Pathways of Uncertainties in Service Lifetime Prediction (SLP)
Models for PV modules: How to Improve the Accuracy?
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INTRODUCTION

Degradation models are used to predict the litetime of PV modules. As for any
oredictive models, they are associated with different forms of uncertainties.
Different sources of uncertainties in SLP models have been investigated

B Most of these models are developed on the basis of quantifying the effects
of applied climatic loads. The uncertainties due to input climatic loads have
been investigated.

B Other sources of uncertainties such as the assumptions used in model
formulations are also discussed.

DEGRADATION RATE MODELS

Two models, one by Kaaya et al.[1] (Eg.1) and the other by (Subramaniyan et

2] (Eg. 2) are used. These models are proposed for outdoor door
degradation rates evaluation based on combined climatic stresses: such as
static module temperature, T, cyclic module temperature ,AT, UV radiation,
and relative humidity ,RH. The degradation rates are evaluated as:

ky = Ay. (1 + kp[RH, TD(1 + k,, [UV, T,RH])(1 + kg [AT, Trax) — 1 (EQ.1)

(Eq.2)

MONITORING OF CLIMATIC DATA

B PV modules and
components are being
exposed in different test-
sites in very different
climates

B Simultaneous monitoring
of the climatic conditions
and sample properties,
makes it possible to find
correlations between the
external climate, sample
stresses and long-term
performance

k, = Bo.exp(=1/kg.Trmar) . ATP2. . UVF3 RHP4

Fig.1. The outdoor test facilities: Alpine: (upper right):
Arid (upper left) Maritime (lowest ) picture

UNCERTAINITIES DUE TO CLIMATIC DATA INPUTS

Uncertainties due to module temperature estimation

2

60.00% - M Rel-diff:temperature

U1
O
o
O
X

w Rel-diff-degradation rate

PN
o

40.00% -
30.00% -

20.00% -

o

Relative difference

——  Measured
= Model: Kings
- Model: Faiman

0 2 4 6 5 10 12
Time (months)

10.00% -

Module temperature |
S

I
N
<

0.00%
Zugsptize  Gran Canaria Negev

Location

Fig.2. Measured (green) and modeled module temperature [°C] (right) and corresponding
relative differences in percentage (left) .

The relative differences between the measured and calculated temperatures
were evaluated for all the three climatic zones and correlated with the relative
differences in degradation rates as well as service lifetime predictions.
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B Uncertainties in rates or lifetime

B In hot locations, the uncertainties are

B This can be explained by the Arrhenius
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prediction due to the uncertainties in
module temperatures evaluation, are
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degradation rate models (see Fig.3).

Fig.3. Module temperatures against
the degradation rate.

OTHER SOURCES OF UNCERTAINITIES

1. Assumptions made during models formulation

Depending on the underlying assumptions during models derivations; models
proposed for similar purpose don’t usually give the same output even when
calibrated using the same datasets: below we compare two models A (Eq.1)
and B (Eq.2)

Model A Model B
. k t Ky t
Location T f f
[%/year] [years] [%/year] [years]
Negev 0.74 21.4 0.80 20.0
Gran Canaria 0.50 31.6 0.50 31.6
Zugspitze 0.30 52.8 0.14 113.5
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Fig.4 Sensitivity analysis of degradation rate models A (right) and B (left). Model B is more
sensitive to input loads compared to model A.

2. Constant degradation rate for long term lifetime predictions

Usually a constant degradation rate is . 0.0012
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used together with a linear degradation S =
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Fig.5. Extracted rates at each point of power

measurement during damp heat test. 0 500 1000 1500 2000 2500 3000 3500 4000
Time (hours)

CONCLUSION

How to improve the accuracy?

B Thorough climatic data treatment to reduce uncertainties and a good choice
of models for micro-climatic conditions are a prerequisite

B Simplification of the models should not exclude the physical dependences

B Time dependent degradation rates models will be proposed together with
non-linear degradation functions for long term litetime predictions




