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Abstract: Since its invention, the microscope has been optimized for interpretation by a human
observer. With the recent development of deep learning algorithms for automated image analysis,
there is now a clear need to re-design the microscope’s hardware for specific interpretation
tasks. To increase the speed and accuracy of automated image classification, this work presents a
method to co-optimize how a sample is illuminated in a microscope, along with a pipeline to
automatically classify the resulting image, using a deep neural network. By adding a “physical
layer” to a deep classification network, we are able to jointly optimize for specific illumination
patterns that highlight the most important sample features for the particular learning task at hand,
which may not be obvious under standard illumination. We demonstrate how our learned sensing
approach for illumination design can automatically identify malaria-infected cells with up to
5-10% greater accuracy than standard and alternative microscope lighting designs. We show
that this joint hardware-software design procedure generalizes to offer accurate diagnoses for
two different blood smear types, and experimentally show how our new procedure can translate
across different experimental setups while maintaining high accuracy.

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Optical microscopes remain an important instrument in both the biology lab and the clinic.
Over the past decade, the incorporation of the digital image sensor into the microscope has
transformed how we analyze biological specimens. Many standard tasks, such as microscopic
feature detection, classification, and region segmentation, for example, can now be automatically
performed by a variety of machine learning algorithms [1]. For example, it is now possible to
automatically predict cell lineage and cycle changes over time [2,3], examine a patient’s skin to
automatically identify indications of cancer [4], rapidly find neurons in calcium imaging data [5],
and search across various biological samples for the presence of disease [6].
Despite the widespread automation enabled by new post-processing software, the physical

layout of the standard microscope has still changed relatively little - it is, for the most part, still
optimized for a human viewer to peer through and inspect what is placed beneath. This paradigm
presents several key limitations, an important one being that human-centered microscopes cannot
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simultaneously image over a large area at high resolution [7]. To see a large area, the sample
must typically be physically scanned beneath the microscope, which is time consuming and can
be error prone, even when scanning is automated with a mechanical device [8]. In addition, even
in the absence of scanning, it is still challenging to resolve many important phenomena using
the traditional transmission optical microscope. Biological samples are transparent, contain
sub-cellular features, and can cause light to scatter, all of which limit what we can deduce from
visible observations.

The diagnosis of malaria offers a good example of the challenges surrounding light microscopes
in the clinic. Human-based analysis of light microscope images is still the diagnostic gold
standard for this disease in resource-limited settings [9]. Due to their small size (approximately 1
µm diameter or less), the malaria parasite (Plasmodium falciparum) must be visually diagnosed
by a trained professional using a high-resolution objective lens (typically an oil immersion
objective lens [10]). Unfortunately, it is challenging to create high-resolution lenses that can
image over a large area. The typical field-of-view of a 100X oil-immersion objective lens is 270
µm in diameter [11], which is just enough area to contain a few dozen cells. As the infection
density of the malaria parasite within a blood smear is relatively low, to find several examples for
a confident diagnosis, a trained professional must scan through 100 or more unique fields-of-view
(FOV) [12,13]. A typical diagnosis thus takes 10 minutes or more for an expert, leading to
a serious bottleneck at clinics with a large number of patients and few trained professionals.
While the analysis process can be automated, for example by developing algorithms, such as a
convolutional neural network, to detect abnormalities within digitally acquired images [6,14], a
significant bottleneck still remains in the data acquisition process - human-centered microscope
designs still must mechanically scan across the sample to capture over 100 focused images, which
each must then be processed before it is possible to reach a confident diagnosis.
Alternative methods are available to speed up and/or improve microscope-based image

diagnosis. For example phase imaging [15], lensless imaging [16] and flow cytometry [17]
can all help improve automated classification accuracies and/or speed. In general, while these
alternative methods show promise, many of such new technologies often tend to fall short of their
goal of altering diagnostic workflows at hospitals and clinics, especially in resource-limited areas.

Here, we suggest a simple modification to the standard light microscope that can improve the
speed and accuracy of disease diagnosis (e.g., finding P. falciparum within a blood smear, or
tuberculosis bacilli within a sputum smear), without dramatically altering the standard image-
based diagnosis process. In our approach, we 1) add a programmable LED array to a microscope,
which allows us to illuminate samples of interest under a wide variety of conditions, and 2)
employ a convolutional neural network (CNN) that is jointly optimized to automatically detect
the presence of infection, and to simultaneously generate an ideal LED illumination pattern to
highlight sample features that are important for classification. While a number of different works
have applied deep CNNs to achieve impressive results with novel types of microscopes, from
augmenting microscopic imagery [18,19] to creating 3D tomographic images at high resolution
[20], we hypothesize that the use of a deep CNN to physically alter how image data is acquired
for each task at hand can lead to critical performance gains.
Since this approach relies on machine learning to co-optimize the microscope’s sensing

process, we refer to it as a “learned sensing” paradigm. Here, we are optimizing the microscope
to sense, for example, the presence or absence of a malaria parasite, as opposed to forming a
high-resolution image of each infected blood cell. By learning task-optimized hardware settings,
we are able to achieve classification accuracies exceeding 90 percent using large field-of-view,
low-resolution microscope objective lenses, which can see thousands of cells simultaneously, as
opposed to just dozens of cells seen in the current diagnostic methods using a high-resolution
objective lens. This removes the need for mechanical scanning to obtain an accurate diagnosis,
suggesting a way to speedup current diagnosis pipelines in the future - in principle, from 10
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Fig. 1. We present a learned sensing network (LSN), which optimizes a microscope’s
illumination to improve the accuracy of automated image classification. (a) Standard
optical microscope outfitted with an array of individually controllable LEDs for illumination.
(b) Network training is accomplished with a large number of training image stacks, each
containing N uniquely illuminated images. The proposed network’s physical layer combines
images within a stack via a weighted sum before classifying the result, where each weight
corresponds to the relative brightness of each LED in the array. (c) After training, the
physical layer returns an optimized LED illumination pattern that is displayed on the LED
array to improve classification accuracies in subsequent experiments.

minutes for manually searching for the malaria parasite, to 10 seconds for snapshot capture
and automatic classification. It also suggests a new way to consider how to jointly design a
microscope’s physical sensing hardware and post-processing software in an end-to-end manner.

2. Approach

Our approach is based on the following hypothesis: while standard bright-field microscope
images are often useful for humans to interpret, these images are likely sub-optimal for a computer
to use for automated diagnosis. Transparent samples like blood cells will exhibit little contrast
under bright-field illumination and can likely be examined with greater accuracy using alternative
illumination schemes. Techniques such as dark-field illumination, differential phase contrast
imaging [21], multispectral imaging [22] and structured illumination [23] can help extract
additional information from such samples and can thus increase the accuracy of automated
processing. However, it is not obvious what particular form of illumination might be optimal for
a particular machine learning task. For example, the detection of P. falciparum within blood
smears might benefit from one spectral and angular distribution of incident light, which will
likely differ from what might be required to optimally find tuberculosis within sputum smears or
to segment a histology slide into healthy and diseased tissue areas.

2.1. Deep learning for optimal illumination

To address this problem, we created a machine learning algorithm to jointly perform image
classification and determine optimal illumination schemes to maximize image classification
accuracy. Our learned sensing approach (Fig. 1) consists of a CNN that is enhanced with what
we term “physical layers,” which model the physically relevant sensing parameters that we aim to
optimize - here, the variable brightness of the LEDs within a programmable array placed beneath
the sample plane of a standard microscope. The physical layer concept proposed here has the
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potential to generalize to help optimize a variety of different experimental parameters, such as the
imaging system pupil, polarization properties, spatial and spectral sampling conditions, sensor
color filters [24], etc. In our first demonstration here, for simplicity, we limited our optimization
to the brightness of the individual LEDs in the array and their 3 spectral channels (i.e., blue, green
and red LED active areas). Once these weights are optimized, they define the best distribution
of LED brightness and color for illuminating a sample to achieve a particular inference task
(e.g., classification of the malaria parasite). The latter weights within our network make up
its “digital layers” and perform this specific task - here, the mapping of each of the uniquely
illuminated images to a set of classification probabilities. The weights within both the physical
and digital layers are jointly optimized using a large training dataset via standard supervised
learning methods (see Appendix).
There are several recent works that also consider how to use machine learning algorithms

to jointly establish hardware and software parameters for imaging tasks. Example applications
include the “end-to-end” design of a camera’s optical elements and post-processing software
for extended depth-of-field imaging [25], target classification [26], depth detection [27], and
color image reproduction [24], the latter of which was one of the first examples employing
this class of technique. While our learned sensing approach here is conceptually similar to the
end-to-end learning approaches listed above, we chose here to use slightly the broader “learned
sensing” term to refer to our microscope-based implementation, which includes dynamically
controllable hardware and is thus not coupled to a fixed optimized optical design. In other
words, the optimized illumination pattern in our microscope can change to better highlight
different samples under inspection. This may be important to allow the microscope to capture
category-specific sample features either of the P. falciparum malaria parasite, or of tuberculosis
bacilli, for example, as each exhibits a different volumetric morphology and often appears within
a unique spatial context. Since the LED array is programmable, the optimal illumination pattern
can be easily changed without the need to physically replace hardware, which is not the case for
previously reported literature.

For microscopic imaging, similar concepts to our approach have been applied to co-optimize
a spatial light modulator to improve multi-color localization of fluorescent emitters [28–30].
In addition, several works have also optimized the illumination in a microscope via machine
learning to improve imaging performance, primarily for the task of producing a phase contrast
or quantitative phase image [31–33], but also for improving resolution-enhancement methods
like Fourier ptychography [34–36]. A useful review of similar machine learning methods in
microscopy is presented in Ref. [37]. These prior goals are distinct from the present effort of
learning the illumination (or sensing parameters in general) for context-specific decisions (e.g.,
for classification, object detection, image segmentation) in an integrated pipeline. We note that
this current work is a revised version of an earlier investigation of ours [38] posted on arXiv,
which was one of the earlier works to propose illumination optimization for context-specific
decisions. Here, we now examine the problem of joint optimization over the LEDs’ position and
spectrum, using multiple larger datasets, which provide us with a more complete picture of our
proposed network’s performance. We also now test the robustness of our approach to collecting
and processing data across multiple unique optical setups.

As noted above, while the physical layers of our learned sensing network may take on a variety
of different forms, our implementation for LED illumination optimization requires one simple
physical layer. In the absence of noise, the image formed by turning on multiple LEDs is equal to
the digitally computed sum of the images formed by turning on each LED individually (since the
LEDs in the array are mutually incoherent). Similarly, the image of a sample illuminated with a
broad range of colors (i.e., different optical wavelengths) can be formed by summing up images
where each color was used to separately illuminate the sample. Thus, we can digitally synthesize
images under a wide range of illumination conditions by computing a weighted sum of images
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Algorithm 1 Learned sensing based network for optimized microscope illumination
1: Input: {Ij,n} with n ∈ {1, . . . ,N} uniquely illuminated images of the jth object, object labels
{yj}. Number of iterations T . An image classification model F parametrized by θ.

2: Randomly initialize the LED weights w = {wn}
N
n=1.

3: for iteration t = 1 . . . ,T do
4: Sample a minibatch of ({Ij,n}

N
n=1, yj),

5: Generate each pattern-illuminated image I ′j via the weighted sum I ′j =
∑N

n=1 wnIj,n
6: Take a gradient descent step on CrossEntropy(F(I ′j ), yj) with respect to w and θ.
7: end for
8: Output: the optimized LED weights w and the model parameters θ.

captured under illumination from each and every colored LED within our array. If the brightness
of the nth LED in the array is denoted as wn, and the associated image formed by illuminating
the sample with only this LED at a fixed brightness is In, then the image formed by turning on a
set of N LEDs at variable brightness levels and/or spectral settings is,

I ′ =
N∑

n=1
wnIn. (1)

Accordingly, our physical layer contains a set of learned weights wn, for n ∈ [1,N], that are each
multiplied by their associated image and summed. A 4-layer CNN, connected within the same
network, subsequently classifies this summed image into one of two categories (infected or not
infected). Our complete learned sensing CNN for illumination optimization is summarized in
Algorithm 1.

Unlike standard classification methods, which typically train with images under uniform
illumination, our network here requires a set of N uniquely illuminated images {In}

N
n=1 per

training example. Once network training is completed, the inference process requires just one or
two optimally illuminated low-resolution images. Multiplexed image acquisition [39] or other
more advanced methods [40,41] might be used in the future to reduce the total amount of acquired
training data per example. At the same time, we also note that capturing this data overhead is only
required once, for the training dataset. After network training, the optimized physical parameters
(the LED brightnesses and colors) can then be used on the same or on different setups (as we will
demonstrate) to improve image classification performance.

2.2. Experimental setup

To experimentally test our learned sensing approach, we attempt to automatically detect the P.
falciparum parasite in blood smear slides. We examine two types of smears commonly used in
the clinic: “thin” smears, in which the blood cell bodies remain whole and are ideally spread out
as a monolayer onto a microscope slide, and “thick” smears, in which the cell bodies are lysed
to form a nonuniform background. For each sample category, we captured data with a slightly
different microscope and LED array configuration. We imaged thin blood smears with a 20X
microscope objective lens (0.5 NA, Olympus UPLFLN) and a CCD camera (Kodak KAI-29050,
5.5 µm pixels). Variable illumination was provided by a flat LED array, using 29 LEDs arranged
in 3 concentric rings placed approximately 7 cm from the sample (maximum LED illumination
angle: 40 degrees). Each LED contained 3 individually addressable spectral channels, creating
N = 87 unique spectral and angular channels for thin smear illumination.

For thick smears, in which the infections were slightly easier to identify, we used a 10X
objective lens (0.28 NA, Mitutoyo), a CMOS camera (Basler Ace acA4024-29um), and variable
illumination from a custom-designed LED array [42] (Spectral Coded Illumination, Inc.)
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containing approximately 1500 individually addressable LEDs arranged in a bowl-like geometry
that surround the sample from below (see Fig. 1). This bowl-like geometry helps maximize the
amount of detectable light from LEDs that are at a large angle with respect to the optical axis. We
used 41 LEDs distributed across the bowl (maximum LED illumination angle of approximately
45 degrees) with 3 spectral channels per LED (480 nm, 530 nm and 630 nm center wavelength),
making N = 123. We limited our attention to a subset of 29 LEDs for the thin smear, and
41 LEDs for the thick smear, instead of using all of the 1000+ LEDs available within each
array, based upon memory constraints in our network. In principle, it is possible to optimize
patterns consisting of thousands of LEDs, using thousands of uniquely illuminated images, with
a computational pipeline for optimization that has sufficient memory. We selected a particular
spatial distribution of LEDs for each case to help balance the number of LEDs in the bright-field
and dark-field channels, which was desired for our initial tests.

In both imaging setups, our objective lenses offer a much lower resolution than an oil immersion
lens, what is typically required by a trained expert to visually identify the P. falciparum parasite.
This allowed us to capture a much larger FOV (25-100X larger area), but at the expense of a
lower image resolution. By illuminating the sample at a variety of angles, up to 45 degrees, it is
possible to capture thin-sample spatial frequencies that are close to the maximum cutoff of an
oil-immersion lens [21]. Our aim here is to determine whether an optimized illumination strategy
can help overcome the limited resolution and contrast (and thus classification performance) of
our low NA objective lenses, which can potentially lead to accurate diagnosis over 25-100X more
cells per snapshot in an oil-free imaging setup.

2.3. Thin smear dataset

To classify cells infected with the malaria parasite in thin blood smears, we captured images of
approximately 15 different slides with monolayers of blood cells. Some cells within each slide
were infected with P. falciparum while the majority of cells were not infected. Of the infected
cells, the majority were infected with P. falciparum at ring stage. Much fewer (∼1%) of the
infected cells are trophozoites and schizonts, to help test how well the classifier generalizes to
different stages of infection. Each slide has been lightly stained using a Hema 3 stain.

To create our classification data set, we first used the image illuminated by the on-axis (center)
LED to identify cells with non-standard morphology. We then drew small bounding boxes around
each cell and used Fourier ptychography (FP) [11] to process each set of 29 images (under green
illumination) into an image reconstruction with higher resolution. The FP reconstructions provide
both the cell absorption and phase delay at 385 nm resolution (expected Sparrow limit), which
approximately matches the quality of imaging with an oil-immersion objective lens [21]. We then
digitally refocused the FP reconstruction to the best plane of focus and visually inspected each cell
to verify whether it was uninfected or contained features indicative of infection. Since the human
annotation process heavily relied on the image formed by the center LED, we decided to not
use the center LED image for algorithm training and instead used N = 84 uniquely illuminated
images (28 LEDs with 3 colors per LED) per training/testing example. This helped minimize any
potential effects of per-image bias that could impact the generality of our optimized illumination
patterns. We chose an image size of 28×28 pixels, which is slightly larger than the size of an
average imaged blood cell, to ensure that there is one complete blood cell within the field-of-view
of each example. Individual blood cells were cropped from the full field-of-view image and
when necessary, we performed cubic resizing to create 28 × 28 pixel images to make all cropped
images the same size. Each 28 × 28 × 84 data cube and its binary diagnosis label (infected or
uninfected) form one labeled training example.

Our total thin smear training dataset consisted of approximately 1,025 cropped example cells,
where 330 of the example cells contained an infection and 795 examples contained no infection.
We applied data augmentation (factor of 32) separately to the training and testing sets. Each final
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training set contained 25,000 examples. Each final test set was approximately 25% of the size
of its associated training set, with 6,000 examples. We ensured that each test dataset included
50% uninfected examples and 50% infected examples, which simplified our statistical analyses.
Mixtures of 4 different transformations were tested for data augmentation: image rotation (90
degree increments), image blurring (3×3 pixel Gaussian blur kernel), elastic image deformation
and the addition of Gaussian noise. These transformations align with the following experimental
uncertainties that may arise in future experiments: arbitrary slide placement, slight microscope
defocus, distortions caused by different smear procedures and varying amounts of sensor readout
noise.
To ensure the quality of this dataset, a trained human expert, not involved in the sample

preparation or imaging experiments, re-examined a random selection of 50 of the labeled examples
(0.5 probability uninfected, 0.5 infected). For each randomly selected example, we displayed 4
images to the expert: one generated by the center LED, a bright-field off-axis LED, a dark-field
off-axis LED, and the FP-reconstructed magnitude. Based on these 4 images, the expert made a
diagnosis that matched the assigned label with an accuracy of 96% (48 matched, 2 mismatched
as false positives). Diagnosis errors can be partially attributed to the low resolution of each raw
image and artifacts present in the FP reconstruction.

2.4. Thick smear dataset

To test how well our learned sensing approach generalized across microscope setups and
classification tasks, we captured thick smear malaria data on a new microscope, with a bowl-like
arrangement of LEDs. The thick smears included the P. falciparum infection at ring stage with
a 0.002%-0.5% concentration. Each slide also included early trophozoites at a much lower
concentration, as well as a large background of red blood cells that were partially lysed and
contributed a substantial amount of debris to each slide. We captured our data from 5 different
slides and followed a similar classification and segmentation pipeline as explained for the thin
smear data, again using cubic resizing to 28 × 28 pixel images when necessary. We captured data
from N = 123 unique LEDs in total (41 red, green and blue LEDs), and again chose to remove
the 3 center LED images from the training dataset (since they were heavily relied upon during
the annotation process) to create labeled examples each 28 × 28 × 120 in size. We identified
694 examples of suspected infection using the center LED-illuminated images across all 5 slides,
while we cropped 1,432 regions containing no infection from various image plane locations,
leading to 2,126 total examples. 16X augmentation led to a final training dataset with 24,000
examples. Due to the more obvious features of the parasite in the thick smear, FP was not used
to aid annotation. Furthermore, due to the lysing of the red blood cell bodies, each uninfected
example is not necessarily of a cell body and primarily contains cell body debris.

3. Experimental results, thin smear

Table 1 presents our experimental classification results for thin-smear malaria. Our network
consisted of the 5-layer CNN detailed in the Appendix, using the physical layer for illumination
optimization described in Section 2. In this table, we compare the classification accuracy for
a variety of different illumination schemes, including our network’s optimized illumination
method, which outperforms each of the tested alternatives. Each entry within the table includes
1) an average accuracy from 15 independent runs, 2) a ’majority vote’ that selects the mode
of classification category across the 15 trials to establish the final classification for each test
example, and the standard deviation of the classification accuracy for the 15 trials.
The alternative illumination schemes that we tested include spatially incoherent illumination

from “all” LEDs within the array, “off-axis” illumination from one LED at small angle with
respect to the optical axis, “random” illumination from all of the LEDs set at randomly selected
brightness levels, and then two “phase contrast” (PC) methods that rely on using both positive
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Table 1. Learned sensing classification of P. falciparum infection, thin smear.

Illumination Type & Classification Score

Data Value PC Ring Off-axis PC +/- All Random Optim.

Red-only Average 0.827 0.782 0.718 0.711 0.749 0.852
Majority 0.847 0.804 0.728 0.724 0.797 0.862
STD 0.008 0.012 0.007 0.008 0.026 0.010

Precision 0.922 0.917 0.845 0.822 0.860 0.926

Recall 0.715 0.619 0.532 0.534 0.593 0.765

Green-only Average 0.859 0.746 0.699 0.705 0.760 0.873
Majority 0.878 0.756 0.707 0.719 0.807 0.892
STD 0.008 0.015 0.014 0.011 0.040 0.017

Precision 0.936 0.863 0.837 0.804 0.858 0.944

Recall 0.769 0.582 0.498 0.542 0.621 0.791

Blue-only Average 0.842 0.748 0.735 0.731 0.758 0.853
Majority 0.872 0.771 0.744 0.751 0.825 0.884
STD 0.015 0.011 0.013 0.011 0.029 0.018

Precision 0.932 0.867 0.869 0.845 0.868 0.920

Recall 0.737 0.585 0.554 0.566 0.610 0.773

RGB Average 0.847 0.768 0.726 0.707 0.753 0.882
Majority 0.872 0.788 0.747 0.722 0.833 0.908
STD 0.018 0.010 0.020 0.020 0.039 0.019

Precision 0.907 0.835 0.822 0.808 0.841 0.939

Recall 0.772 0.669 0.579 0.544 0.625 0.818

"PC ring" illuminates with a ring of 20 dark-field LEDs for the first image and then the 8 central bright-field LEDs for the
second image and subtracts the two images for phase contrast. "Off-axis" illuminates with one LED at a small angle with
respect to the optical axis. "PC +/-" illuminates with a bright-field LED at an angle for the first image and the LED at
equal and opposite angle for the second image before subtracting these two images. "All" sets all LEDs to a uniform
brightness. "Random" sets the LEDs’ brightness to random values for the illumination. "Optim." is the learned pattern.

and negative LED weights to form the final image. It is important to note our optimizer solves for
weights wn that can be either positive or negative. To implement these positive and negative LED
weights experimentally, we capture and subtract two images - the first with positively-weighted
LEDs illuminated at their respective brightness and the second with the negatively weighted
LEDs, and subtract the second from the first to form the final image that will be fed into the
classification network. It is certainly possible to use more than two optimized LED patterns
to capture more than two images for improved classification, potentially with another slightly
modified learned sensing optimization framework. As our current approach can only optimize for
either one or two illumination patterns, we focus our attention on this limited subset of imaging
configurations for comparison.
Accordingly, for the “PC +/-” configuration’s positive and negative illuminations, we set the

brightness of an angled LED within the bright-field cutoff to 1, and set the brightness of the
LED at an equal and opposite angle to -1. This generates a final image that shares properties
with a large class of differential phase contrast illumination techniques [43], which capture
and subtract two images under angled illumination. There are a large variety of differential
phase contrast techniques that use more than two captured images [44–47], which are, as noted
above, challenging to directly compare to this limited learned sensing network. Second, the
PC Ring illumination scheme consists of using a ring of 20 LEDs within the dark-field channel
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to illuminate and capture one image, and a set of 8 LEDs within the bright field channel to
illuminate and capture a second image, and subtracts the two images to create phase contrast.
This type of illumination scheme has been previously investigated in Ref. [44]. We selected this
particular phase contrast LED pattern to generally match the optimized LED illumination pattern
structure that we consistently observed during classification optimization (see details below).

The classification scores in Table 1 indicate that our optimized illumination pattern results in
classification accuracies that exceed all other tested illumination methods. Improvement over the
naive approach of using uniform Köhler-type illumination with "all" LEDs on, which is a primary
illumination scheme for clinicians and for acquisition of most microscope image data, can be
greater than 15%. In general, we observed that a higher classification accuracy is achieved when
the illumination provides some sort of phase contrast. The best alternative option is provided by
PC Ring illumination.

Our variably-illuminated data allows us to test how well our learned sensing network improves
classification accuracy with both angularly varying illumination, as well as spectrally varying
illumination. First, we examined the performance of each spectral channel (i.e., the red, green
and blue LEDs) separately. To do so, we optimized for single-color illumination patterns by
training our algorithm with only the image data captured from each respective LED color. The
classification accuracies obtained from this exercise, of using just one color at a time, are listed
in the first three sections of Table 1. These results highlight that the spatial pattern established
for the green channel is slightly better at resulting in correct classification of the malaria parasite
in thin smears. Example optimized LED illumination patterns determined by our network
for each single-color case are shown in Fig. 2. Here, we observe that the CNN converges to
similar optimized LED patterns for each color channel considered individually, albeit with slight
differences (e.g., see Pattern 1 green versus blue). The average variance of optimized LEDweights
(with normalized brightness) across 15 independent trials was 0.010. The primary observation
here is that, independent of LED color, our CNN’s physical layer consistently converged to a very
similar distribution of weights that were negative for LEDs along the outer-most ring (beyond the
bright-field/dark-field cutoff) and were positive elsewhere, establishing a particular illumination
pattern that was close to but not quite circularly symmetric to optimally classify the malaria
parasite. There are a number of possible causes of an observed asymmetry, including the fact
that all tested blood samples exhibited a similar preferential smear direction, as well as possible
influences of data augmentation. We plan to investigate the specific properties of these optimized
illumination patterns and hope to uncover causes of asymmetry in the near future.

Second, we examined the classification performance of our network while jointly optimizing
over LED position and color, using all N = 84 images per example during the model training.
The results of this optimization exercise are at the bottom of Table 1. Joint spatio-spectral
optimization produced the highest classification accuracy observed with the thin smear data (91
percent). This exceeds the accuracy of standard white illumination from an off-axis LED (79
percent), from the phase contrast ring pattern (87 percent), and from optimized illumination
using only the green LEDs (89 percent). The average optimal color illumination patterns are in
Fig. 3. We observe here that the optimized LED array pattern for all colors considered jointly
exhibits a spatially varying spectral profile (that is, the spatial distribution of the colors within the
patterned illumination appears to be important for increasing the final classification accuracy).
The average variance of normalized LED brightness during multispectral optimization across 15
independent trials was 0.008.

Images of several randomly selected cells under each tested illumination pattern, including the
optimized illumination patterns, are shown in Fig. 4. As noted above, images under illumination
from positively and negatively weighted LEDs were formed by capturing and subtracting the two
images. The PC Ring and optimized illumination schemes yield images with little background
and a noticeable bright spot at the location of each parasite. We note that the single-color
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Fig. 2. Optimal single-color illumination patterns determined by our network for thin-smear
malaria classification (average over 15 trials). (a) Optimized LED arrangement determined
using only the red spectral channel exhibits negative (Pattern 1) and positive (Pattern 2)
weights that lead to two LED patterns to display on the LED array, recording two images
which are then subtracted. Variance over 15 independent runs of the network’s algorithm
shows limited fluctuation in the optimized LED pattern. (b-c) Same as (a), but using only the
green and blue spectral channels, respectively, for the classification optimization. Dashed
line denotes bright-field/dark-field cutoff.

Fig. 3. Optimal multispectral illumination patterns determined by our network for thin-
smear malaria classification (average over 15 trials). Learned sensing optimization is jointly
performed here over 3 LED colors and 28 LED locations simultaneously, yielding 2 unique
spatio-spectral patterns that produce 2 optimally illuminated images for subtraction.
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optimized patterns patterns for the red channel exhibit the lowest signal-to-noise ratio out of
all three spectral channels, due to our use of lower power for the red LEDs and the relative
low-contrast of the blood cells in red, which mostly disappears when we additionally optimize
over the green and blue spectral channels. The average false positive rate and false negative rate
breakdown for the single-color optimized results was 2.91% and 11.14%, respectively (averaged
over 15 independent trials and 3 separate colors). For the jointly optimized LED position and
color results, the false positive/false negative rates were 2.96% and 8.87%, respectively. While
our test datasets were a 50 percent split between infected and uninfected examples, our training
data consisted of a larger number of uninfected examples, which may be one reason why we
observe a slightly larger number of false negatives in our results. Future work will aim to better
understand how the optimized illumination pattern distinctly impacts false positive and false
negative rates.

Fig. 4. Example images of individual thin-smear blood cells under different forms of
illumination. Top two rows are negative examples of cells that do not include a malaria
parasite, bottom two rows are positive examples that contain the parasite. Example
illuminations include from (a) just the center LED, (b) uniform light from all LEDs, (c) all
LEDs with uniformly random brightnesses, (d) a phase contrast-type (PC) arrangement, (e)
an off-axis LED, (f) a phase contrast (PC) ring, (g) optimized pattern with red illumination,
(h) optimized multispectral pattern, and (i) the same as in (h) but showing response to each
individual LED color in pseudo-color, to highlight color illumination’s effect at different
locations across the sample.

4. Experimental results, thick smear

We repeated the same experimental exercise with our labeled images of thick smear preparations
of malaria-infected blood smears. The resulting classification accuracies for the same set of 6
different possible illumination schemes are shown in Table 2, once again for 15 independent trials
of the network. For our thick smears, the classification accuracies for all illumination schemes
are much higher than for the thin smear - approximately 10 − 15 percent higher across the board.
We hypothesize that this gain is most likely due to the use of heavier staining on the thick smear
slides, which caused parasites in these slides to be more absorptive and thus stand out with higher
contrast from the background.

Although all tested LEDpatterns yielded higher accuracy thanwith thin smear data, thusmaking
differential performance analysis slightly more challenging, we still consistently obtained the
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Table 2. Learned sensing classification of P. falciparum infection, thick smear

Illumination Type & Classification Score

Data Value PC Ring Off-axis PC +/- All Random Optim.

Red-only Average 0.976 0.972 0.910 0.972 0.947 0.982
Majority 0.977 0.975 0.918 0.974 0.975 0.982
STD 0.002 0.002 0.013 0.002 0.022 0.001

Precision 0.988 0.993 0.977 0.984 0.974 0.987

Recall 0.962 0.950 0.837 0.961 0.917 0.977

Green-only Average 0.993 0.969 0.918 0.986 0.932 0.995
Majority 0.994 0.974 0.926 0.988 0.959 0.995
STD 0.001 0.004 0.008 0.001 0.009 0.001

Precision 0.998 0.980 0.980 0.995 0.984 0.994

Recall 0.988 0.958 0.854 0.975 0.878 0.995

Blue-only Average 0.988 0.975 0.938 0.989 0.970 0.994
Majority 0.988 0.977 0.943 0.991 0.981 0.996
STD 0.002 0.003 0.004 0.002 0.007 0.002

Precision 0.999 0.998 0.990 0.994 0.992 0.999

Recall 0.976 0.953 0.886 0.984 0.948 0.990

RGB Average 0.990 0.970 0.941 0.981 0.965 0.990
Majority 0.991 0.976 0.948 0.983 0.980 0.990

STD 0.003 0.006 0.008 0.003 0.020 0.001

Precision 0.998 0.990 0.988 0.994 0.994 0.999

Recall 0.981 0.950 0.892 0.900 0.936 0.981

"PC Ring" illuminates with a ring of 26 dark-field LEDs for the first image and then 14 central bright-field LEDs for the
second image and subtracts the two images for phase contrast. "Off-axis" illuminates with one LED at a small angle with
respect to the optical axis. "PC +/-" illuminates with a bright-field LED at an angle for the first image and the LED at
equal and opposite angle for the second image before subtracting these two images. "All" sets all LEDs to a uniform
brightness. "Random" sets the LEDs’ brightness to random values for the illumination. "Optim." is the learned pattern.

highest classification accuracy using optimized illumination. Once again, PC Ring illumination
produced, on average, the second highest classification scores. Unlike the thin smear case,
uniform Köhler-type illumination also led to high classification accuracies. We hypothesize
that the higher amount of absorption caused by each thick smear provided sufficient contrast for
strong performance under uniform lighting from all LEDs.

While high (95-99%) classification accuracies make it more challenging to draw conclusions
about our network’s optimization performance, for each LED color (N = 40) versus joint
optimization across all colors, one observation is that patterns using green and blue light
outperformed those using red light. This matches expectations for the red-stained thick smears,
which include parasites that absorb more green and blue light. It is also verified by the optimized
patterns obtained from joint optimization across LED location and color (N = 120), shown in
Fig. 5, which are more heavily blue-green. Optimized LED patterns for each individual color
channel exhibit a similar structure, as shown in the Appendix (see Fig. 8). Furthermore, we note
that the slight drop in classification accuracy of the joint location and color optimization, versus
just the single-color results, is likely due to to the size of the augmented training dataset for
each case (14,000 for the former, 24,000 for the latter), which was due to memory constraints
encountered during network training.
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Fig. 5. Optimal multispectral illumination patterns determined by the learned sensing
network for thick-smear malaria classification. Network optimization is jointly performed
over 3 LED colors and 40 locations simultaneously. Dashed line denotes bright-field/dark-
field cutoff. Optimized pattern uses a similar phase contrast mechanism as with the thin
smear, but converges towards a distinctly unique spatial pattern and multispectral profile.

As with the thin smear case, our network converged to an optimal LED arrangement that
included negatively-weighted LEDs distributed beyond the dark-field cutoff, and positively-
weighted LEDs within the bright-field area, once again utilizing a phase contrast mechanism to
boost classification performance that is structurally similar to the PC Ring scheme that we test
performance against. However, the particular spatial arrangements and multispectral distributions
of the optimized patterns for thin and thick smears are uniquely distinct, pointing towards our
modified network’s ability to create task-specific optimized illumination patterns. It should be
noted that the LED arrays used in the thin and thick smear experiments each have a slightly
different physical layout, but both provide similar Fourier space coverage. Each array has a
similar split of bright-field and dark-field LEDs (9/20 and 12/29 bright-field/dark-field LEDs,
respectively, for the thin and thick smear setups). Thus, by examining the optimized patterns,
we can conclude that, for the first snapshot, more direct and slightly asymmetric bright-field
illumination was preferred for thick-smear classification, whereas more tilted and symmetric
bright-field illumination was preferred for thin-smear classification. Both sample types preferred
ring-like dark-field illumination for the second snapshot, but with obvious color differences.
Figure 6 highlights the effects of the various illumination methods, including the optimized

pattern, on several example areas with and without a parasite in the thick smear data. The
optimized LED patterns were slightly less consistent than with the thin smear, but were still very
repeatable - the average variance across LEDs trained during multispectral optimization was
0.012 (15 independent trials). Single-color optimization yielded an average false positive/false
negative rate of 0.31% and 0.66%, respectively, while the multispectral optimization yielded rates
of 0.05% and 0.94%, respectively, on the thick smear data. Once again, we currently attribute
this imbalance to our uneven training data and are currently investigating how the learned sensing
network’s physical layers impact this split.
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Fig. 6. Example images of thick-smear locations under different forms of illumination.
Top two rows are negative examples of areas that do not include a malaria parasite, bottom
two rows are positive examples that contain the parasite. Example illuminations for (a)–(f)
mirror those from Fig. 4, while the optimized patterns used for (h)–(i) are shown in Fig. 5.

4.1. Transfer across experimental setups

As a final exercise, we tested the robustness of our network’s optimized illumination patterns
to different experimental conditions and setups. A primary goal of our experimental efforts
here is to establish whether our learned sensing technique can be eventually applied across a
large number of devices. We would ideally like to apply the same set of learned patterns across
multiple microscopes distributed at different clinics and laboratories. A prerequisite to effectively
achieve this goal will be to ensure that an optimal illumination pattern established using training
data captured by one microscope at one location (e.g., a dedicated laboratory), can be used
with a second microscope at a different location (e.g., in the field) while still offering accurate
performance. This would imply that the optimized patterns are not coupled to a specific setup,
but instead can generalize to different experimental conditions. At the same time, we aim for
these optimized patterns to remain effective for their specific sample category. While we only
test robustness for one sample category here, we aim to understand the interplay and trade-offs
between these two related goals in future work.

Fig. 7. Full-slide classification performance using a pre-trained learned sensing network
with a new experimental setup. (a) Zoom-in of a thick smear image captured in Durham, NC
with sliding window classification process depicted on the top. (b) Classification map (in
yellow) overlayed on top of the experimental image of the thick smear. Here the classification
map for the entire thick smear image was generated by the sliding-window technique, using
the learned-sensing CNN trained on the data captured in Erlangen, Germany. (c) Human
annotation map of same thick smear. (d) Confusion matrix of classification performance.
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Accordingly, we trained a learned sensing network first using a labeled thick smear experimental
dataset collected as described above, in Erlangen, Germany. Training resulted in a set of optimized
classification CNN weights and an optimized illumination pattern similar to that shown in Fig. 5.
Next, a new microscope with a similar configuration was set up in Durham, North Carolina,
which used similar components to match key specifications (0.28 NA, 10X objective lens, LED
array bowl and the CMOS camera). For other components (sample stage, tube lens, LED array
mount etc.), different model parts were used. There were also some small variations present in
the setup due to tolerances in the construction. We used the new setup to capture new images
of unseen thick-smear slides (Fig. 7(a)). Finally, we input these new images into the previously
trained network, one image patch at a time via a sliding window technique [48,49] shown in
Fig. 7(a), and evaluated the classification performance. In this sliding window method, a 28x28
pixel patch around a given pixel in the 10X raw image is chosen and sent to the network to get
a classification score, which is then assigned to the corresponding pixel on the classification
map. This is repeated for all pixels in the 10X image to create the final classification map. An
example sliding window classification map, overlaid on its associated 10X raw image, is shown
in Fig. 7(b).

To obtain the ground truth for performance evaluation, we also captured high-resolution images
(40X objective lens) of the same thick-smear samples in Durham, NC over the full 10X objective
lens FOV. A human annotator used the 40X images to create "true map" images of the location
of infections in the 10X images. An example human annotation map is in Fig. 7(c). Comparing
the predicted map to the true annotation map of the parasites, we obtained an average accuracy
of 0.988. The associated Intersect-over-Union metric was 0.284, which is relatively low. We
observed that classification results in this set of tests were affected by the presence of artifacts
created by dust or other debris not associated with the blood smear itself, which led to a relatively
large number of false positives. However, we observed a perfect true positive rate (i.e., we did not
miss any parasites). For completeness, we also trained a CNN using data captured in Germany
under uniform Köhler-type illumination, and performed the same classification task using the
sliding window technique on uniformly illuminated images captured in Durham, NC. In this
case, we obtained an average accuracy of 0.975 (19, 876 True Positives and 11, 711, 364 True
Negatives). The associated Intersect-over-Union metric was 0.055. It is evident that optimized
illumination maintains superior performance over standard uniform illumination when results are
translated to different setups.

As noted above, future work will attempt to better understand the interplay between different
types of classification error, and to reduce the number of false positives in these translated results.
At the same time, it is important to note that the final quantity that we are eventually interested in
is a single diagnosis for each entire blood smear. Accordingly, we will eventually aim to aggregate
classification statistics from thousands of different image patches from the same slide, which will
allow us to significantly reduce the impact of false positive errors to increase confidence in final
decisions and diagnoses.

5. Discussion and conclusion

We have presented a method to improve the image classification performance of a standard
microscope, by adding a simple LED array and jointly optimizing its illumination pattern within
an enhanced deep convolutional neural network. We achieved this joint optimization by adding
what we refer to as a “physical layer” to the first components of the network, which jointly solves
for weights that can be experimentally implemented in hardware. Since the LED array offers
full electronic control over the brightness and the color of each LED, this results in the ability
to use a wide variety of illumination patterns that are optimized for different sensing tasks. In
this case, we considered two specific sensing tasks - classifying the malaria parasite within thin
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blood smears and within thick blood smears, which resulted in two notably different optimal
illumination patterns.

With minimal modification, the network presented here directly optimizes for either one or two
illumination patterns - depending upon the use of a non-negativity constraint on physical layer
weights during optimization. Capturing more than 2 images with more than 2 unique illumination
patterns would most certainly help improve the classification accuracy. This topic is a current
line of investigation within the microwave regime [50], and can likely extend to the optical
domain as well. Such an effort will likely benefit from an adaptive illumination strategy, whereby
reinforcement learning can be used to establish a feedback loop between captured images and
optimal subsequent illumination patterns. This leads to the interesting future aim of creating
an “intelligent” microscope, whose sensing parameters (illumination angle and color, sample
position, lens settings) are dynamically established during image acquisition, via a task-specific
policy, to increase inference accuracy.
Future work might also aim to improve the experimental hardware used for imaging. With

the selected objective lenses, we observed that chromatic aberrations, especially at the edges
of the image FOV, caused the acquired image data from different colored LEDs to not align
perfectly. While this effect will be present in nearly all experimental microscopes, such as the
one used here, future tests should work towards minimizing or accounting for this effect. Future
work might also examine our network’s performance as a function of the number of illumination
LEDs - a larger number will require additional training overhead, but might yield a smoother
illumination distribution in the source plane, and thus offer further insight into how illumination
can help maximize classification accuracies for various sample categories.
Finally, this preliminary investigation is a first step towards a broader aim to create a simple,

inexpensive and portable microscopic imaging system that can accurately detect and identify
various infectious diseases across a large FOV. A low-cost portable microscope with an LED
array illumination was recently reported [51] using a Raspberry Pi as the computer. Despite not
having a high-power graphics card, the computational power on such single-board computers
is sufficient to perform classification with the co-optimized LED illumination and the CNN
that was trained on a lab setup. In addition, we hope to increase the size and diversity of our
labeled dataset of P. falciparum, both in terms of examining the parasite at different stages
within its life cycle, as well as under different stains and smear preparations. Transfer learning
[52] may also be used to help broaden our future datasets to include images of blood smears
from significantly different microscope setups. We also hope to perform learned sensing-based
optimization with other sample categories - for example, tuberculosis bacilli within sputum
smears or filaria parasites within blood samples. Finally, we aim to apply our approach to
improve the performance of alternative machine learning goals - for example, for object detection
[53] and image segmentation [54]. In short, there are many possible extensions of the learned
sensing technique, and we encourage others who work with deep networks to simultaneously
consider how to jointly optimize their data sensing hardware, in addition to their machine learning
software, for improved system performance.

Appendix

Network optimization: All machine learning optimization was performed with Tensorflow. To
process each type of data, we used the cross-entropy metric, trained with 25k iterations with a
batch size of 50 and applied dropout before the final layer. We primarily used Gaussian random
weight initialization for all weights, except for optimization of RGB weights with the thin smear
data, where we found slightly better performance by initializing with zeros. All reported results
used Adam Optimization with a step size of 10−3 and the following parameters: β1 = 0.9,
β2 = 0.999 and ε = 10−8.
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Our CNN contained 5 layers, where layers proceeded as follows: layer 1 (physical layer) is a
tensor product between a 28 × 28 × N input and a 1 × N weight vector w, layer 2 uses a 5 × 5
convolution kernel, 32 features, ReLU activation and 2 × 2 max pooling, layer 3 uses a 5 × 5
convolution kernel, 64 features, ReLU activation and 2 × 2 max pooling, layer 4 is a densely
connected layer with 1024 neurons and ReLU activation and layer 5 is densely connected readout
layer. We apply dropout with a probability of 0.5 between layers 4 and 5. For the thin-smear case,
N = 28 for the single-color optimization trials and N = 84 for the multispectral optimization,
while N = 40 for the single-color optimization trials and N = 120 for the thick smear case. This
code will be made available at the following project page: deepimaging.io.

Fig. 8. Optimal single-color illumination patterns determined by our network for thick-smear
malaria classification (average over 15 trials). (a) Optimized LED arrangement determined
using only the red spectral channel has (Pattern 1) negative and (Pattern 2) positive weights
that lead to two LED patterns to display while capturing and subtracting two images. Variance
over 15 independent runs. (b-c) Same as (a), but using only the green and blue spectral
channels, respectively, for optimization.

Funding

Deutsche Forschungsgemeinschaft.

Acknowledgments

We thank Xiaoze Ou, Jaebum Chung and Prof. Changhuei Yang for sharing thin smear slide
images and thank the labs of both Prof. Ana Rodriguez and Prof. Barbara Kappes for preparing
and providing the malaria-infected cells. The authors gratefully acknowledge funding of the
Erlangen Graduate School in Advanced Optical Technologies (SAOT) by the German Research
Foundation (DFG) in the framework of the German excellence initiative.

Disclosures

The authors declare that there are no conflicts of interest related to this article.

References
1. Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature 521(7553), 436–444 (2015).

http://deepimaging.io
https://doi.org/10.1038/nature14539


Research Article Vol. 10, No. 12 / 1 December 2019 / Biomedical Optics Express 6368

2. F. Buggenthin, F. Buettner, P. S. Hoppe, M. Endele, M. Kroiss, M. Strasser, M. Schwarzfischer, D. Loeffler, K. D.
Kokkaliaris, O. Hilsenbeck, T. Schroeder, F. J. Theis, and C. Marr, “Prospective identification of hematopoietic
lineage choice by deep learning,” Nat. Methods 14(4), 403–406 (2017).

3. P. Eulenberg, N. Köhler, T. Blasi, A. Filby, A. E. Carpenter, P. Rees, F. J. Theis, and F. A. Wolf, “Reconstructing cell
cycle and disease progression using deep learning,” Nat. Commun. 8(1), 463 (2017).

4. A. Esteva, B. Kuprel, R. A. Novoa, J. Ko, S. M. Swetter, H. M. Blau, and S. Thrun, “Dermatologist-level classification
of skin cancer with deep neural networks,” Nature 542(7639), 115–118 (2017).

5. N. Apthorpe, A. Riordan, R. Aguilar, J. Homann, Y. Gu, D. Tank, and H. S. Seung, “Automatic neuron detection in
calcium imaging data using convolutional networks,” in Advances in Neural Information Processing Systems 29, D.
D. Lee, M. Sugiyama, U. V. Luxburg, I. Guyon, and R. Garnett, eds. (Curran Associates, Inc., 2016), pp. 3270–3278.

6. J. A. Quinn, R. Nakasi, P. K. B. Mugagga, P. Byanyima, W. Lubega, and A. Andama, “Deep convolutional neural
networks for microscopy-based point of care diagnostics,” in Proceedings of the 1st Machine Learning for Healthcare
Conference, vol. 56 of Proceedings of Machine Learning Research F. Doshi-Velez, J. Fackler, D. Kale, B. Wallace,
and J. Wiens, eds. (PMLR, Children’s Hospital LA, Los Angeles, CA, USA, 2016), pp. 271–281.

7. G. Zheng, R. Horstmeyer, and C. Yang, “Wide-field, high-resolution Fourier ptychographic microscopy,” Nat.
Photonics 7(9), 739–745 (2013).

8. M. D. Zarella, D. Bowman, F. Aeffner, N. Farahani, A. Xthona, S. F. Absar, A. Parwani, M. Bui, and D. J. Hartman,
“A practical guide to whole slide imaging: A white paper from the digital pathology association,” Arch. Pathol. Lab.
Med. 143(2), 222–234 (2019). PMID: 30307746.

9. M. Poostchi, K. Silamut, R. J. Maude, S. Jaeger, and G. Thoma, “Image analysis and machine learning for detecting
malaria,” Transl. Res. 194, 36–55 (2018).

10. World Health Organization, “Malaria microscopy quality assurance manual,” version 1, (2009).
11. G. Zheng, X. Ou, R. Horstmeyer, J. Chung, and C. Yang, “Fourier PtychographicMicroscopy: AGigapixel Superscope

for Biomedicine,” Opt. Photonics News 25(4), 26 (2014).
12. World Health Organization, “Bench aids for the diagnosis of malaria infections,” (2000).
13. D. K. Das, R. Mukherjee, and C. Chakraborty, “Computational microscopic imaging for malaria parasite detection:

A systematic review,” J. Microsc. 260(1), 1–19 (2015).
14. H. Li, H. Soto-Montoya, M. Voisin, L. F. Valenzuela, and M. Prakash, “Octopi: Open configurable high-throughput

imaging platform for infectious disease diagnosis in the field,” bioRxiv 25, 6 (2019).
15. H. S. Park, M. T. Rinehart, K. A. Walzer, J. T. Ashley Chi, and A. Wax, “Automated Detection of P. falciparum using

machine learning algorithms with quantitative phase images of unstained cells,” PLoS One 11(9), e0163045 (2016).
16. W. Bishara, U. Sikora, O. Mudanyali, T. W. Su, O. Yaglidere, S. Luckhart, and A. Ozcan, “Holographic pixel

super-resolution in portable lensless on-chip microscopy using a fiber-optic array,” Lab Chip 11(7), 1276 (2011).
17. W. Roobsoong, S. P. Maher, N. Rachaphaew, S. J. Barnes, K. C. Williamson, J. Sattabongkot, and J. H. Adams, “A

rapid sensitive, flow cytometry-based method for the detection of Plasmodium vivax-infected blood cells,” Malar. J.
13(1), 55 (2014).

18. E. M. Christiansen, S. J. Yang, D. M. Ando, A. Javaherian, G. Skibinski, S. Lipnick, E. Mount, A. O’Neil, K. Shah,
A. K. Lee, P. Goyal, W. Fedus, R. Poplin, A. Esteva, M. Berndl, L. L. Rubin, P. Nelson, and S. Finkbeiner, “In Silico
Labeling: Predicting Fluorescent Labels in Unlabeled Images,” Cell 173(3), 792–803.e19 (2018).

19. Y. Rivenson, H. Wang, Z. Wei, K. de Haan, Y. Zhang, Y. Wu, H. Günaydin, J. E. Zuckerman, T. Chong, A. E. Sisk, L.
M. Westbrook, W. D. Wallace, and A. Ozcan, “Virtual histological staining of unlabelled tissue-autofluorescence
images via deep learning,” Nat. Biomed. Eng. 3(6), 466–477 (2019).

20. A. Goy, G. Rughoobur, S. Li, K. Arthur, A. I. Akinwande, and G. Barbastathis, “High-Resolution Limited-Angle
Phase Tomography of Dense Layered Objects Using Deep Neural Networks,” arXiv:1812.07380 (2018).

21. X. Ou, R. Horstmeyer, G. Zheng, and C. Yang, “High numerical aperture Fourier ptychography: principle,
implementation and characterization,” Opt. Express 23(3), 3472 (2015).

22. G. Lu and B. Fei, “Medical hyperspectral imaging: a review,” J. Biomed. Opt. 19(1), 010901 (2014).
23. T. Zhang, S. Osborn, C. Brandow, D. Dwyre, R. Green, S. Lane, and S. Wachsmann-Hogiu, “Structured illumination-

based super-resolution optical microscopy for hemato- and cyto-pathology applications,” Anal. Cell. Pathol. 36(1-2),
27–35 (2013).

24. A. Chakrabarti, “Learning Sensor Multiplexing Design through Back-propagation,” arXiv:1605.07078 (2016).
25. V. Sitzmann, S. Diamond, Y. Peng, X. Dun, S. Boyd, W. Heidrich, F. Heide, and G. Wetzstein, “End-to-end

optimization of optics and image processing for achromatic extended depth of field and super-resolution imaging,”
ACM Trans. Graph. 37(4), 1–13 (2018).

26. J. Chang, V. Sitzmann, X. Dun, W. Heidrich, and G. Wetzstein, “Hybrid optical-electronic convolutional neural
networks with optimized diffractive optics for image classification,” Sci. Rep. 8(1), 12324 (2018).

27. J. Chang and G. Wetzstein, “Deep optics for monocular depth estimation and 3d object detection,” in Proc. IEEE
ICCV, (2019).

28. E. Hershko, L. E. Weiss, T. Michaeli, and Y. Shechtman, “Multicolor localization microscopy by deep learning,”
arXiv:1807.016372018 (2018).

29. E. Hershko, L. E. Weiss, T. Michaeli, and Y. Shechtman, “Multicolor localization microscopy and point-spread-
function engineering by deep learning,” Opt. Express 27(5), 6158 (2019).

https://doi.org/10.1038/nmeth.4182
https://doi.org/10.1038/s41467-017-00623-3
https://doi.org/10.1038/nature21056
https://doi.org/10.1038/nphoton.2013.187
https://doi.org/10.1038/nphoton.2013.187
https://doi.org/10.5858/arpa.2018-0343-RA
https://doi.org/10.5858/arpa.2018-0343-RA
https://doi.org/10.1016/j.trsl.2017.12.004
https://doi.org/10.1364/OPN.25.4.000026
https://doi.org/10.1111/jmi.12270
https://doi.org/10.1101/684423
https://doi.org/10.1371/journal.pone.0163045
https://doi.org/10.1039/c0lc00684j
https://doi.org/10.1186/1475-2875-13-55
https://doi.org/10.1016/j.cell.2018.03.040
https://doi.org/10.1038/s41551-019-0362-y
https://doi.org/10.1364/OE.23.003472
https://doi.org/10.1117/1.JBO.19.1.010901
https://doi.org/10.1155/2013/261371
https://doi.org/10.1145/3197517.3201333
https://doi.org/10.1038/s41598-018-30619-y
https://doi.org/10.1364/OE.27.006158


Research Article Vol. 10, No. 12 / 1 December 2019 / Biomedical Optics Express 6369

30. E. Nehme, D. Freedman, R. Gordon, B. Ferdman, T. Michaeli, and Y. Shechtman, “Dense three dimensional
localization microscopy by deep learning,” arXiv:1906.09957 (2019).

31. B. Diederich, R. Wartmann, H. Schadwinkel, and R. Heintzmann, “Using machine-learning to optimize phase
contrast in a low-cost cellphone microscope,” PLoS One 13(3), e0192937 (2018).

32. M. Kellman, E. Bostan, N. Repina, and L. Waller, “Physics-based Learned Design: Optimized Coded-Illumination
for Quantitative Phase Imaging,” IEEE Trans. Comput. Imaging 5(3), 344–353 (2019).

33. Y. Xue, S. Cheng, Y. Li, and L. Tian, “Reliable deep-learning-based phase imaging with uncertainty quantification,”
Optica 6, 618 (2019).

34. S. Jiang, K. Guo, J. Liao, and G. Zheng, “Solving Fourier ptychographic imaging problems via neural network
modeling and TensorFlow,” Biomed. Opt. Express 9(7), 3306 (2018).

35. Y. F. Cheng, M. Strachan, Z. Weiss, M. Deb, D. Carone, and V. Ganapati, “Illumination pattern design with deep
learning for single-shot Fourier ptychographic microscopy,” Opt. Express 27(2), 644 (2019).

36. T. Nguyen, Y. Xue, Y. Li, L. Tian, and G. Nehmetallah, “Deep learning approach for Fourier ptychography
microscopy,” Opt. Express 26(20), 26470 (2018).

37. C. Belthangady and L. A. Royer, “Applications, promises, and pitfalls of deep learning for fluorescence image
reconstruction,” Nat. Methods 458 (2019).

38. R. Horstmeyer, R. Y. Chen, B. Kappes, and B. Judkewitz, “Convolutional neural networks that teach microscopes
how to image,” arXiv:1709.07223 (2017).

39. L. Tian, X. Li, K. Ramchandran, and L. Waller, “Multiplexed coded illumination for Fourier Ptychography with an
LED array microscope,” Biomed. Opt. Express 5(7), 2376 (2014).

40. L. Bian, J. Suo, G. Situ, G. Zheng, F. Chen, and Q. Dai, “Content adaptive illumination for Fourier ptychography,”
Opt. Lett. 39(23), 6648 (2014).

41. Y. Zhang, W. Jiang, L. Tian, L. Waller, and Q. Dai, “Self-learning based Fourier ptychographic microscopy,” Opt.
Express 23(14), 18471 (2015).

42. R. Eckert, Z. F. Phillips, and L. Waller, “Efficient illumination angle self-calibration in Fourier ptychography,” Appl.
Opt. 57(19), 5434 (2018).

43. S. B. Mehta and C. J. R. Sheppard, “Quantitative phase-gradient imaging at high resolution with asymmetric
illumination-based differential phase contrast,” Opt. Lett. 34(13), 1924 (2009).

44. L. Tian and L. Waller, “Quantitative differential phase contrast imaging in an LED array microscope,” Opt. Express
23(9), 11394 (2015).

45. M. Chen, L. Tian, and L. Waller, “3D differential phase contrast microscopy,” Biomed. Opt. Express 7(10), 3940
(2016).

46. Z. F. Phillips, M. Chen, and L. Waller, “Single-shot quantitative phase microscopy with color-multiplexed differential
phase contrast (cDPC),” PLoS One 12(2), e0171228 (2017).

47. M. Chen, Z. F. Phillips, and L. Waller, “Quantitative differential phase contrast (DPC) microscopy with computational
aberration correction,” Opt. Express 26(25), 32888 (2018).

48. T. G. Dietterich, “Machine learning for sequential data: A review,” in Structural, Syntactic, and Statistical Pattern
Recognition, T. Caelli, A. Amin, R. P. W. Duin, D. de Ridder, and M. Kamel, eds. (Springer Berlin Heidelberg, 2002),
pp. 15–30.

49. N. Wu, J. Phang, J. Park, Y. Shen, Z. Huang, M. Zorin, S. Jastrzębski, T. Févry, J. Katsnelson, E. Kim, S. Wolfson, U.
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