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Abstract

Lensless imaging stands out as a promising alter-
native to conventional lens-based systems, partic-
ularly in scenarios demanding ultracompact form
factors and cost-effective architectures. However,
such systems are fundamentally governed by the
Point Spread Function (PSF), which dictates how a
point source contributes to the final captured signal.
Traditional lensless techniques often require ex-
plicit calibrations and extensive pre-processing, re-
lying on static or approximate PSF models. These
rigid strategies can result in limited adaptabil-
ity to real-world challenges, including noise, sys-
tem imperfections, and dynamic scene variations,
thus impeding high-fidelity reconstruction. In this
paper, we propose LensNet, an end-to-end deep
learning framework that integrates spatial-domain
and frequency-domain representations in a unified
pipeline. Central to our approach is a learnable
Coded Mask Simulator (CMS) that enables dy-
namic, data-driven estimation of the PSF during
training, effectively mitigating the shortcomings of
fixed or sparsely calibrated kernels. By embed-
ding a Wiener filtering component, LensNet re-
fines global structure and restores fine-scale de-
tails, thus alleviating the dependency on multiple
handcrafted pre-processing steps. Extensive exper-
iments demonstrate LensNet’s robust performance
and superior reconstruction quality compared to
state-of-the-art methods, particularly in preserving
high-frequency details and attenuating noise. The
proposed framework establishes a novel conver-
gence between physics-based modeling and data-
driven learning, paving the way for more accu-
rate, flexible, and practical lensless imaging solu-
tions for applications ranging from miniature sen-
sors to medical diagnostics. The link of code is
https://github.com/baijiesong/Lensnet.

1 Introduction

Conventional imaging systems that rely on lenses are inher-
ently constrained by factors such as cost, weight, and phys-
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Figure 1: Performance comparison on the MWDNs dataset and the
DiffuserCam dataset in terms of PSNR and SSIM.

ical dimensions, which limit their potential for miniaturiza-
tion [Li et al., 2024a; Guo et al., 2025a; Li et al., 2023b;
Guo et al., 2024; Guo et al., 2025b; Zhou et al., 2024,
Chen et al., 2023a]. In contrast, lensless imaging avoids the
use of lenses altogether and instead uses computational al-
gorithms to reconstruct scenes. This lens-free approach not
only lowers production costs but also reduces device thick-
ness, supporting the development of ultra-thin imagers. Ex-
isting methods frequently employ coded apertures [Asif er
al., 2017] or phase masks [Antipa et al., 2017; Boominathan
et al., 2020] near image sensors to modulate incoming light.
These compact and low-cost solutions are well suited for var-
ious applications, including miniature sensors and medical
imaging. Without lenses, acquired signals become highly
multiplexed and require sophisticated computational tech-
niques [Wiener, 1949] for accurate reconstruction. Central to
these techniques is the Point Spread Function (PSF), which
describes how the system responds to a point source and sig-
nificantly influences imaging performance.

Despite its pivotal role, traditional model-based meth-
ods [Monakhova et al., 2019; Asif et al., 2015; Tanida et al.,
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Figure 2: Visualized results on the DiffuserCam dataset. Each image shows the input image, the LensNet reconstruction result, and the
corresponding ground truth.

2001] often rely on static or calibrated PSF models, which
struggle to accommodate real-world challenges such as sys-
tem imperfections and dynamic scene variations. In clas-
sic lensless imaging, the PSF is typically pre-calibrated or
inferred through fixed models, leading to rigid assumptions
that cannot adapt to practical scenarios. Factors such as
changes in lighting, sensor noise, and minor misalignments
cause deviations between the assumed PSF and the true PSF,
ultimately degrading render quality. Furthermore, the large
support of the PSF in lensless imaging presents two major
challenges. First, the expanded linear equations resulting
from a broad PSF footprint are computationally demanding
to store and invert, leading to significant memory and pro-
cessing overhead. Second, this global multiplexing compli-
cates reconstructions as local image details are intertwined
with the global signal. This issue becomes especially detri-
mental under low-light or noisy settings, where the recovery
of fine-scale features is critical, yet hard to achieve.

Recent advances in deep learning [Liu et al., 2023a;
Zeng and Lam, 2021; Li et al., 2024b; Zhu et al., 2024b;
Liu et al., 2023b; Yao et al., 2024; Pan et al., 2024;
Chen et al., 2025; Chen et al., 2023b; Luo et al., 2024;
Li et al, 2023c; Chen et al., 2024; Yang et al., 2025;
Huo et al., 2024; Zhu et al., 2024a] combine traditional
imaging physics with data-driven neural networks and have
achieved substantial progress in reconstructing scenes from
heavily multiplexed signals. For example, FlatNet [Khan et
al., 2020] uses paired training data to improve image quality
but encounters difficulties in recovering high-frequency de-
tails. Similarly, PhoCoLens [Cai et al., 2024] employs a two-
stage pipeline that shows promising performance, yet may
blur high-frequency components during its diffusion proce-
dure.

To address these shortcomings, we propose LensNet, an
end-to-end deep learning framework that effectively fuses
spatial and frequency domain information for lensless image
reconstruction. Our framework adopts an encoder—decoder
architecture, where the encoder features a novel Coded Mask
Simulator (CMS) module that we design to capture the opti-
cal path and raster encoding properties of the lensless imaging
process. By modeling the global and multi-scale characteris-
tics of a learnable PSF, this module adapts to diverse imaging
conditions without requiring explicit PSF calibration. Fur-
thermore, we incorporate Wiener filtering [Wiener, 1949]
into our network to refine reconstructions via frequency-
domain deconvolution and PSF correction, thereby enhanc-

ing noise suppression and edge fidelity. By integrating these
customized modules, LensNet takes advantage of both spa-
tial and frequency domain cues to produce robust, high-
resolution reconstructions while maintaining global consis-
tency, as showed in Fig. 2. Extensive experiments confirm
the efficacy and reliability of our design. Our main contribu-
tions are as follows.

* We propose a novel end-to-end deep learning framework
for lensless imaging that dynamically captures multi-
scale features in both spatial and frequency domains,
substantially improving the fidelity and accuracy of im-
age reconstructions over conventional methods.

* We introduce a state-of-the-art Coded Mask Simula-
tor that precisely learns the true behavior of the point
spread function (PSF), facilitating superior recovery per-
formance across diverse lensless imaging scenarios.

* Through comprehensive quantitative and visual evalua-
tions, we demonstrate that our proposed LensNet out-
performs existing approaches on standard benchmark
datasets.

2 Related Work

2.1 Traditional Lensless Imaging

Traditional lensless imaging methods commonly rely on op-
tical encoding techniques. Coded aperture imaging [Asif
et al., 2017] employs a structured mask or aperture to en-
code incident light, while phase retrieval [Antipa et al., 2017,
Boominathan er al., 2020] reconstructs both the amplitude
and phase of the light field from intensity measurements. Al-
though these approaches have shown success in specific sce-
narios, they often require complex optical setups and compu-
tationally expensive reconstruction algorithms that are prone
to noise and challenging imaging conditions.

In addition to encoding-based methods, iterative opti-
mization methodologies such as FISTA [Beck and Teboulle,
2009a] and ADMM [Wang et al., 2019] are widely adopted to
address inverse problems in lensless imaging. FISTA accel-
erates sparse signal recovery, while ADMM efficiently solves
convex optimization problems by decomposing them into
simpler sub-problems. Moreover, ADMM with total variation
regularization [Wahlberg et al., 2012] helps to preserve edges
and reduce noise. Despite the effectiveness of these methods,
they require careful parameter tuning and remain computa-
tionally expensive, particularly under noisy measurements or
complex optical systems.
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2.2 Learning-Based Lensless Imaging

Recent deep learning approaches [Zheng et al., 2024; Liu et
al., 2024; Monakhova et al., 2019; Kingshott et al., 2022;
Liu et al., 2023c] have capitalized on the representational
power of neural networks to model complex forward and re-
verse imaging processes directly from data. Multiple stud-
ies [Cai et al., 2024; Khan et al., 2019; Li et al., 2023a]
have validated the effectiveness of these learning-based meth-
ods. For example, TikNet and FlatNet [Khan et al., 2020] use
paired training data to improve image quality but struggle to
preserve high-frequency details. Similarly, PhoCoLens [Cai
et al., 2024] employs a two-stage processing framework that
achieves favorable results; however, its diffusion process
blurs fine structures, requiring iterative refinements. [Rego er
al., 2021] proposes a lensless imaging reconstruction method
based on GAN, which achieves robust reconstruction of im-
ages captured by multiple cameras without requiring explicit
PSF knowledge by jointly performing image reconstruction
and PSF estimation.

Despite these advances, several challenges remain. Precise
recovery of fine-scale image details, accommodating fixed or
overly simplistic point spread functions (PSFs), and mitigat-
ing noise-induced degradation are significant hurdles. Tradi-
tional systems often rely on static PSF models that cannot
adapt to variations in the scene or account for sensor im-
perfections, thus hindering image quality. Preserving high-
frequency vision cues, such as sharp edges and detailed tex-
tures, remains also difficult. Our proposed imaging frame-
work addresses these limitations by introducing a more flex-
ible PSF modeling mechanism and improving the restoration
of high-frequency details.

3 Methodology

In this section, we present a novel lensless imaging frame-
work that jointly exploits both spatial and frequency domain
information for high-fidelity image reconstruction. To ad-
dress the limitations of existing lensless imaging systems, our
proposed framework integrates multiple advanced modules
specifically designed to overcome inefficiencies and inaccu-
racies commonly encountered in PSF-based approaches. The
remainder of this section describes the overarching network
architecture and its constituent modules in detail.

3.1 Preliminary

In optics, the Point Spread Function (PSF), denoted as
PSF(x,y), characterizes how an imaging system distributes
a point source of light. Technically, PSF(x,y) is a two-
dimensional or three-dimensional function representing the
output signal when a point source is introduced at the input.
Coded masks, widely employed as optical encoders, are con-
structed with specific patterns (e.g., horizontal lines, verti-
cal lines, grids, or random structures) to modulate incident
light. By imposing spatial modulation on the optical signal,
these masks effectively encode essential information about
the scene. In lensless imaging systems, the particular arrange-
ment of the coded mask plays a pivotal role in the definition of
PSF(z,y), thereby influencing the quality and fidelity of the
reconstructed images. Hence, the design of the coded mask

significantly affects the imaging performance of the system,
determining how light is distributed and shaping critical at-
tributes such as resolution, contrast, and image clarity.

The forward lensless imaging model can be mathemat-
ically represented as a linear transformation [Goodman,
2005]. For an input image, the sensor in a lensless system
acquires a blurred observation:

Imeasurement(xa y) = object(xv y) * PSF(xv y) + I’IOiSC(JJ, ygi)
where Iopiect (2, y) is the original image, PSF(z,y) denotes
the system’s point spread function, noise(z,y) is the sensor
noise, and Iimeasurement (%, ¥) 1s the recorded measurement.

By introducing spatial encoding through coded masks,
lensless systems modulate the incoming light to create dis-
tinctive intensity distributions on the detector. Physically,
the coded mask pattern directly affects PSF(x,y), which
emerges in the measurement image via the convolution op-
eration:

Imeasurement(x7 1/) = object(x7 y) * PSF(‘L y) (2)

Hence, the mask pattern governs the distribution of spatial
frequencies, the direction of light propagation, and the overall
optical properties, all of which are intrinsically manifested
in Iieasurement (%, y). Consequently, the choice of coded mask
has a profound influence on both the image formation process
and the achievable reconstruction quality.

3.2 Overall Architecture

The overall architecture of LensNet is illustrated in Fig. 3.
The framework adopts an encoder-decoder structure, where
the encoder processes multi-resolution spatial and frequency
domain features in the first stage, and the decoder recon-
structs the image in the second stage. We begin by outlining
the LensNet framework and then provide a detailed descrip-
tion of its individual components.

Given the measurement image [easurement (2, y) measured
by the sensor in a lensless imaging system, we simplify
the analysis by momentarily assuming a noise-free condi-
tion. The goal of LensNet is to reconstruct Iopject (2, y) from
Tineasurement (%, ) while satisfying the following equation:

Imeasurement(xv y) = object(xv y) * PSF(Z‘, y) (3)

In the encoder stage, we incorporate a Spatial Compres-
sion Module (SCM), which leverages Reconstruction Blocks
(ReCB) as its primary feature transformation mechanism and
employs gating strategies to enhance feature fusion. First,
Tineasurement (T, ) 18 processed on multiple scales, extracting
spatial context at varying resolutions. These features estab-
lish the foundation for reconstructing the spatial representa-
tion of the object.

To account for the coded mask distribution associated with
the system PSF, we introduce a learnable Coded Mask Sim-
ulator (CMS). This module applies a dynamic channel atten-
tion mechanism to modulate light intensity across different
regions, effectively modeling the coded mask’s influence on
the system’s PSF. By learning the relationship between spatial
inputs and the PSF, the CMS dynamically adapts to changing
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Figure 3: The figure illustrates the detailed structure of our model. The input image is measurement on the system and the result is clear

scene image through our framework.

imaging conditions, improving the simulation of light inten-
sity patterns. Its output, a distribution map that encodes high-
level semantic cues, facilitates more accurate reconstruction
of structures, especially in complex or dynamic scenarios
where traditional fixed PSF methods often fail.

We further extract frequency domain features at each scale
via the Wiener Fusion Block (WNFB). This block performs a
Fast Fourier Transform (FFT) on both the spatial features and
the output of the Coded Mask Simulator, and then computes
the Wiener filter transfer function:

PSF(u,v)

H =)
(u,v) | PSF(u, )2 1+ 0

“

where H (u, v) denotes the Wiener filter in the frequency do-

main, PSF(u,v) is the complex conjugate of the PSF, and
| PSF(u, v)|? is the energy spectrum of the PSF.

Using this transfer function, the encoded frequency-
domain signal B(u, v) is preliminarily restored:

Ireslored(ua v) . H(uv ’U) : B(uv v)' &)

In the decoder stage, we propose the Spatial Amplification
Module (SAM) to integrate spatial and frequency domain in-
formation more comprehensively. The SAM upsamples low-
resolution feature maps from deeper layers via bilinear inter-
polation and aligns them (through zero-padding) with higher-
resolution encoder features. These feature maps are then
concatenated to preserve both fine-grained detail and broader
contextual cues. Serving as a multi-scale fusion mechanism,

the SAM leverages information from both domains to pro-
duce high-quality reconstructions, ensuring that critical spa-
tial details and global consistency are well-preserved.

3.3 Coded Mask Simulator

As discussed in Sec. 3.1, the physical level PSF(z,y) cor-
responds to the coded mask placed within the sensor. Tra-
ditional methods commonly adopt static or fixed kernels to
approximate PSF(z,y). In contrast, we seek a more flexi-
ble approach that adaptively learns these coded patterns, re-
sulting in a learnable PSF and minimizing constraints seen in
conventional models.

To address this need, we propose the Coded Mask Sim-
ulator (CMS). By employing a channel attention mecha-
nism, the CMS captures the intensity distribution features in
Tineasurement (%, ), which encode the coded mask pattern. Con-
sequently, the system’s PSF(z, y) can be inferred from these
learned mask distributions. This attention mechanism models
directional inter-pixel relationships, enabling the network to
deconvolve scattering and diffraction artifacts induced by the
mask. More concretely, it identifies directional modulations
in the image and adaptively recalibrates features according
to attention weights, achieving a more robust partial or full
recovery of occluded signals.

Formally, let X € RNV*CXHXW pe the input feature map.
We first apply global average pooling to aggregate spatial in-
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formation, preserving only channel-level statistics:

W

1 H W
C:HxWZZXW’ Vee {1,2,...,C}. (6)

i=1 j=1

Subsequently, a pointwise convolution adjusts the result-
ing channel weights. This operation, which is more effi-
cient than deeper multilayer perceptrons, preserves channel-
specific modulation dynamics:

Se =0(W-z+b), @)

where W € RE' %" (with ¢’ = £)is the 1 x 1 convolution
weight matrix, o is a (linear) activation function, and s. €
RN XC"x1x1 gre the channel attention weights.

In summary, the proposed Coded Mask Simulator models
the physical coded mask by learning its intensity distribu-
tion and directional modulation patterns from the measure-
ment image. This approach implicitly recovers PSF(x,y)
and provides valuable semantic cues that guide subsequent
reconstruction steps. The learned distribution fosters flexible,
adaptive, and comprehensive recovery of scene information,
overcoming the drawbacks associated with traditional fixed
PSF kernels.

3.4 Objective Function

We train LensNet by jointly minimizing three complementary
loss terms: the mean squared error (MSE), the structural sim-
ilarity index measure (SSIM) and the perceptual image patch
similarity (LPIPS). Formally, we define the overall loss func-
tion as:

L=Lyse+ 0.2 Lssim + 0.2 - Liprps, (8

where each loss provides a different perspective on recon-
struction fidelity.
1. Mean Squared Error (MSE)

| X
ﬁMSE=N;

where I, denotes the output image, and I, represents the cor-
responding ground truth. By quantifying pixel-wise inten-
sity differences, MSE imposes strong penalties for large de-
viations and steadily guides the network toward minimizing
low-level reconstruction errors.

2. Structural Similarity Index Measure (SSIM)

2

-1, )

~

Lssiv = 1 — SSIM(L;, I;), (10)
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Method

DiffuserCam MWDNs
PSNRT SSIM{T LPIPS] | PSNRT SSIMtT LPIPS]
Wiener [Wiener, 1949] 7.33 0.083 0.770 9.44 0.045 0.731
Vanilla Gradient Descent 13.27 0.432 0.585 16.70 0.503 0.429
Nesterov Gradient Descent [Nesterov, 1998] 12.16 0.394 0.518 17.06 0.671 0.362
FISTA [Beck and Teboulle, 2009b] 11.09 0.341 0.554 16.25 0.697 0.368
ADMM [Boyd er al., 2011] 12.76 0.442 0.541 17.76 0.638 0.343
APGD [Li and Lin, 2015] 12.13 0.385 0.518 17.34 0.448 0.439
TikNet [Khan et al., 2020] 19.75 0.720 0.221 26.57 0.913 0.075
FlatNet [Khan et al., 2020] 21.16 0.720 0.231 19.08 0.841 0.178
LenslessGAN [Rego et al., 2021] 22.51 0.737 0.193 27.49 0.913 0.077
UDN [Kingshott et al., 2022] 20.00 0.688 0.250 26.98 0.908 0.081
MWDN [Li et al., 2023al 25.74 0.816 0.132 31.74 0.957 0.030
LensNet 27.46 0.863 0.099 33.22 0.960 0.024

Table 1: Performance comparison on two datasets: DiffuserCam and MWDNSs. Metrics include PSNR (dB), SSIM, and LPIPS. Best results

are highlighted in red and bold.

This term evaluates perceptual quality by examining local
image structures. SSIM is particularly effective for preserv-
ing global consistency and fine structural details, ensuring
that the reconstructed images align with human perception
of image integrity.

3. Learned Perceptual Image Patch Similarity (LPIPS)

~

Lyipips = LPIPS(I;, I;). an

LPIPS leverages deep neural network features to evalu-
ate perceptual similarity. Unlike MSE or SSIM, which tar-
get lower-level and local structure information, LPIPS op-
erates on higher-level representations, promoting reconstruc-
tions that faithfully capture the semantic and perceptual nu-
ances of the scene.

By combining these three loss components, our objective
function balances low-level fidelity, structural coherence, and
perceptual plausibility. Consequently, this strategy leads to
more accurate and visually coherent reconstructions in lens-
less imaging.

4 Experiments

4.1 Dataset and Preprocessing

The DiffuserCam dataset [Antipa er al., 2017; Monakhova
et al., 2019] comprises 25,000 pairs of images captured si-
multaneously by a standard lensed camera (serving as ground
truth) and a diffuser-based lensless camera. The raw images,
originally at 1080 x 1920 pixels, are resized to 480 x 270
pixels according to previous methods [Khan et al., 2020;
Kingshott et al., 2022; Li et al., 2023a; Rego er al., 2021].
Of these 25,000 paired images, 24,000 are allocated for train-
ing and 1,000 for testing.

Similarly, the MWDNSs dataset [Li et al, 2023a] con-
sists of 25,000 images displayed on a 27-inch Dell monitor,
sourced from the Dogs vs. Cats dataset on Kaggle. Origi-
nal 1280 x 1280 images undergo the official preprocessing
steps (zero-padding and resizing) to obtain 320 x 320 pixels.
This standard preprocessing pipeline ensures consistent input
dimensions across both datasets, facilitating robust and fair
comparisons of lensless imaging strategies.

4.2 Implementation Details

We implemented our method in PyTorch and conducted ex-
periments on 2 NVIDIA RTX 3090 GPUs running Ubuntu.
All images were used at their preprocessed resolutions with-
out further downsampling. We set the batch size to 16 for
both datasets and applied standard data augmentation strate-
gies, such as random rotation and flipping. For optimization,
we employed the Adam optimizer.

4.3 Evaluation Metrics

We evaluated the performance of our lensless imaging ap-
proach using three widely adopted image quality metrics:
PSNR, SSIM, and LPIPS. PSNR quantifies the level of
noise reduction, while SSIM measures the preservation of
structural and textural fidelity. LPIPS also assesses percep-
tual similarity by comparing reconstructed images with the
ground truth according to human visual perception. Higher
PSNR and SSIM values indicate better image quality and
structural integrity, while lower LPIPS values suggest im-
proved perceptual fidelity and preservation of fine details.

4.4 Comparisons with State-of-the-art Methods

In this section, we compare our proposed LensNet with tra-
ditional and learning-based methods to assess reconstruction
fidelity, robustness, and overall performance in the Diffuser-
Cam and MWDNs datasets.

Quantitative Comparisons

As summarized in Table 1, traditional algorithms such as
Wiener, FISTA, ADMM, and APGD produce relatively low
numerical performance when applied to highly multiplexed
signals observed in lensless imaging. For instance, in the
DiffuserCam dataset, these methods yield PSNR values typ-
ically between 7.33 dB and 13.27 dB, indicating their lim-
ited ability to invert complex degradations. Similarly, iter-
ative optimization algorithms (Vanilla Gradient Descent and
Nesterov Gradient Descent) exhibit difficulties in converging
to high-quality solutions, particularly in low-light or noisy
conditions.
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On the other hand, learning-based approaches demonstrate
noticeable improvements in reconstruction quality. Flat-
Net [Khan er al., 2020] achieves PSNR values of 21.16
dB (DiffuserCam) and 19.08 dB (MWDN). Meanwhile,
UDN [Kingshott ef al., 2022] and TikNet [Khan er al., 2020]
tend to preserve structural signals better than traditional meth-
ods, with UDN achieving 26.98 dB in PSNR on MWDNs.
MWDN [Li et al., 2023a], which uses a multi-scale wavelet
decomposition strategy, further improves both PSNR and
SSIM.

However, none of the previous methods dominate in ev-
ery metric. Although UDN excels at preserving edges, it can
still miss critical high-frequency texture in challenging illu-
mination patterns. Similarly, though MWDN shows promis-
ing fine detail recovery, its susceptibility to high noise lev-
els sometimes results in artifacts or mild oversmoothing un-
der extreme conditions. In contrast, our proposed LensNet
consistently outperforms all competing methods across the
board, establishing new state-of-the-art results (PSNR: 27.46
dB in DiffuserCam and 33.22 dB in MWDN) alongside sub-
stantially lower LPIPS values. And Fig. 1 shows more intu-
itively.

Qualitative Comparisons

Beyond numerical metrics, we conduct an in-depth qualita-
tive assessment to illustrate how LensNet handles subtle tex-
tures, fine details, and complex lighting conditions. Figure 4
presents representative reconstructions from the MWDNs
datasets, comparing our method with both traditional and
CNN-based baselines, with extended comparisons provided
in the Supplementary Material.

As shown in Fig. 4, APGD and other traditional solvers of-
ten exhibit visibly blurred regions with pronounced ringing
artifacts. FlatNet [Khan et al., 2020] significantly reduces
these artifacts, but introduces oversmoothing, obscuring key
high-frequency details such as hair strands or fine-textured
fabric. LenslessGAN [Rego ef al., 2021] improves the real-
ism of certain regions; however, it can occasionally generate
hallucinated details or struggle with complex boundaries un-
der minimal SNR settings.

By contrast, LensNet consistently recovers sharper edges
and more faithful textures, demonstrating well-preserved
contours around objects and a closer match to the true in-
tensity profile. As highlighted in the red and green bound-
ing boxes of Fig. 4, LensNet excels at reconstructing intricate
structures like an animal’s fur or subtle shading gradients in
natural scenes.

LensNet
Methods PSNRT SSIMt LPIPS|
ThreeDown 25.68 0.910 0.084
w/o RecB 3036 0945  0.044
woriginal PSF | 31.92 0954  0.031
Ours 3322 0960  0.024

Table 2: Ablation Study on LensNet

(a) ThreeDown

Figure 5: This figure presents the results of our ablation study, high-
lighting the impact of various components on model performance.

4.5 Ablation Study

As shown in Table 2, we conducted a detailed ablation study
to verify the contributions of different components in our net-
work. A reduced model with only three downsampling layers
(ThreeDown) suffers from inadequate reconstruction quality,
leading to notable losses in structural and textural details.
When the ReconstructionBlock is removed (w/o RecB), the
model still fails to preserve crucial local textures necessary
for high-fidelity image reconstruction. Even when using the
original point spread function (PSF) method, the performance
did not exceed that of our learnable PSF design.

[lustrated in Fig. 5, the visual results underscore the im-
portance of each architectural component. The ThreeDown
variant fails to produce structurally coherent images, while
omitting RecB degrades local texture preservation. In con-
trast, our full model—incorporating both the Reconstruction-
Block and the learnable PSF—delivers results that are more
faithful to the target images, retaining finer details and ex-
hibiting overall higher visual quality. These observations con-
firm that each proposed module is crucial for achieving high-
accuracy lensless imaging reconstructions.

5 Conclusion

In this study, we present LensNet, a novel deep learning
framework designed for lensless imaging, which effectively
integrates features in both the spatial and frequency domain to
address the inherent challenges of lensless image reconstruc-
tion. By incorporating a learnable Coded Mask Simulator,
LensNet dynamically models optical pathways and the Point
Spread Function, enabling the precise and efficient recon-
struction of complex scene details, including high-frequency
components and fine textures. Our extensive experiments
demonstrate that LensNet outperforms state-of-the-art meth-
ods, achieving superior image quality across multiple bench-
mark datasets. Moreover, its robustness in handling noise and
variations in the PSF positions LensNet as a promising solu-
tion for practical applications in fields such as miniature sen-
sors and medical diagnostics. This work not only enhances
the capabilities of lensless imaging systems but also estab-
lishes a new standard for image reconstruction in lens-free
environments.
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