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Abstract

Recently, implicit neural representations (INR) have made significant strides in
various vision-related domains, providing a novel solution for Multispectral and
Hyperspectral Image Fusion (MHIF) tasks. However, INR is prone to losing
high-frequency information and is confined to the lack of global perceptual capa-
bilities. To address these issues, this paper introduces a Fourier-enhanced Implicit
Neural Fusion Network (FeINFN) specifically designed for MHIF task, targeting
the following phenomena: The Fourier amplitudes of the HR-HSI latent code
and LR-HSI are remarkably similar; however, their phases exhibit different pat-
terns. In FeINFN, we innovatively propose a spatial and frequency implicit fusion
function (Spa-Fre IFF), helping INR capture high-frequency information and ex-
panding the receptive field. Besides, a new decoder employing a complex Gabor
wavelet activation function, called Spatial-Frequency Interactive Decoder (SFID),
is invented to enhance the interaction of INR features. Especially, we further
theoretically prove that the Gabor wavelet activation possesses a time-frequency
tightness property that favors learning the optimal bandwidths in the decoder. Ex-
periments on two benchmark MHIF datasets verify the state-of-the-art (SOTA)
performance of the proposed method, both visually and quantitatively. Also, abla-
tion studies demonstrate the mentioned contributions. The code can be available at
https://github.com/294coder/Efficient-MIF.

1 Introduction

Hyperspectral imaging captures scenes across contiguous spectral bands, offering intricate details
compared to traditional single or limited-band images, and improving computer vision application
accuracy, such as target recognition, classification [47], tracking, and segmentation [12, 38, 39, 37, 44,
48, 49]. However, practical optical sensors face challenges in balancing spatial resolution and spectral
precision. Images with over 100 bands often exhibit lower spatial resolution, while those with fewer
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Figure 1: Comparison of our method with other methods on the CAVE(� 4, � 8) and Harvard(� 4,
� 8) datasets. Closer to the top-right corner indicates better performance and the size of the circle
indicates the number of parameters in the model.

bands display higher spatial resolution. Efforts for MHIF are underway to fuse high spatial-resolution
multispectral images (HR-MSI) with low spatial-resolution hyperspectral images (LR-HSI) to �nally
obtain high spatial-resolution hyperspectral images (HR-HSI). Actually, MHIF technology could fuse
hyperspectral images with multispectral images, extracting information not detectable by HR-MSI to
enhance richness and precision. Recent MHIF literature explores model-based approaches [8, 9, 45]
and deep learning methods [17, 10, 3, 54]. While model-based methods leverage image priors,
challenges persist in obtaining high-�delity, low-distortion HR-HSI due to the lack of large-scale
training datasets. Among deep-learning approaches, CNN-based networks for HR-MSI and LR-HSI
tend to be limited and lack interpretability for MHIF tasks and Transformer frameworks [15, 7]
address the small receptive �eld of CNN but bring greater computational overhead.

In recent years, implicit representations of 3D scenes have garnered signi�cant attention from
researchers. For instance, Neural Radiance Field [43] models 3D static scenes by mapping coordinates
to signals through a neural network. Inspired by this, researchers have revisited image representation
for 2D tasks. Recent studies [5, 20, 34, 4] have achieved arbitrary-scale super-resolution (SR) by
replacing commonly used upsampling layers with local implicit image functions. Though these
methods demonstrate superior performance in 2D tasks, they still have some drawbacks.Firstly, INR
calculates the RGB values of a queried coordinate based on the relative distances to the surrounding
four pixels, treating it as a local operation in space that lacks consideration for global information.
Additionally, the MLP-ReLU structure used in traditional INR inherent high-frequency information
bias [29] which is challenging to be eliminated during training.

To address these issues, we propose implicit fusion functions tailored for the MHIF task as a novel
fusion paradigm. We �rst employ encoders to extract prior information from LR-HSI and HR-MSI,
which is then fed into the implicit fusion functions in the form of latent codes. Unlike traditional INR,
we transform latent codes into the Fourier domain and simultaneously perform spatial and frequency
fusion in a uni�ed network. This approach not only recti�es the high-frequency insensitivity induced
by the MLP but also effectively extends the receptive �eld, encompassing a more comprehensive
scope of global information. To integrate spatial and frequency domain representations ef�ciently,
we design a decoder with time-frequency tightness, mapping features on both domains to pixel space.
The contributions of this work are three folds:

• We de�ne a novel fusion framework based on INR, which innovatively extracts information
from the spatial and Fourier domains, effectively enhances the representation ability of
high-frequency information, and expands the receptive �eld.

• We propose a new decoder employing a Gabor wavelet activation function to enhance
the interaction of INR features. Furthermore, we theoretically prove that the complex
Gabor wavelet activation possesses a time-frequency tightness property, which facilitates
the decoder in learning the optimal bandwidths.

• The proposed network reaches state-of-the-art (SOTA) performance on the MHIF task
across two widely used hyperspectral datasets at various fusion ratios. Fig. 1 provides a fair
comparison with other SOTA methods.
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