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A Progressive Implicit Neural Fusion Network for
Multispectral Image Pansharpening
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Abstract—In the field of remote sensing, it is not feasible to
obtain high spatial resolution multispectral (HRMS) images from
a single satellite sensor. The existing methods use pansharpening
techniques to obtain HRMS images by fusing panchromatic (PAN)
and multispectral (MS) images. However, due to the scale difference
between PAN and MS images, most pansharpening methods often
use explicit sampling methods to integrate features at different
scales. These explicit-based sampling techniques represent pix-
els as discrete points through predefined functions, rendering it
challenging to fit the distribution among diverse modal data, this
results in the loss of image texture details during the fusion process.
Implicit neural networks can enhance the generative capability
of images by incorporating pixel coordinate information, which is
crucial for the fusion of remote sensing images with different spatial
resolutions. Inspired by implicit neural representation, we propose
a progressive implicit neural feature fusion network (PINFNet) for
remote sensing images. A progressive implicit neural feature fusion
is proposed; it establishes a coordinate modal relationship between
the spatial and spectral information through the guidance of the
high spatial features in PAN images. This enables the proposed
PINFNet to progressively learn and integrate spatial and spectral
information at different scales. Our method, as opposed to discrete
sampling techniques, is capable of establishing a continuous repre-
sentation between diverse modal data, which in turn preserves more
texture detail information. Extensive experiments have shown that
this approach outperforms state-of-the-art methods while main-
taining high efficiency.

Index Terms—Implicit neural representation (INR),
multispectral (MS) image, panchromatic (PAN) image,
pansharpening, remote sensing (RS).

I. INTRODUCTION

IN THE remote sensing (RS) imaging process, a small instan-
taneous field of view (IFOV) can meet the requirements for
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signal-to-noise ratio (SNR) when spectral resolution is not taken
into account. However, as the spectral resolution increases, it is
necessary to process narrower spectral bands and employ larger
IFOV to meet the SNR requirements. As a result, the spatial and
spectral resolutions of RS images are constrained by each other,
rendering it impracticable for a singular satellite sensor to ac-
quire images with high spatial and spectral resolutions. However,
the successful execution of subsequent tasks is contingent upon
the utilization of high spatial resolution (HR) RS imagery. The
fine-grained spatial texture information and high-fidelity spec-
tral distribution can improve the accuracy of subsequent visual
tasks, such as RS land classification [1], [2], [3], [4]. In order to
facilitate image interpretation and understanding in subsequent
tasks, the pansharpening technique is often employed to enhance
the spectral and spatial resolution of RS images. Pansharpening
is the process of combining a panchromatic (PAN) image with
HR and a multispectral (MS) image with high spectral resolution
to get an HR MS image [5], [6].

Pansharpening of MS images has been studied for decades.
PAN images typically have HR but limited spectral information,
whereas MS images typically have lower spatial resolution but
richer spectral information. In order to leverage the advantages
of both types of images, many scholars have conducted in-depth
research on pansharpening techniques. The traditional methods
for pansharpening include component substitution (CS) based
[7], [8], [9], [10], [11], [12], [13], [14], [15], multiresolution
analysis (MRA) based [16], [17], [18], [19], [20], [21], [22],
[23], and variational optimization (VO) based methods [24],
[25], [26], [27]. These methods extract the features manually
from PAN and MS images. Due to the limited representational
capabilities, it is difficult to obtain complex relationships be-
tween heterogeneous data. Furthermore, traditional methods
rely too heavily on hand-made fusion rules and cannot adapt
to intricate sharpening scenarios. In general, DL-based pan-
sharpening methods can achieve better sharpening performance
than traditional methods [28], [29], [30], [31], [32], [33], [34],
[35]. The existing DL-based methods can broadly be categorized
into single-branch and double-branch structures. The former
involves stitching the upsampled MS (UPMS) image and PAN
image in the channel dimension, and subsequently exploring the
complementary information within the original image pairs by
stacking numerous residual blocks or attention blocks; the latter
employs two distinct branches to extract the features of the MS
and PAN images, respectively, and subsequently integrating the
features within the two branches to obtain the HRMS image. In
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contrast, the two-branch structure is capable of taking full advan-
tage of the properties of the original image for different sources,
thereby achieving high-fidelity sharpening results. However,
both structures rely heavily on the stack of numerous residual or
attention blocks, which results in a significant expansion of the
model’s parameters. In addition, due to the difference in scale
between PAN and MS images, both traditional and DL-based
methods need to extract and fuse features at different scales. In
the fusion process, it is inevitable to use interpolation techniques
to unify features at different scales. The most common upsam-
pling methods include bicubic, bilinear, and deconvolution, all
of which represent pixels as discrete points through explicit
predefined functions. In the human visual system, images are
presented in a continuous way. Consequently, the application
of explicit interpolation techniques to fit data distributions from
diverse modal data poses a challenge, potentially leading to the
loss of critical texture details.

It can be inferred that a continuous function serves as a
reliable representation of the actual state of the image. However,
the precise form of this continuous function remains uncer-
tain. Therefore, a number of researchers have attempted to
approximate it through neural networks. Consequently, implicit
neural representation (INR) has been developed, which can be
employed to generate a continuous functional representation of
an object by implicitly mapping the continuous coordinates to
the signals within a specified domain. Considering that INR
can establish a continuous representation between spatial and
spectral information, we propose a progressive implicit neural
feature fusion network (PINFNet). The PINFNet establishes a
coordinate modal relationship between the spatial and spectral
information through the guidance of the high-spatial features
in PAN images, thereby enabling the neural network to learn
and integrate both spatial and spectral information at different
scales in a progressive manner. The main contributions are as
follows.

1) We propose a novel PINFNet for pansharpening.
Only two MLP layers are employed in the fusion
stage, sparing the dramatic increment in parameters
caused by stacking numerous convolutional or attention
layers.

2) We develop a progressive implicit neural feature fusion
(PINF) module inspired by INR, which adopts a pro-
gressive manner to fully utilize the scale information
of different modalities in the original image pairs. The
proposed PINF establishes a coordinate modal relation-
ship between spatial information in the HR domain and
spectral information in the low-resolution (LR) domain
through continuous coordinate mapping. Subsequently,
features at various scales are fused within the continuous
domain.

3) By establishing implicit encoding representations of di-
verse modal features, high-fidelity fused images with
richer edge texture information can be obtained. Exten-
sive experiments show that the proposed method achieves
optimal fusion performance while preserving promising
effectiveness.

II. RELATED WORKS

A. Traditional Pansharpening Methods

In the CS-based method, the spatial component of the LRMS
images is replaced by the PAN component. The sharpened results
of CS can enhance spatial fidelity, but it is susceptible to spectral
distortion in complex scenes. Methods, such as PRACS [11],
GSA [12], and BDSD [15], are included in this category. The
methods based on MRA extract spatial details from PAN by
utilizing MRA tools. The MRA-based methods include additive
wavelet luminance proportional (AWLP) [21] and morphologi-
cal filters (MF) [22]. Furthermore, a technique known as BFLP
has been proposed to enhance spatial fidelity [36]. Furthermore,
Kalplan et al. [37] proposed an adaptive multiscale bilateral
filtering method to improve the generalizability of BFLP. The
spectral domain of the MRA-based methods permits them to
retain sufficient spectral information, but it can also cause spatial
distortion due to inadequate detail extraction. The VO-based
method is divided into two components, including the con-
struction of the energy function and the computation of the
optimal solution. Compared with CS- and MRA-based methods,
VO-based methods are able to achieve better sharpened results.
There are numerous improved methods that have been proposed,
such as LRFF [39] and CDIF [40]. These VO-based methods
entail a significant amount of computation and numerous hyper-
parameters, which necessitate frequent modification for diverse
sharpening scenarios.

B. DL-Based Pansharpening Methods

In recent years, DL has garnered significant attention, owing
to its potent nonlinear fitting capabilities. The first pansharpen-
ing neural network (PNN) is proposed in [28]. Despite the fact
that PNN only contains three convolutional layers, it demon-
strated a notable sharpened effect. To preserve more spatial
details, Yang et al. [29] extracted high-frequency feature from
PAN and retained high-frequency details utilizing the residual
structure. Zhang et al. [30] constructed a bidirectional pyramidal
network (BDPN) using residual blocks, which is able to fuse the
extracted spatial and spectral features through pairwise inter-
actions. In contrast to PNN, BDPN exhibits the capability to
attain a higher level of fidelity in sharpening quality. However,
the stacking of numerous residual blocks results in a significant
increase in the number of parameters of BDPN. Jia et al. [33]
utilized an explicit bilinear interpolation technique to sample the
PAN and LRMS images at the same scale. Subsequently, spatial
and spectral transformers were designed to extract spatial and
spectral features, respectively. In general, owing to the stacking
of numerous transformers, this method is capable of preserv-
ing more spatial details. However, the predefined interpolation
technique can result in misalignment of spatial and spectral
features during the fusion stage, causing spatial distortion in
the sharpened image. Based on the standard residual module,
Wang et al. [35] proposed a residual module with multiscale
receptive fields (CML-resblock), which was successfully ap-
plied to the field of pansharpening. Several methods employed
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improved attention modules to construct the network, leading
to satisfactory sharpened results, such as TANI [31], TRRNet
[32], and RSANet [34]. However, the stacking of a large number
of convolution blocks and attention blocks will significantly
increase the amount of calculation and parameters of the model,
thereby reducing the practicability of the model.

C. Implicit Neural Representation

Optical RS images are imaged on a continuous narrow band,
so the correlation of images in different bands can be consid-
ered continuous. However, the traditional discrete signal repre-
sentation method cannot accurately represent the true state of
the image. INR can capture positional information of signals,
embedded together with pixel encoding, thereby effectively
capturing spatial correlations of images. Based on this property,
INR has been widely used in many image reconstruction tasks,
such as 3-D image reconstruction [41], [42], [43] and image
super-resolution [44], [45], [46]. Zhu et al. [47] proposed an
implicit neural sampling method that is capable of capturing
diverse receptive fields by utilizing the concept of atrous convo-
lution. Zhu et al. [48] reconstructed INR based on the structure
of quadtree and successfully applied it to hyperspectral and MS
fusion. Liu et al. [49] proposed an INR-based neural hybrid
model that can fully simulate the imaging noise and multiple
reflections of object spectra. Inspired by the above research,
this article proposes a PINFNet. By accurately representing the
relationships between modal data of different scales, it enhances
the fusion capability without need for numerous convolutional
or attention layers. This has the potential to reduce model
parameters and computational complexity.

III. PROPOSED METHOD

A. Motivation and Overview

Due to the inherent scale differences between different modal
images, existing DL-based methods need to sample different
modal features at different scales to the same scale before
fusion. In the human visual system, images are presented in
a continuous way, but most sampling methods process images
in a discrete expression. As a result, these techniques can
lead to misalignment during the fusion process, which results
in the loss of critical information. In addition, these methods
can achieve good sharpening results by introducing advanced
techniques. However, stacking numerous residual blocks and
attention modules tends to bring about a significant increase in
the number of model parameters and computation. Considering
the continuous representation is more in line with the intuition
of human eyes. We try to use the continuous property of INR
to establish the coordinate modal relationship between different
modal data. Then, the different modal data are mapped and fused
continuously using implicit coding functions, such as MLP. In
the meantime, the utilization of implicit coding functions can
avoid the stacking of numerous residual blocks or self-attention
modules, which has the potential to reduce the number of pa-
rameters and computation of the model.

Numerous studies have confirmed that directly using INR
methods in image reconstruction tasks often leads to overfitting

[44], [47], [48], [49]. In order to guarantee the stability of the
model during training, we design an encoder–decoder architec-
ture. As depicted in Fig. 1, the proposed PINFNet comprises
two primary components, including an encoder and a PINF.
The objective of the encoder is to extract the high-dimensional,
stable semantic features of the original image pairs, which makes
the training process less susceptible to noise, thereby ensuring
the stability of model training. Specifically, the features of the
LRMS image are first extracted by the encoder Eϕ. The process
can be represented as follows:

Fspe = Eϕ (M) , (1)

where Fspe ∈ Rh×w×d denotes the feature map that contains
spectral information, ϕ is a learnable parameter in Eϕ, and
M ∈ Rh×w×c is the LRMS image. In the meantime, we employ
encoder Eδ to extract the spatial information from the PAN
image. PAN and LRMS are captured by different sensors, and
there exist radiometric differences between them. As a result,
LRMS has spatial details that are complementary to PAN. To
address this, LRMS is first upsampled to match the size of the
PAN image, denoted as UPMS. And then the PAN and UPMS
images are concatenated in the channel dimension and then fed
to the encoder Eδ to extract comprehensive spatial details. The
above process can be represented as follows:

Fspa = Eδ

([
P,

′
M

])
, (2)

where Fspa ∈ Rh×w×d denotes the feature map that contains
spatial information. [.] denotes the concatenation operation in
the channel dimension. P ∈ RH×W×1 denotes the PAN image.
′
M ∈ RH×W×c denotes the UPMS, which is upsampled by

23-tap polynomial interpolation. The height and width of
′
M

are identical to those of P , while the number of channels is
identical to that of M . δ is a learnable parameter in encoder Eδ .
It is worth noting that Eϕ and Eδ have the same structure, both
consisting of convolutional residual blocks. As shown in Fig. 2,
the detailed generation of Fspe can be represented as follows:

Fhid
1 = Conv (M) (3)

Fhid
2 = ReLU

(
BN

(
Conv

(
Fhid
1

)))
, (4)

F hid
3 = ReLU(BN

(
Conv

(
Fhid
1 + Fhid

2

))
, (5)

Fspe = Fhid
3 + Fhid

1 , (6)

where F hid
1 , Fhid

2 , and Fhid
3 all denote the intermediate layer

features.Conv,BN , andReLU denote the convolutional layer,
batch normalization layer, and ReLU activation function, respec-
tively. In the encoder, the first convolution is mainly used to en-
hance the dimensionality of the input image and the subsequent
residual module is used to extract stable features.

Afterward, the extracted spectral and spatial feature maps are
fed into PINF. The process can be represented as follows:

O = PINFθ (Fspe, Fspa, C) , (7)

where O ∈ RH×W×c denotes the output of the PINF, and θ is
a learnable parameter in PINF. Besides, and C ∈ RH×W×2 is a
normalized 2-D coordinate map in the HR domain guided by P .



14938 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

Fig. 1. Flowchart of the proposed PINFNet.

Fig. 2. Structure of encoder.

B. Progressive Implicit Neural Feature Fusion

The objective of pansharpening is to integrate P and M with
diverse modal information at different spatial scales. Most of
the existing pansharpening methods integrate original image
pairs at various scales by frequently utilizing explicit upsampling
and downsampling techniques during the fusion process. These
explicit interpolation techniques represent pixels as discrete
points through predefined functions, making it challenging to
fit the distribution between diverse modal data. This results in
the loss of crucial texture details. Inspired by INR, we develop a
progressive implicit neural fusion scheme through HR guidance.
As shown in Fig. 3, through the guidance of the HR feature
maps extracted from P , PINF establishes a coordinate modality

relationship between the LR and HR domains. Subsequently,
MLP is employed to learn both spatial and spectral information
in a progressive manner. Specifically, the fusion feature maps
Oq located at position Cq can be represented as follows:

Oq =
∑
k∈Nq

wq,kFq,k, (8)

where Nq denotes the set of the four nearest query coordinates
around Cq in the HR domain. Fq,k and wq,k are the multimodal
fusion information of the query coordinates Cq at the position
Ck and corresponding weights, respectively. In the following,
we describe in detail how to obtain weights and multimodal
fusion information.
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Fig. 3. Schematic of the HR guidance in PINF.

In order to ensure consistency in the coordinate scale between
the LR domain where theM is located and the HR domain where
the P is located, we represent pixels with the center position
of the pixel and scale the coordinate map of H ×W into a
square grid of [−1, 1]× [−1, 1] to facilitate the sharing of the
coordinates between the HR domain and the LR domain. The
process of the normalization in the HR domain can be expressed
as follows:

C (i, j) =

[
−1 +

2i+ 1

H
,−1 +

2j + 1

W

]
, (9)

where i ∈ [0, H − 1] and j ∈ [0, W − 1]. In this way, each
pixel feature in the original image pair can be continuously
represented. Based on this, we obtain the weights by

wq,k =
Eq,k

E
, (10)

where Eq,k represents the similarity value, which is com-
puted from the final element of the vector Fq,k. Besides, E =∑

i∈Nq
Eq,k represents the sum of Eq,k.

Due to the disparity in spatial resolution, it is imperative to
unify the spatial scales of P and M within the same region.
Pansharpening aims to improve the spatial resolution by using
the texture information in P . Therefore, we upsample the M
to achieve scale alignment with P in the proposed PINF. The
spatial feature maps in the HR domain are utilized to gradually
guide the spectral feature maps in the LR domain. In addition,
the positional coordinates are utilized to guide the fusion of

information from diverse domains. To establish a bridge between
the LR and HR domains, we set a medium-resolution (MR)
domain between the LR and HR domains. The sampled MR
features are obtained after the fusion of the information of the
LR pixels with the relative coordinates. The process can be
expressed as follows:

Omr
q,k = f

(
F`

spa (Ck) , Cq − Ck, Fspe (Ck) ; θ1
)

(11)

where Omr
q,k ∈ R1×1×d denotes the multimodal fusion informa-

tion of the query coordinate Cq at position Ck in MR domain,
which is also a subset of Omr ∈ R

H
2 ×W

2 ×d. Cq − Ck denotes
the coordinate modal information of Cq and Ck relative to each
other. θ1 denotes the learnable parameter of the current MLP
f(.).F`

spa denotes the MR spatial feature map, which is the result
of the spatial feature map in the HR domain after downsampling
by a factor of two

F`
spa = MP (Fspa) , (12)

where MP denotes the adaptive maxpooling. Furthermore, the
process of fusing the information from the MR pixel with the
HR relative coordinates can be represented as follows:

Ohr
p,q = f (Fspa (Cq) , Cp − Cq, O

mr (Cq) ; θ2) , (13)

where Ohr
p,q ∈ R1×1×c denotes the multimodal fusion informa-

tion of the query coordinates Cp at position Cq , and Ohr
p,qis a

subset of Ohr ∈ RH×W×c.
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TABLE I
QUANTITATIVE COMPARISON ON GF2 RSTESTING

TABLE II
QUANTITATIVE COMPARISON ON GF2 FSTESTING

C. Training and Implementation Details

Since neural networks are better at predicting high-frequency
texture edge details, we then use jump connections to combine
′
M with the output of the PINF O, thereby enhancing the
high-frequency component of the implicit representation.
Accordingly, the reconstructed HRMS can be obtained by the
following equation:

M̌ = O +
′
M, (14)

where M̌ ∈ RH×W×c denotes the HRMS. Since the main
contribution of the proposed PINFNet is PINF, we employ the
commonly used L1 loss to constrain the entire model. This loss
can be utilized to focus on learning edge pixel information,
which further enriches the high-frequency component in the
implicit representation

Loss =

∑H
m=1

∑W
n=1

∑b
l=1 ‖M̌(m,n, l)−G (m,n, l) ‖1

HWb
,

(15)

where G denotes the ground truth (GT).

IV. EXPERIMENTS

A. Datasets

In order to fully validate the performance of the proposed
method, we conduct extensive experiments on three publicly
available datasets (Gaofen-2, QuickBird, and WorldView-3)
[50]. Each dataset includes both reduced-scale testing (RSTest-
ing) and full-scale testing (FSTesting). Due to the absence of
real HRMS images as training labels, it is only feasible to obtain
LR versions of the original image pairs and utilize the original
MS as the corresponding labels. In other words, our method is
trained on the reduced-scale dataset, so the RSTesting mainly
evaluates the fitting ability of the model, while the FSTesting
mainly evaluates the generalization ability of the model in real
scenarios.

B. Evaluation Metrics

The RSTesting is capable of evaluating the fitting capability
of each method. Therefore, we employ seven widely utilized
reference metrics to evaluate the fusion performance of each
method in RSTesting, namely SSIM [51], PSNR, SAM [52],
sCC [53], ERGAS [54], Q2n [55], and RASE [56]. Additionally,
the FSTesting is conducted to evaluate the generalization ability
of each method. Consequently, we employ three nonreference
metrics to verify the fusion performance of each method at full
scale, namely Dλ, Ds, and QNR [57].

C. Comparative Methods

A total of 14 state-of-the-art methods were selected for
comparison, including six traditional methods and eight
DL-based methods. Among the traditional methods, EXP [58] is
an upsampling method without the aid of PAN images. C-BDSD
[15] and BT-H [13] are the CS-based methods, while AWLP
[21], MF [22], and MTF-GLP-FS (FS) [23] are the MRA-based
methods. The remaining eight DL-based methods comprise
PNN [28], PanNet [29], BDPN [30], TANI [31], TRRNet [32],
MSSTN [33], RSANet [34], and CMLNet [35]. For a fair
comparison, we use the authors’ officially released code and
the setup described in the original article. All of the codes are
executed on a computer that is equipped with an i5-11600 CPU
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Fig. 4. Qualitative evaluation results on a reduced-scale sample acquired by GF2. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN.
(h) PanNet. (i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) GT. The fusion results are presented in the first and third rows,
while the corresponding AEMs are listed in the second and fourth rows.

Fig. 5. Qualitative evaluation results on a full-scale sample acquired by GF2 dataset. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN.
(h) PanNet. (i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) PAN.

and two GTX-3060 GPUs. In our proposed methodology, the
initial learning rate, epochs, and batch size are set to 1e-4, 1200,
and 64, respectively. Besides, we choose Adam as the optimizer
and decay the learning rate by one-quarter every 200 epochs.

D. Results on GF2 Dataset

Tables I and II present the quantitative results along with the
mean and variance. The number labeled under the method name
in the first column is the year of publication of the method.
The top three scores are labeled red, green, and blue. It can be
seen that, in general, DL-based methods perform better than
the traditional methods on all metrics. Our proposed method
achieves the best scores on all the metrics with significant

advantages, which further validates the effectiveness of the
proposed model.

Fig. 4 depicts the qualitative results of each method on the GF2
RSTesting. The first and third rows represent the fusion results
for each method. The traditional methods appear to exhibit
varying degrees of spatial and spectral distortion. The fusion
results for PNN, PanNet, and BDPN in the red rectangular boxes
show some details that do not exist in GT, and these implausible
details lead to spectral distortion in local regions. The proposed
method demonstrates the clearest edge details compared with
other DL-based methods. Furthermore, in order to show the
differences between the compared methods more visually, we
provide the corresponding absolute error maps (AEMs) for each
method, as shown in the second and fourth rows in Fig. 4. It is



14942 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

TABLE III
QUANTITATIVE COMPARISON ON QB RSTESTING

TABLE IV
QUANTITATIVE COMPARISON ON QB FSTESTING

clear that our method has the smallest residuals in addition to
being the closest to GT in terms of fusion results. Fig. 5 shows the
FSTesting results of each method on the GF2 dataset. The fusion
results of the conventional methods demonstrate significant spa-
tial and spectral distortions. The fusion results of PNN, PanNet,
and BDPN are poor. In contrast, TRRNet, RSANet, and our pro-
posed method demonstrate the most reasonable spectral distri-
bution. By combined comparison, our method demonstrates the
closest spatial details to PAN and the closest spectral details to
EXP.

E. Results on QB Dataset

The quantitative results are shown in Tables III and IV, which
indicate that our method still achieves the best scores on the
QB dataset. Our method still demonstrates the strongest fitting
ability, even when the features are more complex.

Figs. 6 and 7 depict the qualitative results on the QB dataset.
The fusion results of traditional methods show obvious spectral
distortion. The fusion results of PNN are even worse than those
of traditional methods. The fusion results of PanNet and BDPN
showed slight distortion. Furthermore, the fusion results of the
remaining six DL-based methods demonstrate comparable fu-
sion quality. As evident from the corresponding AEMs, RSANet
and the proposed PINFNet show the closest visualization to GT.
In contrast, the AEM corresponding to RSANet exhibits fewer

residuals, whereas the AEM corresponding to PINFNet displays
a darker hue. Similar to the results in RSTesting, the fusion
results of the conventional method show significant spectral
distortion in FSTesting. Most of the DL-based methods also
demonstrate poor performance, e.g., PanNet, BDPN, TANI, TR-
RNet, RSANet, and CMLNet demonstrate significant spectral
distortion. Visually, our method performs closest to the EXP in
terms of spectral quality.

F. Results on WV3 Dataset

Our method achieves superior fusion results on two four-band
datasets, and to further demonstrate the effectiveness of the
proposed method, we conduct the corresponding qualitative and
quantitative experiments on the eight-band WV3 dataset. The
quantitative results are presented in Tables V and VI, where
it is apparent that, as is customary, our method achieves the
best scores on most metrics in RSTesting. Our proposed method
does not perform the best on the full-resolution test metrics.
Combined with the qualitative evaluation of FSTesting, we
believe that the proposed method is still promising.

It is evident that the majority of the methods exhibit lower
performance compared to the GF2 dataset. Similar outcomes can
be observed in Figs. 8 and 9. In RSTesting, TRRNet, MSSTN,
and PINFNet all show satisfactory fusion results, as shown in
the corresponding AEMs. In contrast, the AEM correspond-
ing to TRRNet exhibits the fewest residuals, while the AEMs
corresponding to MSSTN and PINFNet are darker in color. In
addition, the AEM corresponding to PINFNet exhibits fewer
residuals compared with MSSTN, specifically in the flower bed
portion of the zoomed-in region. In FSTesting, the fusion results
of PanNet, TANI, and MSSTN demonstrate significant spec-
tral distortion; whereas the fusion results of BDPN, TRRNet,
RSANet, and CMLNet demonstrate significant spatial distortion
as evidenced by severe distortion of the vehicle in the zoomed-in
region. Additionally, the fusion result of PINFNet shows slight
spectral distortion in the vehicle edge portion of the zoomed-in
region, but it retains complete spatial details. In general, we
believe that the proposed methodology remains promising due to
its ability to strike a balance between the preservation of spatial
and spectral information.
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Fig. 6. Qualitative evaluation results on a reduced-scale sample acquired by QB. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN. (h) PanNet.
(i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) GT. The fusion results are presented in the first and third rows, while the
corresponding AEMs are listed in the second and fourth rows.

Fig. 7. Qualitative evaluation results on a full-scale sample acquired by QB dataset. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN.
(h) PanNet. (i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) PAN.

TABLE V
QUANTITATIVE COMPARISON ON WV3 RSTESTING
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Fig. 8. Qualitative evaluation results on a reduced-scale sample acquired by WV3 dataset. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN.
(h) PanNet. (i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) GT. The fusion results are presented in the first and third rows,
while the corresponding AEMs are listed in the second and fourth rows.

Fig. 9. Qualitative evaluation results on a full-scale sample acquired by WV3 dataset. (a) EXP. (b) C-BDSD. (c) BT-H. (d) AWLP. (e) MF. (f) FS. (g) PNN.
(h) PanNet. (i) BDPN. (j) TANI. (k) TRRNet. (l) MSSTN. (m) RSANet. (n) CMLNet. (o) Ours. (p) PAN.

TABLE VI
QUANTITATIVE COMPARISON ON WV3 FSTESTING

G. Ablation Experiments

Our proposed method consists of two encoders and PINF,
and in order to verify the effectiveness of the components,

we performed the corresponding ablation experiments on each
component. The results of the experiments are shown in Fig. 10
and Table VII, where it can be seen that our method performs the
best in terms of fusion quality while demonstrating the fewest
residuals in the AEMs. In addition, since the main innovation
of the proposed method lies in the PINF, it can be seen that
the fusion quality is significantly reduced when the PINF is
removed, which can also be seen in the quantitative experimental
results.

In addition, to verify the implicit representation capability
of the proposed PINF, we compare it with four commonly
used explicit interpolation techniques. We only change the
upsampling method in the model with all other experimen-
tal settings identical. The experimental results are shown in
Fig. 11 and Table VIII. It can be clearly seen that our method
demonstrates the best edge details, while the AEMs can further
demonstrate the superiority of the proposed method. Besides, the
performance of our method is far ahead of the performance of
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TABLE VII
QUANTITATIVE RESULTS OF ABLATION EXPERIMENTS CONDUCTED FOR EACH COMPONENT OF THE PROPOSED PINFNET

TABLE VIII
QUANTITATIVE RESULTS OF ABLATION EXPERIMENTS CONDUCTED FOR DIFFERENT INTERPOLATION METHODS

TABLE IX
QUANTITATIVE COMPARISON OF EFFICIENCY ON WV3 DATASET

Fig. 10. Qualitative results of ablation experiments conducted for each component of the proposed PINFNet. (a) w/o Eδ . (b) w/o Eϕ. (c) w/o PINF. (d) Ours.
(e) GT.

other methods in all the metrics, which greatly indicates that
PINF is more suitable for the upsampling requirement in the
fusion process.

H. Efficiency Analysis

We validate the efficiency of each method in three as-
pects: model complexity (Params), computational complexity
(FLOPs), and time complexity (testing time). As shown in
Table IX, our method ranks medium on the three metrics.
Specifically, our method is second only to PNN, TANI, and
RSANet in terms of the number of parameters, and second only
to PNN, PanNet, TANI, and CMLNet in terms of the amount of
computation. In addition, in order to show the relationship be-
tween fusion performance and fusion efficiency more intuitively,
we visualize the corresponding scatter plots. As illustrated in
Fig. 12, our methodology achieves the best balance between
fusion performance and efficiency.

V. DISCUSSION

Existing methods use discrete sampling techniques to sample
images or features of different scales to the same scale, which
tends to result in the loss of critical information. To alleviate
this effect, we propose PINFNet inspired by INR. The proposed
PINFNet establishes a coordinate modal relationship between
spatial information in the HR domain and spectral information
in the LR domain through continuous coordinate mapping.
Subsequently, features at various scales are fused within the
continuous domain, enabling high-fidelity fusion. The results
of Section IV-D–F demonstrate that the proposed PINFNet is
capable of achieving superior fusion outcomes with better spatial
and spectral retention. Section IV-G validates the efficacy of
the proposed methodology. Furthermore, the efficiency analysis
section shows that our method effectively restricts the model
parameters and computational complexity, which is attributed
to the utilization of only two MLP layers in the fusion stage.
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Fig. 11. Qualitative results of ablation experiments conducted for different interpolation methods. (a) Bicubic interpolation. (b) Bilinear interpolation.
(c) PixelShuffle. (d) Transpose. (e) Proposed PINF. (f) GT.

Fig. 12. Analysis of fusion performance and fusion efficiency.

Fig. 13. Visualization of intermediate features in the proposed PINFNet.

However, the proposed PINF requires to compute the coordi-
nates of different modal images to establish positional asso-
ciations, an operation that increases the computational effort
and runtime of the model to some extent. Overall, our method
achieves a better balance between fusion performance and ef-
ficiency. In addition, we visualize the intermediate features of
the model. An instance with images from the GF2 dataset is
delivered, as shown in Fig. 13. It is apparent that there is
no misalignment of different modal features during the fusion

process, which further validates the effectiveness of the proposed
PINFNet.

VI. CONCLUSION

In order to avoid the misalignment issue arising from
the use of discrete sampling techniques, we propose a novel
PINFNet. The proposed PINFNet establishes a coordinate modal
relationship between spatial information in the HR domain
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and spectral information in the LR domain through continuous
coordinate mapping. Subsequently, features at various scales
are fused within the continuous domain, enabling high-fidelity
fusion. Numerous experiments have proved the effectiveness
and superiority of the proposed methodology. However, the
proposed method has much room for improvement in terms of
timeliness. As PINFNet necessitates computing the coordinates
of diverse modal data in the continuous domain during
the fusion stage in order to establish positional correlation,
this significantly elevates the computational complexity and
runtime. In future work, we will optimize the proposed method
to further improve the fusion performance and efficiency.
We will attempt to perform local region-wide coordinate
mapping to alleviate the computational burden of pixelwise
computation.
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