
Academic Editors: Donglin Zhang 
and Zhen Liu

Received: 4 October 2026
Revised: 3 November 2026
Accepted: 4 November 2026
Published: 5 November 2026

Copyright: © 2026 by the authors. 
Licensee MDPI, Basel, Switzerland. 
This article is an open access article 
distributed under the terms and 
conditions of the Creative Commons 
Attribution (CC BY) license.

Article

Dynamic Frequency Separated Fusion Network for RGB-T 
Semantic Segmentation
Shaochuan Zhao 1 , Xiaotian Wang 1, Jiawei Jiang 2, Hefeng Yin 3,*, Bing Liu 1 and Yong Zhou 1

1  School of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, 
China; shaochuan_zhao@cumt.edu.cn (S.Z.); wangxiaotian@cumt.edu.cn (X.W.); liubing@cumt.edu.cn (B.L.); 
yzhou@cumt.edu.cn (Y.Z.)

2  School of Artificial Intelligence and Computer Science, Chongqing Institute of Engineering,
Chongqing 404100, China; jiangjiawei@cqie.edu.cn

3  School of Automation, Wuxi University, Wuxi 214105, China
* Correspondence: yinhefeng@cwxu.edu.cn

Abstract

RGB-T semantic segmentation fuses visible (RGB) and thermal infrared (TIR) images to 
enhance model robustness under complex lighting conditions. However, most existing 
methods employ unified fusion strategies in the spatial domain, limiting their ability to 
fully exploit the complementary characteristics of the two modalities across different fre-
quency components. To address this issue, we propose a novel fusion model that achieves 
finer cross-modal collaboration through frequency-aware feature disentanglement and 
adaptive fusion mechanisms. Specifically, the model first enhances the multi-granularity 
representation of dual-modality features using attention mechanisms. The features are then 
transformed into the frequency domain, where a dynamic band disentanglement mech-
anism adaptively separates high-frequency details from low-frequency semantics based 
on the input content. A heterogeneous fusion pathway is further designed to differentially 
aggregate high- and low-frequency components, emphasizing cross-modal detail alignment 
in the high-frequency path and semantic consistency in the low-frequency path. The pro-
posed model is evaluated on three widely-used RGB-T segmentation benchmarks, namely 
MFNet, PST900, and FMB, and achieves state-of-the-art performance, demonstrating its 
effectiveness and superiority.

Keywords: semantic segmentation; frequency-domain learning; multi-modal

1.  Introduction
Semantic segmentation assigns a semantic label to each pixel in an image, playing a crit-

ical role in applications such as autonomous driving [1], robotic perception [2], and medical 
image analysis [3]. Significant progress has been made in RGB-based semantic segmenta-
tion, largely driven by the development of fully convolutional networks [4] and deep con-
volutional neural networks [5], particularly on large-scale benchmarks like Cityscapes [6], 
where breakthrough performance has been achieved. However, these methods often suffer 
from severe performance degradation under adverse conditions—such as nighttime or 
poor weather—where RGB image quality deteriorates. This limitation stems from the high 
dependence of RGB sensors on external illumination [7,8], rendering monomodal RGB 
systems inherently unstable for all-weather and all-day segmentation tasks. Consequently, 
RGB-only approaches struggle to deliver consistent and reliable results in real-world de-
ployment scenarios.
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To overcome this limitation, researchers have increasingly turned to multi-modal 
methods that combine RGB with additional sensing modalities. Among them, thermal 
infrared (TIR) sensors have drawn significant attention due to their robustness against 
lighting variations and adverse weather conditions [9,10]. Unlike RGB cameras, TIR sensors 
capture thermal radiation emitted by objects, enabling stable perception across diverse and 
challenging environments. With the growing availability of aligned RGB-T datasets, RGB-T 
semantic segmentation has emerged as a promising research direction, particularly suitable 
for low-light or complex outdoor scenarios.

Mainstream RGB-T segmentation methods [11–15] typically employ separate encoders 
to extract unimodal features from RGB and TIR inputs. Given the significant modality gap, 
recent efforts have focused on cross-modal fusion strategies in the embedding space, aiming 
to exploit complementary information through spatial or channel-wise correlations. These 
fusion schemes can be broadly categorized into two groups: (1) applying a unified fusion 
mechanism across different feature levels to jointly integrate low-level details and high-level 
semantics [16]; and (2) designing hierarchical fusion strategies tailored to specific stages of 
the feature hierarchy [14].

Although the aforementioned methods effectively integrate multi-modal information 
in the feature space, they largely implicitly assume that the two modalities exhibit a certain 
degree of symmetry or uniform complementarity in their information distribution. How-
ever, empirical observations reveal that RGB and TIR modalities demonstrate significantly 
asymmetric complementary characteristics in the frequency domain. We conduct a statis-
tical analysis of radial DCT energy distributions on the training sets of three mainstream 
RGB–TIR datasets, with results shown in Figure 1. A highly consistent pattern emerges 
across all datasets: in the ultra-low-frequency region, the energy spectra of RGB and TIR 
nearly overlap, indicating strong agreement in coarse-grained semantics such as overall 
structure, object silhouettes, and global thermal distribution. In contrast, a persistent and 
substantial gap exists between the two modalities in the mid- to high-frequency regions, re-
vealing that high-frequency components, such as textures and fine details, exhibit markedly 
greater divergence. To further confirm that this asymmetry persists at the feature level 
where fusion actually operates, as shown in Table 1, we compute the position-wise spectral 
cosine similarity between RGB and TIR features at each encoder stage on the MFNet dataset. 
The results show a consistent trend: low-frequency cosine similarity increases from 0.71 
(Stage 1) to 0.88 (Stage 4), while high-frequency similarity decreases from 0.43 to 0.23, 
indicating that the two modalities share stronger semantic agreement in the low-frequency 
band and become increasingly divergent in the high-frequency band as features deepen. 
These observations jointly motivate our design of distinct fusion strategies for low- and 
high-frequency components.

(a) MFNet (b) PST900 (c) FMB

Figure 1. The average radial DCT energy distributions of the RGB luminance channel and thermal 
infrared images computed on the training sets of MFNet, PST900 and FMB. The vertical axis uses 
a log scale to represent energy magnitude. The horizontal axis denotes the normalized frequency 
radius ranging from zero for the DC component to one for the highest frequency. All three datasets 
consistently show that the two modalities exhibit nearly identical energy in the ultra low-frequency 
region while their energy distributions diverge significantly in the mid- to high- frequency range.
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Table 1. Position-wise spectral cosine similarity between RGB and TIR features at various encoder 
stages on MFNet.

Stage 1 Stage 2 Stage 3 Stage 4

Low frequency 0.71 0.77 0.83 0.88
High frequency 0.43 0.37 0.30 0.23

This observation highlights a fundamental limitation of current fusion paradigms: 
most existing methods perform fusion directly in the spatial domain on raw features, 
without accounting for the distinct modality-specific characteristics embedded in different 
frequency bands. Consequently, they fail to fully exploit the complementary advantages 
inherent in the frequency-domain representations of RGB and TIR.

Based on the above-mentioned issue and inspired by the growing interest in frequency-
domain analysis [17–20] in vision tasks, we propose a novel fusion model that explicitly 
leverages the frequency spectrum to enhance cross-modal collaboration. Our approach first 
strengthens the representational power of dual-modality features through multi-granularity 
attention mechanisms. Subsequently, instead of performing fusion in the spatial domain, we 
transform the features into the frequency domain and introduce a dynamic band disentan-
glement mechanism that adaptively separates high- and low-frequency components based 
on input content. This enables content-aware frequency decomposition, avoiding fixed or 
handcrafted thresholds. We then design a heterogeneous fusion pathway to differentially 
aggregate the separated bands: cross-attention is employed in the high-frequency path to 
align fine-grained structural details across modalities, while lightweight MLP fusion is ap-
plied in the low-frequency path to consolidate global semantic consistency. This dual-path 
design respects the distinct semantic roles of different frequency components, enabling 
more precise and context-aware fusion.

We evaluate the proposed model on three widely used RGB-T segmentation bench-
marks, MFNet [9], PST900 [21] and FMB [22]. Experimental results demonstrate that our 
method outperforms existing approaches across multiple metrics, achieving state-of-the-
art performance. Qualitative analysis further reveals improved boundary accuracy and 
enhanced robustness in challenging scenarios.

In summary, the main contributions of this work are as follows:
• We propose a frequency-aware feature disentanglement mechanism to adaptively 

decompose multi-modal features into high-frequency and low-frequency components, 
enabling context-aware modeling in the frequency domain.

• We design a dual-path heterogeneous fusion architecture that performs differentiated 
fusion of multi-modal information according to the frequency characteristics of features, 
enhancing cross-modal alignment and complementarity of fine details in the high-
frequency branch and ensuring semantic consistency in the low-frequency branch.

• We achieve state-of-the-art performance on the MFNet, PST900, and FMB benchmarks, 
thoroughly validating the effectiveness of frequency-domain adaptive fusion and 
providing a new technical pathway for multi-modal semantic segmentation.

2.  Related Work
2.1.  RGB-T Semantic Segmentation

RGB-Thermal semantic segmentation has gained increasing attention in computer 
vision, driven by the robustness of thermal imaging under challenging conditions such as 
low illumination and adverse weather. Thermal infrared sensors capture emitted radiation 
rather than reflected light, which makes them insensitive to lighting variations and capable 
of revealing object presence even when visible cues are degraded or absent. This physical 
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complementarity between RGB and thermal modalities provides a strong motivation for 
their joint use in scene understanding tasks.

Early approaches typically rely on simple fusion strategies, such as element-wise addi-
tion [10] and feature concatenation [21]. These methods are straightforward to implement 
and can be easily integrated into standard network architectures. However, they treat both 
modalities as interchangeable sources of information and perform fusion without account-
ing for their distinct signal characteristics. As a result, they often fail to fully exploit the 
cross-modal complementarity that arises from the different physical origins of RGB and 
thermal data.

As research advances, a growing body of work has shifted focus toward modeling 
high-level semantic interactions between RGB and TIR modalities. Cross-modal attention 
mechanisms [2] enable dynamic weighting of features based on contextual relevance, al-
lowing the network to adaptively select the most reliable modality at each spatial location. 
Reciprocal feature enhancement [23] promotes bidirectional interaction by iteratively refin-
ing representations through mutual guidance. The incorporation of generative adversarial 
network insights [24] helps align feature distributions across modalities in latent spaces, 
improving consistency without requiring pixel-level correspondence. Edge-aware supervi-
sion [14] further guides networks to preserve structural boundaries by introducing auxiliary 
geometric constraints during training.

Despite these advancements, the majority of existing methods perform fusion directly 
in the spatial domain, with limited consideration of the distinct frequency response charac-
teristics across modalities. Due to fundamental differences in imaging mechanisms [1], RGB 
and TIR features exhibit heterogeneous distributions across frequency bands. RGB images 
contain rich high-frequency content corresponding to textures, edges, and fine details, while 
thermal images concentrate most of their energy in the ultra-low-frequency region, reflect-
ing coarse object shapes and global thermal patterns. Naive fusion in the spatial domain 
implicitly assumes uniform representational properties across all frequencies, which can 
lead to redundancy in low-frequency semantics and interference or loss of discriminative 
details in high-frequency components.

To address this, we propose a novel frequency-domain fusion paradigm in which 
multi-modal features are first transformed into the frequency domain and adaptively disen-
tangled into high- and low-frequency components. Heterogeneous fusion pathways are 
then designed to process each component according to its distinct characteristics. The low-
frequency pathway emphasizes semantic alignment to reinforce shared structural cues, 
while the high-frequency pathway preserves modality-specific details through selective 
enhancement. This differential treatment enables adaptive and frequency-aware fusion that 
respects the intrinsic asymmetry between RGB and TIR signals. The proposed approach 
not only improves consistency at both the detail and semantic levels but also introduces a 
new perspective for modeling cross-modal interactions in RGB-T semantic segmentation by 
explicitly leveraging spectral complementarity.

2.2.  Learning in Frequency Domain
In classical image processing, frequency-domain analysis based on transforms such as 

the Fourier transform and the discrete cosine transform has played a foundational role in 
spectral characterization, filter design, and image compression [25]. These tools enable the 
decomposition of images into constituent frequency components, revealing how energy 
is distributed across spatial scales. More recently, this analytical perspective has been 
integrated into deep learning frameworks [26,27], giving rise to frequency-aware modeling 
as a powerful paradigm for interpreting and refining internal feature representations in 
neural networks.
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Through systematic frequency-domain investigations, researchers have identified a 
consistent spectral bias in deep models [28,29]. During optimization, these models exhibit 
a strong tendency to learn low-frequency patterns first, such as global scene layout and 
coarse semantic structures, while converging slowly or inadequately on high-frequency 
content that encodes fine details like object boundaries, textures, and sharp transitions. 
This imbalance becomes especially problematic in dense prediction tasks such as semantic 
segmentation, where accurate delineation of object contours is critical. As a consequence, 
model predictions often suffer from blurred edges, fragmented regions, or geometric incon-
sistencies, particularly under challenging imaging conditions.

To address this limitation, recent efforts have explored frequency-domain feature 
optimization to recalibrate the network’s sensitivity to fine-scale structures. Certain ap-
proaches [17,30] introduce frequency-aware attention mechanisms that selectively amplify 
responses in informative spectral channels, thereby enhancing the representation of under-
learned frequencies. Other methods [31] reconstruct features directly in the frequency 
domain to recover lost high-frequency information through inverse transformation. Fur-
thermore, frequency-guided feature selection and enhancement strategies [20,32] have 
been developed to improve robustness against noise and degradation by prioritizing stable 
spectral components.

Despite these promising developments, nearly all existing frequency-aware techniques 
are designed for single-modality settings. There remains a significant gap in understand-
ing how to leverage the distinct yet complementary spectral signatures of heterogeneous 
modalities—such as visible and thermal infrared—in the context of multi-modal semantic 
segmentation. The unique frequency distributions of RGB and TIR data suggest that a 
unified spatial fusion strategy may obscure their intrinsic advantages, whereas a frequency-
resolved approach could unlock more principled cross-modal synergy.

Motivated by this insight, we propose a frequency-domain feature fusion framework 
specifically tailored for RGB-T semantic segmentation. Our method begins by transforming 
modality-specific features into the frequency domain and adaptively decomposing them into 
low-frequency and high-frequency components. We then apply a differential fusion strategy 
that aligns with the functional roles of each spectral band: low-frequency components 
undergo semantic alignment to reinforce consistent global understanding, while high-
frequency components are fused by dynamically selecting complementary information to 
enhance edge sharpness and textural complementarity. This decouple-then-fuse mechanism 
enables a more precise and interpretable modeling of cross-modal interactions, leading to 
substantial improvements in segmentation accuracy, boundary sharpness, and robustness 
across diverse and adverse environmental conditions.

3.  Method
3.1.  Network Overview

Figure 2 illustrates the overall architecture of our network, which mainly consists of 
the following three key components:

• Independent Encoders: This paper employs two independent ConvNeXt [33] back-
bone networks to extract hierarchical features from RGB and thermal infrared images, 
denoted as 𝐹𝑟𝑔𝑏 and 𝐹𝑡𝑖𝑟 , respectively.

• Two-Stage Feature Fusion: We design a two-stage feature fusion module. In the first 
stage, a Spatial and Channel Enhancement module employs spatial attention and 
channel attention to enhance the features of both modalities. In the second stage, a Dy-
namic Frequency Separation and Fusion module adaptively separates high-frequency 
and low-frequency components based on the input content, then designs heteroge-
neous fusion paths according to their frequency characteristics, enabling differential 
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fusion to enhance semantic consistency while adaptively achieving complementary 
detail integration.

• Decoder: We adopt a Transformer-based decoder [34] that progressively reconstructs 
the final prediction by leveraging the multi-scale fused features.

SCEM

RGB Encoder

CA SA

TIR Encoder

2
D

-D
C

T

DFD

DFD

Light Fusion

Refined Fusion

+ Decoder

2
D

-I
D

C
T

Dynamic Frequency-band Decoupling

CA Channel Attention SA Spatial Attention

DFD

RGB feature flow

TIR feature flow

Fusion feature flow

Element-wise Add+

Low-frequency TIR feature

Low-frequency RGB feature

High-frequency RGB feature

High-frequency TIR feature

DFSFM

Figure 2. The overall architecture of our proposed Dynamic Frequency Separated Fusion Network for 
RGB-T semantic segmentation.

3.2.  Spatial and Channel Enhancement Module
In multi-modal perception, features from different modalities exhibit variations and 

redundancies in spatial distribution and channel responses. To enhance key features and 
promote inter-modal synergy, we designed a spatial and channel enhancement module that 
optimizes feature maps through a dual attention mechanism. The detailed structure of this 
module is shown in Figure 3.

Global Average Pooling C ConcatenationA X Hadamard Product Element-wise Add+

Spatial and Channel Enhancement Module
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MLP

X

X

Frgb

Ftir
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Ch-Enhanced Frgb
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Frgb
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Sp-Enhanced Frgb

Sp-Enhanced Ftir

Spatial Attention Branch 

Enhanced Frgb

Enhanced Ftir

+

+

Frgb

Ftir

Add 

Figure 3. Spatial and Channel Enhancement Module.

Channel Attention Branch: Given input feature 𝐹𝑟𝑔𝑏 ∈ R𝐻×𝑊×𝐶 and 𝐹𝑡𝑖𝑟 ∈ R𝐻×𝑊×𝐶

maps from two modalities, we first apply global average pooling along the channel dimen-
sion for each to capture channel-wise statistics. The resulting vectors are concatenated along 
the channel axis to form a 2𝐶-dimensional compact descriptor 𝑧𝑐 ∈ R2𝐶. A shared MLP is 
then applied to transform 𝑧𝑐 into a 2𝐶-dimensional attention embedding, which is passed 
through a Sigmoid function to produce the joint channel attention weights 𝑊𝑐 ∈ R2𝐶. This 
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vector is evenly split into two parts 𝑊𝑟𝑔𝑏
𝑐 ∈ R𝐶 and 𝑊𝑡𝑖𝑟

𝑐 ∈ R𝐶 which are used to weight 
𝐹𝑟𝑔𝑏 and 𝐹𝑡𝑖𝑟:

ˆ𝐹𝑐
𝑟𝑔𝑏, ˆ𝐹𝑐

𝑡𝑖𝑟 = Split(𝜎(ℱmlp(𝑧𝑐))) ⊙ (𝐹𝑟𝑔𝑏, 𝐹𝑡𝑖𝑟), (1)

where 𝜎  is the sigmoid function, Split divides the output vector into two equal parts for 
RGB and TIR branches, and ⊙ denotes element-wise multiplication applied channel-wise 
to weight the input features.

Spatial Attention Branch: Similar to the Channel Attention Branch, given the original 
input features 𝐹𝑟𝑔𝑏 ∈ R𝐻×𝑊×𝐶 and 𝐹𝑡𝑖𝑟 ∈ R𝐻×𝑊×𝐶, we first apply global average pooling 
along the channel dimension to obtain ¯𝐹𝑟𝑔𝑏 ∈ R𝐻×𝑊×1 and ¯𝐹𝑡𝑖𝑟 ∈ R𝐻×𝑊×1. These are 
then concatenated along the channel axis to form a joint spatial descriptor 𝑧𝑠 ∈ R𝐻×𝑊×2. 
The spatial attention weights are generated through a lightweight network, and the final 
reweighted features are expressed as:

ˆ𝐹𝑠
𝑟𝑔𝑏, ˆ𝐹𝑠

𝑡𝑖𝑟 = Split(𝜎(ℱmlp(𝑧𝑠))) ⊙ (𝐹𝑟𝑔𝑏, 𝐹𝑡𝑖𝑟), (2)

where 𝜎  denotes the sigmoid function, and ⊙ represents element-wise multiplication ap-
plied across the spatial dimensions.

Then, the bi-modal enhanced features are represented as:

ˆ𝐹𝑟𝑔𝑏 = 𝐹𝑟𝑔𝑏 + ˆ𝐹𝑐
𝑟𝑔𝑏 + ˆ𝐹𝑠

𝑟𝑔𝑏, ˆ𝐹𝑡𝑖𝑟 = 𝐹𝑡𝑖𝑟 + ˆ𝐹𝑐
𝑡𝑖𝑟 + ˆ𝐹𝑠

𝑡𝑖𝑟. (3)

3.3.  Dynamic Frequency Separated Fusion Module
In multi-modal perception, RGB images excel at capturing rich texture and color in-

formation, while thermal infrared (TIR) images are insensitive to illumination changes 
and exhibit stronger environmental robustness. However, traditional fusion methods typi-
cally perform feature fusion directly in the spatial domain, which can lead to interference 
from high-frequency details or confusion of low-frequency semantic information across 
modalities, making it difficult to fully exploit the complementary nature between the 
two modalities.

To address this issue, we propose a Dynamic Frequency Separation Fusion Module, 
which enables more fine-grained and efficient feature interaction by decoupling and differ-
entially fusing dual-modal features in the frequency domain. The core idea of the module 
is that different frequency components carry distinct types of visual information: low-
frequency components primarily contain structural and semantic content, making them 
suitable for robust fusion via channel-wise transformation applied independently at each 
position; in contrast, high-frequency components correspond to edges and textural details, 
and are thus better suited for refined fusion via global modeling mechanisms to achieve 
cross-modal alignment and enhancement.

Specifically, as shown in Figure 4, given the enhanced features from the RGB and 
thermal infrared (TIR) modalities, denoted as 𝐅̂𝑟𝑔𝑏 and 𝐅̂𝑡𝑖𝑟, which have been processed by 
spatial and channel enhancement modules, we first apply the 2D Discrete Cosine Transform 
(2D-DCT) to convert these spatial-domain features into the frequency domain:

˜𝐹rgb = 𝒯DCT(𝐅̂𝑟𝑔𝑏), ˜𝐹tir = 𝒯DCT(𝐅̂𝑡𝑖𝑟), (4)

where 𝒯DCT denotes the 2D-DCT operation.
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Figure 4. Dynamic Frequency Separated Fusion Module.

For each transformed feature map, the energy spectrum is computed as | ˜𝐹|2, followed 
by global average pooling to capture the overall frequency distribution characteristics. Based 
on the pooled energy vector, a lightweight MLP network ℳthres is employed to dynamically 
predict a modality-specific separation threshold:

𝜏rgb = 𝜎(ℳthres(GAP(| ˜𝐹rgb|2))), 𝜏tir = 𝜎(ℳthres(GAP(| ˜𝐹tir|2))), (5)

where 𝜎  denotes the Sigmoid function, ℳthres denotes the multi-layer perception responsible 
for threshold prediction.

The decomposition of each frequency-domain feature into low-frequency and high-
frequency components is achieved through a differentiable soft separation strategy to 
support backpropagation during training. Given a frequency-domain feature ˜𝐹 ∈ R𝐻×𝑊×𝐶, 
we first compute the distance matrix ‖𝜔‖ ∈ R𝐻×𝑊×1 from each frequency location (𝑢, 𝑣) to 
the zero-frequency center. Subsequently, the modality-specific cut-off frequency 𝜏 ∈ R𝐶×1×1, 
predicted by a lightweight MLP, is expanded to a tensor 𝜏′ ∈ R𝐶×𝐻×𝑊  with the same shape as 
the feature. Finally, a differentiable low-pass mask is generated using the Sigmoid function:

𝑀low = 𝜎(


𝜏′ − ||𝜔||′

𝛿
)


, (6)

where 𝛿 > 0 is a temperature coefficient that controls the smoothness of the mask, and ||𝜔||′

is broadcast along the channel dimension of ||𝜔|| to match the shape of 𝜏′. The high-pass 
mask is then defined as: 𝑀high = 1 − 𝑀low. Using these masks, the low- and high-frequency 
components are separated via element-wise multiplication:

˜𝐹low
𝑟𝑔𝑏/𝑡𝑖𝑟 = 𝑀low ⊙ ˜𝐹𝑟𝑔𝑏/𝑡𝑖𝑟, ˜𝐹high

𝑟𝑔𝑏/𝑡𝑖𝑟 = 𝑀high ⊙ ˜𝐹𝑟𝑔𝑏/𝑡𝑖𝑟, (7)

This soft filtering mechanism remains continuously differentiable throughout the 
forward pass, enabling end-to-end training while preserving the physical interpretability 
of frequency-domain disentanglement.

https://doi.org/10.3390/electronics15215146

https://doi.org/10.3390/electronics15215146


Electronics 2026, 15, 5146 9 of 19

Low-frequency components primarily encode the global structure, contours, and semantic 
content of an image, exhibiting strong cross-modal consistency. To effectively fuse the shared 
semantic information between RGB and TIR modalities while preserving the smoothness of 
frequency-domain features, we adopt a residual formulation for low-frequency fusion:

˜𝐹low
𝑓 𝑢𝑠𝑒 = ( ˜𝐹𝑙𝑜𝑤

𝑟𝑔𝑏 + ˜𝐹𝑙𝑜𝑤
𝑡𝑖𝑟 ) + ℱ𝑚𝑙𝑝( ˜𝐹𝑙𝑜𝑤

𝑟𝑔𝑏 + ˜𝐹𝑙𝑜𝑤
𝑡𝑖𝑟 ), (8)

where ℱmlp(⋅) consists of three linear layers, batch normalization, and ReLU activation 
functions. In this residual formulation, the first term directly preserves the original DCT 
coefficients with their full sign information intact, thereby retaining the important spatial 
phase and structural information encoded in the coefficient signs. The second term serves 
only as a learned residual refinement that adaptively adjusts the fused representation 
through position-wise channel transformations, providing a complementary non-negative 
correction signal that enhances the fused features.

In contrast, high-frequency components contain rich local details, edges, and texture 
information, but often exhibit significant distribution shifts due to differences in imaging 
mechanisms between modalities. To achieve fine-grained alignment and enhance cross-
modal complementarity, we introduce a cross-attention-based fusion module. Given the 
high-frequency components ˜𝐹high

rgb ∈ R𝐻×𝑊×𝐶 and ˜𝐹high
tir ∈ R𝐻×𝑊×𝐶, we first reshape their 

spatial dimensions from 𝐻 × 𝑊 × 𝐶 to 𝐻𝑊 × 𝐶. The bidirectional cross-attention is then for-
mulated as: ˜𝐹high

rgb ∈ R𝐻×𝑊×𝐶 and ˜𝐹high
tir ∈ R𝐻×𝑊×𝐶, we first reshape their spatial dimensions 

from 𝐻 × 𝑊 × 𝐶 to 𝐻𝑊 × 𝐶. The bidirectional cross-attention is then formulated as:

¯𝐹high
tir = LN(


𝜎(


( ˜𝐹high
rgb 𝑊𝑄

tir)( ˜𝐹high
tir 𝑊𝐾

tir)⊤

√𝑑
)


˜𝐹high
tir 𝑊𝑉

tir
)


,

¯𝐹high
rgb = LN(


𝜎(


( ˜𝐹high
tir 𝑊𝑄

rgb)( ˜𝐹high
rgb 𝑊𝐾

rgb)⊤

√𝑑
)


˜𝐹high
rgb 𝑊𝑉

rgb
)


,

˜𝐹high
fuse = ¯𝐹high

tir + ¯𝐹high
rgb ,

(9)

where 𝑊𝑄, 𝑊𝐾, 𝑊𝑉 ∈R𝐶×𝑑 denote the learnable query, key, and value projections, 𝑑 is the 
projection dimension, and LN(⋅) is layer normalization. We adopt the Sigmoid function 
instead of the conventional Softmax for attention weight computation. Softmax enforces a 
competition among all elements in the attention matrix, forcing the weights to sum to 1. 
Consequently, strong responses tend to dominate the attention distribution, while weak 
but discriminative high-frequency responses, such as edges, textures, and small objects, 
are relatively suppressed. In contrast, Sigmoid assigns attention weights independently. 
Therefore, weak high-frequency responses are not suppressed by dominant responses, 
which helps preserve fine details in the high-frequency fusion branch.

It is worth noting that the 𝐻𝑊 × 𝐻𝑊 attention matrix in Equation (9) introduces cross-
position mixing in the frequency domain, i.e., the coefficients at a given output frequency 
position may aggregate information from multiple other frequency positions. We believe 
that such cross-position interaction is not only acceptable but necessary for high-frequency 
fusion. On the one hand, high-frequency components encode edges, textures, and fine 
details. In the DCT domain, a single spatial edge or texture pattern is represented by energy 
distributed across multiple frequency positions. Therefore, cross-position interaction is not 
only acceptable but necessary for high-frequency fusion, as it allows the model to aggregate 
related frequency coefficients that collectively represent a coherent spatial structure. On the 
other hand, the attention is computed between the two modalities. A given high-frequency 
position in RGB may need to attend to a different position in TIR to find the most relevant 
cross-modal correspondence, especially when the two modalities exhibit different noise 
patterns or contrast distributions.
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Finally, the fused low- and high-frequency features are added in the frequency domain 
and reconstructed:

𝐹𝑓 𝑢𝑠𝑒𝑑 = 𝒯IDCT( ˜𝐹low
𝑓 𝑢𝑠𝑒 + ˜𝐹high

𝑓 𝑢𝑠𝑒), (10)

where 𝒯IDCT denotes the 2D Inverse Discrete Cosine Transform (2D-IDCT), which converts 
the fused frequency-domain representation back to the spatial domain. This “divide-and-
fuse” strategy fully leverages the interpretability of the frequency domain.

4.  Experiments
4.1.  Experimental Setup

During training, we employ widely adopted data augmentation strategies for semantic 
segmentation on RGB-T image pairs, including resizing, random cropping, and random 
horizontal flipping. To further improve robustness to illumination variations, we apply 
random perturbations to the brightness, contrast, saturation, and hue of the RGB images.

We perform end-to-end training using the AdamW optimizer [35] with a polynomial 
learning rate decay schedule. The batch size is set to 2, the initial learning rate to 1 × 10−4, 
and the weight decay to 5 × 10−2. Since the backbone network is pre-trained on large-scale 
datasets, we apply a learning rate multiplier of 0.1 to the backbone, which results in an 
effective learning rate of 1 × 10−5 to avoid disrupting its well-learned general-purpose 
features. All newly introduced modules retain the base learning rate of 1 × 10−4.

4.2.  Datasets
To validate the effectiveness of the proposed method on RGB-T semantic segmentation, 

we conduct extensive experiments on three widely used RGB-T semantic segmentation 
benchmark datasets: MFNet, PST900 and FMB.

MFNet [9] contains 1569 aligned pairs of RGB and thermal images captured in urban 
environments, annotated with nine semantic classes. The dataset includes 820 daytime 
image pairs and 749 nighttime image pairs, each with a resolution of 480 × 640. It is split 
into training, validation, and test subsets following a ratio of 2:1:1.

PST900 [21] consists of 894 aligned RGB-T image pairs labeled across five semantic 
categories. Compared to MFNet, PST900 provides higher-resolution images at 720 × 1280. 
The dataset is divided into a training set of 597 image pairs and a test set of 288 image pairs.

FMB [22] contains 1500 aligned visible-infrared image pairs captured in diverse real-
world scenes, with 14 semantic categories meticulously annotated. All image pairs have a 
resolution of 800 × 600, and the dataset is split into a training set of 1220 image pairs and a 
test set of 280 image pairs.

4.3.  Ablation Study
To verify the effectiveness of each component in the proposed method, we conduct sys-

tematic ablation studies on the MFNet dataset, using mIoU as the primary evaluation metric.
First, we evaluate the contributions of the two core modules in our overall architecture: 

the Spatial-Channel Enhancement Module (SCEM) and the Dynamic Frequency Separation 
Fusion Module (DFSFM). As shown in Table 2, the baseline two-stream network achieves 
an mIoU of 60.8%. Adding only the SCEM improves performance to 61.5%, demonstrating 
its positive role in enhancing local details and channel-wise responses for both RGB and 
thermal features. Incorporating only the DFSFM leads to a significant gain, with mIoU 
rising to 61.7%, which validates the importance of explicitly modeling frequency-domain 
information for cross-modal fusion. The full model (SCEM + DFSFM) achieves the best 
result of 62.9% mIoU, confirming that the two modules work synergistically to improve 
segmentation accuracy.

https://doi.org/10.3390/electronics15215146

https://doi.org/10.3390/electronics15215146


Electronics 2026, 15, 5146 11 of 19

Table 2. Ablation study on the effectiveness of SCEM and DFSFM. The bold value indicates the best 
performance.

Model Configuration SCEM DFSFM mIoU (%)

Base 60.8
+SCEM ✓ 61.5
+DFSFM ✓ 61.7
Full Model (Ours) ✓ ✓ 62.9

Second, we delve into the design rationale behind the differentiated fusion strategy 
within the Dynamic Frequency Separation Fusion Module (DFSFM). As shown in Table 3, 
we systematically evaluate various combinations of fusion mechanisms for the high- and 
low-frequency branches. When both branches employ a lightweight multilayer percep-
tion (MLP), the mIoU is 62.3%, indicating that MLP lacks sufficient capacity to model 
high-frequency texture and edge details. In contrast, applying cross-attention (CA) uni-
formly to both branches degrades performance to 62.1%. This is because low-frequency 
components primarily encode global structure and semantic information, which do not 
require complex global interactions; forcing CA into this branch introduces redundant 
computation and increases sensitivity to noise, thereby harming fusion stability. More 
critically, when the fusion strategies are incorrectly assigned, specifically by using CA in 
the low-frequency branch and MLP in the high-frequency branch (High-MLP / Low-CA), 
performance drops significantly to 61.0%. This clearly demonstrates that high-frequency 
details are highly sensitive to the choice of cross-modal alignment mechanism, whereas 
low-frequency semantics benefit from a simple and robust fusion approach. By comparison, 
our proposed configuration, which uses MLP in the low-frequency branch and CA in the 
high-frequency branch (High-CA/Low-MLP), achieves the best result of 62.9% mIoU. This 
validates our core design principle: the fusion mechanism should align with the intrinsic 
characteristics of each frequency component. Specifically, introducing cross-attention in the 
high-frequency branch effectively aligns edge and texture details across RGB and thermal 
modalities, while employing a lightweight MLP in the low-frequency branch preserves 
structural consistency and enables efficient, robust semantic fusion. This frequency-aware, 
differentiated fusion strategy successfully strikes an optimal balance between detail fidelity 
and semantic stability.

Table 3. Ablation study on low- and high-frequency fusion strategies. “MLP” denotes lightweight mul-
tilayer perception; “CA” denotes cross-attention fusion. The bold value indicates the best performance.

Method Low-Freq High-Freq mIoU (%)

Same (MLP) MLP MLP 62.3
Same (CA) CA CA 62.1
High-MLP/Low-CA CA MLP 61.0
High-CA/Low-MLP MLP CA 62.9

Third, to validate the design choice of the activation function in the cross-attention 
module, we conduct ablation experiments comparing the adoption of Softmax, normalized 
Sigmoid and Sigmoid in Equation (9). As shown in Table 4, normalized Sigmoid degrades 
performance to 61.9%, even slightly below Softmax (62.1%), because the normalization again 
suppresses weak high-frequency responses in a manner similar to Softmax. In contrast, 
our Sigmoid with layer-wise scale calibration via layer normalization achieves the best 
result of 62.9%, preserving high-frequency details while maintaining stable feature scales 
across layers.
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Table 4. Ablation on the activation function for the cross-attention-based high-frequency fusion 
module. The bold value indicates the best performance.

Softmax Normalized Sigmoid Sigmoid

mIoU (%) 62.1 61.9 62.9

Fourth, we conduct additional spectral analysis on the features of stage 2 and 3 extracted 
by the ConvNeXt encoder on the MFNet dataset. As shown in Table 5, the overall spectral 
trend is preserved across all stages. At both Stage 2 and Stage 4, the energy distribution 
follows the same pattern as the image level: the DC component dominates, followed by 
a sharp drop at low frequencies and a gradual decay at higher frequencies. The above 
observations confirm that the separation of low-frequency and high-frequency remains 
structurally meaningful even in deep feature representations.

Table 5. Average radial DCT energy distributions versus normalized frequency radius on the MFNet 
training set. The table reports the channel-averaged radial DCT energy for the raw RGB and TIR images 
and for the ConvNeXt encoder features at Stage 2 and Stage 4. The energy magnitude is represented on 
a logarithmic scale, and the normalized frequency radius ranges from 0 (DC component) to 1 (highest 
frequency). At all levels, the RGB and TIR modalities exhibit similar energy in the ultra-low-frequency 
region, whereas their energy distributions diverge substantially in the mid- to high-frequency region.

Source 0 0.2 0.4 0.6 0.8 1.0

RGB image 1.6 × 102 1.0 × 10−2 5.9 × 10−4 7.5 × 10−5 3.4 × 10−5 4.1 × 10−6

TIR image 2.8 × 102 1.3 × 10−3 1.3 × 10−4 2.1 × 10−5 8.6 × 10−6 2.5 × 10−6

RGB feature (Stage 2) 2.4 × 103 3.5 × 10−1 1.2 × 10−2 2.8 × 10−3 9.4 × 10−4 1.6 × 10−4

TIR feature (Stage 2) 4.1 × 103 2.7 × 10−2 3.6 × 10−3 5.1 × 10−4 1.5 × 10−4 5.2 × 10−5

RGB feature (Stage 4) 6.8 × 103 2.1 × 10−1 5.3 × 10−3 6.7 × 10−3 2.1 × 10−3 3.2 × 10−5

TIR feature (Stage 4) 9.4 × 103 1.2 × 10−2 1.8 × 10−3 1.4 × 10−4 4.8 × 10−4 1.5 × 10−6

Fifth, we investigate the design of the frequency descriptor used for threshold predic-
tion. In Equation (5), the GAP operation is applied over the spatial dimensions (𝐻 × 𝑊) 
of the DCT coefficient map ˜𝐹 ∈ R𝐻×𝑊×𝐶, producing a channel-wise descriptor 𝐳 ∈ R𝐶. 
This is essentially equivalent to a frequency-binned descriptor with a single bin. we fur-
ther compare against two alternative descriptors with 4 and 8 frequency bins, respectively. 
As depicted in Table 6, the 4-bin variant achieves 0.2% improvement over GAP, which is 
within the range of training variance and not statistically significant. However, it introduces 
more parameters in the predictor MLP due to the increased dimension of the input, while 
yielding negligible gains. Therefore, the above results confirm that the channel-wise global 
descriptor already captures sufficient information for threshold prediction, and explicit 
frequency binning does not provide meaningful additional benefit.

Table 6. Ablation on the number of frequency-binned descriptors used for threshold prediction in 
Equation (5).

1 Bin 4 Bins 8 Bins

mIoU (%) 62.9 63.1 62.8

Sixth, we provide a branch-wise ablation to quantitatively demonstrate the effectiveness 
and complementarity of the heterogeneous low- and high-frequency fusion. Specifically, we 
further train two degraded models with solely low-frequency branch and high-frequency 
branch, respectively. Then, we compare their segmentation performance with full model 
that adopts both branches for heterogeneous fusion. As exhibited in Table 7, removing 
the low-frequency branch reduces mIoU from 62.9% to 60.7%, indicating that the low-
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frequency branch plays a major role in preserving global structure and cross-modal semantic 
consistency. Removing the high-frequency branch reduces mIoU to 61.4%, indicating that 
the high-frequency branch is also essential for preserving edges, textures, and fine details. 
More importantly, the full model outperforms both single-branch variants, which confirms 
that the two branches are complementary rather than redundant.

Table 7. Ablation on the contribution of each frequency branch on MFNet.

Low-Freq Branch High-Freq Branch mIoU (%)

× ✓ 60.7
✓ × 61.4
✓ ✓ 62.9

Finally, we evaluate the impact of different threshold design strategies for low- and 
high-frequency separation on segmentation performance. As shown in Table 8, we examine 
fixed thresholds ranging from 0.3 to 0.7. Among them, 𝜏 = 0.5 achieves the best mIoU of 
61.9%. When 𝜏 is too small (e.g., 0.3), too few coefficients are retained in the low-frequency 
branch, leading to insufficient fusion of global structure and semantic information, while 
more mid- and high-frequency components are pushed into the high-frequency branch, 
increasing sensitivity to modality-specific noise. When 𝜏 is too large (e.g., 0.7), excessive 
mid- and high-frequency coefficients are included in the low-frequency branch, where the 
lightweight MLP fusion is not designed to align fine details. Replacing the fixed threshold 
with learnable parameters improves performance to 62.5%, demonstrating that end-to-end 
optimization of frequency band boundaries provides measurable gains. Building upon this, 
our lightweight MLP-based approach that dynamically predicts thresholds conditioned 
on input content further increases mIoU to 62.9%. This consistent improvement indicates 
that content-aware adaptive frequency partitioning is more effective than either static 
thresholds or unconstrained learnable parameters in balancing the complementary low-
frequency structural cues and high-frequency detail responses between RGB and thermal 
infrared modalities.

Table 8. Ablation on threshold design for low- and high-frequency separation. The bold value 
indicates the best performance.

𝝉 = 0.3 𝝉 = 0.4 𝝉 = 0.5 𝝉 = 0.6 𝝉 = 0.7 Learnable 𝝉 MLP 𝝉

mIoU (%) 61.2 61.6 61.9 61.4 61.0 62.5 62.9

4.4.  Efficiency Analysis
Our method offers two variants, Ours(S) and Ours(B), which use ConvNeXtV2-B and 

ConvNeXtV2-L as their network backbone, respectively. To substantiate the efficiency of our 
approach, we report FLOPs, parameter count, model size, and inference speed (FPS) for all 
compared methods at the matched input resolution of 480 × 640 on the MFNet dataset. As 
shown in Table 9, although the DCT/IDCT operations bring extra computation, the overall 
efficiency of our model remains competitive. The lightweight variant Ours(S) achieves 
61.2% mIoU with 155.2 GFLOPs, 151.8 M parameters, 378.4 MB model size, and 18.3 FPS. 
Compared with CMX, Ours(S) obtains 2.0 higher mIoU and higher FPS (18.3 vs. 11.7), 
while using only moderately more FLOPs and parameters. Compared with MiLNet, Ours(S) 
achieves 1.1% higher mIoU with comparable model size, although its FPS is lower. The larger 
variant Ours(B) achieves the best mIoU of 62.9% among all compared methods, with 272.6 
GFLOPs and 12.5 FPS. Its FLOPs are lower than RTFNet (337.0 G), and its model size is 
smaller than RTFNet (766.2 MB vs. 1024.0 MB), while its mIoU is substantially higher. 
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These results indicate that the additional frequency transform cost is acceptable within the 
overall accuracy efficiency trade-off.

Table 9. Comparison with advanced methods on the MFNet dataset from both segmentation accuracy 
and efficiency perspectives.

Method FLOPs (G) Param (M) Size (MB) FPS mIoU (%)

CMX [23] 134.3 139.9 533.6 11.7 59.2
EGFNet [36] 201.3 62.8 239.6 8.6 54.8
LASNet [14] 233.8 93.6 357.0 24.9 54.9
RTFNet [10] 337.0 254.5 10240 26.2 53.2
MiLNet [37] 136.3 92.3 352.1 24.6 60.1

Ours(S) 155.2 151.8 378.4 18.3 61.2
Ours(B) 272.6 253.7 766.2 12.5 62.9

4.5.  Comparison with Advanced Methods
We comprehensively evaluate the proposed method on three representative RGB-T 

semantic segmentation benchmarks, covering indoor search-and-rescue (PST900), road 
understanding for autonomous driving (MFNet), and high-precision urban scene parsing 
(FMB). As shown in Tables 10–12, our method achieves new state-of-the-art performance 
across all datasets, fully validating the universality and robustness of the proposed dynamic 
frequency-band decoupling and frequency-specific fusion mechanism. Notably, Open-
RGBT, RoadFormer+ and KTB only report the overall average performance (mIoU and 
mAcc) in their original publications and do not provide per-category results. Therefore, we 
do not include their per-category comparisons.

Table 10. Comparisons with Advanced Methods on the PST900 Dataset. “-” indicates that the corre-
sponding metric is not reported in the original paper. The bold value indicates the best performance.

Methods Venue
Class-Wise Accuracy (Acc, %)

Background Hand-Drill Backpack Fire-Extinguisher Survivor mAcc

MDRNet+ [15] TNNLS’2024 99.30 77.10 79.10 77.90 69.80 81.30
CAINet [38] TMM’2024 99.66 95.87 96.09 88.38 91.35 94.27
MiLNet [37] TIP’2025 99.79 95.37 93.52 94.92 81.32 92.99
Open-RGBT [39] ICRA’2025 - - - - - 93.75
IQSeg-CL [40] PR’2026 99.90 93.87 82.83 92.40 73.80 88.55
SCRNet [41] PR’2025 99.68 83.96 89.61 88.63 85.04 89.38
LLESeg [42] TIM’2025 99.83 85.25 84.62 85.74 69.54 85.00
Ours – 99.87 94.19 94.40 97.24 89.20 94.98

Class-Wise IoU (mIoU, %)

Background Hand-Drill Backpack Fire-Extinguisher Survivor mIoU

MDRNet+ [15] TNNLS’2024 98.90 40.60 71.10 52.40 62.30 68.70
CAINet [38] TMM’2024 99.50 80.30 88.02 77.21 78.69 84.47
MiLNet [37] TIP’2025 99.54 76.25 89.64 82.15 77.97 85.11
Open-RGBT [39] ICRA’2025 - - - - - 89.76
IQSeg-CL [40] PR’2026 99.41 78.92 81.29 88.38 69.74 83.55
SCRNet [41] PR’2025 99.37 70.71 82.37 69.64 75.74 79.57
KTB [43] CVPR’2025 - - - - - 88.70
LLESeg [42] TIM’2025 99.31 75.60 79.00 82.00 67.61 80.70
Ours – 99.69 83.58 91.92 89.82 85.63 90.13
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Table 11. Comparisons with Advanced Methods on the MFNet Dataset. “-” indicates that the corre-
sponding metric is not reported in the original paper. The bold value indicates the best performance.

Methods Venue Car Person Bike Curve Car_stop Guardrail Color_cone Bump mIoU

MDRNet+ [15] TNNLS’2024 87.1 69.8 60.9 47.8 34.2 8.2 50.2 55.0 56.8
RoadFormer+ [44] TIV’2025 - - - - - - - - 62.7
CAINet [38] TMM’2024 88.5 66.3 68.7 55.4 31.5 9.0 48.9 60.7 58.6
MiLNet [37] TIP’2025 87.9 72.3 64.5 46.2 45.8 10.1 55.8 60.1 60.1
Open-RGBT [39] ICRA’2025 - - - - - - - - 61.6
SCRNet [41] PR’2025 87.9 74.1 62.7 47.4 36.2 7.5 53.2 54.4 58.0
KTB [43] CVPR’2025 - - - - - - - - 59.9
LLESeg [42] TIM’2025 88.6 73.2 64.8 46.8 30.0 8.8 52.5 62.4 58.4
Ours - 91.3 74.7 68.2 52.2 47.6 11.8 57.2 65.3 62.9

Table 12. Comparisons with Advanced Methods on the FMB Dataset. * denotes reproduced using 
official code. “-” indicates that the corresponding metric is not reported in the original paper. The 
bold value indicates the best performance.

Methods Venue
Class-Wise Accuracy (Acc, %)

Car Person Truck T-Lamp T-Sign Building Vegetation Pole Mean

EGFNet [36] AAAI’2022 83.6 79.5 33.5 58.6 82.6 88.5 89.3 63.8 63.0
SegMiF [22] ICCV’2023 85.3 78.3 74.4 86.4 86.1 90.0 91.6 72.5 74.5
Roadformer+ * [44] TIV’2024 94.5 83.3 47.2 55.0 88.1 93.7 94.4 68.6 77.8
IQSeg-CL [40] PR’2026 92.7 71.5 38.6 - 85.1 91.1 92.7 59.4 67.6
AGFNet [45] TITS’2025 95.3 80.0 46.7 56.8 85.2 91.6 91.4 65.5 70.6
MiLNet * [37] TIP’2025 94.2 81.2 55.8 56.6 88.9 90.9 93.8 70.2 76.9
Ours – 94.7 78.2 68.0 48.5 88.6 92.2 94.3 69.3 80.0

Class-Wise IoU (IoU, %)

Car Person Truck T-Lamp T-Sign Building Vegetation Pole Mean

EGFNet [36] AAAI’2022 77.4 63.0 17.1 25.2 66.6 77.2 83.5 41.5 47.3
SegMiF [22] ICCV’2023 78.3 65.4 47.3 43.1 74.8 82.0 85.0 49.8 54.8
Roadformer+ * [44] TIV’2024 84.6 76.1 41.3 49.9 83.9 86.9 89.6 57.0 71.6
IQSeg-CL [40] PR’2026 81.5 60.6 36.3 - 75.5 81.6 86.0 49.3 60.5
AGFNet [45] TITS’2025 78.9 62.1 36.9 46.3 72.3 81.0 85.4 63.0 60.5
MiLNet * [37] TIP’2025 83.5 64.2 65.2 51.0 82.9 84.3 86.7 58.9 70.6
Ours – 86.8 72.5 57.9 44.4 83.5 85.5 88.2 56.0 73.3

On the PST900 indoor search-and-rescue dataset, our method sets a new state-of-the-art 
with 90.13% mIoU, achieving the highest IoU on all semantic classes. Notably, it significantly 
outperforms existing approaches on safety-critical small objects such as Survivor (85.63%), 
demonstrating high sensitivity to life-critical targets.

On the more challenging MFNet autonomous driving dataset, our approach attains 
an mIoU of 62.9% (mean ± std over five checkpoints sampled from the converged training 
phase: 62.9 ± 0.14%), consistently surpassing the previous best method RoadFormer+ 
(62.7%). This comparison is conducted under fair conditions: both Ours(B) and Road-
Former+ use the ConvNeXt-L pretrained backbone and fine-tune the backbone with a learn-
ing rate of 0.1. Moreover, our method achieves top performance in 6 out of 8 classes, includ-
ing easily missed small objects such as car_stop, guardrail, and bump, confirming its strong 
capability in preserving fine details under low-light and cluttered background conditions.

On the high-annotation-density FMB urban dataset, we report per-class results on 
these 8 classes, while the mean metrics are computed over all 14 classes. Our method again 
achieves the best overall performance with 80.0% mean accuracy and 73.3% mean IoU. It 
leads notably in structured categories such as Car, Truck, and T-Sign, as well as in small 
or ambiguous classes like Person, showcasing its strong modeling capacity for complex 
semantic layouts and cross-modal consistency.
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In summary, whether in safety-critical scenarios (PST900), adverse lighting conditions 
(MFNet), or highly complex urban environments (FMB), our method consistently delivers 
superior segmentation performance by explicitly decoupling high-frequency components 
such as edges and textures from low-frequency components such as global structure and 
semantics, and applying robust fusion to low frequencies and refined fusion to high frequen-
cies. This frequency-aware heterogeneous fusion paradigm enables efficient and adaptive in-
tegration of complementary multi-modal information across diverse real-world conditions.

4.6.  Qualitative Comparison
To qualitatively assess the segmentation quality, we compare our method with existing 

RGB-T approaches. As shown in Figure 5, our predictions consistently exhibit cleaner object 
boundaries, fewer false positives, and better preservation of semantic coherence across 
diverse scenes. These observations align with our quantitative results, confirming that our 
approach produces more accurate and reliable segmentation outputs overall.

(a) RGB (b) TIR (c) CMX (d) EAEFNet (e) Roadformer+ (f) Ours (g) Ground Turth

Figure 5. Visualisations on MFNet. From left to right: (a) RGB input, (b) TIR input, (c) prediction 
from CMX, (d) prediction from EAEFNet, (e) prediction from Roadformer+, (f) prediction from our 
method, and (g) ground truth.

5.  Conclusions
In this work, a novel frequency-aware fusion framework is proposed for RGB-T se-

mantic segmentation, with its superiority demonstrated quantitatively and qualitatively. 
Specifically, dynamic frequency separation and heterogeneous fusion pathways are intro-
duced, highlighting the importance of adaptively separating high-frequency details from 
low-frequency semantics based on input content and treating them differently, emphasizing 
cross-modal detail alignment in the high-frequency stream and semantic consistency in 
the low-frequency stream. Extensive experiments on three standard benchmark datasets 
validate the effectiveness of the proposed design, which holds promise for advancing RGB-T 
segmentation toward more principled and frequency-aware model architectures.
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