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Robust Reconstruction With Deep Learning to
Handle Model Mismatch in Lensless Imaging
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Abstract—Mask-based lensless imaging is an emerging imaging
modality, which replaces the lenses with optical elements and makes
use of computation to reconstruct images from the multiplexed
measurements. Most existing reconstruction algorithms are imple-
mented assuming that the forward imaging process is a convolution
operation, with a point spread function based on the system model.
In reality, there is model mismatch, leading to inferior image recon-
struction results. In this paper, we investigate the impact of model
mismatch in mask-based lensless imaging and for the first time,
illustrate the accumulated artifacts and information loss due to
mismatch error in the state-of-the-art approaches, which perform
model-based reconstruction and learning-based enhancement in
separate stages. To overcome this, we develop a novel physics-
informed deep learning architecture that aims at addressing such
mismatch error. The proposed hybrid reconstruction network con-
sists of both unrolled model-based optimization to apply system
physics and deep learning layers for model correction. Besides
a cascaded enhancement network, we introduce a data-driven
branch in parallel, making use of both input measurement and
all intermediate outputs from the model-based layers to correct
the bias and compensate for the information loss due to model
mismatch. The effectiveness and robustness of the proposed model
mismatch compensation network, referred to as MMCN, is demon-
strated on real lensless images. Experimental results show notice-
ably better performance for MMCN compared with the alternative
methods.

Index Terms—Computational imaging, deep learning, image
reconstruction, inverse problems, lensless imaging, optimization.

I. INTRODUCTION

L ENSLESS imaging arises due to the desire for smaller
and more lightweight imaging systems [1]. The basic idea

is to replace the lenses with a modulation mask, which maps
each point source in the field-of-view (FoV) into multiple pixels
on the sensor (Fig. 1), forming a unique high-contrast point
spread function (PSF) [2]–[5]. Unlike the point-to-point imaging
structure of a conventional camera, a lensless imaging system
encodes the information into a highly multiplexed diffraction
pattern and then reconstructs an image through computational
recovery algorithms.
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Fig. 1. General geometry of lensless imaging setup. The point sources in the
scene are imaged as the superposition of corresponding PSFs on the sensor.

Despite advances in such algorithms, the image quality has
much room for improvement. The main culprit is model mis-
match. This is due to incomplete or erroneous knowledge in
modeling the forward imaging process [6]. The limiting fac-
tors that cause model mismatch in lensless imaging are di-
verse and complex, involving different kinds of imperfections
in the optical devices, physical system, experimental proce-
dure/environment, and also mathematical approximations. For
example, there are various situations where a convolutional
model fails to describe the actual imaging process, such as
recording scenes with specular objects or occlusion. In three-
dimensional (3D) imaging, the wide depth range can also inval-
idate the oversimplified convolution model. For this work, we
mainly focus on two aspects that result in model mismatch. One
is the assumption of lateral shift-invariant PSFs, also known as
memory effect [7], [8] in imaging through scattering media. In
practice, the variation not only exists but noticeably increases
when the angle of incident light gets larger, where the marginal
areas would suffer from low reconstructed signal-to-noise ratio
(SNR) [9]–[11]. As quantitatively illustrated in [12], the simi-
larity between the on-axis and off-axis PSFs drops to only 0.75
at an angle of 37◦. This degrades the resolution particularly
around the edge of the FoV. Another aspect is that the on-axis
mask pattern used as the system PSF for reconstruction is
erroneous, caused by either insufficient accuracy in simulation
or misalignment when measuring it experimentally [13]. These
problems compound with the ill-conditioning nature of solving
the inverse problem in reconstruction, leading to severe artifacts,
an example of which is depicted in Fig. 2.

Current existing reconstruction methods in lensless imaging
either ignore the model mismatch, or apply learning-based
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Fig. 2. Illustration of the impact of model mismatch on lensless reconstructions. From left to right are (a) raw lensless measurement captured by PhlatCam [3],
(b) latent clean image; reconstructed images using Wiener deconvolution with (c) calibrated PSF (C-PSF) and (d) simulated PSF (S-PSF), and also reconstructed
ones using proposed model mismatch compensation network (MMCN) with (e) calibrated PSF (C-PSF) and (f) simulated PSF (S-PSF). There is severe degradation
of image quality in physics-based reconstructions when leveraging simulated PSF compared to that using experimentally calibrated PSF. In addition, it can be clearly
observed that the resolution gradually degrades from central areas to the edges of both physics-based reconstructions, indicating the impact of increasing difference
between on-axis and off-axis PSFs. In comparison, the proposed method presents obvious improvement and better robustness in reconstruction performance for
both cases.

methods without incorporating any knowledge of the forward
imaging model. Although deep learning has achieved significant
results in various problems in computational imaging [14]–[22],
including image reconstruction, the lack of a physics prior leads
to difficulty for pure deep learning networks to restore details
from such highly multiplexed patterns. Recently, there are efforts
to combine classical methods and deep learning networks [23]–
[26]. In mask-based lensless imaging, classic optimization al-
gorithms such as alternating direction method of multipliers
(ADMM) [27] and half quadratic splitting (HQS) have been
unrolled into networks as a direct attempt of embedding physics-
based optimization process in a learning-based framework [28]–
[30]. To further improve the performance, recent approaches
consider the reconstructed estimate from model-based layers
as the preliminary result, and add a CNN-based network such
as a U-Net [31] at the end as a learned denoiser for addi-
tional perceptual enhancement [28], [32]. These state-of-the-art
physics-embedded networks divide the reconstruction of lens-
less measurements into preliminary reconstruction and enhance-
ment steps, implemented by two separate trainable networks
in cascade. Intuitively, this can be seen as mapping the data
from the measurements to an intermediate reconstruction based
on the forward model of the system, and then to final recon-
struction after enhancement by a CNN-based network. However,
the preliminary reconstruction operation achieved by classical
model-based reconstruction algorithms is not a lossless proce-
dure. Such approaches are susceptible to the model mismatch
problem discussed above, since commonly used regularizers,
such as total variation (TV) [33], [34], cannot handle the model
error effectively. Physical constraints, which impose priors such
as smoothness or sparsity, may harm the preservation of cru-
cial details, resulting in information loss in the physics stage.
Adding a data-driven refinement stage later may help suppress
artifacts, but it is difficult to handle irreversible degradation in
physics-based reconstructions. Thus, the cascade of separate
operations without taking the model error into account, will feed
images with undesired artifacts and information loss into the
CNN denoiser, and thus deteriorate the ultimate performance.

To overcome this, we develop a novel hybrid architecture that
learns the mapping from the multiplexed measurements to im-
age reconstructions with specific treatment on model mismatch
problem, which we call model mismatch compensation network

(MMCN). The architecture consists of a model-based block
and a deep neural network with an additional compensation
branch. This branch formed by multiple CNN streams serves as
a correction on model-based optimization reconstruction. For
illustration, unrolled ADMM is used to embed the physical
model in the network architecture. The features extracted from
the intensity updates of each ADMM layer, together with the
raw input, are concatenated in the data-driven branch and pass
through an expansive path to reconstruct the final image.

This paper describes a model-based reconstruction architec-
ture with correction on mismatch error in lensless imaging. The
main contributions are:
� We illustrate how lensless imaging is susceptible to model

mismatch and present the first work to do model mismatch
compensation for lensless imaging in a completely data-
driven fashion without additional calibration or estimation
of off-axis parameters.

� We propose a solution in addressing model mismatch error
by introducing an additional data-driven compensation
branch with multiple CNN streams leveraging all inter-
mediate intensity updates from the unrolled optimization
blocks.

� We carry out experiments on real lensless datasets to
validate the robustness of the proposed architecture,
MMCN, on full-size/cropped measurements given cali-
brated/simulated PSFs.

II. RELATED WORK

In this section, we overview related studies along three as-
pects, namely, lensless imaging, image reconstruction and model
mismatch. As the model mismatch problem has not been specifi-
cally studied in mask-based lensless imaging, works that address
this problem in other areas like scattering and image deblurring
will be reviewed here.

A. Lensless Imaging

Lensless imaging has been traditionally used for imaging at
wavelengths beyond the visible spectrum [35]–[37]. Driven by
the growing interest in more compact and lightweight cam-
eras, applications in the visible spectrum have aroused atten-
tion and developed rapidly in recent years [38]. By encoding
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the incoming light from the scene onto the sensors via mod-
ulation masks, lensless cameras eliminate the need for lens
and record scene information in non-photorealistic measure-
ments [39]. Mask-based lensless imaging has been demon-
strated for various encoding elements including compressive
samplers [40], phase gratings [41], spatial light modulators [42],
and diffractive masks [3], [12], [43]. The raw measurements
captured on the sensor will then be computationally processed
to generate photorealistic images resembling the original scene.
By introducing this extra computational step to the imaging,
the burden brought by unwieldy, expensive hardware can be
alleviated and transferred to computation, yielding advantages
of smaller size, lighter weight, easier fabrication, and lower
cost. These advantages enable lensless imaging to be applied
in fields such as vivo imaging, wearables, mobile platforms, and
many others requiring ultra-miniature designs [44]. Moreover,
the mask-based lensless designs have also been implemented in
hyperspectral imaging [45], 3D fluorescence microscopy [46],
and refocusable photography [47].

B. Image Reconstruction

Image reconstruction in computational imaging is usually for-
mulated as an ill-posed inverse problem. Typically, the classical
reconstruction algorithms involve solving an optimization prob-
lem with a data fidelity term and a regularization term exploiting
the prior information of the images. These approaches broadly
fall into two categories, single-step reconstructions [47]–[50]
and iterative reconstructions [3], [51]. Despite fast computa-
tions, single-step methods require more stringent restrictions on
the imaging including mask fabrication, and would be infea-
sible for optimization problems without closed-form solutions.
Iterative methods are more commonly used in ill-posed inverse
problems with generally better performance, but are usually too
slow due to a large number of iterations before convergence.

With the development of deep learning, more and more
works involving neural networks have been designed to solve
image reconstruction problems in computational imaging sys-
tems. The deep networks such as CNNs are trained to serve
as the inverse operator, which maps raw measurements to la-
tent images [6], [52]. Compared to traditional methods, the
learning-based approaches lack physics knowledge and are hard
to interpret. Therefore, reconstruction algorithms in the middle
ground between the traditional and deep learning methods have
been proposed. In [53], [54], neural networks are used to learn
the regularizers or proximal mapping in iterative forms. Mean-
while in [28], [55], the neural networks are designed as the
unrolled versions of the traditional optimization frameworks.
Both increase interpretability by incorporating forward imaging
models. Another work [56] leverages the knowledge of the
forward model only in the training stage and generalizes the
reconstruction model for different imagers with multiple PSFs.

C. Model Mismatch

The model mismatch in lensless imaging is due to the imper-
fect modeling of the imaging process. Based on the assumption
of shift invariance, also known as angular “memory effect”

(ME), measurements are commonly regarded as a convolution
of the system PSF and intensity pattern of the scene. However,
both the convolution model and the system PSF are not free of
error, leading to model mismatch in image reconstructions. As
this problem has not been specially studied in the literature of
mask-based lensless imaging, we review some related work in
scattering imaging and image deblurring tasks. The ME-based
methods usually model the scattering medium as a linear system
under the assumption that the angular span of the scene to be
imaged is small enough. As the impinging angles become larger,
the mismatch between the mathematical model and exact imag-
ing process becomes non-neglectable, leading to overlapping
speckles for objects beyond the ME region. Works have been
done to address this problem and expand the angular range
for scattering imaging, including stitching multi-view measure-
ments with diverse precalibrated PSFs [57], exploiting prior
knowledge of the object [10] and multi-target imaging [58]. In
image deblurring, the mismatch of the estimated kernel and true
blurry kernel is a common issue and has been shown to produce
ringing artifacts in the results. Various approaches have been
introduced to handle such error [59]–[63]. Works such as [59],
[62] address the kernel error by adding an extra regularizer or
an estimation step in the iterative methods. Unrolled networks
are also investigated with deep neural networks learning the
regularizers and hyper-parameters to handle residual noise in
kernels [61], [62].

III. MODEL MISMATCH IN LENSLESS IMAGING

In this section, we present the mathematical formulations
of lensless imaging, as well as the model mismatch problem,
and theoretically explain why image reconstruction in lensless
imaging is susceptible to model mismatch.

Different from the point-to-point imaging model of conven-
tional cameras, a lensless imaging system does not seek to
capture a spatially accurate reproduction of a scene, but records
a multiplexed measurement by applying an encoding optical
element in front of the sensor. Assuming that the point sources
making up the entire scene are incoherent with each other, we
can model the measurements captured by the sensor to be a linear
summation of the mask pattern intensities generated by different
points in the scene. Such patterns are the point spread functions
(PSFs) of the imaging system. This can be mathematically
expressed as a matrix-vector multiplication with the generalized
forward model matrix H, such that

b = Hs+ n, (1)

where s and b denote the vectorized scene intensity and lensless
measurement, respectively, and n represents the additive noise.
The PSFs, which can vary with the positions of point sources,
are in the columns of H. Supposedly, it would require extensive
calibration work on points all over the scene to obtain the exact
matrix.

Commonly, though, these PSFs are approximated to be shift-
invariant, such that the patterns generated by off-axis point
sources are assumed to be the same as the on-axis PSF with
a lateral shift. The computational complexity, as well as the
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burden on storage and calibration, can be significantly alleviated
by modeling the imaging process with a convolution model.
The system matrix H in Eq. (1) can be simplified as a Toeplitz
matrix embedding the convolution operation with the on-axis
PSF. The reconstruction can then be computed with standard
inverse imaging approaches [64].

This approximation allows for computationally tractable
modeling of the problem, at the expense of using physically exact
PSFs. Moreover, the on-axis PSF, either obtained by calibration
during the experiment or simulation based on the mask pattern
and imaging geometry, is not error-free. Hence, such errors cause
a mismatch between the estimated system and the true imaging
system. This can cause severe artifacts in reconstruction quality
due to the ill-conditioned nature of a lensless imaging system.

Let the deviation between the biased and true PSF be denoted
as ΔH. We have

b = (H̃+ΔH)s+ n, (2)

where H̃ represents the biased forward PSF operator due to
model mismatch, such that the true operator should be H =
H̃+ΔH. Suppose the model is invertible. The estimated re-
construction can be derived by Taylor series expansion on direct
inversion as

s̃ = H̃−1b

= (H−ΔH)−1(Hs+ n)

= (I−H−1ΔH)−1(s+H−1n)

= s+H−1ΔHs+ (I+H−1ΔH)H−1n+O(‖ΔH‖2F ),
(3)

where ‖ · ‖F is the Frobenius norm. Due to the ill-conditioned
system matrix H, the error resulted from model mis-
match H−1ΔHs as well as the measurement noise (I+
H−1ΔH)H−1n will be significantly amplified and result in
poor recovery [59], [62]. The inverse problem is usually formu-
lated as a regularized optimization problem with the generalized
form [64]

ŝ = argmin
s≥0

{
1

2
‖b−Hs‖22 + λR(s)

}
, (4)

where R(·) is a regularization function with tuning parameter
λ. Conventional regularizations such as Tikhonov and TV are
not capable of addressing model mismatch errors [60]. As il-
lustrated in Fig. 2, considerable artifacts exist in the images,
indicating how subtle model mismatch is magnified by the
ill-conditioned lensless imaging model. In addition, the image
resolution gradually degrades from the central areas to the edges.
Hence, reconstruction methods with more robust performance
to model mismatch problem is essential in lensless imaging.

IV. METHODOLOGY

Here, we present our detailed solution to the model mismatch
problem using deep learning. The proposed hybrid network
combines both physics-based optimization approaches, imple-
mented by unrolled ADMM layers, with CNN-based data-driven

methods in a novel structure. In particular, to address the chal-
lenges discussed above, we introduce a compensation branch
leveraging all intermediate outputs as well as the raw input,
which are usually discarded after obtaining the physics-based
reconstruction. We first illustrate the implementation of un-
rolled ADMM layers and then mathematically demonstrate the
accumulation of model mismatch error in the physics-based
reconstruction stage. Next, we present concrete details on our
methodology for dealing with this issue. At last, we give a
detailed description of the diagram and also the example con-
figuration used in the following experiments.

A. Unrolled ADMM Blocks

Realistically, a sensor is often not large enough to capture the
entire multiplexed measurements. The measurements are there-
fore cropped to the finite size of the sensor. Let the crop operation
be denoted as Φ (identity operator for full-size measurements)
and the regularization term be set as TV regularization with
sparsifying transformΨ, i.e.,R(s) = ‖Ψs‖1. The optimization
problem is then described as

ŝ = argmin
s≥0

{
1

2
‖b−ΦHs‖22 + λ‖Ψs‖1

}
. (5)

Due to the information loss caused by the cropping operation,
it is infeasible to directly invert the mapping and thus iterative
optimization is generally needed. By introducing auxiliary vari-
ables, the above optimization can be reformulated and solved by
iterative ADMM. Following the variable splitting strategy, we
can write

minimize
1

2
‖b−Φx‖22 + λ‖z‖1,

such that x = Hs,

z = Ψs,

y = s, y ≥ 0 (6)

wherex, y, z are auxiliary variables for ADMM. Using the aug-
mented Lagrangian [65], this can be split into several simplified
sub-problems, and each variable is updated by optimizing its
corresponding sub-problem with other variables fixed in each it-
eration [66], [67]. Specifically, the solutions to the sub-problems
for the auxiliary variables and intensity s at iteration k are given
by [27]

x(k) = (Φ�Φ+ ρxI)
−1(Φ�b+ u(k−1)

x + ρxHs(k−1)) (7)

y(k) = max

(
s(k−1) +

1

ρy
u(k−1)
y , 0

)
(8)

z(k) = S λ
ρz

(
Ψs(k−1) +

1

ρz
u(k−1)
z

)
(9)

s(k) = (ρxH
�H+ ρzΨ

�Ψ+ ρyI)
−1[H�(ρxx(k)

− u(k−1)
x ) + r(k)], (10)
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where r(k) = Ψ�(ρzz(k) − u
(k−1)
z ) + (ρyy

(k) − u
(k−1)
y ).

Note that ux, uy , uz are the dual variables, ρx, ρy , ρz denote
positive penalty parameters, and S(·) is a soft-thresholding
operator with parameter λ/ρz [68]. We follow the same way
to unroll ADMM into a network as introduced in [28]. Each
iteration is modeled as a layer of the model-based branch, termed
an ADMM block, and the above equations are interpreted as
the functions in each block with trainable parameters λ and
ρx, ρy , ρz . Therefore, each ADMM block contains three types
of sub-layers: auxiliary variable layers to update x, y, z, a
reconstruction layer to update s, and dual update layers for ux,
uy , uz , respectively.

B. Accumulated Mismatch Error

However, these updates are derived under ideal circumstances
towards exact modeling of the imaging process, where model
mismatch is not taken into consideration. In practice, only the
estimated PSF operator H̃ is available for the optimization
problem. To compute the deviation on the ADMM updates in
a single iteration resulting from the model error, we suppose
biased PSF is only used at iteration k and the updates for the
previous step are unbiased. The least-square updates x̃(k), s̃(k)

based on the biased model matrix H̃ at iteration k can be written
as

x̃(k) = (Φ�Φ+ ρxI)
−1(Φ�b+ u(k−1)

x + ρxH̃s(k−1)) (11)

s̃(k) = (ρxH̃
�H̃+ ρzΨ

�Ψ+ ρyI)
−1[H̃�(ρxx̃(k) − u(k−1)

x )

+ r(k)]. (12)

Therefore, corrections should be made to obtain the unbiased
updates, given by

x(k) = (Φ�Φ+ ρxI)
−1(Φ�b+ u(k−1)

x + ρx(H̃+ΔH)

s(k−1))

= (Φ�Φ+ ρxI)
−1(Φ�b+ u(k−1)

x + ρxH̃s(k−1)

+ ρxΔHs(k−1) ) (13)

s(k) = (ρx(H̃+ΔH)�(H̃+ΔH) + ρzΨ
�Ψ+ ρyI)

−1

[(H̃+ΔH)�(ρxx(k) − u(k−1)
x ) + r(k)]

= (W1 + ρxδH )−1[H̃�(ρxx(k) − u(k−1)
x ) + r(k)]

+ (W1 + ρxδH)−1ΔH�(ρxx(k) − u
(k−1)
x ) , (14)

where W1 = ρxH̃
�H̃+ ρzΨ

�Ψ+ ρyI and δH = H̃�ΔH+

ΔH�H̃+ΔH�ΔH. The errors from the biased PSF operator
are highlighted in red and would accumulate for each iteration.
By substituting Eq. (13) for x(k) in Eq. (14), the reconstruction
estimate can be written as a function of the biased estimate s̃(k),
original measurements b and updates from the previous step.
Thus, we have

s(k) = (W1 + ρxδH)−1W1s̃
(k) +W2Φ

�b+ ε(k−1), (15)

where W2 = (W1 + ρxδH)−1ΔH�ρx(Φ�Φ+ ρxI)
−1 and

ε(k−1) denotes the combination of terms involving updates from
the (k − 1)th iteration. Therefore the unbiased intensity updates
in all steps can be intuitively expressed as

s(1) = φ(s(0), s̃(1), b) = g1(s̃
(1), b)

s(2) = φ(s(1), s̃(2), b) = g2(s̃
(1), s̃(2), b)

s(3) = φ(s(2), s̃(3), b) = g3(s̃
(1), s̃(2), s̃(3), b)

...

s(k) = φ(s(k−1), s̃(k), b) = gk([s̃
(1), s̃(2), . . . , s̃(k)], b), (16)

where φ(·) and gk(·) denote the corresponding mapping func-
tions to obtain s(k).

As described in earlier sections, in state-of-the-art networks
that employ forward imaging models, lensless measurements
are reconstructed through a model-based learning algorithm
followed by a data-driven enhancement network sequentially
in separate phases. They rely on the cascaded CNN to address
all artifacts in the preliminary reconstruction while failing to
consider the information loss in the prior session. As seen in
Eq. (15), a significant bias on s̃(k) can be observed in each step
of ADMM and would accumulate for all iterations. Moreover,
the image sparsity assumption as the prior on s̃(k) smooths out
valuable details. Similarly, the nonlinear function in Eq. (8)
enforcing non-negativity may lead to irreversible degradation
as well. All these cause information loss in the physics-based
reconstruction stage. Taking the output of this stage as a noisy
image and stacking a typical CNN denoiser such as Unet at
the end does help with suppressing artifacts to some extent and
improves the perceptual quality of the reconstructed images.
However, it is difficult to correct the model mismatch errors this
way and further enhancement would also be problematic with
incomplete information provided.

C. Compensation Branch

As illustrated in Fig. 3, we propose to learn a compensation
branch parallel to the cascaded enhancement network, with
multiple convolution streams making use of observation b and
intermediate intensity update in each ADMM block, to estimate
the correction in the presence of model mismatch. With the
number of unrolled ADMM blocks set to be K, a sequence
of reconstructions are generated {s̃(k)}Kk=1. The cascaded Unet
can be described as the composition of an encoder f(·) for
feature extraction and a decoder d(·) for reconstruction. Due
to information loss in the unrolled ADMM blocks, the feature
vector h̃ extracted from s̃(k) deviates from the feature learnt
under the unbiased situation. Therefore, we use a data-driven
approach to compensate such a difference, and the CNN-based
correction process can be expressed as

P(·) :
(

s̃(K)

b, [s̃(1), s̃(2), . . . , s̃(K−1)]

)
−→ ĥ −→ ŝ, (17)

where P implements the Unet with two contracting branches.
The additional contracting path is the compensation branch,
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Fig. 3. Schematic diagram of the proposed MMCN for reconstruction from lensless measurements in the presence of model mismatch. The intermediate intensity
updates {s̃(k)}K−1

k=1
from the unrolled ADMM blocks based on biased operator H̃, together with lensless measurement b, are incorporated in the compensation

branch (C-branch) to correct errors resulting from model mismatch. The feature representation hk at stage k is the concatenation of feature vectors extracted from
s̃(k) and from the last stage hk−1 towards contracting convolutional layers f̃C

k (·) and fC
k (·). The final representation h′ is stacked with h̃, which is extracted by

the encoder f(·) from the Unet denoiser, and then fed into a decoder for reconstruction. The shaded parts are decoder and reconstruction s̃ of the enhancement
Unet without correction on the feature representations, which are replaced by the expansive path d(·) and reconstruction ŝ in the blue solid box. The parameters
are updated via backpropogation with respect to the loss between the estimated ŝ and the ground truth.

which learns the correction for model mismatch with
the combination of feature maps from multiple inputs
(b, [s̃(1), s̃(2), . . . , s̃(K−1)]). Let h′

k, h̃k be a paired feature
representation extracted from the feature vector hk−1 at step
k − 1 and intermediate update s̃(k) at the kth ADMM block
such that h′

k = fC
k (hk−1), h̃k = f̃C

k (s̃k). We have

h1 = fC
1 (b)⊕ f̃C

1 (s̃1) (18)

h2 = fC
2 (h1)⊕ f̃C

2 (s̃2) (19)

...

hK−1 = h′
K−1 ⊕ h̃K−1 = fC

K−1(hK−1)⊕ f̃C
K−1(s̃K−1)

(20)

ĥ = h′ ⊕ h̃ = fC
K(hK−1)⊕ f(s̃K), (21)

where ⊕ denotes the concatenation operator. The feature ex-
tractors fC

k (·) and f̃C
k are sets of downsampling CNN filters to

generate feature map hk.
An example of detailed configurations under the proposed

structure is illustrated in Fig. 4. A total of five ADMM blocks
(K = 5) are utilized, representing five iterations of ADMM and
each block consists of sub-layers corresponding sub-problems
in each ADMM iteration step to update measurement intensity,
auxiliary variables and dual multipliers. The Unet stacked at
the end of architecture is of standard form with five repeated
applications of two 3× 3 convolutions followed by a 2× 2
max-pooling operation as the encoder, and symmetric structure

with 2× 2 up-convolutions for the decoder. Regarding the com-
pensation branch for correction, we utilize double convolutional
layers followed by a max-pooling layer as feature extractor
fC
k (·) and a set of residual blocks as f̃C

k (·), each consisting of
a skip connection, two convolutional layers and a max-pooling.
After each f̃C

k (·), a concatenation with the corresponding rep-
resentation extracted by f̃C

k (·) is then applied. The output of
compensation branch is then stacked to the feature map of Unet
encoder and together fed into a bottleneck convolutional layer
before the upscaling decoder. The channel number of feature
representation is increased from 24 to 512 in the encoder (24 →
64 → 128 → 256 → 512) and decreased to 24 in the decoder.
Notice that each convolutional layer, unless otherwise stated,
is followed by a batch normalization (BN) layer and a rectified
linear unit (ReLU) activation function. The loss function adopted
here is a weighted combination of mean square error (MSE)
and perceptual loss, quantifying the distortion and perceptual
quality of reconstructed images with respect to the ground truths.
The perceptual loss used here to generate more photo-realistic
images is obtained by Learned Perceptual Image Patch Similar-
ity metric (LPIPS) [69] that measures the perceptual distance
between ground truth and estimated images.

V. EXPERIMENTS AND RESULTS

We make use of datasets captured by two mask-based lensless
imaging systems using different phase masks, namely, Diffuser-
Cam [12] with an off-the-shelf diffuser, and PhlatCam [3] with
a designed phase mask. Both datasets are collected by capturing
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Fig. 4. An example of detailed configurations under the proposed structure. A total of five ADMM blocks are utilized and the Unet stacked at the end of
architecture is of standard form. The input measurement and intermediate updates from ADMM blocks are fed into the data-driven compensation branch via double
CNNs and residual blocks.

projections of images on the monitor. We have also evaluated
the proposed MMCN on real-world datasets, i.e, measurements
of unconstrained indoor scenes using PhlatCam. Experiments
for all datasets are implemented using Pytorch framework on
NVIDIA V100 GPUs (32 GB, SMX2). Codes and trained mod-
els will be made available1.

A. For DiffuserCam

The DiffuserCam Lensless Mirflickr Dataset (DLMD) [28]
consists of 25,000 aligned image pairs (24,000 for training and
1,000 for testing) taken by a lensed ground truth camera and a
mask-based lensless camera simultaneously via a beamsplitter.
For both cameras, Basler Dart (daA1920-30uc) sensors are used
to capture data with 1080× 1920 pixels (restricted by the sen-
sor), which is then downsampled to 270× 480 to reduce moire
fringes and cropped to 210× 380 to remove areas beyond the
screen borders for final display. The calibrated PSF is captured
by placing an LED point source at the center of the monitor. Due
to the random diffuser mask, it is not possible to obtain a rough
estimate of the mask, and thus simulated PSF is not available
for DLMD. The network is trained with a batch size of 4 for 100
epochs using Adam optimizer [70]. The initial learning rate is
10−4 and is then decreased linearly to 10−6. After pretraining
with only MSE loss, the weights for MSE and LPIPS loss are
then set to be 1 and 1.2, respectively.

To illustrate the performance gain brought by different com-
ponents of the structure, experiments are conducted to compare

1[Online]. Available: Link: https://github.com/tianjiaozeng/MMCN

the proposed MMCN with purely deep network Unet [31],
learnable unrolled ADMM (Le-ADMM) [28], and its derived
network Le-ADMM-U [28], namely Le-ADMM followed by
a CNN denoiser (Unet) for further enhancement. Besides, an
additional ablation study is performed focusing on the perfor-
mance gain brought by the introduction of information from
raw measurements and intermediate reconstructions of ADMM
blocks. Specifically, we train the network with the same settings
as we proposed, while only feeding the final update of ADMM
blocks to the compensation branch. This downgraded MMCN
model for ablation study is denoted as MMCN-DG. In this way,
MMCN-DG shares the same number of parameters with the
MMCN model, while replacing the intermediate reconstructions
and raw measurements incorporated in MMCN with five replicas
of the output from the last ADMM block S(5). The objective
assessments used to evaluate the reconstructed performance are
peak signal-to-noise ratio (PSNR), structural similarity index
(SSIM), and perceptual metric LPIPS based on AlexNet. As
presented in Table I, the proposed C-branch improves the image
quality on all the evaluation metrics at the expense of a longer run
time. It can be observed that the downgraded model MMCN-DG,
by adding an additional branch itself, has made improvements
in PSNR and produced comparable results in SSIM and LIPIS
values compared with Le-ADMM-U. Nevertheless, it gives
noticeably inferior performance in all metrics compared with
our proposed MMCN leveraging both raw measurement and
intermediate updates. Specifically, the proposed model provides
a noticeable performance gain, more than 3 dB in PSNR and
0.02 in SSIM, as compared with Le-ADMM-U. Comparison
has also been made on numerical performance among various
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TABLE I
ABLATION STUDY OF THE PROPOSED RECONSTRUCTION NETWORK ON THE DIFFUSERCAM LENSLESS MIRFLICKR DATASET. MMCN-DG STANDS FOR THE

DOWNGRADED MMCN MODEL OF THE SAME STRUCTURE WITHOUT RAW MEASUREMENTS AND INTERMEDIATE RECONSTRUCTIONS

Fig. 5. Comparison on the reconstruction quality between areas among the
edges and the center of the FoV. The PSNR and LPIPS values of five patches
obtained on locations from the edge to the central areas are plotted. We see
that the performance gain of the proposed model compared with Le-ADMM-U
turns to be larger on patches near the edge of the image. The difference becomes
smaller as moving towards central areas. Unet presents comparably most stable
performance across different areas.

locations within FOV for Unet, Le-ADMM-U and proposed
method (Fig. 5). The reconstructed images from edge to center
are equally cut into five slices, referred to as image patches 1 to
5. As the index increases from 1 to 5, the corresponding location
gets nearer to the central areas, where patch 5 is located in the
center and patch 1 is closest to the edge. Fig. 5 shows the PSNR
and LPIPS values for each of the five regions. Mean and standard
deviations across samples in the testing set are plotted. All three
models have present more or less superior performance in areas
near the center. Specifically, the steepest slope is observed in the
curve of Le-ADMM-U in both metrics. The PSNR gain of the
proposed model compared with Le-ADMM-U gets larger near
the edge, indicating more robustness to the mismatch between

on-axis and off-axis PSF. The LPIPS loss of our network also
increases slower than Le-ADMM-U as moving towards the edge.
Among all compared models, Unet exhibits relatively smallest
differences in both metrics across regions as expected, since
it is purely data-driven and is free from the influence of model
mismatch error. Despite the most robust performance, the overall
reconstruction quality of Unet is inferior to the other methods.

The visual inspection of the images recovered by the proposed
method, the ablation model MMCN-DG, Le-ADMM-U, Unet,
Le-ADMM and ground truth images are shown in Fig. 6. The
reconstruction from our method presents the most perceptually
appealing image quality compared with the other two methods.
It is worth noticing that the proposed network provides more
appropriate reconstruction both in the colors and texture de-
tails. Compared with Le-ADMM-U, it can be clearly seen that
the distortion is less and more details are preserved with the
compensation branch added to the network, especially around
the edges of the FoV. As depicted in Fig. 6, patches around
marginal areas are zoomed out for better comparison, where
the proposed architecture shows obviously better reconstruction
quality. The ablation model MMCN-DG has presented gener-
ally superior performance in most of the sample reconstruction
images compared with Le-ADMM-U and has improved on
some of the marginal areas. However, noticeable enhancement
can be observed in the proposed model when leveraging with
raw measurement and intermediate reconstructions. It indicates
that the compensation branch effectively improves the off-axis
resolution, which is severely affected by the approximation of
circulant convolution. As for reconstructions of Unet, some
severe artifacts can be seen visually, indicating the difficulty
for the data-driven network alone to learn appropriate inverse
process without the help of system priors.

B. For PhlatCam

For the PhlatCam dataset [32], a total of 10,000 images
randomly selected from 1,000 classes (10 images from each
class) of ImageNet ILSVRC 2012 [71] are resized to 384× 384
and displayed on monitor for imaging. Basler Ace4024-29uc
with 12.2MP Sony IMX226 sensor is used to capture lensless
measurements of size 1280× 1480. For the conditions that the
sensor is not big enough for full measurements, the images are
cropped to 608× 864. The dataset is then divided into 9,000
training images and 1,000 testing images. Besides calibrated
PSF, an uncalibrated PSF is simulated based on the mask pattern
and the camera geometry. Different from DLMD, there is no
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Fig. 6. Visual inspection on the reconstruction performance for data from DLMD using MMCN, MMCN-DG (no raw measurement and intermediate
reconstructions from ADMM blocks), Le-ADMM-U (no compensation branch), Unet (pure data-driven network without physics prior) and unrolled ADMM
network (Top to bottom: raw measurements, ground truth images, and reconstructed results of MMCN, MMCN-DG, Le-ADMM-U, Unet and Le-ADMM). The
PSNR and SSIM values for each reconstruction are presented. The visual reconstruction quality of the proposed model with compensation branch leveraging both
raw measurement and intermediate reconstructions from ADMM blocks, noticeably outperforms other methods including the downgraded version MMCN-DG
which only uses output from the final ADMM block. Compared with Le-ADMM-U (no compensation branch), our model presents superior performance, especially
in restoring correct colors and details around marginal areas.

lensed camera during imaging and thus the displayed ImageNet
images are directly taken as the ground truth images. Since the
lensed ground truths aligned with lensless measurements are not
available, the adversarial loss is added to enhance the reconstruc-
tion quality [72]. The discriminator used for adversarial learning
consists of four convolutional layers with batch normalization
and the swish activation function [73]. After pretraining with
only MSE, LIPIS and adversarial losses are then added with
weights of 1.2 and 0.6, respectively.

We evaluate the performance on PhlatCam measurements
focusing on the comparison of model robustness between the
reconstruction results with calibrated PSF (C-PSF) and sim-
ulated PSF (S-PSF) used in the network. The experiments
are divided into two conditions, full-size measurements and
cropped measurements, corresponding respectively to the ideal

circumstances where the sensor is large enough to record the
complete data of the imaged scene and more common cir-
cumstances where captured measurements are cropped. The
proposed method with calibrated and simulated PSFs is com-
pared with learning-based methods, Le-ADMM-U and FlatNet-
gen [32] via metrics PSNR, SSIM and LPIPS based AlexNet.
FlatNet-gen replaces the unrolled ADMM in the physics stage
with single-step trainable inversion and then followed by a CNN-
based enhancement network. All compared methods are trained
using the same Unet as presented in Fig. 4 in the enhancement
stage for fairness.

The numerical results on reconstructions of full-size mea-
surements are shown in Table II. The proposed method MMCN
with calibrated PSF, as well as simulated PSF, outperforms
all other models. Notice that the smaller drop in numerical
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Fig. 7. Visual inspection on the reconstruction performance for Phlatcam data using our proposed MMCN, FlatNet-gen, and Le-ADMM-U. The PSNR and SSIM
values for each reconstruction are presented. Both calibrated PSF and simulated PSF are used for comparison. (a) Ground truth images and reconstructions for
full-size measurements. (b) Ground truth images and reconstructions for cropped measurements.

TABLE II
COMPARISON OF RECONSTRUCTED PERFORMANCE ON PHLATCAM

MEASUREMENTS OF FULL SIZE. THE CALIBRATED AND SIMULATED PSF USED

IN THE RECONSTRUCTION ARE DENOTED AS C-PSF AND S-PSF

results between calibrated and simulated PSF can be seen in
the proposed method compared with Le-ADMM-U, indicating
that the additional compensation branch improves the robustness
in the presence of bias in PSF. While FlatNet-gen shows the
smallest difference between using calibrated and simulated PSF,
the overall performance is inferior to our models. It might due to
the weaker dependence on PSF which makes the performance
robust to different PSFs but results in inadequate reconstructions.
Fig. 7(a) shows reconstructions from five sample measurements

TABLE III
COMPARISON OF RECONSTRUCTED PERFORMANCE ON CROPPED PHLATCAM

MEASUREMENTS

given calibrated and simulated PSF. For both cases, the proposed
architecture produces better image quality than the other two
methods overall. It can be seen that the reconstructed images of
our model are visually more similar to the ground truth ones,
especially in preserving colors and details.

The numerical results for reconstructions from cropped lens-
less measurements are displayed in Table III. Due to the infor-
mation loss in measurements, the direct inversion in the physics
stage of FlatNet-gen is infeasible as introduced earlier. Thus a
preprocessing step is applied to the raw measurements before
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Fig. 8. Visual inspection on the reconstruction performance for real-world measurements captured by PhlatCam using the proposed architecture and FlatNet-gen
for full-size and also cropped measurements.

feeding them into the networks. The images are first padded to
full size through replicate padding and then multiplied with a
Gaussian filter mask for smoothing [74]. In spite of an overall
drop in evaluation metrics as compared with reconstructions of
full-size images, our method achieves a comparably less drop
in PSNR than the other state-of-the-art methods. The recon-
struction quality can also be visually inspected in Fig. 7(b). As
opposed to full-size measurements, the degradation of image
quality around the edges can be observed in the reconstructions.
The proposed architecture shows noticeable improvement in
reconstruction quality around these areas and produces more
similar images to the ground truth ones.

Besides datasets captured by displaying images on the moni-
tor, real-world measurements recording indoor scenes via Phlat-
Cam have also been utilized for testing the robustness of the
proposed method. Due to the unconstrained acquisition process
with significantly more severe noise compared with displayed
measurements, the reconstruction is much more challenging.
This dataset consists of 500 image pairs captured by PhlatCam
and a webcam, including 475 training pairs and 25 testing pairs.
Despite the availability of ground truth captures using webcam,
there exists non-neglectable deviation between imaging angles
of two cameras. Thus, the models pretrained on the display
datasets are fine-tuned on real-world data using contextual
loss [75], which is specially designed for unaligned image

pairs. The images reconstructed by the proposed model MMCN
and Flatnet-gen for both full-size and cropped measurements
are presented in Fig. 8, as well as captures of webcam and
ADMM reconstructions. As can be seen in reconstructed sample
images, the proposed method presents significant improvements
on reconstructions of the traditional ADMM approach. It also
shows comparable or better results for full-size and cropped
measurements compared with FlatNet-gen. It can be observed
that some reconstructions of Flatnet-gen contain obvious color
distortion and blurring artifacts, while MMCN exhibits more
robust performance with better preservation in details.

C. Limitations and Future Work

Despite the promising performance of our proposed method,
there are still limitations that require further work. First, the
performance of deep learning relies heavily on the quality of
the training dataset, which includes both raw measurements and
ground truth images. Once the acquisition is done, the capability
of error correction is bounded by the training image pairs fed
into the network. The joint optimization of both experimental
setups and learning-based reconstruction algorithms would be
a promising direction to improve performance. We can make
the acquisition process a trainable model where the imaging
system with a lensless mask is designed by joint training with the
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numerical reconstruction network. Moreover, the robustness of
the proposed method has only been demonstrated in addressing
erroneous PSFs and inaccurate mathematical model due to large
impinging angles. As mentioned in previous sections, there
exist many other kinds of model mismatch errors in lensless
imaging, stemming from imperfect sensors, wide depth range of
3D objects and scenarios with occlusions or reflective surfaces.
Extending the proposed method to these cases is of great interest.
It may also be more desirable to investigate networks with
customized designs corresponding to different target situations.

VI. CONCLUSION

In this work, we introduce a model-based reconstruction
network for lensless imaging that is robust in the presence of
model mismatch error. Despite the benefits brought by incor-
porating the physics prior, the existing lensless reconstruction
approaches fail to consider the existence of model mismatch
and thus result in artifacts and information loss. By leveraging
all intermediate updates and raw measurements, a data-driven
branch is developed to serve as a correction and compensation
process on the model-based reconstruction. Extensive experi-
ments have been conducted on real data collected by lensless
imaging systems with two different phase masks. The results
show that the proposed network provides superior performance
in the reconstruction task for lensless imaging than other state-
of-the-art approaches, and the introduced data-driven compensa-
tion branch effectively improves the robustness of reconstruction
approach in dealing with model error.
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