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Summary 
This report considers using a process to acquire performance data for supersonic mixed-compression 

inlets that is faster and less costly than the previous process. In the previous process for acquiring data 
during wind tunnel experiments, actuators for backpressuring an inlet moved in discrete increments, 
paused for dynamics to dampen, measured data for 5 s, recorded the data, and then reduced the data to 
graphic plots of pressure recovery versus mass capture ratio. This discrete data acquisition procedure was 
methodical, reliable, and accurate. However, acquiring data to characterize the inlet consumed significant 
wind-on time. Wind tunnel operation was costly when considering maintenance, energy, and human 
resources (operators and research team); therefore, the price for each data point was high. This report 
presents a quicker method to obtain all measurements, one which can also be used in blowdown wind 
tunnels. This approach, identified as the dynamic inlet characteristic data acquisition procedure, uses in 
situ dynamic high-speed pressure sensors to measure pressure signals. The backpressuring actuator moves 
continuously, and measurements from high-speed pressure sensors are recorded as the actuator progresses 
to and past the incremental points. Despite its advantages, the approach raised the following questions: 
(1) Will the new process be as accurate as the previous process? and (2) Are there any hidden costs? 
These concerns are addressed in this report. This report reviews a study that was undertaken to compare 
wind tunnel experiment data taken using the previous discrete data acquisition procedure with data 
recorded using the dynamic inlet characterization data acquisition procedure. In this report, the wind 
tunnel experiment and the study objectives are described. The processes to reduce the data for analysis are 
explained, and a discussion of the results is given. Finally, conclusions from this study that may guide 
further work in this area are presented. 

Nomenclature 
AIP  aerodynamic interface plane 
C0Cold  cold calibration coefficient for bias 
C0Hot  hot calibration coefficient for bias 
C1Cold  cold calibration coefficient for slope 
C1Hot  hot calibration coefficient for slope 
ESP  electronic scanned pressure 
i  discrete working data point 
j  sensor number 
k  data point 



NASA/TM-20240013421 2 

m  number of data points in discrete working set 
MFP  mass flow plug 
PCold  measured pressure using cold calibration coefficients 
PCP  cold pipe static pressure 
PHot  measured pressure using hot calibration coefficients 
PNorm  AIP total pressure normalizing value  
PRecal  recalibrated pressure measurement 
PT,AIP,j  AIP total pressure for sensor j 
PT0  freestream total pressure 
PT2  diffuser total pressure 
re  total error 
SDQ  sensor data qualification 
SWT  supersonic wind tunnel 
TT  total temperature 
Volts  volts measured from pressure sensor 
W2  cold pipe airflow rate 
WRef  theoretical captured mass flow rate at inlet 
XMFP  mass flow plug position 
ΔP,i  difference in pressure recovery for discrete working data point i 
ΔW,i  difference in mass flow ratios for discrete working data point i 

Introduction 
This work considers a procedural change for improving data acquisition efficiencies while performing 

experiments in a wind tunnel to characterize the performance of a supersonic mixed-compression inlet 
system. This study focuses on the experimental process and data acquisition as well as reduction processes 
to populate plots of inlet pressure recovery versus mass capture ratio. These plots are called inlet 
characteristic curves and are also known as cane curves because the data plots resemble a canelike pattern. 
Each cane curve reveals inlet performance at a steady-state freestream condition and a specific inlet 
geometry. The proposed experimental methodology to replace the previous methodology suggests acquiring 
data without requiring the inlet to be in a near-steady-state condition. 

This report is organized as follows. A brief overview of the inlet system and the wind tunnel that was 
used to acquire experimental data is presented. The cane curve plots produced by the experimental data are 
explained. The traditional method for populating cane curve plots is summarized, followed by a description 
of the proposed method associated with this work. The data reduction processes are specified, and results 
are presented and discussed. Potential future activities are suggested, followed by concluding remarks. 

Inlet System 
A supersonic mixed-compression inlet system was used to acquire experimental data. The system 

included a cold pipe and mass flow plug (MFP) at the aft end of the inlet, as illustrated in Figure 1. This 
type of inlet system compresses and decelerates freestream airflow for use by a turbine engine. As shown, 
airflow enters from the left into a convergent duct, passes through a throat area, and moves into a 
subsonic diffuser. Within the subsonic diffuser, a normal shock wave develops between incoming 
supersonic flow and downstream subsonic flow. Airflow from the subsonic diffuser is returned to 
freestream by way of venting through bypass doors or by passing through a cold pipe and then exiting 
through a choked MFP. 
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Figure 1.—Simplified diagram of supersonic mixed-compression inlet system. 

 
In this study, the bypass doors and MFP were used to regulate conditions within the inlet system. The 

bypass doors would open as needed to vent airflow to the freestream and relieve subsonic diffuser 
backpressure. The junction where the cold pipe meets the subsonic diffuser was identified as the 
aerodynamic interface plane (AIP). In the started condition, the normal shock wave resided downstream 
from the throat and upstream from the AIP in the subsonic diffuser. Backpressure in the subsonic diffuser 
was increased by moving the MFP closer to the cold pipe exit to decrease the cold pipe exit area or by 
moving the bypass doors to more closed positions; either method resulted in the normal shock moving 
upstream. Likewise, backpressure was decreased by moving the MFP farther from the cold pipe to 
increase the cold pipe exit area or by moving the bypass doors to more open positions, resulting in the 
normal shock moving downstream. 

The illustrated inlet system in Figure 1 is simplified and does not show variable geometry. Two 
examples of variable geometry would be (1) actuators to increase or decrease the freestream capture area 
and (2) actuators to increase or decrease the throat height. For inlet systems with variable geometry, 
performance characteristic curves are desired at all possible freestream operating conditions and inlet 
configurations. 

The cold pipe and MFP were used to simulate the impact of a turbine engine on the backpressure 
buildup in the subsonic diffuser. An accelerating turbine engine was simulated by moving the MFP away 
from the aft end of the cold pipe. Likewise, a decelerating turbine engine was simulated by moving the 
MFP toward the aft end of the cold pipe. 

The inlet system had multiple sets of bleed plates. The most upstream bleed plates were designed to 
reduce the boundary layer, thus allowing more airflow to the area where the turbine engine would be 
located. The throat bleed was employed as a passive stability control device. If the normal shock reached 
the throat bleed, the high-pressure air behind the normal shock would be vented to freestream through the 
throat bleed. The venting would relieve the backpressure, causing the normal shock to cease moving 
upstream and triggering an unstart. Actions to further increase the backpressure could move the normal 
shock upstream past the throat bleed plate. 

For peak performance, the typical operating strategy for supersonic mixed-compression inlets has the 
normal shock located near the throat to reduce distortion at the face of the turbine engine. However, if the 
normal shock were located over the throat bleed, then high-pressure subsonic diffuser air would vent to 
freestream and would be accounted for as propulsion drag. Thus, the challenge is to keep the normal 
shock positioned as close as possible to, but not over, the throat bleed while maintaining constant mass 
flow to the MFP. This challenge was addressed by modulating bypass doors aft of the throat in order to 
vent high-pressure subsonic diffuser air to the freestream and thus maintain optimal shock position. 
Airflow vented to freestream through the bypass doors was also accounted for as propulsion drag. Active 
controls for regulating the bypass doors are beyond the scope of this work.  

The inlet was instrumented with high-speed dynamic pressure sensors and slower electronic scanned 
pressure (ESP) transducers. The high-speed dynamic sensors had transducers mounted within the inlet 
that converted pressure on the sensor face to an analog voltage value that was transmitted by wire to data 
recorders. Within the data recorders, the voltage values were sampled and converted to pressure values 
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using calibration coefficients. Two sets of calibration coefficients were available for these sensors: cold 
(80 °F) and hot (250 °F).  

Each ESP sensor was located outside of the wind tunnel test section—about 30 ft away. The input to 
each ESP sensor was plumbed to a pneumatic tube that attached to the measurement point of interest 
within the wind tunnel or inlet system. The ESP transducer signals were electronically transmitted to data 
recorders. For the ESP sensors, a change in pressure included a pneumatic delay as the pressure pulse 
moved through the tube to the transducer. Another consideration with ESP sensors was that a 
backpressure change resulted in pressure oscillations within the tube. Therefore, before recording ESP 
data, a waiting period was required to allow the oscillations to dampen out. To improve ESP accuracy, 
five data points were acquired at 1-s intervals and then averaged into a single measurement value. 
Because of the procedure to acquire ESP data, the ESP data were considered to be near steady state. At 
the AIP, total pressure was measured using Prati probes (Ref. 1). These probes included high-speed 
dynamic pressure sensors along with ESP sensors. 

For the experiments being reported in this work, the MFP position and bypass door positions were 
remotely controlled using hydraulic machines. Feedback signals regarding MFP and bypass door 
positions were provided by variable resistors configured as variable voltage dividers. The voltages from 
the variable resistors were indicative of actuator position.  

Wind Tunnel Facility 
The experiments were conducted in the test section of the 10- by 10-Foot Supersonic Wind Tunnel 

(SWT) at the NASA Glenn Research Center (Ref. 2). This wind tunnel has the capability to continuously 
flow air around a circuit and through the test section at a constant Mach number, total temperature, and 
total pressure. These calculations and measurements were based on sensors located in the tunnel 
bellmouth. A typical run night with this wind tunnel would have the test section at wind-on condition 
continuously for 6 h. The 6-h limit was a constraint based on facility power availability and not 
necessarily a tunnel operating limitation. Other tunnels that may be of interest are blowdown facilities. A 
blowdown wind tunnel would have a defined period of wind-on condition based on the wind tunnel 
design—upstream air supply, downstream vacuum chamber, airflow geometry, and desired operating 
condition. Tests in a blowdown wind tunnel could involve multiple periods of wind-on condition with 
each run period typically defined in units of minutes. Operating-cost comparisons between the 
continuous-flow wind tunnel and blowdown wind tunnels are beyond the scope of this work. The point of 
emphasis here is that blowdown wind tunnel facilities with limited on-condition periods can also use the 
technology being presented in this work to acquire data with fewer runs. 

For this work, three data recording systems were available. The first was a legacy system configured 
to record pressure measurements and actuator movements at near-steady-state conditions. This system 
was not used to capture pressure or actuator movement dynamics. Because this was a facility legacy 
recording instrument with considerable reliability history, this system was considered the truth for 
identifying near-steady-state pressure conditions and actuator positions. After all pressure oscillations 
dampened to near steady state, this system was able to record ESP signals, pressure signals from the 
high-speed dynamic pressure sensors, and actuator position signals. This system continuously measured 
data at 1 Hz and, upon command, five measurements were averaged and recorded: two measurements 
prior to the record command, one current measurement, and two measurements immediately following. In 
this report, this system is referred to as the “discrete system.” 

The second system was designed to replace and become the new legacy system. This system was 
configured to record data at 200 Hz. It recorded all signals from high-speed dynamic pressure sensors as 
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well as all actuator positions and was designed to continuously sample data at 12.8 kHz. It used an analog 
anti-aliasing low-pass filter with cutoff frequency at 5 kHz. The ESP sensors, being dedicated to and 
recorded on the first system, were not recorded on the new system. In this report, this system is referred to 
as the “slow dynamic system.” 

The third system was a high-speed recording instrument configured to record data at 10 kHz. Signals 
from all high-speed dynamic pressure sensors were routed to this instrument, as well as all actuator 
position signals. The ESP sensors remained on the original system. The third system continuously 
sampled signals at 2.6 MHz and employed an analog anti-aliasing low-pass filter with cutoff frequency at 
50 kHz. In this report, this system is referred to as the “fast dynamic system.” 

Testing procedures for this work had the slow dynamic and fast dynamic data acquisition systems 
activated for a period of about 30 s whenever the legacy discrete system was commanded to record. As a 
result, for every steady-state reading, measurements recorded on the slow and fast dynamic data 
recordings could be averaged and compared to the recording on the legacy discrete system. 

For the Glenn SWT, four stages initiated a run session. Stage 1 had the test section at atmospheric 
conditions and no airflow. At stage 2, the wind tunnel test section was at a lower pressure to decrease 
supersonic transient loading on the test article and to decrease loading on the wind tunnel turbines during 
startup in the subsequent stage. In stage 3, the wind tunnel turbines were started and supersonic airflow 
was established in the test section. Lastly, at stage 4, the test section was on condition as defined by a 
desired altitude and Mach number. At the beginning of each run session, stage 1, an atmospheric pressure 
measurement was recorded for all pressure sensors. At stage 2, another set of pressure measurements was 
recorded. These two sets of recordings were acquired without airflow and were referred to as “tare 
readings.” With no air flowing, it was expected that all the pressure sensor readings would match. In 
actuality, there were very small differences that could be attributed to such factors as different calibration 
settings or analog-to-digital conversion coefficients.  

After recording the two tare measurements, the wind tunnel was started, and the experiments 
commenced when the desired tunnel conditions were attained. At the completion of a run session, tunnel 
air was exhausted to decrease pressure, and the tunnel test section was deliberately unstarted at low 
loading. The tunnel pressure was decreased before unstarting the tunnel test section to minimize the 
impact of the shock passing over the inlet system during that period. Next, the wind tunnel turbines were 
stopped, and another set of tare readings was taken with the wind tunnel at a quiescent low-pressure 
condition and then again at atmospheric conditions. The tare measurements recorded from each sensor 
were compared against recorded measurements from other sensors to detect sensor failures that impact 
posttest data analysis. A measurement value that deviated from the others during the tare stages indicated 
a failed sensor. Without knowledge of the time when the sensor failed, measurement data from failed 
sensors were withheld during data analysis. 

Discrete Characteristic Curves 
A notional cane curve is illustrated in Figure 2. Pressure recovery is diffuser total pressure (PT2) as 

measured with a rake of Prati probes mounted in the flow path at the AIP, normalized with an effective 
freestream total pressure (PT0) value. The x-axis on the cane curve is a measurement of air mass flow at 
the AIP (W2) normalized by air mass captured (WRef). Values for W2 are from airflow measurements when 
airflow exiting the cold pipe was choked because of the MFP position. WRef is a theoretical captured mass 
flow rate at the inlet entrance. 
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Figure 2.—Notional cane curve example. 

 
Typically, the cane curve data collection process starts by acquiring the data points at the lower right 

and proceeds up and over to the upper left. The green squares in Figure 2 are an example of discrete data 
collected using the previous baseline process to create a cane curve. The blue continuous line is a notional 
representation of the same inlet at the same conditions but using the suggested dynamic data acquisition 
process that will be introduced in the following section.  

In Figure 2, the inlet system passes through four phases: supercritical, the cane curve knee, 
subcritical, and minimum stable. The supercritical phase has pressure recovery increasing and mass flow 
ratio constant, as illustrated by the vertical segment of the notional cane curve. That relationship indicates 
that the normal shock wave is located downstream of the throat bleed. As the normal shock passes over 
the throat bleed plate, W2 values decrease as bleed venting increases. This phase results in the data points 
making up the knee of the curve. A point of best performance is termed “critical” or “peak” and is 
suggested by the black circle and black square. Further movement of the MFP toward the cold pipe results 
in a maximum recovery, as represented by the top horizontal portion of the cane curve, a region termed 
“subcritical.” Figure 2 is notional; a real cane curve would have shown pressure recovery continuously 
increasing as mass flow ratio decreased instead of showing it as horizontal. The last data point, 
represented by the yellow and red striped square, is the minimum stable operating point. At minimum 
stable, further movement of the MFP to increase backpressure will cause the inlet to expel the normal 
shock, resulting in an unstarted condition. Due to the temporary relief of backpressure provided by the 
bleed plates, the inlet will restart, followed by another unstart as backpressure continues to build. The 
condition where the inlet repeatedly restarts and unstarts is known as the buzz condition. 

Baseline Process 
To acquire mixed-compression inlet performance characteristic curve data, the baseline process 

incrementally advanced a backpressuring actuator, such as the MFP, to positions that yielded increasing 
backpressure. After each incremental step, data were recorded. After progressing the backpressuring 
actuator beyond the minimum stable point, the inlet system would unstart. Actions were then performed 
to restart the inlet, and the process was completed. Postprocessing analysis reduced the recorded 
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measurements from specific pressure sensors and the MFP position to coordinate values for data plotting 
the discrete inlet performance characteristic curves.  

The baseline process was initiated and completed with the bypass doors in a fixed position, preferably 
closed, for all data points. With the bypass doors closed, the measured W2 was the same airflow that 
passed through the subsonic diffuser. If the bypass doors were partially open, the measured W2 would be 
less than the airflow exiting the subsonic diffuser due to the venting loss. 

Cane curve plots were generated from data recorded using the discrete recording system at each 
incremental step. The y-axis pressure recovery (PT2/PT0) used averaged values of PT2 from 40 ESP sensors 
located at the AIP. Values for PT0 were averaged signals from sensors in the tunnel bellmouth. Tunnel 
conditions were held constant while conducting experiments for a cane curve. The values for WRef were 
calculated based on freestream condition and inlet capture area. Values for W2 were output from an 
algorithm that had input variables of MFP position (XMFP), wind tunnel test section total temperature (TT), 
and static pressure averaged from measurements recorded by three ESP sensors located in the cold pipe 
(PCP). The algorithm calculations were performed by the recording instrumentation, and the data were 
saved in a file formatted as comma-separated values. The data files contained all information needed, 
without further postprocessing, for illustrating characteristic curves immediately after being recorded. 

Proposed Process 
The concept of waiting for ESP oscillations to dampen to near-steady-state measurements led to 

considerations of how to make this process faster. Could the waiting period be eliminated, and could the 
requirement to incrementally move the backpressuring actuator be relieved? First, the backpressuring 
actuator could continuously move at a constant rate to pass over the discrete positions, as illustrated in 
Figure 2; there was no need to wait for the XMFP signal to dampen. Second, the wind tunnel conditions 
were held constant; therefore, it was not necessary to wait for PT0 measurements to reach steady state for 
each data point. Also, the inlet capture area was held constant while acquiring cane curve data; therefore, 
it was not necessary to wait for WRef values to reach steady state. However, calculations for PT2 used 
measurements from the Prati probe ESP sensors. Likewise, W2 values were calculated using PCP 
measurements from ESP sensors in the cold pipe.  

To address these issues, a new strategy was proposed and investigated. The new strategy employed 
high-speed dynamic pressure sensors that would not need a delay for pressure damping because, unlike 
the remote ESP sensors, their pressure-sensitive surface was on location. Because the Prati probes already 
had high-speed pressure sensors to measure PT2, those values would be available without requiring 
pressure oscillations to dampen to steady-state values. To calculate W2, three additional dynamic pressure 
sensors were installed in the cold pipe near the PCP tubes. These additional sensors would make dynamic 
signals available for calculating W2 without requiring a pause for oscillations to dampen. 

In the proposed new process, the bypass doors were kept in a fixed position and data were recorded 
by two types of dynamic data recorders while the backpressuring MFP actuator was continuously moved 
from supercritical to minimum stable. The dynamic data files of information were available for 
populating a continuous cane curve. Throughout the course of acquiring continuous cane curve data, the 
necessary steady-state data that did not change were recorded on the steady-state recording system. The 
dynamic data capturing XMFP, PT2, and PCP measurements were recorded on the slow and fast dynamic 
data acquisition systems. This process collected all of the necessary data within the same timeframe 
needed to record a single datum point using the discrete baseline process. In this report, data acquired 
using the proposed process are identified as “dynamic” data, and the data acquired using the baseline 
process are identified as “discrete” data. The authors assert that the dynamic data approach could at 
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minimum be a useful tool to help inform and direct discrete data collection; regions of interest could be 
quickly explored to highlight where discrete data collection should be focused. 

Although the proposed process acquired data more cost effectively, it did include risks and 
challenges. The main risk was that the numerous data points acquired might not be as accurate as the one 
data point acquired using the discrete data acquisition process. To validate or relieve this risk with a cost 
benefit assessment is beyond the scope of this work. To identify and understand other risks and 
implications, a study was performed with experimental wind tunnel data that compared the baseline 
analysis to analyses performed with data acquired using the proposed data acquisition process. For this 
work, “accuracy” is understood to mean how well the dynamic data matched the discrete data when 
comparing data points that should be equal. For example, measurements at the same freestream conditions 
and inlet geometry should result in identical cane curve data. Another consideration of this study was to 
determine if the rate of actuator movement impacts accuracy. Yet another consideration was to determine 
if there were dynamic effects within the data set acquired using the continuous cane curve process that 
were not available with data acquired using the baseline process. Also, functional details of the discrete 
data that have influence on its accuracy should be understood. The traditional approach uses pneumatic 
tubes from the flow surface to the ESP sensor module that can be several inches to tens of feet in length. 
This first-order effect causes a transient lag in the pressure response. Additionally, any true transient 
pressure fluctuation could excite further higher order oscillatory inaccuracies.  

Given that both processes used the same steady-state values, such as the freestream conditions and 
upstream inlet geometry, the only differences in the methods for calculating characteristic curve plots 
were the sensors used to measure static and total pressure and the value for XMFP, which continuously 
changed. Ideally, the pressure signals dynamically recorded as the MFP increased backpressure would be 
identical to the pressures measured using the discrete process when XMFP were the same for both 
processes. The challenge for this work became an exercise to get the dynamic pressure recordings to 
match the steady-state pressure recordings when the time-varying XMFP matched the discrete recorded 
value for XMFP. The next section discusses a multistep approach to reduce recorded dynamic data to match 
the steady-state data. 

Data Reduction Processes 
In this section, the analysis methods employed in the study are reviewed. The methods are presented 

in order of increasing complexity. First, a sensor data qualification (SDQ) algorithm used to qualify 
measurement values is presented, followed by a description of a coefficient recalibration process that 
adjusted each dynamic pressure measurement to compensate for temperature variation. Next, an overview 
of the atmospheric tare analysis process is presented. This analysis was applied to the data after the SDQ 
algorithm was completed to compensate for measurement bias. Lastly, a summary of the procedure used 
to create cane curves from dynamic data sets is provided. 

Sensor Data Qualification 

This section provides a SDQ process to identify and remove from consideration any sensor data 
deemed corrupted or otherwise unreliable. This SDQ process compares measurements with neighboring 
sensors for validation, and it was applied to two sets of pressure sensors. The first pressure sensor set 
consisted of the 40 AIP rake measurements, and the other set contained the three cold pipe measurements. 
The AIP rake sensors measured total pressure, and these measurements were averaged from all signals 
passing the SDQ process to determine values for PT2 from the dynamic data. The cold pipe sensors 
included three static pressure sensors, and these measurements were averaged and used to calculate W2. 
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For each sensor set, the SDQ algorithm employed was the same. The SDQ process determined a total 
error (re) value as the average time difference between a sensor and two adjacent sensors, as described in 
Equation (1). The dynamic data sets included n data points over a period for each sensor and let k identify 
one data point in the period. Values for re were determined for all sensors over the whole period. Error 
for the jth sensor was measured by comparing values with measurements from adjacent pressure signals at 
the j+1 and j–1 sensor positions. 

The final value is an average sensor error for all n data points acquired. All of the sensors were not 
expected to measure the exact same pressure values (re = 0). An accepted value of 40 psia was 
determined after inspection of experiment data. Sensors with an re value greater than 40 psia were 
disqualified. 
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Coefficient Recalibration 

To improve high-speed pressure measurement accuracy, a coefficient recalibration scheme was 
developed to account for the measured total temperature of the wind tunnel test section. In this scheme, 
linear interpolation was used when the test section total temperature was between the calibration 
temperatures of 80 and 250 °F. 

While recording pressure measurements, the hot coefficients were used to translate measured voltage 
from the pressure transducer to psia values. The first step was to determine the pressure sensor transducer 
voltage that was measured from each pressure sensor as shown in Equation (2). Here, Volts is the 
calculated volts, PHot is the recorded hot pressure based on the use of the 250 °F calibration coefficients in 
units of psia, and C0Hot and C1Hot are the hot calibration coefficients. 

 ( )0
1

Hot Hot

Hot

P CVolts
C
−
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Next, the estimated voltage measured by the data recorder (Volts) was used to determine what the cold 
pressure measurement would be using the 80 °F calibration coefficients. As given in Equation (3), PCold is 
the estimated cold pressure measurement in psia, and C0Cold and C1Cold are the cold calibration 
coefficients. 

 0 1Cold Cold ColdP C C Volts= + ∗  (3) 

Finally, linear interpolation was used to calculate the recalibrated pressure measurement PRecal given the 
recorded test section total temperature TT (°F) as displayed in Equation (4). 

 ( )
( )

( 80)
250 80
Hot Cold

Recal Cold T
P PP P T −

= + −
−

 
(4) 

This process was only applicable when the test section total temperature was within the bounds of 
calibration temperatures. Otherwise, the coefficient recalibration process was not expected to increase 
measurement accuracy. 
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Atmospheric Tare Analysis 

The atmospheric tare data were used for two purposes: to verify pressure signal sources and to 
determine measurement bias compensation.  

The data were used to verify the pressure signal sources for a particular wind tunnel session based on 
SDQ analysis of the recorded measurements on the dynamic measurement systems. The atmospheric tare 
data were preferred over the low-pressure tare data because sensor accuracy was considered to be highest 
toward the middle of the pressure sensor range. However, for the slow dynamic system in this study, it 
was necessary to use the low-pressure tare because the system was activated as the test section was being 
pumped down to the low-pressure condition. It was activated after the pause at atmospheric conditions 
and did not contain steady-state data. 

This data set was also used to determine measurement bias compensation to offset measurement drift 
in the dynamic pressure sensors. With no wind in the test section, the recorded pressures were expected to 
be the same. Therefore, it was assumed that any deviation was due to calibration drift with the dynamic 
sensors. To account for this drift, a unique constant bias value for each dynamic pressure sensor was 
determined based on the difference between the average of the recorded dynamic pressure sensors and the 
nearest ESP transducer. 

Cane Curve Analysis 

An automated process was used to generate the cane curves and is briefly summarized here. To 
compare discrete and dynamic processes, the compared data sets had to have the same upstream inlet 
geometry and freestream conditions. This process started with a study of the SDQ analysis on the 
atmospheric tare data. Dynamic data recordings of tare data were not always constant values, as would be 
expected if the recorder was started and stopped while pressure in the tunnel test section was at a constant 
atmospheric pressure. 

Triggering the dynamic data acquisition system was a manual process. Sometimes the recording was 
started too soon, before pressure stabilized, which was not a problem for the data set populated at the 
beginning of a run session. However, the data set at the end of a run session might include a rise in 
pressure while the SWT was returning to atmospheric pressure. Sometimes the recording stopped too late, 
in which case atmospheric tare data acquired at the beginning of a run session might include a drop in 
pressure at the end of the data set as the SWT startup process initiated with a pump-down process. For 
this part of the process, tare data sets were segmented into three periods: beginning (potentially including 
a pressure drop), middle (selected to be a flat period), and end (potentially including a pressure rise). Only 
the middle data points were applied to the SDQ process to qualify sensors and determine biases. The 
beginning and ends of these data sets were trimmed to eliminate pressure transients that may have been 
recorded before starting or stopping the dynamic data acquisition system.  

The cane curve analysis continued with the following six-step process:  
 
1. Using SDQ, identify the qualified sensors. 
2. Down sample the data by applying an anti-aliasing filter. The recorded data from the fast dynamic 
data recorder were reduced from 0.0001 s between data points (10 kHz) to 0.01 s between data points 
(100 Hz)—keeping every 100th data point. Down sampling was especially necessary for the fast dynamic 
data to allow timely reduction and analysis of data. Likewise, data recorded on the slow dynamic 
recording system were down sampled. Again, an anti-aliasing filter was applied to the data. The filtered 
data were reduced from 0.005 s between data points (200 Hz) to 0.08 s between data points (12.5 Hz)—
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keeping every 16th data point. After down sampling, measurement recalibration with respect to TT0 and 
measurement biases was applied. 
3. Calculate values for W2 for the dynamic working data points. The W2 value was based on PCP, TT, and 
XMFP. Units for these terms are psia, Rankine, and inches, respectively. For this work, PCP and XMFP were 
recorded on both dynamic data systems. 
4. Use the dynamic working data to calculate total pressure recovery on the cane curve ordinate. At this 
point, the dynamic working data set also included pressure recovery, mass flow ratio, and MFP positions. 
5. Compare the discrete and dynamic data at similar MFP positions. For each steady-state MFP position, 
the closest matching MFP position in the dynamic working data set was found. The MFP positions were 
similar if the difference in position between the two was less than 0.1 in.; if the difference was not less 
than 0.1 in., the discrete data point did not have a matching dynamic data point, and that discrete data 
point was removed from further consideration. Hence, the discrete working data set included all discrete 
data points that had MFP positions matching those in the dynamic working data set. The difference 
between cane curve terms for the two data sets lies in the accuracy of the pressure sensors. To quantify 
the difference in cane curve generation for both working data sets, an error term as defined in Equation 
(5) was employed. Here, m was the number of data points in the discrete working data set; ΔW,i was the 
difference between the discrete mass flow ratio and the dynamic mass flow ratio for discrete working data 
point i; and ΔP,i was the difference between discrete pressure recovery and the dynamic pressure recovery 
for discrete working data point i. 

 ( )2 2
, ,

1

1 m

W i P i
i

error
n =

= ∆ + ∆∑  (5) 

6. The last step was to plot the data. The data from the dynamic working group were plotted as 
continuous data, and the data from the discrete working group were plotted as points. To highlight where 
the dynamic working group data had a matching point with a discrete working group data point (i.e., 
similar MFP positions), an open circle was used. 
 

This analysis entertained a third method to calculate values for the characteristic curve trace. As 
previously noted, short-duration (~30 s) fast and slow dynamic data were recorded along with each discrete 
data recording. These data were reduced to a single value using their mean values while conditions were 
steady state. Next, this set of data was processed in the same manner previously described to produce an 
additional set of discrete data points. These data points were referred to as “hybrid data” and were matched 
with the respective discrete data that were recorded with them. These hybrid data points were investigated 
because they used the same data acquisition systems and sensors as the dynamic data but were not exposed 
to dynamic effects from the continuous movement of the MFP, given that they were recorded during steady-
state conditions. Including these measurements in the study provided insight into the influence of the data 
acquisition system employed and the effects of actuator dynamics. 

Results 
A series of cane curves was created using both discrete and dynamic working data sets from SWT 

experiments with similar inlet system configurations and freestream conditions. From the experiments, 
three variations in the rate of MFP movement for acquiring the dynamic data were available and were 
used. Each of these represents the basis of a test case for examination. The three rates of MFP movement 
were 0.16, 0.20, and 0.27 in/s. 
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In the investigations, along with rate of MFP movement, four other enhancement factors were 
scrutinized: (1) using SDQ to remove questionable sensor measurements, (2) applying sensor drift bias 
compensation to correct for sensor drift, (3) using coefficient recalibration adjustments based on wind 
tunnel test section total temperature, and (4) comparing the accuracy of the hybrid working data set with 
the dynamic data set. In the following sections, the impact of each of these enhancement processes is 
described as they are applied to the data in the test case with the 0.16-in/s MFP movement rate. This is 
followed by a summary of the results for the remaining two test cases. 

Test Case 1 

To investigate the influence of the enhancement processes on dynamic-to-discrete data agreement, 
focus was given to the test case with a 0.16-in/s MFP movement rate, which was the slowest of the three 
rates. Five types of evaluations were performed: (1) no enhancement features (i.e., rudimentary), (2) with 
SDQ, (3) with SDQ and sensor drift bias compensation, (4) with SDQ and coefficient recalibration, and 
(5) with all of the proposed enhancements: SDQ, sensor drift bias compensation, and coefficient 
recalibration. A summary of the results is presented in Table I, which gives the average error terms as 
defined by Equation (5) for the data set in question (i.e., dynamic error) and its matching hybrid data set 
(i.e., hybrid error). 

To begin, a cane curve using the working data with no additional improvement factors was created. 
This is shown in Figure 3 with slow dynamic data and in Figure 4 with fast dynamic data. In each plot, 
there are three traces. The black trace is the dynamic data, the blue asterisks are the hybrid data points, 
and the red dots are the discrete data points. The black open circles on the black trace are locations where 
the dynamic working data set had a MFP position match with a discrete working data set point, indicating 
common MFP positions. 

In Figure 3 and Figure 4, the slow dynamic data show general agreement with the discrete data points, 
whereas there is poor agreement between fast dynamic data and the discrete data. Both sets follow the 
trend of the discrete data points. However, the fast dynamic working set and its hybrid data set both have 
significant offsets to the discrete data set. These visual observations are confirmed by the error terms in 
Table I. The slow dynamic set had an error of 0.0183, and its hybrid error was 0.0153. The fast dynamic 
had a relatively large error of 0.0452, and its hybrid set had an even larger error of 0.0919. These two 
cane curves represent the rudimentary case with no enhancements. 
 

TABLE I.—ERROR TERMS FOR 0.16-in/s MFP MOVEMENT RATE PROPOSED  
ENHANCEMENT COMPARISONS 

Description 
Slow dynamic Fast dynamic 

Dynamic error Hybrid error Dynamic error Hybrid error 

Rudimentary 0.0183 0.0153 0.0452 0.0919 

SDQ 0.0183 0.0153 0.0182 0.0085 

SDQ, bias 0.0158 0.0136 0.0182 0.0085 

SDQ, recalibrate 0.0180 0.0169 0.0209 0.0113 

SDQ, bias, recalibrate 0.0155 0.0123 0.0209 0.0113 
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Figure 3.—Cane curve from normalized slow dynamic 

data with no enhancements. 
Figure 4.—Cane curve from normalized fast dynamic 

data with no enhancements. 
 

  
Figure 5.—Cane curve from normalized slow dynamic 

data with SDQ. 
Figure 6.—Cane curve from normalized fast dynamic 

data with SDQ. 
 

In Figure 5 and Figure 6, results using SDQ are illustrated. The slow dynamic data in Figure 5 appear 
equivalent to the slow dynamic data in Figure 3 and had the same error terms as in the rudimentary case. 
This was because the SDQ algorithm did not disqualify any sensors from the slow dynamic data set. 
Therefore, both evaluations had the same sensor set and the same data. Conversely, the fast dynamic data 
set in Figure 6 had a significant improvement over the fast dynamic data set in Figure 4 because one or 
more sensors was disqualified. Further investigation into this cause led to the illustrations in Figure 7 and 
Figure 8. These illustrations include traces from each dynamic sensor recorded as the MFP moved from 
supercritical to minimum stable. As displayed in the illustrations, the improvement was due to a single 
AIP rake total pressure sensor that was disqualified by the SDQ process. As shown in Figure 7, there was 
a noticeable total pressure measurement outlier (purple trace) that was significantly greater in magnitude 
than the other AIP rake sensors. This outlier sensor skewed the data along the pressure recovery axis 
(PT2/PT0) in Figure 4. In Figure 8, the outlier was removed by the SDQ algorithm, resulting in the  
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Figure 7.—Normalized AIP total pressure from fast 

dynamic data without SDQ.  
Figure 8.—Normalized AIP total pressure from fast 

dynamic data with SDQ. 
 

  
Figure 9.—Cane curve from normalized slow dynamic 

data with SDQ and bias compensation. 
Figure 10.—Cane curve from normalized fast dynamic 

data with SDQ and bias compensation. 
 
improvement seen in Figure 6. The improvement is also evidenced in Table I, where the fast dynamic 
data error term drops to 0.0182 and the hybrid error goes to 0.0085. 

In Figure 9 and Figure 10, SDQ was performed with sensor bias compensation. As tabulated in 
Table I, the slow dynamic data saw a slight decrease in error, dynamic at 0.0158 and hybrid at 0.0136, 
and the fast dynamic data had no change in error, dynamic at 0.0182 and hybrid at 0.0085, when both are 
compared to their SDQ-only case. 

In Figure 11 and Figure 12, SDQ and coefficient recalibration were applied, and both data sets 
experienced an increase in the error in comparison to the SDQ and sensor bias compensation case. The 
slow dynamic data sets had dynamic and hybrid errors of 0.0180 and 0.0169, and the fast dynamic data 
errors increased to 0.0209 and 0.0113, respectively. 
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Figure 11.—Cane curve from normalized slow 

dynamic data with SDQ and coefficient recalibration.  
Figure 12.—Cane curve from fast dynamic data with 

SDQ and coefficient recalibration. 
 
 

  
Figure 13.—Cane curve from slow dynamic data with 

SDQ, bias compensation, and coefficient 
recalibration. 

Figure 14.—Cane curve from slow dynamic data with 
SDQ, bias compensation, and coefficient 
recalibration. 

 
Lastly, the cane curves for SDQ, sensor bias compensation, and coefficient recalibration are displayed 

in Figure 13 and Figure 14. The slow dynamic had the lowest overall error terms of 0.0155 for the 
dynamic data and 0.0123 for the hybrid data. The fast dynamic had the same error terms as the SDQ-with-
recalibration case, with a dynamic error of 0.0209 and hybrid error of 0.0113. 

From the curves in Figure 3 to Figure 14 and the error terms in Table I, several relevant general 
observations can be made that offer potential areas of further study. The slow dynamic data set along with 
its hybrid data had the best agreement with the discrete data when all of the enhancement processes—
SDQ, sensor bias compensation, and coefficient recalibration enhancements—were employed. For both 
the fast dynamic and its hybrid data, the best agreement with the discrete data was in the cases of SDQ 
and SDQ with sensor bias compensation. Interestingly, from Table I it is apparent that the sensor drift 
bias compensation for the fast dynamic data did not have much effect in the cases where it was applied. 
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The atmospheric tare was used for the fast dynamic data, whereas the slow dynamic used the low-
pressure tare. In all of the cases except for basic fast dynamic, the hybrid data for both slow and fast 
dynamic data sets performed the same as or better than the regular dynamic data. The best case overall 
was the slow dynamic with all of the enhancements. 

Summary of Remaining Test Cases 

Evaluations of the enhancement processes were performed on the test case with a MFP movement 
rate of 0.20 in/s with the error terms displayed in Table II. Data analysis showed that the slow dynamic 
data set had the best agreement with the discrete data when SDQ and coefficient recalibration were 
applied, resulting in an error of 0.0071. With an error of 0.0064, the slow dynamic hybrid had the best 
agreement with the discrete data when SDQ with sensor bias compensation was applied. For the fast 
dynamic data set, the best agreement with the discrete data was seen in the case with SDQ and sensor bias 
compensation, with an error of 0.0057. The fast dynamic hybrid had two cases with the best agreement 
with the discrete data: SDQ and SDQ with sensor bias compensation, each with an error of 0.0081. The 
slow dynamic data set performed better than its hybrid in three of the five cases, whereas the fast dynamic 
data performed better than the hybrid data in all cases. 

The error terms for the test case with a MFP movement rate of 0.27 in/s are provided in Table III. 
Here, the slow dynamic and its hybrid had the best agreement with the discrete data with SDQ and sensor 
bias compensation, with errors of 0.0066 and 0.0064, respectively. The fast dynamic and its hybrid once 
again performed best with SDQ and SDQ with sensor bias compensation; in both cases, the dynamic error 
was 0.0107 and the hybrid error was 0.0084. The slow dynamic data performed better than its hybrid in 
all cases except for SDQ with sensor bias compensation. Conversely, the fast dynamic hybrid data 
performed better than the dynamic data in all cases except for the rudimentary. 

Cane curve plots illustrating the best options for each test case are shown in Figure 15 to Figure 20. 
 

TABLE II.—ERROR TERMS FOR 0.20-in/s MFP MOVEMENT RATE PROPOSED  
ENHANCEMENT COMPARISONS 

Description 
Slow dynamic Fast dynamic 

Dynamic error Hybrid error Dynamic error Hybrid error 

Rudimentary 0.0077 0.0150 0.0507 0.0913 

SDQ 0.0077 0.0150 0.0058 0.0081 

SDQ, bias 0.0100 0.0064 0.0057 0.0081 

SDQ, recalibrate 0.0071 0.0165 0.0080 0.0108 

SDQ, bias, recalibrate 0.0095 0.0069 0.0081 0.0109 

 
TABLE III.—ERROR TERMS FOR 0.27-in/s MFP MOVEMENT RATE PROPOSED  

ENHANCEMENT COMPARISONS 

Description 
Slow dynamic Fast dynamic 

Dynamic error Hybrid error Dynamic error Hybrid error 

Rudimentary 0.0112 0.0149 0.0478 0.0917 

SDQ 0.0112 0.0150 0.0107 0.0084 

SDQ, bias 0.0066 0.0064 0.0107 0.0084 

SDQ, recalibrate 0.0109 0.0165 0.0133 0.0112 

SDQ, bias, recalibrate 0.0058 0.0070 0.0133 0.0113 
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Figure 15.—Cane curve from slow dynamic data with 

MFP rate of 0.16 in/s with SDQ, bias compensation, 
and coefficient recalibration. 

Figure 16.—Cane curve from fast dynamic data with 
MFP rate of 0.16 in/s with SDQ and bias 
compensation. 

 
 
 

  
Figure 17.—Cane curve from slow dynamic data with 

MFP rate of 0.20 in/s with SDQ and coefficient 
recalibration. 

Figure 18.—Cane curve from fast dynamic data with 
MFP rate of 0.20 in/s with SDQ and bias 
compensation. 

 
 
 
 
 
 



NASA/TM-20240013421 18 

  
Figure 19.—Cane curve from slow dynamic data with 

MFP rate of 0.27 in/s SDQ, bias compensation and 
coefficient recalibration. 

Figure 20.—Cane curve from fast dynamic data with 
MFP rate of 0.27 in/s with SDQ and bias 
compensation. 

Discussion 
This work examined the implications of using signals from dynamic pressure sensors instead of 

signals from remotely located ESP scanner modules for characterizing supersonic mixed-compression 
inlets. With the freestream conditions in this study unchanging as the backpressuring actuator swept 
throughout its range of motion, steady-state freestream data from ESP sensors were adequate and could 
have remained if desired. However, the ESP static pressure sensors in the cold pipe had to be augmented 
by three dynamic pressure sensors to obtain dynamic static pressure data. At the AIP, data from 40 
dynamic total pressure transducers were used instead of data from 40 steady-state ESP sensors. The cost 
to procure and install these individual dynamic pressure transducers was not addressed in this study, nor 
was their robustness. 

In the cane curve plots, Figure 3 to Figure 6 and Figure 9 to Figure 20, it is evident that the cane curves 
do not have the straight vertical appearance expected at supercritical operation as illustrated in Figure 2. 
Instead, the curves have a negative slope, or lean, to them. The lean implies that there was decreasing mass 
flow through the cold pipe as pressure recovery increased while the inlet was operating in the supercritical 
region. In the SWT experiments performed for this study, the bypass doors were not closed and sealed, thus 
providing a path for airflow to be vented to freestream rather than passing through the cold pipe as the MFP 
moved upstream and backpressure increased. Also, mass flow measurement was considered less accurate 
because of high levels of spatial and temporal distortion in the supercritical region. Because supercritical is 
not a normal operating condition, this leaning did not warrant further consideration. 

In determining the sensor bias compensation values for the slow dynamic system, the low-pressure 
tare was used instead of the preferred atmospheric tare. During the session of wind tunnel experiments 
when all of the data presented in this report were recorded, the slow dynamic system was activated to 
record data as the test section was in the process of being pumped down to a lower pressure. Therefore, 
the data were not steady state, and the atmospheric tare could not be used. Instead, the bias values were 
determined from the low-pressure tare that was recorded a few moments later at steady state. The impact 
this had on bias compensation effectiveness is uncertain and is an area of further study. For the fast 
dynamic data, the atmospheric tare was successfully recorded at steady state and was used for bias 
compensation. 
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In many of the cane curve plots, particularly in Figure 15 and Figure 16, the dynamic data deviate 
from the steady-state data in the supercritical region. The dynamic data trace has a deviation to the left, 
indicating a sudden decrease in mass flow ratio that does not correspond to most of the discrete steady-
state data points. Furthermore, there is a single rogue discrete steady-state data point that is located to the 
left of the main curve, also indicating a decrease in mass flow ratio, but the remaining discrete steady-
state data points continue in an upward direction. The deviation appears in both the slow and fast dynamic 
data cane curves. This phenomenon is not apparent in the faster rates of MFP movement (i.e., 0.20 or 
0.27 in/s) for either of the dynamic data cane curves. The slow and fast dynamic data illustrated in 
Figure 15 and Figure 16 were acquired at the exact same time. Therefore, an event may have occurred 
that was not repeated when the data were acquired for the other test cases. Again, being in the 
supercritical region, this anomaly is outside normal operating conditions of interest and did not warrant 
further consideration. Another anomaly is seen in Figure 8, which plots the total pressure at the AIP rake 
versus MFP position. Given the considerable spread of the pressure traces and the patterns of their 
trajectory corresponding to MFP movement in the plot, distortion is suspected. To fully understand the 
source of this anomaly, further study is required. 

The rate of actuator movement appears to have an indeterminate influence upon measurement system 
agreement in the range explored in the three test cases. The error term, as expressed in Equation (5), is 
given in Table I to Table III for each cane curve comparison as a tool to define accuracy. Looking at the 
evaluations that used all of the process enhancements, there is a trend where the slow dynamic data are 
improving with faster MFP movement. The slow dynamic data had error values of 0.0155, 0.0095, and 
0.0058 for 0.16 in/s, 0.20 in/s, and 0.27 in/s, respectively. For the fast dynamic data, the results were 
mixed, with error values of 0.0209, 0.0081, and 0.0133, respectively. A partial explanation for this trend 
may be the anomaly deviation seen in the 0.16-in/s dynamic data, as previously described. For this case, 
the anomaly deviation increased the error values because the discrete data were not affected by the event. 
Further studies may determine if there is a relationship between rate of actuator movement and 
measurement agreement accuracy. It may be found that slower MFP rates improve on the calculation 
errors, or that faster MFP rates accomplish the data collection more quickly with the same level of 
accuracy. Further studies may also discover how fast the MFP can move and still acquire good data and 
may ascertain how fast is too fast.  

Analysis of the data in this study indicated good agreement between cane curves using dynamic data 
and cane curves from discrete data, provided the dynamic data were properly processed. The traces in the 
plots tend to follow common general patterns, with the noted exception of the anomaly in the slowest rate 
of MFP movement. Furthermore, each of the dynamic data sets was acquired in about 30 s, whereas 
acquisition of the discrete data took approximately 10 min using an automated data collection process as 
opposed to a slower manual one. If accuracy is of the essence and the quality of the dynamic data analysis 
is insufficient, at minimum this work suggests there is potential for the dynamic data collection process to 
serve as a screening tool to focus and acquire a few high-quality data points using the discrete data 
collection process. 

Potential Future Activities 
From this study, a number of items were noted that warrant further investigation. A partial listing of 

candidate follow-on study items is presented here. 
 

• Directly compare the individual ESP measurements to the dynamic pressure measurements. In 
particular, examine Prati probe measurements because the ESP and dynamic pressure sensors are 
co-located. 
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• Repeat the wind tunnel experiments with the bypass doors closed. In the data used in this study, 
the bypass doors were not closed, allowing for mass flow to be vented to the freestream as 
backpressure increased. Therefore, the cane curves did not have a vertical trace in the 
supercritical region but rather displayed a negative slope lean.  

• Explore the tare values used for sensor drift compensation. In this study, it was assumed that bias 
values derived from the atmospheric tare recorded at the beginning of a wind tunnel session were 
preferred. It is possible that the low-pressure tare or even either the atmospheric or low-pressure 
tare recorded at the end of the wind tunnel session would be more appropriate and would lead to 
more accurate results. 

• Further investigate the effect of the distortion anomaly on the 16-in/s data set. The distortion 
anomaly in the 16 in/s test case caused an increase in error that made comparisons between the 
various rates of MFP movement indeterminate. The anomaly caused more error in the 0.16 in/s 
case than in the 0.20 or 0.27 in/s cases, making a good comparison difficult. Further 
investigations into this data set may reveal a cause. 

• Repeat the wind tunnel experiments with more variation in the rate of MFP movement. The 
results implied improved agreement between the discrete and dynamic data sets as the rate of 
MFP movement increased, which is counter to the expected better agreement with slower MFP 
movement. By expanding the range of rate of MFP movement, this relationship can be better 
understood. 

• Investigate why the hybrid data seemed to have better agreement with the discrete data than the 
dynamic data in some cases, but not as well in others. The data could be examined in detail to see 
how the use of dynamic data acquisition systems and actuator dynamics affect the agreement 
between the dynamic data and the hybrid data. 

• Perform measurement uncertainty analysis to determine range of error. Each sensor and data 
acquisition system has sources of error due to a number of influences. Uncertainty analysis can 
help in understanding how close an agreement is possible and good enough for reporting. 

Concluding Remarks 
A study was performed to determine whether dynamic data could be used to improve data acquisition 

efficiencies for supersonic wind tunnel analysis of mixed-compression inlet systems. Experimental data 
from the 10- by 10-Foot Supersonic Wind Tunnel at the NASA Glenn Research Center were used to 
construct inlet characteristic curves for a mixed-compression supersonic inlet. Slow and fast dynamic data 
acquisition systems were used to acquire data that were then reduced to cane curves and compared to data 
sets created from a discrete data acquisition system. Additionally, enhancement processes were 
considered as a means to improve dynamic measurement quality.  

The study indicated that the dynamic cane curves showed good agreement with discrete cane curves, 
provided they were properly processed. Requirements of the intended application dictate whether the 
agreement is sufficient. Furthermore, the dynamic data acquisition procedure was a less costly approach 
because all of its data were acquired within the same period as the data acquired for one data point using 
the discrete data acquisition procedure. At minimum, the process to acquire dynamic data for reduction to 
characteristic curves could be used to explore regions of interest that can then be further examined by 
discrete data collection. 
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