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Abstract—Improving hyperspectral image (HSI) semantic seg-
mentation by exploiting complementary information from supple-
mentary modalities (termed X-modality) is promising but chal-
lenging due to significant differences in imaging sensors, image
content, and resolution. Existing methods often underutilize the
unique spatial-spectral features of HSIs by processing them uni-
formly with X-modality data. In addition, current cross-modality
fusion strategies often suffer from limited intermodal interaction
or significantly increased model complexity. To address these
limitations, we propose CoMiX, an asymmetric encoder-decoder
architecture with deformable convolutions (DCNs) for HSI-X
semantic segmentation. CoMiX includes an encoder with two
parallel, interacting backbones and a lightweight all-multilayer
perceptron (ALL-MLP) decoder. The encoder consists of four
stages, each incorporating 2D DCN blocks for the X-modality
to accommodate geometric variations and 3D DCN blocks for
HSIs to adaptively capture spatial-spectral features. Each stage
also incorporates a Cross-Modality Feature enhancement and
eXchange (CMFeX) module and a feature fusion module (FFM).
CMFeX exploits spatial-spectral correlations across modalities
to recalibrate and enhance modality-specific and modality-
shared features, while adaptively exchanging complementary
information. Its outputs are subsequently fused in the FFM
and propagated to the next stage for further learning. Finally,
the ALL-MLP decoder aggregates the fused features from all
stages to produce the final predictions. Extensive experiments
demonstrate that CoMiX achieves state-of-the-art performance
and generalizes well to various multimodal datasets. The CoMiX
code will be released soon.

Index Terms—Deep learning, hyperspectral image, classifica-
tion, multimodel semantic segmentation, cross-modality fusion,
deformable convolution
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I. INTRODUCTION

Hyperspectral images (HSIs), with continuous spectral in-
formation over a wide range of wavelengths, enable detailed
analysis and discrimination of different materials [1]], [2].
HSI semantic segmentation is a fundamental task in scene
understanding and supports many applications, including land-
cover analysis [3l] and urban development monitoring [4]]. It
is closely related to HSI classification, as both are per-pixel
classification [3]]. However, single-modality HSI classification
has encountered performance bottlenecks, especially under
challenging conditions like low illumination and atmospheric
interference. Multimodal fusion mitigates these limitations
by integrating complementary information from additional
sensors (X-modality), such as digital surface models (DSM),
light detection and ranging (LiDAR), and synthetic aperture
radar (SAR), thereby enhancing performance.

Numerous multimodal fusion approaches [6], [[7] have been
developed and are typically classified into three main cat-
egories: pixel-level fusion [8]], feature-level fusion [9]], and
decision-level fusion [10]. Among these, feature-level fusion
is generally recognized as effective and scalable. For example,
Rasti et al. [9] adopted extinction profiles [11] to extract
spatial and elevation information from HSI and LiDAR data,
respectively, which was then fused to produce classification
maps. Subsequent studies [[12]], [13] further refined strate-
gies to improve the integration of multimodal information.
However, these traditional techniques suffer from inherent
drawbacks, including reliance on expert feature engineering
and limitations in feature representation and generalization.

Deep learning (DL), an automatic feature learning tech-
nique, has demonstrated remarkable success in vision tasks
[14], [15]. In particular, convolutional neural networks (CNNs)
are widely used due to their scalability, flexibility, and ease
of optimization [16]. Numerous CNN-based approaches [17],
[L8], [19] have been developed to enhance feature extraction
or information fusion in multi-source data. Nonetheless, CNNs
process all inputs indiscriminately, which is suboptimal be-
cause different sources contribute unequally to accurate classi-
fication [20]]. To mitigate this limitation, attention mechanisms
[21], [22] have been introduced to guide models toward the
most informative features. Building on this idea, the vision
transformer (ViT) [23] employs self-attention for adaptive
spatial aggregation and long-range dependency modeling,
marking a significant advance. This foundation has enabled
transformers to greatly improve multimodal data processing by
enhancing feature extraction and integration [24], [25], [26].
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Although transformers have achieved impressive results in
multimodal segmentation, their low sensitivity to local features
and the lack of the inductive biases inherent in CNNs limit
their performance. Therefore, hybrid networks [27], [28] were
developed to combine the strengths of local convolutions and
global transformers. Alternatively, some studies [29]], [30] have
attempted to introduce long-range dependencies into CNNs by
using large dense kernels (e.g., 31 x 31).

Recently, Mamba [31], which linearly encodes sequential
features, was introduced as an efficient alternative to trans-
formers. Mamba-based cross-modality fusion networks (e.g.,
Sigma [32], MambaDFuse [33]], SegMamba [34]]) have demon-
strated strong effectiveness in modeling long-range inter-
modal dependencies while reducing computational overhead.
Due to Mamba’s one-dimensional selective scanning mecha-
nism, these models exhibit limited scalability when applied to
high-dimensional data like HSI, where capturing both spatial
and spectral dependencies is essential.

Deformable convolutional networks (DCNSs) [35]], [36], [37]
offer a lightweight yet effective alternative for capturing
spatial-spectral information in high-dimensional data. Unlike
standard convolutions with fixed receptive fields, DCNs in-
troduce learnable offsets that adapt sampling locations based
on inputs, enabling more flexible and context-aware feature
aggregation. This adaptability is especially advantageous in
HSI-X segmentation, where geometric distortions and scale
discrepancies between modalities (e.g., HSI vs. LiDAR/SAR)
frequently compromise alignment and feature consistency.
Moreover, DCNs maintain high computational efficiency by
employing small kernel sizes (e.g., 3 x 3), striking a favorable
balance between performance and efficiency. These character-
istics make DCNs well-suited for HSI-X feature extraction.

Despite these advances, existing approaches for HSI-X
segmentation still face two key challenges:

1) Many methods [38], [39]] are tailored to specific modality
combinations (e.g., HSI and LiDAR), restricting their applica-
bility to other data types. Although some architectures [24],
[40] were proposed for HSI-X segmentation, they process
HSIs using the same strategies as X-modality data, overlook-
ing the unique 3D spatial-spectral structure of HSIs. This leads
to underutilization of the rich spectral information in HSI.
Therefore, there is an urgent need for HSI-X segmentation
architectures that adapt to diverse X modalities while effec-
tively exploiting the rich discriminative information of HSIs.

2) Early fusion strategies, including feature concatenation
[18], [41]], feature addition [28]], [38], [42], and cross-attention
fusion [27]], [43], [44]], often suffer from limited inter-modal
interaction, resulting in suboptimal performance. Although
recent multi-stage fusion approaches [40], [14] enhance cross-
modality integration, they generally increase model complexity
and reduce robustness, as multi-stage attention mechanisms are
computationally intensive and harder to optimize.

To overcome these challenges, we propose CoMiX, a uni-
versal semantic segmentation framework designed for HSI-
X segmentation, where X includes DSM, LiDAR, SAR,
or other complementary modalities. CoMiX integrates de-
formable convolutions with transformer-inspired block-level
designs, facilitating the development of 3D DCN and 2D

DCN blocks for adaptive modality-specific feature extraction
from HSI and X-modality data, respectively. As illustrated in
Fig. |l CoMiX consists of an encoder with two parallel and
interactive backbones, along with a lightweight all-multilayer
perceptron (ALL-MLP) decoder. Within the encoder, a Cross-
Modality Feature enhancement and eXchange (CMFeX) mod-
ule is introduced at each stage to recalibrate modality-specific
features and explicitly facilitate cross-modality interactions
across spatial and spectral dimensions. These recalibrated
features are then fused via a Feature Fusion Module (FFM)
and passed to the next stage for progressive learning. Finally,
the All-MLP decoder aggregates the multi-stage fused features
to produce the final segmentation map.

The main contributions of this study are as follows.

1) Proposing CoMiX, a universal framework for HSI-X se-
mantic segmentation that extracts modality-specific, modality-
shared, and complementary features from HSI and X-modality
data, while enhancing cross-modal interaction and fusion.
Specifically, modality-specific features denote information
unique to a single modality (e.g., structural details from
LiDAR); modality-shared features represent common patterns
(e.g., semantic or spatial structures); and complementary fea-
tures are distinct yet mutually reinforcing cues that, when
fused, yield more complete and robust semantic representa-
tions.

2) Developing parallel and interactive backbones with
deformable convolutions, where 3D DCN blocks capture
spectral-spatial information from HSIs and 2D DCN blocks
learn features from X-modality data, thereby enabling com-
prehensive cross-modal representation learning.

3) Designing the CMFeX module to recalibrate and enhance
modality-specific and modality-shared features across spatial
and spectral dimensions, while facilitating more effective
cross-modality information exchange.

The remainder of this paper is organized as follows. Section
II reviews related work, followed by a description of the pro-
posed CoMiX framework in Section III. Section IV presents
the experimental setup and results, while Section V provides
further discussion. Finally, Section VI concludes this paper
with remarks and directions for future research.

II. RELATED WORK
A. CNN-based cross-modality segmentation

CNNs have been widely used for cross-modality semantic
segmentation due to their efficient feature extraction and
ease of optimization [[L6]]. Chen et al. [17] proposed a two-
branch CNN to extract features from multispectral images
(MSIs)/HSIs and LiDAR data, which are subsequently fused
through fully connected (FC) layers. EndNet [18], an FC-
dominated encoder-decoder network, integrates multimodal
features by forcing the fused features to reconstruct the inputs.
The unified multimodal fusion framework [19] comprises
extraction and fusion subnetworks, with the latter employing
a novel cross-fusion strategy that outperforms concatenation-
based fusion. Unlike these patch-based learning models [17],
(L8]], [19], Fusion-FCN [41]], the winner of the 2018 IEEE Data
Fusion Contest (DFC), was built with a fully convolutional
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Fig. 1. Overview of the proposed CoMiX framework for HSI-X semantic segmentation.

network (FCN), demonstrating the significant potential of
FCNs in cross-modality segmentation.

To overcome the limitations of standard convolutional
kernels that treat all features equally in CNNSs, attention
mechanisms have been incorporated to enhance feature rep-
resentation. Wang er al. [45] and Zhang et al. [42] applied
attention modules to improve feature learning from optical and
LiDAR data, respectively. The coupled adversarial learning-
based classification (CALC) framework [38] introduced a
spatial attention module to capture high-level semantic features
from HSI and LiDAR data.

Moreover, various studies [27], [46], [47] explored cross-
modality attention mechanisms to enhance cross-modality
information fusion. Xue er al. [48] employed self-attention
to enhance both feature learning and fusion between HSI and
LiDAR. Roy et al. [49] developed a cross-attention mechanism
where LiDAR patch tokens serve as queries, while HSI patch
tokens act as keys and values, facilitating more effective
integration of both modalities.

B. Transformer-Based cross-modality segmentation

Transformers [23] have revolutionized cross-modality seg-
mentation by effectively capturing long-range dependencies
and facilitating interactions between heterogeneous modalities.
[23]. For instance, multimodal fusion transformers (MFT)
[39] and deep hierarchical vision transformers [50] extract
complementary features from HSI and LiDAR data, which
are then fused via cross-attention modules. Similarly, the lo-
cal information interaction transformer network [43]] employs
dual-branch transformers to model sequential dependencies in
each modality, followed by fusion through a convolutional
transformer for classification. However, these approaches typi-
cally adopt relatively simple cross-modal interaction strategies,
limiting their generalization to diverse modality combinations.

In computer vision, various transformer-based cross-
modality segmentation frameworks have been developed, par-
ticularly for RGB-X tasks [51]], [52], [53], [54]]. DFormer [53]]
introduces a pretraining framework tailored for RGB-Depth
segmentation, improving the transferability of learned repre-
sentations. GeminiFusion [51] proposes a pixel-wise fusion

mechanism based on spatially aligned features across modali-
ties. DPLNet [52] leverages a dual-prompt learning paradigm
that adapts a frozen RGB backbone to multimodal inputs,
significantly reducing training overhead. Other frameworks,
such as CMNeXt [53] and CMX [54]], adopt dual-branch
architectures for RGB-X segmentation.

Flex-MCFNet [40] extends CMX by integrating a flexible
mixup data augmentation strategy to improve performance in
HSI-X segmentation. Given the high computational burden of
transformers on large images, the local-to-global cross-modal
attention-aware fusion (LoGoCAF) framework [24] integrates
a local-to-global encoder—using CNNs in shallow layers and
transformers in deeper layers—combined with cross-modality
modules for effective HSI-X fusion.

Despite these advances, most HSI-X segmentation methods
are adapted from RGB-X frameworks designed for natural
images. In contrast, HSI-X segmentation in remote sensing
poses unique challenges—including high spectral dimension-
ality, spatial heterogeneity, and modality disparities—that re-
quire specialized architectures. Moreover, models such as
CMX, Flex-MCFNet, and LoGoCAF employ the same feature
extraction structure across modalities, limiting their ability to
exploit modality-specific features.

To overcome this limitation, CoMiX introduces 3D DCN
blocks for HSI and 2D DCN blocks for the X-modality,
enabling modality-aware feature extraction. In addition, unlike
the cross-modal feature rectification module in CMX, CoMiX
incorporates CMFeX for feature calibration and interaction,
improving both performance and efficiency. Finally, CMX
relies on a two-stage FFM, while CoMiX retains only the
lightweight second stage, significantly reducing computational
cost while maintaining effective cross-modality fusion. Collec-
tively, these distinctions indicate that CoMiX is not merely an
extension of CMX but a specialized framework tailored to the
unique characteristics of HSI-X segmentation.

III. METHODOLOGY

A. Methodological Overview

Fig. |l| presents an overview of the proposed CoMiX frame-
work. The encoder employs two parallel and interacting back-
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bones to adaptively aggregate local- and long-range dependen-
cies, as well as fine-grained and coarse-level features from HSI
and X-modality. The All-MLP [5] decoder is used to integrate
multi-level fused features and produce the final semantic
segmentation maps. The encoder begins with a convolutional
stem composed of a 1 x 1 convolution, batch normalization,
and a SiLU activation function, projecting HSI and X-modality
inputs into a unified feature space with equal channel dimen-
sions. Following the stem, four sequential stages are deployed.
In each stage, the proposed 3D DCN and 2D DCN blocks
are used for modality-specific feature extraction from HSI
and X-modality data, respectively. To balance segmentation
accuracy and computational efficiency, spatial resolution is
downsampled only once—by a factor of two—before Stage
2. At each stage, we further introduce a CMFeX module
to capture spatial and spectral correlations across modalities.
It recalibrates and enhances modality-specific and modality-
shared features while facilitating the exchange of comple-
mentary information. The recalibrated features from CMFeX
are passed to FFM for cross-modality fusion while being
forwarded to the next stage for further learning. The decoder
then aggregates the outputs from all FFMs to generate pixel-
wise segmentation predictions.

B. 2D DCN Block

Geometric variations induced by scale, viewpoint, etc., pose
significant challenges in land-cover recognition. Currently,
DCNs are the state-of-the-art method to address this prob-
lem [36]]. The DCN series extends traditional convolutional
operations by introducing learnable offsets that dynamically
adjust sampling locations. This allows the network to perform
adaptive spatial aggregation and effectively adapt to geometric
variations. DCNv1 [56] is the pioneering work that devel-
oped the deformable convolution. Subsequently, DCNv2 [36],
DCNv3 [35]], and DCNv4 [37] introduced tailored modifica-
tions to further enhance information representation and bridge
the gap between CNNs and ViTs. Inspired by [35], we refine
it to develop a faster and more effective feature extraction
operator for the X-modality.

Given a convolution kernel with K sampling locations, let
pi denote the pre-specified offset for the k-th location. For
example, a regular 3 x 3 convolution kernel is defined as K = 9
and py € (-1, -1), (-1, 0), . . ., (1, 1). Let z(p) and y (p)
denote the features at location p of the input x and output
y, respectively. Following the multi-group designed in group
convolution, our 2D DCN splits the spatial aggregation process
into multi-groups to learn richer information. Then, 2D DCN
at location p can be expressed as:

G K

y(p) =D > wemgrry (p+pi + Apgr), (D)
g=1k=1

where G represents the number of /spatial aggregation groups.

For the g-th group, w, € RE*XC is the location-irrelevant

projection weight, mg; € R is the modulation scalar for

the k-th sampling point, and/ Ty € RC *HXW denotes the

input feature maps, where C' = C/G represents the group

dimension. Apgy, signifies the sampling offset corresponding
to the pre-specified offset p;, within the g-th group. In practice,
the modulation scalar mg, and the sampling offset Apyy, are
generated from the input x by a 3 x 3 depth-wise convolution
(DWConv) followed by a linear projection.

Equation (1) illustrates that the sampling offset Apgy is
flexible and can capture both short- and long-range dependen-
cies. Additionally, the sampling offset Apy; and the modula-
tion scalar mgy are input-dependent and learnable, allowing
the network to effectively model geometric transformations.
Meanwhile, the 2D DCN retains the inductive bias of convolu-
tion, leading to improved efficiency with reduced training time
and data requirements. It is also easier to optimize and more
computationally and memory-efficient than other techniques,
such as self-attention [23]], large kernel convolution [29], and
Mamba [31]], [57].

As shown in Fig. 2[a), by combining the aforementioned
the 2D DCN with advanced transformer block designs, the
2D DCN block can be expressed as:

X, = LN(@2D DCN(X,)) + X,, )
Xoutt = LN(FFN(X1)) + X1, 3)
FFN(X1) = Convy«1 (GELU(Convy1(X1))), (4)

where Xy, X; and X, represent the input X-modality data,
intermediate features, and output features of the 2D DCN
block, respectively. Convyy; refers to a 1 x 1 convolution,
GELU is a activation function, and LN denotes layer nor-
malization [S8]. We stack 2D DCN blocks in each stage for
X-modality feature learning.

Unlike previous DCN variants that use 3 x 3 sparse windows
throughout the network, we adopt 3 x 3 windows in the
first two stages and 7 X 7 windows in the last two. This
design enables the network to selectively focus on salient
regions and capture finer details, thereby enhancing feature
representation. This capability is particularly crucial for remote
sensing image semantic segmentation, where scenes exhibit
complex structures and small objects require context-aware
feature extraction and precise localization.

C. 3D DCN Block

Given that HSI data are 3D cubes, it is intuitive to extend
the 2D DCN block to 3D for feature extraction. However, this
extension significantly increases the number of parameters and
computational cost as the number of channels scales along the
third dimension [59]. To address this, we adopt the efficient
paired-attention (EPA) block [60] for HSI processing. The
EPA block employs a shared keys-queries scheme between
the spatial and spectral attention modules, allowing mutual
information exchange while improving efficiency. Specifically,
the K and Q matrices are shared to enable consistent atten-
tion across spatial and spectral dimensions, thereby capturing
modality-shared dependencies. In contrast, the V matrices
remain separate, allowing each attention to retain modality-
specific information. This design effectively balances cross-
dimensional feature alignment with representational diversity.

As illustrated in Fig. 2(b), EPA consists of a spatial attention
module and a spectral attention module, both of which use
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Fig. 2. Tllustration of the proposed deformable convolution (DCN) blocks: (a) The 2D DCN block processes X-modality data using 2D DCN,
followed by layer normalization (LN) and a feed-forward network (FFN); (b) The 3D DCN block captures spectral-spatial features via the
efficient paired-attention (EPA) module, which shares keys and queries between the two attention modules to enrich representations while
reducing complexity. Outputs are refined with a 3D FFN and a 1 X 1 X 1 convolution (Convy)

shared keys and shared queries to minimize computational
overhead. Given an input X, € REWXC where H, W, and
C denote the height, width, and number of spectral channels
of Xy, respectively. We linearly transform it into spatial
values Vg, € RN*C | shared queries Qg € RV, shared
keys Kg € RV*C and spectral values Ve € RNVXC yia
Vspa = W;;athi’ Qshr = WQthis Kshr = WKthi and
Ve = WS\;ethi, where N = HW, WS\;a, WQ, WK, and
W;;e are the corresponding projection weights. For simplicity,
we omit the transformation from H x W x C' to N x C.
Vpa and V. are specific to the spatial and spectral attention
modules, respectively, while Qg and Ky, are shared between
them. The computational complexity of regular self-attention
is O (N 2), indicating that the computational complexity and
memory requirements increase quadratically with the input
resolution. Consequently, it quickly becomes a computational
bottleneck for high-resolution inputs. To mitigate this, K,
and Vg, are projected onto lower dimensions before the
attention operation.

Specifically, for spatial attention, Kg,, and Vg, are pro-
jected from N x C to p x C (p < N):

VI KR = f (Vi) |, f (Kae) ©)

where f(-) denotes a linear transformation, and Vi3, K5 €

RP*C denote the projected spatial values and projected shared
keys, respectively. The spatial self-attention is then computed
as:

RS

Y,,. = Softmax
—r

QshrKE;;’jT) G ©)

where d is a normalization factor and Y, € RN*C s the
output of the spatial attention module.

Similarly, the spectral attention module captures the interde-
pendencies between channels. Using the same Qg and Ky,

as in the spatial attention module, the spectral attention is
computed as:

1
Vd

where Yy, € RVXY represents the output of the spectral
attention module.

Finally, a linear projection is employed to transform the
outputs of the two attention modules, halving the spectral
dimension and obtaining enriched feature representations.
Then a concatenation operation is performed to fuse them.
Therefore, the final output Y € RNV *C of the EPA module is
obtained by:

Ype = Vipe - Softmax < QSThrKshr> , (7)

Y = [f (YSpa) vf (YSPeH ) ®)

where [-,-] denotes the concatenation operation along the
channel dimension.

With the aforementioned EPA module, the 3D DCN block
can be formulated as:

Xz = LN(EPA(Xhsi)) + Xhsi, €))
Xouz = Convy (B3DFFN(X3)) + Xo, (10)
3DFFN = Convs (ReLU (Conv; (X3))), (11)

where X5 and X,,» denote the intermediate features and
outputs of the 3D DCN block, respectively. Conv; and Convs
represent 1 X 1 X 1 and 3 x 3 X 3 convolutions, respectively.

D. Cross-modality Feature Enhancement and Exchange Mod-
ule

Integrating information from different modalities can ef-
fectively enhance the quality and richness of information
while mitigating undesired information. Thus, multimodal data
fusion is essential for extracting comprehensive and reliable
information from complex scenes. Consequently, the CMFeX
module is developed to recalibrate and enhance modality-
specific features while promoting cross-modality interaction.
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Fig. 3. Illustration of the proposed Cross-Modality Feature Extraction (CMFeX) and Feature Fusion Module (FFM). In CMFeX, features
from each modality undergo linear projections, transposition, and attention computations to obtain spatial and spectral attention maps. Cross-
modality matrix multiplications, linear projections, and concatenation are then applied to generate rectified HSI and X features. These features

are then fused in FFM.

As shown in Fig.[3] CMFeX processes HSI and X modalities
in spatial and spectral dimensions for feature calibration and
interaction. Given an HSI input Xy € RAW*C it is linearly
transformed into spatial values V% € RV*C shared queries

ohr € RVXC shared keys K" € RV*C, and spectral values
V.2 € RVXC. Similar to EPA, K™ and V}* are projected
to p x C matrices through a linear layer before the attention
operation:

Kb, VIS = f (K £ (Vi) s (12)
where KP'™ | VP ¢ RPXC denotes the projected shared keys
and projected spatial values of HSIs. Then, the spatial and

spectral attention maps of HSI can be obtained by:

1 shr iT

SApg = Softmax <\/ZlQhSiKE:)J ) , (13)
1 shr 1 p-shr

SEhsi = Softmax ﬁ nsi Khai | (14)

where SAp € RV*P and SE; € RE*C represent the spatial
and spectral attention maps of HSIs, respectively.

Similarly, the spatial values V3 € R7WXC shared queries
Qr ¢ RH WxC " shared keys K ¢ RH WxCand spectral
values V¥ € REWXC of the X-modality can be obtained by
linearly transforming the input X, € R7*WxC The spatial
and spectral attention maps for the X-modality are computed
as:

KPol vl = f(K™), f (VP (15)

1 shr roj |

SA, = Softmax (\/&Q;‘ KPol ) , (16)
1 rT shr

SEX = Softmax (\/gQ;h Kxh ) 5 (17)

where K8 | VP ¢ RPXC represents the projected shared
keys and projected spatial values of the X-modality, SA; €
RNXP and SE, € R“*¢ denote the spatial and spectral
attention maps of the X-modality, respectively.

Spatial rectification is achieved through a spatial cross-
attention process, where the spatial values are multiplied by
the spatial attention map of the other modality. This process
can be represented as:

HSEE = SA. - Vi, (18)
X3P = SApgi - VI, (19)
where HSIP? | X2 ¢ RV*C denote the recalibrated spatial

information of HSI and X, respectively.
Similar to the spatial rectification, the spectral rectification
is formulated as:

HSIE = VP . SE,, (20)
Xiee = V¢ - SEp, (21)

where HSEES | X € RNXC are the recalibrated spectral
information of HSI and X, respectively.
The final recalibrated representations, Xi% and X ¢, are ob-

tained by reducing the channel dimensions of the recalibrated
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spatial and spectral features using a linear layer, followed by
concatenation to integrate spatial and spectral information:

i = LS (HSEE) , f (HSLE)],

TecC

(22)

X1 = [ (X | f (XE)],
where XI*¢ X' ¢ RV*C denote the rectified features for
HSI and X modalities, respectively.

To facilitate gradient flow and mitigate the vanishing gradi-
ent problem, residual connections are established between the
rectified features and their corresponding inputs:

(23)

Yisi = Xii + Xasis
Y, = XT + X,

(24)
(25)

where Y, Yy € RVXC are the final outputs of the CMFeX.
These outputs are subsequently sent to the next stage for
further information learning and simultaneously fed to FFM
for cross-modality information fusion.

E. Feature Fusion Module

After obtaining the outputs Y and Yy of CMFeX, they
are reshaped to H x W x C' and concatenated along the channel
dimension:

Ycat = [Yhsi 3 Yx} . (26)
The concatenated features Y., are then processed by a
depthwise feedforward network (DWFFN) with a residual
connection to produce the cross-modality fused features:

Yfusea = DWFFN (Ycat) + Convy g (Ycat) , 27
where the DWFFN is defined as two 1 x 1 convolution layers
separated by a 3 x 3 depthwise convolution (DWConv) and a
GELU activation function:

DWEFEN = Convi x1(GELU (DWConv (Convixi (Yea))) -
(28)
Through this process, Y¢q € is fused into Yiyseq €
RIXWXC “which is passed to the decoder for further feature

RHXWXQC

learning.

F. Lightweight All-MLP Decoder

Given that the encoder allows for a larger effective receptive
field, we adopt the lightweight ALL-MLP decoder [3] for
efficient decoding and prediction. As illustrated in Fig.
the decoder contains only a few MLP layers. The multi-level
fused features from each stage are first fed into an MLP
layer to unify their channel dimension and then upsampled.
The results are concatenated and then passed through another
two successive MLP layers for fusion and prediction, respec-
tively. By avoiding computationally intensive components, this
streamlined design makes CoMiX simpler, more efficient, and
easily adaptable.

IV. EXPERIMENTS AND RESULTS
A. Description of Datasets

We conducted experiments on three public multi-modality
benchmarks that combine HSI-DSM, HSI-SAR, and HSI-
multispectral LiDAR (MS-LiDAR) data, respectively.

The Houston2013 dataset [61] covers the University of
Houston campus and its adjacent urban region. This dataset
comprises two data sources: an HSI and a DSM derived from
LiDAR, both sharing identical spatial size (349 x 1905 )
and spatial resolution (2.5 m). The HSI contains 144 spectral
bands, spanning the wavelength range from 380 nm to 1050
nm. This scene contains 15 classes, as illustrated in Fig. E] and
Table [

TABLE 1
THE LAND-COVER TYPES AND THE NUMBER OF TRAINING AND
TEST SAMPLES ON THE DFC2013 DATASET

ID Color Land-cover Type  Training  Test
Cl1 [ Healthy grass 198 1053
Stressed grass 190 1064

Synthetic grass 192 505
Trees 188 1056
Soil 186 1056

Water 182 143
Residential 196 1072

Commercial 191 1053
Road 193 1059
Highway 191 1036
Railway 181 1054

Parking Lot 1 192 1041

Parking Lot 2 184 285

Tennis Court 181 247

Running Track 187 473

(b

Fig. 4. Houston2013 dataset: spatial distribution of (a) the training
samples and (b) the test samples.

The Berlin dataset [62], obtained from the urban and sur-
rounding rural areas of Berlin, is a comprehensive collection
of HSI and SAR images. The HSI is a 797 x 220 x 224 data
cube with a spatial resolution of 30 m and covers a wavelength
range of 0.4 to 2.5 um. In contrast, the SAR image consists
of 1723 x 476 pixels with a spatial resolution of 13.89 m. To
match the spatial resolution of the SAR image, the HSI was
interpolated using the nearest neighbor technique. Details on
land-cover classes, including the number of samples and their
spatial distribution, can be found in Fig. [5] and Table [I]

The DFC2018 dataset [41] covers the University of Houston
campus and its adjacent urban areas. The dataset adopted in
this study includes HSI data with a spatial resolution of 1
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TABLE II
THE LAND-COVER TYPES AND THE NUMBER OF TRAINING AND
TEST SAMPLES ON THE BERLIN DATASET

ID Color Land-cover Type  Training Test
c1 Forest 443 54511
C2 Residential Area 423 268219
C3 M ndustrial Area 499 19067
Low Plants 376 58906

Soil 331 17095

Allotment 280 13025

Commercial Area 298 24526

Water 170 6502

Fig. 5. Berlin dataset: spatial distribution of (a) the training samples
and (b) the test samples.

m and MS-LiDAR point cloud data with a spatial resolution
of 0.5 m. The HSI dataset encompasses 4172 x 1202 pixels
distributed across 48 bands, covering the spectral range from
380 to 1050 nm. Meanwhile, MS-LiDAR contains a DSM,
a digital elevation model (DEM), and three intensity rasters
at distinct wavelengths: 1550 nm (near-infrared), 1064 nm
(mid-infrared), and 532 nm (green). To match the spatial
resolution of MS-LiDAR images, the HSI was interpolated
to a spatial resolution of 0.5 m using the nearest neighbor
interpolation algorithm. To obtain the actual elevation of
objects, the normalized DSM (NDSM) value was calculated
via NDSM = DSM—DEM. The dataset includes 20 land-cover
classes, with more detailed information available in Table
and Fig. [6]

Before the experiments, these three datasets were normal-
ized to [0, 1] to standardize the magnitude of the data, thereby
enhancing network convergence during training.

B. Experimental Settings

1) Comparison Methods: We compared our CoMiX with
the support vector machine (SVM) [63]], and several DL-based
models, including FusAtNet [27], CALC [38], Fusion_HCT
[44], Fusion-FCN [41]], Flex-MCFNet [40], and LoGoCAF
[24]. SVM is a pixel-wise classifier that works at the pixel
level. FusAtNet, CALC, and Fusion_HCT are patch-based
classification networks designed for HSI and LiDAR data.
Specifically, FusAtNet generates HSI-derived and LiDAR-
derived attention maps that enhance spectral and spatial in-
formation of HSIs, respectively. CACL develops a coupled
adversarial feature learning subnetwork to extract semantic

TABLE III
THE LAND-COVER TYPES AND THE NUMBER OF TRAINING AND
TEST SAMPLES ON THE DFC2018 DATASET

ID Color Land-cover Type Training Test
c1 s Healthy grass 39196 20000
Cc2 Stressed grass 130008 20000
C3 Artificial turf 2736 20000
C4 Evergreen trees 54322 20000
C5 Deciduous trees 20172 20000
C6 Bare earth 18064 20000
Cc7 Water 1064 1628
C8 Residential buildings 158995 20000
Cc9 Non-residential buildings ~ 894769 20000
cio Roads 183283 20000
Cl1 Sidewalks 136035 20000
CI12 Crosswalks 6059 5345
C13 Major thoroughfares 185438 20000
Cl4 Highways 39438 20000
Railways 27748 11232

Paved parking lots 45932 20000

Unpaved parking lots 587 3524

Cars 26289 20000

Trains 21479 20000

Stadium seats 27296 20000

¥ P

Fig. 6. DFC2018 dataset: spatial distribution of training (green box)
and test (outside the green box) samples.

features from HSI and LiDAR data, followed by a multi-
level feature fusion classification subnetwork. Fusion_HCT
sequentially employs CNN and transformer blocks for fea-
ture extraction, followed by a cross-token attention fusion
module. Unlike the aforementioned networks, Fusion-FCN
is an FCN-based architecture in which feature maps retain
the same spatial resolution as the input images at all levels.
Flex-MCFNet integrates a flexible mixup data augmentation
strategy to enable comprehensive multimodal fusion of HSI
and X-modality data (e.g., MSI, SAR, LiDAR) within a patch-
based classification framework. For a fair comparison, we
implemented the model without the mixup strategy, termed
MCFNet, which retains the same architecture as CMX. Finally,
LoGoCAF is a HSI-X multimodal segmentation framework
that optimally balances accuracy, efficiency, and versatility.

2) Implementation Details: We implemented our CoMiX
framework on the PyTorch platform using the Adam optimizer
and the cross-entropy loss function. CoMiX was trained for
500 epochs with a weight decay of 0.01. The initial learning
rate was set to 6 x 10~ for the Houston2013 and DFC2018
datasets, and 1 x 10~2 for the Berlin dataset. The learning
rate was updated during training using the poly-learning rate
schedule. The input size and batch size were set to 128 x
128 and 4, respectively, due to GPU memory constraints. The
entire network is trained in an end-to-end manner.

For the comparison methods, publicly available source
codes and literature-reported hyperparameters were used, with
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TABLE 1V
CLASSIFICATION ACCURACY ON THE HOUSTON2013 DATASET. THE NUMBERS AFTER + ARE THE STANDARD DEVIATIONS OF THE
CORRESPONDING METRICS. THE BEST VALUES ARE MARKED IN BOLD, AND THE SECOND-BEST VALUES ARE UNDERLINED

Method SVM-X SVM-HSI SVM FusAtNet CACL Fusion_HCT Fusion-FCN  MCFNet = LoGoCAF CoMiX
[63] [63] [63] [27] [138] [44] [41] [40] [24] (Ours)
OA (%) 17.16+0 555140 64.68+0 89.02+1.03 86.24+1.56 88.95+1.48 83.84+1.67 91.76+£1.31 92.11+1.18 95.751+0.98
AA (%) 16.66£0 59.83+0 67.14£0 92.28+1.18 88.10£2.18 90.48+1.91 85.424+2.16 93.17+£1.45 93.33£1.06 96.23+0.86
Kk x 100 10.76+0 52.124+0 61.824+0 88.09+1.14 85.11+1.92 88.00+1.62 82.50£1.61 91.11+1.56 91.44+1.36 95.39+0.79
Cl 55.56 81.96 82.43 82.96 80.63 82.48 83.00 85.77 83.10 90.60
c2 0.00 75.00 80.83 97.70 80.83 83.93 84.02 87.40 85.06 85.34
C3 100.00 99.01 99.01 100.00 85.55 98.22 100.00 99.86 100.00 100.00
C4 15.63 89.21 88.35 95.74 91.00 92.36 90.72 94.37 100.00 100.00
(63 0.00 85.23 90.06 98.96 99.34 99.91 99.34 99.92 100.00 100.00
C6 0.00 78.32 78.32 100.00 93.01 91.72 99.30 100.00 100.00 98.60
C7 47.30 28.64 69.50 92.19 83.12 87.35 82.46 93.22 86.29 93.75
C8 31.43 12.92 54.42 82.81 85.28 91.19 90.98 93.81 83.95 93.92
9 0.00 81.30 83.00 85.35 86.03 79.55 75.54 95.53 80.55 96.03
C10 0.00 1.83 2.90 66.12 60.91 67.31 54.83 71.39 94.40 99.81
Cl1 0.00 55.88 64.52 85.06 94.88 96.40 92.60 83.81 99.24 94.97
Cl12 0.00 0.10 0.00 89.63 88.38 95.89 70.70 96.76 100.00 99.23
CI13 0.00 11.93 15.09 86.32 92.98 90.88 59.30 95.74 87.72 91.23
Cl4 0.00 97.17 99.60 99.19 99.60 100.00 100.00 100.00 100.00 100.00
CI15 0.00 98.94 99.15 99.58 100.00 100.00 98.52 100.00 99.58 100.00
TABLE V

CLASSIFICATION ACCURACY ON THE BERLIN DATASET. HE NUMBERS AFTER + ARE THE STANDARD DEVIATIONS OF THE
CORRESPONDING METRICS. THE BEST VALUES ARE MARKED IN BOLD, AND THE SECOND-BEST VALUES ARE UNDERLINED

Method SVM-X SVM-HSI SVM FusAtNet CACL Fusion_HCT Fusion-FCN  MCFNet = LoGoCAF CoMiX
[63] [63] [63] 1271 [38] [44] [41] [40] [24] (Ours)
OA (%) 27.54+0 61.34+£0 62.98+0 73.86+ 1.84 7539+1.76 76.46+£1.51 55.14£1.74 70.84£1.41 76.53+1.32 76.81+1.01
AA (%)  20.11+£0 61.15+0 62.37+0 66.21+2.08 63.83£2.31 61.47+2.13 57.524+2.32 68.57+£1.51 64.69+£0.98 64.814+0.95
K x 100  1025£0 47.59+0 49.53£0 60.72+1.97 61.89+£2.08 63.38+1.92 40.23+1.74 58.51£1.59 64.07+1.27 64.21+1.08
Cl 88.27 80.34 80.23 50.05 47.33 59.50 43.19 74.14 73.02 65.13
C2 26.18 57.41 58.34 81.09 86.43 85.89 54.44 70.92 88.75 84.81
C3 46.43 46.43 48.30 48.51 41.13 65.57 34.15 53.12 52.64 67.20
C4 0.00 76.36 84.88 85.58 80.30 85.57 69.40 83.14 68.45 87.86
(6] 0.00 74.24 74.40 96.38 96.27 83.54 78.15 77.06 80.95 79.68
Co6 0.00 60.85 59.75 59.74 60.14 55.03 64.16 75.08 61.65 50.39
C7 0.00 27.84 27.25 29.88 26.09 12.72 46.77 38.86 20.46 19.45
C8 0.00 65.73 65.80 78.42 72.95 43.92 69.92 76.28 71.58 63.93

identical preprocessing and training/test sets to ensure fair
comparisons. Five independent runs were performed for each
experiment, and the average metrics were reported to ensure
result objectivity.

3) Metric: The performance of different approaches was
evaluated using four metrics: overall accuracy (OA), average
accuracy (AA), the kappa coefficient (), and the producer
accuracy (PA) for each category.

C. Comparison with Other Methods

1) Quantitative Results and Analysis: The quantitative re-
sults are presented in Tables [VHVI] with the best and second-
best results in each row highlighted in bold and underlined,
respectively. Note that SVM classifies HSI data, X data, and
combined HSI-X data, respectively, while the other approaches
focus on HSI-X data.

The experimental results across the three datasets show
a downward trend in accuracy for all comparison methods:
over 80% on Houston2013, around 70% on Berlin, and ap-
proximately 60% on DFC2018. This pattern reflects increas-
ing recognition difficulty, likely due to differences in data

sources, category definitions, and the distribution of training
and test samples [20]. Nevertheless, our CoMiX consistently
demonstrated superior performance in terms of OA across
all three datasets. For example, on the Houston dataset,
CoMiX achieved the best OA of 95.75%, outperforming SVM,
FusAtNet, CALC, Fusion_HCT, Fusion-FCN, MCFNet, and
LoGoCAF by remarkable margins of 31.07%, 6.73%, 9.51%,
6.80%, 11.91%, 3.99%, and 3.64% respectively.

SVM performs significantly better on HSI data than on X-
modality data, with margins of 38.35%, 33.80%, and 15.48%
on Houston2013, Berlin, and DFC2018, respectively, indicat-
ing that HSIs contain more discriminative features. Combining
HSI and X data further improves SVM accuracy across all
datasets, highlighting the important of multimodal feature
fusion. Nevertheless, SVM still underperforms compared to
DL-based methods. As a conventional pixel-level classifier, it
processes raw pixels directly and cannot fully exploit discrim-
inative contextual information.

In contrast, DL-based approaches that incorporate spatial
context consistently achieve improved performance across all
three datasets. For instance, patch-based frameworks (i.e.,
FusAtNet, CALC, Fusion_HCT, and MCFNet) achieve higher
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Fig. 7. Classification maps (with a black box on an area of interest) provided by different methods on the Houston2013 dataset. (a) False
Color Image. (b) Ground Truth. (¢) SVM-X. (d) SVM-HSI. (e) SVM. (f) FusAtNet. (g) CACL. (h) Fusion_HCT. (i) Fusion-FCN. (j) MCFNet.

(k) LoGoCAF. (1) CoMiX.

OA, exceeding 80% on Houston2013 and 70% on Berlin.
However, their limited patch size restricts the ability to capture
long-range spatial dependencies, resulting in the loss of critical
details. Overcoming this limitation, Fusion-FCN and LoGo-
CAF process larger input images for pixel-wise classification.
Despite this, Fusion-FCN performs comparably to or worse
than patch-based networks, as its effective receptive field is
still constrained by stacked 3 x 3 convolutions, limiting its
capacity to model long-range dependencies. LoGoCAF over-
comes this by integrating CNNs and transformers for local-
to-global information modeling and employing two cross-
modality modules to enhance cross-modality information en-
hancement, interaction, and fusion.

Compared with the aforementioned approaches, CoMiX
achieves the highest OA and k values. CoMiX not only
processes larger input images for pixel-wise classification but
also effectively models local- and long-range dependencies.
Moreover, the 2D DCN and 3D DCN blocks for adaptive
modality-specific feature extraction, together with CMFeX
and FFM for cross-modality interaction and fusion, enables
a robust and comprehensive approach to HSI-X semantic

segmentation. Although CoMiX’s AA is slightly lower than
that of MCFNet and FusAtNet on the Berlin dataset, it still
achieves the best OA and x across all three datasets. The
slightly reduced AA is primarily due to CoMiX’s sensitivity to
categories with fewer samples. This is a common challenge in
class-imbalanced scenarios where the network may prioritize
dominant classes over underrepresented ones.

2) Qualitative Results and Analysis: The classification
maps, along with the corresponding false color and ground
truth (GT) images, are shown in Figs. [7H9]

As shown in Figs. [7[c), [8fc), and P[c), SVM applied to X-
modality data can only distinguish broad categories, such as
vegetation, industrial, and residential areas. Its performance
improves on HSI data, highlighting the importance of rich
spectral information for accurate object identification. Com-
bining HSI and X data further refines the classification maps,
consistent with the quantitative results. Nevertheless, SVM-
generated maps still exhibit significant salt-and-pepper noise
due to the pixel-level fusion strategy, and the lack of spatial
context hinders discrimination of land covers with similar
spectral characteristics.
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Soil Allotment Commercial Water

Fig. 8. Classification maps (with a black box on an area of interest) provided by different methods on the Berlin dataset. (a) False Color
Image. (b) Ground Truth. (c) SVM-X. (d) SVM-HSI. (e) SVM. (f) FusAtNet. (g) CACL. (h) Fusion_HCT. (i) Fusion-FCN. (j) MCFNet. (k)

LoGoCAF. (1) CoMiX.

Patch-based networks, such as FusAtNet, Fusion_ HCT, and
MCEFENet, achieve improved visual performance by integrating
spectral and spatial features and employing adaptive cross-
modality feature fusion. However, some models, including
CACL and Fusion_HCT, produce distortions at object bound-
aries because they assume that all pixel within a patch con-
tributes equally, which is ineffective in heterogeneous regions.
Similarly, Fusion-FCN yields blurred boundaries and nu-
merous misclassifications, particularly in low-light or shaded
areas.

In contrast, CoMiX consistently produces high-quality clas-
sification maps with sharper boundaries and smoother object
representations. Benefiting from a single 2x downsampling
and full contextual capture, CoMiX preserves high-resolution

details and performs robustly under challenging conditions.
For example, accurately delineating road, residential, and
green vegetation in the Houston2013 and DFC2013 scenes,
and the well-preserved low plants on the Berlin dataset.
By enhancing modality-specific feature extraction and cross-
modality fusion, CoMiX produces highly accurate semantic
segmentation maps, particularly excelling in texture and edge
details. To facilitate a more intuitive evaluation, regions of
interest (ROIs; black boxes in Figs. [TH9) were selected,
revealing that CoMiX produces maps with finer and more
reliable details.

Overall, the qualitative analysis confirms CoMiX’s effec-
tiveness in multimodal data fusion and its ability for robust
semantic scene understanding.
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TABLE VI
CLASSIFICATION ACCURACY ON THE DFC2018 DATASET. THE NUMBERS AFTER + ARE THE STANDARD DEVIATIONS OF THE
CORRESPONDING METRICS. THE BEST VALUES ARE MARKED IN BOLD, AND THE SECOND-BEST VALUES ARE UNDERLINED

SVM-X SVM-HSI

SVM FusAtNet
Method [63] [63]

1631 1271

CACL
138]

Fusion_HCT Fusion-FCN  MCFNet

LoGoCAF
[24]

CoMiX

[44] [41] [40] (Ours)

OA (%) 25.67+0 41.15+0 56.60+0 61.244+0.98 60.06+1.56 62.90+£1.18 62.87£1.47 63.04+1.56 65.50+1.17 68.26+0.59

AA (%) 21.93+0 36.45+0 49.90+0 56.17£1.11 53.26£1.89 56.84+2.11

57.00£2.39 57.324+1.49 61.23+1.08 63.57+0.85

k%100 21.05+£0 37.504+0 53.914+0 58.79+1.06 57.61+1.50 60.66+1.71 60.62£1.71 60.76+1.62 63.47+1.26 66.31+0.61
Cl 8.11 95.82 96.18 95.27 94.60 96.19 96.53 95.54 98.34 97.26
Cc2 90.89 91.86 91.59 87.13 89.99 86.01 87.80 86.74 84.13 85.61
C3 0.00 40.50 54.81 15.72 60.15 53.30 48.79 40.42 14.08 84.20
C4 66.37 86.95 95.71 97.28 94.43 95.39 95.99 96.61 98.23 93.29
(6] 0.00 28.02 55.32 57.97 48.75 53.00 60.02 52.86 58.87 54.95
C6 0.00 26.72 49.12 85.20 45.86 56.58 62.17 66.74 88.34 49.13
C7 0.00 28.13 33.35 81.23 31.70 56.05 59.37 72.85 99.82 86.79
C8 59.82 24.34 35.32 79.32 51.96 64.65 59.33 69.66 76.51 72.84
9 87.02 85.53 88.34 92.15 90.72 91.04 89.46 92.10 91.95 95.76
C10 84.09 61.28 73.35 87.95 65.07 56.54 78.37 85.44 89.04 82.98
Cl1 39.57 35.86 53.98 64.73 56.84 59.94 60.62 55.15 66.73 77.96
CI2 0.00 0.00 0.00 8.61 9.36 9.02 10.05 0 11.73 14.61
C13 2.53 44.05 49.84 33.41 49.47 44.46 45.72 41.96 31.12 49.13
Cl4 0.00 8.52 9.45 14.22 24.81 26.75 21.65 41.39 18.92 19.67
CI5 0.00 0.05 0.47 9.43 6.94 8.76 9.04 5.10 11.39 33.41
Cl6 0.00 15.56 46.19 85.34 49.72 68.57 55.61 64.56 85.13 69.47
Cl17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CI8 0.03 0.83 38.39 33.78 50.35 48.36 52.53 38.27 46.44 47.64
C19 0.16 6.74 59.47 74.12 75.12 88.12 82.19 84.65 90.47 96.51
C20 0.01 48.22 67.13 20.48 69.41 74.00 64.77 56.36 63.33 60.17

V. DISCUSSION
A. Efficiency Analysis
The structural complexity of CoMiX was assessed on the
Houston2013 dataset by comparing its number of parameters
(Params), floating-point operations (FLOPs), training time, and

inference time with those of other methods, as summarized in
Table

TABLE VII
NUMBER OF PARAMS AND FLOPS, TRAINING (TRAIN) AND
INFERENCE (INFER) TIME OF DIFFERENT METHODS ON THE
HoUSTON2013 DATASET

Method Params (M) FLOPs (G) Train (s) Infer (s)
SVM [63] — — 0.18 2.85
FusAtNet [27] 36.90 221.61 50583.30  57.15
CACL [38] 0.34 0.81 1696.08 54.21
Fusion_HCT [44] 0.43 0.51 2126.89 10.45
Fusion-FCN [41] 0.09 6.22 6720.78 9.60
MCFNet [40] 7.14 83.81 7859.25 64.21
LoGoCAF [24] 7.75 93.68 944423 22.63
CoMiX (Ours) 21.87 197.02 8282.43 7.72

SVM takes the shortest training and inference time among
all methods. Among the DL-based approaches, CoMiX
achieves the fastest inference speed despite its higher number
of Params and FLOPs compared to others. As emphasized
in previous studies [37[], although Params and FLOPs are
commonly used to evaluate model complexity, they do not
necessarily correlate with efficiency. In practice, efficiency is
influenced by many factors beyond just Params and FLOPs.
For example, despite Fusion_HCT has more Params than
CACL, Fusion-FCN, and MCFNet, it achieves shorter training
and inference times due to its optimized design.

Although CoMiX has more Params and FLOPs than meth-
ods like Fusion-FCN and LoGoCAF, its performance signif-

icantly surpasses theirs. CoMiX strikes an excellent balance
between accuracy and efficiency, with competitive or faster
training and inference speed compared to networks with fewer
parameters, such as FusAtNet and MCFNet. On the other
hand, models like CACL and MCFNet have lower Params
and FLOPs, but suffer from excessively long inference times,
making them impractical for large-scale or real-time applica-
tions.

The superior performance of CoMiX is largely attributed to
its innovative architecture, which integrates 3D DCN and 2D
DCN blocks for HSI and X feature extraction, respectively,
and incorporates CMFeX and FFM modules for effective
cross-modal feature enhancement, interaction, and fusion. In
contrast, simpler models like Fusion-FCN rely solely on con-
volutional and pooling layers with point-wise addition fusion,
limiting their ability to capture complex dependencies and
interactions between modalities.

In summary, CoMiX strikes an effective balance between
accuracy and efficiency. It delivers superior cross-modality
feature extraction and inference speed, making it well-suited
for real-world applications despite its relatively elaborate ar-
chitecture.

B. Ablation Studies

A series of ablation experiments were conducted on the
Houston2013 dataset to evaluate the effectiveness of 2D DCN
block, 3D DCN block, CMFeX and FFM. The corresponding
results are presented in Table The ablation studies take
a two-branch backbone with ViT blocks as the encoder and
the lightweight All-MLP decoder as the baseline. If CMFeX is
ablated, features are extracted independently in their respective
branches. If FFM is removed, we simply average the two
features for fusion.
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Fig. 9. Classification maps (with a zoom on an area of interest) provided by different methods on the DFC2018 dataset. (a) False Color
Image. (b) Ground Truth. (¢) SVM-X. (d) SVM-HSI. (e) SVM. (f) FusAtNet. (g) CACL. (h) Fusion_HCT. (i) Fusion-FCN. (j) MCFNet. (k)

LoGoCAF. (1) CoMiX.

1) Effectiveness of the 2D DCN Block: We first replaced
the ViT blocks in the two branches with 2D DCN blocks.
The results in Table [VIT(b) demonstrate that integrating the
2D DCN block improves the OA by 4.72%, 1.93%, and
2.31% on the Houston, Berlin and DFC datasets, respectively,
compared with the baseline, highlighting its superior feature
representation capabilities.

2) Effectiveness of the 3D DCN Block: Next, we replaced
the 2D DCN block in the HSI branch with our 3D DCN block.
As illustrated in Table [VIII[c), this substitution improved the
OA from 87.23%, 71.27%, and 64.01% to 89.08%, 72.67%,
and 64.81 on the Houston, Berlin, and DFC datasets, respec-

tively, demonstrating the superior performance of the 3D DCN
block over the 2D DCN block for HSI feature extraction. In
addition, this suggests that deploying 2D DCN blocks for the
X-modality and 3D DCN blocks for the HSI modality is an
effective design choice to fully explore the specific features of
both modalities.

3) Effectiveness of CMFeX: We evaluated several variants
of CMFeX, as summarized in Table [VIIT] Here, “spa” denotes
spatial-only rectification, while “spe” represents spectral-only
rectification. The spatial-only variant increases OA by 2.84%,
0.90%, and 1.87%, whereas the spectral-only variant yields
gains of 2.19%, 0.61%, and 2.17% on the Houston, Berlin, and
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TABLE VIII
ABLATION ANALYSIS OF THE PROPOSED COMIX
Module ‘ (a) Baseline  (b) 2D DCN block  (c) 3D DCN block  (d) CMFeX (spa) (e) CMFeX (spe) (f) CMFeX (g) FFM
(a) Baseline | v v v v v v v
(b) 2D DCN block v v v v v v
(c) 3D DCN block v v v v v
(d) CMFeX (spa) v X v v
(e) CMFeX (spe) X v v v
(f) CMFeX v v
(g) FFM v
Houston 82.51 87.23 89.08 91.92 91.27 93.72 95.75
OA (%) | Berlin 69.34 71.27 72.67 73.57 73.28 75.79 76.81
DFC 61.70 63.01 63.81 65.68 65.98 67.68 68.26
. . . . TABLE IX
DFC datasets, respectively. Replacing these variants with the COMPARISON OF CROSS-MODALITY FUSION MODULES
full CMFeX module further enhances performance, demon-
strating its effectiveness in calibrating and fusing cross-modal Fusion Module OA (%) AA (%) Train (s) Infer (s)
features across both spatial and spectral dimensions. Feature addition 89.08 89.56 5209.32 5.75
4) Effectiveness of FFM: As listed in Table |VIII(g), using Feature concatenation 89.97 9026 6109.31 5.89
CMFeX alone increases OA to 93.72%, 75.79%, and 67.68% S /os-atention ot paes 7808 T
. . ’ : > . ’ Pag [64] 92.15 92.46 7569.00 6.35
on the Houston, Berlin, and DFC datasets, respectively. In- Pag [64] + FEM (Ours)  93.54 94.62 7845.40 8.52
corporating FFM further boosts OA to 95.75%, 76.81%, CM-FRM + FEM [14] 9373 9425 836577  9.71
CoMiX (Ours) 95.75 96.23 8282.43 7.72

and 68.26%, respectively, demonstrating the importance of
combining CMFeX and FFM for effective HSI-X information
fusion.

After integrating the 2D DCN block, 3D DCN block,
CMFeX and FFM, CoMiX achieves superior performance by
effectively learning, calibrating, and fusing features from het-
erogeneous data sources, significantly enhancing its accuracy
and robustness in segmentation tasks.

C. Cross-Modality Fusion Modules Analysis

To further validate the effectiveness of the proposed CMFeX
and FFM modules, we performed a set of controlled exper-
iments that compare them with several representative fusion
strategies. Specifically, we replace CMFeX and FFM with the
following alternatives:

o Feature addition: Element-wise addition of features from
both modalities, followed by averaging to obtain the fused
representation.

o Feature concatenation: Channel-wise concatenation of
features from both modalities, followed by a linear pro-
jection layer to compress the concatenated feature map
to the original dimensionality.

o Cross-attention: A basic cross-attention mechanism ap-
plied between HSI and X-modality features.

o Pag: A pixel-attention-guided (Pag) fusion module pro-
posed in [64], used as a replacement for both CMFeX
and FFM.

e Pag + FFM: Pag replaces CMFeX, and its original
additive fusion is further replaced by our Feature Fusion
Module (FFM).

e CM-FRM + FFM: The cross-modal feature rectification
module (CM-FRM) and feature fusion module (FFM)
introduced in CMX [14]).

Table summarizes the results of all variants in terms of
OA, AA, training time, and inference time. Although simple

addition and concatenation offer fast training and inference,
they fail to capture the complex interdependencies between
HSI and X modalities, leading to limited segmentation accu-
racy. Cross-attention improves performance, but comes at the
cost of increased training overhead.

The Pag module [64] alone offers a notable improvement
over basic fusion strategies, achieving an OA of 92.15%,
with moderate training and inference costs. When integrated
with FFM (Pag + FFM), the performance is further boosted
to 93.54% OA, demonstrating that FFM effectively enhances
the quality of fused features. However, this gain comes with
increased training and inference time.

On the other hand, CM-FRM + FFM [14] achieves com-
parable performance (93.73% OA), benefiting from the rec-
tification mechanism in CM-FRM. Nevertheless, it incurs
the highest training and inference time among these fusion
modules, indicating lower efficiency than our design.

In contrast, CoMiX achieves the highest OA and AA while
maintaining competitive training and inference efficiency,
demonstrating the effectiveness of its structured design.

D. Impact of the Number of Training Samples

The performance of DL-based methods is highly dependent
on the number of training samples, making it necessary
to assess CoMiX’s sensitivity to varying sample sizes. On
the Houston2013 dataset, we varied the number of training
samples per class from 40% to 100% in 20% intervals. As
shown in Fig. [I0] CoMiX consistently outperforms other
methods across all sample ratios, demonstrating its outstanding
performance and robustness.

VI. CONCLUSION

This study proposes CoMiX, an encoder-decoder framework
for HSI-X semantic segmentation. In the encoder, 3D and 2D
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Fig. 10. Classification accuracy of different methods versus the
percentage of training samples used on the Houston2013 dataset.

DCN blocks adaptively extract modality-specific features from
HST and X data, respectively. To enhance cross-modality learn-
ing, the CMFeX module is developed to recalibrate modality-
specific and modality-shared information while dynamically
exchanging complementary information across spatial and
spectral dimensions. The refined features are then fused by
the FFM. By integrating 2D DCN blocks, 3D DCN blocks,
CMFeX, and FFM, CoMiX improves cross-modality feature
extraction, interaction, and fusion, effectively mitigating chal-
lenges of insufficient HSI utilization and inefficient fusion
mechanisms. Experimental results demonstrate that CoMiX
achieves state-of-the-art performance with favorable efficiency,
highlighting its robustness and adaptability across diverse mul-
timodal datasets. Future work will extend CoMiX to arbitrary
cross-modal fusion scenarios and incorporate three or more
modalities, further enhancing its flexibility and broadening its
applicability to a wider range of domains.
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