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Abstract

Each solar cell is characterized at the end-of-line using current-voltage ( IV') measurements, except shingle cells, due to multiplied
measurement efforts. Therefore, the respective host cell quality is adopted for all resulting shingles, which is sufficient for samples
with laterally homogeneous quality. Yet, for heterogeneous defect distributions, this procedure leads to (i) loss of high quality
shingles due to defects on neighboring host cell parts, (ii) increased mismatch losses due to inaccurate binning and (iii) lack of
shingle-precise characterization. In spatially resolved host measurements, such as electroluminescence images, all shingles are
visible along with their properties. Within a comprehensive experiment 840 hosts and their resulting shingles are measured.
Thereafter, a deep learning model has been designed and optimized which processes host-images and determines IV parameters
like efficiency or fill factor, IV curves and binning classes for each shingle cell. The efficiency can be determined with an error
of 0 .06 % abs enabling a 13 % abs improvement in correct assignment of shingles to bin classes compared to industry standard.
This results in lower mismatch losses and higher output power on module level as demonstrated within simulations. Also IV

curves of defective and defect-free shingle cells can be derived with good agreement to actual shingle measurements.
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Each solar cell is characterized at the end-of-line using current-voltage (I'V) measurements, except shingle cells, due to multiplied
measurement efforts. Therefore, the respective host cell quality is adopted for all resulting shingles, which is sufficient for samples
with laterally homogeneous quality. Yet, for heterogeneous defect distributions, this procedure leads to (i) loss of high quality shingles
due to defects on neighboring host cell parts, (ii) increased mismatch losses due to inaccurate binning and (iii) lack of shingle-precise
characterization. In spatially resolved host measurements, such as electroluminescence images, all shingles are visible along with their
properties. Within a comprehensive experiment 840 hosts and their resulting shingles are measured. Thereafter, a deep learning model
has been designed and optimized which processes host-images and determines IV parameters like efficiency or fill factor, IV curves
and binning classes for each shingle cell. The efficiency can be determined with an error of 0.06 %.ps enabling a 13 %aps improvement
in correct assignment of shingles to bin classes compared to industry standard. This results in lower mismatch losses and higher output
power on module level as demonstrated within simulations. Also IV curves of defective and defect-free shingle cells can be derived
with good agreement to actual shingle measurements.

1 Introduction

At the end-of-line, solar cells are usually either sorted into bin classes based on their current-voltage (V)
characteristics or sorted out if they have severe defects. Yet, when it comes to shingle cells, those mea-
surements are cumbersome making this approach unattractive for industry. Since several shingle cells
are cut from one host cell, the measurement effort per Watt would be multiplied when measuring them
individually. Hence, production speed would be considerably decreased. Therefore, the host cell is usually
measured before separation. Presuming homogeneity, identical host quality is assumed for the shingle cells
leading to same quality classes and characteristics for each of them.

Simply applying host characteristics to all resulting shingle cells leads to inaccurate characterization and
subsequent issues as false positive rejections or reduced module quality. Our experiments described in this
paper show Pearson correlation coefficients of only 60 - 70 % between host and shingle IV parameters.
Accordingly, this can potentially lead to reduced sorting quality and hence higher mismatch losses, i.e.
performance losses due to dissimilarity of assembled cells within a module. In addition, higher material
loss can be expected. In our experiments, about 40 % of the shingle cells were incorrectly rejected as they
are situated on a locally faulty host.

The potential inhomogeneity in the processing of the host wafer is, however, well visible in spatially re-
solved inline measurements. Figure 1 shows on the left the electroluminescence (EL) image of one host
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cell. The upper shingles exhibit scratches; additionally, point-like inhomogeneities can be seen in the area
of the lowermost shingle. If only the host IV characteristic is considered for sorting, all six shingle cells
would be discarded. On the right, the efficiency and bin class of each shingle cell is shown according to the
shingle measurements. The efficiencies are slightly reduced compared to the host cell due to the cutting
process which leads to slightly increased edge recombination. Yet, it can be seen that only three of the six
shingles would have to be sorted out, while the other three could be integrated into modules. One shingle
cell even is among the best of the dataset studied. These characteristics are well visible in the EL image
of the host cell and can be used when characterizing the shingles.

We present a deep learning approach in which a convolutional neural network (CNN) is designed and opti-
mized to derive the quality of the resulting shingle cells from host measurements only. For this purpose, we
created a dataset consisting of comprehensive host and shingle measurements before and after separation,
respectively. We use industry standard inline measurements such as EL, photoluminescence (PL) as well
as thermography (TG) measurements of the host cell. The models are designed to evaluate the individual
shingle regions and approximate their quality, resulting in six outputs for each host cell, one per shingle.
We develop several models to study the prediction quality of single IV parameters such as efficiency or
fill factor, as well as the prediction quality for whole I'V curves for each shingle cell. We evaluate our
approach in terms of its effect on module level by simulating and comparing the mismatch loss of the
different sorting methods.

In other works, it has been shown that CNNs are well suited to incorporate spatially resolved inline mea-
surements into cell characterization. There exist various approaches to derive quality parameters of cells
from EL or PL images [1-11]. Those, however, are still focusing on full cells only. Also for modules, CNNs
in combination with EL or TG images are employed for quality assurance. Meanwhile, defect detection in
measured images using machine learning methods is becoming a common procedure for cells and wafers
as well, as indicated by the number of publications regarding that [12-33]. In terms of subcell characteri-
zation, Buratti et al. have presented an attempt to characterize half-cells via stretching the half image to
full cell size [34,35]. In contrast, we developed a compact model using full non-stretched host-images and
providing six shingle quality parameters or six shingle I'V curves at once.

Specifically, our contributions are (i) the development of empirical machine learning models combining
host measurements to determine shingle quality, (ii) a thorough evaluation of these models in terms of
IV parameters, binning quality, and IV curves with respect to real measurements and reference models,
and (iii) module simulations to investigate the sorting schemes’ influence in terms of output power and
mismatch loss.

2 Approach

We propose a deep learning model to compute I'V parameters and I'V curves of shingle cells from their
host measurements. The structure of the model is shown schematically in Figure 1 for the use case of
efficiency 7 prediction and binning. As shown in this work, the model can be trained for the prediction
of other IV parameters and I'V curves as well. The input measurements of the host cell are shown on
the left: We utilize EL, TG and PL images, additionally the respective host IV data is used as input. In
the use case illustrated, the shingle efficiencies are predicted, therefore the host efficiency 7,5 is passed as
input. For shingle evaluation, this data is processed by a CNN. This results in feature maps as shown in
the middle part under Shingle Extraction. From these, the corresponding shingle regions are filtered out
as highlighted in white. Regarding the example cell, it is visible in the top feature map that the defects in
the top two shingles have been identified. This becomes clear from the lighter areas in the feature map,
which represent higher activation in these areas and appear to be screening for this type of defect. For
the respective shingle regions, we apply shingle average pooling which also excludes the pseudo-squares,
resulting in one feature vector per shingle. These are each linearly mapped to the target variables, in this
case 11 - 1 for the six shingles, respectively.

Furthermore, Figure 1 shows the corresponding bin class of the host cell and the shingles, which are
partially different. The host efficiency of 1. = 21.3 % corresponds to a low value within the considered
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Figure 1: Structure of the empirical model for the calculation of shingle quality. Electroluminescence (EL), termography
(TG), photoluminescence (PL) and host IV measurements are shown on the left. These are passed to a convolutional neural
network (CNN) that produces feature maps reflecting properties of the shingles. Lighter areas represent higher activations
of the corresponding feature map. The individual shingle regions are pooled and within linear mappings used to predict the
IV parameters, IV curves, and bin classes of the shingles.

dataset. According to the low 7,5, all shingle cells would be sorted out (Bing,s = S.0.). The cutting
process slightly reduces the efficiency of the shingles due to an increased edge recombination. The criterion
for ”sorted out” (S.0.) is an efficiency Nspingie < 20.7 %. Furthermore, we define five bin classes C5 - C1 in
0.1 %ans steps upwards, C5 being the worst and C1 the best class. When examining the shingles’ efficiencies,
it can be seen that only three of the six shingles would need to be sorted out while the remaining three
get assigned to bin classes C1 or C3, respectively.

For derivation of shingle I'V curves, a current vector i is predicted for 100 specified voltage values. The
fixed voltage values were not set to be uniformly distributed, but were rather positioned to more densely
map key regions around the short-circuit current (J,.), maximum power point (MPP), and open-circuit
voltage (V,.). Also, as suggested in another work [1], the loss function was extended to the first and second
derivatives as described in Equation (1).

~ A

L= L1(i, i) + L1(i1—40, i1—40) + Ll(il—40,il—40) (1)

L; denotes the L1 loss function, iis the predicted current vector, i is the measured shingle current vector.
The dots stand for the respective derivative. The indices stand for the first 40 entries of the vectors, which
concern approximately the range from J,. to MPP. The inclusion of gradient terms in our loss function
favors a smooth IV progression between neighboring points that follows the measurement curve.

3 Experimental

As a basis for the experiments, we use 620 monofacial industrially produced passivated emitter and rear
cells (PERCs) as hosts. In addition, we use 220 host PERCs that were rejected by the manufacturer due to
optical or electrical defects in order to achieve a large variance in the dataset. The hosts are of M6 format,
i.e. of size 166 x 166 mm? with pseudo-square meaning edge and middle shingle vary slightly in area.
Ga-doped p-type silicon as base material was used to ensure stable cell efficiencies at room-temperature.
Each of the host cells was tagged six times with a unique data matrix code in each of the shingle regions.
The host cells were measured using EL, PL, TG and I'V. For the EL. measurements a measurement device
from halm. GmbH with an excitation current of 10 A, an integration time of 200 ms and a gain of 3 was
used. I'V and TG measurements were also performed by means of this device at reverse conditions using
—12V. Each of the still-connected shingles within the host was centrally contacted on the front and rear
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side with a contact bar. A measuring device from ISRA Vision was used for the PL images.

Each of the host cells was separated into six shingles using the laser scribe and mechanical cleave (LSMC)
method [36-38]. Starting with 840 host cells, this results in roughly 5000 shingle cells. The LSMC pro-
cess requires manual splitting, which may result in greater shingle variation compared to an automated
industrial process. Each of the shingle cells was measured by the same measuring equipment used for the
host cells. The shingles were centrally contacted with contact bars for the I'V measurements. The unique
identifier on each shingle was then used to build a dataset in which each of the six shingles can be assigned
to the corresponding host cell.

For the models described in Section 2, we used a modification of DenseNet [39]. The models were imple-
mented in PyTorch [40] and the Adam Optimizer [41] was utilized with a batch size of 20 and a learning
rate of 10~* and a plateau learning rate reduction schedule. All optimizations were performed on a Nvidia
GeForce RTX 2080 Ti graphics card. The models were trained for 100 epochs and evaluated within a
5-fold cross-validation. Accordingly, four fifths of the dataset were used to optimize each model and tested
on the last fifth. The process was repeated five times, each time using a different fifth as the test set, so
that prediction results are available for each cell without it being in the training set.

3.1 Experiment 1: Shingle /V Parameter Estimation

We investigate how well the image-based models can predict the I'V parameters of the shingle cells from
the host measurements. For this purpose, we specifically analyze the prediction of the efficiency 7, the fill
factor F'F', the open-circuit voltage V,. and the short-circuit current density J,.. Since PL measurements
are not always available in industry, we additionally examine to which extent the results change when the
model is optimized without PL images of the hosts. Furthermore, we study the individual errors with
respect to the shingles’ position within the host cell. As quality criteria, we use the mean absolute error
(M AFE) and the Pearson correlation coefficient (p).
For reference, the host I'V measurements are utilized with mean edge losses due to recombination at
the non-passivated shingle edges being subtracted. E.g. regarding the efficiency, we calculate the mean
efficiency difference A7 between host efficiency 7, and shingle efficiency 7,15 as defined in Equation
(2).

Alr_] = ﬁhosts - ,ﬁshingles (2)

Afterwards, this value is subtracted from the efficiency of the current host cell 75,4 in the reference method
to obtain the reference efficiency of the shingle cells, as described in Equation (3).

Nshingle,ref = Thost — Aﬁ (3)

The other I'V parameters are calculated accordingly.

3.2 Experiment 2: Binning

In this experiment, we study the extent to which binning quality can be improved using the image-based
models compared to the industry standard. The binning is therefore performed via the image-based model
using the predicted efficiency and the binning classes as described in Section 2. We compare the accuracy
of bin sorting and examine each binning class individually.

In addition, we investigate the impact of using an image-based model for binning at module level. For this,
we sort the shingles (i) based on the shingle measurements as reference, (ii) using the empirical image-based
model and (iii) based on the host IV measurements. Shingles sorted out by the respective method are not
considered, since they would not be built into a module. Within a module simulation, the hypothetical
module performance is calculated under standard test conditions (STC). The modules consist of six strings
connected in parallel. Each string contains 60 shingles connected in series. To get more consistent results,
we copy the shingles not being sorted out by the respective sorting scheme eight times and randomize the
the order of shingle cell selection within each bin class via the respective sorting approach.

For quantitative evaluation, we evaluate the power output of the respective classes and sorting approaches.
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For this, we compare the output powers of the three sorting schemes per bin class for all modules that are
simulated. We also consider the number of modules that can be build with respect to the sorting schemes.
Additionally, we use the mismatch loss P, as evaluation criterion as defined in Equation (4).

Pml:Psum_Psim (4)

Pym corresponds to the sum of the power output at MPP of the individual shingle cells interconnected
within one module and Pi;,, to the module power according to the module simulations. The difference P,;
is considered as mismatch loss coming from shingle cells’ dissimilarity.

3.3 Experiment 3: Shingle /V Curve Estimation

Within this experiment, we investigate how well the shingle IV curves can be derived from the host
measurement images. For this purpose, using the approach described in Section 2, the IV curves of some
example shingles with and without defects will be examined and compared with the actual IV curve
measured. A comparison to the host IV curve is considered as well. Additionally, the mean absolute error
and correlation coefficient per fixed voltage value are calculated over the dataset.

4 Experimental Results

4.1 Experiment 1: Shingle [V Parameter Estimation - Results

Correlation plots for all IV parameters visualize the agreement between predicted and measured quantities.
In Figure 2, the IV parameters estimated by the model from the host measurements (y-axis) are plotted
against the actual measurements (x-axis) in the form of a hexa-bin histogram. In accordance with the
colorbar on the right, darker bins correspond to areas with many points. The results are visualized in
Figure 2 (a) for n, in Figure 2 (b) for F'F, in Figure 2 (c) for V,. and in Figure 2 (d) for J,. Ideally, all
points should lie on the black diagonal (z = y). For all parameters examined, the predictions cluster close
to the diagonal. The results for 7 in Figure 2 (a) and V,. in 2 (c) seem to be particularly accurate, as the
dark hexabins corresponding to the respective colorbar are located on or very close to the diagonal.

The results of our investigations show, that the prediction quality does not change strongly when the
model is trained with or without PL image as additional input. Table 1 distinguishes the mean absolute
errors (M AFE) and correlation coefficients (p) for the IV parameters of the shingles once with and once
without PL measurement in columns 2-3 and 4-5, respectively. The IV parameters can be predicted with
and without PL image with errors lower than the typical measurement uncertainty and high correlation
coefficient. For nn and F'F the correlation coefficients are higher with PL image than without, the M AE's
are comparable, for F'F' the error is even slightly lower without PL image. Regarding V. and J,. there are
almost no differences.

Our model prediction correlates to the shingle measurements and outperforms the reference method purely
based on host IV. In addition to the results of the CNN, the results of the host based method can be
seen in columns 6-7. The errors are higher than those of the empirical models. The correlation coefficient
increases by more than 20 %, for n and F'F, for example, and J,. also shows more than a halving of the
MAE. With regard to V., there is an increase of 10 %, for the correlation coefficient, the mean errors,
however, are only slightly improved.

The IV parameters of the shingle cells can be predicted at all positions within the host, although slightly
increased errors occur at the edge shingles. In Table 2, the errors of the investigated IV parameters (column
2-5) are displayed as a function of the shingle position (column 1). Positions 1 and 6 correspond to the
edge shingles, the remaining positions to inner shingles within the host cell. For all parameters considered,
it can be seen that the errors at individual shingle level are similar to the global mean values from Table
1. However, for the edge shingle cells the errors of all parameters are slightly increased compared to those
of the inner shingle cells. In particular, this can be seen for J,. (column 5), where the two edge shingles
both show an error increased by 0.02mA cm™? compared to positions 2-5 whose background is discussed
in Section 5.
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Figure 2: Comparison of the predicted (y-axis) and measured (x-axis) IV parameters of the shingle cells. In (a) the results
are shown with respect to 7, in (b) with respect to fill factor F'F, in (c) with respect to open-circuit voltage V., and in (d)
with respect to short-circuit current density J..

Table 1: Results concerning the IV parameter derivation of the shingle cells. Columns 2-5 show the mean absolute errors and
correlation coefficients of the empirical model once with and once without PL images as model input. Columns 6-7 display
the results based on only host IV measurements as a reference (reflecting the present standard).

Image-Based with PL.  Image-Based without PL Host-Based
Parameter MAFE p MAE p MAE p
n 0.06 %oabs 82.9%  0.06 %aps 75.4 % 0.11 %oaps 60.0 %
FF 0.21 %oaps 82.5%  0.13 %abs 60.0% 0.33 %oabs 60.4 %
Ve 0.92mV 87.9% 0.92mV 87.8% 1.10mV 77.6%
Jse 0.03mA em > 71.4% 0.05mAcm™® 73.0%  0.07mAcm > 66.4%

4.2 Experiment 2: Binning - Results

The binning of the shingle cells can be improved by our network model based on image measurements
by about 13.6 %.ns on average. In Figure 3, the distribution of true shingle classes according the IV
measurements at the separated shingle cells is depicted for each classification bin when assigned by two
different prediction models. The respective left bar stands for the host-based model using only the IV data
of the host cells. The right bars stand for the image-based empirical model using the I'V and image data of
the host cells. Green colored parts correspond to shingle cells, which have been assigned to the correct class
by the respective method. According to the legend, the other colors stand for the actually correct bin class
based on the shingle IV measurement. As can be seen, the image-based approach increases the proportion
of correctly assigned shingles for all bin classes. Also, a larger proportion of misclassified shingles are in
adjacent bin classes compared to the host-based method. On average, the sorting accuracy is increased
by about 13.6 %a,s meaning that the amount of shingles which are classified to their actual correct bin is
increased by this percentage with the image-based model compared to the host-based approach. This is
reflected by the increase of the green bars in Figure 3.

Based on the various binning approaches, we want to assemble homogeneous modules with the same
cell quality. The output power of the simulated modules between shingle-measurement-based and image-

Table 2: Overview of mean absolute errors of I'V parameter results for shingle cells depending on their position within the
host cell.

Shingle Mean Absolute Errors

Position 71 [%oaps] FF [%aps] Voe [mV]  Jse [MA cm™2]
1 0.07 0.24 0.94 0.05

2 0.06 0.22 0.88 0.03

3 0.05 0.21 0.85 0.03

4 0.05 0.22 0.90 0.03

) 0.06 0.21 0.90 0.03

6 0.07 0.27 1.04 0.05
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Figure 3: Binning accuracy with respect to the sorting classes using the reference method based on only I'V data of the host
cells (left bars) and the our model based on IV and EL and PL image data of the host cells (right bars).
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Figure 4: (a) Output power and (b) missmatch losses of the simulated modules as a function of the bin classes for the different
sorting schemes (colors).

based approach is similar, while the host-based approach causes the modules to cover a narrower range
over the output power. Figure 4 (a) depicts the simulated power outputs of the modules as a function
of the bin classes as a box plot. The blue boxes represent the shingle-measurement-based approach as a
reference, while the green ones represent the image-based and the orange ones the host-based approach.
The numbers below each box indicate the number of modules assigned to the corresponding bin class by
the respective sorting scheme. The image-based and the reference approach have similar performance per
bin class. The number of assigned modules is also similar. The largest variation here is found in C3 with
40 and 48 modules, respectively. The module performance seems to increase by a similar amount per bin
class. When host-based sorting is considered, it can be seen that the bin class distribution is more dense,
so that the power classes are close to each other. With this method, most modules are assigned to the
middle bin classes C4 and C3, and the number of better-class modules in C1 and C2 is lower than for the
image-based and reference sorting schemes. Also, the average performance of C1 modules is ca. 2 Watt
lower than for the reference sorting, while the average performance of the C5 modules is increased by ca.
1 Watt.

In Figure 4 (b), the mismatch with respect to all bin classes are shown in blue for the reference, in green
for the image-based approach, and in orange for the host-based approach. Both the reference and the
image-based approach show slightly lower mismatch losses than the host-based approach. The losses of
the latter are also approximately constant for all bin classes, while those of the reference and image-based
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Figure 5: Visualization of shingle JV curves predicted from host measurements for an example cell. (a) EL image of the host
cell with shingles A (orange) and B (green) whose JV-curves are further evaluated. (b-d) JV curve predictions (continuous)
and measurements (dashed) for shingles A and B in comparison to the host JV curve (blue) (b) as a whole and zoomed into
the regions around (c) Jg., (d) V,e and (e) MPP.

5 élﬂj s
|
/

approaches decrease for better bin classes. The modules of class C1 have even lower mismatch losses with
the image-based approach than those sorted with shingle measurements.

4.3 Experiment 3: Shingle /V Curve Estimation - Results

The I'V curves of the shingles calculated by the image-based model from the host measurements match well
with the measured curves. In Figure 5 an example host cell and the IV curves results can be seen. In Figure
5 (a) the EL image of the host cell is depicted. Shingle A marked in orange has some point-like defects
(dark spots) possibly originiating from a local contamination during processing, which lowers its quality.
Shingle cell B marked in green does not show any visible defects. In Figure 5 (b-d), the current density J
over the voltage V' is displayed for these two shingles in the corresponding colors. The complete curves are
shown in Figure 5 (b) and details in the regions around Js., V,. and MPP in Figure 5 (c-e), respectively.
The dashed curves in each figure represent the measurements, while the solid ones show the prediction of
the model. In addition, the JV curve of the host cell is depicted in blue. The measured and predicted
curves of shingle A lie close to each other and exhibit lower J,. and V,. values due to the present point
defect. A slightly different slope compared to the measurement can be observed in the region around V.
in Figure 5 (d) along with a slight deviation around MPP in Figure 5 (e). The defect-free shingle B is also
well approximated. In the region around J,., it can be seen that the model-based JV-curve is lying below
the measurement by about 0.06 mA cm 2, at V,, the curves run parallel at a distance of about 0.7mV.
In the region around MPP the lines also lie close to each other. Compared to the host measurement,
the approximation of the model is slightly more accurate, however, the model slightly underestimates the
current values in these examples.

If defects are not visible in the measurement images, the prediction accuracy of the image-based model is
reduced. Figure 6 shows EL images and IV curves of another host cell. In Figure 6 (a), the bar-contacted
EL image is shown, which is also input to the image-based model. In Figure 6 (b), the EL image of the
same cell with a GridTouch contacting unit is shown. Shingle cell B is highlighted in red. It can be seen
that shingle B has a long scratch that is hidden by the contacting bar in Figure 6 (a). In Figure 6 (c), the
continuous line is the predicted JV curve and the dashed one is the measured JV curve of the shingle. It
can be seen that they do not lie on top of each other. In Figure 6 (d) an excerpt of the curve around the
MPP is shown. It is visible that the measured curve is below the predicted curve of the shingle cell, while
the JV curve of the host cell is even above both shingle curves which reflects the positive impact of the
other defect-free shingle cells.

On average, the prediction of the voltage-dependent current seems to be more accurate in the range of I,
than in the range of V,.. In Figure 7, the Pearson correlation coefficient p and the mean absolute error
between shingle prediction and measurement are shown in orange and blue, respectively. In the range from
0 to 0.5V, there is a low error of about 0.0002 A and a high correlation coefficient of about 95%. From
there to 0.675V the correlation coefficient decreases and the error increases. The mean V. of the dataset
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Figure 6: Visualization of the JV curve calculation of a second example cell. In (a) and (b) EL images of the same host
cell are shown, measured with a bar contact unit and the wire-based GridTouch contact unit, respectively. The investigated
shingle cell B is highlighted in red. The predicted (red, continuous) and measured (red, dashed) shingle JV curves and the
host JV curves are displayed in (c) and (d).
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Figure 7: Visualization of mean absolute error (blue) and correlation factor (orange) of measured and predicted current I as
a function of voltage V for shingle IV curve prediction.

is about 0.667V, at which the current prediction error is 0.034 A. Due to the steep slope in this region,
larger errors are to be expected.

5 Discussion

The prediction of common IV parameters of shingle cells from spatially resolved host inline measurements
is possible with reasonable accuracy. For the parameters studied, the results of the empirical models are
better than those of the host-I'V-based method in terms of mean absolute error and correlation coefficients.
The method also works without the inclusion of PL images. The results of the networks deteriorate only
slightly in this case. Surprisingly, the error becomes smaller in the case of F'F' (Table 1), but the correlation
coefficient also decreases by 20 %.1s. It seems that the edge shingles are harder to be assessed by the model
since the error decreases for the center shingles. An explanation is that more cell area is obscured by the
contacting bars due to the angle of the camera for the edge shingles, which is well visible in Figures 5 (a)
and 6 (a) compared to the middle shingles. The occluded view increases the uncertainty of the empirical
model within those regions and results in higher prediction errors.

The image-based approach is well suited for sorting shingle cells into bin classes and improves the output
results on module level. The sorting results are more accurate compared to the host-based approach. Shin-
gles being incorrectly sorted by the empirical approach are mostly located in neighboring bin classes, while
the classification error sorting distribution of the host-based classification is wider. That results in more
frequent modules built up e.g. from shingles coming from bin classes C3 and C1 and by this reducing the
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overall module quality. Accordingly, the performance groups of the image-based approach are separated
more effectively compared to the host-based approach, so that the performance of the image-binned mod-
ules reaches above 290 W and that of the host-based ones is just at ca. 288 W. Furthermore, fewer modules
of the best class were generally produced by host-binning than by image-binning within our investigations.
However, it should be noted that instead of treating the shingles equally as described in Equation (3), the
reference method could be improved by handling center and edge shingles separately.

The model is also capable of deriving the IV curves of the shingles from spatially resolved measurements of
the hosts, but is limited in some cases by occluded cell properties. The JV curves of the shingles are well
reproduced and are in better agreement withe the actual shingle cell measurement than the host JV curve.
This is the case for both, defective and defect-free shingles. However, it is possible that a defect may be
obscured by measurement equipment such as the bar contact in the EL measurement, so that the hidden
defect will cause discrepancies in the prediction. In these cases, the model does not appear to be piecing
together the concealed information from the other measurements, such as the PL image. The problem
could be reduced by using more data in which defects are partially occluded or by selectively covering
known defects while training enforcing the model to stitch together partly occluded defects. Furthermore,
it would be thinkable to use only PL images, possibly in combination with a partial shading [1], in order to
measure series resistance properties as well. In addition, a GridTouch contact unit could be used covering
less cell area. Disadvantage here is that it reveals series resistance defects less effectively. The error in the
prediction increases in the region between MPP and V,.. This is expected, since in this region, the largest
change in the IV curve is present. Furthermore, the EL. measurement is performed approximately at J,.
conditions with 10 A, but the defects arising from separation mainly affect F'F' and V,.. The losses due to
separation cannot be derived from the host measurements which may result in a larger uncertainty in the
regions around MPP and V..

We assess the methodology to be relevant for today’s shingle cell production, however, as it involves little
additional effort in practice. Since the empirical model is based on electroluminescence, photolumines-
cence, thermography and I'V measurements of the host, which are widely used measurement techniques
in industry, no additional overhead is required here. The evaluation of the measurements can happen at
inline speed. However, an additional step of sorting the shingles is necessary, which is not required using
the reference method based on only host IV data, since the shingles from each host cell are sorted into the
same quality class irrespective of local variations. In addition, the approach is based on the assumption
that the losses due to the cutting process are approximately constant. A systematic defect in this process
step would not be detected by the model. Nevertheless, this also applies to the current industry standard.

6 Conclusion

We have introduced a deep learning model to characterize shingle solar cells as an extension to the existing
idea of adopting host I'V values. The approach is based on common spatially resolved inline measurement
techniques such as electroluminescence or photoluminescence measurements of the host cells that have not
yet been cut. On these measured images, the properties of the shingles are visible and can be assessed
within a convolutional neural network. We have developed models regarding IV parameters, binning and
1V curve prediction.

The empirical models have shown to be able to derive IV parameters, IV curves and binning classes of
the shingles from host measurements accurately. For example, mean absolute errors with respect to the
efficiency 7 of 0.06 %aps or with respect to short-circuit current density J,. of 0.03mA ¢cm ™2 are obtained
with high correlation coefficients. These values are higher than those of the reference method based purely
on host IV values. Accordingly, binning can be improved by 13 %.1s which results in clearly separable
module classes and reduced mismatch loss. Also I'V curves of the shingles can be well derived from the
host measurements for both defective and defect-free shingles.

We expect that better binning will result in less wasted shingle cells because fewer cells will be incorrectly
rejected. In addition, the quality of the shingles can be assessed during the process without any loss of
throughput. Lastly, less mismatch loss in the module can be anticipated due to more accurate binning.
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