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Abstract

While image signals are typically defined on a regular 2D

grid, there are scenarios where they are only available at ir-

regular positions. In such cases, reconstructing a complete

image on regular grid is essential. This paper introduces

ISP2HRNet, an end-to-end network designed to reconstruct

high resolution image from irregularly sampled pixels that

do not fall on a regular grid. To handle the challenges

brought by irregular sampling, we propose an architecture

to extract gradient structure hierarchically and learn con-

tinuous image representation. Specifically, we derive im-

age gradient for each irregularly sampled pixel and further

learn higher order gradient structural features according to

the geometric and photometric information at the vertices of

neighboring triangles. To convert the features from irregu-

lar pixels to regular grid, we propose a dual branch content-

dependent weight generator to adaptively fuse the informa-

tion from neighboring irregular pixels. Subsequently, an en-

coder captures deep structural details on regular grid and

forms latent codes. Implicit neural representation parame-

terized by multi-layer perceptron decodes the latent codes

and coordinates to pixel values for generating high resolu-

tion image. Experimental results demonstrate that the pro-

posed network effectively solves the problem of high reso-

lution image reconstruction from irregularly sampled pixels

and achieves promising results. The source code is avail-

able at https://github.com/yuanlinwang/ISP2HRNet.

1. Introduction

Image signals are generally represented by a regular 2D

grid. However, there also exist scenarios where they are
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Figure 1. Overview of high resolution image reconstruction from

irregularly sampled pixels.

only sampled at irregular positions [14, 36, 41, 44, 47].

Reconstructing image from irregularly sampled pixels is a

classic problem in image processing field. Many works

have been conducted to address this issue in the past

decades. Spline-based interpolation methods [9, 16, 23, 46]

fit a polynomial for irregular pixels and use the fitted

polynomial to estimate pixel values at arbitrary positions.

Filtering-based methods [33, 42, 45] estimate pixel values at

arbitrary positions by weighted averaging surrounding pix-

els. The performance of these methods is limited due to

insufficient adaptability to complex textures. Some works

[3, 12, 13] deal with irregular data in an intuitive but ad

hoc way by assigning zero to non-informative pixels, creat-

ing an artificial Cartesian image as input, and designing an

end-to-end trainable network to restore the degraded input.

However, in some cases, mapping all irregular pixels onto

a finite-resolution grid and forming a regular array with un-

known pixels set to zero can be challenging.

This paper addresses the problem of reconstructing high

resolution (HR) image from irregularly sampled pixels. The

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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problem presents several key challenges. First, irregularly

sampled pixels are unordered, unstructured, and do not fall

on a regular grid. They cannot be easily represented by a

2D array, requiring a new form of pixel representation. Sec-

ond, deep neural networks commonly used in image signal

processing, such as convolutional neural networks (CNN),

struggle to handle irregular input, requiring a tailored de-

sign to operate on these irregular pixels. Third, converting

information from irregular pixels to regular grid demands

treating each neighboring irregular pixel individually due to

their diverse local structures.

This paper develops an end-to-end network named

ISP2HRNet to achieve irregularly sampled pixels to HR im-

age reconstruction. Unlike a regular pixel array, we rep-

resent irregularly sampled pixels as a list for network in-

put. To capture image structure information from these pix-

els, we propose an architecture that learns gradient-related

structure features from irregular pixels and regular grid hier-

archically. We first derive image gradients at irregular pixel

locations, and further learn higher-order gradient structural

features based on the geometric and photometric informa-

tion at the vertices of neighboring triangles. Then, a dual

branch content-dependent weight generator is introduced

to adaptively fuse information from neighboring irregular

pixels, enabling the mapping of irregular pixel information

onto a regular grid. Subsequently, an encoder is used to

extract deep structural details and form the latent codes on

regular grid. Finally, we use the implicit neural represen-

tation (INR) driven by latent codes and coordinates for HR

image reconstruction, leveraging its capability for contin-

uous image representation. Experiments demonstrate that

the proposed method effectively solves the problem of HR

image reconstruction from irregularly sampled pixels and

achieves promising results. The main contributions of this

paper are as follows:

• We develop an end-to-end network named ISP2HRNet to

reconstruct HR image from irregularly sampled pixels. To

the best of our knowledge, this is the first attempt to tackle

this problem using a deep neural network.

• We propose a hierarchical architecture that progressively

extracts image gradient structures from irregular coordi-

nates to regular grid.

• We extend HR image reconstruction problem from reg-

ular pixel array to irregularly sampled pixels. Experi-

mental results demonstrate that the proposed ISP2HRNet

achieves promising results.

2. Related Work

Image Reconstruction from Irregularly Sampled Pixels.

Image reconstruction from irregularly sampled pixels has

been widely studied, aiming to restore a complete image

based on the available irregular samples. In some works,

it is also regarded as an image inpainting problem. Spline-

based methods [9, 16, 23, 46] fit a polynomial to irregular

pixels and use the fitted polynomial to estimate pixel values

at queried coordinates. Filtering-based methods [33, 42, 45]

estimate pixel values at queried positions by weighted av-

eraging surrounding pixels. Optimization-based methods

[1, 5, 11, 54, 55] address the image restoration problem by

minimizing an optimization objective function. With the

development of deep learning, some works [3, 12, 13, 53]

explore unfolding the optimization process as a deep neural

network for image restoration, which combines the merits

of optimization-based and learning-based methods. Image

inpainting works [19, 24, 26, 29] use a binary mask to repre-

sent sampled pixels and unknown pixels, and predict miss-

ing parts of an image through deep semantic features.

Arbitrary Scale Image Super Resolution. Many image

super resolution (SR) networks [7, 27, 28, 50] have been de-

veloped to reconstruct HR image from low resolution (LR)

input. However, these methods lack the flexibility to han-

dle arbitrary-scale SR with a single model. To address this

issue, some works [6, 17, 22, 43, 48, 58] have been pro-

posed recently. Meta-SR [17] proposes a meta upscale mod-

ule to dynamically predict the weights of upsampling filters

by taking scale factors as input, and uses these weights to

generate HR images of any resolution. ArbSR [48] devel-

ops a plug-in module which uses conditional convolution to

generate dynamic scale-aware filters, enabling the network

to adapt to arbitrary scale factors. With the development

of INR in the field of 3D vision [15, 31, 32, 35, 37], re-

searchers attempt to utilize INR for continuous image rep-

resentation. LIIF [6] learns the mapping from coordinates

and latent codes to pixel values through MLP, achieving fa-

vorable results on arbitrary HR image reconstruction. Based

on LIIF, some subsequent works [22, 51] introduce position

encoding to enhance the capability of implicit function to

reconstruct finer details.

Processing of Irregular Data. Point cloud is a typical ir-

regular data, being unordered and unstructured, and shares

the similar characteristics with irregularly sampled pixels.

PointNet [38] proposes a unified architecture for 3D point

cloud object classification, part segmentation, and scene se-

mantic parsing. PointNet directly processes unordered point

sets and utilizes the shared multi-layer perceptron (MLP)

to extract features of each point. Besides, PointNet uses

symmetric functions to aggregate information from points

to enable output invariant to the input order. Most subse-

quent point cloud related works [8, 10, 25, 39, 40] adopt the

fundamental processing strategies introduced in PointNet.

3. Method

3.1. Problem Statement and Motivation

Suppose we have N pixels {Si}Ni=1 sampled at irregu-

lar coordinates. Each sample Si contains a vector fi =
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Figure 2. The overall framework of the proposed ISP2HRNet for HR image reconstruction from irregularly sampled pixels. Given a set

of irregular pixels, we first learn gradient structure features at irregular coordinates through the GD and GSE modules. Then, IRC module

converts the information from irregular pixels onto a regular grid. An encoder subsequently extracts deeper structural features from the

regular grid data, forming the latent codes. Finally, implicit neural representation parameterized by MLP decodes the latent codes and

coordinates to pixel values, enabling high resolution image reconstruction.

(xi, yi, vi) ∈ R
1×5 describing its characteristics, where

(xi, yi) is the coordinate and vi = (vRi , v
G
i , v

B
i ) is the pixel

value. The goal of HR image reconstruction from irregu-

larly sampled pixels is to generate an image I ∈ R
H×W×3

based on a set of irregular samples {Si}Ni=1.

A continuous image function allows for high-resolution

reconstruction at arbitrary spatial resolutions. One funda-

mental strategy for modeling this function from irregularly

sampled pixels is to apply the Taylor expansion, which lo-

cally approximates the continuous function with a polyno-

mial. The Taylor expansion of the continuous image func-

tion I at any coordinate (a, b) can be formulated as:

 \label {taylor} \footnotesize \begin {aligned} \mathcal {I}(x,y) & = \mathcal {I}(a,b) + \mathcal {I}_x(a,b)(x-a) + \mathcal {I}_y(a,b)(y-b) \\ &+ \frac {1}{2}[ \mathcal {I}_{xx}(a,b)(x-a)^2 + 2\mathcal {I}_{xy}(a,b)(x-a)(y-b) \\ &+ \mathcal {I}_{yy}(a,b)(y-b)^2 ] +o^n, \end {aligned}             





       

     

(1)

where (x, y) ∈ N (a, b), N (a, b) denotes the local neigh-

borhood of (a, b). Ix = ∂I
∂x

and Iy = ∂I
∂y

are the first-

order gradients of image I, {Ixx = ∂2
I

∂x2 , Ixy = ∂2
I

∂x∂y
=

Iyx, Iyy = ∂2
I

∂y2 } are the second-order gradients of I. The

local approximation polynomial function is determined by

the above image gradient structural information. Based on

the continuous function (Eq. (1)), pixel values at arbitrary

coordinates within N (a, b) can be derived [45].

Inspired by the concept of Taylor expansion, we focus on

several key aspects of HR image reconstruction from irregu-

larly sampled pixels. First, gradients are key elements in re-

flecting image structure. While gradients and higher-order

gradients are readily obtained from a regular image array,

the challenge here lies in deriving them from randomly dis-

tributed irregular pixels. Second, higher-order gradient in-

formation provides a more precise description of local vari-

ations in the image. To capture this, we develop a tailored

module for irregular pixels to further learn higher-order

structural features. Moreover, converting irregular pixel in-

formation into regular grid enables the use of well-designed

CNN modules to extract deeper features from regular grid

data. Third, instead of relying on a finite-order polynomial

driven by gradients and high-order gradients (Eq. (1)), a

more general function model (MLP) driven by extracted la-

tent features is utilized to derive the continuous image func-

tion, enabling HR image reconstruction. Based on the above

discussion, we design a network named ISP2HRNet, which

incorporates and extends the key concepts from Taylor ex-

pansion (see the upper left part of Fig. 3) to derive a contin-

uous image function from irregularly sampled pixels.

3.2. Overall Framework

The overall framework of ISP2HRNet is illustrated in

Fig. 2. ISP2HRNet directly takes a list of irregular pixels

{Si}Ni=1 as input. To fully utilize the information contained

in irregular pixels, we first introduce a gradient derivation

module (GD) to estimate the gradient at each irregular pixel

location. Then, we develop a local gradient structure en-

coder (GSE) to extract more accurate and higher order gra-

dient structural features for each irregular pixel, based on

the geometric and photometric information at the vertices

of neighboring triangles. Next, an irregular-to-regular con-

version module (IRC) is proposed to transform the local

structural features from irregular positions to regular grid

by adaptively fusing the information from neighboring ir-

regular pixels. The converted regular grid features are then

passed through an encoder to extract the latent code for each

regular grid position. Finally, an MLP-based INR learns

the continuous image function, taking the latent codes and

queried coordinates (i.e., the coordinates of target HR im-

age) as input to generate pixel values for HR image recon-

struction.

3.3. Gradient Derivation

Gradient derivation (GD) module estimates the gradient at

each irregular pixel location, based on the structure infor-

mation contained in K triangles formed from K nearest

neighbors of the pixel, as shown in Fig. 3(a). For each irreg-

ularly sampled pixel Si, we search for its K nearest neigh-

bors. For each neighbor, we calculate its relative coordinate

with respect to Si and convert the Cartesian coordinate to
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Figure 3. Upper left: The ideas of Taylor expansion and the proposed ISP2HRNet. (a) K triangles formed from K nearest neighbors. (b)

Gradient estimation for each sampled pixel in one color channel. (c) Local gradient structure encoder.

polar coordinate. Then we sort the K neighboring pixels

counterclockwise by angle, the ordered neighboring pixel

sequence is denoted by {S(1)i , S
(2)
i , ..., S

(K)
i }, as shown in

Fig. 3(a). We select {{S(l)i , S
(l+1)
i , Si}, l = 1, ...,K} (When

l = K, {S(K)
i , S

(1)
i , Si} is selected.) as the vertices of trian-

gles to form K triangles {Γ(l)
i }Kl=1. The vector containing

the coordinate and pixel value of S
(l)
i is denoted by f

(l)
i . (fi,

ui and hi (to be introduced later) are vectors that contain

the information about the irregular pixel Si. The superscript

and subscript of f, u and h of a pixel are consistent with the

notation of this pixel, unless otherwise specified.)

The K triangles cover all directions around Si, provid-

ing structural information for gradient estimation at Si. The

gradient derivation is performed independently for each

color channel. The diagram illustrating this process for one

color channel is presented in Fig. 3(b). We first calculate

the unit normal vector n
(l)
i of each triangle through coun-

terclockwise cross product and normalize operation. After

obtaining unit normal vectors {n
(l)
i }Kl=1 from K triangles,

the unit normal vector ni = (ni(x), ni(y), ni(z)) of Si is

estimated by a weighted average of {n
(l)
i }Kl=1, where the

weighted factor is the area of each triangle. Finally, the gra-

dient µi at Si for one color channel is derived by:

  \boldsymbol {\upmu }_i=\left (-n_{i}(x)/n_{i}(z), -n_{i}(y)/n_{i}(z)\right ).     (2)

The gradient is computed separately for each color channel,

resulting in gi =
(

µR
i ,µ

G
i ,µ

B
i

)

∈ R
1×6, which includes

the gradients of RGB channels.

Through the GD module, the vector fi = (xi, yi, vi) of

Si is extended to ui = (fi, gi) ∈ R
1×11, which includes not

only the coordinate and pixel value, but also the estimated

gradients.

3.4. Local Gradient Structure Encoder

The gradients obtained from the GD module are insufficient

to accurately describe the local structural characteristics of

the image. To further extract more accurate and higher or-

der gradient structural features, we propose a local gradient

structure encoder (GSE) that leverages the learning ability

of neural networks. Following the K neighboring triangles

formed by each pixel Si and its K nearest neighbors in GD

module (Fig. 3(a)), we form a vector t
(l)
i for each triangle

Γ
(l)
j , containing the geometric and photometric information

at its vertices. We define t
(l)
i as:

  \begin {split} \textbf {t}_i^{(l)}=\Big ( \textbf {u}_i^{(l)},\textbf {u}_i^{(l+1)},\textbf {u}_i,\Delta {\textbf {f}}_{i}^{(l)},\Delta {\textbf {f}}_{i}^{(l+1)},\\ d_i^{(l)},d_i^{(l+1)},\sin (\theta _i^{(l)}) \Big )\in \mathbb {R}^{1\times 46}, \end {split} 







 


 









 


 









(3)

where u
(l)
i , u

(l+1)
i , ui includes absolute coordinates, ab-

solute pixel values and gradients of three vertices

{S(l)i , S
(l+1)
i , Si}, ∆f

(l)
i = f

(l)
i − fi = (x

(l)
i − xi, y

(l)
i −

yi, v
(l)
i − vi) represents the relative coordinate and pixel

value of neighboring pixel S
(l)
i with respect to Si, d

(l)
i =

√

(x
(l)
i − xi)2 + (y

(l)
i − yi)2 is the Euclidean distance be-

tween S
(l)
i and Si, sin(θ

(l)
i ) is sine of the angle θ

(l)
i corre-

sponding to the vertex Si in the triangle Γ
(l)
i . Each Si would

obtain K vectors {t
(1)
i , t

(2)
i , ..., t

(K)
i } from K triangles. The

diagram of GSE is presented in Fig. 3(c). GSE learns higher

order gradient structure for each triangle Γ
(l)
i by feeding t

(l)
i

to a shared MLP. Then, GSE fuses the learned structure in-

formation from K triangles to obtain the structure feature of

Si. The pipeline of GSE can be formulated as:

  {\boldsymbol {\upphi }}_i=\mathcal {A}(\{\mathcal {T}({\textbf {t}}_i^{(l)}),\forall l\in \{1...,\rm K\}\}).   

     (4)

where T (·) is a structure extraction function implemented

by MLP and is shared over {t
(l)
i }Kl=1, A(·) is an aggregation

function (e.g., average), which fuses the features from K
triangles and ensures that the output is invariant to the input

order, ϕi ∈ R
1×cf is the extracted structural feature.

After GSE, each irregular pixel Si obtains a structure fea-

ture vector ϕi. Then, the vector ui of Si is further extended
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to hi = (ui,ϕi) ∈ R
1×(11+cf ).

3.5. Irregular-to-Regular Conversion

The irregular-to-regular conversion (IRC) module realizes

the conversion of pixel values and structure information

from irregular coordinates to regular grid, thereby facili-

tating subsequent processing with well-established CNN-

based modules. Traditional filtering-based methods [33,

42, 45] obtain the pixel value vt at an arbitrary coordinate

(xt, yt) by weighted averaging its surrounding K′ known

pixels {pd
t = (xd

t , y
d
t , vdt )}K

′

d=1, which can be formulated

as:

 \label {weighted} \textbf {v}_t=\sum _{d=1}^{{\rm K}^{\prime }}\omega (x_{t},y_{t},\textbf {p}_{t}^d)\cdot \textbf {v}_{t}^d, 







 
     (5)

where ω(·) is a weighted function, {xt, yt, pd
t } indicates

that the weight is related to xt, yt, pd
t and their derivatives.

Building on this idea, we propose to generate pixel value

and image structure feature on each regular grid coordinate

rj , j ∈ {1, 2, ...,M} by adaptively fusing the information

from its K′ nearest neighboring irregular pixels {Snrj}K
′

n=1.

Considering the diverse local structures of irregular pixels,

we propose to learn content-dependent weight (such as ω(·)
in Eq. (5)) for each Snrj to adaptively integrate information.

We define a vector γn
rj

which contains the factors that influ-

ence the weight for Snrj during fusion:

  \label {weight_jnput} \boldsymbol {\upgamma }_{\textbf {r}_j}^n=\big ({\textbf {h}}_{\textbf {r}_j}^n,\textbf {r}_j,d({\rm S}_{\textbf {r}_j}^n,\textbf {r}_j)\big ) \in \mathbb {R}^{1\times (14+c_f)}, 







  








  (6)

where d(Snrj , rj) is the distance between Snrj and rj . The

scheme of IRC module is shown in Fig. 4, and is formulated

as:

 \label {pixel_average} \textbf {v}_{\textbf {r}_j}=\sum _{n=1}^{{\rm K}^{\prime }}\big (\mathcal {H}_v(\boldsymbol {\upgamma }_{\textbf {r}_j}^n)\odot \textbf {v}_{\textbf {r}_j}^n\big ) \in \mathbb {R}^{1\times 3}, 

















 (7)

  \boldsymbol {\upchi }_{{\textbf {r}}_j}=\sum _{n=1}^{{\rm K}^{\prime }}(\mathcal {H}_f(\boldsymbol {\upgamma }_{\textbf {r}_j}^n)\odot \boldsymbol {\upphi }_{\textbf {r}_j}^n) \in \mathbb {R}^{1\times c_f}, 















 

  (8)

where Hv(·), Hf (·) are weight generators for pixel val-

ues and features, respectively. The weights Hv(γ
n
rj
) and

Hf (γ
n
rj
) are both derived from the vector γn

rj
, and their

channel dimensions match those of vnrj ∈ R
1×3 and ϕ

n
rj

∈
R

1×cf , respectively. ⊙ denotes element-wise product.

Note that the pixel value weights {Hv(γ
n
rj
)}K′

n=1 are pro-

cessed through a softmax function (omitted in Eq. (7) and

Fig. 4) before being applied as weights. The proposed dual

branch content-dependent weight generator {Hv(·),Hf (·)}
enables adaptive aggregation of pixel values and features

separately. The output of IRC are regular grid features

Z = {zrj}Mj=1 ∈ R
h×w×(3+cf ), where zrj = (vrj ,χrj

) ∈
R

1×(3+cf ), M = h× w.

Then, Z is passed through an encoder E(·) to derive

deeper structure features and generate the latent code L =
E(Z) ∈ R

h×w×cl . In implementation, we employ EDSR-

baseline [28] as the encoder.

3.6. Continuous Image Representation

To generate an HR image, we construct a general function

model driven by the extracted latent code to derive the con-

tinuous image function I. Specifically, a decoding function

fθ parameterized by MLP takes a 2D relative coordinate and

a neighboring latent vector as input and outputs the pixel

value at queried coordinate. Specifically, the pixel value of

continuous image I at coordinate q is derived by:

  \mathcal {I}(\textbf {q})=f_{\theta }(\textbf {L}_{\textbf {q}^*},\textbf {q}-\textbf {q}^*),        (9)

where Lq∗ is the nearest features from q in L, q∗ is the co-

ordinate of feature Lq∗ in 2D image domain, fθ is shared by

all images. Through the implicit neural represenatation, we

could generate high resolution images I of arbitrary sizes.

In implementation, we employ the classic LIIF [6] for con-

tinuous image representation.

4. Experiments

4.1. Experimental Settings

Dataset. Following LIIF [6], we use DIV2K dataset [2]

with 800 images for training. For testing, we use DIV2K

validation set [2] and four benchmark datasets: Set5 [4],

Set14 [52], B100 [30], and Urban100 [18].

Implementation Details. The proposed ISP2HRNet is

trained end-to-end. Let B denotes the batch size, we first

randomly sample B sampling ratios {ri}Bi=1 from the uni-

form distribution U(0.0625, 1), then we crop B patches

with sizes {hi × wi}Bi=1 from the training images, where

hi = wi = round(48/
√
ri). For each cropped patch, we

randomly sample 2304 coordinates {(xq, yq)}2304q=1 , where

xq and yq are independently sampled from U(1− 0.5, wi +
0.5). The pixel values at 2304 irregular coordinates are ob-

tained by bicubic interpolation [20]. We use N = 2304
irregularly sampled pixels to form a list as one of the batch

input for ISP2HRNet.
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Ratio Method
Set5 [4] Set14 [52] B100 [30] Urban100[18] DIV2K Val [2]

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

0.2

Partial Conv [29] 27.42 0.8256 24.86 0.7481 24.50 0.7193 23.13 0.7628 27.04 0.7998

RFR [24] 28.16 0.8558 25.44 0.7805 25.38 0.7664 23.39 0.7899 27.77 0.8343

MISF [26] 27.11 0.7926 23.03 0.6840 22.22 0.6564 20.41 0.6622 21.83 0.6733

DPDNN [12] 29.46 0.8778 26.60 0.8066 26.55 0.7909 24.66 0.8175 29.15 0.8583

DPIR [56] 29.70 0.8911 26.90 0.8246 26.60 0.8037 25.89 0.8625 29.51 0.8781

RRSNet [13] 29.44 0.8810 26.62 0.8115 26.50 0.7930 24.55 0.8187 29.15 0.8637

DiffPIR [59] 28.94 0.8661 26.66 0.8050 26.07 0.7707 26.34 0.8552 28.90 0.8482

CODE [57] 27.85 0.8564 24.94 0.7698 24.92 0.7429 23.23 0.7845 27.79 0.8383

Ours 30.94 0.9059 27.88 0.8411 27.44 0.8223 27.43 0.8864 30.67 0.8932

0.4

Partial Conv [29] 30.79 0.9027 27.95 0.8553 27.36 0.8390 26.26 0.8676 30.21 0.8876

RFR [24] 31.99 0.9215 28.75 0.8746 28.49 0.8728 26.92 0.8903 31.27 0.9086

MISF [26] 29.97 0.8519 25.09 0.7772 24.04 0.7665 22.25 0.7483 23.21 0.7400

DPDNN [12] 32.99 0.9310 29.73 0.8913 29.56 0.8892 27.83 0.9010 32.42 0.9237

DPIR [56] 33.60 0.9418 30.47 0.9038 29.94 0.9020 30.10 0.9358 33.43 0.9416

RRSNet [13] 33.16 0.9356 29.85 0.8957 29.56 0.8914 27.80 0.9035 32.56 0.9292

DiffPIR [59] 32.69 0.9237 30.25 0.8917 29.09 0.8705 30.24 0.9235 32.35 0.9150

CODE [57] 32.49 0.9336 28.62 0.8819 28.22 0.8680 27.27 0.8997 31.77 0.9230

Ours 34.56 0.9477 31.48 0.9151 30.58 0.9077 31.40 0.9455 34.44 0.9480

0.6

Partial Conv [29] 33.88 0.9470 30.90 0.9204 30.27 0.9136 29.21 0.9281 33.32 0.9402

RFR [24] 35.44 0.9563 31.88 0.9288 31.68 0.9343 30.20 0.9423 34.63 0.9487

MISF [26] 32.58 0.8882 27.07 0.8356 25.90 0.8343 24.05 0.8028 24.79 0.7863

DPDNN [12] 36.06 0.9600 32.68 0.9381 32.59 0.9427 30.85 0.9460 35.53 0.9588

DPIR [56] 36.96 0.9676 33.63 0.9458 33.15 0.9508 33.29 0.9660 36.91 0.9708

RRSNet [13] 36.38 0.9638 32.90 0.9410 32.65 0.9448 30.88 0.9483 35.83 0.9633

DiffPIR [59] 35.47 0.9519 33.20 0.9362 31.85 0.9254 33.22 0.9540 35.16 0.9481

CODE [57] 36.58 0.9657 32.30 0.9394 31.77 0.9368 31.25 0.9533 35.73 0.9638

Ours 37.80 0.9710 34.73 0.9538 33.71 0.9534 34.72 0.9719 37.90 0.9740

0.8

Partial Conv [29] 37.82 0.9771 34.77 0.9657 34.12 0.9631 33.07 0.9690 37.35 0.9750

RFR [24] 39.77 0.9805 36.07 0.9683 36.08 0.9744 34.45 0.9762 39.06 0.9748

MISF [26] 36.05 0.9232 29.97 0.8926 28.76 0.8957 26.83 0.8620 27.43 0.8438

DPDNN [12] 40.01 0.9819 36.65 0.9721 36.76 0.9772 34.92 0.9772 39.74 0.9828

DPIR [56] 41.14 0.9857 37.73 0.9759 37.41 0.9807 37.40 0.9857 41.32 0.9884

RRSNet [13] 40.47 0.9835 36.92 0.9726 36.85 0.9784 34.97 0.9783 40.17 0.9851

DiffPIR [59] 38.54 0.9718 36.52 0.9664 35.21 0.9618 36.50 0.9739 38.23 0.9695

CODE [57] 41.28 0.9851 36.98 0.9746 36.56 0.9771 36.18 0.9825 40.74 0.9865

Ours 41.93 0.9871 38.80 0.9797 37.88 0.9815 38.79 0.9882 42.19 0.9894

Table 1. Quantitative results of reconstruction from incomplete image with random missing pixels at different sampling ratios. Best and

second best performance are in red and blue colors, respectively.

Degraded Partial Conv RFR MISF DPDNN

DPIR RRSNet DiffPIR CODE Ours0836 from DIV2K

Degraded Partial Conv RFR MISF DPDNN

DPIR RRSNet DiffPIR CODE Oursimg003 from Urban100 

Figure 5. Visual results of reconstruction from incomplete image with random missing pixels. The sampling ratio is 0.2. Please enlarge

the figure for better comparison.
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Dataset Scale
DPIR+ DPIR+ DPIR+ DPIR+ DPIR+

Ours
BI EDSRb EDSR SwinIR LIIF

Set5

×1.5 31.43 - - - 31.91 32.62

×2 29.15 29.84 29.84 29.84 29.77 30.35

×2.5 27.35 - - - 27.85 28.59

×3∗ 26.23 26.79 26.79 26.80 26.74 27.27

×4∗ 24.39 24.77 24.78 24.78 24.74 25.27

Set14

×1.5 28.21 - - - 28.81 29.24

×2 26.26 26.80 26.82 26.81 26.79 27.15

×2.5 25.04 - - - 25.57 25.82

×3∗ 24.11 24.61 24.59 24.60 24.58 24.85

×4∗ 22.82 23.29 23.29 23.28 23.26 23.48

B100

×1.5 27.91 - - - 28.45 28.62

×2 26.19 26.73 26.73 26.73 26.70 26.77

×2.5 25.16 - - - 25.61 25.65

×3∗ 24.42 24.86 24.86 24.87 24.83 24.87

×4∗ 23.40 23.75 23.76 23.76 23.74 23.78

Urban100

×1.5 25.65 - - - 27.89 27.85

×2 24.16 25.61 25.69 25.69 25.61 25.34

×2.5 22.33 - - - 22.73 23.88

×3∗ 22.06 23.11 23.15 23.16 23.09 22.87

×4∗ 20.86 21.68 21.71 21.74 21.68 21.53

DIV2K Val

×1.5 30.80 - - - 31.45 31.82

×2 28.76 29.50 29.52 29.52 29.43 29.58

×2.5 27.43 - - - 28.02 28.17

×3∗ 26.52 27.13 27.14 27.14 27.08 27.16

×4∗ 25.20 25.72 25.73 25.74 25.69 25.76

Table 2. Quantitative results of super resolution from incomplete

image with random missing pixels. Best performance is in red

color. (BI: Bicubic interpolation, EDSRb: EDSR-baseline, the

encoder in LIIF is the EDSR-baseline, ∗ indicates the equivalent

sampling ratio is out of our model’s training distribution.)

We set K = 8 and K′ = 12. For GSE, we use a 3-layer

MLP with batch normalization (BN) and ReLU activation

[34], with hidden dimensions set to [64, 64, 128], where the

output feature dimension cf is 128. For IRC, the pixel value

weight generator Hv(·) is implemented by a 2-layer MLP

with BN, ReLU and hidden dimensions of [128, 3]. The

feature weight generator Hf (·) follows the same structure

but with hidden dimensions of [128, 128]. The latent code

dimension cl is 256. IRC module outputs M = 2304 regular

grid features with a spatial size of 48×48, i.e., h = w = 48.

Following LIIF [6], we adopt L1 loss and the same loss cal-

culation strategy during training. We use Adam [21] opti-

mizer. The learning rate is initialized as 1e-4 and decayed

by 0.5 every 200 epochs. The network is trained for 1000

epochs with batch size B = 16. All models are trained and

tested on NVIDIA RTX 3090 GPU.

Notably, the trained ISP2HRNet is directly applicable to

the tasks described in Secs. 4.2 to 4.4, without the need

for separate training for each task. All evaluations are per-

formed in the RGB color space. Moreover, ISP2HRNet can

handle arbitrary number (N) of irregular pixels as input. The

inference details are provided in the supplementary mate-

rial.

We first conduct experiments on special cases where the

coordinates of irregularly sampled pixels are integers, fa-

cilitating comparison with existing method (Sec. 4.2 and

Sec. 4.3). Then, we evaluate general cases where the sam-

pled coordinates are decimals (Sec. 4.4). For all tasks

(Secs. 4.2 to 4.4), ISP2HRNet organizes irregular pixels

into a list as input for inference.

4.2. Reconstruction from Incomplete Image with
Random Missing Pixels

Reconstruction from incomplete image with random miss-

ing pixels aims to restore an image degraded by a random

sampling mask, where the sampled positions on the mask

are set to 1, and other positions are set to 0. The sampled

positions are random, irregular, and integers, which is a spe-

cial case of irregular sampling. We conduct experiments on

degraded HR images from five test datasets.

We compare the proposed ISP2HRNet with the methods

designed for image inpainting: partial convolutions [29],

RFR [24], MISF [26], optimization-inspired networks for

image restoration: DPDNN [12], DPIR [56], RRSNet [13],

DiffPIR [59], and a transformer-based restoration network:

CODE [57]. We use PSNR and SSIM [49] as evaluation

metrics.

Tab. 1 presents the quantitative results. We compare the

reconstruction performance at sampling ratios of 0.2, 0.4,

0.6, and 0.8. The proposed method achieves the best perfor-

mance on five test datasets at different sampling ratios. In

particular, the proposed ISP2HRNet outperforms the com-

pared methods by more than 1 dB in some cases. Visual

results are provided in Fig. 5. The proposed ISP2HRNet re-

constructs clear textures and high-frequency details with a

low sampling ratio of 0.2, while the compared methods suf-

fer from visually annoying artifacts and image distortion.

More details and visual results are provided in the supple-

mentary material.

4.3. Super Resolution from Incomplete Image with
Random Missing Pixels

The problem is defined as follows: given an incomplete LR

image with random missing pixels, the goal is to restore

its corresponding HR image. We employ a straightforward

idea to combine the image restoration method: DPIR [56]

with image SR methods: Bicubic Interpolation (BI), EDSR-

baseline [28], EDSR [28], SwinIR [27], and LIIF [6] to

form baselines for comparison. The sampling ratio is set to

0.5 in LR images. The proposed ISP2HRNet and LIIF could

handle different up-sampling scales with a single model,

while the classic image SR models: EDSR-baseline [28],

EDSR [28] and SwinIR [27] handle different SR scales with

different models.

Tab. 2 shows the quantitative comparison between the

proposed method and baselines. It is noted that for up-

sampling scales ×3,×4 with sampling ratio 0.5 in LR im-

ages, the equivalent sampling ratios for our model are 0.056

(0.5/9) and 0.031 (0.5/16), respectively, which are unseen
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0845 from DIV2K Degraded LR
DPIR+

Bicubic

DPIR+

LIIF
Ours

(a) The upsampling scale is ×2.5 and sampling ratio is 0.5 in LR image.

Degraded LR
DPIR+

Bicubic

DPIR+

EDSR-baseline

DPIR+

EDSR

DPIR+

SwinIR

DPIR+

LIIF
Ours HR0891 from DIV2K

(b) The upsampling scale is ×4 and sampling ratio is 0.5 in LR image

(The equivalent sampling ratio for our model is 0.031, which is out of

our model’s training distribution).

Figure 6. Visual results of super resolution from incomplete image

with random missing pixels. Please enlarge the figure for better

comparison.

Dataset
r = 0.2 r = 0.4 r = 0.6 r = 0.8

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Set5 30.92 0.9047 34.00 0.9426 36.21 0.9606 37.93 0.9713

Set14 27.92 0.8406 30.99 0.9071 33.18 0.9377 34.93 0.9555

B100 27.42 0.8207 30.24 0.9012 32.46 0.9396 34.38 0.9610

Urban100 27.36 0.8833 30.67 0.9373 32.85 0.9600 34.52 0.9723

DIV2K Val 30.55 0.8912 33.82 0.9421 36.18 0.9643 38.07 0.9761

Table 3. Quantitative results of reconstruction from irregularly

sampled pixels.

ratios during training. The proposed method achieves the

highest PSNR on most settings. For sampling ratios that

are out of training distribution (scales ×3, ×4), our method

still performs well, demonstrating its ability to generalize to

much lower sampling ratios. The visual comparison is pre-

sented in Fig. 6. The proposed method produces visually

pleasing images under low sampling ratios, while the com-

pared methods exhibit blurriness or artifacts. More visual

results are provided in the supplementary material.

4.4. Reconstruction from Irregularly Sampled Pix-
els

We conduct experiments on reconstruction from irregularly

sampled pixels that do not fall on a regular grid, i.e., their

coordinates are decimal values and cannot be easily repre-

sented by a 2D image array with unknown pixels set to zero.

For each HR image in the test datasets, we first calculate the

number of sampled pixels N = H × W × r based on the

size of HR image H × W and the sampling ratio r. Then,

we randomly sample N coordinates (decimals) within the

image range and obtain their corresponding pixel values by

bicubic interpolation. We organize these randomly sampled

Case GD GSE IRC
r = 0.2 r = 0.4

PSNR SSIM PSNR SSIM

(a) 22.60 0.7667 27.22 0.8967

(b) ✓ 26.11 0.8615 30.02 0.9338

(c) ✓ ✓ 26.49 0.8693 30.53 0.9385

(d) ✓ ✓ 26.25 0.8636 30.25 0.9358

(e) ✓ ✓ ∗ 26.92 0.8761 30.94 0.9412

(f) ✓ ✓ ✓ 27.43 0.8864 31.40 0.9455

Table 4. Ablation study of the proposed ISP2HRNet.

pixels into a list as input to ISP2HRNet for image recon-

struction. The quantitative results are presented in Tab. 3.

More discussion and visual results are provided in the sup-

plementary material.

4.5. Ablation Study

The ablation study is performed based on the task: recon-

struction from incomplete image with random missing pix-

els (Sec. 4.2), and we evaluate the performance using the

Urban100 dataset (sampling ratio r = 0.2, 0.4).

We remove some designs in ISP2HRNet to validate the

effectiveness of each proposed component, as shown in

Tab. 4. Case (a) removes GD, GSE and IRC modules

from ISP2HRNet, and uses radial basis function interpo-

lation to reconstruct a regular image array as input in or-

der to handle irregular pixels. In case (b), irregular pixels

are directly fed into IRC module without extracting gradi-

ent structure information. In case (c), irregular pixels with

gradient estimation are fed into IRC module. In case (d), we

use distance-based Gaussian weighting to generate regular

grid features. In case (e), we utilize a single branch weight

generator, which generates weights for pixel values and fea-

tures simultaneously. Case (f) is the final model, i.e., the

proposed ISP2HRNet. Cases (b) and (c) explore the impact

of GD module. Cases (c) and (f) highlight the contribution

of GSE module. Cases (d), (e), and (f) validate the effective-

ness of the dual branch content-dependent weight generator

proposed in IRC module. Cases (a) and (f) demonstrate the

combined effectiveness of GD, GSE, and IRC modules in

ISP2HRNet.

5. Conclusion

We propose an end-to-end network named ISP2HRNet to

reconstruct high resolution image from irregularly sampled

pixels that do not fall on a regular grid, which incorpo-

rates the key concepts from Taylor expansion. Specifically,

we propose an architecture that extracts image structure in-

formation from irregular pixels and regular grid hierarchi-

cally and learns continuous image representation. Our work

extends high resolution image reconstruction from regular

pixel array to irregularly sampled pixels. Experimental re-

sults demonstrate that the proposed ISP2HRNet achieves

promising results.
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