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Abstract

Connectomics research relies heavily on high-resolution imaging of neurons, allowing for the segmen-
tation and tracing of nerve structures. Typically, high-resolution images cover only limited areas,
while broader overviews are captured at lower resolutions. As segmentation techniques continue to
improve, the analysis of these low-resolution regions has become of increasing interest. Al-driven super
resolution models o [ed the potential to upsample low-resolution neural images, enabling automated
segmentation in regions that were previously unusable for analysis and increasing precision in areas
with high feature density. As this specific application of super resolution is previously unexplored,
and given the growing variety of model architectures available, this work investigates three represen-
tative models of dilerent architectures, Real-ESRGAN, SR3, and EDT, and variety of training loss
functions. The goal is to compare the strengths and limitations of these architectures when fine-tuned
on serial block-face electron microscopy images. This task demands a high degree of structural con-
sistency between low and high resolution outputs. REAL-ESRGAN and SR3 were found to be prone
to hallucinations and artifacts, which can hinder downstream applications. In contrast, the fine-tuned
EDT models tended to produce overly smooth outputs and in this removed small features. Some
improvement was achieved with a task-specific EDT model trained from the ground up and the use of
structural similarity—based loss functions.
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1 Introduction

Many research elds within biology are becoming increasingly data-driven. To unravel the neuronal
processes behind animal behaviour, researchers work on digitally reconstructing parts of insects' central
complex, a specic region of the brain that computes navigation among other behaviors. These re-
constructions are obtained by photographing select parts of the animals' central complex, layering the
images and then tracing individual neurons through this image volume (Heinze and Homberg 2008),
as seen in Figure 1. In the emerging eld of connectomics, the study of mapping neural connections,
the need for automated image assembly, and neuron segmentation within and across layers is rapidly
growing (Jurrus et al. 2013). High resolution (HR) images are ideal for reconstruction, but challenging
to acquire since photographing large areas with HR is costly, and produces large data volumes that are
di cult to store and handle. Due to these factors, only selected regions are photographed in HR, and
the larger regions are photographed in lower resolution. In the process of taking serial block-face elec-
tron microscopy (SBEM) images the sample gets destroyed as each layer is removed from the sample
after being processed (Briggman and Bock 2012). As automation processes are becoming increasingly
e cient, larger amounts of data can be processed and regions that previously would not have been
considered for segmentation are now of potential interest. It would thus be bene cial if the previously
less prioritized low resolution (LR) regions could be upsampled and explored without having to repeat
the entire data acquisition and segmentation for a completely new sample.

Figure 1. Overview of neuron tracing. Areas of interest are captured as 2D slices and assembled to
3D image volumes from which neuron tracts can be segmented.

Recently, there have been many advances in using Deep Neural Networks (DNNs) for super resolution
(SR) tasks, turning LR data into possible HR counterparts (Yang et al. 2021). As this eld is still
rapidly growing, a variety of possible network architectures are being explored in parallel with di erent
strengths and shortcomings in how well they can be ne-tuned for speci ¢ tasks.
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2 Theoretical Background

SR is the computer-vision task of transforming LR images, volumes and videos into HR. Speci cally,
this work considers Single Image Super Resolution (SISR). SISR is an ill-posed problem since there
can be many possible HR images for any given LR image, but if done correctly it would enable new
possibilities for tasks such as neuron segmentation where feature loss in low quality images is an issue.
By enhancing the quality of LR images, automated segmentation and reconstruction may become
possible in new areas. It would also make manual reconstruction faster and potentially more accurate.
Higher accuracy for both manual and automated neuron reconstruction would lead to larger amounts
of data being able to be processed with less manual proofreading. The use of LR images in place of
HR images would therefore lower both labor cost, as well as making data acquisition faster and more
economical.

SR methods have evolved from simple techniques, such as interpolation, to more sophisticated Al-
driven approaches. One of the most common traditional methods is applying an interpolation kernel
over the image to approximate the continuous function that underlies the discrete pixel samples. These
methods, such as bilinear and bicubic interpolation, are relatively fast and computationally simple.
However, these algorithms struggle with preserving ne details, especially edges and lines (van Ouwerk-
erk 2006). These features are critical in biological data. As a result of the shortcomings of traditional
approaches, new algorithms based on deep learning have been developed. These new methods o er
improved performance in handling complex image structures by using information learned in training

to add details that would have been lost in downsampling.

2.1 Articial Intelligence in Super Resolution

Recently, there have been many advances in using DNNs for SISR tasks (Yang et al. 2021). Since
the eld is still emerging, numerous models and approaches are being developed in parallel. This
work focused on three categories of DNNs for image processing, namely convolutional neural networks
(CNNs), transformer-based neural networks and di usion models.

Convolutional Neural Networks

CNNs are a foundational deep learning technique, especially for image processing tasks. CNN-based
models stack layers such as convolutions, activations and pooling to progressively extract and re ne
features from input images. CNNs have proven e ective in learning spatial hierarchies of features,
which makes them very suitable for enhancing the resolution of low quality images. Dong et al.
(2016) introduced the SRCNN, which was the rst model to successfully apply deep learning to SR.
The SRCNN demonstrated that a relatively shallow network could achieve advanced performance by
learning a direct mapping from LR to HR images.

A popular class of models that incorporates CNNs is Generative Adversarial Networks (GAN). These
use a generator neural network and a discriminator neural network that are trained against each
other. The generator tries to produce realistic outputs, while the discriminator attempts to distinguish
between real and generated data. This adversarial training process creates a dynamic where both
networks improve through competition, but it can also lead to instability if one network overpowers
the other. A GAN dedicated to SR, the Enhanced Super-Resolution Generative Adversarial Networks
(ESRGAN) shows great potential, but has challenges with training stability due to the adversarial
nature of GANs (Wang, Yu, et al. 2018).

ESRGAN was later upgraded to a new version, Real-ESRGAN (Wang, Xie, et al. 2021). The purpose
of upgrading the previous model was to improve visual performance and make it more adaptable
to real-world applications. To achieve this improvement Wang, Xie, et al. (2021) added a U-Net
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