REAL TIME FAILURE DETECTION ALGORITHM

FOR THE SPACE SHUTTLE MAIN ENGINE

H. V. Panossian, Ph.D, Principal Investigator, Principal

Engineer Control/Structure,

and W. D. Ewing, Member of Technical Staff,

Boeing North American, Inc.

Rocketdyne Division

Abstract

A real time fault detection algorithm for the Space Shuttle Main Engine (SSME) is presented in this paper.  The System for Anomaly and Failure Detection(SAFD) has been successfully tested for the past two years on the NASA Technology Test Bed (TTB) engine at Marshall Space Flight Center, in Alabama.  It is currently being tested on the NASA Stennis test stand A-1, and already proved its capability by detecting a failure earlier than a plume observer, while the redline system did not even detect the fault.  It detects failures during steady-state and power throttling engine operation by monitoring 24 engine parameters in a real-time manner.  The signal averages are compared with upper and lower safety limits and if a multiple of sensor outputs violate the limits then a fault is flagged. 

I.  Introduction


Anomalous behavior during SSME hot-fire testing is presently detected via measurement redlines that monitor key parameters.  In order to avoid the cost incurred and the impact on the SSME flight schedule due to failures, it is desirable to have an advanced failure detection system that detects anomalies early enough to minimize damage and that can identify as many failures as possible, quickly and efficiently, prior to catastrophes.  The safe operation of any complex system, such as the SSME, rests on the reliability of the control and fault detection systems and the speed of detection and identification of component, sensor, or actuator failures.  In the recent past, fault detection and isolation has raised the interests of many researchers [1-7].  Most major techniques of failure detection can be categorized as either model-based or signal-based approaches.


Model-based techniques rely on analytical redundancy [4-8].  Analytically generated "measurement" outputs are compared with hardware measurements by using present and/or previous values of some variables in conjunction with their mathematical relationships.  The fault detection process consists of three major tasks:  1) residual generation that entails taking the difference between the analytical and measured values, 2) statistical testing and signature generation, and 3) diagnostics and decision making.


On the other hand, alternative signal-based techniques are hardware intensive and sensor/actuator driven.  In this approach, the major undertakings include:  1) limit/trend checking by comparison of plant outputs with normal operational limits, 2) hardware redundancy, whereby a single value from measurements of several identical sensors is used according to some decision mechanism, 3) frequency spectrum analyses by using plant measurements, wherein frequency spectrums are compared  with normal spectrums [9-12].


An algorithm is hereby presented, referred to as System for Anomaly and Failure Detection (SAFD), that permits fault detection during SSME operation by a simple signal-based approach [12-20].  The SAFD has been under testing and evaluation for the past two years on numerous tests on the Technology Test Bed (TTB) engine, at NASA Marshall Space Flight Center (MSFC) in Alabama, and the performance has been satisfactory.  Furthermore, it is currently being used on flight engine tests at NASA Stennis test stand A-1 without any engine shutdown authority.  Thus far, it has proven its capability by detecting a failure during test 901-853 before an engine plume observer, while the redline system did not even detect it.


The method entails monitoring the signal averages for twenty-four measured engine parameters and comparing the signal averages to upper and lower signal safety limits.  The reason for monitoring the averages of signals, rather than their actual values, is to smooth or filter out most of the undesirable effects of sensor noise.  Moreover, the safety limits are placed above and below the fixed average value for each parameter with predetermined or calculated bandwidths, depending on the stage of operation.  Details of the algorithm operation will be discussed in the next section.


The SAFD algorithm, as it is currently configured, works during SSME steady-state and power level change operation, starting at seven seconds following engine start until engine cut-off signal.  The period during the first six seconds is refered to as the start transient regime and is not addressed in the SAFD, due to funding limitations.  In addition to health monitoring during steady state and power level throttle operation of the SSME, the SAFD algorithm has added safety features that check (1) each SAFD parameter at the start for validation of every incoming measurement based on predetermined expected values and (2) the sanity of each sensor.  If any sensor indicates a negative or an excessively large positive output, or if its value changes by over 60% in one time-step, it is automatically disqualified and eliminated from the algorithm. Numerous SAFD runs against actual data from SSME nominal and incident tests as well as against flight data were carried out to assess the performance of the algorithm.  Over 300 nominal tests were carefully studied for useful information and statistical data. 


Several of the SAFD features are:  1) the requirement of multiple parameter anomalies for a failure decision (this minimizes false alarms), 2) the option of choosing a different bandwidth for each parameter at different power levels and even for different time intervals, 3) the use of a moving average, that removes noise effects and that is sufficiently short-term to enhance the sensitivity, 4) the use of standard deviation (SD) values, computed on-line, that are characteristic of current signal behavior, 5) the capability to account for those parameter excursions that are due to propellant tank repressurization or venting and repressurization valve closure or opening effects, and 6) monitoring of 24 key parameters (see Table 1), and the flexibility for further expansions and enhancements.

Table 1.  SAFD Monitored Parameters

	No.
	Parameter

	1
	High pressure fuel turbopump (HPFTP) radial accelerometer

	2
	High pressure fuel turbopump balance cavity pressure

	3
	High pressure oxidizer turbopump (HPOTP) discharge pressure

	4
	High pressure oxidizer turbopump intermediate seal purge pressure

	5
	High pressure oxidizer turbopump secondary seal drain pressure

	6
	Preburner pump (PBP) discharge pressure

	7
	High pressure oxidizer turbopump (PBP) boost pump radial accelerometer

	8
	High pressure oxidizer turbopump boost pump bearing coolant temperature

	9
	Main combustion chamber (MCC) pressure bridge 1,2

	10
	Main combustion chamber liner cavity pressure

	11
	High pressure fuel turbopump shaft speed

	12
	High pressure fuel turbopump turbine discharge temperature channel A

	13
	High pressure fuel turbopump turbine discharge temperature channel B

	14
	High pressure oxidizer turbopump turbine discharge temperature channel A

	15
	High pressure oxidizer turbopump turbine discharge temperature channel B

	16
	Low pressure fuel turbopump (LPFTP) shaft speed

	17
	Low pressure oxidizer turbopump (LPOTP) pump discharge pressure

	18
	High pressure fuel turbopump discharge pressure

	19
	High pressure fuel turbopump coolant liner pressure

	20
	Heat exchanger (HEX) bypass mix temperature

	21
	Heat exchanger venturi delta pressure

	22
	Oxidizer preburner oxidizer valve (OPOV) actuator position

	23
	Fuel preburner oxidizer valve (FPOV) actuator position

	24
	Fuel Flowmeter


II.
The SAFD Algorithm


In its current configuration, SAFD works from seven seconds after SSME start until shutdown.  There are 24 engine parameters monitored, the values of which at the kth timestep will be represented by  

.


The first instant incoming measurements at the start of the SAFD algorithm (heretofore referred to as the algorithm) are checked for engine nominal performance, based on predetermined expected values for each parameter.  Thus an expected average value  pa   (from the SSME Power Balance Model and past SSME hot-fire test data) and the maximum standard deviation (SD) (from past SSME hot fire test data), (a are calculated beforehand, and safety limits are placed around pa.  Then, if  for each parameter
 (1)              


it is concluded that engine operation is nominal, and the first value of each parameter,

 is fixed as the mean value (MV) for the next two-second interval.  If 3 or more parameters violate these limits simultaneously, then an anomaly is registered and engine shutdown is recommended.  Moreover, during the first sampling interval (currently 40 milliseconds) if any of the parameter values is zero, negative, changes by more than 60% of its value at one time-step, or is considered infinitely large (larger than a pre-set value), then the corresponding sensor is disqualified.  This latter sanity check will detect hard sensor failures.  The algorithm will proceed if no failures are detected, while continuously checking for sensor sanity at every sampling interval.

A.
First Two-Second Failure Detection:


During the first two-second time interval from SSME start, or after a power level change has been completed, the algorithm calculates an on-line moving average (MA) and a SD.  Thus, for each parameter the average of 200 milliseconds worth of data is averaged (currently 5 samples) and is updated at every time-step by dropping the earliest value and adding on the most recent measurement output.  So, 

(2)             
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where 

 is the MA for the ith  parameter at the kth  interval, and 



until five samples have elapsed.


The MA 

are checked against the safety limits that were set at the start of the 2-second failure detection for violations.  Once again, if any 3 or more parameters violate the limit simultaneously, a failure is flagged.  In other words, if for the ith parameter

(3)            


then the algorithm continues.  During the two second interval, the unbiased on-line SD, (i  (k) for the ith  parameter is computed by

(4)            


for the krh   interval of time.

B.
Steady-State Failure Detection:
At the end of the 2-second interval, the last value of 

 is fixed as the MV for each parameter, 

, with which to set the safety limits for the duration of steady-state operation of the SSME.  Similarly, the last calculated value of the SD at the end of the 2-second failure detection, (im  is fixed as the SD to be used for setting safety limits.  Furthermore, due to manufacturing tolerances, random processes and component-to-component or hardware variations, the values of SSME parameters are different under identical operating profiles.  These engine-to-engine and test-to-test variations are accounted for by calculating the maximum variation  (from previous data) under each power level for every parameter and added over and above the computed SD.  These fixed constants Ci   are significant for the parameters that exhibit nonlinear behavior during normal SSME operation.  Hence, the following bounds are set for the ith  parameter at the kth interval

(5)           


where N   is an integer ( 3 (currently N = 3).


If equation (5) is violated by three or more parameters simultaneously, then an anomaly is flagged, and engine-cut decision is declared by the algorithm.  If no violations are registered, then the algorithm continues until a power level change or engine shutdown is initiated.  During the steady-state operation, the algorithm continues to monitor the sanity of each of the incoming measurements at every timestep.  Figure 1 is a schematic that shows the SAFD operations.

C.
Propulsion Tank Venting and Repressurization:


To simulate flight conditions that affect propulsion tank pressures, during SSME hot-fire tests the liquid oxygen (LOX) and the fuel (liquid hydrogen) tanks are vented and/or repressurized.  In addition to this, the opening and closing of special repressurization valves results in changes on certain algorithm-monitored parameters.  To compensate for the changes that the above-mentioned repressurization and venting, as well as the valve closure/opening, have on some of the parameters, special influence coefficients (IC) were used.  These IC’s were derived from statistical data of past SSME hot-fire tests.  The parameters affected by the repressurization and venting are the oxidizer preburner oxidizer valve (OPOV), the high pressure oxygen turbine (HPOT) discharge temperature, and the high pressure fuel turbine (HPFT) discharge temperature.  Also affected are the low pressure fuel pump (LPFP) speed, HPFP radial accelerometer, HPFP discharge pressure, and the Heat Exchanger (HEX) venturi delta-pressure.


The generation of the IC’s involves the comparison of nominal values of parameters under no repressurization and venting with those that experience these phenomena.  Then a least-squares curve fitting procedure is utilized, which approximates the percent change in each of the dependent parameters at a given power-level for a known independent variable.  Only those engine parameters that were changed by more than 2% of their values under unit repressurization/venting excursions were considered.  Thus, a functional relation was derived for each dependent parameter relative to the independent variable as follows:

(6)   


where d(.) is a perturbation of the dependent (D) or independent (I) variables.  The total gain for each parameter will then be the IC multiplied by the actual value of the measured signal.


A similar approach was developed to account for valve closure/opening effects.


The compensations are implemented by the algorithm on-line both during steady-state and power transient operation.

D.
Failure Detection During Power Transients:

The steady-state failure detection stops as soon as a power throttle command is initiated by the SSME controller.  To sense such a command, the reference profile for the combustion chamber pressure of the SSME (PC ref.) is utilized.  This parameter is pre-programmed and input into the SSME controller for engine thrust profile power level change. The latter  is accomplished by commanding the control valves and inducing a 10% per second power level rise or fall.  Some of the algorithm-monitored parameters respond instantaneously, and some with delays, to commanded power-level change.  Hence, the power transient failure detection (PTFD) part of the algorithm starts at different times for different parameters.  The scheduling is accomplished via a counting mechanism that delays the initiation of the PTFD.  As soon as counting starts for a parameter (i.e. as soon as the parameter value starts to change due to the power throttle), specially calculated sloped safety limits and sloped MV’s are implemented.  Once again, the slopes and the widths of the safety bands are determined from numerous SSME hot fire test data.


The PTFD part of the algorithm starts by fixing the last calculated MA, pi for each parameter as the starting point for the sloped MA (SMA).  Moreover, during the PTFD, a weighted MA (WMA) is now continuously computed throughout the duration of the power transient regime, which is used to check for violations of the sloped safety limits.  The slopes for each parameter are fixed during a given power level change.  These slopes are different for different parameters, and also for power-up or power-down regimes.  The WMA is computed by the following:

(7)     


for k( 5, where k is the interval of time after a new regime has started,

and for 0<k<5,


where 



 EMBED Equation.2  
is the WMA for the power throttle condition, and




are the weights for the ith parameter.  Similar to the steady-state operating conditions, engine-to-engine and test-to-test variations  during power level changes require a constant value to be used for safety limit determination.  These constants reflect the maximum variation of each parameter during power level change and are also computed from numerous SSME hot-fire test data under various power throttle conditions.  The fixed values are denoted by 

 and the safety bands are defined as follows:

(8)         



 EMBED Equation.2  

where (imt  are the previously computed SD’s from SSME power throttle operation data.  If equation (8) holds, the algorithm continues.  If three or more parameters violate equation (8), then a failure is flagged for engine shutdown initiation.


When PC ref indicates the end of power throttling, then the algorithm shifts back to the steady-state operating mode.  However, some parameters have a delayed response to power level changes.  These are given extra time to settle, referred to as “settling-time” (different for different parameters).  At the onset of a new steady-state condition a horizontal safety band is placed around the last calculated WMA for each parameter, and the “2-Second Interval Failure Detection” procedure is repeated.  The algorithm continues its operation until cutoff signal or engine shutdown initiation, while at each time-step sensor validation is performed.


A block diagram representing the software logic of the algorithm is shown in Figure 2.  In Figure 3, a schematic of SSME instrumentation and component connections are shown.

III.
Computer Simulations


In this task, over 125 nominal and incident hot-fire SSME test data and a few flight engine data were used on the algorithm to evaluate the algorithm's performance during 1) steady-state, and 2) power-level ramp conditions.  A brief description of the tests and algorithm/data simulation results for some hot-fire tests performed during this phase follows.

A.
Analysis of Test Data


Extensive engine test data were utilized to generate statistics for all the SAFD monitored parameters under various power transient and steady-state conditions in order to characterize their overall expected performance and variation ranges.  Moreover, the change in the value of each parameter as a function of power level, power level change, and other engine running conditions were determined and scoped for analytical/parametric modeling.  The useful features derived from the data analyses were applied to generate appropriate representation of power level change and steady-state expected variations for each parameter and hence, the safety limits in each case.  Given the fact that safety bands are a crucial part of any fault defection algorithm, special features were incorporated to make false alarms less likely.


Tests that were nominal, and that did not have any venting/repressurization, were selected and examined from the three SSME test stands and from the  TTB engine.  Appropriate time slices from these tests were chosen and the statistical variation for each of the 24 SAFD parameters were derived.  Variations were calculated per percent change of power level.  Some of the 24 SAFD parameters are not available for analysis, since they were recently added for measurements, and insufficient data exists from past tests.  Also, the variation per unit power level change differs from sample average to sample average.  In some parameters these differences are minor.  However, in some others, especially in those parameters that tend to behave non-linearly, there are drastic differences.  Hence, some trade-offs had to be made for minimizing false alarms by accommodating large variations and at the same time keeping the safety limits small to have an enhanced sensitivity algorithm.


The minimum and the maximum values at a given power level or during power level change from over 125 SSME hot-fire tests were determined at every time-step and the results were used for algorithm development.  Similar data were generated for the delta variations of these minimum to maximum variation range.  Thus, at each steady-state (constant) power level, the delta variation of each test, between its maximum and its minimum, was determined and plotted versus the test sample.


Similar variations were determined for the standard deviations from 146 tests for all the 24 SAFD parameters.  Then minimum and maximum SDs and total delta variation of the parameters were generated.



These variations were used to generate the final gains (i.e. change of each parameter as a function of one percent power level change).

B.
Modeling and Algorithm Development    


Changes during power transients of each SAFD parameter were modeled as a function of a percent change of power level and were expressed as a linear relation to average slope determined from test data analysis mentioned above.  This linear relation turns out to also be a function of power level change magnitude.  The latter induces, in certain parameters, some drift phenomena that it was found necessary to accommodate.  Thus, in addition, it was represented as a function of power level change duration in a three tier manner.  If the power level changes beyond a certain pre-determined duration, then a larger safety limit is selected.


These "gains" are set up to work as a function of power level duration and change, independent for each parameter monitored.  This is the easiest and least cumbersome approach for real-time implementation since power level change rate is 10% per second.

C.
Computer Runs

Numerous runs were made against SSME hot-fire test data of (269 nominal tests) and against SSME flight data from actual shuttle flights to evaluate the algorithm performance, to make the necessary adjustments to enhance the performance and to validate various features of the algorithm.  No cuts were registered onthe nominal tests.  The resulting performance for a nominal engine is shown in Figure 4.  Only a sample parameter is shown in the figure for illustration.  Several runs (19) were also made on incident test data to evaluate its failure detection capability and compare it with redline performance.  Out of 19 incidents tests 14 were cutoff earlier than redline system.  The remaining 5 were detected at the same time as the redlines and were fast occurring structural failures.  These have to be addressed in the future with algorithms that process high frequency data in specialized manner.


A test that had an incident and that included repressurization and venting effects was 901-364.  The redline cutoff for this test was at 392.16 sec.  The SAFD cutoff was 386.28 (5.88 earlier than redline) (see Figure 5).


Similarly runs were made on flight data, such as flight STS-60. (See Figure 6).  During 1993 SAFD was monitoring (on-line in a real-time manner) tests TTB-045 through TTB-053.  In 1995 TTB-054 was monitored, all successfully.

IV.
Conclusions


Extensive SSME hot-fire test data analysis was carried out to scope the engine-to-engine variations of each of the SAFD monitored parameters.  A statistical sample of data from all three NASA test stands, as well as TTB engine, tests were selected and analyzed and maximum to minimum delta variations were calculated.  This helped establish safe, virtually false-alarm free features for the SAFD.  It was determined that the current operation of the SAFD algorithm will not have any false alarm, and a 99.9% probability of detecting a failure, based on runs of the algorithm against past failures.  


With this setup numerous nominal and incident test data were run against the SAFD for adjustments, refinements and final performance  assessment.  The main objectives were to detect all formerly caught (by redline) failures, run smoothly through the large sample (of 256) nominal tests and cutoff at the start of a failure.  This was successfully achieved.  Moreover, it was found that cutoffs are a function of the kind of failures that occur (structural, etc) the speed with which they progress and the location or the degree of localization of the anomalies, and the measurements available.  In abrupt failures, such as ruptures or breakage of structural parts, the SAFD has only a slight advantage over the redlines, with the current set up.  There are approaches, such as utilization of spectral analysis and use of Wigner-Ville distributions [22], that involve better use of high frequency data, that will potentially provide, even under such structural failures, a significant advantage over redlines.  For slower occurring faults, however, the SAFD has shown significantly earlier shutdown capability over redlines.
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