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ABSTRACT
Electronic systems present new challenges in the area of health management. The means
by which electronic systems degrade and fail separate themselves from mechanical systems and
the approaches used for health management of these systems. This work presents a novel
approach to health management and diagnostics for switched-mode dc-dc power supplies. The
approach implements Symbolic Analysis in order to statistically model the underlying system
dynamics. A healthy baseline model serves as a means to compare future models in order to
determine and quantify degradation within the system.
The methodology is validated through four independent accelerated life tests of dc-dc
forward converters.

It is well known that dc-dc converters do not operate at a single load point

and constantly change as needed. The statistical approach uses time series data obtained from the
dc-dc converter that is affected by the current loading conditions of the converter. In order to
normalize the results, a means to take the loading of the converter into account is also derived and
demonstrated. In addition, a complete study in the area of time series data sampling is undertaken
for the approach. The work is concluded by demonstrating the approach of prognostication or
prediction of remaining useful life using the symbolic methodology by implementation of a linear
Kalman Predictor.

iii

TABLE OF CONTENTS
LIST OF FIGURES ......................................................................................................... vii
LIST OF TABLES ........................................................................................................... xii
ACKNOWLEDGEMENTS ............................................................................................. xiii
Chapter 1 Introduction ............................................................................................................. 1
1.1 Motivation .................................................................................................................. 1
1.2 Overview of System Health Management ................................................................. 3
1.3 Approaches to System Health Management .............................................................. 5
1.3.1 Diagnostics ...................................................................................................... 5
1.3.2 Prognostics ...................................................................................................... 7
1.4 Health Monitoring of Electronics............................................................................... 12
1.5 Symbolic Analysis ..................................................................................................... 14
1.6 Forward Converter ..................................................................................................... 18
1.7 Objectives and Contributions ..................................................................................... 20
1.8 Organization of the Thesis ......................................................................................... 21
Chapter 2 Symbolic Analysis of Time Series Data.................................................................. 23
2.1 Modeling Assumptions .............................................................................................. 23
2.2 Sensing and Signal Conditioning ............................................................................... 25
2.3 Symbolization ............................................................................................................ 26
2.3.1 Determination of Uniform Partitions .............................................................. 30
2.4 Statistical Modeling ................................................................................................... 31
2.5 Anomaly Measure ...................................................................................................... 34
2.6 Decision Making ........................................................................................................ 36
Chapter 3 DC-DC Converter Failure Modes and Accelerated Life Cycle Testing .................. 39
3.1 Failure Modes of DC-DC Converters ........................................................................ 39
3.1.1 MOSFET Failure Modes ................................................................................. 39
3.1.2 Schottky Diode Failure Modes ........................................................................ 41
3.1.3 Electrolytic Capacitor Failure Modes.............................................................. 43
3.1.4 Thermally Induced Stress Failures .................................................................. 44
3.2 Forward Converter Failure Analysis .......................................................................... 45
3.2.1 MOSFET Drain-to-Source Voltage................................................................. 46
3.2.2 Diode Cathode-to-Anode Voltage ................................................................... 47
3.2.3 Input and Output Capacitor Voltage ............................................................... 47
3.2.4 LEM Current Sensor Output Voltage .............................................................. 49
Chapter 4 Application of Symbolic Analysis to dc-dc converters ........................................... 51
4.1 Signal Features ........................................................................................................... 51
4.1.1 Pulse Width of Switching Waveforms. ........................................................... 52
4.1.2 Amplitude of Capacitor Voltages .................................................................... 54
4.2 Sampling .................................................................................................................... 55
4.2.1 Low-Rate Sampling......................................................................................... 56
4.2.2 High-Rate Sampling ........................................................................................ 70
iv

4.3 Converter Loading Algorithm Methodology ............................................................. 75
Chapter 5 Forward Converter Anomaly Detection Results ..................................................... 85
5.1 Forward Converter 1 .................................................................................................. 87
5.1.1 Comparisons to Other Methods of Degradation Tracking .............................. 93
5.2 Forward Converter 2 .................................................................................................. 95
5.2.1 Change of Algorithm Baseline ........................................................................ 103
5.2.2 Comparisons to Other Methods of Degradation Tracking .............................. 105
5.3 Forward Converter 3 .................................................................................................. 106
5.3.1 Comparisons to Other Methods of Degradation Tracking .............................. 114
5.3.2 Forward Converter 3 – Set Point Change ........................................................ 115
5.4 Forward Converter 4 .................................................................................................. 118
5.4.1 Comparisons to Other Methods of Degradation Tracking .............................. 130
5.5 Comparisons of Π Matrix Results and State Probability Vector Results ................... 131
5.6 Results with Loading Algorithm Implemented .......................................................... 135
5.6.1 Forward Convert 2 – Loading Algorithm Implemented.................................. 135
5.6.2 Forward Convert 4 – Loading Algorithm Implemented.................................. 138
Chapter 6 Prognostic Application of Symbolic Analysis Anomaly Detection ........................ 142
6.1 Prognostic approach ................................................................................................... 142
6.2 Fault growth model .................................................................................................... 143
6.3 Kalman Filter Implementation ................................................................................... 147
6.4 Prediction results ........................................................................................................ 151
6.4.1 FC2 Kalman Prediction Results ...................................................................... 152
6.5 Prognostics with other Kalman Approaches .............................................................. 161
6.6 Summary .................................................................................................................... 163
Chapter 7 Conclusion and Future Work .................................................................................. 164
7.1 Recommendations for Future Research ..................................................................... 166
Appendix A The Forward Converter ...................................................................................... 168
A.1 Theoretical Operation and Background .................................................................... 168
A.2 Forward Converter Design ........................................................................................ 173
A.2.1 Power Stage .................................................................................................... 173
A.2.2 Transformer .................................................................................................... 174
A.2.3 Output Stage ................................................................................................... 178
A.2.4 Control ............................................................................................................ 179
Appendix B Forward Converter Accelerated Testing............................................................. 184
B.1 Accelerated Testing of the DC-DC Forward Converter ............................................ 184
Appendix C The Forward Converter Tests ............................................................................. 195
C.1 Forward Converter Accelerated Test 1...................................................................... 195
C.2 Forward Converter Accelerated Test 2...................................................................... 198
v

C.3 Forward Converter Accelerated Test 3...................................................................... 200
C.4 Forward Converter Accelerated Test 4...................................................................... 201
Bibliography ............................................................................................................................ 204

vi

LIST OF FIGURES
Figure 1: General Forward Converter Topology .................................................................... 18
Figure 2: Simulated Output Inductor Current, Output Voltage, and PWM Drive Signal ....... 19
Figure 3: Methodology Block Diagram .................................................................................. 25
Figure 4: Uniform Partitioning Example and State Probabilities ........................................... 28
Figure 5: ME Partitioning Example and State Probabilities ................................................... 29
Figure 6: MOSFET Drain to Source Voltage Time Series Data Example.............................. 46
Figure 7: Diode Cathode-Anode Voltage Time Series Data Example ................................... 47
Figure 8: Output Voltage Time Series Data Example ............................................................ 49
Figure 9: LEM Current Time Series Data Example ............................................................... 50
Figure 10: Example Square Wave with Duty Cycle Definitions ............................................ 52
Figure 11: Non-Ideal Capacitor Model and Example Voltage Ripple .................................... 55
Figure 12: Comparison of Filtered and Unfiltered Data ......................................................... 58
Figure 13: Probability Convergence for a Two Partition Algorithm using Experimental
Diode Data ....................................................................................................................... 60
Figure 14: Experimental Error Curves .................................................................................... 61
Figure 15: Simulink Model used for Non-linear Simulation of Diode Data........................... 62
Figure 16: Simulated Noiseless Diode Data ........................................................................... 63
Figure 17: Probability Convergence for a Two Partition Algorithm using Simulated
Diode Data, Noise Free .................................................................................................... 64
Figure 18: Error curves from Noiseless Simulation................................................................ 65
Figure 19: Oscilloscope Captured Diode Data ....................................................................... 66
Figure 20: Noise Histogram from Oscilloscope Captured Diode Data................................... 67
Figure 21: Simulated Diode Data with added White Gaussian Noise .................................... 68
Figure 22: Probability Convergence for a Two Partition Algorithm using Simulated
vii

Diode Data with Gaussian White Noise........................................................................... 69
Figure 23: Error curves from Simulation with Noise ............................................................. 70
Figure 26: SA Loading Level Classifier ................................................................................. 76
Figure 27: Histogram of 1,500 Hours of Mean MOSFET Data ............................................. 77
Figure 28: Enhanced Symbolic Analysis with Load Level Determination............................. 78
Figure 29: FC4 Mean MOSFET Histogram ........................................................................... 79
Figure 30: FC4 Calculated Thresholds for Load Determination ............................................ 81
Figure 31: Mean MOSFET Data over all Tests and Generated Thresholds from Test FC4 ... 82
Figure 32: FC1 after Accelerated Testing ............................................................................... 87
Figure 33: Comparisons of MOSFET and Output Voltage Anomalies for FC1 ..................... 88
Figure 34: Comparisons of MOSFET and Output Voltage Anomalies for FC1 - Load
Changes Removed............................................................................................................ 89
Figure 35: FC1 Duty Cycle Test History ................................................................................ 90
Figure 36: Comparisons of Diode Voltage and LEM Output Anomalies for FC1 ................. 91
Figure 37: Comparisons of Diode Voltage and LEM Output Anomalies for FC1 – Load
Changes Removed............................................................................................................ 92
Figure 38: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for
FC1 ................................................................................................................................... 94
Figure 39: FC2 after Accelerated Testing ............................................................................... 96
Figure 40: Comparison of Captured FC2 Diode Data between Healthy and Degraded
States ................................................................................................................................ 97
Figure 41: Comparisons of MOSFET and Output Voltage Anomalies for FC2 ..................... 98
Figure 42: Output Voltage Form Factor over Test Time for FC2........................................... 99
Figure 43: Comparisons of Diode Voltage and LEM Output Anomalies for FC2 ................. 100
Figure 44: Comparisons of Diode Voltage and LEM Output Anomalies for FC2 – Load
Changes Removed............................................................................................................ 101
Figure 45: FC2 Estimated Duty Cycle .................................................................................... 102
Figure 46: Approximate Efficiency of FC2 during Accelerated Testing ................................ 103
viii

Figure 47: MOSFET Anomaly with Baseline Defined at Hour 25 ......................................... 104
Figure 48: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for
FC2 ................................................................................................................................... 106
Figure 49: FC3 after Accelerated Testing; Removed Components (from left to right):
Negative bus voltage, output, and three input voltage capacitors, Power MOSFET,
and rectifying diodes ........................................................................................................ 107
Figure 50:
Comparison of Captured FC3 Diode Data between Healthy, Set Point
Change, and Degraded States ........................................................................................... 108
Figure 51: Comparison of Captured FC3 MOSFET Data between Healthy, Set Point
Change, and Degraded States ........................................................................................... 109
Figure 52: Comparisons of MOSFET and Output Voltage Anomalies for FC3 ..................... 110
Figure 53: MOSFET FC3 Anomaly ....................................................................................... 111
Figure 54: FC3 RMS Input Voltage........................................................................................ 112
Figure 55: Comparisons of Diode Voltage and LEM Output Anomalies for FC3 ................. 113
Figure 56: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for
FC3 ................................................................................................................................... 115
Figure 58: FC3 Diode Anomaly with Uniform Partitioning after Output Voltage Baseline
Correction......................................................................................................................... 117
Figure 59: FC3 LEM Voltage Anomaly after Output Voltage Baseline Correction .............. 118
Figure 60: FC4 Post-Test ........................................................................................................ 120
Figure 61: FC4 Removed Components (from left to right): Input Capacitors (3), Output
Capacitor, Negative Bus Capacitor, MOSFET, Forward Diode, and Freewheel Diode .. 121
Figure 62: Comparison of Diode Data at the Start of Accelerated Life Testing and at the
Last Data Capture Taken Before Failure ......................................................................... 121
Figure 63: Comparisons of MOSFET and Output Voltage Anomalies for FC4 ...................... 123
Figure 64: Comparisons of MOSFET and Output Voltage Anomalies for FC4 - Load
Changes Removed............................................................................................................ 124
Figure 65: Output Voltage Form Factor over Test Time for FC4........................................... 125
Figure 66: RMS Output Voltage for FC4 ............................................................................... 126
Figure 67: Comparisons of Diode Voltage and LEM Output Anomalies for FC4 ................. 127
ix

Figure 68: Comparisons of Diode Voltage and LEM Output Anomalies for FC4 - Load
Changes Removed............................................................................................................ 128
Figure 69: FC4 Efficiency over the Test Period ..................................................................... 129
Figure 70: Comparison of Symbolic Anomaly, Efficiency, and Form Factor Measures for
FC4 ................................................................................................................................... 130
Figure 71: FC2 MOSFET Results using the SPV and Π Matrix ............................................ 131
Figure 72: FC2 Diode Results using the SPV and Π Matrix .................................................. 132
Figure 73: FC2 Output Voltage Results using the SPV and Π Matrix ................................... 133
Figure 74: FC2 Diode Voltage Results using the SPV and Π Matrix ..................................... 134
Figure 75: MOSFET FC2 Voltage Anomaly Results using Load Classification
Algorithm ......................................................................................................................... 136
Figure 76: Diode FC2 Voltage Anomaly Results using Load Classification Algorithm ........ 137
Figure 77: MOSFET FC4 Voltage Anomaly Results using Load Classification
Algorithm ......................................................................................................................... 139
Figure 78: Diode FC4 Voltage Anomaly Results using Load Classification Algorithm ........ 140
Figure 79: Comparison between True Data and Model Fit; Data Used from FC2 SA
Anomaly ........................................................................................................................... 145
Figure 80: Comparison between True Data and Model Fit; Data Used from FC2
Efficiency ......................................................................................................................... 146
Figure 81: Comparison between True Data and Model Fit; Data Used from FC2 Form
Factor ............................................................................................................................... 146
Figure 82: Single Step Ahead Predictor for SA Diode Anomaly ........................................... 152
Figure 83: Remaining Useful Life Prediction Results – FC2 SA Anomaly ........................... 153
Figure 84: Remaining Useful Life Prediction Results – FC2 Efficiency................................ 154
Figure 85: Remaining Useful Life Prediction Results – FC2 Form Factor ............................ 155
Figure 86: Remaining Useful Life Prediction Results – FC4 SA Anomaly ........................... 156
Figure 87: Kalman Predictor Trajectories ............................................................................... 157
Figure 88: Remaining Useful Life Prediction Results – FC4 Efficiency............................... 159
Figure 89: Remaining Useful Life Prediction Results – FC4 Form Factor ............................. 160
x

Figure 90: Form Factor Metric with One Step Kalman Predictor Results .............................. 161
Figure 1A: Virgin Forward Converter with Circuit Subsections ............................................ 169
Figure 2A: MOSFET Drain-Source Voltage over One Switching Cycle ............................... 171
Figure 3A: Diode Voltage over One Switching Cycle ........................................................... 172
Figure 4A: MOSFET Drain Current over One Switching Cycle ............................................ 173
Figure 5A: Frequency Response of the Forward Converter under Different Loading
Conditions ........................................................................................................................ 181
Figure 6A: Closed Loop Response of the Forward Converter with Compensation................ 182
Figure B.1: Sallen-Key Filter for NI9221 DAQ Inputs .......................................................... 185
Figure B.2: Convergence of the Π-matrix as a Function of Data Capture Length ................. 187
Figure B.3: Forward Converter Test System ........................................................................... 188

xi

LIST OF TABLES
Table 1: Example Π Matrix .................................................................................................... 33
Table 2: Converter Results Possibilities ................................................................................. 86
Table 3: FC2 Duty Cycle Comparison between Healthy and Failed Converter States........... 98
Table 4: FC3 Duty Cycle Comparison between Healthy, Set Point Change, and Failed
Converter States ............................................................................................................... 108
Table 5: Comparison in State Probabilities Derived from MOSFET Drain to Source
Voltage ............................................................................................................................. 111
Table 6: FC4 Duty Cycle Comparison between Health and Failed Converter States............. 122
Table 7: Parameters for Fault Growth Models........................................................................ 144
Table B.1: Forward Converter Test Summary ........................................................................ 189
Table B.2: Capacitor Characterization and Degradation Chart .............................................. 192
Table B.3: MOSFET and Diode Degradation Pre and Post Accelerated Testing ................... 193

xii

ACKNOWLEDGEMENTS
I would like to acknowledge the support from my advisors during the development of this
dissertation. I appreciate the guidance from both Dr. Jeffrey Mayer and Dr. Karl Reichard during
the entirety of the project. They kept me focused on the work at hand and continued to offer
suggestions to improve the dissertation.
In addition, my committee members also devoted much of their time and support in this
endeavor. I wish to thank Dr. Constantino Lagoa for his thoughtful comments and suggestions
during this project along with Dr. W. Kenneth Jenkins and Dr. David Swanson for stepping up
and fulfilling positions in my committee at such a short notice. Both of their comments and
suggestions were instrumental in the final development of the dissertation.
There are also many other colleagues I would like to thank including those at the Applied
Research Laboratory. In particular, I’d like to thank Terrance Lovell who has always had a great
deal of interesting conversations and suggestions throughout the dissertation. I would also like to
acknowledge the financial support from the Applied Research Laboratory.
Finally, I like to thank my family whom always told me to never give up and continue to
push no matter what. I would also like to especially thank my wife, Sarina, whom for many
nights missed my presence as I worked on the finishing touches of the dissertation. I wish to
dedicate the thesis to her and my daughter, Phaedra. Without both of your support, I would have
never been able to complete this thesis. I love you both.
“For me, it is far better to grasp the Universe as it really is than to
persist in delusion, however satisfying and reassuring.”
-Carl Sagan

xiii

Chapter 1
Introduction
Analysis of complex electrical systems for health monitoring is advantageous while
simultaneously being difficult to implement practically.

Being able to monitor real-time

degradation in electronic systems would be beneficial in many consumer and military systems.
Such work has already been reported for mechanical, electro-mechanical, and electro-chemical
systems. Applying what was learned from mechanical systems to electrical systems has been
difficult as some of the previous tools developed are not directly applicable. Some of the
challenges to implementing health management for electronics are due to the increased
frequencies commonly seen in electrical systems such as the switching frequency in pulse width
modulated dc-dc converters as well as the types and causes of failures within the system.
In this dissertation, a complete methodology is presented that is aimed at diagnostics of
dc-dc converters. Using the methodology and algorithm, this thesis guides the application of the
methodology towards prognostics.

In addition, preliminary work is shown extending the

diagnostic tool into prognostics (or remaining life estimation) for electronics.
Motivation for diagnostics and prognostics of electrical systems as well as the current
state of the art in general health monitoring is described in the following section. Common terms
used throughout the community that are vaguely defined in different publications are stated
without ambiguity.

Finally, the contributions to the electronic Prognostics and Health

Management (e-PHM) community will be discussed as well as the organization of the thesis.

1.1 Motivation
Health management of complex systems is continually evolving through new algorithms,
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procedures, and methodologies. A recent thrust of innovative work is in monitoring the health of
electrical and electronic systems. Progress in this area requires new methods and algorithms to
realize health management.

The majority of this work has evolved from the successful

application of health monitoring algorithms to mechanical systems.
Generally, knowing the state of health of gearboxes and other mechanical systems is
quite advantageous. For example, knowing the health of a main transmission in a helicopter can
directly increase the safety of its operating crew [1]. In addition to safety, knowing the condition
of the system is good from the standpoint of system availability. Knowing one’s equipment is in
good health allows for higher confidence when the need for the equipment arises. Using a
methodology to determine when maintenance is needed is also beneficial and this methodology
falls under what is known as Condition-Base Maintenance (CBM).

That is, the need for

maintenance is determined by the current state or condition of the system instead of being set to a
schedule. Additionally, being able to monitor the life consumption or degradation of the system
allows one to meaningfully schedule for maintenance saving money over time [2]. It also reduces
the chance of having a failure in the system that could cause even more costly unscheduled down
time or reduce system availability.
After decades of work in diagnostics, prognostics, and general health management of
mechanical systems such as gear boxes [3], research began to focus on electro-mechanical
devices such as induction machines [4]. Many of the techniques and algorithms implemented on
these electro-mechanical systems were developed from the work on mechanical systems. For
example, work focused on the bearing health of the machine and progressed into monitoring
voltage and currents into the stator to determine system health.
To be able to generate the confidence and equipment readiness is the goal of health
management and current research is expanding this into electrical systems. Electrical systems are
more complex due to differences in the operational dynamics between electrical and mechanical
systems, access to components, as well as the evolution and type of faults within each system. In
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addition, electrical based systems are becoming much more prevalent with the advancement of
electric vehicles and systems. To support the health of these systems requires monitoring the
electronics comprising these systems. Electronic system failures are fundamentally different than
those seen in mechanical system. Therefore, a new approach that can handle these new failures
and dynamics seen in electronics systems is needed. This dissertation aims to develop an
approach that can fill this void in monitoring the health of complex electronic systems.

1.2 Overview of System Health Management
It would be beneficial to introduce accepted definitions of failures, degradation, and
anomalies as defined by the system health management community [5]. Failure of a system is
defined as having unacceptable performance for its intended function. This covers complete
failure of the system or as in the case of a dc-dc converter, having the output fall outside of its
published specifications. Degradation of a system is defined as the decreased performance of the
system in order for it to complete its intended function. This could result in reduced efficiency
and degraded dynamic response of the system with respect to nominal operation. An anomaly is
defined as the unexpected performance of the system’s intended function. That is, an abrupt
environmental or operational change could cause an anomaly to be generated by the system’s
health monitoring subsystem; however, the system’s performance could be unaffected. These
types of anomalies in health monitoring methodologies could introduce false positives. A fault is
defined as a cause internal to the system that explains a failure. Indeed, these definitions are just
a subcomponent of the complete framework for fault management design [6].
As is usually the case, terminology for diagnostic and prognostic techniques varies
between authors and groups.

In this thesis, the terminology used by the System Health

Management (SHM) community is adopted [5]. SHM is defined as the capability of a system to
preserve the system's ability to function as initially intended or designed. The definitions of
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diagnostics and prognostics are:


Diagnostics – Diagnostics includes both fault identification and isolation. Fault
identification is the procedure for determining causes of anomalous behavior
while fault isolation is determining locations of the anomalous behavior in the
system.



Prognostics – Prognostics is the procedure or methodology used to predict the
time at which a component or system will fail.

In addition to the type of health monitoring one desires to conduct, there are two main
basic approaches of how to proceed with accomplishing said task. These consist of how one
decides to model the complete system and falls into either a Model Based or Data Driven health
monitoring technique. The definitions adopted from the SHM community will again be utilized
in this dissertation:


Model Based – Model-based prognostics incorporate physical understanding of
the underlying system focusing on critical components to estimate remaining
useful life (RUL). This method requires a model that relates observables from
sensors, time, etc. to faults and then to degradation of failures.



Data Driven– Data-driven methods utilize system operational data in order to
obtain the current state of the system and to estimate RUL. This methodology
can be beneficial when the underlying dynamics or system model can be
prohibitively complex.

In health management terms, both the SHM and Prognostics Health Management (PHM)
ideologies are similar in that they wish to obtain the same goal within systems. The similar goal
is to enable monitoring of the system for degradation and to generate predictions to time of failure
for the system [5].

5
1.3 Approaches to System Health Management
This section focuses on the work in diagnostics and prognostics for health monitoring of
electronic, mechanical, electro-chemical, and electro-mechanical systems. Published work and
results on several diagnostic and prognostic algorithms are discussed.

1.3.1 Diagnostics
Diagnostic methods attempt to determine and isolate where faults have occurred in the
system. Diagnostic methods do no attempt to estimate remaining life; only to determine the
location and detect an impending fault of the system. Faults chosen for diagnostics are those that
are the most common for the system and are identified through a failure mode and effect analysis
(FMEA).
A common approach to fault diagnostics is the use of learning systems [5]. These
methods are data driven methods in which the underlying dynamics or statistics of the system are
assumed to be stable over the life of the system. If a fault should occur, it will disturb these
underlying dynamics or statistics in a manner that can be detected and trigger a diagnostic
response. The drawback with these data driven methods and with any data driven method in
general is that the performance of these algorithms is dependent on the quality and quantity of
data available on the system in its health and degraded states. Without this underlying data
support, it is difficult to train the diagnostic algorithm to detect the subtle differences in the
dynamics to generate a fault detection notice.
As an example, a particle filter approach to diagnostics has been used to determine the
health of Li-Ion batteries [7]. In this work, a data driven methodology is used for diagnostics and
eventual prognostics. Indeed, the data based approach (particle filtering) requires a substantive
data set to implement. In this case, the methodology is tested on battery state of health (SOH)
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measurements. The particle filter is used to detect if a change has occurred in the battery system
thus triggering a response from the algorithm. This paper also demonstrates that not only are
mechanical or electrical systems being researched for health management but also electrochemical systems such as batteries. These methodologies can extend and efficiently use battery
life instead of replacing batteries at set intervals on systems.
Another interesting application of diagnostics is in power generation, specifically power
generation through ocean waves. Access to the underwater generators is costly, dangerous, and
time consuming.

Therefore, by adding diagnostic monitoring capabilities to the turbines,

maintenance costs can be reduced. In the work, vibration data is analyzed from the turbines and
metrics (such as kurtosis) were calculated [8]. Again, a data based approach is used in order to
determine the health of the system. This method calculates the power spectral density of the
vibration profile for the algorithm. Trending from this calculation is used to determine the health
of the system. The paper concludes that multiple methods may enhance the ability of the
algorithms for fault detection thus minimizing possible false alarms.
The second approach to diagnostics involves model based methods. These methods
depend on model development in order to determine abnormal operations within the system. For
example, a system model was developed for an automotive alternator system that addressed
reliability of the internal rectifiers, voltage regulation, and drive belt slippage [9]. The model was
used to develop the necessary fault thresholds used in the methodology. This observer based
model can then use inputs from the system to determine the adaptive failure threshold. The
method was validated through simulations. As another example of model based diagnosis, state
equations can be used as the model for system analysis [10]. These approaches are becoming
common in process control for fault diagnosis. An issue with the physical model based approach
is the difficulty in the development of the models for each individual failure mechanism in the
system. This can be very time consuming and complex depending on the system involved.
Diagnostics on a system allows for the location and determination of a fault occurrence.
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Diagnostics methodologies are incapable of predicting the remaining life of the system. Because
of the lack of this ability, the area of prognostics has been developed which allows for just not
knowing something has failed but which component or subsystem will fail and when.

1.3.2 Prognostics
The ultimate goal of prognostic methods is to estimate the remaining useful life (RUL) of
systems defined as the remaining life of the system before it is unable to do its intended
operation. Calculation of RUL is often based on fault growth and evolution predictions. The
ability to predict the remaining life of a system allows for greater use of the system as well as onthe-fly knowledge of the system health.

For example, on unmanned systems such as a

reconnaissance flight, it would be useful for the mission commander to know if a system or
subsystem is failing in order to make the necessary decisions on aborting or proceeding with the
mission. Also, this information can assist in life extending methods on the system. These
methods would also help with maintaining these and other systems on the ground to further
reduce maintenance costs and time consumption. Some of the challenges of prognostics include
load variations to the system, changes in the environment in which the system operates, as well as
the dynamic range of the system.
As was the case in diagnostics, the prognostics area can be further broken down into two
general classes of methods: model based and data driven. Model based approaches attempt to use
physical models of systems, components, or structures in order to determine through
environmental and usage conditions the remaining life of the system. Data driven approaches are
those that build models or statistics from the system in order to learn its behavior and identify
degradation.

From this identified degradation, these methods than use the features of the

degradation trending in order to predict remaining life. An example of a data driven technique
that is popular in the literature is the neural network [11]. Model based and data driven methods
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will now be further explored.

1.3.2.1 Model Based Methodology
Both schools of thought have been applied to health management of electronics. Model
based methods tend to fall into Physics of Failure (PoF) type methodologies [12].

PoF

methodologies attempt to use physical models to model dominant system failure mechanisms
instead of empirically defined models.
For example, [13] combined usage and environmental factors into a PoF model to track
the health of circuit card assemblies in an under-the-hood automotive environment. The PoF
model could then provide an estimate of life through the known environment as well as the
previously known consumed life. The general process is to conduct a FMEA to determine
dominant failure modes of the system, decide on the system parameters to monitor which relate to
these dominant modes, and then use the data in the models to track accumulated damage and
predict remaining life. Another example of applying this methodology is in [14], which also
offers a review of the PHM PoF methodology.
Other examples include using physical models to model MOSFET degradation in GPS
units [15] and avionic power supplies using the flyback dc-dc converter topology [16]. The latter
focuses on the dominant failures consisting of power switches and electrolytic capacitors as
discovered through a FMEA analysis. Both empirical and physical models are proposed for
degradation monitoring of the power supply components. For example, a capacitor model is used
to track degradation of the capacitor using measurements of the voltage across it. Thermal
measurements are also implemented in the work to detect degradation.
Related to the dc-dc converter topology investigated in this dissertation, [17]
implemented physics of failure models for a 50-W forward converter. Components focused on in
this study were the power switches, capacitors, pulse-width modulator integrated circuit, and the
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opto-isolator. Each failure mode had a specific feature that was used in the model. For example,
the opto-isolator's current transfer ratio (CTR) was used. In the situation where the power supply
cannot be instrumented, the fall-back methodology used was a statistical based method
implemented on available signals. That is, usage based history was used to accomplish the health
management which would allow prediction of remaining life.
Difficulties with these methods are developing the usage and degradation models for the
system as was seen in the diagnostic section. A model must be developed for each failure mode
in addition to gathering the necessary usage data for the model. As an example using a dc-dc
converter, there is more than one type of failure mode that must be modeled for the system for
complete diagnostics and prognostics. Because of these difficulties, the community tends to
move towards data driven based methods as it is not necessary to develop the underlying physical
degradation models.

1.3.2.2 Data Driven Methodology
Data driven methods for health monitoring use captured data to determine the operating
characteristics of the system. Many data driven approaches implement either Artificial Neural
Networks (ANNs), Kalman Filters, or a Hidden Markov Models (HMM) to complete diagnostics
and prognostics [18].
Artificial Neural Networks
Artificial neural networks are used in both diagnostic and prognostic applications. These
networks are used for pattern classification of systems [19]. Once the network has been trained on
a baseline or healthy case, a metric is then used to quantify the difference between the baseline
outputs of the ANN versus the output from a degraded case. Neural networks have been studied
for use in industrial applications for fault detection and estimation. For example, [20] implements
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a feed-forward network trained by back propagation to determine feasibility of neural networks to
monitor a semiconductor fabrication process. The fabrication process was simulated (in terms of
operating features) to test the network feasibility. A minimum sum of squared error was used to
determine faulty sensors within the fabrication process. The error is developed between the
output of the ANN versus the output of the specific sensor. In [21], a procedure was developed
such that a neural network is used for fault detection in electric machinery. The network was a
feed-forward neural network using back propagation for training. The neural net used the motor
current and rotor speed as inputs. The algorithm was trained on sample fault sequences in order
to learn degradation behavior. Wavelet based neural networks have also been explored for fault
diagnosis in a simulated industrial chiller [22]. Neural networks have found applications in these
areas; however, a drawback with implementing neural networks is that they can suffer from
numerical sensitivities.
Kalman Filtering
The method of Kalman filtering has been used in the area of system health management
to model the system and detect changes in the behavior of the system through recorded signals.
These changes can then be quantified as an anomaly measure for diagnostics and prognostics. It
was used in predicting the remaining useful life for mechanical gearboxes [23]. In this work, a
Newtonian motion model is fit to degradation data and this model is used in the prediction step of
the Kalman predictor. The Kalman filter assumes a linear process model and all noises involved
in the measurement and system processes are assumed to be zero mean Gaussian random noise.
Another means to use the Kalman filter is to develop an empirical model of the
degradation curves and use the Kalman filter approach for prediction [24]. In this manner, the
underlying model of the Kalman filter is based on this empirical model. For example, capacitor
degradation can be described with this model implemented in the Kalman predictor. The model
is used in the prediction step of the Kalman filter and updated with measurements as they become
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available.

The Kalman filter will be discussed in more detail in a later section as it is

implemented as the filter of choice for the prognostics work in this dissertation. The Kalman
filter requires a model for the prediction step as will be seen in Chapter 6.
Hidden Markov Models
The applicability of Hidden Markov Models (HMMs) to PHM has also been explored. A
HMM is a statistical machine used to model patterns within a set of data. It assumes the
underlying process is Markovian. The HMM is trained on known failures of systems such that it
is capable of identifying the degraded state. The HMM states and state probabilities are utilized
for prognostication. In [25], HMMs were used for prognostication of a rotating shaft. The
methodology was tested and verified on a test bed. The HMM methodology described in [25]
contains a preprocessing step of the captured data that includes a discrete Fourier transform and
filtering, a Principle Component Analysis (PCA) step for feature extraction, Vector Quantization
(VQ) representing fault signatures, and finally the HMM. This involves significant processing
for prognostication of the rotating shaft test bed. In addition, banks of HMMs are implemented in
order to model multiple known failures. Each HMM is trained to a specific fault in the system
and is capable of identifying growing faults in real time using the captured test bed data. Three
modeled and monitored faults are demonstrated in the work. Faults were seeded in the test bed
through added friction or weights added to a flywheel to generate an off balance condition. In
[26], HMMs are used to cluster temporal sequences for use in diagnostics and prognostics. The
method was validated on drill bits used in a drill bit test bed. The life of a drill bit is modeled
through numerous HMMs. The trained HMMs then use the captured time series data to estimate
where in its life span is the drill bit. Data captured was thrust-force and torque. It is assumed in
these cases that the Markov property is satisfied for these approaches as is usually the case.
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1.4 Health Monitoring of Electronics
A significant amount of research has gone into the area of diagnostics and prognostics for
electronic systems [2]. Initial prognostic methods were data driven methods that attempted to
form models of the underlying system with no initial assumptions about the composition or
physics of the system. Data driven methods do not require one to determine and model each
individual failure mechanism or even the dominant failure mechanisms in systems. These
methods instead relate measured inputs and outputs to systems performance metrics. This allows
the methodology to have wide applications across the electronic prognostics and health
management spectrum.
Difficulties with health management of electronics begin with the systems themselves.
Only recently have large amounts of data become available to develop the prognostic algorithms.
Additionally, compared to large mechanical systems such as power-train gearboxes, the failure
mechanisms involved with electronics usually start at the micro-level. That is, at the integrated
circuit level, interconnects on the printed circuit board, and individual connections [27]. For
gearboxes, a chipped gear tooth generates vibrations that can be measured on the surface of the
gearbox. The challenge comes from correlating these measured vibrations to the internal fault.
Similarly with electronics, measurement can be related back to individual components within the
system. This makes it challenging to be able to develop algorithms and methodologies for
electronic prognostics. Using symbolic analysis can help alleviate the problem with model
development. Given data captured from a system, the algorithm can form its own model and
generate anomalies dependent on system operation. As new data is captured from electronic
systems, the algorithm can also be applied to this new captured degradation data.
As for prognostics, models can come from features extracted from the electronic system.
An example of this work in the realm of electronic prognostics is work on battery life prediction.
With state-of-the-art Li-Ion and Li-Poly batteries being used in many commercial and military
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systems, there is significant demand to maximize the useful life of the batteries. For example, a
feature commonly used to predict remaining life of these batteries is state of health estimations.
In [28], the batteries ampere-hour (Ah) rating is used to estimate the SOH of the Li-Ion batteries.
Implementing a particle filter for anomaly detection and prognostics, [7] used this method to
estimate remaining life of Li-Ion batteries. Again, the metric used to determine battery health is
the SOH measurements from test batteries.
An example of estimation of remaining useful life of Li-Ion batteries using an adaptive
recurrent neural network (ARNN) is described in [29]. Again, these neural networks compare
their trained output to the current output to determine degradation and then estimate remaining
life. Finally, multiple data driven methods are integrated to generate an estimated RUL from a
previous 2008 IEEE PHM challenge problem and a power transformer [30].

Each of the

individually formed data driven models are given a weight which is used in the prediction
process. Therefore, the better predictors are given a larger weight compared to those that do not.
Another example of a data driven method can be found in [31]. In this work, Ball Grid Arrays
(BGAs) solder joints are prognosticated and the method validated through drop testing of circuit
boards. The methodology looks for signatures of cracked or fatigued ball joints in the BGA. A
Kalman filter combined with a Bayesian framework is then used to accomplish RUL estimations.
In [32], power MOSFETS were stressed thermally in order to induce failures. The
dominant failure mechanism in these accelerated tests was related to the die attach of the devices.
Remaining life of these devices was estimated by an extended Kalman filter and by a particle
filter. The feature used for degradation monitoring of the MOSFETs was the on-state resistance.
This on-state resistance of the MOSFET was found to be a parameter that can be used to
determine the current health of the switch.
Another common failure mode in dc-dc converters is related to electrolytic capacitors.
Model based prognostics of capacitors are undertaken in [24]. In this work, the authors tested
numerous capacitors by electrical overstress. A model was developed to track the change of
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capacitance over time and implemented into a Kalman predictor to estimate remaining useful life.
As is typically the case with capacitors, electrolytic capacitors are usually the root cause of long
term life limitations of electronic systems. These components can degrade as the electrolyte in
them is slowly depleted over life.
Prognostics with electrical systems are similar to what was completed with mechanical
systems. As a gearbox is made from many individual components that can contribute to failure of
the entire system, electrical systems also have many components in which a few can lead to
failure of the system through degradation. In a gearbox, common failure points include gear teeth
wear out, bearing wear out, and shaft breakages [33]. Each of these individual components can
be monitored through loading and vibration signals to determine the health of the overall system,
the gearbox.

In a similar manner, an electrical system's failure points can include the

semiconductor power switches or electrolytic capacitors. These components can be monitored
and the health of the system quantified from the current state of health of these critical
components.
Finally from model based health monitoring area, physics of failure models are used to
estimate remaining life of power electronic models in [34]. The physical models are applied to
creep as well as to crack formation within the electronic packaging of the module. Creep is
deformation in a material that is a result of being under a constant stress. These models are then
combined with a Bayesian Network model in order to accomplish prognostics with the models
supplying the inputs into the network. A current review of prognostics for electronic power
modules with an emphasis on physics of failures approaches can be found in [35].

1.5 Symbolic Analysis
Symbolic dynamics is a statistical based methodology that uses an underlying HMM for
anomaly detection [36]. The technique has been used to detect evolving anomalies in complex
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systems.

This methodology, when used for anomaly detection, assumes that the system's

dynamics are stationary over a short time period and that dynamics related to the degradation
mechanisms are discernible across a longer time scale. Symbolic dynamics is derived from the
theory of finite state automata and pattern classification.
In addition to system health monitoring, symbolic analysis is a tool that has been applied
to many different areas such as mechanical systems, bio-behavioral systems, chemistry,
astronomy, fluid flow, and control [37].

As an example, weak signals from Venus were

quantized into a binary system whose symbols were either ± unity [38]. This early example of
the application of symbolic analysis was used to efficiently calculate the rotational period of
Venus through weak radar return signals. The rotational period was estimated with 2.9 hours of
data versus an estimated 8 hours of data that would be needed to determine the power spectrum
from the weak returns. More specific examples can be found in [37].
For this work, symbolic dynamics is used to diagnose the health of a system [39]. The
process of symbolic dynamics [36] is developed around what is called a D-Markov machine.
This model is formed from statistical analysis of the symbolic data generated from known time
series data. Groups of D symbols from the symbolic data are formed into the states of the
machine resulting in the D-Markov nomenclature. That is, the D-Markov model is

({ }|{

})

({ }|{

}),

(1)

which states that the current symbol only depends on the previous D symbols in the symbolic
data. The D-Markov machine was developed out of necessity from what is known as a ε-machine
[40]. The ε-machine estimates the optimal symbol generating partition for the underlying system
dynamics. Even though this machine is optimal, its structure is not invariant over time. The DMarkov machine attempts to circumvent this issue at the cost of optimality.
With a fixed a-priori structure, the D-Markov formulation lends itself well to the
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development of an anomaly detection algorithm. In this manner, meaningful comparisons can be
made between the models developed through the slow time scale. Anomalies are generated by
differences between a baseline and a future developed D-Markov machine. The formation of
such a model is simple once the transformation from time series data to symbol space has been
completed. The model requires the development of a state transition matrix that keeps track of
the state evolution over the slower time scale. In [36], the time series data is initially processed in
order to accomplish signal separation to aid in degradation analysis and feature enhancement.
This processed data is then used in the symbol generation routines. It is in this step that a critical
link to the original time series data can be broken.
Symbolic analysis is a specialization of symbolic dynamics.

Both methodologies

develop a Hidden Markov Model of the underlying system dynamics and use the statistics to
track system evolution. Symbolic dynamics focuses on feature extraction and preprocessing of
the data. In the methodology, the data can be preprocessed with different methodologies before
being implemented in SA with methods such as wavelet transformations [41] and by the Hilbert
transform [42]. Once the time series data has been symbolized, the generation of an anomaly
measure occurs through tracking the slight variations in the symbolic sequence over time.
Symbolic analysis is a more straightforward implementation that can allow the results to
be related back to underlying system properties. The general procedure in symbolic analysis is
the transformation of time series data directly into a symbolic sequence and then forming states
from the resultant symbolic data. The probabilities of occurrence of these states are used to track
the condition of the system.
Symbolic dynamics have been used as a diagnostic tool in both mechanical [43] and
electro-mechanical systems [4]. Symbolic dynamics was first applied to mechanical systems to
estimate metal fatigue. In [44] and [45], the methodology is applied to polycrystalline alloys for
fault detection. Ultrasonic inspection data processed through symbolic dynamics is used to detect
crack initialization in samples made of 7075 aluminum alloy. This approach provided earlier
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detection of crack initialization compared to optical methods. The development then proceeded
to other mechanical systems such as a mass-beam structure [46] and aircraft turbine systems [47].
The methodology was also expanded for multi-dimensional data [48] and to image
analysis [49]. Expansion to images required the adaptation of the algorithm to a two dimensional
map to generate symbols from image pixels.
The symbolic methodology has been applied to electro-mechanical systems as well. For
example, induction machines were tested in order to detect degradation in rotor bars [4] as well
as stator voltage imbalanced faults [50]. Both of these methods used wavelets as a preprocessing
tool to separate features in the captured data and then partitioned the wavelet coefficients. The
method was tested on an experimental test bed with seeded faults. The applicability of symbolic
dynamics to non-linear electronic systems is demonstrated in [51]. In [51], wavelet preprocessing
is used on the data and the resultant wavelet coefficients are then partitioned. The approach was
shown to be superior to neural networks, non-linear Kalman filters, and principle component
analysis. In addition, symbolic dynamics is compared to other health monitoring methodologies
based on pattern recognition such as Bayesian filters and ANNs. Current research on symbolic
dynamics focuses on applying it to model mobile robot behavior [52]. The idea is to model
mobile robot behavior using language measure theory pattern classification.
An area of research lacking in the above examples is the application of SA to systems
with high frequency dynamics such as dc-dc converters with varying load [39] [53]. An objective
of this work is to investigate the difficulties and practical problems with applying symbolic
analysis to these high data rate problems. The methodology used in this dissertation is to expand
the use of Symbolic Analysis into a complete electric system and to be able to adapt the
monitoring algorithm to the current operating conditions of the electronic system.

The

methodology will also form the foundation for PHM of the electronic system. In addition, a
difficulty with the methodology is in developing the partition structure. This research attempts to
unify the process by automating the choice of the number of partitions. The presented approach
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also does not implement preprocessing of the data in order to maintain a physical link to the
original data.

1.6 Forward Converter
In this thesis, a dc-dc forward converter is used to generate failure data to be
implemented in the SA algorithm. The forward converter is a single switch topology with
isolation supplied by a high frequency ferrite transformer. A basic schematic of the topology is
shown in Figure 1.

Figure 1: General Forward Converter Topology
In operation, when the power switch is turned on, it pulls the transformer’s primary, LP,
to ground and begins transferring power through the transform and diode DF to the output load.
Components RS and LS form a voltage snubber across the power switch. The snubber is used to
absorb peak turn-off transients in the power switch resulting from the parasitic inductance in
series with the power switch. This parasitic series inductance is the leakage inductance of the
power transformer.
Diode DFW is the freewheeling diode to allow the output inductor current to continue to
cycle when the power switch is off. Components LO and CO form a second order low pass filter
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to remove the switching frequency harmonics from the output voltage.
The dc-dc converter contains a controller whose output is a Pulse Width Modulated
(PWM) waveform that is applied to the control terminal of the power switch. Voltage mode
controllers use the output voltage (possibly scaled) for feedback to maintain output voltage while
current mode controllers also implement the output inductor current measurement (L O) in
addition to the output voltage. Current mode controllers offer better dynamical performance
compared to standard voltage mode converters [54].
Shown in Figure 2 are simulations of the output inductor current, output voltage, and
PWM drive signal. During the ON period of the PWM waveform, the inductor current increases
from the applied voltage from the main high frequency transformer. When the PWM turns off,
the inductor current slowly ramps downward depending on the output voltage.
The inductor current supplies the necessary charge to the output capacitor to maintain the
output voltage. The capacitor voltage, as expected, lags the inductor current. The output voltage
peaks after the inductor current peaks.
15
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Figure 2: Simulated Output Inductor Current, Output Voltage, and PWM Drive Signal
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Common failure modes for dc-dc forward converters are typically related to the
semiconductor components (such as the power switch and rectifying diodes) or related to the
filter capacitors (typically electrolytic) as was discussed in the literature review. Also known to
fail is the converter’s control integrated circuit (IC) or opto-isolators used to isolate the measured
output voltage for feedback into the controller.

1.7 Objectives and Contributions
The primary objective of this thesis research was the development of Symbolic Analysis
for diagnostics and prognostics in power electronic systems. The main contributions of the thesis
research are as follows:
1) Demonstrates a unified methodology based on Symbolic Analysis that can monitor
power electronic systems for anomaly detection. All aspects of the methodology are
covered, from sampling rates, SA parameters, and diagnostic/anomaly generation.
2) Develops a preprocessing algorithm to detect load changes and to allow the SA
algorithm to react accordingly. This is applicable for all dc-dc converters. It is also
demonstrated that this same processing routine can detect and react to output voltage
changes to the converter.
3) Demonstrate the applicability of the methodology to a dc-dc forward converter. The
methodology is integrated with a loading algorithm for dc-dc converters.

Life

prediction techniques based on the methodology are demonstrated.
4) A feature is developed that provides an estimate to the number of partitions for the
uniform partitioning methodology.
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1.8 Organization of the Thesis
This thesis is organized into seven chapters including this introductory chapter. In
Chapter 2, the essential features of Symbolic Analysis are reviewed. In Chapter 3, common
failure modes of dc-dc converters are identified to guide the placement of appropriate sensors.
Failures at both the die level and packaging level are explored. Failures involving electrolytic
capacitors are also explored in detail. A failure mode and effects analysis is performed on the dcdc forward converter to determine likely failure sites during accelerated testing. The objective of
this study is to determine locations to place sensors in the converter to capture time series data
over the length of the accelerated test.
Chapter 4 details the application of the algorithm to waveforms of dc-dc converters
focusing on the dc-dc forward converter. The waveforms are pulse-width modulation derived
waveforms and sampling of these signals for use in the algorithm will be detailed. In addition,
the algorithm modification to monitor loading of the converter and adjust the algorithm as
necessary is discussed.
Chapter 5 details the results of the SA methodology on all four of the dc-dc converter
tests.

The expanded SA methodology is demonstrated, first by implementation of the SA

methodology without the loading modification, and secondly, with the extended algorithm.
These results will be compared to trends in the efficiency of the converter over the test interval as
well as the form factor of the output voltage. The use of the pre-processing algorithm to react to
output voltage changes will also be demonstrated.

The ability to prognosticate the dc-dc

converters through the use of the anomaly measure will be demonstrated.
Chapter 6 demonstrates the use of the output of the SA algorithm for remaining life
prediction. The methodology uses a Kalman filter approach to predict remaining useful life of the
dc-dc converter.
This thesis concludes with Chapter 7 and a summary of the results obtained during the
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research. Possible directions for future work in this area are also discussed.
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Chapter 2
Symbolic Analysis of Time Series Data

2.1 Modeling Assumptions
Symbolic Analysis (SA) of time series data is well suited for anomaly detection in
electronic and mechanical systems. It is a statistics-based methodology that does not require any
a-priori knowledge regarding the failure modes of the system in question. Moreover, it is
relatively simple to implement and thus well suited for real-time system monitoring.
A critical aspect of SA is a two time scale assumption regarding the evolution of system
degradation and its impact on the system dynamics. In particular, degradation is assumed to
occur on a time scale τ that is significantly slower than a time scale T associated with the nominal
system dynamics (

). As time progresses in the slow time scale, degradation increases

monotonically due to environmental and usage effects. Within an instance of the fast time scale,
the slowly increasing degradation does not alter the system dynamics in a significant way. For
two instances of the fast time scale T0 and T1 that are widely separated in τ; the accumulated
degradation does lead to significantly different system dynamics between models defined at T0
and T1.
A fundamental aspect of SA is encoding the system dynamics over any instance of the
fast time scale in such a way that it is possible to compare the encoded values for two different
instances of the fast time scale (between T0 and T1). In order to accomplish this, the data must
first be obtained from the system at points that are affected by this degradation. This sampled
data is then transformed into the symbolic domain through partitioning of the original time series
data. Once this transformation is complete, statistics can be formed from the resultant symbol
series. These statistics can be defined through states (combinations of the symbols) in terms of
probabilities of occurrences of these states. In addition, it is possible to also define a state
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transition matrix for the states.
Once these probabilistic descriptions are developed, a measure must be defined in order
to quantify the deviation of future statistics from the known healthy case. By keeping the
partitioning method the same across all time captures through τ, the dimension of the system
remains the same and measures can be defined to quantify deviation between two cases. A means
to accomplish this can use the probability of occurrence of the states in the system in order to
develop a metric. The healthy case and a future case can be used to generate a metric through the
use of the Euclidean norm for example. Another measure that can be used is the angle between
the two state vectors. If the state transition matrix was developed, measures can be defined to
determine this deviation through the use of this matrix as well. For example, the Frobenious
norm of the difference between the two different state transition matrices can be used [48].
The following sections will highlight the different aspects of Symbolic Analysis (SA)
(see Figure 3) as well as point out the necessary parameters that need to be defined in order to
implement the Symbolic Analysis algorithm. In addition, methods will be detailed on how to
automatically determine the parameters so that SA can be implemented with minimal user
interface.
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Figure 3: Methodology Block Diagram

2.2 Sensing and Signal Conditioning
The first block in Figure 3 is the sensor block. This block represents the data acquisition
(DAQ) equipment that is monitoring the system and its subcomponents for degradation. The
DAQ system must be able to adequately capture the system dynamics at some level in order to
generate an anomaly trend. Simultaneously, the system needs to capture and store adequate data
lengths to generate statistical properties of the underlying system for the SAD algorithm. For the
converters under study, the data length determination is given in Appendix B. On yet another
level, the sensors must themselves be at least as reliable as the system they are monitoring.
Otherwise, anomalies can result from the sensor system and any changes in the monitored system
can result in false positives from the algorithm.
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The sensors of the system (voltage, current, or acceleration) are located in the system
within areas where high probability of failure exists. As a straightforward example, one would
locate a voltage sensor on a device that degradation would produce change in the voltage
waveform across the device (say a MOSFET power switch).

As would be expected with

monitoring dc-dc converters for degradation, the two most common sensors to observe system
dynamics for degradation are voltage and current sensors. In addition, thermocouples could be
added to the system or even accelerometers for detecting shocks and vibration that could fatigue
solder connections as for example in an automotive under hood environment.
The DAQ system must also be able to sample and record the data at a sufficient rate in
order to complete SAD. The sensors record the time series data at a higher rate than the faster
time scale (T) for the SA algorithm. The sampling rate will most likely depend on the system
being monitored in terms of the dynamics to be captured.

2.3 Symbolization
The symbolization block is the part of the algorithm that generates the symbolic sequence
that is used to construct the states and state probabilities. The symbolization section partitions the
time series data into distinct bins which are assigned a symbol from the alphabet through the use
of a defined partition that remains invariant over τ, the longer time scale. Defining the partition
{

as

} which consists of M mutually exclusive and exhaustive regions within the

observed signal space,

. Each one of these regions is assigned a unique symbol,

from alphabet

. Given the observations of the system,

to assign a symbol

, such that

[

]

, we wish

. This defines the mapping process from the

captured time series data into the symbolic space. After this process, the symbol sequence
[

] is generated. The symbolization process, or mapping, can be considered as a

coarse quantization of the original time series data.
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There are two popular partitioning methods that are used for the symbolic mapping:
uniform and maximum entropy (ME) partitioning.

Uniform partitioning results in equal

partitioning of the space Ω. This partitioning method can result in different baseline probabilities
for each of the symbols

. ME partitioning is derived from maximizing the entropy of the

symbol sequence [41]. Recall that entropy in informational theory is given as [55],

∑

( )

( ).

(2)

In (2), ( ) is the probability of symbol i in the SAD generated symbolic sequence. In
order to maximize H, all ( ) must have equal probability, resulting in the ME partitioning
scheme. Generating the ME partition consists of sorting the data of length N in ascending order
and dividing the sorted data into [ ⁄ ] regions so that there exists a total of B regions formed
from the data. Each region then forms the partition structure that is assigned a unique symbol
used to generate the symbolic sequence.
Figure 4 shows the results of implementing uniform partitioning with the resultant state
probabilities on captured MOSFET drain to source voltage data. The states are formed during the
statistical modeling step discussed in the next section. In this example, the chosen size of the
alphabet was three. The lower partition is assigned state s0 in the figure. With the depth
parameter set to one (more on depth of SAD in the next section), the resultant total number of
states is three.
The state probabilities were calculated on the same data used to construct the partitioning
scheme, i.e., the baseline data. Notice the probabilities of the states are not equal.
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Figure 4: Uniform Partitioning Example and State Probabilities
In Figure 5 is an example of ME partitioning and the resultant partitioning with the SAD
depth again equal to unity. Notice the partition structures are no longer equal; however, the state
probabilities are now equal. The state assignments are the same as in the previous example
(lower partition is state s0).
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Figure 5: ME Partitioning Example and State Probabilities
In order to generate the distributions that were demonstrated above, it is necessary to
determine an adequate number of partitions that will successfully, reliably, and efficiently capture
the degradation in the dc-dc converter. One of the difficult issues with symbolic analysis is this
determination of the number of partitions. In general, there is no clear decision process to
determine the number of partitions for a symbolic analysis of time series data. If the processing
system can handle a large number of partitions generating many symbols, then many partitions
may be used and the result is a sensitive algorithm. Fewer states result in a significantly less
sensitive but computationally efficient implementation.
If the states are chosen to be equal to the individual symbols, then there exists an upper
limit on the number of partitions. This upper limit is defined by the total number of unique
samples in the time series data. If the total number of partitions is chosen to be this upper limit,
the original time series data will be preserved in the symbolic domain. The original captured time
series data can then be recreated by setting the number of partitions equal to the number of unique
samples contained in the data. A minimum number of partitions under the same depth would be
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the binary partition scheme with two symbols.
In order to determine a satisfactory number of partitions under each of the partitioning
schemes, additional algorithms are needed. For ME partitioning, it has been suggested to use
entropy as a means to estimate an effective number of partitions [56]. This method first estimates
the entropy of the probabilistic distribution of the time series data. The entropy for a uniform
( ) where N is the number of partitions. In the case where

distribution is calculated to be

the states of the system are the symbols, the number of partitions N is also equal to the number of
symbols.
The objective of this method is to find a ME partition such that the entropy of the
resultant ME partitioning is equal to or greater than the differential entropy estimated from the
time series data. The differential entropy of a continuous random variable X is:

( )

∫

( )

( ( ))

,

(3)

where fx(x) is the probability density function of the random variable X. In order to calculate
h(X), it is necessary to estimate fx(x) from X. The most straightforward method is to estimate the
density through the use of histograms of the time series data. Once the density function is
estimated, an adequate number of partitions can be found by calculating:

(

( )

( )

).

(4)

2.3.1 Determination of Uniform Partitions
For selecting the number of uniform partitions, the literature currently has no examples or
processes to estimate an adequate number of partitions. In this work, a new measure is developed
to determine the number of partitions. The measure is based on entropy and is commonly called
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Entropy Efficiency in the literature and it is given as:

∑

( )
.
( )

(5)

In (5), the numerator represents the entropy of the resultant symbol distribution using N
partitions. To estimate the number of partitions to use with uniform partitioning of the data, the
maximum of the efficiency is taken. That is:

(

∑

( )
( )

).

(6)

Equation (5) can be interpreted two ways. First, the denominator acts as a penalizing
term for using a larger number of partitions. In terms of computational efficiency for real-time
implementation, this is a positive effect. Secondly, this measure is comparing the resultant
partition entropy to that of entropy obtained from an ideal uniform generating partition. That is,
the optimal partition in this case is that from an equally likely distribution generating the symbol
sequence.
The search for N is stopped when a partition probability is null. When the probability pi
for some i is zero, the resultant entropy for that partition is ∞. The maximum value Ee can obtain
is unity. The situation where Ee can equal unity is when the resultant pi’s are equal. This measure
will be implemented in this work to show its application and implementation.

2.4 Statistical Modeling
After the symbol series has been created, the next step is the generation of the
probabilistic model of the system. For symbolic analysis, the probabilistic model is based on a
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Hidden Markov Model (HMM) [57] and is sometimes defined in the literature as a D-Markov
model (DMM) [36].

The SA algorithm approach generates states that are tracked through

probability of occurrences and does not necessarily need the state transition matrix defined to
accomplish this task. The changes in the system can be adequately captured through the states'
probability of occurrence.
The determination of the Markov model depends on the depth chosen to generate the
states of the machine from the symbol stream resulting in a fixed probabilistic structure. An
underlying assumption is that the system can be described as a Dth Markov chain. Recall that a
Markov process satisfies [46]

( |

)

( |

).

(7)

That is, the current symbol only depends on the previous D symbols in the symbol data
stream. The DMM is formed from subsequences of these symbols based on the chosen parameter
of depth.
The choice of D is currently an active research area. A depth value D > 1 means states
are constructed out of D-length symbol sequences. Given the size of the alphabet b, an upper
bound on the total number of possible states is given by | |

| | . Therefore, if the depth of the

algorithm is unity, the maximum total number of states in the algorithm is | |, or the total number
of symbols as was mentioned previously. Most sources tend to set this parameter to unity; in
other words the states are the symbols which minimizes the dimension of the model (Samsi,
2006). A possible method for determining a useful depth for the algorithm is discussed in [56].
The objective of this part of the methodology is to produce the stochastic state transition
probability matrix Π. The matrix

describes the statistical nature of the assumed

underlying system model. Given that it is a transition matrix, each row of the matrix Π sums to
unity representing a discrete probability distribution. Using the example from Figure 5, the
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resultant Π matrix is shown in Table 1.

Table 1: Example Π Matrix
State

S0

S1

S2

S0

0.6232

0.0382

0.3386

S1

0.3770

0.5847

0.0383

S2

0

0.3764

0.6236

As can be seen in the data, a transition from the upper partition to the lower partition in one
sample is not possible yielding the null state transition probability. As the state transition matrix
gets larger due to increasing the number of symbols or the depth of the model, more transitions in
the matrix become non-permissible. The state transition matrix will tend to have non-zero entries
along the off-diagonal as is seen in the table due to the nature of the time series data. Conversely,
some transitions are not permissible. An example is the transition from state
Construction of the Π matrix consists of sliding a window of length

in Table 1.
across the

symbol sequence and keeping track of the transitions between the states, Si, so that

(

),

(8)

is incremented for each recorded transition. In other words, when a transition from state i to state
j is recorded, the resultant state transition matrix entry (i,j) is incremented by one. Again, in the
simple case where D is unity the states Si of the model are simple the symbols bi. Assuming N is
large enough so that the probabilities contained in the Π matrix converge, frequency counts can
then be used to estimate the probabilities as
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( | )

(

( )

)
( )

.

(9)

The reasoning for calculating the state transition matrix is to be able to generate an anomaly
measure based on the transition probabilities. One objective of this dissertation was to investigate
SA to ascertain the information gained from using the transition matrix versus using only the state
probability vector alone or a combination of both for health management. The state probability
vector will be discussed in the next section.

2.5 Anomaly Measure
Eigen analysis is the next step to be completed once the Π matrix is constructed. The
objective of the analysis is to calculate the state probability vector (SPV). The SPV represents
the probability of occurrence of the states in the symbolic sequence generated from the captured
system data.

It also is capable of capturing changing statistics of the system over time while

reducing the dimensionality of the saved features. Example SPVs can be seen in Figure 4 and
Figure 5. The SPV enables the system state to be saved in a vector form instead of a full matrix.
This allows saving of system states through time as system life is consumed with minimal storage
requirements.
The SPV is a left eigenvector of the Π matrix given as

,

where

(10)

is the left eigenvector of Π and λi is the associated eigenvalue. In order to calculate the

SPV, the case where λi is equal to unity will yield the proper eigenvector. Evolving versions of
this vector derived from a degrading system are used to calculate an anomaly based on current
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operating characteristics of the system.

Proper measures must be defined to quantify the

magnitude of change between different SPV from different captures.
With the SPV defined, it is now necessary to quantify the difference between a healthy
SPV and degraded SPV derived from the system being monitored. Many different measures exist
to quantify the deviation from the baseline (healthy) case. Some of these include norms, standard
deviation, and the Kullback-Leibler divergence (Samsi, 2006). The Kullback-Leibler divergence
is a commonly used metric. It is defined as

∑

(

).

(11)

In (11), p if is the probability of state i at iteration f and the results are summed over the k states.
Note that this measure is not a measure of true distance as it is not symmetric. The anomaly
measure A, is calculated as an average of the two KL measures of

(

(

)

(

)).

(12)

An issue with this metric is the possibility of a state occurrence probability evolving to a null
state. This would generate an undefined measure for the anomaly. For this reason, other metrics
have been considered. Another metric used in quantifying an anomaly is the Euclidean norm of
the difference between SPVs and is given as

√∑(

) .

(13)

In addition to the above SPV metrics for anomaly quantification, metrics were also
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defined for quantifying an anomaly using the Π matrix. A Kullback-Leibler divergence metric
for this purpose is given as

∑

‖

(

)‖ .

(14)

This is the divergence between each row of the current Π matrix and the nominal Π matrix with
the result weighted by the nominal SPV. The other metric used for the Π matrix is a weighted
Frobenious norm given as

√

((

)(

)).

(15)

where Πf is a Π matrix from the current captured epoch of data, ‘*’ represents the complex
conjugate transpose, and the nominal Π matrix is derived from the baseline. The weighing factor
used is the nominal state probability vector in the Frobenious norm.

2.6 Decision Making
The anomaly obtained from the methodology can be considered as a measure of
degradation within the converter due to usage or other damage. This presents a direct means to
predict the remaining life of the system. A simple means to attain this is to threshold the anomaly
over time.

When the anomaly reaches or exceeds this threshold, the system is due for

replacement or service. This method is an improvement over scheduled usage maintenance. The
maintenance of the system is now carried out based on the condition of the system. When the
anomaly magnitude has sufficiently deviated from the normal healthy case, it is time to carry out
some standard maintenance procedure.
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This issue of “sufficiently deviated” from the normal healthy case is defined by
completing lifetime tests of the systems. In other words, the behavior and degradation of the
system is learned over typical or accelerated conditions. In this manner, these thresholds on the
anomaly can be defined from laboratory/experimental results or even field data as it is generated.
Another means of using the anomaly is to predict the remaining life up to the point at
which the anomaly will cross the defined threshold. Using this prediction of remaining life,
maintenance can be scheduled in advance.

An approach to accomplish this is by the

aforementioned Kalman predictor. The Kalman filter uses a model of the evolution of the learned
anomaly behavior, as was discovered through previous laboratory or field tests, and uses that as a
means of predicting the future anomaly measure based on the current system observation.
Described previously were means and methods that could use the anomaly to determine
and predict the remaining life of the system. The anomaly could also be used as a diagnostic
measure. If the system's operating environment changes, a reflection of this change could be
presented within the anomaly produced by the algorithm. This provides additional information at
the expense of perhaps not knowing the exact nature of the change (load, temperature, humidity,
etc.). The amount of change could be loosely quantified by the amount of anomaly generated by
the algorithm.
These are a few examples of uses of the generated anomaly from the algorithm. In this
dissertation, the anomaly will be implemented as a means to quantify the health of a dc-dc
converter as well as to be used to predict the remaining life of the converter through the use of a
Kalman predictor.
A drawback to the standard SA algorithm, common to many fault detection algorithms, is
that it is sensitive to external disturbances such as environmental or loading changes. These
changes perturb the operating characteristics of the converter causing an anomaly to be registered.
These disturbances, if they are required to be rejected, must be able to be detected and classified.
In general, these disturbances could enter into the operation of the converter through changes in
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the duty cycle or amplitude changes of the waveforms. For example, loading changes at the
output of the converter will cause a shift in the duty cycle of the converter. Also, these load
changes will affect the resulting waveforms due to this change in the duty cycle. A method could
take advantage of this change and use it to classify the event and therefore separate out this
loading condition from other conditions. This is the basis for this thesis in the presence of
loading changes.
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Chapter 3
DC-DC Converter Failure Modes
and Accelerated Life Cycle Testing

3.1 Failure Modes of DC-DC Converters
DC-DC converters are ubiquitous in modern electronics. Computers, televisions, phones,
video game consoles, and battery chargers are just a few applications where dc-dc converters are
implemented. With so many applications, common failure modes for dc-dc converters are bound
to surface.
There are a handful of known common failure modes of dc-dc converters that warrant
mentioning in the printed literature under dc-dc converter failures. Out of the literature, three
failure modes are most common: transistor failure, capacitor failure, and rectifying diode failure
[16]. Two of the above failure modes are semiconductors while the third is a passive component
failure, in which the failure usually is associated with the electrolytic variety of capacitor.
Two types of transistors are commonly used in dc-dc converters: MOSFETs and BJTs
although the latter are slowly being phased out for the more efficient MOSFET designs. This
thesis focuses on the former type for analysis as the dc-dc forward converter uses a 60V, 60A
MOSFET.
In this chapter, common failure modes of power switches (transistors), rectifying diodes,
and capacitors will be explored. These failure modes will then be combined with a failure
analysis of the proposed forward converter used for degradation analysis. These failure modes
will help identify possible locations for sensors to monitor for system degradation.

3.1.1 MOSFET Failure Modes
There are many failure modes common with MOSFETs that can be categorized under
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either packaging related or semiconductor related. Packaging related failures for MOSFETs can
be due to interconnect degradation and die attach solder fatigue. Semiconductor related failures
can be Time Dependent Dielectric Breakdown (TDDB), hot carriers, and electromigration
phenomena. Stresses on a MOSFET that can induce any of these failures can be thermally
related, either through peak temperatures and by thermal deviations, or by voltage and current
overstress. External vibrations can also lead to joint fatigue of the component on the printed
circuit board. Both electrical and environmental conditions can contribute to these stresses.

3.1.1.1 Time-Dependent Dielectric Breakdown
TDDB is the degradation mechanism of the insulating gate oxide in a MOSFET. This
failure is different than an Electro-Static Discharge (ESD) event. An ESD event will cause
instantaneous failure of the oxide layer (a punch through type failure) where TDDB failure is
gradual over time; however both failure mechanisms result in the same failure attributes. Either
failure causes the gate to become unusable and making the semiconductor incapable of switching.
TDDB can be accelerated by increased applied voltage at the gate but also by elevated operating
temperatures.

The continuous injection and discharging of charge into the MOSFET gate

eventually causes the failure of the dielectric [58].

3.1.1.2 Hot Carriers
Another failure mechanism affecting the gate of a MOSFET are hot carriers. These are
energized carriers (electrons in MOSFETs) that are capable of being trapped between the channel
of the MOSFET and the gate. The collective result of these trapped charges is degradation of the
MOSFET parameters such as the gate threshold voltage. This can result in reduced drain current
conduction when the MOSFET is in the ON state for a constant applied gate voltage. Conversely,
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the transconductance of the switch is reduced from hot carrier degradation. This is the only
failure mechanism that increases with decreasing temperature [58]. A simple explanation is that
at higher temperatures, the energy of a hot electron is high enough to reduce its probability of
getting injected into the gate oxide. At lower temperatures, a ‘sweet spot’ occurs and hot carriers
are energetic enough to embed within the gate oxide causing fluctuations in the gate threshold
voltage of the device.

3.1.1.3 Electromigration
Electromigration is the movement or migration of metal atoms with flowing electrical
current [59]. This phenomenon is accelerated by the large currents that can be present in the
switching device. The rate of migration will also increase with increasing temperature. The
movement of the metal atoms can eventually lead to voiding or hillocks (buildup of material) in
the device causing failure. This type of failure can be packaging related in the device and can be
minimized by proper design of the electroding in the package. Both the MOSFET and the
rectifying diodes are susceptible to this type of failure mode.

3.1.2 Schottky Diode Failure Modes
In converters that are not a synchronous type switching topology, diodes are used to
rectify the output of the dc-dc converter. These diodes tend to be a fast Schottky type diode
which minimizes switching losses and conduction losses. Individual failure modes of these
diodes are dissimilar to that of power MOSFETs. They can however, suffer from the same
packaging failures seen in MOSFETs.

For example, bond wires inside the packaging can

eventually degrade increasing the device's on-resistance. Stresses that affect diode degradation
are the same as MOSFETs, that is thermal, voltage, current, and vibration. Any electrical
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overstress can cause failure and thermal deviations can cause varying packaging wear out
mechanisms.
There are a few known failure modes associated with Schottky diodes due to the metalsemiconductor junction present in the device [60]. Other failures of the device could be related to
any isolating oxide layers in the device or by packaging failures.

3.1.2.1 Electromigration
Electromigration failures can result in a ‘soft’ breakdown characteristic of the diode.
This can occur in Schottky diodes due to metal migration into the semiconductor material. This
failure mode will result in larger magnitude leakage currents when the device is reversed biased
as the devices ages.
Additionally, another failure mechanism that can occur is contact migration in the
packaged diode. This metal migration can result in a short across the diode junction rendering it
useless. High current and temperature are the accelerating factors for this type of failure mode
[16].

3.1.2.2 Oxide Degradation
Potential degradation of an oxide layer, which is located within the junction of the device,
can cause the device’s parameters to change over time. Charge injected into this oxide layer
could lead to inversion of the silicon surface and failure of the device in reverse bias condition
[60].
These failure modes are all accelerated by operating and environmental temperatures and
electrical stresses. Some of the above failure modes could be determined from the Schottky
diode’s dynamic characteristics and from the results of accelerated life testing. For example,
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from [60], a long accelerated life test could indicate device degradation due to electron-hole
injection in the oxide layer. On and off state characteristics could also help identify potential
failure mechanisms in the diode.

3.1.2.3 Interdiffusion
Both MOSFETs and diode can suffer from interdiffusion phenomena in their packaging
as well. Interdiffusion is the degradation mechanism where two different species of materials
(For ex, silicon and aluminum used in packaging interconnects) begin to mix at the interface [61].
This resulting interface usually has poorer electrical characteristics compared to the individual
materials themselves. This degradation mechanism is accelerated through ambient and operating
temperature as well as the types of materials involved in the process.

3.1.3 Electrolytic Capacitor Failure Modes
Electrolytic capacitors account for the majority of wear out failures in switch mode dc-dc
converters.

Electrolytic capacitor wear out mechanisms are well understood in the dc-dc

converter community [62] [63]. Even though they tend to be a weak link in long term converter
operation, electrolytic capacitors' large available capacitance make them well suited for filtering
on the input and output of dc-dc converters.
Capacitor failures are usually the result of dielectric degradation in the cell. Over time,
the electrolyte in the capacitor begins to evaporate degrading the capacitor to the point where it
cannot perform its originally designed function. This degradation mechanism is reflective in the
capacitor as a gradual increase in the Equivalent Series Resistance (ESR) of the capacitor.
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3.1.3.1 Equivalent Series Resistance
Electrolytic capacitor ESR represents a lumped resistance parameter for the capacitor that
includes lead resistance and losses in the dielectric. These capacitors can experience a large
magnitude current ripple through them at the switching frequency of the dc-dc converter. As the
capacitor experiences this ripple, the ESR of the capacitor causes some of this ripple to be
converted into heat. This internal heat causes the electrolyte inside the capacitor to evaporate and
dissipate outside the capacitor. In severe cases, this can cause the capacitor canister to vent or
burst. High ambient temperature accelerates this degradation mechanism as well. As these
capacitors wear out, their capacitances change and the components may not be able to perform
their designed purpose. This can result in stresses appearing on the power switch which could
cause failure of the switch or worse dc output characteristics of the converter. The degrading
component also can cause the overall efficiency of the converter to degrade.

3.1.4 Thermally Induced Stress Failures
Thermal deviations can create stresses in interconnects and bond connections inside the
device packaging of both MOSFETs and diodes. Over many cycles, these interconnects can
break resulting in failure of the device. Void formations in the die attach due to cyclic stresses
can induce die hot spots which will accelerate failures inside the device as well [64]. The same
void formations have been shown to be a failure mechanism with lead-free based die attaches
[65].

Thermal deviations can be caused both by environmental and usage patterns.

Environmental effects are from daytime heating while usage patterns can be as simple as
powering a computer ON and OFF on a daily basis. The cumulative effect of these cycles
induces fatigue into the interconnects and solder joints of the device.
In summary, the above three failure sites are the most common for dc-dc converters. A
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failure in the power MOSFET or rectifying diodes will cause complete failure of the dc-dc
converter while a failed capacitor may or may not cause complete failure of the converter. It is
possible for the converter to continue to operate with a failed capacitor with degraded
performance.
Other components that have been known to fail but not with as high a probability as the
previously discussed three are the PWM control IC and optoisolators (assuming an isolated dc-dc
converter) [17]. Optoisolators have been monitored by tracking the current transfer ratio (CTR)
of the optoisolator. The CTR of an optoisolator is representative of the current gain of the device
between input and output and can vary over production runs and operating conditions. The PWM
IC can fail by being exposed to thermal and electrical conditions beyond what the device can
handle. Failure of this control IC will cause failure of the dc-dc converter.
In this work, the PWM IC will not be directly monitored for degradation; however,
changes such as in the switching frequency due to drifts in the internal oscillator may be picked
up in the other signals that are being monitored. Additionally, optoisolators will not be focused
on as the present forward converter design does not include any isolator in the feedback path.

3.2 Forward Converter Failure Analysis
The forward converter tested in this thesis was designed to accept an input of 15 V dc and
to provide an output 10 V dc at 5 A with 10 A as its absolute maximum capability. This last
output condition is determined from the absolute maximum operating characteristics of the
converter’s individual components. The components selected for monitoring of degradation
during testing are the power MOSFET, rectifying diodes, and the input and output capacitors.
The signals that will be monitored and recorded are the MOSFET Drain-to-Source voltage, the
free-wheel output diode cathode-to-anode voltage, the converter output voltage, and the LEM
current sensor output voltage which measures the input current into the switch and transformer
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(which inherently includes the transformer magnetizing current).

3.2.1 MOSFET Drain-to-Source Voltage
Identifying the specific failure modes of the individual components is not necessary for
this work. However, each part does have some failure modes that could potentially be recorded
during the testing phase. For the power MOSFET, the drain-to-source voltage that is monitored
could track changes in the ON-state dynamics of the power switch. That is potential changes in
Rds,on could reflect in the ON state voltage across the device. Example MOSFET drain-to-source
voltage is shown in Figure 6.
Example MOSFET Voltage Time Series Data
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Figure 6: MOSFET Drain to Source Voltage Time Series Data Example
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3.2.2 Diode Cathode-to-Anode Voltage
The cathode-anode voltage of the free-wheel diode will be more difficult to relate to
actual device degradation. Due to the fact the DAQ is a uni-polar system (recording positive
voltages only due to the single sided buffers), the diode’s ON-state voltage will be slightly level
shifted positive in order to be able to track it. Otherwise, the DAQ system will record ground
level signals due to clipping and ignore the on-state forward voltage. An example of the captured
diode time series data is shown in Figure 7.
Example Diode Time Series Data
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Figure 7: Diode Cathode-Anode Voltage Time Series Data Example

3.2.3 Input and Output Capacitor Voltage
The component that will most likely show a degradation mechanism over time that is
being monitored is the electrolytic capacitors used in the design. As discussed earlier, the
converter's increased ambient operating temperature will cause the capacitors to degrade in an
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accelerated manner. This effect will translate into increased ripple in the output voltage and can
be picked up by the symbolic algorithm as a change in the range of the monitored output voltage.
The output ripple is given as

,

(16)

where, vo is the output voltage ripple, Z is the impedance of the electrolytic output capacitor and i
is the capacitor ripple current. It is known that i is fixed by the output inductance in the output
filter and that Z can be assumed to be equal to ESR. Therefore,

,

(17)

making it possible to track the ESR of the output capacitor as it degrades by measuring the output
voltage ripple of the converter [62]. This will make it possible for the Symbolic Analysis
algorithm to potentially react to changes in the ESR of the electrolytic capacitor. An example of
the captured time series data of the output voltage is shown in Figure 8.
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Example Output Voltage Time Series Data
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Figure 8: Output Voltage Time Series Data Example
The voltage across the input capacitors was also monitored in later converter testing for
the same reasons for monitoring the output capacitors.

3.2.4 LEM Current Sensor Output Voltage
The converter used in the testing utilizes current mode control. That is, the current
related to the output inductor is controlled simplifying the loop analysis and control design. The
inductor current is sensed through a LEM current sensor on the primary side of the converter.
When the switch is on, a scaled version of the output current is present on the primary winding as
the switch current. The resultant voltage from this sensor is then used for monitoring as possible
increases in current could be an indicator of degradation given a fixed load. Simultaneously, the
switch current could also be used to estimate the output loading of the converter given the known
output voltage and estimated duty cycle. A snap shot of the LEM current time series data is
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shown in Figure 9.
Example LEM Switch Current Time Series Data
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Figure 9: LEM Current Time Series Data Example
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Chapter 4
Application of Symbolic Analysis to dc-dc converters
The application of Symbolic Analysis (SA) to health monitoring of switch-mode dc-dc
converters is described in this chapter.

Two key issues are addressed: ensuring adequate

sampling of the waveforms and accommodating load variation. The sampling rate required to
monitor the health of a dc-dc converter using SA is on the same order as the converter switching
frequency, making the application of SA to dc-dc converters fundamentally different than prior
applications of SA to electromechanical systems wherein the sampling rate was several orders of
magnitude greater than the natural frequencies of the system. The normal variation in loading of
a dc-dc converter can be viewed as a stochastic process with a time scale that is intermediate to
the system dynamics and the degradation dynamics, making it difficult to distinguish whether an
increase in anomaly measure is attributable to changing load (a false alarm) or degradation.

4.1 Signal Features
The sampling frequency of the system must be chosen such that signal features relevant
to system degradation can be captured and analyzed by the SA algorithm. Given that the
underlying system in this work is a dc-dc converter, the dominant signals will be ‘PWM-like’ in
nature. From these signals, quantities such as ON time and duty cycle are well-defined metrics
that can be perturbed by system degradation. The specific features of these waveforms will now
be further discussed.
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4.1.1 Pulse Width of Switching Waveforms.
Due to the switching in dc-dc converters, the critical signals have essentially rectangular
pulse waveforms with varying ON time or duty cycle as shown in Figure 10.

Figure 10: Example Square Wave with Duty Cycle Definitions
The duty cycle of the transistor is controlled variably to regulate the output voltage. In
the ideal case, when the converter is operating in steady state with constant input voltage, output
voltage, and output power, the duty cycle remains constant at a nominal value. As the converter
components age and their I-V characteristics change, however, the duty cycle may be perturbed
from its nominal value. Thus, the duty cycle represents a feature that can be used to monitor
degradation.
When the dc-dc converter is in this steady state operating condition, the captured data
satisfies the two-time-scale assumption. A capture is defined as a short instance of time at which
data is captured. This capture time is on the order of thousands of converter periods and it is
assumed that the process statistics are stationary within this time period. Therefore, the duty
cycle can be estimated during this time period. If it is assumed that there are no changes in the
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loading of the converter, then the duty cycle remains constant. However, the duty cycle estimated
from capture to capture can vary due to degradation in the converter. This again satisfies the twotime-scale assumption; the duty cycle is in a steady state condition during each time series
capture but can vary across several data captures. Assuming the amplitude of the square wave
remains invariant over time; changes in duty cycle would change the counts in the two extreme
states of the partitioning of the time series data used in the SA (whether it is uniform or ME
partitioning).
If the duty cycle is perturbed from the baseline case, a shift in the sample counts in the
two extreme partitions is created assuming adequate sampling (more on this in a later section).
For example, if a noiseless waveform is sampled at NS samples per period, the total samples in the
ON portion of the waveform would be

(

), where D is the duty cycle of the waveform

(specified as the fraction of time the waveform is ON). This also shows that there is a minimum
duty cycle in order to estimate the duty cycle of the system with a given sample rate. This
minimum rate could be determined by whether or not the system is synchronously sampled to
transitions of the waveform or asynchronously as well as the frequency of the waveforms. In this
work, the data was sampled asynchronously. Low rate sampling will further be discussed in
Section 4.2.
In addition to low rate sampling, the effects of noise will be analyzed in Section 4.2.
Noise has a minimal impact on this estimation. Ideally, in a binary partitioning scheme, an
increase in duty cycle would increase the points contained in one partition while subtracting from
the other partition. That is, the probability of these partitions shift with the change in the
distribution of the samples associated with the duty cycle increase. In essence, the algorithm
becomes a duty cycle estimator by averaging all of the ON time capture points over the total
captured points in the time series data. The probability of the other partition would then result be
1 – D.
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4.1.2 Amplitude of Capacitor Voltages
Another aspect of these types of waveforms that can be used in degradation tracking is
the amplitude of the waveforms. Taking a two-time-scale approach, this feature would also
satisfy this assumption. Under an individual time series data capture, the amplitude will remain
invariant ignoring external effects. However, as in the case of the duty cycle feature, across
multiple time series data captures, the amplitude could vary, acting as the degradation feature.
As the system degrades, changes in the amplitude of the signal can affect the data that fall
into the separate partitions. This in turn will affect the probability of occurrence of the states of
the algorithm. Again, the states are formed from the symbols assigned to each of the partitions
and groups of these symbols form the algorithm states. Recall that in the case of unity depth, the
states of the algorithm are the symbols themselves.
As an example of degradation captured through SA, the output voltage of regulated dc-dc
converters can be monitored. The output voltage is obtained by passing the switch voltage
through a 2nd-order filter formed by an output inductor and output capacitor. The output capacitor
is usually an electrolytic variety for its bulk capacitance.
The output inductor current ripple is bypassed through the output capacitor producing a
voltage ripple that depends on the characteristics of the output capacitor.

An electrolytic

capacitor can be modeled as an ideal capacitor in series with a resistance known as the ESR of the
capacitor as was mention earlier.

Thus, the output voltage ripple is comprised of two

components: the voltage across the ideal capacitor, which is proportional to the integral of the
inductor ripple current, and the voltage across the ESR, which is proportional to the inductor
ripple current itself. As the capacitor ages, this ESR tends to increase thereby increasing the
output voltage ripple. A non-ideal capacitor model is shown in Figure 11 along with plots of
output voltage ripple and its components. The mean value can be observed to be approximately
9.51 V.
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Figure 11: Non-Ideal Capacitor Model and Example Voltage Ripple
The output voltage ripple is a feature that could be tracked and used to determine the state
of health of the output capacitor and symbolic analysis is capable of completing this as well. The
symbolic analysis would follow exactly that of an amplitude change for the pulse based
waveforms. The increased output voltage ripple would increase counts in the extreme partitions
of the analysis and change the resultant state occurrence probabilities.

4.2 Sampling
Sampling PWM based signals presents a challenge for monitoring these signals for
degradation. As explained earlier, these signals are square wave in nature. In theory, this quality
gives the signals an inherently infinite frequency composition. In practice, the square wave
(pulse train in general) has a wide bandwidth but due to physical limitations of the system, is not
infinite. Given the dc-dc converter that is being examined in this dissertation, the resultant PWM
waveforms can be described adequately as pulse trains [66].
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4.2.1 Low-Rate Sampling
Typically data is acquired at a rate of an order of magnitude or more of the desired
frequencies of interest in the system. In this work, we define low rate sampling as at a rate of a
few multiples of the frequencies of interest. This can present problems with analyzing the data.
As with a square wave, an ideal pulse train can be decomposed into an infinite number of
frequency components, but a physically produced pulse train is inherently bandwidth limited.
This finite bandwidth is manifested in the finite rise and fall times of the waveform. Figure 10
represents a pulse train with a duty cycle of 25%.
The Fourier series decomposition of an ideal pulse train is given by

()

∑

(

)

(

),

(18)

where D is the duty cycle of the pulse train, f0 is the frequency of the pulse train, and A is the
amplitude of the waveform. In Figure 10, the amplitude A is unity. One could quickly deduce
that the Fourier spectrum of a square wave is a special case of the pulse waveform spectrum with
D equal to 0.5. As can be deduced from (18), the spectrum content of an ideal pulse train is
infinite.
Reconstruction of a sampled continuous-time signal depends on the spectrum of the
signal. If the signal is band limited and this limit is known, the Nyquist sampling theorem applies
and the signal can be fully reconstructed. If the spectrum of the signal is beyond the Nyquist
limit an anti-aliasing filter must be implemented. This anti-aliasing filter yields a band-limited
output, in the ideal filter case, that can then be sampled and later reconstructed.
This anti-aliasing filter can cause problems detecting degradation in the converter for low
sampling rates of high frequency content signals. The anti-aliasing filter can remove significant
amounts of information from the signal by attenuating significant portions of the frequency
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spectrum. If the sample rate of the ADCs is sufficiently high to retain the majority of energy
contained in the frequency harmonics, this filtering will have minimal impact on the algorithm
performance. To accomplish this requires fast sampling equipment that is neither cost effective
nor computationally efficient.
Depending on the sampling rate, the anti-aliasing filter could remove degradation
information contained in the pulse train waveform. As seen in (18), the resultant amplitudes of
the harmonics depend on the commanded duty cycles. At 50% duty cycle, the familiar result for
square wave analysis is obtained with a possible dc component of ⁄ .
This is an important result in sampling these types of signals for degradation analysis.
The duty cycle affects not only the magnitude and order of the harmonics of the signal but also
that of the dc component. If the signal is passed through an anti-aliasing filter, the dc component
is preserved but the other harmonics are attenuated, with the amount of attenuation depending on
the cutoff frequency and attenuation of the filter and the duty cycle of the pulse train. The loss of
information in the frequency spectrum can be minimized if the sampling rate is adequate to
capture the majority of the dominant harmonics of the waveform and no anti-aliasing applied to
the data. Approaching the problem this way will create digitized data that cannot reproduce the
original continuous time data; however, in this case reconstruction is of little importance in the
methodology.
As an example, if an anti-aliasing filter is implemented on a duty cycle waveform, the
resultant probabilities can become skewed. If a PWM waveform with a duty cycle of 5% has an
anti-aliasing filter applied with a -3dB frequency of 300 kHz, the resultant waveform sampled at
800 kHz is shown in Figure 12.

58

16

Unfiltered Data
Filtered Data

14

Amplitude (V)

12
10
8
6
4
2
0
0

0.2

0.4

0.6
Time (s)

0.8

1

1.2
-3

x 10

Figure 12: Comparison of Filtered and Unfiltered Data
When the algorithm is implemented on this data, the estimated duty cycle is 3.51% which
represents a 30% difference from the true 5% duty cycle. If no anti-aliasing filter is applied to the
data, the resultant estimation is 4.84% which is approximately a difference of 3.2% compared to
the original 5% duty cycle. In this application, it is important to not unduly filter the data through
the use of anti-aliasing filters because of this effect. Throughout this presented work, all the data
captured and shown was not pre-filtered before sampling. Low rate sampling of the pulse data
can also present a limit on the minimum duty cycle identified by SA. In the example above, for a
5% duty cycle waveform, the estimation of the duty cycle as 4.84% presents a small error within
the algorithm.
The method of partitioning in SA is a form of amplitude partition of the time series data.
The method of amplitude partitioning the data allows for the implementation of the algorithm
without anti-aliasing filters. The procedure of amplitude partitioning through SA also allows for
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implementing data sampled at low rates compared to the fundamental frequencies observed
within a system.

The next section details an analysis which investigates the steady-state

convergence of probabilities of a two partition system with respect to low sampling rates. In
addition, the effects of noise are also investigated.
With a low rate sampling, it is necessary to determine if the probabilities within the
algorithm will converge within the assumed statistically stationary data capture. In addition to
determine if these probabilities converge, it is also advantageous to determine how system noise
can affect algorithm performance. The next analysis explores the algorithm's probability of
convergence with ideal (noiseless) data, noise-corrupted data, and real experimental data.
Experimental data will be decimated, without filtering, in order to reduce the rate at which it was
sampled and the convergence of the algorithms probabilities will be explored under different
sampling rates. The process of decimation consists of only removing the desire time series data
points.
Noise can have a negative effect on the total number of periods needed for the
algorithm’s probabilities to converge.

The convergence properties of the algorithm were

explored using the experimental dc-dc converter data to determine how many periods were
required to achieve convergence. This was again undertaken using a binary partitioning scheme.
In addition, the effect of noise on convergence was also investigated through both a noiseless and
additive noise simulation. Convergence of the algorithm probabilities in this work was defined as
the point at which the probability of the two-partition system has reached a difference of 8e-3 or
less between consecutive iterations. In this manner, the probabilities of the two partitions are
used in this analysis. In other words, each iteration of the algorithm was implemented on
additional data until

‖

‖

(19)
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[

In (19), NPoints is the total number of points available for analysis and

]

which represents the final probabilities from the two partition system calculated from an entire
data capture of 200 kSa. The result of this calculation using the experimental diode data and a
two-partition algorithm is shown in Figure 13.
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Figure 13: Probability Convergence for a Two Partition Algorithm using Experimental Diode
Data
The data implemented was from the experimental test and also included the noise in the
experimental setup. This result shows that indeed, at a sampling rate of 100 kHz, the partition
probabilities still converge. The threshold presented in (19) was based on the results of the norm
calculation shown in (19).

The empirically chosen threshold worked well for all cases and for

example, shown in Figure 14 are the convergence curves for the experimental case resulting from
implementing (19).
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Figure 14: Experimental Error Curves
These error curves were calculated on a data point basis therefore there is a periodic
nature inherent in the data. This periodicity depends on the total number of samples per period
and for the case in which there are approximately eight points per period, the periodicity of the
waveform is every eight data points. The periodic behavior seen in Figure 14 is a result of the
non-synchronized sampling of the data. The true frequency of the converter was 103.336 kHz
while the sampling was approximately 774 kHz. The different periods observed in each plot are
due to the decimation of the original data. For the plot with no decimation, the points per period
were just less than eight points per period representing the case where the 103 kHz waveform is
sample at 774 kHz.
The results from this analysis were than compared to those generated by simulation in
MATLAB using a noise free environment. The parameters used were a duty cycle of 26.76% and
a 103.336 kHz square wave as estimated from the experimental data. The sample rate used was
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approximately 774 kHz. A Simulink (see Figure 15) simulation was used to rate limit the rise and
fall times of the diode waveform to those obtained through the buffer amplifiers (±20 V/μs) and a
single pole low pass filter with its pole at 900 kHz was used to simulate the bandwidth of the
implemented DAQs. The first results using this model will not implement the noise block so that
the results are generated from an ideal noiseless system.

Lowpass
Random
Noise Source

data

DAQ Lowpass Filter
Approximation

simout1
Output Data

Buffer Ampilfier
Rate Limiter

Input Data
Scope

Figure 15: Simulink Model used for Non-linear Simulation of Diode Data
An example of the simulated data without noise is shown in Figure 16.
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Simulated Diode Data without Noise
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Figure 16: Simulated Noiseless Diode Data
Note that the square pulses are easily discernible in the figure. The next figure (Figure
17) shows the results of probability convergence for the noiseless case.
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Simulated Convergence of Two Partition System
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Figure 17: Probability Convergence for a Two Partition Algorithm using Simulated Diode Data,
Noise Free
In the figure, it takes slightly more periods to converge to the probabilities of the twopartition system as compared to the experimental data. The difference in the number of periods
to converge between this noiseless case and the experimental case is negligible and can be
attributed to the use of a threshold to determine when the algorithm probabilities have converged.
The errors plots are shown in Figure 18.
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Figure 18: Error curves from Noiseless Simulation
The periodicities of the waveforms are similar to those seen in the experimental data. To
determine noise effects on convergence, the characteristics of the system noise were estimated
from an oscilloscope capture of data taken from the output of the buffer amplifier of the diode
data channel. The noise contained in this data is assumed to be white noise. The variance of the
noise was then estimated from this data capture. The oscilloscope-captured data is shown in
Figure 19. The data was sampled at a rate of 250 MHz. The capture includes about four
complete periods of the diode waveform as captured from the output of the buffer stage.
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Oscilloscope Captured Diode Data
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Figure 19: Oscilloscope Captured Diode Data
A subset of the above data is taken in order to estimate the noise in the data. As was
mentioned previously, the noise in the system is assumed to be white noise with zero mean. It is
also assumed that the noise in the system can be modeled by a Gaussian distribution. A
histogram of the extracted noise from the diode data is shown in Figure 20.
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Figure 20: Noise Histogram from Oscilloscope Captured Diode Data
As can be seen in the figure, a Gaussian assumption is verified. The variance estimated
from this set of data results in a value of 0.0284. This variance measure was added in the noise
block of the Simulink simulation to generate the corrupting noise process. Using this noise
property, the convergence simulation was executed again this time implementing noise corrupted
diode data. Figure 21 shows a portion of the diode data with added noise implemented in the
algorithm. The convergence results are shown in Figure 22.
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Simulated Diode Data with Noise
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Figure 21: Simulated Diode Data with added White Gaussian Noise
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Simulated Convergence of Two Partition System
450
400
350

Periods

300
250
200
150
100
50
0
0.5

1

1.5

2
2.5
fs /fNyquist

3

3.5

4

Figure 22: Probability Convergence for a Two Partition Algorithm using Simulated Diode Data
with Gaussian White Noise
This figure shows that it takes fewer periods to converge compared to the noiseless case.
This is due mostly to the thresholding used in all cases to determine when the system has
converged. The results shown in Figure 22 match those obtained in Figure 17 closely. In all of
the cases, a threshold of 8e-3 was implemented. The error curves are shown in Figure 23.
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Figure 23: Error curves from Simulation with Noise
The error curves are very similar to those obtained from the noiseless simulation. Slight
differences in the simulation can cause the different results for the number of periods needed to
obtain a good estimate of the duty cycle of the waveform. This exercise has demonstrated that
noise has a minimal effect on the results of the algorithm and that sampling at a significantly
lower rate then what would normally be required by the Nyquist criterion still results in the
convergence of the partition probabilities.

4.2.2 High-Rate Sampling
In some cases, the system is sampled at a rate much higher than needed to capture the
system dynamics. This high rate sampling is when the system is sampled at multiple orders of

71
magnitude of the frequencies of interest. In this oversampling case, the resultant data may
include many repeated symbols. Such repetition does not improve the results of a statistical
symbol analysis [37], as these repeated symbols offer no new information. In this case, many
methods are known to decimate or reduce the data. To also reduce computational complexity and
overhead, two methods will be described briefly to reduce the data.
The first criterion to check for adequate sampling rate is the autocorrelation function of
the capture time series data sequence. According to [37], it is common to use a significant
fraction of the first zero crossing of the autocorrelation function as a determination for the
sampling interval. The idea of using the first zero crossing is that these samples are highly
uncorrelated leading to possibly greater information gain without requiring high sample rates. An
estimate for the sampling period can thus be inferred from the resultant plot. Recall that the
autocorrelation of a sequence is given as

(

where [ ] is the expectation operator,

)

[(

)(

)]

,

is the mean at time t1, and

(20)

is the standard deviation

at time t1.
Shown in Figure 24 is the autocorrelation sequence of the raw data from a time series
data capture processed over three periods of the data. The data used in the analysis was captured
from the MOSFET.
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Figure 24: Autocorrelation Sequence of Raw MOSFET Data

The plot demonstrates that the greatest correlation occurs when the sampling period
coincides with the PWM waveform period. The significant information in the plots are the
location of the first zero crossing in the sequence. In Figure 24, the zero crossings occur at
approximately 0.2 periods or 2 μs. This corresponds to a sampling rate of 500 kHz. Thus, the
800-kHz rate in this research satisfies both the Nyquist criteria and the “autocorrelation rule”. In
fact, the autocorrelation rule indicates that the sampling frequency could be reduced to 500kHz.
Another method that was investigated by [37] includes using mutual information as a
measure for inter-sample delay determination. Mutual information is a method that quantifies the
dependence between two variables or between two samples in data. The idea with using mutual
information is that neighboring samples should be as independent as possible in order to
maximize the utility of the data in symbolic analysis.

By using mutual information, an
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intersample delay can be estimated by observing how much information is also contained in
future samples. Mutual information for two discrete random variables is given as

(
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∑
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),
( ) ( )

(21)

where p(x) and p(y) are the marginal probability distributions of X and Y, respectively, and p(x,y)
is the joint probability of X and Y. The challenge is in estimating the necessary distribution
functions and the joint distribution function for the variables. In the equation above, the log
argument was labeled with a base of 2 to allow the mutual information measure to have the unit
of bits.
Using a data capture, the distributions were estimated using a uniform grid comprised of
256 bins across the range of the data. The joint distribution was estimated using 256 bins across
both distributions. The resultant mutual information as a function of normalized period is shown
in Figure 25.
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Figure 25: Mutual Information of Raw MOSFET Data

As observed with the autocorrelation, the mutual information has peaks where the PWM
period repeats. This is understandable since as the waveform repeats, the value of the next
sample in the period should be predictable knowing the past value one period before. This is
what the mutual information plot is showing: samples one period away have similar information
content.

The best choice of intersample delay occurs at the first minimum of the mutual

information function [37]. Using the plot in Figure 25, the first minimum occurs at one half the
PWM period. This delay makes sense as a point on a PWM waveform one half cycle away will
most likely be the most independent. In theory, if the data stream is long enough to satisfy the
convergence properties with respect to the two-time-scale assumption, then two points per
switching period could be sufficient resulting in the Nyquist sampling rate (200 kHz).
In summary, the best methods to use to determine sampling period in PWM systems are
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based on known system parameters or by using the autocorrelation method. Knowing the exact
switching frequency of the converter is helpful in determining a rough guess for a sampling rate
while the use of the autocorrelation method also will produce a similar rate and confirm the
original choice of rate. Mutual information provided very similar results to the autocorrelation
method with minimums occurring one half period away. As was seen with the autocorrelation
method, mutual information had maximums at every period multiple. This discovered sampling
rate is the rate that is to be used in the SA algorithm.

4.3 Converter Loading Algorithm Methodology
Given a symbolic analysis baseline of a dc-dc converter operating at a particular load, a
large anomaly measure may be produced when analyzing at a different load. This is undesirable
as it generates false alarms in the monitoring system. A methodology is needed that can handle
load changes and use the SA algorithm simultaneously.
A straightforward approach would be to only sample the system when it is at the proper
load level. This is most certainly a possibility; however, it adds complication to the analysis and
monitoring can only be completed at certain points of operation. Another solution would be to
determine what the current loading level of the converter is and take that into account in the
calculation of the anomaly measure. This is summarized in Figure 26.
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Figure 26: SA Loading Level Classifier

Throughout the testing of the dc-dc forward converters, two load levels were used (in the
final test, a total of three load levels were used). Generating a histogram of the mean of the
MOSFET data captured over the entire test period resulted in probabilistic distributions related to
loading that are separable for classification. Figure 27 shows the results for the first 1,500 hours
of testing of Forward Converter 1 (FC1). The mean of the entire data capture was used so that a
scalar value could be easily obtained for each captured epoch.
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Figure 27: Histogram of 1,500 Hours of Mean MOSFET Data

As seen in Figure 27 the two load conditions are indeed easily separable. This leads to
the realization that a thresholding algorithm could be used to classify the data into which load
level was captured. For example, a threshold of 7.1 V would satisfy the requirement and produce
(in this example) perfect classification of the data into one of two load conditions.
Using this method requires multiple baselines of the dc-dc converter under the SA
algorithm. Using the above figure as an example, we would need two different baselines to
compare the classified data; one for the overload (200%) and one for the full load (100%). A
drawback to this implementation is this need for many baselines for a dc-dc converter that has
many loading conditions. An advantage is the ease of implementation of this algorithm to the
front end on the SA algorithm (Figure 28) as well as the applicability of the above determined
threshold to the other accelerated tests. In other words, the threshold can be defined from one
converter test and implemented on others that are under similar test conditions. This will be
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expanded to three loading levels using the last of the converter tests.

Figure 28: Enhanced Symbolic Analysis with Load Level Determination
Converter test FC4 contained three different loading levels and due to this, the thresholds
were refined for the additional loading. The resulting histogram of the mean MOSFET voltage is
shown in Figure 29.
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FC4 Mean MOSFET Histogram
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Figure 29: FC4 Mean MOSFET Histogram

All three distributions can be individually classified for the SA algorithm. A LikelihoodRatio-Test (LRT) is used to determine the threshold levels to be used in the algorithm. The
distributions in Figure 27 and Figure 29 are assumed to be Gaussian. This leads to the definition
of the LRT to be

( |
( |

)
)

(
(

)
,
)

(22)

where,

( |

)
√

(

(

)

)

.

(23)
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In (23), define those quantities with subscripts of 1 to be associated with one load
condition and those with subscript 2 be associated with the other loading condition. The prior
probabilities are estimated from the data presented in Figure 29. The mean and variance of the
distributions are also estimated from the data. With the distributions completely defined, they are
substituted into the LRT equation as well as the threshold,

(

)⁄ (

), defined as the

ratio of the a-priori probabilities. This results in
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Taking the natural logarithm of both sides and simplifying results in
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Solving the second order equation yields the thresholding levels to be used in the SA
algorithm. The parameter η was chosen to be the ratio of prior probabilities as given in (22). The
occurrence probabilities were estimated from the same data used to generate Figure 29.
One root is the correct solution in that it falls between the two distributions whereas the
second root falls outside the distributions and is invalid for thresholding the data. The calculated
thresholds are shown in Figure 30.
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Figure 30: FC4 Calculated Thresholds for Load Determination
The reason for using FC4 to generate the threshold for all cases is seen in Figure 31. As
can be observed, the generated thresholds from test FC4 are applicable in all four test cases. The
differences between the tests are slight difference in the test characteristics. Each converter’s
output voltage was slightly different with FC1 being significantly different. FC1’s output voltage
was set for 8.5V while the other three cases were set at 9.5 V and for FC3, later set for 10 V.
By using FC4, the generated thresholds will work for all four cases enabling automatic
decisions between loading levels including the 150% loading level which was not present in the
first three test cases. It is also simple to observe how the thresholding works for the modified SA
algorithm. If the mean of the incoming MOSFET data is greater than the larger threshold, the
loading is 100%. If it is lower than the lowest threshold, the loading is 200%, otherwise it is
150%.

82
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Figure 31: Mean MOSFET Data over all Tests and Generated Thresholds from Test FC4

Another option that can be used to determine loading condition is to estimate the
instantaneous output power of the converter. To complete this in real-time, the mean of the
output current and output voltage are needed.
In the testing of the converters for this work, the output current was not monitored and
only the output voltage was recorded. However, the switch current was recorded and that signal
could be used to estimate the current output power of the converter. Monitoring the switch
current or more directly, the output inductor current is typically done in off-the-shelf converters
that utilize current mode control. Keeping the sensor on the primary side of the transformer
reduces the part count of the converter.
To estimate the load current, the duty cycle of the converter is first estimated from the
ON time of the switch using the switch current from the LEM current sensor. Once the duty
cycle is known, the switch current is then scaled by the duty cycle and the root-mean-square
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(RMS) of this scaled current during the converter ON time is calculated. The result of this
calculation is the RMS input current. This current is then coupled across the transformer to the
secondary as

(26)

Where, is is the secondary current, ip is the primary current, and N1 and N2 are the primary and
secondary turns of the transformer respectively. This value then represents the estimated average
output current of the converter. Once this is calculated, the mean output voltage can be calculated
and the power estimated.
A portion of the error using this method can be attributed to the inclusion of the
transformer magnetizing current reflecting to the output current.

This happens since the

magnetization current is also included in the switch current and the magnetization current is used
in the magnetic core to generate the magnetic coupling field between the windings. Hence, this
current does not link to the secondary and to the output.

In the converter design, the

magnetization current is about 1% of the total primary current. This will minimize the error in
the estimation of the output power.
The other issue is that the primary current is sensitive to converter degradation. Even if
the converter is continually supplying the same amount of output power, degradation would cause
the input current to slightly increase under the assumption of fixed input voltage. This would
cause the output power to apparently start to drift as well as possibly causing an error in
classification.

However, this method coupled with the previous method results in a better

classifier by combining information to identify loading conditions.
Although the above methods have been worked out for three discrete loading cases, the
methodology could be expanded into more if required. Two limitations must be kept in mind:
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1) The chosen loading conditions must be separable in order to be classified from other
nearby loading conditions to minimize classification errors. As the system degrades,
neighboring baseline conditions could be used to compare a different degraded loading
condition during operation, i.e., a mislabeled loading condition would occur.
2) There is no limit to the number of individual baseline cases one can model; however, one
must be aware of limitation 1 and also be aware of limitations of the monitoring system
to achieve real time analysis. That is to ensure the real time analysis system can handle
the workload.
These constraints will allow the original methodology be expanded from the dual and triload cases described above. This is important as many converters are not necessarily operated in
one loading condition. An example is the power load for a computer during an idle process and
intensive data processing. Load monitoring points can be chosen based on past known usage
histories. That is, if a system resides at loading condition ‘A’ for a significant portion of its life,
then it makes intuitive sense to choose this loading condition for monitoring and if another
condition is present, ignore the data until the system returns to condition ‘A.’
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Chapter 5
Forward Converter Anomaly Detection Results
The methodology detailed in Chapters 2 and 4 was validated using experimental data
obtained from four individual dc-dc forward converter test runs. Complete data on all the tests
including load changes and suspensions in testing are located in Appendix C. The objective is to
demonstrate the capture of converter degradation from PWM waveforms through analysis of the
recorded time series data.
Since these converters are not necessarily operated at a single load point throughout their
lifetimes, the tests have mimicked a basic real-world condition whereas the loading of the
converter randomly changes between two loading states or three loading states. These loading
conditions will also be used in the loading classification routine to validate the methodology.
As there are many possibilities to display the results from all the converter tests, the table
below (Table 2) summarizes the results that will be presented throughout this chapter. All four
data captures will be presented with uniform partitioning. In the cases that involve the diode,
output voltage, and LEM sensor data, the routine used to determine the number of symbols results
in two for both ME and uniform partitioning. This choice in the number of symbols creates
results similar between uniform and ME partitioning therefore only the uniform results will be
shown. The number of symbols determination routine for the MOSFET data returns four for
uniform and five for ME generating significantly different results and because of this, the results
will be shown for both partition methods.
For quantifying the anomaly, Euclidean distance metrics will be used with all data
sources and the KL Divergence will be demonstrated with the diode data. The Euclidean distance
metric did not have the issues with zero probability states as the KL Divergence has and therefore
the results for the KL Divergence will be shown minimally. Also summarized in the table are the
symbol choices for each of the data types for both types of partitioning methods. Since the results
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with two partitions for the diode, switch current, and output voltage are similar between uniform
and ME partitioning, the results will not be shown.
Table 2: Converter Results Possibilities
Results

Number of Symbols

Uniform

ME

Uniform

ME

Partitioning

Partitioning

Symbols

Symbols

MOSFET

4

5

Diode

2

N/A

Switch Current

2

N/A

2

N/A

(LEM)
Output Voltage

The partitions were determined from the routines described in Chapter 2.3.

The

Euclidean metrics perform similarly as with the KL Divergence metrics; however, the Euclidean
metrics do not suffer from the event where a future state may evolve to zero. The KL Divergence
becomes undefined in these conditions. Additionally, the results between the state probability
vector (p-vector) and the calculated state transition matrix (Π-matrix) will be discussed.
Forward converter 1 was the first test performed for this work. This test was primarily
used to evaluate the test rig and testing parameters. However, the data recorded from this test is
still useful and will be discussed briefly. The next three tests were completed with lessons
learned from the first converter test and the results will be discussed in more detail. Forward
converter test one will be discussed first. The data length captured for the analysis is described in
Appendix B with the data lengths being 200,000 samples.
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5.1 Forward Converter 1
Forward Converter 1 (FC1) was the first of the four converters to undergo accelerated life
cycle testing by electrical and thermal loading. A photograph of the converter after testing is
shown in Figure 32. Note in the figure that the diode’s thermocouple is shown which is attached
to the TO-220 device packaging with the thermocouple situated between the tab and heat sink. It
served a dual purpose of recording temperature and adding thermal insulation between the device
and heat sink. The MOSFET thermocouple is also present and installed in the same manner.
Observation of the converter showed some damage to the PCB due to excessive heat from the
long duration testing and to the snubber components.

Figure 32: FC1 after Accelerated Testing

After the completion of the accelerated testing, the data collected over the test interval

88
was used in the SA analysis to generate the anomaly plots. Plots were generated using the
parameters in Table 2. The results shown in Figure 33 are for the MOSFET data under both ME
and uniform partitioning. Also included in the figure is the output voltage anomaly (uniform
partitioning). The initial 2,500 hours of data are not considered in the analysis due to the lack of
measuring the input voltage during this time. This allows all the measures to be compared across
the same test time periods as the input voltage was needed in order to calculate converter
efficiency.
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Figure 33: Comparisons of MOSFET and Output Voltage Anomalies for FC1
The load changes in the figure are manifested as discontinuities in the results. The results
shown in Figure 34 have the load changes removed for clarity. The load changes were removed
by using a threshold on the anomaly results. The threshold was chosen to be 0.35 and chosen by
observation. The threshold to identify the load changes was based on the LEM current data.
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Figure 34: Comparisons of MOSFET and Output Voltage Anomalies for FC1 - Load Changes
Removed
The uniform partitioning result tends to show the load changes more readily compared to
the ME partitioning method. A load change occurs right after the 3,000th hour tick and additional
load changes are seen repeating throughout the entire test. Neither partitioning method results in
any visible anomaly trending although some of the discontinuities (such as the one located at
about 3,900 hours) can serve as a diagnostic measure. In this instance, the converter’s operating
point was perturbed, possibly due to a system restart from a power outage which results in the
abnormal condition. Another condition is present at the end of the test due to a shift in the
converter’s duty cycle (see Figure 35).
The output voltage anomaly discontinuities follow the load changes as well as the
discontinuities seen in the MOSFET results. A change in the operation of the converter is
reflected in the duty cycle plot of Figure 35. The change is duty cycle closely matches to that
seen in the previous anomaly plots as well. SA is reacting to the subtle changes in duty cycle
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during the testing.
The converter’s output voltage also seems to be affected by the load changes as the
anomaly plot has discontinuities during these changes. As the converter’s load changes, so does
the commanded duty cycle and resultant voltage ripple at the output. The SA analysis is reacting
to these changes in the output voltage resulting in those discontinuities.
FC1 Duty Cycle over Test Interval

0.37
0.36
0.35

Duty Cycle (%)

0.34
0.33
0.32
0.31
0.3
0.29
0.28
0.27

3000

3500

4000
Hours

4500

5000

Figure 35: FC1 Duty Cycle Test History
The diode and LEM current sensor data are shown in Figure 36 in order to better observe
the difference between the anomaly measure trends. Test FC1 was the longest of the four tests
with the most variation in the anomaly measures. Most of these were generated by test setup
issues that were corrected in subsequent tests. With that said, there is still some interesting
information that can be gathered from the data plots. The following sections will highlight the
main points from each data source.
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Figure 36: Comparisons of Diode Voltage and LEM Output Anomalies for FC1
The same anomaly results are shown in Figure 37 with the load changes removed. This
figure illustrates the evolution of the anomaly more clearly with the abrupt load changes
removed. This resultant figure is one of the objectives of this thesis to produce in tangent with
the algorithm to calculate the anomaly measures.
An objective of this work is to propose and demonstrate a method that can produce an
anomaly measure that is independent of load changes in the converter. In order to accomplish
this, the data received by the algorithm must be classified to determine what load condition the
converter is in currently. The methodology described in Section 4.3 accomplishes this task.
From this, the anomaly measure without the abrupt load changes can be generated. This will
simplify the means to apply health prediction algorithms with this method by removing these
discontinuities based on load changes and not overall system health.
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Figure 37: Comparisons of Diode Voltage and LEM Output Anomalies for FC1 – Load Changes
Removed

As seen in the earlier plots, the load changes are visible within the anomaly plot as the
large discontinuities in the figure. The overall trending in the plot is minimal with few jumps
within the trend. Around 3,900 hours, the same discontinuity seen in the MOSFET and output
voltage is also visible. As will be shown, this is a result of the duty cycle perturbations. The
jumps in the anomaly mentioned previously will also be seen to correspond to duty cycle
changes.
The results from the LEM current sensor are very similar to those obtained from the
diode voltage data. This is due to the similarities between the two waveforms (see Appendix A).
Both are square in nature whose positive on time is directly related to the converter’s duty cycle.
The LEM current, as expected, is also dependent on the load changes. The load changes perturb
the duty cycle which in turn affects the time the power MOSFET conducts. This then translates
into a change in the switch current that is captured by the LEM sensor.
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5.1.1 Comparisons to Other Methods of Degradation Tracking
A subset of the data from FC1 was used to compare the symbolic anomaly, the converter
efficiency of FC1, and the form factor during the test period from the end of September 2009 to
December 2009. This selection was based on the availability of the input voltage into the
converter which was implemented in September. The load changes in this data were also
removed to simplify comparisons. The form factor was calculated as

,

(27)

which is the ratio of the RMS output voltage to the mean output voltage. The form factor
measurement aims to detect an increase in ripple voltage which is captured by the RMS metric.
Efficiency was calculated from power into the converter and the power out of the converter.
The results are shown in Figure 38.
The plots were initialized to zero at the start and normalized at the end of the period so
that basic trends can be observed and compared. The figure shows that for FC1 both the SA and
form factor tend to agree. They tend to trend in the same manner such as the jump around 3,900
hours although the magnitudes of the jump differ. The efficiency measure in FC1 is quite
variable possibly due to DAQ measurement errors in this initial test.
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Figure 38: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for FC1

In general, FC1 accelerated life cycle testing was used to debug the test bed and work out
the necessary acceleration stresses (in terms of both oven temperature and electrical stress). In
addition, errors in the design of the test bed system were corrected and improvements to the DAQ
system were implemented for the subsequent tests of FC2 through FC4.
For example, in terms of changes to the test bed, the power supply sense lines were
connected directly to the input of the forward converter. This was done to avoid disturbances to
the input voltage due to the forward converter loading and line drop from the linear power supply
to the forward converter. It was discovered that the input voltage could vary throughout the
testing by almost 0.1 V causing subtle shifts in the operation of the forward converter that could
be detected by the SA algorithm. Utilization of the linear power supply’s sense lines corrected
this error. These disturbances could also cause anomalies in the results from the LEM current
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sensor data.
Additionally, three more measurements were added to the DAQ stack. These were the
oven temperature, ambient temperature, and the forward converter input voltage. Monitoring the
input voltage into the forward converter enabled the ability to track efficiency of the converter
over time combined with knowing the output load and input current through the LEM sensor.
Ambient temperature was recorded as it was determined that extreme shifts in the
ambient temperature affected the DAQ stack.

These temperature deviations generated

measurable offset in the DAQ stack that again are reflected in the symbolic analysis. The oven
temperature was monitored so that direct correlations between MOSFET and diode temperature
can be inferred.
In terms of the accelerated stresses, the oven temperature was increased by 10°C to 85°C
in order to shorten the test time. FC1 completed test lasted approximately 9 months which was
determined to be excessive. To generate high stress levels electrically, the output voltage of the
converter was increased from 9.36 V to 9.57 V. The forward converter output voltage was
chosen to be 9.57 V as it was determined to increase the output power at the heavier load by
about 5 W to 92 W where the output power is limited to an absolute maximum of 100 W. This
power level was chosen to not run all power semiconductors at their absolute maximum but
within 95% of absolute maximum.

5.2 Forward Converter 2
Forward converter 2 (FC2) test was conducted after FC1 was completed and changes in
the testing procedure were implemented to improve the results. Figure 39 shows the converter
after the accelerated testing was complete. Notice the input capacitors towards the top of the
image with the tops being bulged from degradation.
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Figure 39: FC2 after Accelerated Testing
Testing of FC 2 was the shortest period of all four converters. The input capacitors to the
converter were the failure site. Each electrolytic capacitor’s top bulged due to excessive pressure
caused by the evaporating electrolyte.

The failure was confirmed by replacing the failed

capacitors with new ones and verifying converter functionality. The other electrolytic capacitors
in the converter were not significantly damaged.
The power MOSFET and rectifying diodes also did not display any significant amount of
degradation. All devices functioned normally after the failure of the capacitors. A summary of
the baseline and after test characteristics is shown in Table B.3. Captured diode data taken from
its initial healthy state at the start of testing and at the end of testing is shown in Figure 40.
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Figure 40: Comparison of Captured FC2 Diode Data between Healthy and Degraded States
FC2 failure mode was the input capacitors. The degradation due to this failure mode can
be seen in Figure 40. The voltage peak of the degraded waveforms is less than that of the healthy
waveform due to the degradation of the input capacitors. As the input capacitors degrade, their
ESR begins to drop more voltage which reduces the applied voltage to the primary of the power
transformer. This is shown in the data as the diode data records the secondary transformer
voltage minus a series diode drop. In addition to the drop in magnitude, the converter’s duty
cycle is slightly perturbed to correct for these losses. Using the same data shown in Figure 40
and using a threshold of 15.2 V, the duty cycle of the waveforms can be empirically estimated.
The results are shown in Table 3.

98
Table 3: FC2 Duty Cycle Comparison between Healthy and Failed Converter States
FC2 Duty Cycle

Healthy

Failed

Difference

Duty Cycle

0.2887

0.3000

+1.13%

As seen in the table, the duty cycle has been perturbed by approximately 1% to account
for converter degradation.
Symbolic analysis was implemented on all the captured data signals. The results are
discussed next. In all cases, the future epochs are all compared to the very first captured epoch as
the baseline. Figure 41 shows the complete anomaly results generated from FC2 captured data.
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0.25

MOSFET Vds Uniform
MOSFET Vds ME
Output Voltage

Anomaly Amplitude

0.2

0.15

0.1

0.05

0
0

50

100
Hours

150

200

Figure 41: Comparisons of MOSFET and Output Voltage Anomalies for FC2

The results from the symbolic analysis of FC2 MOSFET data are shown in Figure 41 as
the black (ME) and blue (uniform) anomaly trends. As in the previous cases, the load changes
are easily detected as anomalies during the operation of the converter. Also visible is the jump in
anomaly after the break in interval (24 hours) due to the change in temperature (+10°C). The

99
anomaly plots are fairly level after the break in interval until the end of the last load change. At
this point, the converter begins to degrade rapidly and in this case, results in a dropping anomaly
measure for the uniform case.
A reason for capturing the output voltage was to be able to record changing ripple in the
output because of a degrading electrolytic output capacitor. The plot indicates an increase in the
output voltage anomaly. This could be due to the capacitor undergoing internal changes due to
the thermal environment it is operating within. The plots demonstrate a stark increase in anomaly
towards the end of the testing. This could be a result of a degrading output capacitor. To verify
this, Figure 42 shows the calculated form factor over test time for FC2.
-5
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Figure 42: Output Voltage Form Factor over Test Time for FC2
In Figure 42, a clear trend is visible in the output voltage form factor. This demonstrates
the output anomaly is indeed reacting to a change in the output voltage ripple. Loading also
affects the voltage ripple, and the load changes can be seen in the figure as well.
The increase in anomaly seen in the first 60 hours of the output voltage anomaly is a
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result of quantization effects on SA. Although this dissertation will not focus exclusively on this
effect, the quantization causes a shift in the partition counts during this period resulting in the
anomaly increase. For further study, Table B.3 shows the pre- and post-test conditions of C4, the
electrolytic output capacitor.

At the conclusion of the test, it is seen that the capacitor’s

dissipation factor also increased by an order of magnitude. This is a direct indication of an
increase in the ESR of the capacitor which in turn will exacerbate the output voltage ripple
The next figure shows the results from the diode data and from the current sensor data.
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Figure 43: Comparisons of Diode Voltage and LEM Output Anomalies for FC2
The load changes are removed in Figure 44 in order to observe the trending in the
anomaly measures. To remove the load changes, the LEM anomaly data was used to identify
where the load changes occurred. The load changes were identified by a threshold of 0.35. The
result with the removed load changes produces a definitively increasing anomaly trend. Compare
these results to those obtained in the previous figure. The removal of the load changes allows for
the underlying trend to be clearly seen. This will help with a predictive algorithm in order to
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determine remaining useful life.
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Figure 44: Comparisons of Diode Voltage and LEM Output Anomalies for FC2 – Load Changes
Removed
In the diode anomaly plot (Figure 43), the load changes are clearly visible, a repetition
that will be seen through all the results without the loading algorithm implemented. The uniform
partitioning results show an increasing trend in anomaly magnitude towards the end of the test.
This is directly related to the duty cycle of the converter as the system is degrading. As the
system becomes less efficient, the duty cycle must be perturbed greater in order to maintain
desired output power. This perturbation of the duty cycle can be seen as an increase in the diode
anomaly towards the end of the test (Figure 45).
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Figure 45: FC2 Estimated Duty Cycle

For the results with the LEM current sensor, these plots show an increasing trend towards
the end of the testing. This is once again a sign of the degrading converter as input current begins
to increase (as input voltage is constrained at 15 V), also a result of increasing duty cycle. The
increase in current is due to a slight increase in power loss from the degrading components.
From the LEM sensor anomaly results, it is observable that there was an increase in the
anomaly over time. It is postulated that this rise in anomaly was due to an increase in input
current and that this would have a direct effect on efficiency (with an assumed constant input
voltage). Having recorded the input voltage and current and knowing the load resistance, it is
possible to calculate the efficiency of the converter over the test (Figure 46).
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Figure 46: Approximate Efficiency of FC2 during Accelerated Testing

As expected, as the converter degrades the general efficiency of the converter as a whole
is declining.

In this test, converter failure can be assumed when the efficiency drops

approximately 5% overall. Also note that as the load was decreased, efficiency increased due to
significantly less conduction losses in all the converter’s power components (diodes, MOSFET,
etc.).

5.2.1 Change of Algorithm Baseline
It was seen in Figure 41 that the anomaly derived from the MOSFET data resulted in a
decreasing anomaly trend. This decreasing anomaly trend can be accounted for through the
definition of the baseline of that algorithm. The SA algorithm is dependent upon its initial start
point which is defined as its baseline. Different baselines can produce different anomalies and
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trends observed from the data. As an example, the MOSFET data will be revisited and its
baseline changed to after the initial 24 hour break-in period.
The dropping MOSFET anomaly is due to a decrease in the distance between the baseline
case (1st hour) and the cases before failure. In this situation, the anomaly seems to be trending
toward behavior representative of the baseline as the converter ages. In general, the wave shape
begins to more statistically represent the baseline case with degradation. To eliminate this effect,
the data used for the baseline will be changed and hour 25 data can be used instead of the initial
captured data. The result of changing the baseline is shown in Figure 47.
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Figure 47: MOSFET Anomaly with Baseline Defined at Hour 25
Changing the baseline removes the jump seen at the 25th hour seen in Figure 41. Making
the baseline at this point in the test can reduce the chance of a false positive occurring in the
algorithm. This also helps to improve the trend seen in the anomaly over the period of the testing.
Note that towards the end of the test, an exponentially increasing anomaly is seen as compared to
a decreasing anomaly seen in Figure 41. With this example, it is shown that the algorithm is
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dependent upon its baseline and the results generated from the data can be altered by re-defining
the initial start point.

5.2.2 Comparisons to Other Methods of Degradation Tracking
The symbolic anomaly results of FC2 will now be compared to the change in efficiency
of the converter and to the output voltage form factor. As a comparison between all three
measures described above, Figure 48 shows a comparison between the SA generated anomaly
from the diode’s voltage data, efficiency, and output voltage form factor as measures of converter
health. In the figure, the loads changes have been removed for clarity. SA has the most
sensitivity when the converter is subjected to changes in operating environment as seen from the
response at the break in interval. All three measures also indicate an increasing slope at about
200 hours into the test. However, it seems that SA and form factor produce the best trending as
the efficiency contains variations in the upward slope section towards failure.
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Figure 48: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for FC2

5.3 Forward Converter 3
Test FC3 differed from the previous two tests in that there were no load changes present
in the data captured. The reasoning for this test was to determine how the converter and anomaly
evolution would be under constant stress of loading and temperature. The converter had a 24hour break-in interval and was then increased to an ambient temperature of 85°C. The converter,
with components removed for after test characterization, is shown in Figure 49.
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Figure 49: FC3 after Accelerated Testing; Removed Components (from left to right): Negative
bus voltage, output, and three input voltage capacitors, Power MOSFET, and rectifying diodes
After about 660 hours of continual testing, it was determined that an increase of stressor
magnitude was needed in order to obtain a failure in an acceptable amount of time.

To

accomplish this, the output voltage of the converter was taken from 9.57 V to 10 V; which is the
full voltage output rating of the converter. The anomaly plots that follow were generated again
on the baseline data (break-in interval) which shows the algorithm’s sensitivity to environmental
and operational changes. The change of output voltage command level demonstrates a significant
increase in the anomaly magnitude.
Figure 50 shows three diode data captures. One capture is from the initial healthy
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system, the second is a capture right after the set point change, and the last capture is before the
converter failed.
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Figure 50: Comparison of Captured FC3 Diode Data between Healthy, Set Point Change, and
Degraded States
FC3 failure was due to the power MOSFET and in this case, the change in diode date is
minimal. Additionally, the change is duty cycle seen is dominated by the set point change and
not by degradation. This is seen in Table 4.
Table 4: FC3 Duty Cycle Comparison between Healthy, Set Point Change, and Failed Converter
States
FC2 Duty Cycle

Healthy

Set Point Change

Failed

Duty Cycle

0.2897

0.3112

0.3131

The majority of change in the duty cycle was due to the set point change. The difference
between the duty cycle at this change and failure is minimal compared to the set point change.
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This also differs between FC2 where the capacitor degradation led to an increase in duty cycle
due to these increased losses. This is the main difference between the failure of converters FC3
and FC2. Captured MOSFET data over the same three intervals is shown in Figure 51. The data
does not demonstrate any significant degradation features.
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Figure 51: Comparison of Captured FC3 MOSFET Data between Healthy, Set Point Change, and
Degraded States
Figure 52 contains the anomalies for the MOSFET and output voltage signals. In all the
results, the output voltage set point was allowed to cause the jump in anomaly seen in all plots.
To finish the results analysis of FC3, this set point change will be addressed in terms of the
resultant anomaly.
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Figure 52: Comparisons of MOSFET and Output Voltage Anomalies for FC3

The resultant MOSFET anomaly measures for FC3 were shown in Figure 52. The
resultant anomaly plot for the MOSFET data shows an interesting trend from the uniform
partitioning Euclidean measure anomaly. As seen in the figure, the anomaly measure trends
upwards until the point at which the output voltage set point is changed.
A difference between FC2 and FC3 was the site of the failure. In FC2, it was determined
that the input capacitors degraded beyond what the converter could handle causing the converter
to stop functioning. In FC3, the MOSFET failed with all three terminals (gate, drain, source)
shorted. Even with these two different failures, there is trending in the MOSFET data that is
similar between the two. This is likely due to the response of the drain to source voltage
waveform of the MOSFET to converter degradation. That is, there exists a finite shift in duty
cycle as the converter degrades.
There is an expected jump around epoch 660 as the output voltage of the converter was
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changed. Around 275 hours into the test, there was another jump in the MOSFET anomaly
shown clearly in Figure 53.
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Figure 53: MOSFET FC3 Anomaly

This jump was due to a change in the state probabilities derived from the voltage across
the MOSFET. Table 5 shows the state probability changes that generated the jump in the
anomaly results.

Table 5: Comparison in State Probabilities Derived from MOSFET Drain to Source Voltage
Epoch

Symbol
Range (V)

79

317

555

S0
S1
S2
S3

-∞ - 8.52
8.52 – 15.9
15.9 – 23.3
23.3 - ∞

0.313
0.308
0.213
0.167

0.313
0.321
0.200
0.167

0.314
0.314
0.206
0.167

% Change
from
Epoch 79
to 317
0%
4.05%
-6.1%
0%

% Change
from
Epoch 79
to 555
0.32%
1.95%
-3.28%
0%

The most change in terms of percentage can be seen in states S 2 and S3 which represents
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the midrange voltage in the MOSFET’s VDS waveform. This voltage also includes the input
voltage to the converter which gives a clue as to why these probabilities changed. Figure 54
shows the RMS input voltage into the converter over the complete testing period. It is seen that
jumps in the anomaly shown in correlate with variations in the RMS magnitude of the converter’s
input voltage. Therefore, the anomaly measure that is calculated from the MOSFET drain to
source voltage is sensitive to changes in input voltage when uniform partitioning is implemented
in the SA algorithm.
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Figure 54: FC3 RMS Input Voltage
As expected in the output voltage results, there is a jump in the anomaly magnitude when
the output voltage is changed. In these plots, there does not seem to be an identifiable trend that
would be useful for prognostics.
The output voltage baseline was changed at epoch 660 as the new voltage level was
outside the original partitioning. Since the new output voltage was outside the partition, the
anomaly result from using the original partition would be only dependent on the highest partition.
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This is caused by the algorithm mapping any outlier points from the partitioning into the extreme
partitions. To overcome this, a new partition was developed for the epochs that follow the set
point change and will be seen in a later section.
Figure 55 show the anomaly results from the diode and current sensor data. Note that in
these plots the voltage shift was also also not corrected or taken into account.
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Figure 55: Comparisons of Diode Voltage and LEM Output Anomalies for FC3

The discontinuity in anomaly (at epoch 663) is explained through the diode's waveform.
The diode waveform’s duty cycle depends on the output voltage set point. In this case, the output
voltage set point was increased, causing an increase in the diode’s off time. This shift causes a
perturbation in the probability distribution of the diodes two state analysis with the state
representing its off time increasing in probability.
This is because the diode is now in this state longer as compared to the previous set point.
The calculation of the anomaly measure from these probabilities is able to discern this single
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event as a sharp jump in anomaly magnitude.
The anomaly measure across all cases is again initiated from the baseline case defined
during the break in interval. Otherwise, the algorithm could be reinitialized at the new operating
condition, as defined by the increase in output voltage, thus removing the increase from the new
set point.

However, trending is seen in the anomaly measure over time in the uniform

partitioning results, specifically in the Euclidean measures.

This trending continues until

converter failure. In a later section, the algorithm will be allowed to re-set the baseline to take
into account the new operating point and correct this discontinuity.

5.3.1 Comparisons to Other Methods of Degradation Tracking
To simplify the comparisons between the SA methodology and the other measures for
diagnostics, the discussion which follows will only focus on data after the output voltage shift.
This again occurred at epoch 663 and lasted until the failure of the converter at epoch 1068.
Shown in Figure 56 is the comparison between the symbolic anomaly, converter efficiency, and
the form factor of the output voltage. As can be seen in the figure, the symbolic anomaly has
much lower variance between measures and generates a positive monotonically increasing
measure. The other two measures are quite variable in this stage of the testing.
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Figure 56: Comparison of Symbolic Analysis, Efficiency, and Form Factor Measures for FC3

5.3.2 Forward Converter 3 – Set Point Change
Forward converter 3 presented an interesting operating point to consider for health
monitoring. FC3’s output voltage was increased during the accelerated testing. Although just by
monitoring the LEM, MOSFET, and diode signals that this step change may look like a load
change; by observation of the output voltage it is discernible to be an output voltage set point
change.
However, it is still possible to use the same idea as before and use the front end classifier
in the algorithm to detect the change in the converter’s operating characteristic and handle the
new set of data appropriately. Whereas in the previous sections, the capture waveform averages
were used to classify the correct baseline behavior, the output voltage in this case can be used as
the data to be classified into the converter’s operating state. Figure 57 shows the output voltage
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of FC3 over the complete accelerated test.
In the figure, the output voltage drops slightly after the break in interval ends; however,
the voltage set point change at hour 663 is much larger in magnitude. The classifier can use this
step increased in output voltage to determine the baseline to implement in the anomaly algorithm
since it is safe to assume that the converter’s output voltage would rarely change in a real-world
setting (for example, a computer power supply, +3.3 V, etc.).
If this jump were to occur during normal operation of the converter, it would be flagged
as abnormal operation and generate the large anomaly that was seen in the previous section.
However, in order to further explore the applicability of the classifier, we will proceed under the
assumption the output voltage change was desired. In this section, the aim is to implement the
classifier to determine the proper baseline.
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Figure 57: FC3 Output Voltage
The MOSFET data results do not seem to indicate any significant trending so this section
will focus on the diode and LEM current sensor captured data. Both of these signal sources show
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signs of the output voltage change and potentially useful trending. The objective of the algorithm
is to monitor the output voltage and if a change is detected, change (and if necessary, create) the
baseline for this new output voltage level.
The first data processed with the new technique is shown in Figure 58. The figure
contains the anomaly generated from the diode voltage where the baseline correction was
implemented at the output voltage shift at hour 663. Additionally, the last anomaly magnitude at
the previous output voltage before the step change was added to the first anomaly of the new
output voltage condition. At this point, the anomaly is zero as it is the baseline and by adding in
the previous anomaly measure, the trending is mostly preserved.
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Figure 58: FC3 Diode Anomaly with Uniform Partitioning after Output Voltage Baseline
Correction

The figure, Figure 59, shows the results generated from the LEM data. Again, the
baseline was corrected and the previous anomaly measure carried over from the previous
operating point. As was the case with the diode results, the resulting anomaly trending is
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preserved with the implementation of this algorithm.
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Figure 59: FC3 LEM Voltage Anomaly after Output Voltage Baseline Correction
The algorithm has been demonstrated to account for output voltage level changes by
changing the baseline or defining a new baseline if needed for the new operating condition.
Additionally, the previously known anomaly magnitude is carried over to allow for a seamless
transmission in the anomaly measure.

5.4 Forward Converter 4
The final converter test, FC4, consisted of numerous load changes at both a 100% level
(2 Ω resistive load) and a 150% level (1.5 Ω resistive load). The standard loading level remained
at 200% throughout the test procedure. The addition of the 150% loading level was to add
complexity to the loading identification algorithm and to verify its applicability to numerous
loading conditions of the converter.
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Converter FC4 completed a 24 hour break in at 65°C and then was taken up to the test
temperature of 85°C. The output voltage of the converter was set to be 9.57 V. These test
conditions lasted approximately 1,796 hours at which point the test temperature was increased to
95°C. This was done to accelerate the degradation mechanisms in the converter and to reduce the
test duration.
The failure of the converter occurred 152 hours after this increase in the test temperature.
The converter’s failure symptom was the inability to maintain operating output voltage. The last
known voltage level sustained by the converter at 200% loading was 8.6 V, below the 10%
threshold set for the test suspension. Analysis revealed that the failure mode of the converter was
due to the input capacitors. The degradation of the capacitors was quantified in Table B.1.
The converter post-test is shown in Figure 60.

Minimal thermal damage due to

overheating is seen on the PCB or individual components. The input capacitors show signs of
bulging, a symptom of degradation of the internal electrolyte as was also seen with FC2. These
capacitors are seen at the top of the image (set of three blue can electrolytic capacitors).
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Damaged Capacitors

Figure 60: FC4 Post-Test
The individual components were removed (seen in Figure 61) and characterized. The
input capacitors show some discoloration as well as the negative bus voltage capacitor. This
could be due to the proximity of that capacitor to the power MOSFET and to the input capacitors.
Also shown are the rectifying diodes and power MOSFET, all of which survived the test with
minimal change in characteristics (Table B.3).

121

Figure 61: FC4 Removed Components (from left to right): Input Capacitors (3), Output
Capacitor, Negative Bus Capacitor, MOSFET, Forward Diode, and Freewheel Diode
Since the failure of the converter was due to the input capacitors, one would assume a
shift in duty cycle due to the increased dielectric losses in the capacitor. The diode data, shown in
Figure 62, is from the start of the accelerated testing and from the last data capture before failure.
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Figure 62: Comparison of Diode Data at the Start of Accelerated Life Testing and at the Last
Data Capture Taken Before Failure

In the figure, it is difficult to observe but there is a slight change in the duty cycle
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between the two data captures in addition to the decrease in waveform amplitude. The duty cycle
was estimated from each set of data shown in the figure with the results tabulated in Table 6. The
amplitude difference seen in the waveforms was also due to the degraded capacitors at the input
side to the converter. As the capacitors perform more poorly, they drop more voltage across their
ESR which in turn reduced the voltage available across the primary of the transformer. This
results in the reduced voltage seen in Figure 62. These results compare very closely to those of
FC2 where the duty cycle was perturb by about 1.1% before failure. In addition, the degradation
in the waveforms was similar between the two cases.
Table 6: FC4 Duty Cycle Comparison between Health and Failed Converter States
FC4 Duty Cycle

Healthy

Failed

Difference

Duty Cycle

0.2888

0.3082

+1.94%

The resultant anomaly plots are seen in the following figures. In Figure 63 are the results
for the MOSFET data under both uniform and ME partitioning as well as the output voltage data.
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Comparisons of Data Anomalies - FC4

0.5

MOSFET Vds Uniform

0.45

MOSFET Vds ME
Output Voltage

0.4

Anomaly Amplitude

0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
0

200

400

600

800

1000
Hours

1200

1400

1600

1800

Figure 63: Comparisons of MOSFET and Output Voltage Anomalies for FC4
Figure 64 shows the same results with the two loading conditions removed (100% and
150%). The load changes in this test were again removed by thresholding. The threshold was
determined by using the LEM data and was chosen to be 0.1. In this case, the threshold is smaller
due to the additional load change of 150%. Notice that underlying degradation trending can be
seen with the loading changes removed.
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Comparisons of Data Anomalies - Load Changes Removed - FC4
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Figure 64: Comparisons of MOSFET and Output Voltage Anomalies for FC4 - Load Changes
Removed
In the uniform partitioning plot, the load changes are clearly visible and the magnitude of
the load changes hint at the amount of load change (Figure 63). There are distinctly two different
magnitudes of peaks; one is related to the 150% loading level, the other, 100%. This is in direct
comparison to the previous tests that only included one load change with one peak magnitude in
the anomaly plots due to the load change (see Figure 41).
There is little overall trending visible in the MOSFET anomaly plots.

As the test

parameters change around 1,700 hours, there is a discontinuity of the anomaly measure but no
indicator of impending failure.
The results for the output voltage anomaly are also seen in Figure 63. In this case, the
anomaly does vary slightly with the load changes presented to the output. This change of
anomaly magnitude occurs because of the change in output voltage ripple. This can also been
seen in the form factor metric.
To observe the effect that loading has on the form factor measurement, this metric was
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calculated from the output voltage data from FC4 and is shown in Figure 65. In addition to the
changes in the metric due to loading, there is an additional trending as the metric reacts to
changes in VRMS.
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Figure 65: Output Voltage Form Factor over Test Time for FC4
Since the mean of the output voltage remains mostly constant during the test period (see
Figure 66), the increase in the measure is a result of the RMS measure in which its increase is
attributed to the increase in ESR of the degrading output capacitor as well as load changes
presented to the converter. In Figure 66, there is a direct correlation between test temperature and
the drops in the output voltage. These temperature jumps occur after the break-in interval and
when the test temperature was increased. A 20 mV decrease is also noted in the plot over the test
interval with approximately 9.57 V being the final value before the test parameters were changed.
Also note that the load changes have an effect on the regulation of the converter as well.

126

RMS Output Voltage of FC4
9.59

9.585

9.58

Volts (V)

9.575

9.57

9.565

9.56

9.555
200

400

600

800

1000
Hours

1200

1400

1600

1800

Figure 66: RMS Output Voltage for FC4
The next figure shows the results obtained from the diode and LEM current sensor data.
The load level changes are clearly observable. As was seen in earlier tests, these two metrics
generate an interesting trend.
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Comparisons of Data Anomalies - FC4
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Figure 67: Comparisons of Diode Voltage and LEM Output Anomalies for FC4

The loading conditions are again removed for clarity in Figure 68 which clearly shows
the underlying degradation trending. Note that the trending is similar between the current sensor
and the diode data.
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Comparisons of Data Anomalies - Load Changes Removed - FC4
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Figure 68: Comparisons of Diode Voltage and LEM Output Anomalies for FC4 - Load Changes
Removed

The diode anomaly plot originally starts low and slowly begins to increase. This trend
again was very similar to the diode anomaly observed in FC2. Also visible are the load changes
and as was seen in the MOSFET results, the magnitude of the change depends on the degree of
load change. This is in direct response to the change in duty cycle for the different loading
conditions. Just after 1,800 hours into the test, the anomaly trend begins to accelerate upwards up
to the last data point captured before converter failure. Again, this was seen in an earlier test as
the converter degradation begins to accelerate rapidly and is a sign of rapid converter
degradation.
As in the other examples, the loading changes are visible in the LEM current sensor
anomaly plot. This was expected since as the load level of the converter is changed (holding V IN
and VOUT constant), which results in a net change in input current. This is explained by the
definition of efficiency of the converter given as:
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(28)

,

with the efficiency, η, ideally remaining constant. It can be seen that in order to maintain η at a
constant value with changing RL, IIN must also change. In order to change IIN, the converter must
perturb the duty cycle which will cause a disconnect in the anomaly measure.
To correlate this result to what was occurring in the converter; the efficiency of FC4 is
plotted in Figure 69. At approximately the 1,000th hour, the efficiency begins its downward trend
towards failure. With constant input and output voltages, the input current needs to increase to
offset any type of losses increasing due to degradation. This slightly increasing input current
results in the anomaly trending seen in the figure.
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5.4.1 Comparisons to Other Methods of Degradation Tracking
The results of the FC4 symbolic anomaly will now be compared to the efficiency of the
converter over the test interval as well as the output voltage form factor.
A comparison between the efficiency calculation, form factor of the output voltage, and
the symbolic anomaly (taken from the uniform partitioning diode plots) results is shown in Figure
70. Initially, the symbolic anomaly tracks with the other two measures; however, around the
1,000th hour the measure begins to lag. After the jump in test temperature, the symbolic measure
catches up with the other two. The symbolic anomaly also produces a steady trend compared to
the more variable other two measures. In terms of predicting remaining health, this consistent
trend is much more desirable than the other trends which have more variance about the
underlying trending.
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Figure 70: Comparison of Symbolic Anomaly, Efficiency, and Form Factor Measures for FC4

131
5.5 Comparisons of Π Matrix Results and State Probability Vector Results
This section will detail the results when the state probability vector results are compared
to the Π matrix results. In general, the Π matrix results were similar to the state probability
vector results or sometimes even inferior when compared to the state probability vector results.
In this section, the data from FC2 will be used to detail the similarities and differences between
the metrics.
The first figure (Figure 71 ) contains the results of the MOSFET data with both results
from the Π matrix and the SPV.
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Figure 71: FC2 MOSFET Results using the SPV and Π Matrix
In the figure, both results are very similar in terms of trending and load sensitivity. Both
measures also begin to decrease as the converter approaches failure. In addition, both methods
react to the change from the baseline case to the test temperature conditions. The metrics used to
quantify the anomaly are the Euclidean distance for the SPV and the Frobenious norm for the Π
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matrix. Overall, nothing is gained by using the Π matrix over the SPV. Furthermore, it would
take more memory to store the state transition matrix compared to using the state probability
vector alone. The next plot will explore the diode voltage data results.
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Figure 72: FC2 Diode Results using the SPV and Π Matrix
Comparing the results in Figure 72, it is seen that both methods again react to the load
changes. A more diverging result between the two methods is in the resultant trending. Whereas
the SPV results in a monotonically increasing trend that was seen in an earlier figure, the Π
matrix results loose this trend completely. In this case, the results from a prognostic standpoint,
are inferior. Next, the output voltage results are shown.
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Figure 73: FC2 Output Voltage Results using the SPV and Π Matrix
Figure 73 shows the results obtained from the output voltage data. The two figures look
remarkably similar both in terms of trending and shape. The main difference is in the raw
anomaly magnitudes. It seems to be the case that the Π matrix results may be slightly more
sensitive to load changes. In the final figure, the LEM current data results are examined.
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Figure 74: FC2 Diode Voltage Results using the SPV and Π Matrix
In the final figure (Figure 74), the results are slightly different. Due to the scaling
between load changes, the trending in the Π matrix results is not clearly seen. The trend in the Π
matrix plot is similar to that seen in the diode plots in that the trend flat lines but slightly
increases at about hour 220. Contrasting that result to the SPV, the SPV begins its upward trend
at about hour 160. The Π matrix results do not show any increasing trend around that same time
period.

In this case, the Π matrix results are also inferior from a prognostics standpoint

compared to the SPV as the SPV reacts sooner to degradation.
These four plots are generally representative of the results seen between all four
converter tests comparing the SPV results to the Π matrix results. In general, the Π matrix results
are equal to or sometimes inferior to those generated by the SPV from a prognostics standpoint.
From an implementation standpoint, it is much more convenient to save the SPV as it is a vector
instead of a matrix. The matrix is larger by a factor of NS, where NS are the number of states in
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the algorithm. There are some benefits to saving the Π matrix as the SPV can be derived directly
from it with the caveat it will take more storage space over the monitoring period of the system.
Summarizing, it turns out that the SPV will generate results that are at least as good as the Π
matrix results and sometimes better with the SPV only being in dimensionality a vector.

5.6 Results with Loading Algorithm Implemented
The following results explore how the loading algorithm works on data that is directly
affected by loading changes to the converter. For instance, both the MOSFET anomaly results
and diode anomaly results show a direct effect of loading in the anomaly measures using uniform
partitioning. Because of this fact, this section will focus on converters FC2 and FC4 using both
the MOSFET and diode data to demonstrate the applicability of the algorithm.
The application of the loading methodology is straightforward. Using the thresholds
defined from the MOSFET data describe in Section 4.3, the algorithm classifies the current data
to be processed. If the baseline does not exist, it is created at the first instance that the given load
level is visited.

After the baseline is defined, the data is continuously classified by

implementation of the thresholds.

Once properly classified, the resultant statistical model

generated from the data can be compared to the appropriate baseline defined for that load level.
Generated anomalies are then created for each individual loading condition and saved
throughout the implementation of the algorithm. The output of the algorithm is anomaly vectors
generated from the experimental data for each load condition. For FC2, two anomaly trends are
generated while for FC4 three were generated. The first case to be explored will be FC2.

5.6.1 Forward Convert 2 – Loading Algorithm Implemented
The MOSFET data will be explored first using the automatic loading classification
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algorithm.

Using the thresholds generated from FC4 testing and the application of the

classification method describe in Section 4.3, the MOSFET results are shown in Figure 75 also
including the results from using the Π matrix. The points classified as the full load classification
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Figure 75: MOSFET FC2 Voltage Anomaly Results using Load Classification Algorithm
The classification algorithm correctly identified the loading level and separated it into the
appropriate baseline for anomaly generation. Comparing these results to Figure 41, the jumps in
the anomaly due to the load changes are removed and instead used as another anomaly trend that
could be used for health diagnostics. Due to the short test period of this converter, the full load
trend line is quite sparse. If the test had lasted longer and allowed for more data within this
loading condition, the trending would become clearer. However, even with the short duration and
sparse data for the full load case, it is observable in the results that the load separation produces
an increasing anomaly trend for the full load case. The results also demonstrate how the same
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thresholds determined from FC4 could be used in data obtained from the other converter tests.
In addition to the MOSFET data implemented with the load classification algorithm, the
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diode data was also used. The results are shown in Figure 76.
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Figure 76: Diode FC2 Voltage Anomaly Results using Load Classification Algorithm

Again, for clarity, the full load data points are individually represented in the plots. The
results are similar as what was seen with the MOSFET data. The algorithm again correctly
classifies the load level of the converter and generates the appropriate anomaly measure.
Interestingly, the Π matrix results demonstrate an increase in the 200% full load anomaly in
agreement with the full load anomaly data. This differs from the case in which the same baseline
was used for all loading conditions. The reason for the increasing Π matrix anomaly is due to the
new baseline for the full load level condition defined after the burn in period. However, towards
the end of the test, the full load condition does seem to indicate a slight downward trend which
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would coincide with the results from the 200% loading condition.
The results above were calculated using thresholds derived from FC4 data as well as
using estimated output power. This demonstrates that a single converter could be used to
generate the necessary thresholds for load classification across a family of these converters. In
terms of prognostics, being able to handle load changes is advantageous and more importantly,
being able to do so without having to characterize each individual converter is equally
advantageous.

5.6.2 Forward Convert 4 – Loading Algorithm Implemented
The results in this section will demonstrate the capability of the classification algorithm
to be expanded into more than just two individual categories. Recall that this specific test had
three different loading levels presented to the converter over the test period. Again, the results
will focus on both the MOSFET and diode anomalies.
The MOSFET results are shown in Figure 77.
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Figure 77: MOSFET FC4 Voltage Anomaly Results using Load Classification Algorithm

Again, the individual points are identified in the full load (red) and 150% full load (black)
for clarity. The algorithm is capable of classifying the input data into three different categories
for use in the SA algorithm. The separated loading conditions in this case seem to indicate
positive trends specifically in the full load case. In the case shown in Figure 77, it could be
advantageous to track the degradation trajectories of the full load and 150% as compared to the
200% loading condition.
The next figure shows the results for the data classification using the diode data captured
from FC4. Compare these results to those obtained in Figure 67. The results show a definitive
monotonically positive trend that is void of the load changes in the previous analysis. This will
allow for direct application of health monitoring algorithm and methods without cause for
concern due to loading conditions on the converter. In addition, the trending is visible in the
other two loading conditions. These other loading conditions can also be implemented in a health
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Figure 78: Diode FC4 Voltage Anomaly Results using Load Classification Algorithm

The classification algorithm implemented with the SA algorithm cleans up the anomaly
results and produces trends that can be further used for converter health diagnosis. Indeed, the
degradation is not constrained into the loading level in which the converter mostly resides and is
instead present in all three loading levels as seen in the previous figures.
Converter FC4 had a greater collection of data at the different loads as compared to FC2
due to the resultant accelerated test length. If, for example, the loading conditions were more
evenly distributed between the three that the resultant trends would be clearer and not as sparse
due to the increase in data available. This would be an important result as converters load
profiles may be more evenly distributed between the most probably loading conditions. The
results generated from the accelerated testing could more accurately mimic a loading profile of a
laptop computer where the power supply jumps between load levels due to computer use. Being
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able to identify loading conditions whether they are more evenly distributed or sparse as
presented is an important development for health management applications.
Given the complexity of classification of two data sets to that of three data sets, there is
no theoretical limit (although practical ones do exist) to the number of loading levels one could
use in the diagnostic algorithm. It is shown that by using these classification algorithms with the
anomaly generating algorithms that trends in the anomaly due to degradation can be enhanced for
health monitoring purposes.
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Chapter 6
Prognostic Application of Symbolic Analysis Anomaly Detection
By following the history generated through the anomaly measures presented in the
previous chapter, the health of the dc-dc converter can be diagnosed. For example, should a jump
in anomaly measure occur during normal operation, then it can be determined that the operation
of the converter has been perturbed and possibly is not functioning optimally. Identifying the
reason for this anomaly contributes to the diagnostics portion of health monitoring. When it
occurs, where it occurs, and the magnitude of the jump can help identify the cause of the
anomaly. In addition to these jumps, a slowly evolving trend observed in the data can be tracked
and used to quantify the amount of degradation in the converter. This can then be implemented in
a prognostics algorithm to predict the remaining life of the dc-dc converter.
The anomaly measure can be used to predict remaining converter life. Predicting the
remaining life of the system requires the development of a fault growth model that can be used to
determine the state of degradation in the converter.

This model is developed from the

degradation trending discerned from accelerated testing of the system in interest or in this case
the dc-dc converter. With this model developed, a prediction filter such as a Kalman filter for
example, can be used to predict the future trend and allow for estimation of remaining useful life
(RUL). The anomaly results from the previous chapter will be used to develop a fault growth
model for each of the three metrics: Symbolic Analysis, efficiency, and form factor. The results
from these metrics will be analyzed and compared to one another.

6.1 Prognostic approach
The prognostic approach applied to the dc-dc converter was described in Chapter 1 with
Kalman filtering. The first step is to record data from the dc-dc converter in order to develop the
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SA algorithm and generate the anomaly measure. A fault growth model is developed to capture
the degradation trending contained in the anomaly measure and this model will be used in the
prediction step of the Kalman filter. The fault growth model with the Kalman filter will allow for
remaining life predictions throughout the test interval. The fault growth model is used to describe
the evolution of the degradation of the system or in this case, the evolution of the SA anomaly,
form factor, and efficiency metric. The Kalman predictor uses the fault growth model in the
prediction step of the filter. Once a new measurement of anomaly is known, this estimate is
updated in the normal Kalman procedure to be described in detail later.
The fault growth model describes the anomaly, form factor, and efficiency trending.
Different models can be used to fit the data. For example, a Newtonian motion model can be
assumed if no other underlying model is known about the fault dynamics. With the determination
of the model, the model can then be fit to the anomaly measure or other metric. This can be done
with a nonlinear least squares type of approach for determining the model parameters.
Once the model definition is complete, the Kalman filter can be constructed. The model
is used in the prediction step of the Kalman filter and the noise characteristics for the Kalman
filter (assumed to be Gaussian) can be estimated from the model fitting residuals and from the
metrics themselves.

6.2 Fault growth model
The fault growth model describes the degradation or trending contained in the anomaly
data produced from the SA algorithm or other metric/feature. If the underlying degradation
model is known, the fault growth model could be based upon this knowledge. If no underlying
physical model is known, a model form will need to be developed from measured data. The
model’s form can be based on the trends seen in the anomaly data. For this work, the fault
models for all three metrics took the form of:
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( )

)

(29)

,

where a, b, and c are parameters estimated from the metric data.

This model was chosen for its

simplicity and for the exponential term to model the exponential growth seen during the last few
hours of accelerated testing. This simple model, as will be seen, provides acceptable fits between
the three metrics (SA, efficiency, and form factor).
Data from tests FC2 and FC4 will be used in this prognostics application. The model
parameters were fit using MATLAB and the coefficients for each of the metrics across both tests
are shown in Table 7.
Table 7: Parameters for Fault Growth Models
Parameters Anomaly

FC2

FC4

A

1.764e-4

5.944e-5

B

1.709e-2

2.536e-3

C

8.091e-4

-9.440e-6

A

-1.699e-4

-3.491e-3

B

2.256e-2

1.194e-3

C

-2.460e-3

-4.627e-3

A

2.109e-2

1.782e-2

B

1.631e-2

1.377e-3

C

5.925e-2

0.6009

Parameters- Efficiency

Parameters – Form Factor

The efficiency measure was initialized at zero in order to generate the anomalies. The
anomaly and efficiency metrics were not normalized for the model fitting analysis. However, to
improve the results with the form factor fitting, this metric was normalized to unity for fitting
purposes. The load changes in both tests were also removed for this analysis and for model
fitting.
An example of the model fitting for the SA anomaly is shown in Figure 79.
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Figure 79: Comparison between True Data and Model Fit; Data Used from FC2 SA Anomaly
Given the simplicity of the model, the fit to the true data is acceptable. The most error in
this model is due to the accelerated failure towards the end of the test where the trending turns
into a dominant exponential rate. This can result in the prediction model losing track of the true
degradation curve as it accelerates exponentially. The model in this case will predict more
remaining life than what would truly remain. The model fits for the efficiency and form factor
metrics are shown in Figure 80 and Figure 81, respectively.
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Figure 80: Comparison between True Data and Model Fit; Data Used from FC2 Efficiency
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Figure 81: Comparison between True Data and Model Fit; Data Used from FC2 Form Factor
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As was seen with the SA metric fit, the fits for efficiency and form factor are good. The
general degradation trend is captured by all three models and will be used in the Kalman filter
implementation.
Any other type of model could be chosen for example a Newtonian model could be used
instead.

Also, higher order models could be used generating better fits but at higher

computational costs during implementation. In addition, the higher order models may over fit the
training data and not work well with test data.

6.3 Kalman Filter Implementation
With the model given by Eq. (29) now known for each of the three metrics, a Kalman
prediction filter can be designed. The Kalman predictor uses the fault growth model to initially
estimate the anomaly in the Kalman prediction step. Once a new anomaly measure has been
calculated, the original prediction is updated. Kalman filtering will now be discussed in more
detail
The Kalman filter produces estimates of a measured variable given a system model with
process noise and updated with measurements corrupted with measurement noise. The Kalman
filter has two general steps: the prediction step and the update step. The prediction step uses the
system model to estimate what the output should be given known inputs while the update step
updates the prediction with a noisy measurement. Both steps update the covariance matrix of the
filter. The gain of the filter, aptly named the Kalman gain, is dynamically updated as the filter
acquires more information through the measurements [67].
Additionally, the process and measurement noises are not known precisely but are
assumed Gaussian with estimated variances. These variances will be estimated from the model
residuals and from the calculated metrics (SA anomaly, efficiency, and form factor). The Kalman
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system model is
,

(30)

where F is the state transition matrix and B is given as
(31)
(32)
Equations (31) and (35) were developed from (29). Using (29),
(33)
and the next step is to find a relation between G at time step k -1 to time step k. This relationship
is found by
(34)

(

)

(35)

resulting in
(36)
Equation (36) then results in
(

)

,

(37)

from which (31) and (32) are derived and used in the Kalman predictor.
In the above equations, T is the time period between samples and in this case it is
constant and equivalent to one hour. The parameter b is defined from the model fitting and is the
exponential time constant of the fault growth model. The model generating the state space
system above is
(

and the state is thus

)

(38)
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(39)
which is just the evolution of the metric under analysis. The measurement model given as
(40)
where
,

(41)

since only the current anomaly measure is used. The noise, vk, is assumed to be Gaussian and is
estimated for the Kalman filter from the metrics.
As mentioned previously, the filter requires a prediction step and an update step. The
Kalman equations presented below are one variation of the filter and are shown without proof.
The writer encourages the reader to consult [67] for more on the derivation of the filter. The
filter equations for a one step predictor are,
1) Computer state prediction
̂

(

( )

)̂

(42)

( )

2) Compute state error covariance
(

( )

)

( )(

)

,

(43)

] ,

(44)

3) Compute Kalman Gain
( )

[

( )

4) Update State Estimate using the Kalman Gain and Measurement
̂

( )

̂

̂

[

( )

( ) ],

(45)

5) Update State Error Covariance
( )

[

]

( ),

(46)

The current k iteration parameters for P and ̂ are used in the next filter iteration as the k1 iteration parameters. As was mentioned at the beginning, these equations for ̂ are for a onestep ahead predictor. To modify the equations into an N-step prediction as will be used in the
next section, steps 1 and 2 are modified as

150
̂
( )

( )

(
( )(

) ̂
)

∑

( )

,

(47)
( ) .

(48)

The parameter F in (48) is given in (31). With the Kalman filter equations defined for
both one step and N-step predication, the metrics (symbolic anomaly, efficiency, form factor) will
be used in the predictor to explore the possibility of the use of these metrics for prognostication of
the converters.
To fully define the Kalman filter, the noise properties (Q and σv) must be defined. For
each metric, these properties were estimated from the residuals of the modeling (Q) and from the
variance of the metrics (σv). The resultant magnitudes of these noise properties are shown in
FC2
Noise Parameter

Q

σv

SA Anomaly

3.0963e-7

4.3e-6

Efficiency

5.2203e-6

4.5e-5

Form Factor

2.2000e-3

8.3e-3

FC4
Noise Parameter

Q

σv

SA Anomaly

5.9639e-7

4.00e-4

Efficiency

1.1942e-5

2.38e-6

Form Factor

2.0000e-3

7.60e-2

The goal of this is to demonstrate how the prediction methodology would work with the
SA anomaly and other metrics. This exercise will also evaluate the differences between using the
three metrics for prognostication. Normally, one would not evaluate a prognostic method on the
same data the underlying fault growth model was trained for; however, obtaining life data for a
dc-dc converter is prohibitively lengthy. In one case it took nine months in order to obtain the
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entire life history of a converter under test. It is acknowledged that this is not the standard
procedure but it will suffice to demonstrate the methodology. The approach is similar to [68] in
which a Kalman filter is implemented for prognostics. This chapter demonstrates the application
of SA to life prediction of the dc-dc converters. The standard way of implementation would be to
train the model on a couple of different sets of obtained degradation metrics and test on a separate
set. The significant difference in test duration between tests FC2 and FC4 make it difficult to
train on one test and validate on the other. Due to this, each test was used independently. Given
this notice, the results of the prognostication methodology will now be discussed.

6.4 Prediction results
The Kalman predictor will be used to predict remaining useful life for all three metrics.
These metrics will be compared to each other as well as to the ground truth. To demonstrate the
Kalman predictor, the results for a single step ahead (one hour) predictor for test FC2 using the
SA anomaly is shown in Figure 82.
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Figure 82: Single Step Ahead Predictor for SA Diode Anomaly
As seen in the figure, the Kalman filter produces the prediction at each hourly step and
also generates, based on the system noise statistics, confidence bounds on the estimate. In the
figure, two standard deviations of these measurements are plotted to demonstrate a 95.4%
confidence interval. Also note that the Kalman filter essentially produced a smooth estimate of
the actual metric.

6.4.1 FC2 Kalman Prediction Results
The Kalman predictor was implemented on the diode SA anomaly (Figure 82) and a plot
of true remaining life versus predicted remaining life was calculated. The results are shown in
Figure 83. This was calculated by using the estimated trajectory of the anomaly from the Kalman
predictor and estimating when it will cross the threshold. The true remaining life forms a straight
line from full remaining life to zero.
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Figure 83: Remaining Useful Life Prediction Results – FC2 SA Anomaly
Initially, the predictions under predict the remaining life until approximately 75 hours
into the test at which point the estimate tracks well with the true remaining life. The estimate
begins to diverge around 150 hours as the anomaly measure begins to grow exponentially. The
predictions begin to converge around 180 hours into the test; however, the estimates are
predicting longer life than the true remaining life. The estimated RUL points in the figure were
generated every five hours and predicted until it crosses the threshold. The threshold was defined
from the anomaly 10 hours before failure. The threshold at this point was 0.0074. Every five
hours, the Kalman filter was used to predict the anomaly measure to this pre-defined threshold.
From this prediction, an estimated of remaining life was generated. These estimates are shown as
the blue stars in the prediction plots.
The next figure shows the results for the efficiency metric.

The nominal noise

measurements for the efficiency Kalman predictor were implemented and the estimates were
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generated every five hours within the data.
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Figure 84: Remaining Useful Life Prediction Results – FC2 Efficiency
The results show much more variation in the beginning as the estimates converge to the
true remaining life under the exponential model.

The exponential model was used in the

prediction step in Kalman equations. The estimates converge at about the same time as in the
case when the SA anomaly was used. Again, the estimates begin to diverge after about 150 test
hours. This was similar with the anomaly results and can be attributed to the underlying model
chosen for the fault growth modeling. Again, after this brief period, the predictions begin to reconverge to the true RUL.
The last metric to be predicted using the Kalman filter was the form factor results. The
results are shown in Figure 85. These results show a large deviation at the beginning of the
prediction estimates as the Kalman begins to converge. The model converges around fifty hours
up until approximately 160 hours at which point the predictions diverge due to the rapidly
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increasing metric. This was a familiar trend in all the metrics that affected the prediction results.
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Figure 85: Remaining Useful Life Prediction Results – FC2 Form Factor
The next set of results was obtained from test FC4. Recall FC4’s failure mechanism was
similar to FC2 in which the input capacitors failed causing the converter to halt operation.
Following a similar analysis to that performed for the metrics derived from FC2, a Kalman filter
was developed for each of the three metrics and will be analyzed individually starting first with
the SA anomaly. The results are shown in Figure 86. The threshold to failure for FC4 was
chosen to be 0.012. This was approximately 15 hours before the failure of FC4. Also shown in
the figure are the life predictions for the 150% and the 100% as well.
In this case, the predictions first underestimate the RUL but cross the true remaining life
around test time of 1,600 hours. At this point, the predictions converge to the RUL until the end.
In this case, since the test period was much longer, the prediction points were calculated every 26
hours of test time. The prediction error of this case can be directly attributed to fitting a single
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exponential model to the very long test interval.

However, the simplicity of applying the

exponential model allows for quick evaluation of predicting remaining life and provides a base
model that can be applied to all three metrics derived from the testing of the converters. In the
lighter loading predictions, it is the case that the predicted remaining life is longer than the true
remaining life. This is due to the fact that at these lighter loads, the evolution of the degradation
is slower as compared to the 200% overload case. If the converter was operated at these loads for
significantly more test time, the life of the converter would have been longer.
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Figure 86: Remaining Useful Life Prediction Results – FC4 SA Anomaly
The trajectories of the estimates are shown in Figure 87. The trajectories were calculated
every 300 hours of testing.
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The plots in Figure 87 show the trajectories in red. The threshold to failure is shown as
the black line. The point at which the projected anomaly trajectory crosses the black line is the
time to failure. The last plot of the figure shows that the trajectory overestimates the remaining
life by a few hours. The first three plots underestimate the remaining life while the fourth plot is
nearly accurate. The results of all the trajectories can be seen in the previous figure, Figure 86.
There is significant underestimation of remaining life up until about 1,600 hours into the test and
this can be seen in the first three plots of Figure 87. Afterwards, the trajectories better estimate
remaining life and the prediction plots begins to converge to the true remaining life.
The test temperature was increased at the 1,484th test hour. Observance of the remaining
life prediction (Figure 86) indicates an underestimation of remaining life. A safe assumption
would be that predicted life should be longer given the less stressful operation conditions but in
this case the results show the opposite. The underlying cause of this estimation is due to the
predication trajectories (examples shown in Figure 87). Due to the exponential behavior of the
prediction trend, the predicted anomaly reaches the failure threshold within a time that is less than
the true remaining life. This is seen in the results before the test temperature change and explains
the good remaining life predictions achieved in the last couple hundred hours of testing.
The next set of results is derived from the efficiency metric of test FC4. The results are
shown in Figure 88.
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Figure 88: Remaining Useful Life Prediction Results – FC4 Efficiency
The results show a consistent overestimation of RUL of the converter. The results also
do not show convergence to the true RUL as the end of the converter’s life approaches. Instead,
the prediction remains consistently high throughout the entire test interval. There is greater
variance in the RUL life predictions towards end of life as the metric begins to also increase in
variance. The error in prediction is directly related to the measurement. If the measurement
noise, σv, is increased in the model the variation can be limited. However, the measurement noise
implemented in the algorithm was measured from the metric.
The final metric for FC4 is the form factor metric and the results are shown in Figure 89.
The variation seen in the figure is due to the large variations in the form factor (Figure 70).
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Figure 89: Remaining Useful Life Prediction Results – FC4 Form Factor
Recall that the original form factor metric for FC4 had significant variance throughout
the test. The one-step-ahead Kalman predictor and original metric are shown in Figure 90. As is
observable, there is a large amount of variance across the entire test interval. This variation
reflects into the prediction results causing both over estimation and under estimation of the true
RUL. This gives the impression of two trends; however, it is the result of the large variance in
the anomaly produced by the SA algorithm. However, towards the end of the test the predictions
begin to converge towards the true RUL.
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Figure 90: Form Factor Metric with One Step Kalman Predictor Results

6.5 Prognostics with other Kalman Approaches
A straightforward Kalman approach was demonstrated so that the application of SA to
prognostics could be demonstrated. A nonlinear approach such as the Extended Kalman Filter
(EKF) or particle filter could have been implemented in lieu of the linear Kalman filter. An
example of the differences between the linear Kalman approach and the EKF approach is
described in [68]. In the EKF, the Jacobian of the non-linear system model is calculated and used
in the prediction step. This linearizes the system around the current estimate of the state. In the
work presented in [68], electrical interconnects were aged and life predictions carried out using
resistance spectroscopy and phase-sensitive detection as observable features.

Interconnects

studied in the work were BGAs. In order to damage the assemblies, the test specimens were
subjected to both shock and vibration tests. The work demonstrated the improved remaining life
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prediction results that can be obtained through the use of an EKF. The prediction robustness of
the estimates was also shown to be better in the EKF approach as compared to the linear Kalman
filter.
The method is further explored in [69] in which the extended Kalman filter uses direct
resistance measurements as its input. The model describing the resistance degradation in the
electrical interconnects is assumed to be an exponential form from which the Extended Kalman
filter also implements the first and second derivatives of the estimated resistance as a means to
assist in extrapolating the feature vector into the future. The feature vector consisted of the
estimated resistance, rate of resistance change, and acceleration of change. These were then
implemented into a remaining life prediction approach and used to calculate when the feature
vector would cross a predefined threshold. The EKF was shown to provide the smoothed
estimates for the feature vector and produced an accurate measurement of RUL.
Another means for life prediction involves the Unscented Kalman filter (UKF). The
unscented Kalman filter is a nonlinear technique that involves using the current mean of the
estimate and samples known as sigma points. The mean and these additional points are then
implemented into the nonlinear process model of the filter. The resulting output points are then
reconstructed into the new mean and covariance estimates.

The unscented Kalman filter

approach is used in [70] in order to predict remaining life for a centrifugal pump. The state
variables for the pump included its rotational velocity and three temperatures related to bearing
temperatures and oil temperature. The unscented Kalman filter approach was compared to a
particle filter based approach. The results of this comparison resulted in the unscented Kalman
filter out performing the particle filter.

The main reason for this was due to the lower

computational complexity of the unscented Kalman filter. This was because of the fact that the
unscented filter implemented 23 sigma points and the particle filter implemented 500. However,
it was noted that if the unscented transform was implemented in the particle filter that the results
for the particle filter could be improved.
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The above examples were processes that implemented nonlinear Kalman filter
approaches for estimating and smoothing features that can be implemented into a remaining life
prediction algorithm. In addition to the extended Kalman approach, particle filters can also be
implemented for remaining life prediction. The particle filter is a recursive Bayesian estimator.
Details can be found in [67]. In [71], the authors used a Sample/Importance Resample (SIR)
particle filter approach on the same resistance data obtained from interconnect degradation. This
work demonstrates the improvements one can achieve using a particle filter versus using an
ARMA (Autoregressive-Moving Average) based approach. The particle filter was shown to be
superior to the ARMA model. This work again demonstrates the improvements one can achieve
using advanced nonlinear estimators.

6.6 Summary
In summary, using the anomaly metric derived from an accelerated life testing of dc-dc
forward converters can be used to predict RUL. It was seen that a simple exponential model can
be used to adequately model the fault growth uncovered by the SA algorithm. Application of this
model into a Kalman based predictor allows for the filter to estimate the RUL and this RUL was
compared to the known true RUL. Common features to all the results indicate overestimate of
the RUL which can be traced back to the implemented exponential modeling. Indeed, this same
effect was also seen on the other metrics derived from the testing of the dc-dc converters.
Implementing the exponential model on the other two metrics demonstrate that this model can
work better for different fault growth trends.
From this, it is understood that a different and most likely more complicated model can
improve the results demonstrated in this work.

However, the model was implemented to

demonstrate the feasibility of implement RUL prediction filters on the output of the SA algorithm
which is entirely possible as was seen.
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Chapter 7
Conclusion and Future Work
In this work, the objective of obtaining a diagnostic measure for degradation of a forward
converter was demonstrated. The diagnostic measure was accomplished through the use of
symbolic time series analysis. The symbolic time series analysis works as it is assumed that the
degradation dynamics exists on a slower time scale compared to the dynamics of the underlying
system. That is, during each captured data sequence, it is assumed that the degradation is
stationary during that capture. With the system’s current state modeled probabilistically, the
algorithm is able to generate a measure of anomaly that can be related to degradation in the
system.
Symbolic analysis consists of steps that can easily be implemented in real-time; an
advantage that is necessary for health monitoring of systems. The first step requires the capture
of system data that inherently contains information on the state of health of the system. The next
step requires partitioning and symbolization of the time series data. With the data symbolized,
the next step characterizes the statistics of the symbol sequence in terms of transitional
probabilities and state occurrence probabilities. With these probabilities in hand, the final step is
quantifying a measure of the difference between a baseline case of the system (assumed to be
healthy) and the current state of the system.
Symbolic analysis was also compared to measures commonly used for health monitoring
of electronic systems; in this case a dc-dc forward converter. These measures included efficiency
and output voltage ripple. It was shown that as the efficiency of the system decreased and as the
form factor of the output voltage increased, symbolic dynamics analysis similarly produced an
increasing anomaly trend. The resulting trends were similar due to the underlying degradation
dynamics.

For instance, the duty cycle of the converter was a feature that enhanced the

degradation trending seen in the algorithms specifically, form factor and SA.
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Four dc-dc forward converters were constructed and underwent accelerated life testing to
generate data used in this diagnostic study. Two of the tests included load changes to ascertain
the effect they have on the diagnostic measure and enabled the use of a preprocessing algorithm
to alleviate the problem. It was shown that this data based methodology is thus affected by the
loading conditions of the converter which inherently changes the underlying dynamics of the
system. Without this classifier, the algorithm would produce false alarms due to the changing
load. A preprocessing algorithm based on a probabilistic likelihood–ratio classifier was used to
determine the loading condition of the converter and sort the data to the correct baseline. This
was shown to work effectively for the case of two loading conditions as well as three loading
conditions.
The results of the SA demonstrated that the duty cycle was a feature within the converters
that can be used for health management. The algorithm’s parameters were determined such that
the methodology tended to focus on a duty cycle analysis. This was not always the case as was
seen in the MOSFET algorithm development. As was seen, the duty cycle of the converter
resulted in being the feature that allowed for the converter degradation to be observed. The
methodology works well in this manner but other means could be used to detect the same
degradation. In order for SA to separate it from these other methods, more research into the
development of the algorithm must be carried out in order to pinpoint the location or component
failing within the converter.
As was mentioned previously, SA produces results comparable to those that can be
achieved with more common methods such as efficiency tracking or ripple tracking.

The

performance of SA lies with the fact that it is easy to implement and to track anomalies. It was
shown that SA is affected by loading and operation conditions as are the efficiency and form
factor metrics.
It was shown that the resulting anomaly from the algorithm can be used in a predictive
algorithm. A Kalman filter was implemented to demonstrate this ability. The Kalman filter’s
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underlying model was called a fault growth model. The fault growth model was trained on the
anomaly and tested on the same data due to the lack of data. The predictor was shown to work
well and the results can be improved using more complicated fault growth models. Given this
work, improvements can be made to the SA algorithm that could make it a common degradation
tool such as efficiency and some improvements via future work are noted.
The methodology presented in this work was shown to be capable of automatically
determining the necessary number of symbols in the algorithm. A means to handle the load
changes within a dc-dc converter was shown and successfully demonstrated. It was shown that
the load determination algorithm could easily handle three loads and is capable of being extended
to more as needed. Additionally, the entire methodology was shown to produce degradation
trending in the dc-dc converter due to excessive environmental stress. These trends were then
used in a demonstration of predictive health management.

7.1 Recommendations for Future Research
There exist areas that could benefit from additional research.

Along those lines, these

recommendations are made:


Further analyze the effect of quantization on the results of the Symbolic Analysis
algorithm
It was shown that quantization can affect the results of the algorithm by causing a

deviation in the anomaly measure. The quantization levels of the analog to digital converters are
a specific design parameter that must be taken into account with the development of the approach.
Less expensive converters have smaller word length that could cause issues with the statistical
method development. This should be further investigated to determine and quantify the effect and
propose solutions that do not require more advanced data acquisition equipment.


Analysis of algorithm on other single switch dc-dc converters
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Even though the proposed algorithm was effective on data captured from a forward
converter topology, research into the use of other single-switch topologies will help to adopt the
methodology into mainstream use. The forward converter is a popular single-switch topology but
other topologies can be used in systems such as a buck, boost, and other related isolated
converters. Along the same lines, other possible electrical signals in these converters could be
investigated for producing better anomaly measures and trends.


Enabling prognostics from the anomaly trends
With the trending analyzed from the above work, analysis on predicting the remaining

life of the converter should be investigated. This requires more samples from testing of dc-dc
forward converters than what was presented. The objective would be to obtain a satisfactory
number of experiments to adequately define the degradation trending to allow for life prediction.
Implementation of a nonlinear predictor such as the Extended Kalman filter or Unscented Kalman
filter should produce better results as compared to the Kalman filter presented in this work. It is
recommended based on this work and previous work that any advanced work in this area should
use one of the described nonlinear predictors for prognostics.


Investigate Pre-Processing Methods
The raw data was used as input into the SA algorithm in this work. The data could be

first pre-processed in order to enhance degradation features in the captured data. For example,
wavelets or other transforms could be applied to the data to investigate the fundamental switching
frequency degradation characteristics.
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Appendix A
The Forward Converter

A.1 Theoretical Operation and Background
The forward converter dc-dc converter is derived from the buck converter and is in the
class of so called isolated converters. Isolation in this converter is achieved by the use of a
transformer to decouple the input and output of the converter. General operation consists of
applying a square wave voltage waveform to the primary of the transformer obtained by
switching on and off a semiconductor power switch. These square voltage pulses are transferred
across the transformer according to the turns ratio defined by the number of primary and
secondary turns and applied to the output stage of the converter. During the ON time of the
power switch when this square voltage waveform is applied, a diode at the output stage forward
biases and adds power to the inductor/capacitor output. During the OFF interval, a second diode
called a freewheeling diode, forward biases to allow the inductor current to continue to flow and
continue to supply power to the output load.

This is necessary under the assumption of

continuous conduction mode (CCM).
For a converter running in the CCM, the relationship between the input voltage and
output voltage is given as [A1]:

Vo N 2

D,
Vd N 1

where, N1 and N2 are the primary and secondary turns respectively and D is the duty

(1)
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cycle of the converter.
A unique characteristic of this converter topology is in the unipolar nature of operation of
the transformer. This usually necessitates the inclusion of a tertiary winding on the transformer to
allow for demagnetization of the transformer core. Without this additional winding, the unipolar
pulse applied to the core during the switching intervals would cause the magnetic flux in the core
to continually increase or walk. This would continue until the core saturates and results in the
failure of the converter. The demagnetization winding allows the core to reset by transferring this
energy back to the input during the off interval of the power switch. In the case of the forward
converter designed below, this magnetization energy is used as a negative power supply for
support circuitry in the converter. The converter is shown in Figure 1A with the relevant circuit
subsections outlined. These subsections will be described in greater detail later in this appendix.

Figure 1A: Virgin Forward Converter with Circuit Subsections
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The next set of figures detail the operation of the forward converter over one switching
cycle. The first figure is that of the MOSFET drain-source voltage. The voltage across the
MOSFET at turn-off spikes quickly from the leakage inductance in series with the switch. This
voltage, depending on the magnitude of the leakage inductance, can be many times larger than the
input voltage. In this case, the voltage peaks around 35 V with Vin set at 15 V. Due to the
necessary demagnetization of the core during the OFF interval, the MOSFET will block voltages
approximately twice of the input or in this case, 30V. The short demagnetization interval can be
seen on the voltage waveform. Quickly after demagnetization, the dominant dynamics are that of
the overvoltage snubber discharging.

After the overvoltage snubbers have discharged, the

MOSFET must only block the input voltage of 15 V. After this interval, the MOSFET turns on
with minimal voltage across it. This voltage dependant on the drain current and the Rds(on)
specification of the MOSFET.
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Figure 2A: MOSFET Drain-Source Voltage over One Switching Cycle

The next waveform is that of the freewheeling diode in the output. This diode voltage
was chosen because it is the dual waveform of the MOSFET voltage. In other words, when the
MOSFET it ON, the diode is OFF and vice versa. In the figure below, the diode is turning off
and blocking the voltage being applied to the output by the secondary of the transformer. The
ringing seen in this waveform is a product of the output inductance and the diode’s intrinsic
capacitance.

The ringing dies out and the diode blocks the steady state voltage from the

secondary which is dependent on the input voltage and turns ratio of the transformer. Once the
MOSFET turns off, the diode in series with the secondary transformer winding reverses state and
thus the freewheeling diode begins to conduct the output current. The voltage across the diode is
then the forward voltage specification of the diode for the remainder of the cycle.
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Figure 3A: Diode Voltage over One Switching Cycle

The final figure is a single cycle of the drain current through the MOSFET. During the
ON interval, there is approximately 23 A of current conducting through the MOSFET. The
instant of turn on and turn off including some current ringing that quickly dies down. The
MOSFET is rated for a maximum of 60A continuous and this 23 A of current is well within the
capability of the semiconductor. The waveform also shows the current returning to 0A when the
switch is OFF as is expected with this topology. The output stage continues to deliver power to
the load when the switch is OFF. The freewheel output diode allows this commutation interval to
proceed.
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Figure 4A: MOSFET Drain Current over One Switching Cycle

A.2 Forward Converter Design
The design of the DC-DC forward converter used in this research will now be detailed.
The design is broken down into stages consisting of the power stage, transformer, output stage,
and control. The transformer is not part of the power stage due to the complexity of the design of
the transformer hence earning it its own section.

A.2.1 Power Stage
The power stage consists of the power semiconductor switch, in this particular case a
MOSFET. The MOSFET chosen for this design is the Fairchild FDP14AN06LA0. This switch
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offers low Rdson for low conduction losses while simultaneously offering good switching
characteristics in terms of total charge needed for device turn on. Other parameters for this
switch are Vds,max of 60 V and Ids, max of 60 A continuous. The Vds rating is important since in
operation the switch will see approximately twice Vd across its channel in the OFF state; more so
when transients are added into the picture. With 15 V for Vd, the 60 V rating yields enough
overhead to withstand the transients present to the switch in the OFF interval.
The low gate charge specification allows the switch to be directly driven by the pulsewidth modulator (PWM) control chip, the Unitrode UC3845A. A small gate resistance is used to
limit peak currents into the gate of the MOSFET while a diode is used to speed up gate turn off.
A turn-off snubber circuit is used to control the high turn transients presented to the
switch at turn off. This consists of a simple RCD dissipative snubber. The values were chosen to
yield a cut-off frequency of approximately 1.0 MHz which was the approximate oscillation
frequency seen across the MOSFET at turn off. The resultant values were Rs = 10 Ω and Cs = 0.1
µF. The diode causes the snubber to operate during the turn-off transient of the switch. In
addition to the RCD snubber across the MOSFET, an overvoltage resister of value 50 Ω is also
implemented. It is connected between the snubber and input voltage. This resistor allows the
overvoltage condition to transfer directly to the input.

A.2.2 Transformer
The transformer in the design is used for isolation and power transfer. The transformer
must be designed to handle the power transferred from the primary to secondary without
saturation and to accomplish this task minimizing power loss. Power losses in the transformer
can be separated into resistive losses associated with the windings as well as core losses. The
first calculation in the design of the transformer is to calculate the required power handling
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capability needed in the core. This product is known as the WaAc where Wa is the available core
window area and Ac is the effective cross-sectional area [A2]. This product is calculated as:

Po Cx10 8
Wa Ac 
.
4eBfK

(2)

where
Po

= Output Power of the Converter

C

= Current Capacity (5.07x10-3 cm2/A)

e

= Efficiency (90%)

B

= Maximum Flux Density (1200 gauss)

f

= Switching Frequency (100 kHz)

K

= Winding Factor (0.30)

Given the results of this calculation, the minimum required WaAc product was found to
be 0.39. An available core from Magnetics Inc. was able to fulfill this required WaAc product.
The core form was a PQ type core with a part number of 3220UG complete with core hardware
for assembly. After the initial testing stage of the converter, it was decided to increase to core
size to obtain a larger winding window on the transformer. This will allow for larger diameter
Litz wire to reduce the AC resistive losses as well as to fine adjust the turns ratio of the core. The
new core number was 3230UG complete with all assembly hardware and fit the original board
footprint. The WaAc product of this core is twice that of the original core.
Given the core and its respective values for winding window, maximum flux density, etc;
the number of necessary windings can be calculated. The first step in calculating the number of
turns is to determine the desired turns ratio. Following [A2], the desired turn ratio is calculated
as:
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n

Np
Ns



Vd D
 0.5 .
Vol

(3)

Where:
Vd

= Input Voltage(15V)

D

= Maximum Duty Cycle (~0.4)

Vo1

=Output Voltage including Diode Drops (10.5V)

The output diodes were assumed to have a 0.5V drop and the desired maximum duty
cycle at 10V, 10A was designed to be approximately 0.4. With this value, a turn ratio of 1:2 was
chosen. The next step was to design the necessary turns for the primary and secondary windings.
The number of primary windings was calculated considering the switching frequency was
100kHz:

Np 

E
 3.
4 BMax f s AE

(4)

Where:
E

= RMS Voltage Applied to Primary (15V square wave, 40% Duty
Cycle≈9.5V)

Bmax

= Maximum Flux Density Swing Desired (0.06 Tesla)

AE

= Effective Core Area (1.67x10-4 m2)

fs

= Switching Frequency (100kHz)

This turn count would lead to the secondary having approximately 6 turns. A prototype
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was built using 8 turns on the primary and 16 turns on the secondary. The prototype testing
demonstrated the need to decrease the turn ratio to 0.375. The secondary turns remained at 16
turns to reduce core losses and the number of primary turns was reduced to 6. This total number
of turns will fill in the winding window of the bobbin. The resultant flux density in the core is
calculated to be 250 Gauss and the resultant core loss is estimated at 2.5 mW. Using an LCR
meter on the primary side of the transformer, the following parameters were noted (measured at a
frequency of 100 kHz):

Primary Inductance:

194μH

Leakage Inductance:

0.236μH (As measured from the primary with all other windings
open)

Primary Winding Resistance:

0.008Ω.

Using the primary resistance measurement with an average of 8 A input current, the
winding losses are estimated to be 0.512 W.
The tertiary winding of the transformer resets the core on every half cycle as previously
described. The winding was determined to have the same number of windings as the primary, 6.
With all three windings defined, the transformer was wound on the bobbin using Litz wire to
reduce resistive losses at high frequency operation. Polyimide tape was used to isolate and wrap
each of the individual winding layers. The winding scheme consisted of dividing the secondary
and tertiary windings into two halves to allow the primary winding to be sandwiched in the
middle. The tertiary winding was layered closest to the primary. This winding scheme reduces
the leakage inductance of the transformer.
An experimental characterization of the transformer was completed resulting in the
following determined parameters using a short and open circuit test on the transformer at 100
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kHz.
Primary Inductance:

196μH

Total Leakage Inductance:

0.267μH

For the short circuit test, the input voltage was measured to be 53.6 mVpk-pk with a
current of 187.6 mApk-pk. The phase angle was measured to be 36° leading. Note that a sine wave
of frequency 100 kHz was used to excite the transformer under these tests.
For the open circuit test, the input voltage was 9.28 Vpk-pk and the current was measured
to be 75.2 mApk-pk. The phase angle was recorded to be 89.28° leading.

A.2.3 Output Stage
The output stage of the converter consists of a pair of diodes, a power inductor, and a
capacitor. The diodes, as detailed earlier, allow for power to be injected into the output during
the ON cycle and for inductor current to continue to flow during the OFF cycle. Both of these
diodes are 45 V, 10 A Schottky diodes for low power dissipation. The power inductor has an
inductance value of 170 μH. The capacitor value was chosen to produce a voltage ripple of
approximate 100 mVpp or 1% of the rated output.

The necessary capacitance for this

specification is given as:

Vo Ts2 1  D 

,
Vo
8LC

(5)

where L is the inductance of the power inductor, C is the output capacitance, and T s is the
switching period.

The minimum capacitance for this specification was calculated to be
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approximately 4.7 μF with the final value chosen to be 220 μF, a commonly available value. The
effect of placing a larger capacitor on the output forces the filter roll-off earlier and in terms of
control, can limit the bandwidth of the overall voltage response of the converter.

A.2.4 Control
The UC3845A PWM chip implements current mode control to regulate the DC output
voltage. Current mode control simplifies the control design as it eliminates a state in the system
by treating the output inductor as a controlled current source. To accomplish this, the switch
current is monitored using an active current sensor, LEM part LTS25-NP. The output of this
unipolar sensor needs to be level shifted and have adjustable gain. The current sensor output at
zero input current is set at 2.5V necessitating the level shift before input into the PWM chip. Two
cascaded op-amps are used to complete these tasks. The first stage applies the level shift and the
second stage supplies the adjustable gain. Each stage is in the inverting configuration so the
overall cascade does not invert the signal.
The bandwidth of the cascaded op-amps must be taken into account for the inner current
control loop to function properly. The input current has a dominant frequency of 100 kHz from
the switching of the power MOSFET. The cascaded op-amps also low pass filter the input signal
to reduce noise interference in the current signal. The bandwidth of the cascaded filters was set at
approximately 100 kHz. The first stage of the cascade used a capacitor of value 5 pF in parallel
with a 100 kΩ resistor to achieve the necessary roll-off. The second stage has a variable resistor
in the feedback loop to modify the gain of the amplifier. The value of this resistor was 1 MΩ. In
parallel with the potentiometer is a 10 pF capacitor to obtain the roll-off characteristics. The
output from the cascade is then fed into the current sense pin of the UC3845A.
For a forward converter operating in CCM, the transfer function from control-to-output is
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given as [A3]:

Gs   K

s  z
,
s  P

(6)

where:

K

I pk R L N p

z 

1

p 

V fb N s
R ESR C O

.

1
RL CO

The resultant bode plots are shown in Figure 5A.

(7)
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Figure 5A: Frequency Response of the Forward Converter under Different Loading Conditions

The compensator is implemented on the Error Amplifier (E/A) contained in the
UC3845A. The compensation consists of a pole/zero with an integrator. The integrator converts
the system to a type 1 system allowing perfect tracking to a DC signal (step functions) which is
desirable for a dc-dc converter. The compensator transfer function is given below,

T s  

1 sC1 R2
1
* 2
,
R1 s C1C 2 R2  sC1  C 2 

The values for the resistors and capacitors are:

R1 = 220 kΩ
R2 = 100 kΩ

(8)
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C1 = 22 nF
C2 = 150 pF.

The compensator was designed under the converter operating in heavy (full) load. The
resultant poles and zero locations of the compensator are 0, 6.7121e4, and 454 rad/s, respectively.
The frequency response of the closed loop system is shown in Figure 6A.
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Figure 6A: Closed Loop Response of the Forward Converter with Compensation

The resultant closed loop system using the full load condition of the converter as the
system plant results in a phase margin of approximately 108°.

[A1] Mohan, et al. “Power Electronics: Converters, Applications, and Design.” John
Wiley & Sons, Inc., New Jersey, 2nd Ed., 1999.
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[A2] Magnetics Incorporation. “Section 4: Power Design,” Available at:
http://www.mag-inc.com/pdf/2006_Ferrite_Catalog/2006_Design_Information.pdf.

[A3] “Design Guidelines for Off-line Forward Converters Using Fairchild Power Switch
(FPSTM)”, Application Note AN4134, Fairchild Semiconductor.
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Appendix B
Forward Converter Accelerated Testing

B.1 Accelerated Testing of the DC-DC Forward Converter
With the most common failure modes of dc-dc forward converters known, accelerated
testing was designed to excite these modes concurrently. The test bench included an oven for
thermal stressing with the ability to jump the load between 100%, 150%, and 200% of full load.
The goal is to obtain a failure of the converter in one of the three identified components described
in the previous section while capturing behavior at different loading levels.
The above signals are recorded using NI 9221 USB DAQ capable of sampling at 800kS/s
aggregate across all 8 available input channels. The maximum input voltages to the DAQs are
limited to ±60V. On the converter board are two resistor/capacitor divider networks used to
attenuate two signals by a factor of two to protect the DAQ input channels. These two attenuated
signals are the MOSFET Vds voltage and the diode cathode/anode voltage.
All signals are routed into buffers designed from AD823 operational amplifiers. These
op-amps provided excellent input impedance specifications and are dual package devices, well
suited for this application. The AD823s also provide good slew rate and are rated for single
supply operation. The buffer stages are a necessity in the DAQ system as to provide a low source
impedance to the high speed acquisition hardware. Without the buffers, the impedance presented
to the DAQs would be fairly high due to the high impedance voltage dividers on the converter
board. This high impedance produces errors in the A/D conversion process as the accumulated
charge in the A/D cannot be discharged at a high rate of speed as this process requires. The
addition of the signal conditioning hardware alleviates this issue.
The captured signals from the converter are either buffered into the DAQs to acquire raw
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voltage data as well as data that is filtered using an anti-aliasing filter. Using the same AD823
op-amps, a Sallen-Key second order active low pass filter was designed for all the channels
(except the converter DC input voltage).

The filter was chosen to have a -3dB point of

approximately 450kHz. The Sallen-Key filter design is shown in Figure B.1 below.

Figure B.1: Sallen-Key Filter for NI9221 DAQ Inputs
The choice of data length is important to allow for convergence of the probabilities in the
Markov model. A ten second data capture was taken at a sampling rate of 800 kHz to investigate
the required data length for desired Π matrix convergence. The metric used in this analysis was
the Frobenius norm given as:
‖

‖

.

(1)

The value η is a threshold chosen on the magnitude of error between consecutive Π
matrices. In this case, the threshold was taken to be 2e-3. Another measure that can be used to
define a minimum data length uses the Perron-Frobenius theorem for Π matrix convergence.
Given that the Π matrix constructed in the SA algorithm is an irreducible stochastic matrix, the
theorem can be applied. Given the Π matrix and the state probability vector p, the condition for
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data capture length is
‖

(

)‖

,

(2)

which reduces to
‖

‖

.

If all states are equally likely, the expected value of ‖

‖

(3)

is ⁄ assuming n states are

in the model [72]. Taking ⁄ as a threshold, a lower bound on the data length is then given as
( ),
where η is a constant,

(4)

, and is chosen depending on the convergence tolerance of the Π

matrix. Continuing the use of the above example, η would be chosen to be 4e-5.
The length of the captured data was chosen to be a quarter of a second. This gives
enough data to adequately allow the Π matrix to converge in the SA algorithm. As shown in
Figure B.2, 200,000 captured data points result in a good tradeoff between convergence and data
file size.
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Figure B.2: Convergence of the Π-matrix as a Function of Data Capture Length

The testing of the forward converter consists of long term high temperature operation,
commonly referred to in the reliability literature as a high temperature operating life (HTOL) test.
The converter is operated in full load under high ambient temperatures generated in a laboratory
oven. The converter is first left in the oven at a mild temperature of 65°C for 24 hours for an
initial burn-in. After the 24 hours has elapsed, the oven temperature is raised to 85°C for high
temperature operation degradation.
Failure of the converter is determined when the output voltage regulation is outside a
±5% tolerance region. Once the converter exits this region, it is considered failed and the testing
is halted. The test setup is shown in Figure B.3.
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Figure B.3: Forward Converter Test System

In the figure, the temperature oven is clearly seen with the forward converter number two
(FC2) inside the oven ready for testing to begin. The +15 V linear regulator is seen in the
background which supplies the input voltage for the converter. The DAQ stack is in front of the
converter and contains the 2 NI9221 analog modules and 2 NI9211 thermocouple modules. In
front of these DAQs are the buffer and filter amplifiers used for signal conditioning. Finally, the
test bed computer with LabVIEW based control is shown. The black and white twisted pair of
wires seen immediately to the right of the oven leads to the variable load bank.
In order to explore the effect of external loading on the results of the algorithm, the
loading presented to the converter was changed periodically during testing. The 200% full load
condition was characterized by loading the converter with a 1 Ω load while a 100% load
condition was generated by using a 2 Ω load. During the testing of the last converter, a 150%
loading condition was presented to the converter by the use of a 1.5 Ω load. The individual load
changes were recorded by start time and by duration.
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Four converters were tested using the above setup and are denoted by FC*, where *
denotes the converter number. The following table (Table B.1) summarizes the testing of FC1
through FC4. Complete test sheets can be found in the Appendix.
Table B.1: Forward Converter Test Summary
Converter Started

Stopped

Duration

(2X

Full Duration (Full Load - Failure

Load - Hours)

Hours)

FC1

4/30/2009 12/14/2009

4931

301

Suspended

FC2

2/22/2010 03/03/2010

208

16

Input Capacitors

FC3

4/27/2010 06/12/2010

662

0

MOSFET

FC4

7/12/2010 10/04/2010

1607

192

Input Capacitors

NOTE: FC1 was suspended then thermally stressed to find maximum operating temperature (105C)
NOTE: FC3 output voltage was stepped from 9.57 V to 10 V on 5/25/2010 (405.5 hours at this level)
NOTE: FC4 had 149.5 hours of additional testing at 150% load level
NOTE: FC4 Test temperature increase to 95°C on 09/27/2010
NOTE: FC3 and FC4 data recording rate was halved at the change of test characteristics; See
Appendix A2

FC1 test was to initially test out the setup and to determine the appropriate stress levels to
degrade the converter. The test temperature was initially at 75C. This point was chosen due to
the operational limits of the AD820 operational amplifiers, the PWM IC, and the electrolytic
capacitors. External disturbances were identified in this test from ambient temperature of the
DAQs, input power supply sense lines, and power outages in the lab. The output voltage of this
first test was also limited to approximately 9.35 V.

From these observations, the oven

temperature would be increased to 85C for the future test and the output voltage of the converter
would be raised to approximately 9.5 V to increase stresses on the converter and reduce test
duration. The sense lines of the linear power supply were also connected to the input of the
forward converter to maintain 15 V at the terminals.
Since FC1 was still functional after the test suspension, it was determine to use FC1 to
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find a maximum thermal operational limit for the converters. The converter was tested at 75°C
and stepped 10°C every 24 hours until failure occurred. Failure, in the form of a shorted
MOSFET, occurred at an oven temperature of 115°C. This test was the basis for increased the
test temperature from 75° to 85°C in subsequent converter tests.
The test involving FC2 implemented the changes determined from testing FC1. FC2
resulted in a short test due to failure of the input capacitors. The degradation of the capacitors
can be found in Table B.2.
FC3 test consisted of a converter consistently running at full load without any load
changes. In order to accelerate the test quicker, the output voltage was increased to 10 V from
9.57 V. This increase in output power also increases losses in the MOSFET and diodes. Also
during this period, the rate at which data captures were taken was also increased to twice per hour
(once every 30 minutes). This was to make sure that the degradation evolution was captured.
Due to the increase in stress because of higher output power, this results in acceleration of the
degradation mechanisms. The resultant failure of this converter was due to the MOSFET drain to
source short.
The final converter test, FC4, consisted of a mix of 200% full load, 150% load, and 100%
loading of the converter to further explore loading conditions on the health monitoring
algorithms. In all of the tests, the load changes (if completed) were recorded for reference as well
as any test issues. The results of all the load changes and testing issue are contained in the test
appendix.
Before the testing of the converters proceeded, each of the identified components was
characterized for a baseline study (after FC1). This included the MOSFETs, the diodes, and all
electrolytic capacitors. Table B.2 contains the characterizations of all the capacitors used on the
converters. The capacitors of FC1 were not initially characterized (Not Available-NA) but
instead were characterized after suspension and after the eventual failure of the converter. It is
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seen that for test FC2, the capacitors suffered extensive degradation as compared to the other
tests. Many of the degraded capacitors are outside of their tolerance specification as specified by
the manufacturer [73]. Remaining capacitors not used in the assembly of the test converters were
also characterized.
The results for the semiconductor characterizations (MOSFETs, diodes) are shown in
Table B.3. Again, characterizations were performed before and after testing.
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Table B.2: Capacitor Characterization and Degradation Chart
Initial Conditions
Capacitor:

C1

C2

C3

C4

C5

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Forward Converter 1

NA

NA

NA

NA

NA

NA

NA

NA

NA

NA

Forward Converter 2

455

0.049

449

0.05

449

0.047

204

0.057

204

0.058

Forward Converter 3

427.3

0.046

430.2

0.046

423.3

0.046

203.5

0.057

203.3

0.057

Forward Converter 4

434

0.043

434.1

0.043

427.2

0.045

203.3

0.051

202.9

0.052

Parameter

Post Test Conditions
Capacitor:

C1

C2

C3

C4

C5

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Forward Converter 1

393

0.18

383

0.22

376

0.31

201

0.16

186

0.09

Forward Converter 2

415

0.487

241

1.24

128

1.96

200

0.057

199

0.058

Forward Converter 3

389.8

0.454

383.8

0.537

352.2

0.782

188.3

0.39

184.7

0.512

Forward Converter 4

377.4

0.617

371.2

0.694

363.8

0.800

193.8

0.087

142.6

0.53

Parameter

Converter Failed Conditions
Capacitor:
Parameter
Forward Converter 1

C1

C2

C3

C4

C5

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

Cap. (μF)

DF

406.1

0.41

393.7

0.41

382.1

0.613

189.3

0.087

186.6

0.106

Note: These values were for FC1 after a thermal limit test was performed on the converter (115°C Failed)
Unused Capacitors
Parameter

C6
Cap. (μF)

C7
DF

Cap. (μF)

C8
DF

Cap. (μF)

C9
DF

Cap. (μF)

C10
DF

Cap. (μF)

DF

203.8
0.057
204.2
0.059
203.6
0.059
213.6
0.058
452.2
0.051
Note: All measurements taken at 120Hz using LCR meter SR720; DF = Dissipation Factor
Note: C1-C3 are input bus capacitors; C4 is the output capacitor; C5 is the negative voltage bus capacitor
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Features recorded for the MOSFET include the gate threshold voltage V gs(th), the leakage
current at rated voltage Idss, the gate-source leakage, Igss, the drain to source breakdown voltage
BVdss, and the on state resistance Rds. For the diodes, the forward voltage Vf, the leakage current
at rated voltage IL, and the breakdown voltage VRM were recorded.

The method used for

determining these parameters can be found in [74].
Table B.3: MOSFET and Diode Degradation Pre and Post Accelerated Testing

Forward Converter 1
MOSFET
60 V, 60A MOSFET
FDP14AN06LA0

Post Test

Post Failure

BVdss

Idss

Vgs(th)

Drain to Source Short

69 V

10 nA

0.48 V

Gate Short

Rds

Igss

0.016

1.5 nA

Forward Diode

Post-Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

MBR1045

51 V

30 μA

0.54 V

Freewheel Diode

Post- Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

MBR1045

53 V

50 μA

0.54 V

Forward Converter 2
MOSFET

Pre-Test

Post-Test

60 V, 60A MOSFET

BVdss

Idss

Vgs(th)

BVdss

Idss

Vgs(th)

FDP14AN06LA0

69 V

8 nA

0.48 V

69.5

9 nA

0.48 V

Rds

Igss

Rds

Igss

0.016

1.5nA

0.011

1.5nA

Forward Diode

Pre-Test

Post-Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

50 V

40 μA

0.52 V

49.5 V

50 μA

0.56 V

Freewheel Diode

Pre-Test

Post- Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

51 V

30 μA

0.54 V

50 V

20 μA

0.56 V
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Forward Converter 3
MOSFET

Pre-Test

Post-Test

60 V, 60A MOSFET

BVdss

Idss

Vgs(th)

Drain-Source Short

FDP14AN06LA0

70V

8nA

0.48V

Gate Short

Rds

Igss

0.015

1.5nA

Forward Diode

Pre-Test

Post-Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

54V

1.5 μA

0.62V

54 V

2.25 μA

0.6 V

Freewheel Diode

Pre-Test

Post- Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

55V

2.5 μA

0.61V

54 V

2 μA

0.6 V

Forward Converter 4
MOSFET

Pre-Test

Post-Test

60 V, 60A MOSFET

BVdss

Idss

Vgs(th)

BVdss

FDP14AN06LA0

71V

5nA

0.48V

70 V

Rds

Igss

Rds

0.015

2nA

0.022

Forward Diode

Pre-Test

Idss
15 nA

Vgs(th)
0.46 V

Igss
2 nA
Post-Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

Vf @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

55V

3 μA

0.62V

53 V

3 μA

0.62 V

Freewheel Diode

Pre-Test

Post- Test

45 V, 10 A, Schottky Diode

VRM

IL @ 45V

VF @ 10A

VRM

IL @ 45V

VF @ 10A

MBR1045

54V

3 μA

0.61V

54 V

4.25 μA

0.63 V

Note: Above tests for MOSFETs performed using AN-957 as a reference with a Tektronix 576 Curve Tracer
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Appendix C
The Forward Converter Tests
This appendix contains the details of the accelerated testing including start and finish
times, test conditions, as well as anomalies or suspensions that occurred during testing. All fours
converter tests, FC1 through FC4, are covered in the following sections. The results of the
accelerated tests were summarized in Table B.1.

C.1 Forward Converter Accelerated Test 1
Forward converter test 1 (FC1) was the first of the four accelerated tests performed on the
forward converter topology. This first test was used to evaluate the test parameters and DAQ
system. This test was first started out with an output voltage of 9.35 V at 75°C. This test started
out with a 20 hour burn in at 65°C before the first load change occurred.
This test had many individual events that caused the test to suspend. Most of these
events were caused by power failures to the test setup due to uncontrollable natural events. A few
events were caused by DAQ additions as well as general DAQ failures. The complete test run is
summarized in the table below.
Start Test

Finish Test

2X Full Load

Full Load (Hours)

Failure

(Hours)
4/29/2009
Load Changes

01/04/2010

4931

301

MOSFET

Start

Finish

NOTES

Duration

4:35 PM
2:49 PM
2:52 PM
3:00 PM

Break-In 65°C;
Vo = 9.35 V
Oven Temp to 75°C
100% Loading
100% Loading
100% Loading
100% Loading

4/29/2009
4/30/2009
4/30/2009
5/5/2009
5/6/2009
5/7/2009

2:00 PM
12:49 PM
1:52 PM
1:56 PM

(Hours)
20

2
2
1
1
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5/8/2009
5/11/2009
5/12/2009
5/18/2009
5/19/2009
5/21/2009
5/26/2009
5/27/2009
5/29/2009
6/1/2009
6/2/2009
6/8/2009
6/9/2009
6/15/2009
6/16/2009
6/16/2009
6/22/2009
6/23/2009
6/24/2009
6/29/2009
6/30/2009
7/1/2009
7/3/2009
7/5/2009

1:58 PM
12:07 PM
2:08 PM
12:49 PM
11:11 AM
1:42 PM
1:19 PM
12:40 PM
1:14 PM
1:38 PM
11:53 AM
8:52 AM
1:21 PM
10:10 AM
10:17 AM
12:28 PM
11:29 AM
9:32 AM
10:35
13:50
9:53
8:54
8:59

3:00 PM
2:10 PM
3:10 PM
2:30 PM
1:11 PM
3:33 PM
3:20 PM
2:40 PM
3:18 PM
3:48 PM
1:36 PM
10:53 AM
2:00 PM
12:13 PM
12:12 PM
2:20 PM
1:30 PM
12:32 PM
12:35
15:50
11:53
10:54
11:59

7/6/2009
7/7/2009

10:19
10:22

11:19
12:22

7/8/2009
7/13/2009

8:25
11:21

10:25
12:21

7/14/2009
7/15/2009
7/21/2009
7/22/2009
8/3/2009
8/4/2009
8/5/2009

8:25
9:28
8:48
8:52
10:31
10:34
9:38

10:25
11:28
10:48
10:52
12:31
13:35
12:38

100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
Power Failure
Restarted 7/6 9AM
100% Loading
100% Loading
Power Failure
12:12 AM –
Restarted 7/7 8AM
100% Loading
100% Loading
Power Failure 8/11
– 6:40 PM
Restarted 7/13
8AM
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading

1
2
1
2
2
1
2
2
2
2
2
2
1
2
1
1
2
3
2
2
2
2
3

1
2

2
1

2
2
2
2
2
3
3
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8/7/2009
8/10/2009
8/11/2009
8/12/2009

12:42
8:45
15:17

14:42
11:45
16:17

8/17/2009
8/18/2009

14:10
14:20

16:10
16:20

8/24/2009
9/2/009
9/8/2009
9/9/2009
9/14/2009
9/15/2009
9/16/2009

9:36
9:10
13:30
13:33
10:58
11:42
11:00

13:37 (8/25)
11:10
15:30
15:33
16:26
15:42
15:02

9/21/2009
9/22/2009
9/23/2009
9/28/2009
9/29/2009
9/30/2009
10/5/2009
10/6/2009
10/12/2009
10/13/2009
10/14/2006
10/19/2009
10/20/2009
10/21/2009
10/26/2009
10/27/2009

10:24
10:28
8:32
9:55
8:59
9:04
9:26
11:30
9:57
12:02
9:06
9:28
9:33
10:37
9:59
13:11

16:24
14:28
11:32
14:55
16:00
11:04
15:27
13:30 (10/7)
14:57
15:03
14:06
14:29
14:34
14:38
15:00
16:11

10/28/2009

10:15

14:15

11/2/2009

11:43

14:43

Test Suspended for
Data Recovery
100% Loading
100% Loading
100% Loading
Power Failure –
6:15 PM Restarted
8/17 8AM
100% Loading
100% Loading
Power Failure –
3:15 PM Restarted
8/19 8AM
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
Added Vin and
Ambient Temp to
DAQ Stack
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
Power Failure –
9:05 AM
100% Loading
100% Loading
DAQ Failure - 1PM

2
3

1
2
2

26
2
2
2
5
4
4

6
4
3
5
7
2
6
24
5
3
5
5
5
4
6
3

4
3
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11/4/2009
11/9/2009
11/10/2009

10:05
9:27
9:32

15:05
13:28
13:32

11/11/2009

9:08

14:09

11/16/2009
11/17/2009
11/18/2009
11/23/2009
11/30/2009
12/1/2009
12/2/2009
12/7/2009
12/8/2009
12/9/2009
12/14/2009

8:50
8:54
8:59
9:21
8:52
8:56
9:01
10:23
8:27
9:32
9:54

14:50
13:55
14:00
15:22
14:52
14:58
14:02
15:38
14:28
15:32
15:55

100% Loading
100% Loading
100% Loading
In line Fuse Pulled
and Check OK
100% Loading
Converter Shut
Down - 8:44 PM
Restarted 11/13
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading
100% Loading

5
4
4

5

6
5
5
6
6
6
5
5
6
6
6

With the outcome of this test suspended due to length, the test parameters were modified
for future tests. First, the accelerated test temperature was increased from 75°C to 85°C. This
temperature maximizes the available operational limit of the electrolytic capacitors and integrated
circuits (ICs). Additionally, the output voltage of the converter was increased to 9.57 V. This
increased the electrical stress on the converter.

C.2 Forward Converter Accelerated Test 2
Forward Converter test 2 (FC2) consisted of a short accelerated test that resulted in the
failure of the input capacitors. There were no disruptions in the testing of FC2 due to duration of
the test. Load changes were present in the test from full load to 2X full load. The test results are
shown in the table below.
Start Test

Finish Test

2X Full Load

Full Load (Hours) Failure
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(Hours)
2/22/2010
Load Changes
2/22/2010

03/03/2010
Start

264

16

Input Capacitors

Finish

Notes

Duration (Hours)

Burn- In begins

24

65°C;
Vo = 9.57 V
2/23/2010

Increased Oven
Temp to 85°C

2/24/2010

10:07

14:07

100% Loading

4

3/1/2010

11:33

15:34

100% Loading

4

3/2/2010

10:38

14:39

100% Loading

4

3/3/2010

11:44

15:45

100% Loading

4
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C.3 Forward Converter Accelerated Test 3
Forward converter test 3 (FC3) consisted of a constant electrical stress on the converter
by implementing no load changes. The converter was initially started at 85°C with an output
voltage of 9.57 V under 200% full load. After 256.5 hours at these conditions, the converter’s
output voltage was stepped up from the 9.57 V starting level to 10V. This additional output
power was used to accelerate the test further so that no other increase in oven temperature or
loading level change was necessary.
The failure site of this converter test was the MOSFET.

The MOSFET when

characterized after testing was a complete short between the three terminals of the device (Drain
– Gate – Source). The complete test resulted in test conditions of 9.57 V output for 638 hours
and 10 V output for an additional 405.5 hours before failure.
Start Test

Finish Test

2X Full Load

Full Load (Hours) Failure

(Hours)
4/27/2010

06/12/2010

1067.5

0

MOSFET

Date
4/27/2010

Notes

Duration (Hours)

Burn - In begins at 65°C; Vo = 9.57 V

24

4/28/2010

Increased Oven Temp to 85°C

638

5/25/2010

Increased Vo from 9.57 V to 10 V

405.5

6/6/2010

Power/DAQ Failure 4:04PM, Restarted 10:37AM 6/7
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C.4 Forward Converter Accelerated Test 4
Forward Converter 4 (FC4) testing implemented two load changes throughout the
accelerated testing. The initial start of this test was corrupted with hardware failure of the test
system due to the previous tests. The failure of the DAQ system was pinpointed to the failure of
the control computer’s USB 2.0 PCI card. Replacement of this card resulted in no further
disruptions of the test.
The final failure of this converter was due to loss of the input capacitors causing the
converter to be unable to maintain output voltage. This failure was similar to the FC2 accelerated
test results. The following table summarizes the test complete with all test disruptions, load
change durations, and type of load change.
Start Test

Finish Test

2X Full Load
(Hours)

1.5X Full Load
(Hours)

Full Load
(Hours)

7/12/2010
Load Changes
7/12/2010

10/4/2010
Start

1586
Finish

175

207

7/13/2010
7/14/2010

NOTES
Burn in begins at 65C,
Vo = 9.57 V
Increased Oven
Temp to 85C
Hardware Shutdown:
Test Restarted 7:30PM,
Removed NI9211
module to attempt to fix
Hardware Shutdown:
Test Restarted 8PM,
Replace USB-9162 Carrier
for NI9221 & Reduced
OutputV Sampling Rate
(15kS - 10kS)

Failure

Input Capacitors
Duration (Hours)
24

7/15/2010

11:20 AM

7/16/2010

12:04 PM

4:00 PM 100% Loading

4

7/19/2010
7/20/2010

9:41 AM
9:28 AM

4:14 PM 100% Loading
1:28 PM 150% Loading

7

7/21/2010
7/22/2010

9:38 AM

4:33 PM 100% Loading
Hardware Failure,
Restarted 6:50PM.
Replaced PCI - USB

4
7
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2.0 Card; Fixed Issue
7/24/2010

11:00 AM

4:24 PM 150% Loading

7/26/2010
7/27/2010

8:23 AM
8:33 AM

4:21 PM 100% Loading
4:32 PM 150% Loading

7/28/2010
7/29/2010

8:55 AM
2:50 PM

4:40 PM 100% Loading
12:00 AM 150% Loading

7/30/2010
7/31/2010
8/1/2010
8/2/2010

7
9
9
9

6:33 PM 100% Loading

9
14

8:36 PM 150% Loading

10
12

8:00 AM
6:23 AM

8/3/2010
8/4/2010

6:28 AM
9:42 AM

6:05 PM 100% Loading
3:04 PM 150% Loading

8/5/2010
8/9/2010

8:49 AM
8:36 AM

3:50 PM 100% Loading
4:27 PM 150% Loading

8/10/2010
8/11/2010
8/12/2010

8:05 AM
10:22 AM
3:16 PM

4:35 PM 100% Loading
12:00 AM 150% Loading
6:44 PM 150% Loading

8/13/2010
8/16/2010

7:58 AM
8:49 AM

6:45 PM 100% Loading
3:52 PM 150% Loading

8/17/2010
8/18/2010

7:38 AM
7:45 AM

1:41 PM 100% Loading
3:46 PM 150% Loading

8/20/2010
8/23/2010

10:27 AM
8:08 AM

5:37 PM 100% Loading
4:32 PM 150% Loading

8/24/2010
8/25/2010

8:16 AM
8:46 AM

4:11 PM 100% Loading
4:58 PM 150% Loading

8/28/2010
9/2/2010

10:47 AM
8:32 AM

8:32 PM 100% Loading
4:23 PM 150% Loading

9/3/2010
9/6/2010

8:31 AM
11:35 AM

4:22 PM 100% Loading
8:02 PM 150% Loading

9/8/2010
9/9/2010

10:10 AM
8:31 AM

6:43 PM 100% Loading
2:02 PM 150% Loading

9/10/2010

8:38 AM

4:18 PM 100% Loading

9/13/2010
9/15/2010

6:11 AM
8:54 AM

5:14 PM 100% Loading
4:04 PM 150% Loading

9/16/2010
9/17/2010

2:06 PM
8:56 AM

5:06 PM 100% Loading
4:28 PM 150% Loading

9/20/2010
9/21/2010

8:55 AM
9:16 AM

4:46 PM 100% Loading
4:55 PM 150% Loading

7
7
9
9
14
4
12
7
7
9
7
9
9
9
12
9
9
9
9
7
9
12
7
4
9
9
9
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9/22/2010
9/27/2010

6:07 AM
9:04 AM

5:01 PM 100% Loading
4:17 PM Oven Temp 95C; 75%
Loading;
30 minute Record Time

12

9/28/2010
9/29/2010
10/2/2010
10/4/2010

8:43 AM
8:51 AM

4:37 PM 100% Loading
4:07 PM 150% Loading
DAQ Failure (NaN Trip)
4:28 PM Failure 4:35PM; Last
Known Voltage 9.087 V

9

9:09 AM

9

9
9
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