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Abstract 
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Abstract 

Nowadays, with increasing concern on environmental protection, energy crisis, 

and quality of life, in the context of the lighting industry, Solid-state Lighting (SSL) 

is considered as the next generation green lighting source, following the conventional 

lighting sources (like incandescent bulbs and fluorescent lamps). As a type of SSL, 

High Power White Light-emitting diodes (HPWLEDs) lighting, which exhibits 

higher luminous efficacy, longer lifetime and environmental friendliness, has begun 

to be used in a broad range of applications, such as general lighting, TV backlighting, 

traffic signals and so on. However, the mass application of LED lighting in our daily 

lives still faces several difficulties in areas such as cost control, failure prediction and 

maintenance. This can be attributed to the limitations of traditional reliability 

assessment and prediction methods in the new electronics-rich systems. Hence, 

developing a fast, accurate and effective reliability testing and prediction method to 

determine the service life for LED lighting is becoming a key issue in popularizing 

this novel electronic device in the lighting market. 

This research developed failure diagnosis and reliability prediction methods for 

HPWLEDs lighting within the Prognostics and Health Management (PHM) 

methodology framework. The originality of this work mainly relates to the 

establishment of failure criteria and data analysis methods for HPWLEDs lighting. 



Abstract 

 ii 

Firstly, the Physics-of-Failure (PoF) based PHM approach is used to diagnose the 

failure modes and failure mechanisms for HPWLEDs lighting, from the chip level to 

the system level, and then to build damage models to estimate the reliability. Three 

failure modes: (i) Catastrophic failure; (ii) Lumen degradation; (iii) Chromaticity 

state shift are firstly categorized for HPWLEDs lighting systems. The data-driven 

prognostic methods with both statistical and learning approaches are then applied to 

predict the lumen lifetime, lumen maintenance and the chromaticity state of 

HPWLEDs lighting. The results show that the proposed Degradation Data Driven 

Method (DDDM) can predict more reliability messages (e.g. Mean Time To Failure, 

Confidence Interval and Reliability Function) compared to the IES TM-21-11 

standard projecting method, which only can estimate L70. The recursive Unscented 

Kalman Filter (UKF) method, replacing the ordinary least squares (OLS) 

implementation recommended in the IES TM-21-11 standard, can improve the 

prediction accuracy for both lumen maintenance and chromaticity state applications. 

Finally, a new reliability estimation method is developed to predict the reliability of 

HPWLEDs lighting by integrating the proposed statistical and filter based 

data-driven PHM methods. With the proposed new reliability estimation method, the 

traditional reliability testing procedures can be optimized with a Six Sigma DMAIC 

step-wise framework by considering both time- and cost- reductions. 
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Chapter 1 Introduction 
 

1.1  Research Background 

Solid state lighting (or semiconductor lighting), is considered as the second 

revolution in the history of lighting, saving €300billion in the global energy bill and 

reducing 1,000 MT of CO2 emission every year (Van Driel & Fan, 2012). The high 

power white light-emitting diode (HPWLED), known as one of the next generation 

solid state lighting sources, is a novel technology which uses semiconductor and 

phosphor materials to convert electricity into white light (Mottier, 2009). LED has 

been widely used as a light source for indoor lighting, street lamps, advertising 

displays, decorative lighting and monitor backlights (Lenk & Lenk, 2011). Compared 

to traditional lighting sources (such as incandescent lamps, halogen incandescent 

lamps, and cold cathode fluorescent lamps CCFLs), LEDs have attracted increasing 

interest in the field of lighting systems due to their high efficiency, environmental 

benefits, and long lifetime, with claims of 50,000 hrs or longer (Schubert & Kim, 

2005). 

Reliability is a fundamental characteristic for the safe operation of any modern 

technological product (or system) (Zio, 2009), which can be defined as the 

probability that the product (or system) will perform its intended function for a 

specified time period when operating under given conditions (Blischke & Murthy, 
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2000). Reliability is a highly-quantitative engineering discipline with multiple 

knowledge(Nikulin et al., 1998), which integrates the sciences of probability, 

statistics, and stochastics with the engineering insights into the design and 

construction of products and systems. As such, it includes aspects such as: (1) 

reliability testing; (2) reliability analysis (failure analysis); (3) reliability modeling; 

(4) reliability prognostics (prediction); and (5) reliability management and 

maintenance. With the rapid development of today’s electronic products that provide 

high quality products and are successful globally, it is crucial for designers and 

manufacturers to know the reliability of a new product before release to the market. 

Thus, reliability testing, assessment and prediction become essential procedures for 

manufacturers in qualifying their products, with the aims of forecasting the 

quantification of the probability of failure of the products and their protective 

barriers. 

 

1.2  Problem Statement 

The traditional reliability assessment and prediction methods are usually based 

on analyzing the failure-time data collected from laboratory life tests, field tracking 

studies, and warranty data bases, which is required of all failed test products (Nelson, 

1990)(Meeker & Escobar, 1998). With developing technology, products are 
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becoming more reliable than before, with longer lifetimes and higher quality. 

However, owing to the long lifetime, few or no product failures will occur during the 

period of reliability test. As a result, it is difficult to assess reliability with traditional 

approaches which record only failure-time data. Even though improved reliability 

testing and assessment methods, such as accelerated life testing and censoring 

technology, have been developed to estimate the rated lifetime distribution for highly 

reliable products, these approaches may not be feasible for products not failing 

during life testing due to severe time and cost constraints (Meeker et al., 1998). 

Sometimes the duration of the reliability test and assessment procedure is longer than 

the time between product updates, which may delay technology innovation and 

development. Therefore, developing a fast, accurate and effective reliability 

assessment and prediction method for highly reliable products is desirable for 

accelerating technology innovation and development. 

In electronic engineering, the current reliability prediction methods have been 

documented in many handbooks (e.g. MIL-HDBK-217, 217-PLUS Telcordia SR-332, 

PRISM, GJB-299-87, FIDES and so on), however, they have a lot of limitations in 

the application for the new electronic products. The reliability prediction handbooks 

have many drawbacks in current applications due to their limitations in keeping pace 

with new technologies, accounting for complex usage profiles, and addressing soft 
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and intermittent faults (the most common failure modes in today’s electronics-rich 

systems) (Cushing et al., 1993). Numerous studies have shown traditional reliability 

assurance and reliability prediction methods to be significantly flawed (Pecht, 2009). 

These are: (1) inability to keep pace with new technologies, and their failure modes 

and failure mechanisms; (2) limitations of previous algorithms and methodologies to 

assess the reliability of new electronic devices; (3) unreliability of decision-making 

and maintenance strategies for new technologies or processes. Thus, most of these 

handbooks have not been upgraded now and some even discontinued. 

As introduced above, LEDs possess more benefits compared to traditional 

lighting sources, however, the mass application of LEDs in our daily lives still face 

several difficulties due to high cost, failure prediction and maintenance. Meanwhile, 

due to its longer lifetime, higher reliability, and different failure mechanisms 

compared to traditional light sources, there has been no standard method to evaluate 

and predict the reliability of LEDs until now. There are often a large gaps between 

the warranted life of a LED lighting product and its real application life (DOE, 2009). 

For example, Xiamen City in China has been installing high power LEDs for street 

lighting since 2008. The manufacturer promised a system life time of 100,000 hours 

(over 5 years of reliable operation), but the city government discovered the lights 

failed within 2 to 3 months after installation (Van Driel & Fan, 2012).  
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Generally, the challenges to limit the extensive application of LED lighting 

coming from its unpredictable reliability are: 

Challenge 1: Owing to its long lifetime, few or no failures will occur in LEDs during 

the period of reliability testing. For example, since August 2007, the CALiPER 

program proposed by the U.S. Department of Energy(DoE) began reliability testing 

for commercial LED lighting and some products are still producing at least 95% of 

initial output for over 6,000 hrs (Paget, et al., 2007~201) (normally for general LED 

lightings, 30% lumen depreciation is defined as failure (ASSIST Recommendation, 

2005)). The traditional reliability assessment and prediction approaches which record 

only failure-time data have difficulties in dealing with these cases; 

Challenge 2: Current reliability assessment and prediction methods for LED lighting 

with large prediction errors and uncertainties have several limitations in applications. 

For example, since 2011, a projecting approach based on the least-square regression 

method was recommended by the Illuminating Engineering Society of North 

American(IESNA), IES-TM-21-11 (IES-TM-21-11, 2011), to predict the lumen 

maintenance (or lumen lifetime) of LEDs and it has also been widely accepted by 

many LED manufacturers. For instance, Philips Lumileds (Luxeon, 2011) and CREE 

(CREE®, 2012) are implementing this projecting approach to predict the lumen 

maintenance and lumen lifetime of LEDs in their reliability test reports. However, 
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this projecting approach, depending on least-square regression, introduces large 

prediction errors and uncertainties;  

Challenge 3: Lumen degradation is always used as an important indicator to 

represent the failure of LED lighting, but it is not the sole characteristic. In the LED 

reliability field, many previous studies have paid attention only to lumen degradation 

failure in LED products, ignoring another common failure modes(e.g. chromaticity 

state shift);  

Challenge 4: There is not yet a unified and comprehensive standard system for 

reliability testing in the LED lighting industry. Different LED manufacturers apply 

different reliability testing methods for their products, so customers are confused 

with all kinds of claimed lifetimes from these different LED manufacturers.      

    

1.3  Research Objectives 

Therefore, the primary objective of this research is to diagnose the failure 

modes and failure mechanisms for HPWLED lighting and to develop a fast, accurate 

and effective reliability assessment and prediction method. The detailed objectives 

can be summarized as: 

(i) Develop prognostics-based reliability assessment methods for HPWLEDs 

lighting. As an electronic assembly system, LED lighting system is constructed 
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by several components (such as, LED chips, phosphors, packaging materials, 

cooling components and so on). A large number of unknown failure modes and 

failure mechanisms occur in LED lighting. Thus, this study conducts the 

diagnosis, analysis and classification of failure modes and failure mechanisms 

for HPWLED lighting firstly. Then, as introduced above, the reliability testing 

time for a highly reliable electronic device (such as HPWLEDs lightings) is 

always too long. To shorten the test time, it is planned to import the prognostics 

concept into reliability testing and build a prognostics-based reliability 

assessment method by dealing with the collected degradation data. This helps to 

solve the challenge (1) in section 1.2;   

(ii) Select and verify the prognostics-based reliability assessment methods with both 

accuracy- and precision-based metrics to reduce the prediction errors and 

uncertainties that occur in the IES-TM-21-11 projecting approach. The purpose 

of this part is to solve the challenge (2) as mentioned in section 1.2; 

(iii)Take the chromaticity state shift into considering as another indicator of a LED’s 

“end of life” (recommended by the Next Generation Lighting Industry Alliance 

(NGLIA) of the U.S. Department of Energy (DoE) (Solid-state Lighting Product 

Quality Initiative, 2011)) besides lumen degradation and develop models to 

predict both lumen maintenance and the chromaticity state for HPWLEDs 
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lighting. This step is to solve the challenge (3) shown in section 1.2; 

(iv) Establish an optimal reliability testing procedure for HPWLEDs by considering 

shortening the testing time, reducing the testing operation cost, and also 

maintaining the accuracy of the reliability assessment. This step is to solve the 

problem in the challenge (4) shown in section 1.2. 

 

1.4  Research Contributions 

Increasing use of LEDs in lighting applications and the associate unpredicted 

failures make it difficult for designers and manufacturers to design and produce 

reliable HPWLEDs lighting for customers. This thesis describes the development of 

failure diagnosis and reliability prediction methods for HPWLEDs lighting with 

Prognostics and Health Management (PHM) methodologies. The originality of this 

work mainly focuses on the establishment of failure criteria and data analysis 

methods for HPWLEDs lighting. Some of the main contributions from this study are 

summarized as follows: 

(i) A Physics-of-Failure (PoF) based model is established to assess the reliability of 

HPWLEDs lighting, which includes the materials and geometries analysis, the 

failure modes mechanisms and effect analysis (FMMEA) and the damage 

models built for the prioritized failure mechanisms in the whole LED lighting 

system level. In this model, three failure modes, (a) Catastrophic failure; (b) 

Lumen degradation; (c) Chromaticity state shift, are firstly categorized for the 

whole LED system and the potential failure mechanisms and their contributing 

loads are presented by the “bottom-up” method. The PoF based damage models 
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are built for the two failure mechanisms with the highest priority in the 

degradations in the chip to the whole system. 

(ii) A statistical data-driven method based on the general degradation path model is 

developed to estimate the lumen lifetime for HPWLEDs lighting. With this 

method, more reliability messages (e.g. Mean Time to Failure (MTTF), 

Confidence Interval (CI) and reliability function) can be predicted. In 

comparison, only the lumen lifetime, L70, can be estimated from the IES 

TM-21-11 projecting method. 

(iii)Filtering is a widely used prognostic approach for estimating and predicting the 

state of electronic components or systems based on a state-space model. The 

Unscented Kalman Filter (UKF) possesses many advantages in the state 

estimation for nonlinear stochastic systems. To improve the prediction accuracy, 

this research develops a filter-based data-driven method (recursive UKF) to 

predict both the lumen maintenance and the chromaticity state of HPWLEDs 

lighting, instead of the least squares implementation recommended in the IES 

TM-21-11 projecting method. 

(iv) Finally, an optimal design of reliability testing for LEDs is developed by 

integrating both statistical and filter data-driven methods within a Six Sigma 

DMAIC(Define-Measure-Analyze-Improve-Control) framework. With the help 

of the recursive UKF, the accuracy of reliability estimation can be improved 

compared to the ordinary least squares(OLS) approach recommended in the 

IES-TM-21-11 standard. Meanwhile, the reliability testing time and cost can be 

significantly reduced.  
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1.5  Organization of the Thesis 

According to the objectives mentioned in section 1.3, this thesis is organized into 

seven chapters as follows (See Fig. 1-1): 

 

Model-based Failure Diagnostics and Reliability Prognostics  

for High Power White Light-emitting Diodes Lighting 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1-1 Schematic diagram of thesis organization 

 

   Chapter 1 firstly introduces the research background of this project and then 

states the problems that occur in existing reliability assessment and prediction 

methods and their difficulties in being applied in LED lighting. Finally, the research 

objectives and some contributions of this thesis are shown at the end of this chapter. 

   After the introduction section, literature reviews of LED lighting (from chip to 

Chapter 1 Introduction 

Challenge 1 Challenge 2 Challenge 3 Challenge 4 

Objective 2 Objective 4 

Chapter 5 

Lumen Lifetime 

Estimation using a 

Statistical 

Data-driven 

Method 

Chapter 4 

Physics-of-Failure 

Modeling for 

HPWLED 

Lighting 

Chapter 6 

Prognostics of 

Lumen 

Maintenance and 

Chromaticity with 

Filter Data-driven 

Method 

Chapter 7 

Optimal Design of 

Reliability Testing 

for LEDs in a Six 

Sigma DMAIC 

Framework 

Chapter 8 Conclusions and Future Work 

Chapter 2 Literature Review 

Chapter 3 Research Methodology and Experimental Setup 

Objective 1 Objective 3 
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system), the existing handbook based reliability prediction methods for electronics 

and the previously published works in the field of failure analysis and reliability 

prediction for LEDs are given in chapter 2.  

Chapter 3 introduces the Prognostics and Health Management (PHM) 

methodology, the Six Sigma DMAIC methodology and their related applications. 

Meanwhile, the experimental setup implemented in this research is also described at 

the end of this chapter. 

   PHM prognostic methods are proposed and applied to HPWLEDs lighting from 

chapter 4 to chapter 6. In detail, chapter 4 introduces Physics-of-Failure (PoF) based 

PHM methods for HPWLEDs lighting, by identifying the failures occurring from the 

chip level to the system level with the FMMEA approach and establishing the 

damage models for the prioritized failure mechanisms. After failure diagnosis and 

analysis, the data-driven prognostic methods and algorithms are proposed in chapter 

5 and chapter 6. A statistical data-driven approach is proposed in chapter 5 to predict 

the lumen lifetime for HPWLEDs. The filter based data-driven methods are applied 

in chapter 6 to predict both lumen maintenance and the chromaticity state for 

HPWLEDs. Finally the performances of the proposed models are compared with the 

IES TM-21-11 standard projecting method. 

   In chapter 7, by studying a real case in the Six Sigma DMAIC framework, an 

optimized reliability testing method is developed for HPWLEDs integrating the 

proposed statistical and filter data-driven methods from the previous chapters. 

   Finally, chapter 8 draws conclusions from the work undertaken. Possible areas 

for future research are recommended in this chapter. 
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Chapter 2 Literature Review 
 

2.1 Framework of the Literature Review 

This chapter presents a review of the construction of LED lighting (from chip to 

system), the existing handbook based reliability prediction methods for electronics 

and some other’s works in the field of failure analysis and reliability prediction for 

LEDs. The layout of this chapter is organized as follows: Section 2.2 briefly 

introduces the working mechanism, materials and construction of the LED lighting, 

from a semiconductor chip to a lighting system. This section also introduces one type 

of most widely used substitutes for traditional general illumination, the High Power 

White LEDs (HPWLEDs) lighting. In section 2.3, the handbook-based reliability 

prediction methods for electronics are reviewed. Finally, section 2.4 reviews the 

previous study in the field of failure analysis and reliability prediction for LEDs.  

 

2.2 Brief Overview of LED Lighting  

Since J. Holonyak and S. Bevacqua (Holonyak & Bevacqua, 1962) invented the 

first commercial LEDs in 1962, LEDs have undergone remarkable development over 

the past half century, including the rapid development in epitaxy technology, chip 

design, packaging structure and materials, and luminaire design (Schubert & Kim, 

2005). The development trend of LEDs was predicted by Haitz and Tsao (2011), as 

following the Moore’s law of the traditional semiconductor industry. As shown in 

Fig. 2-1, the light output per package doubles every year and the cost per lumen (unit 

of luminous flux) drops ten times every decade. 
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Fig. 2-1 The predicted development trend of LEDs (Haitz & Tsao, 2011) 

 

As an electronic assembly, an LED lighting system is always composed of some 

subsystems, which can be classified into three levels (Table 2-1): (1) chip level; (2) 

package level; (3) system level. Usually, as the first level, the chip (or die) is a p-n 

junction which is always constructed by a thin monocrystalline semiconductor layer 

and it is working for the photon (light) emission under electronic excitation. In the 

package level, the packaging materials make contributions in the electrical contacts 

with the electrodes, thermal dissipation, mechanical resistance, light extraction by 

lens and reflector, chemical protection and light conversion by phosphor 

encapsulation (for white LEDs) (Lafont et al., 2012). At the third level of LED 

lighting, the printed circuit board (PCB) provides the electrical and mechanical 

supports for the LED module, and by taking thermal, electrical and optical issues into 

consideration, cooling, electrical drivers and reflectors are introduced to the LED 

lighting system. 
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Table 2-1 LED lighting systems 

Levels Subsystems 

Chip level 

 

related to the semiconductor 

chip (or die) 

Package 

level 
 

related to the LED package 

(including packaging 

materials, electrodes and 

optical lens) 

System 

level 

 

related to the LED systems 

(including printed circuit 

board (PCB), cooling, 

reflector, electrical driver and 

luminaries house) 

 

2.2.1 LED Chips 

An LED semiconductor chip is always composed of a p-junction, an n-junction 

and an active layer (single quantum well or multiple quantum wells). The 

illumination mechanism of LEDs is shown in Fig. 2-2. When a p-n junction is biased 

forwards, electrons in the n-junction with sufficient energy move across the 

boundary layer into the p-junction, and holes injected in the p-junction move into the 

n-junction through the active layer (Schubert, 2006, Chang et al., 2012). The 

recombination of the electron and the hole in the active region leads to the 

production of a photon (light) (Fig. 2-3). 
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Fig. 2-2 High-resolution transmission electron microscope of InGaN quantum wells 

separated by GaN barriers (Humphreys, 2008)  

 

 

Fig. 2-3 The working mechanism of LEDs (Schubert, 2006) 

 

The photon energy or its wavelength is directly proportional to the band-gap of 

the semiconductor materials used. The light color of LEDs can be determined by the 

wavelength of the emitted photon. According to the band gap shown in Fig. 2-4, the 

semiconductor materials used as LED chips can be distinguished into three main 

crystal families: (1) cubic diamond structure (Si, Ge, C); (2) cubic zincblende 

structure (III-Phosphides and III-Arsenides); (3) hexagonal wurtzite structure 

(III-Nitrides). Among these, the most important semiconductor materials for LEDs 
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are considered to be the last ones (III-Nitrides type) (see Table 2-2). III-Nitrides 

semiconductors with wide-band-gap, such as GaN, AlN, and (In, Al, Ga)N, are 

widely used to fabricate short-wavelength LEDs (UV-to-blue LEDs) (O’Leary et al., 

2006, Krames et al., 2007). 

 

 

Fig. 2-4 Band gap of principal semiconductor used in LEDs (Schubert, 2006) 

 

Table 2-2 LED semiconductor chip materials (Xie et al., 2011) 

Semiconductor Material Wavelength (nm) Emission Color 

GaAs 840 Infrared 

AlGaAs 780,880 Red, infrared 

GaP 555,565,700 Green, yellow, red  

GaAsP 590-620 Yellow, orange, red 

AlGaInP 590-620 Amber, yellow, orange 

InGaN 390, 420, 515 Ultraviolet, blue, green 

AlGaInN 450, 570 Blue, green 

AlGaN 220-360 Ultraviolet 

AlN 210 Ultraviolet 
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2.2.2 LED Packages 

A typical LED package can be considered as a subsystem that combines an LED 

chip, electrical and thermal connections, optical reflector, substrate, phosphors (Xie 

et al., 2013, Smet et al., 2011) (phosphor-converted white LEDs), encapsulating 

materials and optical lens (Fig. 2-5) (Lu & Wong, 2009). The functions of packaging 

process can be summarized into: 

(i) Providing an electrical connection to the LEDs semiconductor chip.  

For the LED packaging, the LED chip is attached to the substrate by solder or 

silver paste (Fig. 2-5), and the lead frame can act as the electrical contact to the 

outside. The wire bond, one typical electronic interconnection technology, connects 

the metal pin on the top of the LED chip with the lead frame, which allows the 

electrical signal to be sent to the LED from the outside. 

 

 

(a)                                (b) 

Fig. 2-5 LEDs packaging: (a) cross-section and (b) top view (CREE, 2006) 
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(ii) Managing the thermal dissipation  

Thermal dissipation has become as a serious concern within the reliability of 

LED lighting systems. The heat produced by the non-radiative process in the active 

layer may damage the p-n junction, lower the luminous efficiency, increase forward 

voltage, cause a wavelength shift, reduce lifetime and affect the quantum efficiency 

of the phosphor (Arik et al., 2004). The main approaches in enhancing the thermal 

dissipation in LED packages are to make the heat dissipation path as large a surface 

as possible, to add a heat slug with higher thermal conductivity and to shorten the 

thermal dissipation path. In 2006, Lumileds (LUXEON, 2008) proposed the most 

successful high power LED package (Luxeon K_2) (Fig. 2-6 (a)) from the thermal 

management view, by means of integrating a heat sink slug with high thermal 

conductivity into the lead frame, which can make the junction temperature of this 

package to under 150
o
C with a 1.5 A driven current (Fig. 2-6 (b)).   

 

       

(a)                                   (b) 

Fig. 2-6 (a) Packaging structure of Luxeon K_2 and (b) the heat dissipation 

simulation (Schubert, 2006 and Luxeon, 2008) 
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(iii) Mechanically protecting the LED chip 

    To protect the LED chip and wire bonds from mechanical vibration or shock, 

encapsulation materials (such as epoxy or silicone based polymer glue (Chien et al., 

2012) are widely implemented into the LED package (as shown in the Fig. 2-6 (a)). 

For instance, Wong et al (Wong, 1995) introduced a modified thermal-mechanical 

enhanced silicone-based encapsulate to improve the reliability of the LED package.    

 

(iv) Preserving the LED chip from external chemical aggression. 

In addition to the mechanical vibration and shock, moisture and dust are two 

major causes of semiconductor device defects. Among them, moisture is the first 

suspect in chemical aggression to the LED chip. Electro-oxidation and metal 

migration are associated with the diffusion of moisture in the LED packages (Yang et 

al., 2010, Meneghesso et al., 2003, Tan et al., 2009a). Because of their low diffusion 

rate and low chemical reaction rate with moisture, polymer based materials, such as 

epoxies and silicones (Fig. 2-7), are widely used for encapsulation in optoelectronic 

device packaging (Lau et al, 1998). Epoxy based encapsulates are commonly used in 

the standard LED applications, however, for the high power LEDs (input power 

>1w), the epoxy encapsulates show photo-thermal induced degradation caused by 

both high junction temperature from these LED diodes and photo-generated 
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transmission losses from blue/UV LEDs.  

 

 

(a) 

 

(b) 

Fig. 2-7 Chemical structures of (a) typical epoxy and (b) silicone  

(Schubert, 2006) 

 

In contrast to traditional epoxy encapsulates, silicone has become another choice 

with high resistance to discoloration caused by both the high temperature and 

blue/UV emissions from high power LED light sources. It has wider operation 

temperature, higher stress-relieving properties, and better flame resistance. 

Compared to conventional materials used in optoelectronic applications, the 

chemical structure of silicone provides several advantages. For instance, the 

backbone structure of silicone consists of silicon (Si) and oxygen (O). The Si-O bond 

is inorganic and has a higher bond energy (444kJ/mol) than either C-C bond 

(356kJ/mol) or carbon C-O bond (339kJ/mol) in epoxy polymers (Momentive 

Performance Materials, 2005). 
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(v) Driving the light extraction 

As mentioned above, heat generation inside the package affects the reliability of 

LEDs. One of the contributors to the heat concentration is from the low light 

extraction, which can be attributed to the LED lumen degradation and color shift. To 

improve the light extraction, Luo et al (Luo et al., 2005) introduced a cup at a certain 

tilted angle and epoxy surface condition (epoxy-air interface) to the LED package. 

Other research indicated that the light extraction can be enhanced by using epoxy 

encapsulates with high refractive index and high transparency.  

  

2.2.3 LED Systems 

As mentioned above, LED systems (for example, the LED lamp) always include 

three major parts (sub-systems): optical part, electrical driver part and thermal 

management part.  

The optical part of the system (LED light engine) contains the light source, PCB, 

reflector and lens. According to the application requirements, the LED single unit 

can be connected either in series or in parallel models. The designer always chooses 

the types and numbers of LEDs based on the application requirements and 

manufacturing concerns. 

The electrical driver part of the LED lighting system prepares the regular power 



Chapter 2 Literature Review 

22 

for the optical part (see Fig. 2-8). Different applications require different power 

supplies. For instance, in general lighting systems, the main city power supply is 

220V/50Hz, However, for automotive applications, the power supplied from a 

battery is 12~24V. Besides, as the electrical supplier for the optical part of LED 

system, the electrical part can also dim or control the color of LED optical 

parts(Winder, 2008, Tarashioon et al., 2012, Fathi et al., 2011). 

 

 

Fig. 2-8 LEDs system architecture (Song et al., 2010) 

 

As discussed previously, heat dissipation is the first challenge for the LED 

manufacturers or designers, not only at the package level, but also at the system level. 

Therefore, the thermal management part (either passive cooling or active cooling) 

becomes the essential subsystem to maintain the LED junction temperature below a 
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critical value in LED lighting systems. Passive cooling solutions (cooling fins) have 

been widely implemented in LED lighting systems (such as downlights and lamps) 

(Fig. 2-9 (a)).  

 
(a) 

 

(b) 

Fig. 2-9 (a) Passive cooling and (b) active cooling for LED system  

(Song et al., 2010) 

 

However, due to the limitations of the cooling capacity offered by the passive 

cooling, the maximum total light output is controlled to under about 600 lm with the 

highest luminaire efficacy about 54 lm/W. To satisfy the lumen requirement for the 
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general illumination (lumen: 1200~1500lm, luminaire efficacy: 60lm/W), active 

cooling with high cooling capacity has become necessary. Potential active cooling 

methods include thermal-electrics, piezoelectric fans, synthetic jets and small form 

factor fans. There are some specific requirements for the cooling system: (1) low 

power consumption; (2) low cost; (3) compact size; (4) high reliability (the lifetime 

of cooling components should be higher than the LED optical part). For instance, 

Song et al (Song et al., 2010) implemented active cooling(synthetic jet cooling) into 

the LEDs downlight to solve the thermal problems (Fig. 2-9 (b)). 

 

2.2.4 High Power White LEDs Lighting 

One of the most interesting applications of LEDs is in general illumination, 

which requires white light. During the late 1990s, LED manufacturers began to 

produces high power white LEDs which have larger lumen packages (10~>100 

lumens per package) and greater luminous efficacy (>20 lumens per watt) 

(Narendran et al., 2004). Since 2000, high power white LED lighting has undergone 

rapid development.  

Because a single LED chip can only generate monochromatic light with a very 

narrow spectral range or ultraviolet light that the human eye can’t see, mixture 

techniques with two or more colors have been developed to produce white light (Van 
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Driel & Fan, 2012). To create white light, several promising strategies have been 

used in the applications, including di-, tri-, and tetra-chromatic approaches (Schubert 

& Kim, 2005) (Fig. 2-10). These approaches differ in terms of their luminous 

efficiency, color stability, and color rendering capability (these performance metrics 

of LED lighting are introduced in the next section). 

The di-chromatic approach is one of commonly used methods to generate the 

white color, which combines two monochromatic colors (blue and yellow) with a 

certain power ratio. With the help of yellow phosphor materials, the blue light 

produced from a LED chip can be converted to white. Phosphor is a wavelength 

converter material, which consists of an inorganic host material doped with an 

optically active element (Lin & Liu, 2011). Cesium-doped yttrium aluminum-garnet 

(YAG:Ce
3+

) is a common yellow phosphor (Smet et al., 2011). Nowadays, the 

phosphor-converted (pc) white LED has become one of most widely used white light 

sources in general illumination applications, showing advantages in high luminous 

efficacy (425 lm/W), low cost, easy fabrication and high reliability (Ye et al., 2010). 

By adjusting the mixing proportion and concentration of phosphor, white LED 

lighting with different color temperatures can be obtained. However, the degradation 

of the LED chip or YAG:Ce
3+

 phosphors cause some significant color changes 

during aging.   
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Fig. 2-10 White LED lighting (Schubert & Kim, 2005) 

 

The tri-chromatic approach mixes three colors (reds, greens, and blues) to 

generate white light. Because the conversion losses associated with the use of 

phosphors are eliminated, the tri-chromatic approach has both a good color rendering 

property and high luminous efficacy (300lm/W). However, a disadvantage is that 

more complex electronics (possibly with feedback mechanisms) have to be used to 

drive the currents for different color LEDs, which makes the fabrication process 

complicated. This approach also requires additional electronic circuits to control and 

counteract the differential aging of the current red, green and blue LEDs. Therefore, 

the cost is much higher on the associated smart control instruments compared to the 

previous phosphor converted approach. In order to lower this cost, the tri-chromatic 
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approach has been developed to produce white light by using an ultraviolet (UV) 

LED to stimulate RGB tri-chromatic phosphors. Previous research shows that the 

UV LED with tri-chromatic phosphors has advantages in high efficiency, high color 

rendering and high chromatic stability (Sheu et al., 2003). 

The tetra-chromatic approach combines four colors together (Blue, Cyan, Green 

and Red) to illuminate white light, which also can give excellent color rendering 

index (CRI) values suitable for essentially any application. However it has a lower 

luminous efficacy (275lm/W) than di-chromatic or tri-chromatic sources (Schubert et 

al., 2006). Because of introducing four color sources, the fabrication and 

maintenance of LEDs using the tetra-chromatic approach are more complicated and 

expensive. Table 2-3 lists the advantages and disadvantages of these three white LED 

lightings. 

 

Table 2-3 Comparison of white LED lightings 

Approaches Advantages Disadvantages 

Di-chromatic 

white source 
Low cost; easy fabrication 

Low efficiency; low CRI; low 

chromatic stability under different 

driving currents 

Tri-chromatic 

white source 

High efficiency; high CRI; high 

chromatic stability under different 

driving currents; tunable color 

temperature 

Complex blending of different 

phosphors; lack of efficient red 

phosphor 

Tetra-chromatic 

white source 

Excellent CRI values suitable for 

essentially any application 

Lowest luminous efficacy; 

complex blending of different 

phosphors 



Chapter 2 Literature Review 

28 

2.3 Review of Traditional Reliability Prediction Methods for 

Electronics 

Reliability prediction has a long and controversial history, and is widely applied 

in electronic devices and equipment. The objectives of reliability prediction methods 

can be summarized according to the product development states: (1) in the design 

stage, it helps to determine if a reliability requirement is achievable and to can be 

used in a reliable design that meets the requirement; (2) in the manufacturing stage, it 

can help to achieve a reliable manufacturing process; (3) to guarantee the after-sale 

quality, it assesses potential warranty risks and provides safety analysis and also 

establishes baselines for logistic product support requirements (Foucher et al., 2002).  

Since the 1960s, several reliability prediction handbooks have been published 

by governments, military organizations and industrial associations, with applications 

in Aviation and Defense, Telecommunications, Automotives, Electronics and 

Computers, and Mechanical Equipment (EPSMA, 2005, Cassanelli et al., 2005). 

These current reliability prediction handbooks for electronic devices and equipment 

mainly depend on the collection of failure data and generally assume the components 

of the system have a constant failure rate that can be adjusted by independent 

“modifiers” to account for various quality, operating and environmental conditions. 

Some reliability prediction handbooks designed for electronic devices and equipment 

in different application areas are listed in Table 2-4.  
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Table 2-4 Reliability prediction handbooks for electronic devices and equipments 

Application 

area 
Name 

Aviations and 

Defenses 

MIL-HDBK-217F Note2, Reliability Prediction of Electronic Equipment 

(1995) 

RAC, PRISM Tool (2005) 

RiAC-HDBK-217Plus (2010) 

FIDES Guide, Reliability Methodology for Electronic Systems (2010) 

GJB/Z-299, 電子設備可靠性預計手冊 (1987) 

Telecommun-

ications 

SN 29500, Siemens Reliability and Quality Specification Failure Rates of 

Components (1999) 

IRPH, Italtel Reliability Prediction Handbook (2003) 

BellCore TR-332, Reliability Prediction Procedure for Electronic 

Equipment (1997) 

HRD, Handbook of Reliability Data for Components Used in 

Telecommunications Systems (British Telecom Reliability 

Handbook)  (1992) 

NTT Procedure, Nippon Telegraph and Telephone Corporation  Standard 

Reliability Table for Semiconductors (1985) 

RDF, Compilation of CNET’s Reliability Data (2003) 

Telcordia SR-332, Reliability Prediction Procedure for Electronic 

Equipment (2011) 

Automotives 
ARP-1.0, Automotive Reliability Prediction Program (Powertronic Systems 

Inc., PSI)，Society of Automotive Engineer’s Technical Paper 870050 

Electrics and 

Computers 

IEEE-STD-1413, IEEE Standard Methodology for Reliability Prediction 

and Assessment for Electronic Systems and Equipment  (1996) 

IEEE-STD-1413.1, IEEE Guide for Selection and Using Reliability 

Predictions Based on IEEE 1413 (2002) 

Mechanical 

Equipments 

DTRC-90/010, Handbook of Reliability Prediction Procedures for 

Mechanical Equipment (1990) 

NSWC-11, Handbook of Reliability Prediction Procedures for Mechanical 

Equipment (2011) 

Electronics 

IEC-61709, Reliabililty – Reference Conditions for Failure Rates and Stress 

Models for Conversion  (1996) 

IEC-62380, Reliability Data Handbook –Universal Model for Reliability 

Prediction of Electronics Components, PCBs and Equipment (2004) 

(i) Note: The year in brackets is the year of the lastly updated 
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In summary, all reliability prediction handbooks contain one or more of the 

following set of information for the calculation of predicted results (IEEE 1413.1, 

2002): 

(ii) The constant failure rate values for different parts under operation or non 

operation; 

(iii) Multiplicative factors for different environmental parameters; 

(iv) Multiplicative factors that are applied to a base operating a constant failure rate 

to obtain the non-operating constant failure rate. 

In the following section, an early-published reliability prediction book: 

MIL-HDBK-217, and three new updated handbooks: RiAC-HDBK-217PLUS (2006), 

Telcordia SR-332 (2011); FIDES Guides (2010) are reviewed. 

 

2.3.1 MIL-HDBK-217 

The Military Handbook MIL-HDBK-217 [Reliability Prediction of Electronic 

Equipment] was first published by the US Department of Defense (DoD) in the 

1960s and the last version of this handbook is MIL-HDBK-217 Reversion F Notice 2 

was released on February 28, 1995 (MIL-HDBK-217 F Notice 2, 1995). 

MIL-HDBK-217 contains two prediction methods with assumption of constant 

failure rate, including the parts count method and the parts stress method. It proposes 
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the failure rate prediction models for the electronic domponents, such as ICs, 

transistors, diodes, resistors, capacitors, relays, swatches, connectors and so on 

(MIL-HDBK-217 F Notice 2, 1995). These prediction models are based on the 

averaged accumulated historical field data which were collected from a wide variety 

of electronic parts and systems. This method assumes that each constant failure rate 

can be calculated by some factors which account for various quality, operation, and 

usage conditions. 

p b T A R S C Q E                         (2-1) 

Where λp is the part failure rate, λb is the base failure rate, and the pi (π) factors are 

independent parameter modifiers whose values depend on the product and its 

condition of usage.  

Therefore, as summarized by Cushing et al. there are several limitations in 

MIL-HDBK-217 (Cushing et al., 1993):  

(i) Crucial failure details (like failure site, failure mechanisms, load/environment 

history, materials and geometries) are not collected and addressed;  

(ii) Failure rate models are point estimates which are based on available data. Hence, 

they are only useful for the conditions with sufficient historical data, and for the 

limited devices; 

(iii) The design and usage parameters are also not addressed in this handbook, which 
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results in an inability to tailor a prediction using these key parameters; 

(iv) This handbook is only suitable for component level, not for equipment or system 

level. 

Because of these limitations, the US army discontinued this particular prediction 

approach in recent years.  

 

2.3.2 RiAC- HDBK -217PLUS 

The 217Plus [Handbook of 217Plus Reliability Prediction Models] is a handbook 

developed by the Reliability Information Analysis Center (RiAC) to provide methods 

in assessing the system reliability (RiAC-HDBK-217PLUS, 2006). 

Usually, the 217-Plus prediction handbook has two applications: (i) Component 

reliability prediction; (ii) System-level reliability prediction (Nicholls, 2006). 

(i) Component reliability prediction  

As mentioned in MIL-HDBK-217, the typical component failure rate is predicted 

by a base failure rate multiplied by several factors that account for the environmental 

factors, stresses and component variables that influence reliability (Nicholls, 2006). 

However, the predicted failure rate with this multiplicative model form can become 

unrealistically large or small under extreme value conditions, i.e., when all factors 

are at their highest or lowest values. To avoid this drawback, the 217-Plus handbook 
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uses a combination of additive and multiplicative model forms to predict a separate 

failure rate for each class of failure mechanism (Nicholls, 2006). 

p o o e e c c i sj sj                           (2-2) 

where λp = Predicted failure rate; λo = Failure rate from operational stresses; πo = 

Product of failure rate multipliers for operational stresses; λe = Failure rate from 

environmental stresses; πe = Product of failure rate multipliers for environmental 

stresses; λc = Failure rate from power or temperature cycling stresses; πc = Product of 

failure rate multipliers for cycling stresses; λi = Failure rate from induced stresses, 

including electrical overstress and ESD; λsj = Failure rate from solder joints; πsj = 

Product of failure rate multipliers for solder joint stresses. 

(ii) System reliability prediction  

Besides component level prediction, the 217-Plus handbook also has a system 

level reliability prediction model (Nicholls, 2006). To account for non-component 

effects, the system level prediction models integrate various system-level factors into 

the initial assessment of the system failure rate. A system level model can be 

expressed as: 

( )p IA p IM E D G M IM E G S G I N W SW                  (2-47) 

where λp = Predicted failure rate of the system; λIA = Initial assessment of the system 

failure rate; ΠIM = Infant mortality factor; ΠE = Environmental factor; ΠG = 
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Reliability growth factor; λSW = Failure rate, software; ΠP = Parts process grading 

factor; ΠD = Design process grading factor; ΠM = Manufacturing process grading 

factor; ΠS = System Management process grading factor; ΠI = Induced process 

grading factor; ΠN = No-Defect process grading factor; ΠW = Wearout process 

grading factor. 

The 217-Plus handbook is documented in a similar format as MIL-HDBK-217, 

and the entire 217-Plus reliability prediction process always includes 

(RiAC-HDBK-217PLUS, 2006): (1) the prediction process flow diagram, (2) 

definition of variables, (3) component- and system-level reliability prediction models 

and model factors, (4) look-up tables that support the calculation of component and 

system failure rates, and (5) the process and supporting tables for determining and 

applying process grade factors (see Fig. 2-11). 

 

Fig. 2-11 The 217Plus approach to failure rate estimation  

(RiAC-HDBK-217PLUS, 2006) 
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2.3.3 Telcordia SR-332(Bellcore) 

The Telcordia SR-332(Bellcore) [Reliability Prediction Procedure for Electronic 

Equipment] was first published by the Bell Communications Research Center for 

telecommunications companies in 2001 (SR-332, Issue 1, 2001), and it was upgraded 

to a new version in 2006 (SR-332, Issue 2, 2006). To meet the appropriate Telcordia 

generic and system-specific requirements on physical design, manufacture, 

installation, and reliability assurance practices (SR-332, Issue 1, 2001, SR-332, Issue 

2, 2006), this handbook is designed for commercial telecommunication systems with 

the empirical statistical models. The Telcordia SR-332 proposed a serial model for 

electronic parts. It developed three prediction methods for the failure rates at the 

infant mortality stage and at the steady-state stage (Method I, II and III).  

(i) Like the MIL-HDBK-217 parts count and part stress methods. Method I 

provides the generic failure rates and three part stress factors: device quality 

factor (πQ), electrical stress factor (πS) and temperature stress factor (πT).  

(ii) Method II provides prediction approach by combining Method I predictions with 

the laboratory test data collected according to the specific SR-332 criteria.  

(iii) In the Method III, a statistical prediction of failure rate is developed by using 

field data collected based on specific SR-332 criteria. In this method, the 

predicted failure rate is a weighted average of the generic steady-state failure 
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rate and the field failure rate. 

The main concepts in Telcordia SR-332 and MIL-HDBK-217 are similar and 

Telcordia SR-332 applies most equations given in MIL-HDBK-217 in the 

telecommunications field, however, Telcordia SR-332 also has some developments 

for solving the prediction problems for systems. For example, a Bayesian analysis to 

incorporate burn-in, field, and laboratory test data is developed in Telcordia SR-332. 

It also accounts for the uncertainty in the parameters contributing to reliability, and 

the upper confidence levels for failure rates are also calculated in Telcordia SR-332 

(Bennett, 2008). However it does not address the uncertainty in the failure models 

used.  

 

2.3.4 FIDES Guides 

The FIDES Guides were published by a French alliance which includes Airbus 

France, Eurocopter, GIAT Industries, MBDA and THALES, and provide reliability 

prediction methodologies for weapon systems and civil aeronautics systems (FIDES 

Guide 2004, Issue A, 2004, FIDES Guide 2009, Edition A, 2010). The purpose of the 

FIDES Guides is to establish a realistic assessment of the reliability of electronic 

components and systems operating under particular environments. Generally, the 

FIDES Guides separate the reliability prediction methodologies to two parts: (i) 
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component reliability prediction guide; (ii) reliability process control and audit guide 

(Held & Fritz, 2009, Charpenel et al., 2003). 

(i) Component reliability prediction guide 

The component reliability prediction models proposed in the FIDES Guides are 

used to calculate the component failure rates based on the component characteristics 

and application environmental data (such as thermal and electrical stress data). The 

general model of failure rate in the FIDES Guides consists of the physical 

contribution λPhysical, the part manufacturing factor ПPart_manufacturing and the process 

factor ПProcess, which can be expressed as: 

_ Pr= Physical Part manufacturing ocess                    (2-3) 

0

_

( )Physical acceleration induced

Physical contributions

 
 

   
 

          (2-4) 

The physical contribution can be expressed as a component basic failure rate λ0 

multiplied by acceleration factors Пacceleration, where the acceleration factors include 

the environmental acceleration factors and conditions of usage. The induced factors 

Пinduced are the overstress (electrical, mechanical or thermal) factors. The part 

manufacturing factor represents the quality and technical control of the component's 

manufacture. The ПProcess is a factor representing the quality and technical control of 

reliability in the product lifecycle which includes specification, design, 

manufacturing, field operation and maintenance, as well as support activities. 
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(ii) Reliability process control and audit guide 

In order to calculate the process factor ПProcess, a guide to audit equipment is 

recommended in the FIDES Guides. The values of the process factors are assigned 

by answering questionnaires about the product development, manufacture and 

operation processes. The audit procedure is standardized in the FIDES Guides: (1) 

Prepare the audit; (2) Undertake the audit; (3) Gather the proof; (4) Process the 

collected data; (5) Draw conclusions; (6) Write an audit report; (7) Present the audit 

results. 

Recently, with the increasing number of various reliability prediction 

handbooks, how to select an appropriate handbook from so many options for their 

products has become difficult for manufacturers. Thus, the IEEE proposed criteria to 

assess and compare the reliability prediction methodologies, which was then 

published as a standard IEEE Std 1413 (IEEE Std 1413, 1998, IEEE Std 1413, 2010). 

It helps to identify the key required elements for an understandable and credible 

reliability prediction method and to provide its users with sufficient information to 

evaluate prediction methodologies (Elerath & Pecht, 2012, Pecht et al., 2002) (see 

Table 2-5).   

 

 



Chapter 2 Literature Review 

39 

Table 2-5 Comparison of reliability prediction methodologies 

Handbooks 

Criteria 

MIL-HDBK-

217F 

RiAC-21

7PLUS 

Telcordia 

SR-332 

FIDES 

Guides 

Does the methodology identify 

the sources used to develop the 

prediction methodology? 

No Yes No No 

Are the sources used to develop 

the prediction methodology 

available in public domain or 

upon request? 

No No No No 

Does the methodology account 

for life cycle environmental 

conditions, including those 

encountered during 1) 

manufacturing, 2)product usage 

(including power and voltage 

conditions), 3) packaging, 4) 

handling, 5) storage, 

6)transportation, and 7) 

maintenance conditions? 

No No No Yes 

Does the methodology account 

for materials, geometry, and 

architectures of the parts and 

assemblies? 

No No No No 

Does the methodology account 

for part quality? 

Quality levels 

are derived 

from specific 

part-depende

nt data and 

the number of 

the 

manufacture 

screens the 

part goes 

through 

No. 

Four quality 

levels that 

are based on 

generalities 

regarding 

the origin 

and 

screening of 

parts. 

Process 

factor 

represents 

the quality 

and 

technical 

control of 

reliability in 

the product 

lifecycle 

Does the methodology have the 

flexibility to allow incorporation 

of new reliability data and 

experience? 

No 

Yes, 

through 

Bayesian 

method 

of 

weighted 

averaging 

Yes, 

through 

Bayesian 

method of 

weighted 

averaging 

No 

Are assumptions used to conduct 

the prediction according to the 

methodology identified, 

including those used for the 

unknown data? 

No Yes Yes No 
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Table 2-5 Comparison of reliability prediction methodologies (cont’) 

Handbooks 

Criteria 

MIL-HDB

K-217F 

RiAC-21

7PLUS 

Telcordia 

SR-332 

FIDES 

Guides 

Are sources of uncertainty in the 

prediction results identified? 
No Yes 

Yes, 

account for 

the 

uncertainty 

in the 

parameters 

contributing 

to reliability 

No 

Are limitations of the prediction 

results identified? 
Yes Yes Yes Yes 

Are failure modes identified? No No No No 

Are failure mechanisms identified? No No No No 

Are failure causes identified? No No No No 

Are statistical confidence levels 

and confidence intervals for the 

prediction results identified? 

No No 

Yes, upper 

confidence 

levels for 

failure rates 

are 

calculated 

in SR-332 

Issue 2  

No 

 

In brief, the handbook-based reliability prediction methods have been widely 

used in the military and electronic industries for many years. However, with the 

developing technologies in electronic devices and equipments, most of these 

reliability prediction handbooks are facing several problems in dealing with today’s 

novel technologies. Several concerns with these handbooks on reliability prediction 

were reported, such as inappropriate field loading, unreliable material databases, lack 

of understanding of failure modes and failure mechanisms (Gottfried, 1997, Luthra, 

1990). The major conclusion is that these handbooks are inaccurate for predicting 

actual field failures, such as soft and intermittent faults, which are the most common 
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failures modes in today’s electronics-rich systems, and provide highly misleading 

predictions, which can result in poor designs and weak logistics decisions (Pecht & 

Jaai, 2010). Thus, most of these handbooks are no longer upgraded now and some 

have been discontinued.   

 

2.4 Review of Failure Analysis and Reliability Prediction Methods for 

LEDs 

Reliability is usually defined as the ability of a product (or system) to perform 

its required functions under the stated conditions for a specified period of time (O' 

Connor, 2002). In other words, the reliability deficiency eventually results in 

impaired or lost performance, compromise safety, and lead to the need for such 

restorative actions as diagnosis, repair, spare replenishment, and maintenance. In 

reliability engineering, the reliability is always accompany with the term “failure”, 

which means that the device is incapable of performing its required function (Martz 

& Waller, 1982). Thus, within the failure analysis and reliability prediction for LED 

lighting, the failures and lifetime of LED should be defined firstly. For LED lighting, 

its lifetime also can be interpreted as the time when the performance metrics of LED 

lighting decreased under particular failure thresholds. In 2011, the Next Generation 

Lighting Industry Alliance (NGLIA) of U. S. Department of Energy (DoE) 

recommended that both of the lumen degradation and chromaticity shift should be 
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included in the calculation of LED lighting’s lifetime (Solid-state Lighting Product 

Quality Initiative, 2011).  

The Alliance for Solid-State Illumination Systems and Technologies (ASSIST) 

(ASSIST Recommendation, 2005) recommends two LED lumen lifetimes based on 

the time to 50% light output degradation (L50: for decorative lighting) or 70% light 

output degradation (L70: for general lighting) at room temperature: 

(a) L70 means that the time at which the lumen output declines by 30% from the 

initial value (or time to 70% lumen maintenance).  

(b) L50 means that the time at which the lumen output declines by 50% from initial 

value (or time to 50% lumen maintenance). 

Another important characteristic to qualify the performance of LED lighting is 

the chromaticity, which is a key parameter for high power white LEDs lighting 

applied in some areas, such as the backlights of monitor display and traffic lighting. 

Currently, because there is still no specific physical model to describe the 

chromaticity shift of white LED lighting, a standard to define the chromaticity 

lifetime is lacking. However, nowadays, there are some specifications applied in the 

LED industry to classify the different chromaticities of white light and to verify the 

color consistency of white light, which can be viewed as the definition of 

chromaticity failure. Firstly, the American National Standard Lighting Group 
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(ANSLG) of the American National Standard Institute (ANSI) began to establish a 

specification to recommend the acceptable range of chromaticities for LED-based 

solid state general lighting, specifying indoor lighting applications [ANSI/ANSLG 

C78.377] (ANSI/ANSLG C78.377, 2008)(see Table 2-6). This specification was 

published by the National Electrical Manufacturers Association (NEMA) in 2008 

and it was updated to a new version in 2011 (ANSI/ANSLG C78.377, 2011). 

  

Table 2-6 Nominal CCT Categories (ANSI/ANSLG C78.377, 2011) 

Normal CCT 

(K) 

Target CCT and 

tolerance 
Target Duv  Duv tolerance range 

2700 2725 ± 145 -0.0001 

Duv (Tx)± 0.006 

Where 

Duv=57700×(1/Tx)
2
-44.6

×(1/Tx)+0.0085 

Tx: CCT of the source 

3000 3045 ± 175 0.0001 

3500 3465 ± 245 0.0004 

4000 3985 ± 275 0.0009 

4500 4503 ± 243 0.0014 

5000 5029 ± 283 0.0019 

5700 5667 ± 355 0.0024 

6500 6532 ± 510 0.0030 

Flexible CCT 

(2800-6400K) 
TF

1)
 ± △T

2)
 Duv (TF)

3)
 

Where 1) TF is chosen to be at 100K steps (2800 to 6400K), excluding those eight nominal 

CCTs listed above; 2)△T=1.1900× 10
-8

×T
3
-1.5434×10-4××T

2
 + 0.7168×T-902.55; 3) The 

same equation given in the column of Duv tolerance range 

 

In this specification, two performance metrics, chromaticity coordinates and 

correlated color temperature (CCT), are introduced to express the chromaticity of 

white light in advance. In order to indicate the difference of the chromaticities on the 
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either side of the Planckian locus, a distance parameter with a positive sign for values 

above and a negative sign for values below, with respect to the Planckian locus, Duv, 

is defined in this document. Referring to the nominal CCT categories from 2700K to 

6500K, an approximate quadrangle range is established using the target CCT and Duv 

with their tolerances and the values of each individual white LED samples should 

within this area.  

Through establishing a boundary to distinguish the diferent color range, the 

[ANSI/ANSLG C78.377] specification is widely used as a criteria for categorizing 

for the white LED lighting (Cree, 2010), but it has limitations in detecting the color 

differences within the range. To solve this problem, the International Electrotechnical 

Commission (IEC) has developed a different approach for characterizing 

chromaticity and chromaticity shift based on specific chromaticity coordinates, 

which can be defined in terms of the numbers of “standard deviations of color 

matching (SDCM)”. It is illustrated as many MacAdam Ellipses in the CIE 

chromaticity diagram. A product could be considered failed for excessive 

chromaticity shift if it moves outside a boundary. The boundary is defined in terms of 

the n-step SDCM (or n-step MacAdam ellipse). Based on different applications, the 

criteria of chromaticity shift failure can be categorized as follows (see Fig. 2-12): 
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Fig. 2-12 MacAdam ellipses around CCT range 3000K (Steen, 2011) 

 

2-step MacAdam ellipse: it is applied in which the white LED lighting sources 

are placed side-by-side and are directly visible, or when these lighting sources are 

used to illuminate an achromatic (white) scene. For example, accent lighting of a 

white wall and lighting a white cove (Narendran et al, 2004). 

4-step MacAdam ellipse: this is used for the situation that the white LED lighting 

is not directly visible, or when the lighting is used to illuminate a visually complex, 

multicolored scene. For example, with application of lighting a display case and 

accent lighting of multicolored objects or paintings (Narendran et al, 2004). 

7-step MacAdam ellipse: It covers a very broad area which approximates to the 

quadrangle range in the [ANSI/ANSLG C78.377] specification. Thus, this criteria is 

accepted by both the ANSI/NEMA and ENERGY STAR Programs of the DoE (DOE, 
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2008, Wood, 2010).  

There have been several papers published on failure analysis and reliability 

study for the LED lighting. For instance, Narendran et al (Narendran et al., 2004) 

conducted long term life testing for white LEDs to understand the long-term 

performance. In this study, both the junction temperature and the amplitude of 

short-wavelength radiation were found to be two major factors influencing the 

degradation rate of the light output in LEDs. In addition, an overview of the 

degradation mechanisms of GaN-based LEDs was presented by Meneghini et al 

(Meneghini et al., 2008), in which sets of specific experiments were carried out to 

analyze the degradation of the performance of LED chips (such as in active layers, 

ohmic contacts and packaging materials). This study also reported two factors that 

influences the LED’s reliability (current density and temperature). Menghesso et al 

(Menghesso et al., 2010) also presented a review on the physical failure mechanisms 

of GaN-based LEDs. In this paper, three failure mechanisms, degradation of the 

active layer, degradation of the package/phosphor system, and electrostatic discharge 

induced failure, were described. Dal Lago et al (Dal Lago et al., 2011) analyzed the 

failure mechanisms of high-power white LEDs related to both the current and 

temperature active factors. The results in this study found that the temperature and 

operation current had different impacts on the optical degradation of LEDs. In detail, 
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the thermal stress can induce short-term optical power degradation, while the current 

stress can cause a long-term degradation process. In Horng et al’s work (Horng et al., 

2012), a thermal transient tester and scanning electron microscope were used to 

investigate the relationship between thermal resistance analysis and the LED package 

failure structure. The proposed techniques can be used to detect the thermally 

induced interface failures in LED packages. In 2012, Chang et al (Chang et al., 2012) 

published a detailed review of the reliability of LEDs at the die and package levels. 

According to the different failure sites, three types of failures were categorized in 

this paper (e.g. Semiconductor related failures, Interconnect related failures, and 

Package related failures). The relationships between the failure causes and their 

associated mechanisms were also identified.  

Besides failure analysis, reliability prediction (or lifetime estimation) for LED 

lighting is also an essential objective in popularizing LEDs in the lighting market. As 

introduced earlier, the traditional handbook based reliability assessment and 

prediction approaches which record only failure-time data have difficulties in dealing 

with LEDs. To solve this problem, researchers have published papers proposing 

methods for lumen lifetime prediction and reliability estimation. 

Usually, using degradation data for reliability assessment appears to be an 

attractive alternative in dealing with traditional failure time data, because it benefits 
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in obtaining more reliability information, identifying the degradation path and 

providing effective maintenance methods before failures occur (Pan & Crispin, 2011). 

For instance, Liao and Elsayed (Liao & Elsayed, 2006) developed a statistical 

inference procedure to predict the reliability of LEDs with the accelerated lumen 

degradation data. In this paper, the Accelerated Degradation Test (ADT) model for 

LEDs was developed with the constant-stress accelerated lumen degradation data. 

The results showed that the proposed method could be applied to predict LED 

reliability in real applications by considering the stress variations. Moreover, Tsaing 

and Peng (Tsaing & Peng, 2007) also proposed a stochastic diffusion process to 

model the LED light output degradation path and predicted its lifetime distribution. 

With the proposed approximate methods, the LED’s lumen lifetime (like, 

mean-time-to-failure, MTTF and median life, B50) could be estimated by dealing 

with the light output degradation data. In 2011, IESNA released a standard on 

predicting lumen lifetime based on the lumen maintenance data collected from IES 

LM-80-08 (IES-21-11, 2011). In this standard, an exponential model was used to 

describe the lumen degradation path of LEDs. With the ordinary least squares (OLS) 

method for fitting the averaged lumen degradation data of LEDs, the model 

parameters were estimated and the degradation curve was then projected to the 

threshold to get the lumen failure time. To realize online reliability prediction, T. 
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Sutharssan et al (Sutharssan et al., 2012) proposed a distance-based data-driven 

method (ED and MD) to detect the lumen failure of high power LEDs with real-time 

monitoring of the operational and environmental conditions.  

In summary, as reviewed, most of previous studies only focused on analysis of 

the failure mechanisms of LEDs at the chip or package level, not including the 

system level. As an electronic assembly, a LED lighting system is always established 

by several subsystems (such as the LED module, electric driver, thermal 

management module, optical house, and so on), which involves several unknown 

failure modes, failure mechanisms and failure effects and interactions. Thus, the 

failure mode and failure mechanism analysis for the system level LED lighting 

becomes one of the critical issues in the LED reliability field. Moreover, the previous 

reliability prediction methods only deal with lumen depreciation failure in LED 

products, ignoring another common failure mode referred to as chromaticity state 

shift. However, the chromaticity is also a key parameter for high power white LEDs 

lighting used in some special application areas. Thus, the chromaticity state should 

be considered as one of health indictors of high power white LEDs in reliability 

assessment.  
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2.5 Concluding Remarks 

This chapter presents a detailed review of the construction of LED lighting from 

chip level to system level, the existing handbook based reliability prediction methods 

for electronics and the previously published works in the field of failure analysis and 

reliability prediction for LEDs. The findings from this literature review can be 

summarized as follows: 

(i) As an electronic assembly, a LED lighting system is always established by 

several subsystems (like, LED module, electric driver, thermal management 

module, optical house, and so on), which involves several unknown failure 

modes, failure mechanisms and failure effects and interactions in system level. 

(ii) The traditional handbook based reliability assessment and prediction approaches 

which record only failure-time data have difficulties in dealing with LEDs, 

including inappropriate field loading, unreliable material databases, lack of 

understanding of failure modes and failure mechanisms, high cost and 

time-consuming analysis. 

(iii)The previous studies just focused on analyzing the failure mechanisms of LEDs 

in the chip or package level, not including the system level. Most of previous 

reliability prediction methods only deal with lumen depreciation failure in LED 

products, ignoring another common failure mode called chromaticity state shift. 
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Chapter 3 Research Methodology and Experimental Setup 
 

3.1 Research Methodology 

  To solve the problems mentioned in the literature review chapter, there is an 

urgent need to develop a new, accurate method to predict the reliability of 

HPWLEDs lighting. Prognostics and Health Management (PHM) is an effective 

solution in diagnosing failures, predicting the remaining useful life (RUL) and 

estimating the reliability for electronic products and systems (Pecht & Jaai, 2010). 

Therefore, this research develops the failure diagnosis, lifetime estimation and 

reliability prediction methods for HPWLEDs lighting within the PHM methodology 

framework. In addition, as a well-organized problem-solving method for improving 

and guaranteeing product quality, reducing operation cycle time and optimizing 

process management, the Six Sigma DMAIC methodology is used in this study to 

design an optimal reliability testing procedure for HPWLEDs lighting. 

 

3.1.1 Prognostics and Health Management  

PHM method always solves engineering problems (e.g. failure diagnostics, 

lifetime estimation and reliability prediction) with multiple discipline approaches 

which includes physics, mathematics and engineering. It applies physics-of-failure 

modeling and in-situ monitoring techniques to detect the deviation or degradation of 
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health and predict the reliability (and remaining life) for electronic products and 

systems under field operation. Typically, PHM methodology can be categorized into 

three different methods: (1) Physics-of-Failure (PoF) methods; (2) Data-driven 

methods and (3) Fusion methods which incorporate the advantageous features from 

both PoF and Data-driven methods. 

 

3.1.1.1 Physics-of-Failure (PoF) Methods 

The Physics-of- Failure (PoF) method is an approach for designing for and 

assessing reliability by utilizing knowledge of a product’s life cyclic loading and 

failure mechanisms, which is based on the understanding that failures occur due to 

the fundamental mechanical, chemical, electrical, thermal, and radiation processes 

(Gu & Pecht, 2008, Pecht, 1994). Based on the PoF method shown in Fig. 3-1, the 

potential failure modes, failure mechanisms and failure sites of the product are 

identified as a function of the product’s life cycle loading conditions. The PoF 

methodology can be summarized in the following five steps (White. & Bernstein, 

2008): 

(i) Identify the potential failures modes and mechanisms and failure sides merging 

in the selected device with FMMEA methods(failure modes, mechanisms and 

effects analysis); 



Chapter 3 Research Methodology and Experimental Setup 

53 

(ii) Rank the potential failure modes from high risk to low risk and find the 

dominant root-causes of failure.  

(iii) Develop the appropriate damage models for the identified dominate failure 

mechanisms with high risk. Calculating the stress at each failure site as a 

function of both the loading conditions and the product geometry and material 

properties.  

(iv) Determine the fault generation and propagation with the damage models; 

(v) Predict the reliability by calculating the time-to-failure, or predict the likelihood 

of failure happened with considering the geometries, material construction, 

environmental and operational conditions. 

 

 

Fig. 3-1 PoF based PHM methodology (Pecht & Gu, 2009) 
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Most damage models are empirical based models that are widely used for 

electronic components and systems. Some of these empirical damage models are 

reviewed below: 

(i) Arrhenius model 

The Arrhenius model can be used to establish the time to failure model for an 

electronic device when the failure is induced by temperature factors. It is always 

used as a relationship between chemical reaction and temperature with the activation 

energy parameter Ea. Thus the acceleration factor AF between accelerated 

temperature stress and condition of usage is expressed by the Arrhenius equation 

(Escobar & Meeker, 2006). 

aE

kT
ft e                            (3-1) 

1 1a

use

E

k T T
AF e

 
 

                         (3-2) 

Where k is Boltzmann’s constant, T is the operating temperature in Kelvin, and 

Tuse represents the temperature of use condition. 

 

(ii) Eyring model 

The Eyring model calculates the time to failure by taking both temperature stress 

and other non-thermal stresses (such as humidity, mechanical and electrical stresses) 

into account. This model can be considered as an extension of the Arrhensius 
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approach, which imports the theoretical concepts (molecular collisions, activation 

energy). The time to failures can be expressed as follows: 

1 1 2 2/ ( / ) ( / )aE kT C T S D T S

ft AT e e e   
                 (3-3) 

Where S1 and S2 represent the functions of the non-thermal stresses, and β1, β2, C, 

D are the constants related to stress. 

 

(iii) Black’s model 

Black’s model is an empirical relationship to estimate the time to failure of an 

electronic device because of electro-migration. The failure mode assumption is uue a 

complete open circuit of the metallization 

/
( ) / [ ]aE kTn

f m mt t w j A e


                     (3-4) 

   Where tm is the thickness of metallization; wm is the width of metallization; j 

represents the current density (A/cm
2
); n is experimentally determined exponent 

(n=2); A is a constant depending on geometry, substrate, protective coating and film. 

(iv) Coffin-Manson model 

To modeling the thermo-mechanical fatigue failure in a solder joint or other 

metals under a thermal cycle condition, the Coffin-Manson model was established 

and can be used to express the relationship between the number of cycles to failure 

and the environmental conditions, and is given by (Choi et al., 2011, Cui, 2005): 
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max= ( )fN Af T G T                       (3-5) 

where fN is the number of cycles to failure; f is the thermal cycling frequency, α, β 

are the cycling frequency exponent and temperature range exponent, respectively. 

G(Tmax) is the Arrhenius term evaluated at the maximum temperature. 

Compared to the traditional handbook based reliability prediction methods, PoF 

methods have several advantages in increasing the prediction accuracy, detecting 

root causes contributing to failures and understanding potential failure mechanisms, 

which are helpful for manufacturers in understanding their products and improving 

them. Table 3-1 lists the performance comparisons between MIL-HDBK-217 and the 

PoF method, which indicates that the PoF method can be an alternative to traditional 

reliability prediction handbooks. Based on the PoF methodology, there are some 

computer aided modeling and simulation software developed by companies and 

universities. For example, Computer Aided Design of Microelectronic Packages 

(CADMP-II) is a set of integrated software programs that assist in assessing the 

reliability of microelectronic packages (McCluskey & Pecht, 1999). The calcePWA 

is a PoF based tool designed by the University of Maryland, which can be used to 

perform simulation based failure assessment of printed wiring assemblies, which 

combines thermal analysis, vibration analysis and failure assessment (calcePWA, 

2004). However, because it requires comprehensive knowledge of the materials and 
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geometries of a product and the thermal, mechanical, electrical and chemical life 

cycle environment as well as processes leading to failures in the field in advance, the 

PoF method requires significant time resources to collection sufficient information, 

which also increases the operation cost of reliability prediction for manufacturers.  

 

Table 3-1 Comparison of MIL-HDBK-217 and Physics-of-failure methods  

(Gottfried, 1997, Cushing et al., 1993) 

Issues MIL-HDBK-217 Physics-of-failure 

Model 

Development 

Models can’t provide accurate design or 

manufacturing guidance since they were 

developed from assumed constant 

failure-rate data, not root cause, time-to 

failure data 

Models based on 

science/engineering first 

principles. Models can 

support deterministic or 

probabilistic applications 

Device 

Design 

Model 

The MIL-HDBK-217 assumption of 

perfect designs is not substantiated duo to 

lack of root-cause analysis of field 

failures. MIL-HDBK-217 models do not 

identify wear-out issues. 

Models for root-cause failure 

mechanisms allow explicit 

consideration of the impact 

that design, manufacturing, 

and operation have on 

reliability. 

Device 

Defect 

Modeling 

Models can’t be used to: 1) consider 

explicitly the impact of manufacturing 

variation on reliability, 2) determine what 

constitutes a defect, or how to 

screen/inspect defects. 

Failure mechanism models 

can be used to: 1) relate 

manufacturing variation to 

reliability, 2) determine what 

constitutes a defect and how 

to screen/inspect 

Device 

Screening 

MIL-Hdbk-217 promotes and encourages 

screening without recognition of potential 

failure mechanisms 

Provides a scientific basis for 

determining the effectiveness 

of particular screen or 

inspections 

Device 

Coverage 

Doesn’t cover new devices for 

approximately the first 5-8 years. Some 

devices, such as connectors, weren’t 

updated for over 20 years. Developing & 

maintaining current design reliability 

models for devices is an impossible task. 

Generally applicable-applies 

to both existing and new 

devices, since failure 

mechanisms are modeled, not 

devices.  

 

Operating 

Temperature 

Explicitly considers only steady-state 

temperature. Effect of steady-state 

temperature is ‘inaccurate because it’s not 

based on root-cause, time-to-failure data. 

The appropriate temperature 

dependence of each failure 

mechanism is explicitly 

considered. 

 

Cost of 

Analysis 

Cost is high compared with value added Costs are flexible 
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3.1.1.2 Data-driven Methods 

To solve the problems mentioned above, such as expensively conducting a PoF 

on a complex system, data-driven methods have been proposed to determine 

anomalies and make predictions about the reliability of systems using historical 

information. The data-driven methods can intelligently provide valuable 

decision-making information based on learning from historical data. As shown in 

previous studies (Wang & Carr, 2010, Si et al., 2011, Hancock & Tran, 1989, Zio & 

Di Miao, 2010), these data-driven approaches always include: (1)Multivariate 

statistical methods (e.g., static and dynamic principle components analysis(PCA), 

linear and quadratic discriminates, partial least squares (PLS) and canonical variated 

analysis (CVA)); (2)Black-box methods based on neural networks (Yan et al., 2011) 

(e.g., probabilistic neural networks (PNN), decision trees, multi-layer perceptions, 

radial basis functions and learning vector quantization (LVQ)); (3)Graphical models 

(Bayesian networks (Cai et al., 2009), hidden Markov models (Si et al., 2011)); 

(4)Self-organizing feature maps; (5)Signal analysis (filtering, auto-regressive models, 

FFT,etc.) and (6)Fuzzy rule-based systems and so on.  

Generally, most of data-driven approaches are based on statistical and learning 

techniques from the theory of pattern recognition. Therefore, the data-driven 

methods for PHM can be classified into: (1) statistical approaches and (2) learning 
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approaches.  

 

(i) Statistical approach 

Usually, the statistical approaches are composed of parametric methods and 

nonparametric methods. Where the parametric methods assume that the collected 

population data follow a certain statistical distribution (like, normal, exponential, 

weibull or lognormal), the parameters of the distribution can be estimated by fitting 

the collected data. While the nonparametric methods are not based on the assumption 

of statistical distributions for the population data, they are just based on their inherent 

features. In this section, two representative statistical data-driven methods proposed 

for predicting the reliability (remaining useful life) (general degradation path model 

as a parametric method and Mahalanobis distance (MD) as a nonparametric method) 

are reviewed. 

(a) General degradation path model 

 For the devices with long lifetimes, most of the traditional reliability prediction 

handbook approaches require failure data that are time-consuming and expensive to 

obtain. In this condition, using degradation data to do reliability assessment appears 

to be an attractive alternative to deal with traditional failure time data. The general 

degradation path model as a parametric statistical method was first proposed by Lu 
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and Meeker (Lu & Meeker, 1993) who modeled the degradation as a function of time 

and multidimensional random variables, and estimated the failure time distribution 

with analytical methods by using the relationship between the failure time 

distribution and the random variables distribution. Usually, several statistical 

methods have been proposed to estimate reliability based on the degradation data. 

For example, Freitas et al (Freitas, 2010) applied this model to train wheel linear 

degradation data and assessed its reliability.  

The degradation path can be registered as time-performance measurement pairs 

(ti1, yi1), (ti2, yi2),……, (timi, yimi), for i = 1, 2, ……, n; and mi represents the test time 

points for each unit: 

( ; ; )ij ij i ijy D t    
                    (3-6) 

where a random sample size is n, and the measurement times are t1, t2, t3,……ts. The 

performance measurement for the i
th

 unit at the j
th

 test time is referred to as yij. 

D(tij;α;βi)is the actual degradation path of unit i at the measurement time tij; α is the 

vector of fixed effects which remains constant for each unit; βi is a vector of random 

effects which varies according to the diverse material properties of the different units 

and their production processes or handing conditions; εij represents the measurement 

errors for the unit i at the time tij, which is supposed to be a normal distribution with 

zero mean and constant variance.  
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To estimate the time to failure distribution, F(t), based on the degradation data, 

this data-driven method involves two basic steps are involved: (1) estimating the 

parameters for degradation path model (2) evaluating the time to failure distributions, 

F(t). Here, a hypothesis needs to be proposed first on the distribution of the random 

effects parameter βi. For example, Wu and Shao (Wu & Shao, 1999) assumed the 

random effects parameter βi, followed a normal distribution. Wu and Chang (Wu & 

Chang, 2002) thought it was an exponential distribution, and Yu (Yu, 2006) designed 

it as a reciprocal Weibull distribution. 

 

(b) Mahalanobis distance (MD) 

    In 1936, P.C. Mahalanobis first proposed MD to represent a single measure of 

the degree of divergence in the mean values of different characteristics of a 

population by considering the correlations between the variables (Patcha & Park, 

2007, De Maesschalck et al., 2000). This method has been applied successfully over 

the years in several cases such as anomaly detection, classification and pattern 

recognition. MD is superior to other distance measures, such as Euclidean Distance 

ED, because it considers the correlations of the points (Taguchi. & Jugulum, 2002, 

Taguchi, Chowdhury & Wu, 2001). 

ij( - )
=

ij

ij

i

X X
Z

S
                           (3-7) 
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Where 
iX  and Si are the mean and standard deviation of data matrix; C is the 

correlation matrix; Zj. is a normalization of raw data matrix; Z
T

j is the transpose of Zj. 

MD has two advantages in detecting differences: first, it reduces a multivariate 

system to a univariate one; second, MD is more sensitive in detecting changes by 

taking into account the correlation of several parameters. Thus, MD methods are 

widely used as a fault alarm to detect anomalies before failure occurs. For example, 

Niu et al (Niu et al., 2011) incorporated the MD method with a Weibull distribution 

to monitor the health of notebook computers. Kumar et al (Kumar et al., 2012) used 

MD as a health indictor to detect the gradual health degradation of electronic 

products. Sutharssan et al (Sutharssan et al., 2011) developed the distance measure 

techniques (both MD and ED) for a real-time prognostics system, including assessing 

the reliability, detecting failures and estimating remaining useful life, for LED 

lighting. 
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(ii) Learning approach 

The learning approach is based on machine learning algorithms for recognizing 

patterns in raw data and in making decisions on the state of the system based on the 

data. The data collected is analyzed with learning approaches using a variety of 

techniques depending on the type of data: (a) Supervised learning approach, which is 

for data representing healthy and faulty states of the system; (b) Unsupervised 

learning approach, which is suitable for the unlabeled data. 

(a) Supervised learning approach 

Supervised learning is an algorithm to label the outputs of a set of inputs, where 

healthy and failure datasets are available. Thus, the first step of this approach is 

training the proposed algorithm with available healthy and unhealthy datasets and in 

finding boundaries to distinguish them. The next step is to detect any anomaly for a 

new input dataset with the trained algorithm. Three basic supervised learning 

approaches are reviewed below (Artificial Neural Network, Support Vector Machine 

and Relevance Vector Machine). 

The Artificial Neural Network (ANN) is a graph based model that establishes a 

set of interconnected functional relationships between inputs and outputs (Tian & 

Zuo, 2009). It always consists of input nodes, hidden layers and output nodes. The 

inputs of neural networks can include process variables, condition monitoring 
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indicators, asset characteristics and maintenance history features. The outputs depend 

on the aim of the modeling process, which may be the desired maintenance action or 

the remaining useful life (Sikorska et al., 2011). As supervised learning, the ANN 

model is trained with a set of training data to adjust and optimize the associate 

parameters of the functional relationship (Peel, 2008). Typically, there are two 

application areas of ANN in prognostics: (1) Estimations and classifications, which 

work as an nonlinear function approximator to predict system failure features and 

trends; (2) be used with feedback connections to model dynamic processes of system 

degradation and predict the remaining useful life (Connor et al., 1994, Peng et al., 

2010). There are several types of neural network architectures used for prognostics, 

such as self-organized maps (SOM), recurrent neural networks (RNN), dynamic 

wavelet neural networks (DWNN) and so on. For example, an SOM neural network 

was used by Zhang et al as a multivariable trend indicator of fault development to 

estimate the remaining useful life of a bearing system (Zhang & Ganesan, 1997). 

Connor et al (Connor et al., 1994) proposed recurrent neural networks for time series 

predictions. Vachtsevanos and Wang (Vachtsevanos & Wang, 2001) used dynamic 

wavelet neural networks to predict the failures of a bearing system. 

The Support Vector Machine (SVM) is a supervised learning method used as a 

maximum margin classifier with the ability of simultaneously minimizing the 
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empirical classification error and maximizing the geometric margin (Pecht, 2008). 

Given a problem of binary classification with a set of training data, (x1, y1); (x2, 

y2); … ; (xM, yM), yi=1 or -1, i=1, 2,…, M, a linear separating plane expressed as the 

equation (3-12) is established to distinguish the input data space.  

1

( ) 0
m

T

j j

j

f x w x b w x b


                     (3-12) 

( ) ( ) 1T

i i i iy f x y w x b                      (3-13) 

where w is a weight vector; b is a scalar. Both these two parameters are trained 

with a training dataset. The training process uses the training dataset to satisfy the 

constraints which can be described as the equation (3-13).  

 

 

Fig. 3-2 Support Vector Machines used for classification (Qu, 2011) 

 

Fig. 3-2 explains the classification process with SVM methodology. In this 

figure, the solid squares and the solid circles are support vectors and the two dash 
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lines cross the support vectors representing two parallel planes and are called 

boundaries. The distance between the boundaries is called the margin. To get the 

optimal separating plane, an optimization process with maximizing margin 

2

w
(minimizing

2
w ) is used. 

As a supervised learning approach, SVM is typically applied to detect any 

anomaly by distinguishing the features between healthy and unhealthy. For example, 

a hybrid two stage one-against-all Support Vector Machine (SVM) approach was 

proposed by Gryllias et al (Gryllias & Antoniadis, 2012) for the automated diagnosis 

of defective rolling element bearings. In the first stage, an SVM classifier was built 

to separate the normal condition signals from the faulty signals and then the type of 

the fault is recognized and categorized by a SVM classifier at the second stage.  

Recently, because SVM was challenged by the lack of probabilistic outputs that 

make more sense in health monitoring application, another supervised learning 

approach (Relevance Vector Machine (RVM)) was proposed within a Bayesian 

framework. It also uses fewer kernel functions for comparable generalization 

performance (Tipping, 2001). Given a set of input vectors [xn] with their 

corresponding targets [tn], the learning process is undertaken to infer the parameters 

of the relationship function between input vectors and the corresponding targets, F(x). 

Then the likelihood of complete data is built for the next step prediction with the 
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Bayesian framework. 

( ; )n n nt F x w                            (3-14) 
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Where εn is the Gausian noise with mean 0 and variance δ2; w is the weight 

vector; η is the hyperparameter vector.  

 

(b) Unsupervised learning approach 

The unsupervised learning approach deals with unlabeled data and finds clusters 

by itself. It is used to discover similar groups within the data based on clustering 

techniques, and separates the data into different groups. Therefore, this approach also 

can be used to detect any anomaly in the new observation and can predict the 

reliability and remaining useful life. Here, two popular unsupervised learning 

approaches according to the different functions in PHM (anomaly detection and 

prediction) are reviewed.  

Principal Component Analysis (PCA) is an unsupervised learning approach 

used for dimension reduction, data compression, feature extraction, data 

classification and mapping. The singular value decomposition (SVD) tool is used in 

this approach to map higher dimension data into lower dimension data while 
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maximizing the variance of the mapped data. Jiang et al (Jiang et al., 2013) improved 

a principal component analysis (PCA) based chemical process monitoring 

performance and proposed a sensitive principal component analysis to detect and 

diagnostic the faults in chemical processes. Liang et al (Liang & Wang, 2003) 

combined PCA with a statistical control chart to reduce the multivariate variables for 

an industrial rolling mill reheating furnace. 

The filter approach has been widely accepted as one of unsupervised learning 

approaches for estimating and predicting the state of electronic devices or systems by 

using a state-space model (Daigle et al., 2012, Yang & Liu, 1999, Yang, 2002). The 

most widely used filter is the Kalman filter (KF), which has effective solutions on 

estimating the state of linear system with additive Gaussian noise (Simon, 2006, 

Gibbs, 2011).  

As shown in Fig. 3-3, KF is a recursive method to estimate the state of linear 

system based on prior knowledge of the state of state of the system and the measured 

information. However, for most nonlinear cases, KF loses its efficacy. Therefore, it is 

necessary to establish a nonlinear filter to solve state estimation problems in 

nonlinear systems. Up to now, there have been some approximate nonlinear filters, 

such as the Extended Kalman Filter (EKF), Uncented Kalman Filter (UKF), and the 

Particle Filter (PF) (Zio & Peloni, 2011), that have been used to deal with nonlinear 
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problems.  

 

 

Fig. 3-3 Recursive operation of Kalman filter (Welch & Bishop, 2006) 

 

Among these three nonlinear filters, the EKF linearizes both the state and 

measurement models by using a first order Taylor approximation. The PF, known as 

the sequential Monte Carlo method, approximates the state distribution using a set of 

discrete, weighted samples, called particles. PF approaches have been widely used 

for state estimation and remaining useful life prediction for battery systems (Miao et 

al., 2013, Restaino & Zamboni, 2012). The UKF approach was first proposed by 

Julier et al. and developed by Wan et al. (Julier & Uhlmann, 2004, Julier et al., 1995, 

Wan & van der Merwe, 2000) to estimate the state of nonlinear systems by using a 

deterministic sampling approach (sigma point sampling) to capture the mean and 

covariance estimates with a minimal set of sample points. Several previous literature 
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studies have shown that the UKF is considered to be a useful approach for 

state-space prognostics and estimations for nonlinear systems. For instance, 

Santhanagopalan et al. (Santhanagopalan, & White, 2010) used the UKF method to 

estimate the state of charge for lithium ion cells. Lall et al. (Lall et al., 2012) applied 

the UKF algorithm to predict the remaining useful life of electronic systems under 

mechanical shock and vibration conditions. Jafarzadeh et al. (Jafarzadeh et al., 2012) 

developed a UKF-based approach to estimate the nonlinear state of induction motor 

drives. 

In summary, compared to the PoF approaches, the advantages of data-driven 

approaches are as follows: (1) they do not need know system specific information 

and can learn the behavior of the system, like black-box models, based on the 

monitored data; (2) they can be used in complex systems with considering the 

correlation between parameters and the interactions between subsystems; (3) they 

can be used to analyze the intermittent faults by detecting the sudden changes in 

system parameters. However, data-driven approaches have some limitations, as they 

require historical or operational data to train model. In some cases, there are 

insufficient training data to obtain health estimates and to determine trend thresholds 

from failure prognostics. Therefore, the solution to this problem is to incorporate PoF 

approaches with data-driven approaches. 
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In this situation, the fusion approach is proposed by absorbing the advance 

features of both data driven and model based approaches. As shown in Fig. 3-4, the 

fusion PHM method develops an accurate mathematical model of the system by 

using both the physical based failure models and data driven prognostic models.  

 

 

  

 

 

 

 

 

  

 

 

 

 

 

Fig. 3-4 Fusion PHM method (Pecht & Jaai, 2010) 

 

The aim of the fusion approach is to overcome the limitations of both the model 

and data driven approaches for estimating the remaining useful life (RUL). Cheng et 

al (Cheng & Pecht, 2009) demonstrated the fusion PHM method to predict the 

remaining useful life of multilayer ceramic capacitors (MLCCs). Xu et al (Xu & Xu, 

2011) also implemented the fusion based PHM into avionics system to predict 

remaining useful life. Vasan et al (Vasan & Pecht, 2011) developed a generic fusion 
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PHM approach, which combines stochastic differential models with a recursive 

nonlinear filtering approach, to allow systems to self-assess performance and 

recursively estimate remaining useful life. 

 

3.1.2 Six Sigma DMAIC Methodology 

The Six sigma DMAIC (Define-Measure-Analyze-Improve-Control) 

methodology is a well-organized problem-solving methodology for improving and 

guaranteeing product quality, reducing operation cycle time and optimizing process 

management in many companies, such as Motorola, General Electric, and Raytheon 

(Gijo et al., 2011, Easton & Rosenzweig, 2012, Zu, Fredendall & Douglas, 2008, 

Valles et al., 2009, Antony et al., 2012, Shafer & Moeller, 2012, Montgomery & 

Woodall, 2008, Jin et al., 2011, Schroeder et al., 2008, Wooles & Allardice, 2008).  

As a statistical solution, the term Six Sigma is defined as having less than 3.4 

defects per million opportunities or a success rate of 99.997%. The sigma is used to 

represent the variation about the process average (Antony et al., 2012). The benefits 

of the Six Sigma approach can be achieved through the utilization of its systematic 

step-wise DMAIC approach, which enables users to find problems in an old product 

and process, to improve them with solutions and to maintain the improved gains 

(Shafer & Moeller, 2012). 
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Fig. 3-5 Six Sigma DMAIC steps 

 

(i) Define phase. This phase aims to answer “What is the gap between our customer 

requirements and what we currently deliver?”. In detail, a cross-functional Six 

Sigma team is established first to summarize the problems that occurred in a 

particular case. The scope and goals of the improvement project based on 

customer requirements are defined and a process to deliver these requirements is 

also proposed in this phase. 

(ii) Measure phase. This phase is to solve the problem “What are the types and 

frequencies of defects?”. In this phase, the objective is to select the appropriate 

product characteristics, map the respective process, study the accuracy of the 

measurement system, record the data, and establish the baseline performance of 

the process (Table 3-2). 
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Table 3-2 Six Sigma DMAIC processes 

DMAIC 

steps 
Processes Tools Deliverables 

Define 

(1) Define the requirements and 

expectations of the customer; 

(2) Define the project boundaries; 

(3) Define the process by mapping 

the business flow 

CTQ, Process Map, 

Statistics & Charts, 

Quality Cost, QFD, 

Cause & Effect 

Diagram, Muda 

Goal, Project 

Charter, 

Quality Function 

Measure 

(1) Measure the process to satisfy 

customer’s needs; 

(2) Develop a data collection plan; 

(3) Collect and compare data to 

determine issues and shortfalls 

Customer survey, 

Process map & 

diagnosis, Capability 

study, Measurement 

System Analysis, 

Statistics & Charts, 

Multi-vari Chart, 

Outcomes of 

Measurements, 

Data & facts 

Analyze 

(1) Analyze the causes of defects 

and sources of variation; 

(2) Determine the variations in the 

process; 

(3) Prioritize opportunities for 

future improvement 

Scatter Diagram, 

Design of 

Experiment, 

Statistics &Charts, 

Outcomes of 

Analysis, 

Confirmed 

Y=f(X1; 

X2;X3; …) & 

their relations 

Improve 

(1) Improve the process to 

eliminate variations; 

(2) Develop creative alternatives 

and implement enhanced plan 

Brainstorming, 

Action planning 

Implemented 

improvements 

Control 

(1) Control process variations to 

meet customer requirements; 

(2) Develop a strategy to monitor 

and control the improved 

process; 

(3) Implement the improvements of 

systems and structures 

Control Charts, 

Standard Operation 

Procedures, Results 

Calculation 

Control Charts, 

Standard 

Operation 

Procedures, 

Results 

 

(iii) Analyze phase. This phase answers the question “What are the potential root 

causes of the problems and what are the improvement opportunities?”. The main 

purpose of the Analyze phase is to use the data collected from the Measure 

phase to determine the cause-and-effect relationships in the process and to 
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understand the different sources of variability. 

(iv) Improve phase. In this phase, the solutions are identified and implemented for all 

the root causes selected during the analyze phase. After creative thinking, this 

phase always needs make specific changes with the design of experiment to 

improve the process performance. 

(v) Control phase. The purpose of this phase is to maintain the improved gains 

proposed in the Improve phase.  

 

In summary, the prognostics and health management (PHM) methodology and 

the Six Sigma DMAIC methodology are introduced in this chapter. The PHM 

methodology has been proven to have advantages in diagnosing failures, predicting 

the remaining useful life (RUL) and estimating the reliability for electronic products 

and systems. The Six Sigma DMAIC methodology can help optimizing the design of 

experiment with a systematic step-wise approach. Therefore, the ensuring research 

approach in this thesis is developed with both the PHM and Six Sigma DMAIC 

methodologies: (1) to diagnosis the failure modes and failure mechanisms for LED 

lighting; (2) to establish a specific reliability testing for LED lighting, and (3) to 

develop a fast, accurate and effective reliability assessment and prediction method. 
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3.2 Experimental Setup 

3.2.1 Performance Data Collection based on IES-LM-80-08 Standard 

As is known, the reliability of a product is highly dependent on its usage 

conditions, which means that different lifetimes of a product can be estimated and 

reported from different test conditions. Nowadays, customers see all kinds of claimed 

lifetimes, from 10,000 hrs to 100,000 hrs, from different LED manufacturers and 

suppliers, which confuses buyers. To solve this problem, many institutes and 

associations of SSL (e.g. IESNA, CIE, IEC, NEMA, ANSI, JEDEC Solid State 

Technology Association and so on）are making great efforts to specify environmental 

testing methods for LED lighting.  

The IES-LM-80-08 Standard is an approved method for measuring the lumen 

maintenance of LED light sources, which was published by IESNA in 2008 

(IES-LM-80-08, 2008). This standard describes a procedure to test the light output of 

LED lighting (only for inorganic LED-based packages, arrays and modules) operated 

under some controlled conditions. The case temperature and its tolerance, testing 

humidity and airflow are first standardized and recommended in this standard for 

LED manufacturers (see Table 3-3). Up to now, the IES-LM-80-08 test report has 

become one of important technical databases for many LED manufacturers to report 

their product’s reliability to customers (Nicha, 2010, Luxeon, 2011, OSRAM, 2010, 

Cree, 2013). 



Chapter 3 Research Methodology and Experimental Setup 

77 

Table 3-3 Test conditions recommended by the IES-LM-80-08 Standard 

Items Conditions 

Case Temperatures 

55
o
C; 85

o
C and a third temperature selected by 

manufacturers (108
o
C is used in the Lumileds LM-80 

Test Report) (Luxeon, 2010 and 2011) 

Temperature Tolerance 
Case temperature controlled to -2

o
C; 

Air temperature surrounding case maintained within -5
o
C 

Airflow Should be minimized 

Humidity < 65% RH 

Testing Duration At least 6,000 hrs 

Measurement Interval Minimum 1,000 hrs 

Others 

No vibration or shock during life testing; 

Operating orientation should be specified by 

manufacturers and be designed to minimize structural 

components to block airflow. 

 

In our study, the performance data of one type of high power white LED (i.e. 

lumen flux data and chromaticity coordinate data) were collected in the LM-80 test 

reports which were published by Lumileds, Philips (Luxeon, 2010 and 2011). The 

test vehicle used in this experiment was the white LUXEON Rebel which is a type of 

high power white LED package with high luminous flux (>100 lumens in cool white 

at 350mA) and with advanced packaging techniques (Chip-on-Board technique 

without wire bonding) (Luxeon, 2008a).  

As recommended in the LM-80 test reports, the experimental procedure 

includes ten cycles for 10,000 hrs of operation. Each cycle involves three steps: 

aging, cooling, and testing (Fig. 3-6). For aging, the white LUXEON Rebel LED 

units were soldered onto a reliability stress board that was thermally controlled by 
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water cooling. The units were driven by a constant DC current in a thermal chamber. 

After 1,000 hrs of aging, the reliability test board was removed from the thermal 

chamber to be cooled to room temperature. For testing, the performance data, 

including the lumen flux, chromaticity coordinates, and forward voltage of each unit, 

were measured underneath the integrating sphere. After testing, the reliability stress 

board was returned to the thermal chamber to undergo the next aging cycle.  

 

                     

                

 

Fig. 3-6 Test procedure recommended by the IES-LM-80-08 Standard 

 

 

3.2.2 High Temperature Reliability Test 

In our study, a high temperature reliaiblity test for LED lighitng was also carried 

out by author in the Center for Advanced Life Cycle Engineering (CALCE) of the 

University of Maryland in 2012. The objectives of this test were: (1) to determine the 
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LED’s reliability information (such as the failure time distribution, the 100p
th

 

percentiles of failure time distribution tp, and mean time to failure MTTF); (2) to 

estimate rated lifetime for the LEDs in the given accelerated aging condition.  

In this experiment (Fig. 3-7a), the sixteen high brightness white LEDs (Type: 

3W Mini power ASMT-JN31-NTV01 from Avago) were soldered on an MCPCB 

reliability stress board and were electrical driven by the same constant direct currents 

(200mA) provided by two DC power suppliers (Fig. 3-7b). The thermal chamber 

provided a constant aging temperature for this test (90ºC as required by the customer) 

(Table 3-4). The experimental procedure is shown in Fig. 3-7c which includes three 

sections for every operation cycle: aging section, cooling section and testing section. 

In each operation cycle, the sixteen high brightness white LEDs operated 

continuously within 23 hrs, under the recommended operation condition. After aging, 

the LEDs were removed from the thermal chamber to be cooled to room temperature. 

Then, the direct performance data of LEDs (such as light output, chromaticity 

coordinates, CCT, CRI, SPD) were manully measured by a Gigahertz-Optik 

BTS256-LED tester. After testing, the reliability stress board was returned to the 

thermal chamber to undergo the next aging cycle. The indirect performance data 

(such as lead temperatures, aging temperature, driven current and forward voltage of 

each LEDs) were collected online by a Agilent - 34970A Data Acquisition 
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Mainframe (Fig. 3-7b).  

 

 

(a) 

          

                 (b)                                  (c) 

Fig. 3-7 High temperature reliability testing for LEDs (a) experiment setup, (b) 

electrical circuit design and (c) operation profile  

 

Table 3-4 Test condition of the high temperature reliability test 

Items Conditions 

Aging Temperature 90
o
C 

Testing Temperature 25
 o
C 

Humidity 20% RH 

Driven current 200mA 

Others  
Testing duration is more than 1,000 hrs and 

Measurement interval is 23 hrs 

 

Aging Temperature 

Ambient Temperature 

Temperature (
o
C) 

Time (hrs) 

23 hrs      1h 
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Chapter 4 Physics-of-Failure Modeling for High Power White LED 

Lighting 
 

4.1 Introductory Remarks 

High Power White Light-emitting diodes (HPWLEDs) have attracted increasing 

interest in the field of lighting systems owing to their high efficiency, environmental 

benefits and long lifetime in a wide range of applications (Schubert & Kim, 2005). 

Therefore, how to accurately predict the remaining useful lifetime of high power 

white LED Lighting in the design stage is becoming a key aspect for popularizing 

this novel product. However, traditional reliability prediction methods for electronic 

products, including MIL-HDBK-217, RiAC-217PIUS, Telcordia, and FIDES, are not 

accurate enough for predicting actual field failures (e.g. soft and intermittent faults 

which are the most common failures modes in today’s electronics-rich systems) and 

provide highly misleading predictions, which can result in poor designs and poor 

logistics decisions (Pecht & Jaai, 2010). 

    Prognostics and health management (PHM) is a method for reliability 

assessment and prediction of products (or systems) under their actual operating 

conditions (Pecht & Jaai, 2010). This is now becoming one of the critical 

contributors to efficient system level maintenance. Physics-of-Failure (PoF) based 

PHM uses the knowledge of a product’s life cyclic loading and failure mechanisms to 

design for and assess reliability (Gu & Pecht, 2008). This approach always includes: 
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identifying of potential failure modes, failure mechanisms and failure sites of the 

product as a function of the product’s life cycle loading conditions, calculating the 

stress at each failure site is obtained as a function of both the loading conditions and 

the product geometry and material properties, and building damage models to 

determine fault generation and propagation. 

    The purpose of this chapter is to assess reliability and predict the performance 

of high power white LED lighting (from chip level, package level to system level) by 

means of the PoF-based PHM approach (Fan et al., 2011). In this approach, failure 

modes, mechanisms and effects analysis (FMMEA) is used to identify the potential 

failures emerging in the high power white LED lighting at all levels and to develop 

appropriate PoF based damage models for identified failure mechanisms with high 

risk. The results can help quantify the reliability through evaluation of time-to-failure, 

or predict the likelihood of failure for a given set of geometries, material construction, 

environmental and operational conditions. 

 

4.2 Physics-of-Failure based PHM  

The PoF-based PHM approach involves several steps (see Fig. 4-1), including 

failure modes, mechanisms and effects analysis(FMMEA). Damage models are 

identified and built for each mechanism, feature extraction, and for estimating 
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remaining useful life (Pecht & Gu, 2009). In this chapter, the focus is on the first step 

of the PoF-based PHM approach--virtual life assessment, including materials and 

geometries analysis, FMMEA and on the establishment of failure models for 

identified failure mechanisms with high risk, for high power white LED lighting 

from the chip level, the package level to the system level. 

  

 

 

 

 

 

  

 

Fig. 4-1 PoF-based PHM approach (Pecht & Gu, 2009) 

 

4.2.1 Materials and Geometries Analysis 

To create white light, several promising strategies have been used in the 

applications, including di-, tri-, and tetrachromatic approaches.  Among them, the 

di-chromatic white source, combining a short-wavelength InGaN blue LED with a 
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single yellow phosphor (YAG:Ce
3+

), is the most commonly used method on the 

market. Fig. 4-2(a) shows the cross-section structure and details of the materials of a 

popular high power white LED product: LUXEON_K2, PHILIPS (Luxeon, 2007).  

 

  

(a) 

 

(b) 

Fig. 4-2 Materials and structure of (a) LED chip, LEDs packages, and (b) LED lamps 

 

To lower the cost and increase power efficiency, Thin Film Flip Chip (TFFC) 

and Wire Bonding Assembly Technology are used in this package. Meanwhile, three 

developments in the material selection, containing ceramic-glass phosphor with 

higher thermal conductivity and more chemical and thermal stability replacing the 

commonly used phosphor resin, a silicon submount taking the place of the Sapphire 
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submount, and a wider copper heat sink, lowering the package’s thermal resistance 

(5.5
o
C/W) and optimizing the module’s thermal management (Hu et al., 2007, Tan et 

al., 2009b, Hu et al., 2008b).  

Fig. 4-2(b) illustrates a LED lamp consisting of LUXEON_K2 LED Arrays, a 

cooling system and the relative power driving module. As shown, the LED packages 

are mounted on a Sapphire PCB using the series or parallel SMT method to improve 

the whole system’s luminous power. To reduce the accumulated heat generated from 

the LED arrays, a cooling systems is introduced into this lamp system (Song et al., 

2010). The total electric power of the system is supplied and controlled by a power 

driver located on the top of the cooling system and directly connected to the 

electrode.  

Table 4-1 lists all materials used in this system, from chip to lamp. Any 

mismatch of the materials’ properties (Chemical, Thermal, Mechanical) at any level 

degrades or damages the system’s power efficiency. Therefore, material selection and 

geometrical design are the first and most critical steps in the PoF-based PHM 

approach. 

 

 

 



Chapter 4 Physics-of-Failure Modeling for High Power White LED Lighting 

86 

Table 4-1 Materials Properties of LED chip, packages, and systems levels (at 25
o
C) 

 

CTE 
Thermal 

Conductivity 

Elastic 

Modulus 
CME Density 

Specific 

Heat 

Poisson’

s Ratio 

10
-6 

/
o
C 

W/m
o
C 

 
Gpa 

×e
-3

 

cm
3
/kg 

kg/m
3
 

Cp 

J/kg 
o
C 

 

GaN Chip 5.59 130-140 210-295 NA 6150 490 0.31 

Epoxy 

Lens 
45 0.17 0.5 0.21 980 1173 0.49 

Silicone 

Glue 
300 1.8 6.1×10

-4
 0.21 1200 92 0.34 

Ceramic 

Phosphor 
7.8 13 NA NA 4500 NA 0.24 

Silicon 

submount 
3 124-148 109-190 NA 2330 

702-71

2 
0.28 

Gold Wire 14.1 318 180 NA 1930 128 0.44 

Heat Sink 

(Cu) 
16.5 393 128 NA 8950 390 0.26 

Die Attach 30 7.5 40 0.445 2400 300 0.35 

Plastic 

Mould 
45 0.23 5.2 0.21 1300 1256 0.35 

Lead 

Frame 
18 401 190 NA 8300 385 0.26 

Sapphire 

PCB 
7.9 35~46 400 NA 3965 730 0.22 

 

4.2.2 Failure Modes, Mechanisms and Effects Analysis 

    In electronics-rich systems, a failure mode is the recognizable electrical 

symptom by which failure is observed, i.e. open or short circuit. Each mode could be 

caused by one or more different failure mechanisms which could be driven by 

physical, chemical or mechanical means. Failure mechanisms can be categorized as 

overstress (catastrophic) failure or wear-out (gradual) failure mechanisms.  
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Overstress failure arises as a result of a single load (stress) condition, which exceeds 

the threshold of a strength property. Wear-out failure occurs as a result of cumulative 

damage related to loads (stresses) applied over an extended period of time.  

According to recent knowledge, PHM can be applied only in wear-out 

(time-dependent) failure mechanisms.   

    

 

  

 

 

 

 

 

 

 

 

 

Fig. 4-3 FMMEA for high power white LED lighting systems 

(ΔT: Thermal Cycle; Nt : the defect density; J: Current Density; V: Voltage; E: Elastic 

Modulus; C: Moisture Concentration) 
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The failure modes in the mentioned LEDs Lighting systems (i.e lamps) can be 

categorized as (see Fig. 4-3): (1) Catastrophic failure; (2) Lumen degradation; (3) 

Chromaticity state shift. Like other electronics-rich systems, the failures of high 

power white LED lighting also contain the above mechanisms. The following is a 

summary of the failure modes and the associated wear-out degradation mechanisms 

from chip to system in accordance with the “bottom-up” methodology. 

 

4.2.2.1 Chip level degradation 

    As described in the material properties analysis, the LUXEON_K2 chip used is 

made of GaN-based blue light-emitting diodes with a Multi-quantum Well (MQW) 

structure. In previous research results (Meneghini et al., 2010, Narendran & Gu, 

2005, Yang et al., 2010, Chuang et al., 1997, Hu et al., 2008a), the degradation of the 

active layer of LEDs due to increased non-radiative recombination lowers the optical 

output power and power efficiency. The factors responsible for this, which 

contributes to the non-radiative recombination, were proposed as (Meneghesso et al., 

2010):  

   (i) Defects (dislocations, dark-lines and dark-spots) propagation are some of the 

factors which are suspected of causing an increase in the non-radiative recombination 

which converts the most electron-hole recombination energy to heat (Uddin et al., 
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2005, Cao et al., 2003).  A Carrier-Continuity equation (Equation 4-1) has been 

widely used to show the qualitative competition among radiative, non-radiative and 

Auger recombination that occurs in the quantum well active region and carrier 

leakage out of active layer. As shown in equation 4-2, which expresses the 

non-radiative recombination coefficient by the Shockley-Hall-Read recombination 

rate, the increasing defect density Nt contributes to the non-radiative recombination 

and relatively reduces the light output intensity for a certain value of the forward 

current. Normally an I/V curve can also imply chip level degradation. A qualitative 

relationship between the I/V curve degradation and power output loss has been 

observed in these tests, which depends mainly on two parameters: forward bias and 

temperature (Nogueira et al., 2009). 

 

 

(a)                           (b) 

Fig. 4-4 The mechanisms of (a) radiative recombination and (b) non-radiative 

recombination  
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               2 3( ) ( ) ( ) ( )leak

dn J
Bn t An t Cn t f n

dt ed
                 (4-1) 

                            A= Nt vth σ                          (4-2) 

where the J/ed is the current injection rate, the Bn
2
(t) accounts for the spontaneous 

emission rate (or luminous radiative term), and An(t) represents the non-radiative 

carrier that accumulates at the defects. A, B and C in each term are the non-radiative, 

radiative and Auger recombination coefficients respectively. fleak(n) covers the carrier 

leakage out of the active layer. Nt is the defect density of the traps, vth is the carrier 

thermal velocity and σ the electron capture cross section 

   (ii) Another factor which causes an increase in non-radiative recombination 

emission is the diffusion of dopants or impurities in the quantum well (QW) region. 

During the aging process, operation at the increasing junction temperature can 

worsen the electrical properties of the ohmic contact and semiconductor material at 

the p-side of diodes due to the interaction between hydrogen and magnesium. As is 

known, in GaN-based LEDs, the GaN epilayer must be covered with a heavy layer of 

Mg dopant in order to obtain a sufficient carrier density due to the high activation 

energy of the Mg dopant, but during the growth of high temperature p-type layers, 

Mg atoms can be easily diffused from the surface to the QW action region. Lee et al 

(Lee et al., 2009) observed that this diffusion could be accelerated along the line of 

any dislocation defect and one or another of the optical gradual degradations would 
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operate under very high temperature and voltage.  

 

4.2.2.2 Package level degradation 

   Packaging is considered as a low cost method to realize the mass production of 

LEDs and to protect LED chips from damage, including electrostatic discharge 

(ESD), moisture, high temperature, chemical corrosion, and mechanical shock. When 

a GaN-based chip is packaged as a LED product, several other materials need to be 

used together with it. Fig. 4-2(a) and Table 4-1 list most of them, which are Epoxy 

Lens, Silicone Glue, Phosphor Coating, Die Attach Adhesive, Wire Bond, Silicon 

submount, Heat Sink, Lead Frame, and Plastic Mould and so on. Any degradation 

among those materials or interface defects will induce LED package failure and 

lower its reliability and lifetime. As shown in previous research results, the most 

common failure mechanisms are (Hu et al., 2007, Arik et al., 2004, Christensen & 

Graham, 2009, Cassanelli et al., 2008, Yang et al., 2010); (i) Interface delamination 

which could result in open circuit or heat dispersion problems; (ii) Epoxy lens and 

silicone glue darkening which worsens the chromatic properties of white LEDs; (iii) 

Phosphor coating degradations which can cause decay of the spectral properties of 

white LEDs 

   (i) Interface delamination failure, one of the common failures encountered during 
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electronic packaging, can threaten the packages’ electrical and thermal management. 

As shown in the structure of LUXEON_K2 series LED packages (Fig. 4-2 (a)), there 

are six different parts packaged together in layers, with five interfaces between 

adjacent layers. Hu et al (Hu et al., 2007) reported on the mechanisms of 

delamination in LED packages and compared the two driving forces of failure 

(thermal-mechanical-stress and hygro-mechanical-stress) to accelerate the 

development of delaminations. By physical analysis, the thermal-mechanical induced 

stress (σT) between layers comes from a mismatch between the Coefficient of 

Thermal Expansion (CTEs) and the specific heat of different materials. The different 

capacities of hygroscopic swelling (CME, Coefficient of Moisture Expansion) also 

contribute to the generation of hygro-mechanical-stress (σM). So overall, common 

delaminations, either driven by thermal-mechanical-stress or 

hygro-mechanical-stress, produce voids within interface layers. This raises the 

thermal resistances and finally block thermal passage, especially for the 

chip-submount layer and submount-heat sink layer, the major heat dissipating route 

in this package. 
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where E is elastic modulus,  ,T and Tref are CTE, temperature and reference 

temperature, respectively, β, C and Cref are CME, moisture concentration and relative 

moisture concentration. Tj and T0 are the highest junction temperature and ambient 

temperature, respectively, and Q is the input thermal power. 

   To best qualify the ability of thermal management of white LED packaging, 

thermal resistance (Rth), defined as the temperature difference between junction 

temperature and ambient environment divided by input thermal power, was 

introduced, and Rth also can be understood as the temperature gradient between the 

heat resource and its surroundings. This might induce thermal-mechanical–stress to 

shorten the life of the white LED package. Tan et al (Tan et al., 2009b) found that the 

thermal resistance of the die attachment located between the silicon submount and 

the copper heat sink would be enhanced greatly when voids exist within the 

adhesives.  

   (ii) Epoxy lens and Silicone glue darkening failure. The chromatic properties of 

white LED lighting products are determined both by the stability of the luminous 

output produced by blue GaN-based chip and by the capability of light penetration 

which is controlled by the quality of the lens and silicone glue coatings.  The epoxy 

lenses are applied to the LEDs packages to increase the amount of light emitted to 

the front (Hsu et al., 2008). Because they are exposed to the air, epoxy lenses suffer 
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thermal and moisture cycle aging during operation time and some cracks or 

flocculent were observed in the aging test, which lowers the light output from the 

GaN-based chips. Similarly, the purpose of introducing transparent silicone glue 

coatings in the LED package is not only to protect and surround the LED chip, gold 

ball interconnects and bonding wires, but also to act as a lens through which the light 

beam is collimated. However, this polymer encapsulate is thermally unstable at high 

temperatures or in a high forward bias aging period, which could impact on the 

optical output and the wavelength shift (Meneghini et al., 2008). In conclusion, the 

above mentioned failure mechanisms are associated with the chemical degradation of 

materials within the product lifetime, so in order to increase the lifetime of the lens 

and silicone glue coatings in the LED packages, choosing the correct thermal, 

mechanical, and chemical stable materials is the most critical step during packaging 

design. 

   (iii) Phosphor Coating degradation. The most widely used white LED on the 

market is a combination of blue LED chips and yellow phosphor (YAG:Ce
3+

) 

powders mixed with organic resins (Fan et al., 2007). According to previous research 

(Luo et al., 2005), there are two probable reasons for this. One is that phosphor 

particles scatter the light emitted by the chip due to the refractive index mismatching 

between the powders and resins. The other reason is that the thermal degradation of 
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polymer resins could result in the degradation of the polymer-based phosphor coating 

during aging. To solve this problem, a glass ceramic phosphor, with higher quantum 

efficiency, better hydro-stability, excellent heat-resistance, compared to the 

resin-based one, and with a CTE which matches with the GaN-based chip, is a 

promising alternative for the future. 

 

4.2.2.3 System level degradation 

   To satisfy the special applications, i.e Indicators, Lighting, Displays and so on, 

several LEDs units are mounted together in arrays to increase the luminous flux and 

the chromatic types. But the accompanying problem is thermal management which is 

of primary importance to their reliability and efficiency (Christensen & Graham, 

2009).  

   A LED lighting system usually consists of LED arrays mounted on substrates, 

cooling systems and electrical driving modules, like the high power white LED lamp 

shown in Fig. 4-2(b). For detail assembly technology, the LED arrays are surface 

mounted on a sapphire substrate with high thermal conductivity (35~46 W/m
o
C) and 

an active cooling system is introduced to maintain the junction temperature 

according to the specification requirements by convection to the surroundings. 

Finally, to stabilize the power supply, an electrical driver is packaged between the 
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electrode and the active cooling system.  To analyze the degradation mechanisms of 

the whole system, a hierarchical analysis method was applied to this system by 

separating it into three subsystems: the SMT module (LED arrays mounted on 

sapphire substrate) (Fig. 4-5), active cooling systems, and power driving circuit 

(Song et al., 2010).  

 

Fig. 4-5 Surface Mount Technology module 

 

(i) Degradation in SMT module       

    According to the optical design, several high power white LED units are 

mounted on sapphire substrate by the widely used soldering technology. For this 

subsystem, the chip level and package level failure mechanisms are summarized in 

section 4.2.2.1 and section 4.2.2.2 respectively, so the left failure site might be the 

interconnections between the lead frames and the sapphire substrate. As is known, 

the solder joint interconnects serve two important purposes (Lee et al., 2000): (1) to 

form the electrical connection between the component and the substrate, and (2) to 

build the mechanical bond that holds the component to the substrate. In LED 
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packaging, they also act as a heat dissipation path from the heat sink to the substrate. 

During the product’s lifetime, owing to the mismatching of the Coefficient of 

Thermal Expansion (CTE) between substrate and the LEDs unit, cyclic temperature 

changes cause cyclic displacement, which can lead to thermal fatigue failures in the 

solder interconnects. There are two major components to fatigue failures: the 

initiation of fatigue cracks and the propagation of these cracks under cyclic loading, 

and both could suddenly cause an open circuit and light-off. Although this seems to 

be a catastrophic failure for the lighting, time-dependent degradation occurs within 

solder interconnects under thermal and moisture cyclic aging.  Therefore, one of the 

loads monitored to predict the lifetime in this system would be located in the solder 

interconnects, not just focused on the output luminous flux. 

 

(ii) Degradation of active cooling systems 

    As mentioned in Song et al’s research (Song et al., 2010), a more practical 

approach to lower the junction temperature of the LEDs chip is to apply an advanced 

active cooling technology and potentially active thermal management technologies 

(Luo & Liu, 2007), including thermo-electronics, piezoelectric fans, synthetic jets, 

and small form factor fans. In order to enhance the whole system’s lifetime, the 

reliability of the cooling systems must be higher than the LED arrays (>50,000 hrs). 
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With this principle in mind, Song et al (Song et al., 2010) chose a much more 

reliable cooling system (synthetic jets) which comprised two thin piezoelectric 

actuators separated by a compliant ring of material. The two degradation mechanisms 

related to the aging of the cooling system were: (1) the depolarization of the 

piezo-ceramic; (2) change in the elastic modulus of the compliant, rubbery tendon. 

The contributions that the cooling system made to the whole lighting system were its 

capacity to remove the heat produced by the LED modules and to lower the junction 

temperature. This was quantitatively expressed as an enhancement factor (EF), which 

could contribute to establishing the whole system’s thermal induced PoF models 

(Equation.4-6) 

               ( ) active
cooling systems

nc

Q
EF P

Q
                       (4-6) 

where Qactive, Qnc are the heat removed by the active cooling system and by natural 

convection, respectively. Pcooling-sysrtem is the performance of the cooling system. 

    However, this system level degradation analysis didn’t take into account the 

package level degradation, it only correlated with the heat-induced chip level failure, 

because Song and co-workers (Song et al., 2010) only supposed the chip to be 

directly mounted on the substrate. When taking into account future maintenance and 

repair considerations, one should also consider the package level degradation of LED 

modules.  
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4.2.2.4 Rank Priority for Potential Failure Mechanisms 

   After classifying the failure modes and potential failure mechanisms for the 

whole high power white LED lighting system, the next step is to prioritize the 

identified failure mechanisms with a rank priority number (RPN), which is widely 

used in FMMEA to determine the design risk (Modarres, 2010, Stamatis, 2003). 

Special attention should be given to the failure mechanisms with high RPN values in 

the reliability design period. In the PoF based PHM approach, damage models are 

established for those failure mechanisms with high RPN in order to evaluate the 

system’s useful life. From results gleaned from past experience in high power white 

LED lighting systems, the RPN values are summarized in Table 4-2. 

 

Table 4-2 Rank priority for potential failure mechanisms 

Failure 

Sites 

Failure 

Modes 

Failure 

Mechanisms 

Rank Priority Rating 

S O D RPN 

P-N Junction 

Power 

efficiency 

degradation 

 

Defect 

propagation 
8 3 6 144 

P-type Layer Dopant diffusion 6 2 6 72 

Interface Delamination 7 3 4 84 

Epoxy lens  & 

Silicone glue 
Darken 6 3 4 72 

Phosphor 

Coating 

Chromatic 

changes 
Depolymerization 6 3 4 72 

Solder 

Interconnections 
Circuit open Fatigue 10 5 2 100 

Cooling  Systems Heat Increase Ageing 5 2 3 30 

Note: S: Severity; O: Occurrence; D: Detection; RPN=S×O×D 
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As shown in Table 4-2, it can be seen that chip level luminous degradation 

induced by thermal propagation and solder interconnection fatigue damage driven by 

thermal cycling, are the two potential failure mechanisms which carry the highest 

degree of risk. 

 

4.2.3 Physics-of-Failure based Damage Modeling  

After identifying the failure modes and the potential failure mechanisms and 

ranking  the failure mechanisms, establishing the relevant physics-of-failure models 

can help quantify the failure through evaluation of time-to-failure or likelihood of a 

failure for given set of geometries, material construction, environmental and 

operational conditions. As discussed above, the two most critical failure mechanisms 

with the highest priority in the degradation from chip to the whole system are: (1) 

Thermal-induced luminous degradation; (2) Thermal cycle-induced solder 

interconnect fatigue. 

 

4.2.3.1 Thermal-induced luminous degradation modeling 

Referring to the commonly used Solid State Lighting (SSL) standard, lumen 

depreciation or lumen maintenance is one of the most important criteria to verify the 

reliability of high power white LED Lighting (Chips, Packages, or Systems). 



Chapter 4 Physics-of-Failure Modeling for High Power White LED Lighting 

101 

According to the laminate standard, IES LM-80-08, the lifetime of LED packages, 

arrays or modules can be defined as the time for 70% lumen maintenance.   

As already mentioned, in failure mechanisms, thermal dissipation is a serious 

issue in high power white LED Lighting from the chip to system, and higher junction 

temperature accelerated by poor thermal dissipation of packages or cooling systems 

was responsible for deterioration in luminous efficacy and in shortening the lifetime 

of the system. Normally, there are two paths for heat dissipation(Fig. 4-6): (1) by 

conducting heat through the upper phosphor coating and silicone glue, and the epoxy 

lens; (2) the other is from the materials attached to the die, the silicon submount and 

through the heat sink to the substrate.  

 

 

Fig. 4-6 Heat dissipation paths 

 

However, evidence showed that the first path was blocked because of the heat 

insulation of the polymer materials. To establish PoF based damage models between 

lumen maintenance and the capacity for thermal dissipation of the system, a thermal 
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resistance network was first built to evaluate the performance of heat dissipation (Fig. 

4-7). The submodel for the lumen maintenance (Lm) of LED chips has an empirical 

exponential form: 

                         
( )

0

jT toutput

m

L
L e

L


                      (4-7)                                                                     

l n 0 . 7

( )j

TTF
T




                       (4-8)                                                                    

Tj=f{A; Rth; Ic; T0}                     (4-9) 

sin( )
n

th chip ball SiC adhesive heat k i

i

R R R R R R      intsolder erconnects substrateR R EF         

(4-10) 

where α is the junction temperature-dependent light output degradation rate, t is the 

operation time measured in hours, and when Lm=0.7, TTF is the time to failure. T0 is 

the ambient temperature. Ic is the forward current. A represents the non-radiative 

coefficient which contributes to produce intrinsic heat. Rth is the thermal resistance of 

the whole system.  

 

 

 

 

 

Fig. 4-7 Thermal resistance network of high power white LED lighting system (EF: 

Enhancement factor of cooling systems)  

Rchip   Rball   RSiC  Radhesive Rheat sink 

Rsolder  Rsubstrate  EF 
T0 Tj 
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The enhancement factor EF is a performance factor of the cooling system, 

which is defined as the ratio of the heat removed using active cooling systems to the 

heat removed through passive means alone. The degradation of the active cooling 

system, including material wearout, determines the enhancement factor. As shown in 

Fig. 4-7, enhancement performance can also be achieved in series in the thermal 

resistance network, as negative thermal resistance.  

   Equation 4-9 reveals that several parameters determinate the junction temperature, 

and testing the junction temperature accurately is a difficult task when a GaN chip is 

packaged in the LED unit during aging. This section used the finite element method 

based on COSMOS software to simulate the junction temperatures under different 

driving powers and the temperature distribution result is shown in the Fig. 4-8 (b), 

after materials properties were put into the simulation model. Finally, the actual 

surface temperature of the LED unit measured by the NEC MRI 9100 thermal tracer 

was used to verify the simulation results. The result showed little difference between 

the simulation result (31.92 
o
C) and the real test result(32.4

 o
C) under the same 0.3 

watt driving power. 

40.9* 25jT P                          (4-11) 

23.1* 25sT P                          (4-12) 

0.003* 0.003cP I                       (4-13) 
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0.1227* 24.877j cT I                     (4-14) 

 

(a) 

 

(b) 

Fig. 4-8 (a) The linear relationship between junction temperature and input power and 

(b)FEA simulation of heat distribution with 0.2W input power  

 

Fig. 4-8 and Fig. 4-9 illustrate the relationships between junction temperature, 

input power and input current. The linear relationship between the junction 

temperature and input current can be inferred by inserting equation 4-13 into 

equation 4-11, calculated from fitting the simulation data. Therefore, equation 4-14 
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can be used to evaluate the junction temperature based on the input current for the 

LUXEON_K2 LED unit. 

 

 

Fig. 4-9 The linear relationship between input current and power 

 

Fig. 4-10 shows the LM-80 test results of 10 LEDs from PHILIPS LUXEON 

lifetime database under the operation conditions: Tj=68
 o
C, T0=55

 o
C, Ic=0.35A. The 

exponential degradation model was used to fit the lumen maintenance data from 

1000 to 6000 hrs. Then the two parameters (α, β) were estimated for each 

degradation curve by the least square method and the goodness of fit was determined 

by R
2
, which was close to 1, if the regression curve fitted well to the data. Based on 

extrapolations of the curves, the lumen maintenance of each test samples at 10,000 

hrs was predicted and compared with the test results, revealing little difference 
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between the estimated and real data. With the same method, TTFs (L70 age) were 

calculated, but until now no field results has provided verification (Table 4-3).  

 

 

Fig. 4-10 Lumen Maintenance Plotting and Prediction for LEDs 

 

Table 4-3 Lumen data (1,000 to 6,000 hrs) and exponential extrapolations of L70 ages 

(Tj=68
 o
C, T0=55

 o
C, Ic=0.35A, data normalized to 1 at 24hrs) 

 

 

Y= β*exp(α*t) 

R
2
 

Y 

(10000 

hrs) 

Test 

results 

(10000 

hrs) 

Error 

 

TTF 

 β 
α 

*10
-6

 

S1 1.00174 5.2876 0.82310 0.950 0.956 -0.00616 67783.8 

S2 1.01149 4.4541 0.81384 0.967 0.964 0.00354 82643.4 

S3 0.99726 4.1726 0.51570 0.957 0.96 -0.00365 84822.5 

S4 1.00406 2.9143 0.70202 0.975 0.968 0.00740 123779.9 

S5 1.00055 2.2251 0.37781 0.979 0.962 0.01690 160544.7 

S6 0.99807 2.9347 0.40313 0.969 0.966 0.00331 120880.9 

S7 1.00554 3.0600 0.62529 0.975 0.974 0.00127 118365.9 

S8 1.00585 1.1931 0.22685 0.994 0.974 0.02004 303826.8 

S9 1.01075 2.7981 0.65066 0.983 0.969 0.01410 131293.7 

S10 1.01154 2.3735 0.51541 0.988 0.974 0.01398 155109.3 

 Note: Error=(Y-Test result)/Y; TTF=( L70 ages, hrs) 
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4.2.3.2 Thermal cycle-induced solder interconnects fatigue modeling 

   Although this failure mechanism induces catastrophic electrical power-off for 

LED lighting systems, time-dependent fatigue degradation of solder interconnects 

results in this type of crack failure during cyclic aging. Thus, capturing the time to 

failure of solder interconnects also helps to evaluate the lifetime of LED lighting 

systems. Lee (Lee et al., 2000) presented the solder joint fatigue models, summarized 

their features and applications and classified them into five categories, including 

stress-based, plastic strain-based, creep strain-based, energy-based, and 

damaged-based.  

For the package type of LUXEON_K2: leaded packaging, three physical failure 

models were fitted to identify the failure mechanisms (Table 4-4): The 

Coffin-Manson model, the Coffin-Manson-Basquin model, and the Engelmaier model. 

Among these three models, the Coffin-Manson fatigue model is the best known and 

most widely used approach, but it assumes that fatigue failure is strictly controlled by 

plastic deformation and the elastic strains contribute little to fatigue. To avoid this 

shortcoming, Basquin’s equation which considers the elastic deformation’s 

contribution is added to the Coffin-Manson fatigue model and the 

Coffin-Manson-Basquin model is formed. The third failure model, the Engelmaier 

model, also is an improvement on the Coffin-Manson fatigue model by including 
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cyclic frequency effects, temperature effects, and elastic-plastic strain. 

 

Table 4-4 Fatigue failure models for solder interconnects 

Failure Types Failure models and equations 
Required 

Parameter 
Coverage 

Plastic Strain 

Driven 

1 Coffin-Manson model            

' (2 )
2

p c

f fN






 

 

Plastic strain 

 

 

Low thermal cycle 

fatigue 

Plastic + elastic 

Strain Driven 

2 Coffin-Manson Basquin model        

'

'(2 ) (2 )
2

p f b c

f f fN N
E

 



 

 

 

Strain range 

 

High and low 

thermal cycle fatigue 

Total shear 

strain Driven 

3 Engelmaier model 

1/

'

1

2 2

c

t
f

f

N




 
  

    

 

Total shear 

strain 

 

Low thermal cycle 

fatigue 

where, Nf= number of cycles to failure; Δεp = plastic strain amplitude; ε’f= fatigue ductility 

coefficient; c= fatigue ductility exponent, Δε= strain range; σ’f = fatigue strength coefficient; E= 

elastic modulus; b= fatigue strength exponent (Basquim’s exponent); Ts= mean cyclic solder 

joint temperature in 
o
C; f = cyclic frequency in cycles/day; 

 

4.3 Concluding Remarks 

    In this chapter, the Physics-of-failure based PHM approach, including an 

analysis of materials and geometries, FMMEA and failure models built for the 

prioritized failure mechanisms, was used to assess the reliability of high power white 

LED Lighting from the chip level to the system level. Three failure modes, (1) 

Catastrophic failure; (2) Lumen degradation; (3) Chromaticity state shift, were firstly 

categorized to the whole system and the potential failure mechanisms and their 

contributing loads were presented by the “bottom-up” method. Then, the 
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physics-of-failure based damage models were built for the two failure mechanisms 

with highest priority in the degradations from the chip to the whole system. These 

findings have been published by author on the journal of IEEE Transactions on 

Device and Materials Reliability in 2011 (Fan et al., 2011).  

    Notwithstanding that the PoF based PHM method requires comprehensive 

knowledge of the materials and geometries of products and the thermal, mechanical, 

electrical and chemical life cycle environment as well as processes leading to failures 

in the field in advance, this always increases the time and cost in the actual 

applications. To solve the problems in the complexity of conducting a PoF modeling, 

the data-driven methods have been reviewed and proven as alternatives to determine 

anomalies and make predictions about the reliability of systems with the historical 

information. Therefore, in the next chapter, the data-driven PHM methodologies on 

the lumen lifetime estimation for high power white LED lightings are developed.  
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Chapter 5 Lumen Lifetime Estimation Using a Statistical 

Data-driven Method 

 

5.1 Introductory Remarks 

Traditional reliability assessment techniques, like the Failure Mode Mechanism 

and Effect Analysis (FMMEA), Fault Tree Analysis (FTA), Lifetime Test, and 

Accelerated Lifetime Test (ALT), are always time and cost consuming during 

operation (de Oliveira & Colosimo, 2004). In addition, with highly reliable products, 

there may be only a few failures during reliability tests. Another drawback of ALT is 

that the failure mechanisms are different when the devices are under different 

accelerating stress levels, which may not properly imitate the actual failure process. 

In this situation, using degradation data to do reliability assessment appears to be an 

attractive alternative to deal with traditional failure time data, like that with more 

reliability information, and benefits in identifying the degradation path and providing 

effective maintenance methods before failures occur (Pan & Crispin, 2011).  

    Using degradation data to perform reliability assessment was proposed by 

statisticians some years ago. Nelson (Nelson, 1990) reviewed two methods for 

modeling the degradation data. One was called a ‘general degradation path model’ 

which was developed by Lu and Meeker (Lu & Meeker, 1993) who modeled the 

degradation as a function of time and multidimensional random variables. However, 
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little research has been carried out on these methods to assess the reliability of high 

power white LEDs (HPWLEDs) which usually follow a nonlinear degradation path. 

In this chapter, a statistical data-driven method based on the general degradation 

path model was used to analyze the lumen maintenance degradation data of 

HPWLEDs (Fan et al., 2012). In detail, it deals with the degradation data using three 

different approaches (the approximation method, analytical method and the two-stage 

method) to estimate the failure time distribution and evaluate the product’s reliability 

(e.g. Mean Time To Failure (MTTF), Confidence Interval (CI) and reliability 

function). Another method named the IES TM-21-11 method provided by the 

Illuminating Engineering Society of North America (IESNA) was also used to 

estimate the lifetime of the same product with the same degradation data. The 

estimation results from both methods are discussed and compared.  

 

5.2 Device under Test Description 

    LUXEON Rebel is one type of high power white LED package with high 

luminous flux (>100 lumens in cool white at 350mA) and advanced packaging 

techniques (Chip-on-Board technique without wire bonding) (Luxeon, 2008a). From 

the cross-section of this device, the packaging structure is shown in Fig. 5-1. Fig. 5-2 

shows the simulation of heat distribution of LUXEON Rebel with the improved 
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thermal management. 

 

 

Fig. 5-1 White LUXEON Rebel and its structure (Luxeon, 2008a) 

 

 

Fig. 5-2 Thermal management of White LUXEON Rebel with (a) ceramic substrate 

and (b) FR-4 substrate 

 

An LED InGaN chip is attached to the surface of the metal interconnect layer 

(copper) by the bond layer (silver adhesive) and in order to improve the thermal 

dispersion capacity of the whole package, a ceramic with higher thermal conductivity 

(a) 

(b) 
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(>20W/m.K) compared to the traditional glass fiber reinforced epoxy material (FR-4) 

(0.35 W/m.K) is introduced as the substrate. At the same time, a copper thermal pad 

is set at the bottom of the ceramic substrate in order to conduct the heat produced by 

a LED InGaN chip to the air effectively. The top surface of the LED InGaN chip is 

covered with phosphor to convert the blue light to a white color. 

 

 

Fig. 5-3 Failure modes of HPWLEDs 

 

From the FMMEA results mentioned in the previous chapter, it can be seen that 

the common failures modes of HPWLED as shown in Fig. 5-3 include: catastrophic 

failure, lumen degradation failure and chromatic change failure. However, for the 

LUXEON Rebel, InGaN types of LED without wire bonding interconnects, the 

probability of catastrophic failure (like the light suddenly going off due to an open 

circuit) under standard aging test conditions recommended by IES LM-80-08 is low, 

especially at the beginning of the test period (before 6,000 hrs). The lumen 

degradation and chromatic change are the two dominating failures in the LUXEON 
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Rebel LED. This section is focused on predicting the lumen degradation failure 

which is one of the most disturbing technical problems for both LED manufacturers 

and LED reliability engineers, and the chromatic change failure is analyzed in the 

next chapter. 

 

5.3 Theory and Methodology 

5.3.1 IES TM-21-11 Method 

    IES TM-21-11, Projecting Long Term Lumen Maintenance of LED Light 

Sources, is a lumen lifetime estimation standard proposed by the IESNA, which 

provides a method to determine the LED luminaire operating life (lumen output 

decreases by some percentage, 50% or 70%, of the initial one over a certain length of 

operation time) based on the lumen maintenance data collected from IES LM-80-08. 

The main implementation procedure of the IES TM-21-11 method provided by the 

TM-21 working group is as follows: 

(a) Selecting the sample size. Minimum sample size is recommended as 20 and the 

lumen maintenance data are collected based on the IES LM-80-08 test standard. 

(b) Preprocessing the lumen maintenance data. Firstly, for each unit, remove the 

initial data (0~1,000hrs) to reduce the noise from the non-chip decay failure 

mechanisms (like encapsulant decay); and then normalize all data to 1 at the time 
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zero test point. The next step is to average the data from all 20 samples at each 

test point (normally, additional measurements after the initial 1,000 hours at 

intervals smaller than 1,000 hours (including every 1,000 hour points)) as the 

fitting data (not considering the influence of variance between the samples). 

(c) Fitting model. Previous work on the high power white LEDs indicated that the 

degradation of lumen performance followed an exponential curve. Therefore, in 

this section, applying the LED exponential lumen degradation path model 

(Equation (5-1)) is applied to fit the averaged degradation data using the ordinary 

least squares (OLS) method(Appendix A). 

( ) exp( )D t t                            (5-1) 

where D(t) is the averaged normalized luminous flux at time t, α is initial constant, 

and β is the degradation rate which varies from unit to unit.  

(d) Projecting the lumen maintenance life Lp.   

100
ln( ) /pL

p







                     (5-2) 

where p is the maintained percentage of the initial lumen output (i.e. 50, 70). 

(e) Adjusting the result with the “6-times rule”. The “6-times rules” means that if the 

lumen maintenance data before 6,000 hrs are used to fit the model, the projected 

lumen maintenance life Lp must be smaller than 36,000 hrs (from 6,000 x 6). If the 

lumen maintenance data during 6,000 to 10,000 hrs is collected, the maximum 
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projected lumen maintenance life Lp is 60,000 hrs (from 10,000 x6 hrs). 

 

5.3.2 Statistical Data-driven Method  

Statistical Data-driven method used in this section is based on the general 

degradation path model presented by Lu and Meeker, introduced in the literature 

review. For the general degradation path model, a random sample size is supposed as 

n, and the measurement times are t1, t2, t3,……ts. The performance measurement for 

the i
th

 unit at the j
th

 test time is referred to as yij. So the degradation path can be 

registered as the time-performance measurement pairs (ti1, yi1), (ti2, yi2),……, (timi, 

yimi), for i = 1, 2, ……, n, and mi represents the test time points for each unit 

( ; ; )ij ij i ijy D t    
                      (5-3) 

where D(tij;α;βi)is the actual degradation path of unit i at the measurement time tij. α 

is the vector of fixed effects which remains constant for each unit. βi is a vector of 

random effects which vary according to the diverse material properties of the 

different units and their production processes or handing conditions. εij represents the 

measurement errors for the unit i at the time tij which is supposed to be a normal 

distribution with zero mean and constant variance, εij ~ Normal(0,δ
2
ε).  

The failure definition for the general degradation path models is when the 

performance measurement yij exceeds (or is lower than) the critical threshold Df at 
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time t, and pdf is the probability density failure distribution of the sample. The 

cumulative probability of the failure function F(t) is given as follows(Fig. 5-4): 

 

 

 

 

 

 

 

 

 

 

(a)                               (b) 

Fig. 5-4 General degradation path model (a) increasing type and (b) decreasing type 

 

The increasing type of performance measurement  

( ) ( ) [ ( , , ) ]ij i fF t P t T P D t D    
              (5-4) 

Time to Failure     T = inf(t ≥ 0; D(tij, α, βi) ≥ Df ) 

The decreasing type of performance measurement  

( ) ( ) [ ( , , ) ]ij i fF t P t T P D t D    
             (5-5) 

Time to Failure     T = inf(t ≥ 0; D(tij, α, βi) ≤ Df ) 

   To estimate the time to failure distribution, F(t), based on the degradation data, 

several statistical methods have been proposed by researchers, including (1)the 

approximation method; (2)the analytical method; (3)the two-stage method and others. 

After reviewing these methods, it can be concluded that two basic steps are involved: 

Performance 

Threshold line Df 

Time to Failure T Time 

F(t) 

t0 

Degradation data 

pdf 

F(t) pdf 

Degradation data 

t0 Time to Failure T Time 

Performance 

Prediction Prediction 
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(1) estimating the parameters for the degradation path model (2) evaluating the time 

to failure distributions, F(t).  

 

5.3.2.1 Approximation method 

   The approximation method predicts each unit’s time to failure based on the 

general degradation model and projects to the “pseudo” failure time when the 

degradation path reaches the critical failure threshold, Df. Normally, the steps in the 

analysis are as follows: 

(a) Use the NLS method to estimate the parameters (fixed effect parameter α and 

random effect parameter βi) of the degradation path model, based on the measured 

path data (ti1, yi1), (ti2, yi2),……, (timi, yimi) for each unit, and the estimated results 

are α and βi respectively.  

(b) Extrapolate the degradation path model of each unit to the critical failure 

threshold, Df. When D(tij;α;βi) = Df, the “pseudo” failure (not the real failure) time 

for each unit (t1, t2, t3,……ts) can be predicted. 

(c) Fit the probability distribution for these “pseudo” lifetime data and estimate the 

associated parameters for each distribution. 

(d) Assess the sample’s reliability, based on the analysis reliability function R(t), 

hazard function h(t), mean time to failure (MTTF), and the confidence interval 
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(CI). 

    The approximation method is simple to implement not only for statisticians but 

also for manufacturers. However, there are also some requirements for this method if 

believable prediction results are to be achieved. Firstly, the degradation path model, 

D(tij;α;βi ), needs to be relatively simple. Secondly, sufficient degradation data is the 

essential requirement to get accurate parameter estimation results for α and βi. Last 

but not least is that both the magnitudes of error εij and the extrapolation width, 

which means the time period from the cut time of the data collection to the projected 

failure time, need to be small.  

 

5.3.2.2 Analytical method 

Regarding simple degradation path models, researchers have found that there 

are certain relationships between the random effect parameters of the degradation 

path models and the cumulative probability of failure distribution F(t). Therefore, the 

reliability information of a sample can be obtained by analyzing the statistical 

properties of the random effects parameters βi. The LED empirical lumen 

degradation path model is used to show the details of the inference procedure of this 

method. 

(a) The first step of the analytical method is also to estimate the parameters (fixed 
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effect parameter, α, and random effect parameter, βi) using the NLS method for 

each unit, like the first step of the approximate method.  

(b) It is assumed that the random effect parameter βi,  which varies from unit to unit, 

follows the widely used two-parameter Weibull distribution with shape parameter 

δβ  and scale parameter λβ, β~Weibull (δβ, λβ). Next, estimate the two parameters 

in δβ, λβ using the maximum likelihood estimation (MLE) method. 

(c) Infer the cumulative probability of failure distribution, F(t), from Weibull (δβ, λβ). 

ln( / ) ln( / ) ln( / )
( ) ( ) 1 exp

f f fD D D
F t P t T P t P

t t





  


 

     
                        

 (5-6) 

In this situation, the reciprocal of time to failure, T, is also Weibull distribution 

with shape parameter δ1/T = δβ, scale parameter λ1/T =λβ/ln (α/ Df), 1/T~ Weibull (δ1/T, 

λ1/T)=Weibull (δβ, λβ/ln (α/Df)). Thus the time to failure distribution can be inferred 

from the probability distribution of the random effect parameter, ignoring the step of 

extrapolating the degradation path model. However, the analytical method does not 

consider the measurement errors εij.  

 

5.3.2.3 Two-stage method 

   To solve the shortcomings in the above two methods, Meeker et al (Meeker & 

Escobar, 1998) proposed a two-stage method for the parameter estimation.  

(a) In the first stage, for each unit, the degradation path model is also fitted with the 
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nonlinear least squares method to estimate the parameters (fixed effect parameter, 

αi,and random effect parameter, βi). However, the difference between this method 

and the two methods mentioned above is that the measurement errors, εij, are 

taken into consideration and the error variance, σ
2
ε, for the i

th
 unit is estimated by  
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where q= p + k, p and k are the number of estimated fixed effect parameters and 

the random effect parameters respectively.  

  Then by some appropriate re-parameterization, transfer the distribution of the 

random effect parameter, βi, into a multivariate normal distribution with 

asymptotic mean, μφ, and variance covariance matrix, ∑φ, φ = H(βi) = Normal (μφ, 

∑φ). 

(b) In the second stage, estimate the parameters including α, μφ, and ∑φ, for the 

degradation path model.  
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(c) Randomly generate N (normally 100,000) simulated realizations φ* of φ from 

Normal (μφ, ∑φ) and then the corresponding N simulated realizations β* of β from 

H
-1

(φ). 
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(d) Calculate the simulated failure time t* by inserting the β* into the Df = D(t;α;β). 

(e) With Monte Carlo simulation, the time to failure distribution F(t) can be 

expressed by: 

F(t) = (Number of simulated first crossing times ≤ t) / N        (5-11) 

and the confidence interval can be calculated by the bootstrap method. 

 

5.4 Results and Discussion 

5.4.1 Lumen Maintenance Data 

The lumen maintenance data of the LUXEON Rebel LEDs were collected from 

the LM-80 test report [DR03: LM-80 Test Report (Luxeon, 2010)] which was 

published by Lumileds, Philips (see Fig. 3-6). The data analyzed in this section were 

obtained under a test condition shown in Table 5-1. According to the IES LM-80-08 

standard, lumen degradation failure is defined as when the lumen output decreases to 

70 percent of the initial value over a certain length of operation time, which is also 

the lumen lifetime L70. Therefore, in this study, L70 is the critical failure threshold of 

the lumen degradation model, Df. The sample size was chosen as 20. For each unit, 

lumen maintenance data was collected every 1,000 hrs up to 10,000 hrs (totally 10 

test time points) and normalized to 1 at the time zero test point.   
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Table 5-1 IES LM-80-08 Test conditions (Luxeon, 2010) 

LM-80-08 Test 

Temperature 

Input Current Ambient 

Temperature 

Case 

Temperature 

Relative 

Humidity 

55 °C 350 mA 64 °C 60 °C 18% 

 

5.4.2 Lumen Lifetime Estimation with the IES TM-21-11 Method 

   Following the IES TM-21-11 operation procedure shown in section 5.3.1, the 

mean value of the lumen maintenance data from 20 units at each test time was used 

to fit the degradation path model using the nonlinear least squares method. Fig. 5-5 

and Fig. 5-6 are the projected lumen lifetime L70 based on two different test time 

intervals (1,000 to 6,000 and 6,000 to 10,000 hrs respectively). The parameter 

estimation of the degradation path model and the lumen lifetime L70 projection 

results are shown in Table 5-2.  

 

Fig. 5-5 Projecting L70 with lumen maintenance data from 1,000 to 6,000 hrs 
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Fig. 5-6 Projecting L70 with lumen maintenance data from 6,000 to 10,000 hrs 

 

Table 5-2 Recommended IES TM-21-11 estimation report 

Tested Device LUXEON Rebel, LUMILEDS, PHILIPS 

Sample Size 20 

Driven Current (mA) 350 

Test Case Temperature (°C) 60 

Test Duration (hrs) 10,000 

Test Duration 

used for Projection (hrs) 

1,000~6,000 6,000~10,000 

α 1.00633 1.00216 

β 3.35252*e-6 3.11021*e-6 

Lumen Lifetime L70  (hrs) 108,272.3 115,372.5 

6 times limitation 36,000 60,000 

 

By applying the “6 times rule” required in IES TM-21-11, both projected results 

exceed the 6 times limitation (like L70(6k)>36,000 hrs). Therefore, more test time 

and more lumen maintenance data are required to estimate the lumen lifetime under 
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these test conditions for the LUXEON Rebel LED device. Another drawback of IES 

TM-21-11 is that as it does not consider the variance of each test unit, so some 

reliability information for this device, including MTTF, confidence interval, and 

reliability function and so on, could not be obtained. This may be not effective for 

maintenance decision making by either LED manufacturers or designers. 

 

5.4.3 Lumen Lifetime Estimation with the Approximation Method 

To overcome the problems encountered in the IES TM-21-11 method, the 

approximation method was used to estimate the lumen lifetime using the same data 

as shown in the previous section (Fig. 5-7).  

 

 

Fig. 5-7 Extrapolating degradation path model with 1,000 to 10,000 hrs data 
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Using the nonlinear least squares estimator, the parameters of the general 

degradation path model (αi, βi) were estimated for each unit. This is different from 

the IES TM-21-11 method which just considers the average data. Further, by 

extrapolating the model of each unit to the critical failure threshold (30% light 

decrease), “pseudo failure times” can be predicted (Table 5-3). 

 

Table 5-3 List of estimated parameters for degradation path model and pseudo 

failure time 

Sample No. α β Pseudo failure time (hrs) 

1 0.99858 4.57E-06 77816.5 

2 1.01269 5.06E-06 72988.9 

3 0.99518 3.66E-06 96138.6 

4 1.00629 3.88E-06 93511.0 

5 1.00624 4.28E-06 84788.7 

6 0.99682 2.88E-06 122853.4 

7 1.00572 3.22E-06 112472.9 

8 1.01317 3.67E-06 100867.2 

9 1.01559 4.42E-06 84287.7 

10 1.0167 4.17E-06 89440.3 

11 1.00823 3.34E-06 109122.0 

12 1.00993 3.30E-06 111008.9 

13 1.00618 2.90E-06 125152.1 

14 1.00721 3.77E-06 96535.9 

15 1.00053 3.52E-06 101485.3 

16 1.00859 3.54E-06 103196.0 

17 1.00537 3.29E-06 110133.4 

18 1.0056 3.01E-06 120175.9 

19 1.01107 3.23E-06 113760.5 

20 1.00772 3.62E-06 100602.0 

 

The next step of the approximation method is to fit the probability distribution for 

the “pseudo failure times” obtained from the extrapolating method. In this section, 
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three types of statistical models (Weibull, Lognormal and Normal) were selected to 

fit the “pseudo failure times” (Fig. 5-8) and the fitting results were justified by the 

Akaike Information Criterion (AIC) which is a method proposed by Akaike et al 

(Akaike, 1974) to verify the goodness of fit of a proposed statistical model. The AIC 

is quantitatively defined as follows: 

2log( ) 2AIC L k   
                 (5-12) 

Where L is the maximum likelihood estimation (MLE) of the fitting model and k 

is the number of independently adjusted parameters within the model.  

 

 

Fig. 5-8 Statistical models fitting for “Pseudo Failure Time” 

 

The judgment standard of this theory is to compare the AIC value of the proposed 

fitting models and the lowest AIC value as means to obtain the best model-fitting.  
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According to the AIC value shown in Table 5-4, the Weibull model with the lowest 

AIC value presents the best fitting performance among the various models. 

 

Table 5-4 Estimated parameters of each statistical model by approximate method 

Parameters Weibull Lognormal Normal 

k 2 2 2 

Log (L) -219.554 -220.171 -219.712 

AIC 443.108 444.342 443.4242 

 

 

Fig. 5-9 Weibull plotting for “Pseudo failure times” 

 

As shown in Fig. 5-9, the “pseudo failure times” followed the Weibull 

distribution with shape parameter δ and scale parameter λ, T~Weibull (δ,λ). The 

reliability function is shown as follows: 
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8.223

( ) exp exp
107,500
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         (5-13)  

Fig. 5-10 reveals the reliability and the 95% confidence limit prediction results 

for our research device. The parameters of the reliability function, which were 

estimated by the maximum likelihood estimator (MLE), are listed in Table 5-5.  

 

 

Fig. 5-10 Reliability prediction for LUXEON Rebel 

 

Table 5-5 Parameters estimation and reliability prediction using the approximation 

method 

Parameters Estimation Results 

α 8.223 

β 107,500 

MTTF (hrs) 101,300   (95,870, 107,000) 

t 0.1  (hrs) 119,000   (113,500, 124,700) 

t 0.5  (hrs) 102.800    (97,530, 108,400) 
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By comparing the predicted results, considering the sample’s variance, the 

approximation method provides more reliability information (i.e. reliability function, 

MTTF and confidence interval) than the IES TM-21-11 method. This benefits not 

only manufacturers in making decisions but also customers in understanding 

products clearly. However, due to assuming the fitting model D(tij;α;βi) as the 

degradation path and ignoring the measurement errors εij, the approximation method 

also has some limitations. 

 

5.4.4 Lumen Lifetime Estimation with the Analytical Method 

The analytical method is similar to the approximation method by replacing the 

extrapolating step as the probability analysis for the random effect parameters, βi. 

The parameter, αi, was considered as a fixed effect and equal to 1, as all lumen 

degradation data of each unit were normalized to 1 at the original test point. So after 

parameter estimation for the degradation path model, the Weibull probability curve 

was used to fit the random effect parameters, βi, shown in Fig. 5-11. Then the two 

parameters, δβ, λβ, for the Weibull distribution, were estimated with the maximum 

likelihood estimation (MLE) method (Table 5-6). The reliability function with its 

95% confidence limits was predicted (Fig. 5-12).  
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Fig. 5-11 Weibull plotting for random effect parameters βi 

 

 

Fig. 5-12 Reliability prediction for random effect parameters βi 

 

As discussed previously, if the random effect parameters, βi, follow a 

two-parameter Weibull distribution, β~Weibull (δβ, λβ), the reciprocal of time to 
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failure is also a Weibull distribution, 1/T~ Weibull (δ1/T, λ1/T)=Weibull (δβ, λβ/ln (α/ 

Df)). Both reliability functions can be calculated as follows: 
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e
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        (5-15) 

 

Table 5-6 Parameters estimation and reliability prediction by the analytical method 

Random Effect parameter β Estimation Reciprocal Time to Failure 1/T Estimation 

δβ 6.433 δ1/T 6.433 

λβ 3.918*e-6 λ1/T 1.098*e-5 

Mean 
3.649*e-6 

(3.404* e-6, 3.912* e-6) 
MTTF (hrs) 

97,745.9 

(91,174.6, 104,781.1) 

β0.1 
4.46* e-6 

(4.206* e-6, 4.731* e-6) 
t 0.1 (hrs) 

79,972.0 

(75,391.0, 84,801.5) 

β0.5 
3.701* e-6 

(3.46* e-6, 3.959* e-6) 
t 0.5 (hrs) 

96,372.6 

(90,092.2,103,085.2) 

R(1.5* e-6) 
0.998 

(0.987, 0.999) 
R(1/80,000) 

0.100 

(0.035, 0.207) 

 

5.4.5 Lumen Lifetime Estimation with the Two-stage Method 

As mentioned above, the random effect parameters, βi, follow a Weibull 

distribution with scale parameter, λβ, and shape parameter, δβ, β~Weibull (δβ, λβ). So 

it was possible to move to the third step of this method directly, randomly generating 

N(=100,000) realizations β* of β from two-parameter Weibull(6.433, 3.918*e
-6

) with 

the S-PLUS (software for statistical computing from Bell Laboratories) random 

number generation function (Gentle, 1998). The corresponding N simulated failure 
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time t* was calculated by substituting each β* into Df = D(t;α;β). The time to failure 

distribution, F(t), was estimated with a Monte Carlo simulation. The lifetime 

estimation results are shown in Table 5-7.  

 

Table 5-7 Parameters estimation and reliability prediction by the two-stage method 

Parameters Estimation Results 

MTTF (hrs) 101,763 (101,618, 101,908) 

t 0.1  (hrs) 79,977.8 

t 0.5  (hrs) 96,375 (96,265, 96,510) 

R(80,000) 0.900 

 

  Through comparing the prediction results of the two-stage method with the 

other methods, the estimated results of MTTF by the two-stage method and the 

approximation method are very close, but the widths of the 95% confidence intervals 

obtained by using the two-stage method are smaller than the others (Table 5-8), 

which means the last method has the highest prediction accuracy. 

 

Table 5-8 The 95% Confidence interval widths of MTTF 

Methods MTTF (hrs) Widths (hrs) 

IES TM-21-11 
108,272.3 

(i)
 

115,372.5 
(ii)

 
N.A. 

Approximation method 101,300 11,130 

Analytical method 97,745.9 13,606 

Two-stage method 101,763 290 

Note: (i) is estimated based on the data from 1,000 to 6,000 hrs, (ii) is estimated 

based on the data from 6,000 to 10,000 hrs. 
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5.5 Concluding Remarks 

In this chapter, the lumen lifetime of the HPWLED unit (LUXEON Rebel, 

LUMILEDS, PHILPS) was estimated by a statistical data-driven method including 

the approximation method, the analytical method and the two-stage method, and the 

estimation results were compared to those obtained when using the IES TM-21-11 

method.  

From the IES TM-21-11 method, only the lumen lifetime, L70, could be 

estimated by projecting the empirical degradation model without other reliability 

information. Moreover the prediction results based on two sets of periodical 

degradation data revealed different prediction results, both of which exceeded the 

maximum requirements of the “6 times rules”. This suggests that the prediction 

results are not acceptable without extending the data collecting time. However, with 

the proposed statistical data-driven method, more reliability messages, in addition to 

the lumen lifetime (e.g. Mean Time to Failure (MTTF), Confidence Interval (CI) and 

reliability function), can also be predicted. Among these three methods, the two-stage 

method with the smallest widths of the 95% confidence intervals produced the 

highest degree of prediction accuracy. This proposed statistical data-driven method 

(DDDM) has been published on the journal of IEEE Transactions on Device and 

Materials Reliability in 2012 (Fan et al., 2012). 
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    Notwithstanding the promising results above, lumen lifetime is not the extracted 

“end of life” of LEDs. Both the lumen degradation and the chromaticity state shift 

need to be considered as health indictors of high power white LEDs. Secondly, the 

statistical data-driven method needs to select or assume a statistical distribution for 

the collected data, which limits the applications of this method. Thirdly, the 

prediction errors and uncertainties oriented from the ordinary least squares regression 

are large. Therefore, a machine learning based data-driven method (filter based 

data-driven method) is proposed in the next chapter to predict both the lumen 

maintenance and the chromaticity state for HPWLEDs. 
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Chapter 6 Prognostics of Lumen Maintenance and Chromaticity 

State with Filter Data-driven Methods 

 

6.1 Introductory Remarks 

From previous studies, lumen degradation is known as one of the two dominant 

wearout failure modes in high power white LEDs (HPWLEDs). Usually, the LED 

lumen lifetime is measured based on the lumen maintenance, which can be defined 

as the remaining percentage of initial light output over time. The Alliance for 

Solid-State Illumination Systems and Technologies (ASSIST) recommends two LED 

lumen lifetimes based on the time to 50% light output degradation (L50: for display 

lighting) or 70% light output degradation (L70: for general lighting) at room 

temperature (ASSIST Recommendation, 2005). To predict the lumen maintenance 

(or lumen lifetime) of LEDs, a projecting approach based on the least-square 

regression method is now recommended by IES (IES-TM-21-11) and is also widely 

accepted by many LED manufacturers.  

For instance, Philips Lumileds and CREE are implementing this projecting 

approach to predict the lumen maintenance of LEDs in their reliability test reports. 

However, this IES-TM-21-11 projecting approach, dependent on least-square 

regression, introduces large prediction errors and uncertainties. Secondly, the 

reliability concerns of LED lighting are considered as involving both lumen 



Chapter 6 Prognostics of Lumen Maintenance and Chromaticity State with Filter Data-driven Methods 

137 

maintenance and the chromaticity state. However, previous research on the health of 

LEDs has not taken chromaticity state shift into consideration. 

Therefore, both lumen maintenance and the chromaticity state are considered as 

the health indictors of high power white LEDs in this chapter. As reviewed before, 

the filter approach has become one of the most widely used learning based 

data-driven prognostic methods for estimating and predicting the state of electronic 

components or systems based on a state-space model. To reduce the prediction errors 

and uncertainties introduced by the IES-TM-21-11 projecting approach, a nonlinear 

filter-based data-driven approach (recursive Unscented Kalman Filter (UKF)) is used 

to predict the lumen maintenance (Fan et al., 2014b) and chromaticity state of 

HPWLEDs (Fan et al., 2014a). 

 

6.2 Device under Test and Test Condition 

6.2.1 Device under Test  

We selected the same test device as used in the chapter five, one type of high 

power white LED from Lumileds, Philips, the White LUXEON Rebel. It has high 

luminous flux (>100 lumens in cool white at 350mA). Fig. 6-1 shows the packaging 

structure and luminescence mechanism of the White LUXEON Rebel. The 

mechanism of generating white light is a combination of blue light emitted by a 
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GaN-based chip and the excited emission from YAG:Ce
3+

 phosphor (Luo et al., 2005, 

Ye et al., 2010).  

 

Fig. 6-1 White LUXEON Rebel (a) packaging structure and  

     (b) luminescence mechanism (Luxeon, 2008a) 

 

6.2.2 Test Condition 

In this section, the lumen maintenance data of the LUXEON Rebel LEDs were 

collected from the LM-80 test report [DR03: LM-80 Test Report (Luxeon, 2010)] as 

shown in Fig. 3-6. This study selected the lowest stress aging conditions from the 

LM-80 test report (a driven current IF of 350mA and an aging temperature of 55 
o
C), 

which was considered as the condition most similar to normal operation. Other high 

stress aging conditions will be considered in future accelerated testing work. 
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6.3 Lumen Maintenance Estimation Using Filter Approaches 

6.3.1 Lumen Maintenance Projecting Approach  

As recommended by IES-TM-21-11 (see Fig. 6-2), the lumen maintenance data 

collected from the IES-LM-80-08 test report are fitted with a curve and then the 

curve is extrapolated to the given future time points (i.e., 10,000 hrs, 25,000 hrs, and 

35,000 hrs). The operation procedure can be specified as follows: 

 

 

 

 

 

 

 

Fig. 6-2 IES-TM-21-11projecting approach (IES-TM-21-11, 2011) 

 

Step 1: Normalization 

Normalize all collected lumen flux data to 1 (with the initial lumen maintenance 

value defined as 100%) at the time zero test point for each test unit. As mentioned 

before, lumen maintenance, LM, can be defined as the maintained percentages of 
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initial light output over time: 

( )
( ) 100%

(0)

t
LM t


 


                     (6-1) 

where Φ(0) is the initial light output and Φ(t) is the lumen flux at time t. 

Step 2: Curve-fitting 

Previous work on high power white LEDs indicated that the degradation 

trajectory of the lumen performance followed an exponential curve (Ishizaki et al., 

2007, Narendran et al., 2004). Therefore, this study applied the LED exponential 

lumen degradation path model (Equation (6-2)) to fit the lumen maintenance data 

and estimated the parameters of the model using the ordinary least squares(OLS) 

estimation method (Appendix A). 

( ) exp( )LM t A B t                         (6-2) 

where the fixed effect parameter, A, is the initial constant, and the random effect 

parameter, B, is the degradation rate, which varies from unit to unit.  

Step 3: Curve-extrapolating   

     We extrapolated the curves based on the obtained parameters of each test unit 

to get the future lumen maintenance data and project the lumen maintenance life Lp: 

100
ln( ) /p

A
L B

p


                      (6-3) 

where p is the maintained percentage of the initial lumen output (i.e. 50, 70 

recommended by ASSIST). 
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6.3.2 Unscented Kalman Filter  

The most well-known filter is the Kalman filter (KF), which is considered to be 

an effective method of conducting linear state-space estimation with additive 

Gaussian noise. However, for most nonlinear cases, KF loses its efficacy. Therefore, 

it is essential to establish a nonlinear filter to solve prognostic problems in nonlinear 

systems. Up to now, there have been some approximate nonlinear filters, such as the 

Extended Kalman Filter (EKF), the Particle Filter (PF) (ZIO & Peloni, 2011), and 

UKF, that have been used to deal with nonlinear problems. Among them, the EKF 

uses a first order Taylor approximation to linearize both the state and measurement 

models. The PF approximates the state distribution using a set of discrete, weighted 

samples, called particles. The UKF approach was first proposed by Julier et al. and 

developed by Wan et al.(Julier & Uhlmann, 2004, Julier et al., 1995, Wan & van der 

Merwe, 2000) to estimate the state of nonlinear systems by using a deterministic 

sampling approach (sigma point sampling) to capture the mean and covariance 

estimates with a minimal set of sample points. 

Compared to the other two nonlinear state estimation methods, UKF possesses 

many advantages (Fig. 6-3): first, UKF eliminates the calculation of Jacobian and 

Hessian matrices in EKF and makes the estimation procedure easier; second, it 

increases the estimation accuracy by considering at least the second order Taylor 
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expansion; third, it develops an optimal sampling approach (sigma point sampling), 

whereas the Monte Carlo random sampling approach used in PF does not. 

 

Fig. 6-3 Comparison of filter algorithms (EKF, PF and UKF) for prognostics  

(Wan & van der Merwe, 2000) 

 

The UKF algorithm involves estimation of the state of a discrete-time nonlinear 

dynamic system, which can be represented by both a state model and a measurement 

model: 

State model       xk=fk (xk-1, vk-1)                    (6-4) 

Measurement model    yk=hk (xk, nk)                     (6-5) 

where xk represents the unobserved state of the system, yk is the observed 

measurements, νk-1 and nk are the state noise and observation noise, respectively, and  

νk-1~N(0, Qk-1) and nk ~N(0, Rk) are assumed to be the mean zero white Gaussian 
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noises. 

This study uses two types of UKF to predict the long-term lumen maintenance 

of HPWLEDs, (1) augmented UKF; and (2) non-augmented UKF. The algorithm 

implementations of these two UKFs can be expressed as follows: 

 

6.3.2.1 Augmented UKF 

Step 1: Initialization  

The initial state is described by its mean and covariance: 

0 0=E[ ]x x                             (6-6) 

0 00 0 0P =E[( ) ( ) ]Tx x x x                        (6-7) 

Supposing that both noises are non-additive, the initial state vector and 

covariance matrix can be expressed as an augment vector: 

0 00=E[ ]=[ 0 0]
a T

a Tx x x                      (6-8) 

0

0 0

0

P 0 0

P = 0 0

0 0

a Q

R

 
 
 
  

                       (6-9) 

Step 2: Sigma point sampling  

     To undergo a nonlinear transformation, we develop a matrix a

k  with 2na+1 

sigma points 

-1 -1 -1-1 -1 -1=[ + + + ]
a a aa a a
k k kk a k a kx x n p x n p           (6-10) 
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= + +a x v nn n n n                         (6-11) 

 2= + -a an k n                        (6-12) 

Then the sigma points are weighted by: 
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            (6-15) 

where λ is the composite scaling parameter, which can be calculated from Equation 

(6-12). The constant α determines the spread of sigma points around the mean 

(1≥α≥10
-4

); κ is a secondary scaling parameter which is usually set to 3–na; and β is 

used to incorporate prior knowledge of the distribution of the state vector x (for 

Gaussian distribution, β = 2). Here, we set α=0.01, κ= 3–na, and β=0. 

Step 3: Time update  

The transient state / -1k kx and measurement
/ -1

yk k
 are estimated as: 
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an

m x
k k i i k k

i

x W                        (6-17) 

2
( )

/ -1 / -1/ -1 , / -1 , / -1

=0

P = [( - ) ( - ) ]
an

c x x T
k k k kk k i i k k i k k

i

W x x              (6-18) 

/ -1 / -1 -1= ( , )x n

k k k k ky h                        (6-19) 

2
( )

, / -1/ -1

=0

y =
an

m

i i k kk k

i

W y                      (6-20) 

Step 4: Measurement update  
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    The cross-covariance of the state and measurement
/ -1Pxy

k k
 and the Kalman gain 

Kk and compute the predicted mean kx  and covariance Pk
 are calculated as.  

2
( )

/ -1 , / -1 , / -1/ -1 / -1

=0

P = [( -y ) ( -y ) ]
an

yy c T

k k i i k k i k kk k k k

i

W y y             (6-21) 

2
( )

/ -1/ -1 , / -1 , / -1 / -1

=0

P = [( - ) ( -y ) ]
an

xy c x T
k kk k i i k k i k k k k

i

W x y              (6-22) 

-1

/ -1 / -1=P (P )xy yy

k k k k kK                        (6-23) 

/ +1 / -1
= + ( - )k k k k k k kx x K y y                    (6-24) 

/ +1 / -1P =P - Pyy T

k k k k k k kK K                     (6-25) 

Step 5: Recursive filtering  

By inputting the new measurements (Fig. 6-4), steps 1–4 are repeated in the next 

time step using the updated covariance Pk and Kalman gain Kk.  

 

Fig. 6-4 Flowchart of prognostics using the augmented UKF 

 

Step 6: Prognosis  

Then, when the measurement update is terminated, the future k+1…n step states 
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are predicted within the k-step measures and the time updates from k+1 to the 

desired step (Fig. 6-4).  

 

6.3.2.2 Non-augmented UKF 

Usually, the computational complexity of the augmented UKF algorithm can be 

reduced by using the non-augmented form, which can reduce the number of the 

sigma points as well as the total number of sigma points used (n sigma points = nx). 

Meanwhile, the covariances of the noise are incorporated into the state covariance 

using a simple additive form (Wu et al., 2005).   

Step 1: Initialization  

The initial state is described by its mean 0x  and the covariance 
0P as defined by 

Equation (6-6) and Equation (6-7) shown in the augmented UKF algorithm. 

Step 2: Sigma point sampling  

A matrix
k  with 2nx+1 sigma points is generated: 

* *
-1 -1 -1-1 -1 -1=[ + + + ]k k kk x k x kx x n p x n p             (6-26) 

where nx is the number of the state. The composite scaling parameter can be 

expressed as:  

 2= + -x xn k n                        (6-27) 

Then the sigma points are weighted by: 
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           (6-30) 

Step 3: Time update  

The transient state / -1k kx and measurement
/ -1

yk k
 are estimated as: 

*

/ -1 -1= ( )k k kf                         (6-31) 

2
( )* *

/ -1 , / -1

=0

=
xn

m
k k i i k k

i

x W                     (6-32) 

2
( )* * *

/ -1 / -1/ -1 , / -1 , / -1 0

=0

P = [( - ) ( - ) ]+
xn

c T
k k k kk k i i k k i k k

i

W x x Q         (6-33) 

Step 4: Sigma point re-sampling  

      A new set of sigma points is redrawn to incorporate the effect of the additive 

process noise. 

* *
-1 -1 -1/ -1 -1 -1=[ + + + ]k k kk k x k x kx x n p x n p           (6-34) 

/ -1 / -1= ( )k k k kh                        (6-35) 

2
( )*

, / -1/ -1

=0

y =
xn

m

i i k kk k

i

W                     (6-36) 

Step 5: Measurement update  

    The covariance of measurement 
/ -1P yy

k k
 and the cross-covariance of the state and 

measurement
/ -1Pxy

k k
 is calculated as:  

2
( )*

/ -1 , / -1 , / -1 0/ -1 / -1

=0

P = [( -y ) ( -y ) ]+
xn

yy c T

k k i i k k i k kk k k k

i

W R          (6-37) 

2
( )*

/ -1/ -1 , / -1 , / -1 / -1

=0

P = [( - ) ( -y ) ]
xn

xy c T
k kk k i i k k i k k k k

i

W x            (6-38) 
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The Kalman gain Kk can be computed by inserting the calculated 
/ -1P yy

k k
 and 

/ -1Pxy

k k
into Equation (6-23). The predicted mean kx  and covariance Pk

can be obtained 

based on Equation (6-24) and Equation (6-25), respectively.  

Step 5: Recursive filtering  

Like augmented UKF (see Fig. 6-5), by inputting the new measurements, the 

steps 1–4 are repeated for the next time step using the updated covariance Pk and the 

Kalman gain Kk.  

 

Fig. 6-5 Flowchart of prognostic using the non-augmented UKF 

 

Step 6: Prognosis  

Then, when the measurement update is terminated, the future k+1…n step states 

are predicted with the k-step measures and the time updates from k+1 to the desired 

step. 
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6.3.3 Results and Discussion  

To evaluate our proposed approach, we developed a procedure to compare the 

prognostic results. The procedure includes four steps: (1) data pretreatment; (2) state 

initialization; (3) filtering; and (4) prognostics (Fig. 6-6). 

 

 

Fig. 6-6 Lumen maintenance prognostic procedure 

 

6.3.3.1 Data pretreatment 

Firstly, we pretreated the raw data collected from the LM-80 test report [DR03: 

LM-80 Test Report (Luxeon, 2010)] in section 3.2.1, and used the lumen flux data 

sets of the twenty DUTs collected periodically within 10,000 hrs (1,000 hrs per 

cycle). After collection, the lumen flux data at each cycle were normalized to 1 at the 
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24 hrs test point for each DUT (as shown in the LM-80 test report, to reduce initial 

testing errors, this study used the data collected after 24 hrs initial running as the first 

test point). Then the time series lumen flux data can be transferred to the time series 

lumen maintenance for each DUT.  

Next, all twenty DUTs were separated into two groups: the training samples (ten 

units) and the test samples (ten units). The calculated lumen maintenance data of the 

training samples from initial to 10, 000 hrs were used as the baseline database to 

train the lumen degradation model, as mentioned in Equation (6-2), and initialize the 

model’s parameters. The prognostic performances of proposed models were then 

compared and evaluated based on the data from the test samples. 

As shown in the UKF algorithms (Equations (6-4) and (6-5)), the measurement 

model in our case was expressed as the lumen maintenance degradation model 

(Equation (6-2)). The parameters of the degradation model (the fixed effect 

parameter, A, and the random effect parameter, B) were seen as the states.  

State model:          xk = [Ak, Bk]                      (6-39) 

     1= + A

k k kA A     -1~ (0, )A A

k vN Q ; 

      - 1 - 1= + B

k k kB B    -1~ (0, )B B

k vN Q ; 

Measurement model:   exp( 1000 )k k k ky A B k n                   (6-40) 

where k is the measurement cycle (from 0 to 10,000 hrs). 
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6.3.3.2 State initialization 

To begin with, the UKF approach needs to initialize the state model with the 

training dataset. The initial state can be expressed by the parameters of the lumen 

degradation model of each training sample. As shown in Fig. 6-7, these parameters 

were estimated by the least square curve-fitting approach. 

 

 

Fig. 6-7 Nonlinear curve-fitting of lumen maintenance data from training samples 

 

Then, the calculated parameters were averaged as the initial states of the test 

samples, and can be described by the means and covariances (A0=100.453, 

PA0=0.2821; B0=3.67E-06, PB0=3.428E-13) (Table 6-1). 
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Table 6-1 Parameters of the measurement model obtained from training samples 

No. A A_errors B B_ errors 
Adjusted 

R-Square 
RMSE 

1 99.904 0.312 4.63E-06 5.36E-07 0.881 0.005485 

2 100.857 0.405 4.47E-06 6.87E-07 0.806 0.007106 

3 99.674 0.433 3.89E-06 7.42E-07 0.725 0.007606 

4 100.426 0.405 3.59E-06 6.89E-07 0.724 0.007129 

5 100.422 0.447 3.99E-06 7.61E-07 0.727 0.007855 

6 99.784 0.376 3.02E-06 6.42E-07 0.679 0.006622 

7 100.388 0.355 2.96E-06 6.02E-07 0.698 0.006249 

8 100.893 0.433 3.06E-06 7.32E-07 0.624 0.007629 

9 101.055 0.434 3.70E-06 7.34E-07 0.710 0.007632 

10 101.131 0.470 3.41E-06 7.94E-07 0.636 0.008277 

Average 100.453 0.4070 3.67E-06 6.92E-07 0.721 0.007159 

Covariance 0.2821 0.0023 3.428E-13 6.208E-15 0.0057 7.001E-07 

 

 

6.3.3.3 Filtering 

 The next step in the UKF approach is the recursive filtering from 1,000 to 6,000 

hrs, which was conducted to help updating the states with inputting new 

measurements. Fig. 6-8 shows the UKF prognostics for the ten test samples, which 

contains two steps: filtering (from 1,000 to 6,000 hrs) and prognosis (from 6,000 to 

10,000 hrs).  
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Fig. 6-8 Lumen maintenance prognostics with UKF approaches for test samples  

(Test sample_1 to Test sample_10 as shown from (a) to (j)) 

 

The filtering performances of the two proposed UKF approaches were compared 

using the mean square error (MSE), which is defined as: 

2

1

1
( - )

k

i i

i

MSE y y
k 

                       (6-41) 

where k is the measurement cycle (= 6 for the filtering step); and yi and 
iy  are the 

real measurements and the estimated values at each measurement cycle, respectively. 

The calculated MSE values of the two UKF approaches of each test sample are 

shown in Fig. 6-9. The MSE values of the non-augmented UKF is nearly 400~1,500 

times larger than that of the augmented UKF, which indicates that the augment UKF 

has a better estimation performance than the non-augmented UKF. As discussed in 
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section 6.3.2, in order to maintain the accuracy of the state estimation, both UKF 

approaches consider the effect of process noise into the state model. However, the 

difference between these two approaches is that the augmented UKF supposes that 

the noises are non-additive and can be inserted into the sigma sampling step in 

recursion, while the non-augmented UKF just uses the re-sampling method with 

additive noises. The superiority of the augmented UKF approach can be attributed to 

its capacity in capturing and propagating the odd-order moment information through 

one filtering recursion. Mathematically, the augmented UKF approach can capture 

more statistical information by introducing the effect of process and measurement 

noises into both the state and measurement updating non-additively, which will 

reduce errors between the estimations and the actual measurements. 

 

 

Fig. 6-9 Mean square errors of UKF filtering step 
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6.3.3.4 Prognostics 

    After the recursive filtering steps in both UKF approaches, the lumen 

maintenance of each test sample at 10,000 hrs was predicted, as shown in Fig. 6-9.  

At the same time, following the projection procedure shown in section 6.3.1, the 

lumen maintenance of test samples at 10,000 hrs were also extrapolated by the 

IES-TM-21-11 projection approach (marked by black stars in Fig. 6-9).  

To evaluate the prognostic performance of the above mentioned approaches, both 

accuracy-based and precision-based metrics were used (Saxena et al., 2008). The 

accuracy-based metric is defined as the deviation between the prognostics results and 

the actual measurements, which can be expressed as the prognostics errors(Pe): 

100%kk
k

k

y y
Pe

y


                     (6-42) 

where 
ky  and yk are the prognostics results and actual measurements of the lumen 

maintenance at the k
th

 cycle, respectively. The measurement cycle k is 10 for the 

prognostics step in this study.  

Fig. 6-10 shows the lumen maintenance prognostics errors of the test samples. 

For the majority of the test samples (samples 2, 4, 5, 7, 8, 9, and 10), compared to the 

IES-TM-21-11 projecting approach, both UKF approaches had lower prognostics 

errors and increased prognostic accuracy. However, the UKF approach lost its 

superiority in samples 1, 3, and 6. In fact, the accuracy of the UKF-based prognostics 
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is determined by the last estimated state after recursive filtering (the state at 6,000 hrs 

for this chapter). The projecting results from using the IES-TM-21-11 approach, 

however, are affected by the least squares estimation, which depends on the 

minimization of the sum of the residuals between the actual measurements and the 

calculated values. The differences between the least squares method and the UKF 

approach are discussed by Sorenson (1970). Firstly, the UKF deals with dynamic 

stochastic systems, while the least squares method is used for deterministic systems. 

Secondly, the UKF updates system states recursively by absorbing new 

measurements, while the least squares implementation uses batch processing. 

 

 

Fig. 6-10 Lumen maintenance prognostics errors at 10,000hrs 

 

Besides accuracy-based metrics, we also chose a precision-based metric, which is 
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considered to be an evaluator of the stability of a prognostic model. The 

precision-based metric is derived from the mean (E(Pe)) and variance (Var(Pe)) of 

prognostic errors within a set of test samples. 
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N
i

i

E Pe Pe
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                        (6-43) 
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                  (6-44) 

Table 6-2 lists the means and variances of prognostic errors from the above 

mentioned approaches, which indicates that the two proposed UKF approaches can 

lower both the mean and variance of the prognostic errors. This means that compared 

to the IES-TM-21-11 projecting approach, UKF is a more precise method for 

nonlinear prediction.   

 

Table 6-2 Performances of prognostic approaches 

Approaches 
Prognostic errors mean 

E(Pe) 

Prognostic errors 

variance Var(Pe) 

IES-TM-21-11 projecting 1.07% 1.015E-4 

Non-augmented UKF 0.62% 3.505E-5 

Augmented UKF 0.61% 3.585E-5 

 

6.4 Chromaticity State Estimation Using Filter Approaches 

From the previous studies described in chapters three and four, it has been found 

that both lumen depreciation and chromatic state shift are considered to be the two 

dominating failures in white LEDs. Most attention has been paid to the lumen 
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depreciation of LED products (Tsaing & Peng, 2007, Liao & Elsayed, 2006), 

ignoring chromaticity state shift. In the LED industry, the Illuminating Engineering 

Society of North America (IESNA) (IES-LM-79-08 and IES-LM-80-08) has 

recommended test methods for measuring the chromaticity characteristics of LEDs. 

Additionally, the Next Generation Lighting Industry Alliance (NGLIA) with the U.S. 

Department of Energy (DoE), has recommended using chromaticity shift as an 

indicator of a white LED’s “end of life”. The American National Standard Lighting 

(ANSI) group has also developed specifications for the chromaticity of solid state 

lighting products, but they have not demonstrated a chromaticity state shift 

prediction method for white LED lighting.  

 

6.4.1 Chromaticity State shift of High Power White LEDs 

According to the approved electrical and photometric measurement method 

developed by IESNA (IES-LM-79-08), the chromaticity characteristics of white 

LEDs include the chromaticity coordinates, correlated color temperature, and color 

rendering index (CRI). Among them, the chromaticity coordinates are always chosen 

as the direct performance parameters to track the shift path.  

The International Commission for Illumination (Commission Internationale del’ 

Eclairage, CIE) has developed three types of chromaticity diagrams: CIE 1931 (x,y), 
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CIE 1960 uniform chromaticity scale (UCS) (u,v), and CIE 1976 UCS (u',v') (Fig. 

6-11). Among them, only the color difference in the CIE 1976 color space is 

proportional to the geometric difference, so the chromaticity coordinates in the CIE 

1976 color space are widely used as a chromaticity performance characteristic by 

many LED manufacturers.  

 

 

Fig. 6-11 CIE 1976 (u', v ') uniform chromaticity diagram (REA, M. S. et al, 2000) 

 

In this section, the collected chromaticity coordinates in the CIE 1976 color 

space from the LM-80 test report were selected to represent the chromaticity state of 

the white LUXEON Rebel LED. The Euclidean distance between the original 

chromaticity coordinates (u'0,v'0) and future coordinates (u'i,v'i)  was used to 
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represent the chromaticity state shift of the LED after aging, and is denoted by Δu'v' 

(Fig. 6-11). 

2 2

0 0' ' ( ' ') +( ' ')i iu v u u v v                   (6-45) 

 

6.4.2 Results and Discussion 

This section selected chromaticity coordinates data at the lowest stress aging 

conditions (a driven current IF of 350mA and an aging temperature of 55 
o
C) from 

the LM-80 test report [DR04: LM-80 Test Report (Luxeon, 2011)] as shown is 

section 3.2.1. To begin with, this section developed a model for the chromaticity state 

shift of our test device. We chose three models (exponential, dual-exponential, and 

quadratic polynomial) to fit the chromaticity state shift data, Δu'v', with the nonlinear 

least square techniques in the Matlab curve fitting toolbox. Ten samples were 

selected from a total of twenty-five samples to train the selected model and initialize 

the parameters of the model. The remaining fifteen samples were used to test the 

proposed prognostics model.  

The averaged chromaticity state shift data of ten training samples at each test 

cycle were fitted by the three proposed models. The fitting results are shown in Fig. 

6-12 and Table 6-3. The results indicate that the dual-exponential model was the best 

model to describe the process of chromaticity state shift because its averaged 
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R-square is nearest to 1 and it also has the smallest averaged RMSE. 

 

 

Fig. 6-12 Model selection for chromaticity state shift process 

 

Table 6-3 Chromaticity state shift process model selection results 

Models Functions 
Averaged 

R-square 

Averaged 

RMSE 

Exponential y=a·exp(b·x) 0.62403 0.0009927 

Dual-exponential y= a·exp(b·x)+ c·exp(d·x) 0.99337 0.0001681 

Quadratic Polynomial y= a·x
2
+b·x+c 0.92191 0.000505 

 

The state and measurement models in the UKF approach can be written as 

follows: 

State model:      xk = [ak; bk; ck; dk]                 (6-46) 

-1 -1 -1= + ~ (0, )a a a

k k k k va a N Q  ; -1 -1 -1= + ~ (0, )b b b

k k k k vb b N Q  ; 
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-1 -1 -1= + ~ (0, )c c c

k k k k vc c N Q  ; -1 -1 -1= + ~ (0, )d d d

k k k k vd d N Q  . 

Measurement model: exp( 1000 ) exp( 1000 ))k k k k k ky a b k c d k n                 

nk ~N(0, Rk)                      (6-47) 

where k=1, 2…7 (from 0 to 6,000 hrs). 

The parameters of the dual-exponential model of each training sample were 

estimated by the nonlinear least square method and averaged as the initial states of 

the test samples (a0=0.0029479; b0=0.000065625; c0=-0.002933; d0=-0.0017) (Table 

6-4). Next, the test data from two filtering periods (Period I: 0–5,000 hrs and Period 

II: 0–3,000 hrs) were selected to update the states recursively, and then the 

chromaticity state shift at 6,000 hrs was predicted based on these two filtering 

periods. 

 

Table 6-4 Parameters of measurement model obtained from training samples 

No. a b c d 

1 0.003014 5.13E-05 -0.00301 -0.001766 

2 0.00311 5.28E-05 -0.003078 -0.001414 

3 0.002852 7.42E-05 -0.002844 -0.001649 

4 0.002726 8.58E-05 -0.002722 -0.002156 

5 0.00275 8.00E-05 -0.002746 -0.00214 

6 0.002837 7.33E-05 -0.002833 -0.001931 

7 0.00289 7.32E-05 -0.002883 -0.001773 

8 0.00313 5.21E-05 -0.003099 -0.001427 

9 0.00306 6.09E-05 -0.003034 -0.001331 

10 0.00311 5.28E-05 -0.003078 -0.001414 

Mean 0.0029479 0.000065625 -0.002933 -0.0017 

STD 0.000154884 1.31008E-05 0.0001436 0.0003058 

Variance 2.3989E-08 1.71632E-10 2.063E-08 9.35E-08 
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The Prognostic results of chromaticity state shift for the fifteen test samples 

with UKF approach are shown in Fig. 6-13 (a) to Fig. 6-13 (o).  
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Fig. 6-13 Prognostic results of chromaticity state shift with UKF approach  

(from (a) to (o)) 

 

Fig. 6-14 indicates that the predicted results based on the period I data (UKF 

Prognostic 1) were slightly better than the results from the period II data (UKF 

Prognostic 2), because it utilized more observed measurements to update the state 

model. The prognostic RMSE from the two periods of data were 3.70% and 3.90%, 

respectively, and both predicted results were close to the actual state. 

  
15 2

=1

1
-

15
ii

i

RMSE y y                     (6-48) 

where yi is the i
th

 real Delta u'v' and 
iy bar is the predicted Delta u'v' at 6,000h. 
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Fig. 6-14 Prognostics errors of chromaticity state shift at 6,000 hrs 

 

This section also compared the prognostic performances between the UKF 

approach and an extrapolating approach. The extrapolating approach is widely used 

to project long term lumen maintenance of LED lighting sources. It relies on the 

nonlinear least squares method to fit the obtained data and extrapolates the fitting 

curve to get the future state. Although both are nonlinear estimation approaches, 

there are some differences between the least squares method and the UKF approach: 

Firstly, the UKF deals with dynamic stochastic systems while the least squares 

approach is used for deterministic systems; Secondly, the UKF approach updates the 

system states recursively by absorbing new measurements while the least squares 

implementation uses batch processing.  
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In this section, the two periods of data mentioned were also extrapolated to get 

the chromaticity state of samples at 6,000hrs, and are denoted as Extrapolating 1 (for 

Period I) and the Extrapolating 2 (for Period II) respectively. The predicted results 

are listed in Table 6-5, which shows that compared to the extrapolating approach, the 

UKF approach with lower prognostics errors (less than 4%) increased the prognostic 

accuracy more, even within a shorter data-collection time period.  

Table 6-5 RMSE results for prognostic of chromaticity state shift 

State Prognostic Method RMSE 

UKF Prognostic 1 3.70% 

UKF Prognostic 2 3.90% 

Extrapolating1 8.31% 

Extrapolating2 49.32% 

 

By comparison, the UKF approach utilized the whole information from the 

collected data for each test cycle and updated the state model from new measurement 

inputs step by step. It also had the ability to model the dynamic stochastic states of 

the chromaticity shift which were driven by the random process noise, while the 

extrapolation approach estimated the parameters of the measurement model with the 

batch measurement data to predict the future state. Therefore, with the proposed UKF 

based prognostic approach, the data collection time in the reliability test for LEDs 

can be shortened from the standard minimum required 6,000 hrs to 5,000 hrs, or even 

3,000hrs. 
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6.5 Concluding Remarks 

  In this chapter, to increase the prediction accuracy, a nonlinear filter-based 

data-driven prognostic approach was presented (the recursive Unscented Kalman 

Filter) to predict the lumen maintenance and chromaticity state of HPWLEDs. The 

prognostic performance of the proposed approach and the IES projecting approach 

were also compared and evaluated with both accuracy- and precision-based metrics. 

The following conclusions can be drawn from these results. 

(i) The recursive UKF-based prognostic approach can be expressed in two steps: 

filtering and prognostics. With time and measurement updates, the states can be 

estimated and forwarded dynamically. This study defined the parameters of the 

lumen degradation model and the chromaticity state shift model as dynamic 

states, and they can be updated and optimized recursively within the UKF 

algorithm. 

(ii) Two types of UKF algorithm, the augmented UKF and the non-augmented UKF, 

were used in this study. The filtering results showed that the augmented UKF 

produced a better estimation than the non-augmented UKF, because it captured 

more statistical information by introducing the effect of process and measurement 

noises into both state and measurement updating non-additively. However, the 

non-augmented UKF is easier to implement with less calculation. 
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(iii)The prognostic results of the proposed approaches were evaluated based on both 

accuracy- and precision-based metrics, and indicated that both UKF approaches 

can increase the prediction accuracy for the majority of test samples and they 

both possess higher prediction precision compared to the IES-TM-21-11 

projecting approach. The proposed prognostic approach and its application on 

lumen maintenance prediction have been published by author on the journal of 

Reliability Engineering and System Safety in 2014 (Fan et al., 2014b). 

(iv) The chromaticity state was considered as another health indicator of pc-white 

LEDs in addition to lumen maintenance. The Euclidean distance between the 

original chromaticity coordinates and future coordinates in the CIE1976 color 

space (u',v') was used to represent the chromaticity state shift and modeled as a 

nonlinear dual-exponential model. A recursive augmented UKF prognostic 

approach was used to predict the chromaticity state of the pc-white LED. With 

the UKF approach, the prognostic root mean square error is lower (less than 4%) 

than the error found in the extrapolated results. These results have been published 

on the journal of IEEE Transactions on Device and Materials Reliability in 2014 

(Fan et al., 2014a). 
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Chapter 7 Optimal Design of Reliability Testing for LEDs in a Six 

Sigma DMAIC Framework 

 

7.1 Introductory Remarks 

Reliability testing is an essential assessment procedure to qualify a new product 

or technology before being released to the market. However, owing to its long 

lifetime, few or no failures occur in high power white LEDs (HPWLEDs) within 

short-term testing. As a result, it is difficult to assess reliability with traditional 

approaches which record only failure time. Even though improved reliability testing 

methods, such as accelerated life testing and censoring technology, have been 

developed to estimate the rated lifetime distribution for highly reliable products, 

these approaches may not be feasible for products not having failures during life 

testing due to severe time and cost constraints (Meeker et al., 1998). Sometimes the 

duration of the reliability testing and assessment procedure is longer than the time 

between product updates, which may delay technological innovation and 

development.  

Therefore, designing an optimal reliability testing method for HPWLEDs with 

consideration of time and cost savings is desirable for accelerating LED technology 

innovation and development. Six Sigma has been recognized as a well-structured 

problem-solving methodology for improving and managing product quality (Gijo et 
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al., 2011, Easton & Rosenzweig, 2012, Zu et al., 2008), reducing operation cycle 

time (Valles et al., 2009) and optimizing process management (Antony et al., 2012, 

Shafer & Moeller, 2012) in many companies, such as Motorola, General Electric, and 

Raytheon (Montgomery & Woodall, 2008), the benefits of the Six Sigma approach 

can be achieved through the utilization of its systematic step-wise DMAIC approach, 

which enables participants to find problems in an old product or process and improve 

them with solutions from Design of Experiment (DOE) (Jin et al., 2011, Schroeder et 

al., 2008). In this study, the step-by-step application of the Six Sigma DMAIC 

approach in an LED reliability testing case is applied.  

The objectives of this study can be summarized as: (1) to establish an optimal 

reliability testing procedure for HPWLED, (2) to shorten the testing time, and reduce 

the testing operation cost, and (3) also to maintain the accuracy of the reliability 

assessment. In chapter 6, the recursive UKF based data-driven method has been 

proven to be a more effective approach to predict both the lumen maintenance and 

chromaticity state of HPWLEDs by comparing with the ordinary least squares (OLS) 

approach mentioned in the IES-TM-21-11 standard. Thus, in this chapter, a new 

reliability estimation method is proposed to deal with degradation data to predict the 

reliability of HPWLEDs by integrating both the statistical and filter data-driven 

methods mentioned in previous chapters. 



Chapter 7 Optimal Design of Reliability Testing for LEDs in a Six Sigma DMAIC Framework 

174 

7.2 Case Study 

As shown in the experimental setup section (section 3.2.2), a high temperature 

reliaiblity test for one type of high power white LED provided a LED manufacturer 

was carried out by author in the Center for Advanced Life Cycle Engineering 

(CALCE) of the University of Maryland. The experimental setup and data collection 

procedure are shown in Fig. 3-7. The objectives of this testing were: (1) to know the 

LED’s reliability information (such as the failure time distribution, the 100p
th

 

percentiles of failure time distribution tp, and mean time to failure MTTF); (2) to 

estimate its rated lifetime for the LEDs in the given accelerated aging condition.  

As introduced before, the traditional reliaiblity testing and assessment methods 

(including the censoring technology) require collecting the failure data of testing 

units. In this experiment, after 1633 hrs of aging, only nine units failed and the 

remaining seven units still operated well. The operation cost was estimated as more 

than $1,000.  

 

7.3 Define Phase 

    The define phase of the DMAIC methodology aims to establish a 

cross-functional Six Sigma team to summarize the problems that occurred in the 

above case study, define the scope and goals of the improvement project in terms of 
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customer requirements, and develop a process that delivers these requirements. 

To begin with, a cross-functional team of people associated with the process 

was firstly established to solve the problems in the Six Sigma methodology. The 

CALCE team selected for this project included the Center Director, Head of the LED 

research group, LED research assistants, the lab manager, and lab assistants. The 

Center Director was identified as the champion. The Head of the LED research group 

acted as the team leader and was responsible for the overall success of the project 

and was also the process owner. The primary responsibility of the team members was 

to support the team leader in executing the project-related actions. This helped the 

team members to clearly understand the project objectives, project duration, 

resources available, roles and responsibilities of team members, project scope and 

boundaries, expected results from the project, etc (Gijo et al., 2011).  

After the cross-functional team was established, the project champion organized 

a meeting to discuss the problems within in the above LED reliability testing, which 

can be summarized as follows: Firstly, Testing operation time is too long. The 

customer is not satisfied with the operation time (1633 hrs aging time, more than 2 

months operation) which is too long for the LED manufacturer to know the reliability 

of this device. Secondly, the Cost of testing is too high. The total operation cost of 

LED life testing every time is $1142.60. For the manufacturers, they will run many 
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reliability tests for their products before released to the market, therefore, the 

accumulated testing cost will be huge if using the current testing plan. All necessary 

details of the project are shown in the project charter (see Table 7-1).  

 

Table 7-1 Six Sigma Project Charter 

Project Name Optimal Design of Reliability Testing for High Power White LEDs 

Group Name LED Research Group 

Department 

Name 

The Center for Advanced Life Cycle Engineering (CALCE), University of 

Maryland, USA 

Project 

Champion 

CALCE Director 

Project 

Leader 

Head of LED Research Group 

Team 

Member 

LED Research Assistants; 

Lab Assistants; 

Lab Manager 

Problem 

Statement 

The operation time (1633 hrs) and cost ($1142.6) of a cycle reliavility 

testing for High Power White LEDs are too high for the customer (Avago 

Technology) 

Goal 

Statement 

Project Y’s Baseline Goal Units 

Metric 1  Time 1633 hrs 50% reduced hrs 

Metric 2  Cost $1142.6 50% reduced $ 

Metric 3  Accuracy 

(estimated t10) 
1452.98 Errors within 5% % 

Schedule 

 Jan-2013 Feb-2013 Mar-2013 Apr-2013 

Define                 

Measure                 

Analysis                 

Improve                 

Control                 

Project Review                 

Report Writing                 

Required 

resources 

Reliability statistical knowledge 

Minitab and Matlab statistical softwares 

 

To solve the above problems, the goals of the project were established as the 

following quantitative criteria: (1) reduce the life testing time by 50% from the 
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existing reliability testing process and give the customer quick and reliable feedback; 

(2) reduce the reliability testing cost by 50%; (3) keep the errors of the estimated 10
th

 

percentiles of the failure time distribution t10 within 5%. Our Six Sigma team used 

the critical-to-quality (CTQ) methodology to translate the voice of the customer to 

the engineering targets (Fig. 7-1).  

 

 

 

 

 

  

 

 

 

 

Fig. 7-1 Critical-to-quality (CTQ) methodology 

 

The SIPOC approach (Supplier-Input-Process-Output-Customer) was 

implemented to help the team members understand the process (Table 7-2).  

To shorten the reliability 
testing time；  
To reduce the reliability 
testing cost；  
To maintain the accurate 
estimation of reliability 

Time 

Cost 

Accuracy 

Measurement Unit  

 
Target 

 
Defect Definition 

 

Measurement Unit  

 
Target 

 
Defect Definition 

 

Measurement Unit  

 
Target 

 
Defect Definition 

 

Hours 

 
50% reduced 

 
>1633hrs 

$ USD 

 
50% reduced 

 
>$1142.6 

 
t10 Estimation errors %  

Unit  

 
<5% 

 
≥5% 

 

Customer Need/Requirement CTQs 

Process output 
metrics 
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Table 7-2 Supplier-Input-Process-Output-Customer (SIPOC) diagram 

Supplier Inputs Process Outputs Customer 

LED 

manufacturer 
LED test units 

LED 

Reliability 

testing 

(See Fig. 6-3) 

Standard LED 

reliability testing 

process and 

Reliability 

analysis report 

LED 

manufacturer 

Equipment 

suppliers 

Aging chamber; 

Testing 

equipment; 

Data logger 

systems 

Planning and 

design team 

DoE, statistical 

program design 

Facility 

department 
Utility (power) 

CALCE 

reliability lab 
Lab assistants 

 

As shown in the traditional LED reliability testing process and cycle operation 

profile in Fig. 7-2, after receiving the test units from the customer, they were first 

soldered onto an MCPCB aging test board. The traditional LED reliability testing 

was then conducted through the three sections: the aging section, the cooling section, 

and the testing section. For aging, sixteen high brightness white LEDs were 

thermally controlled in a chamber. After 23 hrs of aging, the aging test board was 

removed from the thermal chamber to be cooled to room temperature. For testing, the 

lighting performance data (such as light output, color coordinates, color temperature, 

color rendering index, and spectral power distribution) were measured manually by 

means of the BTS256-LED tester. After one hour of testing, the aging test board was 

returned to the thermal chamber to undergo the next aging cycle. When a test unit 

failed, the life testing was terminated and the LED’s reliability was analyzed with 
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failure data or censored failure data based on traditional methods. 

 

 

 

 

  

 

 

(a)                                  (b) 

Fig. 7-2 (a) Traditional LED reliability testing process and (b) operation profile 

 

7.4 Measure Phase 

In the measure phase, the objective was to select appropriate product 

characteristics, map the respective processes, study the accuracy of the measurement 

system, record the data, and establish the baseline performance of the process 

(Wooles & Allardice, 2008).  

In this experiment, the BTS256-LED tester was used to collect the light output 

data of sixteen test units over a 23 hrs per day collecting cycle. The BTS256-LED 

tester is a hand-held measurement system which allows qualification of luminous 

flux, spectral flux distribution, and color data of single LEDs (Fig. 7-3).  

LED units supplied 

from customer 

 

16 LED units soldered on the 

MCPCB aging test board 

LED units aging in thermal 

chamber 23 hrs 

 

LED units cooling 

in the air 

LED units testing with 

BTS256-LED tester 

 

All failed or not? 

Reliability analysis and 

reporting 

 

Yes 

No 

Aging Temperature 

Ambient Temperature 

Temperature (
o
C) 

Time (hrs) 

23 hrs      1h 
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Fig. 7-3 BTS256-LED measurement system used for data collection 

(BTS256-LED, 2009) 

 

To validate the measurement system’s accuracy and precision, a gauge 

repeatability and reproducibility (GR&R) study was conducted. Here, measurement 

on sixteen test units was repeatly conducted five times by a lab assistant. After 

finishing collecting the data, GR&R analysis was performed with the help of Minitab 

statistical software. The result of the GR&R study is presented in Table 7-3. 

 

Table 7-3 Results of gauge R&R study 

Source StdDev(SD) Study variance Study variance (% ) 

Total Gauge R&R 0.15594 0.93567 15.42 

Repeatbility 0.15594 0.93567 15.42 

Part-to-Part 0.99938 5.99626 98.80 

Total Variation 1.01147 6.06882 100.00 

  

   According to a previous study (Fang & Wang, 2005, Pan, 2006), the 

measurement system may be considered acceptable when the measurement system 

variability is between 10% and 30%; at above 30% variability, a measurement 

system is not considered acceptable. Since the total GR&R variance value in this 
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case was 15.42%, which was within the acceptable limit of 30%, it was concluded 

that the BTS256-LED measurement system was acceptable for further data 

collection. 

In the LED industry, the light output data is usually used as one of the 

characteristics to determine the performance of LEDs. Normally, the LED lumen 

lifetime is measured from the lumen maintenance (LM), which can be defined as the 

maintained percentages of initial light output over time.  

( )
( ) 100%

(0)

t
LM t


 
                        (7-1) 

where Φ(0) is the initial light output, and Φ(t) is the lumen flux at time t. 

Therefore, we transformed the light output data as the lumen maintenance data 

to determine LED failure. For LED general lighting, the lumen failure threshold is 

defined by the Alliance for Solid-State Illumination Systems and Technologies 

(ASSIST) as when the lumen maintenance decreases to 70%. The transformed time 

series lumen maintenance data of sixteen test units are shown in Fig. 7-4. As shown 

in Fig. 7-4, in our case, after 71 aging cycles (approximately 1633 hrs of aging time), 

there were only nine units failed and the remaining seven units were still operating. 

In this condition, the censoring approach was applied to these time-truncated failure 

data to estimate LED reliability as the baseline performance of the traditional life 

testing process. Censoring is a reliability estimation technology commonly used to 



Chapter 7 Optimal Design of Reliability Testing for LEDs in a Six Sigma DMAIC Framework 

182 

deal with cases where the extract lifetimes are known for only a portion of the 

products. With the censoring technology, the reliability information of the traditional 

life testing (e.g. failure time distribution, the 100p
th

 percentiles of the failure time 

distribution tp, and the mean time to failure MTTF) can be obtained. 

 

 

Fig. 7-4 Lumen degradation process of test units 

 

In Fig. 7-5, the two-parameter Weibull distribution was used to fit the 

time-truncated data and estimate the shape and scale parameters of the Weibull 

distribution with the Maximum Likelihood (ML) method. The detailed results are 

shown in Table 7-4.  



Chapter 7 Optimal Design of Reliability Testing for LEDs in a Six Sigma DMAIC Framework 

183 

180016001400

0.004

0.003

0.002

0.001

0.000

Failure time

PD
F

18
00

16
00

140
0

12
00

90

50

10

1

Failure time

Pe
rc

en
t

180016001400

100

75

50

25

0

Failure time

Pe
rc

en
t

180016001400

0.048

0.036

0.024

0.012

0.000

Failure time

R
at

e

Shape 18.6158
Scale 1639.68
Mean 1593.30
StDev 105.839
Median 1607.71
IQR 135.170
Failure 9
Censor 7
AD* 51.129

Table of StatisticsProbability Density Function

Survival Function
Hazard Function

ML Estimates-Time Censored at 1633
Weibull - 95% CI

95% CI

 

Fig. 7-5 Overview of failure time distribution of test units 

 

Table 7-4 Reliability estimation with time-truncated failure data 

No. of 

failures/Total No. 

Weibull distribution 

parameters MTTF t10 

shape Scale 

9/16 18.6158 1639.68 1593.30 1452.98 

 

7.5 Analyze Phase 

The objective of the analyze phase is to identify the root cause that creates the 

problem in a process. 

7.5.1 Cost Analysis 

Operation time and cost are two major metrics for evaluating the efficiency of 

the reliability testing process. We established a financial function to analyze the life 
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testing operation cost. From the cost consideration in reliability testing, frequently 

asked questions from customers include, “How many units do I need to test?”, “How 

long do I need to run this life testing?”, and “How many times do I need to inspect 

the units in this testing?” (Wu & Chang, 2002, Marseguerra et al., 2003). As shown 

in the experimental procedure, the total cost of an experiment consists of the 

following three parts:  

(i) Sample cost nCs: this can be defined as the cost of the total test units, where Cs 

represents the cost of a single test unit and n is the sample size.  

(ii) Inspection cost nτCm: this includes the cost of using inspection equipment and 

materials and the operator’s labor cost. Cm denotes the cost of one inspection on 

one test unit, and τ is the inspection frequency.  

(iii) Operation cost td (τ–1)Ce: this cost consists of the utility and depreciation of 

operation equipment (such as chambers, power suppliers, and data loggers). Let 

Ce be the operation cost in the time interval between two inspections, td. 

Then the total operation cost, CT, can be calculated as: 

( 1)T S m d eC nC n C t C                          (7-2) 

Based on equation 7-2, the total operation cost of this LED reliability testing 

can be calculated as $1142.60, which is out of the customer’s expectation. The 

relationship between total operation cost with inspection frequency and sample sizes 
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was also numerically simulated based on two assumptions: (1) the experimental 

termination time is 1633 hrs; (2) the operation cost between time intervals can be set 

as $0.2*n/16, which means that the operation cost is mainly controlled by the sample 

sizes. A summary of the cost of traditional life testing is list in Table 7-5. In Fig. 7-6, 

the simulation results show that with the increase of inspection frequency and sample 

sizes, the total operation cost of the reliability testing is increased. 

 

Table 7-5 Summary of the cost of traditional life testing 

Items Details 

Sample size, n 16 

Inspections frequency, τ 72 cycles 

Time interval between two inspections, td 23 hrs per cycle 

Termination time, Td 71 cycles (1633 hrs) 

Cost of a test unit, Cs $15 

Cost of one inspection on one test unit, Cm $0.5 

Operation cost in the time interval, Ce $0.2 

Total cost, CT $1142.6 
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Fig. 7-6 Simulation contour plot of total operation cost vs. inspection numbers and 

sample size 
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7.5.2 Root Cause and Effect Analysis 

From the previous analysis, there are several causes that affect the LED 

reliability testing time, cost, and final reliability estimation results. The cause and 

effect diagram shows the main root causes contributing to the project outputs from 

six factors (Materials, Machines, Measurements, Mans, Methods and Environment).  

In this study, three major factors resulting in project defects are summarized as 

(see Fig. 7-7): (1) too large a sample size, which increases the life testing cost; (2) 

inspection frequency is too high, which also cost too much in terms of the 

depreciation of inspection equipment and materials and the operator’s labor cost; (3) 

the traditional reliability test requires waiting for all test LEDs to fail (requires at 

least a portion of failures); therefore, this process requires a long operation time for 

highly reliable products.  

 

Fig. 7-7 Cause and effect diagram 
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7.6 Improve Phase 

During this phase of the Six Sigma methodology, solutions were identified and 

implemented for all root causes selected during the analyze phase. To solve the 

major root causes resulting in the problems identified before, the LED reliability 

estimation methods were firstly improved by dealing with degradation data. Here, a 

general reliability estimation method based on degradation data was proposed and 

compared to the previous mixed-effect approach. Then, a DOE was planned for 

optimizing the LED reliability testing process parameters considering the reduction 

of both time and cost. Finally, an improved process flow for LED life testing was 

developed based on the DOE results.  

 

7.6.1 Reliability Estimation Methods based on Degradation Data 

7.6.1.1 Nonlinear mixed-effect model 

For devices with long lifetimes, most of the traditional reliability testing 

techniques which require failure data are time-consuming and expensive. In this 

condition, using degradation data to do reliability assessment appears to be an 

attractive alternative for dealing with traditional failure time data, with benefits of 

identifying the degradation path and providing effective maintenance methods before 

failures occur. The nonlinear mixed-effect model first proposed by Lu and Meeker 
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(Lu & Meeker, 1993) is widely used to estimate reliability by modeling the 

degradation data with the general degradation path model.  

The degradation path can be registered as time-performance measurement pairs 

(ti1, yi1), (ti2, yi2),……, (timi, yimi), for i = 1, 2, ……, n; and mi represents the test time 

points for each unit: 

( ; ; )ij ij i ijy D t    
                     (7-3) 

where a random sample size is n, and the measurement times are t1, t2, t3,……ts. The 

performance measurement for the i
th

 unit at the j
th

 test time is referred to as yij. 

D(tij;α;βi)is the actual degradation path of unit i at the measurement time tij; α is the 

vector of fixed effects which remains constant for each unit; βi is a vector of random 

effects which varies according to the diverse material properties of the different units 

and their production processes or handing conditions; εij represents the measurement 

errors for the unit i at the time tij, which is supposed to be a normal distribution with 

zero mean and constant variance.  

Previous work on LEDs indicated that the degradation trajectory of lumen 

performance followed an exponential curve. Therefore, the exponential degradation 

path model with mixed effect parameter vector θ(α, βi) was used to represent the 

lumen maintenance degradation: 

( ; )= exp( )ij ij ij ij ijy D t t                     (7-4) 
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For the decreasing type of performance measurement (lumen degradation of 

LEDs), the failure definition for the general degradation path models is that the 

performance measurement, yij, is lower than the critical threshold, Df, at time t. For 

LEDs, Df =0.7 is recommended by ASSIST. The cumulative probability of the 

failure function, F(t), is given as follows: 

( ) ( ) [ ( , , ) ]ij i fF t P t T P D t D                    (7-5) 

And Time to Failure       T = inf(t ≥ 0; D(tij, α, βi) ≤ Df ) 

Several statistical methods have been proposed by researchers to estimate 

reliability based on the degradation data. The estimation of the percentiles of the 

failure time distribution can be obtained with analytical methods by using the 

relation between the failure time distribution and the random effects parameter 

distribution. However, an assumption needs to be proposed first for the distribution 

of the random effects parameter, βi. Wu and Shao (Wu & Shao, 1999) assumed that 

the random effects parameter, βi, followed a normal distribution, whereas Wu and 

Chang (Wu & Chang, 2002) proposed an exponential distribution. Yu et al (Yu, 2006) 

designed it as a reciprocal Weibull distribution. The ordinary nonlinear least squares 

(ONLS) estimator was then used to estimate the model parameter vector θ(α, βi) by 

minimizing the residuals between the observed data and the curve-fitted data from 

models. The accuracy of estimation depends on which distribution of the random 
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effects parameter is chosen. Therefore, this analytical method has some limitations in 

dealing with small sample size problems without detailed statistical distributions. 

Meanwhile, there are some limiting requirements for the degradation path model. 

This method will not, however, solve estimation problems in some complicated 

expressions of degradation path models. 

1
[ - ( ; )][ - ( ; )]min

s
T

ij ij ij ij

j

y D t y D t
s

 
 
 
 
                (7-6) 

 

7.6.1.2 New reliability estimation method with nonlinear degradation data 

In this project, to establish a new reliability estimation method for LEDs with 

lumen maintenance degradation data, the following three basic steps are proposed: (1) 

Estimating the pair parameter set for the degradation path models of each test unit 

Θ(αi, βi); (2) extrapolating the degradation path model of each unit to critical failure 

threshold, Df, to estimate the “pseudo” failure time for each unit; (3) Fitting the 

probability distribution for these “pseudo” lifetime data and calculating the 100p
th

 

percentile of the failure time distribution, tp. The operation procedure can be 

specified as follows: 

Step 1: The estimation of parameters for the degradation path models is the first 

and most important step in the whole reliability estimation process. Here, one 

parameter is not required to be assumed as a fixed value. Both parameters in the pair 
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parameter set for the degradation path model are randomly distributed. Two 

estimation approaches were propose to estimate the pair parameter set Θ(αi, βi) (see 

Fig. 7-8): (1) nonlinear least squares (NLS); and (2) recursive unscented Kalman 

filter (Recursive UKF). 

The NLS method adopts a similar approach to the above mentioned ONLS used 

in the analytical methods. It estimates parameters through minimizing the residuals 

between observed data and curve-fitted data from models. However, we did not 

assume any distribution for both parameters and we used the Matlab exponential 

curve-fitting tools with the trust region algorithm to estimate the pair parameter set 

( , )i i 
 

 for each test unit. 

 

 

 

 

 

 

 

 

Fig. 7-8 General nonlinear estimation method with degradation data 
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Another approach proposed for estimating the pair parameter set of the 

degradation path model is the recursive UKF. The UKF approach was first proposed 

by Julier et al. and developed by Wan et al. (Julier & Uhlmann, 2004, Wan & van der 

Merwe, 2000) to estimate the state of nonlinear systems by using a deterministic 

sampling approach (sigma point sampling) to capture the mean and covariance 

estimates with a minimal set of sample points. The UKF algorithm always involves 

estimation of the state of a discrete-time nonlinear dynamic system, which can be 

represented by both a state model and a measurement model. Here, in order to 

estimate the pair parameter set Θ(αi, βi), the lumen maintenance degradation model 

was used as the measurement model. The pair parameter set of the degradation model 

of each test unit is seen as the state.  

State model:            xij = Θ(αij, βij) = [αij; βij]                 (7-7) 

 , -1 -1 , -1 -1 -1= , = + ~ (0, )ij i j j i j j j vf N Q         ; 

 , -1 -1 , -1 -1 -1= , = + ~ (0, )ij i j j i j j j vf N Q         ; 

Measurement model:  yij = h(αij, βij, εij) = αij·exp(-βij·td·j) +εij       (7-8) 

where νj-1 is the state noise and is assumed to be the mean zero white Gaussian noise. 

Then the recursive UKF was used to estimate the pair parameter set Θ(αi, βi) for 

the i
th

 test unit. The main steps of the recursive UKF algorithm are summarized as 

follows:  
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1. j=0 Initialize states with mean and covariance: 

0 0=E[ ]x x ; 0 00 0 0P =E[( ) ( ) ]Tx x x x   ; 

2. Express the initial state vector and covariance matrix as an augment vector: 

0 00=E[ ]=[ 0 0]
a T

a Tx x x ; 

0

0 0

0

P 0 0

P = 0 0

0 0

a Q

R

 
 
 
  

 

3. For j∈[1,∞) 

Calculate sigma points: -1 -1 -1-1 -1 -1=[ + + + ]
a a a

a a a
j j jj a j a jx x n p x n p     ; 

Time update:         / -1 -1 -1= ( , )x x v

j j j jf   ; 
2

( )
/ -1 , / -1

=0

=
an

m x
j j j jx W 



 ; 

2
( )

/ -1 / -1/ -1 , / -1 , / -1

=0

P = [( - ) ( - ) ]
an

c x x T
j j j jj j j j j jW x x  



  ; 

/ -1 / -1 -1= ( , )x

j j j j jy h   ; 
2

( )

, / -1/ -1

=0

y =
an

m

j jj j
W y 



 ; 

Measurement update: 
2

( )

/ -1 , / -1 , / -1/ -1 / -1

=0

P = [( -y ) ( -y ) ]
an

yy c T

j j j j j jj j j j
W y y  



 ; 

       
2

( )
/ -1/ -1 , / -1 , / -1 / -1

=0

P = [( - ) ( -y ) ]
an

xy c x T
j jj j j j j j j j

W x y  


  ; 

                      -1

/ -1 / -1=P (P )xy yy

j j j j jK ;  

                       / -1 / -1
= + ( - )j j j j j j j

x x K y y ; / -1 / -1P =P - Pyy T

j j j j j j jK K  

4. If j < Td/td, j = j+1, repeat steps 2 to 3. 

5. Otherwise, output the updated state xj as the estimated pair parameter set 

( , )i i 
 

  for the i
th

 test unit. 

 
where λ is the composite scaling parameter, λ=α

2
(na+k)-na; Wπ is the weight factor, 

W
(m)

0=λ/(λ+na); W
(c)

0=λ/(λ+na)+(1-α
2
+β); W

(m)
π = W

(m)
π =1/2(λ+na), π =1,2,…2na. Here, we set 

α=0.01, κ= 3–na, and β=0. Kj is the Kalman gain. Td and td are the design termination time and 

the time interval between two inspections, respectively. 

  

With the inputs of the updated measurement data, the parameter vector Θ(αi, βi) 

can be estimated and then updated as the initial state of next step recursively. 

Step 2: After receiving the estimated pair parameter set ( , )i i 
 

  of each test 

unit, the degradation path model of each unit was extrapolated based on these 
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parameters to the critical failure threshold to estimate the “pseudo” failure time as 

LDf: 

ln( ) /
fD

f

L
D







                       (7-9) 

where Df is the lumen maintenance degradation critical failure threshold (i.e. Df = 0.7 

recommended by ASSIST). 

Step 3: Fitting these “pseudo” lifetime data with the two-parameter Weibull 

probability distribution, Weibull(η, γ) (Mazhar et al., 2007), and calculating the 

100p
th

 percentile of the failure time distribution, tp. 

Weibull p.d.f    
1

-

; , , >0

t
t

f t e t





 

 

  
 
 

 
  

 
               (7-10) 

1/[-( ln (1- ))]pt p                        (7-11) 

 

7.6.2 Design of Experiment (DOE) 

As shown in section 7.6.1, the degradation-data-driven reliability estimation 

method can also get reliability information (such as failure time distribution, the 

100p
th

 percentiles of failure time distribution tp, and mean time to failure MTTF) 

without waiting for failure to occur. Therefore, a new LED reliability testing process 

flow based on degradation data was planned by the Six Sigma team and a DOE was 

planned to optimize the LED reliability testing process parameters by considering the 
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reduction of both time and cost.  

The team, along with the champion, conducted a series of brain storming 

sessions to identify the important parameters for experimentation (Gijo et al., 2011). 

The parameters selected through these discussions are summarized as (see Fig. 7-9): 

(1) sample size of test units; (2) termination time (hrs); (3) aging duration per cycle 

(hrs); and (4) reliability estimation methods. The factors and their levels for 

experimentation are presented in Table 7-6.  

 

 

 

 

 

 

 

Fig. 7-9 The main parameters of LED reliability testing process  

 

Table 7-6 The factors and their levels of DOE 

Factors Level 1 Level 2 Level 3 

Reliability Estimation Methods NLS Recursive UKF N.A. 

Sample size of test units 12 10 8 

Termination time (hrs) 1380 1035 690 

Aging duration per cycle (hrs) 23 69 115 
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In this study, we designed eighteen experiments with four effects and one 

interaction between the termination time and the reliability estimation methods for 

the LED reliability testing process with the help of Taguchi Orthogonal Array (OA), 

L18(3
3
*1

2
) (Table 7-7).  

 

Table 7-7 Taguchi orthogonal array L18(3
3
*1

2
) DOE 

DOE 

No. 
Methods Sample size 

Termination 

time (hrs) 

Aging duration 

per cycle (hrs) 

1 NLS 12 1380 23 

2 NLS 10 1380 69 

3 NLS 8 1380 115 

4 NLS 12 1035 23 

5 NLS 10 1035 69 

6 NLS 8 1035 115 

7 NLS 12 690 69 

8 NLS 10 690 115 

9 NLS 8 690 23 

10 Recursive UKF 12 1380 115 

11 Recursive UKF 10 1380 23 

12 Recursive UKF 8 1380 69 

13 Recursive UKF 12 1035 69 

14 Recursive UKF 10 1035 115 

15 Recursive UKF 8 1035 23 

16 Recursive UKF 12 690 115 

17 Recursive UKF 10 690 23 

18 Recursive UKF 8 690 69 

 

According to the DOE plan, the eighteen designed experiments were conducted 

and the data (operation time, cost, the 10
th

 percentile of the failure time distribution 
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t10) were calculated. Compared to the baseline data collected from the traditional 

reliability testing in the measure phase, the reduced operation time and cost and the 

estimated t10 absolute errors were calculated and are shown in Table 7-8. 

 

Table 7-8 Summary of reliability testing performance from DOE 

DOE 

No. 

Project Y’s metrics 

Time reduced Cost down 

Accuracy 

(estimated t10 absolute errors) 

Trial 1 Trial 2 Trial 3 

1 15.49% 34.10% 3.79% 1.96% 3.46% 

2 15.49% 62.59% 5.08% 5.24% 4.02% 

3 15.49% 72.87% 4.11% 0.81% 1.84% 

4 36.62% 46.50% 11.50% 8.77% 11.57% 

5 36.62% 68.55% 12.87% 12.42% 12.10% 

6 36.62% 76.94% 12.50% 8.46% 11.50% 

7 57.75% 69.41% 22.23% 20.73% 23.25% 

8 57.75% 76.26% 19.92% 20.29% 18.70% 

9 57.75% 72.61% 17.34% 17.88% 18.49% 

10 15.49% 59.30% 3.03% 4.04% 3.58% 

11 15.49% 45.08% 2.29% 0.69% 4.09% 

12 15.49% 70.07% 0.67% 1.43% 4.35% 

13 36.62% 62.26% 8.08% 6.87% 8.93% 

14 36.62% 71.17% 5.03% 3.26% 3.62% 

15 36.62% 64.34% 7.29% 5.77% 8.45% 

16 57.75% 71.51% 0.77% 0.38% 0.11% 

17 57.75% 65.76% 8.63% 10.53% 8.46% 

18 57.75% 79.61% 6.35% 10.06% 9.34% 

 

To analyze the effects of the proposed factors on the accuracy of the reliability 

estimation, three trials were conducted for each experiment and then used the 
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Taguchi’s signal-to-noise (S/N) ratio method then used to treat the response (output) 

of the experiment. This experimental output can be evaluated as the absolute 

estimation errors of the 10
th

 percentiles of failure time distribution, t10. The S/N ratio 

for the nominal is best type characteristic is defined as (Gijo et al., 2011): 

   S/N=10*log (
2

Y / 2s )                     (7-12) 

where 
2

Y is the average of the response and s is the standard deviation. 

The main effect and interaction plots for the S/N ratios were made with the help 

of Minitab statistical software (Fig. 7-10 and 7-11). After ranking the responses in 

Table 7-9, it can be concluded that the termination time of reliability testing has the 

largest effect on the reliability estimation accuracy and the aging duration/cycle time 

has the smallest effect.  
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Fig. 7-11 Taguchi orthogonal array L18(3
3
*1

2
) DOE interaction plot for SN ratios 

 

Table 7-9 Response for S/N ratios 

Level 
Main Effects for Accuracy of Reliability Estimation 

Methods Sample Size Termination Time Aging Duration/cycle 

1 19.167 12.470 19.185 15.294 

2 10.949 18.015 17.606 17.245 

3 N.A. 14.688 8.382 12.634 

Delta 8.217 5.545 10.803 4.611 

Rank 2 3 1 4 

 

Meanwhile, with the recursive UKF approach, the reliability estimation 

accuracy can be improved compared to the NLS approach. The reasons for this 

phenomenon can be concluded as: firstly, the UKF deals with dynamic stochastic 

systems, while least squares is used for deterministic systems; secondly, the UKF 

updates the system states recursively by absorbing new measurements while the least 
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squares implementation uses batch processing.  

After comparing the output results from the three project metrics mentioned in 

the project charter (time, cost, and accuracy) (Table 7-8), we chose the DOE16 with 

the associated factor levels as the optimal LED reliability testing process (Table 

7-10).  

 

Table 7-10 Optimum factor level combination 

No. Factors Optimum level 

1 Sample size of test units 12 

2 Termination time (hrs) 690 

3 Aging duration per cycle (hrs) 115 

4 Reliability estimation method Recursive UKF 

 

 

 

 

  

 

 

Fig. 7-12 The improved LED reliability testing process flow 

 

The improved process flow is shown in Fig. 7-12. Compared to the traditional 
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testing shown in Fig. 7-2, with the help of recursive UKF approach applied in the 

reliability estimation, the new LED life testing process can be terminated at 690 hrs 

with 115 hrs aging duration per cycle. The operation cost is reduced from $1142.60 

to $325.50 and the required sample size can be reduced from 16 to 12. Therefore, the 

total operation time and cost can be reduced by 57.75% and 71.51%, respectively, 

and the absolute errors of the estimated t10 can be controlled to under 5%. 

 

7.7 Control Phase 

Once optimal results are achieved, the challenge for any process owner is to 

sustain the improvement in the achieved results. Standardizing of the improved 

methods and continuous monitoring of the results can ensure the sustainability of the 

results. As discussed in the improve phase, once the optimal LED reliability testing 

process flow with the associated process parameters is selected (shown in Table 

7-10), the experimental operation time and cost can be controlled to stable values 

(690 hrs of operation time and a cost of $325.50).  

Besides the time and cost metrics, accuracy is another requirement for reliability 

estimation in this study. To show the stability of the improved LED reliability testing 

process flow in terms of the accuracy metric, a control chart showing the absolute 

errors of the estimated t10 is presented in Fig. 7-13. The results show that the 



Chapter 7 Optimal Design of Reliability Testing for LEDs in a Six Sigma DMAIC Framework 

202 

improved reliability testing process is stable, having low estimation errors. 

 

 

Fig. 7-13 Individual control chart for reliability estimation errors 

 

7.8 Concluding Remarks 

Traditional reliability testing methods for high power white light-emitting 

diodes are always time-consuming and expensive. The Six Sigma DMAIC method is 

a project-driven management approach to discover and solve problems for a 

specified process. This study presents the step-by-step application of the Six Sigma 

DMAIC methodology in reducing the LED reliability testing operation time and cost 

and in maintaining highly accurate reliability estimations. The outcomes of this study 

can be concluded as follows: 

(i) By implementing the proposed general reliability estimation method with both 
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the statistical and filter data-driven methods, the LED reliability (failure time 

distribution; percentiles of failure time distribution, tp; and MTTF) can be 

estimated with the lumen maintenance degradation data. There is no need to 

record failure data, such as the traditional reliability testing methods, with this 

proposed method. 

(ii) Within dynamic stochastic systems, the recursive UKF approach can be used to 

predict the reliability and improve the accuracy of reliability estimation 

compared to the ordinary least squares approach recommended in the 

IES-TM-21-11 standard. 

(iii)With the optimum process parameter setting obtained from DOE, the operation 

time and cost of LED reliability testing can be reduced by 57.75% and 71.51%, 

respectively, compared to traditional testing. The reliability estimation errors 

from the improved process can also be controlled to within customer’s 

specification (within 5%); 

(iv) Finally, as revealed in the control chart, the new LED reliability testing process 

is stable with low estimation errors. 

The above work in this chapter has been documented as a journal paper 

submitted to the journal of Reliability Engineering and System Safety. 
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Chapter 8 Conclusions and Future Work 
 

8.1 Conclusions Drawn from Research Work 

   This thesis developed failure diagnosis and reliability prediction methods for 

high power white LEDs lighting with Prognostics and Health Management (PHM) 

methodologies. The completed research work and contributions in this thesis are 

summarized in the following paragraphs: 

Firstly, the Physics-of-Failure (PoF) based PHM approach was used to diagnosis 

the failure modes and failure mechanisms for high power white LED lighting from 

the chip level to the system level and assess the reliability. Three failure modes, (1) 

Catastrophic failure; (2) Lumen degradation; (3) Chromaticity state shift, were firstly 

categorized to the whole system and the potential failure mechanisms and their 

contributing loads were presented by the “bottom-up” method. Then, the 

physics-of-failure based damage models were built for the two failure mechanisms 

with highest priority in the degradations from the chip to the whole system. However, 

because the PoF based PHM method requires comprehensive knowledge of the 

materials and geometries of products and the thermal, mechanical, electrical and 

chemical life cycle environment as well as processes leading to failures in the field in 

advance, this always increases the time and cost in the actual applications. 

Secondly, to solve the problems in the complexity of conducting a PoF modeling, 

the data-driven prognostic methods with both statistical and learning approaches 

were applied to predict the lumen lifetime, lumen maintenance and chromaticity state 

of high power white LED lightings. In detail, with the proposed statistical 

data-driven method, more reliability messages (e.g. Mean Time to Failure (MTTF), 

Confidence Interval (CI) and reliability function) could be predicted compared to the 
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IES TM-21-11 projecting method which only can estimate L70. Three different 

approaches from this statistical data-driven method (the approximation method, 

analytical method and the two-stage method) were developed to estimate the failure 

time distribution and evaluate the product’s reliability. Among these three methods, 

the two-stage method with the smallest widths of the 95% confidence intervals 

produced the highest degree of prediction accuracy. But the prediction errors and 

uncertainties of the ordinary least squares (OLS) regression used in both our 

proposed statistical data-driven method and IES TM-21-11 projecting method are 

still large. 

Thirdly, both lumen maintenance and chromaticity state are considered as the 

health indictors of high power white LEDs in this thesis. To reduce the prediction 

errors and uncertainties introduced by the IES-TM-21-11 projecting approach, a 

filter-based data-driven method (recursive Unscented Kalman Filter (UKF)) was 

developed to predict both the lumen maintenance and chromaticity state of high 

power white LED lightings, replacing the ordinary least squares implementation 

recommended in the IES TM-21-11 projecting method. The results show that the 

proposed UKF filter-based data-driven method can improve the prediction accuracy 

in both applications, because it can utilize the whole information from the collected 

data for each test cycle and updated the state model from new measurement inputs 

step by step. 

Finally, this study proposed a new reliability estimation method with 

degradation data to predict the reliability of HPWLEDs by means of integrating both 

statistical and filter data-driven methods. With the benefits of the Six Sigma DMAIC 

step-wise approach in identifying and solving problems, an optimal design of LED 

reliability testing was proposed with the proposed new reliability estimation method 
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in a Six Sigma DMAIC framework. The results from a case study show that with the 

optimum process parameter setting obtained from DOE, the operation time and cost 

of LED reliability testing can be reduced by 57.75% and 71.51%, respectively, 

compared to traditional testing. The reliability estimation errors from the improved 

process can also be controlled to within a customer’s specification (within 5%).  

 

8.2 Suggestions for Future Research Directions 

   The proposed PHM method described in this thesis is an off-line failure diagnosis 

and reliability prognostics approach which has been proven to be an effective 

solution to shorten the reliability testing time, to reduce the testing operation cost, 

and also to maintain the accuracy of reliability assessment. The consideration of 

applications of the proposed method, some future research directions can be 

suggested as: 

Firstly, an LED lighting system is always composed of LED units or arrays, 

power driver, cooling module, optical house, thermal management module and so on. 

The lifetime of a LED component (package) is not the whole story of the reliability 

of LED lighting systems. Therefore, the prognostics and system health management 

(PHM) strategy applied for a LED lighting system, such as street lighting, emergency 

lighting, monitor backlights, can be a real application studies in the future, which 

must consider the reliability of both single modules and connections between 

modules. 

   Secondly, in the future, the work will be continued to develop online PHM 

methodologies for high power white LED lighting systems, which will integrate the 

proposed off-line PHM tools with online monitoring techniques. With the help of 

online monitoring techniques, the feature data will be collected, classified and 
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extracted with data mining tools and then real time failure diagnosis and reliability 

prognostics can be achieved with fusion PHM methods. 

   Thirdly, facing the lack of a unified and comprehensive standard system for 

reliability testing in the LED lighting industry, this research applied PHM 

methodologies in establishing reliability testing and prediction methods for LED 

lighting. Although the results show that the proposed models are superior to the IES 

TM-21-11 projecting standard, this study only covers the constant stress testing for 

LED lighting. As a systemic reliability testing method, other tests, such as step-stress 

tests, accelerated stress tests, cycle aging tests and so on, should be studied as future 

work.   
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Appendices 

 I 

Appendix A 

Ordinary Least Squares (OLS) Estimation Recommended by IES-TM-21-11 

   Supposing that a set of n data points (t1, y1), (t2, y2), … , (tn, yn) follows an 

exponential model (A-1) and their transferred data set (t1, ζ1), (t2, ζ2), … , (tn, ζn) can 

be fitted by a least square straight line defined as (A-2): 

exp( )y A B t                            (A.1) 

ln A B t                             (A.2) 

where ζ = ln(y).  

Through minimizing the sum of the squares of the residuals between actual 

measurements and calculated values (A-3), the parameters of the exponential model 

(A-1) can be estimated as follows: 
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