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Abstract: Computational imaging is a powerful paradigm benefiting f rom a dvances in 
both imaging hardware and computational algorithms. Artificial intelligence and learning-
based methods have further expanded the arsenal of computational tools for image recon-
struction and inference. 

1. Introduction

Image formation as a natural phenomenon was described as early as over two thousand years ago [1], but it took
centuries of scientific and engineering advances in optical technologies to solidify imaging as a fundamental tool in
scientific inquiry. Nowadays, microscopes are ubiquitous in biology and medicine, and advances in biophotonics
have led to new microscopy systems with unprecedented temporal, spatial, and spectral resolutions.

One important aspect of such advances lies in computation. Consider Fig. 1, which shows the core steps of
optical imaging. An object is being illuminated by a certain light source, and light wave continues to propagate
through some optical components, such as lenses, to result in an image. This image is then recorded by a photode-
tector situated on the imaging plane. The photodetector can be film in the earlier days, or digital detectors such as
CMOS or CCD. No computation is involved until the digital images are further processed or stored on a computer.

However, computational imaging changes this in a fundamental way. Referring back to Fig. 1, an image re-
construction step is added after image detection, and consequently, the effort of imaging is “shared” between the
optical components (lenses) and computational components (image reconstruction algorithms) — the former now
aims to preserve information about the object, and the latter aims to elucidate such information in the reconstructed
images. What is recorded at the photodetector does not need to resemble a spatial image. Although not originally
conceived in these terms, digital holography [2] is a good and important example to illustrate computational imag-
ing. The image formation is through interferometry, where both amplitude and phase are encoded in the hologram
captured by the photodetector. Computational algorithms can then be used to reconstruct individual sections of a
three-dimensional object [3], or its phase [4], both of which would have been challenging tasks for a conventional
imaging setup.

2. Artificial intelligence and learning-based methods

When the field of computational imaging began to take shape, many of the activities centered on modeling the
imaging process and developing efficient solutions for inverse imaging [5]. Most of the techniques are iterative in
nature, and make use of different image priors as regularization functions for the optimization process. In recent
years, however, artificial intelligence and learning-based methods have become increasingly popular. There are
two general reasons behind: first, computers are more and more powerful and have enabled more sophisticated
algorithms to be run. For example, one can now construct a neural network with many layers, giving rise to the
popularity of deep learning. The second reason is that in many applications, a phenomenal amount of data are
available for training the hyperparameters in the learning methods.

One significant success of artificial intelligence is in computer vision, particularly when it relates to inference:
for instance, classifying handwritten digits based on image pixel values. In computational imaging, many image
reconstruction algorithms now are based on learning from data. Again taking digital holography as an example, one
can have an end-to-end holographic reconstruction based on deep learning [6,7], or use it to solve specific problems
such as autofocusing [8]. Other imaging methods have certainly also benefited from learning-based methods,
including for instance imaging through multimode fibers [9], through scattering [10], light field imaging [11],
phase imaging [12], and lensless imaging [13]. Their applications span as diverse as detecting neuronal activities
in biomedical imaging [14] to assessing microplastics for environmental protection [15].
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Fig. 1. A generic optical imaging system, which consists of an illumination, image formation, and
image detection. Including image reconstruction and possibly inference, it becomes a computational
imaging system.

3. Opportunities and challenges

We are perhaps only at the beginning of harnessing the power of learning from data to advance computational
imaging. There are at least three areas where further developments are highly desirable:

• Combining model-based and data-driven methods. While an end-to-end deep learning method can lead to
very good performance, it often comes at the expense of heavy computation in the training process, and
requires massive amount of data. A judicious use of image model can alleviate such burden, and add to the
interpretability of the learning methods. Unrolled optimization is one such approach [16].

• Adding inference to image reconstruction. The traditional goal of image reconstruction is to take in image
data and recover spatial images, while inference has the images as its input and outputs information about
the images, such as classifying them according to their content [17]. These two are not necessarily disparate
steps, as shown in Fig. 1. It is possible to devise deep learning methods that compute on the image data
directly for classification [18].

• Designing the image formation optics jointly with the reconstruction algorithms. In addition to using lenses
for image formation, it is also possible to use masks, scattering materials, or even metamaterials [19]. Many
of them permit flexible designs. In some systems, the light source can also be finely tuned. It is therefore
conceivable to make use of available data and apply learning-based methods for their designs to improve
imaging performance [20].
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