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ABSTRACT The modeling of spectral characteristics of light-emitting diodes (LED) has been addressed
in various studies. We extend the current state of knowledge by modeling the spectral characteristics
of commercially available high-power LEDs, exhibiting a temperature-dependent degradation, by using
a different modeling strategy. To this end, the state of the art approach of an additive superposition of
probability density functions (PDF) is compared with an unsupervised machine learning approach called
non-negative matrix factorization (NMF). The stress test data used in our modeling routine was collected
for a period of 6000 hours at four different case temperatures between 55 ◦C and 120 ◦C. The results of
the accelerated stress tests indicate a temperature-activated aging process, which can be described using
the Arrhenius equation. By combining the Arrhenius equation with the modeling parameters, the spectral
characteristics can be modeled for 6000 hours of stress at four different stress test temperatures. The
introduced spectral modeling approach using non-negative matrix factorization achieves CIE 1976 UCS
chromaticity differences primarily smaller than 1u′v′ ≤ 0.001 and proves to be superior to superimposed
probability density functions in terms of colorimetric reconstruction accuracy, modeling complexity and
robustness against spectral outliers.

INDEX TERMS Light-emitting-diodes (LED), power distribution, non-negative matrix factorization,
spectral modeling, LED reliability, digital twin, spectral analysis.

I. INTRODUCTION
Over the past decades, the use of LEDs as a compact
energy-saving light source has become established in various
applications. To ensure reliable operation of the devices,
their lifetime and the associated dependence on operating
conditions has been addressed in numerous studies [1], [2],
[3], [4]. Thus, several approaches for lifetime modeling
and the associated radiant flux depreciation have become

The associate editor coordinating the review of this manuscript and

approving it for publication was Jiajie Fan .

standardized, allowing to approximate, model and extrapolate
the radiant flux in dependence of operating time, temperature
and current [5]. Nevertheless, these modeling approaches
do not consider the spectral information, although it is
essential for the calculation of various visual and non-visual
metrics [6], [7], [8], [9], [10], [11]. In contrast to radiant flux
decay modeling, the modeling of spectral characteristics is
muchmore complex, both in steady state and for the operating
time [12], [13], [14]. Spectral steady state characteristics,
which exclude effects of device degradation, are affected by
operating temperature and forward current [15]. The emitter
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junction temperature and thus the emitted spectrum directly
depends on the case temperature and the applied forward
current due to Joule heating effects. Variations of these
operating parameters result in spectral shifts of the emission
spectrum and in variations of the total emitted radiant flux.

Furthermore, the spectral characteristics for times beyond
the steady state condition are also driven by various param-
eters. The operating current, temperature and prevailing
humidity directly accelerate the degradation mechanisms
of the device [16], [17], [18], [19], [20], [21]. Multiple
degradation processes in the die or package of the device are
impacting the emission of the LED’s active region (AR) or its
transmission through the device’s package [18]. As a result,
the spectral properties of light-emitting diodes tend to change
during their lifetime [16], [19], [20], [22], [23], [24].
Current approaches, modeling the spectral characteristics

of quasi-monochromatic and phosphor-converted LEDs by an
additive superposition of probability density functions (PDF),
can exhibit significant colorimetric deviations depending on
the type and number of the selected density functions [15],
[25], [26], [27], [28], [29], [30], [31], [32], [33], [34], [35],
[36], [37], [38]. Depending on the complexity of the spectral
characteristics, a higher number of superimposed probability
density functions is required to ensure colorimetrically
imperceptible deviations from the original spectrum [39].
Recent findings suggest that flexible alternatives, such as split
Pearson-VII functions, can provide significantly improved
spectral reconstructions compared to Gaussian mixtures at
the same model complexity [39]. These enhanced fit func-
tions are capable of modeling asymmetric peak shapes and
reduce colorimetric errors, which is particularly beneficial for
phosphor-converted white LEDs. However, they still reach
their limitations when it comes to accurately representing
the sharp and narrow-band emission characteristics of KSF
phosphors [40], [41].

In the case of spectral modeling over lifetime or for
different operating parameters, a large number of independent
variables has to be modeled, significantly affecting the
spectral reconstruction error [39]. Furthermore, in some
cases the parameters can hardly be interpolated using
established models, additionally increasing the complexity of
the approach [39].
The original contribution of this paper is the introduction

of a different spectral modeling approach that combines
an existing physics-based model for temperature-dependent
radiant flux depreciation with an unsupervised machine
learning approach. In order to assess the added value of

FIGURE 1. Schematic NMF decomposition of a non-negative matrix X [44].

non-negative matrix factorization compared to the commonly
used superposition of probability density functions, both
approaches are evaluated and compared on a uniform and
representative spectral degradation data set.

II. EXPERIMENTAL DETAILS
A. SAMPLES
The spectral modeling is performed on aging data of
commercially available 175W high-power Chip-on-Board
(COB) modules with a correlated color temperature (CCT)
of 4500K and a color rendering index (CRI) of 80. The stress
tests have been carried out for a period of 6000 hours at
four different case temperatures (Tc = 55, 85, 105, 120 ◦C)
with four LEDs each and a constant stress current of Ia =

3300mA. The LED spectra were measured in intervals of
1000 hours using a 1m-integrating sphere with 2π-geometry
and a spectroradiometer (CAS140CT - Instrument Systems).
Thus, a total number of 112 spectra were measured. Since
this paper only addresses the spectral degradation modeling,
a detailed analysis of the device structure, experimental setup
and underlying degradation mechanisms can be found in a
recent published work by Herzog et al. [42]. Therefore, only
relevant information for spectral modeling will be reported
within the results section.

B. CONCEPT OF NON-NEGATIVE MATRIX FACTORIZATION
Non-negative matrix factorization (NMF) is an unsuper-
vised machine learning technique used to approximate
non-negative data matrices by a low-rank decomposition.
The input matrix X ∈ RM×N

≥0 , containing N non-negative
observation vectors x1, . . . , xN ∈ RM

≥0, is factorized into two
lower-dimensional matrices W ∈ RM×K

≥0 and H ∈ RK×N
≥0 ,

such that X ≈ WH [43], [44].
Each observation xn is thus represented as a linear

combination of K basis spectra wk , with corresponding
non-negative coefficients hkn. A schematic of the decompo-
sition is shown in Fig. 1.
One major advantage of NMF in the context of spectral

modeling is the non-negativity constraint, which ensures that
the extracted basis vectors wk can be directly interpreted
as physically meaningful spectral components. This makes
NMF particularly suitable for analyzing and reconstructing
emission spectra of LEDs, where negative values are
physically implausible.

The decomposition is typically formulated as an optimiza-
tion problem that minimizes the distance between the input
matrixX and its approximationWH. In this work, the squared
Frobenius norm is used as the cost function:

min
W,H≥0

∥X − WH∥
2
F =

M∑
i=1

N∑
j=1

(
Xij − (WH )ij

)2
. (1)

This objective encourages a reconstruction that minimizes
the total squared error across all spectral samples. The
optimization is performed using iterative multiplicative
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update rules, which maintain non-negativity throughout the
process.

The decomposition was implemented using the Scikit-
learn 1.2.0 library [45]. The measured absolute spectra
were used directly as input vectors without preprocessing or
normalization. Spectra measured at t = 0 h and t = 6000 h
were provided as initial guesses for the basis vectors wk ,
enabling a physically informed initialization.

C. CONCEPT OF SUPERIMPOSED PDFS
As an alternative to NMF, the spectral power distribution of
LEDs can also be decomposed into a sum of constituent func-
tions, which represents the most commonly used approach
for spectral modeling. The quantity and the nature of the
superimposed functions heavily depends on the complexity
of the LED spectrum. In this paper, a decomposition into
individual Gaussians has been performed on the measured
spectra, by using the Gaussian probability density function

f (λ | p1, p2, p3) = p1 · exp

(
−

(
(λ − p2)

p3

)2
)

, (2)

with wavelength λ and three parameters p1, p2 and p3.
An example of two superimposed Gaussians g1 and g2 is
shown in Figure 2. As a starting point for the Gaussian
decomposition, two Gaussians have been considered to
represent the blue emitters excitation peak and one Gaussian
per phosphor type used in the phosphor converted part of the
spectrum. From this baseline, the number of Gaussians has
been adjusted to optimize the balance between the goodness
of fit and the number of parameters. The optimum of the
number of Gaussians is identified automatically by analyzing
the evolution of both coefficient of determination and root
mean square error. To enhance the consistency of the model
parameters, the spectra are normalized to a reference optical
power of 1W, thereby focusing the model on the spectral
shape. The full spectral profile can then be reconstructed by
scaling the normalized shape with the actual optical power.

To define a reference set of model parameters, all measured
spectra from pristine samples were summed and normalized.
The model parameters were obtained by using a dedicated
algorithm that automatically identifies the positions of the
chip and phosphor emission peaks and subsequently finds the
optimized number of Gaussians. The obtained parameter set
is used as a solver starting point to model the aged spectra,
thus allowing the generation of consistent model parameters
gradually evolving with increasing stress time.

Both approaches were evaluated by calculating commonly
used radiometric and photometric metrics for LED spectral
modeling [39], including the relative difference in radiant flux
1Popt

1Popt = (Popt,NMF/Popt,true − 1) · 100% (3)

and the Euclidean chromaticity difference 1u′v′:

1u′v′ =

√
(u′

NMF − u′
true)2 + (v′NMF − v′true)2 (4)

FIGURE 2. Schematic illustration of the approximated spectrum sg by two
superimposed Gaussian probability density function g1 and g2.

Since it is not possible to assign the explained variance
(EV) to each particular NMF component, the total explained
variance is determined.

III. RESULTS
A. DEGRADATION TEST
The results obtained from the conducted degradation test
reflect typical temperature-dependent degradation behavior
observed in white LEDs and thus provide representative data
for this study. Fig. 3 (a) shows the radiant flux depreciation
for different case temperatures and an aging current of
Ia = 3300mA.

FIGURE 3. (a) Decrease in relative radiant flux Popt,rel for a period of
6000 hours at four different case temperatures. The reported values
represent the arithmetic mean with its respective standard deviation.
(b) Spectral characteristics for 6000 hours of stress testing at a case
temperature of Tc = 105 ◦C.

Within 6000 hours of stress, an optical power loss of up
to 30% can be observed, indicating a strong temperature
dependence. Depending on junction temperature, there is
an exponential decrease in time to failure, that could be
described using the reciprocal Arrhenius equation. The
occurrence of the mean time to failure criterion (MTTF) as
a function of junction temperature Tj is obtained using

MTTF(Tj) = C · exp
[
Ea
kBTj

]
(5)

with activation energy Ea, Boltzmann constant kB and
coefficientC . Fitting the logarithmic L88-lifetimes vs. inverse
junction temperatures manifests the temperature-accelerated
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aging process, which can be described with a coefficient
of determination of R2 = 0.99 using the Arrhenius equation,
shown in Fig. 4. The derived activation energy can be
quantified with Ea = 0.43 eV, thus allowing to interpolate and
model theMTTF for the defined radiant flux failure criterion
at various temperatures. The gradual radiant flux depreciation

FIGURE 4. Mean time to failure vs. inverse junction temperatures at a
failure criterion defined at 88% of the initial radiant flux. The derived
activation energy can be quantified with Ea = 0.43 eV.

is accompanied by an imbalanced reduction of spectral
components, shown representatively for a temperature of
Tc = 105 ◦C in Fig. 3 (b). These spectral imbalances result
in a visually perceptible color shift of the chromaticity
coordinates, shifting almost linearly in the CIE 1976 UCS
with increasing stress time, see Fig. 7 (b). In addition, the
Euclidean chromaticity distance with respect to the initial
spectrum 1u′v′, correlates linearly with the decrease in
radiant flux (not shown here). Consequently, it is possible
to infer the optical degradation from the color shift and vice
versa.

B. NON-NEGATIVE MATRIX FACTORIZATION
The observation matrix X, containing all spectra measured
throughout the aging period under various aging conditions (a
total of 112 spectra), is approximated with different numbers
of components, K ∈ 1, 2, 3, 4. As a result, the NMF extracts
K basis spectra with K weights per observation, allowing to
reconstruct the initial observation matrix. Table 1 shows the
evaluation results for the different numbers of components.
With an increasing number of components, the error in
the considered metrics decreases, while the total explained
variance (EV) improves. There is a significant error reduction
between one and two components, which is only slightly
reduced for K ≥ 3.

TABLE 1. Evaluation of NMF solutions for four different numbers of
components with averaged values for relative difference in radiant flux
and chromaticity difference.

In addition, when using more than two components, the
required linear or at least smooth and continuous correlation
between radiant flux depreciation and the factorization
weights is no longer observed. This correlation is essential
to enable the integration of physics-based models, such as
those describing the temperature dependence of the optical
power based on theArrhenius equation, with the non-negative
matrix factorization approach. As a consequence, a factor-
ization with two components proves to be target-oriented
for the problem considered, being described in detail below.
A schematic overview of the procedure for combining the
temperature- and time-dependent radiant flux model with
the spectral non-negative matrix factorization approach is
presented in Fig. 5.

FIGURE 5. Schematic overview of the procedure for combining the
temperature- and time-dependent radiant flux model with the spectral
non-negative matrix factorization approach. The figure illustrates how the
physics-based modeling of radiant flux depreciation, described by the
Arrhenius equation, is linked with the factorization weights obtained
from NMF to enable temperature-dependent spectral modeling over time.

The extracted basis vectors for K = 2 are shown in
Fig. 6 (a), whereas Fig. 6 (b) shows the corresponding
chromaticity coordinates in CIE 1976 UCS. Fig. 7 (a) shows
the determined weights (h1n, h2n) plotted against the relative
optical power loss, revealing a distinct linear correlation. This
relationship enables the modeling of the weight coefficients
as a function of the relative radiant flux depreciation and
its temperature dependence, as described by a physics-based
model based on the Arrhenius equation. This allows to
reconstruct the spectra for different values of relative radiant

VOLUME 13, 2025 132443



A. Herzog et al.: Modeling Spectral LED Degradation Using an Unsupervised Machine Learning Approach

FIGURE 6. (a) Basis vectors w1 and w2 of NMF decomposition with two
components K = 2. (b) CIE 1976 UCS with original data and corresponding
chromaticity coordinates for w1 and w2.

flux and thus for various aging conditions and operation
times.

FIGURE 7. (a) Relative radiant flux depreciation vs. NMF weights h1n and
h2n with linear curve fitting. (b) CIE 1976 UCS with original chromaticity
coordinates and chromaticity coordinates from NMF + regression
reconstructed spectra.

The chromaticity coordinates of the regression-based
reconstructed spectra are following the trend of the base
spectra’s linear combination, shown in Fig. 7 (b). Given
the observed linear relationship between the factorization
weights and the relative radiant flux depreciation, the data
were modeled using simple linear regression.

FIGURE 8. (a) Histogram of Euclidean chromaticity difference 1u′v ′

between original data and spectra reconstructed by NMF. (b) Spectra
reconstructed by NMF with regression. (c) Euclidean chromaticity
difference for 6000 hours of stress for original data and reconstructed
spectra using NMF and regression.

The uncertainties associated with this regression-based
modeling are reflected in the histograms shown in
Fig. 8 (a+b). By using the NMF approximation of the original
spectra without regression an average chromaticity difference
of 1u′v′NMF = 0.0004 is achieved. Modeling the determined
weights (h1n, h2n) in dependence of relative radiant flux
increases the chromaticity differences to an average of
1u′v′NMF,reg = 0.0007 and a predominant distribution of
differences below 1u′v′NMF,reg < 0.0015. Subsequently, this
type of reconstruction is applied to the time series of every
individually measured LED. The results of the averaged
chromaticity shifts per aging condition as a function of stress
time are shown in Fig. 8 (c). A direct comparison with the
original color shifts manifests the potential of the NMF-based
modeling approach for the considered stress test period and
possible extrapolations.

C. SUPERPOSITION OF PROBABILITY DENSITY
FUNCTIONS
Analogously to the previous section, a number of super-
imposed probability functions were determined to achieve
chromaticity deviations between the approximations and the
original spectra smaller than 1u′v′PDF < 0.001. By iteratively
increasing the number of PDFs, the defined chromaticity
distance criterion was achieved by superimposing four
Gaussian probability density functions, which are shown in
Fig. 9 (a).

FIGURE 9. (a) Determined Gaussian distributions g1,g2,g3 and g4 for the
approximation of the measured spectrum sorg in (b). (b) Superposition of
the Gaussian distributions sg in direct comparison with the approximated
spectrum sorg. The areas of particularly high spectral deviations are
marked with arrows.

Representatively, the spectral approximation by the super-
imposed Gaussian PDFs is shown in Figure 9 (b), resulting
in a chromaticity difference of 1u′v′PDF = 0.0004. Areas
of significant spectral differences between the measured
spectrum and the superpositioned Gaussians are highlighted
by arrows.

Subsequently, the spectral approximation is performed for
all 112 measured spectra. In alignment with the procedure
for the non-negative matrix factorization, the resulting fit
parameters of the four Gaussian distributions are correlated
with the relative radiant flux values according to Fig. 10.
Linear regressions are used to estimate the parameters of
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the four Gaussian distributions as a function of the relative
radiant flux, thus allowing the spectra to be reconstructed for
different stress times and conditions.

FIGURE 10. Extracted parameters px1, px2 and px3 of the Gaussian
probability density functions g1, g2, g3 and g4 correlated with the
relative radiant flux Popt,rel.

FIGURE 11. (a) CIE 1976 UCS with original chromaticity coordinates and
chromaticity coordinates reconstructed from the PDFs with regressions.
(b) CIE 1976 UCS with original chromaticity coordinates and chromaticity
coordinates reconstructed from the PDFs using the regressions without
outliers from Fig. 10.

Using this reconstruction approach, in combination with
the values of the relative optical power of the measured
112 original spectra, the chromaticity coordinates result

according to Figure 11 (a). In direct comparison to the
coordinates of the original spectra, a systematic deviation
of the chromaticity shifts with progressing stress time is
observed. This model mismatch is due to the inadequate
fitting of the individual regression lines shown in Figure 10,
which are significantly affected by the existing outliers.

The Euclidean chromaticity distances resulting from the
direct approximation of each spectrum of the 112 measured
spectra are shown in the histogram in Fig. 12 (a). The
mean chromaticity difference in this case is quantified
with 1u′v′PDF = 0.0005, whereas the average difference in
radiant flux can be quantified with 1Popt,rel = 0.32%. The
subsequent modeling of the parameters as a function of the
relative optical power degrades the reconstruction accuracy
of the spectra according to Figure 12 (b). Due to the model
mismatches caused by the regressions shown in Figure 10, the
mean color deviation deteriorates to 1u′v′PDF,reg = 0.0014.

As a result of the outlier-related mismatches, signifi-
cant deviations in the chromaticity coordinates occur with
increasing aging time. As a result, the color shifts of
the original measurement data shown in Figure 12 (c)
differ from the values of the reconstructed spectra with
increasing aging time. Consequently, it can be assumed
that the error in subsequent color shift extrapolations will
also increase. Omitting the outliers shown in Figure 10, the
quality of the model fit improves according to Fig. 11 (b).
In this case, the mean chromaticity error is reduced to
1u′v′PDF,reg,w/o outliers = 0.0011 and the approximation of the
temporal color shift trend becomes comparable to the results
of the non-negative matrix factorization.

FIGURE 12. (a) Histogram of Euclidean chromaticity difference 1u′v ′

between original data and spectra reconstructed by PDF. (b) Spectra
reconstructed by PDF with regression. (c) Euclidean chromaticity
difference for 6000 hours of stress for original data and reconstructed
spectra from PDF with regression.

IV. DISCUSSION
Based on the results of the different modeling approaches,
it can be stated that both approaches can be used for the spec-
tral modeling of the analyzed data set. Both methods achieve
visually imperceptible color differences of1u′v′ < 0.001 and
differences in radiant flux of 1Popt,rel ≤ 0.32% for the direct
approximations of the measured spectra. Due to the linear
correlation between aging-induced color shifts and radiant
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flux depreciation, the two approaches show predominantly
linear correlations between the model parameters and the
relative radiant flux degradation. Consequently, the spectral
models can be linked to the Arrhenius equation based model
of temperature-induced degradation acceleration. Therefore,
the combined model can be used to predict the spectra for
different aging times and aging temperatures between Tc =

55 ◦C and 120 ◦C.
The advantages of the non-negative matrix factorization

emerge primarily from the comparatively low complexity
of the implementation, precise spectral approximation and
a higher robustness against outliers. The robustness of the
NMF against outliers is achieved by uniformly minimizing
the divergence between the observation matrix X and
the approximation WH using the Frobenius norm. The
uniform optimization of the approximation to the observation
matrix reduces the impact of slightly deviating spectra.
Spectral fitting using PDF, on the other hand, is performed
independently of the entire spectral data set, which means
that the parameters of the individual solutions are deter-
mined independently of the overall solutions. Consequently,
deviating Gaussian distribution parameters, which can be
identified as outliers in Figure 10, can have a stronger impact
on the subsequent modeling. This could be mitigated by a
weighted regression, robust regression approaches, statistical
approaches to exclude outliers or the manual exclusion of
outliers.

The higher quality of the spectral approximation by
the NMF results from the possibility of arbitrary con-
tinuous base spectra. While the emission spectrum of
quasi-monochromatic LEDs can be described by a superpo-
sition of one or two distribution functions, the complexity of
the overall spectrum increases through the use of additional
phosphors. In this way, depending on the design of the
phosphor mixture, a large number of local maxima can
arise in the spectrum, each of which requires one or more
additional distribution functions in order to be modeled
appropriately. The spectral complexity of the data set used
in this publication is comparatively low, even though it is
representative for white LEDs. However, if more complex
spectra are to be modeled, such as those of warm white LEDs
using red line-emitting Rb5Nb3OF18:Mn4+ or K2SiF6:Mn4+

phosphors [40], [41], a two-digit number of required prob-
ability distribution functions can be assumed and therefore
an optimization and modeling of more than 30 parameters.
If the more promising Pearson Type VII distribution function
is used instead of the Gaussian functions [39], the number of
parameters increases to over 60, which significantly increases
the complexity of the approach.

In contrast to the superposition of probability density
functions, complex spectral characteristics do not necessarily
require a higher number of spectral components in the
NMF approach, especially since the spectral characteristics
can be represented by a few, if not just one, basis vector.
This fact underlines the manageable complexity of spectral
modeling using NMF. Due to the continuity criterion of the

determined NMF weights on optimization level, there are
gradual changes in the extracted parameters, which prove to
be advantageous for modeling approaches or extrapolations
of the same.

Based on additional experiments, which were not pre-
sented here, we could state that the NMF is also suitable
for linear color shifts of quasi-monochromatic LEDs during
lifetime, e.g. green LEDs [22], but also a variety of spectra of
mono- and polychromatic LEDs, indicating c-shaped shifts in
CIE 1976 UCS [46]. Consequently, the steady-state spectrum
as a function of temperature and current, shifting non-linear in
CIE 1976UCS, can also bemodeled by usingNMF combined
with multivariate regressions. In this case, the modeling
requires at least 3 base vectors to span a Gamut covering the
two-dimensional chromaticity shift. The weight-parameter
correlation is analogous to the previous example and could
be of linear or non-linear nature.

However, a limitation of the standard NMF approach arises
when the factorization fails to yield smooth or physically
interpretable correlations between the weight parameters and
external variables such as temperature, current, or aging time.
This issue can be mitigated by initializing the base vectors
with Gaussian-shaped spectral functions selected to span
a gamut in the CIE 1976 UCS that includes all relevant
chromaticity coordinates. This increases the likelihood of
obtaining a stable and physically meaningful mapping
between the weight parameters and the underlying physical
variables. Furthermore, the direct physical interpretability
of the NMF base spectra is limited. Since the basis
spectra in NMF are mathematically unconstrained, they may
represent arbitrary combinations of spectral features and
do not necessarily correspond to the emission spectra of
individual LEDs or phosphor materials. Nonetheless, the
resulting base spectra often reflect significant changes in the
overall spectral distribution and can capture relevant spectral
dynamics that are critical for chromaticity and colorimetric
analysis.

As a result, the proposed spectral modeling approach
using non-negative matrix factorization performs on par
with state-of-the-art methods and offers clear advantages in
terms of accuracy and robustness. A detailed comparison
of the proposed approach and the state-of-the-art method
based on various evaluation criteria is provided in Table 2.
A computational time comparison was not included, as the
spectral models are typically created offline on standard
computing systems. After this initial model generation, both
approaches result in models that are computationally efficient
and simple enough to be deployed in real-time or embedded
systems without significant performance constraints.

Due to the gradual nature of extracted NMF weights, it is
promising for the spectral model in multi-domain model
based digital twins of light-emitting diodes [47]. Output
or input parameters of the multi-domain models, such as
optical power, case temperature, or forward current, could be
directly linked to the spectral model. To improve the concept
of spectral LED modeling using NMF, we envision future
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research to determine reproducible and dataset-independent
solutions for basis vectors and weights spanning a gamut
that covers the relevant color coordinates while exhibiting
correlations to the physical parameters under consideration.
Although giving spectra or weights as initial guesses proves
to be target-oriented, since a different weighting of the obser-
vation matrix spectra based on its calculated chromaticity
coordinates increases the accuracy of the spectral model even
further.

TABLE 2. Comparison of PDF and NMF for spectral modeling.

V. CONCLUSION
In summary, we report on two spectral degradation models
of light-emitting diodes, which are capable of modeling the
spectral characteristics for different stress test temperatures
and an operation period of 6000 hours. The state of
the art probability density function model is evaluated
against an unsupervised machine learning approach based on
non-negativematrix factorization.With respect to the spectral
reconstruction accuracy, the NMF approach is outperforming
the superposition of Gaussian probability density functions.
Due to temperature accelerated degradation of the devices,
the radiant flux depreciation for temperatures between Tc =

55 ◦C and Tc = 120 ◦C can be modeled using the Arrhenius
equation. The linear correlation between the relative radiant
flux values and the extracted NMF parameters, allows a
subsequent reconstruction of spectra for different operating
temperatures between Tc = 55 ◦C and Tc = 120 ◦C and
aging times between 0 hours and 6000 hours. Consequently,
a different modeling approach was introduced, allowing to
predict the temperature-dependent spectral characteristics
over the aging period of the analyzed data set with
a reconstruction accuracy primarily below 1u′v′ < 0.001.
To further evaluate the modeling capabilities of the approach,

spectral temperature and current dependencies, combined
with spectral degradation dynamics, will be analyzed using
additional data sets in subsequent publications. The imple-
mentation of the proposed approach and the dataset are
available at https://github.com/LightingSystemLab, allowing
other researchers to use, reproduce, and validate the presented
results.
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