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Abstract
The booming remote sensing (RS) technology is giving rise
to a novel multimodality generalization task, which requires
the model to overcome data heterogeneity while possess-
ing powerful cross-scene generalization ability. Moreover,
most vision-language models usually describe surface mate-
rials using universal texts, lacking proprietary linguistic prior
knowledge specific to different RS modalities. In this work,
we formalize RS multimodality generalization (RSMG) as a
learning paradigm, and propose a frequency-aware vision-
language multimodality generalization network (FVMGN)
for RS image classification. Specifically, a diffusion-based
training-test-time augmentation (DTAug) strategy is designed
to reconstruct multimodal land-cover distributions, enriching
input information for FVMGN. Following that, to overcome
multimodal heterogeneity, a multimodal wavelet disentangle-
ment (MWDis) module is developed to learn cross-domain
invariant features by resampling low and high frequency com-
ponents in the frequency domain. Considering the character-
istics of RS vision modalities, shared and proprietary class
texts is designed as linguistic inputs for the transformer-
based text encoder to extract diverse text features. For mul-
timodal vision inputs, a spatial-frequency-aware image en-
coder (SFIE) is constructed to realize local-global feature re-
construction and representation. Finally, a multiscale spatial-
frequency feature alignment (MSFFA) module is suggested
to construct a unified semantic space, ensuring refined mul-
tiscale alignment of different text and vision features in spa-
tial and frequency domains. Extensive experiments show that
FVMGN has the excellent multimodality generalization abil-
ity compared with state-of-the-art methods.

Code — https://github.com/ZJier/FVMGN

Introduction
Deep learning, as a catalyst for the rapid development of re-
mote sensing image classification (RSIC), has elevated the
efficiency and accuracy to a new degree for RSIC task, pro-
moting innovative research and practical applications within
the RS community (Qu et al. 2024; Kuckreja et al. 2024;
Guo et al. 2024b). Recently, with the development of sensor
and satellite technologies, types of RS images are becom-
ing increasingly diverse, such as hyperspectral (HS) image,
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light detection and ranging (LiDAR) image, and synthetic
aperture radar (SAR) image, which have distinct data char-
acteristics (Li et al. 2022). For different RS data, numer-
ous advanced single-modal RSIC methods have emerged
(Wang et al. 2018; Imani 2025; Zhang et al. 2025).

Real-world tasks usually require models to adapt to un-
seen RS scenes, while single-modal RSIC methods face lim-
itations in domain generalization (DG) (Zhang et al. 2023a;
Wang et al. 2024a). Based on this, single-modal RSDG
methods have sprouted up everywhere. It refers to training
a model using RS data from a scene, hoping that the model
achieves good generalization performance on new and un-
seen scenes. This task requires the model to learn robust and
domain-invariant features that can adapt to data distribution
characteristics from the target domain (Chu et al. 2024; Zhao
et al. 2023b; Qin et al. 2024). In addition, modality types
are becoming increasingly diverse, which reflects geomor-
phic structures comprehensively while posing challenges to
single-modal RSIC methods. Given this, multimodal RSIC
methods have developed rapidly. It refers to performing clas-
sification tasks using RS data obtained from different sen-
sors, namely various modality data, such as HS and LiDAR
data (Guo et al. 2024a; Zhang et al. 2024e). This task re-
quires that the model learn the complementarity and similar-
ity between different modalities, realizing multimodal inter-
action while overcoming the data heterogeneity (Tang et al.
2024; Jia et al. 2020).

However, multimodal RSIC-based methods are usually
required to have the capability to effectively adapt to un-
seen new scenes, where multimodal heterogeneity and dis-
tribution differences are urgent problems that need to be ad-
dressed in practical applications. Therefore, a novel and in-
teresting task, RS multimodality generalization (RSMG)
for image classification, comes into being, which requires
the algorithm to consider multimodality heterogeneity and
generalization simultaneously. RSMG requires that a well-
trained model on the source domain can show excellent gen-
eralization ability on the target domain under the premise
where multimodal training data and test data are mutually
unseen. RSMG aims to more effectively reflect the geo-
graphical environment and urbanization process in differ-
ent regions, which can provide crucial support for multi-
perspective and cross-regional disaster monitoring, resource
management and land planning.
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In this paper, we propose a frequency-aware vision-
language multimodality generalization network (FVMGN)
for RSIC, which can achieve the joint representation for
land-cover distribution in spatial and frequency domains.
In the pre-processing phase, we design a diffusion-based
training-test-time augmentation (DTAug) strategy to achieve
multimodal land-cover distribution reconstructions, enhanc-
ing the input diversity. In the feature interaction phase, we
develop a multimodal wavelet disentanglement (MWDis)
module, which can learn cross-domain invariant features
while achieving multimodal feature interaction. In the fea-
ture extraction phase, we design a spatial-frequency-aware
image encoder (SFIE) to achieve spatial and multi-frequency
analysis by integrating wavelet transform into CNN and ViT.
In the feature alignment phase, we develop a multiscale
spatial-frequency feature alignment (MSFFA) module to re-
alize multi-level supervision between text and vision fea-
tures, thereby further improving multimodality generaliza-
tion ability. Contributions of this work are as follows.

• We formalize RSMG as a learning paradigm, and pro-
pose a FVMGN for RSIC.

• Shared and proprietary texts are designed to reflect gen-
eral and modality-specific geospatial attributes.

• MWDis module is designed to realize the multimodal in-
formation interaction, helping the network learn domain-
invariant generalization features.

• SFIE is developed by integrating wavelet transform, con-
volution, and self-attention to realize local-global spatial-
frequency feature extraction.

• MSFFA module is developed to achieve fine multiscale
vision-vision and vision-text feature alignments in spatial
and frequency domains.

Related Works
Vision-Language Model (VLM)
VLM aims to learn the complex relationships between im-
age and text, enabling more accurate decision-making and
reasoning (Radford et al. 2021; Zhang et al. 2024b). Cur-
rently, diverse VLM-based methods have emerged in var-
ious fields, such as visual question answering (Guo et al.
2023a), image captioning (Rotstein et al. 2024), text-to-
image retrieval (Zhang et al. 2024a), and more. In view of
this, researchers have explored how VLMs perform on the
RSIC task (Wang et al. 2024b). Zhang et al. (2023b) de-
scribed coarse-grained and fine-grained texts as linguistic
prior knowledge based on class names for HS image classi-
fication, serving as effective text-based soft connections for
different targets. Yang et al. (2024) refined the class name
descriptions based on intrinsic attributes, and utilized the at-
tention mechanism to fuse text and vision features, effec-
tively achieving joint HS and LiDAR data classification.

Denoising Diffusion Probabilistic Model (DDPM)
DDPM is a generative model that reconstructs data dis-
tribution by adding noise in the forward process and re-
moving noise in the reverse process (Ho, Jain, and Abbeel
2020). DDPM has been widely applied in various fields,

……
………… …………

……

Modality 1

…

Modality K

……

……

Modality KModality KModality 1Modality 1

Learning Generalization
Prediction Function: 

          Minimizing: 

……
1( )S

XY
P 2( )S

XYP
( )KS

XYP

11, ,i n=
( )( ) ( ),K K

i ix y( )(1) (1),i ix y

1( )T

XY
P 2( )T

XYP
( )KT

XYP

( )(1) (1),j jx y

11, ,j n=1, , Ki n=
( )( ) ( ),K K

j jx y

1, ,
K

j n=

:f X Y→

( ) ( )( )( ),1
error min ,

k

K

x ykf
f x y=

 =  

……
…… ……

……

Modality 1

…

Modality K

……

…

Modality KModality 1

Learning Generalization
Prediction Function: 

          Minimizing: 

……
1( )S

XY
P 2( )S

XYP
( )KS

XYP

11, ,i n=
( )( ) ( ),K K

i ix y( )(1) (1),i ix y

1( )T

XY
P 2( )T

XYP
( )KT

XYP

( )(1) (1),j jx y

11, ,j n=1, , Ki n=
( )( ) ( ),K K

j jx y

1, ,
K

j n=

:f X Y→

( ) ( )( )( ),1
error min ,

k

K

x ykf
f x y=

 =  

Figure 1: Problem definition for RSMG.

such as image generation (Zhao et al. 2024), image super-
resolution (Yuan and Yuan 2024), and image restora-
tion (Zhu et al. 2023). In recent years, DDPM with power-
ful data generation capability has shone in RSIC field (Chen
et al. 2023; Zhang et al. 2024d). Chen et al. (2023) recon-
structed the spectral-spatial land-cover distribution through
the noise addition and denoising processes in DDPM, con-
firming its effectiveness in HS image classification tasks.
Zhang et al. (2024d) considered the land-cover distribu-
tion reconstructed by DDPM as an unsupervised genera-
tive knowledge, which is combined with HS data to achieve
competitive classification results.

Wavelet Transform (WT)
Recently, the synthesis of WT and neural network has made
a remarkable success in the computer vision field (Kork-
maz, Tekalp, and Dogan 2024). WT can decompose im-
age data into multiple frequency signals, realizing multi-
frequency analysis and feature reconstruction for image in-
formation (Seydi, Bozorgasl, and Chen 2024; Gao et al.
2024). Finder et al. (2025) proposed wavelet convolution by
combining WT and convolution operations, which proved
to have a larger receptive field than vanilla convolution.
Inspired by the above works, researchers have begun to
explore the application of WT on RSIC tasks. Ahmad
et al. (2024) applied WT for reversible down-sampling to
achieve lossless compression for feature maps while enhanc-
ing structure and shape information in spatial and channel
dimensions. Seydi, Bozorgasl, and Chen (2024) treated the
wavelet function as a learnable activation function to achieve
nonlinear mapping, which allows the Kolmogorov-Arnold
network to mine multiscale spatial-spectral patterns.

Methodology
Problem Definition
As shown in Fig. 1. Let X be the input space, Y be the output
(label) space, and domain is represented by the joint distribu-
tion PXY over the input samples X and labels Y on X ×Y .
Given K RS modalities S = {Sk = {(x(k)

nk , y
(k)
nk )}}Kk=1 ∼
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Figure 2: Overview of FVMGN. It consists of five components: DTAug, MWDis, SFIE, TTE, and MSFFA.

P
(Sk)
XY , where nk denotes the number of samples in the k-

th modality Sk, and P
(Sk)
XY ̸= P

(Sk′ )
XY , k ̸= k′; k, k′ ∈

{1, . . . ,K}. RSMG aims to learn a prediction model f :
X → Y using only the multimodal data from the source
domain, such that the model f minimizes the prediction er-
ror errorT on K unseen target modalities T = {Tk =

{(x(k)
mk , y

(k)
mk)}}Kk=1 ∼ P

(Tk)
XY , ∀k ∈ {1, . . . ,K}. Here, mk

denotes the number of samples in the k-th target modality
Tk, and P

(Tk)
XY ̸= P

(Tk′ )
XY ̸= P

(Sk)
XY ̸= P

(Sk′ )
XY , k ̸= k′; k, k′ ∈

{1, . . . ,K}. This means that prediction model f trained on
the source domain can generalize well even without access
to the target domain during the training phase. The errorT
is defined as:

errorT = min
f

(
K∑

k=1

E(x,y)∈Tk
[L (f (x) , y)]

)
, (1)

where E denotes the expectation, and L is the loss function.

Overview
As shown in Fig. 2, FVMGN is composed of the DTAug,
MWDis, SFIE, transformer-based text encoder (TTE), and
MSFFA. These sub-parts form a powerful whole, each with
different tasks. 1) DTAug utilizes the DDPM to reconstruct
multimodal land-cover distributions, enriching model in-
puts. 2) MWDis performs feature disentanglement in the
frequency domain, learning cross-domain-invariant feature
representation. 3) SFIE organically integrates wavelet trans-
form (WT), convolution operations, and attention mech-
anism, which can realize multi-frequency analysis in the
frequency domain while extracting local-global features in
the spatial domain. 4) MSFFA performs multiscale feature
alignments in wavelet and spatial domains, thereby achiev-
ing more refined positive sample pair matching. Finally, the
classification result can be obtained by the maximum score
strategy with two linear classifiers.

DTAug
Motivated by DDPM (Ho, Jain, and Abbeel 2020), we ex-
plore its effectiveness in data augmentation, and design
a novel multimodal RS data augmentation strategy, called
DTAug, which enriches the input of FVMGN by recon-
structing multimodal land-cover distribution, enhancing the
cross-scene generalization ability (refer to Supp. Fig. 1).
Firstly, we feed the RS data from the two modalities into the
DDPM based on 3D UNet (Zhang et al. 2024d) to generate
the reconstructed and unsupervised land-cover distributions.
Secondly, we perform principal component analysis (PCA:
30) on the original and diffusion-enhanced RS data, and con-
catenate the reduced data on the channel dimension, thereby
obtaining obtain new multimodal input data. In addition, the
obtained RS data is cropped into patches with the same size,
and geometry augmentation based on patches is performed
to further increase the diversity, such as flip augmentation
and radiation augmentation. Notably, the entire land-cover
distribution generation process is unsupervised in DTAug,
and the multimodal RS data from source and target domains
are mutually unseen in training and test phase.

MWDis
For various types of RS data, the interaction and fusion pro-
cess between modalities are key to achieve accurate land-
cover classification. As shown in Fig. 3, we utilize wavelet
decomposition to achieve image disentanglement for multi-
modal data, which allows for learning cross-domain invari-
ant features while overcoming multimodality heterogene-
ity. Taking HS and LiDAR modalities as examples, they
are decomposed into a low-frequency component Fll (low-
low (LL) frequency) and a set of high-frequency compo-
nents Fh (high-low/low-high/high-high (HL/LH/HH) fre-
quencies). LL frequency component usually contains higher
energy, and resampling it can change the source sample
style (Guo et al. 2023b). Therefore, to enhance sample diver-
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Figure 3: Structure of MWDis module.

sity, we model LL frequency component as the multivariate
Gaussian distribution, as follows:

F̂ll = Fll + ρσ
[
Fll
]
,

σ2
[
Fll
]
=

1

N

N∑
n=1

[
Fll

n − µ
[
Fll

n

]]2
,

(2)

where {ρ ∽ N (0, α), α ∈ [0, 1]} denotes the strength of do-
main shifts, F̂ll is the resampled LL frequency feature, and
N is batch size. µ[·] and σ[·] represent the mean and stan-
dard deviation, respectively. In addition, the resampled LL
frequency features F̂ll

v1 and F̂ll
v2 are calculated as spatial at-

tention (SpatAttn) (Woo et al. 2018) matrix, which is acted
on the convolution (Conv) features of another modality. The
subscripts v1 and v2 represent two vision modalities, respec-
tively. This process can be expressed as follows:

Fll
I1 = SpatAttn(F̂ll

v2)⊗ Conv
(
Fll

v1

)
, (3)

where Fll
I1 is the weighted low-frequency feature of vision

modality 1, and ⊗ denotes element-wise multiplication op-
eration. Similarly, we can obtain the weighted LL frequency
feature Fll

I2 of vision modality 2.
HL/LH/HH frequencies are usually sharp semantics, with

the most noticeable intensity changes occurring at bound-
aries between adjacent ground objects (Li, Gao, and He
2023). Given this, we perform gradient-map-based resam-
pling on high frequencies, which can capture relative inten-
sity variations as the modality generalization representation.
Gradient-map resampling G(·) is formulated by:

G
(
Fh
)
= HE

(√
(Fhl)

2
+ (Flh)

2
+ (Fhh)

2

)
, (4)

where HE(·) represents the histogram equalization. Sim-
ilarly, we can obtain the weighted features of HL/LH/HH
frequencies through Eq.(3). After the frequency interaction
mentioned above, we perform an inverse wavelet transform
on the resampling frequency components to achieve the ef-
fective feature reconstruction.

Vision & Language Feature Representation
The vision and language feature representation phase con-
tains a TTE and two SFIEs, as shown in Fig. 2.

LLMsUser

Shared Text Description: A remote sensing image of Roads.

HS-based Text Description: Roads are usually next to … and 

trees, appearing … spectrum, with a … texture.

LiDAR-based Text Description: Roads are … and consistent 

elevations, which contrast sharply with the surrounding trees.

Blue: Modal Attributes Green: Inter-class Relationships

Requirement 1: Please provide a short text 

that describes <Roads> … .

Requirement 2: Please provide a short, [HS 

/LiDAR]-based text of <Roads> … .

Requirement 1: Please provide a short text 

that describes <Roads> … .

Requirement 2: Please provide a short, [HS 

/LiDAR]-based text of <Roads> … .

LLMsUser

Shared Text Description: A remote sensing image of Roads.

HS-based Text Description: Roads are usually next to … and 

trees, appearing … spectrum, with a … texture.

LiDAR-based Text Description: Roads are … and consistent 

elevations, which contrast sharply with the surrounding trees.

Blue: Modal Attributes Green: Inter-class Relationships

Requirement 1: Please provide a short text 

that describes <Roads> … .

Requirement 2: Please provide a short, [HS 

/LiDAR]-based text of <Roads> … .

Figure 4: Different types of class text descriptions (Class:
[Roads] as an example).

TTE As shown in Fig. 4, considering the uniqueness
and commonality of multimodal RS data, we design the
shared and modality-specific (proprietary) text descriptions
for class names by the large language model and manual
fine-tuning. The shared text provides general linguistic in-
formation. Proprietary texts provide linguistic prior knowl-
edge for vision feature representation in modal attributes and
inter-class relationships, such as Class [Roads]: 1) HS modal
attributes [Roads appear gray and brown in the visible spec-
trum, with a uniform and smooth texture]. 2) Inter-class re-
lationships [Roads are usually next to sidewalks, buildings,
and trees]. As shown in Fig. 2, TTE is a language model-
based transformer without pre-training (Vaswani et al. 2017;
Radford et al. 2019). Similar to CLIP, TTE utilizes a lower-
cased byte pair encoding (BPE) for feature representation
of the different text descriptions, where the vocabulary size
and maximum sequence length are 49,152 and 76 (Sennrich,
Haddow, and Birch 2015), respectively.

SFIE To achieve full-domain spatial-frequency feature ex-
traction, we design the SFIE with a fully residual grouping
convolution module (FRGCM) and a spatial-frequency dual-
branch backbone. For FRGCM, we apply 3× 3 Conv layers
between two 1 × 1 Conv (channel transformation) layers to
facilitate inter-group feature interaction and fusion, enhanc-
ing feature diversity (refer to Supp. Fig. 2).

Spatial-frequency dual-branch backbone mainly consists
of a wavelet convolution transformer mixer (WCTMixer)
and a convolution transformer mixer (CTMixer), where CT-
Mixer is applied to extract local-global spatial feature ac-
cording to (Zhao et al. 2023a), as shown in Fig. 2. For WCT-
Mixer, we design a multi-head wavelet self-attention (MH-
WSA) mechanism using WT. Specifically, the input feature
is decomposed into different frequency components using
WT, which are considered as different parallel heads accord-
ing to their properties for self-attention. Here, we take LL
frequency as an example to illustrate the above process:

Zll
out = CPool

(
WSA

(
Qll,Kll,Vll,Cll

))
,

Qll,Kll,Vll,Cll = Re
(
Chunk

(
Conv

(
Zll
)))

,

Zll,Zhl,Zlh,Zhh = WT(Zin) ,

(5)
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Figure 5: Structure of MHWSA mechanism.

where Zin represents the input of the MHWSA mechanism.
Zll, Zhl, Zlh and Zhh are different frequency components.
Re(·), Chunk(·), CPool(·) and WSA(·) represent reshape,
chunking, channel pooling, and wavelet self-attention. Qll,
Kll, Vll, and Cll are intermediate features. Zll

out is the out-
put feature of CPool(·). Similarly, we apply Eq.(5) to obtain
the output features (Zhl

out, Z
lh
out, Z

hh
out) for the other frequen-

cies. Finally, output feature Zout of MHWSA is acquired
through the inverse WT (IWT), as follows:

Zout = IWT
(
Zll

out,Z
hl
out,Z

lh
out,Z

hh
out

)
. (6)

In summary, SFIE utilizes the FRGCM to mine grouping-
interactive feature information, and then applies WCTMixer
and CTMixer to capture discriminative local-global vision
features from the spatial and frequency domains, enhancing
the model representation ability.

MSFFA
In VLMs, the contrastive learning-based vision-text feature
alignment allows matching image-text pairs to be closer in
the same embedding space, thereby understanding the rela-
tionships between image and text (Radford et al. 2021).

As shown in Fig. 6, compared with traditional RS vision-
text feature alignment methods (Zhang et al. 2023b; Wang
et al. 2024b; Yang et al. 2024), we consider the follow-
ing three aspects in MSFFA. 1) Multiscale characteristics:
MSFFA aligns the multiscale vision features and text fea-
tures obtained from the multiscale projection heads, which
enables a more refined understanding for vision-text pairs,
enhancing overall generalization on RSMG tasks. 2) Joint
spatial-frequency domain: MSFFA performs the multi-
scale feature alignment in the spatial domain while uti-
lizing WT to decouple spatial features into the LL and
LH frequency components, achieving multiscale and multi-
frequency feature alignment in the frequency domain. 3)
Multimodal vision-vision feature alignment: Most VLMs
focus on the feature alignment for vision-text pairs, while
neglecting the complementarity between vision features, es-
pecially for RSMG tasks. In view of this, MSFFA applies
cosine similarity to design vision-vision feature alignment
losses, enhancing multimodal representation capability. In
addition, vision-text feature alignment losses refer to the
contrastive learning (Radford et al. 2021) in implementa-
tion, and the final loss contains multiscale spatial-frequency
vision-vision and vision-text alignment losses, such as LS

vis,
LS
svt, LF

mvt-1, and LF
mvt-1 in Fig. 2.

Vision-1 Heads Language Heads Vision-2 HeadsVision-1 Heads Language Heads Vision-2 Heads

Multiscale Spatial-Frequency Feature Alignment

Cosine Similarity Contrastive Learning

1D Wavelet Transform (LL-LH)

Cosine Similarity Contrastive Learning

VFea1 VFea2 FVFea STFea MTFea1VFea1 VFea2 MTFea2VFea1 VFea2 FVFea STFea MTFea1VFea1 VFea2 MTFea2

LL LL LL LL LLLL LL LLLL LL LL LL LLLL LL LL

LH LH LH LH LHLH LH LHLH LH LH LH LHLH LH LH
VFre1 VFre2 FVFre STFre MTFre1VFre1 VFre2 MTFre2VFre1 VFre2 FVFre STFre MTFre1VFre1 VFre2 MTFre2

[VFea/FVFea/STFea/MTFea] & [VFre/FVFre/STFre/MTFre]:

[Vision/Fusion/Shared/Proprietory Text] [Feature] [Frequency]

Vision-1 Heads Language Heads Vision-2 Heads

Multiscale Spatial-Frequency Feature Alignment

Cosine Similarity Contrastive Learning

1D Wavelet Transform (LL-LH)

Cosine Similarity Contrastive Learning

VFea1 VFea2 FVFea STFea MTFea1VFea1 VFea2 MTFea2

LL LL LL LL LLLL LL LL

LH LH LH LH LHLH LH LH
VFre1 VFre2 FVFre STFre MTFre1VFre1 VFre2 MTFre2

[VFea/FVFea/STFea/MTFea] & [VFre/FVFre/STFre/MTFre]:

[Vision/Fusion/Shared/Proprietory Text] [Feature] [Frequency]

Figure 6: Structure of MSFFA module.

Experiments
Experimental Setup
Datasets We select three public multimodal datasets for
the experiments, namely the HS-LiDAR MUUFL (Gader
et al. 2013), Trento (Hong et al. 2020), and Houston 2013
(HU2013) (Debes et al. 2014) datasets. For the above three
datasets, we select three common classes for generalization
analysis, namely, [Trees], [Roads], and [Buildings], which
show significant differences in land-cover distribution across
different datasets (details are provided in Supp. Table 1
& Fig. 3). In addition, to accommodate various types of
real-world tasks, we perform mutual RSMG among three
datasets, meaning each dataset can serve as the source do-
main (SD) and the target domain (TD), namely SD↔TD:
MUUFL↔Trento↔HU2013 (MU↔TR↔HU).

Implementation Details We select several types of SOTA
methods for comparison, including 1) multimodality-based
methods: MFT (Roy et al. 2023), MsFE-IFN (MsFE) (Guo
et al. 2024a), and CMFAEN (CFEN) (Zhang et al. 2024e);
2) DDPM-based method: DKDMN (DKDN) (Zhang et al.
2024d); 3) DG-based methods: SDENet (SDEN) (Zhang
et al. 2023a), LLURNet (LLURN) (Zhao et al. 2023b),
FDGNet (FDGN) (Qin et al. 2024), TFTNet (TFTN) (Zhang
et al. 2024c), ADNet (Zhao et al. 2025), and ISDGS (Gao
et al. 2025); 4) VLM & DG-based methods: EHSNet
(EHSN) (Wang et al. 2024b), and LDGNet (LDGN) (Zhang
et al. 2023b). Secondly, the learning rate, batch size, patch
size, and epoch of FVMGN are set to 0.001, 128, 11, and 20.
Adam optimizer and cosine annealing scheduler are used for
parameter optimization and learning rate adjustment. In ad-
dition, we select 10% samples in the source domain for train-
ing and generalize the well-trained model to all test samples
in the target domain, and experiments are conducted on the
PyTorch framework. For the reproducibility, we will release
the adjusted datasets and source code soon.

Evaluation Metrics We apply overall accuracy (OA), av-
erage accuracy (AA), and kappa coefficient (Kappa) to as-
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SD→TD Metric MFT MsFE CFEN DKDN SDEN LLURN FDGN TFTN ADNet ISDGS EHSN LDGN FVMGN

OA 77.59 83.98 82.82 78.95 78.14 78.23 80.11 76.32 80.36 80.27 77.58 83.17 92.44
AA 61.46 73.60 70.75 64.48 63.75 63.17 65.62 60.44 66.03 66.51 63.09 72.36 88.58MU→TR

Kappa 53.54 69.25 66.81 58.08 60.22 60.49 64.14 56.15 64.67 64.59 58.49 69.65 86.59

OA 27.64 16.93 23.17 13.38 61.60 60.11 56.20 67.96 70.39 65.24 41.06 49.68 93.19
AA 27.63 15.28 19.51 13.43 65.58 64.93 61.41 70.98 75.13 71.12 41.85 51.09 93.28MU→HU

Kappa 9.930 26.73 21.04 30.22 43.83 42.16 36.81 52.73 56.93 49.86 14.16 24.76 89.64

OA 23.32 20.66 26.75 29.05 69.11 66.68 57.80 66.66 73.90 51.12 71.01 74.88 82.87
AA 38.00 35.13 45.34 48.15 60.96 59.19 55.28 60.43 64.02 51.45 60.24 63.01 78.29HU→TR

Kappa 1.530 4.120 6.300 10.10 49.01 45.42 36.06 45.81 55.49 28.18 47.78 55.55 69.93

OA 17.82 48.38 18.60 46.31 62.25 48.47 22.26 40.65 51.41 41.39 64.73 80.41 82.33
AA 31.95 28.21 33.29 47.07 44.36 42.66 35.58 43.11 42.03 41.90 37.67 74.38 76.85HU→MU

Kappa 4.130 11.79 0.070 10.37 24.74 17.80 3.610 14.48 16.26 14.53 5.610 64.14 66.44

OA 28.94 11.11 23.36 25.06 53.84 58.51 56.17 77.89 69.53 72.75 43.76 67.74 89.46
AA 27.76 10.51 19.41 27.12 56.80 61.11 59.27 80.21 71.84 75.53 44.25 68.30 90.47TR→HU

Kappa 6.450 32.19 20.27 9.390 31.64 38.26 35.32 67.10 54.61 59.62 16.59 51.32 84.12

OA 66.50 68.66 62.09 49.60 67.72 70.98 66.64 63.20 68.77 67.11 73.99 74.42 90.01
AA 45.65 58.56 45.77 49.06 44.19 52.54 39.48 46.64 44.67 45.32 60.67 62.45 86.94TR→MU

Kappa 22.86 43.64 24.63 24.98 23.66 37.12 14.62 23.65 22.55 24.08 44.99 53.05 81.27

Table 1: Classification results (%) of different methods on several multimodality generalization combinations.

sess model performance. To ensure fairness, we calculated
the mean values of OA, AA, and Kappa from 10 indepen-
dent experiments for comparative analysis.

Comparison with SOTA Methods
Quantitative Analysis As shown in Table 1, compara-
tive experiments are conducted on six dataset combinations
(SD↔TD: MU↔TR↔HU). Overall, FVMGN achieves
92.44%, 93.19%, 82.87%, 82.33%, 89.46%, and 90.01%
in OAs, respectively, demonstrating competitive classifica-
tion performance compared with SOTA methods. It mainly
benefits from two aspects: 1) FVMGN can focuses on mul-
timodal heterogeneity and cross-scene generalization com-
pared with DDPM-based (DKDN), multimodality-based
(SDEN, LLURN, FDGN, TFTN, ADNet, and ISDGS) and
DG-based (EHSN and LDGN) methods, achieving the effec-
tive multimodal cross-domain invariant feature extraction.
2) FVMGN designs proprietary class texts to characterize
modal attributes while constructing a multiscale unified se-
mantic space for spatial and frequency feature alignments
compared with VLM & DG-based methods.

Qualitative Analysis Taking the TR→MU combination
as an example, classification maps of different methods are
shown in Fig. 7. According to distribution difference de-
scriptions for different datasets in Appl.Datasets, it can be
known that the source domain (Trento dataset) distribution
is sparse, while the target domain (MUUFL dataset) distri-
bution is dense, which poses certain challenges for RSMG.
For example, CFEN fails to recognize roads as a separate
class, and DKDN recognizes a few building regions with a
relatively low accuracy. Nevertheless, FVMGN still has a
high classification accuracy on different class regions, and
its classification map contains less noise and contaminated
regions with a better visual effect.

(a) (b) (c) (d) (e) (f) (g) (h)

(i) (j) (k) (l) (m) (n) (o) (p)

Figure 7: Classification maps (Blue/orange/green regions:
Trees/Roads/Buildings) on the TR→MU dataset combina-
tion. (a) HSI. (b) LiDAR image. (c) Ground truth. (d) MFT.
(e) MsFE. (f) CFEN. (g) DKDN. (h) SDEN. (i) LLURN. (j)
FDGN. (k) TFTN. (l) ADNet. (m) ISDGS. (n) EHSN. (o)
LDGN. (p) FVMGN.

Ablation Study
Contribution of Different Components We conduct per-
formance evaluation on different key components, as shown
in Table 2. Taking the MU→TR as an example, OA of
NET-2 is 6.65% higher than that of NET-1, which indi-
cates that DTAug is conducive to enhancing the input di-
versity. Secondly, NET-3 achieves a 2.85% OA improve-
ment over NET-2. This is mainly attributed to the fact that
MWDis enhances the ability to extract cross-domain invari-
ant features. Furthermore, we apply the SFIE for NET-4,
achieving a 2.14% OA improvement. This is mainly be-
cause SFIE can capture local-global features and real-
ize the wavelet reconstruction effectively. Finally, NET-5
(FVMGN) has a 1.75% OA improvement by the MSFFA,
which mainly benefits from that MSFFA can achieve more
accurate matching between positive sample pairs.
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SD→TD NET-1 NET-2 NET-3 NET-4 NET-5

MU→TR 79.05 85.70 88.55 90.69 92.44
MU→HU 65.00 82.90 91.54 92.40 93.19
HU→TR 47.82 73.92 79.20 80.33 82.87
HU→MU 71.88 73.95 79.20 79.78 82.33
TR→HU 52.04 76.60 85.42 88.67 89.46
TR→MU 73.47 86.91 87.67 89.12 90.01

Table 2: OAs (%) of FVMGN with different parts. NET-
1 is a Baseline with the dual-branch structure of a ViT
and three residual blocks, NET-2 is NET-1 with DTAug,
NET-3 is NET-2 with MWDis, NET-4 is NET-3 with
SFIE, and NET-5 is NET-4 with MSFFA.

SD→TD Spat-FA Freq-FA MSFFA

MU→TR 89.85 91.93 92.44
MU→HU 89.68 86.36 93.19
HU→TR 77.16 81.43 82.33
HU→MU 79.64 80.93 82.87
TR→HU 85.73 87.11 89.46
TR→MU 86.15 88.19 90.01

Table 3: OAs (%) of FVMGN with the feature alignments
(FA). Spat-FA is the spatial FA, Freq-FA is the frequency
FA, and MSFFA is the multiscale spatial-frequency FA.

Study on Different Feature Alignments As shown in Ta-
ble 3, OA of FVMGN with MSFFA outperforms that of
FVMGN with spatial FA (Spat-FA) and that of FVMGN
with frequency FA (Freq-FA). The performance improve-
ment brought by MSFFA mainly benefits from multiscale
and multi-frequency FAs in spatial and frequency domains,
which facilitates fine-grained matching of positive vision-
vision and vision-text features.

Study on Different Text Descriptions As shown in Fig.
8, FVMGN with both shared and modality-specific texts
achieves superior classification performance. This indicates
that shared and modality-specific texts can provide general
and proprietary linguistic prior knowledge for vision feature
representation, respectively, thereby enhancing multimodal-
ity generalization ability.

Effect of Training Sample Proportions As shown in
Fig. 9, FVMGN has relatively stable classification perfor-
mance on most training sample ratios. Nevertheless, OA
of FVMGN is poor when training sample ratio is 3% on
the HU→MU combination, mainly because there is a huge
gap in training sample ratios between HU and MU datasets,
making it difficult for FVMGN to learn cross-domain in-
variant features. In addition, FVMGN exhibits minor fluc-
tuations on some datasets, which may be attributed to the
following two aspects: 1) Larger training sample size may
overly focus on source domain-specific features, such as
MU→TR; 2) sampling randomness, such as TR→HU.

Supplementary Notes Due to space limitations, more de-
tails are available in supplementary materials. If necessary,
you can find them in Code link soon. Supplementary ma-
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Figure 8: OAs of FVMGN with different texts. (a) MU→TR.
(b) MU→HU. (c) HU→TR. (d) HU→MU. (e) TR→HU.
(f) TR→MU. NT: No text, ST: Shared text, MT: Modality-
specific (proprietary) texts, and SMT: Shared and modality-
specific texts.
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Figure 9: OAs of FVMGN on different datasets.

terials include but are not limited to: method details, data
characteristics, computational complexity, modality exten-
sibility, and more visualizations.

Conclusion
In this paper, we propose a FVMGN for RSIC that facilitates
cross-scene multimodal information representation. Specifi-
cally, FVMGN leverages land-cover distributions generated
by DTAug strategy to enrich input diversity, exploring the
potential and effectiveness of DDPM in data augmentation.
On the other hand, MWDis performs Gaussian modeling and
histogram equalization on different frequency components
in the frequency domain to learn cross-domain-invariant rep-
resentations. Moreover, WCTMixer elegantly integrates the
wavelet transform and attention mechanism to achieve fine
multi-frequency analysis and feature reconstruction. Finally,
MSFFA introduces multiscale properties and modality at-
tributes based on the vanilla vision-text feature alignment,
thereby enhancing the model ability to match and under-
stand positive feature pairs. Extensive experiment results
confirm the generalization of FVMGN.
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