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a b s t r a c t

High power white light emitting diodes (HPWLEDs), with advantages in terms of luminous efficacy,
energy saving, and reliability, have become a popular alternative to conventional luminaires as white
light sources. Like other new electronic products, HPWLEDs must also undergo qualification testing
before being released to the market. However, most traditional qualification tests, which require all
devices under testing to fail, are time-consuming and expensive. Nowadays, as recommended by the
Illuminating Engineering Society (IES, IES-TM-21-11), many LED manufacturers use a projecting approach
based on short-term collected light output data to predict the future lumen maintenance (or lumen
lifetime) of LEDs. However, this projecting approach, which depends on the least-square regression
method, generates large prediction errors and uncertainties in real applications. To improve the
prediction accuracy, we present in this paper a nonlinear filter-based prognostic approach (the recursive
Unscented Kalman Filter) to predict the lumen maintenance of HPWLEDs based on the short-term
observed data. The prognostic performance of the proposed approach and the IES-TM-21-11 projecting
approach are compared and evaluated with both accuracy- and precision-based metrics.

& 2013 Elsevier Ltd. All rights reserved.

1. Introduction

High power white light emitting diodes (HPWLEDs), which are a
next-generation green lighting source, are a novel technology which
uses semiconductor materials to convert electricity into light [1,2].
Compared to traditional lighting sources (such as incandescent
lamps, halogen incandescent lamps, and cold cathode fluorescent
lamps), HPWLEDs have attracted increasing interest in the field of
lighting systems owing to their high efficiency, environmental
benefits, and long lifetime in applications. They have been widely
used as a light source of indoor lighting, street lamps, advertising
displays, decorative lighting, and monitor backlights [3,4].

Qualification testing is an essential procedure for certifying a new
product and technology before being released to the market. For
electronic products, manufacturers usually apply some electronic
industry standards from the IPC-Association Connecting Electronics
Industries and the Joint Electron Devices Engineering Council (JEDEC)
to qualify their reliability. The LED industry also has its own qualifica-
tion standards from the Illuminating Engineering Society (IES) [5,6],
the American National Standards Institute/American National Stan-
dard Lighting Group (ANSI/ANSLG) [7,8] and The International Com-
mission for Illumination (Commission Internationale del' Eclairage, CIE).

However, most of these techniques are time-consuming and expen-
sive, especially for devices with long lifetimes (such as HPWLEDs with
more than 50,000 h lifetime, if thermal management techniques are
well performed).

From the previous studies [9,10], lumen degradation is known
as one of the two dominant wearout failure modes in HPWLEDs.
Usually, the LED lumen lifetime is measured based on the lumen
maintenance, which can be defined as the remaining percentages
of initial light output over time [11]. 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 degrada-
tion (L70: for general lighting) at room temperature [12]. 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 [11]) and is also widely accepted
by many LED manufacturers. For instance, Philips Lumileds [13] and
CREE [14] are implementing this projecting approach to predict the
lumen maintenance of LEDs in their reliability test reports. However,
this projecting approach, depending on least-square regression,
introduces large prediction errors and uncertainties.

Prognostics and health management (PHM) is a technique used
for fault diagnostics and reliability predictions in electronics-rich
components or systems [15]. To shorten a qualification test time
for a highly reliable electronic device (such as HPWLEDs), we have
imported prognostics into this test and build a prognostics-based
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qualification test. To reduce the prediction errors and uncertainties
introduced by the IES-TM-21-11 projecting approach, a nonlinear
filter-based prognostic approach (recursive Unscented Kalman
Filter (UKF)) was used in this paper to predict the lumen main-
tenance of HPWLEDs based on the shot-term observed data.

The remainder of this paper is organized into four sections.
Section 2 reviews the nonlinear filter approaches which are used
for prognostics. Section 3 describes the device under testing (DUT)
and experimental procedure. Section 4 introduces the IES-TM-21-
11 projecting approach and the inference of UKF algorithms. Both
the prognostic results and the evaluation of prognostic perfor-
mances of two proposed approaches are then shown in Section 5.
Finally, we present a conclusion in Section 6.

2. Literature review

Filtering has become one of the most widely used prognostic
approaches for estimating and predicting the state of electronic
components or systems based on a state-space model [16–18]. The
most well-known filter is the Kalman filter (KF), which is con-
sidered to be an effective method of conducting linear state-space
estimation with additive Gaussian noise [19,20]. However, for
most nonlinear cases, KF will lose its efficacy. Therefore, it is
essential to establish a nonlinear filter to solve prognostic pro-
blems in nonlinear systems.

Up to now, there have been some approximate nonlinear filters,
such as the Extended Kalman Filter (EKF), the Particle Filter (PF)
[21], and UKF, which have been used to deal with nonlinear
problems. Among them, the EKF uses a first order Taylor approx-
imation 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. [22–24] 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.

Among these three nonlinear filters (Fig. 1), both EKF and UKF
rely on the Gaussion approximation and use mean and covariance
to represent a probabilistic distribution. Therefore, they have
difficulties in dealing with non-Gaussian problems (i.e. multi-
modal distributions or probabilistic distributions with heavy tail).
While PF is a class of nonlinear filters which do not require any
assumption to the probabilistic distribution. It is based on the
Sequential Monte Carlo (SMC) simulation method and uses a set of
particles to approximate the posterior distribution. Thus, PF often
provides better results for highly nonlinear/non-Gaussian systems.
And it is much more effective than both EKF and UKF in solving
problems with multimodal uncertainty distributions. However,
with a large number of particles, the PF algorithm may be imprac-
tical to a real-time application in high-dimensional systems due to
its high computational cost [25]. According to the different
probabilistic characteristics of both state model and measurement
model, Table 1 summarizes the application ranges of three non-
linear filter algorithms.

Compared to the other two nonlinear state estimation methods,
UKF possesses many advantages in Gaussian systems: 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
expansion; third, it reduces computational cost by developing an
optimal sampling approach (sigma point sampling); whereas the
Monte Carlo random sampling approach used in PF does not.
Several previous literature studies have shown that the UKF has
been considered to be a useful approach for state-space prognostics
and estimations for nonlinear systems. Santhanagopalan et al. [27]
implemented the UKF method in the estimation of the state of
charge for lithium ion cells. Lall et al. applied the UKF algorithm to
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Fig. 1. Comparison of filter algorithms (EKF, PF and UKF) for prognostics.

Table 1
Application ranges of three nonlinear filter algorithms [26].

Measurement model State model

Linear, Gaussian Linear, non-Gaussian Nonlinear, Gaussian Nonlinear, non-Gaussian

Linear, Gaussian KF PF EKF/UKF/PF PF
Linear, Non-Gaussian PF PF PF PF
Nonlinear, Gaussian EKF/UKF/PF PF EKF/UKF/PF PF
Nonlinear, Non-Gaussian PF PF PF PF
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predict the remaining useful life of electronic systems under
mechanical shock and vibration conditions [28]. Jafarzadeh et al.
[29] developed a UKF-based approach to estimate the nonlinear
state of induction motor drives.

Considering the HPWLEDs' nonlinear characteristics in the
lumen degradation process [10], in this paper, we present a UKF-
based prognostic approach to predict the lumen maintenance
based on the observed data. First, we modeled the lumen main-
tenance degradation process by using a nonlinear exponential
model. Then the UKF approach was utilized to predict the future
lumen maintenance based on observed data. Finally, the prognos-
tic performances between the proposed UKF approaches and the
IES-TM-21-11 projecting approach were evaluated and compared
using both accuracy- and precision-based metrics.

3. Device under test and experimental procedure

3.1. Device under test

We selected one type of HPWLED from Philips Lumileds, the
White LUXEON Rebel, which has high luminous flux (4100 lm in
cool white at 350 mA) [30]. Fig. 2 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 GaN-based chip and the excited emission from YAG:
Ce phosphor [31–33].

3.2. Experimental procedure

The experimental procedure included ten cycles for 10,000 h of
operation. Each cycle involved three steps: aging, cooling, and
testing (Fig. 3). For aging, twenty white LUXEON Rebel units were
soldered onto a reliability test board that was thermally controlled
by water cooling. The units were driven by a constant DC current in
a thermal chamber. After 1000 h of aging, the reliability test board
was removed from the thermal chamber to be cooled to room
temperature. For testing, 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.
This study selected the lowest stress aging conditions from the LM-
80 test report [34] (a driven current IF of 350 mA and an aging
temperature of 55 oC), which was the condition most similar to
normal operation. Other high stress aging conditions will be
considered in future accelerated testing work.

4. Models and methodologies

4.1. Lumen maintenance projecting approach

As recommended by IES-TM-21-11, 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 h, 25,000 h, and 35,000 h) [11]. The operation
procedure can be specified as follows:

4.1.1. 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 initial light
output over time:

LMðtÞ ¼ ΦðtÞ
Φð0Þ � 100% ð1Þ

where Φ(0) is the initial light output and Φ(t) is the lumen flux at
time t.

4.1.2. Step 2: curve-fitting
The general degradation path model can be registered as time-

performance measurement pairs (ti1, LMi1), (ti2, LMi2),…, (tij, LMij),
for i¼1, 2, ……, n (n is sample size); and j represents the test time
points for each unit. The performance measurement for the ith
unit at the jth test time is referred to as LMij. To estimate reliability
by modeling the degradation data with the general degradation
path model, Lu and Meeker [35] first proposed a mixed-effect
model which assumes Ai is a fixed effect parameter representing
the initial lumen maintenance of the ith unit; Bi is the degradation
rate, a random effect parameter, which varies from unit to unit
according to the diverse material properties of the different units
and their production processes or handing conditions (Fig. 4).

Previous work on high power white LEDs indicated that the
degradation trajectory of lumen performance followed an exponen-
tial curve [36,37]. Therefore, this study applied the LED exponential
lumen degradation path model (Eq. (2)) to fit the lumen main-
tenance data for each unit and estimated the parameters of the
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model using the least squares method.

LMðtÞ ¼ Ai Uexpð�Bi UtÞ ð2Þ

4.1.3. Step 3: curve-extrapolating
We extrapolate the curves based on the obtained parameters of

the ith unit to get the future lumen maintenance data and project
the lumen maintenance life Lp:

For the ith a unit Lp ¼ ln
100� Ai

p

� �
=Bi ð3Þ

where p is the maintained percentage of the initial lumen output
(i.e. 50, 70 recommended by ASSIST [12]).

4.2. Unscented Kalman Filter

The UKF algorithm involves estimation of the state of a
discrete-time nonlinear dynamic system, which can be repre-
sented by both a state model and a measurement model:

State model xk ¼ f kðxk�1; vk�1Þ ð4Þ

Measurement model yk ¼ hkðxk;nkÞ ð5Þ
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 noises.

This study uses two types of UKF to predict the long-term
lumen maintenance of HPWLEDs, augmented UKF, and non-
augmented UKF. The algorithm implementations of these two
UKFs can be expressed as follows:

4.2.1. Augmented UKF
4.2.1.1. Step 1: initialization. The initial state is described by its
mean and covariance:

x0 ¼ E½x0� ð6Þ

P0 ¼ E½ðx0�x0ÞU ðx0�x0ÞT � ð7Þ

Supposing that both noises are non-additive, the initial state vector
and covariance matrix can be expressed as an augment vector:

xa0 ¼ E½xa0� ¼ xT0 0 0
h iT

ð8Þ

Pa
0 ¼

P0 0 0
0 Q0 0
0 0 R0

2
64

3
75 ð9Þ

4.2.1.2. Step 2: sigma point sampling. To undergo a nonlinear
transformation, we develop a matrix χak with 2naþ1 sigma points

χak�1 ¼ ½xak�1 x
a
k�1þ

ffiffiffiffiffiffiffiffiffiffiffiffi
naþλ

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pak�1

q
xak�1�

ffiffiffiffiffiffiffiffiffiffiffiffi
naþλ

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pak�1

q
� ð10Þ

na ¼ nxþnvþnn ð11Þ

λ¼ α2 naþkð Þ�na ð12Þ
Then the sigma points are weighted by

W ðmÞ
0 ¼ λ

naþλ
ð13Þ

W ðcÞ
0 ¼ λ

naþλ
þð1�α2þβÞ ð14Þ

W ðmÞ
i ¼W ðcÞ

i ¼ 1
2ðnaþλÞ i¼ 1;2;…;2na ð15Þ

where λ is the composite scaling parameter, which can be
calculated from Eq. (12). The constant α determines the spread
of sigma points around the mean (1ZαZ10�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, β¼2). Here, we set α¼0.01, κ¼ 3–na,
and β¼0.

4.2.1.3. Step 3: time update. We estimate the transient state xk=k�1

and measurement yk=k�1:

χxk=k�1 ¼ f ðχxk�1; χ
v
k�1Þ ð16Þ

xk=k�1 ¼ ∑
2na

i ¼ 0
W ðmÞ

i χxi;k=k�1 ð17Þ

Pk=k�1 ¼ ∑
2na

i ¼ 0
W ðcÞ

i ½ðχxi;k=k�1�xk=k�1ÞU ðχxi;k=k�1�xk=k�1ÞT � ð18Þ

yk=k�1 ¼ hðχxk=k�1; χ
n
k�1Þ ð19Þ

yk=k�1 ¼ ∑
2na

i ¼ 0
W ðmÞ

i yi;k=k�1 ð20Þ

4.2.1.4. Step 4: measurement update. We calculate the cross-
covariance of the state and measurement Pxy

k=k�1 and the Kalman
gain Kk and compute the predicted mean xk and covariance Pk.

Pyyk=k�1 ¼ ∑
2na

i ¼ 0
W ðcÞ

i ½ðyi;k=k�1�yk=k�1ÞU ðyi;k=k�1�yk=k�1ÞT � ð21Þ

Pxyk=k�1 ¼ ∑
2na

i ¼ 0
W ðcÞ

i ½ðχxi;k=k�1 � xk=k�1ÞU ðyi;k=k�1�yk=k�1ÞT � ð22Þ

Kk ¼ Pxy
k=k�1ðP

yy
k=k�1Þ�1 ð23Þ

xk ¼ xk=kþ1þKkðyk�yk=k�1Þ ð24Þ

Pk ¼ Pk=kþ1�KkP
yy
k=k�1Kk

T ð25Þ

4.2.1.5. Step 5: recursive filtering. By inputting the new
measurements, steps 1–4 are repeated in the next time step
using the updated covariance Pk and Kalman gain Kk.

4.2.1.6. Step 6: prognosis. Then, when the measurement update is
terminated, the future kþ1…n step states are predicted within the
k-step measures and the time updates from kþ1 to the desired
step (Fig. 5).

L
um

en
 M

ai
nt

en
an

ce
 %

Operation Time (hrs)

Failure Threshold

100

70

50

L70 L506,000

Required Test Time

Curve-extrapolating

Normalized lumen flux
Curve-fitting

Fig. 4. IES-TM-21-11projecting approach.

J. Fan et al. / Reliability Engineering and System Safety 123 (2014) 63–7266



4.2.2. 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 (nsigma points¼nx). Meanwhile,
the covariances of the noises are incorporated into the state
covariance using a simple additive form [38].

4.2.2.1. Step 1: initialization. The initial state is described by its
mean x0 and covariance P0 as defined by Eqs. (6) and (7) shown in
the augmented UKF algorithm.

4.2.2.2. Step 2: sigma point sampling. A matrix χk with 2nxþ1
sigma points is generated

χk�1 ¼ ½ xk�1 xk�1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nxþλn

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pk�1

p
xk�1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nxþλn

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pk�1

p �
ð26Þ

where nx is the number of the state. The composite scaling
parameter can be expressed as

λn ¼ α2ðnxþkÞ�nx ð27Þ
Then the sigma points are weighted by

W ðmÞn
0 ¼ λn

nxþλn
ð28Þ

W ðcÞn
0 ¼ λn

nxþλn
þð1�α2þβÞ ð29Þ

W ðmÞn
i ¼W ðcÞn

i ¼ 1
2ðnxþλnÞ i¼ 1;2;…;2nx ð30Þ

4.2.2.3. Step 3: time update. We estimate the transient state xk=k�1

and measurement yk=k�1

χnk=k�1 ¼ f ðχk�1Þ ð31Þ

xk=k�1 ¼ ∑
2nx

i ¼ 0
W ðmÞn

i χni;k=k�1 ð32Þ

Pk=k�1 ¼ ∑
2nx

i ¼ 0
W ðcÞn

i ½ðχni;k=k�1�xk=k�1ÞU ðχni;k=k�1�xk=k�1ÞT �þQ0 ð33Þ

4.2.2.4. Step 4: sigma point re-sampling. We redraw a new set of
sigma points to incorporate the effect of the additive process noise.

χk=k�1 ¼ ½xk�1 xk�1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nxþλn

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pk�1

p
xkv1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nxþλn

p
U
ffiffiffiffiffiffiffiffiffiffiffi
pk�1

p �
ð34Þ

ξk=k�1 ¼ hðχk=k�1Þ ð35Þ

yk=k�1 ¼ ∑
2nx

i ¼ 0
W ðmÞn

i ξi;k=k�1 ð36Þ

4.2.2.5. Step 5: measurement update. The covariance of measure-
ment Pyy

k=k�1 and the cross-covariance of the state and measure-
ment Pxyk=k�1 is calculated as

Pyy
k=k�1 ¼ ∑

2nx

i ¼ 0
W ðcÞn

i ½ðξi;k=k�1�yk=k�1ÞU ðξi;k=k�1�yk=k�1ÞT �þR0 ð37Þ

Pxyk=k�1 ¼ ∑
2nx

i ¼ 0
W ðcÞn

i ½ðχi;k=k�1�xk=k�1ÞU ðξi;k=k�1�yk=k�1ÞT � ð38Þ

The Kalman gain Kk can be computed by inserting the calcu-
lated Pyy

k=k�1 and Pxy
k=k�1 into Eq. (23). The predicted mean xk and

covariance Pk can be obtained based on Eqs. (24) and (25),
respectively.

4.2.2.6. Step 5: recursive filtering. Like augmented UKF, with
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.

4.2.2.7. Step 6: prognosis. Then, when the measurement update is
terminated, the future kþ1…n step states are predicted with the
k-step measures and the time updates from kþ1 to the desired
step (Fig. 6).

5. Results and discussion

To evaluate our proposed approach, we developed a procedure
to compare their prognostic results. The procedure includes four
steps: (1) data pretreatment; (2) state initialization; (3) filtering;
and (4) prognostics (Fig. 7).

5.1. Data pretreatment

Firstly, we pretreated the raw data collected from the experi-
ment shown in Section 2. We used the lumen flux data sets of the
twenty DUTs collected periodically within 10,000 h (1000 h per
cycle). After collection, the lumen flux data at each cycle were
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normalized to 1 at the 24 h test point for each DUT (as shown in
the database [34]; to reduce initial testing errors, this study used
the data collected after 24 h 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 h were used as the baseline database to train the
lumen degradation model, as mentioned in Eq. (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 (Eqs. (4) and (5)), the
measurement model in our case was expressed as the lumen
maintenance degradation model (Eq. (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 ¼ ½Ak;Bk�
Ak ¼ Ak�1þνAk�1 νAk�1 �Nð0;QA

v Þ;
Bk ¼ Bk�1þνBk�1 νBk�1 �Nð0;QB

v Þ; ð39Þ

Measurement model : yk ¼ Ak Uexpð�Bk U1000UkÞþnk ð40Þ
where k is the measurement cycle (from 0 to 10,000 h).

5.2. State initialization

To begin with, UKF approaches need 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. These parameters were estimated by the least square
curve-fitting approach (Fig. 8) and averaged as the initial states of
the test samples, which can be described by the means and
covariances (A0¼100.453242, PA0¼0.282149945; B0¼3.67271E-06,
and PB0¼3.42802E-13) (Table 2).

5.3. Filtering

The next step in the UKF approach is the recursive filtering from
1000 to 6000 h, which was conducted to help the updating states
with inputting new measurements. Fig. 9 shows the UKF prognostics
for the ten test samples, which contains two steps: filtering (from
1000 to 6000 h) and prognosis (from 6000 to 10,000 h). The filtering
performances of the two proposed UKF approaches were compared
using the mean square error (MSE), which is defined as

MSE¼ 1
k

∑
k

i ¼ 1
ðyi � yiÞ2 ð41Þ

where k is the measurement cycle (¼6 for the filtering step); and yi
and yi are the real measurements and the estimated values at each
measurement cycle, respectively.
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Table 2
Parameters of the measurement model obtained from training samples.

No. A A_errors B B_errors Adjusted R-square RMSE

1 99.90392 0.31245 4.63E-06 5.36E-07 0.88053 0.005485
2 100.85699 0.40466 4.47E-06 6.87E-07 0.80568 0.007106
3 99.67384 0.43259 3.89E-06 7.42E-07 0.72512 0.007606
4 100.42592 0.40521 3.59E-06 6.89E-07 0.72361 0.007129
5 100.42186 0.44687 3.99E-06 7.61E-07 0.72658 0.007855
6 99.78427 0.37595 3.02E-06 6.42E-07 0.6792 0.006622
7 100.38776 0.3547 2.96E-06 6.02E-07 0.69818 0.006249
8 100.89255 0.43315 3.06E-06 7.32E-07 0.62367 0.007629
9 101.05469 0.43391 3.70E-06 7.34E-07 0.71035 0.007632
10 101.13062 0.47028 3.41E-06 7.94E-07 0.63641 0.008277
Average 100.453242 0.406977 3.67271E-06 6.91877E-07 0.720933 0.007159
Covariance 0.282149945 0.002256063 3.42802E-13 6.20757E-15 0.005742824 7.00137E-07
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The calculated MSE values of the two UKF approaches of each test
sample are shown in Fig. 10. The MSE values of the non-augmented
UKF is nearly 400–1500 times larger than that of the augmented UKF,
which indicates that the augment UKF has a better estimation per-
formance than the non-augmented UKF. As discussed in Section 3, in
order to keep the accuracy of the state estimation, both of the 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 andmeasurement noises into both
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the state and measurement updating non-additively, which will
reduce errors between the estimations and the actual measurements.

5.4. Prognostics

After the recursive filtering steps in both UKF approaches, the
lumen maintenance of each test sample at 10,000 h was predicted,
as shown in Fig. 9. At the same time, following the projection
procedure shown in Section 3.1, the lumen maintenance of test
samples at 10,000 h were also extrapolated by the IES-TM-21-11
projection approach (marked by black stars in Fig. 9).

To evaluate the prognostic performance of the above men-
tioned approaches, we used both accuracy-based and precision-
based metrics [39]. The accuracy-based metric is defined as the
deviation between prognostics results and real measurements,
which can be expressed as the prognostics errors (Pe):

Pek ¼
yk�yk
yk

� 100% ð42Þ

where yk and yk are the prognostics results and actual measure-
ments of the lumen maintenance at the kth cycle, respectively. The
measurement cycle k is 10 for the prognostics step in this study.

Fig. 11 shows the lumen maintenance prognostics errors of the
test samples. For the majority of the test samples (samples 2, 4, 5,
7–10), compared to the IES-TM-21-11 projecting approach, both
UKF approaches had lower prognostics errors and increase the
prognostic accuracy. However, the UKF approach lost its superiority

in samples 1, 3, and 6. In fact, the accuracy of UKF-based prognostics
is determined by the last estimated state after recursive filtering
(the state at 6000 h for this paper). The projecting results from
using the IES-TM-21-11 approach, however, are affected by the least
square estimation, which depends on the minimization of the sum
of the residuals between the actual measurements and the calcu-
lated values (as shown in Appendix A). The differences between the
least squares method and the UKF approach are discussed in
[19,40]. 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.

Besides accuracy-based metrics, we also chose a precision-
based metric, which is 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.

EðPeÞ ¼ 1
N

∑
N

i ¼ 1
Pei10 ð43Þ

VarðPeÞ ¼ 1
N

∑
N

i ¼ 1
½Pei10�EðPeÞ�2 ð44Þ

Table 3 lists the means and variances of prognostic errors from
the above mentioned approaches, which indicates that both the
two proposed UKF approaches have the similar prognostic perfor-
mance for all test samples, with lower mean and variance of the
prognostic errors. This means that compared to the IES-TM-21-11
projecting approach, both of the two UKF approaches are effective
methods for nonlinear prediction, although they have different
estimation performance in filtering step. From author's view, the
elements to determine the final prognostic performance of the
proposed UKF methods can be summarized as: (1) initial state
[41]; (2) measurement data; and (3) filtering (recursive updating
with UT algorithm). Based on the same initial state and measure-
ment data, the estimation errors produced in the filtering step
from both augmented and non-augmented UKFs are too small to
affect the final prognostic results (MSE non-augmentedo0.007;
MSE_augmentedo0.00002, Fig. 10). It also indicates that the UKF
methods have more robust prognostic performance than the least-
square regression used in IES-TM-21-11 projecting approach.

6. Conclusions

In this paper, we imported a “prognostic” concept to qualifica-
tion testing and built a prognostic-based qualification test model
for high power white LEDs (HPWLEDs). To increase the prediction
accuracy, we presented a nonlinear filter-based prognostic
approach (the recursive Unscented Kalman Filter) to predict the
lumen maintenance of HPWLEDs based on the short-term
observed data. The prognostic performance of the proposed
approach and the IES projecting approach were also compared
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Table 3
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
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and evaluated with both accuracy- and precision-based metrics.
The following conclusions can be drawn from these results.

(1) The recursive UKF-based prognostic approach can be
expressed as 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 as the dynamic states, and they
can be updated and optimized recursively within the UKF
algorithm.

(2) 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 did, because it captured more
statistical information by introducing the effect of process and
measurement noises into both state and measurement updat-
ing non-additively. However, the non-augmented UKF is easier
to implement with less calculation.

(3) 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 possess higher prediction precision and more robust
prognostic performance compared to the IES-TM-21-11 pro-
jecting approach.

Based on above findings, there is still some work should be
done in the future: (1) predicting long-term lumen maintenance
(410,000 h); (2) estimating remaining useful life, which can be
defined as the time when the predicted lumen maintenance falls
under the failure threshold (50% for the display lightings and 70%
for the general lighting); and (3) to reduce the manual measure-
ment errors and improve prognostic performance, an online
measurement, diagnostic and the prognostic system with the
proposed UKF methods will be investigated for the LED qualifica-
tion test in the future work.
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Appendix A. Least Squares Estimation

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):

y¼ AUexpð�BUtÞ ðA:1Þ

ζ¼ ln A�BUt ðA:2Þ
where ζ¼ 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:

min
A;B

1
n

∑
n

i ¼ 1
½ζi�ðln A�BUtiÞ�2

( )
ðA:3Þ

B¼
∑
n

i ¼ 1
ti ∑

n

i ¼ 1
ζi�n ∑

n

i ¼ 1
tiζi

n ∑
n

i ¼ 1
t2i � ∑

n

i ¼ 1
ti

 !2 ðA:4Þ

A¼ exp
∑
n

i ¼ 1
ζi�B ∑

n

i ¼ 1
ti

n

0
BB@

1
CCA ðA:5Þ
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