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To mitigate climate change, the Intergovernmental Panel on Climate Change (IPCC) has set a clear
goal to achieve one-third of the world’s energy demand through renewable resources [1]. Due to the
abundance of solar resources [2], low cost, and high bankability [3] of photovoltaic (PV) installation,
PV has a key role to play in reducing global carbon emissions. The high reliability and durability of
PV modules will enable harnessing the full potential of PV as the major energy source of the future.
Luminescence imaging is a powerful characterization method that provides spatial information about
defects in solar cells and modules [4, 5]. Luminescence images with the high spatial resolution are
desirable to reliably identify even small defects; however, high spatial resolution images are typically
achieved at the expense of costly imaging systems. This study investigates algorithmic-based
approaches to increase the spatial resolution of luminescence images and thereby enhance the
capabilities of existing luminescence imaging systems with no additional cost.
Deep learning techniques for enhancing image spatial resolution have achieved promising results
[10]. The super-resolution convolutional neural network (SRCNN) approach is the first method to use
a convolutional neural network for super-resolution (SR) imaging and achieved superior results
compared to the then state-of-the-art techniques [6]. Not long after, fast super-resolution
convolutional neural network (FSRCNN) was suggested as an upgrade of SRCNN and found to be
40 times faster [7]. With the advancement in convolutional neural networks, SR techniques have
been improved as well [11, 12]. Recently, generative adversarial network (GAN)-based superresolution methods have achieved promising results due to the additional adversarial loss used in
their networks [8, 9]. In this study, we propose to use the enhanced super-resolution GAN (ESRGAN)
algorithm [9] to generate high-resolution luminescence images from low-resolution images. To our
knowledge, this is the first use of deep learning to enhance image resolution for PV applications.
For network training, electroluminescence (EL) images of nine-busbar (16,500 images) and fivebusbar (10,000 images) mono-crystalline industrial solar cells with a resolution of 520×520 pixels
were used. These images were used as the high-resolution (HR) images in the training. Lowresolution (LR) images of 130×130 pixels were generated by down sampling the HR images by a
factor of four. The paired dataset of LR and HR images was then used to train the network. A test
dataset of 438 EL images unseen by the algorithm was used for validation purposes.
We evaluate the results obtained by our ESRGAN-based method using the peak signal-to-noise ratio
(PSNR) and structure similarity (SSIM) image metrics which represent pixel-wise difference and
structural similarity with ground truth images, respectively. We also compare the results obtained by
the proposed method with a traditional baseline technique called Bicubic interpolation [13] on the
test dataset. The comparison is done based on PSNR, SSIM, and visual inspection.
Figure 1 shows a representative low-resolution image as well as the generated Bicubic and ESRGAN
images. The generated images are compared with the ground truth (the high-resolution) image using
the PSNR (infinite PSNR is desired) and SSIM (SSIM of unity is preferred) metrics. To aid visual
inspection, zoomed regions of each image is presented in Fig.1. The qualitative visual comparison
shows the superior image quality of the image that was reconstructed using ESGRAN [Fig.1(c)].
Even the smallest features, including the pin-like defects along the busbars, are clearly reconstructed
using ESRGAN, whereas they appear extremely blurred in the image reconstructed via Bicubic
interpolation. In fact, the image reconstructed via ESGRAN is virtually indistinguishable from the

ground truth image shown in Fig.1(d). The results demonstrate the substantial potential of the
proposed method to provide super-resolution luminescence imaging.

(a)

(b)

(c)

(d)

Figure 1: Representative low-resolution (a), Bicubic up-sampled (b), ESRGAN up-sampled (c),
and ground truth (d) images. Zoomed in regions (marked with yellow rectangles) are shown
as well as the calculated PSNR and SSIM metrics.
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Figure 2: Distribution of image metrics of the test dataset: PSNR (a), and SSIM (b).
In Figure 2, the distributions of PSNR (a) and SSIM (b) of the generated high-resolution images
using ESRGAN and the Bicubic interpolation are shown for the test dataset. Our deep learningbased approach outperforms the baseline technique.

To summarise, in this study, we demonstrate the use of the enhanced super-resolution generative
adversarial network (ESRGAN) to enhance the spatial resolution of luminescence images which
could be captured using a low-cost camera, or to enhance the capability of a current luminescence
imaging system by increasing the spatial resolution to detect even smallest defects. The image
quality generated by the deep learning method is better than the traditional baseline method in image
processing. This approach can be applied to other PV-related imaging techniques, such as thermal
imaging, visible imaging, and fluorescence imaging.
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