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Abstract

A solid-glass cannula serves as a micro-endoscope that can deliver excitation light deep inside
tissue while also collecting emitted fluorescence. Then, we utilize deep neural networks to
reconstruct images from the collected intensity distributions. By using a commercially available
dual-cannula probe, and training a separate deep neural network for each cannula, we effectively
double the field of view compared to prior work. We demonstrated ex vivo imaging of fluorescent
beads and brain slices and in vivo imaging from whole brains. We clearly resolved 4 pm beads,
with FOV from each cannula of 0.2 mm (diameter), and produced images from a depth of ~1.2
mm in the whole brain, currently limited primarily by the labeling. Since no scanning is required,
fast widefield fluorescence imaging limited primarily by the brightness of the fluorophores,
collection efficiency of our system, and the frame rate of the camera becomes possible.

1. Introduction

Widefield fluorescence microscopy can image with high specificity and resolution, but
typically cannot image deep into tissue due to scattering and background fluorescence.
Wavelengths where scattering and absorption are minimized (such as the shortwave
infra-red) may mitigate some of these issues. However, imaging beyond several hundred
micrometers below the surface is unlikely [1-6]. Two- and three-photon microscopy, on the
other hand, can image deeper into tissue, however at the expense of requiring much higher
laser power (with possibility of photo-toxicity), relatively slow speeds (due to scanning)
and generally require more complex hardware [3,4,7-10]. Quoting the authors in Ref.

[11] “even the deepest 3P imaging cannot penetrate a quarter of an adult mouse brain in
vivo.” Although, the achievable imaging depth depends upon the nature and density of

the fluorescent labeling, and the wavelength used for imaging, as noted above, the depth
for non-invasive multi-photon imaging is practically limited to slightly larger than mm
[1,2,6,7,12].
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In order to access deeper regions, it is possible to implement either widefield/single-photon
or multi-photon modalities in implantable micro-endoscopes (“probes™), with minimally-
invasive surgery [5,13-20]. Such probes tend to have diameters larger than ~0.35mm,

and typically utilize gradient-index (GRIN) lenses to relay the image through the probe.
Aberrations inherent in such GRIN lenses limit the field-of-view (FOV) to a small fraction
of the probe diameter (typically about a quarter radius). Previously, we showed that by
replacing imaging via such GRIN lenses with computational image reconstruction enables
FQV that is almost the same as the diameter of the probe [21,22]. We refer to this

approach as computational-cannula microscopy (CCM), since we utilize a simple surgical
cannula (which is a short-length multi-mode fiber) as the implanted probe. Furthermore,
this approach is fast, since it requires no scanning. Previously, we demonstrated sub-10um
resolution with whole mouse brains [22]. Nevertheless, the FOV is limited by the diameter
of the probe, and there is a need to enhance this FOV to address fundamental questions in
neuroscience [8-10,23,24,25]. We propose to mitigate this limitation by parallelizing CCM,
i.e., by using an array of cannulae, each one serving as an independent probe. Thereby,

the main contribution of this paper is the experimental demonstration of parallel CCM

with 2 cannulae, images from each one being recorded and reconstructed simultaneously to
increase the total FOV.

In our experiments, the probe is a commercially available dual-cannula (Thorlabs
CFM32L20), which was cut to 12mm in length, with 2mm beyond the holder. The core
diameter of each cannula is 0.2mm. The center-to-center distance between the cannulae is
0.7mm. Each cannula acts as an independent computational microscope, thereby increasing
the total FOV by a factor of 2 (in area) when compared to previous work [26-29]. Since, no
scanning is required, there is no compromise in speed.

Experimental setup

Our setup is a modified version of an epi-fluorescence microscope (Fig. 1). The excitation
light (A =561 nm, Gem 561, Laser Quantum) is coupled to the cannulae via an

objective lens (Olympus PLN 10X, NA 0.25). During imaging, the cannulae are implanted
inside tissue. A comprehensive analysis of imaging depth on imaging performance was
reported earlier [28,30,31]. Each cannula transports excitation light to its distal end,
which illuminates the tissue in its vicinity. Fluorescence is collected by each cannula

and transported to its proximal end, which is then imaged by the same objective onto an
EM-CCD camera (number of pixels = 512 x 512, Hamamatsu ImagEM X2). Reflected
excitation light is rejected by a dichroic mirror and an additional long-pass filter (cut-on
wavelength 568nm, 568 LP Edge Basic).

Since we utilize deep learning to reconstruct images from the recorded frame, training

with matched ground-truth images are necessary. In order to attain these, we make 3
modifications to the epi-fluorescence microscope described above. First, we use samples
consisting of either fluorescent beads (diameter = 4um) or glia cells dissected from adult
mice brains, sandwiched between a glass slide (thickness = 1mm) and a coverslip (thickness
= 0.08 to 0.13 mm) to obtain the training data. Second, an achromatic GRIN-lens-based 4F
system is used to relay the image from the sample plane to the distal end of the cannula.
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This system ensures that training data can be obtained through the coverslip. Third, a
conventional widefield fluorescence microscope is used to image the sample to provide
ground-truth images (details are provided in the supplement). This reference scope is placed
on the opposite side of the sample, and is therefore limited to transparent samples for
training data.

In order to collect training data, the sample was mounted on a 3-axis stage, and then
scanned over an approximately 2mm x 2mm area in steps of 0.02mm to generate CCM
and ground-truth image-pairs, automatically. A total of 14,037 image-pairs of microbeads
and 21,648 image-pairs of glia cells were recorded. From each set, 1000 image-pairs were
set aside for testing, while 90% of the remaining were used for training (10% were used
for validation). The two regions of interest (ROI) in the EMCCD frame corresponding to
the positions of the 2 cannulae were aligned to the corresponding ROIs in the ground-truth
frames. This was achieved by using the reference scope to image the distal faces of the
cannulae without any sample. The sizes of each ROl were ~72 x 72 pixels for the EMCCD
frame, and ~799 x 799 pixels for the ground-truth images.

3. Deep neural networks

Since the cannula is not an imaging element, there is no simple one-to-one mapping from
each point in the sample plane to a corresponding point in the image. Rather, there is a
space-variant response that maps each point in the sample plane to many points in the image
plane. Typically, the spatial information from the sample plane is encoded into the intensity
distribution within the entire image. Undoing such a space-variant transformation is possible
using regularized inversion of the response matrix (or the space-variant point-spread-
function) [30,31]. Recently, we and others showed that deep neural networks are efficient
alternatives to linear-algebraic methods to achieve similar results [26,32]. Here, we train two
distinct deep neural networks: first an auto-encoder called U-net (Fig. S3 in Supplement)
[26-28,33,34], and next a coupled self-consistent cycle network called SC-net (Fig. S4 in
Supplement) [28,35,36]. Details of each network have been described previously, and also
included in the supplement for completeness (Section 2 in Supplement). All the images
were resized to 128 x 128 pixels before being processed by the deep-neural networks. The
U-net is a very common auto-encoder network used for image reconstructions. On the other
hand, the SC-net incorporates two coupled networks: one predicting the forward problem
(from the sample to the image), and the second predicting the inverse problem (from the
image to the sample) [37,38]. The two generative adversarial networks associated with each
problem (forward and inverse) within SC-net enforces simple forward-backward consistency
(or cycle consistency) [28,35,36,39]. The networks ran on NVIDIA GeForce RTX 2080 Ti /
Nvidia Tesla V100 GPU with 2 cluster nodes simultaneously to achieve fast results. The
image reconstruction times were ~2ms and 22ms for the U-net and SC-Net, respectively.

Each network is trained separately for the two training datasets (beads and glial cells),

and also for the two cannulae (note that there is no cross-talk between them). Finally, the
performance of each network is quantified using both the structural similarity index (SSI1M)
and the mean absolute error (MAE) averaged over 1,000 test images (these were excluded
during training, see Table 1).
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4. Results and discussion

As mentioned earlier, we used 1000 images from the fluorescent beads and the glial-cells
datasets for evaluating the performance of each network. Results from three exemplary
images from each dataset and cannula are shown in Fig. 2. As the cannulae are not placed on
the optical axis, the illumination is slightly different between the two, which can be observed
in the images. The U-net is able to effectively reproduce the beads images (Figs. 2(a,

b)). As expected, the glial cells are more challenging to reconstruct due to their increased
complexity. Nevertheless, both networks are able to accurately locate the main cell bodies
within the FOV of each cannula (Figs. 2(c, d)).

To estimate system resolution, we identified an isolated bead within the FOV of each
reconstructed image, and calculated its full width at half-maximum (FWHM) (insets in

first row of Figs. 2(a,b)). The measured FWHM were 4.6pum, 4.9um and 4.4um in the
ground-truth, U-net and SC-Net images, respectively. The U-net is able to reconstruct lower
spatial frequency features well. The SC-net is able to reconstruct higher-spatial frequencies,
but is also more prone to producing artefacts, lowering its average SSIM performance.

In order to investigate the potential for deep-tissue imaging, we prepared whole mouse brain
samples [22,40]. Details of sample preparation are included in the supplement (Section 1.2).
The dual-cannulae probe was inserted from the surface (depth = 0) to a maximum depth of
1.2 mm and images were acquired every 0.04 mm on the EMCCD camera. The step size was
chosen so as to minimize the number of acquired images, while still observing variations (in
the sensor frame) from one step to the next. We collected a total of 334 images. Since no
ground truth images were available, we could not perform a quantitative SSIM and MAE
analysis. Nevertheless, results from three exemplary images acquired using each cannula are
summarized in Fig. 3. In each case, clear similarities between the predicted images from

the two networks can be observed. In order to improve the generalization ability (since

no ground truth is available), we averaged the predicted results from two networks (fourth
column in Fig. 3) [28,33,35,36,41-44].

There were several constraints that limited our whole brain experiments. First, the brains
tend to dry out within 2 hours. Since the fluorescent labels are randomly distributed
throughout the sample, we have to test the cannula at many locations to find regions with
sufficient emission signal. Furthermore, insertion of the cannula can cause inflammation

of the sample, which was not controlled in our current experiments. We also successfully
imaged using fixed brain samples (see section 5 of supplement), we were not successful in
increasing the lifetime of the samples. These constraints can be addressed with an improved
surgical protocol in the future. Additional challenges exist for insertion into deeper brain
regions (>1 mm) [15,16]. First, the cannula may displace the tissue while inserting into
brain, resulting in tissue compression between the working distance of the cannula and the
focal plane. Therefore, we pursued a strategy of carefully inserting the cannula at a slow
speed with multiple pauses into the brain to create a clear optical path for imaging. As
second problem arises from the fact that the tissue between the two cannulae showed upward
expansion. To avoid this deformation, the dual cannula was inserted with pressure slightly
higher than that used for a single cannula. Using a guide cannula prior to dual-cannula
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insertion might overcome this problem. Finally, although we attempted to image regions
deeper than 1.2 mm, the acquired raw signal levels were too low, which we hypothesize is
due to the lack of fluorescent labels at those depths. Further work is required to clarify

this observation. Finally, we had to attempt insertion in multiple regions of the brain

to locate regions that provided sufficient fluorescence, since the cannula probe is being
inserted blindly. In the future, we could perform non-invasive two-photon microscopy to
identify promising locations for cannulae insertion. We further note that surgical insertion
of electrode and optrode arrays have been studied in detail in the past [45,46]. Although the
spacing between the cannulae in our probe is somewhat larger than those in the previous
work, we expect to utilize the prior learnings.

5. Conclusion

We demonstrate the use of a commercial dual-cannula for widefield fluorescence imaging
deep inside tissue. Since each cannula is only 0.225 mm thick and separated from each

other by 0.7 mm, trauma during insertion can be minimized, and it enables relatively easy
tissue displacement. The image from each cannula provides a field of view of ~0.2 mm
diameter, which is far larger than achievable with a GRIN-based micro-endoscope. Since the
images from both cannulae are acquired simultaneously, the overall field of view is double
that of a single cannula. It is also noteworthy that the image reconstructions are extremely
fast (as fast as ~2 ms/frame), limited primarily by fluorophore brightness and our collection
efficiencies. We trained two neural networks (U-net and SC-net) separately for each cannula.
We further used reconstructed images of isolated fluorescent beads to confirm full-width at
half-maximum of ~4um, which was limited by the diameter of the fluorescent beads. By
using brain samples extricated from the animal, we showed imaging with peak depth of 1.2
mm, currently limited by the sample and not by our technique. By extending to a larger
array of cannulae, and associating a deep neural network to each cannula in the array, we
can perform widefield fluorescence imaging deep inside tissue with a much larger FOV and
minimal trauma than is otherwise feasible. In this work, our experiments were performed on
whole brains removed from the animal. But we note that the cannula probes are routinely
used for animal studies with chronic implantation [47]. This will be investigated in the
future.

Future work for improvements includes using weighted average [48] or model averaging on
different networks to reduce variance and improve the prediction accuracy. Ensembling is an
approach that considers the stochastic nature of different deep convolutional neural networks
[43]. As the networks are trained using stochastic algorithms, they are sensitive to initial
random weights and statistical noise in the training dataset. To reduce the variance in the
predicted images, the generalizing ability of ensemble learning can be used as it has shown
promising outcomes than a single learner [42-44].

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.
Schematic of microscope. In order to collect training data, a 4F system is used as image

relay between the proximal end of the cannulae and image plane, and ground-truth

images are collected by a reference scope in transmission. The image of the distal end

of the cannulae is collected by the EM-CCD in a standard epi-fluorescence configuration.
Green and red colors indicate excitation and fluorescence (emission) light, respectively. An
example pair of EM-CCD frame and its corresponding ground-truth frame are shown below.
Post-training, the 4F system and reference scope can be removed, and the cannulae are
inserted into tissue.
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Fig. 2.

E)?ample results from 3 images acquired using (a) left cannula, (b) right cannula using
fluorescent-bead samples, and (c) left cannula and (d) right cannula using glial-cell samples.
In each panel, columns from left to right are: ground-truth image from reference scope, input
image to the deep neural network, predicted image from U-net, and predicted image from
SC-net. In the inset of first row (a)-(b), the full-width at half-maximum (FWHM) through
image of a single bead is shown as an estimate of system resolution.
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Fig. 3.

Example results from 3 images acquired using (a) left cannula, (b) right cannula using
the whole mouse brain samples. In each panel, columns from left to right are: depth
from surface in pm, input image to the deep neural network, predicted image from U-net,

predicted image from SC-net, and the averaged using the two.
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Table 1.

Performance metrics for the deep neural networks

SSIM MAE
Deep Neural Network Sample
Left Cannula Right Cannula Left Cannula Right Cannula
U-Net 0.99 0.99 0.01 0.01
Microbead
SC-Net 0.91 0.93 0.02 0.02
U-Net 0.95 0.93 0.01 0.02
Glia
SC-Net 0.80 0.79 0.10 0.10

Opt Contin. Author manuscript; available in PMC 2023 June 27.

Page 12



	Abstract
	Introduction
	Experimental setup
	Deep neural networks
	Results and discussion
	Conclusion
	References
	Fig. 1.
	Fig. 2.
	Fig. 3.
	Table 1.

