
Computational Imaging:  
Reconciling Models and Learning

Ulugbek S. Kamilov 
Computational Imaging Group (CIG)

@ukmlv • cigroup.wustl.edu • kamilov@wustl.edu

IPAM UCLA (Los Angeles, CA) — 27 Jan 2020

Point your phone cam 
to connect on Twitter

https://twitter.com/ukmlv
http://cigroup.wustl.edu
mailto:kamilov@wustl.edu


Source: ??? (friend)

Deep learning has captured  
our collective imagination



massive bubble…

gone within 1-2 years

universe will…

never be the same again



57%

44%



Imaging is going through a  
paradigm shift driven by machine learning



Imaging is going through a  
paradigm shift driven by machine learning

Past: Focus on hardware for image formation

(assuming noise is negligible)

Inverse problem is well posed if 9c0 > 0 s.t., for all s 2 X , c0ksk  kHsk

Inverse problems in bio-imaging

3

noise

n

Linear forward model

s
Integral operator

H

y = Hs+ n

Problem: recover s from noisy measurements y

Backprojection (poor man’s solution): s ⇡ H
T
y

) s ⇡ H
�1

y

The easy scenario

4

Part 1: 

 Setting up
 the problem

(assuming noise is negligible)

Inverse problem is well posed if 9c0 > 0 s.t., for all s 2 X , c0ksk  kHsk

Inverse problems in bio-imaging

3

noise

n

Linear forward model

s
Integral operator

H

y = Hs+ n

Problem: recover s from noisy measurements y

Backprojection (poor man’s solution): s ⇡ H
T
y

) s ⇡ H
�1

y

The easy scenario

4

Part 1: 

 Setting up
 the problem

input
imaging system

instrument output



Imaging is going through a  
paradigm shift driven by machine learning

Past: Focus on hardware for image formation

Present: Use digital signal processing for improved performance
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Imaging is going through a  
paradigm shift driven by machine learning

Past: Focus on hardware for image formation

Present: Use digital signal processing for improved performance

Future: Machine learning for retrieving hidden information
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The vast majority of imaging problems  
can be formulated as inverse problems

Imaging Problem Rediation Forward Model Variations

2D or 3D 
tomography coherent x-ray parallel, cone beam

3D deconvolution 
microscopy fluorescence brightfield, confocal, 

light sheet

structured illumination 
microscopy (SIM) fluorescence full 3D reconstruction, 

non-sinusoidal patters

positron emission 
tomography (PET) gamma rays list mode with time-of-flight

magnetic resonance 
imaging (MRI) radio frequency uniform or nonuniform 

sampling in k-space

Cardiac MRI 
(parallel, nonuniform)

radio frequency gated or nongated, 
retrospective registration

optical diffraction 
tomography (ODT) coherent light with holography or gating 

interferometry
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By sampling the entire k-space plane and taking the  
inverse Fourier transform, one can produce an image!

Source: Brian Hargreaves“radial” sampling

Inverse Fourier transform

Fourier transform

k space image space

Eldeniz et al., “CAPTURE: Consistently Acquired Projections for Tuned and 
Robust Estimation,” Investigative Radiology, vol. 53, no. 5, May 2018

http://www-mrsrl.stanford.edu/~brian/mri-movies/


Example #1: Magnetic resonance imaging (MRI) 
collects data in the spatial-frequency domain
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Stack-of-stars 
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Volumetric images are formed by collecting the 
k-space data across multiple slices
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Ichikawa et al., “Utility of Stack-of-stars Acquisition for Hepatobiliary 
Phase Imaging without Breath-holding,” Magn Reson Med Sci, May 2019

Inverse Fourier transform
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https://www.reddit.com/r/woahdude/comments/5iwy3d/mri_of_a_human_head/


Example #2: Optical diffraction tomography (ODT) 
replaces x-rays with the visible light



Example #2: Optical diffraction tomography (ODT) 
replaces x-rays with the visible light

3D object of interest 
(spirogyra algae cluster)
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Wu et al., “SIMBA: Scalable Inversion in Optical Tomography 
using Deep Denoising Priors,” arXiv:1911.13241, 2019
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Source: Brian Hargreaves“radial” sampling

Inverse Fourier transform

Fourier transform

k space image space

http://www-mrsrl.stanford.edu/~brian/mri-movies/


phase imageinterferogram

What are the typical challenges when solving 
imaging inverse problems?

Slow acquisition: 
Due to sequential and indirect acquisition of imaging data

k space image space

Choi et al., “Tomographic phase microscopy,”  
Nature Methods, vol. 4, no. 9, pp. 717–719, September 2007

Source: Wonshik Choi

ODT: Need to sample a sufficient amount of  
projection data to obtain a high-quality image
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What are the typical challenges when solving 
imaging inverse problems?

Imaging artifacts:  
Due to subsampling, model mismatch, and noise

Example in free-breathing MRI: 
Streaking artifacts due to  
severe undersampling.

Data from a 
1 min scan

Slow acquisition: 
Due to sequential and indirect acquisition of imaging data

Inverse Fourier
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Ref. [29]. As shown in Figs. 15(a)–15(c), the image
obtained before the image plane becomes smaller in size
and higher in RI contrast, and the one after the image plane
becomes bigger in size and lower in RI contrast. By
contrast, LT clearly reconstructs two beads of equal
size and contrast [Figs. 15(d)–15(f)]. Since the BPM

describes the propagated field itself through the sample,
it is not only unaffected by the location of the image plane
but also able to handle multiple scattering.

3. Yeast cells

To confirm the capability of LTwith complex objects, we
also apply LT on biological cells rather than on the samples
whose RI values are homogeneous. Two yeast cells are
placed in a row, so the overall configuration is similar to the
previous two-bead case, but the cells have more complex
internal structures. Since the samples have more fine
structures, it restricts us from using a high regularization
parameter, making the cost function more dependent on the
propagation models. When looking at the cells in Fig. 16,
the one before the focal plane becomes smaller [Fig. 16(b)]
and the other grows larger [Fig. 16(c)]. This distortion has
been already observed in the two-bead case, Fig. 15. This
problem becomes more severe when a sample has fine
structures because many structures out of the focal plane
are differently distorted depending on the distance from
the focal plane and because the distorted parts interact with
one another. Therefore, the resolution deteriorates. By
contrast, LT tomography which makes use of the electric
field itself does not suffer from the problem, showing clear
cell structures even out of the focal plane, as shown in
Figs. 16(d)–16(f).

V. CONCLUSION

In this paper, we rigorously compare LT against conven-
tional single-scattering tomography. Mie theory provides
the analytical solution for the scattered field, given a sphere
so that we are able to evaluate the reconstruction fidelity
of each model accurately. To investigate the capability of
each model in dealing with nonlinearity, two factors which
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Ref. [29]. As shown in Figs. 15(a)–15(c), the image
obtained before the image plane becomes smaller in size
and higher in RI contrast, and the one after the image plane
becomes bigger in size and lower in RI contrast. By
contrast, LT clearly reconstructs two beads of equal
size and contrast [Figs. 15(d)–15(f)]. Since the BPM

describes the propagated field itself through the sample,
it is not only unaffected by the location of the image plane
but also able to handle multiple scattering.

3. Yeast cells

To confirm the capability of LTwith complex objects, we
also apply LT on biological cells rather than on the samples
whose RI values are homogeneous. Two yeast cells are
placed in a row, so the overall configuration is similar to the
previous two-bead case, but the cells have more complex
internal structures. Since the samples have more fine
structures, it restricts us from using a high regularization
parameter, making the cost function more dependent on the
propagation models. When looking at the cells in Fig. 16,
the one before the focal plane becomes smaller [Fig. 16(b)]
and the other grows larger [Fig. 16(c)]. This distortion has
been already observed in the two-bead case, Fig. 15. This
problem becomes more severe when a sample has fine
structures because many structures out of the focal plane
are differently distorted depending on the distance from
the focal plane and because the distorted parts interact with
one another. Therefore, the resolution deteriorates. By
contrast, LT tomography which makes use of the electric
field itself does not suffer from the problem, showing clear
cell structures even out of the focal plane, as shown in
Figs. 16(d)–16(f).

V. CONCLUSION

In this paper, we rigorously compare LT against conven-
tional single-scattering tomography. Mie theory provides
the analytical solution for the scattered field, given a sphere
so that we are able to evaluate the reconstruction fidelity
of each model accurately. To investigate the capability of
each model in dealing with nonlinearity, two factors which
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Ref. [29]. As shown in Figs. 15(a)–15(c), the image
obtained before the image plane becomes smaller in size
and higher in RI contrast, and the one after the image plane
becomes bigger in size and lower in RI contrast. By
contrast, LT clearly reconstructs two beads of equal
size and contrast [Figs. 15(d)–15(f)]. Since the BPM

describes the propagated field itself through the sample,
it is not only unaffected by the location of the image plane
but also able to handle multiple scattering.

3. Yeast cells

To confirm the capability of LTwith complex objects, we
also apply LT on biological cells rather than on the samples
whose RI values are homogeneous. Two yeast cells are
placed in a row, so the overall configuration is similar to the
previous two-bead case, but the cells have more complex
internal structures. Since the samples have more fine
structures, it restricts us from using a high regularization
parameter, making the cost function more dependent on the
propagation models. When looking at the cells in Fig. 16,
the one before the focal plane becomes smaller [Fig. 16(b)]
and the other grows larger [Fig. 16(c)]. This distortion has
been already observed in the two-bead case, Fig. 15. This
problem becomes more severe when a sample has fine
structures because many structures out of the focal plane
are differently distorted depending on the distance from
the focal plane and because the distorted parts interact with
one another. Therefore, the resolution deteriorates. By
contrast, LT tomography which makes use of the electric
field itself does not suffer from the problem, showing clear
cell structures even out of the focal plane, as shown in
Figs. 16(d)–16(f).

V. CONCLUSION

In this paper, we rigorously compare LT against conven-
tional single-scattering tomography. Mie theory provides
the analytical solution for the scattered field, given a sphere
so that we are able to evaluate the reconstruction fidelity
of each model accurately. To investigate the capability of
each model in dealing with nonlinearity, two factors which
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Examples in ODT: 
Identical objects might end up 
looking different

Lim et al., “Learning tomography assessed using Mie theory,”  
Physical Review Applied, vol. 9, no. 034027, March 2018.
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What are the typical challenges when solving 
imaging inverse problems?

Imaging artifacts:  
Due to subsampling, model mismatch, and noise

High computational and memory requirements:  
Due to large volumes of data that need to be processed

Source: Frank Ong

k-space data of 2 GB and 
image of size 100 GB 
(392 x 318 x 165 x 500 matrix)

Slow acquisition: 
Due to sequential and indirect acquisition of imaging data

https://www.frankongh.com/
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Goal: Overcome these limitations by bringing 
together physics and learning as information sources

imaging as a very high-dimensional inference problem
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Goal: Overcome these limitations by bringing 
together physics and learning as information sources

Forward model:  
describes the physics of data acquisition

Need advanced forward models to: 
• correctly interpret the data (physics of data acquisition) 
• account for known error sources (noise and model mismatch)
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Goal: Overcome these limitations by bringing 
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Forward model:  
describes the physics of data acquisition
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๏ Imaging as an inverse problem 
Infusing prior knowledge into image formation

๏ RARE: Regularization by Artifact Removal 
Using CNN priors learned without ground truth

๏ SIMBA: Scalable algorithms using CNN priors 
Enabling large-scale tomographic imaging
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Image denoising is a fundamental inverse problem 
that highlights the importance of prior knowledge

Additive white Gaussian noise (AWGN) model
noisy observation =  
unknown desired + unknown undesiredz = x+ e
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Image denoising is a fundamental inverse problem 
that highlights the importance of prior knowledge

Additive white Gaussian noise (AWGN) model
Problem:  
There are ∞ many possible solutions!z = x+ e
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Image denoising is a fundamental inverse problem 
that highlights the importance of prior knowledge

Additive white Gaussian noise (AWGN) model

Image denoiser is a function for separating signal from noise

D� : KQ`2 MQBbv BK�;2 7! H2bb MQBbv BK�;2
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Source: Pascal Getreuer 

Rudin–Osher–Fatemi Total Variation Denoising using Split Bregman

Input f (PSNR 20.15) λ = 5 (PSNR 26.00) λ = 10 (PSNR 27.87)

λ = 20 (PSNR 27.34) λ = 40 (PSNR 24.01)

TV-regularized denoising with increasing values of λ.

The plot shows the PSNR vs. λ for the previous example. The optimal λ is about 13.4.
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PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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Proximal operator is a special type of denoiser

Source: Pascal Getreuer 
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Image denoising is a fundamental inverse problem 
that highlights the importance of prior knowledge

Additive white Gaussian noise (AWGN) model

Image denoiser is a function for separating signal from noise

D� : KQ`2 MQBbv BK�;2 7! H2bb MQBbv BK�;2
<latexit sha1_base64="gv/U/qNaVwmJAiEP7NVVBtt9/9Q="></latexit>

Proximal operator is a special type of denoiser

It turns out proximal operators are the bridge from image 
denoising to other imaging inverse problems!

z = x+ e
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the model that images are wavelet compressible



Example: Wavelet-domain soft-thresholding uses 
the model that images are wavelet compressible

Wavelet transform

Wavelet sparsity is behind the JPEG-2000 standard

An image (but not noise) is compressible in the wavelet domain

Inverse wavelet transform

Source: Michael Unser 
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Example: Wavelet-domain soft-thresholding uses 
the model that images are wavelet compressible

Wavelet transform

An image (but not noise) is compressible in the wavelet domain

Inverse wavelet transform

Source: Michael Unser 

Idea: Denoise an image by finding a wavelet-sparse solution

l0-norm counts 
# of non-zeroesD⌧ (z) = argmin
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Example: Wavelet-domain soft-thresholding uses 
the model that images are wavelet compressible

Idea: Denoise an image by finding a wavelet-sparse solution

D⌧ (z) = argmin
x

⇢
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2
kx� zk22 + ⌧kWxk1
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= WTT⌧ (Wz)
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Wavelet transform

An image (but not noise) is compressible in the wavelet domain

Inverse wavelet transform

Source: Michael Unser 

Closed-form solution: Wavelet thresholding!
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PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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Intuition: Small wavelet coefficients correspond to noise!
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Closed-form solution: Wavelet thresholding!
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for integrating physics and prior knowledge



Regularized inversion provides a unified approach 
for integrating physics and prior knowledge

Image recovery is often an ill-posed inverse problem

noise, but also subsampling, 
physics, model uncertainties, etc.y = H(x) + e
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Regularized inversion provides a unified approach 
for integrating physics and prior knowledge

Image recovery is often an ill-posed inverse problem

Formulation as a regularized optimization problem

bx = argmin
x

{f(x)}
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f(x) := g(x) + h(x)
<latexit sha1_base64="EijFBmw4Kh37wKlaEAvnVBt/SPo="></latexit>

data-fidelity + prior

y = H(x) + e
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Regularized inversion provides a unified approach 
for integrating physics and prior knowledge

Image recovery is often an ill-posed inverse problem

Formulation as a regularized optimization problem

Example: Linear inverse problems (20th century theory)

bx = argmin
x
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Regularized inversion provides a unified approach 
for integrating physics and prior knowledge

Image recovery is often an ill-posed inverse problem

Formulation as a regularized optimization problem

Example: Maximum a posteriori probability (MAP) estimator
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Example: AWGN and sparsity-promoting prior
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Goal: Minimize the following

f(x) = g(x) + h(x)
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Fast iterative shrinkage/thresholding algorithm (FISTA) vs. 
alternating direction method of multipliers (ADMM)

FISTA: grad data + prox prior ADMM: prox data + prox prior
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Both FISTA and ADMM alternate between  
increasing data consistency and reducing noise

f(x) = g(x) + h(x)
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Application: Reduce the scanning time in  
optical diffraction tomography

Kamilov et al., “Optical Tomographic Image Reconstruction Based on Beam 
Propagation and Sparse Regularization,” IEEE Trans. Comp. Imag., 2016.

KAMILOV et al.: OPTICAL TOMOGRAPHIC IMAGE RECONSTRUCTION 65

Fig. 8. Comparison of three reconstruction algorithms for various levels of data-reduction on a sample of size 37× 37× 30 µm containing a HeLa cell.
(a–c) Proposed method. (d–f) Iterative reconstruction based on a straight ray approximation [4]. (g–i) Iterative reconstruction based on diffraction tomography
[31]. (a, d, g) 2× data reduction. (b, e, h) 8× data reduction. (c, f, i) 32× data reduction. Scale bar, 10 µm.

FBP performed on the phase of the measured wave field. The
FBP approach assumes a straight ray approximation and its
results are illustrated in Figure 5(e)–(h). Note that such a warm
initialization is useful due to the non-convex nature of our opti-
mization problem. In the x–y slice at z = 21.17 µm, the bead
reconstructed with our method has the diameter of approxi-
mately 10.08 µm and an average refractive index of 0.067. As
we can see, one of the major benefits of using the proposed
method is the correction of the missing cone that is visible in
Figures 5(g) and (h).

Next, we investigated the ability of our method to recon-
struct real biological samples from limited amounts of data.
Specifically, we illuminated a sample containing a HeLa cell
at 161 distinct angles uniformly distributed in the range
[−45◦, 45◦]. The data was used for imaging a volume of size
37× 37× 30 µm (δx = δy = δz = 72 nm). In this experi-
ment, the data-reduction or undersampling factor refers to the
ratio between the total number of holograms 161 and the actual
number used for reconstruction. In particular, data-reduction
factors 2, 4, 8, 16, and 32 correspond to 81, 41, 21, 11, and 6
holograms used for reconstruction, respectively. We illustrate
the reconstruction results in Figure 6, where we compare the
results of the proposed BPM–based method with and with-
out TV regularization. We again initialize the algorithms with
the volume that was obtained by running the standard FBP
algorithm that assumes straight ray propagation. However, we

observed that the algorithm is robust in the sense that it typically
converges to the same solution independently of the initializer
(also see Fig. 6 from our companion paper [17]). To quan-
tify the quality of the reconstructed volume as a function of
data-reduction factor, we also defined

SNR (dB) ! 10 log 10

(
∥x ref∥2ℓ2
∥x ref − x̂∥2ℓ2

)
,

where x ref is the reconstructed volume from all the 161 pos-
sible measurements. The right panel of Figure 6 illustrates
the evolution of the SNR with undersampling rate. As can be
see, the sparse-regularization plays a critical role and signifi-
cantly boosts the quality of the solution at all undersampling
rates. Also note that the result in Figure 6(c) was obtained by
using only 6 holograms of size 512× 512 for reconstructing a
signal of size 512× 512× 400 voxels, which corresponds to
data-to-parameter ratio of 1.5/100.

In Figure 7, we highlight the importance of sparsity-driven
iterative reconstruction. Specifically, we compare our algo-
rithm, where the TV proximal operator is applied at each
iteration, against an algorithm that first reconstructs the refrac-
tive index only with positivity constraints and then applies 3D
TV denoising to the final result. Although, both algorithm rely
on BPM, by imposing the gradient sparsity at every iteration
our algorithm converges to a visibly higher-quality solution.

Multiple 
scattering

Straight Ray

Single 
Scattering

81 holograms 21 holograms 6 holograms



To summarize our discussion so far

๏ Imaging quality in ill-posed inverse problems can be 
significantly improved by using prior knowledge

๏ Sparsity-promoting priors are highly effective, but 
typically result in nonsmooth optimization problems

๏ FISTA and ADMM are the two most popular algorithms 
used for nonsmooth regularized inversion

๏ We will seek to achieve improvements by using priors 
specified by deep neural nets for image restoration



Today we will talk about

๏ Imaging as an inverse problem 
Infusing prior knowledge into image formation

๏ RARE: Regularization by Artifact Removal 
Using CNN priors learned without ground truth

๏ SIMBA: Scalable algorithms using CNN priors 
Enabling large-scale tomographic imaging
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Is there a better way to represent images  
than using fixed sparsity-promoting transforms?

Do we know a more flexible, sophisticated, and data-adaptive 
tool for characterizing imaging priors?

Yes, deep neural nets provide a state-of-the-art tool for 
representing and enforcing sophisticated structural information

Zakharov et al., “Few-Shot Adversarial Learning of Realistic 
Neural Talking Head Models,” Proc. ICCV, October 2019

The interest in sparsity-driven imaging highlighted the 
importance of structural priors for image formation
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Figure 2: Our meta-learning architecture involves the embedder network that maps head images (with estimated face land-
marks) to the embedding vectors, which contain pose-independent information. The generator network maps input face
landmarks into output frames through the set of convolutional layers, which are modulated by the embedding vectors via
adaptive instance normalization. During meta-learning, we pass sets of frames from the same video through the embedder,
average the resulting embeddings and use them to predict adaptive parameters of the generator. Then, we pass the landmarks
of a different frame through the generator, comparing the resulting image with the ground truth. Our objective function
includes perceptual and adversarial losses, with the latter being implemented via a conditional projection discriminator.

3. Methods

3.1. Architecture and notation

The meta-learning stage of our approach assumes the
availability of M video sequences, containing talking heads
of different people. We denote with xi the i-th video se-
quence and with xi(t) its t-th frame. During the learning
process, as well as during test time, we assume the availabil-
ity of the face landmarks’ locations for all frames (we use an
off-the-shelf face alignment code [7] to obtain them). The
landmarks are rasterized into three-channel images using a
predefined set of colors to connect certain landmarks with
line segments. We denote with yi(t) the resulting landmark
image computed for xi(t).

In the meta-learning stage of our approach, the following
three networks are trained (Figure 2):
• The embedder E(xi(s),yi(s); �) takes a video frame

xi(s), an associated landmark image yi(s) and maps
these inputs into an N -dimensional vector êi(s). Here,
� denotes network parameters that are learned in the
meta-learning stage. In general, during meta-learning,
we aim to learn � such that the vector êi(s) contains
video-specific information (such as the person’s identity)
that is invariant to the pose and mimics in a particular
frame s. We denote embedding vectors computed by the
embedder as êi.

• The generator G(yi(t), êi;  ,P) takes the landmark im-
age yi(t) for the video frame not seen by the embedder,
the predicted video embedding êi and outputs a synthe-
sized video frame x̂i(t). The generator is trained to max-
imize the similarity between its outputs and the ground
truth frames. All parameters of the generator are split
into two sets: the person-generic parameters  , and the
person-specific parameters  ̂i. During meta-learning,
only  are trained directly, while  ̂i are predicted from
the embedding vector êi using a trainable projection ma-
trix P:  ̂i = Pêi.

• The discriminator D(xi(t),yi(t), i; ✓,W,w0, b) takes a
video frame xi(t), an associated landmark image yi(t)
and the index of the training sequence i. Here, ✓,W,w0

and b denote the learnable parameters associated with
the discriminator. The discriminator contains a ConvNet
part V (xi(t),yi(t); ✓) that maps the input frame and the
landmark image into an N -dimensional vector. The dis-
criminator predicts a single scalar (realism score) r, that
indicates, whether the input frame xi(t) is a real frame of
the i-th video sequence and whether it matches the input
pose yi(t), based on the output of its ConvNet part and
the parameters W,w0, b.

3.2. Meta-learning stage
During the meta-learning stage of our approach, the pa-

rameters of all three networks are trained in an adversarial

3

Source Generated images

Figure 7: More puppeteering results for talking head models trained in one-shot setting. The image used for one-shot training
problem is in the source column. The next columns show generated images, which were conditioned on the video sequence
of a different person.
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Is there a better way to represent images  
than using fixed sparsity-promoting transforms?

Do we know a more flexible, sophisticated, and data-adaptive 
tool for characterizing imaging priors?

Yes, deep neural nets provide a state-of-the-art tool for 
representing and enforcing sophisticated structural information

The interest in sparsity-driven imaging highlighted the 
importance of structural priors for image formation

- Wow, this result is excellent. Why? 
- This is the power of deep neural net…  

(ref: Charlie Bouman)



Simple recipe: Supervised learning from  
the measured data to the desired image

Jin et al., “Deep Convolutional Neural Network for  
Inverse Problems in Imaging,” IEEE TIP, 2017
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INFUSING LEARNED PRIORS INTO MODEL-BASED MULTISPECTRAL IMAGING
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.

This work was supported in part by NSF grant CCF-1813910.

Hyperspectral LR image
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Residual Learning

Computation

Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is

raw data 
(short scan)

Bring back to 
image domain

input image 
with artifacts

output 
image

raw data 
(long scan)

“gold standard”

Traditional image 
reconstruction

“denoising” deep 
neural net

Supervised 
learning

imaging 
system

Example: Train a deep neural net to remove artifacts from an image
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the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
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of modularity, characterized by the lack of an explicit separation
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its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.
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transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.
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1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.
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1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.
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1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
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1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.

This work was supported in part by NSF grant CCF-1813910.

Hyperspectral LR image
Hyperspectral HR image

Noisy Input Denoised Output

Residual Learning

Computation

Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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We define the following “plug-and-play” operators
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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The plot shows the PSNR vs. λ for the previous example. The optimal λ is about 13.4.
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PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is
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Laplace noise model, which better approximates the distribution of impulsive noise.

89

Rudin–Osher–Fatemi Total Variation Denoising using Split Bregman

Input f (PSNR 20.15) λ = 5 (PSNR 26.00) λ = 10 (PSNR 27.87)

λ = 20 (PSNR 27.34) λ = 40 (PSNR 24.01)

TV-regularized denoising with increasing values of λ.

The plot shows the PSNR vs. λ for the previous example. The optimal λ is about 13.4.

λ

0 10 20 30 40 50

P
S
N
R

22

24

26

28

30

PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.

89

Combine operators into Plug-and-Play Priors (PnP) algorithms



Plug-and-play priors (PnP) methods separate 
the forward model from the learned prior

Kamilov et al., “A Plug-and-Play Priors Approach for Solving  
Nonlinear Imaging Inverse Problems,” IEEE Signal Process. Lett., 2017

Venkatakrishnan  et al., “Plug-and-Play Priors for Model Based Reconstruction,”  
Proc. IEEE GlobalSIP, pp. 945-948, December 2013.

zk  sk�1 � �rg(sk�1)

xk  D�(z
k)

sk  xk + ((qk�1 � 1)/qk)(x
k � xk�1)

<latexit sha1_base64="F4vh2vhJO+jW1VgfqUY7fFSUuVM="></latexit>

zk  prox�g(x
k�1 � sk�1)

xk  D�(z
k + sk�1)

sk  sk�1 + (zk � xk)
<latexit sha1_base64="RYkMRLijCwWVdjv2C1UFxxL+glU="></latexit>

PnP-ADMM PnP-FISTA

Idea: Treat a denoising CNN as a proximal operator

INFUSING LEARNED PRIORS INTO MODEL-BASED MULTISPECTRAL IMAGING

Jiaming Liu, Yu Sun, and Ulugbek S. Kamilov

Computational Imaging Group (CIG)
Washington University in St. Louis

One Brookings Drive, St. Louis, MO 63130
jiaming.liu@wustl.edu, sun.yu@wustl.edu, kamilov@wustl.edu

ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.

This work was supported in part by NSF grant CCF-1813910.

Hyperspectral LR image
Hyperspectral HR image

Noisy Input Denoised Output

Residual Learning

Computation

Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
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the noise, but this also removes much of the signal content. Better results are obtained with the
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ABSTRACT

We introduce a new algorithm for regularized reconstruction of mul-
tispectral (MS) images from noisy linear measurements. Unlike
traditional approaches, the proposed algorithm regularizes the re-
covery problem by using a prior specified only through a learned
denoising function. More specifically, we propose a new accelerated
gradient method (AGM) variant of regularization by denoising (RED)
for model-based MS image reconstruction. The key ingredient of
our approach is the three-dimensional (3D) deep neural net (DNN)
denoiser that can fully leverage spationspectral correlations within
MS images. Our results suggest the generalizability of our MS-RED
algorithm, where a single trained DNN can be used to solve several
different MS imaging problems.

Index Terms— Image reconstruction, plug-and-play priors, reg-
ularization by denoising, multispectral imaging, deep learning.

1. INTRODUCTION

Multispectral (MS) imaging systems acquire the response from an
object or a scene over a wide range of frequency bands, including
optical, infra-red, and short-wave infra-red [1,2]. Multi-band spectra
provide rich information for detecting and classifying materials, espe-
cially those that have similar visible colors. Additionally, the higher
transmission property of infra-red bands, when compared to optical
bands, makes the MS imaging beneficial in imaging through haze or
fog. As a result, multispectral or even hyperspectral imaging tech-
niques have gained popularity in a number of important applications
in astronomy, agriculture, and medical imaging [3–6].

While MS imaging has a great potential, acquiring and processing
corresponding data is challenging due to various hardware limitations
and the high-dimensional nature of typical datasets. In particular,
the resolution and signal-to-noise ratio (SNR) of MS images is often
constrained by limitations on the size, weight, and power of sen-
sors used for data acquisition. Image reconstruction methods have
been developed for mitigating such hardware limitations by using
advanced priors on the unknown MS image. Traditional priors used
in MS image reconstruction include sparsity-based regularizers, low-
rank models, and dictionary-learning-based priors [7–11]. Recently,
however, the focus in the field has been shifting towards deep learn-
ing techniques that are based on learning the direct mapping from
the measurements to the recovered MS image [12–15]. However,
the conceptual simplicity of end-to-end learning comes with the loss
of modularity, characterized by the lack of an explicit separation
between the measurement model and the prior. This limits the gener-
alization and reuse of previously trained models.

This work was supported in part by NSF grant CCF-1813910.
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Fig. 1. We propose a new multispectral regularization by denoising
(MS-RED) algorithm for recovering a spatiospectral data-cube from
its noisy measurements. Our algorithm solves this ill-posed problem
by combining the measurement model with a learned spatiospectral
denoiser that maximally exploits all the available prior knowledge.

In this paper, we develop a new MS image reconstruction method
called multispectral regularization by denoising (MS-RED) that en-
ables the infusion of deep neural net (DNN) priors while maintaining
an explicit separation between the prior and the measurement model.
By building on the recently developed RED framework [16–19], our
method specifies the learned prior only via a 3D spatiospectral de-
noising function, trained for the removal of additive white Gaussian
noise (AWGN) from MS images. MS-RED naturally leverages both
spatial and spectral correlations in the data, while also explicitly en-
forcing fidelity to the measured data. We discuss the convergence of
MS-RED under a set of transparent assumptions on the data-fidelity
and the denoiser, and develop its fast variant based on the accelerated
gradient method (AGM). We finally demonstrate our MS-RED algor-
tihm on MS superresolution using several denoising priors, including
those based on DNNs. Our results illustrate that a single trained DNN
denoiser can provide a state-of-the-art performance while solving
multiple inverse problems without additional retraining.

2. PROPOSED METHOD

2.1. Inverse Problem Formulation

We consider the problem of acquiring a MS data cube, consisting
of two spatial dimensions and one spectral dimension. The cube is

y
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The plot shows the PSNR vs. λ for the previous example. The optimal λ is about 13.4.
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PSNR vs. λ for the previous example.

To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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To illustrate the importance of the noise model, the image in this example has been corrupted
with impulsive noise. The Gaussian noise model works poorly: λ must be very small to remove all
the noise, but this also removes much of the signal content. Better results are obtained with the
Laplace noise model, which better approximates the distribution of impulsive noise.
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For a locally homogeneous denoiser that has a symmetric 
Jacobian, GM-RED* solves the following problem
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Appendix A. Can we mimic any prior? So far we have shown that denoisers f(x) can be
used to define the powerful family of priors x

T (x � f(x)) that can regularize a wide variety
of inverse problems. Now, let’s consider the reverse question: For a given ⇢(x), what is the
e↵ective f(x) behind it (if any)? More specifically, given ⇢(x), we wish to find f(x) such that

(50)
1
2
x

T (x � f(x)) = ⇢(x).

Recall that one of the key conditions we assumed for the denoiser f(x) is that it is homogeneous
of degree 1,

(51) f(cx) = cf(x).

This immediately notifies us that the ⇢(x) we wish to mimic in (50) must be 2-homogeneous
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Appendix A: Can we mimic any denoiser?
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RARE leverages deep neural net priors without differentiating them, by 
also giving an explicit control over data fidelity
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Application: Reconstructing 10 motion phases 
from a 1 minute free-breathing MRI scan 4

Gold Standard Gold Standard U-Net3D

RAREN2N*

Gold Standard U-Net3D

RAREN2N*

Gold StandardMCNUFFT MCNUFFT

Fig. 2: Visual illustration of results from experimentally collected data for patients 4 and 5 corresponding to 400 radial spokes (scans of
about 1 minute). Several methods, including the artifact-removal CNN (labeled as N2N⇤) and U-Net3D are compared against RARE. We also
show the results of compressed sensing (CS) reconstruction using 2000-line acquisition (scans of about 5 minutes). U-Net3D was trained to
map 400-line MCNUFFT reconstructions to those by the 2000-line CS. N2N⇤ was trained without any “clean” data by mapping different
MCNUFFT reconstructions to one another. RARE relies on the N2N⇤ network for regularization. This figure shows that RARE can enable
significant visual quality improvements, due to its ability to combine N2N⇤ with the information from the forward model.
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Fig. 3: Visual illustration of several RARE iterates for patients 4 and 5 starting from the initialization obtained using the artifact-removal CNN
(labeled N2N⇤ in other figures). The imaging artifacts relative the final solution were magnified 20⇥ for better visualization. The relative
change rates are provided above the images and were calculated relative to the final RARE solution. This figure highlights the potential of
RARE to provide fast MR reconstructions (high-quality results achieved within 10 iterations), when initialized with the CNN solution.

where i is the index of the specific acquisition and Hij denotes
the specific forward operator. One can then generate a dataset
of degraded images by simply applying the pseudoinverse of
each forward operator

bxij = H
†
ijyij . (11)

Inspired from Noise2Noise, one can then train the artifact
removal network with the following empirical risk minimization

argmin
✓

X

i,j,i0,j0

L(R✓(bxij), bxi0j0)), (12)

where the goal is to simply map pairs of artifact-contaminated
images in (11). Underlying assumption of this training strategy
is that the expected value of the images {bxij}j matches the
ground-truth vector xi. While this assumption might seem
idealized for some practical applications, our experiments
corroborate its excellent performance in the context of a heavily
ill-posed 4D MR image reconstruction under object motion. In
particular, we show that the best performance is achieved by
combining a pre-trained R✓(·) with several iterations of RARE
updates that also include rg(·).

C. Implementation for 4D MRI

The RARE framework for accelerated free-breathing MRI and
the architecture for the artifact-removal CNN used in this paper
are shown in Figure 1. Since the multi-coil nonuniform inverse

fast Fourier transform (MCNUFFT) data are 4D complex-
valued images (x, y, z for space and p for respiratory phases),
we used a 3D residual CNN, for dimensions x, y, p, which is
a simplified version of the popular DnCNN denoiser [48] as
the artifact removal prior. The network consists of ten layers
with three different blocks. The first block is a composite
convolutional layer, consisting of a normal 3D convolutional
layer and a rectified linear units (ReLU) layer, and the second
block is a sequence of 8 composite convolutional layers, each
having 64 filters. Those composite layers further process the
feature maps generated by the first part. The third block of
the network, a single convolutional layer, generates the final
output image with two channels including the real and imagery
part of the image. Every convolution is performed with a stride
= 1, so that the intermediate feature maps have the same
spatial size as the input to the CNN. It is worth noting that
we also considered the U-Net [53], [56] architecture for the
artifact removal CNN. However, our experiments showed no
significant quality improvements from U-Net, which has a
higher computational complexity than DnCNN.

Our implementation of free-breathing 4D MRI is based
on Consistently Acquired Projections for Tuned and Robust

Estimation (CAPTURE) method [57], which retrospectively
bins the k-space data into several motion phases. The key
observation is that the binning leads to different k-space
coverage patterns for different acquisition times, leading to

Liu et al., “RARE: Image Reconstruction using Deep Priors 
Learned without Ground Truth,” arXiv:1912.05854, 2019
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map 400-line MCNUFFT reconstructions to those by the 2000-line CS. N2N⇤ was trained without any “clean” data by mapping different
MCNUFFT reconstructions to one another. RARE relies on the N2N⇤ network for regularization. This figure shows that RARE can enable
significant visual quality improvements, due to its ability to combine N2N⇤ with the information from the forward model.
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To conclude

๏ We increasingly rely on implicit regularization using 
nonlinear operators, such as deep neural nets

๏ PnP and RED are algorithms that enable combining a 
learned CNN denoiser with the forward model

๏ For certain large-scale problems, it is beneficial to 
consider streaming algorithms that we will discuss next

๏ RARE considers more general artifact removing CNN 
priors that are easier to train without ground truth



Today we will talk about

๏ Imaging as an inverse problem 
Infusing prior knowledge into image formation

๏ RARE: Regularization by Artifact Removal 
Using CNN priors learned without ground truth

๏ SIMBA: Scalable algorithms using CNN priors 
Enabling large-scale tomographic imaging
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Consider the complexity of computing  
the full-batch gradient and the mini-batch gradient
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suitable for large-scale imaging problems

SIMBA uses only B << L 
measurements per iteration

Online Regularization by Denoising with Applications to Phase Retrieval
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Abstract

Regularization by denoising (RED) is a powerful frame-
work for solving imaging inverse problems. Most RED al-
gorithms are iterative batch procedures, which limits their
applicability to very large datasets. In this paper, we address
this limitation by introducing a novel online RED (On-RED)
algorithm, which processes a small subset of the data at a
time. We establish the theoretical convergence of On-RED in
the convex settings and empirically discuss its effectiveness
in the non-convex cases by illustrating its applicability of
On-RED to phase retrieval.

1. Introduction

The recovery of an unknown image x 2 Rn from a set of
noisy measurement is crucial in many applications, including
computational microscopy [43], astronomical imaging [37],
and phase retrieval [11]. The problem is usually formulated
as a regularized optimization

bx = argmin
x2RN

{f(x)} with f(x) = g(x) + h(x), (1)

where g is the data-fidelity term that ensures the consistency
with the measurements, and h is the regularizer that imposes
the prior knowledge on the unknown image. Popular meth-
ods for solving such optimization problems include the fam-
ily of proximal methods, such as proximal gradient method
(PGM) [3, 4, 14, 19] and alternating direction method of mul-
tipliers (ADMM) [1, 7, 16, 29], due to their compatibility
with non-differentiable regularizers [17, 18, 34].

Recent work has demonstrated the benefit of using de-
noisers as priors for solving imaging inverse problems
[?, 8, 12, 23, 25, 36, 39, 40, 42, 48]. One popular framework,
known as plug-and-play priors (PnP) [45], extends tradi-
tional proximal methods by replacing the proximal operator
with a general denoising function. This grants PnP a remark-
able flexibility in choosing image priors, but also complicates
its analysis due to the lack of an explicit objective function.
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Figure 1. Conceptual illustration of online regularization by denois-
ing (On-RED). The proposed algorithm uses a random subset of
noisy measurements at every iteration to reconstruct a high-quality
image using a convolutional neural network (CNN) denoser.

An alternative strategy for leveraging denoisers is the
regularization by denoising (RED) framework [33], which
formulates an explicit regularizer h for certain classes of de-
noisers [32, 33]. Recent work has shown the effectiveness of
RED under sophisticated denoisers for many different image
reconstruction tasks [26, 32, 33, 38]. For example, Metzler
et al. [26] demonstrated the state-of-the-art performance of
RED for phase retrieval by using the DnCNN denoiser [47].

Typical PnP and RED algorithms are iterative batch pro-
cedures, which means that they processes the entire set of
measurements at every iteration. This type of batch process-
ing of data is particularly inefficient for huge datasets [6].
Recently, an online variant of PnP [39] has been proposed to
address this problem, whereas such algorithm is still missing
for the RED framework.

In order to address this gap, we propose an online ex-
tension of RED, called online regularization by denoising
(On-RED). Unlike its batch counterparts, On-RED adopts
online processing of data by using only a random subset
of measurements at a time (see Figure. 1 for conceptual
illustration). This empowers the proposed method to effec-
tively scale to datasets that are too large for batch processing.
Moreover, On-RED can fully leverage the flexibility offered
by deep learning by using convolutional neural network
denoisers.

1

ones
Our results suggest that 

On-RED is an effective alternative to the traditional RED
algorithms when dealing with large datasets.
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SIMBA is a “streaming” variant of RARE  
suitable for large-scale imaging problems
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Slice 8 of 1024×1024×25 
10/89 SIMBA DnCNN 

Full Reconstruction
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SIMBA is as good as full RARE



To conclude

๏ We increasingly rely on implicit regularization using 
nonlinear operators, such as deep neural nets

๏ RARE is a theoretically sound algorithm that combines 
the artifact removing CNN prior with the forward model

๏ SIMBA is a minibatch variant of RARE beneficial for 
certain large-scale problems such as tomography
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