future value of these
parameters is very important to both the efficient
operation of continuous industrial processes, such as
refineries and chemical plants, as well as the
prevention of abnormal events. For example, abnormal
quality excursions can cause products to be outside
their specification limits, cause the sudden
malfunctioning of process equipment (such as pump
cavitation due to vapor formation), and cause the
degradation of process performance (such as loss of
reaction from coke buildup on catalyst or loss of heat
transfer from coke formation in furnace tubes). [0003]
The direct measurement of process stream quality and
other key operating parameters can be both expensive
and trouble prone. On-line analysis incurs both a high
initial installation cost and a high maintenance cost.
The on line analysis often requires a dedicated
process sampling system and an environmentally
protected field shelter for the analysis equipment.
Maintenance of this equipment can require specially
trained personnel and high preventative maintenance
effort; however it is often the case that maintenance
is done only in response to a known problem with the
on-line analyzers. Recent on-lineanalyzer systems
incorporate standard samples for testing and
calibration, and micro computers which run continual
equipment diagnostics. [0004] Often sites choose to
make quality measurements using a laboratory analysis,
either in conjunction with an on-line analysis or
instead of an on-line analysis. Because of the
extensive human involvement in taking field samples
and then analyzing these samples, these lab analyses
are usually infrequent (from daily to weekly), have
significant normal variability, and have a high error
rate. [0005] To supplement the on-line analysis and
laboratory analysis approaches, an inferential
estimate of the quality parameter can be created from
more readily available process measurements (primarily
temperatures, pressures, and flows). The two
traditional uses for inferential measurements are
first to create a continuous estimate for the more
slowly sampled analyzer value for use within closed
loop process control applications, and second to
validate analyzer and laboratory values. For these
uses, by quickly updating the models with the actual
on-line analyzer values or laboratory measurements,
reasonably adequate performance can be achieved even
with poor performing models. If the model has some
power to estimate the next analyzer sample, it would
behave no worse than using the last analyzer sample as
an estimate for the next analyzer sample. However,
except for ensuring new analyzer sample values are
within minimum and maximum change limits, models that
use rapid updating are inadequate for detecting
abnormal analyzer sample values or for predicting
abnormal quality excursions because of abnormal
process events. [0006] For these uses, there cannot be
any issue distinguishing a real abnormal event from a
defect in the model. This requires that only highest
quality training data be used to build the model.
[0007] The majority of inferential measurements in the
continuous process industries are developed by using
process data driven methods such as neural nets,
stepwise regression, partial least squares etc. where
both the model structure and the model parameters are
determined from operating data.Alternatively
inferential measurements can be based on first
principles engineering models where only the model
parameters are determined from operating data. The
quality of the models developed using these approaches
is significantly affected by the quality of the data
selected to build the model or to fit parameters in a
first principles engineering model. The data
selection, data analysis and data conditioning methods
need to be tailored to the characteristics of data,
rather than relying on generic approaches based on
simple statistical assumptions. The failure to develop
high quality inferential estimates in the continuous
process industries can often be traced to ineffective
data selection and data conditioning methods that
don't match the characteristics of process data.
SUMMARY OF THE INVENTION [0008] The objective of an
abnormal event detection method or system, AED, (see
e.g. US 2006/0058898) is to prevent the escalation of
process and equipment problems into serious incidents.
It achieves this by first providing the process
operator with an early warning of a developing process
problem or equipment problem, before the alarm system
is activated, and then by providing the operator with
key information for localizing and diagnosing the root
cause of the problem. [0009] In this invention,
abnormal event detection is used to describe a method
and system for detecting abnormal values of key
operating parameters, particularly from on-line
analyzers or laboratory analyses and for predicting an
abnormal excursion in key process parameters, such as
product quality, caused by recent abnormal process
conditions. In summary, this invention includes: an
inferential model for the abnormal event detection of
operating parameter 



measures which combines pretreatment of the inputs to
account for time dynamics with a prior art algorithm,
such as PLS, a method for building high quality
inferential models of operating parameters to detect
abnormal values andto predict abnormal excursions
(Figure 1) and a system for online implementation of
the model (shown in Figure 2). [0010] The system for
online implementation includes: 1. preprocessing /
time synchronizing the real-time data 2. calculating
estimates of the current quality value, the future
predicted quality value, and the estimate of the
quality for use in a process control application 3.
on-line updating of the model based on the actual
measurement 4. interpreting the model estimate results
5. combining and summarizing the normal/abnormal
status of multiple operating parameter measurements 6.
providing abnormal event diagnostic information to the
console operator 7. providing model diagnostic
information to the maintenance engineer [0011] At the
heart of this invention is an inferential model which
estimates the value of a key operating parameter that
is measured by an on-line analyzer or by a laboratory
analysis. This model uses readily available process
measurements such as temperatures, pressures and
flows. There are many prior art algorithms for
calculating such an inferential measurement model,
such as neural networks, NN, partial least squares,
PLS. and linear regression. However, these methods
have difficulty incorporating the time dynamics which
are characteristic of continuous industrial processes.
[0012] For the inferential model, this invention
combines a prior art method, in particularly PLS but
not limited to it, with three different pretreatments
of the model input data to handle the time dynamics
inherent incontinuous industrial processes, a step
known as time synchronization. Each form of time
synchronization is structured to the particular use
the model will be put to. This results in a two part
model calculation, first calculating each time
synchronized input and then combining these time
synchronized inputs into an estimate of the output
value. The different time synchronizations the inputs
are done to estimate the current value of the analyzer
/ laboratory measurement, to predict the future value
of the analyzer measurement, to be used as the input
to a model based predictive control algorithm, or to
be used as the input in standard control algorithm,
such as a proportional integral derivative (PID)
algorithm [0013] To train the inferential model, this
invention includes a model development approach which
creates a model training dataset structured to the
characteristics of the data generated by continuous
industrial processes. This includes:  using normal
operating data instead of designed experiment data
accounting for protracted steady state operations at a
small number of operating points  accounting for
process time dynamics  accounting for the cross
correlation among model inputs  accounting for
unmeasured effects on the analysis / operating
parameter [0014] The on-line system preprocesses the
data and calculates the inferential model in a manner
consistent with the off-line model development.
Additionally, the on-line system includes a method for
adapting the model in real time and methods for
interpreting the inferential model calculation and the
analyzer / lab measurement as to whether an abnormal
event is present or not. Once the operator receives an
indication of an abnormal event, the system allows the
operator to drill down to the underlying abnormal
indication and thesupporting data. The operator has
the responsibility to decide on the correct action
based on his analysis of the abnormal indication and
the supporting data. [0015] A typical abnormal event
detection application could have 10 - 20 key process
parameters/qualities within the process scope of an
individual console operator. Using fuzzy petri nets,
these key process parameter models are either:  merged
together to provide a single summary trend of the
normal/abnormal status of all key process parameters
or  merged with other models in the same process
sub-area to provide summary trends of the
normal/abnormal status of that process sub-area.
[0016] In this manner, the on-line system can provide
the process operator with a summarized normal/abnormal
status of the process condition. BRIEF DESCRIPTION OF
THE DRAWINGS [0017] Figure 1 shows a method for
developing inferential models. This figure shows the
major steps for the method portion of the invention.
The solid boxes represent the prior art steps while
the dotted line boxes represent the areas covered by
this invention. [0018] Figure 2 shows on-line system
for calculating inferential estimates for abnormal
event detection. This figure shows the flow of the
data and calculations for the online system portion of
this invention [0019] Figure 3 shows the fuzzy
conversion of statistical significance to likelihood
of an abnormal event. This figure shows how the
concept of statistical significant is used to
normalize all model residuals into terms of the
likelihood of an abnormal event by using fuzzy
nets.[0020] Figure 4 shows a fuzzy net for summarizing
likelihood of analysis abnormality. This figure shows
how a composite likelihood of an abnormality among all
analysis is calculated from the individual
likelihoods. 



[0021] Figure 5 shows an example of 90% likelihood
that YPredicted will exceed upper quality limit. This
figure shows how the data distribution of the
Ypredicted is used to determine the limits for the
fuzzy network in predicting abnormal analysis
excursions. [0022] Figure 6 shows a fuzzy net for
summarizing likelihood of quality limit exceedance.
This figure shows how multiple predictions of abnormal
limit exceedances can be merged together into a single
common trend display which summarizes the likelihood
of an abnormal limit exceedance. [0023] Figure 7 shows
the visualization components for operator displays.
This figure shows the primary operator displays for
the on-line system to help the operator diagnose a
potential abnormal event. [0024] Figure 8 shows a
typical prior art method for developing inferential
models. This figure shows the major steps for a
typical prior art method for developing inferential
models. [0025] Figure 9 shows an example of effect of
not excluding steady state operations from training
data. This figure is an example of how the failure to
exclude data from steady state operations could affect
the estimates from the inferential model. [0026]
Figure 10 shows dynamic response of a first order dead
time process to a step change. This figure shows a
dynamic response which is typical of the time dynamics
encountered in continuous industrial processes. [0027]
Figure 11 shows a pair of distillation columns. [0028]
Figure 12 shows a set time trends associated with
partial plugging of the same line to the
analyzer.[0029] Figure 13 shows a set time trends
associated with difting calibration of the analyzer.
DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS
[0030] The present invention provides a system for
detecting abnormal events in key operating parameters,
such as product quality, by using inferential models
to:  estimate the current value of key operating
parameters  provide early detection of invalid
measurements of key operating parameters  predict
future abnormal excursions of key operating parameters
[0031] Additionally it provides a method for creating
the necessary inferential models and analysis
mechanisms for the on-line system. I . Inferential
Measurement Abnormal Event Detection Objectives [0032]
With respect abnormal events and key parameter
measurements such as product quality, it is important
to know:  Is an on-line analyzer or laboratory
providing a correct value?  Is a model used in closed
loop process control properly predicting the value of
the quality?  Might there be a significant quality
excursion due to a process change or an abnormal
event?  What is the predicted future value of the
analyzer or laboratory value? II. On-line Abnormal
Event Detection Using Inferential Models [0033] The
model calculation process depicted in Figure 2 can be
segmented into four major portions:A. Real-time data
collection and preprocessing B. Model and statistical
significance calculations C. Summarizing multiple
model results for the process operator D. Providing
diagnostic displays for event analysis A. Real-time
Data Preprocessing [0034] Data is brought into the
system on several different time cycles. The standard
process measurements (temperatures, pressures, flows
etc.) are typically available at a high frequency and
come into the system at a frequency of at least once
per minute. Depending on the particular analysis,
values from on-line analyzers are typically available
every 10 to 30 minutes. Laboratory results are
typically available between once/day to once/week.
Except for laboratory results, all other measurements
come into the system on a regular sample schedule. For
laboratory results, there can be significant sample
cycle variability because of the manual steps involved
in collecting field samples and running the laboratory
analyses. [0035] The next step is to do gross error
detection of the data. Depending on the field devices,
there can be accompanying diagnostic information from
field devices that support the HART protocol or
Foundation Field bus protocol (trademark of Hart
Communications Foundation and stands for "Highway
Addressible Remote Transducer"). The raw model input
signals are checked against the zero and span of their
transmitters to ensure that the signal is active and
within the transmitter range. This check handles two
different cases. Some DCS systems will use a 'Bad
Measurement" flag for input signals that are outside
the 4 - 20 milliamp signal range. Other DCS systems
will maintain the last good value within the 4 - 20 ma
range until the input signal is once again within this
range. Additionally, the system recognizes the flag
used in the DCS to indicate that the field device is
going through field maintenance or calibration, for
example by setting the DCS measurement status to off
scan" or to "manual"[0036] In addition to the minimum
and maximum operating range checks, on-line analyzers
can be run by computers which provide diagnostic
information on the functioning of the field equipment.
For on-line analyzers, the current sample value can be
compared to the previous result, checking that the new
value has changed enough to confirm that a new value
has been transmitted and checking that the new value
has not changed an unreasonable amount. This 



unreasonable change check can be supplemented by
comparing the new value with the estimated value and
checking that the R Bias has not changed by an
unreasonable amount. [0037] If the model inputs, the
on-line analyzer values, or the laboratory values fail
any of the gross error checks, the operator would be
informed immediately. If the failure persists, the
operator may need to take follow-up actions such as
disabling the closed loop control application, request
a field check of the analyzer, request an instrument
check of an input, or request a new field sample be
taken and analyzed by the laboratory. [0038] Once the
raw model input/output signals pass the gross error
checks, any mathematical transforms needed for model
inputs are calculated. The analyzer or lab result may
also require a mathematical transformation to be
consistent with the inferential model form. [0039]
Finally the model inputs are filtered to remove
excessive noise. Measurements with spiky behavior can
be processed with a spike rejection filter, such as a
Union filter, while high frequency noise can be
reduced with a high frequency rejection filter,
typically an exponential filter. B. Model and
Statistical Significance Calculations [0040] The
inferential models for on-line analyzers and lab
measurements are typically fitted using partial least
squares (PLS) regression, neural nets, or stepwise
linear regression. In Figure 2, three types of
abnormal events are being identified: first are near
term problems with the quality measurement
itself(using the Yest imate value), second are
predictions of a significant quality excursion caused
by abnormal events (using the Ypre dicted value), and
third are long term drift problems in either the model
or in the raw measurement (using the Raw Bias). As an
additional use for the model, an estimate for use in a
process control application, YContro can be
calculated. Calculating the Inferred Quality Measures
, Yestimate> YPredicted and Ycon troi [0041] The
models for calculating these three types of inferred
quality measures consist of three major components:
time synchronization of the model inputs with the
quality measurement  inferential model calculation
bias calculation and update [0042] As a byproduct of
the bias calculation, the Raw Bias is analyzed to
identify model calculation problems or analyzer
calibration drift. Time Synchronization [0043] Quality
measurements are usually the slowest to respond to
process changes. Therefore the inputs to the model
need to be time synchronized with the quality
measurement. This time synchronization is indicated in
Figure 2 by the term "G". This is a dynamic model most
simply represented by a differential difference
equation or Laplace transform transfer function such
as a first-order deadtime model: Y(s) , e -TD's
Equation 1 =G(s) = X(s) Tau*s +\ Where X(s) - Laplace
transform of the input signal Y(s) - Laplace transform
of the output signalG(s) - symbol for the transfer
function e -TD*s _Lap ace transform for a pure
deadtime of TD Tau - time constant for a first order
ordinary differential equation s - Laplace transform
parameter [0044] It is important to note that there is
no steady state gain term in this model. All steady
state relationships are incorporated in the
inferential model parameters. During the model
development stage this time synchronization model,
G(s), is developed as the best single input, single
output dynamic model between each candidate input and
the quality measurement. It is not necessary to
develop a multi-input single-output dynamic model.
[0045] Each of the three estimates of Fuse different,
but related time synchronizations :  In the Yestimate
calculation, the dynamic model "G" is used to time
synchronize the various inputs with the quality
measurement.  In the Ycontroi calculation, the dynamic
model "G" is replaced with a dynamic model " G* "
without a deadtime term e TD*s, and where all of the
other model parameters remain the same as for "G".  In
the Ypredicted calculation, the inputs are not time
synchronized. Since there is no time synchronization,
the Ypredicted value is an estimate of the final
steady state value for "Y" if all of the inputs remain
at their current value. Inferential Model Calculation
[0046] For all three types of inferential estimation,
the inferential model is identical. Many different
types of models, such as Kalman Filters, partial least
squares, PLS, regression, neural nets or stepwise
regression, can be used for the model calculation.
However, the PLS model is preferred because the inputs
are usually cross-correlated, the calculation is very
simple, and the contribution ofeach input to the model
result is easily determined. If the process has a
strong non-linearity that could not easily be
compensated for through a transform of the inputs,
then a neural net model might be justified. [0047] For
the PLS model, there is no need to keep the
complicated latent variable structure for the on-line
calculation. In original latent variable form, the
latent variables, Lk, are formed from linear
combinations of the mean centered, 



A unit variance scaled input variables, X : Equation 2
k = k * + 2k *X 2 +--- +aj k *X J YN= B1 *L N +B2 *L2
N ... +BM*LMN + LV_Bias Equation 3 Equation 4 Where ai
j - the latent variable loading (coefficient) for
input "i" and latent variable "j" Bn - regression
coefficient for latent variable "n" Lk - significant
latent variables in the PLS model YN - PLS model
output at time = N Xj N are the time synchronized raw
or transformed inputs. L V Bias - model constant from
model development [0048] All of the factors and
coefficients for each input can be combined into a
single coefficient to make the generic PLS model
calculation quite simple: YN = A1*X 1N +A2 *X 2 +...Ak
*X k N +Bias Equation 5 Equation 6Equation 7 Where s}
- standard deviation of Xj Bias Calculation and Update
[0049] The model for estimating the quality needs to
be continually updated to compensate for model errors
and for unmeasured or unmodeled effects that affect
the actual measurement. The easiest approach is to
update the additive bias term of the model. The
initial value for the bias is the model constant
determined during the model development stage. This is
updated based on the residual between the model
estimate and the actual value, referred to here as the
"RawBias". RawBiasN = Quality MeasurementN -Quality
EstimateN Equation 8 [0050] This calculation is
performed only when a new on-line analysis or lab
analysis is available, all of the model inputs pass
the gross error checks and the new Quality Measurement
passes its gross error checks. Many on-line analyzers
can only provide a new analysis value on a slow
frequency, typically every 10 - 30 minutes depending
on the analysis. A change in the analysis value can be
used as the trigger indicating a new value has been
delivered. [0051] On-line analyzers are often run by
computers that do diagnostic checks of the analysis
equipment or occasionally run calibration samples. The
bias update should not run if the diagnostic checks
indicate a problem, if a calibration sample has been
run instead of a process sample, if the sample results
are unreasonable ( no change in value between samples
or too big of a change between samples ), or the
process is in an abnormal state (e.g. shutdown).
Typically the time between the process stream sampling
and the delivery of the on-line analysis results are
consistent from sample to sample, so this deadtime
will be a part of the time synchronization
model.[0052] If the new value for the quality
measurement comes from a laboratory analysis, the time
that the field sample was taken must be used to
determine the correct comparison time for the Raw Bias
calculation. The time between a manual field sample
and the delivery of the laboratory results can vary
significantly. Consequently accounting for this
deadtime occurs once the laboratory results are ready.
So if the field operator took the field sample at time
"K", and the lab analysis value arrives at time "N"
then RawBiasN = Quality MeasurementN - Quality
Estimatek Equation 9 [0053] There are several
traditional algorithms for updating the "Bias" from
the "Raw Bias". Among these are processing the R w
Bias with a low pass filter, such as an exponential
filter: BiasN =a *BiasN_, + (l - a)*RawBiasN Equation
10 where Equation 11 sample time period - time between
analysis results filter time - exponential filter time
constant [0054] As opposed to when the inferential
model is used for a process control application, for
abnormal event detection the filter time must be set
to a long time interval in comparison to the sample
time, typically greater than 20 times the sample time.
For example, if an on-line analyzer has a 10 minute
sample time then the filter time would be set greater
than 3 hours, resulting in a value for "a" greater
than 0.95. [0055] Regardless of the specific algorithm
for calculating the updated bias, the key requirement
for abnormal event detection is the specification of a
long filter time so that the effect of the abnormal
event is not hidden by being absorbed into the bias
update calculation. The more slowly the effect of
anabnormal event appears in the quality measurement
compared to the specified filter time, the
progressively more difficult the event is to detect.
Consequently, the most difficult abnormal event to
detect is a slow drift in the measurement, requiring
an equivalently slow filter time. C. Using Fuzzy Nets
to Normalize Model Results and Combine Models [0056]
For abnormal event detection, the numerical model
results require interpretation for the console
operator so that he knows when a result indicates that
an abnormal event is likely. The mechanism for making
this interpretation is to use a simple "fnzzifier" and
the statistical variation of the model residuals, as
represented by their standard deviations, to create an
estimate of the likelihood of an abnormal event.
[0057] Figure 3 shows an example of how this is done.
The solid line is a mathematical function known as a
"fuzzib er" and it converts a normalized 



residual of a model (normalized based on the standard
deviation of the residual) into the likelihood that an
abnormal event exists. The system user selects the
region where the model residual results are definitely
normal, in this example when the model residual is
between -0.5 and 0.5 of the standard deviation, and
when the model residual definitely indicates an
abnormality (in this example when the model residual
is above 5.5 standard deviations or below -5.
5.standard deviations). The likelihood of an
abnormality in between these areas is the linear
interpolation from zero likelihood at 1/2 standard
deviation to 100% likelihood at 5.5 standard
deviations, and the equivalent calculation for
negative values. The dotted and dashed lines are
typical values of the likelihood (60% and 90%) where
the console operator would be notified of the
likelihood of an abnormal condition. [0058] The
specific probability of an abnormality depends on the
data distribution function for the residual. This
table 1 shows the percentage of normal values that
will fall within various standard deviations of the
mean value assuming that the data distribution
function is Gaussian or Normal:Table 1 [0059] However
the data distribution for the residual usually does
not match a Gaussian or Normal distribution. Instead
it is a composite of two probability distributions,
the residual during normal / steady state operations
and the residual distribution during moderate process
upsets. In spite of this, the table can still help in
conceptually guiding the proper settings. [0060] Once
model residuals have been converted to the common
scale of "likelihood of the existence of an abnormal
event" multiple model residuals can be combined to
summarize large portions of the process operation.
This is typically done by picking the largest
likelihood of an abnormality among many models.
Detecting Quality Analysis Measurement Problems [0061]
Problems with the quality measurement are detected by
looking for a statistically significant difference
between the actual quality measurement, Y, and the
estimated quality measurement, Yestimate This
difference is the quality estimate residual. The
statistically normal range for this residual should be
calculated from the standard deviation of the residual
during moderate process upsets. As in the example of
Figure 3, a practical definition of the probable
"normal range" would be the limits between which 99.9%
of the data would lay. This set of limits would
correspond to approximately 3.5 standard deviations
away from zero, the mean of this residual. These
limits can be tuned to provide greater or less
sensitivity.[0062] For a typical abnormal event
detection, AED, on-line implementation, a composite
likelihood of an abnormality among all analyses is
calculated from the individual likelihoods (See Figure
4). The normalized quality estimate residuals
(normalized by dividing residual by its standard
deviation during normal operations) for all analyses
are inputs into a fuzzy petri net. A fuzzifier
converts each normalized residual into the likelihood
of an abnormality, where values between -0.5 SD and
0.5 SD are 100% normal and values either greater than
5.5 SD or less than -5.5 SD are 100% abnormal. All
analysis problems are then summarized together by
selecting the highest likelihood of an abnormality.
The operator would be given his first notification of
a possible quality measurement problem when the
likelihood went beyond 60%, which corresponds to 3.5
standard deviations. Predicting Significant Quality
Excursions [0063] The likelihood of future significant
quality excursions is estimated by comparing the value
of Ypred icted. to the quality limit. Depending on the
quality of the model, there will be some amount of
error between the value of Ypredicted- a n d the
actual future value of Y. The best estimate of this
error is the probability distribution of the quality
estimate residual, (Yest imate -Y)- Assuming a
Gaussian distribution, Figure 5 depicts the scatter
between the future value of Y and Ypredicted- m this
example, Ypre dicted is 1.3 standard deviations higher
than the upper quality limit. For this value of Ypred
icted 90% of the future values for Y will be above the
upper quality limit and 10% will be below the upper
quality limit. For particular likelihood estimates,
this table 2 shows the offset above the upper limit
needed for particular values of likelihood.Table 2
[0064] The fuzzy net shown in Figure 6 shows how this
method is implemented in the online system. The inputs
to the fuzzy net are the normalized differences
between the Ypred icted - and the upper quality limit.
(Ypredkted - Upper Limit) Equation 12 Standard
Deviation quality estimate residual [0065] The
fuzzifier converts this value into the likelihood of a
future limit violation based on the likelihood table.
A 100% likelihood estimate of operation within the
quality limit occurs when Ypred icted - is below 1.83
standard deviations below the upper quality limit. A
100% likelihood estimate of exceeding the upper
quality limit occurs when Ypred icted - is higher than
1.64 standard deviations above the upper quality
limit. Whereas these corner point values are not
strictly true, these values allow the fuzzifier to
correctly calculate the likelihood of 60% at .255
standard deviations (the point at which the operator
would get his first notification) and 90% at 1.3
standard deviations. Checking the Raw Bias for Model
Problems / Calibration Drift [0066] A problem with the
model or a long term calibration drift is visible in
the Raw Bias value. These two types of problems can be
difficult to impossible to distinguish from each
other. Assuming the model is commissioned with a good
estimation ability, model problems can come from a 



change in some factor that truly affects the quality
value but was not included in the model or a change in
the correlation structure or in the time
dynamicrelationship among the inputs and the output
due to a change in the process operating conditions.
Calibration drift can affect either / both the zero
and the span of the measurement. [0067] Detection of
these issues is done by checking for a statistically
significant change in the Raw Bias which persists or
which cycles above and below the statistical
significance limits. Similarly to detecting quality
analysis measurement problems, one check for these
problems is when the value for the Raw Bias moves
outside of its normal range, and stays outside that
range for several hours. The cyclic check counts the
number of times the Raw Bias exceeds statistical
significance limits. The statistically normal range
for the Raw Bias can be calculated from its standard
deviation during normal operations. A common
definition of the "normal range" would be the limits
between which 99.9% of the data would lie. This set of
limits would correspond to approximately 3.5 standard
deviations away from zero, which is the expected mean
of the Raw Bias. These limits can be tuned to provide
more or less sensitivity. [0068] Once the statistical
limits remain violated, the operator would be
instructed to have the instrument technician check the
analyzer with a calibration sample and recalibrate the
analyzer if necessary. D. Operator Interface Displays
[0069] The objective of the operator displays is to
notify the operator that a potential abnormal event
has been detected, then to quickly provide the
supporting information needed by the operator to
diagnose the situation. This information is provided
through a set of trends and contribution bar charts
shown in Figure 7. [0070] Trend 1 shows the
information to inform the operator of the likelihood
of a future abnormal quality excursion. In this
example trend, an excursion is predicted to occur
around time 4145. The dotted line corresponds to a 60%
likelihood of an excursion while the solid line
corresponds to a 90%likelihood of an excursion. In
this example the excursion does occur as predicted,
but not quite to the extent predicted. [0071] Trend 2
shows the estimated analyzer value compared to the
actual analyzer value. In addition to instilling
confidence in the operator in the quality of the
estimate, this trend is valuable should the actual
analyzer fail and the operator needs to know the
estimated value. [0072] Trend 3 shows the operator if
the difference between the estimated value and actual
value is statistically significant. The dotted line
corresponds to a 60% likelihood of an analyzer problem
while the solid line corresponds to a 90% likelihood
of an analyzer problem. [0073] Bar chart 4 shows which
measurements are indicating the change in the analyzer
value from its average value. These inputs are
arranged in decreasing order of their contribution to
the estimate of the change in the analyzer value. The
contribution from each model input to the calculated
analyzer change is derived from this variation on
Equation 5. (g ~ g ,j")= A * ( i ~ ,Nj 111 )+ 2 * (X 2
1 - X 2Jljm )+ A * ( . - J1J , ) Equation 13 So the
size of the solid bar associated with input Xj is:
Solid Bar Sizbj,N = Aj *(Xj -X/,Nfit) Equation 14 And
the size of the dotted reference box (indicating
expected contribution) is the standard deviation of
this term from the training dataset Dotted Box Sizbj
=Standard Deviation (Aj *(Xj N -Xj NJUt)) TrainingData
Equation 15III. Developing the Inferred Quality Models
[0074] The key to developing an accurate model is to
have a high quality training data set. The
characteristics that determine a high quality training
dataset are:  Exhibits good signal to noise ratio in
the training data  Includes all measurable effects on
the analysis  Includes appropriate mathematical
transforms of the raw data, in particular those needed
for time synchronization  Includes annotations of
unusual process operations  Includes ancillary
indications of process/control system configuration
Spans the operating range of interest  Includes a
balanced representation of the various operating
points  Excludes bad data (outliers) which don't
represent the actual process condition [0075] Figure 8
represents a typical prior art method to develop
inferential models, while the Figure 1 show the
extensions to the standard method necessary for
abnormal event detection and compensating for process
time dynamics and cross-correlated model inputs. The
following describes the methodology for each step of
the methodology shown in Figure 1. The following
paragraphs are numbered to correspond to the numbered
boxes in Figure 1. 1. Identify Inferential Measurement
Operating Regions [0076] This step involves
identifying when the historical process operations
were relevant to the planned inferential model
development and which operatingmodes the model will
apply to. Because these models are empirical, they
rely on the correlation structure in the data. That
correlation structure can change depending on the
operating mode. At this stage it is necessary to
identify which operating modes exist in the operation
and when the process was operating in that operating
mode. Later during the model building stage, there
will be the 



need to decide which of these operating modes can be
combined to reduce the total number of models needed
to cover the operation. In addition there maybe
equipment configuration modes that could affect the
quality measure. [0077] Continuous industrial
processes go through infrequent periodic turnarounds
for required maintenance. During a turnaround, a site
may choose to upgrade their process equipment for
debottlenecking or other reasons. This type of process
change can make any data from pre-turnaround
operations useless for model development.
Consequently, the date of any significant mechanical
change to the process, or major change to the process
control strategies must be noted as the earliest time
that data can be gathered for model development. 2.
Identify Surrogate Measurements for Lab Analyses
[0078] This step involves selecting an on-line
measurement that can "substitute" for an offline
quality measurement for the purposes of calculating
the time synchronization. Because laboratory samples
are taken infrequently, we need to rely on a similar
on-line measurement that can be expected to change at
the same time as the laboratory measurement. For
example the 95% boiling point is highly correlated
with the final boiling point, FBP. The FBP inferential
model can be expect to use measurements which are
highly correlated to the 95% boiling point and the
time synchronization between these highly correlated
measurements and the 95% boiling point is assumed to
be the same as the time synchronization with the FBP.
[0079] When selecting a surrogate on-line measurement,
it is important to note whether the automatic sample
point for the on-line analyzer is physicallyclose to
the manual sample point for the laboratory analysis.
As these two sample points are located further and
further apart, it will introduce greater and greater
error in the time synchronization. If the physical
separation is only a length of pipe, this can be
corrected by adding to (manual sampling point
downstream of the automatic sampling point) or
subtracting from (manual sampling point upstream of
the automatic sampling point) the time synchronization
model, a deadtime equivalent to the volume of the
intervening pipe divided by the normal process flow.
[0080] If the surrogate on-line measurement is also
part of the laboratory analysis, the time shift due to
different sample locations can be calculated by
comparing the on-line measurement value to the
laboratory measurement value. 3. Collect Process Data
[0081] This method allows the use of normal operating
data to create the inferential models, thereby
avoiding the cost of designed experiment tests of the
process. Without the excitation of the process from
designed experiments, the information needed to build
the model comes from process upsets and operating
point changes. [0082] Continuous industrial processes
operate primarily at a limited number of steady state
operating points. These steady periods of operation
contribute little information on the relationship
among the process measurements. Consequently, long
stretches of operating data will need to be collected
( e.g. 6 months - 2 years) in order to capture a
sufficient number of process events to model these
measurement relationships. Process history systems
store many years of data, often at a high resolution,
so they are the likely source for the data. [0083]
Typically the raw on-line measurement data should be
collected as spot values, without any data
compression, at a frequency of around once per minute.
In addition to measurements which are candidates for
inclusion in the model, variables which are indicators
of process performance, of processoperating modes, of
equipment configurations, and of process control
configuration should be collected. [0084] Annotations
of unusual process events or major disturbances should
also be collected with the process measurement data.
4. Identify Unusual Data Samples [0085] It is common
for there to be a significant number of bad values in
the data. Common things to identify are:
saturated/off-scale measurements, instrument
calibrations, historian system data gathering
failures. Moderate to severe process disturbances will
not normally be classified as unusual data unless they
cause the process operations to be shut down or
otherwise severely changed. 5. Evaluate: Is the Sample
an Outlier [0086] A data sample should be judged an
outlier only if the value does not represent the
actual process condition being measured (e.g. process
was operating outside the range of the transmitter).
Any time period where the quality measurement is bad
would need to be discarded. However, since only a
small number of the candidate model inputs will
ultimately be included in the model, the sample times
that can be included in the model training data will
change depending on the particular set of inputs being
evaluated. 6. Identify Periods of Steady Operation
[0087] Only a limited amount of data from periods of
steady operation will be included in the training
dataset. Where there are several common steady
operating points, a similar amount of data should be
selected from each steady operating point. The total
amount of data from steady operations should typically
be around 25% of the total data set.7. Eliminate Most
Steady State Operations [0088] A data filter can be
constructed to algorithmically identify and eliminate
steady operations. Most common is to base this data
filter on the rate of change, ROC, in the quality
value or other key operating performance indicator.
Such a data filter can be constructed by calculating: 



R(JL N - Y N , filtered Equation 16 Where YN, filtered
- lw Pass filtered value of YN Data Filter - Exclude
Low Limit  ROC N  Upper Limit [0089] The term Y ,fi
ltered acts as an estimate of the current average
operating point. Subtracting Y , fi ltered from the
current value YN converts this data series into a
stationary series, ROC N , with an average value near
zero. Values of ROC N near zero represent steady
operations and have little information content. A
common choice for the Low Limit and the Upper Limit
would be: Low Limit = - Standard Deviation ROc Upper
Limit = + Standard Deviation ROc In this way most of
the steady operations have been eliminated. [0090]
Figure 9 shows the effect of failing to eliminate the
steady operations. The resulting inferential model
could show good estimating properties when the changes
are small, but poor estimating properties when changes
are large. 8. Identify Normal Ranges for Inputs and
Outputs [0091] These ranges are identified for the
purpose of algorithmically excluding data where a
measurement may be saturated (e.g. outside the
transmitter range) or where the process is operating
in a region of highly non linear operation (e.g. tower
flooding as indicated by high tower delta
pressure).This information will also be used in the
gross error detection calculation in the online
system. 9. Create Data Filters [0092] In addition to
the filters mentioned previously, additional data
filters can be create to automatically exclude data
during times of very unusual operations. 10. Evaluate:
Poor Signal to Noise Ratio [0093] A poor signal to
noise ratio can be caused by a lack of a strong signal
in the data, often caused by good process control
keeping the measurement near its setpoint. Or by an
excessive amount of noise in the signal. Where it is
caused by a lack of signal strength, these measures
are best left out of the model. 11. Filter data with
Smoothing Filters/ Spike Filters [0094] The most
common filters needed are spike filters, mid-pass
filters and, low pass filters. The spike filters often
restrict a measurement change to a preset maximum
change. Any filters that are applied to the data need
to be reproduced in the on-line system, so they need
to be physically realizable. The filter should be
chosen to minimize phase lag. 12. Create Mathematical
Transforms of Raw Data [0095] To improve the fit of
the models, a number of well known transformations are
employed including: log transformation of composition
analyzers and tower overhead pressures, conversion of
flows to dimensionless ratios, and applying pressure
compensation to tray temperatures. 13. Build SISO
Dynamic Models [0096] To handle the time dynamics in
the data, a dynamic model between each candidate input
and the analyzer value is developed. These are
single-input,single-output models, SISO, and are
typically simple first order plus deadtime models:
Y(s) -TD's =G(s) = x(s) W Tau *s \ Equation 17 Where
X(s) - Laplace transform of the input signal Y(s) -
Laplace transform of the output signal G(s) - symbol
for the transfer function e -tD*s _Lapiace transform
for a pure deadtime of TD Tau - time constant for a
first order ordinary differential equation s - Laplace
transform parameter [0097] It is neither necessary nor
desirable to develop a multi-input singleoutput, MISO
dynamic model. Because the inputs are usually
cross-correlated, MISO modeling results are
significantly influenced by the particular set of
inputs selected for a modeling case run. 14. Remove
Slow Trends and Biases from the Data [0098] If there
are no persistent unmeasured load disturbances in the
data, the coefficients from modeling differential data
should be similar to the constants from modeling the
full valued data. Persistent unmeasured load
disturbances can severely bias a model. To avoid this
bias problem, models will be developed using a form of
differential data instead of the full valued data.
[0099] The particular manner for performing this
transform is to use a low pass filter, such as an
exponential filter, and subtract the filtered value
from the current value: 1gN - 1gN _ gN ,filtered Eqx
uation 18 YNJ ,, =(I- a)* YN + a *YN_lflllered
Equation 19 X l N X -X, MJItered Equation 20 X >,N,fi
t ed = 0 ) * X ,,N + a * X ,,N~\,filtered Equation 2
1Where Y - quality measurement  - quality measure with
filtered value subtracted X/ - candidate input i 



X - candidate input with filtered value subtracted a -
exponential filter constant (the same value for and Y)
[00100] The exponential filter constant should be
selected to be between 1-3 times the dominant time
constant of the process which affects the quality.
This can be estimated from the SISO models built in
step 13. As is shown in Figure 10, the quality
measurement will respond with 64% to 95% of its final
response to a process change after 1 - 3 time
constants respectively. Choosing time constants
shorter than this will amplify the high frequency
noise while decreasing the signal strength. Choosing
time constants longer than this will amplify low
frequency persistent disturbances. Filter constants in
the 1-3 time constant range improve the signal to
noise ratio the most. 15. Build the Inferential Model
[00101] Using the training dataset created in the
previous steps, the inferential model can be built
using standard model building tools and methods. The
objective is to use the fewest number of inputs that
will give a good inferential model. Referring to
Equation 17 when selecting among alternate correlated
inputs which have nearly equivalent estimating
strength, selecting those with the largest values for
Tau and TD will give the inferential model an earlier
ability to predict an abnormal excursion and
potentially better ability to control the process.
Example [00102] Figure 11 shows a pair of distillation
columns , where the first column, T-101, is designed
to remove light hydrocarbons such as ethane, methane,
and hydrogen, ( known as a de-ethanizer ) and the
second column, T- 201, is designed to extract C
hydrocarbons (primarily propane).[00103] There are
several abnormal events that need to be detected.
Critical to the operation of tower T-201 is the
composition of the distillate drawoff of T201, which
is measured by analyzer A201 and controlled by an
inferential controller "A-201 controller". [00104] The
first step in designing the inferential estimators for
this application is to know the type of abnormal
events we will be detecting. In this case, the
estimators will identify problems with the analyzer
operations, such as plugging of the analyzer sample
loop or drifting in the analyzer calibration and will
prevent cavitation of pump P-201 by predicting an
excess of light hydrocarbon at the suction of pump
P-201. [00105] For detecting analyzer problems, the
inferential would be built following current industry
practice from measurements of the temperatures,
pressures and flows of T-201. Analyzer problems are
revealed by combining the time trends of the "raw
bias", the analyzer signal and the model estimate.
[00106] Figure 12 shows a set time trends associated
with partial plugging of the sample line to the
analyzer. In this example the plug develops around
sample time 500, indicated by the dashed vertical
lines on the plots, but only minor symptoms (lower
than normal variability of the analyzer signal, Figure
12B ) is apparent in the data. While it is industrial
practice to validate analyzer signals by requiring a
minimum change between sample values, the low
variation shown in this example would likely not
trigger that type of validation check. [00107] Between
sample time 500 and sample time 800, the plugged
sample reading and the actual composition match quite
closely, only because the process composition has not
changed significantly since the plug had developed and
is operating around the composition setpoint. This
situation represents a hidden trap to the
operations.[00108] The plug only has an impact when
the composition begins moving significantly at sample
time 800. After sample time 800, the analyzer value
and the model estimate match fairly closely because of
the bias updating portion of the model estimate
algorithm, however both are wrong. Because the
analyzer and the model estimate are confirming each
other, the closed loop control or any operator actions
would be based on this mis-information. Since the plug
is partial, some of the process fluid is leaking
through to the analyzer, allowing the analyzer to move
slowly in the direction of the actual composition.
[00109] The situation becomes immediately obvious when
analyzing the "raw bias" signal. A statistically
significant change is determined in this case as a
"raw bias" change greater than three standard
deviations and is shown by the dotted horizontal lines
on Figure 12D. The exact value for this setting is
tuned to avoid false indications by examining the long
term history of the "raw bias" and can typically range
between three and five standard deviations depending
on the historical signal characteristics. [00110]
Figure 13 shows a set time trends associated with
drifting calibration of the analyzer. In this example
an eventual 10% drift develops around sample time 500,
indicated by the dashed vertical lines on the plots,
but no symptoms are apparent in the analyzer (Figure
13B) or model estimate (Figure 13C) data. [00111] The
situation gradually becomes obvious when analyzing the
"raw bias" signal. A statistically significant change
is reached by sample time 720 and is determined in
this case as a "raw bias" change greater than three
standard deviations as is shown by the dotted
horizontal lines on Figure 13D. The exact value for
this setting is tuned to avoid false indications by
examining the long term history of the "raw bias" and
can typically range between three and five standard
deviations depending on the historical signal
characteristics. [00112] In contrast to detecting
analyzer problems, predicting the composition at the
suction of P-201 requires a different selection of
process measurements in order to get sufficient lead
time to prevent the cavitation of thepump. Once the
measurements in T-201 indicate an increase in the
light hydrocarbons in the T-201 feed, it is difficult
to prevent the pump cavitation 



since the light hydrocarbons are already in T-20 1 and
the only way to get them out of the tower is through
the overhead of the tower. [00113] Instead the design
of the inferential estimator should rely on the
measurements in T-101 to provide the additional lead
time indicating excessive light hydrocarbons in the
feed to T-201. As the selection of input measurements
moves further upstream, the accuracy of the
inferential estimator will likely deteriorate, making
this selection of input measurement less desirable for
detecting analyzer problems as discussed
earlier.Patent CitationsGAS DIFFUSION DEVICE
BACKGROUND OF THE INVENTION The present invention
relates to a novel in useful gas diffusion device. Air
circulation in closed spaces is necessary in order to
occupy and use a building or structure. In certain
cases proper circulation is critical to many
activities such as operations in a medical facility,
in the manufacturing of m icro chips, and the like.
Improving the ventilation in a space does not
necessary correlate to increasing the power of airflow
through the employment of larger fans or blowers,
rather it is often necessary to control the direction
and distribution of supply air in order to provide a
laminar, unidirectional flow of gas, such as air. Such
a criteria greatly minimizes the production of
vortices, which tend to inhibit the removal
particulate matter and heat from the air in a
facility. In this regard, many air diffusers have been
propose to direct air in a certain direction from the
outlet of a conduit delivering air to a facility. For
example, United States Patents 5,573,811 and 5,437,701
show a foam air filter coated by oil to improve the
air filter characteristics of the device. United
States Patents 5,779,534 and 5,968,373 describe
diffusers and filters that use multi stage layers to
distribute gas and prevent the passage of particulate
matter. United States Patents 5,275,729, 5,922,096,
and 6,656,243 show air filters that use pleated cores
that filter particulate matter. United States Patents
6,089,598, and European patentapplication EPO 844147
describe multiple layer air filter cartridges which
are employed to inflate devices. United States Patents
6,425,821 teach a fluid diffuser in which air is
redirected after passing through an initial diffuser
by the use of angled fluids supplies or vanes
deflecting air at the exit of the diffuser. United
States Patents 5,725,427 and 6,059,655 show air
diffuser inserts which employ woven fabric or sheets.
United States Patent 6,139,426 utilizes a molded
plastic air diffusing screen which minimizes noise and
includes openings of uniform size. United States
Patents 5,192,348 and 6,942,563 describe air guides
and diffuser panels which are perforated throughout
Perforations are varied in angles and size at various
surfaces of the diffusers. A gas diffusion device
which distributes incoming air to a facility in an
efficient manner with a laminar or tubulent flow
pattern would be a notable advance in the field of
ventilation technology.BRIEF SUMMARY OF THE INVENTION
The present invention relates to a novel and useful
gas diffusion device. The device of the present
invention utilizes a source of gas or air which exits
a conduit and enters a particular space which is to be
ventilated. The device of the present invention
includes a sheet having a peripheral edge which
defines a surface inwardly from the same. Such surface
is generally flat and includes a first zone having a
area of a pre-determined size. The surface of the flat
sheet also possesses a second zone with an area that
lies between the first zone and the peripheral edge. A
first plurality of apertures are positioned in the
first zone of the surface. The plurality of apertures
through the first zone possess a first percentage of
open area relative to the total area of the first
zone. Likewise, a second plurality of apertures are
placed through the flat sheet of the second zone and
posses a second percentage of the open area relative
to the area of the second zone. The first percentage
of open area pertaining to the first zone is less than
the second percentage of open area the second zone. In
addition, successive third and fourth zones maybe
formed progressively towards the peripheral edge. The
third and fourth zones would also include plurality of
apertures which possess a higher percentage of open
area relative to a particular zone. That is to say, as
the zones progress from the central portion of the
surface of the flat sheet, the percentage of open area
relative to the area of the zone increases . A mount
is also found in the present invention forholding the
flat sheet adjacent the conduit to allow the gas or 



air to flow from the conduit through the diffusion
device of the present invention. It maybe also
mentioned that the peripheral edge of the flat sheet
maybe formed into a polygon such a square, rectangle,
triangle, pentagon, and the like. In addition, the
peripheral edge of the flat sheet maybe at least
partially curved. In certain cases, the peripheral
edge may be circular. In many cases, the successive
zones emanating from the center of the flat sheet may
take a surrounding or encircling formation. That is to
say, the third zone may surround the second zone which
surrounds the first zone. A wall may also be included
in the present invention to extend from the surface
from the flat sheet. The wall may also posses a
plurality of openings to direct air through the
diffusion device of the present invention in a largely
lateral direction at a predetermined distance from the
ceiling of a room to prevent interference with sundry
equipment. It may be apparent that a novel and useful
gas diffusion device has been hereinabove described.
It is therefore an object of the present invention to
provide a gas diffusion device which allows the
passage of air through the same in a laminar manner
and over a wide swath. Another object of the present
invention is to provide a gas diffusion device which
distributes incoming air from a conduit into a space
in a laminar flow manner. A further object of the
present invention is to provide a gas diffusion device
which distributes air into a space from agas conduit
and minimizes the formation of vortices and other
disruptive air patterns. Yet another object of the
present invention is to provide a gas diffusion device
which may be retrofitted into existing air
distribution systems in buildings and provide laminar
flow distribution over a wide area within such
facility. Another object of the present invention is
to provide a gas diffusion device which does not
include moving parts and is easily manufactured,
cleaned and maintained. A further object of the
present invention is to provide a gas diffusion device
which efficiently controls particulate matter and
heating effects and permits the use of fewer diffusion
devices than the prior art. Another object of the
present invention is to provide a gas diffusion device
which produces a gas diffusion device which produces a
downwardly flushing turbulent flow of gas. The
invention possesses other objects and advantages
especially as concerns particular characteristics and
feature thereof which will be come apparent as the
specification continues .BRIEF DESCRIPTION OF THE
SEVERAL VIEWS OF THE DRAWING FIG. 1 is a side
elevational view showing the device of the present
invention in place and an inlet conduit, shown
partially. FIG. 2 is a bottom plan view of the device
depicted in FIG.l. FIG. 3 is a bottom plan view of the
device of the present invention in another embodiment.
FIG. 4 is a bottom plan view of the device of the
present invention in yet another embodiment. FIG. 5 is
a schematic side elevational view of the distribution
characteristics of prior art diffusers. FIG. 6 is a
schematic side elevational view of the diffusion
device of the present invention showing its air
distribution characteristics. FIG. 7 is a schematic
side elevational view showing prior art diffusers and
the patterns produced by the same. FIG. 8 is a
schematic side elevational view showing multiple
diffusion devices of the present invention in place
and the patterns produced by the same. For a better
understanding of the invention reference is made to
the following detailed description of the preferred
embodiments of the invention which should be taken in
conjunction with the above described drawings.DETAILED
DESCRIPTION OF THE PREFERRED EMBODIMENTS OF THE
INVENTION Various aspects of the present invention
will evolve from the following detailed description of
the preferred embodiments thereof which should be
referenced to the prior described drawings.
Embodiments of the invention as a whole are depicted
in the drawings by reference character 10 followed by
an upper case letter. With reference to FIG.l, it may
be observed that diffuser device 1OA is shown.
Diffuser device 1OA includes as one of its elements a
flat sheet 12. Sheet 12 includes a peripheral edge 14
which defines an inner surface 16, FIG. 2 . As 



it is illustrated in FIG. 2 , surface 16 includes
zones 18, 20, 22, and 24. It should be realized, that
the lines appearing on FIG. 2 are for the sake of
visualizing such zones and do not appear on the actual
device. A plurality of apertures 28, 30, 32, and 34
are associated with zones 18,20,22, and 24,
respectively. It may also be seen, that plurality of
apertures 26,28,30, and 32 increase in size between
central zone 18 and corner zones 24. That is to say,
that the percentage of open area of plurality of
apertures 26 of zone 18 is of a certain value relative
to the total area of zone 18 . A plurality of openings
28, of larger size, of zone 20 form another percentage
of open area relative to zone 20. In the embodiment
depicted in FIG. 2 , the following table represents
typical percentages of open area of apertures relative
to the total area of a particular zone :TABLE I % OF
OPEN AREA ZONE OF APERTURES 18 24% 20 28% 22 32% 24
50% Wall 48 50% Such percentages also appear on FIG. 2
. It should also be realized that the apertures
illustrated on FIG. 2 represent a small portion of the
actual apertures of each particular zone. In other
words, evenly spaced apertures, such as those shown on
FIG. 2 , occupy the entire zone in the pattern
depicted in FIG. 2 . It should also be realized that
plurality of apertures 26,28,30, and 32 extend
completely through sheet 12 in order to communicate
with conduit 34, FIG.l,. A mount 36 is also found in
the present invention for holding diffusion device 1OA
to a structure such as a ceiling, a cross-beam, and
the like. Mount 36 shown in FIG.l takes a form of
flanges 38 and 40 which are connected to structure 42
by theuse of fasteners 44 and 46. Device 10 may also
be formed with a wall 48 having a plurality of
apertures 50 therethrough. Thus, air flow may also be
directed outwardly through wall 48 via plurality of
apertures 50. FIG. 3 and 4 represent embodiments 1OB
and 1OC. Embodiment 1OB includes a peripheral edge
which is square in shape. However, corners zones 54
are also square in shape rather than the triangular
formation of embodiment 1OA shown as corners 24 of
FIG. 2 . Plurality of openings 56 occupying zones 54
of FIG. 3 may also extend as a single row about
periphery 52 and lie outside the remaining smaller
apertures of zone 58. Peripheral edge 60 of embodiment
1OC is curved and, more specifically, inthe shape of a
circle. Again, the plurality of apertures of the
particular zones would increase in size, as well as
the percentage of the open area relative to the total
area of the zone, progressing from the inner most zone
to the outer most zone as depicted in FIG. 3 and FIG.
4 . In operation, diffusion device 1OA of the
presentinvention is mounted to the outlet of a conduit
34 which serves as a source of air flow, directional
arrow 62, into a space below diffusion device 1OA.
Diffusion device 1OA is fixed to a place adjacent
conduit 34 by mount 36. Air then passes through
plurality of aperture 26,28,30, and 32 of sheet 12 in
a laminar flow pattern and at a significant spreading
angle. It is believed that flow distribution from
device 10 is generated by differential pressure drops
among the various zones 18,20,22, and 24. With
reference to FIG. 5 , it may be observed that the
prior art diffuser 64 distributes air in a laminar
manner with a slight spread indicated by angular
vectors 66 and 68. In contrast, diffuser 1OA of FIG. 6
shows a laminar flow distribution which spreads
widely, 40 to 45 degrees from diffuser 10. However,
diffuser 1OA may produce a downwardly flushing
turbulent flow or a combination of laminar and
turbulent flow by adjusting the size of the plurality
of apertures 26,28,30 and 32. The effect of such wide
distribution by diffuser 10 of the present invention
may be observed in FIG. 7 and 8 in which prior art
diff users 70, 72, and 74, create areas 76 and 78 in
which vortices areformed. Such vortices tend to
disrupt the laminar flow directly beneath such
diffusers. In contrast, FIG. 8 represents diffusion
devices 1OA of the present invention in which laminar
flow prevails over a wide area above surface 80. This
distribution is due to the varying of the open area
formed by the apertures for a particular zone of
surface 16 which progressively increases from the
center of the dif fuser surface 16 to the peripheral
edge 14 . Thus, the formation of disruptive vortices
is avoided with the diffusion devices lOA-C of the
present invention. While in the foregoing, embodiments
of the present 



invention have been set forth in considerable detail
for the purposes of making a complete disclosure of
the invention, it may be apparent to those of skill in
the art that numerous changes may be made in such
detail without departing from the spirit and
principles of the invention.WHAT IS CLAIMED IS 1 . A
gas diffusion device used in conjunction with a
particular flow of the gas exiting a conduit,
comprising: a . a flat sheet, said flat sheet having a
peripheral edge defining a surface there with in said
surface including a first zone having an area and
being inwardly positioned relative to said peripheral
edge, and a second zone having an area, said second
zone lying between said first zone and said peripheral
edge; b . a first plurality of apertures through said
flat sheet at said first zone of said surface, said
first plurality of apertures constituting a first
percentage of open area relative to the area of said
first zone; c . a second plurality of apertures
through said flat sheet at said second zone of said
surface, said second plurality of apertures
constituting a second percentage of open area relative
to the area of said second zone, said first percentage
of open area being less than said second percentage of
open area; and d . a mount for holding said flat sheet
adjacent the conduit. 2 . The device of claim 1 which
additionally includes a third zone of said surface,
said third zone having an area and lying between said
second zone and said peripheral edge, and a third
plurality of apertures through said flat sheet at said
third zone, said third plurality of apertures at said
third zone constituting a third percentage of open
area of the area of said third zone, said second
percentage of open area being less than said third
percentage of open area;3 . The device of claim 2
which additionally comprises a fourth zone of said
surface, said fourth zone having an area and lying
between said third zone and said peripheral edge, and
a fourth plurality of apertures through said flat
sheet at said fourth zone said fourth plurality of
apertures constituting a fourth percentage of open
area of the area of said fourth zone, said third
percentage being less than said fourth percentage. 4 .
The device of claim 3 in which said flat sheet
peripheral edge comprises a polygon and said fourth
zone lies at least at a corner of said polygon. 5 .
The device of claim 1 in which said sheet peripheral
edge is at least partially curved. 6 . The device of
claim 1 in which said second zone at least partially
surrounds said first zone. 7 . The device of claim 2
in which said third zone at least partially surrounds
said second zone. 8 . The device of claim 1 in which
said sheet further comprises a wall extending
outwardly from said surface, said wall including
plurality of openings there-through. 9 . The device of
claim 1 which additionally includes a third zone of
said surface, said third zone having an area and lying
between said second zone and said peripheral edge, and
a third plurality of apertures through said flat sheet
at said third zone, said third plurality of apertures
at said third zone constituting a third percentage of
open area of the area of said third zone,' said second
percentage of open area being less than said third
percentage of open area; 10. The device of claim 2
which additionally comprisesa fourth zone of said
surface, said fourth zone having an area and lying
between said third zone and said peripheral edge, and
a fourth plurality of apertures through said flat
sheet at said fourth zone said fourth plurality of
apertures constituting a fourth percentage of open
area of the area of said fourth zone, said third
percentage being less than said fourth percentage. 11.
The device of claim 3 in which said flat sheet
peripheral edge comprises a polygon and said fourth
zone lies at least at a corner of said polygon. 12.
The device of claim 1 in which said sheet peripheral
edge is at least partially curved. 13. The device of
claim 1 in which said second zone at least partially
surrounds said first zone. 14. The device of claim 2
in which said third zone at least partially surrounds
said second zone. 


