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1. Abstract

The photovoltaic industry is growing rapidly and is projected to supply about 80% of global renewable
power by 2030. To support this expansion, reliable and fast characterisation techniques are required
for solar cells in mass production lines. Contactless measurements are particularly valuable, as they
enable higher throughput and minimise the risk of damage to manufactured cells.

One of the most critical electrical parameters of solar cells is their series resistance (Rs). It directly
influences the fill factor and, consequently, the overall conversion efficiency. Traditionally, Rs is
measured using current—voltage techniques. However, these methods yield only a global Rs value and
cannot capture spatial variations across the cell, even though non-uniform Rs distributions are
frequently observed. To overcome this limitation, various Rs imaging methods have been developed.
Yet, all of these approaches rely on contacting the solar cell. As the busbars of modern solar cells
become thinner and more numerous, establishing reliable contacts for such measurements has become
increasingly challenging. Recently, a fully contactless Rs imaging method was introduced. However,
this approach relies on several assumptions that may restrict its applicability.

In this study, we propose a machine learning (ML) framework to address this gap. An ML model with a
customised loss function was developed to mitigate the errors arising from the assumptions inherent in
contactless Rs measurements, thereby, narrowing the discrepancy with the true Rs values. The model
achieved more than a 90% reduction in error and improved the structural similarity to the true Rs values
by approximately 30% for both uniform and non-uniform Rs distributions. These promising results
highlight the strong potential of contactless™ (contactless and ML) Rs imaging for scalable adoption in
inline solar cell manufacturing.

2. Introduction

Photovoltaic (PV) technology is at the core of the global shift to clean energy [1]. In 2024, PV contributed
over three-quarters of all new renewable capacity, reaching a record of 452 GW [2]. By 2030, PV
installations are expected to supply nearly 80% of the global renewable power [3]. To drive continued
progress, the industry needs fast and reliable inspection methods that identify defects at early stages
and maintain efficient production.

A key factor in improving solar cell efficiency is the optimisation of its electrical parameters, particularly
series resistance (Rs) [4]. High Rs reduces fill factor, limits current flow, and lowers the power output
[5]. Moreover, even small increases in Rs can cause major efficiency losses at scale [4]. Hence, fast
and accurate Rs measurements are critical for quality and reliability control.

The most common way to determine Rs of a solar cell is by current-voltage (I-V) measurements [6],
which are performed by sweeping the voltage across the cell while measuring its current [7]. While
effective, this method yields only a single lumped value, the global Rs [6], offering no insight into spatial
variations of Rs across the cell. However, it has been often reported [1] [8] [9] [10] that Rs has local
non-uniformities due to materials or process variations.

To address this limitation, luminescence-based methods, such as electroluminescence (EL) [11] and
photoluminescence (PL) [12] imaging, have been developed to capture Rs images [13] [14]. However,
these techniques still require proper electrical contacts, which can be challenging or incompatible with
advanced designs such as multi-busbar (multi-BB), zero-busbar (0BB), or back-contact (BC) cells [15].
Moreover, contact-based measurements also significantly reduce the throughput and increase the risk
of cell breakage [8].
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This has motivated the development of contactless Rs imaging which is fast, non-invasive, and suitable
for inline inspection [8]. By utilising PL imaging with partial illumination, the method quantitatively
provides Rs images based on the analysis of the lateral current flow and voltage drops across the cell
[8]. However, the method relies on simplifying assumptions that may limit its applicability. In particular,
it assumes that the terminal voltage is identical throughout the process of capturing the images [8], and
that the dark current follows the ideal diode model [8]. As a result, the Rs values derived from
contactless imaging can deviate from the true values [8], creating a need for further correction to ensure
accuracy.

Machine learning (ML) models have gained widespread attention for their ability to correct
measurement errors and enhance image quality across different fields [16] [17] [18]. In PV, ML has
been applied to tasks such as defect detection [19], image denoising [20] [21], and image enhancement
[22], demonstrating its adaptability to complex imaging problems. By learning directly from data, these
models can help correct or reconstruct inputs affected by assumptions or noise [16]. Among the various
architectures explored for image correction tasks, U-net [23] has consistently shown strong
performance and remains one of the most widely used models due to its ability to preserve spatial
structure while enabling accurate reconstruction [21].

Building on this foundation, this study introduces an ML-based approach, using U-net model with a
customised loss function, to reduce the error in contactless Rs measurements caused by the method’s
simplifying assumptions. With this model, contactless Rs values become more accurate, supporting its
application in fast, non-invasive inspection for mass-scale inline solar cell production.

3. Methodology

A. Dataset generation and pre-process:

This Study utilised Griddler [24] to generate a Iarge Table 1. Key electrical parameter ranges

dataset of 16-busbar solar cells. Key electrical Parameter Range

parameters, including the front and rear finger ~Contact resistance 10 — 50 Q-cm?

O e oo sl ors,  Average 0915 o
Sheet), Average RSheet 100 - 300 ()Cm2

density (Jo1), were randomly varied (see Table 1) to
produce a wide range of cells with diverse electrical
performance.

Three subsets of solar cells were created to reflect increasing levels of complexity. The first subset
included 320 uniform samples, where randomly assigned values of each of the key parameters were
applied uniformly across the cell to model spatially homogeneous behaviour. The second subset
contained 300 uniform samples with finger breaks, designed to simulate structural defects while
preserving electrical uniformity. For this subset, between 1 and 20 breaks were randomly inserted
across the metallisation to replicate anomalies commonly observed in practice. The third subset
consisted of 188 non-uniform cells, in which spatial variation in both Rsneet and Jo1 was introduced using
defect patterns extracted from solar cell images used by Javier et al. [25].

Table 2. Simulated datasets

Cells Type Samples Average mean Min mean Max mean
(Q/cm?) (Q/cm?) (Q/lcm?)
Uniform 320 1.89 0.27 2.88
Uniform with finger breaks 300 1.97 1.00 3.01
Non-Uniform 188 3.40 0.35 5.75

For each simulated solar cell, the Rs image generated by Griddler’s built-in function [24] was considered
the “ground truth”. To compute the contactless Rs image, a separate process involving simulated PL
images was applied. Two non-uniform illumination patterns were defined such that alternating regions
between the busbars were illuminated, as described in [8]. For each pattern, two illumination intensities,
equivalent to 1 sun and 0.2 suns, were used, resulting in a total of four PL images per cell. These four
images were then stitched together to reconstruct the four inputs needed for contactless Rs calculation.



# % ASIA-PACIFIC .
N ¢# SOLAR RESEARCH CONFERENCE 2-4 Dec 2025, Brisbane

Specifically, all illuminated regions at the same intensity were combined to form two PL with current
extraction (PLce) images at two illumination intensities, while the non-illuminated regions were
combined to generate two EL images at two injection levels. Using these stitched PLce and EL images,
the contactless Rs image was calculated following the procedure in [8].

B. Machine Learning Model

In this study, a residual learning pipeline based on a U-net architecture [23] with a ResNet-34 encoder
[26] was employed (Figure 1). The model takes a contactless Rs image as input and predicts a residual
map, which is then added back to the input image to produce the corrected contactless Rs map.

Residual Prediction

Residual

Corrected
Contactless
tout Rs map

nput
Contactless |
Rs Image

Figure 1. Residual ML pipeline in this study

Map

Training was guided by a customised loss function that combined mean squared error (MSE) [27] and
structural similarity index measure (SSIM) [27], selected to jointly capture both pixel-wise accuracy and
perceptual fidelity. The performance is considered better when the MSE is low and the SSIM is high.

The MSE evaluates the average squared difference between predicted and ground truth values at each
pixel [27], serving as the primary measure of numerical accuracy. However, in both simulated and real
data, noticeable noise was often observed along the edges, and the four corners showed missing values
due to the pseudo-square geometry, where no physical measurements or simulation data were
available. To prevent such artefacts from skewing the learning process, a spatial mask was introduced
to exclude these regions from the loss calculation:

TiM; - (v — t;)?
MSE (y, t) =
masked (Y ZiMi

where M is the product of a per-sample NaN mask and a global spatial mask. This mask ensures the
MSE focuses only on reliable pixels during training, thereby preserving stability in the learning process.

The SSIM, by contrast, evaluates overall structural similarity across local image patches [27], and
masking it could disrupt these local comparisons and lead to unstable gradients. Therefore, SSIM is
computed over the full image and defined as:

2 + Cy) (o) + C

SSIM(y, ) = ( Uy Ut 1)( yt 2)

(U3 + pg + C)(oy + 02 + C3)

where u,, and u, are the means of image patches from the prediction y and target t, respectively. af
and ¢? are the patch variances, and gy is the patch covariance. The constants ¢; and C, help prevent
instability when the denominator approaches zero. This formulation ensures that the SSIM captures
luminance, contrast, and structural similarity between the predicted and ground-truth patches, making
it a perceptually meaningful complement to the pixel-wise MSE.

The final loss (£) is defined as:
L = a MSEpaskea(,t) + B+ [1 = SSIM(y', )]

where y denotes the model prediction, t is the target value (ground truth), and y’ and t’ are the globally
normalised y and t using dataset-wide min/max values, respectively. The weights a = 0.6 for MSE and
B = 0.4 for SSIM were selected after multiple proportion tests, which showed that prioritising MSE
provides better results, and the chosen ratio offered the best balance between accuracy and structural
detail.

The model was assessed across three structured training pipelines, progressing from idealised, uniform
cells to structurally and electrically complex cases. This setup enables systematic training and
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evaluation of the model performance under progressively more realistic conditions, as summarised in
Table 3.

Table 3. Pipelines

Pipeline Composition Samples Difficulty
A All plain uniform cells 320 Easiest
B Pipeline A + 300 uniform cells with finger breaks 620 Moderate
C Pipeline B + 188 non-uniform cells 807 Most challenging
4. Results

Results across the two primary evaluation metrics, SSIM and MSE, are shown in Figure 2. All pipelines
exhibited substantial improvement after correction, with the degree of improvement varying according
to dataset complexity.
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Figure 2. Comparison of (a) SSIM and (b) MSE across Pipelines A, B, and C before and after ML-based correction. The
results show improvements in all pipelines, with gains depending on data complexity.

In Pipeline A, which comprised structurally uniform cells, the SSIM increased markedly from 0.53 to
0.93, while the MSE fell from 0.84 to 0.02. These values indicate that the model can reconstruct ideal
cells with high fidelity, capturing both pixel-level accuracy and perceptual quality. This outcome confirms
the suitability of the proposed approach for high-quality, low-variation datasets.

In Pipeline B, which introduced uniform cells with finger breaks, the model continued to perform well.
SSIM improved from 0.48 to 0.90, while MSE dropped from 1.08 to 0.02. This reinforces the model's
ability to generalise to moderate defects and recover structural features such as breaks, demonstrating
robustness in handling realistic yet systematic imperfections.

Pipeline C, the most challenging scenario, incorporated non-uniform cells with spatially varying
resistance. Despite the increased complexity, the model achieved an SSIM improvement from 0.35 to
0.63 and a notable drop in MSE from 0.78 to 0.07. Although the absolute scores are lower than those
of Pipelines A and B, the relative gains reflect the model’s capacity to generalise under high variability .

To investigate how the model handles the diverse samples within Pipeline C, its behaviour was
examined across individual cases as shown in Figure 3. For uniform samples from indices 25 to 123,
predicted means remain closely aligned with the targets, indicating accurate reconstruction. In contrast,
a noticeable performance drop appears in the non-uniform samples (highlighted by the red box), where
abrupt spatial resistance variations present a greater learning challenge.

Further qualitative insights are provided by two representative examples in Figure 4. Each example
includes residual maps using a blue-white-red (BWR) colormap, where values close to zero (white)
indicate a better alignment between the contactless images and the ground truth images, while red and
blue extremes highlight larger deviations. In Fig. 4(a), which depicts a uniform cell with finger breaks,
the corrected output visibly restores structural continuity and substantially reduces residual artefacts.
In contrast, the non-uniform cell presented in Fig. 4(b) shows only partial improvement, with artefacts
persisting particularly in regions of strong local variation. This comparison underscores the inherent
difficulty of reconstructing cells with spatially distributed anomalies.
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Figure 3. Comparison of target and predicted means for Pipeline C. Non-uniform images are marked in the red box,

and uniform cells are shown in the middle.
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Figure 4. (a) A uniform cell with finger breaks, and (b) a non-uniform cell. Each set shows: (i) ground truth image, (ii)
input contactless image, (iii) residual between (i) and (ii), (iv) corrected contactless image, and (v) residual between
(i) and (iv).
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Across all three pipelines, performance trends clearly follow dataset complexity: highest for Pipeline A,
moderate for Pipeline B, and lowest for Pipeline C. Yet in all cases, the corrected outputs represent
substantial improvements over the baseline. These results confirm that the residual learning pipeline
not only performs well on stable and uniform data but also offers tangible improvements on structurally
diverse samples. The reduced performance gains observed in Pipeline C illustrate the trade-off between
accuracy and robustness, which is an important consideration when applying machine learning
correction techniques to practical photovoltaic datasets.

5. Conclusion

This study presented a U-net-based residual learning model with a customised loss function and spatial
masking strategy to correct contactless Rs images. The approach effectively reduced discrepancies
between the input and ground truth images, demonstrating strong performance across datasets of
varying structural complexity. While the model achieved high accuracy on uniform and mildly defective
cells, its performance was slightly reduced on samples with greater spatial variability, highlighting the
challenge of generalising under real-world conditions.

Future study will focus on enhancing model robustness by expanding the training dataset to include a
broader range of resistance values and more diverse structural configurations, such as varying busbar
counts and edge conditions. Additionally, validating the model on experimentally measured Rs maps
will be critical to ensure its practical applicability in photovoltaic characterisation.
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