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Abstract: This paper investigates the use of neural networks to predict characteristic parameters of
the grease application process pressure curve. A combination of two feed-forward neural networks
was used to estimate both the value and the standard deviation of selected features. Several neuron
configurations were tested and evaluated in their capability to make a probabilistic estimation of
the lubricant’s parameters. The value network was trained with a dataset containing the full set of
features and with a dataset containing its average values. As expected, the full network was able
to predict noisy features well, while the average network made smoother predictions. This is also
represented by the networks’ R2 values which are 0.781 for the full network and 0.737 for the mean
network. Several further neuron configurations were tested to find the smallest possible configuration.
The analysis showed that three or more neurons deliver the best fit over all features, while one or
two neurons are not sufficient for prediction. The results showed that the grease application process
pressure curve via pressure valves can be estimated by using neural networks.

Keywords: neural networks; lubrication; probabilistic estimation

1. Introduction

In modern products, grease has many different areas of application, ranging from the
traditional prevention of wear and tear to modifying the haptic properties of the product
by changing the frictions and therefore varying the force required to press buttons or the
torque required to turn rotary knobs. Recent advances in the field of tribology focus on
green concepts such as polyvinyl alcohol (PVA) instead of traditional petroleum-based
solutions. Here, in particular, [1] and a previous study [2] show promising results.

The focus of this paper is on the application process of grease as lubricant. To be
specific, the pulsing ejaculation of grease using pressure valves. Grease application pro-
cesses are highly dependent on parameters such as temperature and material pressure.
As grease is compressible, its behavior also changes depending on how long it is exposed
to pressure. Furthermore, the very rough classification based on NLGI classes (see [3])
introduces additional uncertainty into the process. Based on the rough classification, grease
producers can change their recipes without leaving the boundaries of their respective NLGI
class but with strong influences on the behavior of the grease. In addition, even parameters
such as storage time and the grease’s mass might influence it, as its own weight can lead to a
separation of fat and binder, which can affect the grease’s viscosity. All of these issues create
uncertainty in predicting the results and behavior of the grease during the application pro-
cesses. The pressure curve of the grease might vary, which in turn will affect the weight and
shape of the ejected grease pulse. During the application process, the grease pressure curve
within the valve is one of the main influences on the applied grease mass and shape. The
pressure curve includes all application parameters, such as grease state, temperature, valve
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parameters, and so on. When the valve opens and allows grease to be ejaculated outwards
during a pulsing action, the pressure within the valve drops rapidly. This pressure curve is
measured and used for analysis. As the pressure curve can also vary greatly depending on
the lubricant parameters, it is difficult to decide whether the curve varies due to external
disturbances or whether the whole grease has changed its characteristics due to separation
of fat and binder. Therefore, this paper describes a probabilistic neural network approach
to create a pressure prediction that includes a confidence interval. This confidence interval
is used to predict the parameter behavior of the pressure curve and to estimate whether
the grease has changed its internal parameters. The focus of this paper will be whether a
neural network can be used to predict such features both in their expected value and their
standard deviation.

One way of predicting features and their statistical properties is to use probabilistic
neural networks, which were introduced in 1988 [4] as an additional solution for pattern
classification problems. Since their introduction, feed-forward networks have been success-
fully used for regression of features in medical fields such as in [5]. Here, the advantages of
fast training, the ability to deal with changing data, and a possible confidence statement that
provides an estimate of correctness come into play. One of the most important advantages
is that training is easy and instantaneous (see [6]). For this reason, probabilistic neural
networks are used, for example, in tumor detection, since the network provides fast and
accurate classification (see [7]).

Problem Description

The aim of the research projects is to develop a methodology to create a predictive
model for the grease application process. The main parameters of interest are grease mass
and shape after application. In future work, an adaptive intelligent control algorithm will
be developed to compensate for internal and external disturbances. During the grease
application process, its pressure follows a characteristic curve. The shape of this curve
is one of the most important influences on the quality of the process. Even if external
influences such as temperature are measured, the pressure curve itself is additionally
influenced by the compressibility and varying viscosity of the grease. In practice grease
application experts often set the necessary process parameters based on their experience.
The prediction of pressure curve parameters can give these experts additional information
to improve the setup process and save time for calibrating the valve parameters. This paper
focuses on the first step in achieving the project objectives, the creation of a neural network
to predict the main parameters of the pressure curve and their variances.

2. Materials and Methods
2.1. Test Stand and Methodology

In order to generate sufficient samples for statistical analysis of the pressure curves
and all influencing parameters, an automated test rig had to be set up. Figure 1 shows the
basic setup with the main components. The test stand contains a buffer storage for plastic
plates, which are used as specimens. An industrial robotic arm with vacuum gripping
technology is used to move the specimen. An MPP03Pro pulse valve is used to ejaculate
grease in pulsing mode onto the specimen. A pressure sensor is used to measure the
pressure flow during the application process. A high-precision scale is used to measure the
grease mass after application. A camera is used to analyze the shape of the grease.
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Figure 1. Schematic setup of automated test stand. 

Every application consists of the following steps: 
1. Robot picks up specimen from buffer storage. 
2. Robot places specimen on scale to measure empty weight. 
3. Robot moves specimen to pulsing valve position. 

a. Pulsing valve shoots 15 single grease points onto the specimen. 
b. Robot moves after every shot to prevent overlapping. 

4. Robot places specimen on scale to measure full weight. 
5. Robot moves specimen to camera station. 

a. Picture from front view is taken. 
b. Picture from side view is taken. 

6. Robot places specimen on exit station. 
7. Back to nr. 1. 

A total of 8760 measurements were taken using this semi-automated test stand setup. 
These measurements were used to model pressure curve parameters. 

2.2. Grease Application Process 
The grease application process consists of three components. The first component is 

a pneumatic pump. This pump presses down on a grease-filled container at a pressure of 
50 bar. The pressure causes the grease to turn into a non-Newtonian liquid. The liquefied 
grease is then passed through the second component, a grease pressure regulator. This 
pressure controller is used to regulate the pressure of the liquid to a set point. At the outlet 
of the pressure controller’s output, the grease flows into the third component, a pulsing 
valve. The pulsing valve contains a heater and a pressure sensor. The pulsing valve 
releases the grease after a pneumatically controlled pin is moved by a pressure of 8 bar. 
The pin can be tensioned by a tension spring using a knob. When the pin is released, 
grease can flow out of the valve opening. When the pin is closed, the material stops 
flowing. Typical opening times vary from 4 ms to 20 ms. The result of a grease application 
is shown in Figure 2. 

Figure 1. Schematic setup of automated test stand.

Every application consists of the following steps:

1. Robot picks up specimen from buffer storage.
2. Robot places specimen on scale to measure empty weight.
3. Robot moves specimen to pulsing valve position.

a. Pulsing valve shoots 15 single grease points onto the specimen.
b. Robot moves after every shot to prevent overlapping.

4. Robot places specimen on scale to measure full weight.
5. Robot moves specimen to camera station.

a. Picture from front view is taken.
b. Picture from side view is taken.

6. Robot places specimen on exit station.
7. Back to nr. 1.

A total of 8760 measurements were taken using this semi-automated test stand setup.
These measurements were used to model pressure curve parameters.

2.2. Grease Application Process

The grease application process consists of three components. The first component is a
pneumatic pump. This pump presses down on a grease-filled container at a pressure of
50 bar. The pressure causes the grease to turn into a non-Newtonian liquid. The liquefied
grease is then passed through the second component, a grease pressure regulator. This
pressure controller is used to regulate the pressure of the liquid to a set point. At the outlet
of the pressure controller’s output, the grease flows into the third component, a pulsing
valve. The pulsing valve contains a heater and a pressure sensor. The pulsing valve releases
the grease after a pneumatically controlled pin is moved by a pressure of 8 bar. The pin
can be tensioned by a tension spring using a knob. When the pin is released, grease can
flow out of the valve opening. When the pin is closed, the material stops flowing. Typical
opening times vary from 4 ms to 20 ms. The result of a grease application is shown in
Figure 2.
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grease type Berulub Fr16, grease pressure controller 20 Bar setting, 7 ms opening time of valve, 30 
clicks on pin tension setting. 
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ms before closing. As a result, the pressure continues to fall even after the closing signal 
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Figure 2. Grease application process sample in pulsing mode, 15 grease test points where taken,
grease type Berulub Fr16, grease pressure controller 20 Bar setting, 7 ms opening time of valve,
30 clicks on pin tension setting.

The pressure valve has four main control parameters that influence the application
behavior of the grease:

• Pressure set point on the pressure controller.
• Temperature set point on the temperature controller.
• Pin tension.
• Valve pin release time (opening time of valve).

These parameters are normalized and used as inputs to the probabilistic neural pres-
sure prediction model. As the initial pressure of the grease application process within the
valve is highly dependent on the compression time, the initial pressure will also be used as
an input parameter. The main output parameters for this model will be the pressure curve
features described in the next section.

2.3. Pressure Curve

The pressure curves of grease application processes follow a characteristic shape as
shown in Figure 3. In addition to the four valve control variables mentioned in Section 2.2,
there are other variables that influence the pressure curve behavior. For example, even
when using the same type of grease from the same manufacturer, the viscosity can vary
greatly within an NLGI class. Temperature can also have a significant effect on grease
viscosity. Unfortunately, grease can also change its system behavior depending on storage
time and storage weight. The so called “oil bleeding” effect can cause a separation of grease
and oil based on high and continuous pressure, which in turn can cause areas of varying
viscosity in stored grease (see [8,9] for a deeper explanation). Therefore, these factors can
also influence the curve but were not considered in this paper.

As shown in Figure 3, the grease pressure curve shows a delay of approximately 3 ms
after the valve receives its “open” signal. This delay is due to the mechanical upward
movement of the pin required to open the valve outlet. When the valve reaches its fully
open position, a rapid pressure drop occurs as the compressed material is expelled. This
rapid pressure drop is followed by a slower, time-delayed pressure drop. After receiving
the closing signal, the pin experiences an additional mechanical delay of approximately
1 ms before closing. As a result, the pressure continues to fall even after the closing signal
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has been sent. Once the pin has completely closed the valve’s outlet, there is a rapid
pressure rise which then transitions into a slower pressure increase.
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Figure 3. Average pressure curves with varying valve opening time To. Every curve was averaged by
15 curves which were produced during the application process. The general curve’s shape tends to
stay constant, the varying starting pressure results from the grease’s time-dependent system behavior.

2.4. Feature Selection

Based on the shape of the pressure curve, nine key features were extracted: the lowest
pressure reached, the slope of the fast pressure drop, the approximated T1 time constant
for the slow pressure slope, the slope of the fast pressure inclination, and finally the
approximated T1 time constant for the slow pressure regeneration phase. The selected
areas are shown in Figure 4. The pressure curve was used to extract 16 features in total.
These areas of interest correspond to the locations a, b, c, and d from Figure 4. If the
feature was during the “on” time of the pulsing valve (when the valve was opened and
ejected grease) the name of the feature includes “On”, which corresponds to all features
extracted from areas a and b of Figure 4. Features extracted during the “off” time of the
valve (when the valve is closed, no grease is ejected, and pressure builds up) include “Off”
in their name. Features that are extracted during the phase of rapid decline and increase
in pressure (Figure 4a,c) include “K” in their name. Features that are extracted during the
slow decline or increase phase (Figure 4b,c) include “T1” in their name. This understanding
is mandatory to understand the origin of the features in Table 1.
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Figure 4. Pressure curve areas of interest for feature selection. (a) Rapid decline of pressure after
valve is opened. (b) Slowing decline of pressure after valve is opened. If the valve continues to be
open then a steady state pressure would be reached. (c) Rapid increase in pressure after valve is
closed. (d) Slower increase in pressure after valve is closed. A steady state is reached if the valve
continues to be closed.
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Table 1. Table of all features.

Feature Table

Optical Scale System Input
Pressure Curve

Pressure
Difference Areas Constants

width mass To pDiffKOn areaKOn kOn

height

Temp pDiffKOff areaT1On kOff

Vu PDiffT1On areakOff T1On

Preg PDiffT1Off areaT1Off T1Off

maxP Area-KOnFull

minP Area-KT1OnFull

Area-KOffFull

Area-KOnFull

Based on these areas of interest, three types of feature categories exist. Firstly, constants
such as the aforementioned slopes and time constants; secondly, areas such as the area
under the pressure curve shown in Figure 5 and the pressure difference curve; and thirdly,
the pressure differences.
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Figure 5. Pressure curve area features extracted according the defined areas of interest. The picture
above shows the pressure–time area, while the picture below shows the pressure difference–time
curve. Both cases are shown for a pulsing and regeneration process.

The pressure curve and the pressure difference–time area curve allow the extraction of
features used for prediction. Table 1 lists all available features from the observation. The
features are divided into system input, scale, optical and pressure-curve-based features.

The optical column describes the optical features of the pulsed lubricant application
process. This involves shooting a small amount of lubricant onto a specimen and then
taking a picture of it. The lubricant sticks to the specimen and a camera image is taken to
analyze the shape (width and length).

The column scale describes the mass of the feature. The mass of lubricant ejected is
measured using a precision scale. Typically, 15 points of lubricant are ejected and then the
average mass is calculated.

The column pressure curve is divided into three sub-columns. Pressure difference
describes the pressure difference of certain parts of the curve (see Figure 4). Pressure area
describes the area under certain points of the curve (see Figure 5) and constants describe



Eng 2024, 5 2434

the time constants and gains of a hypothetical PT1 element that roughly approximates the
curve. A more detailed description of each characteristic can be found in Abbreviations.

Even though all parameters are measured for the analysis of the pressure curve only
the columns system input and pressure curve are relevant and therefore used in this paper.

2.5. Predictive Neural Networks and Probability

A specific set of neural networks was created for each predicted feature. As all the
networks follow the same architecture, this section describes the general architecture and
delves into the details of training one feature as a representation for all the others.

Classical feed-forward neural networks are good at fitting both smooth and noisy data.
Ref. [10] shows and analyses the inherent noise tolerance of feed-forward networks. In our
case no additional noise reduction methods were used. Typically, the hyper-parameters of
the neural network are set to fit the noisy data with the least amount of approximation error.
However, a problem arises when the noise is also to be learned. In this case, increasing
the number of neurons or layers would cause the network to overfit and produce less
generalized solutions. This problem is often referred to as the bias variance dilemma and
is discussed in more detail in [11]. In order to learn the bias of the parameter and still
be able to predict the standard deviation of the measured features, two neural networks
were created. Figure 6 shows the system architecture of the neural network. In our case
we decided to use a multilayer feed-forward perceptron network with one hidden layer.
Ref. [12] gives a introduction to multilayer feed forward networks and their limitations.
Since we predict only parameters and have no need to memorize the timely order of inputs
a recurrent network was not necessary.
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Figure 6. Neural network system architecture.

One neural network is trained with the mean of the measured feature as the target. The
second neural network will be trained with the standard deviation of the feature. Therefore,
the architecture of both neural networks will be rather lean.

The mean network output is used to track the general trend of the feature, and the
standard deviation network output can be used to predict the upper and lower limits of
the feature. If a specific interval for the feature is desired, the output of the network can
simply be multiplied by a. The result of this architecture will be both the predicted mean
and the predicted standard deviation. As input to the neural networks, the valve process
parameters already described in Section 2.2, including the pressure curve, are used.

2.6. Training Process

The training data first went through a two-stage standardization and normalization
process. Ref. [13] describes and compares both methods for feed-forward network architec-
tures. The test bench is used to generate raw features. These features are then pre-processed
in a two-step process. First, the raw data are standardized with a mean of 0 and a standard
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deviation of 1. The pre-processed data are divided into 70% training, 15% test and 15%
validation data. Levenberg–Marquardt backpropagation (see [14] for a deeper explanation)
was chosen as the training algorithm since it is a typical training algorithm for neural
networks and similar estimation problems (for example [15]). These data will then be used
in the training process of the neural networks. Finally, the result will be evaluated and, if
necessary, the architecture of the network will be updated by adding or removing neurons
or layers.

Experiments have shown that for most features in the mean network, three to ten
hidden neurons produce a satisfactory result. If the number of neurons is below two, the
network was not able to generalize the feature values accurately enough. The standard
deviation network was defined with ten neurons and one hidden layer.

For the mean network, there are two ways of using data to train it. The first possibility
is to calculate the average values of all corresponding measurements and then use the
average values to train the network. To do this, the average of all measurements with the
same system input parameters was calculated, which helped to reduce the amount of data
from 8670 to 196 measurements. This reduction speeds up the training process. As the
network is only trained with the average values, the entire measured dataset can be used
as a test set. This network will be referred to as a “mean network”. A disadvantage of this
method is that the use of mean values averages out certain physical effects. Using only
the mean values for training results in a smoothing of the pressure values. This can be a
disadvantage as peaks and valleys can be averaged out.

To be able to learn these types of effects, it is also possible to train the neural network
directly on the measured data. This network will be referred to as a “full network”. The
advantage of this method is a higher accuracy in the learned data, since peaks and valleys
in the curves are not smoothed. The disadvantage is a longer training time and a smaller
test set compared to the first method. Thus, the first method can be seen as more stable in a
steady-state calculation. It calculates the average feature that results when multiple grease
shots are made. The second method can be seen as a more dynamic solution when each
shot needs to be analyzed. Depending on the requirements, a combination of both methods
can be used.

The standard deviation network was trained using the calculated standard deviations
based on the measurements. Measurements with the same input parameters such as
pressure setpoint, temperature setpoint, valve opening time, and valve pin tension were
grouped and used to calculate the deviation.

3. Results

Finding the right number of neurons for the neural network training process was
achieved by testing different network configurations. Figure 7 shows an example of the
training progress for an exemplary feature called “areaT1OffFull”. The training finishes
after 26 epochs without any increase in the error of the test set. Therefore, it can be
concluded that the network has managed to generalize the dataset in a satisfactory way.

Figure 8 shows the results of the training process for each feature used by the mean
network. Each column shows the best network out of 100 trained networks per feature. The
features were evaluated with 1 to 10 neurons. In total, 16,000 networks were trained and
compared. The result of the test set was normalized between 0 and 1, where 0 means high
error and 1 means low error. Smooth features, such as most area features, usually show a
rapid increase in performance as the number of neurons increases. Noisy features, such
as pressure curve time constants and slopes, have a noisier performance as the number of
neurons trained increases. For all features, a single neuron could not approximate the data
accurately enough. Feature T1On was the only one that had the best approximation with
only two neurons.
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Figure 9 displays the training process result of the full network. Because the net-
work was trained with a greater dataset (8670 data points) and without any averaging to
smoothen the noise, up to 20 neurons were compared. The general outcome is similar to
the mean network, most of the area features again show a smooth increase in performance.
Noisy features such as KOn show a higher fluctuating performance measure. In general,
the full network performs better by having more neurons than the mean networks.
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Figure 10 shows the comparison of two features, F1 and F10. In both cases it appears
that the resulting fit is closer to an average value of the curve. The full network fit of F1 is
6.7% better than the mean networks. In the case of F10, the full network fit is approximately
1.1% better than the mean networks.
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Figure 10. Comparison of feature KOn (F1) and areaT1On (F10) fit.

After both mean and full networks are trained, they will be combined with the standard
deviation network to calculate the upper and lower boundaries of the regression value.
Figure 11 shows a 1-sigma interval for F1 for both networks. The result using the full
network appears to have a higher variance than the mean network. This can be seen in
Figure 11c,d where 1500–1600 samples are shown. The reason for the lower variance of the
mean network is the smoothing effect of the mean network, as both networks use the same
standard deviation network. The mean absolute error (MAE) also supports this assumption.
The mean network has an MAE of 0.0398 for the feature KOn, while the full network has a
lower MAE of 0.0381 over all samples.
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4. Discussion

Both the mean network and the full network are compared in terms of their perfor-
mance. To create a valid comparison, 30% of the total dataset was randomly extracted as
a new test set. The mean network was trained with its original mean values, the other
network was trained with the remaining 70% of the dataset. Both types of networks were
trained with their calculated best number of neurons. The coefficient of determination (R2)
is used to assess the fit of the networks and to compare them. R2 measures how much of
the variance in the dependent variables can be explained by the independent variables.
An R2 value close to 1 indicates that the independent variables of the model can explain
the variance of the measured values well, while an R2 value close to 0 means the opposite.
The closer R2 is to 1, the better the model fits the data. Table 2 shows the training result:
the R2 value of each feature and each net is shown. Smooth features like F3, F4, F7, F8,
and F10–F16 can be trained very well with both neural networks. The remaining features
show both a greater variance in the measured data and a lower R2 value and therefore
a poorer fit. The average R2 value over all features of the full network is 0.781 while the
mean network’s average R2 value is 0.737.

Table 2. Coefficient of determination for all features.

Coefficient of Determination
Feature F1 F2 F3 F4 F5 F6 F7 F8
Full net 0.402 0.131 0.895 0.760 0.481 0.643 0.888 0.983
Mean net 0.335 0.179 0.883 0.716 0.420 0.631 0.873 0.918
Feature F9 F10 F11 F12 F13 F14 F15 F16
Full net 0.371 0.998 0.960 0.986 0.995 1.000 0.996 1.000
Mean net 0.305 0.987 0.919 0.634 0.995 0.997 0.994 0.998

Finally, the performance of both networks needs to be evaluated. Therefore, for both
the mean and the full network, it was calculated how many data points in each feature
are within the 1-sigma, 2-sigma, and 3-sigma intervals. The results of this performance
evaluation can be seen in Table 3, where features with low noise seem to cover the majority
of points inside the boundary even at 1 sigma. Features with higher noise, on the other
hand, come closer to the 68% mark. Therefore, it can be concluded that the standard
deviation network manages to capture the boundaries of noisy features well. Furthermore,
it can be seen that boundaries with the mean network give a lower percentage of included
points than the full network. This is understandable as the mean network was trained to
approximate the mean, whereas the full network was trained directly on the data.

Table 3. Percentage of test points in boundary.

Percentage of Test Points in Boundary
Feature F1 F2 F3 F4 F5 F6 F7 F8
Full Isig 72% 51% 76% 76% 69% 74% 75% 68%
Full 2sig 96% 74% 94% 94% 96% 96% 93% 93%
Full 3sig 98% 85% 96% 97% 99% 98% 96% 98%
Mean lsig 70% 44% 75% 71% 68% 72% 74% 51%
Mean 2sig 95% 64% 93% 92% 95% 95% 93% 79%
Mean 3sig 98% 77% 97% 96% 98% 99% 96% 91%
Feature F9 F10 F11 F12 F13 F14 F15 F16
Full Isig 74% 84% 72% 87% 90% 89% 86% 92%
Full 2sig 96% 97% 97% 97% 98% 97% 97% 98%
Full 3sig 99% 99% 99% 98% 99% 99% 98% 98%
Mean Isig 73% 62% 62% 75% 88% 73% 81% 81%
Mean 2sig 95% 84% 90% 91% 98% 92% 96% 93%
Mean 3sig 98% 92% 95% 94% 99% 95% 97% 96%
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5. Conclusions

Two pressure curve feature prediction networks have been successfully trained and
evaluated on a test set. Both mean and full networks can be used for smooth features.
Noisy features can be estimated by adding the standard deviation network to obtain a
confidence limit.

One of the limitations of this observation was that temperature was not considered
as a control parameter. All measurements were made at room temperature. However, in
some production applications heating elements are used to bring the lubricant to specific
temperatures and change its viscosity. Another limitation of this work is that the pressure
curve is highly dependent on the geometry of the valves and especially the nozzles. The
trained networks are therefore only able to predict for the equipment used. However, they
can be retrained for other types. Another limitation of this research is the focus on grease
as a lubricant. In the current change in mindset and efforts to find more sustainable and
less polluting materials for production, the application process of green lubricants such as
the PVA/UG composite proposed in [1] should be considered.

The next steps will be to collect more data with different types of valve nozzles and
lubricants. A study will be completed to determine if the network architecture is able to
learn to identify different types of lubricants and correctly estimate their characteristics.
A prediction of the shape and weight of the lubricant will also be concluded. The already
trained networks will be used to generate additional training features for regression. In
addition, the test stand will be equipped with a valve heating system and a temperature
sensor to accurately control and measure the lubricant temperature. This will help to
quantify temperature-dependent influences.
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Abbreviations
Opening time To
Temperature set point Temp
Pressure set point Preg
Pressure in valve Vu
Starting pressure maxP
Lowest pressure reached minP
Initial slope during fast pressure drop KOn
Time constant during pressure drop T1On
Initial slope during fast pressure regeneration KOff
Time constant during pressure regeneration T1Off
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Pressure–time area during KOn areaKOn
Pressure–time area during T1On areaT1On
Pressure–time area during KOff areaKOff
Pressure–time area during T1Off areaT1Off
Pressure difference–time area during KOn areaKOnFull
Pressure difference–time area during T1On areaT1OnFull
Pressure difference–time area during KOff areaKOffFull
Pressure difference–time area during T1Off areaT1OffFull
Pressure difference for KOn pDiffKOn
Pressure difference for T1On pDiffT1On
Pressure difference for KOff pDiffKOff
Pressure difference for T1Off pDiffT1Off
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