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ABSTRACT
As the field of connectomics strives to tackle questions regarding
increasingly large neuronal circuits, technologies improving imag-
ing throughput will be vital. X-Ray Holographic Nanotomography
(XNH) may play a key role, by allowing for fast, non-destructive,
multi-resolution imaging. XNH is well suited for rapidly imaging
large tissue volumes, with throughput easily increased at the cost
of resolution and image quality. We therefore set out to systemat-
ically examine the potential for cycle-consistent generative adver-
sarial networks (CycleGANs) to facilitate high-quality segmentation
from low-quality data. Additionally, we introduce the Split Cycle-
GAN, a modification of the original formulation designed to prevent
collaboration between generators that could result in hidden features
in generated images. We find that our new formulation, as well as
the original CycleGAN, both improve segmentation results over the
naive case, allowing for an approximately 64-fold imaging speed up.

Index Terms— connectomics, X-ray holographic nanotomogra-
phy, domain adaptation, image enhancement, generative adversarial
networks

1. INTRODUCTION

As we seek to build connectomic datasets of increasingly large cir-
cuits, improving imaging throughput is one of the biggest hurdles. In
our imaging regime, X-ray Holographic Nanotomography (XNH) of
mouse cerebellum, by increasing the effective pixel size 3-fold and
acquiring holograms at only a single sample-to-sensor distance, we
are able to increase imaging throughput more than 108-fold. How-
ever, many important structures, such as unmyelinated neurites, be-
come significantly more difficult to distinguish under these condi-
tions, making manual annotation barely feasible. While image seg-
mentations play a crucial role in many biological studies and clin-
ical applications, generating high-quality (HQ) segmentations re-
mains time-consuming and resource constrained – particularly when
ground truth (GT) generation is difficult, as in our high-throughput
XNH dataset. Thus, we sought to infer important, HQ features in the
latent space of low-quality (LQ) data.

Recent work using deep learning aims to allow segmentation
strategies to be trained on one dataset, then applied to another sim-
ilar dataset, without new GT generation[1]. Denoising, image en-
hancement and domain adaptation strategies can generally be di-
vided into paired and unpaired approaches. Paired approaches, such
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Fig. 1: Segmentation approaches. A multi-task local shape descrip-
tor and pixel affinity prediction network (SegNet) is trained on real
high-quality (HQ) data with volumetric groundtruth (GT), then used
to segment fake HQ produced by a low2high generator from a Cy-
cleGAN. These segmentations are compared with those created by
a SegNet trained on fake low-quality (LQ) data with GT, generated
from the HQ with GT by a high2low generator. This fake LQ SegNet
is then applied to real LQ data.

as Content Aware Reconstruction (CARE)[2,3] or Pix2Pix[4] have
shown impressive results[5,3], but require paired HQ and LQ data
to train, limiting their usability. Unpaired techniques, on the other
hand, often build upon Cycle-consistent Generative Adversarial Net-
works (CycleGANs)[6] or similar strategies to generate fake training
pairs[1,7,8]. Recently this has included systems designed to disen-
tangle “content” and “style” features of input images[9], or strict
engineering of the process generating fake LQ from real HQ for
training[8]. With the following work, we carefully examine the po-
tential to not only infer HQ images from LQ data, but to generate
HQ segmentations from LQ data, without novel GT annotations.

We utilized CycleGANs to train pairs of generators to translate
images between HQ and LQ regimes, without the need for paired
data. Additionally, we performed an ablation experiment on the clas-
sic CycleGAN architecture, which has demonstrated the capacity
to embed hidden features in intermediate images to facilitate cycle-
consistency[6] (see Fig. 2b). Thus, we sought to disrupt this effect to
examine its impact on facilitating domain adaptation for the purpose
of segmenting our dataset.
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Fig. 2: Split vs. Linked CycleGANs. (a) Colors of generator outlines indicate losses driving parameter optimization. Dotted blue outline
indicates L1 loss is not available to the GA→B generator in our Split CycleGAN. DB indicates discriminator loss. Structure is symmetrical
for B → A → B. (b) Comparison of Split and Linked CycleGANs on the satellite-map dataset (see Zhu et al. 2017). Linked CycleGAN
(i.e. original) encourages generators to collaborate, leading to embedding of detail in fake map images generated by GA→B . This detail is
used by GB→A to recover the original satellite image, including details that should not be recoverable from a map image. The Split variant
(see Section 2.3) does not propagate gradient contributions from the cycle loss on A to the GA→B generator. As a consequence, generated
fake maps are more faithful to the true distribution of map images, at the expense of less accurate cycled images.

2. METHODS

Training pairs of generators to translate images between high- and
low-quality regimes creates two potentially useful generators: one
that translates LQ images to HQ versions (low2high), and another
that degrades HQ data to resemble a LQ likeness (high2low). As
such, we chose to explore the potential utility of each for the pur-
pose of leveraging HQ images with GT to segment LQ images
(see Fig. 1).

2.1. Segmentation of enhanced data
One approach utilizes the low2high generator to convert real LQ data
into fake HQ images. Segmentation approaches trained on existing
HQ data with GT can then be leveraged to segment the fake HQ
renderings. This domain adaptation approach should allow for seg-
mentation of novel data without retraining segmentation networks or
generating additional GT, similar to previous work[1].

2.2. Segmentation of native data
An alternative approach is to use the high2low generator to create
fake LQ images with paired GT, from existing HQ data with GT.
Segmentation approaches can then be trained to parse the fake LQ
images in hopes that their performance will transfer to real LQ im-
ages. The drawback is that this approach necessitates both training
of a high2low generator, as well as retraining a segmentation net-
work. Nevertheless, we examine this method to determine whether
segmenting LQ data might be more easily learned than the regression
required for predicting a HQ image from a LQ input.

2.3. Split-loss CycleGAN modification
We also chose to examine the effects of a modification to the well-
known CycleGAN’s loss function[6]. In the original formulation, the
L1 cycle losses for both XA → XB → X ′

A and YB → YA → Y ′
B

translations (between image domains A and B) are used in calculat-
ing the gradients for both the GA→ B and FB→ A generators:

Lcycle(G,F ) = ||G(F (YB))− YB ||1 + ||F (G(XA))−XA||1

Thus, generators are incentivized to embed information about
the original, real images into the intermediate, fake images, in or-
der to help the second generator in the sequence best reconstruct the
original image in its cycled output. The effect of this embedding is
impressive (see Fig. 2b), but we wondered if it would aid us in our
pursuit of enhancing images, or at least enhancing their segmenta-
tion. We experimented with severing the L1 loss gradients such that
they are only available to the second generator in the sequence - the
one responsible for the transition from fake to cycled (see Fig. 2a).

We call this the Split Loss, yielding the Split CycleGAN. We will re-
fer to the original formulation of the CycleGAN as the Linked Cycle-
GAN from hereon for clarity. The cycle losses for the two generators
in the Split formulation are computed and their gradients propagated
separately, as follows:

Lcycle(G) = ||G(F (YB))− YB ||1

Lcycle(F ) = ||F (G(XA))−XA||1
While impressive cycling may be facilitated by embedding fea-

tures undetectable to discriminators, human or otherwise, it runs the
risk of embedding features from HQ images into an approximated
LQ regime. For the proposed strategy of optimizing networks for
segmentation of native data, this might train networks to segment
fake LQ images based on embedded features that are not present in
real LQ images. Furthermore, such embedded features could allow a
low2high generator a shortcut to minimizing the cycle loss that does
not generalize to actual LQ inputs. For instance, we and others[1]
have observed generators that solve the dual-optimization problem
(discriminator and cycle-consistency) by producing fake images that
are roughly inverted in intensities, such that they match the general
image statistics of the target regime, thus fooling the discriminator,
but do not resemble the actual biological structures of the original
image. For example, a dense field of myelinated axons might be
converted to appear like the cytoplasm and organelles of a cell body.
The second generator in the sequence, nevertheless, can simply learn
to invert the previous image back to the original regime, thus also
minimizing the cycle-consistency loss. By severing the information
flow as described, we hope to minimize such corrupting collusion
between generators.

2.4. Datasets
Three separate image volumes from a single sample of mouse
cerebellum lobule V, prepared as previously described[11], were
acquired at the ESRF’s ID16A beamline. One volume was produced
by reconstruction[11,12] from holograms imaged at 1300 angles, at
a single sample-to-sensor distance resulting in 90nm/voxel images.
This 20483 (roughly 184µm per side) LQ volume contained both
of the following, higher-resolution volumes, which we will assign
letters A and B for ease of reference. The 32162x2048 30nm/voxel
volumes (roughly 96µm by 96µm by 61µm), A and B, were each
reconstructed from holograms imaged at 1900 angles, at 4 different
sample-to-sensor distances. (Use of multiple distances in holog-
raphy better constrains the inverse problem, thereby improving
reconstruction quality[12].) This amounts to an approximately 64-
fold increase in imaging throughput for the 90nm/voxel volume over
the 30nm/voxel scans.



Fig. 3: Segmentation Examples. Segmentation is produced by Mutex watershed agglomeration[10] of long-range pixel affinities. Left 4
columns are produced by a segmentation network trained on real high-quality (HQ) data, and applied to the indicated datasets. Right 4
columns are predictions on real low-quality (LQ) data, produced by networks trained on the indicated datasets.

Volumes were subdivided and the 90nm volume aligned and lin-
early interpolated with Elastix[13,14] to match the 30nm volumes,
resulting in 3 separate 10243 cutouts, which were used for train-
ing, validating, and testing segmentation networks. A subsection of
one 30nm volume, A, was taken for training segmentation networks.
Sparse volumetric GT of myelinated and unmyelinated neurites was
produced by an iterative process of 1) manually painting voxels us-
ing webKnossos[15], 2) training networks to produce denser seg-
mentations, 3) correcting these segmentations with manual tracing
and additional voxel painting, then 4) repeating from step (2). This
was done for 5% of the central 6003 voxels of the training vol-
ume. GT for validation and testing cutouts, taken from HQ volume
B, were produced by manual skeleton tracing using webKnossos.
Skeletons were rasterized into image volumes for Variation of Infor-
mation (VoI) comparisons to segmentations.

2.5. Implementation details
CycleGANs were implemented in PyTorch, using Gunpowder[16] to
dynamically resample and augment training images, save and mon-
itor progress. 2D UNet[17] generators with 3 downsampling steps
and valid padding were fed batches of three 5122-pixel slices, which
were randomly rotated, flipped, and warped to increase diversity of
the training set. Training images were drawn randomly from the LQ
volume and HQ volume A. PatchGAN Discriminators[4] with 4 lay-
ers provided discrimination loss, which was combined with a smooth
L1 cycle-loss, with the cycle loss weighted 3x more than the discrim-
ination loss. Adam optimizers were used with initial learning rates of
α = 4×10−5, β1 = 0.5, β2 = 0.999 and α = 4×10−6, β1 = 0.95,
β2 = 0.999 for generators and discriminators, respectively. The dif-
ference in initial learning rates was chosen empirically to prevent

discriminators from learning too quickly and thus contributing pro-
gressively little to training the generators. All networks were trained
for 100k steps and each type (i.e. Split vs. Linked) was trained once
for each of 3 random seeds (3, 13, and 42). The geometric mean of
the unweighted losses for each network were used to select the best
model checkpoint for evaluation. Daisy[18] was subsequently used
to efficiently produce predictions on the full 10243 volumes. Fake
LQ volumes were produced for training and validation datasets, and
fake HQ volumes were predicted for the test set. Results are pre-
sented for the networks that performed best in segmentation tests.

Segmentation was performed using a multi-task Local Shape
Descriptor (LSD) network with a long-range affinity neighborhood,
a variation of the original LSD approach[19]. These networks were
trained for 100k steps similar to above, but with 1963-voxel inputs
and an Adam optimizer with initial learning rate of α = 5 × 10−5.
Following rendering of network predictions with Daisy, long-range
affinities were used for attractive and repulsive weights in Mutex
watershed[10] to produce final segmentations. Networks were vali-
dated on the same type of data they were trained on (i.e. real HQ,
real LQ or fake LQ) for the last three checkpoints of training, using
Variation of Information (VoI) to select the best performing check-
points. These variations of the original implementation empirically
produced more usable segmentations than classical short-range affin-
ity predictions and seeded watershed with hierarchical agglomera-
tion.

Training, validation, and prediction has been implemented in
a manner designed to promote easy re-use and extension for other
enhancement and segmentation experiments. Code, data, and docu-
mentation are available at github.com/htem/raygun.



Type Training Prediction Merge Split Sum

Naive real HQ real LQ 5.598 0.061 5.659
real HQ real HQ 4.565 0.537 5.102

Paired real LQ real LQ 3.950 0.686 4.636

Linked fake LQ real LQ 3.955 0.693 4.648
real HQ fake HQ 4.066 0.567 4.633

Split fake LQ real LQ 4.504 0.611 5.115
real HQ fake HQ 4.089 0.652 4.741

Table 1: Quantitative Segmentation Results. Variation of Informa-
tion scores on the test volume for the described approaches. Results
for best performing networks are shown, with best overall results for
each measure in bold. HQ = High-quality (30nm) and LQ = Low-
quality (90nm). ”Sum” corresponds to the sum of split and merge
scores. Naive high-on-high, trained on a cutout from HQ volume A,
and predicted on a cutout from HQ volume B, performed poorly,
reflecting the differences in the image statistics between the 2 acqui-
sitions. Naive high-on-low produced the best split score by severely
undersegmenting. Despite the Split CycleGAN’s ablation, the fake
HQ it produced still outperformed both naive methods.

3. RESULTS

3.1. Linked vs. Split CycleGANs
We applied our Split CycleGAN to the satellite2maps dataset used in
the original CycleGAN paper[6]. The original authors noted the phe-
nomenon we also observed, that details such as cars and trees could
be recovered from the fake map images by the Linked CycleGAN
generators, despite no obvious details depicting their presence in the
map images. Our goal was to verify that the “splitting” of the loss
prevented this. As seen in Fig. 2b, disrupting the information flow
from the L1 loss to the first generator in the sequence resulted in a
loss of cycling performance on the satellite2maps dataset.

3.2. Baselines
We chose two baselines meant to represent the “ceiling” and “floor”
of potential results, corresponding to what we expected to be the
ideal scenario, training segmentation on real HQ and predicting on
real HQ (Naive high-on-high), and the naive approach of training on
real HQ and predicting on real LQ (Naive high-on-low), respectively.
As expected, the naive high-on-low approach performed worst over-
all, as measured by the sum of Variation of Information (VoI)[20]
split and merge error scores (5.659), and so we take it to accurately
represent the “floor” of the tested methods (see Table 1). Though
this approach did perform best regarding split errors (0.061), this is
unsurprising considering that classifying every voxel as background
would receive a perfect score of 0. That is, while a high split error
score can indeed correspond to oversegmentation, a low score can
similarly correspond to undersegmentation.

Our intended “ceiling” performed poorly, second worst for
merge errors (4.565) (naive high-on-low was worst with 5.598) and
third worst overall (5.102). However, this is likely due to the fact
that the training and test volumes are from independent acquisitions
(HQ volumes A and B respectively), and so vary in image statistics,
despite being taken from the same sample, on the same device, at
the same resolution, within hours of one another. This is a testament
to how difficult it is for trained segmentation networks to generalize.

3.3. Paired
Here, our “paired” approach corresponds to a use case in which re-
searchers are able to gather both a large LQ volume and a HQ sub-
volume for annotation and training. This allows GT to be constructed
using HQ data, then used to train segmentation networks on real LQ
data. This use case is restricted, however, by the necessity of paired
acquisitions for every large volume. As expected, this approach per-
formed well, achieving the best merge score (3.95), and second best
overall VoI score (4.636).

3.4. Unpaired #1: Training segmentation on fake LQ
As expected, fake LQ training volumes produced by both Split and
Linked CycleGANs were more similar to the real LQ data than was

Volume Target Test NRMSE PSNR SSIM

Train real LQ
real HQ 0.201 19.170 0.355

Linked: fake LQ 0.133 22.726 0.602
Split: fake LQ 0.158 21.234 0.557

Test real HQ
real LQ 0.213 18.664 0.379

Linked: fake HQ 0.264 16.777 0.303
Split: fake HQ 0.265 16.766 0.279

Table 2: Comparing Generated Images. Normalized Root Mean
Squared Error (NRMSE), Peak Signal-to-Noise Ratio (PSNR), and
Structural Similarity Index (SSIM) scores comparing the different
image volumes used for training and prediction. Results for best per-
forming networks are shown, with best overall results in bold. HQ =
High-quality (30nm) and LQ = Low-quality (90nm). On the training
volume (HQ volume A), both CycleGANs produced fake LQ more
similar to the real LQ than was the real HQ fed to the generators. On
the test volume (HQ volume B), the real LQ was more similar to the
real HQ by all metrics, compared to the fake HQ data. This likely re-
flects that the low2high generators were trained to produce fake HQ
matching the image statistics from HQ volume A, which differ from
that of HQ volume B (a separate acquisition).

the real HQ, as measured by lower normalized root mean squared er-
rors (NRMSE), higher peak signal to noise ratios (PSNR), and higher
structural similarity indices (SSIM) (see Table 2). The Linked Cycle-
GAN performed best on all of these measures and similarly produced
the third best overall VoI score (4.648).

3.5. Unpaired #2: Predicting segmentation on fake HQ
For the test cutout, the real LQ data was more similar to the real HQ
data than were any of the CycleGAN HQ predictions (see Table 2).
However, as noted above, the training and test cutouts come from
independent HQ acquisitions, and so it is not surprising that the Cy-
cleGAN HQ predictions did not end up matching the HQ data on
the test cutout. The fake HQ was produced by networks trained to
match the image statistics of the same data used for training the HQ
segmentation network, so it is also not surprising that the fake HQ
produced some of the best segmentation results. Indeed, we see that
the VoI scores for segmentation of the fake HQ is better than that
of the real HQ data, with the fake HQ from the Linked CycleGAN
producing the best overall of the tested methods (4.633), followed
closely by that of the Split CycleGAN (4.741).

4. CONCLUSIONS

The Linked CycleGAN (i.e. original) performed well facilitating
segmentation in both enhanced and native regimes. This indicates
that, at least in the tested case, any feature-embedding generators
do during training did not seem to detract from test performance.
However, it is worth noting that the fake HQ produced by our
Split CycleGAN followed close behind the paired approach and
the results from the Linked HQ predictions. It is possible the split
approach might outcompete the linked in other use cases.

Use of GANs for improving imaging yields for the purposes of
gathering biological data is a blossoming field, but we must take
great care to avoid inadvertently labeling network hallucinations as
scientific findings. Ablations, such as that producing the Split Cycle-
GAN, which intentionally limit the capacity of networks to embed
hidden features, may serve a vital role in preventing misuse of deep
learning technologies in biological research. We have demonstrated
that, despite such an ablation, networks can still allow for a 64-fold
improvement in imaging speed, which will facilitate acquisition of
otherwise unmanageably large datasets.
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