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Predictive Modeling of Dye Solar Cell Degradation

Aapo Poskela,* Armi Tiihonen, Heikki Palonen, Peter D. Lund, and Kati Miettunen

1. Introduction

A major bottleneck for commercializing
emerging photovoltaic (PV) technologies is
their limited lifetime due to instability.[1–4]

To improve stability, experimental aging
tests are often required. Real-life outdoor
tests produce the most reliable results but
take years or, at later stages of development,
even decades to complete. Even though
most solar-cell stability research uses accel-
erated test protocols, such as continuous
illumination or increased temperatures,
individual aging tests may still take several
months.[5,6] As such, long testing times
severely limit the number of tests that can
be carried out, which in turn slows the pace
of research. Not only is this a challenge for
emerging PVs, but also for silicon solar
cells.[6] Given this, the ability to predict
the degradation of PV devices based on early
markers would be a valuable tool to guide
the research into stable PVs. Early markers
would facilitate scheduling future experi-

ments, and in the case of very stable samples, lifetimes could
be estimated without waiting for aging test to be completed. In
commercial use, early prediction methods would also allow solar
panel replacements to be planned more accurately. In addition,
future revenues for solar plants could be estimated more compre-
hensively based on the detailed information generated about
maintenance needs and panel stability based on the specific envi-
ronmental conditions of the plant location.

Previous approaches to PV device lifetime prediction and
modeling have varied. Some studies have used material param-
eters, measured before the solar cell or panel was manufac-
tured, to estimate the expected lifetime.[7,8] In contrast,
others have used earlier aging studies to determine an experi-
mental function to model further aging tests.[9–15] While most
of these studies have focused on the more established silicon
solar cells, predicting emerging PV is beginning to gain atten-
tion with some interesting contributions. Temperature-
dependent degradation rates have been calculated and experi-
mentally demonstrated for both organic[16,17] and perovskite
solar cells.[18,19] A general extrapolative model for emerging
solar cell lifetimes was developed by Rizzo et al.[20] An earlier
work on dye solar cells (DSCs) by Chalkias et al.[21] comprehen-
sively studied the degradation of DSCs under different
conditions and used the results to develop and test a general
degradation model for DSCs. Usually, the existing predictive
models for emerging PVs require a significant loss of
performance before the predictions become accurate—limiting
the added value from the predictions. This is due to the
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Degradation of dye solar cell performance based on the early changes in electrolyte
color is predicted, allowing to estimate the lifetime of the dye solar cells even before
their efficiency declines. Previous predictive models commonly rely on regression
analysis of the predicted parameter; thus, they are unable to capture degradation
before a significant decrease in performance. Degradation tests, even when
accelerated, may take thousands of hours. As such, recognizing degradation trends
early can lead to rewarding cuts in the duration of solar cell development pipelines.
With accurate lifetime predictions, researchers can steer materials research to
reach longer lifetimes in shorter cycles. The predictive power of our model relies on
color changes in the electrolyte that directly correlate with the concentration of tri-
iodide charge carriers within it, the loss of which is the predominant degradation
mechanism for most liquid-electrolyte dye solar cells. By linking the physical
mechanisms inside the cell, which eventually start to degrade the performance of
dye solar cells, an early prediction of the lifetime can bemade even when the device
performance still appears stable. It is exemplified with dye solar cells that
integrating architecture-specific knowledge on degradation mechanisms has
potential to improve lifetime predictions for photovoltaics.
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challenging domain for the predictions. It is typical for an
emerging PV to experience nonlinear and rather complex deg-
radation behavior, which may involve long initial periods of full
stability or even increases in efficiency before the onset of
degradation. In some cases, the losses may behave exponen-
tially, which is challenging to predict since small changes in
the fit parameters may lead to large differences in the time point
of interest far away.

Here, we focus onDSCs, which are low cost and can be pre-
pared from nontoxic materials.[22,23] Specifically, we demonstrate
that the optical analysis of the changes in the DSC electrolyte
color occurring early on in an aging test, can be used as a valid
proxy to the loss of charge carriers, and therefore used to predict
the loss of performance of the solar cells. By tracking the loss rate
of charge carriers directly, we can predict performance loss
before it is visible in the more traditionally used current–voltage
(I–V ) measurement data. The main advantages of our method
are: i) short, simple, and high-throughput compliant in situ
measurements, and ii) good predictive accuracies achieved
already during the early stages of aging tests. We also investigate
the potential for using electrochemical impedance spectroscopy
data for predictive modeling, as the loss of charge carriers can
also be tracked using impedance spectroscopy. These results pro-
vide insight into the type of model parameters that should be
chosen to produce the most relevant predictive models for PVs.

2. Experimental Section

2.1. Sample Preparation

The DSC samples had a standard sandwich structure, where the
active components of the cells were sealed between two fluorine-
doped tin oxide (FTO) glass substrates. The cell structure priori-
tized long lifetime and easy visual analysis rather than high PV
performance. The glasses were attached by melting a 40 μm thick
Surlyn 1702 ionomer resin film (DuPont) frame between the
glass substrates. The glass substrates were cleaned with mild
dishwashing detergent, then sonicated in Hellmanex® III
(Hellma Analytics), followed by ethanol and finally in acetone.
The substrates were UV treated with a UV/Ozone
ProCleaner™ (Bioforce Nanosciences) before they were used
in the sample assembly.

The photoelectrode of the DSCs was nanostructured TiO2,
sensitized with Z907 dye. Before the photoelectrode was made,
a compact TiO2 layer was deposited on the substrate by immers-
ing it in deionized water with 1 wt% of titanium(IV) chloride tet-
rahydrofuran complex for 30min at 70 �C. The TiO2 film was
prepared by screen printing (AT-60PD, ATMA) two layers of
smaller TiO2 particles (DSL 18NR-T, Dyesol) and one layer of
light scattering particles (DSL 18NR-AO, Dyesol). The photoelec-
trode was sintered for 30min at 450 �C. Another compact TiO2

layer was added to the photoelectrodes using the same methods
as previously described, followed by another sintering. The pho-
toelectrodes were finalized by immersing them in a 0.3 mM
Z907 (Dyesol) 1:1 acetonitrile (ACN) and tert-butylalcohol
(tBA) solution for ≈16 h.

The counter electrode was coated with a Pt catalyst using 4 μl
of 10mMH2PtCl6 in 2-propanol. The solution was applied to the

surface of the substrate using a micropipette. After the solvent
had evaporated, the counter electrodes were heated for 20min
in an oven set to 390 �C.

Once the electrodes had been attached to each other by melting
a frame of Surlyn™ ionomer resin film, the DSC was filled with a
liquid electrolyte through holes in the counter electrode substrate.
The electrolyte used in this study had I�/I3

� redox couple and it
contained 0.05 M I2, 0.5 M 1-methylbenzimidazole (NMBI), 0.5 M

1-propyl-3-methylimidazolium iodide (PMII), and 0.1 M guani-
dium thiocyanate (GuSCN) in 3-methoxypropionitrile.

The holes in the substrate were closed by attaching a micro-
scope glass to the substrate by melting a piece of Surlyn™
ionomer resin between them, thus sealing the solar cells from
ambient conditions. The electric contacts for the DSCs were
formed by attaching copper tapes to both of the electrodes.
The contact was improved by painting the contacts between
the electrodes and the tapes with silver paint (SCP,
Electrolube). Finally, the mechanical robustness and the sealing
of the cells were secured by coating the interface between the
electrodes with epoxy glue. The finished cells were stabilized
under halogen lamps and UV filters for 10 h before the
measurements.

2.2. Aging and Measurements

The DSCs were aged in two different solar simulators. One sim-
ulator illuminated the cells at ambient temperature and humidity
with white CREE Edge HO240 LEDs (light-emitting diodes). The
temperature of the cells under LED illumination was stable at
40� 1 �C. The other aging simulator was a Suntest XLSþ
(Atlas) with a xenon arc lamp (NXE 1700, Atlas), cooling fans,
and ambient humidity. At full cooling, the temperature of these
cells remained at 55� 2 �C. Unlike the white LEDs, the xenon arc
lamp emitted light at UV wavelengths that are a strong degrada-
tion factor for DSCs. Therefore, a UV filter (Asmetronic SFC-10
UV filter[24]) was used to limit the harmful effects of UV illumi-
nation on the DSCs. The UV filter was on a separate holder on
top of the samples, thus the cells were photographed without the
filter. The degradation related to different kinds of aging spectra
and the effects of UV filtering is discussed in our previous pub-
lication,[24] while here the focus is solely on predicting the deg-
radation pattern. The aging setup was set to automatically
measure the cells during aging. BioLogic SP-150 potentiostat
and an Agilent 34 980 A Multifunction Switch/Measure Unit
measured the I–V curves and the electrochemical impedance
spectra (EIS) of each of the cells. The scan rate of the I–V
measurement was 5mV s�1 and the impedance measurement
voltage frequency ranged from 0.1Hz to 100 kHz with an ampli-
tude of 10mV. Between the measurements, the cell was
connected to an open circuit.[25] The EIS results were analyzed
using Zview2 (Scribner Associates, Inc.).

Photograph analysis has been used earlier in the literature to
investigate both the electrolyte[26] and the dye[27,28] for DSCs. The
automated measurements were supported by weekly photo-
graphing of the cells. All of the samples were measured in a
separate system with its own light source to prevent differences
in the illumination to impact the measurement. The DSCs were
disconnected from the automated measurement system and
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moved to a specifically designed photographing chamber. The
samples in the chamber were illuminated with white LEDs, while
all ambient light was blocked to prevent it from affecting the pho-
tographs. The digital photographs were taken with an Olympus
E-620 camera. The camera was set to RAW image format with
AdobeRGB colors, aperture f/8.0, sensitivity ISO100, 1/20 s
exposure, and manual focus. The accuracy of prediction was
strongly dependent on the quality of the digital photographs
and their analysis; therefore, it is important to ensure that
the lighting conditions, methods, and equipment used to take
the images are consistent in each measurement. To further
ensure that the photographs taken on different weeks were com-
parable, a color profile was generated using a color checker pass-
port (X-Rite) and then applied to the images with Adobe
Lightroom.[26] A MATLAB script was used to extract the average
Red, Green and Blue (RGB) values from an area of the DSC
electrolyte not covered by the photoelectrode. The blue value
(B) was then converted to the yellow value (Y ) of the cyan,
magenta, yellow (CMY) color space with a simple formula
Y ¼ 255� B. The CMY color space is the complement of the
RGB color space.[29] The CMY color space was used since we
track bleaching of yellow color, making it more intuitive to follow
changes in Y values.

In addition to the repeated automated measurements during
aging, the more accurate 1 sun I–V curves of the DSCs were mea-
sured under a standard AM1.5G spectrum at the start and the
end of the aging test. The AM1.5G illumination was simulated
with a Peccell PEC-01 solar simulator and the curves were
recorded with a Keithley 2420 3 A Sourcemeter.

2.3. Color Analysis Predictive Model Description

The goal of the color analysis predictive model was to predict the
development of the short-circuit current (ISC) for a DSC as the
cell degrades. This is achieved by considering the limiting
current (Ilim) of the DSC, which was the highest current that
the DSC is capable of generating. DSC operation relied on redox
reactions to regenerate the photoelectrode after its photoexcited
electrons were injected into an external circuit to generate
current. The redox charge carriers were diffused from the
counter electrode to the photoelectrode through an electrolyte
within the cell, but the regeneration rate is limited by diffusion.
Thus, when increasing the current drawn from a DSC, eventually
the photoelectrode cannot be regenerated any faster since its sur-
face is depleted of charge carriers[30,31] due to the limited diffu-
sion rate of the replacement charge carriers through the
electrolyte. The current at which diffusion restrictions limit a
further increase in the current was the limiting current Ilim,
which can be expressed as[31]

Ilim ¼ 4FDI�3
cI�3

d
(1)

where F is the Faraday constant, d is the distance between the
electrodes, and DI�3

and cI�3 are the diffusion coefficient and con-
centration of tri-iodide redox species, respectively. It should be
noted that the diffusion coefficient and concentration in

Equation (1) were for tri-iodide (I�3 ). While the redox reactions
were between a pair of charge carriers, tri-iodide, and iodide
(I�), the rate of diffusion of tri-iodide is typically the limiting fac-
tor. The diffusion coefficient of both charge carriers was similar,
but the concentration (cI�3 ) of tri-iodide was typically much lower
than that of iodide. Increasing the concentration of tri-iodide
would increase Ilim, but that in turn would amplify recombina-
tion and optical losses at the photoelectrode.[31]

The diffusion coefficientDI�3
can be calculated from Equation (1)

for a fresh DSC sample when cI�3 is known and Ilim is measured.
Ilim can be measured by either exposing the cell to high-intensity
illumination, or from the reverse bias region in an I–V curve mea-
sured in the dark.[32,33] These measurements should be used with
care, since exposure to high intensities may heat the cells and high
reverse bias can affect cell performance. Using values measured
by Mastroianni et al.[32] for a DSC with a I�3 =I

� redox couple,
the diffusion coefficient DI�3

was between 6.8� 10�6 and

7.5� 10�6 cm2 s�1 (for cI�3 ¼ 0.050 and 0.025mol dm�3, respec-
tively) at room temperature. As the diffusion coefficient was depen-
dent on the concentration of the diffusing species, and the
concentration of I�3 decreased during aging, the range above
was used as minimum and maximum degradation rate cases for
the predictive model. It was verified in an earlier study[26] that
the blue pixel value relating to tri-iodide concentration changes lin-
early below 0.1mol dm�3.

Once the values of the parameters are solved for the DSC in its
initial state, the changes that occur as the cell degrades must be
estimated. The main degradation pathway in a DSC is the loss of
charge carriers in the electrolyte.[24,32] As can be seen from
Equation (1), a decrease in the concentration of I�3 will also line-
arly decrease the limiting current Ilim. Therefore, by measuring
the rate of decrease for cI�3 , the rate of decrease for Ilim can be
calculated and how it will eventually limit the output current
of the DSC even in typical operating conditions.

The tri-iodide concentration cI�3 of a DSC can be measured
in situ by tracking the color of its electrolyte. I�3 has a strong yel-
low color, and as it degraded to other compounds the color fades.
This is called bleaching of the electrolyte.[26,32] In other words,
tri-iodide absorbed blue light effectively, causing light reflected
from the electrolyte to appear yellow. A decrease in tri-iodide con-
centration decreased the absorption of blue light. By systemati-
cally photographing the degrading DSCs, the rate at which their
electrolyte bleaches was determined, which in turn can be
converted to the rate of the I�3 concentration loss. In a previous
study,[32] this rate was found to be between 0.65 and 0.91mM/Y,
where Y is the yellow value in a CMY color space. The decrease in
concentration can be converted to the lowering of the limiting
current with Equation (1), giving a range of 0.29 : : : 0.40 mA/Y.
This rate was used to determine the rate of Ilim degradation by
measuring the color change in the electrolyte during the first
days of aging, then linearly extrapolating it to predict how the
cell current will decrease. Note that the values presented here
for the relation between cI�3 and yellow color were defined for
our sandwich cell configuration and would require adjustment
to different cell configurations (Table 1).
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To summarize, the limiting current Ilim of DSC samples were
measured after they were assembled, then its development was
predicted by measuring and extrapolating the loss of charge car-
riers during the early aging test. The loss of charge carriers was
estimated by analyzing the bleaching of the electrolyte from dig-
ital photographs of the DSC samples.

2.4. Diffusion Resistance Model Description

There is an alternative approach to predict the loss of charge car-
riers in DSC electrolyte. This method does not rely on photo-
graphing of the cells, but instead uses impedance of different
DSC components measured throughout the aging test with
EIS. The diffusion resistance RD of DSC electrolyte is dependent
on the concentration of tri-iodide charge carriers as

RD ¼ kBTδ
n2q2DI�3

cI�3
(2)

where kB is the Boltzmann constant, T is the temperature, δ is
half of the electrolyte layer thickness, n is the number of electrons
transferred in the overall redox reaction, and q is the elementary
charge.[31] By combining this with Equation (1), it was shown that
the limiting current depends on the diffusion resistance as

Ilim ¼ 2FkBT
3n2q2RD

(3)

Once the concentration has decreased enough that the charge
carrier concentration limited the performance ISC ¼ Ilim. It was
established that Ilim is inversely proportional to RD, which can be
measured with EIS. If the change in RD from early measure-
ments can be extrapolated, then the decrease in cell current
can be predicted similar to the color analysis predictive model
described earlier. The difference between the two methods is
the recurring measurement technique required: periodic photog-
raphy or EIS measurements. Equation (2) suggests that RD
increases inversely when it is assumed that the tri-iodide concen-
tration decreases linearly.[26] Therefore, a function in the
following form is used.

RD ¼ �a ⋅ ðt� bÞ�1 þ c (4)

where a, b, and c are coefficients to be determined by fitting
(a, b≥⃒ 0) and t is the independent variable time. Additionally,
the RD time series was fitted to a single exponential function
for comparison.

RD ¼ a
0
eb

0
x (5)

where coefficients a
0
and b

0
are positive fitting parameters.

3. Results and Discussion

3.1. Colour Analysis Predictive Model Results

The initial PV performance of the assembled DSCs is presented
in Table 2. The components of the cells were chosen with stability
testing as the main purpose. The area of the cell which is filled
with electrolytes is wider than the actual active area of the cell.
This cell configuration introduces losses in the DSC power
conversion efficiency but facilitates determining the color of
the electrolyte from photographs. Figure 1 shows example photo-
graphs taken in the first 1000 h of the aging for a single sample.
The images also indicate the area from which the color is ana-
lyzed and the average color from that area. Note that the analyzed
area was to the side of the photoelectrode, where the electrolyte is
exposed without the dyed TiO2 layer. Such an area is not always
available in some cell configurations. An alternative method
would be to take the images from the backside of the DSCs,
but the accuracy of this method depends on the color of the dyed
TiO2 and its consistency across different samples.

Figure 2 illustrates how each of the RGB colors develop during
the aging test for all the cells. It is important to note that the red
and green components remain stable for the whole duration,
while only the blue value increases. The increase of the blue color
means that yellow––the complementary color for blue––is
decreasing, due to the electrolyte bleaching as described in
the previous section. The yellow component of the electrolyte
color was used to predict the evolution of the limiting current
with Equation (1). Figure 3 displays the predicted average life-
times and their deviations from two different points in aging:
the first is made after 336 h of aging with three color

Table 1. The values used by the color analysis predictive model in Equation (1). The source of each value is shown in “Details”.

Parameter Symbol Value Details

Faraday constant F 96 485.33 A s mol�1 Physical constant

Distance between the
electrodes

d 40 μm The thickness of the spacer used between the glass electrodes in cell preparation.

Diffusion coefficient of I�3
charge carriers

DI�3
6.8� 10�6 …

7.5� 10�6 cm2 s�1

Range calculated from the results of previous studies using Equation (1).[26,32]

I�3 concentration cI�3 0.050 mol L�1

(Initially)
Decreases as the aging progresses. Decrease is detected as bleaching of the electrolyte 0.654…0.909 mM Y�1. The

initial amount was estimated from the preparation of the electrolyte.[31]

Table 2. Initial performance indicators of DSCs used for the color analysis
predictive model. The values are averages and standard deviation
calculated from 29 samples.

Short-circuit current density [JSC] 10.5� 0.4 mA cm�2

Open circuit voltage (VOC) 787� 8 mV

Fill Factor (FF) 63� 2

Efficiency (η) 5.2� 0.2%
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measurements and the second is made after 504 h with four data
points. t80 and t20 are the times when the cells have reached 80%

and 20% of their initial efficiency, respectively. The accuracy of
the prediction is excellent for cells aged under xenon lamps, with
both t80 and t20 lifetimes successfully within the prediction inter-
vals. The prediction accuracy was lower for LED-illuminated
DSCs. The lower accuracy is caused by the significantly longer
lifetime for LED-illuminated samples: the bleaching of the
electrolyte is slower due to the lack of UV light and is harder
to accurately determine during early aging. The measured t80
was about 500 h longer than the 2500 h the color analysis predic-
tive model predicted. The DSC samples did not reach t20 during
the aging test since it was terminated after 3000 h, while the
prediction was closer to 4000 h.

An example of a prediction for the DSCs degraded under
xenon arc lamp illumination is shown in Figure 4a,b. The earlier
prediction made after 336 h of aging already correctly predicted
the rate of degradation and estimated the degradation of the
current mostly within the error margins of the model
(Figure 4a). The prediction made at 504 h improved the accuracy
even further with a remarkable match with the predicted current
(Figure 4b). In the case of aging under LED lights, the measured
current is within the range of the prediction made after 504 h
(Figure 4c). The 336-hour prediction, however, underestimates
the lifetime of the DSCs (Figure 4d). This is likely because
the solar cells clearly have longer lifetimes under LED illumina-
tion, i.e., slower bleaching, and the number of sample photo-
graphing sessions is insufficient to accurately estimate the

Figure 1. Digital photographs of an example cell at five points during the first 1008 h of aging. A white square in the images shows the area used in the
color analysis. The RGB values were calculated as the average of all the pixels in this area. Above the images is a color bar showing themeasured color, and
the yellow (Y) value calculated from the blue (B) value as Y = 255� B.

Figure 2. The development of RGB values during aging for: a) DSCs aged under Xenon arc lamps and b) DSCs aged under LEDs. The colors of the lines
represent each of the RGB colors. The colored region is the standard deviation of the samples. Both groups of cells had 9 individual samples.

Figure 3. Predicted lifetime indicators for DSC samples aged under Xenon
arc lamps or LEDs. t80 and t20 are the times when cell efficiency has
decreased to 80% and 20% of the peak value. The color analysis predictive
model was run twice: 336 and 504 h after the start of the aging. Also, the
measured values are shown. Cells aged under LEDs did not reach the t20
during the aging.
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slope of the color bleaching for this slow degradation. This dem-
onstrates that slower degradation requires a longer data collec-
tion time, or more frequent photographing measurements.

As an alternative predictive method, we tested predicting the
decrease of the limiting current by extrapolating the increase of
diffusion resistance RD caused by the loss of charge carriers. The
measured values of all EIS parameters for these DSCs are visible
in an earlier publication.[24] Time-inverse (Equation (4)) and sin-
gle exponential (Equation (5)) models were fitted to RD values
measured during the first 504 h of the aging test. The results
shown in Figure 5 illustrate that the extrapolative models are
unable to correctly predict the slope of the RD increase that
happens long after the time of prediction. The unpredictability
is illustrated in the time-inverse function fit giving wildly differ-
ent results when fitted to the data after 400 or 500 h of
aging. The exponential function––that has no physics-based
justification—has better accuracy but fails to reproduce the rapid
increase in RD once the concentration of charge carriers is low.
The inaccuracy of the prediction arises from the nonlinearity of
the extrapolated function, since it is challenging to find the cor-
rect fit without information about the location of the curve in a
time-inverse function. The same observation holds for the expo-
nential function. Our prediction through image analysis over-
comes this issue, since it relies on the color of the electrolyte
which is linearly related to the limiting current of a DSC, and

Figure 4. Predicted short-circuit current calculated from electrolyte color changes compared to measured current when DSCs were aged under: a,b)
xenon arc lamps and c,d) LEDs. Colored area for the predicted short-circuit current shows the uncertainty that takes into account the inaccuracies in the
diffusion coefficient and in yellow color to charge carrier conversion. The prediction was made: a,c) after 336 h of aging, and b,d) after 504 hours of aging,
indicated with a dashed line. The initial predicted current value is calculated from the average measured current between 100 h and the prediction time,
which is the only fitting parameter from measured current values used in the prediction. Gap in the current data for DSCs aged under xenon lamps is
caused by a data collection error.

Figure 5. A general time-inverse Equation (4) and a single exponential
function fitted to the RD of an example cell under xenon arc lamp. The
time-inverse function is fitted after 400 h and 500 h after the start of
the aging process and the single exponential 500 h after the start. The sin-
gle exponential model is included as a comparison to illustrate how well a
model without physics-based reasoning performs. Measurement points
are colored black until 400 h and green beyond 500 h to illustrate the
prediction. The data point that was used in the 500 h-predictions is half-
colored. The prediction moments differ from the color analysis method
since the EIS data was analyzed at exactly every 100 h.
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changes in it are clearly visible early in the aging. This example of
the EIS-based models demonstrates that even when the models
link to the same underlying degradation mechanism, the loss of
charge carriers in the electrolyte, the exact choice of the physics-
based parameters of the model, here either RD or electrolyte
color, bears importance for the accuracy of the predictions.
Similar considerations on the stability of the chosen physics-
based parameters also hold true for other solar cell types.

The most important aspects to consider when utilizing the
predictive color analysis model are: 1) the accuracy of the initial
values for DI�3

, 2) the link between the loss of charge carriers and
electrolyte bleaching, and 3) the assumed role of electrolyte
bleaching in the degradation. The model relies on the assump-
tion that electrolyte bleaching is the most severe degradation
factor, which holds for most DSCs apart from early-phase exper-
imental photoelectrode materials. DI�3

and how the loss of charge
carriers connects to electrolyte bleaching depend on the specifics
of the cell types under investigation. They need to be determined
before the color analysis method can be used to predict lifetime.
The accuracy and repeatability of the photographing process is a
key practical consideration for the success of the prediction.
Turning ordinary photographs to quantitative and reproducible
measurement data requires in practice both stable illumination
conditions and color calibration to transform the observed colors
to a stable reference color space.

It is worth mentioning that while this study uses iodide/
tri-iodide redox electrolyte, the method described here should
work on any type of electrolyte that demonstrates color change
as it degrades. Our previous study[34] revealed similar effects
in a cobalt complex electrolyte, but the color change was smaller
in magnitude. Smaller changes require high accuracy for the
image analysis to give reliable results.

3.2. Comparison to Other Models

We applied the extrapolation model introduced by Rizzo et al.[20]

to compare its performance to the color analysis predictive model
presented here. The extrapolation model was implemented with
a MATLAB script using Hampel filters for data smoothing and
outlier removal. The extrapolation fit was attempted using three
different functions: a linear polynomial, single exponential, and
double exponential. The predictions with both models were
made 504 h after the beginning of aging (Figure 6). The double

exponential version clearly performs the best among the extrap-
olative models. The polynomial and single exponential versions
are strongly affected by the initial increase in the short-circuit
current, which diverts them to increase infinitely. Even if the ini-
tial current stabilization is removed from the data, the extrapola-
tive models are unable to predict the degradation without moving
the moment of prediction to later, so that the shape and the rate
of degradation are clearer. The model based on the color changes
of the DSC electrolyte performed more accurately in both cases
than the more general models relying on extrapolation. A major
advantage of the color analysis predictive model is its ability to
use the physical properties of the DSC to capture changes in the
cell before they are apparent in the measured performance indi-
cators such as the current. This is especially valuable when study-
ing DSCs, which display nonlinear degradation behavior:
initially, the current of the cells appears to remain stable, until
it suddenly starts to rapidly decrease. This happens because the
limiting current starts to limit the short-circuit current extracted
from the DSC under standard illumination conditions. A model
that relies on extrapolation will fail to predict this nonlinear
behavior if the prediction is made before the rapid decrease of
performance begins. Making a prediction after the rapid loss
of performance has begun is not as useful as the early predic-
tions, since the DSCs will likely completely degrade relatively
soon after.

4. Conclusions

In this contribution, we present the first predictive model for
DSCs––an emerging PV technology––that is based on in situ
measurements at the early stage of stability testing, when the
PV performance remains unaffected by degradation. Our predic-
tive model was based on color changes in the electrolyte of a
DSC, serving as an indicator of the loss of charge carriers in
the electrolyte. Lifetime predictions with our model after 504 h
of aging were correct within the error margins for all DSCs that
degraded in the first 2500 h of aging. The method of predicting
lifetime from photographs is a frugal, low-cost, and high-
throughput compatible approach compared to more complex
measurements such as EIS-based analysis, which we also showed
to be less accurate.

While our color analysis predictive model was able to capture
the degradation accurately, different extrapolative methods were

Figure 6. Predictions made with different extrapolation fits. All the predictions were made after 504 h of aging. a) Demonstrates a DSC aged under xenon
arc lamp and b) a DSC under LEDs. Our colour analysis prediction is signified by the purple range, with the average marked using a dashed line.
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unable to do so at such an early stage of testing. The key to the
success of our model lies in the linear behavior of the electrolyte
color. The extrapolative methods depend on diffusion resistance
or current, both of which behave nonlinearly. Capturing the
nonlinearity is challenging from early measurement data.
Adopting predictive methods more widely for emerging solar cell
stability research could accelerate efforts to find material combi-
nations that would extend PV lifetime. In doing so, these prom-
ising PV technologies could be commercialized. Analyzing color
changes to predict performance degradation could also have
direct applications for perovskite solar cells, since perovskite
degradation induces a visible color change. Photographing could
also be used to study spatial differences of the tri-iodide concen-
tration in the electrolyte. Such a study could reveal concentration
gradients caused by reactions with the photoelectrode and the
counter electrode, or undesirable reactions at the sealant
interface.
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