
Research Article Vol. 31, No. 5 / 27 Feb 2023 / Optics Express 7505 

Overcoming the field-of-view to diameter 
trade-off in microendoscopy via computational 
optrode-array microscopy 
RUIPENG GUO,1 REED S 2ORENSON,  R 1 OBERT SCHARF, AUSTIN
K ,1 OCH A 3,4 2 NDREW GROOVER, LESLIE SIEBURTH, STEVE
BLAIR,1 *AND R 1,AJESH MENON
1Department of Electrical and Computer Engineering, University of Utah, USA
2School of Biological Sciences, University of Utah, USA
3USDA Forest Service, Pacific Southwest Research Station, USA
4Department of Plant Biology, University of California Davis, USA
*rmenon@eng.utah.edu 

Abstract: High-resolution microscopy of deep tissue with large feld-of-view (FOV) is critical
for elucidating organization of cellular structures in plant biology. Microscopy with an implanted
probe ofers an efective solution. However, there exists a fundamental trade-of between the FOV
and probe diameter arising from aberrations inherent in conventional imaging optics (typically,
FOV < 30% of diameter). Here, we demonstrate the use of microfabricated non-imaging probes
(optrodes) that when combined with a trained machine-learning algorithm is able to achieve FOV
of 1x to 5x the probe diameter. Further increase in FOV is achieved by using multiple optrodes
in parallel. With a 1 × 2 optrode array, we demonstrate imaging of fuorescent beads (including
30 FPS video), stained plant stem sections and stained living stems. Our demonstration lays the
foundation for fast, high-resolution microscopy with large FOV in deep tissue via microfabricated
non-imaging probes and advanced machine learning.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Deep-tissue imaging is important for biological research because the organization of cells and 
sub-cellular organelles can depend on their natural cellular environment, and this is especially 
true for plants. The most common method for deep-tissue imaging is multi-photon microscopy 
(MPM) [1–4], which has the advantages of non-invasiveness, high resolution, and rejection 
of background signals. However, the achievable imaging depth is limited typically to several 
hundred micrometers from the surface, due to scattering. Phototoxicity further limits practical 
excitation power. Most implementations of MPM require scanning and are relatively slow, 
although there are recent advancements that can alleviate this issue [5]. If minimally-invasive 
procedure is allowed, then implanting a microendoscope (probe) to the desired depth in tissue 
overcomes these limitations [6,7]. Furthermore, it has been recently shown that the application 
of machine learning can improve the image quality and speed [8,9]. Similarly, a miniscope 
system based on a masked gradient-index (GRIN) lens was used to demonstrate 3D imaging 
with high resolution [10,11]. In microendoscopy, a critical challenge is to minimize trauma 
due to implantation. The obvious solution is to minimize the size of the implanted probe. The 
most common implanted probe for high-resolution microscopy is the GRIN lens, typically in 
the form of a cylinder of diameter between 0.5 mm and 1 mm [6]. The GRIN-lens probe is an 
imaging system, whose feld-of-view (FOV) is typically less than 30% of the probe diameter 
(limited primarily by its aberrations) [12]. Therefore, scaling the GRIN-lens probe down also 
signifcantly reduces the FOV. 
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An alternate approach uses a short-segment multi-mode fber (MMF, typical diameter < 0.22 
mm) as a non-imaging element to deliver the excitation and to collect the emission light. In 
this case, computational post-processing of acquired images is generally required to reconstruct 
anthropocentric images [13]. By placing a scattering medium next to the distal end of the 
fber, 2D imaging could be achieved by recording the spectrum [14]. However, the achievable 
resolution is limited. Other studies have also been reported exploring the application of machine 
learning for image reconstruction through an MMF [15,16]. Most importantly, it is possible to 
achieve FOV that is almost 100% of the probe diameter. This approach is more favorable to 
scaling to smaller probe diameters to reduce the amount of tissue displacement. In prior work, 
we frst characterized the space-variant point-spread function of the MMF, and then applied 
regularized-matrix inversion to reconstruct images [13,17,18]. In recent work, we collected pairs 
of images from the same region of the sample (one from the MMF and another from a conventional 
microscope) simultaneously, and then trained a machine-learning algorithm to perform image 
reconstructions [19–21]. We note that there are two alternate approaches for imaging using 
MMFs. The frst uses adaptive optics to scan a focused spot across the distal plane, which ensures 
that the collected signal originates preferentially from the excitation focus [22]. Although no 
computation is required for imaging, this approach is generally slow due to scanning. The second 
method uses speckle patterns and the optical-memory efect to computationally reconstruct 
images [23]. Although this method is simple and fast, it is limited to small FOV and fails for 
incoherent or partially coherent signals. In contrast, our machine-learning-enabled approach is 
relatively agnostic to the spatial and temporal coherence of the signal [24]. As in all computational 
microscopy methods, low coherence and image sparsity will afect the signal-to-noise ratio and 
the quality of reconstructed images. In this work, we report experimental demonstration of 
Computational Optrode-Array Microscopy (COAM) via a 1 × 2 array of microfabricated glass 
probes (optrodes) [25]. In COAM, images from both optrodes are acquired and reconstructed 
simultaneously, thereby doubling the total FOV. The diameter of each optrode (averaged over its 
length, since there is a small taper at the tip) is ∼80 µm, length ∼1.2 mm, and the center-to-center 
spacing between the two optrodes is 400 µm. We demonstrated imaging of fuorescent beads 
with spatial resolution smaller than 4 µm, FOV from one optrode as large as 400 µm, and imaging 
speeds as fast as 30 Hz (limited by our camera sensor). We applied this microscope to imaging of 
fuorescently stained cell walls in plant-stem sections, and also to in vivo imaging from a live stem. 
Other contributions of this work include collection of ground-truth images from the same surface 
of the sample (allowing for imaging thick samples), and the use of contrast enhancement (see 
details in Supplement 1) in ground-truth data to reduce out-of-focus fuorescence and improve 
resolution of the reconstructed images (by almost a factor of 2). 

2. Experiments

2.1. Optrode-array microscope setup 

We modifed a conventional epi-fuorescence widefeld microscope by placing the optrode array 
between the objective lens (working distance = 1.2 mm, Olympus PLN 20x) and the sample. In 
order to obtain training data, we used a pair of matched objective lenses to create a 4F relay 
system, and inserted a beamsplitter to acquire images with a conventional (reference) microscope. 
The system is illustrated in Fig. 1(a). The light source is a light-emitting diode (LED) with center 
wavelength = 470 nm, bandwidth (FWHM) = 28 nm (model number M470L5, Thorlabs) and an 
excitation flter (center wavelength = 472 nm, bandwidth = 30 nm, FF02-472/30-25, BrightLine) 
was used. The optrode array was uniformly illuminated and a machined metal plate (stainless 
steel, thickness = 0.1 mm) was used to block excitation light in the regions between the optrodes. 
The illumination area under each optrode depends upon the distance between the optrode and 
the sample as discussed later. Unless specifed otherwise, the distance between the optrode and 
sample was made as small as possible, and the illuminated region was approximately a circle of 
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diameter ∼72µm (see Fig. S8(a) in Supplement 1). Each optrode collected fuorescence from 
within its FOV, and the pattern formed on its proximal end was recorded by an sCMOS camera 
(2048 × 2048 pixels, pixel size = 6.5µm, Hamamatsu C11440) through a tube lens and an emission 
flter. Ground-truth images were captured by the reference image sensor (1280 × 1024 pixels, 
pixel size = 3.6 µm, AmScope MU130). The slide samples were mounted on a 3-axis motorized 
stage (two 1-axis stages, PT1-Z8, Thorlabs) and a high-load vertical translation stage (MLJ150, 
Thorlabs). Note that images from both optrodes are collected simultaneously. A calibration step 
is used to align the region-of-interest of each optrode to its corresponding ground-truth image 
(details in Supplement 1). 
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Fig. 1. Sketch of experimental System. (a) The system is comprised of an epifuorescence 
microscope coupled to the proximal end of an optrode array. A 4-F system consisting of two 
objectives is used to relay the image from the sample to the distal end of an optrode array. A 
beamsplitter was used to collect the ground-truth images with a conventional microscope. 
Inset shows photograph of a large optrode array. Note that we used a 1 × 2 array in our 
experiments in order to ft the region-of-interest within the FOV of the objective above 
the optrode array. (b) Imaging process. The regions-of-interest are used to crop both the 
ground-truth and optrode image frames to separate the data for the two optrodes. The images 
(128 × 128 pixels after downsampling) are then processed by their corresponding U-nets to 
produce the reconstructed images. U-net-L is the trained U-net with the dataset from the left 
optrode. U-net-R is the trained U-net with the dataset from the right optrode. Details of the 
U-nets are included in the Supplement 1 (Fig. S2). 

A 4 × 4 array of glass optrodes was fabricated on a 400µm thick glass backplane, with each 
probe measuring ∼1.2 mm in length and spaced with a 400µm pitch. Probe diameter is 80 to 
85µm, with a pyramidal tip at the distal end with height ∼40µm. Details of the fabrication process 
have been reported elsewhere [26] and also summarized in the Supplement 1. 

https://doi.org/10.6084/m9.figshare.21748103
https://doi.org/10.6084/m9.figshare.21748103
https://doi.org/10.6084/m9.figshare.21748103
https://doi.org/10.6084/m9.figshare.21748103


Research Article Vol. 31, No. 5 / 27 Feb 2023 / Optics Express 7508 

2.2. Deep-neural network 

The image transmitted through each optrode is related to the sample via a space-variant point-
spread function. As we have shown previously [19–21], an auto-encoder network like the U-net 
is a very efective architecture to learn such a transformation and invert it. Here, we modifed the 
standard U-net, comprised of encoder and decoder sections concatenated by skip connections. 
The encoder and decoder sections include dense blocks, consisting of 2 convolutional layers with 
a RELU activation function and a batch-normalization layer. Compared to prior work, here we 
added two more layers, and adjusted the flter-size in each layer to improve the mean-absolute error 
(MAE) and structural similarity index measure (SSIM) of reconstructed images. A comparison 
of these metrics against the prior U-net architecture is summarized in Table S1. Specifcally, we 
combined the pixel-wise cross-entropy and SSIM to create a multi-objective loss function while 
training. The loss function is defned as: 

L = (
1
N

∑ 
i 
−gilogpi − (1 − gi)log(1 − pi)) + (1 − mean(ssim(g, p))),

where g and p represent the ground truth and predicted images, gi and pi represent the ground truth 
and predicted pixel intensity, respectively. The U-net was trained and evaluated separately for 
each optrode. The frames captured by the sCMOS and the reference cameras contain information 
from both optrodes, simultaneously. Regions-of-interest (ROIs) were designed for each camera 
that was aligned to one another (see details in Supplement 1). These ROIs were then used to 
crop each frame into a pair of images (one for each optrode, see Fig. 1(b)). Each optrode image 
was down-sampled from 350 × 350 pixels to 128 × 128 pixels in order to match the size of the 
ground-truth images. The U-net was trained and tested on the following hardware: Intel Core 
i7-4790 CPU and NVIDIA GeForce GTX 970, resulting in an average image-reconstruction time 
of 2.3 ms. 

2.3. Preparation of plant samples 

Branches from Populus nigra x deltoides genotype GWR_50_102 poplar hybrid cuttings (4 
months after rooting) were removed at the 24th internode. Cut stem ends were immediately 
placed in water and cut a second time while submerged. Branches were then transferred to 
0.5x Murashigie and Skoog solution. Images were taken within 24 h of branch removal. For 
preparation of sections, a portion of stem from the 12th internode was sectioned (thickness ∼40 
µm) on a Leica VT1000S vibratome. Sections were stored in water, until staining with 200µg−1 

mL Auramine O for 5 min followed by rinsing twice in water for 5 min. For incised stem, just 
prior to imaging a transverse cut was made with a sharp razor blade and the apical portion of the 
stem was removed. The exposed surface was stained by adding 500 µL 200µg−1 mL Auramine O 
solution onto the surface for 10s followed by rinsing with water followed by immediate imaging. 

3. Results 

We used fuorescent beads (2% solid, 4µm-diameter green FluoSpheres sulfate microsphere, see 
details in Supplement 1) sandwiched between a coverslip and a microscope slide to evaluate 
the performance of our system. A dataset containing 22,860 image-pairs was acquired for each 
optrode (note that the images from two optrodes are acquired simultaneously). The U-net for 
each optrode was trained with 19,860 images using an Adam optimizer with a learning rate 
of 1 × 10−4. From the remaining images, 2,000 were used for validation, and 1,000 for testing 
the trained network. Figure 2 shows three exemplary results from each optrode. The trained 
networks are able to reconstruct the images remarkably well. The averaged SSIM and MAE 
from the test images are summarized in Table S2. By evaluating the intensity cross-sections, we 
estimate that each optrode is able to resolve beads spaced by ∼8µm and to resolve the full-width 
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at half-maximum (FWHM) of isolated beads of 3.9µm. It is noteworthy that the resolution of 
both optrodes is almost identical. The FOV of the reconstructed images is ∼72µm (diameter). 
We were able to compute the resolution over a large number of images of beads, and calculated a 
mean diameter of 4.2µm (standard deviation = 0.42µm, see sections 13 and 14 in Supplement 1). 

result
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Fig. 2. Imaging fuorescent beads with 1 X 2 optrode array. (a) Left optrode. (b) Right 
optrode. SSIM values for reconstructed images are labelled. Cross-sections through single 
beads and closely-spaced bead pairs were used to estimate resolution. Nominal bead diameter 
is 4µm and we resolved a mean diameter of 4.2µm (standard deviation = 0.42µm). Also see 
Figs. S12-S15. 

The excitation beam diverges after it exits the optrode (see illustration in Fig. 3(a)). We 
confrmed this by recording the excitation-light distribution beyond the optrode as shown in 
Fig. S8(a). In order to characterize the increase in FOV, we captured 29,814 and 29,829 pairs 
of images of fuorescent beads at distance of 300 µm and 400 µm, respectively. The FOV was 
estimated by averaging all the ground-truth images in each plane (see Fig. S8(b)). The FOV 
(diameter) vs distance between the optrode-tip and sample is plotted in Fig. 3(b), which indicates 
an average divergence full-angle of 49.4° [25]. This corresponds to a numerical aperture (in air) 
of 0.42, which is consistent with the optrode geometry based on previous calculations [25]. We 
trained a separate pair of U-nets at each plane (and also for each optrode). In each case we used 
2,000 pairs of images for validation and 2,000 pairs of images were set aside for testing the trained 
networks (additional details in the Supplement 1). As shown in Fig. 3(c), the reconstructed 
results show excellent agreement with the ground-truth images in all cases with an average SSIM 
and MAE of 0.92, 0.01, and 0.90, 0.01 at the distances of 300 µm, and 400 µm, respectively 
(see Table S2). At distance of 400 µm, the FOV of one optrode slightly overlaps with that of its 
neighbor, which will allow for combining the FOV of two optrodes in the array using stitching 
algorithms in the future. 

Since image-reconstructions are very fast, the imaging speed is limited primarily by the frame 
rate of the sensor and the brightness of the fuorophores. Experiments done with stationary plant 
samples indicate that video frame rates are feasible (see Fig. S5 in Supplement 1). In order to 
explore imaging dynamic events, we fabricated a fuidic channel (see details in Supplement 1) and 
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Fig. 3. Increasing the field-of-view beyond the optrode diameter. (a) Excitation light

diverges beyond the optrode with an approximate full angle of 49.4°. This corresponds to

an effective NA of 0.42 (in air), which is consistent with prior work [18]. By increasing

the distance of the sample from the optrode tip (d), the excitation area is increased (see Fig.

S8). Example ground-truth images at various distances are shown. (b) The FOV is averaged

over ∼30,000 ground-truth images at each d. (c) By training separate networks for each

plane (and each optrode), image reconstructions at the larger FOV are demonstrated. When

d= 400 μm, the FOV is slightly larger than 400 μm, the spacing between the optrodes, which

could enable image stitching.
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Fig. 4. Dynamic imaging of capillary flow. Consequent frames from the reconstructed
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Note that the regions-of-interest in the reference camera do not perfectly match those in the

optrode-acquired frame. The frame rates for U-net and ground-truth images were 30 FPS

and 25 FPS, respectively. See Visualization 1 and Visualization 2. Also, see section 12 in

Supplement 1 for temporal noise analysis.
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imaged the motion of fuorescent beads through this channel via capillary action. Video data at 30 
frames per second (FPS) were acquired and reconstructed (see Visualization 1 and a few frames 
from the video are shown in Fig. 4 with arrows indicating motion of beads). This frame rate is 
limited by the sensor. Ground-truth video is included in Visualization 2 for comparison. The 
ground-truth sensor limited the achievable frame rate to 25 FPS. We also performed analysis of 
the sensor and temporal noise, and concluded that shorter exposure times contribute to reducing 
the SNR (see section 12 in Supplement 1). This can be mitigated partially by using sensor pixels 
with lower dark noise limit. 
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Fig. 5. Imaging sections of stems. Three example images from (a) the left and (b) the 
right optrode. Note that the images in same row are acquired simultaneously (same frame). 
The fuorescence from the cell wall is well resolved. (c) Contrast enhancement of ground-
truth images prior to training (U-net-ce) can improve the contrast and resolution of the 
reconstructed images. The full-width at half-maximum of the resolved cell wall is ∼4µm for 
U-net and ∼2µm for U-net-ce. SSIM values are labelled in the reconstructed images. Inset: 
photograph of an exemplary stem section (thickness ∼40 µm). 

We next applied this technique to visualize plant tissue structure in stem sections from poplar 
hybrids (Populus nigra x deltoides genotype GWR_50_102). The stem from a plant was sliced 
into 40 µm transverse sections and bathed in Auramine O solution to stain lignin and suberin cell 
wall components [27]. The sections were mounted in water on slides and coverslips were sealed 
with nail polish. A dataset containing over 23,000 images was collected from these samples. As 
before, 2,000 images were set aside for testing and a separate 2,000 for validation, while the rest 
were used for training. Three exemplary images from each optrode are summarized in Figs. 5(a) 
and 5(b). The reconstructed results agree well with the ground-truth images (average SSIM and 
MAE for left and right optrodes were 0.79, 0.05, and 0.78, 0.05 respectively, see Table S2). Since 
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the sections are ∼40µm thick, there is strong background from out-of-focus fuorescence, which 
reduces the overall image contrast. In order to mitigate this, we frst digitally adjusted the contrast 
of the ground-truth images, retrained the deep neural networks and tested their performance 
(details of each step are included in the Supplement 1). The results are summarized in Fig. 5(c). 
The network trained using digitally enhanced ground-truth images (labelled U-net-ce) clearly 
outperforms that trained using unenhanced ground-truth images (labelled U-net). We note that the 
contrast of output images from U-net-ce is signifcantly higher, background fuorescence is almost 
completely eliminated, and the plant-cell wall (thickness ∼2.3µm) is clearly resolved. In addition, 
we note that this resolution is consistently achieved across the full FOV (diameter = 72µm) as 
summarized in Fig. S7 (Supplement 1). 

In order to demonstrate imaging with a living plant, we carefully made an incision on a 
detached branch from a poplar hybrid (4.5 months old, rooted from cutting). The cut stem 
was fed with 0.2X Murashigie and Skoog solution throughout the experiment to sustain the 
cells. Two types of incisions were attempted: one transverse and another diagonal. Since the 
incised region was not fat, only one optrode was in focus. We recorded 106 image-pairs. The 
networks previously trained on plant sections (Fig. 5) were used for image reconstructions. The 
reconstructed results from 4 example images are shown in Fig. 6, and show good agreement with 
the ground-truth images. Note that no retraining was performed for these experiments. 

ground truth U-net

Stem

10μm
U-net-ceoptrode image

Predicted results

diagonal
cut

transverse
cut

Fig. 6. Imaging live stems. We imaged the transverse and diagonal cut surfaces of separate 
detached (but live) stems. Only one optrode was in focus. Its U-net trained with stem 
sections were used. No re-training was performed. 

4. Discussion 

The FOV of any lens (including a microscope objective) is limited primarily by of-axis aberrations 
to a small fraction (< 1/3rd) of its diameter. This trade-of can be overcome, if we relax the 
imaging condition. Here, we use a non-imaging optic, an optrode, to transport light into and 
out of a sample. The acquired image has little resemblance to the object, since this transport 
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represents a space-variant transformation. By collecting sufcient training data, we show that 
a machine-learning algorithm can learn to efectively invert this transformation, producing 
anthropocentric images with high resolution. In this case, the FOV is limited by the excitation 
and collection efciency (i.e., the relative power in the space-variant point-spread functions), 
and with appropriate choice of geometries can be 1x to 5x larger than the probe diameter itself. 
Here, we demonstrated imaging with the following metrics: resolving feature-widths ranging 
from 2.1µm to 3.9µm, FOV from 72µm to ∼400µm (with probe diameter of 80µm), and imaging 
speeds up to 30FPS. Our demonstration included imaging of fuorescent beads, stained stem 
sections and incised living stems. We did not demonstrate implantation of the optrodes here, 
although studies of chronic implantation of similar devices have been reported before [28,29]. 
Recently, we demonstrated computational microscopy using a commercial dual-cannula probe 
[30]. However, due to the cylindrical shape of the cannula, the FOV of each cannula was smaller 
than its diameter. Furthermore, the divergence angle of excitation light limited the achievable 
FOV with multiple cannulae. Compared to this prior work, here we report the most rigorous and 
exhaustive set of ex vivo experiments to date. Finally, we note that there is one important limitation 
of our approach that requires additional work. The reconstructions of non-sparse images (and 
those with signifcant background fuorescence) are constrained by the signal-to-noise ratio 
of acquired frames (see the images of longitudinal sections in the Supplement 1 for example). 
Although this is a common problem for all optical microscopies, it is especially critical for a 
computational microscope, but we note that this problem may be mitigated via the acquisition of 
and contrast-enhancement (as illustrated in Fig. 5(c)) of training data that is closely representative 
of the samples of interest. Acquiring large numbers of ground-truth images from deep tissue 
remains an open challenge, which potentially may be addressed with accurate simulation models 
[31]. Last, but not least, scaling to larger array of optrodes requires a high-NA, wide FOV 
objective (not implanted) such that the larger optrode array can ft within its FOV. This challenge 
may be overcome by utilizing an array of high-NA microlenses, for example [32], where one 
microlens is matched to an optrode. 
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