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Figure 1. We propose a new neural network architecture for image reconstruction from non-uniform sampling patterns that properly
account for the input samples’ sub-pixel locations. We show applications to burst joint demosacking and denoising, and single image
demosaicking and chromatic aberration correction (not shown here), where our model outperforms state-of-the-art baselines by a large
margin. We show a single input frame of a real photograph from the HDR+ dataset [21], demosaicked for visualization (left), compared to
previous joint demosaicking and denoising method from Wronski et al. [49], the Kernel Prediction Network [36] and Burstormer [14].

Abstract to our knowledge, the first joint denoising, demosaicking
and chromatic aberration correction. Our project page is

o . at https://people.csail. mit.edu/cjbisc/burst/.
Most deep learning image enhancement and reconstruction

algorithms are restricted to images represented as square
lattices of pixels. This becomes insufficient in several sce-

1. Introduction
narios : 1) multiple frames with subpixel alignment, such

as reconstructing an image from a noisy burst, 2) radial Neural networks have revolutionized image processing ap-
distortions, and 3) lateral chromatic aberration where the plications such as deblurring [2], demosaicking and de-
per wavelength warp leads to sample locations that are not noising [18], and super-resolution [4]. However, most ap-
only non-integer but different for the three color channels, proaches are restricted to regular discrete grids of pixels that
violating the assumption of all demosaicking methods. We cannot deal with scenarios where input samples are at non-
enable deep learning for image reconstruction with input integer locations. This is unfortunately a common situation
samples at non-integer locations. We use subpixel sam- in computational photography, e.g., with burst processing
ple location information and learn continuous reconstruc- on smartphones, radial distortion, or chromatic aberrations.
tion kernels, thereby maximally preserving information and When frames of a burst are aligned using a homography
avoiding degradation from resampling. The kernels are rep- or affine transform, this results in arbitrary real-valued sub-
resented using neural networks conditioned on sample loca- pixel color sample locations. Single frame scenarios also
tion as well as image information obtained from a coarser lead to non-integer sample positions, such as when correct-
image reconstruction. Our model successfully demosaicks, ing radial distortion or lateral chromatic through warping or
denoises and merges stacks of burst frames across varying channel-dependent scaling (Figure 2).

noise levels. We also demonstrate how this method can cor- Most existing methods either ignore these irregular sam-
rect for chromatic aberrations in single images, making it, pling patterns, or resample input signals into a common
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Figure 2. Sampling pattern of a real image with lateral chro-
matic aberration. The distribution of color samples varies across
the image. At the center of the image, all samples are on the pixel
grid. As we move away from the center, red and blue samples no
longer lie on the grid.

grid, leading to a loss of signal and resolution. For chro-
matic aberrations correction, traditional approaches first
perform demosaicking and later apply a per-channel spa-
tial scale. In addition to the drawbacks of resampling, this
means that the demosaicking step uses poorly-aligned chan-
nels, which violates the assumption of most such methods.
Instead, we preserve the full geometric accuracy of our in-
put sample geometry and design a deep learning approach
to image reconstruction that can handle non-integer sample
locations.

Rather than directly learning the output image, we learn
continuous reconstruction kernels, represented using per-
pixel fully-connected networks. At each output pixel, we
evaluate its continuous kernel at all sample locations within
a fixed radius, and combine the weighted samples to obtain
the output pixel value (Figure 3). The weighted sum thus
depends on the local image features as well as the sampling
pattern. The kernel shape is parametrized using a spatially-
varying latent code, produced by an encoder jointly trained
with the kernel network. In contrast to treating the samples
as completely irregular point cloud and processing them as
such [23, 41, 47], our design allows us to apply state-of-
the-art pixel-based architectures [53] as the encoder, while
accounting for the subpixel locations of the samples.

We evaluate our approach on burst joint demosaicking
and denoising, and we further show that our method can
handle single image chromatic aberration correction from a
single raw image. To our knowledge, this is the first deep
learning solution for joint demosaicking, denoising, and
chromatic abberation correction. We show that our learned
continuous kernels lead to clean output images and better
reconstruct previous work that do not account for irregular
sampling patterns.

2. Related work

Burst processing of raw frames. Computational photogra-
phy methods have long used the information from multiple
raw frames to obtain a higher quality composite image [20,
22, 45], for applications like denoising [13, 36, 50], demo-
saicking and super-resolution [6, 10, 14, 15,27, 33, 34, 46],
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Figure 3. Continuous kernels adapt to the sub-pixel image
structure. Our learned per-pixel continuous kernels (columns 2
and 3) can precisely filter samples with sub-pixel locations while
adapting to the local image content. For instance, the kernel sup-
port tends to be small when the noise level is low (top), but grows
larger as noise increases (bottom). The kernel shapes also adapt
to local image structures, like corners (yellow inset), but remain
anisotropic in flat image regions (red inset). Red dots show the
local sampling pattern.

HDR imaging [28] or deblurring [2]. Hasinoff et al. [21]
developed an end-to-end pipeline that aligns and fuses raw
frames before demosaicing and post-processing the final
image for HDR and low-light conditions. Liba et al. [30]
focuses on handheld mobile photography in very low light.
Closest to our work, Wronski et al. [49] pushed the idea of
exploiting camera shake as an additional source of informa-
tion by treating the pixels in a burst collectively as samples
of a continuous signal. Samples are merged using a family
of continuous Gaussian kernels. The kernels adapt to the
local scene and better preserves detail while performing de-
noising and demosaicing. However, the kernels are limited
to Gaussians, which can be sub-optimal. By learning con-
tinuous kernels, instead of restricting their shape to a simple
parametric form, we can adapt to sparse local information
more precisely and produce more accurate reconstructions
of the continuous scene.

Image processing with deep learning. Deep learning has
proven itself successful at various image processing tasks,
such as deblurring [2], joint demosaicing and denoising
[18] and super-resolution [4]. In the burst processing
context, Mildenhall et al. and Xia et al. [36, 50] use
convolutional neural networks to produce discrete kernels
for burst image reconstruction. They learn per-pixel
reconstruction kernels that merge frames into a denoised
output. Because the kernels are discrete, the resolution of
the output reconstruction is limited by the kernel resolution.
Bhat et al. [5] instead learn the image degradation model
and prior and solve an inverse problem to merge burst
images, but still rely on networks that process discrete
pixels. We avoid the loss of resolution by learning
continuous kernels that can be evaluated at arbitrary
sub-pixel locations. Recent methods, use a variety of
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Figure 4. Overview. Our approach reconstructs a clean, demosaicked image starting from a noisy burst of misaligned raw frames, or
misaligned channels from the same image in the case of chromatic aberrations (main figure) . The raw frames are converted to RGB
using a naive, fast demosaicking algorithm before the encoding stage. The encoder outputs a latent vector per pixel, which modulates the
shape of the continuous kernel for this pixel. The kernel function is a trained fully-connected network that operates on the samples in a
fixed spatial window around the pixel. This network (inset) takes as input the samples’ offsets from the pixel center, a one-hot encoding
of the color channel, and the latent code, and outputs a kernel weight. The final pixel value is obtained by summing the weighted sample
contributions in the neighborhood. Both encoder and kernel networks are trained end-to-end.

architectures and designs, such as U-Nets [42], Deformable
convolutions [11], and more recently transformer-based or
hybrid convolution-transformer methods, like SwinTrans-
former [31], SwinIR [29], Restormer [52], Uformer [48]
or SCUNet [53] (which our encoder backbone uses).
Kernel-predicting convolutional networks have been used
to denoise images [36] and Monte Carlo renderings [3],
down to the sub-pixel sample level [19].

Learning Continuous Functions. Implicit neural repre-
sentations have gained in popularity for volumetric multi-
view synthesis [37, 44] and other image reconstruction [8]
or generation [9] tasks. See Xie et al. [51]’s article for a
survey. These approaches train neural networks, typically
MLPs rather than convolutional networks, to recover a con-
tinuous scene representation (3D or 2D) from sparse sam-
ples. This continuous signal is then sampled to obtain an
image. These methods can recover higher frequency infor-
mation using Fourier encodings with ReLU [37] or sinu-
soidal activations [43], resulting in more detailed outputs.
The approaches typically fit a large network to a single
scene or image. Recent approaches introduced local models
that can be conditioned on an input signal [35] to bypass the
costly run-time optimization of earlier techniques. We use
neural implicits to model reconstruction kernels, instead of
the signal directly, which generalizes beyond the training
set. Neural radiance fields have been used for burst denois-
ing [38, 39], but these approaches require expensive volume
rendering at runtime and are typically targeted for multi-
view inputs with a larger baselines than typical bursts.
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3. Method

Our goal is to reconstruct an image from a collection of
sparse noisy input samples with a non-uniform spatial dis-
tribution. In typical applications, these samples are the
color measurements of a single raw image or a burst of such
images captured in quick succession. The samples are usu-
ally located at arbitrary non-integer locations relative to the
output pixel grid, e.g. because of misalignments between
the burst frames or between the color channels of each im-
age due to optical aberrations.

We want to preserve the full geometric precision of the
sample locations (§ 3.1) to resolve finer details while ex-
ploiting deep learning’s ability to analyze complex image
pattern and learn strong priors. This requires a new network
design. Our approach is illustrated in Fig. 4. Our model pre-
dicts, for each output location, a continuous kernel whose
shape adapts both to the local image structure and to the
local sampling pattern (§ 3.2). To adapt the kernels to the
image content, we start with a regular grid-based neural net-
work that analyzes the stack of discrete input frames at their
original resolution and encodes this information in a latent
feature map z (§ 3.3). At each pixel, the latent code con-
ditions a fully-connected network, thus defining a continu-
ous kernel that assigns a scalar weight to arbitrary locations
around the output pixel. The output is the weighted sum of
all samples in a fixed-size neighborhood of the pixel.

In the rest of the section, we consider the task of burst
denoising and demosaicking to better ground the exposi-
tion. Section 5 discusses another application to chromatic



aberration correction for single images.

3.1. Reconstruction from non-uniform samples

Our key idea is to consider input raw images as a set of sam-
ples with non-uniform continuous coordinates rather than a
regular discrete grid of pixels. For burst imaging, these sam-
ples come from the burst frames after alignment onto a com-
mon reference coordinate system (that of the output). Each
sample, indexed by k € N, is a tuple (xg, fx,vx), where
x, € R? is the sample’s location in the reference frame,
fi € R is the sample’s scalar value, and vy, € {0,1}° is a
one-hot vector specifying the color channel of the current
sample, e.g., [1,0,0] for red. Samples are typically noisy.
We discuss our noise model in Section 3.4.

Alignment. We obtain alignment by computing the ho-
mographies between the frames and the output grid using
SIFT features [32] matching with RANSAC [16], though
any method that yields subpixel alignment can be used, such
as block matching and optical flow as in Wronski et al. [49].
Image reconstruction. We reconstruct the final image

as a weighted average of samples in a local neighborhood
around each output pixel. Specifically, the pixel value at
pixel p € N and color channel ¢ € {0, 1, 2} is given by:

Z fk'wkc
kek,
S S— 1
S ST M
kEK,

where wg. € R is the (possibly negative) sample weight
extracted from the reconstruction kernel, and ¢ = le~".
The set KC}, contains all samples whose distance to pixel p
is under a fixed kernel radius, which we set to 4 (in output
pixel units).

Collectively, the sub-pixel samples provide fine informa-
tion about the underlying image structure [49]. This lets us
resolve finer details than previous approaches that resam-
ple the burst frames [36]. To maximize cross-channel in-
formation sharing, we let every sample, regardless of color,
contribute to all 3 output channels. The weights wy,. are ob-
tained by sampling a pixel-specific continuous kernel cen-
tered at pixel p, which we describe next.

3.2. Per-pixel continuous kernel network

We parametrize the per-pixel continuous kernel at p for
color channel c using a fully-connected neural network G/p..
These fully-connected networks allows us to query at arbi-
trary spatial locations, unlike convolutional models that are
restricted to regular integer grid. Our network has 8 hid-
den layers of dimension 128 with Leaky ReLU activations.
We omit the activation in the last layer to allow positive and
negative output weights, since we want image filter weights
to be negative if needed, e.g., to serve as sharpening filters.
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The weight for sample & € /C,,, is then given by

Wke = Gpc(ékp7 Vk, ch)7 (2)
dkp € [-1, 1)? is the signed spatial offset between sample
k and output pixel p, normalized by the kernel radius. The
one-hot vector vy, is the sample channel indicator and al-
lows the network to adapt to the sample color, e.g., weight-
ing blue samples more heavily than red ones when recon-
structing the blue channel. Finally, z,. € R? is a learned la-
tent vector that modules the kernel shape according to local
image information, so that each pixel can have a different
kernel. Figure 3 shows a few kernels, adapting to the local
image content and sampling pattern.

Next, we describe how our model estimates the latent
kernel codes from the input frames.

3.3. Latent kernel code computation

To obtain the latent codes, we train an encoder network
jointly with the kernel networks. Unlike our filtering stage,
this encoder operates on regular pixel grids and relies on
convolutional layers to leverage local image information
and spatial interactions between neighboring pixels. The
image frames are first demosaicked using a simple and fast
green-based demosaicking algorithm [24], then stacked and
passed through the encoder network (without any alignment
or resampling). The output is a tensor containing the latent
vectors for the three output channels at each pixel. We use a
modified SCUNet [53] backbone as our encoder, a UNet ar-
chitecture that uses Swin-Convolution Transformer blocks
to better capture data-dependent interactions between the
pixels. It takes as input a stack of IV burst frames, i.e. 3N
channels, and outputs a tensor with depth 3|z,.| of latent
codes, one per output pixel per channel.

Thanks to the per-pixel latent codes, our model can adapt
the continuous kernels to local scene information (Fig. 3).
In smooth image regions, larger kernels average more sam-
ples to better suppress image noise. Near image edges, the
kernel are more discriminative, assigning more weight to
samples on the same side of the edge and avoiding crossing
the edge, leading to sharper output features. Up to the max
neighborhood size, the kernel support depends on the noise
level in the samples: noisier inputs require more samples to
be combined for stronger denoising. The encoder network
also uses inter-frame information to adapt the kernel shape
to the burst sampling pattern; see the appendix for details.

3.4. Training Data

Because large scale datasets of image bursts and reconstruc-
tion ground truth pairs are not readily available, we train
our model on a synthetic dataset, obtained by creating burst
of raw frames from individual sSRGB images. Specifically,
we use the dataset introduced by Gharbi et al. [18] to focus



our training on image patterns that are difficult to demo-
saick. Starting from a gamma corrected image, we unpro-
cess it into a pseudo-linear RGB following Brooks et al. [7].
This is our ground truth. We then sample N = 5 random
translation offsets from a 2D normal distribution with vari-
ance 2 to generate misaligned frames, mimicking the natu-
ral hand tremor in burst photography [49]. We simulate sen-
sor noise as additive signal-dependent Gaussian noise [17],
y ~ N (z,0?% + osz), where y is the noisy measurement of
the true pixel intensity . The read and shot noise param-
eter, (0, 05), are randomly sampled from a realistic distri-
bution as described by Brooks et al. [7]. They are fixed for
a given burst, but vary throughout the dataset. Finally, we
simulate the mosaicked signal for each frame of the burst by
discarding 2 out of 3 color channels at each pixel according
to the Bayer pattern.

Working with images in the raw linear domain allows us
to better emulate a real-world image processing pipeline,
avoiding the loss of signal information and artifacts intro-
duced by post-processing steps.

Our method requires the translation offsets between burst
frames to align them onto the same reference axis. During
training with our synthetic dataset, the exact translations are
known, but we nonetheless simulate small random error to
increase our model’s robustness at test time to alignment
calculation errors for real bursts with unknown shifts. For
this, we add a jitter sampled from a uniform distribution in
[—0.25,0.25] to the translations.

3.5. Training Details

We train our model usin% an Lo loss on the pixel values:
L(I,IgT) = |I — Igrl|5, where I is the output and Igr
the corresponding ground truth image. We optimize the en-
coder and kernel network using the ADAM optimizer [12]
with a learning rate of 10~* and decrease the learning rate
by a factor of 2 every 15 epochs. We train on bursts of 5
frames, with 64 x 64 resolution and a batch size of 4. Our
sample neighborhoods K have size K = 320 in a 8 x 8px
window and the latent have dimension |z,.| = 8. We ini-
tialize our encoder with the pretrained SCUNet weights, but
found that training also converge to the same solution when
starting from random initial weights.

3.6. Efficient Inference

Because the sample locations are non-integer, grid-based
methods cannot be used to obtain the local neighborhood
of each output pixel. However, for each output pixel, input
samples remain spatially restricted to their local neighbor-
hood. We efficiently search samples for each output pixel by
clustering the samples into buckets using K-Means. Then
for an output pixel query, we find the closest few buckets
and perform an exhaustive search over the samples to find
the K closest samples to the output coordinates. We de-

velop an efficient GPU implementation for inference using
the FAISS library [25].

After obtaining the K closest samples, their weights are
calculated using the three 8-layer per-pixel continuous ker-
nel MLPs. As image size increases, this becomes expen-
sive to compute. We observe that, for each output pixel,
some subset of samples are more important than others for
the reconstruction. To this end, we first compute the output
pixel value with a small set of nearby samples and update
the result as we gradually grow this set towards K. We
stop growing the neighborhood X when the updated out-
put value minimally differs from the previously calculated
value. We observe no degradation in visual quality with this
subset sampling scheme and report PSNR and SSIM values
for various noise levels in Tables 1, 2.

For a 512 x 512 burst of size N = 5 with kernel size
8, our implementation reconstructs the image in 17s on an
older NVIDIA Titan Xp and in 2.2s on a modern NVIDIA
H200 GPU.

4. Burst Demosaicking and Denoising

We use our method to learn continuous kernels to jointly de-
mosaick and denoise bursts of images captured in quick suc-
cession. After alignment the burst can be viewed as a noisy,
irregular sub-pixel sampling of the scene photographed. We
evaluate our method on both synthetic and real burst, com-
paring against several baselines.

4.1. Evaluation on synthetic data

For all experiments in this section, we use a synthetic test set
of 128 x 128 bursts with N=5 frames and 4 different noise
levels. The test set is generated according to Section 3.4
using 100 sSRGB images from the DIV2K dataset [1]. We
compare to the following baselines:

- “Burstormer” [14] color model works on demosaicked,
gamma un-compressed RGB inputs and takes an esti-
mate of the image noise as an additional input.

- Kernel-Predicting Networks “KPN” [36], which has
been modified to learn per-color kernels for 3 chan-
nel, demosaiced input images since the original method
works on grayscale images only.

- “KPN+” replaces KPN’s UNet backbone with a
SCUNet [53] with attention layers, for direct compari-
son with our method.

- “Wronski et al. [49]” uses locally varying continuous
Gaussian kernels for reconstruction.

- “Demo+” demosaics each burst frame using the Demo-
saicnet model from Gharbi et al. [18] then aligns and
averages the frames to produce the output.

Both KPN baselines are trained on our data. For
SCUNet, we use the pretrained model without finetun-
ing. We compute PSNR and SSIM for all images af-
ter sSRGB gamma encoding, since this space is more per-



Gain < 1 Gain o 2 Gain x 4 Gain < 8
Method [PSNR SSIM|PSNR SSIM|PSNR SSIM [PSNR SSIM
Wronski|28.49 0.733(25.94 0.599|22.26 0.411|18.80 0.268
Demo+ (34.57 0.912|31.99 0.842(28.17 0.685(24.46 0.508
KPN 33.28 0.876(30.54 0.793|26.92 0.652(22.27 0.423
KPN+ (34.12 0.889(31.16 0.806(27.69 0.675|23.76 0.479
Burst. [34.27 0.886(|31.99 0.823(29.46 0.765(26.72 0.702
Ours 36.46 0.932(33.54 0.875(30.12 0.779|26.45 0.623
w/SS  [36.46 0.932|33.54 0.875|30.10 0.778(26.42 0.622

Table 1. Demosaicking and denoising vs. noise level. We com-
pare our method to 6 baselines on a synthetic test set of 100 5-
frames bursts, derived from the DIV2K dataset [1], using the same
noise and motion models as our training data. “w/ SS” is our
model with the subset sampling procedure detailed in Section 3.6.
Our network was not trained on noise levels of the rightmost col-
umn.

ceptually meaningful than linear values. Table 1 sum-
marizes our result for noise levels corresponding to sen-
sor gains (1,2,4,8). These correspond to read and shot
noise values (logo,,logos) — (—2.2,—2.6),(—1.8. —
2.2),(-1.4,-1.8),(—1.1,—1.5). Our model is not trained
on the highest noise level. Figure 5 shows examples from
our synthetic test set. Our method successfully denoises
while retaining more details. Our method quantitatively and
qualitatively outperforms the baselines at most noise levels.

4.2. Evaluation on real bursts

We show qualitative comparisons to a production algorithm
(HDR+ [21]) on real raw bursts of 512 x 512 in Figures 1
and 6. We provide quantitative comparisons using the
HDR+ processed output as the ground truth in Table 2. The
latter involves a more extensive post-processing pipeline.
To account for the resulting mismatch in color and other
misalignments between the output frame and the reference,
we align then color-correct our outputs to match the ground
truth before calculating the PSNR, as described in [4]. Our
approach again shows superior denoising performance and
better detail preservation, despite using only 5 frames (the
reference provided in this dataset uses 10). Additional re-
sults can be found in the appendix.

4.3. Ablations

In Table 3, we show 3 ablations to illustrate the benefit
of our continuous kernels and the importance of sub-pixel
samples. We report PSNR for shot noise 5 = 0.005. “Dis-
crete kernels” replaces our MLP-based continuous kernel
with a discrete 9 x 9 kernel with identical support. We bi-
linearly interpolate the discrete kernel at sub-pixel sample
locations prior to filtering. Here, the encoder predicts the
9 x 9 kernel values for each pixel rather than latents. “Di-
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Method PSNR (1)
Wronski et al. [49] 27.68
Demo+ 28.52
KPN [36] 28.18
KPN+ 28.08
Burstormer 28.05
Ours 28.89
w/ SS 28.87

Table 2. Burst demosaicking and denoising on real images. We
evaluate our method on a real test set of 70 5-frame bursts from the
HDR+ dataset. “w/ SS” uses our model with the subset sampling
procedure detailed in Section 3.6. We use the AlignedPSNR met-
ric [4] to correct the mismatch in alignment and post-processing
between the bursts and ground truth.

Ours

33.96

Discrete Kernels

30.55

Direct RGB  Binned d),
31.22 33.04

Table 3. Ablations. PSNR over our synthetic test set for different
ablations of our model. See Section 4.3 for the description.

0 001 005 01 025 05 1

Translation 36.46 36.46 36.43 36.35 35.83 34.43 31.83
Full matrix 36.46 36.44 35.82 34.47 31.30 28.65 26.36

m

Table 4. Alignment noise. PSNR over our synthetic test for dif-
ferent levels of alignment noise. For “Translation”, we add noise
to the translation terms only; “Full matrix” adds noise to the scale
and shear terms as well. See Section 4.3 for more details.

rect RGB” does away with the kernels and predicts the RGB
values directly with the encoder. “Binned dy,,” quantizes the
sub-pixel sample offsets to the nearest output pixel coordi-
nate before passing them as input to the kernel network.

To determine our model’s sensitivity to perfect align-
ment, we evaluate our test set with increasing noise on the
known alignment matrices. The noise is randomly sam-
pled from a normal distribution with variance mo, where
oy = 1,05, = 0.005,0,, = 0.0005 for the translation,
scale and shear coefficients, respectively, and m is a scalar.
Table 4 shows the PSNR for different values of m. In the
first row, we add noise to the translation offsets only. In
the second row, we also add noise to the scale and shear
coefficients. We fix the image noise level of the bursts to
(log(os),log(o,)) — (—2.2,—2.6). Our model corrects
for small translation misalignments, within the range seen
in our training data. We can make our model more robust
to small alignment errors by expanding our training set to
include noise on the shear and scale terms as well.



Frame 0 Demo+ . Wronski KPN o KPN+ - Burstormer Ours - Ground Truth
Figure 5. Burst demosaicking and denoising on synthetic data. Our model (second to last) consistently outperforms previous works and
baselines (columns 2—-6) on our synthetic 5-frames burst demosaicking and denoising test set. One input frame is shown demosaicked for
visualization (left), as well as the ground truth (right).

Frame 0 Demo+ ‘Wronski ' KPN KPN+ Burstormer Ours Reference

Figure 6. Demosaicking and denoising real bursts. Once trained, our model generalizes to real images. We show demosaicking and
denoising results on 5-frames bursts from the HDR+ dataset [21]. The HDR+ result using 10 frames is shown for reference. It applies
different post-processing after demosaicking and denoising, so tone and geometry are expected to be different from the inputs and our
outputs. The input is demosaicked for visualization. Our outputs better preserve fine color details, like facial features and leaves (top row)
or the details in the blue tile and orange dots (bottom row). Results best appreciated zooming in.

5. Chromatic Aberrations Correction set of “frames” are the three channels of a single image.
After alignment, red and blue samples are at sub-pixel loca-
We demonstrate our approach generalizes to other imag- tions with respect to the green sampling grid (Figure 2). We
ing applications with irregular sampling patterns with the generate a synthetic training dataset for this task similarly
task of jointly demosaicking, denoising and correcting chro- to Section 3.4: instead of sampling random translation off-
matic lens aberrations [26]. Chromatic aberrations (CA) are sets, we randomly sample magnification factors for the red
due to variations of the index of refraction, resulting in dif- and blue channels from a uniform distribution such that the
ferent lens power for different wavelengths. Lateral chro- maximum color shift is of 4px at 2000px from the center
matic aberrations (LCA) mostly manifest as the RGB chan- of the image. We rescale the red and blue channels accord-
nels having different magnifications. In real images, such ing to these factors to simulate LCA. For real test images,
small magnification differences can result in 2-3px differ- the scaling factors are calculated using SIFT and RANSAC
ence at 2000px from the optical center. We model LCA as a applied to the three channels viewed as greyscale images.

uniform scaling from the center of the image of the red and

. Results on synthetic data. For all experiments in this sec-
blue channels relative to the green one.

tion, we use a synthetic test set of 128 x 128 patches and 6
In this case, by analogy with the burst imaging task, the different noise levels. The test set is generated similarly to
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Ground truth

Figure 7. Chromatic aberrations correction. On our synthetic
test set, our method outperforms the baseline in correcting lateral
chromatic lens aberrations and removing noise while preserving
more details. The input is shown demosaicked for visualization
before alignment (first column), and after (second) for reference.
Both our method and the Denoised baseline use the same ground-
truth per-channel warping field for alignment.

Method PSNR (1) SSIM (1)
Demosaick, Align & Denoise  30.91 0.849
Ours 33.41 0.877

Table 5. Chromatic aberration correction. Our method signif-
icantly outperforms the standard approach for chromatic aberra-
tion correction: demosaick the image, then warp the channels into
alignment given a geometric lens distortion model. Results are av-
eraged over all noise levels of our DIV2K syntehtic test set.

the training set, using 100 sSRGB images from the DIV2K
dataset [1]. Commercial imaging software typically deals
with these artifacts using a naive two-stage procedure: first
demosaick the image, then warp the channels into align-
ment given a geometric lens distortion model [40]. This ap-
proach is problematic because demosaicking often creates
false colors in the presence of noise and LCA, as it wrongly
assumes the color channels are aligned. These artifacts are
then smeared by the warping operation and become partic-
ularly salient at higher noise levels. We define a baseline
sequential approach similarly: demosaick the image with
[18], align the channels using the computed scale factors
then denoise with SCUNet [53]. Our continuous kernels
directly account for the shifted samples positions, with sub-
pixel precision, leading to better reconstruction and robust-
ness to noise, as shown in Figure 7 and Table 5.

Results on real images. We show results on real raw im-
ages in Figure 8. While our simplistic LCA model succes-
fully reduces color artifacts, it does not accurately model all
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Denoised

Aligned

Figure 8. Joint demosaicking, denoising and chromatic aber-
ration correction on real images. Our method better preserves
fine details, like the chain link fence cross pattern (top row) and
the thinner branches (bottom row). Results are best appreciated
fully zoomed in. The input is demosaicked for visualization.

distortions due to the lens system. When the lens model is
known, we expect a manual calibration step to lead to more
accurate channel alignment and thus better reconstructions.
The appendix contains additional results.

6. Limitations and Future Work

Our method has a few limitations. Our encoder still operates
on naive rasterization of the input frames. Although the run-
time cost may become prohibitive, it would be interesting to
explore if further quality gains can be obtained by working
with the raw samples at this stage as well. A more informed
selection criteria for the subset sampling scheme could also
improve reconstruction quality and performance. Another
improvement could look into more complex parametriza-
tion of the kernels, using positional encoding or sine acti-
vations for higher frequency responses [43, 44]. Our con-
tinuous kernels would lend themselves naturally to resam-
pling of the output at arbitrary (and continuously variable
resolutions), e.g. for joint demosaicking/denoising/super-
resolution. This is an interesting avenue for future work,
which we have yet to experiment with.

7. Conclusions

We have presented a new deep learning architecture for im-
age restoration from irregular sampling patterns of a scene.
Our method uses an encoder network to analyse the scene
structure and predict a latent code per output pixel. In
turn, the latent codes parametrize a fully-connected network
to represent spatially-varying per-pixel continuous kernels.
These kernels are evaluated at sub-pixel sample locations to
compute the final output pixel values as a weighted com-
bination of input samples. Our evaluation shows our ap-
proach leads to significant image quality improvements on
two common image processing tasks: burst joint demo-
saicking and denoising, and demosaicking, denoising and
chromatic aberration correction for single images.
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